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comprising: initialising parameters of an algorithm; generating or obtaining
training data comprising inputs and desired target outputs for training said
algorithm; generating or obtaining a set of random perturbation vectors to be
i< applied after at least some arithmetic operations of the algorithm; updating
at least some trainable weights of the algorithm based on a loss function; and
repeating the generation or obtaining of training data, generation or obtaining
of random perturbation vectors and updating of said trainable weights until
a first condition is reached.
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Training of Algorithms

Field
The present specification relates to training of algorithms, such as neural networks,

having at least some trainable weights.

Background

An algorithm, such as a neural network, can be trained using a loss function. Obstacles
to practical hardware implementations of such algorithms include high memory
requirements and computational complexity. There remains scope for further

developments in this area.

Summary

In a first aspect, this specification describes an apparatus comprising: means for
initialising parameters of an algorithm, wherein said algorithm having at least some
trainable weights and at least some arithmetic operations; means for generating or
obtaining training data comprising inputs and desired target outputs for training said
algorithm, wherein the target outputs are expected outputs of the algorithm in response
to the respective inputs; means for generating or obtaining a set of random (e.g.
pseudo-random) perturbation vectors to be applied after at least some of said
arithmetic operations of the algorithm (e.g. all mathematical operations that might
introduce an error, such as due to the use of fixed-point arithmetic), wherein said
perturbation vectors have a distribution (e.g. a probability density function) depending
on properties of a target device implementing said algorithm and depending on the
arithmetic operations; means for updating at least some of the trainable weights of the
algorithm based on a loss function; and means for repeating the generation or
obtaining of training data, generation or obtaining of random perturbation vectors and
updating of said trainable weights until a first condition is reached. The perturbation
vector may be random or pseudo-random perturbations within a defined distribution.
For example, the perturbation vectors may be evenly distributed within a defined set

(wherein the defined set defines the distribution of the perturbation vectors).

The algorithm may comprise a neural network. Alternatively, or in addition, the
algorithm may have a plurality of layers (e.g. a plurality of dense layers), each layer
having at least some trainable weights and each layer including one or more arithmetic

operations.
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The arithmetic operations may include multiplications. In some embodiments, the

perturbation vectors are applied after each multiplication.

Some embodiments comprise means for determining an error distribution of the target
device for use in defining said distribution of said perturbation vectors. The error
distribution may be determined by measurement. One example is a histogram
approach. The distribution of the perturbation vectors may be based on a “best fit” to

the measured error distribution.

The target device may be one of an application-specific integrated circuit and a field-

programmable gate array.

The target device may implement a fixed-point arithmetic. In one embodiment,

training may be conducted using a floating-point arithmetic.

Some embodiments comprise means for quantizing said trainable weights, such that
said weights can only take values within a codebook having a finite number of entries
that is a subset of the possible values available during updating. The said means for
repeating may comprise means for repeating the generation or obtaining of training
data, the generating or obtaining of random perturbation vectors, the updating of said
trainable weights and the quantizing of said trainable weights until the first condition is

reached.

The said loss function may comprise a penalty term related to the quantization of the
trainable weights. The said penalty term may include a variable that is adjusted on each
repetition of the updating and quantizing such that, on each repetition, more weight is
given in the loss function to a difference between the trainable weights and the

quantized trainable weights.

The first condition may be met when a performance metric for the algorithm is met.
Alternatively, or in addition, the first condition may be met when a performance metric
has been unchanged (e.g. unchanged within a margin) for a defined number of
iterations. Alternatively, or in addition, the first condition may comprise a defined

number of iterations (e.g. a maximum number of iterations).
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The loss function may be related to one or more of mean squared error, block error rate

and categorical cross-entropy.

The said at least some weights of the algorithm may be trained using stochastic
gradient descent (or methods based on stochastic gradient descent or some similar

algorithm).

In some embodiments, the algorithm implements at least part of a transmission system

comprising a transmitter, a channel and a receiver.

The said means may comprise: at least one processor; and at least one memory
including computer program code, the at least one memory and the computer program

configured, with the at least one processor, to cause the performance of the apparatus.

In a second aspect, this specification describes a method (e.g. a method of training an
algorithm, such as a neural network) comprising: initialising parameters of an
algorithm, wherein said algorithm has at least some trainable weights and at least some
arithmetic operations; generating or obtaining training data comprising inputs and
desired target outputs for training said algorithm, wherein the target outputs are
expected outputs of the algorithm in response to the respective inputs; generating or
obtaining a set of random (e.g. pseudo random) perturbation vectors to be applied after
at least some of said arithmetic operations of the algorithm (e.g. all mathematical
operations that might introduce an error), wherein said perturbation vectors have a
distribution (e.g. a probability density function) depending on properties of a target
device implementing said algorithm and depending on the arithmetic operations;
updating at least some of the trainable weights of the algorithm based on a loss
function; and repeating the generation or obtaining of training data, generation or
obtaining of random perturbation vectors and updating of said trainable weights until
a first condition is reached. The perturbation vector may be random or pseudo-random
perturbations within a defined distribution. For example, the perturbation vectors may
be evenly distributed within a defined set (wherein the defined set defines the

distribution of the perturbation vectors).

The algorithm may comprise a neural network. Alternatively, or in addition, the

algorithm may have a plurality of layers (e.g. a plurality of dense layers), each layer
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having at least some trainable weights and each layer including one or more arithmetic

operations.

Some embodiments comprise determining an error distribution of the target device for
use in defining said distribution of said perturbation vectors. The error distribution

may be determined by measurement.

Some embodiments comprise quantizing said trainable weights, such that said weights
can only take values within a codebook having a finite number of entries that is a subset

of the possible values available during updating.

The said loss function may comprise a penalty term related to the quantization of the
trainable weights. The said penalty term may include a variable that is adjusted on each
repetition of the updating and quantizing such that, on each repetition, more weight is
given in the loss function to a difference between the trainable weights and the

quantized trainable weights.

The first condition may be met when a performance metric for the algorithm is met.
Alternatively, or in addition, the first condition may be met when a performance metric
has been unchanged (e.g. unchanged within a margin) for a defined number of
iterations. Alternatively, or in addition, the first condition may comprise a defined

number of iterations (e.g. a maximum number of iterations).

The said at least some weights of the algorithm may be trained using stochastic

gradient descent (or methods based on stochastic gradient descent).

In a third aspect, this specification describes any apparatus configured to perform any

method as described with reference to the second aspect.

In a fourth aspect, this specification describes computer-readable instructions which,
when executed by computing apparatus, cause the computing apparatus to perform any

method as described with reference to the second aspect.

In a fifth aspect, this specification describes a computer program comprising
instructions for causing an apparatus to perform at least the following: initialise

parameters of an algorithm, wherein said algorithm has at least some trainable weights
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and at least some arithmetic operations; generate or obtain training data comprising
inputs and desired target outputs for training said algorithm, wherein the target
outputs are expected outputs of the algorithm in response to the respective inputs;
generate or obtain a set of random perturbation vectors to be applied after at least some
of said arithmetic operations of the algorithm, wherein said perturbation vectors have a
distribution depending on properties of a target device implementing said algorithm
and depending on the arithmetic operations; update at least some of the trainable
weights of the algorithm based on a loss function; and repeat the generation or
obtaining of training data, generation or obtaining of random perturbation vectors and

updating of said trainable weights until a first condition is reached.

In a sixth aspect, this specification describes a computer-readable medium (such as a
non-transitory computer readable medium) comprising program instructions stored
thereon for performing at least the following: initialising parameters of an algorithm,
wherein said algorithm has at least some trainable weights and at least some arithmetic
operations; generating or obtaining training data comprising inputs and desired target
outputs for training said algorithm, wherein the target outputs are expected outputs of
the algorithm in response to the respective inputs; generating or obtaining a set of
random (e.g. pseudo random) perturbation vectors to be applied after at least some of
said arithmetic operations of the algorithm (e.g. all mathematical operations that might
introduce an error), wherein said perturbation vectors have a distribution (e.g. a
probability density function) depending on properties of a target device implementing
said algorithm and depending on the arithmetic operations; updating at least some of
the trainable weights of the algorithm based on a loss function; and repeating the
generation or obtaining of training data, generation or obtaining of random
perturbation vectors and updating of said trainable weights until a first condition is

reached.

In a seventh aspect, this specification describes an apparatus comprising: at least one
processor; and at least one memory including computer program code which, when
executed by the at least one processor, causes the apparatus to: initialise parameters of
an algorithm, wherein said algorithm has at least some trainable weights and at least
some arithmetic operations; generate or obtain training data comprising inputs and
desired target outputs for training said algorithm, wherein the target outputs are
expected outputs of the algorithm in response to the respective inputs; generate or

obtain a set of random perturbation vectors to be applied after at least some of said



10

15

20

25

30

35

WO 2020/177863 PCT/EP2019/055537

arithmetic operations of the algorithm, wherein said perturbation vectors have a
distribution depending on properties of a target device implementing said algorithm
and depending on the arithmetic operations; update at least some of the trainable
weights of the algorithm based on a loss function; and repeat the generation or
obtaining of training data, generation or obtaining of random perturbation vectors and

updating of said trainable weights until a first condition is reached.

In an eighth aspect, this specification describes an apparatus comprising: an
initialisation module for initialising parameters of an algorithm, wherein said
algorithm having at least some trainable weights and at least some arithmetic
operations; a training data module for generating or obtaining training data comprising
inputs and desired target outputs for training said algorithm, wherein the target
outputs are expected outputs of the algorithm in response to the respective inputs; a
perturbation vector generating module for generating or obtaining a set of random (e.g.
pseudo-random) perturbation vectors to be applied after at least some of said
arithmetic operations of the algorithm (e.g. all mathematical operations that might
introduce an error, such as due to the use of fixed-point arithmetic), wherein said
perturbation vectors have a distribution (e.g. a probability density function) depending
on properties of a target device implementing said algorithm and depending on the
arithmetic operations; a training module for updating at least some of the trainable
weights of the algorithm based on a loss function; and a control module for repeating
the generation or obtaining of training data, generation or obtaining of random
perturbation vectors and updating of said trainable weights until a first condition is
reached. The perturbation vector may be random or pseudo-random perturbations
within a defined distribution. For example, the perturbation vectors may be evenly
distributed within a defined set (wherein the defined set defines the distribution of the

perturbation vectors).

Brief description of the drawings
Example embodiments will now be described, by way of non-limiting examples, with

reference to the following schematic drawings, in which:

FIG. 1is a block diagram of a system in accordance with an example embodiment;
FIG. 2 is a block diagram of an example deep neural network;
FIG. 3 is a flow chart showing an algorithm in accordance with an example

embodiment;
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FIG. 4 is a flow chart showing an algorithm in accordance with an example
embodiment;

FIG. 5 is a flow chart showing an algorithm in accordance with an example
embodiment;

FIG. 6 is a block diagram of an example communication system in which example
embodiments may be implemented;

FIG. 7 is a block diagram of a components of a system in accordance with an example
embodiment; and

FIGS. 8A and 8B show tangible media, respectively a removable memory unit and a
compact disc (CD) storing computer-readable code which when run by a computer

perform operations according to embodiments.

Detailed description

FIG. 1is a block diagram of a system, indicated generally by the reference numeral 10,
in accordance with an example embodiment. The system 10 comprising a training data
module 12, an algorithm 14 and a loss function module 16. The algorithm 14 includes a
number of trainable weights and implements at least some arithmetic functions. The
training data module 12 and the loss function module 16 are used to train the algorithm

14, as described further below.

The training data module 12 provides training data including inputs and corresponding
desired outputs for training the algorithm 14. The inputs are provided to the algorithm
14 and the outputs provided to the loss function module 16. The output of the algorithm
14 in response to the inputs received from the training data module 12 is also provided
to the loss function module, such that the loss function module can generate an output

based on a comparison of actual outputs and expected outputs of the algorithm 14.

The trainable weights of the algorithm 14 are trained based on the output of the loss
function module 16, for example using stochastic gradient descent, or some similar

approach.

By way of example, the algorithm 14 may be implemented using a neural network, such

as a deep neural network.

FIG. 2 shows an example deep neural network 20 comprising a plurality of

interconnected nodes arranged in a plurality of layers. As is well known in the art, a
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neural network, such as the network 20, can be trained by adjusting the connections

between nodes and the relative weights of those connections.

One obstacle to practical hardware implementation of the system 10 is the high
memory requirement and computational complexity of the involved algorithm (which
may, for example, be implemented using a neural network). Hardware acceleration may
be needed to achieve reasonable interference time. However, graphical processing units
(GPUs) that can be used to accelerate neural network evaluations come at a high
monetary and energy cost that may not be viable in many systems. Moreover, GPUs do
not always enable the low inference time requires in many practical applications. These
facts may motivate the implementation of algorithms using field-programmable gate

arrays (FPGAs) or application-specific integrated circuits (ASICs).

Neural networks are often trained and exploited on computationally powerful
platforms with general processing units (GPU) acceleration, supporting high precision
floating point arithmetic (e.g. 32-bit or 64-bit floating point arithmetic). Such hardware
may not be available for many applications. Accordingly, the neural networks
implementing the algorithm 14 of the system 10 described above may be compressed to
meet practical constraints. This may be achieved by using a more compact
representation of neural network parameters, at the cost of reduced precision. For
example, as described further below, compression of weights and/or biases of the
neural networks may be achieved through quantization, such that the weights are
forced to take values within a codebook with a finite number of entries (e.g. at a lower
precision that that provided by a training module). Thus, the capabilities of the systems
used for training an algorithm (such as the algorithm 14) may be different to the

capabilities of the algorithm in use.

FIG. 3 is a flow chart showing an algorithm, indicated generally by the reference

numeral 30, in accordance with an example embodiment.

The algorithm 30 starts at operation 31, where the algorithm 14 described above is
trained. For example, the algorithm 14 may be a neural network that is trained in a

supervised manner using a stochastic gradient descent (SGD) algorithm.

At operation 32, parameters of the algorithm 14 are quantized. The algorithm 14 can

then be implemented using the quantized parameters. This approach can significantly
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reduce memory requirements within the algorithm 14 and the complexity of arithmetic

operations implemented by the algorithm 14, but typically results in reduced precision.

Example embodiments are described below with reference to a neural network
including a number of dense layers (such as the neural network 20 referred to above). It
should be noted that this is one example implementation and that other embodiments

are possible.

A dense layer may be made of U > 1 units, each implementing the following equation:

I
Uy = O Z Wy iT; +0y, ) o u=1 ..U (1)
i=1 |
where:
a, is the u" activation (i.e. the output of the u*”* unit)
I is the dimension of the input vector x,
w, ; are layer weights
b, is a bias

o is an activation function (e.g. ReLu, sigmoid etc.).

The basic arithmetic operations required by the implementation of such as layer
typically include addition, multiplication and an activation function (e.g. identity, ReLu

ete.).

Note that standard layers of a neural network implementation (e.g. dense,
convolutional or recurrent layers) require only simple arithmetic operations such as the
addition, multiplication and activation functions referred to above. When performing
inference on an erroneous arithmetic (e.g. erroneous due to quantization errors), each
operation potentially introduces an error. For example, when using fixed point
arithmetic with K; bits for the integer part, Ky bits for the fractional part, and one sign

bit, only real scalars that can be written as:
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Kr—1 Kp

=0 j=1

where the sign bit b, and b; take values {0, 1} can be represented without errors. These
numbers form a finite set called a codebook, which is denoted by € herein. Any real
number not in the codebook, for example resulting from the multiplication of two
numbers within the codebook, will only be approximated by a number from the

codebook, leading to the previously mentioned errors.

Assuming one has some knowledge of the targeted hardware and arithmetic, it may be
possible to define a quantization function Q, which maps each real number to an
element from the codebook € in order to simulate the targeted hardware arithmetic.
With the knowledge of Q, one could define the neural network, at training, so that the
neural network behaves as the targeted hardware. For example, considering a dense
layer defined in equation (1) above, the neural network could be implemented in

training as:

I
Uy = O Z Qwy 1) + by (3)
i=1

assuming only multiplications cause errors.

However, a drawback with this approach is that @ is typically not differentiable. Thus, it
may not be possible to train a neural network trained in this way using typical deep

learning algorithms, such as stochastic gradient descent.

One further approach is to consider the quantization error:

e=Q(z)

for a given real number z and relax it to a random perturbation. Therefore, in the

(4)

o

implementation of a neural network during training, a random perturbation can be
added to the result of each operation that can potentially cause errors (e.g.
multiplications). As an example, a dense layer as defined in (1) above may be

implemented in training as:
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I
(y = O Z( Wy i T; + i) + by (5)
i—=1

where p; is the random perturbation, and assuming that only multiplications cause
errors. As discussed further below, such an approach provides a differentiable error

function.

As an additional example, and under the same assumptions, a 2-dimensional

convolutional layer may be implemented at training as:

M N Q
};‘Ti,j,l =7 Z Z Z (I’V,ln’n}qu‘zqum,ijn,q + Pil—t—,j—)—n,q) (6)

m=—M n=—N g=1

where Z; ; ; denotes the (i,j,]) component of a 3-D tensor Z.Y; ;; is the output of the [th
filter with co-ordinate (i, j), e.g. a pixel in a picture, M and N are the filter width and
length, and Q is the number of filters in the layer’s input. X is the layer’s input and W'
is the weights of the filter of the [*" layers. Finally, P! is the added perturbation.

Regarding non-trivially implemented activation functions, such as hyperbolic tangent
and sigmoid, these are often implemented by piece-wise linear approximations, for

which perturbations can also be added for increased robustness.

Since a neural network obtained using the principles of random perturbation outlined
above is differentiable, such a neural network can be training using stochastic gradient

descent (SGD) or some similar methodology, as follows.

Let’s denote by fp ,: RY = R the mapping defined by a neural network with training
parameters 0, and where p is the vector of perturbations added to the operations that
generate errors on the targeted hardware. If the targeted hardware is assumed to not be
prone to arithmetic errors, then p can be set to the null vector. Let’s define by

I:RY x RM — R the per-example loss function. Then, the loss function can be defined

as:
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L(6) = Ex.y) {Ep {! (fo.p(x),¥)}} (7

where the first expectation is taken over the input-output pairs used for training, and

the second expectation over the perturbations.

FIG. 4 is a flow chart showing an algorithm, indicated generally by the reference
numeral 40, in accordance with an example embodiment. The algorithm 40 shows an
example training method for an algorithm (such as a neural network) having at least
some trainable weights, wherein the algorithm is to be implemented on a target device

(such as an application-specific integrated circuit or a field-programmable gate array).

The algorithm 40 starts at operation 41 where parameters of the algorithm 14 are
initialised. The initialised parameters may be set to 8, and a variable j (if used) set to o.

The training parameters 6 may be initialised randomly.

At operation 42, training data is obtained. The training data may include a number of
inputs together with target desired outputs of the algorithm in response to said inputs.
Thus, for example, a set of N input-output pairs may be generated {(x;, y;),i = 1,..N}.

For example, the input-output pairs may be generated randomly.

At operation 43, a set of N perturbation vectors is generated (e.g. randomly) {p;,i =
1, ... N}. As discussed further below, the perturbation vectors may be applied after at
least some arithmetic operations of the algorithm being trained. The perturbation
vectors may be random (e.g. random within a defined distribution). The perturbation
vectors may have a distribution depending on properties of a target device
implementing said algorithm and/or depending on the arithmetic operations of the

algorithm.

At operation 44, a loss function estimate is generated based on outputs y; of the input-

output pairs and estimated outputs {yi=1 6;,pi (xi),i=1,....N }, where

the loss function estimate is given by:

L= — Z [(Yi ¥i) (8)
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At operation 45, parameters of the algorithm (e.g. a neural network) are updated based

on the loss function (e.g. using stochastic gradient descent or some similar process).

At operation 46, it is determined whether the algorithm 40 is complete (e.g. by
determining whether a first condition has been reached). If so, the algorithm
terminates at operation 47. If not, the variable j (if used) is incremented and the

algorithm returns to operation 42, and the training processes repeated.

The operation 46 may be implemented in many ways. For example, the algorithm 40
may be deemed to complete when a defined number of iterations (e.g. indicated by the
variable j) have been carried out. Other conditions for terminating the algorithm 40 are
possible, such as if performance metric has been met or that a performance metric has
been unchanged (e.g. within a margin) for a defined number of iterations, suggesting
that the algorithm has settled. Of course, multiple metrics could be considered in

combination.

The algorithm 40 may be used to train a neural network (or some other algorithm) to
be more robust to arithmetic errors, and therefore more suitable to the hardware on
which it is deployed. As noted above, the hardware may be an ASIC or an FPGA,
although this is not essential to all embodiments. Moreover, the target hardware may
implement a fixed-point arithmetic and may, for example, be training using a floating-

point arithmetic.

The choice of a probability density function (pdf) from which the perturbation of
operation 43 is drawn may depend on a number of factors, such as a quantization
function and assumptions on the potential errors. By way of example, consider a fixed
point arithmetic system with K bits for the integer part and K bits for the fractional
part and with the following assumptions:

e Quantization is implemented by truncating extra bits

e No overflow occurs. (This is the case if K is large enough.)

e The “error bits” (i.e. the bits that are truncated) are assumed to be

independent and identically distributed and drawn with equal probabilities.
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In this case, the error is uniformly distributed on [—2%7, 0]. Note that the probability
density function (pdf) could be different for different layers of a neural network (e.g. if

different resolutions are used in each layer).

In addition to making an algorithm (such as a neural network) robust to errors (such as
arithmetic errors), one may want to compress the algorithm. This may be achieved, for
example, by quantizing the weights of the algorithm itself (i.e. by forcing the weights to
take values in a finite codebook W). Note that, in general the codebook W is different to

the codebook € discussed above.

Quantizing the weights can significant reduce the complexity of an algorithm. For
example, by forcing the weights to take values within the codebook {—1,0,1}, all
multiplications can be reduced to zeroing or a sign change. Similarly, by forcing the
weights to take values within the codebook of powers of two {27 |n € Z}, all

multiplications can be reduced to bit shifts.

FIG. 5 is a flow chart showing an algorithm, indicated generally by the reference
numeral 50, in accordance with an example embodiment. The algorithm 50 combines

the teaching described above with learning-compression principles.

The algorithm 50 starts at operation 51, where an algorithm (such as the algorithm 14)

is initialised, thereby providing a means for initialising parameters of an algorithm.

Operations 52 to 54 implement a learning operation 52, a compression operation 53
and a parameter updating operation 54 that collectively implement a learning-
compression algorithm, as discussed further below. At operation 55, it is determined
whether or not the learning-compression algorithm is complete. If not, the operations
52 to 54 are repeated. When the operation 55 determines that the learning-
compression algorithm is complete (e.g. if a sufficient number of iterations of the
operations 52 to 54 have been completed or if a given performance threshold has been

met), the algorithm 50 terminates at operation 56.

The learning operation 52 adjusts the weights of the algorithm 14 (e.g. neural networks)
in the non-quantized space. The operation 52 may be similar to the algorithm 40
described above, but includes an additional penalty term, related to the allowed

codebook values in the quantized space. Thus, the learning operation 52 implements a
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means for updating trainable parameters of the transmission system based on a loss

function.

More specifically, we denote by £ the cross-entropy, which is the loss function
minimized during training defined by:

L(Q) = E; [_10g([p]s)]
The learning operation 52 solves the following optimization problem:

2
u 1
0 = argmin L( 0O +—||9—9 !

Where:
e uis a parameter which increases as the training progresses (such that i reduces);
e 0, is the projection of the solution of the previous learning step on the codebook;

and

e 1 are Lagrange multiplier estimates.

At compression operation 53, a compression process is carried out in which the
adjusted weights are quantized. Thus, the compression operation 53 implements a

means for quantizing trainable parameters of the transmission system.

More specifically, the compression operation 53 may perform the element-wise

quantization of 8 — iﬂ:
1
0, =110 1)

Where 6 was computed during the learning operation 52. We denote the codebook by

C. The quantizing the scalar 8 — i/l can be expressed as:

1
0, =11(6 — 1—1/1) 2 argmin

ceC

1
0= A=

Which simply means to find the closest element within the quantization codebook €.

At operation 54, various parameters of the algorithm 14 are updated, as discussed
further below.
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Thus, the algorithm 50 iterates between the learning operation 52 and the compression
operation 53. At the end of each operation, the Lagrange multiplier elements are

updated. The algorithm 50 can be expressed mathematically as set out below.

The initialisation operation 51 may comprise:

1. 0O « argmin £L(0)
6

2. 0, «1(e®)

3. 1@ «9

4. Initialize u® with a positive value
5 i<1

The learning operation 52 may comprise:

. (i-1) , , 2
O = i s _pg -1 __1 s6-1
1. 6 argénlnL(H) += ”9 04 ”(1—1)’1 ”

The compression operation 53 may comprise:

1
RGY)

1. 6,9 =1(e® - )

The update parameters operation 54 may comprise:

1. Update Lagrange multiplier estimates:

1

i (i-1) _
210 qC ﬂ(i—l)

(9 ) _ Qq (i))

2. Set u® such that u® > 0
3. i<i+1

The complete operation 55 may comprise:
1. If||6¢ — 6,|| is small enough (i.e. below a threshold), then proceed to

operation 56, otherwise return to operation 52.

However, the criterion for the complete operation 55 could be implemented in other

ways.
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The algorithm 50 converges to a local solution as u‘? — oo. This could be achieved, for
example, by following a multiplicative schedule u® « u¢~Ya, where a > 1 and @ are

parameters of the algorithm.

It should be noted that the sequence u‘© can be generated in many ways. Using a
multiplicative schedule (as discussed above), the initial value of 4(®), as well as a are
optimisation parameters (and may be optimised as part of the training operation 52

described above).

It should also be noted that the batch size N as well as the learning rate (and possibly
other parameters of the chosen SGD variant, e,g, ADAM, RMSProp, Momentum) could

be optimization parameters of the algorithms 40 and 50 described above.

The principles described herein may be used many applications (e.g. relating to many
example algorithms 14). By way of example, the principles described herein may be

used in a communication system.

FIG. 6 is a block diagram of an example communication system, indicated generally by
the reference numeral 60, in which example embodiments may be implemented. The
system 60 includes a transmitter 62, a channel 63 and a receiver 64. Viewed at a
system level, the system 60 converts an input symbol (s) (also called a message)
received at the input to the transmitter 62 into an output symbol (§) at the output of the

receiver 64.

The transmitter 62 implements a transmitter algorithm. Similarly, the receiver 64
implements a receiver algorithm. The algorithms of the transmitter 62 and the receiver
64 may be trained using the principles described herein in order to optimise the

performance of the system 60 as a whole.

The transmitter 62 may include a dense layer of one or more units 70, 71 (e.g. including
one or more neural networks) and a normalization module 72. The dense layers 70, 71
may include an embedding module. The modules within the transmitter 62 are

provided by way of example and modifications are possible.
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Similarly, the receiver 64 may include a dense layer of one or more units 74, 75 (e.g.
including one or more neural networks), a softmax module 76 and an arg max module
77. The output of the softmax module is a probability vector that is provided to the
input of an arg max module 77. The modules within the receiver 64 are provided by way

of example and modifications are possible.

The system 60 therefore provides an autoencoder implementing an end-to-end
communication system. The autoencoder can be trained with respect to an arbitrary
loss function that is relevant for a certain performance metric, such as block error rate
(BLER). (The terms ‘autoencoder’ and ‘communication system’ can both be used to

describe the system 60.)

As noted above, one obstacle to practical hardware implementation of systems (such as
the communication system 60) is the high memory requirement and computational
complexity of the involved neural networks. Hardware acceleration may be provided to
achieve reasonable inference time. However, graphical processing units (GPUs) that
can be used to accelerate neural network evaluations come at a high monetary and

energy cost that may not be viable in many communication systems.

By way of example, neural networks (or some other parametric algorithm) may be
trained and exploited on computationally powerful platforms with graphic processing
units (GPU) acceleration, supporting high precision floating point arithmetic (e.g. 32-
bit or 64-bit floating point arithmetic). Such hardware may not be available for some
systems (such as some implementations of the communication system 60).
Accordingly, such neural networks may be compressed to meet practical constraints.
This may be achieved by using a more compact representation of neural network
parameters, at the cost of reduced precision. For example, as described further above,
compression of weights and/or biases of the neural networks may be achieved through
quantization, such that the weights are forced to take values within a codebook with a
finite number of entries (e.g. at a lower precision that that provided by a training

module). In extreme cases, each weight may take a binary value (e.g. either -1 or +1).

The principles described herein may therefore be used to train a more robust

communication system.
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For completeness, FIG. 7 is a schematic diagram of components of one or more of the
modules described previously (e.g. the transmitter or receiver neural networks), which
hereafter are referred to generically as processing systems 110. A processing system 110
may have a processor 112, a memory 114 closely coupled to the processor and
comprised of a RAM 124 and ROM 122, and, optionally, hardware keys 120 and a
display 128. The processing system 110 may comprise one or more network interfaces

118 for connection to a network, e.g. a modem which may be wired or wireless.

The processor 112 is connected to each of the other components in order to control

operation thereof.

The memory 114 may comprise a non-volatile memory, a hard disk drive (HDD) or a
solid state drive (SSD). The ROM 122 of the memory 114 stores, amongst other things,
an operating system 125 and may store software applications 126. The RAM 124 of the
memory 114 is used by the processor 112 for the temporary storage of data. The
operating system 125 may contain code which, when executed by the processor,

implements aspects of the algorithms 30, 40 and 50.

The processor 112 may take any suitable form. For instance, it may be a

microcontroller, plural microcontrollers, a processor, or plural processors.

The processing system 110 may be a standalone computer, a server, a console, or a

network thereof.

In some embodiments, the processing system 110 may also be associated with external
software applications. These may be applications stored on a remote server device and
may run partly or exclusively on the remote server device. These applications may be
termed cloud-hosted applications. The processing system 110 may be in
communication with the remote server device in order to utilize the software

application stored there.

FIGS. 8A and 8B show tangible media, respectively a removable memory unit 165 and a
compact disc (CD) 168, storing computer-readable code which when run by a computer
may perform methods according to embodiments described above. The removable
memory unit 165 may be a memory stick, e.g. a USB memory stick, having internal

memory 166 storing the computer-readable code. The memory 166 may be accessed by
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a computer system via a connector 167. The CD 168 may be a CD-ROM or a DVD or

similar. Other forms of tangible storage media may be used.

Embodiments of the present invention may be implemented in software, hardware,
application logic or a combination of software, hardware and application logic. The
software, application logic and/or hardware may reside on memory, or any computer
media. In an example embodiment, the application logic, software or an instruction set
is maintained on any one of various conventional computer-readable media. In the
context of this document, a “memory” or “computer-readable medium” may be any
non-transitory media or means that can contain, store, communicate, propagate or
transport the instructions for use by or in connection with an instruction execution
system, apparatus, or device, such as a computer.

» o«

Reference to, where relevant, “computer-readable storage medium”, “computer

program product”, “tangibly embodied computer program” etc., or a “processor” or
“processing circuitry” ete. should be understood to encompass not only computers
having differing architectures such as single/multi-processor architectures and
sequencers,/parallel architectures, but also specialised circuits such as field
programmable gate arrays FPGA, application specify circuits ASIC, signal processing
devices and other devices. References to computer program, instructions, code etc.
should be understood to express software for a programmable processor firmware such
as the programmable content of a hardware device as instructions for a processor or
configured or configuration settings for a fixed function device, gate array,

programmable logic device, etc.

As used in this application, the term “circuitry” refers to all of the following: (a)
hardware-only circuit implementations (such as implementations in only analogue
and/or digital circuitry) and (b) to combinations of circuits and software (and/or
firmware), such as (as applicable): (i) to a combination of processor(s) or (ii) to
portions of processor(s)/software (including digital signal processor(s)), software, and
memory(ies) that work together to cause an apparatus, such as a server, to perform
various functions) and (c) to circuits, such as a microprocessor(s) or a portion of a
microprocessor(s), that require software or firmware for operation, even if the software

or firmware is not physically present.



10

15

20

25

30

35

WO 2020/177863 PCT/EP2019/055537

-921 -

If desired, the different functions discussed herein may be performed in a different
order and/or concurrently with each other. Furthermore, if desired, one or more of the
above-described functions may be optional or may be combined. Similarly, it will also
be appreciated that the flow diagram of FIGS. 3 to 5 are examples only and that various

operations depicted therein may be omitted, reordered and/or combined.

The example embodiments have generally been described above with reference to
populations of neural networks. This is not essential to all embodiments. For example,
other forms of algorithms (such as a parametric algorithm) may be used. Moreover,
although example embodiments are described in which trainable parameters of the
algorithm (e.g. parameters of a neural network) are updated, this is not essential to all
embodiments. For example, a population of algorithms may be updated by updating
one or more parameters and/or one or more structures of one or more of the

algorithms of a population.

It will be appreciated that the above described example embodiments are purely
illustrative and are not limiting on the scope of the invention. Other variations and
modifications will be apparent to persons skilled in the art upon reading the present

specification.

Moreover, the disclosure of the present application should be understood to include
any novel features or any novel combination of features either explicitly or implicitly
disclosed herein or any generalization thereof and during the prosecution of the present
application or of any application derived therefrom, new claims may be formulated to

cover any such features and/or combination of such features.

Although various aspects of the invention are set out in the independent claims, other
aspects of the invention comprise other combinations of features from the described
embodiments and/or the dependent claims with the features of the independent claims,

and not solely the combinations explicitly set out in the claims.

It is also noted herein that while the above describes various examples, these
descriptions should not be viewed in a limiting sense. Rather, there are several
variations and modifications which may be made without departing from the scope of

the present invention as defined in the appended claims.
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Claims

1. An apparatus comprising;:

means for initialising parameters of an algorithm, wherein said algorithm
having at least some trainable weights and at least some arithmetic operations;

means for generating or obtaining training data comprising inputs and desired
target outputs for training said algorithm, wherein the target outputs are expected
outputs of the algorithm in response to the respective inputs;

means for generating or obtaining a set of random perturbation vectors to be
applied after at least some of said arithmetic operations of the algorithm, wherein said
perturbation vectors have a distribution depending on properties of a target device
implementing said algorithm and depending on the arithmetic operations;

means for updating at least some of the trainable weights of the algorithm based
on a loss function; and

means for repeating the generation or obtaining of training data, generation or
obtaining of random perturbation vectors and updating of said trainable weights until

a first condition is reached.

2. An apparatus as claimed in claim 1, wherein said perturbation vectors are evenly
distributed within a defined set.

3. An apparatus as claimed in claim 1 or claim 2, wherein said algorithm comprises

a neural network.

4. An apparatus as claimed in any one of claims 1 to 3, wherein the algorithm has a
plurality of layers, each layer having at least some trainable weights and each layer

including one or more arithmetic operations.

5. An apparatus as claimed in any one of the preceding claims, wherein the

arithmetic operations include multiplications.

6. An apparatus as claimed in any one of the preceding claims, further comprising
means for determining an error distribution of the target device for use in defining said

distribution of said perturbation vectors.
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7. An apparatus as claimed in any one of the preceding claims, wherein said target

device implements a fixed-point arithmetic.

8. An apparatus as claimed in any one of the preceding claims, further comprising
means for quantizing said trainable weights, such that said weights can only take values
within a codebook having a finite number of entries that is a subset of the possible

values available during updating.

9. An apparatus as claimed in claim 8, wherein said means for repeating comprises
means for repeating the generation or obtaining of training data, the generating or
obtaining of random perturbation vectors, the updating of said trainable weights and

the quantizing of said trainable weights until the first condition is reached.

10. An apparatus as claimed in claim 8 or claim 9, wherein the loss function

comprises a penalty term related to the quantization of the trainable weights.

11. An apparatus as claimed in claim 10, wherein said penalty term includes a
variable that is adjusted on each repetition of the updating and quantizing such that, on
each repetition, more weight is given in the loss function to a difference between the

trainable weights and the quantized trainable weights.

12. An apparatus as claimed in any one of the preceding claims, wherein the first

condition is met when a performance metric for the algorithm is met.

13. An apparatus as claimed in any one of the preceding claims, wherein the first
condition is met when a performance metric has been unchanged for a defined number

of iterations.

14. An apparatus as claimed in any one of the preceding claims, wherein the first

condition comprises a defined number of iterations.

15. An apparatus as claimed in any one of the preceding claims, wherein the loss
function is related to one or more of mean squared error, block error rate and

categorical cross-entropy.
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16. An apparatus as claimed in any one of the preceding claims, wherein the
algorithm implements at least part of a transmission system comprising a transmitter,

a channel and a receiver.

17. An apparatus as claimed in any one of the preceding claims, wherein the means
comprise:

at least one processor; and

at least one memory including computer program code, the at least one memory
and the computer program configured, with the at least one processor, to cause the

performance of the apparatus.

18. A method comprising;:

initialising parameters of an algorithm, wherein said algorithm has at least
some trainable weights and at least some arithmetic operations;

generating or obtaining training data comprising inputs and desired target
outputs for training said algorithm, wherein the target outputs are expected outputs of
the algorithm in response to the respective inputs;

generating or obtaining a set of random perturbation vectors to be applied after
at least some of said arithmetic operations of the algorithm, wherein said perturbation
vectors have a distribution depending on properties of a target device implementing
said algorithm and depending on the arithmetic operations;

updating at least some of the trainable weights of the algorithm based on a loss
function; and

repeating the generation or obtaining of training data, generation or obtaining
of random perturbation vectors and updating of said trainable weights until a first

condition is reached.

19. A computer program comprising instructions for causing an apparatus to
perform at least the following:

initialise parameters of an algorithm, wherein said algorithm has at least some
trainable weights and at least some arithmetic operations;

generate or obtain training data comprising inputs and desired target outputs
for training said algorithm, wherein the target outputs are expected outputs of the

algorithm in response to the respective inputs;
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generate or obtain a set of random perturbation vectors to be applied after at
least some of said arithmetic operations of the algorithm, wherein said perturbation
vectors have a distribution depending on properties of a target device implementing
said algorithm and depending on the arithmetic operations;

update at least some of the trainable weights of the algorithm based on a loss
function; and

repeat the generation or obtaining of training data, generation or obtaining of
random perturbation vectors and updating of said trainable weights until a first

condition is reached.
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