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COOPERATIVE LEARNING NEURAL NETWORKS ANDY SYSTEMS

TECHNICAL FIELD
o} Examples desertbed herein refate to communications capabilities of vehicles,

Examples of velucles implementing cooperative learning nenral networks are deseribed.

BACKGROUNRD

13424 Machine leamng for vehicke systems has otibized mformation sensed by the
vehicle i order to make future decisions regarding that vebicle.  The amount of
mformation which may be obtained from other vehicles has been fimued dug to the
bundwidth available o conventioval communicstion gystems. However, this wilt not be
the case with the deployment of 3G wireless compmuancation ndrastructure which can

provide the safficient bandwidth such axat the amount of 10 {3 bits per second.

SUMMARY

{803} Axnvexanple nethod according to s embodiment of the disclosure may inchude
wlentifving, st 8 st wireless communication devige, first data front a seaser of a first
wirgless comnugication device; receiving, at the fust wireless commiunicanion device,
secondd data transmitted from a second wireless corumanication devies; and twalning a
cooperative learming neural network at the first wireless communication device using &
combination of the first data and the second data,

1084} Addittonally or altermabively, the first and second wireless convuunication
devices inchude vehicles.

{008} Addditionalty or alternatively, the first data or the second data, or both, nchude
mmage data.

{086} Additionally or altematively, tratuing the cooperative leaming nearal petwork
wing the combination of the first data and the second data ocours when the second
wireless conununication device is within g threshold distance of the first wireless
comnnmnication devige,

{807} Addionally or alternatively, the method fimther includes determimng that the

saonnd wireless conymunication device is within the threshold distanes.
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{808} Additionally or slicrnatively, the training includes gemerating weighis for the

cooperative learning neural network.

5% Addittonally or alternatively, the weights are tndicative of an objegt
] Additionally or alternatively, the method further tncludes using the cooperative

learming neural network o wdennfy at fosst one orash condition.

{811} Additionally or altervatively, the method further includes adiusting 8 speedov
dirgction, or both, of the first wirgless comunication device responsive to identifying
the at feast one trash condition.

1912} Additionally or altermatively, the raining inchides unsupervised training based
on operation of the cooperative learning neural network,

{013 Additionally or alternatively, the trating includes supervised traming based on g
set of references..

{814} Addinonally or alternatively, recetang the second data includes recerving the
second data from o node of 3 wirelsss comnmnication network confizured according to

at least one of a 3GPP New Radio (NR) specification, g 3GPP Long Term Bvalution

{L.TE) specification, a MualteFire specification, a IEEE 80211 specilleation, or any
combination thereof,

U1 5] An sxample wireless communication device according 1o an embodinment of the
disclosure may inclode o sensor; 8 ransceiver; anda cooperative learning neural nebwork.
The ransceiver s configured to transout first vehicle data from the sensor and receive
seopnd vehicle data from at least ove other sensor. The couperative leaming newal
network ntilizes hoth the fisst vehicle data and the second veluele data to train the
cooperative leting neural network.

i} Additionally or alternatively, the cooperative lemning teursl network &8
configured to caloulate weluhts of the cooperative leamuing neural notwork based at least
on the second velucle data.

{8171 Addittonadly or alteratively, the transceiver i further configured to recerve third
vehicle date from another seusor, and whersin the cooperative fearning neural nctwork
ix vonfigured o caloulate the weights based further ow the third vehicle data,

{1181 Additionally or alternatively, the wiveless compuimcation device includes a

controler coupled to the cooperative learning neural network, and wherein the controiler

[
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is configured to adjust a direction or speed, or both, of the velnele responsive o the
cooperative learning neural network.

{4191 Addittonally o alternatively,

the couperative  learning neural nebwork s
confipured o identify a precursor to a crash condition.

204 Additionally or alterastively, the crash conditton inclodes at least one of a resr-
end colliston, a collision with o parked vehicle, a side-impact crash, an snimal vollision,

¢ hvdroplaning, or any combination thereof.

{021} An example method according to an embodiment of the disclosure may include
recetving rw sensor data frow a fitst wireless codumunication device ata second wireless

communication  device; utilizing the raw sensor data &t the second owirelesy
commupicabon. device fo am @ vooperative nowal natworks and ulilizing the
cooperative neural network at the second wireless compiunication device o detect a
crash conditton i within & threshold time that is based af feast in part On the crash
condition.

{022} Additionally or aliernatively, the first wireless conununication device and the
second wireless communication device include vehicles

{23} Additionally or altematively, the raw sensor data inclades sensor signals from

one or more sensors of the first wireless communication devige.

BRIEF DESCRIPTION OF THE DRAWINGS

{9241 FIG. 1T a schematic iHustration of 8 system arnanged in accordancs with
examples deseribed herein.

{825} FIG. 2 s a flowcehart Hlustrating a method arvanged in accordance with examples
desertbed herein.

{626} FEG. 3 1§ a schematie ilustration of an examyple systent arranged i accordance
with exasypies described hertin,

{271 FIG. 4 5 a schemate ilhestration of a cooperative leaming newgal nepwork
arranged in accordance with examples deseribed heratin

{028 FiG. 5 48 a schematic tHustration of a wireless conununications systam arranged

in gecovdance with aspects of the present disclosure.
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DETAILED DESCRIPTION

29 Cooperative learnmg neural networks may employ machine leatning techaigues
v make demisions hased on wfornation pathered from multiple sources that
communicate with one another wirglessly, The systems described herein may feverage
advanced eireless communication protocols {0 commumicate divectly between devices,
i machine-to~-maching (M2M) fashion, or via a wireloss commuunivation petwork using
mschine-type comvounication {IMTC). Such advanced wireless conwnunication protocols
yoay atlow for high bandwidih or fow latency contmunication that will allow phivsically
separade OF rTemote seasors o pather nformation and tram g neural network.

{0304 For example, coopemtive learning newral networks deseribed herein may be used
to develop weights which are associated with objects or conditions at one device and
which may be transmutted to a second devive, where they may be used to train the second
device to react 1o such objscts or conditions. This s in vontrast o prior machine leaming
solutions in which physically separated sensirs could not effectively or timely
conununicate with one another 1o allow for training 4 veural network. The technigues
desoribed herein may be applied in a vehicle-toevehicle context, o they may be employed
in other M2M or device-to-device {D2D) schemes.

{831} Figore 1 18 a schematic Hlostration of a system gvranged in accordance with
examples desceribed heretn. The system 100 inchades vebicle 102, vehicle 194, and other
computing systenys) 116, The vehicle 102 nray inchads sensorts) 108, transcaiver 116,
controller 132, and cooperative fearing neural network 136, or some combination of
such deviees, Someoor all of sensorfs) 108, transceiver 110, controller 132, and
cooperative learting newral network 126 may be compornents of a-sebsystem of vehucle
102, The cooperative learning neural network 120 1may be implemented using processing
anit(s) 112 and memory 114, which may store weights 106, The vebicle 104 may include
sensor(s) T1E, ansestver 128 controller 134, and cooperaive leasning neural network
128, or some combination of such devices. Some or all of sensor(s} 118, transceiver 120,
controtier 134, and cooperative learning neuval netwesk 128 may be components of &
subsystent of vehicle 104, The cooperative lewning veoral network 128 may be
pmplemented using processing units) 122 and memory 124, which wmay store weighis
130, While described as vehicles ity Figure 1, vehicles 182 andror 184 may be generally

m}picmenmi i’}‘v owe o more wireless conmnonication devices.
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{632} While two vehicles are shown i Figure 1, any number may be present n other
examples including 3, 4. 35, 6.7, 8, 8, 10, 30, 100, 300, 1009, or sanother munber of
vehicles, Any of 8 variely of vehicle types way maplement syxioms and methods
deseribied herein including, Tt not Hiniied to, sutomobiles (o, passenger cars, taxis,
ride shave vehicles), trucks {o.g., semi-trucks, hoavy copuprient, service trucks such as
but not hmited to delivery trucks, sarbage rucks, postal veldglesy, buosses, trans,
driverless vehicles, airorafl, belicopters, ships, divigibles, space vehicles, roukels,

suhmarines, or combinations thereof.

19331 Vehicles described heremn, such ag vehicle 102 and vehicle 104 of Figure |, may
beequipped with one or move sensors, such as sensor(sy Hi8 and sensor(y) 118 of Figure

1. The sensors may be imtegrated with the vebicle and placed on, in, around, above,
below, andfor proximate to the velucle. Each sensor may be used to sense obe or more
environmental parameters. Examples of sensors which may be used mchude, bot are nod
Hmited 1o, optical scosors foon, cameras, migred sensors), temperabure sehsors,
aceelerometers, gyvroscopes, inertial sensors, bumigdity sensors, RADAR sensors {eg.,
LiDARS), ultrasonic sensors, vehicle parameter sensors {e.g., sensors used o sense a
position andfor state of one or more vebicle components, such as bat not Hmited 10, 2
wheel position sensor, & wheel spesd scusor, an atspesd sensmw), altimeter, or
combinabions thereof

{834} Vehicles desoribed herein, such as vehicle 102 and vehucle 104 of Figure 1, may
be squipped with ong or mere fransceivers. The transcetver may mclude ong or more
receivers, transmiliers, or combinations thereof. Transceivers desertbed herein may be
used to transmit andfor receive data fromy & vanety of sources, moluding other vehicles
andfor other computing systems. For example, the transcetver HE may be wsed to
fransmit vehiche data pertaining to vehicle 102, which data may be gensrated by sensons)
F08. The trapscerver 110 may be used o receive velucle data pertaining 10 vehicle 104
or other vehicles, which may be genetated by setimor(s) 118, Data transsutted by the
transeetver 1 1 may be recsived by vebicle 104 andior nther connputing svstem{s) L6
Transceiver 110 may be used to recoive data from other computing system{s) 11610
some exanples. Toan anglogous mamer, the transceiver 120 may be used 1o transmit
vehicke data pertaining te vehicle 104, which may be geverated by sensor(s) 118, The

fransceiver 120 may be used to receive vehicle data pertaining to vehicle 102, which may

n
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be generated by sensor{s) 108, Data transmitted by the transceiver 120 may be reeeived
by vehicle 12 andfor other compuling systemis) 116, Transcaiver 120 may be used to
receive data from other computing svstem{s) 116 10 some examples.

j835] Trapscoivers described hereln gonerslly transmit andior receive dala using
wireless compnancation techmiques. To some examples, transceivers, such as transceiver
110 and transcetver 120 may convmanicgte using 3G wireless conymunication
technigues, 3G wirgless communication techniques may, in some examples, allow for
adequate bandwidih and speed of compmunications such that sensor data from one vehicle
{e.g., vehicle 104} may timely be recetved by snother vebiele {eg,, vehicle 102} and
withized by the receiving vehicle 10 tmpact the operation of the receiving vehitle {o.g.,
driving ). In some examples, transcetvers deseribed herom, such a3 transcetver 11 andior
ranseetvet 120 may utilize full duplex comamumication technigues, including full daplex
30 wiveless communication techniques. Accordingly, the transeeiver T andim
transeeiver 120 may substantially simultansously both fransmit and receive data in some
exgmples, The transcetver 10 andior transcetver 120 may be equipped with interference
cancelation rouitry which may facilitate the simultancons transnussion and receipl of
data in some examples.

36} Vehicles described hereln, such as vehicle 102 and vehicle 104 of Figurs 1, may
mchude one or more controliers, sueh as controller 132 and controller 134 showsnin
Frgare 1. The controllars may provide control signals to one of smore components of the
vehicle. including control signals used o constrol operation of the vehicle. For example,
the controllers may provide control signals to set andior adjust a speed anddor heading of
the vehicle. Other aspects of the velicle may be conwrolied by controllers described
herein (& u. the speed, setting, heading, or operation of any component of the vehicles}
Accordingly, the controllers, such as controller 132 sndior controller 134 may bein
clectrical andfor mechanical {e.g. poeumatic} conwnomication with @ wvaniety of
componenty of the vehicle In some examples, muliiple controlters may be provided in
ezch vehicle, Controllers doscoribed bersin may by i communication, either directly or
indivectly through other vehicle components, with scasors of the vehicle, such as
sensor(s) 108 andior sensor(s) 118, In this manner, readings from the sensors may be
wsed as-nputs to the controller 134 which may provide control signals sccording to

sensor readings. Controlers described heretn may be implemented using any number or
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variety of processing unii(y), including but not Hmited o, processors, cueuailry (8.8,
apphication specific intograted oirenity (ASIGY),. field prowrammable gade qrrays
{FPGASH, andior micvocontrollers,

{6371 Examples of vehicles described herein may hnploment ong or more cooperative
learming veural networks, such as cooporative learning neursl network 126 and
cooperative Jearning neaval nebwork 128 of Figure 1, Cooperative learning heural
networks described heretn gonerally uilize a combingtion of mput from the vehk m
which they are operating and put fron one or more other vehicles 1o implement and/or
toain the cooperative feaming neural nebwork, For exgmple, cooperative leaming newral
networks described hereln may wtilize a set of weight orwsighis fo process mputs and
provide an output.

{838} Within a cooperative leamning neural network, a number of sets of weights may
be wsed to process an mput, with each set of waights being indicative of 8 particulw
condition to be wdentified n the inpul. For example, 3 st of weighis may be associated
with cach object in an tmage that it may be desirable for the cooperative karning neural
network to identify. A set of weights in different values may be associated, Tor example,
with each of a stop sign, a street sign, a vehicle, a person, a butlding, a traffic light, a
bird, or anantmal,

{8394 Sets of weights may be provided to or associaied with other objects in other
examples. Any number of sets of weights may be used o wentify objects in images as
described berein, In some examples, aset of waights may be sssociated with & condition
that it may be desirable for the cooperative learning neurs! network to identify. & set of
weights in different valoes nay be assocated, for example, with a ofash condition, such
ds but not Bmited o, 8 rearend colliston, a side-impact crash, an asimal condition, a
collision with 8 parked vehicle, andfor a8 hvdroplaning conditier. The cooperative
learning penral network may be processed with cach of a nuniber of sets of weighs and
& condition andfor a{}jact may be recognied by the cooperative leaming newral network
according fo the set of weights which produces a particular culput {e.g, a maxioumn
outpat, & minimon cutpat, andfor a predetermined output),

{4401 Cooperative learning newral networks may be implemented using one or more
provessing wiits and memory. For example, the cooperative learning newral netwerk 126

may be implemented using processing unit{s) 112 and memory 114, which may store
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weights 106, The cooperative leaming newral network 128 may be implemented using

provessing unit{s) 122 and memory 124, which may store weights 130, Processing unils

which may be used o implement cooperative learning newral networks described heren
wiay be implermented using any murnber o variety of processing unil{s), including but not

Hiited to, processors, oircuitry {e.¢., appheation specific mtegrated circuits (ASICs),

field programmable gate arvays (FPGAS)H, andior microcontroliers, Memory which may

be used o miplement cooperanive learning neursl networks described hergin generally
may fnchude any number ovtype of menmory devices, including but not fimded to, RAM,
ROM, DRAM, Flash, or other memory types or devices. Memory used in Sooperative
fearnimg newral networks may store weizhiy which may be used o process ipuly and
provide outputs from cooperative learning neural nctwirks.

{1 Cooperative fearning seural networks deseribed herein may atilize input from
hoth the vehicle o which they are operating and avother vebicle {andior muliiple other
vehicles) m trabung the cooperative fearning neural network andfor in operating the
coopertive learning neural network. In some examples, cooperative earning neural
notworks described herein may be obilized to identify objects n bmages. During
operatiog, mmage data may be received by cooperative learning neural network 126 from
the velicle 102, e.g., from sensor(s) 108, Imags data may alse be received by cooparative
fearning pewral network 126 from the vehicle 104, e, from senso(s) 118 through
pranscerver 126 and transceiver 110 Both the image data recetved from the vehicle 102
andd the inage data received from the vehicle HM may mclude image data periaining
a particular objedt {e.g., a stop sign). For example, the image data received from the
vehicle 102 may miclude image data relating to g stop sign from one vantage point, while
the image data recetved from the vehicke 104 may include image data relating to the same
stop sign from a difforent vantage point. Both sets of image data, separaiely or o
combination, may be used to train the coopergtive learing newral nebwork 12610 develop
& et of weights indicative of the object {e.g., a stop signd. In this manver, the weights
developed may allow the conperative learnmy neural network 126 o more acourately
identify a stop sign in image data than Hondy imsge data fror velucle 102 had been used.

{6142} fn soange examples, cooperative leaming neural networks mgy wtilize only input
data from vehicles which are delermined 1o be relevant to an inguiry of the cooperative

learming neural network. Accordingly, cooperative leaming neural networks may
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evaiuate s wentity sadior location of a vebicle providing sensor dsts and may determine
whether to use that sensor data based on the wdentivy andior focation {or other parameter),
Forexample, consider the conperative leaming newral network 126 being used to identify
objects i mape datn. The coopomtive lesrming neowral retwiwk 126 mmy uillize tmage
data transmitted only from vehicles which ave sufficiently nearby that they ave likely to
have rélevant image datg {o.p., they arg Jikely to have captured bmage data relating W a
same object). For example, the cooperative leaming neurgl network 126 may recetve a
focation of vehicle 104 and may only uithize tmage data vecetved from vehicle 104 when
A dhstance between vehucle 102 and vebicle 104 13 less than a threshold distance.

{43 In some exampies, cooperative fearning newral networks desciibed hersin mav he
atitized to wentify a conditton (e, a crash condition andfor g precursor 10 a crash
condition). Examples of precursors o orash conditions inchude conditions which are
fikely 1o ovcur priortoa crash condition. Some éxmmples of ciash condibions whnch may
communiy cause vehicle erashes include, but are not imited to, rear-end cofliston, side-
fnpract erash, sl collision, parked vehicle collision, and hydroplaning. Sensor data
may be received by cooperative learning nearal network 126, for example from sensor{s)
{08, which s relevant o the orash condition. For example, vonsidering a rear-end
collision, sensor data may be provided to cooperative learning neural netwinrk 126 which
inchudes imsge data from a rear-view camers on vehicle 1020 Sensor data from vehicle
104 may be provided 1o cooperative learning nowral petwork 126 {o g, Fom sensor(s)
118 throush wansceiver 120 and transegiver 1, for example, from & front-facing
carmera on the vehiele 104 'when the vehicle 104 15 behind the vehicle 102, Additional
sensor data provided from vehicle 104 may mchide vehicle speed. Both sets of sensor
dila, separately or in combination, may be used to train the conperative learing neural
nedwork 126 to develop 8 set of weights indicative of g precursor to the colliston
condition {2.¢., a precursor to a rear-end collision}. Inihis manner, the weights developed
may altow the cooperative learning neural network 12010 more accurately idenlity a
precursor to a colfision condition froun sensor data than i only sensor dats from vehicle
102 had been used,

{44} fn sowne examples, eooperative feaming neuval networks may utilize toput data
from. velicles which are determined to be relevant to an inguity of the cooperative

learming neural network. Accordingly, cooperative leaming neural networks may
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evaiuate s wentity sadior location of a vebicle providing sensor dsts and may determine
whethier to ase that sensor data based on the identity andior location {or other parameter).
Forexample, consider the conperative leaming newral network 126 being used to identify
s rear-ond collision. The cooperative leaming newral network 126 nay vtilize image data
transimitied only from vehicles which arve sufficiently positioned that they are likely o
have velevant sensor data (e, they are likely w0 be positioned behingd the vehicle 102
and contribute to a rearend collision), For exampls, the cooperative lestning neursl
network 126 fnay receive a focation of vehicle 104 and roay wtidize imsge data recstved

from vebicle 104 when the vehicle 104 is less than a threshold distance behind the vehicle

102,
{8454 In some examples, cooperative leaming neural networks may recenve waights

from another vehicle for use at avother vehicle. For example, vehicle 104 may transmit
some or all of weighis 130 10 vehicle 102, The velicle 102 may store weights received
front vehicle 104 in mamory 114, Cooperative leaming neoral setwink 126 may utilize
weights 106, which may inchude weights received from other vehicles, such as vehicle
HI, o analyze fapuis.

jda] Examples of systems described heretn may inclade poe or more other computing
systems, such as other computing systamn{ss 116 in Figure 1. The other computing
systern(s) 116 may be v communication with one or more of the vehicles desorbed
hevein and may provide all or portions of the processing described heren, andfor may
rovide additional sensor data for nye by cooperative learning neural networks discribed
heremn. Examples of other compuing system(s) 116 which may be used metude, but sre
not {uutted 1o, sensor devices which may transmit data from snother focation inthe
envirsmment proximate one or mors of the vebieles {e.g., sensors along a rosd, at o toll
booth, in pavement). (her examples of other computing svstemi{s) 116 inchude
comnputing resources located remotely from one or more vehicles but in electronic
cornmuicalion with the vehsele {e.g., one or more computing resources accessible over
a nedwork, from a cloud computing provider, o located in the environment of one or
more vehicles),

{8471 When a cooperative leanung neursl petwork described berein has wdentified a
condition {e.g., dentified an object in mage data anddor a crash condition), controllers

described herein {e.g., the controlier 132 andior controller 134 of Figure 1) may be used

10

SUBSTITUTE SHEET (RULE 26)



WO 2019/046103 PCT/US2018/047783

to control covnponents of one or more vehicles vesponsive to the identification. For
example; the controller 132 may provide control signaly o slow andior stop vehicle 182
responsive {0 cooperative learning neural network 126 identifying an buage of a stop
sign As another exwople, the controfler 132 gy provide control signals to change
divection andior speed 10 avord a rear-end collision responsive to cooperative leaming
newral network 126 identifving a precursorto g rear-end colhision.

{048} Figure 2 18 a flowchart flystrating 3 methed arranged i gccordance with
exarnples desertbed herein, Method 200 includes bloek 202, block 304, hlock 206, block
208, and block 2HL Ju block 202, dam may be received from one or more other
vehiclke(si In block 204, which may follow block 202, 8 cooperative learning neural
network may be trained with data from these related vehicles such as Vehicle 102 andior
Vehiele 104 of Figurel. The Block 206 may follow block 204, Inbloek 206, weights for
the cooperative feaming seural network may be stored. Block 208 may follow block 206,
In block 208, a crash condition may be wdentified using the cooperative learsing nenral
network, Binck 210 may follow block 208, In block 23, operation of 8 vehiclke may be
modified using the cooperative learming neural network, Additional, fower, andior
otherwise ordered blocks may be used v other examples. The method 200 mav be
performed, for example, by vehicles described herein, such as by vehicle 102 andior

velicle 104 of Figure 1.

ke

{849} In block 202, data may be received from other vehielefs). For example, referring

£F

back to Figore 1 data from vehicle 104 may be recetved at vehicle 102, Data may be
wirelessly transmitted from one veluele to another in Sxamples described heretn, such #s
by apbzing 585G  wieless communication lechnigues. Uhiliming 56 wareless
comnmmusication techniques may allow for sufficient speed andfor bandwidth of date
fransifer to allow dafs received from other vebicles to be tmely used in controlling @
velcle, Other, legacy communication schemes of protocols that do not support high
handwidth anddor Tow latency data travstors may be msefficient o tanster enough ov
timely data o support the {echnigues deseribad bersin

{6501 Data may be recetved fron sy nuatber of velicles meloding 1, 2,3, 4. 5,6, 7. 4,
4, 10, 306, 100, 500, 1000 vehicles, or another mumber of vehicles in other evamples. Data
received may represent data generated by sensors of the other vehicles. For example,

image data collected frony image sensors {e.g., cameras) located on other vehicles may
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be recetved in block 202, Other dats which may be collected i block 202 moludes, but

s not Hwted to, velucle identity, location, speed, state, destination, or othey vehicle,

component, of environrnental parameters. Insome examples, data received w block 202

wiay be data directly for use by a couperstive Tearing neursl network {e.g., weights fin

8 neursl petwork may be sent from another vebicke and received fn block 202} The

aperations of block 202 may, for example, be performed by g receiving component g

systens or subsystem of a vehicle, sugh ds transceiver 110 of tanscetver 120,

{051} fnblock 204, data frowm other vebicles roay be wsed o train a conperative learning
neural nebwork, such as the cooperative learning newral netwark 128 andior Sooperative
learnimg neural nevwork 126 of Flgure 1. Data fromy other vehicles {eg., data regeived in
block 202) may be combined with data from a vehicle in which the cooperative learning
peural network is romung 1w block 204, For exanple, dala may be gencrated by one or
more sensors of the vehicle i which the cooperative learning neural network 18
operating, The penesated data may be ysed in ook 204 together with the data received
in hlock 202 1o train the coopertive learning noural network, Both data from the local
vehicle and data from other vehicle(s) may be used o fraln & cooperative Tearning neural
network m block 204,

a2} Generally, a noural network, ncleding cooperative leaming neural pepworks
described herein, may be considered as ap electronic network of nodes. A set of wput

alues may be provided to the neurgl sebwork and associsted weights may be
implemented by the nodes. A& Rnction may bewused to combine the weighis and the inpat
values and map the resully fo an cutpot. In this manner, based on the output, a nevral
network may classify the output. Traning {eg., learning) 8 neural network penerally
refers fo Heratively updating the weighis {oog., parameters) using a rule, Training may
itz twe or three Kinds of variables i some examples, the input signels {e.g., aibing
samiples), targeted outputs (e, supervised samples), snd dmual weights (e.g, all zery,
randomiy selected, or other initlal weight selection).

{053} Training may nvobeesupervised training -~ e.g., conparing the classification of
the input values with ¢ known actug! classification of the foput values. Ervors from an
initig! classification of the mput values may be fed back nto the newal network, and used
o modify the nebwork {e.g., the welzghts anddor the function to map to the outpul) the

next time around.  Many ierations of adjustment may occur during {raining.
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.. leanung) may refer o all three kinds of variables

Py

Accordingly, supervised iraining (&
(e, tput signals, targeted oitputs, and imbisl weiphis} areused to update the weights,
Examples of supervised training methodologies may inclode Boear regression, random
forsst, and support vector maclunes. In sose oxamunples, fralming may wmvolve
unsepervised traimng — e, using a methodology to model the underlying structure ov
distribution n'the nput data in order to classify the data, Ulnsupervised leaming fe g,
setf-legrning} may refer to the use of input signals and nitial weights, without the use of
turgeted outputs, o update the welghts of the neural network. For exanple, no targeted
onstpat may be provided in ansapervised leamning examples. Bxamples of ansupervised
learning methodologies nolude k-means methodologies and 2 priosi misthodologies.

{8544 Conperative leaning aeural networks deseribed herein generally refer to neural
petworks where the input signals andior targeted oulputs way come from different
sources or different objects. For sxample, some of the mpuwt signals andior targeted
cutputs used may be communicated o the cooperative leamning neural setworks over a
wireless copununicgtions network (2.2, 8 3G communications netwark).

{8551 SGocompunication systems may allow cooperative leaming nowral networks
desoribed herein 1o frain using sensor data communicated over the 3G conununication
system. Generslly, 1 be usable ina reaktime sciting, B may not be feasible without a
high bandwidth 5C compnurication system 1o make use of sensor data conmunicated
from another device. By read-time, heretn generally may refer (o occurring within a
threshold time that 1s based at least iy part on'the condition wlentified. Forexamyple real-
time may refer o ccowring with an amount of Hime where an action may be taken
avoid a crash condition described bwein. By allowing for higher bandwidth
communication of sensor data, 3G conumunication syvstems described herein may
facilitate cooperative leaming noural networks which miay make use of sensor data
comnunicated over the 3G conununication sysiem.

{856} As g result of the traming, he cooperative learning newal network may develop
sats of weights, each of which correspond o an Wdentifiable condition (v, an objestm
an image andior a precwrsor to a crash condition). The weights developed as a result of
training 1 block 204 may allow the cooperative learning newral vetwork to more
accurately identily & condition {e.g., an obieot ean image andfor 2 precursor 40 a8 crash

condition) than training based solely on sensor data from the single vehicle in which the
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coopertive leaming neursd notwork s operating. In some examples, training in block
204 may be unsupervised training. In some examples, talinng i block 204 may be
supervised franing (e.g., teaining which pocwrs with reference W one or more known
objects and/or conditions), The operations of black 204 may, for example, be perforned
by a cooperative leaming neural network fo a system or subsystem of a veluele, such as
cooperative learning neural network 126 andfor cooperative fearning neural network 123
of Figure 1,

{0571 fn some oxamples, oue ov more oniteria may be used 1o wWdeotify velueles from
which inputs may be used in block 204, For example, vebicles who may bhave data
relevant © a condition andior Image to be dentified may be uwsed in blogk 204,
Considering the case of a cooperstive learning noural netwirk which may identify
precursor to a rear-end collision, for example, data fom one or more vehicles behind a
vehucle recenving the data may be wsed to an m block 204, A Joeation of variows
vehicles may be provided to a vehicle and the Joecation of the vehicle may be used to
deternuine whether other data from that vehicle will be used in training in block 204, For
exznple, data from vehicles that are within a tweshold distance of the receiving vehicle
may be used i some examplex. Considering the case of & cooperative learming neural
network which may identify an olyject ftom an imape, data from vehickss in a location
which are hikely to have a view of the object may be used in block 204,

{38} In block 206, weighty may be stored for use by a cooperative feaming neural
network, The weishis may be the welphiy calvulated during the traiming 1n Bock 204
andior may be the weights which may be réceived from other vehicles, Weights may be
stored i memory, e.g., memory 124 andior memory 1 of Figure 1. The operations
of block 206 mayv, for example, be performed by g cooperative learning neural netwonk
i1ta svstem or subsystem of a vehicle, such as cooperative learming neural network 126
andfor cooperative learning noural network 128 of Figure 1.

{659 iy block 208, during operation of 8 veluele implementing a cooperative loaming
neural network, & precursey to g crash condition may be identified using the cooperative
fearning neurs nerwork. For example, input data from multiple vehicles wmay be mput to
a cooperative leaming neural network. The cooperative learning neursl network may
analyze the nput data vsing the stored weights, Based on the analysiy, a condition may

be identified. For example, the set of weighis may be identified by the cooperative
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fearning neuval network which produce 8 particular output {e.g., 8 mpamum outpul, a
wmmEm oupet, ore prodetenminad output) responsive o mputs recetved during use
The set of wetehis may be indicative of a condition {e.g., & precursor o a crash
condition). In this managr, the condition may be weatified by the cooperative leamng
newral setwork,  The operations of block 304 may, for example, he performed by @
cooperative learning neural network in g system or subsystem of a vehicle, sach as
cooperative learning neyral network 126 sndfor cooperative fesrning nearal network 128
of Fiawve

{601 fn some examples, an object in image dats provided to the cooperative leaming
neural getwork may be wdentified instead of or i addition to block 288, For exampile,
input data representing uvages from multiple vehicles may be inputted to a tooperative
learming neural network. The coopertive fearing neoral petwork may analyze the input
data wsing the stored weights, Based on the analysis, an object in the image dataniay be
wentifted. Foroxample, the set of weights may be identified by the cooperative learning
neural network which produce 8 particular cutput (2.2, 8 maximum output, & minimum
output, or a predeterniined outpel) responsive to nputs received during use. The set of
weights may be indicative of an object {e.g., 8 stop sigs, street sign, person, animal,
butlding}, I this manney, the object may be wentified by the cooperative learning neural
network,

{61} In block 210, operation of a vehicle may be wodified using the cooperative
fearning veural network. For example, the cooperative learning neural network may
identify s object i an inage andf/or a precursor to a crash condition. Responsive 1o the
dentification, s controller in the velicle nmning the cooperative lesming pewrsd network
andfor i oanother velicle may take action o modiy operation of the vehicle, For
exanmple, responsive 1o wlentification of a stop sign ia an mags, the vehicke may be
controfled o stow andfor stop. Responsive o identification of a precussor 6 & erash
condition, the vehicle may change speed, divection, or other parameder, toavoid the crash
congdition. The operations of block 204 may, for example, be performed by a
sooperative learning neural network 1n a system or subsystem of g vehicle, such as
cooperative fearning neural network 126 andfor cooperative learning newrs! network 128

of Bigwrad

LA
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{62} Figure 31z a schematic Husteation of su example systent srvanged n accordance
with sxamples described hevein, The system 300 ncludes sateltite 302, monitoring
infrastructure MM, montioring infrasttucture 300, compating system 308, vehicle 310,
vehicle 312, vehicle 314, vehicle 316, vehicle 318, and vehicle 320, Other, fewer, sndior
different components may be used in other examples. Any of the vehicles 310-320 may
he .impkzsnwmed by andfor used to implement vehicles described herein, such as vehicle
102 and vehicle 104 of Figure 1. Any of the vehicles 310-320 may imploment cogperative
fearning newral networks as described hersin, such as with reforence to Fige 2.

1963} Figure 3 iustrgtes that data generated by sensos on vehicles in systems
deseribed herein mgy be communicsted o g varisty of systems and devices. In some
examples, data generated by any of the vehicles 310-320 may be tansmitted directly 1o
any of the other veliicles, ez, using transceivers included in the vehicles as desortbed
bevemn. Insome examp}a‘:s, data geoerated by any of the vehicley 310-320 may be
commumicated to other vehicles andior systems (g, computing system 308} using
connnunications infrastructure, such as monitoring infrastruacture 304, monitoring
infrastructure 306, andfor satellite 302 In some examples, momitoning drfrastructure 304,
monitoring indrastructine 306, anddor satellite 302 way be incleded o 3G
communications infrastructurs. In some examples, dats may be recetved by any of the
vehicles 310-330 using communcations ifrastructure such as mobitoring infmstructare
304, monttoring infrastructure 306, andfor satellite 302, Other computing systems, such
as conpruting system 308 may provide data $or transmission 10 any of the vehickes 310-
320, which data mmy be communicated, e, using monitoring infrastructure 304,
monioring infrastroctere 308, andfor satelite 302,

64} Data may mitially be obtained with one or more sensors assoviated with the
vehioles 310-32800 The sensor data may tself be referred to as “mw data™ ~ ez, dala
which may be captured by a sensty without additional processing, compression,
conversion, scaling, or the like, One or more subsystems desoribed herem may prodess
the raw data (g, compress soddor evaluate the row data) to provide processed data.

{0651 Accordingly, in some exanples, the vehicles 3102320 may transout data among
onte another. The data conwmunicated may inchude any sensor dats (... speed, location,
environmental  comchiion, component status  andior  condibion, divection). 3G

communication techniques may be used to transmit and receive data among vehicles
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described herefn. In some examples, all or portions of row sensor data {e.g., unprocessed
camera captured-signals and sensor dais) may be commumicated between vehicles, In
this manner, one velucle may wtilize raw seopsor data Fom another vehiele in 2 same
manngr w8 though the data onginated from a seasor of the first vehicle, In some
examples, the use of 3G conununications techniques may provide sufficient speed and/or
handwidth to make the transmission of raw sensor data safficiently tinely that the e
data may be used ® timely make adjustrients to vehicle operstion.

{366} Vehieles 310-320 may teansnuit dats arvong and between one ancther regarding
abjects anddfor conditions wentified using cooperative Joarbing neural networks described
herein, The data pwy be unicast andfor broadeast,  Insome examples, a vehicle may
transmit data with an wdentified recipient (e.g., another paicular vehicle)  In some
examples, a vehicle may broadeast andéor muldticast data without, or 1 addition fo,
wentityimg a particwdar recipient. Objects 1 the emvironment, surroundings, andior
trafiic may be communicated from ong vehicle to another. 3G conmunication technigues
ey be used 1o transmit and receive data among vehicles deseribed herein,

{8671 Vehicles 310-320 may vansmit all or portions of dats {e.g., speed, location,
envirmunental condition, component status and/or condition, direction) to ong or mors
emele computing systems, such as computing system 308, 3G communication
technigques may be ased to conungnicate with the remote computing system. The remote
compating system may be implomented using, for exanple, a cloud-based computing

systent {e.g.,  romode server, a computing system of 8 wireless service provider), andior
computing resowees niade available through one of more service providers. In an
anglogons manner, vehicles 30.320 nwy transmit duta regarding  objects andior
conditions identilind using cooperative learning seural petworks deseribed herein to
rnoie computing systens, such &8 computing svstem 308, For exanple, objects i the
cvirpnment, suroundings, andéor traffic may be commumicated from a vehicle o 4
remote compuling system,

{868} frv soang exanmiples, all or portions of raw sensor data (g upprocessed camera
captured-signals and sensor data) woay be communicated between g vehicle and a remote
computing system, such as computing system 308, In some examples, the use of 3G

communications techniques may provide sufficient speed andior bandwidth to make the
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transmission of raw sensor data sulficiently timely that the raw data may be used o
finely nake adiustments to velacle operation.

{8691 in this manger, cooperative learnimg neural networks may be used fo identify
oljects, «.g., obsincle 322 which may e ong or more people slong o roadway, Othar
obstacles may also be Wdentified, such as but not Timited to, debris, road kill, b iﬁingsﬁ
animals, or combinations tiercof For example, data from vehicle 314 and vehicle 316
may be used 1o tratn a coepergtive leaming neural nebwork to wlentify obstacle 322,

{70} Cooperative fearning noural networks desenibed herein may slso be ased to detect
precursos o collision conditions, such a5 a possible collision between vehicle 310 and
vehicle 312 depicted in Figure 3. Datg fromy vehicle 310 and vehicle 312 may be wred o
traint a cooperative leanung neural network in vebiels 310 sadfor vehiele 312 to idennfy
precursors o the possible collision. A possibility of a rear-ead collision between vehicle
316 and vehicle 320 may be moonttoted by a cooperative learming neural network in
vehicle 316 andior vehicke 320, For exanple, data from both vehicle 316 and vehicle 320
ity be used 1o train g cooperative lesnung neurad network 1o vehicle 316 andior vehicle
320 to wdentify a precursor 1o a rear-end collision condition,

{71} Oiher conditions andfor objects may alse be identified, such ax a lane change by
one oy more vehicles. A lane change of vehicls 314 i depieted i Figure 3.

{072 Figare 4 is a schematic Wlustration of a cooperabive learning newrsl network
arranged in accordance with examples deseribed heretn, For example, the cooperative
fearning nourad network 400 may be used to implenrent and/or may be inpdemented by
coopertive learning neural networks described herein incloding cooperative learming
neutal network 138 andior cooperative leaming neural nebvork 136 of Figure L

{073} The cooperative fearning neural setwork 400 tnchudes an input fayer including 3
number of mput variables. The coopepative learning aowral astwork 408 includes g
hidden laver inchuding & number of hidden laver variables . The cooperative learning
powral network 408 includes an oulput layer meluding anumber of output laver variables
. Generally, the cooperative learning newral network 400 operates by connbining iuputs
from the input layer in weighted combinations using weights wy to caloulate hidden layer
variables 7 The hidden laver variables gre combined 1o weighted combinations using

wetghts w'i 1o ealoniate output laver vaiables ¢ While a single hidden layer is shown
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i Flgure 4, any number of hidden lavers may be used in cooperative leaming neural
networks described heretn,

1744 The weights wy and wiv may be used to ymplement andioy mgy be implemented
by weights described herefn, such as weights 106 andior weights 130 of Figure 1. A
constraint may be evaluated against the output layer variables &% o wdentify an object
and/or condition desonbed herein. For example, a function of the cutpot laver variables
may be evaluated, and the weights which minmuze, maxinize, or produce a
predetermined value of that fimction, may be selected. The condition andfor ohject
associated with those weights may then be identitied ag prosent m the nput.

78] For example, different comditions andior objocts may make the weights convergs
o different values. For instance, for a “stop” sign, the values of the first weight may
vonverge o 0.5, the value of the second weight oay be 0.3, the vest of the weights may
he zero. However, for a different object, such as a binlding, the valoe of the thisd wesght
may be 0.6 but the rest of the weights may be .5, Examples of cooperative neural
networks described berein may provide more accurste weights to identify each ohject

andior condition than using data from cach vehicke sepavately.

{76} As described herein, inputs from multiple vehicles may be used as nput to a
cooperative lsarning neural network, Supposs that xs{nd, xafnd, . .. xain} and vifnd, . . .

yx{n) are input vectors of two vehicles {e.g., vebicle 102 god vehicle 1M of Pigwe D at
gme . The input vectors may be supplied as the vartables of the inpat faver shown in
Figure 4. The input vectors may contain vidues representing any of 8 vanety of values,
such as pixel intensity andfor color values of pixels it an fmage, andior ong or mete
sensor values.

{077} A weighted function, an H malris, may represent o transfer fmction of variables

ceannon fo the fnpid vectirs used as lnputs to the cooporativy learmmg newral network

{e.g., of the multiple vebicles used as foputs). In this manner, the oulputs may be

determined based on the weighted Tunction 1o conjunction with weights which are
spaciile to (e, assoviated with} the pradicted output specitic o each of the aput
vehicles. In this manner, the weights and predicted outputs of the cooperative learning
neural network 400, U and V vectors, may be represented mathematically as follows:

Woln + 1) = W) + vz, 00U ) — 2, W, (n))
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W,(n+ 1) =W,(n) +v,z, m)(V(n) — z, )W, (n})

M
z n) = WHMUn) = Z we (L {n)
=1
M
zp{n) = WY = 3w, @nye(n)
Wolm)y = P {30, n (Romd, v none (ML)
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) = [ (nh s (1), o w1 03]
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(ui {n'}) (511;1 {n), AN (x;_ {n}}

PGy = Roy(n,  Rag{n)/ Wi 0)

Oy <
0<y3,<1

he (M Tha () TR (D] [ ()] < 1

{1

{078} where v 15 a learning rate. Note that v andior Hmay be bounded by unity 1b some
examples.

{8794 Eqdly v an examples representative of wsupervised learning and cooperative

¥

learning where the weights Wintymay be totally caloulated by the tnatial wenghis W0}
and input sigoals (e.g., the first input x(n) from vehicle X and the second inpat from the
vehicle Y1

JOR{Y I some cxamples, the cooperative learmng newral acbwvork may withize
unsopervised learning. Unsupervised leaming may refer to leaming that does vot rely
on comparison o reference images sudior reference data from known conditions. The
unsupervised learning may have a large dvnanuc range andior take a lengthy amount of
time for convergence, This may increase the conplexity of hardware used 10 iplement
the cooperative learmning neural network andfor thme taken to hnploment the cooperative
fearning neural petwork, For example, thevalue of wil b w285 10, may b very largs

anddor very small, which may necessitate & larger hardware resource than desited, In
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some examples, 8 norm-bounded learning algorthm may be used, which may be

expressed as follows:

Win+ 1) = W) + 120000050 ~ 200W )
I
b(n) = WHGOW () = Z b (i,
i=1
M

z(n) = WX = z wi{d, n)a;{n)

fei
W) = fwll ), wiZ, n), o o wi{M, n)]
X(n) = Ly () x{n), v coxg ()]

gyl
()
{881} such that
b(n) = WHm)W(n) = WH(O)W(Q) = b(0)
{3}
{082} fn this manner, the value of thy weights which may be provided by the
cooperative fearning neural netwark are bounded by the initial weighis,
083} It the weights have a very large dynamic valoe range, wore bifs {e.g., 64 or 32

bils} operations of gven floating-point operations may be nveded for each conputation
step i order to provide sufficient precision. However, if the dypamic range 18 small,
e, 16 bit or § bit, smaller operations may be sefficlent. By adding ove more
mudliphication, examples of the vorm-bounded algorithm described herein may perform
the novmahization processing in each step of the fraining so that the value of each weight

oy be hnnted o a normalized range.
{184} FIG. & illustrates an example of a wireless conmnanications system 500 1
asccordanse with aspects of the present disclosure. The wireless communications sysiem

300 includes a base station $10, mobiledevices 518, adrone {or unmanned asrial vehicle)
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SE7. a small cell 530, and vehicles 540, 545, Vehicles 340, 545 may be wsed to
implement anddor may be implemented by vehivles desortbed herein, sach avthe vehicles
192 andfor 1040 FIG. 1. For examplo, vehicles 540 and 343 may wehade acooperative
learning neural netwark as described heretn. In some exanples, mobile devices 315 and
or drone 517 fnclude cooperative leaming nawval networks,

{B85] The base station 310 and small cell 330 may be connected to & network that
provides access to the Internet and traditional conmunication links. The svstens 500 may
facilitate & wide~range of wireless comnunications commections v a 50 systew that may
melude vanouos frequency bands, ochuding bat oot limited tor 8 sub-6 GHz band {e.g.,
T MHz compmumication freguency), miderange communication bands {e.g., 2.4 GH23,
dud mmWave bands (o 24 GHzl  Additionslly or altematively, the wirgless
comnnupicalions connections may support various modulation schomes, including bat
pot honted to; filler bank muelti-carmier (FBMO), the generalived frequency division

multiplexing (GFDM), untversal  fltered  mwulti-carnier (UFMOCY  tansmission,

{SCMA}, noveorthogonal multiple access (NOMA), mudti-user shared access (MUSA),
and faster-than-Nyquist (FTN} signaling with time-frequency packing. Such frequency
bands and modulation techaiques may be a part of a standards famewok, such as New
Radio (NR) Long Term Bvolation (L TE) or other technical specification published by an
ofpantzation ke 3GPP or IEEE, which may include vartous specifications for subcarner
frequency ranges. 8 number of subcarviers, uplinkdowalink ttansaission spesds,
TDDFDD, andfor other aspects of wireless connunication protodols.

086} The system 500 may depict aspects of 3 mdio access network (RAN), and
system 300 may be'in communication with or inclide a core network (not sheswn). The
core network may mchude one of more serving mateways, mobility management entities,
home subscriber servers, and packet data gatoways. The core network oy facilitate aser
and control plane links o mobile devices via the RAN, and 3t may be an interface o an
external network {e.g, the Interuet), Base stations 318, conununication devices 320, and
smiall cells 530 may be coupled with the core network or with one another, or buth, via
wived or wireless backhaul links (e.g, S interfuce, X3 interfice, ete.).

HORTH The systeny 300 may provide commmaication Bnks with devices or “things.”

such as sensor devives, e.g., solar cells 537, to provide an Imiernet of Things {"oT™)
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framework, Comnected things witlun the o7 nay operate within frequency bands
hicensed to and controlled by celtular network service providers, or such devices or things
may. Such frequency bands and operation may be referred to a5 narrowband foT (NB-
IoT) beeause the frequency bands allocsted for 16T operation may be small or parrow
relative to the overall system bandwidth, Frequency bands sHocated for NB-IoT may
have bandwidihy of 1, 3, 10, or 20 M, for example.

{188} Additionally or alternatively, the loT may inclode dovices or things operating
at cifferent frequencies than traditional celhdar technology 1o facililate use of the
witeless spectnim. For example, an loT framework may allow maltiple devices m
system 300 W operate at a sub-6 GHz band or other ndusinal, scientific, and medical
{ISM) radio bands where devices may operate on a shared speettum for unlicensed uses,

{089} The sub-6 GHe band may also be characterized as an NB-loT band. For
example, m operabing at low frequency ranges, devices providing sensor data fir
“things,” such as solar cells 337, may withze less energy, resulting in power-eficiency
and may utilize less complox signaling frameworks, such that devices may transimit
asynchronousty on that sub-6 GHx band.  The sub-6 GHz band may sopport @ wide
variely of use cases, including the commuunication of sensor data from various sensors
devices, Exsmples of sensor devices include sensors for detecting snergy, heat, Heht
vibrabion, hiological sighals, distance, speed, acceleration, ov combinations thereof
Sensor devices may be deployed on buildings, individuals, andior in other focations in
the environment. The semsor devices may communicate with one another und with
coniputing systems which may agpregate andfor analyze the data provided from one or
muliiple sensor devices in the snvironment.

L fn such & 3G Hamework, devices may perform functionalities performed by
bgse stalions i other mobile networks {eg, UMTS o LFEL such as fornmung o

. radio

Febd

conpection or managing mwobility operations between nodes (e.g., handoff, pagin
resource conhiguration reselection elel)

{091} By way of example, mobile device 3135 may receive sensor data from the user
ytifizing the mobile deviee 515, and may transnut that sensor data on 8 narrowband fol
frequency band to base station 3100 In such an example, some parameters for the
detarmination by the mobile device $15 may include gvailability of Hoensed spetnuon,

availability of unlicensed spectrum, and/or ime-sensitive nature of sensor data.
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{92} Additionally or altermatively, mobik device 313 may form device-to-device
{220 connections with other mobile devives or pther elements of the system 300, For

example; the mobile deviee 3135 may form REID, Wik, MulitFire, Bluctooth, or figbes
connestions with other devices, including communication device 520 or vehicle 345 In
some examples, DD connections may be made using Hoensed spectran bands, and such
connections may be managed by @ cellalar nebwork or service provider.  Accordingly,
while the shove example was descnibad m the contest of narrgwhand o7, & can be
appreciated that other device-to-device comnections may be ntilized by mobie device
315 to provide information (8.2, sensor data) collected on different frequency bands than
a frequency band determined Ine wobile device $15 for transmission of that informmation,
{093} Muoreover, some communication devices may facibate ad-hoo networks, fr
example, a network betng formed with compunmcation devices 520 attached to stationary
objeets {e.g., lampposts wm Fig 5) and the vebicles 540, 345, without a traditional
connecion t a base station S10 andfor a core nebwink necessarily being formed. Other
stationgry ohjects may be used to support communication devices 320, soch as, but not
Jimited 1o, trees, plants, posts, buildings, blimps, dinigibles, balloons, street signs,
mattboxes, or combinations thereof, I such & system 500, communication devices 320
and simall cedl 338 {e.g., apicocel], formtocell, WLAN access point, cellular hotspot, ete)
may be mounted upon or adhered to another structure, such as lampposts and buildings
to facilitate the formation of ad-bot networks and other ToT-based networks, Such
netwvorks may operate at different frequency bands than existing technologies, such as

mobile device 313 conununicating with base station 510 on a cellulay comummication

band,

8941 The communication devices 320 may form wireless networks, operating in
cither g hisrarchal or ad-hoc netwark fashion, depending, m part, on the conpection to
another elernent of the sysiem 500, For example, the compuancation devices 520 may

uiilize a 706 MHz communication freguency to fonm.a connection with thewmobile devige
313 in an unlicensed spectrum, while uiilizing a licensed spectram coimmunivation
frequency to form another connection wih the vehicle 845, Comnunication devices 520

may communicate with velicle 348 onva Heensed spectvam to provide diect aceess for
time-senstiive data, forexample, data for an autonomous driving capability of the vehicle

345 on a 59 GHz band of Dedicated Short Range Communications {DSRCY
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{95} Vehicles 540 and 543 may forman ad-hoc network at a different frequency hand
than the connection bepween the communication device 520 aud the wehigle 345, For
example; for & lugh bandwidth connection o provide thme-sensitive data betwesn
vehicles 340, 545, a 24 GHz numWave hand may be utilized R transmissions of dsta
between velueles 340, 548 For cxample, vehicles 540, 545 may shave realdtime
dircctional and navigation data with cach other over the connection while the vehicles
540, 545 pass vach other across a narsgw intersection fing.  Eagh vehicle 540, 545 may
be tracking the istersection line and providing ymage data 10 an image processing
algorithin o facilitate avtonomous savigation of each vehicle while each travels along
the itersection e, In some examples, tns real-time dats may also be substantially
sinmultaneously shared over an exclusive, Hoensed spectrum comaection - between the
comnpripication device 820 and the veluele §45, for example, for provessing of image
data recetved al both vehicle 343 and vehicle 3440, as transmitied by the vehicle 34040
vehicle 345 over the 24 GHz mmWave band,  While shown as autonwobiles in Fig. 3,
other vehicles may be used weluding, hut not Hmited o, aircrall, spacecraft, balloons,
blimps, dingibles, trains, subwanines, boats, fornes, cruise ships, helicopters,
motoroveles, bicvokes, drones, orcombinations thereof.

{096} While described in the comtextof s 24 GHz mmWave band, i can be appreciated
that connections may be formed n the system 500 m other mmWave bands or other
frequency bands, such as 28 GHy, 37 GHz, 38 GHy, 38 GHe, which may be licensed or
unlicensed bands. In some cases, vehicles 540, 545 may share the frequency band that
they are conmunicating on with other vebicles in a different network. For example, a
fleet of vehicles may pass vehicle 540 and, temporaridy, sharte the 24 GHz mmWave band
o forny conpectivms among that feet, in addition to the 34 GHz mmWave conbegtion
between vehicles 340, 5450 As apother exmnple, communivation device 5284 may
substantially sinuliancously matitam a 700 MH2 connection with the mobile device 515
operated by a user (e.g, & pedestrian walking along the street} to provide information
regarding 2 location of the user (o the vehicle 543 over the 33 GHz band.  In providing
such information, communication device 520 may leverage antenna diversity schemes as
part of a massive MIMO framework to facilitale tme-sensitive, separate connections
with hoth the mobile device 515 and the vehicle 545, A massive MIMO framework may

mvolve a transmitting and/or receiving devices with a large number of antennas {e.g., 12,
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20, 64, 128, ete), which may facibiate precise beamforming or spstial diversity
pnattainable with devices operating with fewer antennas according o legacy protogols
{eg., WiFior LTE)

{497} The base statton 510 and soall cell 530 may wirglessly communicate with
devices in the sysient S00 or other conumumcation-capable devices in the system 500

-~z
)-‘

having atthe least s sensor wireless network, such as solar celly 837 that may operate on

2y

an activesslesp cydle, andior ong of more other sensor devices. The base station 510 may

provide wireless comnumications coverage for devices that enter s coversges area, such

7
d

as the mobile device 315 and the drone 317, The small cell 530 way provide wireless
communivations covevage for devices that enter B8 coverage arsa, such as near e
building that the small cell $30 15 mounted upon, such as vehicle 545 and drone 517,

{898} Generally, a soall cell 830 may be veferred to s a picocell and provide coverage
for @ local geographic regon, for example, coverage of 200 meters o less in some
examples; This may be contrasted with ab reaceocel!, which may provide covegage over
awide or targe gred on the order of several square miles or kilomisters, n some examples,
a smatl cell 330 may be deployed (e g, wounted on a building) within some coverage
areas of a hase station 310 (e.2.. 3 macrogell) where wireless commumications traffic may
be dense according toa traflie analysis of that coverage area. For sxample, a sinall coll
530 may be deployed on the building i Fig 5 in the coverage ated of the base station
510 if the base station SHU generally receives andfor transmits a higher amount of
wireless commumication transmissions than other coverage arsas of that base station 18
A base station 510 may be deployed in a geographic area © provide wireless coverage
for portions of that geographic ares. As wireless communications fraffic becomes more
dense, additional base stations 318 may be deployed in certain areas, which may alfer the
coverage area of an existing base station $10, or other support stations niay be deploved,
such as a small cell 530, Spwall cell 330 may be a fepuocel], which may provide coverage
for an area smyaller than a pcocell (eug., 10 meters or less in some examples {e.g., one
story of g building)).

{on While base station 5§10 and small cell 330 may provide commumication
coverage for a poron of the geographical area surrounding thelr respective greas, both

way change aspects of their coverage to facilitate faster wireless connechions for cortain

devices. For example, the small cell 330 may primarily provide coverage for devices
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surrounding or i the building upon which the small cell 330 moonted. However, the
small cell $30 may alse detoot-that 2 device has entered 1 coverage area and adjust iig
coverage area to factlitate a faster connection to that device.

LA For example, & small cell 330 may support 8 massive MIMO connection with
the drone 817 and, when the vehicle 515 enters o coverage area, the small cell 330 adjusts
some antenmas © point directionally th a direction of the vehicle 343, rather than the
drone 517, to facilitate a massive MIMO connection with the vehieke, in addition o the
drone 317, Inadjusting some of the antennas, the small cell 330 may vot support as fast
as @ comnection fo the drong 517, as it had before the sdjostment. However, the drone
517 may alse request o connection with another device feg, base station SHP) mols
coverage arca that may facilitate 2 similar connection as described with reference 10 the
small cell 338, or a difforent e g, faster, more reliable ) commection with the base station
510, Accordingly, the system 330 may eohimee existing commumcation inks in
providing additional connections 10 devices that may utilize or demand such hinks. For
example, the small cell $30 nwy include 8 massive MIMO system that divectionally
sugments @ link to velucle 343 with anfennas of thesmall cell divected to the vehicle 345
for a specific time pericd, wther than facilitating other connections {e.2., the small cell
330 connsctions o the base station 310, drong 317, or solar cells 337). In some examples
drone 517 may serve as a movable or aenal base station.

{0101 The wireless conwnpnications sestem 300 may inclode devices soch as base
station S18, communication device S0, and small cell 330 that may support several
connections o devices i the system 500, Such devices may oparaie in & hienwrchal mode
or an ad-hoc mode with other devices in the network of system 300, While described in
the context of a base station S10, communication device 520, and small cell 838, ¢ can
be appreciated thatother devives that can support several connections with devices in the
network may be included in system §00, including but not Himited 00 macrocells,
femiocells, routers, satellites, and REID detectors,

{8102} The wireless conmmumication system SO0 may support highsr bandwidth anddor
fower latency compuumications with the techniques described sbove. Devices with system
S may therefore leverage such techniques to exchange data for the benefit of travmng
and uithzing cooperative learning neeral networks, as described with reference fo the

preceding figures,
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{0103} Centain detalls are set forth above to provide g suffivient pnderstanding of
deseribod cmbotiments.  However, # will be clear to one skilled in the art that
embodiments way be practiced withowt various of these parlicular details. The
deseription herein, jo conwection with the sppended drawings, describes exampls
configurations and does not vepresent all the exasmples that may be woplemented or that
are within the scope of the clabms, The terms “exermplary™ and “example™ as may beused
hersin mieans “serving av gn example, imstance, or tHustration,” and not “preferred” or
“advantageous over other examples.” The detailed desoripion includes specific details
for the purpose of providing an onderstanding of the desertbed techniques. These
technigues, however, may be practiced without these specific detals. In some instances,
well-known structures and devices are shown in bloek dizgrany formy in order t© avoid
obseuring the concepts of the desenibed examples.

{0104} Toformation and signals deacnbed heretn may be represented using any of &
variety of different technologies and techpiques, For example, data, mstructions,
connnands, information, signals, bits, svmbols, snd chips that may be reforenced
throughowt the above desoription may  be represented by voltages, currents,
lectromagnetic waves, magnetic fields or particles, optical flelds or particies, oy any
combination thereof,

[3105] Techniques described herein may be used for various wireless conmmunications
svstems, which may inclode multiple access cellalar commumication systems, and which
may employ code division multiple access {CDMA), time division muitiple avcess
{TDMA), frequency division multiple atcess {(FDMA). orthogonal frequency division
multiple access (OFDMA), or single carrier frequency diviston nultiple access (SC-
FDMA), or any a tombination of such techiiiques. Some of these fechnigues have heen
adopted iy or relate o standandized wireless communization profocols by srganizations
such as Third Generation Partnership Project (3GPP) Third Generavion Partnership
Project 2 (3GPRI) and IBEE. These wireless standards malude Litra Mobils Broadband
{LIMB)Y, Universal Mobile Telecommunications System (UMTS), Leng Term Evolution
{LTE) LTE-Advanced (LTE-A), LTE-A Pro, New Radio (NR), IERE 802,11 (WiF,
and IEEE 80216 {WiIMAX), amonyg others,

{106] The termy 73G7 o "3G communications system” may refer 10 systems that

operate according to stundardized protovols developed or discussed after, for example,
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LTE Releases 13 or 14 or WiMAX 802 16¢-20058 by their respective sponsoriog
organizations. The features described hereln may be emploved i systems configurad
aocording o other penerations of wivgless commumication systems, including thoss
confizured according te the standards deseribed above.

{197 The varfous dlustrative blocks and modules described in connechion with the
disclosare herein may be inplemented o performed with & generalspurpose processor, @
chpital signal processor {DSP), an apphication-spectfic inteprated ciroutt (ASIC), & field
programmable gate array (FPGA), or other progearmmable logic device, discrete gate or
teansistor fogle, discrete bardware components, or any combination thereo! designed to
perform the Amotions described herein, A gencral-purposs plocsssor wmy be 8
nucroprocesser, but in the gltvmative, the processor may be any corventingal processer,
controlier, microcontrolier, or state roachine. A processor may also be inplemented as a
combination of computing devices {e.g | 8 combination of 1 DSP and a mictoprocesser,
rouiliple DHCTOPIOCESSOLNS, ONE HY MO MICTOPIOCESSUTS ity conjunciion with a DSP vorg,
or gny other such configuration),

{108} The functions deseribed beorein may be implemented W hardware, software
executed by a processor, firmmware, or any combination therenf. H implemented in
software executed by a processor, the functions may be stored on or transmitted over as
one or more mstruchons or code on 8 computes-readable medium. Computer-readable
media fncludes both nov-transifory computer storage media and comaumication media
inchuding suy medism that facilitates teanster of a computer program from one place ©
another. A non-transitory storage niedium may be any available mediun that can be
aucessed by o general purpose or special purpose computer. By way-of example, and not
Hmitation, non-transitory computerreadable miedia can conywise RAM. ROM,
clectrically erasable progranunable read only memory (EEPROM), v optical disk
storage, magoenc disk storage ov other magnetic storage devices, or any other non-
transitory mediom that can beased o cany or store-desired program code means i the
form of mstructions or data structures and that can be gecessed by a genvral-purposs or
special-purpose computer, or a general-purpose or special-purpose protessor.

{1109} Also, any connection 5 properly termed g computer-rendable medium. For
example; W the software s transmifted frony a websie, server, or pther remole sourcs

gsing a coaxial cable, fiber optic cable, twisted pair, digital subscriber Hne (DSL), or

29

SUBSTITUTE SHEET (RULE 26)



WO 2019/046103 PCT/US2018/047783

wireless technologies such as infrared, radio, and nucrowave, then the coaxial cable, fiber
optic cable, pwisted paix, DSL, or wireless tochnolopies such a5 infrared, radio, and
wcrowave are included fnthe definition of medium. Combinations of the above are alse
wmoluded within the scope of conuputer-readable meedis.

g Other examples and bnplementations are within the scope of the disclosure and

appended clatms. For examples, dueto the nature of software, functions deseribed above
can be implemented wsing software executed by 2 processor, hardware, firmwarg,
hardwiring, or combinations of any of these. Features woplementing funchons may also
be physically located at varions positions, inchiding being distributed such that porhons
of funcions e hmplomented at differeni physical locstions.

{0111} Also, as used herein, including in the claims, “or” as used n 2 Hst of itoms (for
example, a bist of tems prefaced by a phrase soch s "t least one of” or “one or more
of )y dheates an foclusive hst such that, for example, a hstof al feast one of A, B, e €
means A or B o Coor AB or AC o BC or ABU {le A and B and €). Also, a8 used
hierein, the phrase “hased on” shall not be construed as ¢ referenve 10 a closed set of
conditions. For example. an exemplary step that s described as “based on condition A7
miay be based on both a condition A and & condition B without departing from the scops
of the present disclosure. In other words, as used herein, the phrase “based on™ shall be
censtrued o the same manner as the phrase “based at least in parton”

{1 From the foregoing it will be appreciated that, although specific embodiments
have besn deseribed horein for purposes of Hlustration, vartous moedifications may be
made while reniaining with the scope of the claimed technology. The deseription herewn
is provided to enable a person skilled m the art to meke or use the disclosure, Vanoos
modifications to the disclosure will be readily- apparent (o those skitled i the art and the
generie principles defined herein may be applied to other variations without departing
from the scope of the disclosure. Thus, the disclosure is not linvted 1o the exanyles and
designs described herain, but 1% 1o be accorded the broadest scope consistent with the

mrinciples and novel features disclosed herain,
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Whatis claimed 1s:

f. A method comprising:

wdentifving, at a frst wireless conumunication device, first data from a sensor
of a frst wireless commuunication devige;

receiving, af the first wireless compunication device, second dats trapsmitied
from 4 second wirelsss communication deviee; and

fraining & cooparative leaming neural network at the first wireless

comnunication device using a combination of the first data and the second data,
2. The method of claim 1, wherein the first and second wireless

communicating devices comprise vehiclas.

3. The meathod of claimy 1, whersin the first date or the second data, or

both, comprise inage data.

& The method of claim 1, wherein training the cooperative learning
neural network wung the combination of the first data and the second dats occurs
when the second wireless contmunication devics v withiwa threshold distance of the

first wireless convmunication device,

5. The method of claim 4, further comprising detersmining that the second

wirelesy comnanication device is within the threshold distance.

6. The method of claim 1, wherein said raining conywises penerating

weights for the cooperative learning newral network.

7. The method of claim 1, whereln the weights are mdicative of an
ghject.
8. The wethod of claim 1, further comprising using the cooperative

learning neural network {0 identify at least one crash condition.

Ll
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Q, The method of claim ¥, further comprising adjusting a speed or
direction; or both. of the fust wiveless conununication device responsive to

identifving the at least one orash condition.

i The method of claim 1, whergin said training comprises unsupervised

fraining bassd on operation of the cooperative learning neural network.

11, The method of clatm 1, wheraih said trmning comprises supervisid

trajning based on a set of refevences.

12, The methed of claim 1, wherein reegiving the second data comprises:
receiving the second data from a node of a wireless commumication network
configured according tout least vae of o 3GPP New Radie €NRY specification, a
ICGPP Long Term Evolution (LTE) specification, a MulteFure specification, a [EEE

802,11 specification, or any combination thereof.

3. Awireless communicalion device comprising:

asensor;

& transceiver, the transceiver configured to transmt first vehicke data from
the senzor and recetve second vehicle data fromt at feast one other sensor; and

a cooperative learning newral setwork, the cooperstive learming neural
network configured to utilize both the first vehicle data and the second vehicle data

1o train the cooperative learaing neural network,

t4.  The wirelesy commupication device of olaim {3, wherem the
coaperative learning neural network is configured to calenlate weights of the

cooperative learning neural network based at legst on the second vehiele data.

15, The wireless conununication device of clyim 14 whereln the
fransceiver is further configured to receive third vehicle data from another sensor,
amd wherein the cooperative learning nowral netwerk is confipured 19 caleulate the

weights based further on the third vehicle data.

L
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6. The wireless compumication devige of clatm 13, forther comprising a
coptroller coupled to the vooperative learning neural petwork, and whersin the
controller i3 configured fo adjust a divection or speed, ov both, of the vebicle

esponsive 10 the cooperative learning peural network,

17. The wireless communication device of claim 13, wherein the
cooperative fearaing newral network s configured o wdentity s preqursor to s Crash

condition.

18, The wireless compumucatton devige of claim 17, wherein the crash
congition comprises al least one of a rear~end collision, a collision with a parked
vehivle, a side-Impact crash. an animal collision, of hyvdropdaning, or auy

combination thereot

19. A nmethod comprising:

regeiving raw sensor data from a first wireless communication device at a
second wireless conununication device,

wtilizing the raw sensor deta gt the second wireless communication device fo
fraid a cooperative newral network; and

ulilizing  the cooperative weural petwork st the seeond  wireless
commumication device to detect a crash condition iy within a threshold time that is

based at least in part on the ‘crash condition.

28, The method of clamum 12, wherew the frst wireless, communication

device and the sevond wirgless communication davice comprise vehicles.

21, The method of clainy 19, wherein the raw sensor data comypredses sensor

signals from one or more sensors of the first wirgless communication device.
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