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A method for performing federated learning includes obtain-
ing an initial model at a server and receiving, at the server,
resource capacity of a client. The resource capacity of the
client corresponds to a model reduction ratio. The method
further includes determining a modular model for the client
based on the model reduction ratio, sending the modular
model to the client for training the modular model at the
client, and receiving, from the client, a locally trained model
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SYSTEMS, METHODS AND
NON-TRANSITORY COMPUTER-READABLE
STORAGE MEDIUMS FOR MODULAR
FEDERATED LEARNING

TECHNICAL FIELD

[0001] One or more example embodiments relate to meth-
ods, systems, and/or non-transitory computer-readable stor-
age mediums for modular federated learning.

BACKGROUND

[0002] Federated learning is a decentralized machine
learning process that enables training of machine learning
models across multiple devices and/or servers with data of
the individual devices and/or servers. Federated learning
maintains privacy of data as data from devices and/or
servers is only used locally.

SUMMARY

[0003] The scope of protection sought for various example
embodiments is set out by the independent claims. The
example embodiments and/or features, if any, described in
this specification that do not fall under the scope of the
independent claims are to be interpreted as examples useful
for understanding various embodiments.

[0004] 1In at least one example embodiment a method for
performing federated learning includes obtaining an initial
model at a server and receiving, at the server, resource
capacity of a client. The resource capacity of the client may
correspond to a model reduction ratio. The method may also
include determining a modular model for the client based on
the model reduction ratio, sending the modular model to the
client for training the modular model at the client, and
receiving, from the client, a locally trained model corre-
sponding to the modular model. The locally trained model
may be trained with client data at the client. The method may
further include updating the initial model based on the
locally trained model and calculating a loss value for the
initial model with a loss function.

[0005] 1In at least one example embodiment, the sending,
the receiving the locally trained model, the updating, and the
calculating may be repeated until the loss value is below a
threshold.

[0006] In at least one example embodiment, the server
may determine the model reduction ratio for the client based
on the resource capacity of the client.

[0007] In at least one example embodiment, the updating
the initial model may be further based on a weight of the
client.

[0008] In at least one example embodiment, the model
reduction ratio may be determined based on a total number
of floating point operations of the client.

[0009] In at least one example embodiment, the initial
model may be pretrained at the server with data stored on the
server.

[0010] In at least one example embodiment, the modular
model may include a depth and representation dimension-
ality representing an efficiency-accuracy trade-off.

[0011] In at least one example embodiment, the updating
the initial model based on the locally trained model may
include averaging the initial model with the locally trained
model and a weighting parameter. In at least one example
embodiment, the averaging the initial model with the locally
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trained model and the weighting parameter is based on a
number of clients, the weighting parameter, and an objective
function for the client. In at least one example embodiment,
the weighting parameter may be based on a number of
clients using a same portion of the model as the client.
[0012] In at least one example embodiment, the updating
the initial model may result in a trained model and the
method may further include performing inference with the
trained model.

[0013] Also described herein is a server storing a global
model configured to be trained with federated learning. The
server may include at least one memory configured to store
instructions and at least one processor configured to execute
the instructions to cause the server to obtain an initial model
and receive resource capacity of a client. The resource
capacity of the client may correspond to a model reduction
ratio. The server may be further configured to determine a
modular model for the client based on the model reduction
ratio, send the modular model to the client for training the
modular model at the client, and receive, from the client, a
locally trained model corresponding to the modular model.
The locally trained model may be trained with client data at
the client. The server may be further configured to update the
initial model based on the locally trained model and calcu-
late a loss value for the initial model with a loss function.
[0014] Also described herein is a server storing a global
model configured to be trained with federated learning,
wherein the server comprises: means for obtaining an initial
model; means for receiving resource capacity of a client, the
resource capacity of the client corresponding to a model
reduction ratio; means for determining a modular model for
the client based on the model reduction ratio; means for
sending the modular model to the client for training the
modular model at the client; means for receiving, from the
client, a locally trained model corresponding to the modular
model, the locally trained model being trained with client
data at the client; means for updating the initial model based
on the locally trained model; and means for calculating a
loss value for the initial model with a loss function.
[0015] In at least one example embodiment, the server
may be configured to repeat the sending, the receiving the
locally trained model, the updating, and the calculating until
the loss value is below a threshold.

[0016] In at least one example embodiment, the model
reduction ratio may be determined for the client based on the
resource capacity of the client.

[0017] In at least one example embodiment, the updating
the initial model may be further based on a weight of the
client.

[0018] In at least one example embodiment, the model
reduction ratio may be determined based on a total number
of floating point operations of the client.

[0019] In at least one example embodiment, the initial
model may be pretrained at the server with data stored on the
server.

[0020] In at least one example embodiment, the modular
model may include a depth and representation dimension-
ality representing an efliciency-accuracy trade-off.

[0021] In at least one example embodiment, the updating
the initial model based on the locally trained model may
include averaging the initial model with the locally trained
model and a weighting parameter. In at least one example
embodiment, the averaging the initial model with the locally
trained model and the weighting parameter is based on a
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number of clients, the weighting parameter, and an objective
function for the client. In at least one example embodiment,
the weighting parameter may be based on a number of
clients using a same portion of the model as the client.
[0022] In at least one example embodiment, the updating
the initial model may result in a trained model and the server
may be further configured to perform inference with the
trained model.

[0023] Also described herein is a non-transitory computer-
readable storage medium storing computer-executable
instruction that, when executed by the at least one processor
of a system, may cause the system to perform a method for
performing federated learning. The method for performing
federated learning may include obtaining an initial model at
a server and receiving, at the server, resource capacity of a
client. The resource capacity of the client may correspond to
a model reduction ratio. The method may also include
determining a modular model for the client based on the
model reduction ratio, sending the modular model to the
client for training the modular model at the client, and
receiving, from the client, a locally trained model corre-
sponding to the modular model. The locally trained model
may be trained with client data at the client. The method may
further include updating the initial model based on the
locally trained model and calculating a loss value for the
initial model with a loss function.

[0024] At least one other example embodiment provides
an apparatus for performing federated learning. The appa-
ratus may be configured to obtain an initial model and
receive resource capacity of a client. The resource capacity
of the client may correspond to a model reduction ratio. The
server may be further configured to determine a modular
model for the client based on the model reduction ratio, send
the modular model to the client for training the modular
model at the client, and receive, from the client, a locally
trained model corresponding to the modular model. The
locally trained model may be trained with client data at the
client. The server may be further configured to update the
initial model based on the locally trained model and calcu-
late a loss value for the initial model with a loss function.

BRIEF DESCRIPTION OF THE DRAWINGS

[0025] Example embodiments will become more fully
understood from the detailed description given herein below
and the accompanying drawings, wherein like elements are
represented by like reference numerals, which are given by
way of illustration only and thus are not limiting of this
disclosure.

[0026] FIG. 1 illustrates a system that may implement one
or more methods according to example embodiments
described herein.

[0027] FIG. 2 illustrates an example embodiment of a
system for modular federated learning.

[0028] FIG. 3 is a flow chart illustrating a method accord-
ing to example embodiments.

[0029] It should be noted that these figures are intended to
illustrate the general characteristics of methods, structure
and/or materials utilized in certain example embodiments
and to supplement the written description provided below.
These drawings are not, however, to scale and may not
precisely reflect the precise structural or performance char-
acteristics of any given embodiment, and should not be
interpreted as defining or limiting the range of values or
properties encompassed by example embodiments. The use
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of similar or identical reference numbers in the various
drawings is intended to indicate the presence of a similar or
identical element or feature.

DETAILED DESCRIPTION

[0030] Various example embodiments will now be
described more fully with reference to the accompanying
drawings in which some example embodiments are shown.
[0031] Detailed illustrative embodiments are disclosed
herein. However, specific structural and functional details
disclosed herein are merely representative for purposes of
describing example embodiments. The example embodi-
ments may, however, be embodied in many alternate forms
and should not be construed as limited to only the embodi-
ments set forth herein.

[0032] It should be understood that there is no intent to
limit example embodiments to the particular forms dis-
closed. On the contrary, example embodiments are to cover
all modifications, equivalents, and alternatives falling within
the scope of this disclosure. Like numbers refer to like
elements throughout the description of the figures.

[0033] While one or more example embodiments may be
described from the perspective of a function or system
element, it should be understood that one or more example
embodiments discussed herein may be performed by one or
more processors (or processing circuitry) at the applicable
device, apparatus, element, or system. For example, accord-
ing to one or more example embodiments, at least one
memory may store instructions that, when executed by one
or more processors, cause the system, or the like, to perform
the operations discussed herein.

[0034] As discussed herein, the term “mechanism,” in
addition to its plain and ordinary meaning, may refer to
methods, apparatuses and/or non-transitory computer read-
able storage mediums where applicable.

[0035] As discussed herein, the terminology “one or
more” and “at least one” may be used interchangeably.
[0036] It will be appreciated that a number of example
embodiments may be used in combination.

[0037] FIG. 1 illustrates an example embodiment of a
system 100. The system 100 includes: a processor 110, a
memory 120 connected to the processor 110, and various
communication interfaces 130 connected to the processor
110. The various communication interfaces 130 may con-
stitute a transceiver for transmitting/receiving data from/to
other system elements. The system 100 may implement the
systems and methods described herein in FIGS. 2-3.
[0038] As will be appreciated, depending on the imple-
mentation of the system 100, the system 100 may include
many more components than those shown in FIG. 1. How-
ever, it is not necessary that all of these generally conven-
tional components be shown in order to disclose the illus-
trative example embodiment. For example purposes, the
example embodiment shown in FIG. 1 will be discussed
with regard to the processor 110. However, it should be
understood that the system 100 shown in FIG. 1 may include
one or more processors or other processing circuitry, such as
one or more Application Specific Integrated Circuits
(ASICs).

[0039] The memory 120 may be a computer readable
storage medium that generally includes a random access
memory (RAM), read only memory (ROM), and/or a per-
manent mass storage device, such as a disk drive. The
memory 120 may also store an operating system and any
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other routines/modules/applications for providing the func-
tionalities of the system 100 to be executed by the processor
110. These software components may also be loaded from a
separate computer readable storage medium into the
memory 120 using a drive mechanism (not shown). Such
separate computer readable storage medium may include a
disc, tape, DVD/CD-ROM drive, memory card, or other like
computer readable storage medium (not shown). In some
example embodiments, software components may be loaded
into the memory 120 via one of the various communication
interfaces 130, rather than via a computer readable storage
medium.

[0040] The processor 110 or other processing circuitry
may be configured to carry out instructions of a computer
program by performing the arithmetical, logical, and input/
output operations of the system. Instructions may be pro-
vided to the processor 110 by the memory 120.

[0041] The various communication interfaces 130 may be
wired and may include components that interface the pro-
cessor 110 with the other input/output components. As will
be understood, the various communication interfaces 130
and programs stored in the memory 120 to set forth the
special purpose functionalities of the system 100 will vary
depending on the implementation of the network node.
[0042] The wvarious communication interfaces 130 may
also include one or more user input devices (e.g., a key-
board, a keypad, a mouse, or the like) and user output
devices (e.g., a display, a speaker, or the like).

[0043] FIG. 2 illustrates an example embodiment of a
system 200 for modular federated learning. The system 200
may be configured to incorporate training on a wide variety
of data on a model while maintaining privacy of the data
used to train the model. In particular, for example, a model
or a portion of the model may be sent from a server to at least
one of a plurality of clients that each include local data. The
model or portion of the model sent to a client may be
referred to herein as a modular model. The model or the
portion of the model may be locally trained and sent back to
the server for incorporation back into the model. Thus, the
model may be updated based (e.g., at least partially) on
training performed locally without the data of the clients
having to be shared outside of the local client. Maintaining
local data at a local client may ensure compliance with
privacy laws and restrictions and may also reduce risks of
data breaches while still resulting in a model trained with a
variety of data. Thus, the model may be relatively accurate
and/or robust to a variety of data inputs when the model is
deployed. Further, training a model in a modular way may
accommodate a variety of clients and may improve com-
munication efficiency because a portion of the model used
for training at a particular device may be optimized for that
particular device. The system 200 and methods described
herein may balance data privacy, computational efficiency,
and/or scalability in a federated learning environment.
[0044] Referring to FIG. 2, the system 200 includes a
central server 202 storing a global model 204. In at least one
example embodiment, the central server 202 may be imple-
mented by the system 100 shown in FIG. 1. The global
model 204 may be a machine learning model that may be
trained via federated learning. In at least one example
embodiment, the central server 202 may initialize the global
model 204 with an estimated memory and computational
requirement. [n at least one example embodiment, the global
model 204 may be untrained. Alternatively or additionally,
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the global model 204 may be pretrained at the central server
202 with data stored at the central server 202.

[0045] The system 200 also includes a plurality of clients
206. The plurality of clients 206 may be clients that are
communicatively coupled with the central server 202. The
plurality of clients 206 may include a first client 206a, a
second client 2064, a third client 206¢, a fourth client 2064,
and a fifth client 206e. Although five clients are shown in
FIG. 2, example embodiments should not be limited to this
example. Moreover, according to one or more example
embodiments, modular models may be sent to and/or trained
models may be received from each or one or more of the
plurality clients for training the global model 204,

[0046] Each of the plurality of clients 206 may include at
least one of a computer, a smartphone, a smart watch, a
smart ring, smart ear pods, and/or other clients that may be
configured to collect, process, and/or analyze data. Each of
the plurality of clients 206 may have a resource capacity. In
at least one example embodiment, the resource capacity of
each of the plurality of clients 206 may be a total number of
floating point operations (“FLOPs™) of the client. Each of
the plurality of clients 206 may be configured to commu-
nicate with the central server 202 to send its resource
capacity to the central server 202 via its total number of
FLOPs.

[0047] The central server 202 receives the resource capac-
ity of each of the plurality of clients 206 and determines a
model reduction ratio for each of the plurality of clients 206.
In at least one example embodiment, the model reduction
ratio is determined based on the total number of FLOPs of
the client. For example, the global model 204 may require a
total number of FLOPs to be executed. The model reduction
ratio may be determined based on the total number of FLOPs
needed to execute the global model and the number of
FLOPs of the client of the plurality of clients. Thus, the
model reduction ratios may be used to scale the global model
204 based on the computational capacity of each of the
plurality of clients 206 determined by the FLOPs for each of
the plurality of clients 206. In at least one example embodi-
ment, additional parameters of each of the plurality of clients
206 may be used to determine the model reduction ratios. In
particular, parameters such as memory constraints, inference
latency, energy or power consumption, network bandwidth,
training speed, task-specific accuracy needs, and/or histori-
cal performance metrics may be used to determine the model
reduction ratio for each of the plurality of clients 206.
Utilizing these additional parameters may ensure that the
model reduction ratio is configured to adapt the global
model 204 to clients’ diverse resource limitations and task
demands which may provide flexibility and efficiency in
various federated learning scenarios. The central server 202
may store each of the model reduction ratios in association
with each of the plurality of clients 206. For example, the
central server 202 may store the model reduction ratios
associated with each of the plurality of modular models 208
in the memory 120.

[0048] In at least one example embodiment, the central
server 202 may be configured to determine a modular model
208 in response to each of the model reduction ratios. Each
modular model 208 may be determined from the global
model 204. In at least one example embodiment, the central
server 202 may be configured to reduce the global model
204 1in response to each model reduction ratio to determine
the modular model 208 to send to a corresponding client of
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the plurality of clients 206. For example, if a model reduc-
tion ratio for the first client 206a is 10%, then the global
model 204 may be reduced to 10% to create a modular
model of a sufficient size to be deployed at the first client
206a. If a model reduction ratio for the second client 2065
is 20%, the global model 204 may be reduced to 20% to
create a modular model of a sufficient size to be deployed at
the second client 206b. The modular model that is reduced
to 20% may include the modular model that is reduced to
10%. Further, the global model 204 may be reduced at two
levels. A number of layers may be reduced and/or a repre-
sentation size may be reduced. The internal structure of each
of the layers may not be modified in this reduction. The
global model 204 may be built with a modular design which
may mean that the model includes a plurality of layers. If the
number of layers is being reduced and a model reduction
ratio of 50% is used, the global model 204 may be reduced
so that only the first half of the layers are sent to the client.
[f a representation size is being reduced, rather than utilizing
a full output from a layer, a smaller output may be used. For
example, if a layer normally has a 2048-dimensional output,
this output may be reduced to 512 dimensions so that the
model may be configured for resource-constrained clients.
Thus, reducing the global model 204 may not alter an
internal structure of each layer of the plurality of layers of
the global model 204. The internal structure may maintain
the number of neurons in dense layers or filters in convo-
Iutional layers based on this reduction.

[0049] In at least one example embodiment, the global
model 204 may include a plurality of nested layers. Each
layer may have at least one dimension. In particular, the
layers may include a depth and a representation dimension
that may represent an efficiency-accuracy trade-off Each of
the modular models 208 includes a plurality of layers of the
global model 204 and has a last layer that is not equal to the
last layer of the global model 204 unless the modular model
208 is equal to the global model 204. Each of the plurality
of clients 206 is configured to train a respective modular
model 208 to minimize a loss of the last layer of the modular
model 208,

[0050] In at least one example embodiment, each of the
plurality of clients 206 may train its respective modular
model 208 locally. In at least one example embodiment, if
the global model 204 is pretrained at the central server 202,
the last layer of the global model 204 may be taken into
consideration during the pretraining to ensure the global
model 204 is optimized before generating the plurality of
modular models 208 for training at the plurality of clients
206. The respective modular model 208 may be trained
according to a training methodology defined by the feder-
ated learning system provider. Similarly, the global model
204 may be pretrained according to a training methodology
defined by the federated learning system provider. The
training may be one or more of fine-tuning, end-to-end
training, or another technique based on the particular central
server 202 and/or global model 204. Each of the plurality of
clients 206 is attempting to perform risk minimization based
on unique data of the client including training samples and
corresponding labels. After training a modular model, each
of the plurality of clients 206 may upload the locally trained
modular model 210 to the central server 202.

[0051] In at least one example embodiment, the central
server 202 is configured to incorporate each of the locally
trained modular models 210 with the global model 204. In
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at least one example embodiment, each locally trained
modular model 210 may be assigned a weight 212 and may
be incorporated with the global model 204 based on the
assigned weight 212.

[0052] For example, the assigned weight 212 may be a
weighting factor or a weighting parameter that is used to
compensate for the uneven training of different portions of
the global model 204. In particular, most of the model
reduction ratios will require the global model 204 to be
reduced before being transmitted to the clients. Thus, a first
portion of the global model 204 may be trained more
frequently than a later portion of the global model 204. To
account for the increased training of certain portions of the
global model 204, the locally trained modular models 210
may be weighted before being incorporated with the global
model 204. Portions of the global model 204 that are trained
more frequently may be weighted higher than those that are
trained less frequently.

[0053] Averaging of the global model 204 with the locally
trained modular models 210 aims to optimize the function
shown below in Equation [1].

minf(w) = Z: il Fiw) 1= By, [fiw; x0]) al

[0054] In Equation [1], m represents the number of clients
in the system. o, is the weighting parameter for the i-th
client, and F,(w) is the objective function for the i-th client,
c¢,. The weighting parameter, 0. is defined as

where n; is the number of clients using the portion of the
model that the i-th client is using.

[0055] In at least one example embodiment, after the
global model 204 is updated with the locally trained modular
models 210 a loss value is calculated. The modular models
208 may be representations that are of lower quality than the
global model 204 because they may be reduced in size based
on the model reduction ratios. Thus, a loss value may be
determined to quantify an impact of utilizing the modular
models 208 for training of the global model 204. The loss
value may be determined with a loss function to determine
an overall loss between the global model 204 before local
training by the plurality of clients 206 and the global model
204 after being combined with the locally trained modular
models 210. In particular, a goal of training the global model
204 via the modular models 208 at the plurality of clients
206 is to minimize both a loss of the last layer of the global
model 204 and a last layer of each of the modular models
208. This minimization process enables optimization of the
global model 204 and the modular models 208 at different
levels of computational capacity across the plurality of
clients 206.

[0056] In at least one example embodiment, the loss
function may be given by Equation [2] shown below.
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[0057] In Equation [2],

Zd(-f(zf_,,] T _{‘(z’i‘f‘,n

is a sum of individual losses computed for each dimension
of the last layer of the global model 204, L, and the last layer,
1. of each modular model 208. Also in Equation [2],

P LENTES)

is a sum of Kullback-Leibler (KL) divergences for each
dimension of the last layer of the global model 204, 1, and
the last layer, 1, of each modular model 208. A loss function
may be determined based on a specific task or a goal of the
federated learning framework. For example, a cross-entropy
loss function may be used for a classification task while a
different loss function may be used for tasks such as regres-
sion or segmentation. Thus, the losses may be determined
specific to the federated learning framework in at least one
example embodiment.

[0058] After calculation of the loss value, the central
server 202 may compare the loss value to a threshold value.
The threshold value may be a value indicating an acceptable
overall loss signaling a completion of the training process.
If the loss value is not less than or equal to the threshold
value, then the system 200 may perform another iteration of
training of the global model 204 as described above. The
system 200 may perform iterations of training as described
above until the loss value is equal to or below the threshold
value. Alternatively or additionally, training of the global
model 204 may end when a relative loss improvement is
determined based on convergence, validation performance,
or computational constraints.

[0059] Once the global model 204 is sufficiently trained, it
may be deployed for inference at one or more of the central
server 202 and/or the plurality of clients 206. Thus, the
central server 202 and/or the plurality of clients 206 may
utilize the global model 204 to complete an intended action
such as performing a task, making a prediction, solving a
problem, etc. Each client of the plurality of clients 206 may
be configured to use its local data for inference of the global
model 204. Similarly, the central server 202 may include
data that can be used for inference of the global model 204.
The central server 202 may not include data from the
plurality of clients 206. Thus, inference may typically occur
at the plurality of clients 206 rather than at the central server
202 itself.

[0060] FIG. 3 is a flow chart of a method 300 of perform-
ing federated learning according to example embodiments.
For example purposes, the method 300 is described with
reference to elements of the system 100 and the system 200
herein. However, example embodiments should not be lim-
ited to this example. In at least one example embodiment,
the global model 204 may be trained at the central server 202
before any local training occurs. The method 300 is
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described with reference to a single client. However,
example embodiments are not limited herein.

[0061] Referring to FIG. 3, at step S302 an initial model
is obtained at a server. The initial model may be the global
model 204 and the server may be the central server 202
described herein.

[0062] At step S304, the central server 202 receives a
resource capacity from a client of the plurality of clients 206.
As described above, the resource capacity of the client may
be based on a total number of floating point operations
(FLOPs) of the client.

[0063] At step S306, the central server 202 determines the
modular model 208 for the client. The modular model 208
may be determined from the global model 204 based on the
resource capacity of the client. In particular, as described
above, the central server 202 may determine a model reduc-
tion ratio based on the resource capacity of the client. The
model reduction ratio may be used to create a modular
model specific to the client based on the client’s resource
capacity. Thus, training of the global model 204 may be
optimized based on the client which may make training of
the global model 204 more efficient.

[0064] At step S308. the central server 202 sends the
modular model 208 to the client. The client may be config-
ured to locally train the modular model 208 received from
the central server 202. The modular model 208 may be
trained at the client based on local data of the client. As
described above, when the method 300 is performed on a
plurality of clients, this process may maintain privacy of
local data while allowing a variety of data to be used to train
each of the modular models 208.

[0065] At step S310, the central server 202 receives the
locally trained modular model 210 from the client.

[0066] At step S312, the central server 202 updates the
global model 204 with the locally trained modular model
210. As described above, the locally trained modular model
210 may be weighted and may be averaged with the global
model 204 to update the global model 204 with the locally
trained modular model 210. In at least one example embodi-
ment, the central server 202 may optionally perform fine
tuning of the global model 204 using a small validation or
auxiliary dataset to refine performance of the global model
204. Alternatively or additionally, the central server 204 may
apply one or more regularization techniques to ensure con-
sistency across updates from heterogeneous clients.

[0067] At step S314, the central server 202 calculates a
loss value for the global model 204 with a loss function as
described above.

[0068] At conditional step S316, the central server 202
determines whether the loss value is less than a threshold
value, If the loss value is less than the threshold value, then
the method 300 ends and the global model 204 is sufficiently
trained. If the loss value is not less than the threshold value,
then the method 300 returns to step S304 where training via
the client of the plurality of clients 206 is repeated. This
method 300 may continue with as many iterations as needed
to achieve a loss value of the global model below the
threshold value or to achieve a desired convergence criteria.
In at least one example embodiment, the threshold value
and/or the convergence criteria may be inputs that are stored
at the central server 202.

[0069] In at least one example embodiment, after training
of the global model 204 with the plurality of clients,
inference of the global model 204 may be performed.
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[0070] The method 300 may be expanded in at least one
example embodiment to incorporate each client of the
plurality of client 206. When a plurality of clients are used
to perform local training of the modular models 208, each
client may be individually in communication with the cen-
tral server 202. Thus, each client may locally train a modular
model and may communicate with the central server 202
independently of a remainder of the clients of the plurality
of clients 206 and each iteration of the method 300 may be
occurring simultaneously for the plurality of clients 208. In
at least one example embodiment, training of the global
model 204 may occur in rounds where each of the modular
models 208 is sent to a corresponding client of the plurality
of clients 206 and the global model 204 is not updated until
the locally trained module models 210 are received back at
the central server 202. This may ensure that the global model
204 reflects the contributions of each client of the plurality
of clients 206 that received a modular model 208. In at least
one example embodiment, asynchronous federated learning
may occur which may cause the central server 202 to update
the global model 204 with the locally trained modular
models 210 as they are received from each client of the
plurality of clients 206 and the training of the global model
204 may not occur in rounds where each locally trained
modular model 210 is received prior to updating the global
model 204.

[0071] The systems and methods described herein provide
models that are trained with unique data from a plurality of
sources while maintaining privacy considerations. The
global model 204 may be relatively accurate and/or robust to
a variety of data inputs when the global model 204 is
deployed. Further, training the global model 204 in a modu-
lar way may accommodate a variety of clients and/or may
improve communication efficiency. For example, a portion
of the global model 204 used for training at a particular
client may be optimized for that particular client. The
systems and methods described herein may balance data
privacy, computational efficiency, and/or scalability in a
federated learning environment.

[0072] Although the terms first, second, etc. may be used
herein to describe various elements, these elements should
not be limited by these terms. These terms are only used to
distinguish one element from another. For example, a first
element could be termed a second element, and similarly, a
second element could be termed a first element, without
departing from the scope of this disclosure. As used herein,
the term “and/or,” includes any and all combinations of one
or more of the associated listed items.

[0073] When an element is referred to as being “con-
nected,” or “coupled,” to another element, it can be directly
connected or coupled to the other element or intervening
elements may be present. By contrast, when an element is
referred to as being “directly connected,” or “directly
coupled,” to another element, there are no intervening
elements present. Other words used to describe the relation-
ship between elements should be interpreted in a like fashion
(e.gz., “between,” versus “directly between,” “adjacent,”
versus “directly adjacent,” etc.).

[0074] The terminology used herein is for the purpose of
describing particular embodiments only and is not intended
to be limiting. As used herein, the singular forms “a,” “an,”
and “the,” are intended to include the plural forms as well,
unless the context clearly indicates otherwise. It will be

further understood that the terms “comprises,” “compris-
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ing includes,” and/or “including,” when used herein,
specify the presence of stated features, integers, steps,
operations, elements, and/or components, but do not pre-
clude the presence or addition of one or more other features,
integers, steps, operations, elements, components, and/or
groups thereof.

[0075] Tt should also be noted that in some alternative
implementations, the functions/acts noted may occur out of
the order noted in the figures. For example, two figures
shown in succession may in fact be executed substantially
concurrently or may sometimes be executed in the reverse
order, depending upon the functionality/acts involved.
[0076] Specific details are provided in the following
description to provide a thorough understanding of example
embodiments. However, it will be understood by one of
ordinary skill in the art that example embodiments may be
practiced without these specific details. For example, sys-
tems may be shown in block diagrams so as not to obscure
the example embodiments in unnecessary detail. In other
instances, well-known processes, structures and techniques
may be shown without unnecessary detail in order to avoid
obscuring example embodiments.

[0077] As discussed herein, illustrative embodiments are
described with reference to acts and symbolic representa-
tions of operations (e.g., in the form of flow charts, flow
diagrams, data flow diagrams, structure diagrams, block
diagrams, etc.) that may be implemented as program mod-
ules or functional processes include routines, programs,
objects, components, data structures, etc., that perform par-
ticular tasks or implement particular abstract data types and
may be implemented using existing hardware at, for
example, existing servers or other system elements and/or
hardware. Such existing hardware may be processing or
control circuitry such as, but not limited to, one or more
processors, one or more Central Processing Units (CPUs),
one or more controllers, one or more arithmetic logic units
(ALUs), one or more digital signal processors (DSPs), one
or more microcomputers, one or more field programmable
gate arrays (FPGAs), one or more System-on-Chips (SoCs),
one or more programmable logic units (PLUs), one or more
microprocessors, one or more Application Specific Inte-
grated Circuits (ASICs), or any other client or clients
capable of responding to and executing instructions in a
defined manner.

[0078] Although a flow chart may describe the operations
as a sequential process, many of the operations may be
performed in parallel, concurrently or simultaneously. In
addition, the order of the operations may be re-arranged. A
process may be terminated when its operations are com-
pleted, but may also have additional steps not included in the
figure. A process may correspond to a method, function,
procedure, subroutine, subprogram, etc. When a process
corresponds to a function, its termination may correspond to
a return of the function to the calling function or the main
function.

[0079] As disclosed herein, the term “storage medium,”
“computer readable storage medium” or “non-transitory
computer readable storage medium™ may represent one or
more devices for storing data, including read only memory
(ROM), random access memory (RAM), magnetic RAM,
core memory, magnetic disk storage mediums, optical stor-
age mediums, flash memory devices and/or other tangible
machine-readable mediums for storing information. The
term “computer-readable medium™ may include, but is not
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limited to, portable or fixed storage devices, optical storage
devices, and various other mediums capable of storing,
containing or carrying instruction(s) and/or data.

[0080] Furthermore, example embodiments may be imple-
mented by hardware, software, firmware, middleware,
microcode, hardware description languages, or any combi-
nation thereof. When implemented in software, firmware,
middleware or microcode, the program code or code seg-
ments to perform the necessary tasks may be stored in a
machine or computer readable medium such as a computer
readable storage medium. When implemented in software, a
processor or processors will perform the necessary tasks. For
example, as mentioned above, according to one or more
example embodiments, at least one memory may include or
store computer program code, and the at least one memory
and the computer program code may be configured to, with
at least one processor, cause a network element or network
device to perform the necessary tasks. Additionally, the
processor, memory and example algorithms, encoded as
computer program code, serve as means for providing or
causing performance of operations discussed herein.
[0081] A code segment of computer program code may
represent a procedure, function, subprogram, program, rou-
tine, subroutine, module, software package, class, or any
combination of instructions, data structures or program
statements. A code segment may be coupled to another code
segment or a hardware circuit by passing and/or receiving
information, data, arguments, parameters or memory con-
tents. Information, arguments, parameters, data, etc. may be
passed, forwarded, or transmitted via any suitable technique
including memory sharing, message passing, token passing,
network transmission, etc.

[0082] The terms “including” and/or “having,” as used
herein, are defined as comprising (i.e., open language). The
term “coupled,” as used herein, is defined as connected,
although not necessarily directly, and not necessarily
mechanically. Terminology derived from the word “indicat-
ing” (e.g., “indicates” and “indication™) is intended to
encompass all the various techniques available for commu-
nicating or referencing the object/information being indi-
cated. Some, but not all, examples of techniques available
for communicating or referencing the object/information
being indicated include the conveyance of the object/infor-
mation being indicated, the conveyance of an identifier of
the object/information being indicated, the conveyance of
information used to generate the object/information being
indicated, the conveyance of some part or portion of the
object/information being indicated, the conveyance of some
derivation of the object/information being indicated, and the
conveyance of some symbol representing the object/infor-
mation being indicated.

[0083] According to example embodiments, hardware,
firmware, hardware executing software or any combination
thereof may be used to implement the systems and methods
described herein. Such hardware may include processing or
control circuitry such as, but not limited to, one or more
processors, one or more CPUs, one or more controllers, one
or more ALUs, one or more DSPs, one or more microcom-
puters, one or more FPGAs, one or more SoCs, one or more
PLUs, one or more microprocessors, one or more ASICs, or
any other device or devices capable of responding to and
executing instructions in a defined manner.

[0084] Benefits, other advantages, and solutions to prob-
lems have been described above with regard to specific
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embodiments of the invention. However, the benefits,
advantages, solutions to problems, and any element(s) that
may cause or result in such benefits, advantages, or solu-
tions, or cause such benefits, advantages, or solutions to
become more pronounced are not to be construed as a
critical, required, or essential feature or element of any or all
the claims.

What is claimed is:

1. A method of performing federated learning, the method
comprising:

obtaining an initial model at a server;

receiving, at the server, resource capacity of a client, the

resource capacity of the client corresponding to a
model reduction ratio;

determining a modular model for the client based on the

model reduction ratio;

sending the modular model to the client for training the

modular model at the client;
receiving, from the client, a locally trained model corre-
sponding to the modular model, the locally trained
model being trained with client data at the client;

updating the initial model based on the locally trained
model; and

calculating a loss value for the initial model with a loss

function.

2. The method of claim 1, wherein the sending, the
receiving the locally trained model, the updating, and the
calculating are repeated until the loss value is below a
threshold.

3. The method of claim 1, wherein the server determines
the model reduction ratio for the client based on the resource
capacity of the client.

4. The method of claim 1, wherein the updating the initial
model is further based on a weight of the client.

5. The method of claim 1, wherein the model reduction
ratio is determined based on a total number of floating point
operations of the client.

6. The method of claim 1, wherein the initial model is
pretrained at the server with data stored on the server.

7. The method of claim 1, wherein the modular model
includes a depth and representation dimensionality repre-
senting an efliciency-accuracy trade-off.

8. The method of claim 1, wherein the updating the initial
model based on the locally trained model includes averaging
the initial model with the locally trained model and a
weighting parameter.

9. The method of claim 8, wherein the averaging the
initial model with the locally trained model and the weight-
ing parameter is based on a number of clients, the weighting
parameter, and an objective function for the client.

10. The method of claim 9, wherein the weighting param-
eter is based on a number of clients using a same portion of
the model as the client.

11. The method of claim 1, wherein the updating the
initial model results in a trained model and the method
further comprises

performing inference with the trained model.

12. A server storing a global model configured to be
trained with federated learning, the server comprising:

at least one memory configured to store instructions; and

at least one processor configured to execute the instruc-

tions to cause the server to obtain an initial model,
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receive resource capacity of a client, the resource
capacity of the client corresponding to a model
reduction ratio,

determine a modular model for the client based on the
model reduction ratio,

send the modular model to the client for training the
modular model at the client,

receive, from the client, a locally trained model corre-
sponding to the modular model, the locally trained
model being trained with client data at the client,

update the initial model based on the locally trained
model, and

calculate a loss value for the initial model with a loss
function.

13. The server of claim 12, wherein the server is config-
ured to repeat the sending, the receiving the locally trained
model, the updating, and the calculating until the loss value
is below a threshold.

14. The server of claim 12, wherein the model reduction
ratio is determined for the client based on the resource
capacity of the client.

15. The server of claim 12, wherein the updating the
initial model is further based on a weight of the client.
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16. The server of claim 12, wherein the model reduction
ratio is determined based on a total number of floating point
operations of the client.

17. The server of claim 12, wherein the initial model is
pretrained at the server with data stored on the server.

18. The server of claim 12, wherein the modular model
includes a depth and representation dimensionality repre-
senting an efficiency-accuracy trade-off.

19. The server of claim 12, wherein the updating the
initial model based on the locally trained model includes
averaging the initial model with the locally trained model
and a weighting parameter.

20. The server of claim 19, wherein the averaging the
initial model with the locally trained model and the weight-
ing parameter is based on a number of clients, the weighting
parameter, and an objective function for the client.

21. The server of claim 20, wherein the weighting param-
eter is based on a number of clients using a same portion of
the model as the client.

22. The server of claim 12, wherein the updating the
initial model results in a trained model and the server is
further configured to perform inference with the trained
model.



