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TRAINING A MACHINE LEARNING MODEL

TECHNOLOGICAL FIELD

[0001] Examples of the disclosure relate to training a
machine learning model.

BACKGROUND

[0002] Machine learning is a field of computer science that
gives computers the ability to learn without being explicitly
programmed. The computer learns from experience E with
respect to some class of tasks T and performance measure P
if its performance at tasks in T, as measured by P, improves
with experience E.

[0003] The computer can often learn from prior training
data to make inferences based on future data.

[0004] Machine learning includes wholly or partially
supervised learning and wholly or partially unsupervised
learning. It may enable discrete outputs (for example clas-
sification, clustering) and continuous outputs (for example
regression).

[0005] Machine learning may for example be imple-
mented using different approaches such as cost function
minimization, artificial neural networks, support vector
machines and Bayesian networks for example. Cost function
minimization may, for example, be used in linear and
polynomial regression and K-means clustering. Artificial
neural networks, for example with one or more hidden
layers, model complex relationship between input vectors
and output vectors. Support vector machines may be used
for supervised learning. A Bayesian network is a directed
acyclic graph that represents the conditional independence
of a number of random variables.

BRIEF SUMMARY

[0006] According to various, but not necessarily all,
examples there is provided an apparatus comprising means
for:
[0007] creating a reduced machine learning model com-
prising:
[0008] a second compressed emulator configured to
emulate a second fixed part of the machine learning
model 10;
[0009] an adapter configured to reproduce a third
trainable part of the machine learning model,
[0010] wherein the adapter is configured to pro-
vide inputs to the second compressed emulator;

[0011] sending to the client the second compressed
emulator;

[0012] sending to the client the adapter; and

[0013] receiving, from the client, model update param-

eters that define the adapter afier training, at the client,

of the reduced machine learning model.
[0014] In some but not necessarily all examples, the
created reduced machine learning model additionally com-
prises a first compressed emulator configured to emulate a
first fixed part of a machine learning model, wherein the first
compressed emulator is configured to provide inputs to the
adapter; and wherein the apparatus further comprises means
for sending to the client the first compressed emulator.
[0015] In some but not necessarily all examples, training
the machine learning model by sending varying versions of
the reduced machine learning model to train the machine
learning model, wherein each varying version of the reduced
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machine learning model is defined by at least a compressed
emulator and an adapter, wherein the adapter of each version
is a different part of the machine learning model.

[0016] In some but not necessarily all examples, the
apparatus further comprises means for:

[0017] training the machine learning model by sending
varying versions of: the first compressed emulator, the
second compressed emulator and the adapter.

[0018] In some but not necessarily all examples, the
means for training the machine learning model are further
configured to:

[0019] vary the first part emulated by the first com-
pressed emulator, the second part emulated by the
second compressed emulator (E2) and the third part
reproduced by the adapter.

[0020] In some but not necessarily all examples, the
means for training the machine learning model further
comprise means for:

[0021] creating an updated reduced machine learning
model comprising:

[0022] an updated first compressed emulator config-
ured to emulate an updated first part of the machine
learning model;

[0023] an updated second compressed emulator con-
figured to emulate an updated second part of the
machine learning model;

[0024] anupdated adapter configured to reproduce an
updated third part of the machine learning model;
[0025] wherein the updated first compressed emu-

lator is configured to provide inputs to the updated
adapter and the updated adapter is configured to
provide inputs to the updated second compressed
emulator;

[0026] sending to the client at least the updated
adapter;
[0027] receiving, from the client, additional model

update parameters that define the updated adapter
after training, at the client, of the updated reduced
machine learning model; and
[0028] wupdating the machine learning model based
on the additional model update parameters.
[0029] In some but not necessarily all examples, the
apparatus further comprises means for:
[0030] sending to the client the updated first com-
pressed emulator;
[0031] sending to the client the updated second com-
pressed emulator.
[0032] In some but not necessarily all examples, the third
trainable part of the machine learning model is different to
the updated third part of the machine learning model.
[0033] In some but not necessarily all examples, the
updated first part of the machine learning model comprises
the first fixed part of the machine learning model and the
third trainable part of the machine learning model.
[0034] In some but not necessarily all examples, the
updated third part of the machine learning model comprises
at least part of the second fixed part of the machine learning
model.
[0035] In some but not necessarily all examples, the
apparatus further comprises means for: updating the
machine learning model based on at least the model update
parameters.
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[0036] In some but not necessarily all examples, the
means for creating the reduced machine learning model are
configured to:

[0037] generate the second compressed emulator by
performing knowledge distillation on the second part of
the machine learning model.

[0038] In some but not necessarily all examples, the
apparatus further comprises means for:

[0039] sending to a second client the first compressed
emulator;
[0040] sending to the second client the second com-

pressed emulator;
[0041]

[0042] receiving, from the second client, model update
parameters that define the adapter after training, at the
second client, of the reduced machine learning model;
and

[0043] performing an update to the machine learning
model using the model update parameters that define
the adapter after training at the client, and using the
model update parameters that define the adapter after
training at the second client.

[0044] In some but not necessarily all examples, the
apparatus further comprises means for:

[0045] creating a second reduced machine learning
model for a first client, comprising:

sending to the second client the adapter;

[0046] a third compressed emulator configured to
emulate a fourth part of the machine learning model;

[0047] a fourth compressed emulator configured to
emulate a fifth part of the machine learning model;

[0048] a second adapter configured to reproduce a
sixth part of the machine learning model; wherein at
least one of: the first, second or third parts of the
machine learning model is different to the fourth,
fifth, or sixth parts respectively of the machine
learning model; and wherein:

[0049] the third compressed emulator is configured
to provide inputs to the second adapter and the
second adapter is configured to provide inputs to
the fourth compressed emulator; and

[0050] sending to the first client the third compressed
emulator, the fourth compressed emulator and the sec-
ond adapter.

[0051] In some but not necessarily all examples, the
reduced machine learning model defined by the first com-
pressed emulator, the second compressed emulator and the
adapter is dependent upon a processing capability of the
client.

[0052] In some but not necessarily all examples, the
apparatus further comprises means for:

[0053] receiving information indicating the processing
capability of the client.

[0054] In some but not necessarily all examples, the
machine learning model is a foundation model.

[0055] In some but not necessarily all examples, the
machine learning model is an artificial neural network and
the adapter comprises one or more adjacent layers of the
artificial neural network.
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[0056] According to various, but not necessarily all,
examples there is provided a method comprising:
[0057] creating a reduced machine learning model 30
comprising:
[0058] creating a reduced machine learning model com-
prising:

[0059] a second compressed emulator configured to
emulate a second fixed part of the machine learning
model;

[0060] an adapter configured to reproduce a third
trainable part of the machine learning model,
[0061] wherein the adapter is configured to pro-

vide inputs to the second compressed emulator;

[0062] sending to the client the second compressed
emulator;

[0063] sending to the client the adapter; and

[0064] receiving, from the client, model update param-

eters that define the adapter after training, at the client,
of the reduced machine learning model.
[0065] According to various, but not necessarily all,
examples there is provided a computer program comprising
instructions that when executed by one or more processors
of an apparatus causes:
[0066] creating a reduced machine learning model com-
prising:

[0067] a second compressed emulator configured to
emulate a second fixed part of the machine learning
model;

[0068] an adapter configured to reproduce a third
trainable part of the machine learning model,
[0069] wherein the adapter is configured to pro-

vide inputs to the second compressed emulator;

[0070] sending to the client the second compressed
emulator;

[0071] sending to the client the adapter; and

[0072] receiving, from the client, model update param-

eters that define the adapter after training, at the client,
of the reduced machine learning model.
[0073] According to various, but not necessarily all,
examples there is provided an apparatus comprising means
for:

[0074] receiving, from the server, a second compressed
emulator configured to emulate a second fixed part of
a machine learning model;

[0075] receiving, from the server, an adapter configured
to reproduce a third trainable part of the machine
learning model, wherein the third trainable part is
intermediate a first part and the second part of the
machine learning model;

[0076] creating a local reduced machine learning model
by using the adapter to provide inputs to the second
compressed emulator;

[0077] performing training of the local reduced
machine learning model using local training data to
obtain model update parameters that define the adapter
after training of the local machine learning model; and

[0078] providing the model update parameters to the
server.

[0079] In some but not necessarily all examples, the
apparatus comprises means for receiving, from a server, a
first compressed emulator configured to emulate a first fixed
part of a machine learning model; wherein the means for
creating the local reduced machine learning model uses the
first compressed emulator to provide inputs to the adapter.
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[0080] In some but not necessarily all examples, the
apparatus further comprises means for:

[0081] training machine learning model comprising
receiving varying versions of: the first compressed
emulator, the second compressed emulator and the
adapter to be trained by the apparatus.

[0082] In some but not necessarily all examples, the
means for training the machine learning model further
comprises means for:

[0083] receiving, from the server, an updated first com-
pressed emulator configured to emulate an updated first
part of the machine learning model,

[0084] receiving, from the server, an updated second
compressed emulator configured to emulate an updated
second part of the machine learning model;

[0085] receiving, from the server, an updated adapter
configured to reproduce an updated third part of the
machine learning model;

[0086] creating an updated local reduced machine
learning model by using the updated first compressed
emulator to provide inputs to the updated adapter and
using the updated adapter to provide inputs to the
updated second compressed emulator;

[0087] performing training of the updated local reduced
machine learning model using local training data to
obtain additional model update parameters that define
the updated adapter after training of the updated local
machine learning model; and

[0088] providing the additional model update param-
eters to the server.

[0089] In some but not necessarily all examples, the third
trainable part of the machine learning model is different to
the updated third part of the machine learning model.
[0090] In some but not necessarily all examples, the
updated first part of the machine learning model comprises
the first fixed part of the machine learning model and the
third trainable part of the machine learning model.

[0091] In some but not necessarily all examples, the
updated third part of the machine learning model comprises
at least part of the second fixed part of the machine learning
model.

[0092] In some but not necessarily all examples, the
apparatus is configured to use same local training data for a
plurality of training epochs in a training round, before
providing the model update parameters to the server once
per training round.

[0093] In some but not necessarily all examples, the
apparatus is configured to determine the output of the first
compressed emulator based on the local training data for a
first epoch of the training round and to re-use the output of
the first compressed emulator, without redetermination, in
subsequent epochs of the training round.

[0094] In some but not necessarily all examples, the
apparatus is configured to vary the number of epochs per
training round.

[0095] In some but not necessarily all examples, the
apparatus is configured to prevent transfer of the local
training data to the server.

[0096] In some but not necessarily all examples, the
machine learning model is a foundation model.

[0097] In some but not necessarily all examples, the
machine learning model is an artificial neural network and
the adapter comprises one or more adjacent layers of the
artificial neural network.
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[0098] In some but not necessarily all examples, the
apparatus comprises means for:

[0099] providing a processing capability of the appara-
tus to the server.

[0100] In some but not necessarily all examples, the
apparatus is configured as a hand-held device or personal
portable electronic device.

[0101] In some but not necessarily all examples, the
apparatus comprises means for:

[0102] storing, for a first training data epoch, data input
to a first adapter of a first reduced machine learning
model defined by at least a compressed emulator and
the first adapter; and using, for a later second training
data epoch, the stored data as input to a second adapter
of a second reduced machine learning model defined by
at least a compressed emulator and the second adapter.
In an example, the first adapter is the same as the
second adapter, the first reduced machine learning
model is the same as second reduced machine learning
model, and the first training data epoch & second
training data epoch are in same round. In another
example, the first adapter is not the same as the second
adapter, the second adapter follows first adapter in the
ML model, the first reduced machine learning model is
not the same as the second reduced machine learning
model, the first training data epoch & second training
data epoch are in DIFFERENT rounds.

[0103] According to various, but not necessarily all,
examples there is provided a method comprising:

[0104] receiving, from the server, a second compressed
emulator configured to emulate a second fixed part of
the machine learning model,

[0105] receiving, from the server, an adapter configured
to reproduce a third trainable part of the machine
learning model, wherein the third trainable part is
intermediate the first part and the second part;

[0106] creating a local reduced machine learning model
by using the adapter to provide inputs to the second
compressed emulator;

[0107] performing training of the local reduced
machine learning model using local training data to
obtain model update parameters that define the adapter
after training of the local machine learning model; and

[0108] providing the model update parameters to the
server.

[0109] According to various, but not necessarily all,
examples there is provided a computer program comprising
instructions that when executed by one or more processors
of an apparatus causes:

[0110] receiving, from the server, a second compressed
emulator configured to emulate a second fixed part of
the machine learning model;

[0111] receiving, from the server, an adapter configured
to reproduce a third trainable part of the machine
learning model, wherein the third trainable part is
intermediate the first part and the second part;

[0112] creating a local reduced machine learning model
by using the adapter to provide inputs to the second
compressed emulator;

[0113] performing training of the local reduced machine
learning model wvsing local training data to obtain
model update parameters that define the adapter after
training of the local machine learning model; and
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[0114] providing the model update parameters to the
server.
[0115] According to various, but not necessarily all,

examples there is provided a system comprising the appa-
ratus for sending the adapter configured as a server and one
or more apparatus for receiving the adapter configured as
one or more respective clients.

[0116] According to various, but not necessarily all,
examples there is provided an apparatus comprising means
for: receiving, from a server, a second compressed emulator
configured to emulate a second fixed part of a machine
learning model; receiving, from the server, an adapter con-
figured to reproduce a third trainable part of the machine
learning model, wherein the third trainable part is interme-
diate a first fixed part and the second fixed part of the
machine learning model; creating a local reduced machine
learning model by using the adapter to provide inputs to the
second compressed emulator; performing training of the
local reduced machine learning model using local training
data to obtain model update parameters that define the
adapter after training of the local machine learning model,
and providing the model update parameters to the server.
[0117] 1In some but not necessarily all examples, the appa-
ratus further comprising means for: obtaining an output of a
previous adapter for the local training data, wherein the
previous adapter was received by the apparatus in a preced-
ing training round; and wherein performing training of the
local reduced machine learning model using local training
data to obtain model update parameters comprises training
the local reduced machine learning model using the output
of the previous adapter as an input to the adapter.

[0118] In some but not necessarily all examples, training
the local reduced machine learning model using the output
of the previous adapter as an input to the adapter further
comprises storing an output of the adapter.

[0119] In some but not necessarily all examples, the appa-
ratus further comprises: only receiving a second compressed
emulator and an adapter. The apparatus further comprising
not receiving a compressed part representing the first fixed
part.

[0120] In some but not necessarily all examples, the
apparatus further comprises: receiving, from the server, a
first partial compressed emulator configured to emulate a
part of the first fixed part of the machine learning model,
wherein the part of the first fixed part was reproduced by a
previous adapter in a previous training round; wherein:
creating the local reduced machine learning model by using
the adapter to provide inputs to the second compressed
emulator, further comprises using the first partial com-
pressed emulator to provide inputs to the adapter; and
wherein: performing training of the local reduced machine
learning model using local training data further comprises:
obtaining saved data provided as input to the previous
adapter in the previous training round; inputting saved data
to the first partial compressed emulator; and saving an
output of the first partial compressed emulator for use in a
subsequent training round.

[0121] According to various, but not necessarily all,
examples there is provided a (server) apparatus comprising
means for: creating a reduced machine learning model
comprising: at least a compressed emulator configured to
emulate a part of a machine learning model; and an adapter
configured to reproduce a trainable part of the machine
learning model, wherein the adapter is configured to provide
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inputs to the compressed emulator; sending to a client the
compressed emulator and the adapter; and receiving, from
the client, model update parameters that define the adapter
after training, at the client, of the reduced machine learning
model.
[0122] According to various, but not necessarily all,
examples there is provided a (client) apparatus comprising
means for: receiving, from a server, at least a compressed
emulator configured to emulate a second fixed part of the
machine learning model and an adapter configured to repro-
duce a trainable part of the machine learning model; creating
a local reduced machine learning model by using the adapter
to provide inputs to the second compressed emulator; per-
forming training of the local reduced machine learning
model using local training data to obtain model update
parameters that define the adapter after training of the local
machine learning model; and providing the model update
parameters to the server.
[0123] According to various, but not necessarily all,
examples there is provided an apparatus comprising means
for:

[0124] creating a reduced machine learning model com-

prising:

[0125] a first compressed emulator configured to
emulate a first fixed part of a machine learning
model;

[0126] a second compressed emulator configured to
emulate a second fixed part of the machine learning
model 10;

[0127] an adapter configured to reproduce a third
trainable part of the machine learning model,
[0128] wherein the first compressed emulator is

configured to provide inputs to the adapter and the
adapter is configured to provide inputs to the
second compressed emulator;

[0129] sending to a client the first compressed emulator;

[0130] sending to the client the second compressed
emulator;

[0131] sending to the client the adapter; and

[0132] receiving, from the client, model update param-

eters that define the adapter after training, at the client,
of the reduced machine learning model.
[0133] According to various, but not necessarily all,
examples there is provided an apparatus comprising means
for:

[0134] receiving, from a server, a first compressed emu-
lator configured to emulate a first fixed part of a
machine learning model,

[0135] receiving, from the server, a second compressed
emulator configured to emulate a second fixed part of
the machine learning model;

[0136] receiving, from the server, an adapter configured
to reproduce a third trainable part of the machine
learning model, wherein the third trainable part is
intermediate the first part and the second part;

[0137] creating a local reduced machine learning model
by using the first compressed emulator to provide
inputs to the adapter and using the adapter to provide
inputs to the second compressed emulator;

[0138] performing training of the local reduced
machine learning model using local training data to
obtain model update parameters that define the adapter
after training of the local machine learning model; and
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[0139] providing the model update parameters to the
server.
[0140] According to various, but not necessarily all,

examples there is provided examples as claimed in the
appended claims.

[0141] While the above examples of the disclosure and
optional features are described separately, it is to be under-
stood that their provision in all possible combinations and
permutations is contained within the disclosure. It is to be
understood that various examples of the disclosure can
comprise any or all of the features described in respect of
other examples of the disclosure, and vice versa. Also, it is
to be appreciated that any one or more or all of the features,
in any combination, may be implemented by/comprised
in/performable by an apparatus, a method, and/or computer
program instructions as desired, and as appropriate.

BRIEF DESCRIPTION

[0142] Some examples will now be described with refer-
ence to the accompanying drawings in which:

[0143] FIG. 1 shows an example of a machine learning
model 10 comprising parts 12;

[0144] FIG. 2A shows an example of a machine learning
model 10 comprising parts 12, configured as an artificial
neural network 20 comprising multiple layers 22;

[0145] FIG. 2B shows an example of a machine learning
model 10 comprising parts 12, configured as an artificial
neural network 20, comprising multiple layers 22, that has a
residual network configuration and comprises residual
blocks;

[0146] FIGS. 3A to 3C illustrate partitioning a machine
learning model 10 to parts 12_1, 12_2, 12_3 and forming a
reduced machine learning model 30 comprising an adapter
34 and at least one compressed emulator 32_1, 32_2;
[0147] FIG. 4 illustrates an example of forming a com-
pressed emulator;

[0148] FIG. 5 illustrates a system 100 comprising a server
apparatus 102 and at least one client apparatus 104 where the
reduced machine learning model 30 (rMLm) is transferred
from the server apparatus 102 to the client apparatus 104 for
training at the client apparatus 104, where the emulator(s)
32_1, 32_2 are fixed/frozen and the adapter 34 is updated;
[0149] FIG. 6 illustrates the system 100 operating over
multiple rounds 120_1, 120_2, and the optional dependence
of the reduced machine learning model (rMLM) on a
capability of the client apparatus 104;

[0150] FIG. 7 illustrates the system 100 comprising a
server apparatus 102 and multiple clients 104 where the
reduced machine learning model 30 is transferred from the
server to the clients for training 114_1, 114_2 at the respec-
tive clients 104_1, 104_2 using training data 50_1, 50_2 that
is private to the respective clients 104_1, 104_2;

[0151] FIGS. 8A to 8D illustrate the process of training the
machine learning model 10 by updating multiple different
adapters 34 via client-training of multiple different reduced
machine learning models;

[0152] FIGS. 9A & 9B extend the example of FIGS. 8A to
8D to multiple clients 104_1, 104_2 with a common reduced
machine learning model for the clients 104_1, 104_2 (FIG.
9A) and different reduced machine learning models for the
clients 104_1, 104_2 (FIG. 9B);

[0153] FIG. 10A illustrates an example;

[0154] FIG. 10B illustrates an example;
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[0155] FIG. 11A illustrates an example of how perfor-
mance can vary with number of rounds and with number of
steps (epochs):

[0156] FIG. 11B illustrates an example of how perfor-
mance can vary with compression;

[0157] FIG. 12 illustrates an example of a controller for
controlling one or more of the described functions of the
client apparatus 104 or the server apparatus 102;

[0158] FIG. 13 illustrates an example of a computer pro-
gram 406 that can be executed, in at least some examples, by
the controller 400 to control one or more of the described
functions of the client apparatus 104 or the server apparatus
102.

[0159] The figures are not necessarily to scale. Certain
features and views of the figures can be shown schematically
or exaggerated in scale in the interest of clarity and con-
ciseness. For example, the dimensions of some elements in
the figures can be exaggerated relative to other elements to
aid explication. Similar reference numerals are used in the
figures to designate similar features. For clarity, all reference
numerals are not necessarily displayed in all figures.
[0160] In the following description a class (or set) can be
referenced using a reference number without a subscript
index (e.g. 12) and a specific instance of the class (member
of the set) can be referenced using the reference number with
a numerical type subscript index (e.g. 12_1) and a non-
specific instance of the class (member of the set) can be
referenced using the reference number with a variable type
subscript index (e.g. 12_1).

DETAILED DESCRIPTION

[0161] FIG. 1 illustrates an example of a machine learning
(ML) model 10. The machine learning model 10 comprises
parts 12. That is the machine learning model 10 has an
architecture comprised, logically or otherwise, of parts 12 or
the machine learning model can be partitioned, logically or
otherwise, into parts 12. A part is any logical sub-unit of the
machine learning model 10. Parts 12 are not necessarily the
same or of the same size and can represent an arbitrary
logical sub-unit of the machine learning model 10.

[0162] Retference is made to specific parts such as the first
part 12_1 (also referred to as the first emulator part 12_1),
the second part 12_2 (also referred to as the second emulator
part 12_2), the third part 12_3 (also referred to as the adapter
part 12_3).

[0163] The term “block™ or “module™ can be used to refer
to the smallest trainable unit (smallest trainable part 12) of
the machine learning model 10. The third part 12_3 (also
referred to as the adapter part 12_3) can comprise one or
more blocks or modules. The third part 12_3 (also referred
to as the adapter part 12_3) can therefore comprise a
smallest trainable unit (smallest trainable part) of the
machine learning model 10 or multiple (two or more)
smallest trainable units (smallest trainable parts) of the
machine learning model 10.

[0164] In an artificial neural network a “part” can, for
example, comprise one or more layers, for example adjacent
layers. In an artificial neural network a “block™ or “module”
comprises one or more adjacent layers. In an artificial neural
network, the third part 12_3 (also referred to as the adapter
part 12_3) can therefore comprise one or more adjacent
layers.
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[0165] The machine learning (ML) model 10 is config-
ured. after training, to receive an input 11 and produce an
output 13.

[0166] The machine learning model 10 may for example
be implemented using different approaches such as cost
function minimization, artificial neural networks, support
vector machines and Bayesian networks for example. Cost
function minimization may, for example, be used in linear
and polynomial regression and K-means clustering. Artifi-
cial neural networks, for example with one or more hidden
layers, model complex relationship between input vectors
and output vectors. Support vector machines may be used
for supervised learning. A Bayesian network is a directed
acyclic graph that represents the conditional independence
of a number of random variables.

[0167] The machine learning model 10 is defined by a set
of model parameters that specify operation of the machine
learning model 10. When the machine learning model 10 is
trained, the model parameters that specify operation of the
machine learning model 10 are updated.

[0168] In some examples, the model parameters comprise
weights. In some examples, the model parameters comprise
weights and biases.

[0169] In some examples. the model parameters comprise
a differential of a loss/cost function with respect to a weight
for gradient descent.

[0170] In an artificial neural network a weight is defined
between two artificial neurons and defines the strength of
connection (gain) between the neurons. The weight w;;
determines the influence of a signal s; (output from the
artificial neuron labelled j and input to the artificial neuron
labelled i) on the output s, from the artificial neuron labelled
i. This is because the output s, is the weighted summation of
the input signals s,, offset by the bias U i.e.

si=bh+ Z Wy
i

[0171] In at least some examples, the machine learning
model 10 is a foundation model. A foundation model is a
machine learning model that is trained on broad data and the
model can be adapted (e.g., fine-tuned) to a wide range of
downstream tasks by updating the model parameters. A
foundation model can be considered a paradigm for building
application specific machine learning models where the
foundation model, trained on a large amount of unlabeled
data, can be adapted to many applications

[0172] During a training phase of a machine learning
model, training data 50 is provided as an input 11 to the
machine learning model 10 which produces an output 13.
The loss/cost function guantifies how the output 13 varies
from an expected output.

[0173] The model parameters are updated to decrease the
loss/cost function (reduce and in some examples minimize
the error). This is described as ‘minimization’ or ‘optimiza-
tion” or ‘model parameter updating’ as it is a process
designed to achieve a lower loss/cost (or more optimal
loss/cost), although it does not imply that the minimum or
optimum loss/cost (local or global) is achieved.

[0174] One approach to model parameter updating is to
use gradient descent. The gradient represented by the rate of
change of the loss/cost function with respect to the model
parameters is descended to find different model parameters.
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Gradient descent finds a set of the model parameters that
perform well against some performance measure (the loss/
cost function). The algorithm is iterative and occurs over
multiple discrete iterations. Each iteration involves using the
machine learning model with the current set of model
parameters to make predictions on some samples of training
data, comparing the predictions to the real expected out-
comes to calculate an error, and using the error to update the
model parameters.

[0175] Training data comprises many samples. A batch is
the set of samples used to compute the gradient to perform
one iteration of gradient descent. A batch size is the number
of samples in the set. An epoch is a full pass through training
data. A machine learning model can be trained (updated)
repetitively (for example, cyclically) over many epochs. In
the case of artificial neural networks, the backpropagation
update algorithm is used for training.

[0176] In the examples. the machine learning model 10 is
trained 114 locally at one or more client apparatus 104 using
local training data 50. One or more parts 12 of server-based
machine learning model 10 are updated each training round
120. After multiple training rounds 120, the whole server-
based machine learning model 10 has been updated and the
training cycle has been completed. The training cycle can
then be repeated with the same or different training data 50.
[0177] FIG. 2A illustrates an example of an artificial
neural network (ANN) 20. An artificial neural network 20 is
a machine learning model 10 comprising a number of highly
interconnected processing elements (artificial neurons) that
process information by their dynamic state response to
inputs including inputs dependent upon the dynamic state
response of interconnected artificial neurons. An artificial
neural network 20 is arranged as a directed graph whose
nodes are artificial neurons and whose vertices are connec-
tions between artificial neurons.

[0178] Each artificial neuron can be configured to deter-
mine an output based on a weighted sum of its inputs. In an
artificial neural network a weight is defined between two
artificial neurons and defines the strength of connection
(gain) between the neurons. The weight w;; determines the
influence of a signal s; (output from the artificial neuron
labelled j and input to the artificial neuron labelled i) on the
output s, from the artificial neuron labelled i. This is because
the output s, is dependent on the weighted summation of the
input signals s,, offset by the bias b, for example:

b+ Z Wit
y M

[0179] The example illustrated is a several layered ANN
comprising multiple layers 22. An input layer is the first
(leftmost) layer 22 and receives at least some of its inputs 11
from outside the ANN 20 and an output layer is the final
(rightmost) layer 22 and provides at least some of its outputs
13 outside the ANN 20. The layers 22 between the first and
final layer are hidden layers. For artificial neurons in the
hidden layer(s) and the final layer, the inputs comprise
outputs from the artificial neurons in the preceding layer.
Thus each of the artificial neurons determines whether or not
a weighted sum of its inputs causes an activation function to
produce an output.

[0180] In a feedforward stage, the training data is propa-
gated through the ANN 20 from input 11 to output 13 by
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computing, in order, the hidden layers® outputs (which are
the inputs to the next layer). Then the ANN weights w,, are
adjusted to reduce an error with respect to the weights w,.
The error is produced by a loss/cost function and captures a
difference between the output and an expected output. For
each weight, the slope or derivative of the error is found.
[0181] The weight adjusted in dependence upon a negative
of this derivative, so as to go down slope towards minimum-
error. Backpropagation computes the gradient of a loss/cost
function with respect to the weights of the ANN 20 layer-
by-layer.

[0182] Each part 12 of the machine learning model com-
prises one or more adjacent layers 22 of the ANN 20. In this
example, each part 12 of the machine learning model 10
comprises only one layer 22 of the ANN. However, FI1G. 2B
illustrates an example where each part 12 of the machine
learning model 10 is a block. In this example, each part/
block comprises multiple (for example, two or more) adja-
cent layers 22 of the ANN 20. FIG. 2B illustrates an ANN
20 configured as a residual network and each part/block 12
of the machine learning model 10 comprises a residual block
of the residual network. A residual neural network (ResNet)
is a deep ANN 20 with skip connections 24 (residual
connections). LSTM networks and Transformer models also
use skip connections. A residual network is constructed by
stacking a series of sub-networks (residual blocks). A skip
connection (residual connection) 24 connects an input of a
residual block with its output. The input to the next residual
block is obtained by adding the input (via the skip connec-
tion 24) to the output of the residual block. FIG. 2B
illustrates a schematic of ResNet 18 which is a convolutional
ANN that comprises 18 layers 22, and has residual blocks of
size two layers.

[0183] FIG. 3A illustrates an example of a machine learn-
ing model 10 comprising parts 12.

[0184] FIG. 3B illustrates an example of creating a
reduced machine learning model 30 that emulates the
machine learning model 10. The machine learning model 10
is partitioned into parts 12_i. In this example, it is partitioned
into a first part 12_1, a second part 12_2 and a third part
12_3. The third part 12_3 is intermediate the first part 12_1
(the input part) and the second part 12_2 (the output part).
[0185] In this example, the machine learning model 10 is
an ANN 20 and the first part 12_1 and the second part 12_2
each comprises multiple layers 22 of the ANN 20, and the
third part 12_3 comprises one layer 22 of the ANN 20.
[0186] The first part 12_1 of the machine learning model
10 is compressed 40_1 to form a first compressed emulator
(E1) 32_1 which is configured to emulate the first part 12_1
of a machine learning model 10.

[0187] The second part 12_2 of the machine learning
model 10 is compressed 40_2 to form a second compressed
emulator (E2) 32_2 which is configured to emulate the
second part 12_2 of the machine learning model 10.
[0188] The third part 12_3 of the machine learning model
10 is used to provide an adapter (A) 34. In some but not
necessarily all examples, the third part 12_3 of the machine
learning model is provided without modification as the
adapter (A) 34. The adapter 34 is configured to reproduce the
third part 12_3 of the machine learning model 10.

[0189] As illustrated in FIG. 3C, the reduced machine
learning model 30, in use, comprises the first compressed
emulator (E1) 32_1 providing inputs to the adapter 34 which
provides inputs to the second compressed emulator (E2)
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32_2. An input 31 to the first compressed emulator (E1)
32_1 produces an output 33 from the second compressed
emulator (E2) 32_2.

[0190] The first compressed emulator (E1) 32_1 is fixed
(frozen, not trained) and is configured to emulate a first part
12_1 of a machine learning model 10. The first part 12_1 of
the machine learning model is a fixed (frozen, not trained)
part of the machine learning model 10.

[0191] The second compressed emulator (E2) 32_2 is
fixed (frozen, not trained) and is configured to emulate a
second part 12_2 of the machine learning model 10. The
second part 12_2 of the machine learning model 10 is a fixed
(frozen, not trained) part of the machine learning model 10.

[0192] A part 12 of the machine learning model that is a
fixed (frozen, not trained) part of the machine learning
model 10 is referred to as a fixed part 12 of the machine
learning model 10. A first part 12_1 of the machine learning
model that is a fixed (frozen, not trained) part of the machine
learning model 10 is referred to as a first fixed part 12_1 of
the machine learning model 10. A second part 12_2 of the
machine learning model 10 that is a fixed (frozen, not
trained) part of the machine learning model 10 is referred to
as a second fixed part 12_2 of the machine learning model
10.

[0193] The adapter 34 is trainable (not fixed/frozen) and is
configured to reproduce a third trainable (not fixed/frozen)
part 12_3 of the machine learning model 10.

[0194] The emulators 32 are compressed models. The first
compressed emulator (E1) 32_1 is defined by less informa-
tion than is used to define the first part 12_1 of the machine
learning model 10. The second compressed emulator (E2)
32_2is defined by less information than is used to define the
second part 12_2 of the machine learning model 10. The
reduction in information can arise from using less model
parameters. In some examples, the first compressed emula-
tor (E1) 32_1 is defined by less model parameters than are
used to define the first part 12_1 of the machine learning
model 10 and/or the second compressed emulator (E2) 32_2
is defined by less model parameters than are used to define
the second part 12_2 of the machine learning model 10. The
reduction in information can arise from using less precise
(quantized) model parameters. In some examples, the first
compressed emulator (E1) 32_1 is defined by model param-
eters that have less precision than those used to define the
first part 12_1 of the machine learning model 10 and/or the
second compressed emulator (E2) 32_2 is defined by model
parameters that have less precision than those used to define
the second part 12_2 of the machine learning model 10.

[0195] When the reduced machine learning model 30 is
trained, the model parameters of the first compressed emu-
lator (E1) 32_1 are static and the model parameters of the
second compressed emulator (E2) 32_2 are static and the
model parameters of the adapter 34 are updated during
training.

[0196] The first compressed emulator (E1) 32_1 is a
compressed version of the first fixed part 12_1 of the
machine learning model 10 and represents it with less model
parameters. The second compressed emulator (E2)32_2is a
compressed version of the second fixed part 12_2 of the
machine learning model 10 and represents it with less model
parameters. The adapter (A) 34 is a non-compressed version
of the third fixed part 12_3 of the machine learning model
10 and represents it with the same model parameters.
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[0197] In at least some examples, the machine learning
model 10 is an artificial neural network 20 and the adapter
34 comprises one or more adjacent layers 22 of the artificial
neural network 20 (see FIGS. 2A, 2B).

[0198] In at least some examples, the machine learning
model 10 is a residual neural network (Resnet) 20 and the
adapter 34 comprises one or more residual blocks of the
residual neural network (see FIG. 2B).

[0199] As the first compressed emulator (E1) 32_1 is
fixed/frozen during training, back-propagation need only
occur through the second compressed emulator (E2) 32_2
and the adapter 34, to successfully update the adapter 34.
Back-propagation through the first compressed emulator
(E1) 32_1 is not required.

[0200] The compression 40 of a part 12 of a machine
learning model 10 can be performed in different ways
including neural network pruning, quantization, or distilla-
tion which all compress a size of a part 12 of a machine
learning model 10.

[0201] FIG. 4 illustrates an example of distillation (self-
distillation). The objective for the first compressed emulator
(E1) 32_1 is to provide, without significant overhead, accu-
rate inputs to the adapter 34. The objective for the second
compressed emulator (E2) 32_2 is to provide, without
significant overhead, an accurate output for the machine
learning model 10 and to provide appropriate gradient
directions to update the adapter 34 during back-propagation
gradient-descent.

[0202] The training data 50 is provided to the (uncom-
pressed) first part 12_1 of the machine learning model 10 to
obtain a (target) output 13. The training data 50 is provided
to the (putative) compressed part (first emulator 32_1) of the
reduced machine learning model 30 to obtain a (putative)
output 33. An update module 42 determines at block 44 a
difference between the target output 13 and the putative
output 33. The difference can be calculated as a mean
squared error (MSE) (or other general loss function, like
cross entropy) over the training data. The update module at
block 46 then determines, using model parameter updating,
updates 47 to the (putative) compressed part (first emulator
32_1) of the reduced machine learning model 30. This can,
for example be achieved by gradient descent and back-
propagation.

[0203] The training data 50 is provided to the (uncom-
pressed) second part 12_2 of the machine learning model 10
to obtain a (target) output 13. The training data 50 is
provided to the (putative) compressed part (second emulator
32_1) of the reduced machine learning model 30 to obtain a
(putative) output 33. An update module 42 determines at
block 44 a difference between the target output 13 and the
putative output 33. The difference can be calculated as a
mean squared error (MSE) (or other general loss function,
like cross entropy) over the training data. The update module
at block 46 then determines, using model parameter updat-
ing, updates 47 to the (putative) compressed part (second
emulator 32_2) of the reduced machine learning model 30.
This can, for example be achieved by gradient descent and
back-propagation.

[0204] FIG. 5 illustrates an example of a system 100 for
cooperatively training a machine learning model 10, for
example as previously described.

[0205] The system comprises a server apparatus 102 and
at least one client apparatus 104.
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[0206] The reduced machine learning model 30 is trained
114 at a client apparatus 104 (or separately at multiple (for
example two or more) client apparatuses). This can be
described as local training, at the client, of the (local)
reduced machine learning model 30 using (local) training
data 50. This can be described as remote training, from the
server, of the (remote) reduced machine learning model 30
using (remote) training data 50. The training data 50 can be
private to the client apparatus 104 (not shared with the server
apparatus 102).

[0207] The client apparatus 104 performs training 114 of
the reduced machine learning model 30 using training data
50 to obtain model update parameters 60 that define the
adapter 34 after training 114 of the local reduced machine
learning model 30.

[0208] The model update parameters 60 that define the
adapter 34 after training 114 of the local reduced machine
learning model 30 at the client apparatus 104, are transferred
to the server apparatus 102, where the server apparatus 102
updates 116 the machine learning model 10.

[0209] This example illustrates an example of a system
100 comprising one client apparatus 104, however, later
figures illustrate examples of the system comprising mul-
tiple client apparatuses 104.

[0210] In this example, the server apparatus 102 creates
110 and distributes 112 the reduced machine learning model
30. However, in other examples, the creation 110 of the
reduced machine learming model 30 and the distribution 112
of the reduced machine learning model 30 are performed by
different apparatus, for example a respective first and second
apparatus.

[0211] Tn more detail, referring to FIG. 5, a training round
120 starts with the server apparatus 102 obtaining a machine
learning (ML) model 10. For conciseness, training round
120 will be referred to as round 120. This can be an original
machine learning model for a first round 120. This can be an
updated machine learning model 10 created in the preceding
round 120.

[0212] The server apparatus 102 creates, from the machine
learning (ML) model 10, a reduced machine learning model
30 for example as described previously with reference to
FIGS. 3A to 3C.

[0213] The reduced machine learning model 30 comprises
at least a compressed emulator 32 and an adapter 34. When
the reduced machine learning model 30 is trained, the model
parameters of the compressed emulator 32 are static and the
model parameters of the adapter 34 are updated during
training.

[0214] The reduced machine learning model 30 can be
recreated each round from the current machine learning
model 10.

[0215] In at least some rounds 120, the reduced machine
learning model 30 comprises a first compressed emulator
(E1)32_1, a second compressed emulator (E2) 32_2 and an
adapter 34.

[0216] In some examples, the server apparatus 102 is
configured to generate the first compressed emulator (E1)
32_1 by performing knowledge distillation on the first part
12_1 of the machine learning model 10. For example using
the process described with reference to FIG. 4. In some
examples, the server apparatus 102 is configured to generate
the second compressed emulator (E2) 32_2 by performing
knowledge distillation on the second part 12_2 of the
machine learning model 10. For example using the process
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described with reference to FIG. 4. The server apparatus 102
sends the reduced machine learning model 30 to the client
apparatus 104. This can, for example, comprise sending
(together or separately) to the client apparatus 104 the model
parameters that define the first compressed emulator (E1)
32_1 of the reduced machine learning model 30, the model
parameters that define the second compressed emulator (E2)
32_2 of the reduced machine learning model 30, and, the
model parameters that define the adapter 34 of the reduced
machine learning model 30.

[0217] The reduced machine learning model 30 is trained
at the client apparatus 104.

[0218] The reduced machine learning model 30 is config-
ured at the client apparatus 104 so that outputs of the first
compressed emulator (E1) 32_1 provide inputs to the
adapter 34 and outputs of the adapter 34 provide inputs to
the second compressed emulator (E2) 32_2.

[0219] The client apparatus 104 trains 114 the reduced
machine learning model 30 using training data 50 local to
the client apparatus 104 using one or more epochs.

[0220] During training of the reduced machine learning
model 30 at the client apparatus 104 the first compressed
emulator (E1) 32_1 (if present) emulates the first part 12_1
of the machine learning model 10. The first compressed
emulator (E1) 32_1 is fixed (not trained). The model param-
eters of the first compressed emulator (E1) 32_1 are static
during training at the client apparatus 104.

[0221] During training of the reduced machine learning
model 30 at the client apparatus 104, the second compressed
emulator (E2) 32_2 (if present) emulates the second part
12_2 of the machine learning model 10. The second com-
pressed emulator (E2) 32_2 is fixed (not trained). The model
parameters of the second compressed emulator (E2) 32_2
are static during training at the client apparatus 104.
[0222] During training of the reduced machine learning
model 30 at the client apparatus 104, the adapter 34 repro-
duces the third part 12_3 of the machine learning model 10.
The adapter 34 is trained (not fixed). The model parameters
of the adapter 34 are updated during training at the client
apparatus 104,

[0223] The training 114, at a client apparatus 104, of the
local reduced machine learning model 30 using local train-
ing data 50 produces model update parameters 60 that define
the adapter 34 after training 114 of the local machine
learning model 10.

[0224] The model update parameters 60 can, for example,
be the model parameters of the trained adapter 34 or can be
a difference between the model parameters of the adapter 34
at the start of the training round 120 (before training) and
after the training round 120 (after training). For example, if
the adapter 34 is a layer of a neural network that has its
model parameters locally updated by a client apparatus 104,
the model update parameters 60 are, in at least some
examples, weighs for the layer, or a difference between
weights for the layer pre- and post-training.

[0225] In this illustrated example, the training 114 at the
client apparatuses 104 is private. The training data 50 used
for training at the client apparatus 104 is prevented from
being distributed to the server apparatus 102.

[0226] The training 114 at the client apparatus 104 can, for
example, use unsupervised training (no labels) or use super-
vised training (explicit labels) or use self-supervised train-
ing. Self-supervised training can, for example, apply some
transformations to the already available training data 50 to
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learn some meaningtul structure in the data without having
access to explicit labels e.g., the concept of a dog in an
image does not change if we rotate the image, or if we use
grey-scale images, without having access to explicit labels.
[0227] The client apparatus 104 provides the model update
parameters 60 to the server apparatus 102.
[0228] The server apparatus 102 updates 116 the machine
learning model 10 based on at least the received model
update parameters 60. In some examples the update can take
into consideration additional factors such as additional
model update parameters. This could, for example, be based
on additional model update parameters received from other
client apparatuses 104 (e.g. federated learning).
[0229] The reduced machine learning model 30 can be
recreated each round from the current machine learning
model 10 (the machine learning model 10 updated in the
previous round). The training process is therefor iterative,
round by round.
[0230] The adapter 34 can, for example, be changed each
round 120.
[0231] In at least some examples, the training data 50 used
for training 114 is the same across multiple (for example two
or more) rounds, for example, until the machine learning
model 10 has been fully updated over multiple rounds 120.
[0232] The machine learning model 10 is partitioned into
parts that define the adapter and compressed emulator(s) of
the reduced machine learning model 30. In at least some
examples, the partitioning of the machine learning model 10
changes (varies) with each round 120 and consequently the
reduced machine learning model 30 changes (varies) with
each round. The combination of adapter and compressed
emulator(s) that define the reduced machine learning model
30 therefore also change (vary) per round 120.
[0233] At a start of each round 120, the machine learning
model 10 is varied by a new partitioning. The first part 12_1
(emulated by the first compressed emulator (E1) 32_1),
second part 12_2 (emulated by the second compressed
emulator (E2) 32_2) and third part 12_3 (reproduced by the
adapter 34) are newly defined parts of the machine learning
model 10. Consequently the first compressed emulator (E1)
32_1, second compressed emulator (E2) 32_2 and the
adapter 34 also change.
[0234] The client apparatus 104 therefore receives at the
start of each round a new adapter and new compressed
emulator(s) that define the newly partitioned and reduced
machine learning model 30.
[0235] The server apparatus 102 trains (indirectly) the
machine learning model 10 by sending to the client appa-
ratus 104 varying versions of: the first compressed emulator
(E1) 32_1, the second compressed emulator (E2) 32_2 and
the adapter 34.
[0236] FIG. 6 extends the example illustrated in FIG. 5 to
illustrate a round 120_2 that immediately follows the round
120_1 (previously described as round 120 in FIG. §).
[0237] The server apparatus 102 trains (indirectly) the
machine learning model 10 in rounds 120.
[0238] The round 120_1 has been described with reference
to FIG. 5.
[0239] At round 120_2, the server apparatus 102 creates
110 an updated reduced machine learning model 30 com-
prising:

[0240] an updated first compressed emulator (E1) 32_1

configured to emulate an updated first part 12_1 of the
machine learning model 10;
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[0241] an updated second compressed emulator (E2)
32_2 configured to emulate an updated second part
12_2 of the machine learning model 10;

[0242] an updated adapter 34 configured to reproduce
an updated third part 12_3 of the machine learning
model 10.

[0243] The updated first compressed emulator (E1) 32_1
is configured to couple (at least some of) its outputs to (at
least some of) the inputs of the updated adapter 34 and the
updated adapter 34 is configured to couple (at least some of)
its outputs to (at least some of) the inputs of the updated
second compressed emulator (E2) 32_2.

[0244] The server apparatus 102 then sends (together or
separately) to the client apparatus 104 at least the updated
adapter 34. In some examples, only the updated adapter 34
is transferred because only the adapter 34 has been updated.
In other examples the server apparatus 102 then sends
(together or separately) to the client apparatus 104 the
updated adapter 34 and one or more compressed emulators
32. In this illustrated example, the server apparatus 102
sends (together or separately) to the client apparatus 104 the
updated adapter 34, the updated first compressed emulator
(E1) 32_1 and the updated second compressed emulator
(E2) 32_2.

[0245] The client apparatus 104 receives (together or
separately), from the server apparatus 102, the updated first
compressed emulator (E1) 32_1 configured to emulate an
updated first part 12_1 of the machine learning model 10; the
updated second compressed emulator (E2) 32_2 configured
to emulate an updated second part 12_2 of the machine
learning model 10; and the updated adapter 34 configured to
reproduce an updated third part 12_3 of the machine learn-
ing model 10;

[0246] The client apparatus 104 creates an updated local
reduced machine learning model 30 by using the updated
first compressed emulator (E1) 32_1 to provide inputs to the
updated adapter 34 and using the updated adapter 34 to
provide inputs to the updated second compressed emulator
(E2) 32_2.

[0247] The client apparatus 104 performs training 114 of
the updated local reduced machine learning model 30 using
local training data 50 to obtain additional model update
parameters 60 that define the updated adapter 34 after
training 114 of the updated local machine learning model 30.

[0248] 1Inat least some examples, the training data 50 used
for the previous round 120_1 is re-used for this round 120_2.

[0249] The client apparatus 104 provides the additional
model update parameters 60 to the server apparatus 102.

[0250] The server apparatus 102 then receives, from the
client apparatus 104, additional model update parameters 60
that define the updated adapter 34 after training 114, at the
client apparatus 104, of the updated reduced machine learn-
ing model 30

[0251] The server apparatus 102 then updates 116 the
machine learning model 10 based on the additional model
update parameters 60, and the round 120_2 ends.

[0252] As a consequence of the change in partitioning of
the machine learning model 10 from round 120_1 to round
120_2, the third part 12_3 of the machine learning model 10
at round 120_1 is different to the updated third part 12_3 of
the machine learning model 10 at round 120_2. The third
part 12_3 of the machine learning model 10 at round 120_1
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and the updated third part 12_3 of the machine learning
model 10 at round 120_2 are different parts 12 of the
machine learning model 10.

[0253] The third part 12_3 of the machine learning model
10 at round 120_1 and the updated third part 12_3 of the
machine learning model 10 at round 120_2 can, for example
be non-overlapping parts 12 of the machine learning model
10.

[0254] The third part 12_3 of the machine learning model
10 at round 120_1 and the updated third part 12_3 of the
machine learning model 10 at round 120_2 can, for example
be contiguous (neighboring) parts 12 of the machine learn-
ing model 10. For example, (at least a majority of) outputs
of the third part 12_3 of the machine learning model 10 for
the round 120_1 provide (at least a majority of) inputs to the
updated third part 12_3 of the machine learning model 10 for
the next round 120_2.

[0255] Thus the adapter 34 for the round 120_1 is asso-
ciated with a different part 12 of the machine learning model
10 compared to the updated adapter 34 for the next round
120_2.

[0256] In some examples, the updated third part 12_3 of
the machine learning model 10 for the round 120_2 com-
prises at least a portion of the second part 12_2 of the
machine learning model 10 for the preceding round 120_1.
[0257] Insome examples, the updated first part 12_1 of the
machine learning model 10 for the round 120_2 comprises
the first fixed part 12_1 of the machine learning model 10 for
the previous round 120_1 and the third part 12_3 of the
machine learning model 10 for the previous round.

[0258] In some examples, the second part 12_2 of the
machine learning model 10 at the round 120_1 consists of,
in combination, the third part 12_3 of the machine learning
model 10 and the updated second part 12_2 of the machine
learning model 10 at the next round 120_2.

[0259] In some examples, the first part 12_1 of the
machine learning model 10 at the round 120_1 and the
updated first part 12_1 of the machine learning model 10 at
the round 120_2 are different groups of one or more layers
of an ANN; the second part 12_2 of the machine learning
model 10 at the round 120_1 and the updated second part
12_2 of the machine learning model 10 at the round 120_2
are different groups of one or more layers of the ANN; and
the third part 12_3 of the machine learning model 10 at the
round 120_1 and the updated third part 12_3 of the machine
learning model 10 at the round 120_2 are different (non-
overlapping) groups of one or more layers of the ANN
[0260] In at least some examples, for example as illus-
trated in FIG. 6, the reduced machine learning model 30 is
dependent upon a processing capability of the client appa-
ratus 104. In some examples, the reduced machine learning
model 30 is varied with varying processing capability of the
client apparatus 104.

[0261] The processing capability of the client apparatus
104 can for example be based upon the processing resources
available at the client apparatus 104 that are available for
training a reduced machine learning model 30.

[0262] The reduced machine learning model 30 created
110 by the server apparatus 102 is controlled (e.g. parti-
tioned and compressed) to be within the processing capa-
bilities of the client apparatus 104 when being trained 114.
[0263] The processing capability or processing resources
at the client apparatus 104 can, for example, be based on
properties of a controller at the client apparatus 104 includ-
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ing number of millions of instructions processed per second
(MIPs), number of processing cores, processing clock speed,
memory size and/or speed, graphic processor unit (GPU)
acceleration, etc.

[0264] For example the number of model parameters used
in a compressed emulator 32 for a client apparatus 104 can
dependent upon processing capability of the client apparatus
104. For example the size (number of layers or number of
model parameters) of the adapter 34 can be dependent upon
processing capability of the client apparatus 104.

[0265] If the processing capability of the client apparatus
104 is low, then the reduced machine learning model 30 is
smaller/simpler and/or the number of model parameters used
in the compressed emulator(s) is lower, compared to if the
processing capability of the client apparatus 104 is high.
That is, in some examples, a reduction in processing capa-
bility of the client results in a smaller/simpler reduced
machine learning model and/or results in the number of
model parameters used in the compressed emulator(s) being
reduced. In some example, the processing capability of the
client apparatus 104 is low if it is less than a predetermined
processing capability and high if it has more than a prede-
termined processing capability.

[0266] The client apparatus 104 can provide a capability
indication 132 to the server apparatus 102. In some
examples, the capability indication 132 is sent by the client
apparatus 104 before the first round 120 and is then used in
that round 120 and subsequent rounds to control creation
110 of the reduced machine learning model 30. In the
example illustrated, optionally, the capability indication 132
is sent by the client apparatus 104 in a capability response
which is sent in reply to a capability request 130 sent to the
client apparatus 104 by the server apparatus 102

[0267] In some examples, the capability indication 132 is
sent by the client apparatus 104 more frequently so that the
creation 110 of the reduced machine learning model 30
adapts to variations in processing capability at the client
apparatus.

[0268] Inthe example illustrated, optionally, the capability
indication 132 is sent by the client apparatus 104 in a
capability response during or at the end of the round 120_1
or the start of the round 120_2, so that it is used to control
creation 110 of the reduced machine learning model 30
during the round 120_2.

[0269] In some examples, the capability indication 132 is
sent by the client apparatus 104 along with the model update
parameters 60 that define the adapter 34 after training 114 of
the reduced machine learning model 30 by the client appa-
ratus 104. In some examples, the capability indication 132 is
sent by the client apparatus 104 every time the model update
parameters 60 that define the adapter 34 after training 114 of
the reduced machine learning model 30 by the client appa-
ratus 104, are sent.

[0270] In the example illustrated, the reduced machine
learning model 30 (compressed emulator(s) and adapter 34)
for the initial round 120_1 is dependent upon a processing
capability of the client apparatus 104 sent in the capability
indication 132 to the capability request 130 and the reduced
machine learning model 30 (compressed emulator(s) and
adapter 34) for the next round 120_2 is dependent upon a
processing capability of the client apparatus 104 sent
between creation 110 of the reduced machine learning model
30 in the initial round 120_1 and the next round 120_2.
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[0271] Itis therefore possible to provide some or all client
apparatuses 104 with a bespoke reduced machine learning
model 30. The timing or number of rounds 120 may also be
dependent upon processing capabilities of the client appa-
ratus 104,

[0272] In other examples, a common reduced machine
learning model 30 is used that can be processed by all or
some of the client apparatuses 102 used. The timing or
number of rounds 120 may also be dependent upon pro-
cessing capabilities of the client apparatus 104 with the
lowest processing capability.

[0273] This approach can be useful when the client appa-
ratus 104 has a relatively lower processing capability that
the server apparatus 102.

[0274] This approach can be useful when the client appa-
ratus 104 is a “thin’ client or a a hand-held device or personal
portable electronic device.

[0275] FIG. 7 illustrates an example of the system 100,
which can be as previously described.

[0276] In this example, a reduced machine learning model
30 created 110 by the server apparatus 102 is sent to client
apparatus(es) 104_1 for separate training and a same (or
different) reduced machine learning model 30 created 110 by
the server apparatus 102 is sent to client apparatus(es) 104_2
for training.

[0277] In this example, the training at each of the client
apparatuses 104_1, 104_2 is private. The training data 50_1
used for training at the client apparatus 104_1 is prevented
from being distributed to the server apparatus 102 or the
client apparatus 104_2 (or optionally any other client appa-
ratus 104). The training data 50_2 used for training at the
client apparatus 104_2 is prevented from being distributed to
the server apparatus 102 or the client apparatus 104_1 (or
optionally any other client apparatus 104).

[0278] The processes as previously described in relation to
FIGS. 5 & 6 occur with respect to the server apparatus 102
and, separately, the client apparatus 104_1 and client appa-
ratus 104_2.

[0279] In this example, one reduced machine learning
model 30_1 is created 110 by the server apparatus 102 and
is sent to client apparatus 104_1 and another, different,
reduced machine learning model 30_2 is created 110 by the
server apparatus 102 and is sent to client apparatus 104_2 In
other examples, a single reduced machine learning model 30
is created 110 by the server apparatus 102 and is sent to
multiple client apparatuses 104_1, 104_2 for separate train-
ing.

[0280] The client apparatus 104_1 performs training
114_2 on the reduced machine learning model (rMLm) 30_1
as previously described, updating the model parameters of
the adapter 34 only. The model update parameters 60_1 that
define the adapter 34 of the rMLm 30_1 after training 114_1
of the rMLm 30_1 by the client apparatus 104_1, are sent to
the server apparatus 102.

[0281] Separately, the client apparatus 104_2 performs
training 114_2 on the reduced machine learning model
(rMLm) 30_2 as previously described, updating the model
parameters of the adapter 34 only. The model update param-
eters 60_2 that define the adapter 34 of the rMLm 30_2 after
training 114_2 of the rMLm 30_2 by the client apparatus
104_2, are sent to the server apparatus 102.

[0282] Although the training 114_1, 114_2 are illustrated
as sequential they can occur in parallel (overlap in time).
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[0283] The server apparatus 102 then updates 116 the
machine learning model 10 using both the model update
parameters 60_1 and the model update parameters 60_2.
This can be described as an aggregated model update.
[0284] In some example, the model update parameters
60_1 and the model update parameters 60_2 are averaged
and then applied.

[0285] Insome examples, a capability indication 132_1 is
sent by the client apparatus 104_1 (for example in reply to
a capability request 130_1 sent to the client apparatus 104_1
by the server apparatus 102, or sent during a previous round,
for example, along with the model update parameters 60).
The creation 110 of the rMLm 30_1 can be dependent upon
this capability indication 132_1 (as described above).
[0286] In some examples, a capability indication 132_2 is
sent by the client apparatus 104_2 (for example in reply to
a capability request 130_2 sent to the client apparatus 104_2
by the server apparatus 102, or sent during a previous round,
for example, along with the model update parameters 60).
The creation 110 of the rMLm 30_2 can be dependent upon
this a capability indication 132_2 (as described above).
[0287] In some examples, the rML.m 30_1 and the rMLm
30_2 can be based on the same first part 12_1, second part
12_2 and third part 12_3 of the machine learning model 10.
The adapter 34 of the rMLm 30_1 is the same as the adapter
34 of the rMLm 30_2. In some examples, different com-
pression can be used to produce the first compressed emu-
lator (E1) 32_1 in the rMLm 30_1 and the first compressed
emulator (E1) 32_1 in the rMLm 30_2. The compression
can, for example, be dependent upon the capability of the
respective client apparatuses 104_1, 104_2. In some
examples, different compression can be used to produce the
second compressed emulator (E2) 32_2 in the tMLm 30_1
and the second compressed emulator (E2) 32_2 in the rMLm
30_2. The compression can, for example, be dependent upon
the capability of the respective client apparatuses 104_1,
104_2.

[0288] It is therefor possible to provide some or all client
apparatuses 104_1, 104_2 with a bespoke reduced machine
learning model 30_1, 30_2. The timing or number of rounds
120 for a client apparatus 104_1, 104_2 may also be
dependent upon processing capabilities of the client appa-
ratus 104_1, 104_2.

[0289] It other examples, a common reduced machine
learning model 30 is used that can be processed by all the
client apparatuses 104_1, 104_2 used. The timing or number
of rounds 120 may also be dependent upon processing
capabilities of the client apparatus 104 with the lowest
processing capability.

[0290] The process of the server apparatus 102 delegating
training of a machine learning model 10 to multiple client
apparatus 104, which report back updates to the machine
learning model 10 after training, that are then aggregated
into an update of the machine learning model 10 at the
server, can be described as federated learning.

[0291] In some examples, the client apparatus 104 deter-
mines gradients for its local loss function and reports these
to the server apparatus 102. The server apparatus can sum
these to obtain gradients for a global loss function and use
gradient descent to find the updated model parameters of the
machine learning model. This can be described as federated
gradient descent.

[0292] In some examples, the client apparatus 104 deter-
mines gradients for its local loss function and uses gradient
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descent to find the updated model parameters of the adapter
34 of the local reduced machine learning model 30. The
client apparatus then reports the updated local parameters of
the updated adapter 34 (as absolute values or as changes) to
the server apparatus 102. This can be described as federated
averaging.

[0293] Thus the server apparatus 102 averages the
received updated local parameters of the updated adapters
34, and updates the old adapter 34 with a combination
between the old one, and the computed average. If they are
layers of a neural network, and the received updated local
parameters of the updated adapters 34 are weights (coefli-
cient values), then the server apparatus 102 takes the average
of the each weight in the set of weights (coeflicient values)
across the client apparatus 104_1, 104_2 to create a new set
of weights (coeflicient values) x,,,.,, and updates the old set
of weights (coeflicient values) x,,, with the new set of
weights (coeflicient values) x,,..,.. for example, computed as
Ko™ A X (L-A)Xyerage: Where A is a real number
between 0 and 1. This is a convex combination of the old
values x,;, and those obtained by the clients x,,,,,.

[0294] If the clients train different adapters 34, then the
process is performed separately for the different adapters 34.
[0295] These approaches can be augmented or varied, for
example to add dynamic regularization and/or pruning and/
or weighted averaging of the updated model parameters
rather than simple averaging.

[0296] An objective is to converge reduce/minimize the
local loss/cost functions at the client apparatuses 104 with
reduction/minimization of a global loss objective. This can
be achieved by combining local training at multiple client
apparatuses 104 with a centralized update.

[0297] FIGS. 8A to 8D illustrate the updating of the
machine learning model 10 (F1G. 8A) at the server apparatus
102 via remote training rounds 120_1 (FIG. 8B), 120_2
(FIG. 8C), 120_3 (FIG. 8D) at the client apparatus 104
[0298] In this example but not necessarily all examples the
machine learning model 10 is an ANN comprising layers.
[0299] Ineach round 120_i, the server apparatus 102 splits
(partitions) the machine learning model 10 into an adapter
part 12_3 and one or more emulator parts 12_1, 12_2 and
compresses at least one of the emulator part 12_1, 12_2 to
create at least one compressed emulator 32_1, 32_2. The
server apparatus 102 then transmits the uncompressed
adapter 34 and compressed emulator(s) 32_1, 32_2 to the
client apparatus 104. The client apparatus 104 receives the
transmitted adapter 34 and the at least one compressed
emulator 32_1. 32_2 and then creates and trains the reduced
machine learning model 30 keeping the compressed emu-
lator(s) 32_1, 32_2 fixed/frozen while allowing the adapter
34 to be updated. The client apparatus 104 then transmits the
trained adapter 34 to the server apparatus 102. The server
apparatus 102 receives the trained adapter 34 from the client
apparatus 104 and updates the adapter part 12_3 of the
machine learning model 10 based on received trained
adapter 34.

[0300] The first emulator part 12_1 represents the layers
that have already been updated by training in previous
rounds and are now fixed/frozen for this round and subse-
quent rounds. The first emulator part 12_1 is not present in
the first round 120_1 (FIG. 8B), is layer 1 in the second
round 120_2 (FIG. 8C) and is layers 1 to 2 in the third round
120_3 (FIG. 8D) and will be layers 1 to m-1 is the m” round
120_m(not illustrated).
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[0301] The adapter part 12_3 is the layer being updated by
training in the current round 120_i. It is layer 1 in the first
round 120_1 (FIG. 8B), layer 2 in the second round 120_2
(FIG. 8C) and layer 3 in the third round 120_3 (FI1G. 8D) and
will be layer m in round m.

[0302] The second emulator part 12_2 represents the lay-
ers that have not been updated by training in previous rounds
and are not the adapter part 12_3 in the current round 120_;j
and are temporarily fixed/frozen for this round. The second
emulator part 12_2 is layers 2 to N (N=6) in the first round
120_1 (FIG. 8B), is layers 3 to N in the second round 120_2
(FIG. 8C) and is layers 4 to N in the third round 120_3 (FIG.
8D) and will be layers m+1 to N in the m” round 120_m(not
illustrated). In the example, the machine learning model 10
has N parts 12 (for example N layers or N blocks).

[0303] After N rounds the cycle completes, the whole
machine learning model 10 has been updated and the cycle
can repeat, for example with new training data 50. In at least
some examples, the same training data 50 is re-used in the
different rounds 120_i of a cycle so that the whole machine
learning model 10 has been updated based on the same
training data 50.

[0304] The adapter part 12_3 in the previous round (m-1)
is added to the end of the first emulator part 12_1 of the
previous round (m-1). The adapter part 12_3 in a current
round m is taken from the beginning of the second emulator
part 12_2 of the previous round (m-1).

[0305] Thus in the m™ round:

[0306] 1), the adapter 34 from the previous round (layer
m-~-1) has been added to the end of the first emulator
part 12_1 of the previous round. The first emulator part
12_1 is layers 1 to m-2 in the previous round before the
addition and is layers 1 to m-1 in the current round
after the addition of the layer m-1.

[0307] 1ii) the adapter 34 for the current round (layer m)
has been formed from the beginning portion of the
second emulator part 12_2 of the previous round.

[0308] iii) the second emulator part 12_2 is layers m to
N in the previous round and is layers m+1 to N in the
current round after the removal of layer m for use as the
adapter 34.

[0309] Each of FIGS. 8B, 8C, 8D illustrates a different
round 120. These FIGS. illustrated that the partitioning of
the machine learning model 10 changes (varies) with each
round 120 and consequently the reduced machine learning
model 30 changes (varies) with each round. The combina-
tion of adapter 34 and compressed emulator(s) 32 that define
the reduced machine learning model 30 therefore also
change (vary) per round 120.

[0310] The first compressed emulator (E2) 32_1 is con-
figured to emulate the first emulator part 12_1 of the
machine learning model 10 and is fixed in training at the
client apparatus 104. The adapter 34 is configured to repro-
duce the third part 12_3 of the machine learning model 10
and is updated during training at the client apparatus 104.
The second compressed emulator (E2) 32_2 is configured to
emulate the second part 12_2 of the machine learning model
10 and is fixed in training at the client apparatus 104.
[0311] Referring to FI1G. 8B, at the start of the first round
120_1, the server apparatus 102 splits (partitions) the
machine learning model 10 into an adapter part 12_3 (layer
1) and an emulator part 12_2 (layers 2 to 6) and compresses
the emulator part 12_3 to create emulator 32_2. The server
apparatus 102 then transmits the uncompressed adapter 34
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(layer 1) and second compressed emulator 32_2 to the client
apparatus 104. The client apparatus 104 receives the trans-
mitted adapter 34 (layer 1) and the second compressed
emulator 32_2 and then creates and trains the reduced
machine learning model 30 keeping the compressed emu-
lator 32_2 fixed/frozen while allowing the adapter 34 (layer
1) to be updated. The training uses local training data, with
only the adapter 34 (layer 1) being updated. The client
apparatus 104 then transmits the trained adapter 34 (layer 1)
to the server apparatus 102. The model update parameters 60
that define the adapter 34 (layer 1) after remote training 114
are sent to the server apparatus 102. The server apparatus
102 receives the trained adapter 34 (layer 1) from the client
apparatus 104. The server apparatus 102 updates layer 1 of
the machine learning model based on received trained
adapter 34. The first round 120_1 ends.

[0312] Referring to FIG. 8C, at the start of the second
round 120_2, the server apparatus 102 splits (partitions) the
machine learning model 10 (updated in the previous round)
into an adapter part 12_3 (layer 2) and a first emulator part
12_1 (layer 1) and a second emulator part 12_2 (layers 3 to
6) and compresses the second emulator part 12_2 to create
the second compressed emulator 32_2 and compresses the
first emulator part 12_1 to create the first compressed
emulator 32_1 . . . . The server apparatus 102 then transmits
the uncompressed adapter 34 (layer 2) and the compressed
emulators 32_1, 32_2 to the client apparatus 104. The client
apparatus 104 receives the transmitted adapter 34 (layer 2)
and the compressed emulators 32_1, 32_2 and then creates
and trains the reduced machine learning model 30 keeping
the compressed emulators 32_1, 32_2 fixed/frozen while
allowing the adapter 34 (layer 2) to be updated. The training
uses the same local training data as the previous round, with
only the adapter 34 (layer 2) being updated. The client
apparatus 104 then transmits the trained adapter 34 (layer 2)
to the server apparatus 102. The model update parameters 60
that define the adapter 34 (layer 2) after remote training 114
are sent to the server apparatus 102.

[0313] The server apparatus 102 receives the trained
adapter 34 (layer 2) from the client apparatus 104. The
server apparatus 102 updates layer 2 of the machine learning
model 10 based on received trained adapter 34. The second
round 120_2 ends.

[0314] Referring to FIG. 8D, at the start of the third round
120_3, the server apparatus 102 splits (partitions) the
machine learning model 10 (updated in the previous round)
into an adapter part 12_3 (layer 3) and a first emulator part
12_1 (layers 1 to 2) and a second emulator part 12_2 (layers
4 to 6) and compresses the second emulator part 12_2 to
create the second compressed emulator 32_2 and com-
presses the first emulator part 12_1 to create the first
compressed emulator 32_1. The server apparatus 102 then
transmits the uncompressed adapter 34 (layer 3) and the
compressed emulators 32_1, 32_2 to the client apparatus
104. The client apparatus 104 receives the transmitted
adapter 34 (layer 3) and the compressed emulators 32_1,
32 2 and then creates and trains the reduced machine
learning model 30 keeping the compressed emulators 32_1,
32_2 fixed/frozen while allowing the adapter 34 (layer 3) to
be updated. The training uses the same local training data as
the previous round, with only the adapter 34 (layer 3) being
updated. The client apparatus 104 then transmits the trained
adapter 34 (layer 3) to the server apparatus 102. The model
update parameters 60 that define the adapter 34 (layer 3)
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after remote training 114 are sent to the server apparatus
102. The server apparatus 102 receives the trained adapter
34 (layer 3) from the client apparatus 104. The server
apparatus 102 updates layer 3 of the machine learning model
10 based on received trained adapter 34. The third round
120_3 ends.

[0315] This process is repeated round by round. In each
successive round, the third part 12_3 (the adapter part) of the
machine learning model 10 (after update in the previous
round) advances (one layer in this example) through the
machine learning model 10. The first part 12_1 (first emu-
lator part) and the second part 12_2 (second emulator part)
consequentially change.

[0316] In this way the whole of the machine learning
model 10 is trained layer by layer (round by round).
[0317] Inthis example, in each successive round, the third
part 12_3 defining the adapter 34 advances sequentially (one
layer/block at a time in this example) through the machine
learning model. The third part 12_3 in a particular round,
immediately precedes and is contiguous to the third part
12_3 in the next round.

[0318] As the third part 12_3 advances sequentially
through the machine learning model 10, part by part, the first
part 12_1 (the first emulator part) expands to become the
combination of the first part 12_1 and the third part 12_3 of
the previous round and the second part 12_2 contracts so that
the second part 12_2 and the third part 12_3 in combination
is the same as the second part 12_2 in the previous round.
[0319] FIGS. 9A and 9B illustrate an extension of the
example illustrated in FIGS. 8A to 8D to a system 100 using
multiple client apparatus 104. The method as described for
FIGS. 8A to 8D occurs separately for each client apparatus
104_1, 104_2 and the update to the machine learning model
10 performed by the server apparatus 102 uses the updated
adapters 34 returned, after training, by the client apparatuses
104_1, 104_2.

[0320] In at least some examples, the training at the first
client apparatus 104_1 uses training data that is private to
that first client apparatus 104_1 and the training at the
second client apparatus 104_2 uses training data that is
private to that second client apparatus 104_2. In FIG. 9A a
common reduced machine learning model (rMLm) 30 is
trained separately at the first client apparatus 104_1 and at
the second client apparatus 104_2. The common reduced
machine learning model (rMLm) 30 has an adapter 34
formed from the adapter part 12_3 of the machine learning
model 10. The client apparatuses 104 train the same rMLm
30 using different training data and return the updated
adapters 34 to the server apparatus 102 which updates the
machine learning model 10.

[0321] InFIG. 9B a first reduced machine learning model
(rMLm) 30_1 is trained separately at the first client appa-
ratus 104_1 and a second reduced machine learning model
(rMLm) 30_2 is trained separately at the second client
apparatus 104_2. The first reduced machine learning model
(rMLm) 30_1 and the second reduced machine learning
model (rMLm) 30_2 are different. In the example illustrated
the first reduced machine learning model (rMLm) 30_1 and
the second reduced machine learning model (rMLm) 30_2
are different because they have different adapters 34 (dif-
ferent adapter parts 12_3 of the machine learning model 10).
In other examples the first reduced machine learning model
(rMLm) 30_1 and the second reduced machine learning
model (rfMLm) 30_2 are different because they have the
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same adapter 34 (same adapter part 12_3 of the machine
learning model 10) but have different compressed emulators
32 representing the same parts of the machine learning
model. This may be because a different compression is
performed for a compressed emulator 32 used at the first
client apparatus 104_1 compared to compression performed
for a compressed emulator 32 used at the second client
apparatus 104_2. The different compression can, for
example, be controlled in dependence upon different pro-
cessing capabilities of the client apparatus 104, as previ-
ously described.

[0322] In at least some examples, the variation in the
partitioning of the machine learning model 10 to define the
adapter 34 is performed according to an automated schedule.

[0323] In the example illustrated the machine learning
model 10 has N parts 12 (for example N layers or N blocks).
In each round the third part 12_3 is a different one of the
parts 12 (a different one of the N layers or a different one of
the N blocks). In this example, but not necessarily all
examples, each part 12 (for example, each layer or each
block) of the machine learning model 10 is used as a third
part 12_3 with the same average frequency. In this example,
but not necessarily all examples, the parts (for example, the
layers or blocks) are used in sequential order as the third part
12_3 in successive rounds.

[0324] The schedule can, for example, be a data structure
that specifies which parts 12 are to be used as the adapter 34
in successive rounds. In the example illustrated the schedule
would specify (layer 1, layer 2, layer 3, layer 4, layer 5, layer
6). This schedule can repeat in cycles. However other
schedules could be used, such as for example (layer 1, layer
3, layer 5, layer 2, layer 4, layer 6) or other orders are
possible.

[0325] The server apparatus 102 is therefore configured to
separately train 114 each of a series of different adapters 34
wherein each adapter 34 in the series of different adapters 34
is a different adapter part 12_3 of a machine learning model
10. This comprises: selecting an adapter 34 from the series
of different adapters 34 for remote training 114; generating
at least one compressed emulator 32 configured to emulate
a part 12_1, 12_2 of the machine learning model 10 which
is coupled to the selected adapter 34; sending to the client
the at least one compressed emulator 32_1, 32_2 and the
selected adapter 34 as a reduced machine learning model 30
based on the selected adapter 34; and receiving, from the
client, model update parameters 60 that define the selected
adapter 34 after remote training 114, at the client apparatus
104, of the reduced machine learning model 30 based on the
selected adapter 34; updating the machine learning model 10
comprising updating the adapter part 12_3 of the machine
learning model 10 (the selected adapter 34) using the model
update parameters 60.

[0326] In at least some examples, this updating of the
machine learning model 10 does not comprise updating the
parts of the machine learning model 10 other than the
adapter part 12_3. The parts of the machine learning model
10 other than the adapter part 12_3 are fixed (not remote
trained). Updating the machine learning model 10 consists
of updating only the adapter part 12_3 of the machine
learning model 10.

[0327] The first part 12_1 of the machine learning model
10 and the adapter part 12 of the machine learning model 10
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(the adapter 34) are combined to create, for the next training
round 120, a first part 12_1 of the machine learning model
10.

[0328] A portion of the second part 12_2 of the machine
learning model 10 adjacent the adapter part 12 of the
machine learning model 10 creates, for the next training 114
round 120, the adapter part 12 of the machine learning
model 10.

[0329] Thus, for a training round 120, the adapter part
12_3 of the machine learning model 10 for a round 120,
comprises at least a leading portion of the second part 12_2
of the machine learning model 10 for the previous training
round 120.

[0330] As previously described. the same local training
data 50 can be used at a client apparatus 104 for a plurality
of training epochs in a training round 120, before providing
the model update parameters 60 to the server once per
training round 120.

[0331] In at least some examples, the client apparatus 104
is configured to determine the output of the first compressed
emulator (E1) 32_1 based on the local training data 50 for
a first epoch of the training round 120 and to then re-use the
output of the first compressed emulator (E1) 32_1, without
redetermination, in subsequent epochs of the training round
120. After determining the output of the first compressed
emulator (E1) 32_1 based on the local training data 50 for
a first epoch of the training 114 round 120, that output is
stored in a memory. The stored output is then accessed and
re-used as the output of the first compressed emulator (E1)
32_1 in subsequent epochs of the round. The output of the
first compressed emulator (E1) 32_1 is therefore determined
once per round in the first epoch and then reused in subse-
quent epochs of that round 120. This is possible because the
first compressed emulator (E1) 32_1 is fixed (not updated).
[0332] As the compressed emulators 32_1, 32_2 are fixed
through the round 120 and are not updated at any iteration
within the round 120, then only the adapter 34 is updated at
each iteration of the round 120.

[0333] A consequence of this is that, if back-propagation
is used, the back-propagation only needs to be continued
backwards through the second compressed emulator 32_2 to
include the adapter 34. The back-propagation does not need
to be continued backwards through beyond the adapter 34.
The client apparatus 104 does not therefore need to train the
whole of the reduced machine learning model 30. It only
needs to update the adaptor 34.

[0334] There is clearly a benefit to calculating inputs to the
adapter 34 once in a training round 120.

[0335] Some advantage can also arise from using a
sequential schedules e.g. (layer 1, layer 2, layer 3 . . . )
[0336] FIG. 10A illustrates an example of the system 100
as described with reference to FIGS. 8A to 8D, in which the
adapter advances sequentially, part-by-part (layer-by-layer)
through the model 10.

[0337] In some, but not necessarily all examples, the
sequential advancement of the adapter 34, part-by-part 12
(for example, layer by layer in an artificial neural network),
has certain advantages at the client apparatus 104 when the
same training data is used in successive rounds 120.
[0338] In at least some examples, as illustrated in FIG.
10A, the output of a trained adapter 34, in a current round
120_4, is saved for use in the next round 120_j+1. The saved
output of the trained adapter 34, for the immediately pre-
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ceding round 120_;-1, is used 200 as the input to the adapter
34 in the current round 120_i.

[0339] Thus the client apparatus 104 is configured to
determine and store the output of the trained adapter 34,
based on the local training data 50, for the last epoch of a m™
training round 120 and to then use 200 that stored output of
the trained adapter 34 (m” training round), without redeter-
mination, in the next round ((m+1)th round) as an input to
the updatable adapter 34 of that round ((m+1)th round).
[0340] As a consequence, it is not necessary to create the
first compressed emulator 32_1 at the server apparatus 102
and it is not necessary to transfer the first compressed
emulator 32_1 to the client apparatus 104.

[0341] This approach is suitable when the third part 12_3
of the machine learning model 10 updated by the server
apparatus 102 is only updated in dependence upon the client
apparatus 104, such that the client apparatus 104 knows that
its local adapter 34 represents the updated third part 12_3 of
the machine learning model 10. This information may be
communicated to the client apparatus 104 by the server
apparatus 102.

[0342] This approach may not be suitable when the third
part 12_3 of the machine learning model 10 updated by the
server apparatus 102 is updated in dependence upon mul-
tiple client apparatuses 104, such that no client apparatus
104 knows the recent server-updated third part 12_3 of the
machine learning model 10.

[0343] In this (federated) example, as illustrated in FIG.
10B, the input to the adapter 34, in a current round 120_i, is
saved for use 202 in the next round 120_i+1. The saved input
of the adapter 34, for the immediately receding round
120_i-1, is used 202 as the input to updated part of the
model corresponding to the adapter of the preceding round
120_i-1.

[0344] Thus in the second round 120_2, the output from
layer 1 (L1) is stored for use 202 in the next round. The
adapter 34 corresponds to layer 2 (L2), hence, the trained
version is communicated to the server apparatus 102 which
performs a federated update to layer 2 (1.2).

[0345] In the third round, the server apparatus 102 pro-
vides the updated layer 2 (I.2), the adapter 34 (A) and the
second compressed emulator 32_2 (E2) to the client appa-
ratus 104. The adapter 34 is layer 3 (L3). The second
compressed emulator 32_2 is a compressed version of layers
4 to 6. The stored output from layer 1 (L1), which was stored
in the previous round, is provided 202 as an input to the
updated layer 2 (L2) received from the server apparatus 102.
The output from layer 2 (L2) is provided to the adapter 34
(L3). The output from layer 2 is stored for use in the next
round 120_4. The trained version of the adapter 34 (1.3) is
communicated to the server apparatus 102 which performs
a federated update to layer 3 (L3).

[0346] In the fourth round, the server apparatus 102 pro-
vides the updated layer 3 (L3), the adapter 34 (A) and the
second compressed emulator 32_2 (E2) to the client appa-
ratus 104. The adapter 34 is layer 4 (L4). The second
compressed emulator 32_2 is a compressed version of layers
5 to 6. The stored output from layer 2 (L2), which was stored
in the previous round, is provided 202 as an input to the
updated layer 3 (1.3) received from the server apparatus 102.
The output from layer 3 (L3) is provided to the adapter 34
(L4). The output from layer 3 (L3) is stored for use in the
next round (not illustrated). The trained version of the
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adapter 34 (L4) is communicated to the server apparatus 102
which performs a federated update to layer 4 (L4).

[0347] As a consequence, it is not necessary to create the
first compressed emulator 32_1 at the server apparatus 102
and it is not necessary to transfer the first compressed
emulator 32_1 to the client apparatus 104. Instead, only that
part of the machine learning model 10 that has been updated
is transferred.

[0348] Thus using a sequential schedule can allow a
reduced number of calculations to calculate the inputs to the
adapter 34. Using this approach also reduces the communi-
cation overhead.

[0349] In the above example, the third parts 12_3 (the
adapter parts) of the machine learning model 10 are con-
tiguous in successive training rounds 120. In the examples
described, the index/block/layer number of the adapter could
be (round 1=block/layer 1, round 2=block/layer 2, round
3=block/layer 3, etc.)

[0350] This approach has the advantage that the server
does not have to transmit a full first emulator (e.g. repro-
ducing behaviour of: blocks 1-=adapter block-1). Instead it
only needs to transmit a partial emulator (i.e. the (updated)
blocks used for the adapter in the previous round), therefore
reducing communication resources. The client apparatus
104 doing the training can also use “saved activations” from
part-way through the machine learning model (reducing the
amount of computations on the client apparatus 104).

[0351] This approach has applications to other training
routines and the contiguous adapter position in successive
training rounds is not an essential requirement.

[0352] Considering, the following adapter position sched-
ule: (round 1=block/layer 1, round 2=block/layer 4, round
3=block/layer 8). The same approach can still be used
(transmitting only a partial emulator).

[0353] Inround 3, the adapter position is block/layer 8 and
in the immediately preceding round 120, round 2, the
adapter position is block/layer 4.

[0354] 1In a current round, the partial emulator transmitted
is the adapter block updated in the previous round and any
intervening (frozen) blocks between (and not including) the
adapter position in the previous round 120 and the adapter
position in the current round. For example, in round 3, the
partial emulator transmitted is the adapter block (e.g. block/
layer 4) updated in the previous round (e.g. block 4) and any
intervening (frozen) blocks (e.g. block/layer 5 to block/layer
7) between (and not including) the adapter position (e.g.
block/layer 4) in the previous round 120 (round 2) and the
adapter position (e.g. block/layer 8) in the current round
(round 3).

[0355] Advantages can then be achieved by having an
index/block/layer number of the adapter that increase each
training round (consecutive increasing index/block/layer by
index/block/layer is not necessary in all examples)

[0356] Let us consider the following use case.

[0357] Alarge generalized machine learning model 10, for
example a large language model, updated on various differ-
ent application-specific datasets to create different applica-
tion specific model. The machine learning model 10 is called
a foundation models (FM) because of its generalization
abilities. Sources of public data for training the machine
learning model to create a foundation model are limited. It
would be desirable to use data generated by users while
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using their personal devices, e.g., smartphones, smart-
watches, earbuds, etc., without affecting their privacy or
draining their batteries

[0358] A large generalized machine learning model 10
exists in a server apparatus 102 and it is desired to access
more training data to improve it while maintaining the
machine learning model 10 as a generalized model (as
opposed to creating an application specific model). The
end-result desired is an improved generalizable machine
learning model 10.

[0359] The system 100 makes use of users’ local data as
training data 50 for private training but the ultimate goal is
not to improve the local models. The system 100 uses a
global update at the server apparatus 102 for scale and
consolidation, and local training 114 at the client appara-
tuses for data diversity.

[0360] The system 100 uses distributed and privacy-pre-
serving training 114 which works in rounds 120. At each
round 120, the users’ devices train a shared rMLm 30 using
local private data as training data 50. The local training 14
updates the adapter 34 of the local rMLm 30.

[0361] The machine learning model 10 is locally trained as
a reduced machine learning model 30 where one or more
compressed emulators 32 are kept fixed (“frozen™) to reduce
the training 114 overhead. Only the adapter 34 is updated
during the local training 114.

[0362] These features allow the reduced machine learning
model 30 to be trained or used for inference on a user device,
when it may be impossible or impractical to use the machine
learning model 10.

[0363] At the end of each local round 120, each user client
apparatus 104 uploads the model update parameters 60 that
define the adapter 34 after training 114 of the local rMLm 30
(e.g. gradients).

[0364] With federated gradient descent (FGD), gradient is
computed locally by multiple client apparatuses 104 and
communicated to the server apparatus 102. With federated
averaging, is a specific (baseline) for FGD in which the
aggregation at the server side happens by averaging the
gradients from the clients. Versions differ by how local
optimization is performed, and how updates (gradients or
weights) are communicated to the server apparatus 102 (and
vice versa), and by how they are aggregated

[0365] The server apparatus 102 aggregates the model
update parameters 60 from multiple client apparatuses into
a new global ML model 10. Then, the updated global model
10 is used to generate a new rMLm 30 which is communi-
cated to the users’ client apparatuses 104 to start a new
training round 120. The training data 50 never leaves the
user’s client apparatus 104 because training 114 using the
training data 50 is performed locally.

[0366] In more detail, the server apparatus 102 initializes
a new training round 120 by extracting a third part 12_3 (a
specific module), the adapter 34, and reduces the remaining
parts 12_1, 12_2 of an ANN using compression techniques.
Those parts 12_1, 12_2 after compression are called emu-
lators 32_1, 32_2, and are kept frozen/fixed locally during
training 114, and are not updated by the clients 104, which
only train the adapter 34.

[0367] Then, the clients 104 send back to the server
apparatus 102 only the updated adapters 34, which are then
aggregated by the server apparatus 102 to output a new
global model 10. During the subsequent training rounds 120,
other third parts 12_3 (e.g. modules/blocks/layers) are
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selected as adapters 34 and are trained locally at the clients
104, obtaining at the end a fully updated foundation model
10.

[0368] In the following example, the machine learning
model 10 is an ANN with arbitrary number of layers and
architectures, but in some examples, a large foundation
model comprises multiple layers of attention/transformer
and/or convolutional, dense/linear layers.

[0369] At the beginning of the first round 120, an
untrained or pre-trained model 10 is located on the server
apparatus 102.

[0370] Inthe case of the pre-trained model 10, the original
training dataset might be either stored on the server appa-
ratus 102 or be unavailable. This dataset is considered
private and cannot be shared with the local client apparatus
104 (e.g., smartphones).

[0371] A partition of the server dataset will be used to
evaluate the model 10 in the final step, to assess whether the
federated training 114 has improved the foundation model.
[0372] The server apparatus 102 generates 110 a reduced
machine learning model (rMLm) 30 from the machine
learning model 10. Assuming that the machine learning
model 10 is a deep neural network, the server apparatus 102
generating 110 a reduced machine learning model (rMLm)
30 selects a layer (or sets of layers) as a third part 12_3 (an
adapter part) to form the adapter 34. Different adapters 34
are chosen for different rounds 120.

[0373] The first adapter 34 is chosen at the beginning of
the first round 120, then the second adapter 34 in the second
round 120, and so on until passing through the whole model
10 once before going back to the first adapter 34. This way,
local clients 104 can further minimize the number of local
computations (during a round 120) by computing the input
to the adapter 34 (i.e., hidden representations) only once (for
the first epoch of the round 120), and use such representa-
tions during training 114 (during subsequent epochs of the
round 120).

[0374] The adapter 34 is the only part 12 of the artificial
neural network that is sent to the local device as a trainable
block. A first part 12_1 (a first block) precedes the adapter
34 and a second part 12_2 (a second block) follows the
adapter 34. The first block 12_1 and the second block 12_2
are replaced in the reduced machine learning model (rMLm)
30 by a first compressed emulator (E1) 32_1 and a second
compressed emulator (E2) 32_2 respectively to reduce the
overall size of the network.

[0375] The first compressed emulator (E1) 32_1 and the
second compressed emulator (E2) 32_2 are kept fixed (“fro-
zen”) to reduce the training 114 overhead.

[0376] The compressed model, the rMLm 30, with the
trainable adapter 34 is transferred 112 to the local client
apparatus 104, where it is trained using the local training
data 50. Annotations or labels from the user is not required
if the training 114 follows the self-supervised learning
protocol. In some examples, contrastive learning with Sia-
mese ANN is used. A Siamese ANN is a class of ANN
architectures that contain two or more identical sub-net-
works with the same configuration and the same model
parameters e.g. weights. Only the adapter 34 is updated
during the training 114 process while the emulators 32 are
fixed. In this example, training occurs for at least two epochs
per round 120. The number of epochs used can be identified
on a dataset-by-dataset basis (for the training data 50).
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[0377] After local training 114 at the client apparatus 104,
the newly trained adapter 34 is sent back to the server
apparatus 102 to be integrated 116 into the original model
10, according to the federated learning protocol. It is sent as
model update parameters 60. This occurs for multiple client
apparatuses 104. In this step, other local clients 104 (at least
two) have trained independent adapters 34 that will all be
sent to the server apparatus 102 in parallel.

[0378] The server apparatus 102 performs federated aver-
aging (FedAvg) by combining all the model update param-
eters 60 from different clients 104 and replacing the original
adapter 34 of the machine learning model 10. This averaging
process ensures that the global model 10 benefits from the
knowledge learned on different clients 104 while preserving
privacy. Last, the impact of the federated training 114 is
assessed on the held-out dataset that decides whether the
process will continue (e.g. using at least five rounds 120 and
an early-stopping policy).

[0379] After a complete federated round 120, the server
apparatus 102 picks a new block as the new adapter 34 and
commences the new round 120 by generating 110 a new
rMLm 30.

[0380] The system 100 was tested in Python using the
PyTorch and Flower libraries, using a large ResNet 18
model of almost 12 million parameters for the machine
learning model 10. This model is of such a size that it cannot
be run on constrained devices such as smartphones, there-
fore motivating the parameter-efficient distributed method.
FIG. 2B illustrates an example of a Resnet_10 machine
learning model 10.

[0381] Using benchmark image recognition dataset
CIFAR_100 distributed to 5 client apparatus 104 without
data overlap between clients 104, performance (accuracy)
was evaluated on the held-out test set using a kNN classifier
applied to the learned representations of the updated model.
[0382] Different numbers of training epochs per round
were trialed. The number of local training 114 epochs (per
round 120) can impact the quality of the machine learning
model 10.

[0383] As illustrated in FIG. 11A, the machine learning
model 10 improves accuracy with increasing rounds 120.
Compared to a static pre-trained model, the more we train
locally and the more updates we send back to the central
model (the more rounds 120), the better the model performs.
With higher numbers of local epochs, the model learns better
representations of the local data. This shows that the strategy
is particularly data-efficient because it just requires more
training steps with the same amounts of data or number of
parameters.

[0384] In at least some examples, the server apparatus 102
and or the client apparatus 104 is configured to vary the
number of epochs per training round 120. In some example,
the server apparatus 102 provides a constraint as to a
minimum and/or a maximum number of training epochs per
round. The client apparatus 104 then uses a number of
epochs within the constrained range.

[0385] In at least some examples, the client apparatus 104
generates a performance measure and stops training once a
target performance has been reached. Thus the number of
epochs per round varies. The target performance can for
example be communicated by the server apparatus 102.
[0386] The accuracy performance increases with increas-
ing numbers of epochs per round and increasing numbers of
rounds.
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[0387] Different sizes (number of layers) of adapters 34
were trialed. A third part 12_3 (also referred to as adapter
part 12_3 or module 12_3) is comprised of one residual
block and each residual block has two layers.

[0388] The trialed adapter 34 sizes include 10x smaller
and 20x smaller. As illustrated in FIG. 11B, there is minimal
performance drop when the adapter is 0™ the size of the
machine learning model 10. Therefore processing and com-
munication overhead are reduced with little reduction in
performance.

[0389] When the adapter is 0™ the size of the machine
learning model 10 (compared to the machine learning model
10) there is:

[0390] a 44% reduction in the number of model param-
eters;
[0391] a 95% reduction in upload communication to the

server apparatus 102 from the client apparatus 104;

[0392] a 72% reduction in the download communica-
tion from the server apparatus 102 to the client appa-
ratus 104,

[0393] Note that despite including the full model 10 in the
trial, such a model cannot realistically run on a personal
device.

[0394] A machine learning model 10 can be trained on
unique telecommunications-related textual and multimodal
data. Then, it can be securely shipped to client apparatus 104
to learn from additional data private to those client appara-
tuses 104. The gains are two-fold: an improved centralized
model 10 with more diverse data and users benefit from a
model 10 that has been trained broadly in a privacy-pre-
serving manner.

[0395] The above described example methods are particu-
larly adapted for the implementation in that the design is
motivated by technical considerations of the internal func-
tioning of the system or network e.g. compression of emu-
lators, transfer and storage and processing of compressed
emulators. The examples are designed to exploit particular
technical properties of the technical system on which they
are implemented to bring about a technical effect such as
efficient use of computer storage capacity, network band-
width, power consumption

[0396] The methods also assign the execution of data-
intensive training of a machine-learning algorithm to clients
and preparatory steps to a server to take advantage of a
server-client architecture.

[0397] The training data and the training of the reduced
machine learning model is technical in that there is distrib-
uted training across multiple clients and the training data at
each client is secured and remains private.

[0398] The machine learning model 10 can find applica-
tion in many fields of technology. For example:

[0399] classification of digital images, videos, audio, or
speech signals based on low-level features (e.g. edges
or pixel attributes for images).

[0400] controlling a technical system or process, e.g. a
computer-controlled classification system or industrial
process

[0401] determining from measurements a adaptation to
an industrial process;

[0402] digital audio, image or video enhancement or
analysis,
[0403] separation of sources in speech signals; speech

recognition,
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[0404] encoding data for reliable and/or efficient trans-
mission or storage (and corresponding decoding); com-
pression of audio, image, video or sensor data;

[0405] encrypting/decrypting or signing electronic
communications;

[0406] determining a technical parameter (e.g. energy
expenditure, core temperature) by processing data
obtained from sensors;

[0407] providing a reliability estimate for technical
information e.g. a genotype

[0408] providing a medical diagnosis by an automated
system processing physiological measurements.

[0409] deriving or predicting a physical state of an
existing real object from measurements of physical
properties

[0410] causally linking sensor data provided as inputs to
the ML model to control command outputs for control-
ling apparatus provided as outputs of the ML model.

[0411] FIG. 12 illustrates an example of a controller 400
suitable for use in an apparatus. The apparatus can be the
server apparatus 102. The apparatus can be the client appa-
ratus 104. Implementation of a controller 400 may be as
controller circuitry. The controller 400 may be implemented
in hardware alone, have certain aspects in software including
firmware alone or can be a combination of hardware and
software (including firmware).
[0412] As illustrated in FIG. 12 the controller 400 may be
implemented using instructions that enable hardware func-
tionality, for example, by using executable instructions of a
computer program 406 in a general-purpose or special-
purpose processor 402 that may be stored on a computer
readable storage medium (disk, memory etc) to be executed
by such a processor 402.
[0413] The processor 402 is configured to read from and
write to the memory 404. The processor 402 may also
comprise an output interface via which data and/or com-
mands are output by the processor 402 and an input interface
via which data and/or commands are input to the processor
402.
[0414] The memory 404 stores a computer program 406
comprising computer program instructions (computer pro-
gram code) that controls the operation of an apparatus when
loaded into the processor 402. The computer program
instructions, of the computer program 406, provide the logic
and routines that enables the apparatus to perform the
methods illustrated in the accompanying FIGS. The proces-
sor 402 by reading the memory 404 is able to load and
execute the computer program 406.
[0415] The (client) apparatus 104 comprises:

[0416] at least one processor 402; and

[0417] at least one memory 404 including computer
program code,

[0418] the at least one memory storing instructions that,
when executed by the at least one processor 402, cause
the apparatus at least to:

[0419] receive, from the server, a second compressed
emulator configured to emulate a second fixed part of
the machine learning model,

[0420] receive, from the server, an adapter configured
to reproduce a third trainable part of the machine
learning model, wherein the third trainable part is
intermediate the first part and the second part;
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[0421] create a local reduced machine learning model
by using the adapter to provide inputs to the second
compressed emulator;

[0422] perform training of the local reduced machine
learning model using local training data to obtain
model update parameters that define the adapter after
training of the local machine learning model; and

[0423] provide the model update parameters to the
server.

[0424] The (server) apparatus 102 comprises:
[0425] at least one processor 402; and
[0426] at least one memory 404 including computer

program code,

[0427] the at least one memory storing instructions that,
when executed by the at least one processor 402, cause
the apparatus at least to:

[0428] create a reduced machine learning model com-
prising:

[0429] a second compressed emulator configured to
emulate a second fixed part of the machine learning
model;

[0430] an adapter configured to reproduce a third
trainable part of the machine learning model,

[0431] wherein the adapter is configured to provide
inputs to the second compressed emulator;

[0432] send to the client the second compressed emu-
lator;

[0433] send to the client the adapter; and

[0434] receive, from the client, model update param-

eters that define the adapter afier training, at the client,

of the reduced machine learning model.

[0435] As illustrated in FIG. 13, the computer program
406 may arrive at the apparatus 102, 104 via any suitable
delivery mechanism 408. The delivery mechanism 408 may
be, for example, a machine readable medium, a computer-
readable medium, a non-transitory computer-readable stor-
age medium, a computer program product, a memory
device, a record medium such as a Compact Disc Read-Only
Memory (CD-ROM) or a Digital Versatile Disc (DVD) or a
solid-state memory, an article of manufacture that comprises
or tangibly embodies the computer program 406. The deliv-
ery mechanism may be a signal configured to reliably
transfer the computer program 406. The apparatus may
propagate or transmit the computer program 406 as a
computer data signal.
[0436] Computer program instructions for causing a
(server) apparatus 102 to perform at least the following or
for performing at least the following:

[0437] creating a reduced machine learning model com-

prising;:

[0438] a second compressed emulator configured to
emulate a second fixed part of the machine learning
model;

[0439] an adapter configured to reproduce a third
trainable part of the machine learning model,
[0440] wherein the adapter is configured to pro-

vide inputs to the second compressed emulator;
[0441] sending to the client the second compressed
emulator;
[0442] sending to the client the adapter; and
[0443] receiving, from the client, model update param-
eters that define the adapter afier training, at the client,
of the reduced machine learning model.
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[0444] Computer program instructions for causing a (cli-
ent) apparatus 104 to perform at least the following or for
performing at least the following:

[0445] receiving, from the server, a second compressed
emulator configured to emulate a second fixed part of
the machine learning model;

[0446] receiving, from the server, an adapter configured
to reproduce a third trainable part of the machine
learning model, wherein the third trainable part is
intermediate the first part and the second part;

[0447] creating a local reduced machine learning model
by using the adapter to provide inputs to the second
compressed emulator;

[0448] performing training of the local reduced
machine learning model using local training data to
obtain model update parameters that define the adapter
after training of the local machine learning model; and

[0449] providing the model update parameters to the
server.

[0450] The computer program instructions may be com-
prised in a computer program, a non-transitory computer
readable medium, a computer program product, a machine
readable medium. In some but not necessarily all examples,
the computer program instructions may be distributed over
more than one computer program.

[0451] Although the memory 404 is illustrated as a single
component/circuitry it may be implemented as one or more
separate components/circuitry some or all of which may be
integrated/removable and/or may provide permanent/semi-
permanent/dynamic/cached storage.

[0452] Although the processor 402 is illustrated as a single
component/circuitry it may be implemented as one or more
separate components/circuitry some or all of which may be
integrated/removable. The processor 402 may be a single
core or multi-core processor.

[0453] References to  ‘computer-readable  storage
medium’, ‘computer program product’, ‘tangibly embodied
computer program’ etc. or a ‘controller’, ‘computer’, ‘pro-
cessor’ etc. should be understood to encompass not only
computers having different architectures such as single/
multi-processor architectures and sequential (Von Neu-
mann)/parallel architectures but also specialized circuits
such as field-programmable gate arrays (FPGA), application
specific circuits (ASIC), signal processing devices and other
processing circuitry. References to computer program,
instructions, code etc. should be understood to encompass
software for a programmable processor or firmware such as,
for example, the programmable content of a hardware device
whether instructions for a processor, or configuration set-
tings for a fixed-function device, gate array or program-
mable logic device etc.

[0454] As used in this application, the term ‘circuitry” may
refer to one or more or all of the following:

[0455] (a) hardware-only circuitry implementations
(such as implementations in only analog and/or digital
circuitry) and

[0456] (b) combinations of hardware circuits and soft-
ware, such as (as applicable): (i) a combination of
analog and/or digital hardware circuit(s) with software/
firmware and (ii) any portions of hardware processor(s)
with software (including digital signal processor(s)),
software, and memory or memories that work together
to cause an apparatus, such as a mobile phone or server,
to perform various functions and
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[0457] (c) hardware circuit(s) and or processor(s), such
as a microprocessor(s) or a portion of a microprocessor
(s), that requires software (for example, firmware) for
operation, but the software may not be present when it
is not needed for operation.

[0458] This definition of circuitry applies to all uses of this
term in this application, including in any claims. As a further
example, as used in this application, the term circuitry also
covers an implementation of merely a hardware circuit or
processor and its (or their) accompanying software and/or
firmware. The term circuitry also covers, for example and if
applicable to the particular claim element, a baseband inte-
grated circuit for a mobile device or a similar integrated
circuit in a server, a cellular network device, or other
computing or network device.

[0459] The method blocks illustrated in the accompanying
FIGS. may represent steps in a method and/or sections of
code in the computer program 406. The illustration of a
particular order to the blocks does not necessarily imply that
there is a required or preferred order for the blocks and the
order and arrangement of the block may be varied. Further-
more, it may be possible for some blocks to be omitted.
[0460] Where a structural feature has been described, it
may be replaced by means for performing one or more of the
functions of the structural feature whether that function or
those functions are explicitly or implicitly described.
[0461] The systems, apparatus, methods and computer
programs may use machine learning which can include
statistical learning. Machine learning is a field of computer
science that gives computers the ability to learn without
being explicitly programmed. The computer learns from
experience E with respect to some class of tasks T and
performance measure P if its performance at tasks in T, as
measured by P, improves with experience E. The computer
can often learn from prior training data 50 to make predic-
tions on future data. Machine learning includes wholly or
partially supervised learning and wholly or partially unsu-
pervised learning. It may enable discrete outputs (for
example classification, clustering) and continuous outputs
(for example regression). Machine learning may for
example be implemented using different approaches such as
cost function minimization, artificial neural networks, sup-
port vector machines and Bayesian networks for example.
Cost function minimization may, for example, be used in
linear and polynomial regression and K-means clustering.
Artificial neural networks, for example with one or more
hidden layers, model complex relationship between input
vectors and output vectors. Support vector machines may be
used for supervised learning. A Bayesian network is a
directed acyclic graph that represents the conditional inde-
pendence of a number of random variables.

[0462] As used here ‘hardware module’ refers to a unit or
apparatus that excludes certain parts/components that would
be added by an end manufacturer or a user. The client
apparatus 104 can be a hardware module.

[0463] The above-described examples find application as
enabling components of:

[0464] automotive systems; telecommunication sys-
tems; electronic systems including consumer electronic
products; distributed computing systems; media sys-
tems for generating or rendering media content includ-
ing audio, visual and audio visual content and mixed,
mediated, virtual and/or augmented reality; personal
systems including personal health systems or personal
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fitness systems; navigation systems; user interfaces
also known as human machine interfaces; networks
including cellular, non-cellular, and optical networks;
ad-hoc networks; the internet; the internet of things;
virtnalized networks; and related sofiware and services.
[0465] The apparatus can be provided in an electronic
device, for example, a mobile terminal, according to an
example of the present disclosure. It should be understood,
however, that a mobile terminal is merely illustrative of an
electronic device that would benefit from examples of
implementations of the present disclosure and, therefore,
should not be taken to limit the scope of the present
disclosure to the same. While in certain implementation
examples, the apparatus can be provided in a mobile termi-
nal, other types of electronic devices, such as, but not limited
to: mobile communication devices, hand portable electronic
devices, wearable computing devices, portable digital assis-
tants (PDAs), pagers, mobile computers, desktop computers,
televisions, gaming devices, laptop computers, cameras,
video recorders, GPS devices and other types of electronic
systems, can readily employ examples of the present dis-
closure. Furthermore, devices can readily employ examples
of the present disclosure regardless of their intent to provide
mobility.
[0466] The term ‘comprise’ is used in this document with
an inclusive not an exclusive meaning. That is any reference
to X comprising Y indicates that X may comprise only one
Y or may comprise more than one Y. If it is intended to use
‘comprise’ with an exclusive meaning then it will be made
clear in the context by referring to “comprising only one . .
.7 or by using “consisting”.
[0467] In this description, the wording ‘connect’, ‘couple’
and ‘communication’ and their derivatives mean operation-
ally connected/coupled/in communication. It should be
appreciated that any number or combination of intervening
components can exist (including no intervening compo-
nents), i.e., so as to provide direct or indirect connection/
coupling/communication. Any such intervening components
can include hardware and/or software components.

[0468] As used herein, the term “determine/determining™
(and grammatical variants thereof) can include, not least:
calculating, computing, processing, deriving, measuring,
investigating, identifying, looking up (for example, looking
up in a table, a database or another data structure), ascer-
taining and the like. Also, “determining” can include receiv-
ing (for example, receiving information), accessing (for
example, accessing data in a memory), obtaining and the
like. Also, “determine/determining” can include resolving,
selecting, choosing, establishing, and the like.

[0469] In this description, reference has been made to
various examples. The description of features or functions in
relation to an example indicates that those features or
functions are present in that example. The use of the term
‘example’ or ‘for example’ or ‘can’ or ‘may’ in the text
denotes, whether explicitly stated or not, that such features
or functions are present in at least the described example,
whether described as an example or not, and that they can
be, but are not necessarily, present in some of or all other
examples. Thus ‘example’, “for example’, ‘can’ or ‘may’
refers to a particular instance in a class of examples. A
property of the instance can be a property of only that
instance or a property of the class or a property of a sub-class
of the class that includes some but not all of the instances in
the class. It is therefore implicitly disclosed that a feature
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described with reference to one example but not with
reference to another example, can where possible be used in
that other example as part of a working combination but
does not necessarily have to be used in that other example.

[0470] Although examples have been described in the
preceding paragraphs with reference to various examples, it
should be appreciated that modifications to the examples
given can be made without departing from the scope of the
claims.

[0471] Features described in the preceding description
may be used in combinations other than the combinations
explicitly described above.

[0472] Although functions have been described with ref-
erence to certain features, those functions may be perform-
able by other features whether described or not.

[0473] Although features have been described with refer-
ence to certain examples, those features may also be present
in other examples whether described or not.

[0474] The term “a’, ‘an’ or ‘the’ is used in this document
with an inclusive not an exclusive meaning. That is any
reference to X comprising a/an/the Y indicates that X may
comprise only one Y or may comprise more than one Y
unless the context clearly indicates the contrary. If it is
intended to use ‘a’, ‘an’ or ‘the’ with an exclusive meaning
then it will be made clear in the context. In some circum-
stances the use of “at least one’ or ‘one or more” may be used
to emphasis an inclusive meaning but the absence of these
terms should not be taken to infer any exclusive meaning.

[0475] The presence of a feature (or combination of fea-
tures) in a claim is a reference to that feature or (combination
of features) itself and also to features that achieve substan-
tially the same technical effect (equivalent features). The
equivalent features include, for example, features that are
variants and achieve substantially the same result in sub-
stantially the same way. The equivalent features include, for
example, features that perform substantially the same func-
tion, in substantially the same way to achieve substantially
the same result.

[0476] In this description, reference has been made to
various examples using adjectives or adjectival phrases to
describe characteristics of the examples. Such a description
of'a characteristic in relation to an example indicates that the
characteristic is present in some examples exactly as
described and is present in other examples substantially as
described.

[0477] The above description describes some examples of
the present disclosure however those of ordinary skill in the
art will be aware of possible alternative structures and
method features which offer equivalent functionality to the
specific examples of such structures and features described
herein above and which for the sake of brevity and clarity
have been omitted from the above description. Nonetheless,
the above description should be read as implicitly including
reference to such alternative structures and method features
which provide equivalent functionality unless such alterna-
tive structures or method features are explicitly excluded in
the above description of the examples of the present disclo-
sure.

[0478] Whilst endeavoring in the foregoing specification
to draw attention to those features believed to be of impor-
tance it should be understood that the Applicant may seek
protection via the claims in respect of any patentable feature
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or combination of features hereinbefore referred to and/or
shown in the drawings whether or not emphasis has been
placed thereon.

1.-17. (canceled)

18. An apparatus comprising:

at least one processor; and

at least one memory storing instructions that, when

executed by the at least one processor, cause the
apparatus at least to:

create a reduced machine learning model comprising:

a second compressed emulator configured to emulate a
second fixed part of a machine learning model;
an adapter configured to reproduce a third trainable part
of the machine learning model,
wherein the adapter is configured to provide inputs to
the second compressed emulator;

send to a client the second compressed emulator;

send to the client the adapter; and

receive, from the client, model update parameters that

define the adapter after training, at the client, of the
reduced machine learning model.

19. The apparatus as claimed in claim 18, wherein the
created reduced machine learning model additionally com-
prises a first compressed emulator configured to emulate a
first fixed part of the machine learning model, wherein the
first compressed emulator is configured to provide inputs to
the adapter; and wherein the apparatus is further caused to:
send to the client the first compressed emulator.

20. The apparatus as claimed in claim 19, wherein the
apparatus is further caused to:

train the machine learning model by sending varying

versions of: the first compressed emulator, the second
compressed emulator and the adapter.

21. The apparatus as claimed in claim 20, wherein the
training of the machine learning model further comprises:

vary the first fixed part emulated by the first compressed

emulator, the second fixed part emulated by the second
compressed emulator (E2) and the third trainable part
reproduced by the adapter.

22. The apparatus as claimed in claim 20, wherein the
training of the machine learning model further comprises:

create an updated reduced machine learning model com-

prising:
an updated first compressed emulator configured to
emulate an updated first part of the machine learning
model;
an updated second compressed emulator configured to
emulate an updated second part of the machine
learning model;
an updated adapter configured to reproduce an updated
third part of the machine learning model;
wherein the updated first compressed emulator is
configured to provide inputs to the updated
adapter and the updated adapter is configured to
provide inputs to the updated second compressed
emulator;
send to the client at least the updated adapter;
receive, from the client, additional model update param-
eters that define the updated adapter after training, at
the client, of the updated reduced machine learning
model; and

update the machine learning model based on the addi-

tional model update parameters.
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23. The apparatus as claimed in claim 22, wherein:

the third trainable part of the machine learning model is
different to the updated third part of the machine
learning model.

24. The apparatus as claimed in claim 23, wherein:

the updated first part of the machine learning model
comprises the first fixed part of the machine learning
model and the third trainable part of the machine
learning model.

25. The apparatus according to claim 18, wherein the

apparatus is further caused to:

send to a second client the first compressed emulator;

send to the second client the second compressed emulator;

send to the second client the adapter;

receive, from the second client, model update parameters
that define the adapter after training, at the second
client, of the reduced machine learning model; and

perform an update to the machine learning model using
the model update parameters that define the adapter
after training at the client, and using the model update
parameters that define the adapter after training at the
second client.

26. The apparatus according to claim 18, wherein the

apparatus is further caused to:

create a second reduced machine learning model for a first
client, comprising:

a third compressed emulator configured to emulate a
fourth part of the machine learning model;

a fourth compressed emulator configured to emulate a
fifth part of the machine learning model;

a second adapter configured to reproduce a sixth part of
the machine learning model; wherein at least one of:
the first, second or third parts of the machine learning
model is different to the fourth, fifth, or sixth parts
respectively of the machine learning model; and
wherein:
the third compressed emulator is configured to provide

inputs to the second adapter and the second adapter
is configured to provide inputs to the fourth com-
pressed emulator; and

send to the first client the third compressed emulator, the
fourth compressed emulator and the second adapter.

27. An apparatus comprising

at least one processor; and

at least one memory storing instructions that, when
executed by the at least one processor, cause the
apparatus at least to:

receive, from a server, a second compressed emulator
configured to emulate a second fixed part of a machine
learning model;

receive, from the server, an adapter configured to repro-
duce a third trainable part of the machine learning
model, wherein the third trainable part is intermediate
a first fixed part and the second fixed part of the
machine learning model,

create a local reduced machine learning model by using
the adapter to provide inputs to the second compressed
emulator;

perform a training of the local reduced machine learning
model vsing local training data to obtain model update
parameters that define the adapter afier training of the
local machine learning model; and

provide the model update parameters to the server.
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28. The apparatus as claimed in claim 27, wherein the
apparatus is further caused to:

receive, from the server, a first compressed emulator

configured to emulate the first fixed part of the machine
learning model; and

wherein the creating of the local reduced machine learn-

ing model uses the first compressed emulator to provide
inputs to the adapter.

29. The apparatus according to claim 28, wherein the
apparatus is further caused to:

train machine learning model by receiving varying ver-

sions of: the first compressed emulator, the second
compressed emulator and the adapter to be trained by
the apparatus.

30. The apparatus according to claim 29, wherein the
training of the machine learning model further comprises:

receive, from the server, an updated first compressed

emulator configured to emulate an updated first part of
the machine learning model;

receive, from the server, an updated second compressed

emulator configured to emulate an updated second part
of the machine learning model,

receive, from the server, an updated adapter configured to

reproduce an updated third part of the machine learning
model;

create an updated local reduced machine learning model

by using the updated first compressed emulator to
provide inputs to the updated adapter and using the
updated adapter to provide inputs to the updated second
compressed emulator;

perform a training of the updated local reduced machine

learning model using local training data to obtain
additional model update parameters that define the
updated adapter after training of the updated local
machine learning model; and

provide the additional model update parameters to the

server.

31. The apparatus as claimed in claim 30, wherein:

the third trainable part of the machine learning model is

different to the updated third part of the machine
learning model.

32. The apparatus as claimed in claim 31, wherein:

the updated first part of the machine learning model

comprises the first fixed part of the machine learning
model and the third trainable part of the machine
learning model.

33. The apparatus according to claim 27, further caused to
use same local training data for a plurality of training epochs
in a training round, before providing the model update
parameters to the server once per training round.

34. The apparatus as claimed in claim 33, further caused
to determine the output of the first compressed emulator
based on the local training data for a first epoch of the
training round and to re-use the output of the first com-
pressed emulator, without redetermination, in subsequent
epochs of the training round.

35. A method comprising:

creating a reduced machine learning model comprising:

a second compressed emulator configured to emulate a
second fixed part of the machine learning model;
an adapter configured to reproduce a third trainable part

of the machine learning model,
wherein the adapter is configured to provide inputs to
the second compressed emulator;
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sending to the client the second compressed emulator;

sending to the client the adapter; and

receiving, from the client, model update parameters that

define the adapter after training, at the client, of the
reduced machine learning model.

36. The method as claimed in claim 35, wherein the
created reduced machine learning model additionally com-
prises a first compressed emulator configured to emulate a
first fixed part of the machine learning model, wherein the
first compressed emulator is configured to provide inputs to
the adapter; and wherein the method further comprises:

sending, to the client, the first compressed emulator.

37. The method as claimed in claim 36, further compris-
ing:

training the machine learning model by sending varying

versions of: the first compressed emulator, the second
compressed emulator and the adapter.
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