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BIOMIMETIC CODECS AND BIOMIMETIC CODING TECHNIOUES

CROSS-REFERENCE TO RELATED APPLICATION(S

{001} This application claims the benefit under 35 U.8.C. § 119 of the earlier filing
date of U.S. Provisional Application Serial No, 62/500.670, fled May 3, 2017, the
entire contenis of which are hereby mgcrporated by reference in theit entirety {br sny

parpose.

TECHNICAL FIELD

{002} Examples described hevein velating 1o encoding {e.g., compressing, abstracting,
guerving) data psing biombmetic information codecs andfor biomimetic coding

techuiques.

BACKGROUND

{603] Data encoding {e.g., compression) may be used to provide compressed dala
which Is representative of a larger set of wpul data, and from which the input data can
be recovered.  Generally, the cucoded {e.g., compressed) data has g smaller size than
the input data, sud may be more efficiently transmitted sndior stored.  Examples of
existing encoded data formats fnclude mp3, jpe, and .mpeg.

{004 Existing encoding technigues, however, sach as IPEG encoding, may provide
encoded data which may not retain order or meaning in the compressed data stream.
Rather, the compressed data stream may represent random data. In order to manipulate
the compressed data, it may need to first be reconstructed into the raw dila and then be

further manipulated.

SUMMARY
[005] Exgmples of methods are deseribed herein.  An example method may include

providing mput data, providing a morphologicallv-adaptive coding network conyprising
layers of nodes, the nodes each compising a plurality of hillocks, connections between
sefected nodes being provided at sefected hillocks, the connections based on eperyy

dissipation with vespect to spectral component vanation of applied test data, and
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encoding the input data using the muorphologically-adaptive coding network to provide
compressed  data, the encoding comprising applving the nput data to  the
morphelogically-adaptive coding network to provide the compressed data comprising
an identification of ending hillocks at last layers of the morphologicallv-adaptive
coding network visited by the input data,

{006} In some examples, the morphologically-adaptive coding network s trained to
develop the lavers of nodes by providing a next layver node at a selected hillock of a
previous laver node, the selected hillock having stimulation rates above a threshold
using a set of training data.

[Ba7} In some examples. the nodes cach have an associated time constamt, snd
wherein thenext laver node has a smaller time constant than the previcus laver node.

jOG8] In some examples, applving the input data to the morphologically-adaptive

coding network comprises applving a convolutional funchion (o the nput dats.

{009] In some examples, the convolutivnal function conyrises a wavelat wansforn,

{810} I some examples, ending nodes of the morphologically-adaptive coding
network have ab equal probabilistic Fequency distribution,

011} In some examples, the compressed data s queniable.

{812} In some examples, the compressed data further comprises an ndex of visited
nades of the morphologically-adaptive coding network.

{013} In some examples, the input data comprises a type of data selected frem audio

(1), miage 203, video (311, other sepsory patterns (D) data, or combinaions
thereof. In some examples, the morphologicaliy-adaptive coding natwork is specific to
the type of datn.

014} In some examples, the morphologicallv-adaptive coding network comprises g
first morphologically-adaptive coding network, and the method further includes
encoding the compressed data using 8 second morphologically-adaplive coding
network,

{015 In some examples, the method farther includes decoding the compressed data
using the morphologically-adaptive coding network to recover an approximation of the
wmput data.

U In sowne examples, the method further includes HHenng the input dats gpplied 1o

the morphologically-adaptive coding network using a low pass filter.

2
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017} Examples of devives are deacribed herein. An exsnwple device may inchude at
feast one processor, electronic storage encoded with 8 morphologically-adaptive coding
network comprising lavers of nodes, the nodes each comprising a phurality of hillocks,
connections between selected nodes being provided ot selected Iullocks, the
connections based on enerpy dissipation with respect to spectral component vartation of
applied tost dats, and at least ong non-transitory conyputer readable medium encoded
with instructions which, when exscunted, cause the device o perform actions
comprising receive encoded input data comprising an identification of ending hiflocks
atlasy layers of the morpbologically-adaptive coding network visited by input data, and
decode the encoded nput data using the morphologically-adaptive coding network,

a8} In some examples, the npul data comprises awdic data, and the device
comprises a speakar. The instructions may Hurther inehude instractions to cawse the
device to play the input data using the speaker afler said decode action.

{019y In some exmmples, the input dats may include image data, the device may
wclade a display, and the instractions may mclude Instouctions o caine the devics 1o
display the pot data alter said decode.

020 In some examples, the input deta may include video dats, the device may
melude g display, and the instructions may further include instruchions Yo cause the
device to display the video data after said decode.

{021 In somie exmoples, the morphologically-adaptive coding network comprises a
{irst morphologicatiy-adaptive coding network, and the electronic storage is configured
to stote a phiality of morphologicallv-adaplive coding networks, the instnictions
firther including mstructions which, when execoted, cause the device 1o select the first
morphologically-adaptive coding network lor use based on a context of the input data.

{8224 In some sxamples, the decode action comprises performing a mathematical
inverse of operations specified by the morphologicallyv-adaptive coding network.

{023} o some examples, the decode action comprises feediorward nuimicking.

BRIET DESCRIPTION OF THE DRAWINGS

{024} FIG. 1 15 @ schematic stlusiration of a system amanged in accordance with

examples described herein.
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{025 FIG. 2 is a schematic HHusiration of two views of a node of @ morphologically-
adaptive coding network arranged in sccordance with examples described herem,

{826} FIG. 3 is 2 schematic dlustration of g node ammnged v accordance with
examples deseribed herein.

127} FIG. 4 15 a schematic dlustration of an energy sccanudation fnction asranged
i secordance with exanples described herein.

{028} FIG. §is a schematic illustration of a morphologivaliv-adaptive coding network
arvanged inaccordance with examples described herein.

{029} FIG. 6 38 a schematic Hlostration of a sysiem arranged i accordance with
exsmnples described herein.

034} FIG. 7 13 a schematic iHlustration of momphologivally-adaptive coding networks
arranged in accordance with examples deseribed herein.

{31} FIG. 8 s o schematic illustration of a svstem amanged in accordance with
gxamples described herein,

1832} FiG. ¢ 15 a schematic Hlustaation of a sysiem. arvanged i accordance with
examples described hevein,

0334 FIG. 10 15 a block diagram of an example conputing network arrsnged in
accordance with examples described herein.

{034} FIG. 11 1 a block diagram of sn example compating device amanged
gceordance with examples described heren,

{0358 FIG. 12 iy a schematic illustration of 2 momphologically-adaptive coding
aetwork arranged n sceordance with examples described herein.

{036} FIG. 13 is a schematic illustration of a system for auditory training arranged m
accordance with examples described herein.

037} FIG. 14 is a schematic ilustration of an exanple of an arrangemest of bigh pass
{HQ) and low pass (GO {illers in accordance with examples described herein.

{038} FIG, 15 15 a schemgtic usttation of nodes of a morphologically-adaptive
coding network arranged in accordance with examples described herein,

{639} FIG. 16 is a schematic ilustration of a momphologically-adaptive coding

network arranged in accordance with examples described herein.
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DETAILED DESCRIPTION

{040} Certain detarls ave set forth herein to provide an understanding of deseribed
embodiments of technology.  However, other gxamples may be pracuiced withowt
various of these particular details, In some instanves, well-known cirenits, control
sigpals, tinung protocols, andfor soffware operations have not been shown m detadd 18
order fo avord onnpecessarily  obscuring  the described  embodiments,  Other
embodiments may be ntihized, and other changes may be made, without departing from
the spirit or scope of the sulyect matter presented here.

{841} Examples of biomimetic codecs and biomimetic coding techmigues are
described heremn.  Morphologicallv-adaptive coding networks can be developed m
aceordance with energy dissipation driven “heat” generated by apphication of training
data.  The muorphologically-adaptive coding networks may be representative of
common fegtures expected in an input signal or date stream. Decoding may proceed
using the morphologically-adaptive coding network. Morphologically-adaptive coding
uetworks may be used as a cortex that can be shared for boosting meltbuedia data
compression rates andfor increasing the encode~decode fidelity of wmformation content
while the features remain queryable in encoded form A blomimetic codec utilizing
bionumetic coding cortices mayv facilifate cognitive funciions for recovery or
regeneration of information as well ag decision making, which may be key qualities for
the development of information systemns, cload computing, wtemet of things and
artifictal intethigence. Furthermore, examples of the biomimetic codecs and biomimetic
voding techniques provide a broad-based technology platform which can be used in
comtext-IDed  owltimedia  storage, pattern recogiution, and  high-pecforiance
computing, wncluding big data mansgement, the hallmarks of web- and cloud-based
svstents,

042} Encoding and decoding of input data, such as asadio, visual, text, tactile or any
Kind of data relating {0 perceptible information is desirable for storage snd fransmission
1o make efficient use of memory storage and lmited physical conununication
handwidth, Exmaples described hervetn uiilize structures {(z.g.. morphologically-
adaptive coding networks) that may be related to the pature of the data being encoded.
The norphologically-adaptive coding networks described herein gim o provide g

bionumetic engimesring solution for encoding and decoding. A resulting compressed

L i
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data stream (which may be referrad to as a2 BIC foonat) may allow for etficient
encoding and may Hself retarn sufficient stroctare, which may be further manipulated,
even 1 the compressed form. The presently offered approach stands in contrast with
existing andin or visual data encoding or compression methods where plavback or
content analysis requires decoding or decompressing the data and in the process
compromising the quality of the data. For exgmple, if further processing is destred on
JPEG sncoded image data {e.g. to count the number of people in an image), the image
would need to first be decoded into raw bitmap fonm. Instead, examples described
herein provide compressed data baving a feature-based stracute that may depend on
probabilistically applhied patterns of data duning training. Accordingly, the compressed
data itsell may be mawpulated. Further, the data qualily is preserved.  In some
examples, systems of encoding devices are provided hersin to further provide
hicenginesred solutions, where an encoding device {e.g., a “cortex™) may be provided
for each of a plurality of types of sensory input {e.g., an audio cortex, a visual cortex, a
tactile cortex), Each corlex may wiilive a morphologically-adaptive coding network
trained for the associated type of input.

043} Accordingly, examnples described heretn may povide an adaptive  dats
processing template-based encoding/decoding methodology which may be referred to
as hic, biombuetic information code. Data may be processed in real-time asing a
iemplate (e.g., & morphologicalhy-adaptive coding network) which may change over
time, The change of the emplate may be slow relative 1o the rate of invoming data and
the rate of encoding. Mulliple templates may be used to provide a hierarchically
formed network struchure, Accordingly, examples deseribed herein may facililate
keeping time and frequency domain components of the data relational and components
are hierarchically cascadable, therefore, providing highly efficient and quervable data
encoding and decoding i some examples.

{044 Examples described herein may take inspivation from biclogical networks.
Some aspects of biological networks are described o fucilitate an appreciation of
compouents deseribed berein. It i3 to be snderstood that the examples described herein
utihze engineered andfor semicondoctor computerized implementations of coding.
networks, Mechanisms used in biclogy may be used as mspiration, but may not be

exactly replicated in computational solutions described hersin,  Depending on their

6
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functiops, there arg different stves of newrons and sensory organs of the penphery
system 1 the cerebral contex of hamans that are connected (o various regions of sub-
neursl setworks. When the distance between the relevant preprocessing part and the
sensor focation is large, the cut-off frequency of the bandwidth miay be less and the
time constant of the neuron may be high, Conversely, smaller and intensive neurons are
comtected thropgh shorter Bnes for higher bandwidth requirements such as in the case
of eves and the hwnan biological visual cortex. In a biological neuron. each of the
dendrites may be capable of discriminating different signal sequences. The sanme task
can only be achieved by a network counsisting of multple newrons in existing
conventional artificial neural network (ANN) approaches. In biolopical newrnl
networks, there may be an energy-sntropy related physical relationship i which the
engrgy is minhimized while the entropy, e.g.. mformation confent, is maximired. For
example, when a new type of data pattern is applied, evergy dissipation may be
increased due to spectral divergence, and a network may be established that minimizes
tolad enerpy dissipation. Hence the network may be constdered to provide a c‘a:sdi;ng that
mereases not only the physical entropy but also the entropy defined for mformation.
These events create & condition in which the intelligent being coordinates itself with
respect to the probalulistic events taking place withun s environment and the relevat
signal patterns that H recetves asing s sensory miechamsms. Biomimetic codecs
descnibed heremn may wtilive these three major ubigquitous properties of mtelligent
systems in nature: Fustly, omimetic codecs described herein may process signal
patferns over an adaptive template {2z, 3 mophologicallv-adaptive coding network).
The network is constructed with respect o a oritena on evergy dissipation {e.g.,
minimum energy dissipgtion) and a criteria on spectral transfer (e.g., maximum specteal
traunsfer) within & chosen time frame. Time frames may be randomly initiated for
different frequency imtervals I a parallel structure as an apalogy o vewional
distnibution of different sives of newon groups differing randomly from each other.
Nodes of morphologicaliv-adaptive coding networks described herein may implement
functions i a variety of ways, The characteristics of the nodes may be different from
existing convolutional nevural networks {ONN) ag well as conventional grtificial newral
networks (ANN), UNN, ANN, and similar conventional systems gonerally use network

relationships {e.g., connection of nodes and weights} described in fixed-sized memory

i
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matnix. For this reason, nop-existing or neghyibly small-weighted connections occupy
winsed or mwessential memory space, theveby reducing the efficiency of these systems.
The conventional systens, therelore, carmot evolve outside the prescribed definttion of
the fixed matices. In examples of morphologically-adaptive coding networks deseribed
herein, the tree structure (e.g., hierarchical network structare) way be entirely
independent and constructed freely in various divections, snd which the changes in the
network evolve depending on applied signal patisms and their probabilities. This may
be inspired, for example, by observation of pyransidal newal cells which are groups of
deep series of nearons while the biological cerebral cortex s @ wide-spread network
ichuding complex and dense neural comections. When g new type of mformation 18
received repetitively, Hirst 1t increasss the temperaturs of the region of the brain that
perceives it Then, the petwork may underge a structaral modification that {s feilitated
by the adaptation of the network (o the Gme-dependent speciral variations of the signal
patterns. Biomimetic coding described herein may operate using analogous principles.
Examples of morphologically-adaptive codimg networks described herein may be
developed and/or adjusted to minpnize energy dissipation {eg., 8s measured by
computational comparisons andfor differences) through the spectral distribution of the
mcoming  signal patterns within differept moving time fames: The desenbed
methadology may provide the most efficient compression while the decomposed signal
components are associated through definitive context relations. This may fmpose an
object-oriented coding with respect to probabilities of the applied sigmals. Hence
biomimetic codecs described herein may provide data compression, classification,
clusiering and gbsiraction 1 relatioval orgavized fornm.

045} Encoding techniques described herein may be different from conventional data
encoding methods in that the blonumetic encoding described herein may span over tree
leaves (e.g., nodes in & morphologically-adaptive coding network) that are related to
change of sensory nput in 8 rolling time window. Those leaves include relational
information to the onpgin similarity of the signal Variation of the leaf numbers as
vecord of longer {erm signal pattern has lugher entropy. Vartation of feal’ numbers can

be sequenced and re-encoded depending on type of tansformation fn cach internal

maner in which human brams develop nefworks. The nodes may ulilize an ensrgy-

8
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entropy relabonship. Probobilistic distribution of input signal {e.g., wpul data) patierns
whime may cause sttmdation of nodes n a morphologically-adaptive coding network
may nimic {e.g., maich) the physical sensitivity and the bandwidth of the type of nput

stgnal. Perceptial coding of these signals may be performed in g convolutions! nanner.

{046} Taking inspiration from biclogy, convolutional matching rate of a signal o a

specific part of the brain mav cause an increase of heat due fo dissipation andior
conductance. Accordingly, i examples of morphologically-adaptive coding networks
described herein, the convolutional matching rate of a recenved patiern in several
parallel nodes may be proportional 1o their previous acceptance by each of them.
Considermg the nodes as parallel impedoncss, the lowest resisting and/or highest
conducting node may receive a higher share of the energy. Internally this energy may
he considered in parts as dissipation aond conductance, The dissipated part of the enerpy
may be proportional to the convolutional disstmilarity of the absorbed signal pattern.
For example, a difference betwesn the signal patiern and the node may be considered io
cause “heat” at the node (when operating in blology, this may be a physical heating of
biological newrons).  The heat prompts hillocks of the nodes to develop different
dirgctions in order to form new connections between nodes that may reduce {eg.,
nuninie) energy loss if similar signal patierns are reapphied quacker than the cooling
time. For example, the network may grow in a maoner (o reduce dissinnlanty between
the inconung and expected signals.  Morphological adaptation sy accordingly be
performed in this manner. Growth of the closest hillock in the gradient of the vector
field 1o the veighboring node facilitates building the pext morphological connection o
reduce dissipated head and ncrepse conducted enerpy. A convolutional simnlaniy of
the arnved pattern may deternune the ensrgy o be transferred without toss. H the
repeiition of the same signal patieny i higher, then nodes may Increase conductivity
through adaptation. When the probabilistic distabution 18 deviated as amrival of new
context or mftrmation, the morphologically-adaptive network may adapt and develop
50 that the heat distribution related energy dissipation can be bomogenired.

{047} Examples described berein may atlize wavelet transformation as an example
convolutional feature exiraction method. Wavelet functions may be convolved with the

input uignal patterns. Wavelst coeflicients may be svaluated as series of signal features

Q
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i construction of muophologically-adaptive coding networks described. Further,
convohution of one or move signal patterns from different cortices may be used in other
layers for advanced Rmctionality such as decision making and contexi-based coding,

{048} In some examples, multiple blomimetic encoders may be connected i 3
cascaded manner {(c.g, coscaded encoding cortex layers).  In ths manser, an
abstraction may be provided having a larger time window and specific content to the
common objects that canses sensor stimulations in 3 common physical enviromment.
Hence content of the signal patterns such as piano, voice or piano and voice {ogether
can be described in the upper lavers in some examples, This type of cascaded use of
cortices may facilitate enerey optimivation of encoding systems described herein, The
more experience from the physical world within the sante focation is obtamed, the muore
the encoding systems described herein may adapt, and less epergy may be dissipated
since ¢ sort of translation of the most probable periphery may be copied inte encoding
systern, Encoding the signal patterns in a defined way may not only increase the
entropy i thermodvnanues due o minimization of the engrgy, it may also wcrease
{c.o., maxinuze) the entropy of nformation defined by Clande Shannon. For tlus
resson, examples of encoding systomns and methods desenbed herein may optimally
encode mput signal patierns. Since the morphological connections inside the svsteny, in
terms of vistted nodes, ave deseriptive for classification of the countent, coding sysienys
described heremn may facilitate perceprual classification and analytics of the nput
signal patterns in the encoded form, which may be different than an approach of
existing codecs.

{049} Examples described beretn may facilitate histogram coding for distribution of
the morphological circnit branches m terms of convolutional featwres, 1 the mual
condition of the system is equally known ag in the case of silicon based computational
platforms. This can be used, for example, to spesd up the training process or can be
followed by error coding for lossless or less lossy coding with or without trained
networks {e.g., cortives), Examples of codecs described heremn may be irained prioy {0
use, andior real-time training may be used where a coding network may be trained
during use. Generally, two types of recovery of the original signal patterns may be
used, In sone examples, decoding way be performed using a mathematically wnvarse

transfonn, This may be implemented by computing systems, such as computers. In

1
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some examples, decoding may be performed using trained generation. In this method
another traming s apphed for an outpat cortex that drives actoators so that sensory
feedback will be equalized to the output. This may be analogous, for exumple, 1o how
humans learn (o speak. After training, the content may be played back,

0567 Examples systems and methods deseribed heretn may have a waviety of
desirable attribnnies and may facililate a varely of advantageous actions. Not gil
examples of systems and methods mmay have all, or even any, of these deswable
alfribgtes and advanidgecus actions. However, some desirable attributes and
advantageons: actiobs may be deseribed to facilitate appreciation of systems and
methods described herein.

{513 Systems and methods described hersin may facilitate encoding snd decoding of
1D, 2D, 3D andior u-I¥ signal patterns by uvsing pretisined morphologically-adaptive
coding networks or equivalent histogram distribution of a pretrained cortex, which may
increase ant available compression rate while providing an encoded daty output which
may remain queriable (eon. anabviically processable) in encoded form.

{052} The morphologically-adaptive coding setwork may be shared andior updated
for different Kind of data (.., andio, video, tactile etc)) andfor sensory systems so that
decodny devices mayv decode the data or relevant signal patterns.

053] Exaraples desoribed herein may construct a morphologically-adaptive coding

network with respedt to convolutional features of input data {e.g

Lo

mput signal patterns)
and energy dissipation may be used for reinforcement fearning. Such process may vield
mereased {eg, maxtmuam} thermodynamic entropy as well as an increased (g,
highest possible} entropy of miormation. In this masner, the input data {e.g., sigbal
patterns} myy be encoded n a most optimal mannet,

{054 Examples of systems and methods described herein may manage fidelity versus
compression stze. Fidelity generally refers o 2 measure of quality in mudtimedia signal
coding. A same bionumetic codec {e.g., a same morphologically-adaptive coding
network} may be used in different levels of encoding the stgnal with respect to physical
bandwidth availabilty of the conununicatton system. In this manner, higher
compression rate may be provided than the conventional multimedia data comapressors
but also an optimixation of the quality of the content with respect volatile condition of

the comnunpncation bandwidth may be achieved
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{0551 Examples of training (e.y., leaming) of coding networks may atilize minimuom
energy-maxium entropy relationshups 1o wrange independent nodes In g given
systemt.  This may result in & non-deterministic stracture which may both boost
processing ensrgy efficiency in embedded system implementation and conserve
PIOCESSING power.

{056} Link list type coding may be wsed i compuier baplementations of systens
described hersin, which may faciliste efficient use of memory. This may be in

contrast to matrix type predefined weight adaptation used in conventional neural

netwaorks.
{857} Examples of morphological adaptation described heretn may provide reduced

space sndfor space-free intelligent siructures that may optimuee resources and enable
fasr managenent of expertise with respect to probabilistic requirements at changing
perceptual ambient physical conditions.

{038} In soma examples, the ensrgy distribution betwesn parallel nodes of
morphologicallv-adaptive coding networks described herein with respect to thelr
wmverse proportional distiibution of ates may provide absorption of the recogmized
{e.g., comon) part of the convolutional festures that imcrenses selective adaptation of
the relevant part of the network more than the others while the remaining part of the
energy 15 wsed in morpbological development of newer paths.  In ilus manger,
probabihistic distnbuton of the sensory signals input or inpat signals may be optimally
sncoded in a quenable form.

{059 Examples of morphologically-adaptive coding networks may convert hiflocks
of nodes o a connection o g child node when heal level of the vode goes above a
threshold towards a hillock direction mside the system volume,  In this manner, mid
and long tene morphological development and adaptation ousside the perceptual time
window nay be achieved.

{060} In some examples, 8§ cascaded connection of cortices (g.p., biomimetic
enicoders) after the first group that s comected to receive nput data {e.g., connested to
sensors or applied signal inputs), provides an abstraction of the inpuly proportional to
the cascading amount,  Tn this manner, perceptusl coding and cognitive fimctions

depending ob variation of Jonger shont teom apphied signsl durations may be achieved.
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{061} In zonte examples, o serial commection of podes may be provided v a
morphologically-adaptive coding network in a tree structure, from root o leaves. The
nodes may correspond with wavelet coellicients and the siructure of the network may
be penerated throush heal oriented mprphological adaptation.  In this manner,
computational implementation (e.g., asing one or more processors such as CPUs andfor
GPUs) may be achigved.

{062} In examples of training morphologically-adaptive coding networks described
heren, maximum entropy adaptation of child nodes may be performed not only as
separate phase of uniming, but also vsed as a part of real thme encoding of input data. In
sonne examples, synchronization of multiple bloptiimetic codecs may wilize additional
conununication as a part of an update phase. Accordingly, in stune examples, not only
applied signal inputs (e g, lnput data such as nndtimedia data) buol also sensory inputs
such as audio signals from g microphone or other sensor data may provide 3 conmmon
way of sharing intelligence over cloud platforms o larger comman sets of corticss.

{8631 Abstraction of data may be achieved m some examples by Seguencing the
visied leaf codes so that the resulting compressed data may be apphied ag another
signal pattern {e.g., a5 input data) o other corigxfes). Therefore, o compression rate of
the information may inorease while the loss rate experiences less increase. The
difference of the encoded signal and the origingd signal may be encoded also by
applying both data o the blomimetic codec.  Accordingly, cascaded cortices {e.g.,
vascaded bionumetic codecs) may not only utilize abstract coding but alse may
merease the overall entropy and the compression rate.

{064} Figure 1 is a schematic Hustration of a systom arranged in accordance with
exgmples desenbed heretn, The svstemr 100 includes biomimetic codec 102 and
morphoiogically-adaptive coding network 104, The system 10 may receive input data
and provide compressed data 106, Addittonal, fower, and’or different components may
he used it other examples,

{065} Examples of bionumetic codegs, such as biontmetic codes 102, may
advantageously compress data using a morphologically-adaptive coding network, such

as morphologicatby-adaptive coding network 104, Generally, thus may allow for data

compression {g.g., encoding) which may provide output dats wiich iz compressed, vet
queriable.

.
Lok



WO 2018/204708 PCT/US2018/030973

{066} Coders, such as biomimetic codec 102 may receive inpud data. Varlous types of
wpat data may be wsed, woluding, for example, audio (1D}, wnage (2D}, video (3D},
other sensory patterns (xI)) data, or combinations thereof. Input data mav also he
referred to as raw dats. Examples of input dats formats include wav and bmp,
although other formats may be used. In some examples, the foput data may iself be
compressed data outpwt from encoders described hevein {g.g., bic format). fnput data
may be received from sensors described herein, including but not limited to,
envirommental sensors (e.g., temperature, humidity, position, mertial sensors), mage

sensors, light sensors, microphones. synthetic ears, Other sensors may be used iy other

exsmples.
{067} Biomimetic codecs described hereins uitlize morphologicallv-adaptive coding

networks to compress {e.g., encode) data. The morphologically-adaptive coding
networks may be adapted andior trained data templates which may represent expected
commen features in input data. The morphologicallv-adaptive coding natwork, such as
morphologicallv-adaptive coding network 104, may inchude layvers of nodes. Each node
may inchde multiple hillocks. Connections between selected nodes may be provided at
selected hillocks, The vomnechions miade may be based on suergy dissipation with
respect o spectral component variation of apphed fest data. In some examples
morphologically-adaptive coding networks described berein may be represented as 2
set of istogram functions. In sowme examples, the worphologically-adaptive coding
ngtwork 104 may be tained fo develop the lavers of nodes by providing a next layer
node st a selected hillock of a previous laver node, the selected hillock having
stinnuation rates above a threshold using the fest data. The nodes may also be referred
to as leaves, and paths of leaves through the network may be referred 10 as branches. In
some examples, the nodes are related to changes of the input {e.g., sensor inpw in some
examples) in a rolling tme window feg, over a fime comstant)l The nodes may
gecovdingly include relational information to the origin of the signal (e.g., they may
contsin information regarding the relationship of the nput data to conmmon input data
of that type) Variation of the leaf mumbers over a longer term may have higher
entropy. In this manner, the manber and srvangement of nodes may be particular to &
trained first morphologically-adaptive coding network. The number and arrangement of

nodes, and functions implementzd by the nodes, may be indicative of conumon features
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of signals expected 1o be received from a particular type of source, from a particular
enviromment, of other classificanion. In this manner, use of o morphologically-adaptive
coding network may allow for encoding to occur with sn swareness of the context {e.g.,
conunon featuras) expecied in an input stream,

{068} Exgmples of morphologically-adaptive coding network way be trained using
test dita In some examples, the test data used may be based on the snticipated taput
data to be encoded using the morphologivallv-adaptive coding network. For example, if
classical mugic s anticipated 1o be encoded, the worphologically-adaptive coding
getwork 104 may be trained using test dats indicative of clagsical mugic. This may
allow the morphologicallv-adaptive coding network 104 1o be developed in g manner
which is representative of conumon features and context of classical music. Training
may occur prioy to encoding of nput data in some sxamples. In some examples,
fratming may eccur wholly or partially during use of the system. For example, some or
all of the mput data being encoded by the bicmumetic codec 102 may also be used as
tratning data to further frain the morphologically-adaptive coding network 104,

{069} In some examples, cach of the nodes of the morphologically-adaptive coding
network 104 have an associted thue constant. The next layer pode may have g smaller
time constamt than the previous laver node. Ending nodes of the morphologically-
adaptive coding network 104 may have equal probabilistic requency distribution. For
example, an atrangement of nodes may be developed for the morphologically-adaptive
voding network 104 such that gach ending node may have an equal likehihood. This
may vesull in uneven branch lengths m the morphologicaliv-adaptive coding network
104 10 some examples.

70} The bionumetic codec 102 may encode the mput data. For example, the
bionumetic codes 142 may apply the input data o the morphologically-adaptive coding
network 104, The input defa may visit variows nodes and hillocks of the
morphologicallyv-adaptive coding network 104, The hiomimetic codet 102 may ouwtput
an identification of ending nodes: of the morphologically-adaptive coding network
vistted by the input data. In some examples, the blomimetic codec 102 may output an
wdentification of lullocks at last wodes (e, last layers) of the morphologicallyv-adaptive
coding network 104 which were visited by the input data. For example, the bomimstic

o
P

codec 182 may outpul an index of visited nodex of the morphologicaliv-adaptive
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coding network: This may be referred to as {eal sequences in somie examples {e.g.,
where the nodes may be referred (o a8 leaves). In some examples, applyving the wmput
data to the morphologicallv-adaptive coding netwerk may melude applying a
convolutional fncdion o the input data. Any of a variety of convolutional functions
may be osed incloding, but not Reted 1o, 8 wavelet tmmform {eg, & wavelet
function). Accordingly, one or nmore wavelet functions may be convolved with the
input signal patterns. The wavelet coefficients may be evaluated as series of signal
features in counstruction of the morphologicallyv-adaptive coding petwork. In some
exgmples, the input data may be filtered before application to the morphalogically-
adaptive coding network, for exanple using a fow pass filter.

471} Accordingly. biomimetic codess provide oulput data, such as compressed data
106 of Figure 1. The compressed data 106 may include compressed metadata and
features and context data. The compressed data 106 may include the dentification of
ending hillocks at last lavers of the muorphologically-adaptive coding network 104
which were visiled by the wmpat data applied to the morphologically-adaptive coding
network 104, Note that, using examples of biomimetic codecs deseribed herein, the
compressed  data provided by the codecs may be queriable. Generslly, the
morphologicaliv-adapiive coding networks used by biomimetic codecs described herein
may be object-oniented, context-aware networks. Thiz may allow the compressed
output data fo retain meamng and order, which may allow for quertes on the output
data. This is in contrast to conventional compression techuiques, such as jpg. which
may provide a compressed data siream which is random, and iself not querisble.

{072} Analogous decoders may be provided to decode the compressed dats of Figore
1. For example, the comprassed data 106 may be decoded using a hiomimetic codec
described hergin {2.2., the biomimetic codec 102 of Figure 1 in a decoding mode}. The
decoder may similardy witlive a morphologically-adaptive coding network to decode the
gomptessed data. o some exgmples, a decoder may utilize a mathematically inverse
sransfornt to inverse the operation of an encode {e.g., biomimetic codec 102}, In some
examples, decoding may be performed using trgined generation. During trained
generation, wnput data may be provided to the biomimenic encoder. The fnpt dats may
be provided from, for example, 8 microphone andfor g synthetic ear. Feedback nmay be

provided based on the vutput of an encoder {e.g., blomimetic codec 12}, The output
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may be played back {‘e.‘g\,. using a playback actuator). Playback schators may ehude,
bt are not Hmited to, speakers sach as inductive speakers andior piezo speakers, andior
a synthetic thvoat. The feedback may be used to adjust operation of the biomimetic
eodec 102 andior the morphologically-adaptive coding network 104 0 obtain output
data having a desirable correspondence with the input data.

{73} During operation, blomimetic codecs described hereln may encode {22,
compress) inpul data using one or mworg st morphelogically-adaptive coding
networks, While a single morphologicallv-adaptive coding network 104 is shown in
Frgure 1, aoy number may be used, and they may be used in series of in combination,
For example, the blomimetic codec 102 may encode the wput data using the
morphologicaiiv-adaptive coding network 104, Data output by that encoding process
may in some examples be encoded one or more additional fimes, for example using a
different morphologically-adaptive coding network, In some examples, a biomimetic
encoder described herein may select a worphologically-adaptive voding netwerk for
wae in encoding thpul dala based ob the type, context, andior content of the nput data.
For example, the biomimetic codec may select one morphologicallv-adaptive coding
network o encode sudio daty and another morphologicallyeadaptive coding network to
encode imape data. In another example, the biomimetic coder may select a
morphologically-adaptive  coding network  based on  ewvironment {eg, owme
morphologically-adaptive coding network may be wsed to encode signals received from
one eovironment and another morphologically-adaptive coding network may be used to
sncode  signals  recetved from a  different environment).  Accordingly, the
morphologically-adaptive coding network used andfor selected may be based ow a type
of the mput dats. In some examples, different morphologically-adaptive coding
network may be used hased on the content andiw anticipated content of the mnput data.
For example, one morphelogically-adaptive coding petwork may be used o encode
elassical music, while another morphologically-adaptive coding network may be used
1o encode heavy metal music. In some examples, the input dats may mclade metadata
or other data which nmay dentify an aspect of the data for use in selecling a
morphologicalby-adaptive coding network 1o nse o encode the data.

{074} In operation, to decode data encoded using morphologically-adaptive coding

networks described herein, the morphologicallv-adaptive coding network may
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additionally be used fo decode the dafa. Accordingly, v some examples, the
morphologically-adaptive coding network may be transmitied 0 a decoding device
{e.e., 8 decoden) for use in decoding data. In some examples, the morphologically-
adgplive coding network may be {ransnufted during a time of low network #affic to
reduce and/or avord an impact on network latency by the tansmussion of the coding
network. In some examples. the decoding device wmay have access fo multiple
morphologicallv-adaptive coding networks for use in decoding data. In some examples,
the encoded data may include andfor be asccompanied by data which aids in
wdentification of a morphologically-adaptive coding network 1o vse o decoding the
data. Decoding the data may result in recovery of an approximation of the input data in
some exanples. Examples of such a decoding process may be referred 10 as lossy. In
some examples, differential data {e.g., o difference between the nput data and the
decoded conpressed data) may be stored and provided to g decoding device together
with the compressed data. The differential data may be used 1o recover the nput dita
mote completely (s, lossless decoding).

{75} Generally, examples deseribed herein may stilize one or wore training devices,
onte or move epcoding devices, and one or more decoding devices. In some exaples, &
single device may be used to hmplement multiple of those described devices, For
example, a single device may be both a training device and an encoding device. A
single device may be both a wraimoy device and & decoding device: A single device
may be both an encoding device and a decoding device. Generally, the devices
described mayv have sufficient processing capability to perform the described actions
&.¢., training, encoding, sndfor decoding). For example, the devices may include one
or more processors and computer readable media encoded with executable instructions
for causing the device to perform training, encoding, andVor decoding {e.g.. training,
encoding, sndior decoding as described herein). In some examples, the devices may
atilize cicuitry  {e.g., application specific  integrated cwcuits (ASICs), field
programmable gate arrays (FPGAs)H to perfon sl or portions of the actions described,

{876} During operation, a fraiming device may lrain one or more morphologically-
adaptive coding setworks based o one or more sets of test data. The test data osed may
have sttributes similar to data expected o be encoded gndfor decoded using techniques

described hergin, An encoding device may have access {0 the trained morphologizally-
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adaptive coding networks. For example, morphelogically-adaptive coding network(s)
may be stored n electromie storage {e.g, memory, disks) accessible to the eucodiig
device. The encoding device may receive input data, optionslly select a
motphologicaliy-adaptive coding network for use in encoding the input data, and
encode the input data using the selected morphologically-adapiive coding network. A
decoding device may also have access to the trained momphologicatly-gdaptive coding
network(s), For example. the muphologicallv-adaptive coding network(s) may be
stored i electronic storage {e.g., memory, disks) accessible to the decoding device, In
some examples, the morphologically-adaptive coding network{s} may be transmitted
from the traning device andior the eucoding device 1o the decoding device. In some
examples, the encodmg deviee and decoding device may have access to & same
electronic storage hosting the morphologically-adaptive coding network{(s).

{77y in some exmnples, the morphologreally-adaptive coding network(s) used may
change over time. The change may discrete andior continuous, Generally, the rate of
change of the morphologealiyv-adaptive coding network{s) may be slower than an
anticipated  rate of nput data andlor of encoding. Tn some examples, the
worphologically-adaptive coding network may change due to additional traiming from
experience with mcoming input data over time. In some examplas, perfodically {e.g.,
from time o tme anddor ot regadar ntervals), an encoding andfor decoding device may
be provided with a changed first morphologically-adaptive coding network {e.g., from a
iraining device} resuling from further training by additional wraining data.

{0781 Figare 2 134 schematic Hastration of two views of a node of a morphologically-
adaptive coding pebwork arranged in accordance with examples desenibed herein. In the
view 216, the node 200 1s shown with thres wputs ~ input 202, input 204, aond mput
210, The node 200 has one modudatory tnput 212, The node 200 has an owtput 214, The
inpud 202 may recaive an input signal St} The input 204 may receive an input signal
Sa{t). The input 210 may receive an input signal S:(1). The node 200 may be associated
with a value, shown as § in Figure 2 wilizing the mpuls from input 202, input 204,
andior inpot 21 In some examples the value S associated with the node 200 may be
caleolated in secordance with inpat from the moduolatory inpet 212, The node 200 may
provide the output signal Udt), Any number of inpuois, outputs, andior modulatory

mputs may beysed to implement other examples of nodes.
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{679 Nodes described herein’ may be mplemented i hardware, sofiwarg, of
combinations  thereof In some examples, nodes nwy be buplemented using
computstional materials,

{uat In providing, generating, and/or aining 8 morphologicallv-adaptive coding
network, a fivst laver (e.g., one or more nodesy of nodes may be provided by assigning
hillocks to the nodes withowt any connections yet between nodes. The hillocks may
refer, for example, to possible values of the output signal for the node.

{081} In the view 218, the node 200 i3 shown with hillocks 220, The node 200 s
ithusteated in view 218 as havisg an input signal pattern (e.g., which may correspond
with tnput 202, inpot 204, and/or mput 206 of view 216} and an optioma! modulation
signal pattern 208 (e.g., which may cosrespond with modulstory mput 212 of view
216). In the example shown in Figure 2, hillocks are provided on the node 200 at values
of 230, 170, 123, 34, and 9. These values may comespond, for example, with vahues of
the output signat for the node - eg, Udl) The output signal may correspond with
spectral features of the input signal in some examples andéor My correspond with
stimulus to be provided 1o further cluld nodes in some examples. For example, the
values may refer 0 a waveket coefficient for g particolar frequency component. For
example, at a first level, the hillock value may be a wavelet coefficient for a loweast
frequency {e.g., DC average) component of an mput signal.

{082} Input apphed to the modulation input - . g, wodulatory mput 212 ~ may be used
to change a spectral response of inpwt fillers. For example, input signals may be
modified and/or combined, sach as by being filtered, prior to andéor during being used
by the node 200 to provide an outpat signal. The modulatory input 212 may be used o
alter the manipulations performed on the input signal(s). In some exgmples, no faput,
andfor a § or other predeternuined nput at the medulatory mput 212 may cause the
inpud signals to be decomposed inte low pass filter (LPF) and high pass filter (HPE)
gomponents, For exanple, g low threshold miay be used. and one filter may output
spectral componants of input signal(s) below the low threshold: A high tlweshold may
addittonally or instead be used, and one filter mayv output spectral components of mput

signal(s} above the high threshold. In some examples, the low and high thresholds may
be the same. In some examples, the low and high thresholds may be different. In some

examples, & signal may be apphied o modulstory input 212 to alter the nanipulations
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used on the inpuat signal(s). The modulation may be used, for example, when cognitive
encoding and decoding i used, such ay in move advanced operations. In some
examples, no input may be provided to the modulatory imput 212 when the node is
functioning  ay  feedforward regular coding or encoding. Geperslly, i a
morphologicallv-adaptive coding network, the frat laver of nodes may recetve inpots
from sensory systems or other streaming data sources, and accordingly may not have
input to the modulatory input 212, Nodes of subsequent lavers, however may wilizg a
variety of inputs to their modulatory inputs. Use of the moduelatory taput 212 may allow
a same input set of input data {e.g., signal patterns) 10 be mterpreted in different ways
based on the context and/or other trtena.

83} To begin development of a morphologicallv-adaptive coding network, any

number of nodes, such as node 200, may be provided as initial {e.p. fitst) nodes.
Hillocks and connection values {o g next node gt each laver of nodes generally may
represent set of featives {e.g., features that may be expected to be present in an nput
signal) During development, signals (.2, test signals) are applied io nodes of the mput
layer. Each sode may have o time constant. The time comstant of the node may
determine 2 tme over which the inpwt signal effects a panticolar outpnt signal
Cenerally, nodes in the same layer of the morphologivaliy-adaptive coding network
miay have different but relatively close time constants. When begimnping development of
a morphologically-adgptive coding network, the time constants of the nodes may
initially be equal andfor randomly assigned within a prespecified range for the same
layer level.

{084} Untrained networks miay not have connections between nodes, accordimgly,
inttialty @ number of nitial nodes may be present with an initial distribution of hillocks.
Then test data may be applied to the first laver of nodes 1o begin training, The network
will develop responsive 1o training such thai energy dissipation is reduced with respect
1o speciral component vanigtion of the gpplied signal patterns (e, symbols) within a
prababilistic distribution in different time frames. The network is developed to provide
convergence to equally probable feature decompusition at the ending nodes and this
may werease (e, maximire) the entropy of the mformation (H) as an indication of
optunal coding, Entropy of the mformation is expressed as a statistical expected value,

in terms of probalulity of symbods consisting of signals as follows:
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H{m} = — Y1, Plog, ¥,
Equation }

{885 Energy dissipation is evaluated al a node using a set of rules. When tnput data
(&g, & signal pattern} 15 decomposed into spectral components at a node, for example
wsing filters, s spectral distribution within the time constant of the node is boked to
the closest hillocks as features. Differences between the new feature value and the
existing valoes 1s considered to "heat up” the system. If the difference values become
over a threshold, the hillock may be wsed to form a conpection o a new node having a
smaller time constant. The smaaller tume constant may be smaller by any amount, such
as three-quarters, two-thirds, half, one-third, one~-quarter, or some other fractional or
absolufe amount.

{886} When the fnput data bas similar featares to an existing cluld node, the value
associated with the node anfor hillock may. be apdated in proportion with the
difference and the frequency of oceurrence of such signal patterns. In this manner,
some feature oscillations sround a child node’s existing value may vot cause a chapge
{e.p., addition of a new pode), purticularly if the volapility 18 homogeneously disteibuned
in time such that the value doss not atiain the threshold, or does pot attain the threshold
{for longer than a fhreshold amount of time

{087} In this mamner, formation of addional podes in a worphelogically-adaptive
coding network may be driven by differences in input signsks from the existing node
structure {e.g.. "heat™). Note that signals may not be represented only by their features,
bat their spectral or convolutional 1mpedance to the existing state of the setwork is also
considered, This s in contrast fo conwentiong! newrsl networks and may provide
vorrvergence of morphologival adaptation to certain predefined accuracy of the system,

{088} Figure 3 is a schematic illostration of a node amanged in accordance with
examples described herein. Figure 3 provides an example of signal processing which
may be performed by nodes of morphelogicallv-adaptive coding networks described
herein. The node 300 includes franung block 302, filter 304, filter 306, and enesgy

caleulation stage 308 Additional, fewer, and/or different components may be wsed
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other examples. The node 300 may be wsed to implement the node 200 of Figure 2 in
some examples.

{889} Figure 3 generally provides an examyple showing heat energy doiven {fi) value
adaplation and morphological comnection based on convolutional distances.

{090y Input data may be provided 1o Faming block 302 Toput data (e.g., nput signals)
ntay be framed by framing block 302 in two ways st initial nodes of networks described
herein - synchronous meode or asviechronous mode. Svachronnus faming may include
sequential captaring of q signal samples with over the time constant of the node.
Asynchrobous framing may start when any signal or its spectrally decomposed feature
is above g sensitivity value and asyachronous framing pray end by the framing stze of
the node. Asynchronous mode may be used especially in parallel processing systams
and synchronons freming may be wsed for basie demonstrations i computational
platforms. Either mode may be used in examples described herein and combinations
may e usad. Although the same signal may be framed by multiple nodes if their mputs
are conhected together, distribution of the energy of the signal will be proportional to
the spectral conductivities and the 1otal valoe may be novmalized to L

{91} The framed input data may be provided 1o flters, such as filter 304 and fileer
306 of Figure 3. Operation of the filters may be altersd by modulatory npuls as
deseribed herein. Absent a modulation nput andfor when the modulstory fnput s W or
other predetermined value, the filters may provide a low pass filter (e.g., filter 304} and
a high-pass filter (e.g., filter 306) to select low frequency speciral features, and high
frequency spectral features, respectively. The low pass filter portion may be used o
stintulate hillocks as descoribed herein. The high pass filter portron may be wsed lo
provide feedback to one or more parent nodes.

{092 After feature exiraction perfonmed by the filters, the filiered framed input data
may be optionally downsampled and provided to an energy caloulation stage 308, The
energy catculation stage 308 may sum differences in the speciral featwres from the
hillock value for each hillock of the node and may stimulate child nodes, designated as
Childy and Cluldy, for example, in Figore 3. In some examples, i may be the portion of
the fltered Framed input data From the high-pass filter that is provided to the energy

calculation stage 308, In some examples, the portion of the filtered framed input data
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from the low-pass {ilter may be wsed mternally in the coding network for deeper
decomposition.

893} Generally, the hillock may be associated with a heat value. The heat value may
ngcreass (e.g., "heat up®) vesponsive to differences between the inpwt signal specteal
components and the hillock valees. In some examples, the waloe may morease
propoestional to the squarg of the difference, snd it may be referred to as fx . as shown n
Figure 3. Heating time constant 3 13 predefined and it may relats to learning spesd. If
this value is passed over a predefined threshold then the hiliock may form a connection
to anext laver node having a smaller time constant.

{694} The hillock and/or existing cluld node heat value may be modified proportional
to the difference and adapiation time constants. Existing nearest nodes may pass the
rerpaining part of the signal {e.g., the difference signal) to thetr connected child nodes
in inverse proportionality to the feature distances as measured by heat and the feature
value.

{695} Wihile examples. have been desctibed of morphologivally-adaptive. coding
networks having layers of nodes that vary from largest to smallest time constant, in
some examples the opposite onder may be wsed {e.g.. smaller time Fame to larger time
frame spectral feature decompositions).

{096} As an example of a manver of calonlating heat values for a node, consider that

spectral impedance within an angular frequency ierval ool and f may be written as:

Z —
3""‘}‘“"2 o c[ﬁu‘{

Equation 2

{097} Ancther distance between the signal pattern s{U and the template function ¢t}

N

Equation 3
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{0981 where feature distances satisy the relationship
ETETE” TE
Equation 4
{099} While two filters are shown in Figuwre 3, in some examples, any of a vartety of

filters and filtening srrangementds may be used. For expmple, in some examples, high
pass and low pass filiers may be armanged to perform a classical discrete wavelet
transformation.  An example of an arrangement of high pass (HO) and low pass (GO}
filters arranged to perform a wavelet transform is shown in Figure 14 In the example
of Figure 14, consider an input signal Xind to be framed having % samiples. The input
signal Xin} may be applied to high pass fiier 1402 and downsampled. This may
provide difn} ncluding 4 data values. The input signal X{n] may be applied to low
pass filter 1404 and downsampled. The downsampled output of low pass fller 1404
may be applied to high pass filter 1410 and downsampled, which may provide an
outpat d2{n] including two (2} data values, The downsampled output of low pass filter
1404 mgy slso be applied to low pass filter 1406 and downsampled. The downsampled
outpit of low pass filter 1406 may be provided to highpass filer 1412 and
downsampled, providing an output d3{n] which nay include ong 1 data value. The
downsampled output of low pass filter 1406 way also be applied to low pass filter 1408
and downsampled, which provide output a3in] which may have 8 valoe equal o the
aversge of the & samples in the inpwt signal,  Accordingly, the mput signal may be
wansformed into diin], d2{n}. d3{n]. and a3{n}.

{0100} Figare 13 15 a schemane tlustration of nodes of a mworphologicallv-adaptive
coding network armanged in accordance  with exuamples described bherem.  The
morphologicalby-adaptive coding network includes an avangement of nodes which may
be developed using nodes performing diserele wavelet transforms, such as shown in
Figwre 14, Nodes may have altornative values depending on a conditional probability
of arrey members. For example, instead of four {4) down sampled members of difn}, a

prohabibity tree inchuding possible different values of di{n] sets nay be formed. For

-2
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example, i we g time frame size having fowr {4) samples is used, then a highest
frequency component may inclade four (4) values for cach data set. In this case second
level down samphing may be at the last level. So, as shown in Figare 15, the L2
coefficient may be the first lavel component represeniing average of for samples for a
specific signal. Dafferent frow conventional discrete wavelet techniques, depending on
possibitity of different averages, several cluldren may be provided representing
alternative L2s instead of one shown in Figure 15

{0101} In some examples, two alternative vales for the second level data {eg, aw
and aqz of Figure 15}, then two possibilities are provided. In such au example, ge and
aqz may represent highest frequency detatls. Bach of s and wor may include 2 sets
representing coefficients that may also merease signal variations, Accordingly, framed
signats may be classified with in the listed possibilities:

{0102} [Acii{@er, Bst10) aen L8

{0103} [aci(@ern, Seizad aon Li=82
{0104} [0 0 aup LI=83
{0105] IF applied 4 sigoal samples {(frame) has discrete wavelet coelficients that s

exactly one of the histed alternatives then a number as 1,2 or 3 can be used to represent
the data since it may facilitate inverse wavelet transform. In examples described hersin,
the existing children values may be used to adapt and develop the network through
conversion of randomly distributed hiltocks to new children depending on distance and
energy relations. This manner of network development may provide optimal coding of
the data within each petception o purpose oriented cortex as similar to intelligent
sysiems in mature. In this way, 8 resulting tree may be constructed so that the visiting
probability ol s legves converge o unmiform distribution and entropy of the network 1s
highest, Other entropy coding methods do not construct such a cortex reference bevond
the applied signal frame size. If we also consider possible vartations of auss, aa |
Set2t. 8122 then double smount of possibilities may anse for the given example. In
sonte examples, multiple frame sizes may be used and‘or cascaded vortices for higher
level of relationsl encoding references within the encoding network{s} so that possible
highest entropy can be increased in larger thme intervals with respect to limited

samphing frame st
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{0106} In some examples, the modulatary input from feedback lines or parallel other
cortex networks. As shown i Figure 3, a sienal s{) may be connected o speafic
cutput from another cortex. For example, s repefition rate of signal pattern leatures
represented by stimalstion of lsaves may provide a conlext type information with
respect to specific orders i thime or event based ovdering outside thwe scope. Tn such
examples, a signal (6 that represents a more complicated condition, learning object, or
comtext may be applied to ancther cortex through a morphologically-developed cirpust
that may be apphed to another node which s a member of other cortex so that its
energy can be conducted with less disstpation. The modulatory mput shown in Figaee 3
may be used for thus type of information, signal, or data fusion nodes. When the
modulatory mput 3(t) is applied then it may replace hugh pass and low pass standard
filtering hunctions shown i Figure 3. In such examples, pass band may also be a
pattern deternuned by s{t). In practice, a context together with imtial perception may
drive decision making in this way. If the decision is vorrect, then coincidence

o

probabifity of the ocohtext representation and the perceptual signal pattern
representation will be reduced. Otherwise it will be increased and so enevgy dissipation
will also be increased.

{8107} Accordingly, when output leaves of one cortex are partially comnected as an
input to another cortex, in fwion with a modulatory signal (0 from another cortex, a8 a
continuation. of morphological  development with vespect o minminwm  energy
dissipation rule, then, the repetition rate of signal pattern features, reprasented by the
stimulation of the leaves, may provide context type irformation with respect to specific
orders in fime, or sequence of specific events without the consideration of time.

0108} Figure 415 g schematic ilustration of an enerpy accunwulation function srranged
in gecordance with examples described herein. The energy accunulation finction 400
may be used to buplement the functions B, of the energy caloalation stage 308 of
Figure 3 m some examples,

{0109] In the example of Figure 4, Ad=d’, d is the feature distance, a is the hieating time
constant and 27 is the time shift operator for discrate systems.

{8110} In Figure 4, Ad may be the distance when g signal is passed through most

may refer to the time shift operator. When a new value arrives it returns the previous

27
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oue fo add (1-a} porlion to “a™ porfion of the nput value. So "3 in Figwre 4 may refer

to the percentage that determines heat up stiudation speed.
{011} Accordingly, referring back to Figure 2. reviewing view 218, cossider an

examnple where the node 200 is provided with input dots which results in an output
value {e.g., wavelet coefficient) of 45, The value 45 18 between the hillocks 34 and 123,
gocovdhngly, each of those hillocks will "heat up” and their associated beat valpe will
increase. The affective distance betwesn the hillock 34 and the stimulus 45 13 48 =
11, The effective distance between the stimulus 45 and the hullock 123 i3 123-45 = 78.
After a threshold amount of repetitive stimulation resulting in increased heat value, a
tew node will be fornted from the node 200 at g hillock 45,

etz Accordingly, disstmilarity between an input signal and a coding network may
be expressed-as convolutional distance (e, wavelel coefficlent difference) or spectral
component distance {e.g., FFTY i a given time sampling time frame.  This distance
may be converted nto an accuntdated valua, It the nearest connection of the node is a
fliock but not g ¢hild node, angd the hillovk has heated above'n threshold (e, has an
accunmulated value over the threshold) then it may be converted into a chuld node as a
conngetion that may have andfor develop its own subnetworks throngh further child
nodes.

0113} Generally, closest hillocks to the applied signal Feature may change therr value
depending on distance and repetition rate. I the distance s closer then possibility of
hillock to be aflected by the signal is higher. A hillock i3 converted into a child
connection when there s enough amount of stinndation causes increasing the “heat™
above a threshold. When converted wto a chuld conwection, generally no further child
connections will be formed from the same hillock. Dissipation and relnied adaptation
may continue downstream. When 3 hillock is converled wmio child conpection then
dizsipated snergy may be reduced. A similanity rate will generslly deternmne the
iransferrable energy, and the transferrable part of the energy may not raise a heat value,
Generally, two neighbormyg hillocks may not make a connection 1o a common child, but
they may be commondy affected by a signal. I two nodes bavea common input, then
their epergy consumption may be inverse proportions 1o thelr featore distances {e.g., as
in the vase of paratlel resisfive circuits). So if one of the nodes has a child with much

closer value to the tput signal then it may transfer more energy {analogous o current
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flow) then the other. I the energy transfor rate is higher than possibility of its non-child
connected ullocks 10 be converted into a ¢hild connection may be wereased due 1o
dissimilarity besides the energy transferring child connection.

{1 14] Hillocks may change their values easier than the active child connections
because thete may be no transferrable poart of the energy and dissipation may diive
adaptation. In the example of Figure 2, consider the situation sgain where 45 iz the
signals wavelet goefficiant for the lowest frequency {e.g, DC average of the framed
aignal samples since it is the fivst level coefficient). The closest hillocks are 34 and 123
if a sigoal pattern frame with 48 as Brst wavelet coefficient (a0} 15 repeatedly applied,
then the first hillock 2t 34 may converge the signal faster than the hillock a8t 123 as
neighboring lullocks. Meanwlule if this signal is continued to be applied with alt=43
then closest hillock value converge to 45 and since its temperature will raise fast due 1o
absence of transfereable part of the energy, #will be converted in 1o a child connection,
Generally, the more circuil goes deeper at o specific feature as a0, al, ... acdue to
higher frequancy, the more detailed fealures will represent the details so that equal
probability can be provided against the fugher frequency of the applied features. Since
the histogram of end feature distribution will equalize, entropy and compression
efficiency may be maximized while recovery of frequently used signal patterns wall
have igher precision.

{0115] Accordingly, the pode 200 of Figure 2 may evolve through tramning o the
morphologically-adaptive coding network 1600 of Figure 16, The coding network
1ottt may include the node 200, wihach, as deseribed herein, may have been stimulated
using an input signal providing g wavelet coefficient of 43 at the node 200
Accordingly, a child connection may be formed at the lnllock having 3 value 43, Inthe
example of Figure 16, a node 1602 in 3 first laver may be provided in parallel with the
node 200, The node 200 may form a child connection off the hillook at value 45 1o
node 1604, The node 1604 is shown having hillocks st 245, 165, 112, and 54,
Regponsive to stimulation, the node 160 may provide child connections at hillock
values 165 and 54, The node 1604 through the hillock associated with value 165 may
form g connection to node 1606, The node 1604 through the hillock associated with
value 54 may form a connection to node 1608, The nodes 1606 and 1608 may be

ending nodes and may have randomiy distributed hillocks,
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{0116} Figure 5 is a schematic illustration of a morphologically-adaptive coding
getwork arranged 1 accordance with examples described herein, The morphologically-
adaptive coding network 500 includes an initial node 502, A next layver of nodes after
the nitial node 502 includes node 54, node 506, node 508, snd node 510 For
example, each of node 504 - node 510 has 8 connection o initiad node 502, Generally,
gach of node 504 - node §10 may have been created from a nllock of tnitial node 502,
in the example of Figure $, the node 306 is 3 final node in a brauch - the node 506 has
no farthser connections to other nodes. Node 534, pode 508, and pode 510, however, go
on to have further lavers of nodes connected o them. Node 504 s part of buinch 512
Node 506 is part of branch 514. Node 508 is part of branch 516, Node 510 15 pant of
branch 518, Any munber of nodes may generally be micluded in gach branch. Branches
may have sub-branches, as shown in Figwe 3, such that sach branch may have multiple
final nodes. For example, the branch 312 includes fingl nodes L, L2, and L3 The
branch 514 mcludes final node 506, The hranch 316 mnclades final nodes LS, L6, and
{.7. The branch 318 includes fnal nodes LR, L9, 10, L1 L2, £13, and L4 Figure
§ is an example of a morphologicallv-adaptive coding network, Other examples may
generally have any structure, including sny number of stariing nodes, any number of
nodes m sach laver, any number of final nodes, and any number of branches and nodes
per braach.

{0117} The node 502 may be implemented, for example, using the node 200 of Figure
2 in some examples.

{0118} Note that the namber of nodes per branch {or sub-branch} may not be antform.
For example, there may be a vanable sumber of sodes bebween an mitial node and each
fingl node. Reviewing Figure 5, nofe there are three nodes between initial node 502 and
final node L1, There is only a single node in the path between node 502 and final node
L4, There are six nodes between the indtial node 302 and finad node L8, Aceordingly,
morphologicallyv-adaptive coding networks described herein may oot have oniform

hranch lengths. Rather, the nodes may be arranged such that a probability of arriving at

sach of the end nodes may be wniform and/or within a range of one another.
{0119} Accordingly, to begin development of a morpbologically-adaptive coding

network, an intial node may be provided. In some examples, multiple tutial nodes may
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b used Wy pavallel. Each node may bave muftiple billocks. A hillock refers (o 8 posaible
direction for formation of & next layer node.

0128} As the morphologically-adaptive coding network develops, probability of
visiting the ending leaves converges 1o an equat distribution, For example, referring to
the example of Figure 5, the probability of reaching node 1LY may be given as P{L1)
Mathematically, then, morphologicaly-adaptive coding network 500 is developed such
that POLIY = POL2Y = . = P(La) = Un for n end leaves of the morphologically-adaptive
coding network 500, Accordingly, given nending nodes, the probability of veaching the
node may be U Accordingly, even though nput data (e g, signal patterns) applied o
the morphologically-adaptive coding network 300 and their convolutional signal
features may have varving probabilitiss of occurrence, vonvergence of end node
probabiliies to U/n where n i3 the number of ending vodes may provide oplimal
encoding i terms of memory used and loss rate of signal encoded with the
morphologicaliv-adaptive coding network 300,

[8121) Generally, then Plagh. @ a3l ay) may represent o visiting of stimulation
probability of a node (e, lead) that 15 equal 1o others in the same level and &5 equal 1o
P ofas s x P (ol and Xooo P (8] @) . When equal thvesholds gre used for the hillock
adaptation and new connection {0 sub layers, then the network tree size may be
convergent if the stimulating events are from the sarve or similar physical epvivonment.

{122} Examples of morphologically-adaptive coding setworks described herein may
regulate the visiting frequency distribution at their set of ending nodes, Recall ending
nodes are stimulated so that if the intensity is higher than the others, they cause hillocks
in the region 1o be converted in to children connections. Heoce energy distribution may
be regulated. In this manner, vodes having a greater frequency of stunulation {e.g.,
visitation by spectral components of input data) are probabilistically expecied to have
more child nodes oreated thawother regions.

{0123] Although equal probabilistic frequency distnibution occws in the ending layers
of morphologically-adaptive coding networks described hersin, they can be extended to
a same level by adding yevo components {(e.2., nodes). In some examples, indexing may
be performed with respect 1o distribution of the ending leaves at different lavers. If 4
mivmm maturity threshold is apphied on an m-laver network, then index numbers can

be constructed hasarly. I modulatory inpuis are not used, then subnetworks may arise
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in a feedforward struchwe. Parenial connections may be used for wnification of nodes
when they come close 1o neighbors blow 3 threshold distance. When a data stream or
signal sequence is apphied to & trained network, visited index numbers sequence may
represent the encoded data and network connection structure i tenms of nodes and their
featres e g, hilocks andior children) represent the template data. The sane template
data can be used for encoding and decnding of sinular tvpe of data (music, speech,
tmage et b

{0124) When hillocks are vnandomly initiated and nodes are adapted and a
morphologicallyv-adapted  coding network 15 morphelogically  developed usimmg
minimum energy dissipation oritena and energy accwmnulation based on o distance rafe
with respect to convolutional un-matching rate {e.g.. convolutional impedance) or
spectral wn-matching {e.g.. spectral impedance) tate n given thue window, then the
visiting probability of the network’s ending nodes may converge fo usniform
distribupion although mput signal distribytion may have different probabilistic and
condittonal distribwtion characteristics. Hence heat oviented adaptation of nodes and
morphologically  developed  coding  setworks  may  provide  both  lughest
thermodynamically defined entropy as well as highest entropy of information. This
may yield morphologically-adaptive circnits that mav optimally sncode apphied signals.

{0125] When signals baving nowuntform and thme, event or space dependent
conditionsl probability are applied to morphologicallyadapted coding networks
deseribed hervein, disttibution of the output connections” visiling rates may converge o
a oniform probebility distmbution, where morphological adaptation and network
cirguitry developmient are direcied with respect to mimanun heat energy depending on
convolutional distance or spectral distance in given mode time windows. Hence, the
optimal encoding cortex type network provides the highest eniropy.

{126} Accordingly, the heat oriented adaptation of nodes and morphologically
developed civcutis may provide both the highest thermodynamically defined entropy
and the highest entropy of information, thereby vielding morphologically adaptive
cirewtt optimally encoding the applied signals 1 a cortex systemy. For example, the
optimal encoding cortex type network may provide the highest entropy.

{0127} Note that singe biomimetic codecs described bergin may wtilize pre-trained

morphotogically-adaptive coding networks, noisy or lossy signal patterns may be

Bl
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corrected with respect to learned possible patierns constraction maps. Heunce noisy of
fossy signals may be recovered during encoding of the data.

{0128] Construction of morphologicallv-adapted coding networks based on common
relational fegtures of short term memory within a sensory time windows may include
medin e memory as abstracts, and thie independent, sequence-dependent, or
ordered, relationships as context. In some exgmples, an original set of external signals
or physical input that are longer than the inpat sensitivity time window may provide
probabilistic networking that homogenizes a spatial distribution of temperature in the
processing cortex (g, disteibuting the heat equally over the whele cortex). In this
manner, morphological development and adaptation of coding nebworks may provide
maxinuan entropy encoding of nput i tme and space with respect o probabibistic
distribution of interacting ambiant physical objects or applied signals. The bionumetic
encoder wiilizing cortex{es) can provide mininwm bandwidih communication and
nunimum total memory for largs quantity of data or information when the connectomes
are svachromized among multiple processing units.

{0129} Accordingly, bromimetic encoders andfor morphologically-adaptive coding
networks described herein includivg vottex{es) can provide munimuan bandwidih
conunupication and minimum tolal memory for large quantity of data or information
when the conpectomes are synchronized among muultiple processing wmts,

{01341 In some examples, entropy suaximization of signal processing by having
reference lo conducting nodes within the morphologically-adaptive coding network
may also provide inpel signal related external object or ofigin of the signal refated
classtfications since the internal circuit ways distribution of the miormation flow for
apphed siganl sequences represents the decomposed features of the mformation or
physical objgots that constitutes those mpwt signal sequences. Accordingly, entropy
may be maximized during signal processing using examples described herain,

{0131 Accordingly, examples of biomimetic codecs deseribed herein may apply input
signials (0 ong o more mawphologically-adaptive coding networks, When o signal is
apphied fo a petwork described herein, one or more nodes in the inpat layer may frame
the signal {e.g. using framing block 302 of Figure 3). Framing may be associated with
equivalent cell size of the tnput laver nodes snd may determing the sensitivity range to

variation the inpul signal. For example, if there 13 one imput signal and one input node

*
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then with respect to fime constant of the node, 4, 8, 16, 32 or 64 sample values of the
wpot signal may be framed. In an example where the frame stee 1 4 then &
mathematical distance of 4 sampling value stream may be calenlated sither with respect
to convolutional matching fate of the mput node and its children values (subnodes) or
spectral dhstribution matching vate &y an snalogy 0 ofvenit impedance. In some
gxamples, a wavelet ransform may be used. In the example of 4 sampling values, 4
samplings may vield 4 wavelet coefficients, which may be expressed ag a0, al, a2, a3,
{0132} Nodes may also have childran (8.g., connscted nodes at g next laver) which may
keep the values as ab® al’, a2, %" For example, there may be one'ad that s the first
wavelet coefficient of the framed signal but there may be multiple al’ s represented by
chifdren of the first node. In an example, the signal’s wavelel transformation is {a0 al
a2 adf={3, ~1, 2, 51 and the closest 4 step route through the network may beis {3, &, 2,

41 then the inverse wavelel transform of 13, 6, 2, 4] 15 a time domain signal and its

that roay be referred to as “heat” that may prompt adapiation of the morphelogically-
adaptive coding network.

0133 In another example, i the leaf number=3-—-0-—2-+4 15 100 then the frame may
be coded as 100, Muliipls leaves can also be stimulated with respect to ther matching
rate if similarity fo 8 leal index is not donupant. For example il &t 1s matching more

than 95% (or some other theesholdd 1o a particalar leall g, leaf 100, then the frame

may be represented by feaf 100. On the other hand if 60% of the framed information
flows {sumilarity} through leaf 190 and 35% Hows through leal 150 then weights may
be used associated with 0.6 of leal 100 and Q.35 of leal 1530 as 95% representation of
the origingl signal,

{6134 Framed signal sequences may then be converted to leal number sequences. If
thi frame size 18 32 samples and the neavest 93% representing leal nunber is 8 32y
integer number then 16bis of 32 saraphings can be represented by 32biis single integer
number, for example, Hence 16 x 32 /32=16 times of comprassion becones possible
with 5% loss rate. On the other hand as long as sinuifar songs sre played during
training, a cortex may be developed so that the similarity rate will be increased above
25%. Meanwhile, even though repetition mie of a series of mput signal may not be

caught by the tme-window frame therz are three additional options for caiching the
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refations and recording the input signal patterns with minipnan variable wnformation in
some examples. The first is there may be mulbple inpast connections wath different tme
frames, For example 16 and 32 sample size windows can be sharing the same signal
They share energy of the signal with respect highest equivalent similarity rate i their
preceding networks. Hence #f this shmlarity of the represented signal and the wput
stgnal 15 converied info heat then representing leal numbers also cause nHnimum
snergy dissipating network transitions.  As a sgoond kind of action, adaptation of
sxigting children of the nodes with respect to use rate of the same circuit of the network
may reduce the error as well as it may conse new branches in training mode. An
exgmmple sequence of leaf mumbers as 100, 150, 100, 323, 438, 44... etc can be applied
to another network called an abstract petwork. The shstract network my accept
variations of leal pambers where each of them vepresents 3 framped sigpal. IF the
abstract network represents B0% of the original sigaal with another 4x compression in
addition to 16x compression performance in the given example then total compressinn
rate becomes 64%. Although the errof rale of the represented Signal may be 4 times fn
mereased (5% 1o 20%) since 80% of the signal paticns encoded 1764 of the onginal,
the remaining part can be re-encoded by the same type of snother network as ervor
reCovery.

{0138] In some examples, when the network parameters are adjusted so that the quality
of andio signal recovery is same as MP3 {eg. ID6kbps), an index file of leaves as
compressed record may have a much shonter file size, Typically the saving rate with
respect {0 conventioual muoltimedia data compression methods iy 35% = 70%
depending on the coding network development rate {e.g., cortex size). It should be
considered that morphologically-adaptive coding networks described herein may be
yepreseniad as a conunon file including cortices. If the amount of mullimedia files are
in HKis level then apphication of metheds described herein may not only greatly save
overall memory, but also # may reduce rest time commumication bandwidth in wransfer
of the files as broadeast, mulficast, two way isoclwonous communication of downloads.
Moreover, if the compression rate s reduced down around to conventional MP3 (eg,
196kbps) then the encode-decode sigual recovery perfonmance using methods

described herein can catch near O quality playvback performance.
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{0136} Figare & i3 a schematic Hlustration of o systeny arranged i accordanve with
examples desoribed herein. The system 601 includes input data 602, biomimetic codec
604, morpholopicatly-adaptive coding network 606, compressed data 608, recovered
data 610, differential data 612, and revoversd lossless data 614, Additional, fewer,
andéor different components may be used in other examples. The system 100 of Figure
1 may beused to implement the systen 600 of Figure 6 in some examples.

{0137} In the example of Figure 6, a blomimatic codec 604 may receive input data 602,
The tnput data 602 may be, for sxample, a sound track, such as a owav file. Other types
of mput data andfor Hle formats may be used as input data 602 in other examples,

[0138] The biomumetic codec 604 may encode the input data 602 using
morphologicaiv-adaptive coding network 606 3s described herein. In some examples,
the morphologically-adaptive coding network 606 may be particular io the tvpe of input
data 602 and/or environment Trom which input data 602 was oblained.

{0139} Encoding the input data 602 using morphologically-adaptive coding network
6806 mwiay result m compressed data 608, For example, the compressed data 608 may
wchide an index of final podes of the morphologically-adaptive coding network 606
vistied by the put data 602 when the input dats 602 was gpplied o the
morphologicalby-adaptive coding network 606 by the biomimetic codec 604,
Accordingly, the compressed data 608 may corvespond with the input datg 602, bt
may be smaller mw size thaw the nput data 602, The compressed data 608 may be stored
{e.p., I memory andior other electronic storage). The compressed data 608 may
represent features of the biomimetic codec 162 encoded with respet o
morphologicallv-adaptive coding network 606 {e.g., a template). The compressed data
608 may include an index of visited leaves of the last layer of the worphologicaliy-
adaptive coding network 606, and the compressed data 608 may be refermred 1o as a bic
format.

{01140] The bionumetic codec 604 may decode the compressed data 608 using the
morphologicaliv-adaptive coding network 606, Decoding the compressed data 608 may
vesult in recovered data 610, The recovered data 610 may be lossy compared with inpat
data 602, For example, the recovered data 610 may be an approximation of tnput dats
602, In some examples, the recoverad data 610 may, for example, be of sinilar quatity

{e.g., loss lavel) as an npd file
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{0141} In some examples. the biomimstic coder 604 may additional prowvide
differential data 612 pertaining to ¢ difference between mpat data 602 and recovered
data 610, The differential data 612 may, for example, be generated during encoding and
stored. For example, the differential datg 612 may be stored with the compressed data
GOR 1 some examples. By combining the differential data 612 and the compressed dats
GOR, recovered lossless data 614 may be obtained. This may allow for lossless playback
of input data (8., andio files),

{0142} The morphologicaliv-adaptive coding network 606 may be generated as
deseribed  berewn, obilizing  an energy winimization / eotfopy  maxinization
methodology to provide a convergent morphologically-adaptive coding network 606
where ending nodes have quervable properties. Such a morphologicalbv-adaptive
coding natwork 606 may allow for fusion between different types of signal pattems as a
coramon feature of new learming objects. For example, a sound of g stick hit on a drum
and its image propurtiss may be expected {o be recetved smmultaneousiy, and the

refationship  between the audioc and bhage properfies may be unlized in

morphologicallv-adaptive coding network 606,
0143} Accordingly, different from conventional signal and data coding systems,

morphologically developed coding networks described herein may not ouly facilitate
maxinuan entropy encoding bt also way provide quervable information through
additronal encoding of visited branches or leaves by the sanie type of cascaded cortex
or conventional classification methods such a3 neural networks and logistic regression.
The analvtic functions for additionsl decision or additional encoding via other types of
input and cortices hay pot require decoding into raw signal or data form.

0144 While a single morphologically-adaptive coding network 606 is shown I
Figure 6, multiple morphologicallv-adaptive coding networks may be used snd may be
caseaded {e.g.. conpsected in series and/or paraliel). When variation ending nodes from
one morphologicallv-adaptive coding network are applied to g next morphologically-
adaptive coding network, then cognitive sensing time may be enlarged. For example, if
a sound frack s sampled al 20kHz {e.g., with a sampling pertod if 30us), if the inpat
layer time frame is 500us, then there mav be {Osamples i each frame and the
subnetwork may have 10 layers for typical decomposition. When another group of

nodes are cascaded and visited hillock indices of the last layer arg converted into
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another signal pattern and applied to the next network, then time frame expands while
keeping the high Fequency details in the first group. Henece encoding and decoding
time may increase in an alternative way by increasing the tme interval instead of
sequencing the framex. For example, $6us, 5300us, Sms, 50ms, S0ims, 35, 50, 230
may be reached in x 10 expansions of B cascaded coding networks.

{0145] A learning object may generally include a repetitive set of common features.
Although the leaming obiects’ relevant signal patterns may have different probability of
occurrences, their features stimulating the sensory inputs may be decomposed into
equally probable components in morphologically-adaptive coding networks described
Herein. The voding network may be convergent so that the encoded fonmn of the data
includes an equally probable sub-features set. Examples of hiopumestic codecs
described hersin may encode mult~-dimensional signal patiern features i ap object
oriented manner, which may incresse the compression efficiency, When a new pattern

applied, it may be connected to the closest existing festures related part of the coding

netwaork.
{0146} Accordingly, 1 some examples, by shaving the wost updated trained cortex

embedding that information mio devices, rapid mitiation of wngrained systems for high
performance encode and decode operations may be achieved.

{0147} Figure 7 is a schematic illustration of morphologically-adaptive coding
natworks amranged in accordance with examples described herein. Figure 7 illustrates
coding networks which may be frained for g vartety of signal patterns 702. The signal
patterns 702 mclude a wrangle wave 710, sine wave 712, tuncated square wave 714,
and square wave 716, Addibional, fewer, andfor dilferent signal patierns miay be used in
other examples, The morphologically-adaptive coding networks shown in Fligare 7 may
be wsed 10 unplement any of the morphologically-adaptive coding networks described
herein.

{0148} The network 704 1s a morphologicallv-adaptive coding network Hustrated afer
being trained by 3 sine wave 712 after training with a square wave 716 and triangle
wave THE Traning by the squave wave 716 may resalt 1n a branch of the nebwork 704,
tHustrted as a bottom branch in Figure 7. Trabmng by the tnangle wave 710 may result

-y

in a branch of the network 704, illusirated as 3 middle wanch in Figure 7. Subsequent
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tratning with the sine wave 712 may result in another branch of the petwork 704,
tustrated as an upper branch in Figare 7.

[0149] The network 706 is the network 704 alter further training using a truncated
square wave 714, When the truncated square wave 714 i3 appliad to the network 704,
its features may begin to be decomposed similar to the square wave 716, and then a
sub~branch may be formed from the branch associated with the square wave 716, In
this manner, the development of morphologically-adaptive coding networks described
herem may be influenced by previous training. New signal patterns may be represented
in ihe morphologically-adaptive coding velwork wsing sub-branches of previous,
simntlar branches,

[o180] Generally, if vistted leaves of a branch berome closer below a certain finut in
time during training, they w some examypdes, the ancestor connection can be wiified and
this may reduce the complexity of the morphologically-adaptive coding network,

{0151} In soane examples, irainimy the coding networks with a particular kind of data
{e.n.. sudio or video) may reduce s development speed in larger amoing of sterations
and with different type of content 50 It is convergent in tevms of template size. The
trained template can be shared and used for encoding and decoding the content with an
mereased amow of mlavional common features and 30 an mcreased compression
efficiency within predefined lateney.

{0152} When g fixed and pretraived morphologicalliv-adaptive coding network {e.g.,
template) is used, different laver of details may be tansferred and processed with
respect o network, processor {eg, CPRU) and the memory availability. Therefore,
deeper lavers mny be used when network bandwidih s satisfaciory, ot longer abstracts
may be used when memory 15 satisfactory. Since the same template may be used in
different ways, dynamicaily balancing the resources in sccordance with a predefined
management policy 1s possible.

{0183] fn some examples, cross correlation between different tvpes of encoded data
may be used. In this manner, some repefitively intersecting features i different types of
input data ~e.g., a sound track and one or more video images ~ cguses mterconnection
between nput groups at different frequency fntervals. For example, a sound of a drum

svachronized with the hitting sticks on the fmage may be coupled in abstract layers.

lod
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This may both increase coding performance and provide queriable relationships
between the stick hit tempo and the dram in some examples,

RS Training during encoding may be used in some examples. Accordingly,
encoding and decoding of compressed data described heretn over pratrained temiplates

may have Oxed latency for a same amount of bardware availabnlity. In this manner

opundzing the quality of the content over different networks having variable
comection bandwidths become manageabla.

[01AS] In soine sxamples, the adaptive bandwidih conswmption, based on avatlability
of physical bandwidth, may be a deswrable property. Smee the pra‘t}abi_ﬁsti_@ properties
of signals mayv be hierarchically structured i lavers within morphologically adapted
and developed coding netyvorks, getting the information from g shallow level sull may
maintain rough features, and this causes only loss while the more detailed features ave
kept in deeper levels. Cortex networks may encode and decode signal paiterns
representing the multimedia data asimyg lesy details when network bandwidih is reduced
due to traffic or physical restrictions.

{8156} Accordingly, 1w some  examples, encoding andior decoding mav  be
wninterrapted in isochronous communication networks but quality may be optinized
with respect o varying comprumcation bandwidih avalability.

{0157} In some examples, 4 same morphologically-adaptive coding network may be
used st different depths depending on processing power, memory andior energy
resirictions of the hardware used i implement the coding. For example, refernmng back
to Flguwre 1, i a resowrce consframed environment, the biomametic codec 102 may
utilize only a porton of the worphologicallv-adaptive coding network 104, For
example, if available processing power is below a threshold, if memory is below g
threshold, andfor if a power budget for the biomimetic codec 102 is below a threshold,
the biomimetic codec 102 may willize less than all of the morphologicallv-adaptive
poding network 104 to encode hiomimetic codec 102, Accordingly, 1o some examples a
same morphologicaliv-adaptive coding network 104 may be distibuted o multiple
devices which may utilize the wmorphologicallv-adaptive coding network 104
differently. When the blomumetic codec 102 18 opersting on 8 high performance

computing system, it may withize 8 greater amount of morphologically-adapiive coding
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aelwork 104 than when the blonnmetic codec 12 iy operating onw a wohile device, for

example.
[ois8] After encoding wsing morphologically-adaptive coding networks  described

herein, recover of the input data {andior an approximation of the mpwt data) may be
performed. Generally, decoding may ocour in 8 vanety of ways. In some examples,
hack conversion niay be used, and the data may be decoded using the morphologically-
adaptive coding network which had besn used to encode the data, but using the
morphologicallv-adaptive  coding  wetwork i a reverse direction (wg, by
mathematically inversing the operations of the morphologicallv-adaptive coding
network).

{0189} In some examples, forward mmucking mav be used. Forward minucking may
inclode iraining of a playback, movemeni, actuation andior a vispalizalion system so
that the input data or signal patterns can be equalized.

{0160} Figure 8 15 a schematic illustration of a system arranged in accordance with
examples deseribed herem. The example of Figwwe 8 illustrates and example where
wpat date representative of sound is encoded and recovered through a forward
mimicking provess. The system 800 inchudes nwiliple coding networks -~ coding
network 802, coding network 804, coding network 806, and coding network S08,
nucrophone 81, modulator 812, modulator 814, and speaker 816, The coding nebworks
of Figmre § may be morphologically-adapiive coding networks gs described heremn,
While four coding networks are shown in Figore &, any number may be used in other
examples. The coding networks may be misrconvected with one another (eg.,
cascaded).

0161} Input data may be provided from one or wmore sensors. For example,
microphone B0 may be used to provide input data representative of andic inftwmation.
Other sensors may be used I other examples, and any number may be wsed. In some
examples, sensors may not be present, and input dita may be retrieved from electronic
storage (2.8, memoryl.

{8162} An input modulator 812 may be provided to modolate inpatl data {e.g., inpud
signals). Geperally, any type of modulation andior other signal conditioning may be
used, mcluding, bt not limited to, pulse-width modulgtion, amplification, andior

analog-to-digital conversion.
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{0183} The modulated input dala may be provided fo the combination of coding
networks, including coding network 802, coding network 804, coding network 806, and
coding network 808, In the example of Figure &, the coding network 802, coding
network 804, coding network 8046, and coding networks 808 are coupled using a cross-
link area which may provide cutputs of one or wore of the coding networks as inpats o
one or morg others of the coding networks. One or more blominetic codecs may
utilize the combination of voding networks to encode the modulated mput data.

{0164} After encoding, the encoded data may be provided fo an output modulator &14.
Generally, any type of moduelation andior other signal condiioning may be uosed,
inchuding but not imited to, pulse-width demodulation, swplification, sndfor digital-io-
analog conversion. In soms examples, the output modulator 314 may provide generally
mverse functions to modulation pertormed by the input modulator 812

{1168] The modulator 814 may provide output signals to one or more actuators, such as
speaker 816, Other actuators may be used in other examples, including, byt not limited
o, one or more displays anddor tactile acluators.

{8166} The output of the actustors may be fed-forward 0 the sensors and used o framn
the coding networks such that the output and nput of the systern 800 may be equalized.

{8167} Acvordingly, duwring operation, signals niay be provided from the microphone
810 and may be encoded using biomimetic codecs and encoding techniques deseribed
herein. The encoded data may be recovered through the feediorward speaker driving
ngtwork shown in Figure 8. The voding networks of Figurg & mav be trained to
equalize the inputs and outputs of the system shown in Figure 8. The coding networks
may be switched between g training {e.g., equalization) and playback modes. Onge the
coding networks had been trained to equalize the input and cutput of the system 800,
the coding networks may be used in a plavback mode to playback subsequent tnput
received.

{01168] Back conversion may generally be used for decoding in computational
platforms having digital playback ahilities. Feedivrward mimicking nmay gensrally be
used when there is specific device or instroment. eg. a syuthetic throat andior a
musical nstnoment.

[0169] Figure 9 is a schematic illustration of ¢ system seranged in sccordance with

examples described herein. The system %00 includes use of multiple biomimetic codecs
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deseribed herein, each of which may use morphologically-adaptive coding networks
deseribed herem. The blomimetic codecs ave referred 10 as "cortexes™ in the example of
Figure 8. By arranging multiple contices, brain-hike computing may be achieved.

G170} in some examples, as input data is applied 10 2 morphologicaliv-adapted coding
network, the inpat data may visit certain leaves in the network, or i leaves of a
cascaded network. Visttation of certain leaves may stinulate another cortex {vg..
another networky i an event Iripgered mode!l in some examples instead of or in
addition to the use of time window sensHivity, Accordingly, correlation of the
repetition rate of some signal pattern {eatures or absivact sigoal patiern features may
facilitate construction of a context corfex. In somie examples, g context CONSx may
provide signal outputls that may be out of a perceptual time window of abstract and
sensory comices. In this wmaenner, a higher level of enfropy moay be provided
compression aud other cognitive functions,

{8171} In some examnples, g fusion-type biomimetic encoder may be used. The fusion-
tvpe blomvimetic encodes may convolve tnput signal patterns, abstracted signals and the
context cortex oufpuis to provide encoding to keep wformation and decisions for
minimum energy dissipation,

{173 In some gxamples, an uwerse transforn: of the signals: starting from last leaf in
gn ghsiracted bionumetic codec system ov index of digitally recorded leal sequences of
sensory coriex may facilitate recovery of the original signal. Tn some examples, the loss
level can be reduced 1o a desired level by previpusly coding the ervor as the difference
between the otiginal signal and the recovered signal.

{0173} In some examples, a biomimetic codee system may be provided which may be
referred 10 as 8 motor cortex. The molor conex may include 3 worphologicaliy-
adaptive coding network which may be coupled between aun actuator and a fusien
cortex. The motor cortex may in some examples equalize plavback of patterns driven
though the actuntor and feedback from sensory mputs. Accordingly, this may provide
sniother mechanisny of signal decoding. In some examples, the motor cortex may be
pre-trained before real Hme encoding and playback performance of signals from the
same physical environment. In this manner, a braw-inspired wmethod of memory

playback becomes possible such as playback through an inductive spesker, piezo

bt
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speaker or & synthetic throat mechamsm with respect to signals encoded from
capacitive microphone or a synthietic ear,

{0174} In examples using multiple cortices, combinational change of the vortices may
provide input © an additional cortex (2., a fusion cortex) for additional relational
encoding. I this manner, the relationship between different cortices self may become
goutext that may be used o raise entropy o improve coding and/or provide a higher
compression rate in some examples.

[0175) In some examples, typical sensory taputs such as mdie from song. ambient
noise, voice, and/or other source, may cause construction of a momphologically-
adaptive coding network that may converge to statistical histogram functions. Initiation
of the sensory system with respect to those functional representations may in some
examples speed up the iraining provess and in some examples it can even be wsed for
reducing the memory in computational platforms or space complexity of embedded
tinplementations,

{8176} A variety of types of encoding may be performed using encoding technigues
deseribed herein. The types may be cascaded {eg, coupled) tngether to provide
encoding that utihizes multiple technigues,

{08177} In some examyples, sensor perception coding may be parformed. Convolutional
features may be encoded spoace or tme {e.g. temporal for audio, spatial for bmage,
spatio temporal for video). Energy dissipation may be used a8 a penalty function for
nunimization during reinforcement lsarning to form a morphologicalbv-adaptive coding
aetwork. Adaptive histogram coding miay be an aliernative (o encoding layer. A goal of
this laver may be optimal encoding of sensory signals with respect o signal-to-noise
ratio {SNR) referred probabilistic rate of patterns. The input tirue interval used may be
a sensory thoe frame such as 10Hz=1{ins i some examples to 1Q.000H~=0.1ms
some examples. Other time frames and/or ranges may also be vsed.

{1178] Accordingly, the space complexity in somie exdmiples can be reduced n
sonlation of morphologically  adapted  coding networks m digital  computer
computational platforns resulting in lesy memory used for encode and decode in real
tinte computational process in devices that have restricted resources as the mobile

devices.
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{0179} Ivsome examples, abstract sncoding may be performed. Abstract encoding may
be based on energy dissipation of convelution feanwes apphed Fom an ouatput of the
sensory perception coding layer: The output may be correlated to a time frame which is
1010 100 umes the time frame of the sensory perception encoding layer. For example,
THz=1s 1o O He=108 10 some examples. Accordingly, the abstract encoding faver may
be gssociated with short term niemory {g.2., using a time constant of 1 to 10 seconds).

{0180} In some examples, conigxt sncoding may be performed. Contexi encoding may
be based on energy dissipation of vonvoelution features applied from an output of the
semsory percephion codng layer. A different morphologically-adaptive coding network
may be used o perform context encoding than used (o perfornt abstract encodimg, The
output of the context encodmg may be correlaied with a sequential relationship of
evenly as a combisational function of sensory npuls. Accordingly, the context
encoding layer may be associted with long term memory.

{9181} In some examples, a fusion cortex may be used. The fusion cortex may combine
gutpuiz of the sensory perceplion encoding, abstract encoding, context encoding, and
feedback in sowe examples. Output may chade 2 set of maltidimensional wavelat
coefficients.

{0182} in some exanples, a motor cortex may be used 1o provide action. A decision,
e.g., made by the fusion cortex, may be converied into a physical activation {e.g.,
speaker output, visual output, aeditory cutput, tactile omput), The physical activaton
may be associated with the previous input data.

{0183} Accordingly, rainforcement leaming vie nunimuam dissipated energy divected
adaptation and morphological structuring of nodes In accordance with examples
described herein may yield maximum eniropy encoding of probabalistically distributed
imput signal patierns:

f8184] Generally, the shorl term space complexity of a provessing system may be
nuntmized in accordance with examples described herein while longer tevm cognitive
functions are snabled,

{8185] Accordingly, cortices may be provided which may mchude morphelogically-
adaptive coding networks desortbed herein, which may be adapled with respect to
minimum energy dissipation, depending on distance of convolutional festures or

spectral featuwrss n different thne frames. The cortices may in some sxamples not only
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provide maximom entropy for information coding bul they also enable recovery,
regeneration and decision making. When similar types of corfices are used to coustract
a network as shown in Figure 9, while esch of the cortex proups may satisfy a
minimgn dissipated ensrgy winciple, minimizing overall heat of the sysiem may be
occar by making decisions i interaction with the physical world. Sensory cortices such
as an audiiory cortex may optimally encode the stenal or sequence of dats. An abstract
layer cortices may encode a class in larger time windows. Condaxt corfices mav encode
the abstracts and output of the sensory cortex as sequences of events I 4 way that is
more independent from time, So conditional probabnlity of series of somie events may
be recognized as Context. Different types of sensory signal abstracts may provide a
multidimensional perceplion. Perception abstract, specific sensory cortex oulput
together with the context may be used for extracting decistons that alse minimive
probability of receiving the sensory inputs that incregses the heat energy as dissipation.
Modulatory type encoders may be used for signal or data fusing wm order fo nieke
decisions. Three {ypes of ocuiputs may be provided from premwlor cortex where
decisions are wnde. The first group may stmalate a privasry cortex. The primary cortex
may encode the information gs sort of replication with respect to similanity of the
actions from the own sensory networks, The primary contex may be trained fhuough
simple replications as driving the speech cortex wntdl the same type of sound related
encoded nformation from sensory and abstvact cortices gre received. Outputs of the
primary cortex arg linked to relevamt drtvers for different physical actuations such as
speach covtex. The speech coftex may convert signaly from the primary cortex info
vibrations that doves an electronic spesker ot a synthetic throat so that the decided
action relevant voice can be sounded and equalized in fusion layer. A second group of
decisions may include a virtual context nund or awareness. For example, if vou think of
a nurber in short term to make another calculation on that or if you consider whers
vou are so that you can make the decision for next turn, these are anglogous 1o sorts of
swareness or mind as o part of decision. Another feadback line from the decision cortex
is perceptual stinwglation, For exanple, vou may not only mind a thought but virtual
perception 1s also possible. For example when someone imagines 2 song i mind, it can

be as close as it is real but he cannot generate that song thorough moetor cortex layers.
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{0186} The connectome system consisting of biomimetic coding cortices, that makes
detisions by fusing context and the perceptions, not only nunimizes energy dissipation
of each unit in terms of heat, but it also globally reduces the dissipation of the whole
connectome that corresponds to the best way of actions in gocordance with the physical
response of the existing real peripheral wordd, This svstems optimally encodes and
processes the information.

{0187] Retnforcement learning via nunimum dissipated snergy direciad adapiation and
morphological structuring of nodes may yvield maximum entropy encoding of
probabilistically distributed 1oput signal pattern. The short texm space complexity of'a
processing system may be minmmized while longer term copnitive functions are
enatded.

[3188] Network constractions based on common velationad features of short lerm
memory within sensory time windows may mclude mediom tenm memory as abstracts,
and time independent, sequence-dependent, or ordeved, relationships as coutext,
Therefore, original set of external signals or physical Jnpat that are longer thon the

wpat sensitivity time window  enables probabibistic networking that homogentzes

equally over the whole cortex). This manner of morphological development and
adaptation of signal processing network may provide maximum entropy encoding of
input in thine and space with respect to probabilistic distribution of interacting awnbient
physical objects or apphied signals. The networks of the svstem including cortex{es) tan
provide minmmuen bandwidth copwnthication and minimuen folal memory for large
guaniity of data or infomvaton when the cosnectomes ave synchronized among
multiple processing units.

[G189] Figure 10 is a block diagram of an example computing network arranged in
aceordance with examples described hevein. In the sxample computing network 1000
of Figure 10, servers 1008 gnd 1012 are configwred to communicate, via a network
MO, with clieut devices 1002, 1004, and 1006. As shown in Figure 10, client devices
can inclade a personal computer 1002, a laptop computer 1004, and a smart-phone
1006, More generally, the client devices {or any additional client devices) can be any
sent of computing device, such as a workstation, network tenmingl, desktop computer,

Iaptop computer, wireless communivation device (g, a cell phone or smart plore),
N . £ ¥ P
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and so op. Some or all of chient devices can be a source or vecipient of dats encoded
with a biomdmetic codes as disclosed bereln as well ay the device. in which sucl a
biomintetic codec is implemented or implemented in pant. The setwork 1010 can
correspond to @ loval area network, a wide ares network, a corporate intranet, the puldic
Internet, combinations thereof, or any other type of network(s) configured to provide
comamunication between networked computing devices. In some smbodiments, part or
all of the communication between networked computing devices can be secured.

{0190] Servers 1008 and 1012 can share comtent andior provide content to client
devices 1002, 1M, 1006, As shown in Figure 10, servers 1008 and 1012 are not
phvsicatly at the same location, Alternatively, servers 1008 and 1012 can be co~locited,
andéor can be accessible via a network separate from neiwonk 1010, Ahthough Figure
10 shows three client devices and two servers, nebwork 1010 can service more or fewer
than three cHent devices andor more or fower than twoe servers, o some smbodiments,
servers HHIK, 1012 can perform sonte or all of the herein-described mathods.

f819%] Figure 11 15 a bloek diagram of an example computing device amrangsd in
accordance with examples deseribed herein. The computing device 1102 wncludes user
interface module 1104, network-commumicstion interface wmodude 1108 one or more
processors 1116, and data storage 1118

0192} Compueting device 1102 shown n Figure 11 can be configured to perform one
or more functions of g system, biomumetic codec, client devices 1002, 1004, 1006,
natwork 1010, andior servers 1808, 1012 of Figure 19, Computing device 112 may
include -a usér mderface module 1HM, a nelwork-communication inderface module
1108, one or more processors 1116, and data storage 1118, all of which may be hinked
topether via a system bus, network, or other connection mechanism 1114,

6193} Computing device 1102 can be a deskiop computer, laptop or notebook
computar; personal data assistant {PDA), mobile phone, video game console, embedded
processor, touchless-enabled device, or any similar device that s equipped with af least
one processing unit capable of executing machine-language instructions that implement
al teast part of the herein-described technigues and methods.

{0194} User inferface 1104 can receive nput and/or provide output, perhaps to a user.
User interface 1104 can be configured to send andior recetve data to andfor from user

input from input device(s), such as a kevboard, a kevpad, a touch screen, a compuiar
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mouse, a track ball, a joystick, camera, andfor other similar devices configured to
receive inpul from a user of the computing device 1102, In some embodiments, nput
devices can include gesture-related devices, such g video input device, a wotion input
device, ume-ol-flight sensor, RGB camera, or other 3D input device, User interface
1104 can be configured to provide output to output display devices, such as one or

more cathode ray tubes (CRT), hquid crestal displays (LCDs), hght emitting diodes

(LEDs), displays using digital Hght processing (DLP) technology, printers, Heht bulbs,
andéor other sumilar devices capable of displaying graphical, textual, andfor numerical
information o0 a user of compubing device 1102, Uset inferface module 1104 can also
be configured (o peterste andible outpui(s), such a8 a speaker, speaker jack, andio
output port, audio tutput device, earphones, and/or other sinular devices configured 1o

convey sound andfor andible information to a wser of computing deviee 1102, A

.

shown i Figure 11, user intetface can be configured with gesture interface 1106 that
van receive inputs related fo pestures or other touchless, user-hased motions and
provide ootputs such as visual feedback, haptic feedback, audible fesdback, andior
other gesture-related outputs,

0195} Network-conmmunication interface modole 1108 can be configured to send and
recetve data over wireless interface 1110 andfor wired interface 1112 viz 3 petwork,
such as network 1010, Wireless interface 1110 4f present, can wiilize an alr interface,
such gs 8 Bluctooth®, WLFIR, ZigBReeR, andfor WiMAX™ interface to a8 daw
aetwork, such as a wide area nelwork (WAN), a local area network {LAN), one or more
pubilic data networks {e.g.. the Internet), one or morg private data networks, or any
combination of pobhic and private data networks. Wited interface(sy 1112 if present,
cun comprise iwire, cable, fiber-optic hnk andfor sinular physical comnection{s) v g
data petwork, such as @ WAN, LAN, one or more public dsta nstworks, one or more
private data networks, or any combination of such petworks.

{0196} fn some embodiments, network-tommunication interface module 1108 can be
confipured to provide reliable, secwred, andfor authenticated communications.
Comanpncations can be made secure {ep. be enveded or encrypled) andior
decrypted/decoded using ove or more crvplographic protocols andior algorithms, sach

as. but not lumied 1o, DES, AES, RSA, Diffie-Hellman, andior DSA. Other
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cryplographic protocols andforalgorithms can be used as well as or in addition to those
listed heretn to secure (and then deeryptidecode) compnications.

{0197} Processor{s} 1116 can include one or more ceniral processing unils, computer
processors, mobile processors, digital signal processors {DSPs), microprocessors,
compuier chips, andfor other processing wnits configred fo execute machine-language
instructions and process duwia. Processor(s) 1118 can be configured to execute
computer-readable program instructions 112{ that are comtained in data storage 1118
andior other instructions as described herein.

{9198} Dafa storage 1118 can inclade one or more physical and/or non-transifory
storage devices, such as read-only memory (ROM), randon access memory (RAM),
removable-disk-drive memory, hard-disk memory, magnetic-tape memory, flash
memory, andior other storage devices. Data storage 1118 can include one or more
physical and/or non-teansiory storage devices with at least encugh combined storage
vapaciy o comain  computer-readable  propram  instructions 1120 and  any
associatedirelated data siructures.

{0199} Computer-readable program instroctions 1120 asd any data stractures contained
i data storage 1118 nclhude computerresdable program nstructions executable by
processor(s) 1110 and any storage required, respectively, to perform at least part of
herein-described methods.

{20407 Figure 12 is a schematic ilhatration of a morphologically-adaptive coding
network arranged i acvordance with examples described herein. The morphologically-
adaptive coding network 12080 depicted in Pigure 12 may be spatially neighboring a
cortex {e.g. NL1) that may be connected to multiple 1npat signals such as 811 and S
Stimulation sequence of leaves L1, L2, ... L16 with respect to content of Sy and Sg
may be re-encoded by the network 1200 of Flgare 12 after encoding by a first network,
such as the network of Figure 3. The appended morphologically adaptive network of
Figure 12 may constitite a contex such that uniform probability convergeuce can be
provided as POL2UY = PL22} = ... = P(L29). Although the second cortex may also be
developed i a similar manner with respect to convolational or spectral distance
measwement n given hime window, said sensitivity time frame of the nodes,
perceptional time represented by second cortex said abstract cortex may be nwch farger

than the first one {e.g., than the network shown in Figure 3),
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{6201 Accordingly, In some examples, the absiract cortex ouiputs may facilitate
classification of longer term input sequences as well as context development for deeper
level additional cortex connections.

{0202} Figure 13 13 g schematic Hlustration of a system for guditory training arranged
inaccordance with examples desoribed becein,

{5203] Figure 13 generally illusirates two types of signal regovery for plavback of
sncoded confent. I a frst type of signal recovery, index files that keep an order of
cortex {e.g. avditory cortex} sequences back the visited ending podes (leaves)
mathematcally via an inverse transformation of the morphologically developed cortex
network. This may be an unnatural way and may be used for hi-fudelity signal recovery.
For example, the encoded signals {e.g., index file) mayv be provided to an auditory
coriey, then 1o abstract layers of the auditory covtex, and then signal vecovery may be
performed via inverse processing to vield s recovered andio signal output.

{0204} In a second method, another cortex may be used, which is trained for a
generation of sumilar signaly untll the perceptual effect i3 gqualived. Therefors, the
motor cortex may first leam how 1o replicate the percepted signals tovwards the resl
physical feedback, When a irigpering signal exists as g decision o speak via modulator
mputs, the content that corrgsponds to the minimum energy dissipation external cvele
may be geverated vin audio cortex as the second method of playback: The mintmum
eneryy dissipation external cyele refors to that when a decision is made by the fusion
cortex (see Figure 9y and arelevant action is iaken by the moior cortex {see Figure 9},
the probability of the reply from the real world as ambient canses lexs enerpy
stintulating inpuls to bionumetic coding system as physical feedback from outside. For
exgmple, i the second method, audio input may be provided o the audio corlex, then
to abstract lavers of the awdio cortex, then may be provided to an audic moter coriex
for generation of ap sudio signal ouipot g forward geperation pathway. The awdio
signal output may be used to equalize an faput.

{0205] Equalization of the signals from anditory cortex when # is fom the outside
world and when il is generated by an asdio motor cortex desceribed berein may provide
mintmarn energy dissipation trmning of an audio molor cortex i a mamner of
remforced leaming. Henve both wsing the matheraatical inverse of the encoding

function through the sensory cortex on digial computational platforms and
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regeneration of the signal through wolor cortex on any kind of digital or non-digitsl
system may provide plavback of optimally encoded signals or mformation.

{8206} Examples of biopumetic codecs and coding techniques described herein may be
ased in a variety of applications, For example, biomimetic codecs and coding
technigues may be wsed for conunonication andior data transfer in peer-o-peer
gommumeation, broadcast andlor multicast commumcation systems.  For example,
biomimetic codecs and coding techniques described hersin may be used in callular
conmmunications.

[0207] In some examples, encoders and encoding techniques described herein may be
used to encode andio files (g, wav files). An example of an encading technique
described herein may achieve, for example, encoded data wiach may have a size of
4,9% of the imatial wav fils: An srror rale assooiated with the sncoding may vary from
$.65% using a frained coding network to just aver 1% using an untrained network. In
conrast, for example, MP3 encoding of the same wav file at 256 kbps may penerate
MEBR file which 18 30.3% of the sive of the intuial .wav e and may have an siror rale
of 13%. MP3 encoding the same wav Sle at 128kbps may generate an MP3 file

which is 18.1% of the initial .wav file size and may have an error rate of B9%.

{a208] It mayv be destrable in a mohile device, for example, to have a codec that can
provide consistent quality output for mixed speech and music content while optimizing

performance for a combination of network, memory, CPU and energy availabilities.
Efficient codecs may be asvmmetric in terms of provessing time of data ~ the encoding
and decoding fimes may be different. Providing high efficiency compression 1 a more
balanced manner may be beneficid for two-way commuuications. Latency and gualily
may be pronunent in two-way voiee and video conununications. Perceptual guality and
fidelity may be important factors when the data are stoved or transterred in conywessad
form. Examples of biomimetic codecs described heretn may provide unified speech and
music coding technology which can provide improved guality for both speech and

music confent given the avatlable network, memory, processing power, and epergy

TESOUTLES.
{0209} Existing multimedia codecs do not support analytics based on the real time

cross~correlation of multiple data resources {e.g. sound and relevant mood, type of

music, instrument playing, word, place, context, person or ohject), and they accordingly
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reguire back conversion into raw data for analysis and classification. This process
dranmatically increases time complexity of the software that is used for real tme
monitoring and analysis. For example, video or image data need to be converted o bits
map raw data form first, so that analysis of MPEGH or JPG data become possible. For
this reason, multimedia data processing-based applications become wfeasible 1w many
cases.  Examples of biomimetiv codecs described herein may facilitate relational
analvsis directly on compressed data. In compressed data described herein, it is
possible, for example, for the music to include piano sound or the tmage to nchude a
moun{ain in a sunny day, since these features are incorporated into data extraction such
as finding the probable location from the video and andio in 3 nuxed domain.. Content
identification from a short, randomiy chosen part of @ multimedia file, such as Shazam
application, 18 a natwral wse of blomumetic codecs described hereln, while this
application may utihize 2 network connection in the existing systems. Another potent
exanyple is web searches; the detailed searches for object features may net be possible
sinwe the origihal pictiwe has {0 be changed into Bitmap first, with Tower resolution, and
then searched and processed; the umage-only analytics, or video analytics, 18 oo slow,
Again, the raw datg need 10 be obtained or indexed first if the existing methods are used
for transfering data. These processes require longer comypnutational times and greater
computational power. Examples of blonvumetic codecs deseribed herein may be used to
search images for object featges.

{02106} Anciher example is given in securily systems. When 10800 cameras are used
for monitoring the city, the 1mage or video data first may be converted into raw data
from each camera, then searched for speaific object feature withan all the tmages, and
then analyzed; this lengthy process may cause enorntous delay in decision making in
critical stiuations that require rapid response. Note that the defaded data are not
transferred n abatract forpy but In nungte details, eg., w0 high resohdion, to bring
about the salient features in the image. Then, a selective analysis is executed using the
whole data, a provess that is ineffective in terms of the enormous time and power

¢, with live

a3n

requirements. The same could be said in disasier cases, image taken, ¢
video using drones from the whole landscape and analvezed i detl while only a spatial
location might-only be critically essential for tmmediate action for the first responders.

Examples of bomimstic codecs described herein may instead analyze fealures in a

&3
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compressed data stream without 2 need to transmit andior store the raw Image andfor
video data.

0211} Another example is use in mobile systems (e.g., cellular phonesy Mobile
svstems may experience variable compupuicstion bandwidth conditions that may
depend on changing sebwork traffic Joads and signal level variations, which may be
addressed through dynamic adaptation and  higher coding efficiency. Using
conventional codec technigues, the service may become discontinuous, variable, or
interrupted i pany cases: Sinstlaely, volatility may reduce the full wiilization rate of the

setwork capacity, Examples of biowimetic codecs and encoding techniques described

bandwidihs without mterruption by trading off the quatity of the percaplual conversion.

8212 Commaenication networks carry auwdio and videp dofa at an inereasing rate,
which may consume most of their capacity. Existing codecs may not use asyoachronous
reference data to incregss isochronious connnunication performance and utilization rate
of the petwork capacity, Biomimetic codecs and coding techniques described herain
may support debivery of adapted and traned daia templaies {e.g., morphologically-
adaptive coding networks) in an asvochronous way when network traffic 18 low, which
may increase efficiency of the real ime conunumication by isochronous comnumication
hased on asynchrovous template data. This may be especially valuable for VOIP, on-
demand video/andio, IP malticast, and/or 1P broadeast apphications.

{0213] Ancibher example apphication v Ing data analviics. Big daia analytic system
may utihire parallelism fin the disiribution of computation into multiple hardware
resources. Dhrvect parallel processing for mnltinbedia is usually esther restricted or not
possible when snalyvtics are performed wnsing existing codecs. Additional software may
be needed to perform computations on multiple coves, CPUs, or cosnputers. Depending
on the content, these provesses are costly and mefficient for achieving pavallelismy in
many cases. Examples of hiomimetic codecs and coding techniques described herein
may facilitate distributed data processing and divect parsliel processing that may
increase the efficiency of the utilization rate of existing hardware resousces.

0214} Existing efficient codecs use complex mathematical fonctions such as Fourter
or cosine transforms, which i turn nay either incregse the complexity of the systems

operated or require additional hardware resources. Examples of biomimetic codecs and
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coding networks described herein may be oplimized for operation on any of & wide
variety of hardware, e.g, i GPU computing andfor FPGA processing.

8215} Storage requirements hnearly increase when existing codees are used. For this
reason, existing systems nmay use conywessed data containers which are different from
commurncation codecs for data that requure large volume. Therefore, the convergence
is not possible with the existing systems; eg., instead of one single device
incorporating all the andio files, sach file may be stored separately, increasing the
storage requirement linearly, thereby increasing the real play-back time significantly
that uses the same amount of data. Examples of biomimetic codecs and coding
technigues described herein may be convergent and may save siorage space now-
linearty that may be used for storing commuon templates {e.g., morphologicallv-adaptive
coding networks). Therefore, the compression efficiency may increase when the data
size increases becsuse of the object-oriented characteristics of the data storage and
retrieval techmiques described heram,

{6216} The particulars shown herein are by way of example and or purposes of
thustintive discossion of the preferred embodiments of the present invention ondy and
are presented in the cause of providing what is believed to be the most useful and
veadily undersivod description of the principles and conceptual aspecis of varions
ernbodiments of the invention. In thus regard, no attempt 13 made to show structural
details of the invention in more detail than is necessary for the fundamental
understanding of the 1mvention, the description taken with the drawings andior
examples making apparent to those skilled in the at how the several forms of the
invention may be embodied wm practice.

[0217] As used herein and vnless otherwise mndicated, the tenms 2" and “an” gre taken

AN 4

to mean “one”, “af least one” or “one or more”. Unless otherwise required by coniext,
singular terms ysed berein shall inchede pluralities and phusl terms shall include the
stngular,

{0218} Unless the context clearly requires otherwise, throughout the description and the
clatms, the words ‘comprise’, “comprising”, and the like are to be construed 1 an
mclusive sense as opposed o an exclusive or exhauostive sense that is (o say, in the
sense of “including, but not Himited 107, Words usiirg the singular or plural member glso

include the plural and singular number, vespectively. Additionally, the words “herein,”
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“above,” and “below” and words of sinvdlar import, when used 1 this application, shall
refer 1o this application as a whole and not to apy pavticular portions of the apphication.

8219} The description of ombodiments of the disclosure is not intended to be
exhaustive or to himit the disclosure to the precise fonm disclosed. While the speeific
embodiments of, and examples for, the disclosure are deseribed herein for illustrative
purposes, various equivalent modifications sre possible within the scope of the
disclosure, as those skilled in the relevant ant will recognize.

{0220} Specific elements of any forepoing embodiments can be combined or
subsiitated for clements i other embodiments.  Moteover, the inchision ‘'of speaific
elements in at least some of these embodiments may be optional, wherein further
embodiments may include one of more embodiments that specifically exclude ong o
more of these specific eloments. Forthermore, while advantages assoviated with certain
embodiments of the disclosure have been desenibed i the costext of these
smbodiments, other embodiments may also exhibit such advantages, and not all

embodiments pead pecessarily exhibit such advaniages ol within the scope of the

disclosure.
{0221} From the foregoing it will be appreciated that, although specific embodiments

have been described heramn for purposes of Hustration, vanous modifications may be
made while remaining with the scope of the clainwed technology.

{02221 Examples desenbed herein may vefer to vanous components as “coupled” or
signals as being “provided " or “received from” cerain componems. ¥ i3 fo be
understood that in some examples the components are divectly coupled one to another,
while i other examples the components are coupled with mtervening components
disposed between thent. Similarly, sigoals may be provided divecily to andfor revetved
directiy from the recited componenis withoul infervening components, but alse may be
provided to andior received from the certain components through interveming

componenis,
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CLAIMS

What is claimed s

1. A method comprising:

providing mput data;

providing & morphologically-adaptive coding network comprising layers of
nodes, the nodes each comprising a plurabity of hillocks, connections between
selected nodes being provided gt selected hillocks, the connections based on energy
dissipation with respect to spectral component variation of applied test data; and

encoding the input data wsing the morphologically-adaplive coding nelwork
to provide compressed data, the encoding comprising applying the inpat data to the
morphologicaliy-adaptive coding network to provide the compressed data
comprising an identification of ending hillocks at lsst lavers of the

morphologicallv-adaptive coding network visited by the nput data,

2. The methed of claym 1, wherein the morphotogically~-adaptive coding
network is trained {o develop the lavers of nodes by providing a next layer node gt
3 selected hillock of a previous layer node, the selected hillock having stimulation

vates above a threshold using a set of taming data

]

3, The method of claim 2, wherein the nodes each have an associated time
constant, and wherein the next laver node has a smaller time constant than the

previous layer node.

4. The method of claim 1, wherein applying the inpw dats 1o the
movphologically-adaptive coding network comprises applyving a convolutional

funciion to the wput data

5. The method of claim 4, wherein the convolutional fonction comprises a

wavelet ransform.

6, The method of clgim 1, wherein ending nodes of the morphologieally-

adaptive coding petwork have an equal probabilistic frequency distribution.

7. The method of claim 1, whereuy the compressed data is queriable.
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X The method of claim 1, wherein the compressed data further comprises an

wdex of visited nodes of the morphologically-adaptive coding network.

g. The method of claim 1, wherain the mput data comprises a type of data
selected from audio (1D, image (2D, video (3D, other sensory patierns D)

data, or combinations thereof

10, The method of claim 9, wheremn the morphologically-adaptive coding

network s specific to the type of data,

11, The method of claim 1, wherem the morphologically-adaptive coding
network comprises g first morphologically-adaptive coding network, and wherein
the method further comprises encoding the compressed data using a second

morphologically-adaptive coding network.

13 The method of claim 1, firther compnsing:
decoding the compressed data using the morphologically-adaptive coding

network to recover an approximation of the input data.

13, The method of claim 1, further comprising filtering the input data applied to

the morphologically-adaptive coding network using a low pass filter.

4. A device comprising:

at-least one processor;

electronic storage encoded with a morphelogically-adaptive coding network
comprising favers of nodes, the nodes sach comprising a plurality of hillocks,
copnections between selected nodes being provided at selected hillocks, the
connections based on exergy dissipation with respect toy spectral component
variation of applied test data; and

at feast one nop-transtiory computer readable medivm encoded with
tastructions which, when executed. cause the device to perform actions comprising:

receive encoded input dats comprising an identification of ending hillocks
at tast layers of the morphologically-adaptive coding network visited by input datg;

and
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decpde the encoded nput data using the morphologiealiy-adaptive coding

network.

18, The device of claiin 14, wherein the input data comprizes audio data, the
device comprises a speaker, and wheremn the instructions further comprise
instructions to cause the device {o play the input data using the speaker after said

decode:

16, The device of claim {4, wherein the mpat data comprises image dalg, the
device comprises & display, and wherein the instructions further comprise

instructions 1o cause the dévice o display the input data after said decode.

17, The device of claim 14, whersin the input data comprises video data, the
device comprises a display, and wherein the instroctions further comprise

mstructions to cause the device to display the video data after said decode.

18 The device of cloim 14, wherein the morphologically-adaptive coding
network vomprises a first morphologically-adaptive coding network, and wherein
the electronic storage ts conligured to $tore a plurality of morphologically-adaptive
coding networks, the nstructions further comprisig instructions which, when
gxecuted, cause the device to selegt the first morphologically-adaptive coding

network for use based on a vontext of the input dsia.

19, The device of clabmy 14, wherein said decode action comprises performing a
mathematical inverse of operations specrfied by the morphologically-adaptive

coding network,

24 The device of claim 14, wherein said decode action comprises feedforward

mimicking.
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