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(57) Abstract: A method and a system are disclosed for initializing a pre-trained neural network, the method comprising obtaining a
pre-trained neural network having an output layer, amending the output layer of the pre-trained neural network, wherein the amending
comprises updating each weight of the output layer according to a function that maximizes the entropy of the output classes probability,
wherein the function depends on a parameter controlling a proportion of error of the output classes probability such as it decreases the
variance of the output classes probability, and providing the initialized pre-trained neural network.

[Continued on next page]



WO 20207225772 A [IN 000000000000 0O

MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK, SM,
TR), OAPI (BF, BJ, CF, CG, CIL, CM, GA, GN, GQ, GW,
KM, ML, MR, NE, SN, TD, TG).

Published:

—  with international search report (Art. 21(3))

— in black and white; the international application as filed
contained color or greyscale and is available for download
Jrom PATENTSCOPE



WO 2020/225772 PCT/1IB2020/054350

METHOD AND SYSTEM FOR INITIALIZING A NEURAL NETWORK

RELATED APPLICATION

The present application claims pricrity from US provisional application No.
682/844 472 filed on May 7, 2019, the content of which is incorporated herein in ifs
entirety.

FiELD

One or more embodiments of the invention pertain to artificial
intelligence. More precisely, one or more embodiment of the invention pertain to

a method and a system for initializing a neural networlk.
BACKGROUND

Artificial Neural Networks (ANNs) have shown a great capacity in leaming
complicated tasks and have become the first contender 1o solve many problems
in the machine leaming community. However, a large training dataset is a key
pre-requisite for these networks to achieve good performances. This Himitation
has opened a new chapter in neural network research, which attempts to make
learning possible with limited amounis of data. So far, one of the most widely
used techniques to cope with such hindrance is the initialization of parameters
based on the prior knowledge obtained from already trained models.

To adapt a pre-trained model {0 a new task, usually task-specific,
extraneous and random parameters are transplanted to a meaningful set of
representations, resulting in a heterogeneous model [1,6,17 18] Training these
unassociated modules together may contaminate the genuinely learmned
representations and significantly degrade the maximum transferable knowledge.

Current fine-tuning techniques slow down the training process to compensate
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for this knowledge leak [17] which undermines fast convergence of a modsl that

suffers from data-shortage.

Previous studies on parameters initialization of ANNs {2, 7, 8, 14] focus
on preserving the variance, or other statistics, of the flowing data along the
depth. This stabilizes the model and makes training deeper networks possible.
Arpit and Bengio [2] recently showed that the initiglization infroduced in [8] is the
optimal one for a Rel.U network trained from scraich. [2] recommended {o use
the fan-out mode which preserves the variance of the back-propagated error
along the depth. He et al [8] inconsistently exempted the last layer of the
modeis used for their experiments from the distribution for weights that they
have recommended. This layers distribution is stated to be found
experimentally and no justification has been provided for its outcome. Such a
strategy could be fraced down {0 the earlier practices in constructing deep

neural networks [211

Hecent studies on transfer learning use variance preserving initialization
tachniques for fine-tuning {17, 20]. However, it can be shown that using such
techniques, initially contaminates the transferred knowledge, resulting in

unguided modification of valuable transferred features.

Careful initiglization is also an inevilable part of self-normalized neural
networks introduced in [14] These networks use Scaled Exponential Units

(SELUSs) as their activation function.

In feature extraction [3, 4], the pre-trained features are only used in
inference mode and corresponding parameters remain intact during fraining.
This protects the learned representations from undesired contamination but also

prevents the requirad new task-specific features to be leamed.

Fine-tuning [B] lets the pre-trained features and augmenied parameters

leamn the target task together. Fine-tuning usually performs better than feature
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extraction and training from scratch with random initialization [6]. However, the
pra-frained features are substantially contaminated due to noise flowing from
random layers to the loss and from there, back-propagated toward the features.

There is a need for at least one of a method and a system that will
overcome at least one of the above-identified drawbacks.

SUMMARY

According to a broad aspect, there is disclosed a method for initializing a pre-
trained neural network, the method comprising obtaining a pre-trained neural
network having an output layer, amending the output layer of the pre-trained neural
network, wherein said amending comprises updating each weight of said output
layer according to a funclion that maximizes the eniropy of the oculput classes
probability, wherein said function depends on a parameter controlling a proportion
of error of said oulput classes probability such as i decreases the variance of the

output classes probability, and providing the initialized pre-trained neural network.

In accordance with one or more embodiments, the amending of the output
layer of the pre-trained neural network further comprises z-normalizing features

located right before the output layer prior updating each weight.

In accordance with one or more embodiments, the pre-trained neural network

uses softmax iogit in the oulput layer.

In accordance with one or more embodiments, there is disclosed a method
for fraining a pre-trained neural network, the method comprising obtaining a pre-
trained neural network fo train; obtaining a dataset suilable for said {raining;
initializing the pre-trained neural network using the method disclosed above; fraining
the initialized pre-trained neural network using the obtained dataset, and providing
the trained neural network.
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In accordance with one or more embodiments, the fraining is a federated

learning method.

In accordance with one or more embodiments, the fraining is a meta-leaming

method.

In accordance with one or more embodiments the {raining is a distributed
machine learning method.

In accordance with one or more embodiments the fraining is a network

architecture search using said pre-trained neural network as a seed.

In accordance with one or more embodiments, the pre-trained neural network
comprises a generative adversarial network, wherein said initializing of the pre-
trained neural network using the method disclosed above is performed at the

discriminator.

In accordance with a broad aspect, there is disclosed method for training a
neural network through federated learning, the method comprising oblaining a
shared neural network to irain; obtaining at least two datasels suitable for said
federated learning, each of the at least two datasets for training a corresponding
decentralized training unit; each decentralized training unit performing a first round
of training using a corresponding dataset, for each subsequent round of training:
each decentralized training unit iniializing the shared neural network using the
method disclosed above, each decentralized training unit training the initialized
shared neural nelwork using the corresponding dataset, globally federating the
leamning from all decentralized training units {o a resulting global shared neural
network, and until the giobal shared neural network converges {0 a good giobal
model, providing the corresponding global shared neural network to the
decentralized fraining units as the new shared neural network; and providing the

trained shared naural network.
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In accordance with a broad aspect, there is disclosed a method for training a
neural network using a reptile meta-learming method, the method comprising
obiaining a neural network to train; obtaining a dataset suitable for said reptile meta-
learning method, for each iteration of the reptile meta-learning method: initializing
the neural network using the method as disclosed above for each task sampled,
and training the intialized neural network for said corresponding sampled fask using

the obtained dataset; and providing the trained neural network.

In accordance with one or more emboediments, the fraining of the initialized
pre-trained neural network comprising training the initialized pre-frained neural
network using a first training batch of the obtained dataset, wherein the first training
batch is smaller than a number of features fed to said last laver of said initialized

pre-trained neural network.

In accordance with a broad aspect, there is disclosed a method for using a
pre-trained neural network trained in accordance with a method disclosed above.

In accordance with a broad aspect, there is disclosed a computer comprising
a central processing unit; a graphics processing unif, a communication port, a
memory unit comprising an application for initializing a pre-trained neural network,
the application comprising: instructions for obtaining a pre-trained neural network
having an output layer, instructions for amending the output layer of the pre-trained
neural network, wherein said amending comprises updating each weight of said
output layer according to a funclion that maximizes the entropy of the output
classes probability, wherein said funclion depends on a parameter controlling a
proportion of error of said output classes probability such as it decreases the
variance of the oulput classes probability, and instructions for providing the

inttialized pre-trained neural network.

In accordance with a broad aspedct, there is disclosed a computer program

comprising computer-executable instruclions which, when execuled, cause a
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computer to perform a method for initializing a pre-trained neural network, the
method comprising oblaining a pre-trained neural network having an output layer,
amending the cutput layer of the pre-trained neural network, wherein said amending
comprises updating each weight of said oulput layer according to a function that
maximizes the entropy of the oulput classes probability, wherein said function
depends on a parameter controlling a proportion of error of said oulput classes
probability such as it decreases the variance of the output classes probability, and

providing the initialized pre-trained neural network.

In accordance with a broad aspect, there is disclosed a non-transifory
computer readable storage medium for storing computer-executable instructions
which, when executed, cause g computer 1o perform a method for initializing a pre-
trained neural network, the method comprising oblaining a pre-trained neursl
network having an output layer, amending the oulput layer of the pre-trained neural
network, wherein said amending comprises updaling each weight of said output
layer according to a function that maximizes the entropy of the oulput classes
probability, wherein said function depends on a parameter conifrolling a proportion
of error of said oulput classes probability such as if decregses the variance of the
output classes probability, and providing the initialized pre-trained neural network.

In accordance with a broad aspect, there is disclosed a method for initializing
a neural network, the method comprising obtaining a neural network having an
output tayer, amending the oulput layer of the neural network, wherein said
amending comprises updating each weight of said oulput layer according {0 a
function that maximizes the entropy of the output classes probability, wherein said
function depends on a parameter controlling a proportion of error of said oulput
classes probability such as it decreases the variance of the oulput classes

probability, and providing the initialized neural network.

An advantage of one or more embodiments of the method disclosed is

that they significantly decrease the initial noise that is back-propagated from
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randomly-initialized parameters {oward layers that contain the transferred
knowledge. As a conseguence, a processing device used for training a neural
network according to one or more embodiments of the method disclosed herein
will use less resources for training a neural network resulting in more available
resources available to complete other tasks. Morgover, one or mors
embodiments of the method disclosed herein may contribute to better
performances overall compared to other traditional training methods, and does
significantly contribute to bettering performances in training cases including a
small number of training steps compared (o other traditional training methods
which is particularly useful to evaluate model potential during architecture
search & design. Also, one or more embodiments of the method disclosed
herein may contribute io decrease the negative impact of catastrophic
forgetiing, that may occur during model training across tasks, as it limits the
impact of noise propagation.

In fact experiments show that models trained by one or more
embodiments of the method disclosed herein leam substantially faster than
those using prior art fine-tuning or even more complicated tricks such as warm
up [171.

Ancther advantage of one or more embodiments of the method disclosed
is that they are easy to implement and can be beneficially applied to any pre-
trained neural network that estimates ocutput probabilities using softmax logits in
orne embodiment. As a consequence, a benefit is a broad applicability and
integration across various deep learning framewaorks offered by varicus vendors

such as Google TensorFlow and Facebook PyTorch.

The optimal parameter initialization is derived for neural networks being
fine-tuned on pre-trained models for classification and show that such optimal
initial loss leads to a significant acceleration in adapting a pre-frained neural

network to a new task.
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Anocther advantage of one or more embodiments of the method disclosed
is that they are independent of the choice of architecture and may be applied to
transfer knowledge within any domain. As a consequence, a benefit is that one
or more embodiments of the method disclosed herein do not increase the
complexity of the overall architecture {0 be trained {e.g. no additional layer, no
muilti-stage training process like warm up methods)..

Ancther advantage of one or more embodiments of the method disclosed
herein is that they show a significant practical impact on convergence. As a
consequence, a processing device usad for training a neural network according
to one or more embodiments of the method disclosed herein will use less
resources for fraining a neural network than with a conventional methods,
resulting in more available resources available to complete other tasks. Gne or
morg embodiments of the method disclosed herein may coniribute o better
performances overall compared to other {fraditional training methods, and does
significantly contribute to bettering performances in training cases including a
small number of training steps compared {o other traditional training methods
which is particularly useful to evaluate model potential during architecture
search & design. One or more embodiments of the method disclosed herein
may contribute to decrease the negative impact of catastrophic forgetting, that
may occur during model training across tasks, as it limits the impact of noise
propagation.

BRIEF DESCRIPTION OF THE DRAWINGS

Figures 1a and 1b are graphs which show the negative effect of classical
transfer learning techniques on the variance of the output layer on two
benchmarks (MNIST and CIFAR), using state of the art modeis. Both graphs

highlight the “noise injection” phenomenon.
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Figures Z2a and 2b are diagrams which show respectively an FNN
architecture and last layer initialization in a base model and in accordance with
one embodiment of the method disclosed.

Figure 3 is a flowchart which shows an embodiment of a method for
initializing a pre-trained neural network.

Figure 4 is a flowchart which shows an embodiment of a method for
training a pre-trained neural network which uses an embodiment of the method

disclosed in Figure 3.

Figure 5 is a diagram which shows an embodiment of a processing
device which may be used for initializing a pre-trained neural network in
accordance with an embodiment.

Figure © is a table which illustrates an initial percentage of noise energy
to total energy of back-propagated eror at the output of the last layer, profiled
for models fine-tuned using reguiar fine-tuning; 95% confidence interval is
calculated over 24 seeds.

Figure 7 shows a plurality of graphs and illusirates test accuracy progress
for fine-tuning models that are pre-trained on ImageNet dataset.

Figure 8a is a table which illustrates average initial test accuracy

improvement by using one embodiment of the method disclosed herein.

Figure 8b is a table which illustrates convergence test accuracy of

models trained on CIFAR10 dataset with 95% confidence.

Figure 8cis a table which illustrates convergence test accuracy of models
trained on CIFAR100 dataset with 95% confidence.
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Figure 9 is a table which illustrates convergence test accuracy of models

trained on Caltech101 datasst with 85% confidencs.

DETAILED DESCRIPTION

in the following description of the embodiments, references o the
accompanying drawings are by way of illustration of an example by which the
invention may be practiced.

Terms

The term Yinvention” and the like mean "ths ong or more inventions

disclosed in this application,” uniess expressly specified otherwise.

The terms “an aspect,” "an embodiment,” "embodiment,” "embodiments,”
"the embodiment,” "the embodiments,” "one or more embodiments,” "some
embodiments,” “certain  embodiments,” "one embodiment,” Tanother
embodiment” and the like mean "one or more (but not all} embodiments of the
disclosed invention{(s),” unless expressly specified otherwise.

A reference to "another embodiment” or “another aspect” in describing an
embodiment does not imply that the referenced embodiment is mutually
exclusive with another embodiment (e.g., an embodiment described before the
referenced embodiment), unless expressiy specified otherwise.

The terms "including,” "comprising” and varigtions thereof mean

"inciuding but not limited t0,” unless expressly specified otherwise.

The terms "a,” "an” and "the" mean "one or more,” uniess expressly
specified otherwise.

The term "plurality” means "two or more,” uniess expressly specified

otherwise.
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The term "herein” means "in the present application, including anything

which may be incorporated by reference,” unless expressly specified otherwise.

The term "whereby" is used herain only to precede a clause or other set
of words that express only the intended result, objective or consequence of
something that is previously and explicitly recited. Thus, when the term
whereby" is used in a claim, the clause or other words that the term "wheareby”
maodifies do not establish specific further limitations of the claim or otherwise

restricts the meaning or scope of the claim.

The term "e.g." and like terms mean "for example,” and thus do not limit
the terms or phrases they explain. For example, in a sentence "the computer
sends data (e.g., instructions, a data structure) over the internet,” the term "e.g.”
explainsg that "instructions” are an example of "data” that the computer may
send over the Intermnet, and also explains that "a data structurg” is an example
of "data" that the computer may send over the intermet However, both
"instructions” and "a data structure” are merely examples of "data” and other

things besides "instructions” and "a data structure” can be "data.”

The term ".e." and like terms mean "that is,” and thus limit the terms or

phrases they explain.

Neither the Title nor the Abstract is {0 be taken as limiting in any way as
the scope of the disclosed invention{s). The title of the present application and
headings of seclions provided in the present application are for convenience

only, and are not to be taken as limiting the disclosure in any way.

Numerous embodiments are described in the present application, and
are presented for illustrative purposes only. The described embodiments are
not, and are not intended to be, limiting in any sense. The presently disclosed
invention(s) are widely applicable to numerous embodiments, as is readily

apparant from the disclosure. One of ordinary skill in the art will recognize that
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the disclosed invention(s) may be practiced with various modifications and
alterations, such as structural and logical modifications. Although particular
features of the disclosed invention{s} may be described with reference to one or
more particular embodiments and/or drawings, it should be understood that
such features are not hmited to usage in the one or more particular
embodiments or drawings with reference to which they are described, unless

expressly specified otherwise.

With all this in mind, one or more embodiments of the present invention
are directad {o a method and a system for initislizing a pre-trained neural
network and its use for training a pre-traingd neural network.

It will be appreciated that one or more embodiments of the method

disclosed herein may be implemented according o various embodiments.

More precisely and now referring to Fig. b, there is shown an
embodiment of a processing device 500 which may be used for implemeanting a

method for initializing a pre-trained neural network.

In fact, it will be appreciated that the processing device 500 may be any

type of computer.

In one embodiment, the processing device 500 is selected from a group
consisting of desktop computers, laptop computers, tablet PC’s, servers,
smariphones, etc.

In the embodiment shown in Fig. 5, the processing device 500 comprises
a central processing unit (CPU) 502, also referred to as a microprocessor, a
graphic processing unit (GPU) 503, inputoutput devices 504, an optional
display device 506, communication ports 508, a data bus 510 and a memory
unit 512,
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The central processing unit 502 is used for processing computer
instructions. The skilled addressee will appreciate that various embodiments of

the central processing unit 502 may be provided.

In one embodiment, the central processing unit 502 comprises a CPU
intel 19-7920X manufactured by Intel™,

The graphics processing unit 503 is used for processing specific
computer instructions. it will be appreciated that a memory unit 520 is

operatively connected {o the graphics processing unit 503,

In one embodiment, the graphics processing unit 503 comprises a GPU

Titan V manufactured by Nvidia™.

The input/output devices 504 are used for inputting/ouiputting data into

the processing device 500.

The optional display device 506 is used for displaying data to a user. The
skilied addressee will appreciale that various types of display device 506 may

be used.

In one embodiment, the optional display device 506 is a standard liquid

crystal display (LCD) monitor.

The communication ports 508 are used for operatively connecting the

processing device 500 to varicus processing devices.

The communication ports 508 may comprise, for instance, universal
serial bus (USB} ports for connecting a keyboard and a mouse o the

processing device 500,
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The communication ports 508 may further comprise a data network
communication port such as an izkE 802.3 port for enabling a connection of the
processing device 508 with another processing device.

The skilled addressee will appreciate that varicus alternative
embodiments of the communication ports 508 may be provided.

The memory unit 512 is used for sioring computer-executable

instructions.

The memory unit 512 may comprise a system memory such as a high-
speed random access memory {RAM) for storing system control program {e.g.,
BIOS, operating system module, applications, etc.) and a read-only memory
(ROM). In one embodiment, the memory unit 512 has 128 GB of BOR4 RAM.

it wili be appreciated thail the memory unit 512 comprises, in one

embodiment, an operating system module 514,

it will be appreciaied that the operating system module 514 may be of

various types.

in one embodiment, the operating system module 514 is Linux Ubuntu
18.04 + Lambda Stack.

In one embodiment, the memory unit 520 comprises an application 516

for initializing a pre-trained neural network.

It one embodiment, the memory unit 520 operatively connecled {o the
graphics processing unit 503 and has a size of 24 GB of VRAM. The skilled
addressee will appreciate that varicus alternative embodiments may be

possible.



WO 2020/225772 PCT/1IB2020/054350

15

The memory unit 520 is further used for storing data 518. The skilled

addressae will appreciate that the data 518 may be of various types.

In fact, it will be appreciated that the memory unit 520 of the graphics
processing unit 503 is further used for storing at least a portion of data referred
to as the batch size. The skilled addresses will appreciate that a larger batch
size "may” improve the effectivenass of the optimization steps resulting in more
rapid convergence of the model parameters, and a larger batch size can also
improve performance by reducing the communication overhead caused by
maoving the training data to the graphics processing unit 503 - causing more
compute cycles to run on the card with each iteration.

In one embodiment, the processing device 500 is a 4GPU Deep learning

workstation manufactured by Lambda Quad.

Flow of data and error

it will be appreciated that a Feed-forward Neural Network (FNN) is
usuatly built by stacking up a number of layers on top of each other. The input of

a layer can be composed of any combination of the previous layers’ oulputs. Let

the input and output of the Hth layer of an FNN having L layers be X and &/

respectively. They are related {0 each other through functions g{.) and h{.} as
'XL = v.(]i(A:ll‘Azl ”'JAi_ml); Al - hl(Xli WIE bi} {1>

where W' e RY*Y and b' & RY™V are weights and biases from the I-th layer and

V is the number of columns in X%

If the target task is classification with € classes, then the last layer is
usually a fully connected one with 4% € RY*¢, where N is the number of
examples passing through the network, known as balch size. Specifically for

this layer
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A = XPWE 4 1B 2)
where 1 is a column vector of ones,

Since many formulas are batch independent and could be easily
broadcast, lower-case bold-face letiers of corresponding introduced matrices

are separately used {o indicate a single example in the batch (N = 1). Therefore,
Equation 2 could be rewritten for a single example as
L= xt W + bt (3)

The posterior of the last layer's neurons, corresponding to each class, is

usually estimated using a softmax normalizer, defined as

P = {4)

where a} represenis the j-th element of al.

It will be appreciated that cross entropy is the most commonly used i0ss
function for classification tasks and is equal to the Kullback-Leibler divergence
between the labels and the estimates) £ = —~Dy (V. Y). To train the network
using back-propagation {10], gradients of the loss with respect 10 each
parameter are calcuiated. To make this easier using the chain rule, first, the

gradients are computed with respect to the output of each layer as in

and from there the desired gradients are calculated,;

9L oy 8RY 8z ; ont

aw} -5 ow!’ ap! YT apt (6)
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where W/ is the j-th row of W'

The gradients of the CE loss with respect to the output of the j-th neuron

of the deepest layer are equal to:

JL 1

& = 5’;’:’ = = (¥; —¥;) (7}

N

and since the last layer is fully connected, the back-propagated error to
the previous layer is also easily calculated using the chain rule:

SEY =36, 8F W ®)

AN

where W}{*kis the k-th element of Wj-l'. Finally, the weights and biases are updated

using gradient descend.

Specifically for the last layer, the gradients of loss with respect o the

rows of the weight matrix are:
VWL = NEx[6Fx], {S)

where Ey is the expectation over the examples in the bailch. Likewise the
derivative of the loss with respect to a single bias in the last layer is:

ac N
‘;;‘3‘ = NEy l.5j['j (10)

initighization

During the back-propagation algorithm [10], each dala entry is passed
twice through each layer's weights except the layers fed directly by the raw
input. The magnitude of weights in a layer may get affected by the energy of the

input visited by the layer, and the error back-propagated up fo its ouipul

Mathematicaily, it means that in Equations 6, a term of x usually appears in the
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derivative of A/ with respect to the weights of the I-th layer. This is already
shown for the iast layer in Equation 9. Weights are distinguished from biases
and called such since they involve multiplication. This operation can rapidly
increasef/decrease the energy of its result, compared to the operands. This
intensifiedfiessened energy of the output may increase/decrease the energy of
the weights themselves through the gradient updates as discussed. This loop
can lead to numerical problems known as exploding/vanishing gradients. One
way of facing these problems is to initialize the weighis and biases such that the
gnergy of the flowing datalerror is preserved. Currently, energy preserving
initiglization [9}] is known to be the optimal solution for training RebU
networks [2].

At the end of training a model on the source task, the magnitude of back-
propagated errors goes toward zero. By swiiching the task and introducing
randomly initialized layers, these errors are suddenly increased. Moreover, the
optimization algorithm is usually restarted which causes updates o modify all
the parameters with the same rate. These large back-propagated errors inciude
considerable amounis of noise as shown in Figure 6. This noise is injected into
pre-trained knowledge through the first update. Fig. 1 shows the sudden initial
changes in the variance of the input (o the last layer when pre-trained modeis
are fine-tunad.

The two common approaches {o reduce this contamination are o slow
down the training andfor to include a warm-up (WU) phase. However, the
former slows down the contamination rather than eliminating it [17] since the
small leaming rate also updaies the augmented parameters slowly, which
injects noise into pre-trained layers for a longer time. In the latter solution, the
new parameters are updated for a number of steps before jointly training the
entire network.
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Fig. 1. Sudden initial change in variance of XL with initial learning rate

equal to 0.0001, fine-tuned on (8} MNIST and (b} CIFAR100 datasets. The

horizontal axes show the training steps. In sach model the augmented

parameters are initiglized based on preserving the varance of gradient

recommended in [8]. The color shadows represent the standard deviation
through training with 24 different seeds.

The warm-up phase, the accuracy of the network is limited since most
parts of the network are frozen. Additionally, the effective number of required
training steps in the warm-up phase may be large, depending on the learning
rate, initial values of augmented parameters and size of the datasst.

In a more effective approach, an initialization technique is disclosed
herein for fine-tuning in which the noise is initially trapped only within the task-
specific augmentad parameters. In conirast to using the warm-up phase, in the
method disclosed herein, the noise is always minimized after the first update
and therefore the paramelers can be trained altogether afterward. In addition,
the method disclosed herein is easier to apply in the sense that the training

process is not manipulated in any way.

Energy Components of Back-propaqating Error

The energy consists of three components from which only ong is directly
correlated with the accuracy of the estimator and the two others are energies of
the true labels and the estimates. The contribution of these components is

disclosed and the lower and upper bounds for each one is found.

Let @; be the sum of energy of é‘j‘ through all examples of the batch,

defined as:

@) = Byl(N6})*] = Byl(5; - 3)%) (1)



WO 2020/225772 PCT/1IB2020/054350

20

Accordingly, using Equation 7, the {otal energy of the error over all

examples in the batch and all C neurons of the last layer is equal {0
D= E§=1 ®; = Ey 971+ Exlyy™] — 2Ex [Py 7] (12)

Assuming the labels are one-hot encoded; the third term becomes the
average probability assignment for the correct labels. The goal of fraining the
model is to maximize this term which is bounded by 0 < E,[¥v'] < 1. The
second term is the energy of the labels and is always equal to one. Finally, the
first term is the energy of the estimates. The infimum of this term could be

calculated using Cauchy-Schwarz inequality as follows:

v = < (=T 097 (13)

5 o= V69 = 1T =
Vo= iy =Ll o= (14)
997 = = (18)

This could also be derived directly from the definition of the softmax

(Eguation 4),

_ T 52 _ ¥C e _ hj=t
(= Ej::ii.yj “Ej:q A, (18)

C o
(55, %y

followed by taking the partial derivatives with respect to the inputs of the soft-

max, setting it to zero and re-indexing gives:

vk 2o ko 2ab
ar 2%k 38 e v--Zeakzgf...le J

- = {);

1

(17)

da; (T ™)

that results in:
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which means af = af;/k €{1,2,..,C}. Reforming Equation 16 considering

egual elements in ab finds minimum of { as:

The upper bound of the energy of the estimates equals to one and is
achieved when their entropy is minimized per example, so %g Ex[97] < 1. All

in all, the total energy of the back-propagated error is bounded between
and 2.

Here, the bounds for the energy of estimates are investigated. Using the
definition of softmax, it is shown that to achieve the minimum of Ey[§97], all the

neurons of the last layer should have per-example equal ocuiput.

Now referring o Fig. 3, there is now shown an embodiment of a method

for initializing a pre-trained neural network 100,

According to processing step 102, a pre-trained neural network is
obtained. It will be appreciated that the pre-trained neural network has an output
layer. In one embodiment, the pre-trained neural network uses softmax logit.

it will be appreciated that the pre-trained neural network may be provided
according to various embodimenis.

In one embodiment, the pre-trained neural network is received from a
processing device. in another embodiment, the pre-trained neural network is
obtained from a memory unit of the processing device. In another embodiment,
the pre-trained neural network is provided by a user inferacting with the
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processing device. The skilled addressee will appreciate that various alternative

embodiments may be provided for providing the pre-trained neural network.

Still referring o Fig. 3 and according to processing step 104, the output
layer of the pre-trained neural network is amended. it will be appreciated that
the amending of the ouiput layer of the pre-trained neural network comprises
updating each weight of the output laver according to a function that maximizes the

entropy of the output classes probability.

it will be appreciated that the funclion depends on a parameter controlling a
proportion of error of the outpul classes probability such as it decreases the

variance of the cutput classes probability.

In one embodiment, the amending of the output layer of the pre-trained
neural network further comprises z-normalizing features located right before the

output layer prior updating each weight.

it will be appreciated that in one embodiment, the initializing of the pre-
trained neural network is performed (o prevent adverse contamination during a

training of the initialized pre-trained neural network.

According o processing step 106, the initialized pre-trained neural nefwork

is provided.

It will be appreciated that the initialized pre-trained neural network may be
provided according to various embodiments. in one embodiment, the initialized pre-
trained neural network is provided {0 a processing device. in another embodiment,
the initialized pre-trained neural network is saved in a memory unit of the
processing device. in another embodiment, the initialized pre-trained neural
network is displayed {0 a user inferacting with the processing device. The skilled
addressee will appreciate that various altermnative embodiments may be
provided for providing the initialized pre-trained neural network.
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While it has been disclosed in Fig. 3 that the method is used for
initializing a neural network which is pre-trained, it will be appreciated that in
ong or more alternative embodiments, the neural network is not pre-trained.

In such embodiments, there is disclosed a method for initializing a neural
network. The method comprises obiaining a neural network having an output layer.

it will be appreciated that the neural network may be provided according
to various embodiments.

In one embodiment, the neural network is received from a processing
device. In another embodiment, the neural network is obtained from a memory
unit of the processing device. In another embodiment, the neural network is
provided by a user interacting with the processing device. The skilled addressee
will appreciate that various alternative embodiments may be provided for
providing the neural network.

The method further comprises amending the output layer of the neural
network. The amending of the output layer comprises updating each weight of the
output layer according to a function that maximizes the enfropy of the output
classes probability. it will be appreciated that the funclion depends on a parameter
controfling a proportion of error of the outpul classes probability such as it

decreases the variance of the output classes probability.
The method further comprises providing the initialized neural network.

It will be appreciated that the inilialized neural network may be provided
according to various embodiments. in one embodiment, the initialized neural
network is provided to a processing device. In another embodiment, the initialized
neural network is saved in a memory unit of the processing device. in another

embodiment, the initialized neural network is displayed to a user interacting with the
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processing device. The skilled addressee will appreciate that various alternative

embodiments may be provided for providing the initialized neural network.

It will be appreciated that an embodiment of the method disclosed in

Fig. 3 is detailed herein below.

It will be appreciated that the initialized pre-trained neural network may be
used when training the pre-trained neural network as disclosed for instance in
Fig. 4.

More precisely and according to processing step 200, a pre-trained neural

network to train is obtained.

As mentioned above, it will be apprecialed that the pre-trained neural

network may be obtained according to various embodiments.

According to processing step 202, a daiaset suitable for the training is

oblained.

it will be appreciated that the dalaset suitable for the iraining may be

obtained according to various embodiments.

In one embodiment, the dataset is oblained from a remote processing device

operatively connecied with a processing device.

According o processing step 204, the pre-trained neural network is
initialized.
It will be appreciated that the pre-trained neural network may be initialized

according to one or more embodiments of the method disclosed in Fig. 3.

According to processing step 208, the initialized pre-trained neural network

is frained.
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It will be appreciated that the initiglized pre-trained neural network is trained

using the dataset obtained.

In one or more embodiments, the training of the initislized pre-trained neural
network comprises training the initialized pre-trained neural network using a first
training batch of the oblained dataset, wherein the first training batch is smaller than
a number of fealures fed {o the last layer of the initislized pre-trained neural

network.

it will be appreciated that in one or more embodimenis, the iraining is a
federated learning method. it will be appreciated that the federated lsarning method
is disclosed at hitps:Harxiv.org/pdf/1802.04885 . paf.

It will be appreciated that in one or more embodiments, the training is a
meta-learning method. 1t will be appreciated that meta leaming is disclosed for
instance in the arlicle "Human-level concept leaming through probabilistic program
induction” by Brenden M. Lake et al. Science 350, 1332 (2015).

It will be appreciated thal in one or more embaodiments, the fraining is a
distributed machine learning method. it will be apprecialed that the distribuled

machine learning method is disclosed at hitps:/farxiv.org/abs/1810.06060.

it will be appreciated that in one or more other embodiments, the training is a
network architecture search using the pre-trained neural network as a seed. it will
be appreciated that the network archilecture search is disclosed at
hitps:/larxiv.org/pdif1802.03268 pdf.

it will be appreciated that in one or more embodiments, the pre-trained
neural network comprises a generative adversarial network. In such embodiments,

the inilializing of the pre-trained neural network is performed at the discriminaior.
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Stili referring to Fig. 4 and according to processing step 208, the trained

neural network is provided.

It will be appreciated that the trained neural network may be provided

according to various embodiments.

In one embodiment, the frained neural neiwork is provided to a processing
device. In another embodiment, the trained neural network is saved in a memory
unit of the processing device. The skilled addresses will appreciate that various
alternative embodiments may be provided for providing the initislized neural
network.

it will be appreciated that there is also disclosed a method for training a
neural network through federated learming.

it will be appreciated that the method comprises obtaining a shared neural

network to train.

The method further comprises oblaining at least two datasels suitable for the
federated leamning. Each of the at least two datasets is used for training a

corresponding decentralized training unit.

The method further comprises each decentralized training unit performing a
first round of training using a corresponding dataset.

The method further comprises, for each subseguent round of training, each
decentralized fraining unit initializing the shared neural network using one or more
embodiments of the method disclosed above for initializing a pre-trained neural
network and each decentralized training unit training the initialized shared neural
network using the corresponding dataset.

The method further comprises globally federating the learning from all

decentralized training units to a resulting global shared neural network, and until the
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global shared neural network converges to a good global model, providing the
corresponding global shared neural network o the decentralized fraining units as
the new shared neural network.

Finally, the method comprises providing the trained shared neural network. |
will be appreciated that the trained shared neural network may be provided
according to various embodimenis. In one embodiment, the trained shared neural
network is provided to a processing device. In ancther embodiment, the trained
shared neural network is saved in a memory unit of the processing device. In
another embodiment, the trained shared neural network is displayed o a user
interacting with the processing device. The skilled addressee will appreciate that
various alternative embodiments may be provided for providing the trained

shared neural network.

It will be appreciated that there is also disclosed a method for training a
neural network using a replile mela-eaming method. The method comprises

obiaining a neural network to train.

The method further comprises obtaining a dataset suitable for the reptile
meta-leamning method. It will be appreciated that the reptile metla-learning methed is
disciosed at hitps /iddmucipksywv . cloudfront.net/research-
covers/reptile/reptile_update. pdf.

The method further comprises, for each ileration of the reptile meta-learning
method, initiglizing the neural network using one or more embodiments of the
method disclosed above for initializing a pre-trained neural network for each task
sampled and training the initialized neural network for the corresponding sampled

task using the obtained dataset.

Finally, the method comprises providing the trained neural network. It will be
appreciated that the trained neural network may be provided according to various

embodimenis. In one embodiment, the trained neural network is provided o a
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processing device. in another embodiment, the frained neural network is saved in a
memory unit of the processing device. In another embodiment, the trained neural
network is displayed {0 a user interacting with the processing device. The skilled
addressee will appreciate that varicus altermnative embodiments may be

provided for providing the trained neural network.

Dietailed description of an ambodiment of a method for initializing g naural

network disclosed above

it will be appreciaied that initially, the energy of the estimates contains
pure noise, e it lacks a meaningful relationship with either the inpuls or the
labels. Its infimum was calculated and it was shown that it can be achieved
when all the estimates are exactly equal to each other for gach example. This
condition is intuitively appealing since it maximizes the enfropy of the estimates
prior to the training when y and ¥ are independent and/or unaligned. The
entropy is exactly reflected in the CE loss which then becomaes deterministically
In C regardiess of g

Another source of contaminating pre-trained layers is Wi itself. This is

because &L~ is affected by both the last layer's error and its weights (see
Equation 8). To prevent the noise from contaminating pre-trained layers an
efficient solution should consider both of these criteria. One or more

amboadimeants of a method are therefora introduced which maximizas the initial

entropy of estimates while preventing &L-1 to pecome contaminated by Wl

The method can be described as follows.

First and in accordance with an embodiment, the method reguires the
features that are fed to the last layer to be normalized. This is done by applying

z-normalization across the batch,
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Figure 2 shows a FNN architecture and last layer's initializetion in (8) base
maodel and (b} EN- TAME. According to [8], mis2 for RelL U networks.

This is similar to batch-normalization [12], except that it does not need
any learmnable parameters. The statistics used in inference mode of the simple
z- normalization are detached from the computational graph version of the ones

obtained in the corresponding training step.

Second, the method maximizes the enfropy of the estimateas by initializing
the last layers weights to values drawn from Independent and identically
Distributed (i.i.d.}, zero centered normal distribution as follows

N VZAZ

Wh~ W0, by ); g = == (21)

CA

where ¢, is the energy of each element of Wt v is the initial value of the

learning rate {recommendead default y = 10'“4) and A is a hyper-parameter that
controls the proportion of noise energy over total energy of last layers weights,
right after the first update (recommended range is 1 to 1000). ¢, is chosen to
be a numaerically small number (for example ¢, = 10-12 means that 85% of the
vaiues in W' are initially between —2 x 107 %and 2 x 107%), but it can be seen
that such small randomness may help the expressiveness of the model. If the

biases are also initialized constantly to all zeros and if K is not extremely large,

the energy of al- would be initially very small as well. Concretely, from the
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distribution selected for W', the value of each output neuron is approximately

zero-centered, or Eyfab] ~ 0 and per-example energy of all ouiput neurons

together is

BulXfyaf | = By |atat] = Bu[ew] wisT] = KouBu[2#7] = =2 (22)

baich.

Moreover, the exponential function is close fo linear when ifs input is
close to zero. This could be easily shown by using the result of Equation 22,

and the Taylor series approximation of the exponential function around zero,
ea§m1+ajf. Plugging this into the softmax definition vields y,~§ which

approximately maximizeas the entropy as desired.

When the estimates are equal for each example, éj‘* becomes only &

function of the prior, i.a.,

"1 .
p fy, =0

Accordingly, the gradients of the loss with respect to iast layer's

je{l,2,...Ch (23)

parameters are simplified io

VWL = By (2= 3) 2] VBEL = By |2 - 3] (24)

Applying the updates resulis in

i, 1.4 - 1, =1, Li - 1
Wit =W+ yBylyE ] -y By[# L b = vEaly] - v 3 (25)
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where v is the initial leaming rate and the second number in the superscripts
represent the number of updates, e.q. W}’f“ indicates o the weights of the I-th

layer after u updates. The error cannot move further backward at this point

since ¢, is very small, making 841 negligible.

After the first update, the oulputs of each neuron of the last layer can get
comparably high expected values. This may cause the estimates to have much
lower entropy compared to the initial state. On the other hand, dependingon Y
and X, multiple rows and columns of weights and corresponding elements of
hiases from the last layer can possibly geti identical first updates (see
Equation 24},

This may cause the entropy of the estimates to stay comparably high for
gach example Very small random numbers, used to initialize W*, help these
identical estimates to diverge and make different estimates. it will be
appreciated that as the expectation of af gets away from zero toward positive
vaiues, the exponential functions in softmax make the small difference much
larger. Therefore, the expressiveness of the last layer is preserved by initializing
its weighis to very small numbers instead of zero.

The first update makes the energy of Wk large enough to let the error of
the next updates back-propagate through it and reach the pre-trained layers. In
other words, this automatically opens up the stalled way and lets the error to
back-propagate o the output of other layers. This is enough for correctly
guiding pre-trained parameters with an advanced oplimization algorithm like
Adam [13] is used. Most of the noise is purified and the next back-propagated
arrors toward pre-trained features are meaningful and contain both prior and

likelihood. In more details, the energy of the j-th row in Wi becomes:

Llgarii? 7 A1 9T
WHWE = Ky +y7 By |G - y)?ae7 | (26)
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Energy of W is g-témes the energy of j-th bias in the last layer. Since

b}“"cantams only information about the prior, we desire o make s energy
initially smaller than W;“’l. For this t0 happen, initial N has 1o be chosen such
that N < K (which usually is satisfied). On the other hand, A should be chosen
such that A2 < % but not very small to numerically reduce the rank of W‘f""‘due o

possible similar updates (see Equation 25), which may resuits in higher entropy

of ¥ NA? roughly determines the maximum proportion of remaining energy of

noise o the total energy of elements of Wj*

Role of Feature Normalization

As mentioned above and in accordance with one or more embodiments,
a feature normalization is performed. [t will be appreciated that applying z-
normalization on top of features may increase or decrease the level of average
feature-wise energy in X resulting in less need for tweaking the learning rate
and ¢, for different tasks and even different models. if the values of X' are too
small, it may take a longer time for WY fo grow which leaves pre-trained

features unchanged for a longer time.

In one or more embodiments, z-normalization is applied i the provided
initialized pre-trained model is to be further trained on the provided data, where
the provided data exhibits an important domain shift with respect o the data on

which the model was pre-trained.
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Z-normalization across batches plays a more important role than just
equalization. To clarify, it is assumed that image classification is done and two
images in a batch coniain exactly the same patlern or visual object. if one of the
columns of Xt represents a feature that recognizes said pattern, the feature is
axpected {o reflect the presence of the pattern in both of the mentioned images
gqually. The problem is that raw inputs are usually normalized with statistics
that are identically applied on all pixels in all examples. In the best case, such
normalization is applied separately for different channels. Object-wise
normalization does not seem to be feasible prior to detection which indirectly is
done through iraining neural network classifier. Therefore, even if the same
object is exactly copied in both images due o normalizing raw images, one
object may get less intensified than the other one. This may directly be reflected
to the values of the particular column of X responsible for showing the
presence of the desired object. Z-normalization, compensates for this problem

by normalizing the Teaiures after they are detected.

Batch-normalization layers used in between the hidden layers of some
pre-trained models, usually need more training steps to adapt to the distribution
of target task’s data. Since we also care about the performance of the model in
the first training steps, feeding normalized features 1o the last layer is vital. [t wili
be appreciated that the simpie z-normalization applied on X&, directly influences
the first update of Wl

Experimentis

ImageNet [18] ILSVRC 2012 is the source dataset used {o pre-train the
modeis. Each pre-trained model is fine-tuned on the following datasets: MNIST
[16], CIFAR10, CIFAR100 [15] and Caltech101 [8] The latter dataset is not
originally separated into train and test nor is balanced in contrast {o the other
ones. Each Caltech101 category is split randomily into train and test subsets

with 16 percent chance of drawing sach image for test subset.
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Prior to feeding the input to the models, each channe! is normalized with
its mean and standard deviation obtained from all pixels of that channel
throughout the corresponding training subset. Training images are also

augmented with random horizontal flip.

The set of usad architectures are listed in the leftmost column of Figure 7.
Among these models InceptionVe requires all images o be scaled up o 228
229, so due to limitations in device's memory the balich size of 64 is chosen for
this architecture. In addition, the other models that are ftrained on the
Caltech101 dataset are also fed 64 images per batch owning to large image
sizes. All other models and dataset use batch size of 256.

The initialization recommended by [8] is used for augmentead layers in the
base models. A {ry was made o unify the problem by applying similar
conditions for training different models as much as possible. This by itself would
show the impact of one or more embodiments of the method disclosed and how
universally it could help the task adaptation, even without considering hyper-
parameter tuning. Accordingly, leaming rate is set to 0.0001 for all models and
datasets and the value of ow is chosen to be 10-12 everywhers.

Figure 7 shows the progress of test accuracy of pre-trained models fine-
tuned on each dataset. The smaller plot inside sach larger one shows the same
curves zoomed-in the first steps of training. The colorful shade around each
curve shows the standard deviation across 24 different seeds. kach plot
includes 4 curves color mapped as follows; blug: base, orange: base with a
single Warm Up (WU} step, green: disciosed method’'s Maximum Entropy
initialization (MED, red: full disclosed method or MET + Feature Normalization
(FN). Experiments were also done with only applying FN, but they mostly
perform worse than all other cases, so they are not included {o save space and
make plots more readable.
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To measure how the convergence is sped up inilially, average
progressing accuracy is compared over first ten training steps. Paired t-lest
suggests that one or more embodiments of the method disclosed herein
significantly enhances the test accuracy compared to the base method for all
architectures and datasets mentioned herein. Figure 8a shows the averagse
increase in the accuracy of the first 10 training steps with 95% confidence.
Further improvements have been observed by adjusting A and the batch size
but to show the robustness of the model the same setup has been kept as

much as possible.

Finally, the converged accuracy of each curve shown in Fig. 7 is listed in
Figures 8b, 8c and 9. The convergence test accuracy is recorded after training
models for 10 epochs if target dataset is CIFAR10 or Caltech101 and 15
gpochs if target dataset is CIFAR100. Further experiments have been done on
ResNet [9], DenseNet [11] and VGG [21] with other popular sizes but similar
resuits were obtained so results of the two most common sizes of each in the

above-mentioned tables were only reported.

Now referring to Fig. 7, there is shown test accuracy progress for fine-
tuning models that are pre-trained on ImageNet dataset. The horizontal axes on
gach plot show the number of training steps. Colorful shades show the standard
deviation across different seads. A superscript = means that all models in
corresponding row or column are trained with baich size of 64 instead of 256 to
make the model fit into the device. The smaller plots inside the bigger ones are

just zoomed-in version of the same curves for the first few steps.

Now referring to Fig. 8a, there is shown average initial test accuracy
improvement by using an embodiment of the method disclosed herein instead
of base method. The entries show increase in the mean of test accuracy over
first 10 steps of training with 95% confidence calculated over 24 seeds.
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Now referring to Fig. 8b, there is shown convergence test accuracy of

models trained on CIFAR1T0 datasst with 85% confidence.

Now refarring to Fig. 8c, there is shown convergence test accuracy of
modeis irained on CIFAR100 dataset with 85% confidence.

Now referring to Fig. 9, there is shown convergence test accuracy of models
trained on Caltech101 dataset with 85% confidence. It will be appreciated that
although a focus was done on image classification, the reasoning behind one or
more embodiments of the method disclosed herein's impressive performance is
not tied to image datasets in any way.

An important ocutcome of the empirical resulls is that models fine-tuned
on datasets with 100 or even more classes show initial test accuracy of over
40% by visiting only the first 64 images. This can open-up a whole new
discussion about the power of few-shot leaming algornithms.

it will be appreciated that the application 516 for inifializing a neural
network comprises instructions for obtaining a pre-trained neural network

having an output layer.

The application 516 for initializing a pre-trained neural network further
comprises instructions for amending the output layer of the pre-trained neural
network. The amending comprises updating each weight of said output layer
according to a function that maximizes the entropy of the oufput classes
probability. The function depends on a parameter controlling a proportion of
error of the cutput classes probability such as it decreases the variance of the

output classes probability.

The application 516 for initializing a pre-trained neural network further

comprises instructions for providing the initialized pre-trained neural network.
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It will be appraciated that there is also disclosed a non-fransifory computer
readable storage medium for storing computer-executable instructions which, when
executed, cause a computer o perform a method for initializing a pre-trained neural
network, the method comprising obtaining a pre-trained neural network having an
output layer, amending the ouiput fayer of the pre-trained neural network, wherein
the amending comprises updating each weight of the cutput layer according to a
function that maximizes the entropy of the output classes probability, wherein the
function depends on a parameter controlling a proportion of error of said oulput
classes probability such as i decreases the variance of the output classes

probability, and providing the initialized pre-trained neural network.

It will be apprecialed that there is also disclosed a compuler program
comprising computer-executable instructions which, when executed, cause a
computer to perform a method for initiglizing a pre-trained neural network, the
method comprising obtaining a pre-trained neural network having an output layer,
amending the output layer of the pre-trained neural network, wherein said amending
comprises updating each weight of said oulput layer according to a function that
maximizes the entropy of the oulput classes probability, wherein said function
depends on a parameter controlling a proportion of error of said output classes
probability such as it decreases the variance of the output classes probability, and

providing the initialized pre-trained neural network.

It will be appreciated that there is also disclosed a method for using a pre-
trained neural network trained in accordance one or more embodiments of the
method disclosed harsin.

it will be appreciated that one or more embodiments of the method disclosed

herein are of great advantage for various reasons.

An advarntage of one or more embodiments of the method disclosed is

that they significantly decrease the initial noise that is back-propagated from
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randomly-initialized parameters {oward layers that contain the transferred
knowledge. As a conseguence, a processing device used for training a neural
network according to one or more embodiments of the method disclosed herein
will use less resources for training a neural network resulting in moreg available
resources available to complete other tasks. Morgover, one or mors
embodiments of the method disclosed herein may contribute to better
performances overall compared to other traditional training methods, and does
significantly contribute {0 bettering performances in training cases including a
small number of training steps compared (o other traditional training methods
which is particularly useful to evaluate model potential during architecture
search & design. Also, one or more embodiments of the method disclosed
herein may contribute io decrease the negative impact of catastrophic
forgetiing, that may occur during model training across tasks, as it limits the
impact of noise propagation.

In fact experiments show that models trained by one or more
embodiments of the method disclosed herein leam substantially faster than
those using prior art fine-tuning or even more complicated tricks such as warm
up [171.

Ancther advantage of one or more embodiments of the method disclosed
is that they are easy to implement and can be beneficially applied to any pre-
trained neural network that estimates ocutput probabilities using softmax logits in
orne embodiment. As a consequence, a benefit is a broad applicability and
integration across various deep learning frameworks offered by various vendors

such as Google TensorFlow and Facebook PyTorch.

The optimal parameter initialization is derived for neural networks being
fine-tuned on pre-trained models for classification and show that such optimal
initial loss leads to a significant acceleration in adapting a pre-frained neural

network to a new task.
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Anocther advantage of one or more embodiments of the method disclosed
is that they are independent of the choice of architecture and may be applied {0
transfer knowledge within any domain. As a consequence, a benefit is that one
or more embodiments of the method disclosed herein do not increase the
complexity of the overall architecture {o be trained {e.g. no additional layer, no
muilti-stage training process like warm up methods)..

Ancther advantage of one or more embodiments of the method disclosed
herein is that they show a significant practical impact on convergence. As a
consequence, a processing device usead for training a neural network according
to one or more embodiments of the method disclosed herein will use less
resources for fraining a neural network than with a conventional methods,
resuiting in more available resources available to complete other tasks. One or
morg embodiments of the method disclosed herein may contribute to better
performances overall compared to other {fraditional training methods, and does
significantly contribute to bettering performances in training cases including a
small number of training steps compared {o other traditional training methods
which is particularly useful to evaluate model potential during architecture
search & design. One or more embodiments of the method disclosed herein
may contribute to decrease the negative impact of catastrophic forgetting, that
may occur during model training across tasks, as it limits the impact of noise

propagation.

Clause 1. A method for inifiglizing a pre-trained neural network, the

method comprising:
obtaining a pre-trained neural network having an output layer,

amending the oulput layer of the pre-trained naural network, wherein said
amending comprises updating each weight of said output layer according o a

function that maximizes the entropy of the output classes probability, wherein
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said function depends on a parameter controlling a proportion of error of said
output classes probability such as it decreases the variance of the output
classes probability, and

providing the initialized pre-trained neural network.

Clause 2. The method as claimed in clause 1, wherein the amending
of the output layer of the pre-trained neural network further comprises z-
normalizing features located right before the output layer prior updating each

weight.

Clause 3. The method as claimed in clause 1, wherein the pre-trained

neural network uses softmax logit in the output layer.

Clause 4: A method for training a pre-trained neural network, the

method comprising:
obtaining a pre-trained neural network to train;
obtaining a dataset suitable for said training;

initializing the pre-trained neural network using the method as claimed in

any one of clauses 1 to 3;

training the initialized pre-trained neural network using the oblained

dataset; and
providing the trained neural network.

Ciause 5. A method as claimed in clause 4, wherein said training is a

federated learming method.

Ciause 6: A method as claimed in clause 4, wherein said training is a

meta-learning method.
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Cilause 7. A method as claimed in clause 4, wherein said training is a

distributed machine leaming method.

Ciause 8. The method as claimed in clause 4, wherein said training is

a network architecture search using said pre-trained neural network as a seed.

Clause 8. The method as claimed in any one of clauses 4 {o 8,
wheregin the pre-trained neural network comprises a generative adversarial
network, wherein said initializing of the pre-trained neural network using the

method as claimed in clause 1 is performed at the discriminator.

Clause 10: A method for training a neural network through federated

learning, the method comprising:
obtaining a shared neural network to train,

obtaining at least two datasets suitable for said federated learning, each
of the at least two datasets for training a corresponding decentralized training

unit;

each deceniralized training unit performing a first round of fraining using

a corresponding dataset;
for each subseguent round of training:

gach decentralized training unit initializing the shared neural network using the
method as claimed in any one of clauses 1 to 3,

gach decentralized training unit training the initialized shared
neural network using the corresponding dataset,

globally federating the learning from all decentralized training units {o a resulting

global shared neural network, and
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untii the global shared neural network converges o a good global modesl,
providing the corresponding global shared neural network (o the decentralized

training units as the new shared neural network, and
providing the trained shared neural network.

Clause 11. A method for training a neural network using a reptile meta-

learning method, the method comprising:
obtaining a neural network {o train;
obtaining a dataset suitable for said reptile meta-learning method;
for each iteration of the reptile meta-learming method:

initializing the neural network using the method as claimed in any one of

clauses 1 to 3 for each task sampled, and

training the inifialized neural network for said corresponding sampled task using

the obtained dataset, and
providing the trained neural network.

Clause 12: The method as claimed in any one of clauses 4 to 9,
whaerein the training of the initialized pre-rained neural network comprising
training the initialized pre-trained neural network using a first training batch of
the obtained dataset, wherein the first training batch is smaller than a number of

features fed {o said last layer of said initialized pre-trained neural network.

Ciause 13. A method for using a pre-trained neural network trained in

accordance with any one of clauses 4 10 9.

Ciause 14. A computer comprising:
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a central processing unit;
a graphics processing unit;
a communication port;

a memory unit comprising an application for initializing a pre-trained
neural network, the application comprising:

instructions for obtaining a pre-trained neural network having an

output layer,

instructions for amending the output layer of the pre-trained neural
network, wherein said amending comprises updating each weight of said output
layer according io a function that maximizes the entropy of the output classes
probability, wherein said function depends on a parameter controlling a
proportion of error of said output classes probability such as it decreases the

variance of the culput classes probability, and
instructions for providing the initialized pre-trained neural network.

Clause 15. Computer program  comprising  computer-executable
instructions which, when executed, cause a computer to perform a method for
initializing a pre-trained neuwral network, the method comprising:

obtaining a pre-trained neural network having an output layer,

amending the output fayer of the pre-trained neural network, wherein said
amending comprises updating each weight of said output layer according to a
function that maximizes the entropy of the output classes probability, wherein
said function depends on a parameter controlling a proportion of error of said
output classes probability such as it decreases the variance of the output

classes probability, and
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providing the initialized pre-trained neural network.

Clause 16: A non-transitory computer readable storage medium for
storing computer-executable instructions which, when executed, cause a
computer o perform a method for initializing a pre-trained neural network, the

method comprising:
obtaining a pre-trained neural network having an output iayer,

amending the output layer of the pre-trained neural network,
wherein said amending comprises updating each weight of said ouiput layer
according to a function that maximizes the entropy of the output classes
probability, wherein said function depends on a parameter controlling a
proportion of error of said output classes probability such as it decreases the

variance of the output classes probability, and
providing the initialized pre-trained neural network.

Clause 17. A method for initializing a neural network, the method

COMpPrising:
obtaining a neural network having an output layer,

amending the output layer of the neural network, wherein said amending
comprises updating each weight of said output layer according to a function that
maximizes the entropy of the output classes probability, wherein said function
depends on a parameter controlling a proportion of error of said output classes
probability such as it decreases the variance of the output classes probability,

and

providing the initialized neural network.
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CLAIMS:
1. A method for initializing a pre-trained neural network, the method comprising:
obtaining a pre-trained neural network having an output layer,

amending the output layer of the pre-trained neural network, wherein said
amending comprises updating each weight of said output layer according to a
function that maximizes the entropy of the output classes probability, wherein said
function depends on a parameter controlling a proportion of error of said output
classes probability such as it decreases the variance of the output classes

probability, and
providing the initialized pre-trained neural network.

2. The method as claimed in claim 1, wherein the amending of the output layer
of the pre-trained neural network further comprises z-normalizing features located

right before the output layer prior updating each weight.

3. The method as claimed in claim 1, wherein the pre-trained neural network

uses softmax logit in the output layer.

4. A method for training a pre-trained neural network, the method comprising:
obtaining a pre-trained neural network to train;
obtaining a dataset suitable for said training;

initializing the pre-trained neural network using the method as claimed in any

one of claims 1 to 3;

training the initialized pre-trained neural network using the obtained dataset;

and
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providing the trained neural network.

5. A method as claimed in claim 4, wherein said training is a federated learning
method.

6. A method as claimed in claim 4, wherein said training is a meta-learning

method.

7. A method as claimed in claim 4, wherein said training is a distributed

machine learning method.

8. The method as claimed in claim 4, wherein said training is a network

architecture search using said pre-trained neural network as a seed.

9. The method as claimed in any one of claims 4 to 8, wherein the pre-trained
neural network comprises a generative adversarial network, wherein said initializing
of the pre-trained neural network using the method as claimed in claim 1 is
performed at the discriminator.

10. A method for training a neural network through federated learning, the

method comprising:
obtaining a shared neural network to train;

obtaining at least two datasets suitable for said federated learning, each of

the at least two datasets for training a corresponding decentralized training unit;

each decentralized training unit performing a first round of training using a

corresponding dataset;
for each subsequent round of training:

each decentralized training unit initializing the shared neural network

using the method as claimed in any one of claims 1 to 3,
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each decentralized training unit training the initialized shared neural

network using the corresponding dataset,

globally federating the learning from all decentralized training units to

a resulting global shared neural network, and

until the global shared neural network converges to a good global
model, providing the corresponding global shared neural network to the

decentralized training units as the new shared neural network; and
providing the trained shared neural network.

11. A method for training a neural network using a reptile meta-learning method,

the method comprising:
obtaining a neural network to train;
obtaining a dataset suitable for said reptile meta-learning method;
for each iteration of the reptile meta-learning method:

initializing the neural network using the method as claimed in any one

of claims 1 to 3 for each task sampled, and

training the initialized neural network for said corresponding sampled

task using the obtained dataset; and
providing the trained neural network.

12. The method as claimed in any one of claims 4 to 9, wherein the training of
the initialized pre-trained neural network comprising training the initialized pre-
trained neural network using a first training batch of the obtained dataset, wherein
the first training batch is smaller than a number of features fed to said last layer of

said initialized pre-trained neural network.
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13. A method for using a pre-trained neural network trained in accordance with

any one of claims 4 to 9.

14. A computer comprising:
a central processing unit;
a graphics processing unit;
a communication port;

a memory unit comprising an application for initializing a pre-trained neural

network, the application comprising:

instructions for obtaining a pre-trained neural network having an

output layer,

instructions for amending the output layer of the pre-trained neural
network, wherein said amending comprises updating each weight of said output
layer according to a function that maximizes the entropy of the output classes
probability, wherein said function depends on a parameter controlling a proportion
of error of said output classes probability such as it decreases the variance of the

output classes probability, and
instructions for providing the initialized pre-trained neural network.

15. Computer program comprising computer-executable instructions which,
when executed, cause a computer to perform a method for initializing a pre-trained

neural network, the method comprising:
obtaining a pre-trained neural network having an output layer,

amending the output layer of the pre-trained neural network, wherein said

amending comprises updating each weight of said output layer according to a
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function that maximizes the entropy of the output classes probability, wherein said
function depends on a parameter controlling a proportion of error of said output
classes probability such as it decreases the variance of the output classes

probability, and
providing the initialized pre-trained neural network.

16. A non-transitory computer readable storage medium for storing computer-
executable instructions which, when executed, cause a computer to perform a

method for initializing a pre-trained neural network, the method comprising:
obtaining a pre-trained neural network having an output layer,

amending the output layer of the pre-trained neural network, wherein
said amending comprises updating each weight of said output layer according to a
function that maximizes the entropy of the output classes probability, wherein said
function depends on a parameter controlling a proportion of error of said output
classes probability such as it decreases the variance of the output classes
probability, and

providing the initialized pre-trained neural network.
17. A method for initializing a neural network, the method comprising:
obtaining a neural network having an output layer,

amending the output layer of the neural network, wherein said amending
comprises updating each weight of said output layer according to a function that
maximizes the entropy of the output classes probability, wherein said function
depends on a parameter controlling a proportion of error of said output classes

probability such as it decreases the variance of the output classes probability, and

providing the initialized neural network.



PCT/1IB2020/054350

WO 2020/225772

1/9

il

Eanp,

FIG. 1



PCT/1IB2020/054350

WO 2020/225772

2/9

FIG. 2



WO 2020/225772

3/9

( BEGIN )
204

A 4

102_\\ OBTAINING A NEURAL
NETWORK HAVING AN OUTPUT
LAYER

:

104—
\J AMENDING THE OUTPUT LAYER
OF THE NEURAL NETWORK

:

106 N\] PROVIDING THE INITIALIZED

NEURAL NETWORK

A 4

( END )

FIG. 3

PCT/1IB2020/054350



WO 2020/225772

4/9

( BEGIN )
v

200“

OBTAINING A NEURAL
NETWORK TO TRAIN

:

202_\

OBTAINING A DATASET
SUITABLE FOR A TRAINING

:

204“

INITIALIZING THE NEURAL
NETWORK

:

206“

TRAINING THE INITIALIZED
NEURAL NETWORK

:

208“

PROVIDING THE TRAINED
NEURAL NETWORK

]
( END )

FIG. 4

PCT/1IB2020/054350



WO 2020/225772

5/9

‘/_500

PCT/1IB2020/054350

502 504 506 508
T\ \ T\ T\
e OPTIONAL COMMUNICATION
CPU DEVICE DISPLAY PORT
DEVICE
- >
510J
512 /— 9503
Operating System Module |—— 514 GPU
t/_520

516 —

518 —

FIG. 5

memory

Application for initializing a

neural network

Data




WO 2020/225772 PCT/1IB2020/054350

6/9

_GIEARI00  lcaltechany

- 2066 2984 2081 BBA1 218

2460 2075 3458 .

B $QET BR25 2 88F O UBIS ¥ 18
i
i

3538 .40
ERBEER R
X347 2081
3330 £ 3.36
332135

3895 2 135

ThE

£ 058 2948 052 RYES 2100

52 4081 RI3T Q78 PRAT 2080

8% 2083 2518 2079 MAT £ 105

12 £ 085 IR £ 180 RO0 2082
3

SASY 18 URIEE 23N

Tk Asd e Lkl
b oA pad LI £
W

%

Pt fond
b

FIG. 6



WO 2020/225772 PCT/1IB2020/054350

719

RN RV AR
RPN S

PRREENS
s

I R

LERE LI

Incep

FIG. 7



WO 2020/225772

8/9

PCT/1IB2020/054350

IU8G £ 397
M.53 & 180

1261 ¢ 155
1380 £ 185
3528 & 2 .44
3304 ¢ 188
ST 2 LER

2181 L0
A58 2122
FR.3S 2008
BEI0 e 108
2314 078
FRAT L0

8381 32

ie‘:} I8 2032
SR R 5

1321 #0036
1188 £ Q06
1385 2438
1338 2840
SHE G ER

2129+ L3
[T+ 108
BIES £31.35
2O £ 198
V88 £ 080
REER & 131
B1ed 148

3‘}.&5&3&?@&&12& {11
DenseNet201 {11]

e? ?3 +3.43
IR LOY
0212023
1318035

?3, 04116
8039 £0.31
BO.92£0.46
8170 40.47
BR. L2 40,28

T REERE
85,802 0.35 B
26.02 + 0.32
86.20  0.23
86.27 + 0.20
B8.79 + 0.61
8877 2 0.22
55,93 £ 0.27

‘&33 & '&3?
26,38 £ 0.28
HE 192025
5,12 3 0.19
SRS ]

SEFLED
58714137
56.52 20,85
BLITROE2
63982024
64,302 0.42
HLISE

Ko e

‘Jd

\'ﬁéw?‘i‘ﬁgw

=

uaaa;,‘lgg ,
P

51,54 2 0.38
61.85 £ 077
G290 $ 027
G354 & 0.58
64.99 £ 0.40
ksezon

%?i el

FIG. 8C



WO 2020/225772

9/9

Bass

PCT/1IB2020/054350

?ﬁmﬁa«tﬁ@ Bl

(21 {11]

858525330
53128101
G2 36 + 067
93,95 £ 053
BRI LTS

8050142

AL.68 2 Q.58

SERINS § i}&-
SR R SR
SRR SHLNE
LA 0SS
ERRCS R
9507 £ 067

5.96 £ 0.18
96.50 £ 0.71
00076068 194.69 £ 1.19
89702128 BOSILALS
05,70 ¢ 0.81 Tﬂz*& £0.89

:‘g 194088 ;3\?:1 $134

FIG. 9



INTERNATIONAL SEARCH REPORT

International application No.

PCT/1B2020/054350

A CLASSIFICATION OF SUBJECT MATTER
IPC: GO6N 3/02 (2006.01), GO6N 3/04 (2006.01),

GOG6N 3/08 (2006.01)

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

IPC: GO6N 3/02 (2006.01), GO6N 3/04 (2006.01),

Minimum documentation searched (classification system followed by classification symbols)
GO6N 3/08 (2006.01)

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

Databases: Questel Orbit, IEEExplore

Electronic database(s) consulted during the intemational search (name of database(s) and, where practicable, search terms used)

Keywords: neural network, entropy, layer, federated leaming, data set, decentralized training unit, error proportion, neural network share,
output class probability, pre trained neural network, training neural network, variance, shared neural network

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category*

Citation of document, with indication, where appropriate, of the relevant passages

Relevant to claim No.

*para. 4-5, 9, 60-66, 77-86, 89-95, 163, 249*

X US2018/0107926 A1 (CHOlI etal) 19 April 2018 (19-04-2018)

Y
Y US2018/0089587 A1 (SURESH etal.) 29 March 2018 (29-03-2018) *para. 6-10, 26-31*
Y

1-2, 4, 8,13-17

3,5,7,9-10, 12

5,7,10
US2017/0148433 A1 (CATANZARO et al.) 25 May 2017 (25-05-2017) 3,12
*para. 50, 54, 64, 139-141*
Y CA3022125 A1 (CAOetal) 27 April 2019 (27-04-2019) *abstract* 9
US2019/0012594 A1 (FUKUDA ctal) 10 January 2019 (10-01-2019) *abstract* 1-17
A EP2905722 A1 (DUetal) 12 August 2015 (12-08-2015) *abstract* 1-17

‘w Further documents are listed in the continuation of Box C.

W See patent family annex.

*  |Special categories of cited documents:
“A” |document defining the general state of the art which is not considered
to be of particular relevance

“D” |document cited by the applicant in the international application

“E” |earlier application or patent but published on or after the international
filing date

“L” |document which may throw doubts on priority claim(s) or which is
cited to establish the publication date of another citation or other
special reason (as specified)

“0” |document referring to an oral disclosure, use, exhibition or other means

“P” |document published prior to the international filing date but later than

the priority date claimed

“T” |later document published after the international filing date or priority
date and not in conflict with the application but cited to understand
the principle or theory underlying the invention

document of particular relevance; the claimed invention cannot be
considered novel or cannot be considered to involve an inventive
step when the document is taken alone

document of particular relevance; the claimed invention cannot be
considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

document member of the same patent family

g

wy”

g

Date of the actual completion of the international search

Date of mailing of the international search report
10 July 2020 (10-07-2020)

Name and mailing address of the ISA/CA
Canadian Intellectual Property Office

Place du Portage I, C114 - 1st Floor, Box PCT
50 Victoria Street

Gatineau, Quebec K1A 0C9

Facsimile No.: 819-953-2476

Authorized officer

Coralie Gill (819) 639-3176

Form PCT/ISA/210 (second sheet ) (July 2019)




International application No.

INTERNATIONAL SEARCH REPORT PCT/IB2020/054350

C (Continuation). DOCUMENTS CONSIDERED TO BE RELEVANT

Category* | Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.

1
A US2015/0072215 A1 (YUetal) 12 March 2015 (12-03-2015) *abstract™ 1-17

Form PCT/ISA/210 (continuation of second sheet) (July 2019)



INTERNATIONAL SEARCH REPORT International application No.

Information on patent family members PCT/IB2020/054350
Patent Document Publication Patent Family Publication
Cited in Search Report Date Member(s) Date
US2018107926A1 19 April 2018 (19-04-2018) CN107967515A 27 April 2018 (27-04-2018)

CN107967517A 27 April 2018 (27-04-2018)
KR20180043154A 27 April 2018 (27-04-2018)
KR20180043172A 27 April 2018 (27-04-2018)
TW201816669A 01 May 2018 (01-05-2018)
TW201818302A 16 May 2018 (16-05-2018)
US2018107925A1 19 April 2018 (19-04-2018)

US2018089587A1 29 March 2018 (29-03-2018) CN107871160A 03 April 2018 (03-04-2018)
DE102017122240A1 29 March 2018 (29-03-2018)
DE202017105829U1 02 January 2018 (02-01-2018)

EP3494522A1 12 June 2019 (12-06-2019)
EP3494522B1 08 January 2020 (08-01-2020)
EP3660754A1 03 June 2020 (03-06-2020)
GB201715517D0 08 November 2017 (08-11-2017)
GB2556981A 13 June 2018 (13-06-2018)
US2019340534A1 07 November 2019 (07-11-2019)
US10657461B2 19 May 2020 (19-05-2020)

US2018089590A1 29 March 2018 (29-03-2018)
WO02018057302A1 29 March 2018 (29-03-2018)

US2017148433A1 25 May 2017 (25-05-2017) US10319374B2 11 June 2019 (11-06-2019)
CN107408111A 28 November 2017 (28-11-2017)
CN107408384A 28 November 2017 (28-11-2017)
EP3245597A1 22 November 2017 (22-11-2017)
EP3245597A4 30 May 2018 (30-05-2018)
EP3245652A1 22 November 2017 (22-11-2017)
EP3245652A4 30 May 2018 (30-05-2018)
EP3245652B1 10 July 2019 (10-07-2019)
JP2018513399A 24 May 2018 (24-05-2018)
JP6629872B2 15 January 2020 (15-01-2020)
JP2018513398A 24 May 2018 (24-05-2018)
JIP6661654B2 11 March 2020 (11-03-2020)

KR20170106445A 20 September 2017 (20-09-2017)
KR102008077B1 06 August 2019 (06-08-2019)
KR20170107015A 22 September 2017 (22-09-2017)
KR102033230B1 16 October 2019 (16-10-2019)
US2017148431A1 25 May 2017 (25-05-2017)
US10332509B2 25 June 2019 (25-06-2019)
WO2017091751A1 01 June 2017 (01-06-2017)
WO02017091763A1 01 June 2017 (01-06-2017)

CA3022125A1 27 April 2019 (27-04-2019) US2019130266A1 02 May 2019 (02-05-2019)
US2019012594A1 10 January 2019 (10-01-2019) US2019220747A1 18 July 2019 (18-07-2019)
US10546238B2 28 January 2020 (28-01-2020)
EP2905722A1 12 August 2015 (12-08-2015) CN104834933A 12 August 2015 (12-08-2015)
CN104834933B 12 February 2019 (12-02-2019)
US2015227816A1 13 August 2015 (13-08-2015)
US9659233B2 23 May 2017 (23-05-2017)
US2015072215A1 12 March 2015 (12-03-2015) CN203503745U 26 March 2014 (26-03-2014)

CN203503747U 26 March 2014 (26-03-2014)
DE202012010789U1 17 April 2013 (17-04-2013)
DE202012010790U1 17 April 2013 (17-04-2013)
EP2286484A1 23 February 2011 (23-02-2011)

Form PCT/ISA/210 (patent family annex ) (July 2019)



INTERNATIONAL SEARCH REPORT

International application No.

PCT/1B2020/054350

Patent Document Publication Patent Family Publication

Cited in Search Report Date Member(s) Date
EP2286484A4 14 November 2012 (14-11-2012)
US2009326696A1 31 December 2009 (31-12-2009)
US7945344B2 17 May 2011 (17-05-2011)
US2012058377A1 08 March 2012 (08-03-2012)
US8357464B2 22 January 2013 (22-01-2013)
US2013059172A1 07 March 2013 (07-03-2013)
US8492023B2 23 July 2013 (23-07-2013)
US2013288084A1 31 October 2013 (31-10-2013)
US8623543B2 07 January 2014 (07-01-2014)
US2014072837A1 13 March 2014 (13-03-2014)
US8889285B2 18 November 2014 (18-11-2014)
US2012040233A1 16 February 2012 (16-02-2012)
US8900743B2 02 December 2014 (02-12-2014)
US2013266827A1 10 October 2013 (10-10-2013)
US9065080B2 23 June 2015 (23-06-2015)
US2015214573A1 30 July 2015 (30-07-2015)
US9123969B2 01 September 2015 (01-09-2015)
US2015244041A1 27 August 2015 (27-08-2015)
US9350055B2 24 May 2016 (24-05-2016)
US2015372346A1 24 December 2015 (24-12-2015)
US9419303B2 16 August 2016 (16-08-2016)
US2011202159A1 18 August 2011 (18-08-2011)
US9666895B2 30 May 2017 (30-05-2017)
US2016344065A1 24 November 2016 (24-11-2016)
US9929440B2 27 March 2018 (27-03-2018)
US2012058380A1 08 March 2012 (08-03-2012)
US2012135292A1 31 May 2012 (31-05-2012)
US2018248163A1 30 August 2018 (30-08-2018)
WO02009155452A1 23 December 2009 (23-12-2009)

Form PCT/ISA/210 (extra sheet) (July 2019)




	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - description
	Page 28 - description
	Page 29 - description
	Page 30 - description
	Page 31 - description
	Page 32 - description
	Page 33 - description
	Page 34 - description
	Page 35 - description
	Page 36 - description
	Page 37 - description
	Page 38 - description
	Page 39 - description
	Page 40 - description
	Page 41 - description
	Page 42 - description
	Page 43 - description
	Page 44 - description
	Page 45 - description
	Page 46 - description
	Page 47 - description
	Page 48 - description
	Page 49 - description
	Page 50 - claims
	Page 51 - claims
	Page 52 - claims
	Page 53 - claims
	Page 54 - claims
	Page 55 - drawings
	Page 56 - drawings
	Page 57 - drawings
	Page 58 - drawings
	Page 59 - drawings
	Page 60 - drawings
	Page 61 - drawings
	Page 62 - drawings
	Page 63 - drawings
	Page 64 - wo-search-report
	Page 65 - wo-search-report
	Page 66 - wo-search-report
	Page 67 - wo-search-report

