wO 2024/129052 A1 | NI F000 0 KOO0 0 0 O 0 0

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

J

=

(19) World Intellectual Property
Organization
International Bureau

(43) International Publication Date
20 June 2024 (20.06.2024)

(10) International Publication Number

WO 2024/129052 Al

WIPO I PCT

1)

@n

22)

@5
(26)
(71)

(71)

(72)

International Patent Classification:

GO6N 3/08 (2023.01) GO6N 20/00 (2019.01)
GO6N 3/02 (2006.01) GO6N 3/00(2023.01)
GO6N 3/04 (2023.01)

International Application Number:
PCT/US2022/052496

International Filing Date:

12 December 2022 (12.12.2022)
Filing Language: English
Publication Language: English

Applicant: RAKUTEN MOBILE, INC. [JP/JP]; 1-14-1
Tamagawa, Setagaya-ku, Tokyo 158-0094 (JP).

Applicant (for SC only): RAKUTEN MOBILE USA LLC
[US/US];, 800 Concar Dr., San Mateo, California 94402
(Us).

Inventors: WU, Di; c/o University of St. Andrews, St. An-
drews KY16 9AJ (GB). VARGHESE, Blesson; c/o Uni-
versity of St. Andrews, St. Andrews KY16 9AJ (GB).
RODGERS, Philip; c/o Rakuten Marketing Europe Lim-
ited, 71 Queen Victoria Street, 7th Floor, London EC4V
4AY (GB). ULLAH, Rehmat; c/o University of St. An-
drews, St. Andrews KY16 9AJ (GB). KILPATRICK,

(74)

@81)

84

Peter; c/o Queen's University Belfast, University Road,
Belfast, Northern Ireland BT7 INN (GB). SPENCE, Ivor;
c/o Queen's University Belfast, University Road, Belfast,
Northern Ireland BT7 1NN (GB).

Agent: PRITCHETT, Joshua L.; Hauptman Ham, LLP,
2318 Mill Road, Suite 1400, Alexandria, Virginia 22314
(US).

Designated States (unless otherwise indicated, for every
kind of national protection available). AE, AG, AL, AM,
AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY, BZ,
CA, CH, CL, CN, CO, CR, CU, CV, CZ,DE, DJ, DK, DM,
DO, DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT,
HN, HR, HU, ID, IL, IN, IQ, IR, IS, IT, JM, JO, JP, KE,
KG, KH, KN, KP, KR, KW,KZ, LA, LC,LK,LR, LS, LU,
LY, MA, MD, MG, MK, MN, MW, MX, MY, MZ, NA, NG,
NI, NO, NZ, OM, PA, PE, PG, PH, PL, PT, QA, RO, RS,
RU, RW, SA, SC, SD, SE, SG, SK, SL, ST, SV, SY, TH, TJ,
™™, TN, TR, TT, TZ, UA, UG, US, UZ, VC, VN, WS, ZA,
ZM, ZW.

Designated States (unless otherwise indicated, for every
kind of regional protection available): ARIPO (BW, CV,
GH, GM,KE, LR,LS, MW, MZ, NA, RW, SC, SD, SL, ST,
SZ, TZ, UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ,
RU, TJ, TM), European (AL, AT, BE, BG, CH, CY, CZ,

(54) Title: COLLABORATIVE TRAINING WITH COMPRESSED TRANSMISSIONS

(57) Abstract: Collaborative training with compressed transmissions is per-

SERVER

105A 105D
COMPUTATION COMPUTATION
DEVICE DEVICE
105&?\ 105C
COMPUTATION COMPUTATION
DEVICE DEVICE
FiG. 1

formed by partitioning a plurality of layers of a neural network model into
a device partition and a server partition, combining a plurality of encoding
layers of an auto-encoder neural network with the device partition, wherein
a largest encoding layer among the plurality of encoding layers is adjacent a
layer of the device partition bordering the server partition, combining a plu-
rality of decoding layers of the auto-encoder neural network with the server
partition, wherein a largest decoding layer among the plurality of decoding
layers is adjacent a layer of the server partition bordering the device partition,
transmitting, to a computation device, the device partition combined with the
plurality of encoding layers, and training, collaboratively with the computa-
tion device through a network, the neural network model.

[Continued on next page]



WO 2024/129052 A | [I 1000000000 0O 0

DE, DK, EE, ES, FI, FR, GB, GR, HR, HU, IE, IS, IT, LT,
LU, LV, MC, ME, MK, MT, NL, NO, PL, PT, RO, RS, SE,
S, SK, SM, TR), OAPI (BF, BJ, CF, CG, CI, CM, GA, GN,
GQ, GW, KM, ML, MR, NE, SN, TD, TG).

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



WO 2024/129052 PCT/US2022/052496

COLLABORATIVE TRAINING WITH COMPRESSED TRANSMISSIONS

BACKGROUND

[0001] TECHNICAL FIELD

[0002]  This description relates to collaborative training with compressed transmissions.
[0003] BACKGROUND

[0004]  Collaborative machine learning (CML) techniques, such as federated learning, are
used to collaboratively train neural network models using multiple computation devices, such as
end-user devices, and a server. CML techniques preserve the privacy of end-users because it does
not require user data to be transferred to the server. Instead, local models are trained and shared

with the server.

SUMMARY

[0005]  According to at least some embodiments of the subject disclosure, collaborative
training with compressed transmissions is performed by partitioning a plurality of layers of a
neural network model into a device partition and a server partition, combining a plurality of
encoding layers of an auto-encoder neural network with the device partition, wherein a largest
encoding layer among the plurality of encoding layers is adjacent a layer of the device partition
bordering the server partition, combining a plurality of decoding layers of the auto-encoder neural
network with the server partition, wherein a largest decoding layer among the plurality of
decoding layers is adjacent a layer of the server partition bordering the device partition,
transmitting, to a computation device, the device partition combined with the plurality of encoding

layers, and training, collaboratively with the computation device through a network, the neural
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network model.

[0006] Some embodiments include the instructions in a computer program, the method
performed by the processor executing the instructions of the computer program, and an apparatus
that performs the method. In some embodiments, the apparatus includes a controller including

circuitry configured to perform the operations in the instructions.

BRIEF DESCRIPTION OF THE DRAWINGS

[0007]  Aspects of the present disclosure are best understood from the following detailed
description when read with the accompanying figures. It is noted that, in accordance with the
standard practice in the industry, various features are not drawn to scale. In fact, the dimensions
of the various features may be arbitrarily increased or reduced for clarity of discussion.

[0008]  FIG. 1is a schematic diagram of a system for collaborative training with compressed
transmissions, according to at least some embodiments of the subject disclosure.

[0009]  FIG. 2 is a schematic diagram of a server and a computation device for collaborative
training with compressed transmissions, according to at least some embodiments of the subject
disclosure.

[0010]  FIG. 3 is an operational flow for collaborative training with compressed transmissions,
according to at least some embodiments of the subject disclosure.

[0011]  FIG. 4 is an operational flow for producing partitions, according to at least some
embodiments of the subject disclosure.

[0012]  FIG. 5 is an operational flow for training an auto-encoder with a computation device,
according to at least some embodiments of the subject disclosure.

[0013]  FIG. 6 is an operational flow for training in collaboration with a computation device,

according to at least some embodiments of the subject disclosure.
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[0014]  FIG. 71s an operational flow for a batch of training in collaboration with a computation
device, according to at least some embodiments of the subject disclosure.

[0015]  FIG. 8 is an operational flow for training in collaboration with a server, according to
at least some embodiments of the subject disclosure.

[0016]  FIG. 9 is an operational flow for a batch of training in collaboration with a server,
according to at least some embodiments of the subject disclosure.

[0017]  FIG. 10 1s a schematic diagram of a server and a computation device for collaborative
training with compressed transmissions and transfer learning, according to at least some
embodiments of the subject disclosure.

[0018]  FIG. 11 1s ablock diagram of a hardware configuration for collaborative training with

compressed transmissions, according to at least some embodiments of the subject disclosure.

DETAILED DESCRIPTION

[0019]  The following disclosure provides many different embodiments, or examples, for
implementing different features of the provided subject matter. Specific examples of components,
values, operations, materials, arrangements, or the like, are described below to simplify the
present disclosure. These are, of course, merely examples and are not intended to be limiting.
Other components, values, operations, materials, arrangements, or the like, are contemplated. In
addition, the present disclosure may repeat reference numerals and/or letters in the various
examples. This repetition is for the purpose of simplicity and clarity and does not in itself dictate
a relationship between the various embodiments and/or configurations discussed.

[0020]  Internet-of-Things (IoT) devices are used for Federated Learning (FL), but have
limited computational resources to independently perform training. Offloading is adopted as a

mechanism to accelerate training by moving the computational workload of devices to an edge
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server. However, this creates new communication overhead that have been demonstrated to be a
bottleneck in some offloading-based FL systems. At least some embodiments of the subject
disclosure address communication inefficiency directly by developing a communication efficient
offloading-based FL framework for IoT devices. At least some embodiments of the subject
disclosure reduce the communication overhead introduced by offloading by adjusting the
transmission frequency and size of transferred data in a disciplined manner. At least some
embodiments of the subject disclosure incorporate techniques that employ: (i) transfer learning
on the devices to eliminate gradient transmission, (ii) buffer replay to reduce activation
transmission frequency, and (ii1) an autoencoder-based compression and quantization techniques
to decrease the size of activations. At least some embodiments of the subject disclosure reduce
the offloading-based communication cost. At least some embodiments of the subject disclosure
reduce the communication cost by up to 202x, improve the overall training time by up to 12X,
and conserve up to 84% energy when compared to state-of-the-art methods, while sacrificing no
more than 3% accuracy.

[0021]  Inatleast some embodiments, each computation device among K computation devices,
denoted as {k}¥_,, has a dataset Dr. In atleast some embodiments, the entire dataset of all devices
then can be denoted as D: {D,}X_,. In at least some embodiments, the number of samples in Dy
is denoted as |4, and the total number of samples is [D|. In at least some embodiments, W
represents the parameters of the global neural network model on the cloud server, which is
partitioned into the device partition W and server partition Ws, where Wcy and Wy, are the device
partition and server partition of the A computation device, respectively. In at least some
embodiments, the superscript 7 is used to represent model parameters of the iteration ?, |.|comp 18
the computation workload (either the forward or backward pass) of a given model and |. |comm 18
the communication workload of a given model or an intermediate feature map, such as an

activation.
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[0022] At least some embodiments of the subject disclosure include a communication
efficient offloading-based FL framework, which reduces the communication overhead between
computation devices, such as IoT devices, and the server in an offloading-based FL system. To
reduce communication overhead introduced by offloading, the offloading-based training between
computation devices and the server is adjusted using a frequency switch and/or a data compressor,
in at least some embodiments. In at least some embodiments of the subject disclosure, the device
partition Wc is initialized with pre-trained weights, which are fixed during collaborative training.
At least some embodiments (i) reduce the gradient computation (grad(4)) on computation
devices; (i1) reduce gradient communication from the server to the computation devices; (iii)
stabilize output of W, thereby providing the opportunity for compressing the activations of the
device partition 4. In at least some embodiments, the frequency of transmission for activations A
is periodically reduced by using a buffer replay mechanism on the server to train server partition
Ws instead of collecting activations 4 from the computation devices. In at least some
embodiments, the compression of activations 4 is facilitated by a data compressor module, using
an auto-encoder and quantization, which further reduces the communication overhead.

[0023]  FIG. 1is a schematic diagram of a system for collaborative training with compressed
transmissions, according to at least some embodiments of the subject disclosure. The system
includes a server 100, a plurality of computation devices 105A, 105B, 105C, and 105D, and a
network 107.

[0024] Server 100 is computation device capable of performing calculations to train a neural
network or other machine learning function. In at least some embodiments, server 100 includes
a non-transitory computer-readable medium including instructions executable by a processor to
cause the processor to perform training with compressed transmissions in collaboration with
computation devices 105A, 105B, 105C, and 105D. In at least some embodiments, server 100 is

a single server, a plurality of servers, a portion of a server, a virtual instance of cloud computing,
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etc. In at least some embodiments where server 100 is a plurality of servers or a plurality of
virtual instances of cloud computing, server 100 includes a central server working with edge
servers, each edge server having a logical location that is closer to the respective computation
device among computation devices 105A, 105B, 105C, and 105D with which the edge server is
in communication.

[0025]  Computation devices 105A, 105B, 105C, and 105D are devices capable of performing
calculations to train a neural network or other machine learning function. In at least some
embodiments, computation devices 105A, 105B, 105C, and 105D each include a non-transitory
computer-readable medium including instructions executable by a processor to cause the
processor to perform training with compressed transmissions in collaboration with server 100. In
at least some embodiments, computation devices 105A, 105B, 105C, and 105D are heterogeneous,
meaning the devices have varying computation resources, such as processing power, memory,
etc. In at least some embodiments, computation devices 105A, 105B, 105C, and 105D include
devices having limited computation resources, such as smart watches, fitness trackers, Internet-
of-Things (IoT) devices, etc., and/or devices having computational resources for a broader range
of capabilities, such as smart phones, tablets, personal computers, etc. In at least some
embodiments, computation devices 105A, 105B, 105C, and 105D receive private information,
either by detecting it directly, such as through onboard microphones, cameras, etc., or by receiving
data through electronic communication with another device, and use the private information as
training data. In at least some embodiments, the training data is not private information or is a
mixture of private and non-private information.

[0026]  Computation devices 105A, 105B, 105C, and 105D are in communication with server
100 through network 107. In at least some embodiments, network 102 is configured to relay
communication among server 100 and computation devices 105A, 105B, 105C, and 105D. In at

least some embodiments, network 107 is a local area network (LAN), a wide area network (WAN),
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such as the internet, a radio access network (RAN), or any combination. In at least some
embodiments, network 107 is a packet-switched network operating according to IPv4, IPv6 or
other network protocol.

[0027] At least some embodiments of the subject disclosure include modules that reduce
communication cost due to offloading. In at least some embodiments, a data compressor focuses
on compressing the data using auto-encoder-based compression and quantization. In atleast some
embodiments, the compressed data is then transferred between computation devices, such as loT
devices, and edge servers in communication with a central server.

[0028] In at least some embodiments, the auto-encoder-based neural architecture (also
referred to as the BOTTLENET architecture) is used as a dimension reduction technique that
generates a dense representation of input data. In at least some embodiments, computation
devices incorporate an auto-encoder to reduce the number of channels, width, and height of
activation outputs of the device partition. In at least some embodiments, the auto-encoder is
partitioned as an encoder and decoder. In at least some embodiments, the encoder acts as a
compressor while the decoder on the server reconstructs the corresponding output of the encoder
to the original size of activations. In at least some embodiments, the auto-encoder is only used
during collaborative training, and is removed after collaborative training, and therefore does not
permanently change the original architecture of the neural network model. In at least some
embodiments, lost model performance is recovered by fine-tuning the neural network model
without the auto-encoder for a few rounds of additional training, either collaborative, or on one
of the computation device and the server.

[0029]  FIG. 2 is a schematic diagram of a server 200 and a computation device 205 for
collaborative training with compressed transmissions, according to at least some embodiments of
the subject disclosure. Computation device 205 includes a device partition 220, a plurality of

encoding layers 222, and a quantizer 224. Server 200 includes a dequantizer 214, a plurality of



WO 2024/129052 PCT/US2022/052496

decoding layers 212, a server partition 210, and a loss function 219.

[0030] In at least some embodiments, computation device 205 is configured to detect or
otherwise receive data samples 221 for input to device partition 220, which produces activations
223 in response to input of data samples. In at least some embodiments, computation device 205
is configured to compress activations 223 using the plurality of encoding layers 222. In at least
some embodiments, computation device is configured to further compress activations 223 by
utilizing quantizer 224 to adjust the bit-width of encoded activations produced by the plurality of
encoding layers 222. In at least some embodiments, quantizer 224 is configured to change the
bit-width of the encoded activations from 32-bit to 8-bit. In at least some embodiments,
computation device 205 is configured to transmit compressed activations 225 to server 200. In at
least some embodiments, computation device 205 is configured to receive gradients 217 from
server 200, and utilize gradients 217 to adjust gradients of device partition 220, and then update
weight values and other parameter values according to the adjusted gradient values.

[0031] In at least some embodiments, server 200 is configured to receive compressed
activations 225 from computation device 205. In at least some embodiments, server 200 is
configured to decompress compressed activations 225 by utilizing dequantizer 214 to adjust the
bit-width. In at least some embodiments, dequantizer 214 is configured to change the bit-width
of the encoded activations from 8-bit to 32-bit. In at least some embodiments, server 200 is
configured to further decompress compressed activations 225 using the plurality of decoding
layers 212 to reconstruct activations 211. In at least some embodiments, server 200 is configured
to apply server partition 210 to activations 211 to produce output 213. In at least some
embodiments, server 200 is configured to apply loss function 219 to output 213 to compute loss
215. In at least some embodiments, server 200 is configured to adjust gradients of server partition
210 based on loss 215, and then update weight values and other parameter values according to

the adjusted gradient values. In at least some embodiments, server 200 is configured to transmit
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gradients 217 to computation device 205.

[0032]  Inatleast some embodiments, reconstructed activations 211 are slightly different from
original activations 223, which will have an impact on the accuracy of the trained neural network
model. In at least some embodiments, the auto-encoder has dimensions such that the input layer
size matches the size of the border layer of device partition 220, and the output layer size matches
the size of the border layer of server partition 210. In at least some embodiments, the size of
encoding layers 222 reduces as the distance from device partition 220 increases, the smallest
encoding layer being furthest from device partition 220. In at least some embodiments, the
smallest encoding layer among the plurality of encoding layers 222 determines the compression
level, and as the compression level increases, the accuracy potentially decreases. In at least some
embodiments, as the number of encoding layers 222 increases, the accuracy potentially increases,
but the computation time also increases. In at least some embodiments, as the bit-width to which
the quantizer 224 adjusts and from which the dequantizer 214 adjusts increases, the accuracy
potentially increases, but so does the size of the transmission of compressed activations 225. In
at least some embodiments, encoding layers 222, quantizer 224, dequantizer 214, and decoding
layers 212 are configured to balance the trade-off between the size of the transmission of
compressed activations 225 and the impact on accuracy.

[0033]  FIG. 3 is an operational flow for collaborative training with compressed transmissions,
according to at least some embodiments of the subject disclosure. The operational flow provides
a method of collaborative training with compressed transmissions. In at least some embodiments,
the method is performed by a controller of a server including sections for performing certain
operations, such as the controller and server shown in FIG. 11, which will be explained hereinafter.
[0034] At S330, a partitioning section produces partitions for each computation device. In at
least some embodiments, the partitioning section partitions a plurality of layers of a neural

network model W for each computation device in a location based on characteristics of the
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respective computation device. In at least some embodiments, the partitioning section varies the
number of layers in a device partition Wc and a server partition Ws based on a duration of time
for the respective computation device to process and transmit data. In at least some embodiments,
the partitioning section attaches decoding layers Wp of an auto-encoder to a server partition, and
encoding layers W of an auto-encoder to a device partition. In at least some embodiments, the
training section performs, for each computation device, the operational flow shown in FIG. 4,
which will be explained hereinafter.

[0035] At S333, atraining section collaboratively trains models with the computation devices.
In at least some embodiments, the training section trains each instance of the neural network
model collaboratively with a corresponding computation device among a plurality of computation
devices. In at least some embodiments, the training section continuously updates the parameters,
such as weights, of each instance of the neural network model for a number of rounds or until the
parameters are satisfactory. In at least some embodiments, the training section performs, for each
computation device, the operational flow shown in FIG. 6, which will be explained hereinafter.
[0036] At S336, an aggregating section aggregates the models collaboratively trained with the
computation devices. In at least some embodiments, the aggregating section aggregates the
updated parameters of neural network model instances received from the plurality of computation
devices to generate an updated neural network model. In at least some embodiments, the
aggregating section averages the gradient values across the neural network model instances, and
calculates weight values of a global neural network model accordingly. In at least some
embodiments, the aggregating section averages the weight values across the neural network
model instances. In at least some embodiments, a global neural network model W is obtained by

aggregating neural network model instances ¥ using the following algorithm:

_ vk [P
W = Zk=1mW5,k EQ. 1
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where D¥ is the local dataset on device k and |-| is the function to obtain the size of the given
dataset. In at least some embodiments, an epoch of collaborative training is complete when the
aggregating section generates the updated global neural network model.

[0037] At S339, the controller or a section thereof determines whether a termination condition
has been met. In at least some embodiments, the termination condition is met when the neural
network model converges. In at least some embodiments, the termination condition is met after
a predetermined number of epochs of collaborative training have been performed. In at least
some embodiments, the termination condition is met when a time limit is exceeded. If the
controller determines that the termination condition has not been met, then the operational flow
returns to partition producing at S330. If the controller determines that the termination condition
has been met, then the operational flow ends.

[0038]  FIG. 4 is an operational flow for producing partitions, according to at least some
embodiments of the subject disclosure. The operational flow provides a method of producing
partitions by a server. In at least some embodiments, the operational flow is performed for each
computation device among a plurality of computation devices. In at least some embodiments, the
operational flow is performed in parallel for each computation device among the plurality of
computation devices. In at least some embodiments, the method is performed by a partitioning
section of a server, such as the server shown in FIG. 11, which will be explained hereinafter.
[0039] At S440, the partitioning section or a sub-section thereof partitions a neural network
model. In at least some embodiments, the partitioning section partitions a plurality of layers of a
neural network model into a device partition and a server partition. In at least some embodiments,
the partitioning section partitions a plurality of layers of a neural network model W for the
computation device in a location based on characteristics of the computation device. In at least
some embodiments, the partitioning section varies the number of layers in a device partition W¢

and a server partition /s based on a duration of time for the computation device to process and
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transmit data.

[0040] At S442, the partitioning section or a sub-section thereof combines the device partition
with encoding layers. In at least some embodiments, the partitioning section combines a plurality
of encoding layers of an auto-encoder neural network with the device partition. In at least some
embodiments, a largest encoding layer among the plurality of encoding layers is adjacent a layer
of the device partition bordering the server partition.

[0041] At S443, the partitioning section or a sub-section thereof further combines the device
partition with decoding layers. In at least some embodiments, the partitioning section combines
the plurality of decoding layers of the auto-encoder neural network with the device partition. In
at least some embodiments, a smallest decoding layer among the plurality of decoding layers is
adjacent a smallest layer among the plurality of encoding layers. In at least some embodiments,
the operations at S442 and S443 can be thought of together as combining the device partition with
the auto-encoder.

[0042] At S445, the partitioning section or a sub-section thereof transmits the device partition
together with the encoding layers and the decoding layers. In at least some embodiments, the
partitioning section transmits, to a computation device, the device partition combined with the
plurality of encoding layers and the plurality of decoding layers. In at least some embodiments,
the partitioning section transmits the device partition, the encoding layers, and the decoding layers
separately, instead of performing the operations at S442 and S443.

[0043] At S447, the partitioning section or a sub-section thereof receives decoding layers. In
at least some embodiments, the partitioning section receives, from the computation device, the
plurality of decoding layers before combining the plurality of decoding layers with the server
partition. In at least some embodiments, the partitioning section receives trained decoding layers
from the computation device. In at least some embodiments, the partitioning section receives

decoding layers that have been trained by the computation device along with the encoding layers.
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[0044] At S448, the partitioning section or a sub-section thereof combines the server partition
with the decoding layers. In at least some embodiments, the partitioning section combines a
plurality of decoding layers of the auto-encoder neural network with the server partition. In at
least some embodiments, a largest decoding layer among the plurality of decoding layers is
adjacent a layer of the server partition bordering the device partition.

[0045]  FIG. 5 is an operational flow for training an auto-encoder with a computation device,
according to at least some embodiments of the subject disclosure. The operational flow provides
a method of training an auto-encoder by one computation device. In at least some embodiments,
the operational flow is performed by each computation device among a plurality of computation
devices. In at least some embodiments, the operational flow is performed in parallel by each
computation device among the plurality of computation devices.

[0046] At S550, the computation device receives a device partition with an auto-encoder. In
at least some embodiments, the computation device receives, from the server, the device partition
combined with the plurality of encoding layers and a plurality of decoding layers of the auto-
encoder neural network. In at least some embodiments, the computation device receives a device
partition and the auto-encoder separately, and then combines the device partition with the
encoding layers and decoding layers of the auto-encoder. In at least some embodiments, the
computation device receives, from a server, a device partition of a neural network model
combined with a plurality of encoding layers of an auto-encoder neural network, the neural
network model including a plurality of layers partitioned into the device partition and a server
partition, wherein a largest encoding layer among the plurality of encoding layers is adjacent a
layer of the device partition bordering the server partition.

[0047] At S552, the computation device trains the auto-encoder. In at least some
embodiments, the computation device trains the auto-encoder neural network before training the

neural network model. In at least some embodiments, the computation device freezes the weights
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of the device partition while training the auto-encoder. In at least some embodiments, the
computation device applies the device partition to input data to obtain activations, and applies the
auto-encoder to the activations, then adjusts the parameters, such as weights, of the auto-encoder
based on the difference between the activation input to the auto-encoder and the output of the
auto-encoder.

[0048]  In at least some embodiments, each computation device trains an auto-encoder used
for data compression during collaborative training. In at least some embodiments, the training of
each auto-encoder is independently conducted on each computation device. In at least some
embodiments, the following training steps are performed on each computation device. First, the
computation device freezes the weights of the device partition W¢. Then, the computation device
generates activations using the device partition for training the encoder Wx. and the decoder Wp .
In at least some embodiments, the computation device performs the training in an unsupervised
manner where a typical mean square error loss is adopted to train the encoder W and the decoder
W, to copy the output of the device partition W to the output of the decoder Wp . for each batch.
In at least some embodiments, the additional training workload on each computation device of
the auto-encoder is relatively minor compared to the training workload of the original neural
network model ¥ since W is smaller than the entire model W.

[0049] At S553, the computation device determines whether training is complete. In at least
some embodiments, the auto-encoder is trained for a predetermined number of batches. In atleast
some embodiments, the auto-encoder is trained until the loss converges. In at least some
embodiments, the auto-encoder is trained for a predetermined duration of time. If the computation
device determines that training is not complete, then the operational flow returns to auto-encoder
training at S552 with the next batch (S554). If the computation device determines that training is
complete, then the operational flow proceeds to decoding layer removal at S556.

[0050] At S556, the computation device removes the decoding layers. In at least some
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embodiments, the computation device removes the plurality of decoding layers from the device
partition and the plurality of encoding layers.

[0051] At S558, the computation device transmits the decoding layers. In at least some
embodiments, the computation device transmits, to the server, the plurality of decoding layers. In
at least some embodiments, the computation device transmits the trained decoder Wp ;, to the
server for subsequent collaborative training.

[0052] In at least some embodiments, the auto-encoder is collaboratively trained by the
computation device and the server. In at least some such embodiments, the server transmits, to a
computation device, the device partition combined with the plurality of encoding layers. In at
least some such embodiments, the server trains, collaboratively with the computation device
through the network, the auto-encoder neural network before training the neural network model.
In at least some such embodiments, the computation device trains, collaboratively with the server
through the network, the auto-encoder neural network before training the neural network model.
[0053]  FIG. 6 is an operational flow for training in collaboration with a computation device,
according to at least some embodiments of the subject disclosure. The operational flow provides
a method of training in collaboration with one computation device for one epoch. In at least some
embodiments, the operational flow is performed for each computation device among a plurality
of computation devices. In at least some embodiments, the operational flow is performed in
parallel for each computation device among the plurality of computation devices. In at least some
embodiments, the method is performed by a training section of a server, such as the server shown
in FIG. 11, which will be explained hereinafter.

[0054] At S660, the training section or a sub-section thereof collaboratively trains the model
using a batch of data samples. In at least some embodiments, the training section trains,
collaboratively with the computation device through a network, the neural network model. In at

least some embodiments, the training section trains server partition Wsi while computation
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device k trains device partition Wy . In at least some embodiments, the training section performs
the operational flow shown in FIG. 7, which will be explained hereinafter.

[0055] At S661, the training section or a sub-section thereof updates weight values. In at least
some embodiments, the training section updates weight values of the server partition based on the
set of gradient vectors for each layer of the server partition. In at least some embodiments, the
training section updates the parameters of server partition Wy at the end of the training round.
In at least some embodiments, as iterations of S660 and S661 proceed, the training section
performs a plurality of iterations of the training to produce an updated server partition.

[0056] At S662, the training section or a sub-section thereof determines whether a termination
condition has been met. In at least some embodiments, the training section does not stop training
server partition Wsy until a “stop epoch” signal is received from computation device k. If the
training section determines that the termination condition has not been met, then the operational
flow returns to collaborative training at S660 for collaborative training using the next batch (S663).
If the profiling section determines that the termination condition has been met, then the
operational flow proceeds to decoding layer removal at S665.

[0057] At S665, the training section or a sub-section thereof removes the decoding layers from
the server partition. In at least some embodiments, the training section removes the plurality of
decoding layers of the auto-encoder from the layers of the server partition. In at least some
embodiments, the training section discards the plurality of decoding layers. In at least some
embodiments in which the server includes a central server in communication with edge servers,
each edge server transmits the corresponding server partition Ws to the central server for
aggregation.

[0058] At S667, the training section or a sub-section thereof receives the device partition. In
at least some embodiments, the training section receives the device partition from the computation

device. In at least some embodiments, the training section receives updated device partition W,
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from computation device £.

[0059] At S669, the training section or a sub-section thereof combines partitions. In at least
some embodiments, the training section combines the device partition with the server partition to
obtain an updated neural network model. In at least some embodiments, the training section
combines updated device partition W , from computation device & with updated server partition
W, to produce an updated model Wy

[0060]  FIG. 71s an operational flow for a batch of training in collaboration with a computation
device, according to at least some embodiments of the subject disclosure. The operational flow
provides a method of training a neural network model using a batch of data samples in
collaboration with one computation device. In at least some embodiments, the operational flow
is performed for each computation device among a plurality of computation devices. In at least
some embodiments, the operational flow is performed in parallel for each computation device
among the plurality of computation devices. In at least some embodiments, the method is
performed by a training section of a server, such as the server shown in FIG. 11, which will be
explained hereinafter.

[0061] At S770, the training section or a sub-section thereof receives compressed activations.
In at least some embodiments, the training section receives, from the computation device, a set of
compressed activations output from the plurality of encoding layers. In at least some
embodiments, during the receiving, the training section receives a set of labels from the
computation device.

[0062] At S772, the training section or a sub-section thereof applies the decoding layers to the
compressed activations. In at least some embodiments, the training section applies the plurality
of decoding layers to the set of compressed activations to obtain a set of activations. In at least
some embodiments, the training section also dequantizes the set of compressed activations by

increasing the bit-width of each compressed activation among the set of compressed activations.
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In at least some embodiments, the training section dequantizes the compressed activations z5. by
the inverse function O"'(.) from 8 bits to 32 bits. The reconstructed activations A%, are decoded
by the decoding layers W .

[0063] At S773, the training section or a sub-section thereof applies the server partition to the
activations. In at least some embodiments, the training section applies the server partition to the
set of activations to obtain a set of output instances.

[0064] At S775, the training section or a sub-section thereof applies a loss function to the
output of the server partition. In at least some embodiments, the training section applies a loss
function relating activations to output instances to each output instance among the current set of
output instances to obtain a set of loss values.

[0065] At S777, the training section or a sub-section thereof computes gradient vectors. In at
least some embodiments, the training section computes a set of gradient vectors for each layer of
the server partition, including a set of gradient vectors of a layer bordering the device partition,
based on the set of loss values.

[0066] At S779, the training section or a sub-section thereof transmits gradient vectors of the
border layer. In at least some embodiments, the training section transmits, to the computation
device, the set of gradient vectors of the layer bordering the device partition.

[0067]  FIG. 8 is an operational flow for training in collaboration with a server, according to
at least some embodiments of the subject disclosure. The operational flow provides a method of
training by one computation device in collaboration with the server for one epoch. In at least
some embodiments, the operational flow is performed by each computation device among a
plurality of computation devices. In atleast some embodiments, the operational flow is performed
in parallel by each computation device among the plurality of computation devices.

[0068] At S880, the computation device collaboratively trains the model using a batch of data

samples. In at least some embodiments, the computation device trains, collaboratively with the
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server through a network, the neural network model. In at least some embodiments, computation
device & trains device partition W , while the server trains server partition Ws ;. In at least some
embodiments, the computation device performs the operational flow shown in FIG. 9, which will
be explained hereinafter.

[0069] At S881, the computation device updates the weight values. In at least some
embodiments, the computation device updates weight values of the device partition based on the
set of gradient vectors for each layer of the device partition during the training. In at least some
embodiments, computation device & updates the parameters of device partition W at the end of
the training round. In at least some embodiments, as iterations of S880 and S881 proceed, the
computation device performs a plurality of iterations of the training to produce an updated device
partition.

[0070] At S882, the computation device determines whether a termination condition has been
met. In at least some embodiments, the termination condition is met when collaborative training
has been performed using a predetermined number of batches. In at least some embodiments, the
termination condition is met when collaborative training has been performed for a predetermined
amount of time. If the computation device determines that the termination condition has not been
met, then the operational flow returns to collaborative training at S880 for collaborative training
using the next batch (S883). If the computation device determines that the termination condition
has been met, then the operational flow proceeds to encoding layer removal at S885.

[0071] At S885, the computation device removes the encoding layers from the device
partition. In at least some embodiments, the computation device removes the plurality of
encoding layers from the device partition. In at least some embodiments, the computation device
discards the plurality of encoding layers.

[0072] At S887, the computation device transmits the device partition. In at least some

embodiments, the computation device transmits the device partition to the server. In at least some
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embodiments, computation device & transmits updated device partition W, to the server.

[0073]  FIG. 9 is an operational flow for a batch of training in collaboration with a server,
according to at least some embodiments of the subject disclosure. The operational flow provides
a method of training a neural network model by one computation device using a batch of data
samples in collaboration with a server. In at least some embodiments, the operational flow is
performed by each computation device among a plurality of computation devices. In at least
some embodiments, the operational flow is performed in parallel by each computation device
among the plurality of computation devices.

[0074] At S990, the computation device applies a device partition to current data samples. In
at least some embodiments, the computation device applies the device partition to a set of data
samples to obtain a set of activations.

[0075] At S992, the computation device applies encoding layers to the activations. In at least
some embodiments, the computation device applies the plurality of encoding layers to the set of
activations to obtain a set of compressed activations. In at least some embodiments, the
computation device also quantizes the set of activations by decreasing the bit-width of each
activation among the set of activations. In at least some embodiments, the computation device
employs linear quantization on the activations output from encoding layers Wy, , denoted as
function O(). In at least some embodiments, the activations A%, are quantized from 32 bits to 8
bits before transmission to the server. As a result, the size of the activations A%, is further reduced
by 75% using 8-bit linear quantization, resulting in compressed activations zj.

[0076] At S993, the computation device transmits the compressed activations. In at least
some embodiments, the computation device transmits, to the server, the set of compressed
activations. In at least some embodiments, in transmitting the set of compressed activations, the
computation device transmits a set of labels to the server.

[0077] At S995, the computation device receives gradient vectors of a bordering layer. In at
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least some embodiments, the computation device receives, from the server, a set of gradient
vectors of a layer of the server partition bordering the device partition.

[0078] At S997, the computation device computes gradient vectors. In at least some
embodiments, the computation device computes a set of gradient vectors for each layer of the
device partition, based on the set of gradient vectors of the layer of the server partition bordering
the device partition.

[0079]  In at least some embodiments, switches determine whether computation devices need
to upload the activations from the device partition and receive corresponding gradients from the
server. In at least some embodiments, before generating and sending activations of the device
partition to the server, an activation switch will determine whether transmission of the activations
is required or whether the server will use a cached buffer of activations to train the server partition.
If transmission of the activations is required, then the activations are compressed by the encoding
layers. The compressed activations and labels of the corresponding samples are then transmitted
to the server. On the server, the compressed activations are reconstructed by the decoding layers,
and the reconstructed activations are used to train the server partition. After the gradients of the
activations are computed, a gradient switch determines whether to transmit the gradients to the
computation device for training of the device partition.

[0080]  FIG. 10 is a schematic diagram of a server and a computation device for collaborative
training with compressed transmissions and transfer learning, according to at least some
embodiments of the subject disclosure. Computation device 1005 includes a device partition
1020, a plurality of encoding layers 1022, a quantizer 1024, an activation switch 1026, and a
gradient buffer 1028. Server 1000 includes an activation buffer, a dequantizer 1014, a plurality
of decoding layers 1012, a server partition 1010, a loss function 1019, and a gradient switch 1018.
Device partition 1020, samples 1021, encoding layers 1022, activations 1023, quantizer 1024,

compressed activations 1025, gradients 1017, loss 1015, dequantizer 1014, output 1013, decoding
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layers 1012, activations 1011, server partition 1010, and loss function 1019 are substantially
similar in structure and function to device partition 220, samples 221, encoding layers 222,
activations 223, quantizer 224, compressed activations 225, gradients 217, loss 215, dequantizer
214, output 213, decoding layers 212, activations 211, server partition 210, and loss function 219
of FIG. 1, respectively, except where described differently.

[0081] In at least some embodiments, computation device 1005 is configured to utilize
activation switch 1026 to periodically transmit compressed activations 1025 to server 1000 and
withhold compressed activations from transmission. In at least some embodiments, activation
switch 1026 determines to transmit compressed activations 1025 according to a predetermined
schedule, such as once every five rounds, based on a difference in activations from a previous
round, or based on the loss. In at least some embodiments, activation switch 1026 transmits
compressed activations 1025 during each round for the first few rounds while the loss is greater
and weight values are rapidly adjusting. In at least some embodiments, computation device 1005
is configured to utilize gradient buffer 1028 to re-use gradients 1027 from the buffer in response
to server 1000 withholding transmission of gradients 1017 from being transmitted to computation
device 1005. In at least some embodiments, gradient buffer 1028 is configured to update with
new gradients each round that gradients are received. In at least some embodiments, computation
device 1005 is configured to adjust gradients and update weight values using gradients of the
previous round stored in gradient buffer 1028 in response to server 1000 withholding transmission
of gradients.

[0082]  In at least some embodiments, server 1000 is configured to utilize activation buffer
1016 tore-use gradients 1027 from the buffer in response to computation device 1005 withholding
transmission of compressed activations 1025 from being transmitted to server 1000. In at least
some embodiments, activation buffer 1016 is configured to update with new activations each

round that activations are received. In at least some embodiments, server 1000 is configured to
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reconstruct activations of the previous round stored in activation buffer 1016 in response to
computation device 1005 withholding transmission of activations. In at least some embodiments,
server 1000 is configured to utilize gradient switch 1018 to periodically transmit gradients 1017
to computation device 1005 and withhold gradients from transmission. In at least some
embodiments, gradient switch 1018 determines to transmit gradients 1017 according to a
predetermined schedule, such as once every five rounds, based on a difference in activations from
a previous round, or based on the loss. In at least some embodiments, gradient switch 1018
transmits gradients 1017 during each round for the first few rounds while the loss is greater and
weight values are rapidly adjusting.

[0083]  FIG. 11 1s ablock diagram of a hardware configuration for collaborative training with
compressed transmissions, according to at least some embodiments of the subject disclosure.
[0084] The exemplary hardware configuration includes server 1100, which interacts with
input device 1108, and communicates with computation devices 1105A and 1105B through
network 1107. In at least some embodiments, server 1100 is a computer or other computing
device that receives input or commands from input device 1108. In at least some embodiments,
server 1100 is integrated with input device 1108. In at least some embodiments, server 1100 is a
computer system that executes computer-readable instructions to perform operations for
collaborative training with compressed transmissions.

[0085] Server 1100 includes a controller 1102, a storage unit 1104, an input/output interface
1106, and a communication interface 1109. In at least some embodiments, controller 1102
includes a processor or programmable circuitry executing instructions to cause the processor or
programmable circuitry to perform operations according to the instructions. In at least some
embodiments, controller 1102 includes analog or digital programmable circuitry, or any
combination thereof. In at least some embodiments, controller 1102 includes physically separated

storage or circuitry that interacts through communication. In at least some embodiments, storage
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unit 1104 includes a non-volatile computer-readable medium capable of storing executable and
non-executable data for access by controller 1102 during execution of the instructions.
Communication interface 1109 transmits and receives data from network 1107. Input/output
interface 1106 connects to various input and output units, such as input device 1108, via a parallel
port, a serial port, a keyboard port, a mouse port, a monitor port, and the like to accept commands
and present information. In some embodiments, storage unit 1104 is external from server 1100.
[0086] Controller 1102 includes partitioning section 1102A, combining section 1102B,
training section 1102C, and aggregating section 1102D. Storage unit 1104 includes controllable
parameters 890, readable metrics 892, and software controllers 894.

[0087]  Partitioning section 1102A is the circuitry or instructions of controller 1102 configured
to partition neural network models. In at least some embodiments, partitioning section 1102A is
configured to partition a plurality of layers of a neural network model into a device partition and
a server partition. In at least some embodiments, partitioning section 1102A records information
in storage unit 1104, such as model partitions 1104A. In at least some embodiments, partitioning
section 1102A includes sub-sections for performing additional functions, as described in the
foregoing flow charts. In at least some embodiments, such sub-sections

[0088] is referred to by a name associated with a corresponding function.

[0089]  Combining section 1102B is the circuitry or instructions of controller 1102 configured
to combine neural network layers. In at least some embodiments, combining section 1102B is
configured to combine a plurality of encoding layers of an auto-encoder neural network with the
device partition, and to combine the plurality of decoding layers of the auto-encoder neural
network

[0090]  configured to aggregate the updated parameters of neural network model instances
received from the plurality of computation devices to generate an updated neural network model.

In at least some embodiments, aggregating section 1102D utilizes information from storage unit
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1104, such as model partitions 1104A and gradients 1104D. In at least some embodiments,
aggregating section 1102D includes sub-sections for performing additional functions, as
described in the foregoing flow charts. In at least some embodiments, such sub-section is referred
to by a name associated with a corresponding function.

[0091] In at least some embodiments, the apparatus is another device capable of processing
logical functions in order to perform the operations herein. In at least some embodiments, the
controller and the storage unit need not be entirely separate devices, but share circuitry or one or
more computer-readable mediums in some embodiments. In at least some embodiments, the
storage unit includes a hard drive storing both the computer-executable instructions and the data
accessed by the controller, and the controller includes a combination of a central processing unit
(CPU) and RAM, in which the computer-executable instructions are able to be copied in whole
or in part for execution by the CPU during performance of the operations herein.

[0092]  In at least some embodiments where the apparatus is a computer, a program that is
installed in the computer is capable of causing the computer to function as or perform operations
associated with apparatuses of the embodiments described herein. In at least some embodiments,
such a program is executable by a processor to cause the computer to perform certain operations
associated with some or all of the blocks of flowcharts and block diagrams described herein.
[0093] At least some embodiments are described with reference to flowcharts and block
diagrams whose blocks represent (1) steps of processes in which operations are performed or (2)
sections of a controller responsible for performing operations. In at least some embodiments,
certain steps and sections are implemented by dedicated circuitry, programmable circuitry
supplied with computer-readable instructions stored on computer-readable media, and/or
processors supplied with computer-readable instructions stored on computer-readable media. In
at least some embodiments, dedicated circuitry includes digital and/or analog hardware circuits

and include integrated circuits (IC) and/or discrete circuits. In at least some embodiments,
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programmable circuitry includes reconfigurable hardware circuits comprising logical AND, OR,
XOR, NAND, NOR, and other logical operations, flip-flops, registers, memory elements, etc.,
such as field-programmable gate arrays (FPGA), programmable logic arrays (PLA), etc.

[0094]  In at least some embodiments, the computer readable storage medium includes a
tangible device that is able to retain and store instructions for use by an instruction execution
device. In some embodiments, the computer readable storage medium includes, for example, but
is not limited to, an electronic storage device, a magnetic storage device, an optical storage device,
an electromagnetic storage device, a semiconductor storage device, or any suitable combination
of the foregoing. A non-exhaustive list of more specific examples of the computer readable
storage medium includes the following: a portable computer diskette, a hard disk, a random access
memory (RAM), a read-only memory (ROM), an erasable programmable read-only memory
(EPROM or Flash memory), a static random access memory (SRAM), a portable compact disc
read-only memory (CD-ROM), a digital versatile disk (DVD), a memory stick, a floppy disk, a
mechanically encoded device such as punch-cards or raised structures in a groove having
instructions recorded thereon, and any suitable combination of the foregoing. A computer
readable storage medium, as used herein, is not to be construed as being transitory signals per se,
such as radio waves or other freely propagating electromagnetic waves, electromagnetic waves
propagating through a waveguide or other transmission media (e.g., light pulses passing through
a fiber-optic cable), or electrical signals transmitted through a wire.

[0095] In at least some embodiments, computer readable program instructions described
herein are downloadable to respective computing/processing devices from a computer readable
storage medium or to an external computer or external storage device via a network, for example,
the Internet, a local area network, a wide area network and/or a wireless network. In at least some
embodiments, the network includes copper transmission cables, optical transmission fibers,

wireless transmission, routers, firewalls, switches, gateway computers and/or edge servers. In at
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least some embodiments, a network adapter card or network interface in each
computing/processing device receives computer readable program instructions from the network
and forwards the computer readable program instructions for storage in a computer readable
storage medium within the respective computing/processing device.

[0096]  In at least some embodiments, computer readable program instructions for carrying
out operations described above are assembler instructions, instruction-set-architecture (ISA)
instructions, machine instructions, machine dependent instructions, microcode, firmware
instructions, state-setting data, or either source code or object code written in any combination of
one or more programming languages, including an object oriented programming language such
as Smalltalk, C++ or the like, and conventional procedural programming languages, such as the
"C" programming language or similar programming languages. In at least some embodiments,
the computer readable program instructions are executed entirely on the user's computer, partly
on the user's computer, as a stand-alone software package, partly on the user's computer and partly
on a remote computer or entirely on the remote computer or server. In at least some embodiments,
in the latter scenario, the remote computer is connected to the user's computer through any type
of network, including a local area network (LAN) or a wide area network (WAN), or the
connection is made to an external computer (for example, through the Internet using an Internet
Service Provider). In at least some embodiments, electronic circuitry including, for example,
programmable logic circuitry, field-programmable gate arrays (FPGA), or programmable logic
arrays (PLA) execute the computer readable program instructions by utilizing state information
of the computer readable program instructions to individualize the electronic circuitry, in order to
perform aspects of the subject disclosure.

[0097]  While embodiments of the subject disclosure have been described, the technical scope
of any subject matter claimed is not limited to the above described embodiments. Persons skilled

in the art would understand that various alterations and improvements to the above-described
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embodiments are possible. Persons skilled in the art would also understand from the scope of the
claims that the embodiments added with such alterations or improvements are included in the
technical scope of the invention.

[0098]  The operations, procedures, steps, and stages of each process performed by an
apparatus, system, program, and method shown in the claims, embodiments, or diagrams are able
to be performed in any order as long as the order is not indicated by “prior to,” “before,” or the
like and as long as the output from a previous process is not used in a later process. Even if the
process flow is described using phrases such as “first” or “next” in the claims, embodiments, or
diagrams, such a description does not necessarily mean that the processes must be performed in
the described order.

[0099]  The foregoing outlines features of several embodiments so that those skilled in the art
may better understand the aspects of the present disclosure. Those skilled in the art should
appreciate that they may readily use the present disclosure as a basis for designing or modifying
other processes and structures for carrying out the same purposes and/or achieving the same
advantages of the embodiments introduced herein. Those skilled in the art should also realize that
such equivalent constructions do not depart from the spirit and scope of the present disclosure,
and that they may make various changes, substitutions, and alterations herein without departing
from the spirit and scope of the present disclosure.

[0100]  Accordingly, at least some embodiments of the subject disclosure include a non-
transitory computer-readable medium including instructions executable by a processor to cause
the processor to perform operations comprising: partitioning a plurality of layers of a neural
network model into a device partition and a server partition; combining a plurality of encoding
layers of an auto-encoder neural network with the device partition, wherein a largest encoding
layer among the plurality of encoding layers is adjacent a layer of the device partition bordering

the server partition; combining a plurality of decoding layers of the auto-encoder neural network
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with the server partition, wherein a largest decoding layer among the plurality of decoding layers
is adjacent a layer of the server partition bordering the device partition; transmitting, to a
computation device, the device partition combined with the plurality of encoding layers, training,
collaboratively with the computation device through a network, the neural network model by
receiving, from the computation device, a set of compressed activations output from the plurality
of encoding layers, applying the plurality of decoding layers to the set of compressed activations
to obtain a set of activations, applying the server partition to the set of activations to obtain a set
of output instances, applying a loss function relating activations to output instances to each output
instance among the current set of output instances to obtain a set of loss values, computing a set
of gradient vectors for each layer of the server partition, including a set of gradient vectors of a
layer bordering the device partition, based on the set of loss values, and transmitting, to the
computation device, the set of gradient vectors of the layer bordering the device partition. In at
least some embodiments, the operations further comprise training, collaboratively with the
computation device through the network, the auto-encoder neural network before training the
neural network model. In at least some embodiments, the operations further comprise: combining
the plurality of decoding layers of the auto-encoder neural network with the device partition,
wherein a smallest decoding layer among the plurality of decoding layers is adjacent a smallest
layer among the plurality of encoding layers; transmitting, to a computation device, the device
partition combined with the plurality of encoding layers and the plurality of decoding layers; and
receiving, from the computation device, the plurality of decoding layers before combining the
plurality of decoding layers with the server partition. In at least some embodiments, the training
the neural network model further includes: dequantizing the set of compressed activations by
increasing the bit-width of each compressed activation among the set of compressed activations.
In at least some embodiments, the training the neural network model further includes: updating

weight values of the server partition based on the set of gradient vectors for each layer of the
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server partition. In at least some embodiments, the operations further comprise: performing a
plurality of iterations of the training; receiving the device partition from the computation device;
and combining the device partition with the server partition to obtain an updated neural network
model. In at least some embodiments, the receiving the set of compressed activations includes
receiving a set of labels from the computation device.

[0101] At least some embodiments of the subject disclosure include a non-transitory
computer-readable medium including instructions executable by a processor to cause the
processor to perform operations comprising: receiving, from a server, a device partition of a
neural network model combined with a plurality of encoding layers of an auto-encoder neural
network, the neural network model including a plurality of layers partitioned into the device
partition and a server partition, wherein a largest encoding layer among the plurality of encoding
layers is adjacent a layer of the device partition bordering the server partition, training,
collaboratively with the server through a network, the neural network model by applying the
device partition to a set of data samples to obtain a set of activations, applying the plurality of
encoding layers to the set of activations to obtain a set of compressed activations, transmitting, to
the server, the set of compressed activations, receiving, from the server, a set of gradient vectors
of a layer of the server partition bordering the device partition, and computing a set of gradient
vectors for each layer of the device partition, based on the set of gradient vectors of the layer of
the server partition bordering the device partition. In at least some embodiments, the operations
further comprise: training, collaboratively with the server through the network, the auto-encoder
neural network before training the neural network model. In at least some embodiments, the
operations further comprise: receiving, from the server, the device partition combined with the
plurality of encoding layers and a plurality of decoding layers of the auto-encoder neural network;
training the auto-encoder neural network before training the neural network model; removing the

plurality of decoding layers from the device partition and the plurality of encoding layers; and
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transmitting, to the server, the plurality of decoding layers. In at least some embodiments, the
training the neural network model further includes: quantizing the set of activations by decreasing
the bit-width of each activation among the set of activations. In at least some embodiments, the
training the neural network model further includes: updating weight values of the device partition
based on the set of gradient vectors for each layer of the device partition. In at least some
embodiments, the operations further comprise: performing a plurality of iterations of the training;
removing the plurality of encoding layers from the device partition; and transmitting the device
partition to the server. In at least some embodiments, the transmitting the set of compressed
activations includes transmitting a set of labels to the server.

[0102] At least some embodiments of the subject disclosure include a method comprising:
partitioning a plurality of layers of a neural network model into a device partition and a server
partition, combining a plurality of encoding layers of an auto-encoder neural network with the
device partition, wherein a largest encoding layer among the plurality of encoding layers is
adjacent a layer of the device partition bordering the server partition; combining a plurality of
decoding layers of the auto-encoder neural network with the server partition, wherein a largest
decoding layer among the plurality of decoding layers is adjacent a layer of the server partition
bordering the device partition; transmitting, to a computation device, the device partition
combined with the plurality of encoding layers, training, collaboratively with the computation
device through a network, the neural network model by receiving, from the computation device,
a set of compressed activations output from the plurality of encoding layers, applying the plurality
of decoding layers to the set of compressed activations to obtain a set of activations, applying the
server partition to the set of activations to obtain a set of output instances, applying a loss function
relating activations to output instances to each output instance among the current set of output
instances to obtain a set of loss values, computing a set of gradient vectors for each layer of the

server partition, including a set of gradient vectors of a layer bordering the device partition, based
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on the set of loss values, and transmitting, to the computation device, the set of gradient vectors
of the layer bordering the device partition. In at least some embodiments, the method further
comprises training, collaboratively with the computation device through the network, the auto-
encoder neural network before training the neural network model. In at least some embodiments,
the method further comprises: combining the plurality of decoding layers of the auto-encoder
neural network with the device partition, wherein a smallest decoding layer among the plurality
of decoding layers is adjacent a smallest layer among the plurality of encoding layers; transmitting,
to a computation device, the device partition combined with the plurality of encoding layers and
the plurality of decoding layers; and receiving, from the computation device, the plurality of
decoding layers before combining the plurality of decoding layers with the server partition. In at
least some embodiments, the training the neural network model further includes: dequantizing the
set of compressed activations by increasing the bit-width of each compressed activation among
the set of compressed activations. In at least some embodiments, the training the neural network
model further includes: updating weight values of the server partition based on the set of gradient
vectors for each layer of the server partition. In at least some embodiments, the method further
comprises: performing a plurality of iterations of the training; receiving the device partition from
the computation device; and combining the device partition with the server partition to obtain an

updated neural network model.
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WHAT IS CLAIMED IS:

1. A non-transitory computer-readable medium including instructions executable by a
processor to cause the processor to perform operations comprising:
partitioning a plurality of layers of a neural network model into a device partition and a server
partition;
combining a plurality of encoding layers of an auto-encoder neural network with the device
partition, wherein a largest encoding layer among the plurality of encoding layers is
adjacent a layer of the device partition bordering the server partition;
combining a plurality of decoding layers of the auto-encoder neural network with the server
partition, wherein a largest decoding layer among the plurality of decoding layers is
adjacent a layer of the server partition bordering the device partition;
transmitting, to a computation device, the device partition combined with the plurality of
encoding layers; and
training, collaboratively with the computation device through a network, the neural network
model by
receiving, from the computation device, a set of compressed activations output from the
plurality of encoding layers,
applying the plurality of decoding layers to the set of compressed activations to obtain a
set of activations,
applying the server partition to the set of activations to obtain a set of output instances,
applying a loss function relating activations to output instances to each output instance
among the current set of output instances to obtain a set of loss values,
computing a set of gradient vectors for each layer of the server partition, including a set

of gradient vectors of a layer bordering the device partition, based on the set of loss
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values, and
transmitting, to the computation device, the set of gradient vectors of the layer bordering

the device partition.

2. The computer-readable medium of claim 1, wherein the operations further comprise:
training, collaboratively with the computation device through the network, the auto-encoder

neural network before training the neural network model.

3. The computer-readable medium of claim 1, wherein the operations further comprise:
combining the plurality of decoding layers of the auto-encoder neural network with the device
partition, wherein a smallest decoding layer among the plurality of decoding layers is
adjacent a smallest layer among the plurality of encoding layers;
transmitting, to a computation device, the device partition combined with the plurality of
encoding layers and the plurality of decoding layers; and
receiving, from the computation device, the plurality of decoding layers before combining the

plurality of decoding layers with the server partition.

4. The computer-readable medium of claim 1, wherein the training the neural network
model further includes:
dequantizing the set of compressed activations by increasing the bit-width of each compressed

activation among the set of compressed activations.

5. The computer-readable medium of claim 1, wherein the training the neural network
model further includes:

updating weight values of the server partition based on the set of gradient vectors for each
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layer of the server partition.

The computer-readable medium of claim 5, wherein the operations further comprise:
performing a plurality of iterations of the training;
receiving the device partition from the computation device; and
combining the device partition with the server partition to obtain an updated neural network

model.

The computer-readable medium of claim 1, wherein the receiving the set of

compressed activations includes receiving a set of labels from the computation device.

A non-transitory computer-readable medium including instructions executable by a

processor to cause the processor to perform operations comprising:

receiving, from a server, a device partition of a neural network model combined with a plurality
of encoding layers of an auto-encoder neural network, the neural network model including
a plurality of layers partitioned into the device partition and a server partition, wherein a
largest encoding layer among the plurality of encoding layers is adjacent a layer of the
device partition bordering the server partition; and
training, collaboratively with the server through a network, the neural network model by
applying the device partition to a set of data samples to obtain a set of activations,
applying the plurality of encoding layers to the set of activations to obtain a set of
compressed activations,
transmitting, to the server, the set of compressed activations,
receiving, from the server, a set of gradient vectors of a layer of the server partition

bordering the device partition, and
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computing a set of gradient vectors for each layer of the device partition, based on the

set of gradient vectors of the layer of the server partition bordering the device partition.

9. The computer-readable medium of claim 8, wherein the operations further comprise:
training, collaboratively with the server through the network, the auto-encoder neural network

before training the neural network model.

10. The computer-readable medium of claim 8, wherein the operations further comprise:
receiving, from the server, the device partition combined with the plurality of encoding layers
and a plurality of decoding layers of the auto-encoder neural network;
training the auto-encoder neural network before training the neural network model,;
removing the plurality of decoding layers from the device partition and the plurality of
encoding layers; and

transmitting, to the server, the plurality of decoding layers.

11. The computer-readable medium of claim 8, wherein the training the neural network
model further includes:
quantizing the set of activations by decreasing the bit-width of each activation among the set

of activations.

12. The computer-readable medium of claim 8, wherein the training the neural network
model further includes:
updating weight values of the device partition based on the set of gradient vectors for each

layer of the device partition.
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13. The computer-readable medium of claim 12, wherein the operations further comprise:
performing a plurality of iterations of the training;
removing the plurality of encoding layers from the device partition; and

transmitting the device partition to the server.

14. The computer-readable medium of claim 8, wherein the transmitting the set of

compressed activations includes transmitting a set of labels to the server.

15. A method comprising:
partitioning a plurality of layers of a neural network model into a device partition and a server
partition;
combining a plurality of encoding layers of an auto-encoder neural network with the device
partition, wherein a largest encoding layer among the plurality of encoding layers is
adjacent a layer of the device partition bordering the server partition;
combining a plurality of decoding layers of the auto-encoder neural network with the server
partition, wherein a largest decoding layer among the plurality of decoding layers is
adjacent a layer of the server partition bordering the device partition;
transmitting, to a computation device, the device partition combined with the plurality of
encoding layers; and
training, collaboratively with the computation device through a network, the neural network
model by
receiving, from the computation device, a set of compressed activations output from the
plurality of encoding layers,
applying the plurality of decoding layers to the set of compressed activations to obtain a

set of activations,
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applying the server partition to the set of activations to obtain a set of output instances,

applying a loss function relating activations to output instances to each output instance
among the current set of output instances to obtain a set of loss values,

computing a set of gradient vectors for each layer of the server partition, including a set
of gradient vectors of a layer bordering the device partition, based on the set of loss
values, and

transmitting, to the computation device, the set of gradient vectors of the layer bordering

the device partition.

16. The method of claim 15, further comprising:
training, collaboratively with the computation device through the network, the auto-encoder

neural network before training the neural network model.

17. The method of claim 15, further comprising:
combining the plurality of decoding layers of the auto-encoder neural network with the device
partition, wherein a smallest decoding layer among the plurality of decoding layers is
adjacent a smallest layer among the plurality of encoding layers;
transmitting, to a computation device, the device partition combined with the plurality of
encoding layers and the plurality of decoding layers; and
receiving, from the computation device, the plurality of decoding layers before combining the

plurality of decoding layers with the server partition.

18. The method of claim 15, wherein the training the neural network model further
includes:

dequantizing the set of compressed activations by increasing the bit-width of each compressed
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activation among the set of compressed activations.

19. The method of claim 15, wherein the training the neural network model further
includes:
updating weight values of the server partition based on the set of gradient vectors for each

layer of the server partition.

20. The method of claim 19, further comprising:
performing a plurality of iterations of the training;
receiving the device partition from the computation device; and
combining the device partition with the server partition to obtain an updated neural network

model.
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samples to obtain a set of activations, obtaining and transmitting a set of compressed activations, and computing a set of gradient
vectors for each layer of the device partition.
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In continuation of Box No. |Il Observations where unity of invention is lacking (Continuation of item 3 of first sheet):

The groups of inventions listed above do not relate to a single general inventive concept under PCT Rule 13.1 because, under PCT Rule
13.2, they lack the same or corresponding special technical features for the following reasons:

The special technical feature of the Group | invention is partitioning a plurality of layers of a neural network model into a device partition
and a server partition; combining a plurality of encoding layers of an auto-encoder neural network with the device partition, wherein a
largest encoding layer among the plurality of encoding layers is adjacent a layer of the device partition bordering the server partition;
combining a plurality of decoding layers of the auto-encoder neural network with the server partition, wherein a largest decoding layer
among the plurality of decoding layers is adjacent a tayer of the server partition bordering the device partition; transmitting, to a
computation device, the device partition combined with the plurality of encoding layers; and training, collaboratively with the computation
device through a network, the neural network mode! by receiving, from the computation device, a set of compressed activations output
from the plurality of encoding layers, applying the plurality of decoding layers to the set of compressed activations to obtain a set of
activations, applying the server partition to the set of activations to obtain a set of output instances, applying a loss function relating
activations to output instances to each output instance among the current set of output instances to obtain a set of loss values,
computing a set of gradient vectors for each layer of the server partition, including a set of gradient vectors of a layer bordering the
device partition, based on the set of loss values, and transmitting, to the computation device, the set of gradient vectors of the layer
bordering the device partition, not required by Group 1.

The special technical feature of the Group Il invention is receiving, from a server, a device partition of a neural network mode! combined
with a plurality of encoding layers of an auto-encoder neural network, the neural network model including a plurality of layers partitioned
into the device partition and a server partition, wherein a largest encoding layer among the plurality of encoding layers is adjacent a layer
of the device partition bordering the server partition; and training, collaboratively with the server through a network, the neural network
model by applying the device partition to a set of data samples to obtain a set of activations, applying the plurality of encoding layers to
the set of activations to obtain a set of compressed activations, transmitting, to the server, the set of compressed activations, receiving,
from the server, a set of gradient vectors of a layer of the server partition bordering the device partition, and computing a set of gradient
vectors for each layer of the:device partition, based on the set of gradient vectors of the layer of the server partition bordering the device
partition, not required by Group I.

Groups -l share the technical features of, in various combination, a device partition, combined with a plurality of encoding layers, a
neural network mode! including a plurality of layers partitioned into the device partition and a server partition, wherein a largest encoding
layer among the plurality of encoding layers is adjacent a layer of the device partition bordering the server partition, training,
collaboratively, through a network, the neural network model, a set of compressed activations, computing a set of gradient vectors.

However, these shared technical features fail to represent a contribution over the prior art of US 2016/0217369 A1 to QUALCOMM
Incorporated (hereinafter 'QUALCOMM'), which discloses a device partition, combined with a plurality of encoding layers (para [0040],
[0045]-[0046], [0065] - "neural network models may be divided into a sequence of layers. Each layer may transform an input received
from one or more preceding layers in the network and may produce an output which may be supplied to subsequent layers”; "neural
network is made of several layers. Each layer takes as an input, activation vectors from one or more previous layers, applies a
linear/nonlinear transformation on the combined input vector, and outputs an activation vector to be used by subsequent layers";
"system parameters associated with a computational device (e.g., neural network with weights), delays, frequency bin information, and
task information may be stored in a memory block associated with a neural processing unit (NPU) 108, in a memory block associated
with a CPU 102, in a memory block associated with a graphics processing unit (GPU) 104, in a memory block associated with a digital
signal processor (DSP) 106, in a dedicated memory block 118, or may be distributed across multiple blocks"), a neural network model
including a plurality of layers partitioned into the device partition and a server partition, wherein a largest encoding layer among the
plurality of encoding layers is adjacent a layer of the device partition bordering the server partition (para [0038]-{0040], [0065], [0121],
[0140], [0154], Fig. 9B - "deploying these neural network models on mobile devices such as smartphones, robots, and cars"; "for cloud
applications such as the data centers"; "Convolutional neural network models may be divided into a sequence of layers. Each layer may
transform an input received from one or more preceding layers in the network and may produce an output which may be supplied to
subsequent layers of the network. For example, a convolutional neural network may include fully-connected layers, convolutional layers,
locally-connected layers and other layers”; "a neural network with a 9x9 convolution layer may be trained (e.g., using a first set of
training examples). The 9x9 canvolution layer may then be compressed"; "the size of a compressed layer (r) may be increased from a
small value to a larger value until an acceptable task performance is obtained"; "it should be appreciated that modules and/or other
appropriate means for performing the methods and techniques described herein can be downloaded and/or otherwise obtained by a
user terminal and/or base station as applicable. For example, such a device can be coupled to a server to facilitate the transfer of means
for performing the methods described herein®), training, collaboratively, through a network, the neural network medel (para [0121],
[0126] - "a neural network with a 9x9 convolution layer may be trained (e.g., using a first set of training examples)”; "training examples
may comprise data from a smartphone or other mobile device"), a set of compressed activations (para [0042], [0088], [0124] - "weight
matrices may be determined by training the compressed network. For example, the inputs and outputs for the uncompressed layer may
be recorded for a set of training examples. Then gradient descent, for example, may be used to initialize the compressed layers to
produce the outputs corresponding to the uncompressed layer"; "the process inserts the nonlinearity by applying a nonlinear activation
function to neurons of the compressed layers"), computing a set of gradient vectors (para [0058]-[0060] - "learning algorithm may
compute a gradient vector for the weights. The gradient may indicate an amount that an error would increase or decrease if the weight
were adjusted slightly. At the top layer, the gradient may correspond directly to the value of a weight connecting an activated neuron in
the penultimate layer and a neuron in the output layer. In lower layers, the gradient may depend on the value of the weights and on the
computed error gradients of the higher layers"; "error gradient of weights may be calculated over a small number of examples, so that
the calculated gradient approximates the true error gradient. This approximation methad may be referred to as stochastic gradient
descent. Stochastic gradient descent may be repeated until the achievable error rate of the entire system has stopped decreasing or
until the error rate has reached a target level").

Thus, the inventions listed as Groups I-Il lack unity of invention because they do not share a same or corresponding special technical
feature providing a contribution over the prior art.
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