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Description

[0001] The present disclosure relates to methods for
training a machine learning model.
[0002] In a communication network such as a 5G mo-
bile communication network it is important to ensure that
a certain service quality can be maintained. For this,
network statistical analysis and prediction information
which may be generated from information like load, re-
source usage, available components, state of compo-
nents etc.may bemonitored to be able to takemeasures,
e.g. when overload is imminent, to avoid a drop of service
quality, etc.Prediction informationmaybeprovidedusing
a machine learning model trained for this purpose. Ac-
cordingly, efficiently training amachine learning model in
a communication system context, in particular for provid-
ing network analytics (including predictions) are desir-
able. Document CN 113 989 627 A represents a relevant
piece of prior art.
[0003] According to one embodiment, a method for
training a machine learning model is provided according
to claim 1.
[0004] In the drawings, like reference characters gen-
erally refer to the same parts throughout the different
views. The drawings are not necessarily to scale, em-
phasis instead generally being placed upon illustrating
the principles of the invention. In the following descrip-
tion, various aspects are described with reference to the
following drawings, in which:

Figure 1 shows a mobile radio communication sys-
tem.

Figure 2 shows an NWDAFAnLF (Analytics Logical
Function) and an NWDAF MTLF (Model
Training Logical Function).

Figure 3 shows a flow diagram illustrating a flow for
an NWDAF service consumer to obtain
analytics information from an NWDA-
F(AnLF).

Figure 4 shows a flow diagram illustrating federated
learning (FL) in a 5G system.

Figure 5 illustrates an approach to address data
heterogeneity in federated learning ac-
cording to an embodiment.

Figure 6 shows a flow diagram illustrating an initia-
lization and data gathering phase of feder-
ated learning according to an embodiment.

Figure 7 shows a flow diagram illustrating a training
phase of federated learning according to
an embodiment.

Figure 8 illustrates an implementation of federated
learning according to an embodiment.

Figure 9 illustrates an implementation of federated
learning according to a further embodi-
ment.

Figure 10 illustrates an implementation of federated
learning according to a further embodi-
ment.

Figure 11 illustrates a variant of the approach to ad-
dress data heterogeneity in federated
learning of figure 5 according to an embo-
diment.

Figure 12 shows a flow diagram illustrating a method
for training a machine learning model ac-
cording to an embodiment.

Figure 13 shows a data processing system accord-
ing to an embodiment.

[0005] The following detailed description refers to the
accompanying drawings that show, byway of illustration,
specific details and aspects of this disclosure inwhich the
invention may be practiced. Other aspects may be uti-
lized and structural, logical, and electrical changes may
be made without departing from the scope of the inven-
tion. The various aspects of this disclosure are not ne-
cessarily mutually exclusive, as some aspects of this
disclosure can be combined with one or more other
aspects of this disclosure to form new aspects.
[0006] In the following, various examples will be de-
scribed in more detail.
[0007] Figure 1 shows a mobile radio communication
system 100, for example configured according to 5G
(Fifth Generation) as specified by 3GPP (Third Genera-
tion Partnership Project).
[0008] The mobile radio communication system 100
includes amobile radio terminal device 102 such as aUE
(user equipment), a nano equipment (NE), and the like.
The mobile radio terminal device 102, also referred to as
subscriber terminal, forms the terminal side while the
other components of the mobile radio communication
system 100 described in the following are part of the
mobile communication network side, i.e. part of a mobile
communication network (e.g. a Public Land Mobile Net-
work PLMN).
[0009] Furthermore, the mobile radio communication
system100 includesaRadioAccessNetwork (RAN)103,
which may include a plurality of radio access network
nodes, i.e. base stations configured to provide radio
access in accordance with a 5G (Fifth Generation) radio
access technology (5G New Radio). It should be noted
that the mobile radio communication system 100 may
also be configured in accordance with LTE (Long Term
Evolution) or another mobile radio communication stan-
dard (e.g. non‑3GPPaccesses likeWiFi) but 5G is herein
used as an example. Each radio access network node
may provide a radio communicationwith themobile radio
terminal device 102 over an air interface. It should be
noted that the radio access network 103may include any
number of radio access network nodes.
[0010] The mobile radio communication system 100
further includes a core network (5GC) 119 including an
Access and Mobility Management Function (AMF) 101
connected to the RAN 103, a Unified Data Management
(UDM) 104 and a Network Slice Selection Function
(NSSF) 105. Here and in the following examples, the
UDMmay further consist of the actual UE’s subscription
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database, which is known as, for example, the UDR
(Unified Data Repository). The core network 119 further
includes an AUSF (Authentication Server Function) 114
and a PCF (Policy Control Function) 115.
[0011] The core network 119 may have multiple core
network slices 106, 107 and for each core network slice
106, 107, the operator (also referred to MNO for Mobile
Network Operator) may create multiple core network
slice instances 108, 109. For example, the core network
119 includes a first core network slice 106with three core
network slice instances (CNIs) 108 for providing En-
hanced Mobile Broadband (eMBB) and a second core
network slice 107 with three core network slice instances
(CNIs) 109 for providing Vehicle-to-Everything (V2X).
[0012] Typically, when a core network slice is deployed
(i.e. created), network functions (NFs) are instantiated, or
(if already instantiated) referenced to formacorenetwork
slice instance andnetwork functions that belong to a core
network slice instanceare configuredwith a core network
slice instance identification.
[0013] Specifically, in the shown example, each in-
stance 108 of the first core network slice 106 includes
a first Session Management Function (SMF) 110 and a
first User Plane Function (UPF) 111 and each instance
109 of the second core network slice 107 includes a
second Session Management Function (SMF) 112 and
asecondUserPlaneFunction (UPF)113.TheSMFs110,
112 are for handling PDU (Protocol Data Unit) sessions,
i.e. for creating, updating and removing PDU sessions
andmanaging session context with theUser PlaneFunc-
tion (UPF).
[0014] TheRAN103and the core network 119 form the
network side of the mobile radio communication system,
or, in other words, form the mobile radio communication
network. The mobile radio communication network and
themobile terminals accessing the mobile radio commu-
nication network form, together, the mobile radio com-
munication system.
[0015] The mobile radio communication system 100
may further include an OAM (Operation, Administration
andMaintenance) function (or entity) 116, e.g. implemen-
ted by one or more OAM servers which is connected to
the RAN 103 and the core network 119 (connections are
not shown for simplicity). The OAM 116 may include an
MDAS (Management Data Analytics Service). The
MDAS may for example provide an analytics report re-
garding network slice instance load. Various factors may
impact the network slice instance load, e.g. number of
UEs accessing the network, number of QoS flows, the
resource utilizations of different NFs which are related
with the network slice instance.
[0016] Further, the core network 118 comprises an
NRF (Network Repository Function).
[0017] The core network 119 may further include a
Network Data Analytics Function (NWDAF) 117. The
NWDAF is responsible for providing network analysis
and/or prediction information upon request from network
functions. For example, a network function may request

specific analysis information on the load level of a parti-
cular network slice instance. Alternatively, the network
function can use the subscribe service to ensure that it is
notified by the NWDAF if the load level of a network slice
instance changes or reaches a specific threshold. The
NWDAF 117 may have an interface to various network
functions on the mobile communication network side,
e.g. to the AMF 101, the SMFs 110, 112 and the PCF
115. For simplicity, only the interface between the
NWDAF 117 and the AMF 101 is depicted.
[0018] For example, NWDAF analytics should allow
monitoring the number of UEs registered in a network
slice instance and their Observed Service Experience. In
addition to OAM performing SLA (service level agree-
ment) assurance, 5GC NFs may take actions based on
NWDAF slice QoE analytics to prevent further service
experience degradation in the network slice instance.
[0019] The NSSF 105 or AMF 101 may for example
determinewhen a load distribution decision is required to
address an issue identified by processing the analytics
result (i.e. network analysis and/or prediction informa-
tion) provided by the NWDAF 117. For example, when a
network slice instance is detected or forecast to experi-
ence service experience degradation, new UE registra-
tions or PDU sessions may not be assigned to that net-
work slice instance anymore by triggering a network slice
load distribution mechanism. The NSSF 105, AMF 101
and/or OAM 116, for example, may also simultaneously
subscribe to both slice service experience and slice load
analytics from theNWDAF117.Oneormultiple subscrip-
tions to one or multiple S-NSSAI(s) and NSI(s) are pos-
sible.
[0020] To generate the network analysis and/or pre-
diction information, NWDAF 117 collects input data re-
quired (e.g. to derive slice service experience analytics),
i.e. information for analysis of the state of the network
slice instance. The NWDAF 117 may obtain such kind of
information by subscribing to network functions to be
informed accordingly.
[0021] According to 3GPP Release 17 (Rel‑17) the
NWDAF 117 is decomposed into two functions.
[0022] Figure 2 shows an NWDAF AnLF (Analytics
Logical Function) 201 and an NWDAF MTLF (Model
Training Logical Function) 202, e.g. connected via an
Nnwdaf interface.
[0023] AnNWDAF201 containing the Analytics logical
function is denoted as NWDAF(AnLF) or NWDAF-AnLF
or simply AnLF and can perform inference, derive analy-
tics information and expose analytics service i.e. Nnwda-
f_AnalyticsSubscription or Nnwdaf_AnalyticsInfo.
[0024] An NWDAF 202 containing the Model Training
logical function is denoted as NWDAF(MTLF) or
NWDAF-MTLF or simply MTLF, trains machine learning
(ML) models and exposes new training services (e.g.
providing trained model).
[0025] The NWDAF(AnLF) 201 provides an analytics
service. It may be contacted by any NF (acting as service
consumer) 203 (e.g. an AMF or SMF) to be provided with
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analytics information (e.g. via an Nnf interface).
[0026] Input request parameters to theNWDAF(AnLF)
201 by the NF 203 are, e.g. an Analytic ID and an S-
NSSAI. The output from the NWDAF(AnLF) 201 are for
example statistics and/or prediction (referred to as net-
work analytics information herein) for an Analytic ID.
[0027] Examples of Analytics IDs are UE communica-
tion, UE mobility, UE behaviour, User data congestion
and Network performance, etc.
[0028] Figure 3 shows a flow diagram 300 illustrating a
flow for an NWDAF service consumer 301 (e.g. corre-
sponding to the NF 303) to obtain analytics information
from an NWDAF(AnLF) 302 (e.g. corresponding to
NWDAF(AnLF) 201).
[0029] In 303, the NWDAF service consumer 301 sub-
scribes to the analytics service (it may later similarly
unsubscribe). The NWDAF(AnLF) 302 acknowledges
in 304.
[0030] In response to the subscription, the NWDA-
F(AnLF) 302 sends analytics information to the NWDAF
service consumer 301 using one or more notification
messages in 305.
[0031] Analytics information, such as the analytics in-
formation provided by the NWDAF(AnLF) 201 may be
determined using a machine learning model, which may
for example be trained to predict need for communication
resources. Such a machine learning model may be
trained using federated learning.
[0032] Federated learning (FL) is a decentralized ma-
chine learning (ML) technique that trains a ML model
across multiple (FL) clients using local training dataset
under the control of a central server (denoted as FL
server).
[0033] It typically includes multiple training iterations,
wherein in each training iteration,

• the FL server chooses a number of client to partici-
pate in this iteration of the FL training

• theFLserver transmitsacurrent versionof themodel
to the clients (starting in the first iteration with an
initial version of the model)

• each FL client (also denoted as FL node) trains the
model locally (i.e. updates the current version of the
model, e.g. updates weights of a neural network).
Each FL client uses its own training data (also de-
noted as local training data).

• the FL server pools the training results from the
clients and generates a new version of the global
model via aggregating them

[0034] The resultingversion (i.e. newversionof the last
iteration)may thenbeusedbyamodel consumer suchas
the NWDAF(AnLF) 201 which may use it to make pre-
dictions from data obtained from an environment (such
as communication resource need).
[0035] In a 5G communication system, federated
learning may for example be realized inside the 5GC
forprovidingNWDAFanalyticswhereanNWDAF(MTLF)

is a FL server, some NWDAF(MTLF)s are the FL clients
and an NWDAF(AnLF) is the consumer of the trainedML
model (as in the example above) but also on top of the
5GC, in application layer, for verticals where an applica-
tion in an application function (AF) is the FL server and
applications in UEs are the FL clients.
[0036] Live data in the communication networkmay be
used by the FL clients for training a machine learning
(ML) model.
[0037] Figure 4 shows a flow diagram 400 illustrating
federated learning in a 5G system where, for example,
the FL server is a first NWDAF 402 and the clients are
second NWDAFs 403.
[0038] In 406, a service consumer 401 (e.g. anNWDA-
F(AnLF)) initiates training of the ML model by sending a
subscription request to the FL server 402.
[0039] In 407, the FL server 402 provides FL para-
meters to theFLclients403 (suchasparametersallowing
the clients 403 to know what kind of training data they
need and an initial version of the model).
[0040] In 408, each FL client 403 gathers training data,
e.g. from an NRF 404 or any kind of NF 405 providing
relevant data.
[0041] Then, multiple iterations 409 are performed.
Each iteration includes

• that each client 403 performs local training (e.g.
determines a model update to a respective "local"
model, which each FL client 403 sets, in the first
iteration, to the initial version of the model) and
reports an update of the model to the FL server
402 in 410

• the FL server 402 aggregates the model updates in
411

• the FL server 402 may inform the service consumer
401 about the training status in 412

• the service consumer 401 may give instructions like
that the training should be terminated or continued in
413

• the FL server 402 decides whether to continue or
terminate the FL training service (e.g. according to
the client command or another criterion such as
whether a desired accuracy has been achieved) in
414

• (if training should be continued) the FL server 402
distributes a specification of the aggregated model
(also referred to as "global" model) to the FL clients
403 in 415

• Each FL clients 403 sets its local model to the global
model (to be used as a basis for the training in the
next iteration)
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[0042] An important assumption for FL is that all the
clientsare training thesamemodelusingsimilar data.For
example, in speech recognition all the clients are training
a model for the English language or in UE mobility ana-
lytics all MTLFs are training a model for the UEs in an
urban area. Accordingly, training performance suffers in
caseofdataheterogeneity, i.e. if a local trainingdataset of
a FL client is quite different from the local training data of
other clients. For example, e.g., in speech recognition a
client may be getting data fromGerman speaking people
as local training data or, in UEmobility analytics anMTLF
may be getting data for UEs in a rural area (instead of
urban area) as local training data. This typically leads to a
decrease of the accuracy of the global model due to the
detrimental updates from such a client (having "ill-fitting"
local training data". Data heterogeneity may for example
occur due to temporal difference between clients’ local
data sets, geographical difference between clients, faulty
behaviour, malware, data poisoning attacks, etc.
[0043] It should be noted that it may even be the FL
server which has such as king of "ill-fitting" data which it
uses as test data and so the FL server may not be able to
properly judgewhether a client has ill-fitting data (i.e. has
provided a detrimental update) by testing. Furthermore,
determining whether a client has ill-fitting local training
data based on the accuracy of the client’s local model in
comparison to the other client’smodels may not properly
work since, because of the partially trained model during
the training, the difference between accuracies of local
models can be high even if there are small difference in
the local training data between clients.
[0044] Figure 5 illustrates an approach to address data
heterogeneity in federated learning according to an em-
bodiment.
[0045] According to the approach illustrated in figure 5,

1) In addition to the specification of the current global
model, the FL server 501 sends meta-data to the FL
clients 502 (which, according to various embodi-
ments, includes statistical information about test
data of FL server 501, denoted as G-data statistics
and/or an accuracy of the global model on these
("global") test data of the FL server 501, denoted
as G-accuracy)
2) In addition to updating the model, each FL client
502 attempts to detect data heterogeneity
3) In addition to sending model updates, each FL
client 502 provides feedback on data heterogeneity
to the FL server 501.
4) In addition to model aggregation, the FL server
501 processes FL client feedbacks on data hetero-
geneity

[0046] In the following, a detailed example of the ap-
proach of figure 5 is described with reference to figures 6
and 7.
[0047] Figure 6 shows a flow diagram 600 illustrating
an initialization and data gathering phase of federated

learning according to an embodiment.
[0048] The flow takes place between anFL server 601,
FL clients, wherein only the ith FL client 602 is depicted
and considered in the following, a global data store 603
that contains the global test data (i.e., an ADRF (Analy-
tical Data Repository Function) which contains data of
the respective communication system) and a local data
store of each FL client, wherein only the local data store
604 of the ith-FL client 602 is depicted and considered in
the following.
[0049] The operations performed for (or by) the ith FL
client 602 and the local data store 604 of the ith-FL client
602 may be performed for (or by) each of multiple FL
clients.
[0050] In an initialization step 605, the FL server 601
initializes the FL client 602 (e.g. by an initialization mes-
sage from the FL sever 601 acknowledged by an ac-
knowledgement message by the FL client 602)
[0051] In a data gathering step 606, the FL server 601
gets the global test data from the global data store 603
and the client 602 gets the local training data from the
local data store 604 (by corresponding request and re-
sponse messages).
[0052] Figure 7 shows a flow diagram 700 illustrating a
training phase of federated learning according to an
embodiment.
[0053] Similarly to the flow of figure 6, which may be
followed by the flow of figure 7, the flow of figure 7 takes
place between an FL server 701, FL clients, wherein only
the ith FL client 702 is depicted and considered in the
following, a global data store 703 that contains the global
test data and a local data store of each FL client, wherein
only the local data store 704 of the ith-FL client 702 is
depicted and considered in the following.
[0054] The following abbreviations are used in the
following:

• G-Model: the global model (i.e. the current model
version of the FL server)

• L-Model: the local model of the FL client
• G-Data: global test data (i.e. the test data of the FL

server)
• L-Data: local training data
• G-Data statistics: statistical information about the

global test data
• L-Data statistics: statistical information about the

local training data
• G-Accuracy: the accuracy of the G-Model on the G-

Data
• L-Accuracy: theaccuracyof theL-Model on local test

data (i.e. test data of the FL client)

[0055] Again, as in the flow of figure 6, the operations
performed for (or by) the ith FL client 702 and the local
data store 704 of the ith-FL client 702 may be performed
for (or by) each of multiple FL clients.
[0056] In 705, the FL server 701 sends, in addition to
the G-Model,
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• The statistics of the G-Data and

• The accuracy of the G-Model on G-Data

to the FL client 702.
[0057] In 706, the FL Client 702 trains the local model
using L-Data and computes the accuracy of the local
model on the local test data.
[0058] Now, the FL client 702 compares statistics of its
local training datawith statistics of the global data and the
L-Accuracy with the G-Accuracy and one of the following
is performed

• If theFLclient 702detects that local trainingdata and
global test data are statistically different and detects
that updating themodel decreases the accuracy (i.e.
that L-Accuracy <G-Accuracy) the client 702, in 707,
does not participate in the training (by informing the
FL server 701 accordingly) and obtains a new set of
local training data from its local data store 704

• If theFLclient 702detects that local trainingdata and
global test data are statistically different but detects
that updating the model increases the accuracy (i.e.
that L-Accuracy > G-Accuracy)) it concludes that its
local training data is similar to the local training data
of other clients and, in 708, request theFLserver 701
to update its global test data. The FL server 701may
subsequently update theglobal test dataaccordingly

• If theFLclient 702detects that local trainingdata and
global test data are not statistically different, it, in
709, sends a model update to the FL server 701

[0059] In 710 the FL server 701 aggregates the local
models, i.e. determinesanewversionof theglobalmodel
according to the received updates (if any).
[0060] Figure 8 illustrates an implementation where
the FL server 801 is implemented by anMTLF, the global
data store 803 is implemented by any NF or AF providing
global test data, the FL clients 802 are implemented by
MTLFs and the local data stores 804 are implemented by
any NF or AF providing local training data and local test
data.
[0061] Figure 9 illustrates an implementation where
the FL server 901 is implemented by anMTLF, the global
data store 903 is implemented by an ADRF providing
global test data, the FL clients 802 are implemented by
MTLFs and the local data stores 804 are implemented by
ADRFs providing local training data and local test data.
[0062] Figure 10 illustrates an implementation where
theFL server 1001 is implementedbyanapplication in an
AF, theglobal datastore1003 is implementedbyanydata
source providing global test data, each FL client 1002 is
implemented by an applications running on a respective
UE and the local data stores 1004 are implemented by
any data source providing local training data and local
test data.
[0063] Figure 11 illustrates a variant of the approach to
address data heterogeneity in federated learning of fig-

ure 5 according to an embodiment.
[0064] The approach of figure 11 differs from the ap-
proach of figure 5 in that the data heterogeneity detection
is performed by the FL server 1101 rather than by the FL
clients 1102.
[0065] For this, each FL client 1102 sends, in addition
to themodel update it hasdetermined, an indicationof the
L-Data statistics and the L-Accuracy to the FL server
1101.
[0066] The FL server 1101 may then in particular de-
termine for each FL client 1102 whether it should parti-
cipate in the trainingornot (analogously to707of figure5)
and may inform the FL client 1102 accordingly.
[0067] So, the data heterogeneity detection logic may
be in the FL clients 502, 1102, in the FL server 501, 1101
or even both.
[0068] In summary, according to various embodi-
ments, a method is provided as illustrated in figure 12.
[0069] Figure 12 shows a flow diagram 1200 illustrat-
ing a method for training a machine learning model.
[0070] In 1201, for each of one or more federated
learning clients, it is determined whether the test data
of a federated learning server and the data of the feder-
ated learning clients fulfil a predetermined similarity cri-
terion.
[0071] In 1202, for eachof theoneormore clients, if the
test data of the federated learning server and the training
data of the federated learning client fulfil a predetermined
similarity criterion, updating a first version of themachine
learning model running on the federated learning server
to a second version of the machine learning model using
an update which is generated, using the training data, by
the federated learning client.
[0072] In 1203, if the test data of the federated learning
server and the training data of the federated learning
client fulfil do not fulfil the predetermined similarity criter-
ion, for example, the training data (and the associated
test data) of the federated learning client or the test data
of the federated learning server is updated depending on
whether the accuracy of an updated version of the ma-
chine learningmodel (according to the update generated
by the federated client) on test data of the federated
learning client is higher than the accuracy of the first
version of the machine learning model on the test data
of the federated learning server or not.
[0073] According to various embodiments, in other
words, a model is updated using an update from an FL
client in case the test data used by the FL server and the
training data used by the FL client are sufficiently similar,
e.g. in case statistics of test data used by the FL server
matches statistics of training data used by the FL client.
Depending on whether the FL server or the FL client
performs the checking (i.e. whether the the similarity
criterion is fulfilled), there is a corresponding feedback
mechanism between the FL client and the FL server, e.g.
a notification that the update determined by the FL client
is not used (or is not to be used) for updating the model
running on the FL server. Further, information for per-
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forming the checking (andpossibly further checks like the
accuracy check described above) is exchanged between
the FL client(s) and the FL server. In particular, according
to various embodiments, as described above, G-Accu-
racy, G-Data Statistics and the information that an FL
client does not participate are communicated. Further,
trainingand/or test datamaybeupdated (or refreshed), in
particular depending on the result of the checking.
[0074] It should be noted that updating the first version
of the machine learning model to the second version of
the machine learning model, may, from the point of view
of the federated learning client, mean that the federated
learning client transmits the update it has generated to
the federated learning server. From the point of view of
the federated learning server, updating the first version of
the machine learning model to the second version of the
machine learning model may include the aggregation of
the updates generated by the federated learning clients.
[0075] The test data of the federated learning server
and the training data of the federated learning client may
for example fulfil the predetermined similarity criterion if
and only if their statistics fulfil a predetermined similarity
criterion (with regard to statistics).
[0076] It should further be noted that a new "version"
(and its alternative synonyms like "release") of the ma-
chine learningmodel to which an existingmachine learn-
ing model is updated corresponds to a new modified
model obtained via local updates by one or more feder-
ated learning clients, aggregation by federated learning
server or any alternation of the existing model, i.e. an
update includes a modification of parameters such as
(neural network) weights.
[0077] The similarity between the training data set of
the one or more FL clients and the test data set of the FL
server may be measured without sharing the actual data
sets among the federated learning server and the one or
more FL clients; rather it may be accomplished via send-
ing some characteristics of test data, like statistics, dis-
tribution, data sparsity or other data similarity measures,
from the federated learning server to each of the one or
more federated learning clients or sending some char-
acteristics of training data, like statistics, distribution,
data sparsity, or other data similarity measures, from
federated learning client to the federated learning server.
[0078] As in the examples described above, multiple
iterations of the process described with reference to
figure 12may be performed to train themachine learning
model.
[0079] The approach of figure 12 allows achieving a
highaccuracyof the trainedmodel such that, in particular,
the trained model works well in practical application.
[0080] ML models trained by FL according to the ap-
proach of figure 12 may be used for decision making in
various contexts, e.g. anPCF,UPF, SMF,AMF, and other
NFs and also AFs can useNWDAFAnalytics provided by
such a model for resource planning.
[0081] Inaccuracy of an ML model leads to wrong
predictions, thus to wrong decisions and eventually to

performance loss. For example, an inaccurate model for
estimating UE mobility leads to a wrong prediction of the
number of UEs thus to wrong resource planning and
eventually UE performance degradation. Since the ap-
proach of figure 12 allows improving accuracy models
trained by FL, more ore accurate prediction, thus better
decision making and thus improved performance are
achieved.
[0082] The method of figure 12 is for example carried
out byadataprocessingsystemas illustrated infigure13.
[0083] Figure 13 shows a data processing system
according to an embodiment.
[0084] The data processing system comprises one or
more data processing devices 1300 (e.g. mobile term-
inals (UE) and/or server computers), each comprising a
communication interface 1301 (e.g. for FL client - FL
server communication), a memory 1302 (e.g. for storing
a localmodel, globalmodel ormodel updateandprogram
code) and a processing unit 1303 (e.g. a CPU) for carry-
ing out the various functions of the method.
[0085] The components of the a data processing de-
vice are implemented by one or more circuits. A "circuit"
may be understood as any kind of a logic implementing
entity, which may be special purpose circuitry or a pro-
cessor executing software stored in amemory, firmware,
or any combination thereof. Thus a "circuit" may be a
hard-wired logic circuit or a programmable logic circuit
such as a programmable processor, e.g. a microproces-
sor. A "circuit" may also be a processor executing soft-
ware, e.g. any kind of computer program. Any other kind
of implementation of the respective functions described
above may also be understood as a "circuit".
[0086] While specific aspects have been described, it
should be understood by those skilled in the art that
various changes in form and detail may be made therein
without departing from the scope as defined by the ap-
pended claims.

Claims

1. Amethod (700, 1200) for training amachine learning
model characterised by comprising: Determining
(1201), for each of one or more federated learning
clients (502, 602, 702, 1102), whether a training data
of the respective federated learning client fulfils a
predetermined similarity criterion to a test data of a
federated learning server (501, 601, 701, 1101), and
for eachof the federated learning clients, if (1202)the
training data of the respective federated learning
client fulfils the predetermined similarity criterion,
updating a first version of themachine learningmod-
el running on the federated learning server to a
second version of themachine learningmodel using
anupdatewhich is generated, using the training data
of the respective federated learning client, by the
respective federated learning client.
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2. Themethodof claim1, comprisinggenerating, by the
federated learning server (501, 601, 701, 1101), the
second version of the machine learning model by
aggregating the updates of each of the one or more
federated learning clients (502, 602, 702, 1102) for
which the test data of the federated learning server
and the training data of the federated learning client
fulfil the predetermined similarity criterion.

3. The method of claim 1 or 2, comprising, for each of
the one ormore federated learning clients (502, 602,
702, 1102),

Transmitting information about characteristics
of the training data of the federated learning
client to the federated learning server (501,
601, 701, 1101) and determining, by the feder-
ated learning server,whether the training data of
the federated learning client fulfils the predeter-
mined similarity criterion or
Transmitting (705) information about character-
istics of the test data of the federated learning
server to the federated learning client and de-
termining, by the federated learning client,
whether the training data of the federated learn-
ing client fulfils the predetermined similarity cri-
terion.

4. The method of any one of claims 1 to 3, wherein, for
each of the one or more federated learning clients
(502, 602, 702, 1102), the predetermined similarity
criterion is that each of one ormore characteristics of
the test data of the federated learning server (501,
601, 701, 1101) liewithina respectivepredetermined
rangeof corresponding characteristicsof the training
data of the federated learning client.

5. The method of claim 4, wherein the test data of the
federated learning server (501, 601, 701, 1101) and
the training data of the federated learning client (502,
602, 702, 1102) each comprise a plurality of data
elements, eachdata element havinga value for each
of a plurality of components and the one or more
characteristics of the test data of the federated learn-
ing server includeamean, quantile and/or a variance
for each of at least some of the components of the
data elements of the test data and the one or more
characteristics of the training data include a mean,
quantile and/or a variance for each of the at least
some of the components of the data elements of the
training data.

6. The method of any one of claims 1 to 5, comprising
transmitting the machine learning model from the
federated learning server (501, 601, 701, 1101) to
the one ormore federated learning clients (502, 602,
702, 1102) and, at least if the training data of the
federated learning client fulfils the predetermined

similarity criterion, determining, by each of the one
or more federated learning clients, the update.

7. The method of claim 6, comprising determining
(706), for each of the one or more federated learning
clients (502, 602, 702, 1102), an updated version of
the machine learning model according to the update
determined by the federated learning client, compar-
ing an accuracy of the updated version of the ma-
chine learning model on test data of the federated
learning client with an accuracy of the first version of
the machine learning model on test data of the
federated learning server (501, 601, 701, 1101)
and if the accuracy of the updated version of the
machine learning model on the test data of the
federated learning client is higher than the accuracy
of the first version of the machine learning model on
test data of the federated learning server, updating
the first version of themachine learning model to the
second version of themachine learningmodel using
the update by the federated learning client.

8. The method of claim 7, comprising, for each feder-
ated learning client (502, 602, 702, 1102), transmit-
ting an indication of the accuracy of the updated
version of the machine learning model on the test
data of the federated learning client to the federated
learning server (501, 601, 701, 1101) and compar-
ing, by the federated learning server, the accuracy of
the updated version of the machine learning model
on the test data of the federated learning client with
the accuracy of the first version of the machine
learningmodel on test data of the federated learning
server or
transmitting an indication of the accuracy of the first
version of the machine learning model on the test
data of the federated learning server to the federated
learning client and comparing, by the federated
learning client, the accuracy of the updated version
of themachine learningmodel on the test data of the
federated learning client with the accuracy of the first
version of themachine learningmodel on test data of
the federated learning server.

9. The method of any one of claims 7 to 8, comprising,
for each of the plurality of clients (502, 602, 702,
1102), if (708) the accuracy of the updated version of
the machine learning model on the test data of the
federated learning client is higher than the accuracy
of the first version of the machine learning model on
test data of the federated learning server (501, 601,
701, 1101) but the training data of the federated
learning client does not fulfil the predetermined si-
milarity criterion, triggering (1203) an update of the
test data of the federated learning server.

10. The method of any one of claims 7 to 9, comprising,
for each of the plurality of clients(502, 602, 702,
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1102), if (707) the training data of the federated
learning client does not fulfil the predetermined si-
milarity criterion and the accuracy of the updated
version of the machine learning model on the test
data of the federated learning client is not higher than
the accuracy of the first version of the machine
learningmodel on test data of the federated learning
server (501, 601, 701, 1101), avoiding using the
update generated by the federated learning client
for updating the first version of the machine learning
model.

11. Themethod of any one of claims 7 to 10, comprising,
for each of the one or more clients, if (707) the
training data of the federated learning client does
not fulfil thepredeterminedsimilarity criterionand the
accuracy of the updated version of the machine
learning model on the test data of the federated
learning client is not higher than the accuracy of
the first version of the machine learning model on
test data of the federated learning server, triggering
(1203) an update of the training data of the federated
learning client.

12. The method of any one of claims 1 to 11, comprising
implementing the one or more federated learning
clients by one or more mobile terminals of a mobile
radio communication system or implementing both
the federated learning server and the one or more
federated learning clients by core network functions
of the mobile radio communication system.

13. The method of any one of claims 1 to 12, wherein
each of the one or more federated learning clients
generates the update by training the machine learn-
ingmodel on the training data of the federated learn-
ing client to perform a communication network ana-
lytics task.

14. Themethod of claim 13, wherein the communication
network analytics task is a prediction of a need of
communication resources.

15. Adata processing system, configured to perform the
method of any one of claims 1 to 14.

Patentansprüche

1. Ein Verfahren (700, 1200) zum Trainieren eines
maschinellen Lernmodells, dadurch charakterisiert,
dass es aufweist:

Bestimmen (1201), für jeden von einem oder
mehreren Föderiertes-Lernen-Clients (502,
602, 702, 1102), ob Trainingsdaten des jeweili-
gen Föderiertes-Lernen-Clients ein vorbe-
stimmtesÄhnlichkeitskriteriummit Testdaten ei-

nesFöderiertes-Lernen-Servers (501,601,701,
1101) erfüllen, und
für jeden der Föderiertes-Lernen-Clients, wenn
(1202) die Trainingsdaten des jeweiligen Föder-
iertes-Lernen-Clients das vorbestimmte Ähn-
lichkeitskriterium erfüllen, Aktualisieren einer
ersten Version des maschinellen Lernmodells,
das auf dem Föderiertes-Lernen-Server läuft,
auf eine zweite Version des maschinellen Lern-
modells unter Verwendung einer Aktualisie-
rung, die unter Verwendung der Trainingsdaten
des jeweiligen Föderiertes-Lernen-Clients
durch den Föderiertes-Lernen-Client erzeugt
wird.

2. Das Verfahren nach Anspruch 1, aufweisend das
Erzeugen der zweiten Version des maschinellen
Lernmodells durch den Föderiertes-Lernen-Server
(501, 601, 701, 1101) durch Aggregieren der Aktua-
lisierungen jedes der einen oder mehreren Föder-
iertes-Lernen-Clients (502, 602, 702, 1102), für die
die Testdaten des Föderiertes-Lernen-Servers und
die Trainingsdaten des Föderiertes-Lernen-Clients
das vorbestimmte Ähnlichkeitskriterium erfüllen.

3. Das Verfahren nach Anspruch 1 oder 2, aufweisend
für jeden der einen oder mehreren Föderiertes-Ler-
nen-Clients (502, 602, 702, 1102),

Übertragen von Informationen über Merkmale
der Trainingsdaten des Föderiertes-Lernen-
Clients an den Föderiertes-Lernen-Server
(501, 601, 701, 1101) und Bestimmen durch
den Föderiertes-Lernen-Server, ob die Trai-
ningsdaten des Föderiertes-Lernen-Clients
das vorbestimmte Ähnlichkeitskriterium erfüllen
oder
Übertragen (705) von Informationen über Merk-
male der Testdaten des Föderiertes-Lernen-
Servers an den Föderiertes-Lernen-Client und
Bestimmen durch den Föderiertes-Lernen-Cli-
ent, ob die Trainingsdaten des Föderiertes-Ler-
nen-Clients das vorbestimmte Ähnlichkeitskri-
terium erfüllen.

4. Das Verfahren nach einem der Ansprüche 1 bis 3,
wobei für jeden des einen oder der mehreren Föder-
iertes-Lernen-Clients (502, 602, 702, 1102) das vor-
bestimmte Ähnlichkeitskriterium darin besteht, dass
jedes von einem oder mehreren Eigenschaften der
Testdaten des Föderiertes-Lernen-Servers (501,
601, 701, 1101) innerhalb eines jeweiligen vorbe-
stimmten Bereichs von entsprechenden Eigen-
schaften der Trainingsdaten des Föderiertes-Ler-
nen-Clients liegt.

5. Das Verfahren nach Anspruch 4, wobei die Testda-
ten des Föderiertes-Lernen-Servers (501, 601, 701,
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1101) und die Trainingsdaten des Föderiertes-Ler-
nen-Clients (502, 602, 702, 1102) jeweils eineMehr-
zahl von Datenelementen aufweisen, wobei jedes
Datenelement einen Wert für jede einer Mehrzahl
von Komponenten aufweist und die eine oder meh-
reren Eigenschaften der Testdaten des Föderiertes-
Lernen-Servers einen Mittelwert, ein Quantil und/o-
der eine Varianz für jede von zumindest einigen der
Komponenten der Datenelemente der Testdaten
aufweisen, und die eine oder mehreren Eigenschaf-
ten der Trainingsdaten einen Mittelwert, ein Quantil
und/oder eineVarianz für jededer zumindest einigen
derKomponentenderDatenelementederTrainings-
daten aufweisen.

6. Das Verfahren nach einem der Ansprüche 1 bis 5,
aufweisend das Übertragen des maschinellen Lern-
modells von dem Föderiertes-Lernen-Server (501,
601, 701, 1101) zu dem einen oder den mehreren
Föderiertes-Lernen-Clients (502, 602, 702, 1102)
und, zumindest wenn die Trainingsdaten des Föder-
iertes-Lernen-Clients das vorbestimmte Ähnlich-
keitskriterium erfüllen, das Bestimmen der Aktuali-
sierung durch jeden des einen oder der mehreren
Föderiertes-Lernen-Clients.

7. Das Verfahren nach Anspruch 6, aufweisend das
Bestimmen (706) einer aktualisierten Version des
maschinellen Lernmodells für jeden des einen oder
dermehrerenFöderiertes-Lernen-Clients (502, 602,
702, 1102) gemäß der von demFöderiertes-Lernen-
Client bestimmten Aktualisierung, Vergleichen einer
Genauigkeit der aktualisierten Version des maschi-
nellen Lernmodells auf Testdaten des Föderiertes-
Lernen-Clientsmit einerGenauigkeit der erstenVer-
sion des maschinellen Lernmodells auf Testdaten
des Föderiertes-Lernen-Servers (501, 601, 701,
1101) und
wenn die Genauigkeit der aktualisierten Version des
maschinellen Lernmodells auf den Testdaten des
Föderiertes-Lernen-Clients höher ist als die Ge-
nauigkeit der ersten Version desmaschinellen Lern-
modells auf Testdaten des Föderiertes-Lernen-Ser-
vers, Aktualisieren der ersten Version des maschi-
nellen Lernmodells auf die zweite Version des ma-
schinellen Lernmodells unter Verwendung der Ak-
tualisierung durch den Föderiertes-Lernen-Client.

8. Das Verfahren nach Anspruch 7, das für jeden Fö-
deriertes-Lernen-Client (502, 602, 702, 1102) das
Übertragen einer Angabe der Genauigkeit der ak-
tualisierten Version des maschinellen Lernmodells
auf den Testdaten des Föderiertes-Lernen-Clients
an den Föderiertes-Lernen-Server (501, 601, 701,
1101) und Vergleichen der Genauigkeit der aktuali-
sierten Version des maschinellen Lernmodells auf
den Testdaten des Föderiertes-Lernen-Clients mit
der Genauigkeit der ersten Version des maschine-

llen Lernmodells auf Testdaten des Föderiertes-Ler-
nen-Servers durch den Föderiertes-Lernen-Server
aufweist oder
das Übertragen einer Angabe der Genauigkeit der
ersten Version des maschinellen Lernmodells auf
den Testdaten des Föderiertes-Lernen-Servers an
den Föderiertes-Lernen-Client und Vergleichen der
Genauigkeit der aktualisierten Version des maschi-
nellen Lernmodells auf den Testdaten des Föder-
iertes-Lernen-Clientsmit der Genauigkeit der ersten
Version des maschinellen Lernmodells auf Testda-
ten des Föderiertes-Lernen-Servers durch den Fö-
deriertes-Lernen-Client aufweist.

9. Das Verfahren nach einem der Ansprüche 7 bis 8,
das für jeden der mehreren Clients (502, 602, 702,
1102), wenn (708) dieGenauigkeit der aktualisierten
Version desmaschinellen Lernmodells auf den Test-
daten des Föderiertes-Lernen-Clients höher ist als
die Genauigkeit der ersten Version des maschine-
llen Lernmodells auf Testdaten des Föderiertes-Ler-
nen-Servers (501, 601, 701, 1101), aber die Trai-
ningsdaten des Föderiertes-Lernen-Clients das vor-
bestimmte Ähnlichkeitskriterium nicht erfüllen, das
Auslösen (1203) einer Aktualisierung der Testdaten
des Föderiertes-Lernen-Servers aufweist.

10. Das Verfahren nach einem der Ansprüche 7 bis 9,
das für jeden der mehreren Clients (502, 602, 702,
1102) aufweist, dass, wenn (707) die Trainingsdaten
des Föderiertes-Lernen-Clients das vorbestimmte
Ähnlichkeitskriteriumnicht erfüllen unddieGenauig-
keit der aktualisierten Version des maschinellen
Lernmodells auf den Testdaten des Föderiertes-Ler-
nen-Clients nicht höher ist als die Genauigkeit der
ersten Version des maschinellen Lernmodells auf
Testdaten des Föderiertes-Lernen-Servers (501,
601, 701, 1101), die Verwendung der vom Föder-
iertes-Lernen-Client erzeugten Aktualisierung zur
Aktualisierung der ersten Version des maschinellen
Lernmodells vermieden wird.

11. Das Verfahren nach einem der Ansprüche 7 bis 10,
das für jeden des einen oder der mehreren Clients,
wenn (707) die Trainingsdaten des Föderiertes-Ler-
nen-Clients das vorgegebene Ähnlichkeitskriterium
nicht erfüllen und die Genauigkeit der aktualisierten
Version desmaschinellen Lernmodells auf den Test-
daten des Föderiertes-Lernen-Clients nicht höher ist
als die Genauigkeit der ersten Version des maschi-
nellen Lernmodells auf den Testdaten des Föder-
iertes-Lernen-Servers, das Auslösen (1203) einer
Aktualisierung der Trainingsdaten des Föderiertes-
Lernen-Clients aufweist.

12. Das Verfahren nach einem der Ansprüche 1 bis 11,
das die Implementierung des einen oder der mehre-
ren Föderiertes-Lernen-Clients durch ein oder meh-
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reremobileEndgeräteeinesMobilfunk-Kommunika-
tionssystems oder die Implementierung sowohl des
Föderiertes-Lernen-Serversalsauchdeseinenoder
der mehreren Föderiertes-Lernen-Clients durch
Kernnetzfunktionen des Mobilfunk-Kommunika-
tionssystems aufweist.

13. Das Verfahren nach einem der Ansprüche 1 bis 12,
wobei jeder des einen oder der mehreren Föder-
iertes-Lernen-Clients die Aktualisierung durch Trai-
nieren des maschinellen Lernmodells auf den Trai-
ningsdaten desFöderiertes-Lernen-Clients erzeugt,
umeineKommunikationsnetzwerk-Analyseaufgabe
durchzuführen.

14. Das Verfahren nach Anspruch 13, wobei die Kom-
munikationsnetzwerk-Analyseaufgabe eine Vorher-
sage des Bedarfs an Kommunikationsressourcen
ist.

15. Ein Datenverarbeitungssystem, das so konfiguriert
ist, dass es das Verfahren nach einem der Ansprü-
che 1 bis 14 durchführt.

Revendications

1. Procédé (700, 1200) d’entraînement d’un modèle
d’apprentissage automatique caractérisé par
comprenant :

la détermination (1201), pour chacun d’un ou de
plusieurs clients d’apprentissage fédéré (502,
602, 702, 1102), si des données d’entraînement
du client d’apprentissage fédéré respectif rem-
plissent un critère de similarité prédéterminé
avec des données de test d’un serveur d’ap-
prentissage fédéré (501, 601, 701, 1101), et
pour chacundes clients d’apprentissage fédéré,
si (1202) les données d’entraînement du client
d’apprentissage fédéré respectif remplissent le
critère de similarité prédéterminé, la mise à jour
d’une première version du modèle d’apprentis-
sage automatique s’exécutant sur le serveur
d’apprentissage fédéré vers une deuxième ver-
siondumodèled’apprentissageautomatiqueen
utilisant une mise à jour qui est générée en
utilisant les données d’entraînement du client
d’apprentissage fédéré respectif, par le client
d’apprentissage fédéré respectif.

2. Procédé selon la revendication 1, comprenant la
génération, par le serveur d’apprentissage fédéré
(501, 601, 701, 1101), de la deuxième version du
modèle d’apprentissage automatique en agrégeant
les mises à jour de chacun dudit un ou desdits
plusieurs clients d’apprentissage fédéré (502, 602,
702, 1102) pour lesquels les données de test du

serveur d’apprentissage fédéré et les données d’en-
traînement du client d’apprentissage fédéré remplis-
sent le critère de similarité prédéterminé.

3. Procédé selon la revendication 1 ou 2, comprenant,
pour chacun dudit un ou desdits plusieurs clients
d’apprentissage fédéré (502, 602, 702, 1102),

la transmission d’informations sur des caracté-
ristiques des données d’entraînement du client
d’apprentissage fédéré au serveur d’apprentis-
sage fédéré (501, 601, 701, 1101) et la détermi-
nation, par le serveur d’apprentissage fédéré, si
les données d’entraînement du client d’appren-
tissage fédéré remplissent le critèredesimilarité
prédéterminé, ou
la transmission (705) d’informations sur des
caractéristiques des données de test du serveur
d’apprentissage fédéré au client d’apprentis-
sage fédéré et la détermination, par le client
d’apprentissage fédéré, si les données d’entraî-
nement du client d’apprentissage fédéré rem-
plissent le critère de similarité prédéterminé.

4. Procédé selon l’une quelconque des revendications
1 à 3, dans lequel, pour chacun dudit un ou desdits
plusieurs clients d’apprentissage fédéré (502, 602,
702, 1102), le critère de similarité prédéterminé est
que chacune d’une ou de plusieurs caractéristiques
des données de test du serveur d’apprentissage
fédéré (501, 601, 701, 1101) se situe dans une plage
prédéterminée respective de caractéristiques cor-
respondantes des données d’entraînement du client
d’apprentissage fédéré.

5. Procédé selon la revendication 4, dans lequel les
données de test du serveur d’apprentissage fédéré
(501, 601, 701, 1101) et les données d’entraînement
du client d’apprentissage fédéré (502, 602, 702,
1102) comprennent chacune une pluralité d’élé-
ments de données, chaque élément de données
ayant une valeur pour chacun d’une pluralité de
composants et lesdites une ou plusieurs caractéris-
tiques des données de test du serveur d’apprentis-
sage fédéré comprennent unemoyenne, un quantile
et/ou une variance pour chacun d’au moins quel-
ques-uns des composants des éléments de don-
nées des données de test et lesdites une ou plu-
sieurs caractéristiques des données d’entraînement
comprennent une moyenne, un quantile et/ou une
variance pour chacun desdits au moins quelques-
uns des composants des éléments de données des
données d’entraînement.

6. Procédé selon l’une quelconque des revendications
1 à 5, comprenant la transmission du modèle d’ap-
prentissage automatique du serveur d’apprentis-
sage fédéré (501, 601, 701, 1101) auxdits un ou
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plusieurs clients d’apprentissage fédéré (502, 602,
702, 1102) et, au moins si les données d’entraîne-
ment du client d’apprentissage fédéré remplissent le
critère de similarité prédéterminé, la détermination,
par chacun desdits un ou plusieurs clients d’appren-
tissage fédéré, de la mise à jour.

7. Procédé selon la revendication 6, comprenant la
détermination (706), par chacun desdits un ou plu-
sieurs clients d’apprentissage fédéré (502, 602, 702,
1102), d’une version mise à jour du modèle d’ap-
prentissage automatique selon la mise à jour déter-
minée par le client d’apprentissage fédéré, la
comparaison d’une précision de la version mise à
jour dumodèled’apprentissageautomatiquesurdes
données de test du client d’apprentissage fédéré
avec uneprécision de la première version dumodèle
d’apprentissage automatique sur des données de
test du serveur d’apprentissage fédéré (501, 601,
701, 1101) et si la précision de la version mise à jour
dumodèled’apprentissageautomatiquesur lesdon-
nées de test du client d’apprentissage fédéré est
supérieure à la précision de la première version du
modèle d’apprentissage automatique sur des don-
nées de test du serveur d’apprentissage fédéré, la
mise à jour de la première version du modèle d’ap-
prentissage automatique vers la deuxième version
du modèle d’apprentissage automatique en utilisant
la mise à jour par le client d’apprentissage fédéré.

8. Procédé selon la revendication 7, comprenant, pour
chaque client d’apprentissage fédéré (502, 602,
702, 1102), la transmission d’une indication de la
précision de la version mise à jour du modèle d’ap-
prentissage automatique sur les données de test du
client d’apprentissage fédéré au serveur d’appren-
tissage fédéré (501, 601, 701, 1101) et la comparai-
son, par le serveur d’apprentissage fédéré, de la
précision de la version mise à jour du modèle d’ap-
prentissage automatique sur les données de test du
client d’apprentissage fédéré avec la précision de la
première version du modèle d’apprentissage auto-
matique sur des données de test du serveur d’ap-
prentissage fédéré ou
la transmission au client d’apprentissage fédéré
d’une indication de la précision de la première ver-
sion dumodèle d’apprentissage automatique sur les
données de test du serveur d’apprentissage fédéré
et la comparaison, par le client d’apprentissage fé-
déré, de la précision de la version mise à jour du
modèle d’apprentissage automatique sur les don-
nées de test du client d’apprentissage fédéré avec la
précision de la première version du modèle d’ap-
prentissage automatique sur des données de test du
serveur d’apprentissage fédéré.

9. Procédé selon l’une quelconque des revendications
7 à 8, comprenant, pour chacun de la pluralité de

clients (502, 602, 702, 1102), si (708) la précision de
la version mise à jour du modèle d’apprentissage
automatique sur les données de test du client d’ap-
prentissage fédéréest supérieureà la précisionde la
première version du modèle d’apprentissage auto-
matique sur les données de test du serveur d’ap-
prentissage fédéré (501, 601, 701, 1101), mais les
données d’apprentissage du client d’apprentissage
fédéré ne remplissent pas le critère de similarité
prédéterminé, le déclenchement (1203) d’une mise
à jour des données de test du serveur d’apprentis-
sage fédéré.

10. Procédé selon l’une quelconque des revendications
7 à 9, comprenant, pour chacun de la pluralité de
clients(502, 602, 702, 1102), si (707) les données
d’entraînement du client d’apprentissage fédéré ne
remplissent pas le critère de similarité prédéterminé
et que la précision de la version mise à jour du
modèle d’apprentissage automatique sur les don-
nées de test du client d’apprentissage fédéré n’est
pas supérieure à la précision de la première version
du modèle d’apprentissage automatique sur des
données de test du serveur d’apprentissage fédéré
(501, 601, 701, 1101), l’évitementde l’utilisationde la
mise à jour générée par le client d’apprentissage
fédéré pour la mise à jour de la première version du
modèle d’apprentissage automatique.

11. Procédé selon l’une quelconque des revendications
7 à 10, comprenant, pour chacun desdits un ou
plusieurs clients, si (707) les données d’entraîne-
ment du client d’apprentissage fédéré ne remplis-
sent pas le critère de similarité prédéterminé et que
la précision de la version mise à jour du modèle
d’apprentissage automatique sur les données de
test du client d’apprentissage fédéré n’est pas su-
périeure à la précision de la première version du
modèle d’apprentissage automatique sur des don-
nées de test du serveur d’apprentissage fédéré, le
déclenchement (1203) d’une mise à jour des don-
nées d’entraînement du client d’apprentissage fédé-
ré.

12. Procédé selon l’une quelconque des revendications
1 à 11, comprenant la mise en œuvre desdits un ou
plusieurs clients d’apprentissage fédéré par un ou
plusieurs terminaux mobiles d’un système de radio-
communication mobile ou la mise enœuvre à la fois
du serveur d’apprentissage fédéré et desdits un ou
plusieurs clients d’apprentissage fédéré par des
fonctions de cœur de réseau du système de radio-
communication mobile.

13. Procédé selon l’une quelconque des revendications
1 à 12, dans lequel chacun desdits un ou plusieurs
clients d’apprentissage fédéré génère la mise à jour
en entraînant le modèle d’apprentissage automa-
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tique sur les données d’entraînement du client d’ap-
prentissage fédéré pour effectuer une tâche d’ana-
lyse de réseau de communication.

14. Procédé selon la revendication 13, dans lequel la
tâche d’analyse de réseau de communication est
une prédiction d’un besoin de ressources de
communication.

15. Système de traitement de données, configuré pour
exécuter le procédé de l’une quelconque des reven-
dications 1 à 14.
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