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PATENT APPLICATION

END TO END PLATFORM TO MANAGE
CIRCULAR ECONOMY OF WASTE MATERIALS

BACKGROUND
{0001} This application claims the benefit of and priovity to U.S. Apphication No, 17/033,512,
filed uon September 23, 2020, which is hereby incorporated by reference in its entirety for all

PUTpOses,

[0002]  Plastic products are predommantly single~-use and frequently vot recyeled. Annual
production of plastic worklwide is approximately 350 aullion tons, of which approximately 1%
ends up bemgp recyeled, 12% s incinerated, and the remainder {78%) accumudates in landfills or
the natural enviromment, where it takes nearly 500-1,000 vears fo degrade. Plastic production is

expected to double by 2030 and triple by 2050

{0063]  Mechanical recveling is the dominant strategy for recycling plastic and involves
grinding, melimg, and re-extruding plastic waste. High contamination rates and mixed materig!)
streams are major contributors to the low visld and low value of reeveling processes, because
regycling facilities are frequently designed to process streams of sorted materials wath high
purity, to refain a high level of material performance in recyeled products. Feedstock impurity
teduces the effectiveness of recveling, due to complex fornmgdatons with additiveg, as well as the
physical degradation of matertals, even just aftera few ¢ycles of mechamical recycling. For
example, with plastic materials, polvlactic acid {(PLA) is a common waste plastic often
undletected 1o polyethylene terephthalate (PET) sorting and mechaneal recycling operations, As
another example, chiorinated compounds such as polyvinyl ehloride (PVC) are nottolerated in
both mechanical and chemical recyveling operations, because corrosive componnds arg produced

during recyching processes, which limits the value of hydrocarbon outputs.
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SUMMARY
f0004] Techniques are provided {e.g., a method, a system, non-transitory computer-readable
mednan stoving code or instructions executable by one or more processors) for managiong yeuse

of molecular components incorporated in waste materials,

{R005]  In particular, techaigues may be directed to charactertang chemical or matevial
wdentities of constituent materials entering & waste stream. The constituent materials may be
wentified using chemical fimgerprints dertved from a comprehensive library inchuding spectnian
information, physical properiies, compuiational algorithms, and machine learning. Material
characterization data may be used to develop chemical processes that iransform the materials
o target products. Identification of the target products and processes can be informed by
logistical information, market data, and real time exchange data. For example, target products
iy be dentified as ones assoviated with relatively high market demand and that can be

relatively efficizntly produced using at least one the constituent materials.

[0006]  In some smbodiments, a method may include sccessing characterization dataof a
feedstock. The characterization data may inchude one or more spectra collected aceordimg 1o one
or more speciroscopic methods. The method may mclude predicting, using the characterization
data, a set of constituent materials included inthe feedstock. The method may nclude predicting
a material compostion of the feedstoek using the predicied set of constituent matenials. The
method way include identifying, using the predicted material composstion of the feedstock, one
or more target products. The method may include generating a set of chemical reaction schemas
enabling a conversion of at least part of the feedstock into the ong or more target products. The
method may alsorinclude storing tdentifications of the material composition of the feedstock, the

one or more target products, and the set of chemical veaction schemas in a data store,

[0807]  In some embodiments, the inethod may also melude identifving one ormoretinpuis to a
fitnhess function, the one o more inputs describing 'a chemies! reaction stheme of the set of
chemical reaction schemas. The method may also include generating an output of the finess
function using the one or more inputs. The method may also include sefecting an implementation
scheme from the set of chenneal reaction schemas according to the filness function, the one or
more nputs, and the one of more target products. Identifving the one or more target products

may mclude accessing inventory mformation describing a set of products and identifying an
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meomplete subset of the set of products as the one or more target products using the myventory
mformation. The inventory information may include one or more of a quantity of the feedstock
available for conversion or a gquantity of a target product of the one or more target products
avatlable in a geographical region. The method may further inclade directing a portion of the
teedstock 10 a materials recyvelmyg facibity configured 1o convert the portion of the feedstock to at
least ong target product of the one or more target products. Generating a set of chemical reaction
schamas may chude accessing a chemical reaction mventory, the chemical reaction mventory
mcluding representations of chemical reactions describing a conversion of the feedstock to a
target product of the one or more target products and populating the set of chemical reaction
schemas from the chemical reaction inventory. Generating the set of chemical reaction schemas
may mclude sialating a first constituent reaction of a chemical reaction scheme of the set of
chamical reaction schemas using a machine learning model, Generating the set of chemical
reaction schemas may include éstimating an output of & reward function, with an output of the
machine learning model serving as an input to the reward function. Generating the set of
chemical reaction schemas may also clode estimating a maximom of the reward function by
modifving an wnput to the machine learning model. wherein the npat is ar output from a second

constituent reaction preceding the first constituent reaction in the chemical reaction scheme.

j0008]  In some embodimients, a computer svstem includes one or more processors and a
memory in communication with the one or more processors, the memory configured to store
computer-executable instructions, wherelirexecuting the computer<executable instructions
causes the one or more processors to perform one or more aspects of the method described

above.

{0609] T some embodiments, 8 compuer-readable storage medium stores computer-
executable instructions that, when executed, cause one or more processors of a computer svstem

to perfornt one or more aspects of the method described above.

BRIEF DESCRIPTION QF THE DRAWINGS
f0010]  FIG. | illastrates anexample technique for managing reuse of molecular components of

g feedstock, m accordance with some embodiments of the present disclosure,
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{0011]  FIG. 2 dlustrates an example workflow for predicting a material composition of a

feedstock, in accordance with some embodimenis of the present disclosure.

{0012]  FIG. 3 illustrates an example workflow for generating a set of chemical reaction

schemas, i accordance with some embodiments of the present disclosure.

{013} FIG. 4 ustrates an example workflow for tuning a chiemical reaction process using

cherscal and logistucal data, 1 accordance with some embodiments of the present disclosure.

014]  FIG. 3 tHusirates an example flow describing a method for managing reuse of
molecular components of g feedstock, in accordance with some embodunents of the present

disclosure,

DETAILED DESCRIPTION
{0015]  Mechanteal recveling is limited in #ts applicability fo mixed, composite, and
contanunated waste streams, in part because 1t emplovs mechanical separation and reformation
processes that are wsensitive {0 chenueal contanmnants axl may be unable to modify the
chemical structure of waste material. Chemical recyeling may resolve the limiations of
mechanical recychng by breaking the chemical bonds of waste matenials mto smaller molecules.
For example, in the case of polymeric materials, chemical recvehing may provide an avenue o
recover oligomers, monomers, or even basic mwolecules from a plasiic waste feedstock. In the
case of polvmers, chemical recycling processes may melude operations to depolvmerize and
dissociate the chemical makeup of 8 complex plastic product, such that its by-products can be

up-cyeled into feedstocks for new materials.

{016]  Elements of chemical recycling may permit a material to be repeatedly dissocisted wto
primary feedstock materials. In this way, rather than being hmited by chemical structure and
material tntegrity o a linuted number of physical processes, as i mechanical recyching,
chamical recyching may be inteprated into an "end-to-end” platform to facilitate rense of
molecular components of recyelable materials. For example, the products of chenucal recyeling
may include basic monomers {ethylene, acrvlic acid, lactic acid, vinyl, gic.), feedstock gases
{carbon moneade, methane, ethane, ate.), or elemental maternals (sulfur, carbon, ete.). Instead of
being limited 1o a single group of recycled products, based on the molecular structure of the

input waste material, products may be identified that can be synthesized from intermediary
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chemicals that can be produced from the waste by chenuical reactions. In so doing, the end-to-
emd platform may manage a waste stream by gengrating a chenucal reaction scheme to convert
the waste material o one oy more target products. For example, the end-to~-end platform may
dirscted a waste feedstock to & chemical recyeting facility, for chentical conversion of the waste
wmatesial into a target product. In this way, the end-to-end platform may Improve mplementation
of reuss and recvoling strategies and may increase diversion of waste matenals avway from

disposal and mnto recveling systems,

0017} The end-to-end platform may collect data deseribing quantities of waste materials,
molecular components, and finished products, and, with this information, actively manage
recyeling processes to produce the target products. Chemieal reaction schemes may be modified
or updated using the data to change target product quantities, endpoints, or chemical structures.
Forexarmaple, the conversion of waste into feedstock wonomers and back o raw polyvmers may
be tracked and mtegrated into local, regional, and/or global waste recveling or up-cvehing
systems. Svstems may include recyeling operators, such as chenueal processors, waterial
recychng facilities, waste sources, and endpoints for refined polymer feedstocks. In furn, waste
sources may inclade, b are not Heted to, industrial, institutional, or domestic waste sources.
Dowistream processons may mcorporate pure material products of chenical recyeling without

recetving repurposed waste materials.

{0618] A potential advantage of the chemical recyeling processing schemes described herein
mehude producing products from waste materials that are vnavailable through mechanical
recyching and that may increase the proportion of waste materials that can be recyeled. For
example; a plastic feedstock may be converted into @ non-plastic material altogether, suchas a
hvdrocarbon gas, which can n turn be syithesized into a new and different polymer material.
Furthermore, assisted chemical process development, hoplementing machine learning features,
can potentially decrease process development timelines and increase the efficiency of chemical
recycling provesses so that they can be viable at large-sciale. For example, the embodiments
described herein may include accelerating a development timeline for new chenucal reactiop
schemes fromy bench scale, to pilot scale, and finally to indusinial scale, which typreally may take
as long as 17 vears, 1o a real-time process using multi-scale simulation of chenucal recyehing

processes that are already active i1 a logistical network.
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{0019} A further advantage may potentially address a limnitation of conventional recycling
methods that typically are devised to process relatively pure waste streans, with mintmal
comtaminants. The techniques desertbed herein may improve recyeling processes by
characterizitg waste materials and managing recycling schemes to produce desired products with
mproved efficiency and performance. Advantages may melude, but are not limited to, vield of
product per waight of waste material, energy consumption, environmental impact of recyehing

processes, or the proportion of recvelable waste that is diverted to landfill or that s disposed n

water bodies.

{00206]  FIG, 1 lustrates an example workflow 100 for managing reuse of molecular
components of a feedstock, in accordance with some embodiments of the present disclosure. In
general, the workflow 100 may inclade one or more systems for characterizing a waste material,
predicting the composition of the waste material, and developing a chemical recyeling protocol
for the waste material, through which the waste maternial may serve as a feadstock to be

converted 1o a target produet or products by one or more chemical recyeling processes.

00211 In some embodiments, the workflow 100 may include a materials charactenization
system 110 that may be implemented as a point-of-use device, such gs a tablet, smartphone,
laptop comypuner, or & speciatized sensor device that may include one or more sensor tools to
facilitate spectroscopic, imaging, or chemncal characterization of a waste material 111, The waste
material 111 may be or include & material that may serve as a feedstock of a recyching protess.
For example; the waste material 111 may be or include a commenly recveled material, such as
polvethylene terephthalate (PET), such that the waste material 111 may be labeled prior to
characterization as a feedstock for a recyching process. In some cases, the waste matesial 111 can
also inclode coptaminants or additives that may be identified by analysis by the charactenization
system 110, and that may inform the use of the waste material 111 as a feedstock, as described in
more detail below. In some cases, waste material 111 may be labelled with additional metadata
o inform subsequent analysis of the material as part of the workflow 100 For example, the label
nay be or include 8 CAS muwrober, which may permit standard characterization datato be

reirteved or accessed from a database of standard data.

{00221 The matenials characterization systems 110 may provide one or wore types of

characterization data 113 describing the waste matevial 111, The characterrzation data 113 may
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mclude speciroscopic data generated by measuring the interaction of light of one or more
wavelengths with the waste material 111, For example, the characterization data 113 may
mclude, but is not imuted o, spectroscopic methods such as surface hiaht reflectance/absorbance
data 113, transmission absorbance data 117, or hypetspectral image data, measured by frradiating
the waste material 111 with light in one or more spectral ranges. In some cases, the
characterization data 113 nxay mclude infrared absorbance data, infrared reflectance data, visible
absorbance or reflectance data, near<infrared data, ultraviadet absorbance data, or mucrowave or
x-ray interaction data {e.g., x-ray fluorescence). In some embodiments, the characterization

data 113 may include physical and chemical characterization including, but not limited to,
surface resistivity data, physical characterization data such as hardness or tenstle properties, or
other physical or chamical properties that may comtain charactenistic information o differentiate

this waste material 111 from other types of waste materials.

{00231 In some embodiments, the waste material 111 may include, but 1s not linuted to,
polymers, plastics, conposite materials containing plastics, non-plastics, ligne-cellulosic
materials, metal, glass, andfor rave-earth materials. The polymeric and plastic materials may
nclude matenials formed by one or more polymerization processes and may include highly
cross-linked as well as Haear polymers. In some cases, the waste material 111 may include
additives or confaminants. For example, a plastic material may include a plasticizer, flame
retardant materials, impact modifiers, rheolopy modifters, or other additives incladed 1o the
waste material 111, for example, to mmpart destred properties or faciiitate formation properties. In
some cases, the waste material 111 may incorporate a constifuent chemical or element that may
be incompatible with a broad range of chemical recycling processes, and, as such, the
characterization data 113 may mclude mfonmation specific to sach chemicals. For example,
decompuosition of halogen or solfur containing polymers may produce corrosive byproducts that
may whibit or mnpaiy chemical vecyeling of waste matertals 111 that iclude such clements. An
example of a waste material 111 contaming a halogen constitpent 8 polyvinyd chlonde (PVC)
Decomposition of PVC, for example, may generate chlonne contaming compounds that may act

as corrosive byproducts.

[0024]  Once collected, the charactertzation data 113 may be accessed by g computer

syster 120 inmplementimg one or more elements of the workflow 100, In some embodiments, the
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computer system 120 may mclude a server, one or more servers, a virtual machme, multiple
virtual machines, that may be implemented in a physical compuater system or i a distributed
computer system {e.g., clowd computing system). In some cases, the computer system 120 may
conununicate with ong of more external systems, such as the materials characierization

system 110, over a network 130, The network may be a pubbic network, sach as the intemet, or

may be a private netwark, such as a client network, a restricted networl, or a local area network.

{025]  In some embodiments, the computer system 120 may execute a process tor prediciing a
set of constituent materials included m the waste material 111. As described in more detail in
reference to FIG. 2, below, the computer system 120 may access a library of spectra
corresponding to one or more speciroscopic methods. For example, a database 131 may contain
speottoscopic data Tor multiple standard materials, combinations of tmaterials, as well as
erupitical characterization data for realworld materials. In some embodiments, the database 131
may communicate with the computer system 120 over the netwaork 130, Addwionally, the
compryter system 120 may store at least a portion of the library of spectra in memory of the

computer system 120

j0026] In some embodiments, predicting the set of constituents included in the waste

wmaterial 111 may inchude executing a material identification application 140, The material
wdentification application 140 mayv include a speciral analyzer 143 receiving the characterization
data 113, hy some embodiments, spectral data B4 may also serve as an input into the spectral
anglyzer 143, which may be provided by accessing the library of spectea, either in memory of the
computer system 120 or from the database 130, In some embodiments, the spectral data 141 may
be simulated or empirically measured. As desoribed below, the material identification
application 140 may identify one or more bands of interest in the characterization data 113 and
may use the one or more bands of interest as part of geverating a chemical fingerprint 145 of the
waste material 111, Broadly, the chemical fingerprint 145 of the waste material 111 desortbes a
set of characteristic information, derived from the characterization data 113, that can identify the
yaterial components of the waste material 111, for example, that can be wtroduced sy feedstocks

wo a chenneal recyeling process.

{6027} In the context of the material wdentification application 140, the chemical

fingerprint 1435 may describe a prediction of the constituent materials and material composition
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making ap the wasie meaterial 111, based at lsast in part on the characterization data 113 and the
spectral data 141, For example, the chemical fingerprint 1435 may describe the principal
component compounds and addaives or contaninants indicated by the characterieation data 113,
The chemival fingerprint 145 may also describe the relative composition of each constituent
material makme up the waste matertal 111, for example, when the characterization svstem 118
mmplements a calibrated specivoscopic method facilitating absolute composition methods. In
some embodiments, the matenial composition may be predicted based on standard data or may be
predicted as part of machine legming moedels wained using data sets including information from

blended materials, as described in more detail in reference to FIG. 2, below.

[0028]  As described in more detail in reference to FIG. 3, the chemical fingerprint 145 may
permit the identification of one or more target or desired chemical recycling products. For
example, in some embodiments, the computer systern 120, as part of executing the material
identification application 140 may access chemucal reaction inventory information deseribing
one or more products, such as a sat of products, that may be pensrated by a chemical recveling
process taking i the waste matenial 111 as a feedstock, For axample, the computer system 120
may identify the bands of fntterest, from which the computer system 120 may also provide one or
more target or desired products that can be produced from the waste matertals 111 The
identification of the target products may be facthtated by accessing chemical recveling process
data, such as feadstock-product pairings, as in a searchable table {e.g., a lookup table}, as
deseribed in more detall i veference to FIGE 30 As anllustrative example, a chemies!
fingerprint 145 may be used to predict that the waste material 111 can be or include PET, with
one or more additives o impurities that may eliminate one or more potential chemical recycling
processes or mayv resuli in balance or adiustment of feadstock ratios to allow for recychng andfor
reduced wear and tear on recycling process systenis. From this information, the computer system
120 may access the chenmeal reaction data to provide information describing one or more target
products. o this example, the computer system 120 may cross-reference the chenvical reaction
data for feedstocks with those of impurities, additives, and contaminants, to reduce a likebhood

that a target product 1s tmproperly identifled.

[0029]  Additionally or alternatively, the computer system 120 may receive one or more destred

product identifications from a user of the computer system 120, as a manual input based on the
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chemical fingerprint 145, For example, the computer system may mclude a user mterface or
console apphication by which one or more users may mtevact with one ormore appheations of
the computer systemi 120, In some embodiments, the vser interface may permit 4 user to review
the data making up the chemical fingerprint 143, conduct g search of potential chemical

recyelng products, and indicate one or more desired products.

{0030]  In some smbodiments, the computer system 120 may execute a chemical reaction
modelling application 130 that may permit the computer system 120 fo simalate one or more
chemival recyeling processes for which the waste material 111 acts as a feedsiock 1o generate the
one or more target or desired producis, The chemicy! reaction modelling application 150, as
described in more detail in reference to FIG. 3, below, may access one or more representations of
chemical reactions describing the conversion of feedstock materials fo target products, which
iy be stored in a database of cherical reaction data 151, The chemical réaction data can beor
mclude a machine-searchable catalogue of basic chenucal reactions for depolvmenzing
polymers, for dissociating covalent bonds in chenucsl reaciants, or for converting the waste

material 111 physically or chemically to the target products.

[0031]  In some embodiments, the database of chenvcal reaction data 131 can be or include a
chenical reaction inventory that may serve as an intial set of chenuical reactions inputied into a
chemival process simudation, as desenibed i more detail i reference to FIG. 3. As with the
database 131, the darabase of chenical reaction data 151 may be a network data store ora
memory device in the same physical location as the computer systern 120, In some cases, the
chemical fingerprint 145 may serve as an addittonal input to the chenucal reaction modelling
application 150. For example, the chenucal fingerprint 145 may incloade information desgribing
phases, stractures, and guantities of one or more feedstocks and products, as deseribed
previousty. In this way, the inputs to the chenucal reaction modelling application 150 may beor
mnclude input molecales, ouwtput molecules, catalysts, reagents, solvents, as well as chemical
processing parameters inclading, bat not limited to, residence time, reaction teniperature,

reaction pressure, of rmxing rates and patterns,

{32 In some embodiments, the chemical reaction modelimg apphication 130 nay be or
melnde one or more andt operation models, that may be traplemented to simuolate constituent

reactions of a scheme 153 of chemical reactions. The chemical reaction modelting

- M-
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applicatien 150 may generate multiple chenucal reaction schenas 153, which may nelude
different constifuent reaction processes or describe different reaction products. In some
embodiments, the chemical reaction modelbing apphcation 130 may spnulate one or wows of the
unit operation models using a machine learning model, such as an artificial neural network
miplementing deep learning features, “black box™ optimization technigues, supervised leaming,
reinforcemant fearning, or other canonical machine learning approachss. In this way, when the
chemical reaction scheme 133 mcludes muduple constituent reactions, as represented mn a series
of ynit operation models, the chemical regotion modelling application 130 may mnplement one or
more machive learning models for which an cutput of a first model serves as an input of a second
maodel. As described in more detail in reference to FIG, 3, the chemical reaction modelling
application 150 may implement mode! tunung protocols through a reward function, which may
permit inodifying one or more parameters of the unit operation models teratively to optimize or
improve the models. In some embodiments, tunmg the models may include estimating an output
of the reward function as a function of one or more values caloulated by the chemical reaction
modelling apphcation 130, and moditying one or more model parameters to maxinuze the output
of the reward function, In additton to the reward function, training of the machine leavamng
models, implemented as part of the chemical reaction maodelting application 150, is described in

more detail, below.

{033]  Insome embodiments, one or more unit operations models may be based on first-
principles, sather than a machine leatoing approach. As an Hhustrative example, a chemical
recycling process, such as a polymer catalvtic decomposition unit operation, way be sinulated
by chemical rate equations for which the input variables may be supplied, for example, by
preceding unit operation models or by heuristics from a table lookup. Tn this way, a serfes of unit
operation models simulated by the chemieal reaction modelling apphication 150 may mchude
both machine learning models and first-principles models. In some embodiments, as when the
material charactenizabion system 1T mchudes an on-lme sensor system as part of a matenial
sorting process, the chemcal reaction modetling apphoation 150 may access of receive chemical
fingerprmt 145 data progressively, and may spdate reacthion schemas 133 in response to
receiving updated fnformation. Real time updating of chemical reaction simalations may
mprove the performance of the chemcal recycling process managed by the computer

system 120, Forexample, the waste matenal 111 may be redirected from an initial recipient

-11-
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destination to another following an update to the chemucal reaction schemas 153, which may

improve one of more parformance factors, described below.

{0034]  In some embodiments, the chemical reaction schemas 133 or constituent chemical unit
operations may be filtered by one or more selection operations executed by the computer
system 120, For example, a fitness function may be defined by which an implementation scheme
may be selected, as descrnibed in more detail m reference to FIGS. 3-4, below. A fitngss function
may be an object model having nultiple inputs that can include, but are not imited to, predicted
input quantiies, output quaniities, energy wmpul values, cooling water demands, material cost, or
fuel consumption by logistical operations involved i wansporting the waste material 111, In
some embodiments, the fitness function may receive derived values as inputs including, but not
Timited o reaction vield, conversion efficiency, chemical reaction selectivity, heat balance
values, energy cousumption, or environmental impact. Envirowmental impact way describe the
production of regulated byproducts melwding, but not imited to, greenhouse gases, chamical
effluents, or vitrified slag. For example, the “Green Degree” mathod can be used to establish an
integrated index that enables comprehensive quantitative measurement of the environmental
impact and sustainability of proposed reaction conditions. Smmilarly, “Principles of Green
Chemistry & Life Cycle Assessment” can be used 1o promote safe processes that mininuze
generation of hgzardous substances, In some embodiments, each parameter provided to the
fitness function may be piven a weight that may influence the favorability of a given chemical

reaction scheme 133 or constituent chenueal unit operation.

{0035]  The chenucal reaction modelling apphication 150 may provide outputs includi

chemical reaction schemas 133 to an optimization engine 160, The optimization enging 160 nmy
be or include a machine learning model, and may facilitate real time modification ov selection of
the chemical reaction schemas 153 based on inputs including, but not limited 1o, those generated
by the chemical reaction modelling apphication 150, the chemical fingerprint 145, or inventory
mformation 163 In some embodiments, the mventory miormation 163 may be accessed froma
networked system of recyeling information 161, The recveling information 161 may be stored i
a database that is updated progressively, sach as in real time, that may detai] material sapply
chains, and may track waste feedstock through decomposition and then re~syuthesis into new

materials. For example, the inventory information 163 can mclude a quantity or a quality of the
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feedstock available 1 a logistical network, which may correspond te a geographical region.
Stnilarly, the inventory information 163 may include inventory information of the target

prodheets avadable m a geographical region,

{0036]  In some embodiments, the optimization engite 160 may modify the target or destred
products that serve as mputs to the chemical reaction modelling apphication 138 usimg the
mventory information 163, For example, the computer system 120 may access the inventory
mformation 163, Using the inventory information 163 the computer system 120 may ideniify a
subsat of a larger number of target products to {imit the number of chemical reaction

schemas 153 generated. As an ilustrative example, a waste material 111 may be identified as 8
potential feedstock for a mumber of chemical recycling methods providing nmultiple possible
reaction products. Through accessing inventory information 163 corresponding to the possibile
regction products, a selection of one or more of the possible reaction products may be made o
target products whose supply s hmited, 1o avord oversupply of a product that s already
prevalent, or to generate products whose consumption reflects a likelihood ol high demand. In
some embodiments, as described in more detail n reference to FIG. 4, below, a real ime
exchange may connect recyvelers, chemical companies, and other consumers or producers of
recyclable materials. The veal time exchange may implement inveniory planning, supply and
demand management, g reevcled products markesplace, and logistics management. For example,
the computer system 120 may direct the waste material 111, or a portion of the waste

material 111 1 a matertal recychog factlity or other processing operation, where the waste
material 111 may be converted into a target product or multiple target products. An example of
divecting the waste material 111 may include identifying a receiver facility and a sender facility,
and generating logistical information that may be provided to the recerver facility or the sender

factlity.

{0371 As part of implementing a chemical recveling process for the waste material 111, the
computer system 120 may provide one or more of the chensical reaction schenas 153, the moded
outputs, the cheneal fingerprint 145, the characterization data 113, or other information
generated, processed, or accessed by the computer sysiem 120, fo an external computer

system 170, The external computer system 170 can be orinclude acontrol server at o materials

recycling facitity. For example, the computer system 120 may receive the characterization data
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113 from an on-site characterization system 110 meluding multiple sensors and probes, may
generate the chemical reaction schemas 153, as deseribed above, and may provide the chemical
reaction schemas 153 anddor and implementation schema to the external computer systenm 170 to
execute using the chemical process units of the materials recyeling facility. In this way, the
exiernal computer system 170 may receive the mformation from the computer system 120 over

the network 130

{0038]  In some embodiments, the computer system 120 may store the same or similar
wformation m a daia store, such as database 131 or chemical reaction mventory database 151,
For example, the computer system 120 may mainiain the chenvcal reaction inveniory by storing
representations of all chemical inputs and outputs of reactions, and the catalysts and reaction
conditions involved. The information stored in the chensical reaction inventory may then be used
o optinnze known and widely used regctions and to assist in the explovation and discovery of
novel catalysts and reaction conditions that might be applicable to deconstruct plastic waste.
Simitarly, bands of interest, developed by the material identification application 140, may be
stored for training and improvement of material fingerprinting approaches, as described in more

5

detail in reference to FIG. 2, below.

[0039]  FIG. 2 illustrates an example workflow 200 for predicting & material composition of a
feedstock, i accordance with some embeodiments of the present disclosure. As partof
developing snd managing & chenvical recyeling process for a waste matenal that serves as a
feedstock {e.g., waste material 111 of FIG. 1}, the work#low 200 may ncorporate diverse data
sets, data-processing techiques, and analysis aperations. The systems implementing the
workflow 200 may be or inchude the computer system described in reference to FIG. 1 (e,
computer system 120 of FIG. 1) or may be a conmmpuicating syster, such ag a client device
hosting a specteal analysis application (g3, matenial identification apphication 1400 FIG. 1)
The output data of workflow 200 may facilitate prediction of chemical reaction schemas, as
deseribed below, for example, by generating chenueal fingerpring data that may be used to
dentify target products, select candidate chenical reaction unit operations, or gather mventory

mformation from logistios networks, among other uses deseribed in reference o FIG. 1, above.

[0040]  Operations of the workflow 200 may inclode one or more data ingestron and processing

operattons. It some embodirsents, & spectram database 210, which can be an example of

-14-
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database 131 of FIG. 1, may store and process spectral data 220 and related data 230 as part of
wentifving an experimental material and composition by a spectrom analvsis 240 system. The
speotral data 220 may be or nwlude calibrated oy unccalibrated spectroscopic data, prepared to
facilitate generation of chemical fingecprint data 250 by the spectruum analysis svstem 240, The
spectral data 220 may melade spectroscopic charactetization data of pure coutrols 221, Pure
controls may mchade base polvimer films with no additives or contaminants, also referred to as
spactroscopy standards, for a number of individual films, which may be or include
polypropylene, polyethylens, polystyvrene, high-density potvurethane, low-density polvurethane,
polvethylene terephihalate, acrylonitrile butadiens styrene, polvearbonate, or polvamide.
Additionally, the spectroscopic chargcterization data of pure controls 221 may melude, but are
aot limated to, spectroscopic data of control polvmer Hilms with a known amount of additives, or
even additives alone. Diverse sets of spectral data inay also be generatad for control samples
using muitiple modalities across the electromagnetic energy spectrum {X-ray fluorescence, radio
frequengy, near infrared, short wave infrared, mediun wave infraved, THz, or mm ranges), as
described above, Molecudar and elemental components of control materials may also be

characterized and included in the spectroscopic characterization data of pure controls 221

{0641} I some embodiroents, spectral data 220 can be or include spectroscopic
characterization of material samples 223, which may nelude data generated by one or more
spectroscopic technigques applied to samples of waste materials or their constituent components,
For exarple, deformmdation techniques can be applied to Rorther dedoce groond touth
information on waste materials by using destructive methods like gas chromatography mass
spectrometry (GCMS), laser induced breakdown spectroscopy (LIBS), or non~destructive
methods (ATR-FTIR). Spectval data 220 may include spectroscopic characterization of material
samples 221 coliected from a recycling network and progressively provided to the spectram
database 210, For example, a network of materials recycling facilities may collect material
charactenization data {e.g., charactenzation data 113 of FIG. 1) as part of an intake or sorting
process of waste matectals, and may provide the data to the spectrun database 210 av part of

maplementing the management of chemical recycling across the network.

[0042] The spectral data 220 may be coordmated with related data 238, for exaraple, through

fabelling of spectral data with name data 231, formuta data 233, or other metadata 2335, In some
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cases, the related data 230 may correspond 1o spectral data 220 1o facilitate spectral analvsis
techniques implemented by the spectnum analysis system 240, including, but not hited to,
model traming techaigues, descrtbed below. The spectral data 220 and the related data 230 may
be stored in separate data stores connected to the spectrum database 210 over a network. For
example, the spectral data 220 may be accessed by the spectrum database 210 as partof a
distributed data system operation, such as an extract, transform, and load {(ETL) process.
Similacly, the related data 230 may be collected in one or more databases located i one or more

physical locations, sud may be accessed or received by the spectrun database 210,

{0043}  In preparation for subsequent data processing, data mgestion 211 operations may be
applied to spectral data 220 and related data 230. For example, data ingestion 21 1 may include
one or more data transformations, such as ETL processes, that may modify the format or
representation of the data. For example § spectrurn file 213 from spectral data 220 may be joined
with associated related data 215 as part of data mpgestion 211 to generate a specirum data entry n
a standardized format 217, This may inchude converting the spectrum file 213 from a standard
data format, such as comma separated value formal, ot a key-value pair format. The key may
be or include a searchable database label, such as a unique dentifier, The standardized

format 217 may inclade fields for the related data 213, such as labels on chenucal coraposition of
the sample, Examples of labels may include, but are not limited to, the name data 231, the
fornula data 233, molecular weight data, as well as associnted metadata 235, such as SMILES

string data, MOL file data, CAS nombers, or structoral representations.

10044]  As illustrated in FIG. 2, the spectrum analysis system 240 may acecess data mithe
standardized format 217 as part of generating chemical fingerprint data 250, The spectrum
analysis system 240 may generate chemical fingerpring data 250 for standard comtrol materials
and chargeterized waste materials, and may incorporgte both automated and manual analysis
techniques. For example, the spectrun analysis system 240 may tmplement a set of visualization
tools 241, and may wplement machine learming methods or other computational spectrum
analysis 248 rechmiques, as part of developing the chemical fingerpring data 250, The
visualization tools 241 may beused to guery related spectra for specific materials, additives, or
contarminant chemscals. In sowe embodiments, the visualization tools 241 may display and align

a sample spectruny with one or more control spectra for comparison by human eye or by machiie
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mage analysis (g, by a convelational nearal nenwork tramed o classify spectray Visualization
tools 241 may allow rapid analysis for anomaly spectra, as well as manual curation of spectram
daty sets wsed for maching leaming as trasnmyg sets. Visualizaton tools 241 may permit curated

labeling of sample speetra, as when used for refining traming sets in reinforced learning.

{8045]  In some emvhoduments, spectrum data sets may be normalized through data pre-
processing 243 including modular nonmalization approaches. For example, intensity
normalization may be applied on raw spectrom data, based, for example, on identification of key
features such as peaks or bands, as part of identifying bands of interest 251, As deseribed below,
bands of interest 251 may serve to guide materials characterization systems through configuring
spectrascopy probes, and may additionally or alternatively he used in identifying unlabeled
speciva detected by broad-band characterization technigues. For example, a band of interest 251
for a ransnuttance scanner can be or include 1620-1787 nm out of 1350-2450 nm, such that the
normalization or other data processing may be preferentially apphied therem. Sunilarly, a band of
fiterest 251 for a reflectance scanner can be or include 1117-126 Lo ot of $00-1700nm.
Normahzation may refer to intensity normalization, and may be applied in situations including,

but not himited to, when g spectroscopy seusor device is not infensity calibrated.

{0046]  Data processing 243 may mchude baseline and other compensation technigues. For
example, a baseling 1n a spectrum file may be detected, which may correspond to a background
signal or general trend in & raw spectrin that 18 not attributable to the weasured sample. n some
cases, notmahization may include multiple operations, including, but not linnited to, basehine
subtraction and intensity normalization implemented by dividing the resulting intensity data at
each hand by the som of all the differences. Inthis way, processed spectrun data may be
nornralized over different material thickness and transparency. Novmalized spectra may be

smoothed to mprove subsequent computational spectrum gnalysis 243,

{0047] 1y some emboditoents, the processed spectrom data may serve as wraining data 247 for s
machine learming model mplemented as part of the computational spectrum analysis 245, For
example, the machine Iearming model may be or include a support vector machine (SVM)
clagsifier. The machine learning model may be trained by a moded mainmg 249 approach
meloding, but not Hited 1o supervised learning or remnforcement fearming, using at leasta

portion of the normalized spectrum data that may be labeled or unlabeled. In some embodiments,
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the model traming 249 may be unplemented using sub-band data, which may provide tmproved
classification accuracy refative (o training using complete spectra. Model training 249 may
unplement adversarial lzammme approaches, such as a diserinunator, that may Waim maching

Isarning models implemented as part of computational spectruny analysis 245,

{0048]  The nommalized spectrum data may be processed by trained maching learning models or
other computational methods, such as procedural or rules-based models, to look for patterns in
the signals related to material signatures 283, additive or contammant signatures 235, or other
nformation mdicative of chenvical type, composition, movphelogy, structure, ot purity. In
materials incorporating multiple different additives, contaminants, or impurities with 8 main
material, such as a unit of recycled PET objects of different forms including diverse plasticizers,
such as those recetved by a material recycling facility, multiple regions covering peak signals of
the materials may be identified as bands of interest 251, In some embodiments, as many as 30

to 40 bands of mtergst 251 may be selected, excluding less mformative bands that may be
conunon geross all forms of recyeling feedstock materials. Tn an tustrative example, a classifier
implementing an SYM trained to classify matenials may be provided with the bands of intevest
251 for a waste material sample based on g label of the spectrum included during data

ingestion 211

{0049]  In some embodiments, the chensteal fingerprint data 250 miay be stored in g fingerprint
database 260, The fingerprint database may be in communication with the spectrun analysis
system 240, for exanple, over a network or at the same physical location as the spectrum
analysis system 240, As part of implementing the compatational spectrom analysis 245, the
spectrum analysis system 240 may access chemical fingerprint data 250 stored on the finperprint
database 260, For example, with access to the bands of interest 231 and material signatares 353
for a broad class of matertals, such as a polymer, an SVM trained by model training 249 may
provide a elassification with sufficient accuracy to distinguish between different polymer
structures, side-chams, backbones, or other wformation that may nfluence the ideptification of
potental target products, as well ag the formulaton of chemical reactions to convert the material
for which the speciral data is being classified into the potential target products, as desenbed

below m reference to FIG. 3.
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{050 FIG. 3 illustrates an example workflow 300 for generating a set of chemical reaction
schemas, 1 accordance with some embodiments of the present disclosore, As part of managing a
chenncal recyeling process, 8 computar system {e.g., computer system 120 of FIG. 1) may
simmudate one of more chemival recyeling unit operations as part of & unit operation stmulation
3100 The unit operation smmdaiion 310 may receive data generated by a material identification
andd characterization application, as describad above, as part of a platform for guiding chemucal
recycling processes. The workflow 300 may include implementations of machine learning, as
well as rules-based models, as part of generating a serigs of reaction conditions describing
chensical processes 1o convert g feedstock into 8 target product. The feedstock may be o waste
material received by a materials recyeling faciliy. The target product may be dentified by the
computar system as part of the workflow 300, and may additionally or altematively be specified

by an external input.

{0051]  The unyt operations simulation 310 may receive or access material wWentification

data 320 {e.g., the chemical fingerprint data 250 of FIG. 2) for a waste material, for which the
identity and conmposition of the waste matertal may serve as faputs 321, The material
identification data 320 may include desired inputs 323, which may be provided by an external
systen, such ag via an exchange system, described below i reference 1w FIG. 4. Umit operstions
simulation 310 may also receive inputs from a chemical reaction inventory 330, The chemical
reaction inventory 330 may store representations, such as embeddings, of all chemical inputs 333
angd outputs 335 of reactions, the catalysts 337 and reaction conditions 331 involved. Reaction
models 339 may also be stored as part of the chemyical reaction inventory 330, which mayv permit
the unit operations sinnilation 310 to inclode rules-based reaction models in addition to machine~
leaming approaches as part of gutded chemucal recychng 350 fonmulations. The mputs 333 and
outputs 335 may be cross-referenced in the chemieal reaction inventory 330, such that the
matenial dentification data 320 may be patred with potential target products that may serve to

define an mutial set of chemical reaction schemas that may be optimized, as described below.

[0052]  As part of generating optinuzed reaction conditions 340, wut opergtions
sunelations 310 may modify known and widelv used reactions and to assist i the exploration
and discovery of novel catalysts, reagents, or solvents 343 and reaction conditions 341 that niight

be applicable to deconstract waste materials. In some embodiments, the unit operations
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stmulation 310 may mcorporate molecular modeling techmigues, like density function theory and
molecular dvnamics to a known set of catalyvsts or reagents to fornmidate new catabyst data 337
previously absent from the chemical reaction myventory 330, Uinsapervised ML algorithms
including various clustering methods, Gausstan Mixture Model, Factor Analysis, and learning
reaction embeddings through Deep Neural Networks {DNN), can be applied to data from the
chemical reaction wventory 330, In some embodiments, supervised ML algorithms, such as
regression models or DNNs, can be used to maprove chemical reaction models 339, As described
1 the context of spectrum analysis (e.g., spectrum analysis system 240 of FIG, 2) maching
learning approaches implemented as part of the unit operations sinulation 310 may be trained
using data sets from the chemical reaction nventory 330, which mayv include one or more pre-
processing steps, such as labelling, curation, or other approaches to select the waining data and

puide the development of the MU models.

{0053]  Upon retrieval of recommended catalysts and chenucal reactions, multiple approachss
may be incorporsied m & guided chemical recyeling 350 simulation to generate the optimized
reaction conditions 340, In some smbodiments, one or more chemieal processes may be
simulated as g series of reaction models 353 g-n, each receiving inputs 351 a-n and generating
outputs 355 a-n. Each reaction model 353 may represent a chemical unit operation forming a
stage of a chemical récyeling process. In some cases, a terminal reaction model 338 n may cutput
final outputs, which may represent the target products, as identified from the chemical reaction

mventory 330,

{054 In some embodiments, ssolation results representing intermediate reaction conditions
may be provided to an online learing algorithm to fine-tune models and simuolation techuiques.
The online tearning algorithm may incorporate a reward function 360 that may indicate the
success of a reaction or a reaction scheme, In some embodiments, the reward function 360 may
generate a threshold criterion that represents one'or more chemical process parameters, such as
mpats 35T or outputs 335, by which the optintization of the overall guided chemical recveling
stnulation 350 may be judged. For example, one or move taputs 351 or owtputs 355 may be
provided to the reward function 360 at each iteration, and the wnit operations simulation 310 may
wcrerment those taputs 351 or cutpurs 355 until a desired outcome i achieved, such as the owput

of the reward function 360 crosses a threshold vatue, which may indicate that the reaction
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conditions from the guided chemical recveling 350 have been optimized. In some enbodiments,
the output of the reward function 360 crosses a threshold valoe, which may indicate that the
reaction conditions from the muded chemical reoveling 350 are above aminumum acceptabide

level rather than at a maximum level,

{BOS5]  In some cases, the outcome may be or incloude an optimized chemucal reaction schems,
such-as a pyrelysis process, to efficiently decompoese plastics to a desired set of moleculss. In
another embodiment, the reward function 360 may receive pressure, femperatare, and catalvst
levels, given inputs of carbon monoxide and hydrogen in a Fischer-Tropsch reaction, o produce
liguid hydrocarbons that might be feedstock for plastics. The reward function 360 may be or
include general optimization algorithms, such s steepest descent, to guide incrementation of
nputs 351 and outputs 355, Algorithms specific 10 each tvpe of chemical reaction problem,
depending on the input! output data destred, or conditions needing optitnization may alse be
meluded. For example, sunulation of thermochamical processes for which sufficient process data
15 available, such as pyrolysis, may use g different optimization technique, like reinforcement
learning. The reward function 360 may form a part of ML frameworks of the workflow 300, such
as reinforcement learning or black/grey box optimization techniques, and may be psed o guide

the leaming process and evalvate learning outeomes.

j0056] The reward function 360 may receive mumerous inputs, other than those included as
mpats 351 to reaction models 353, Por exanmple, derved values, such as yield, selectivity,
fegsibility, energy usage, or environmental impact, may serve as nputs to the reward

function 360, As an example, vield may be used to determine how much of a plastic polymer
may be successfully converted into Hts constituent monowmers, and how muoch may be converted
1o pnusable byproducts. Similarly, selectivity may describe a matio of desired monomer owtputs 10
undesired reaction outputs, Feasibility may be used to capure the notion of whether the proposed
reaction conditions are feastble/practical to set up or execute, which demonstrates that some
inpats to the reward function 360 may be gualitative assessments based on non-physical criteria,
Wetghts con be assigned to the mputsto the reward function 360 parameters 1o bias the reward
function {and learming process) towards specific goals or objectives. For example, if therg are

constramts on selectivity forcertain reaction types, then selectivity can be assigned a higher
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waight i calculation of the threshold criterion. In other cases, vield might be more mportant and

may be assigned a higher weight.

H057]  The workflow 300 may include multiple ouiputs in addition o the optimized reaction
conditions, which may improve the implementation and adoption and performance of chemical
recycling processes. For example, the optimized reaction conditions 340 nay be vispalized asa
Markov process sumulation 370, by which the various stages of a chenucal reaction scheme 345

as steps in a Markoy process.

[6058] A Markov process, in general terms, represents different stages in a logistical or process
chain as nodes connected by directional arrovs, with an tndication, eithey visual or quantitative,
of a weight of the connection between the respective nodes. In this way, the Markov process
sunulation 370 may generate andfor present 8 dynarnic visuahization of'a reaction scheme 345 to
demonstrate a holistic effect of fine tuning a constituent reaction of the reaction scheme 3435 on
an antire recveling pipeline. As such, the Markov process simulation 370 may receive as an input
logistica! data deseribing a material recveling supply chain, as described i more detail in

reference to FIG. 4, below.

[0059]  FIG. 4 iHlustrates an example workflow 400 for tuning a chemical reaction process
using chenucal and logistical data, in accordance with some embodiments of the present
disclosure. The slements of the workflow 400 may include data provided by logistical networks
and databases descnibed in the preceding figures that, together, may serve as inputs 1o an
optimization enging 410. The optimization enging 410 may implement one or more approaches,
as described below, to modify or tune the chemical recveling processes simulated by the systems
in the preceding figures to betier align with network factors, such as material inventory levels,
logistical constraints, or consumption trends. The outputs of the workflow 400 may be returned
o one or more of the preceding svstems as inpuis, for example, during fteration of the wait

operations siroulation 310 of FIG. 5.

[0060]  In some embodiments, the optimization engine 410 may recetve data that can be
broadly grouped into chemical reeyching process data, such as material identification data 420
{e.g., chemical fingerpring data 250 of FIG. 2} ov optimized reaction conditions 430 (e.g.,
optimized reaction conditions 340 of FIG. 3), and logistical data, such as material wventory 440

data, utthzation data 4350, or real-itme data 460. The optimization engine 410 may apply one or
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more computational approaches to modify aspects of the optinuzed reaction conditions 430 and
o ovtput optimized date 470, In sonye smbodiments, the optinnzation engine may recgive
additional inputs provided by exchange software 480, winch may provide a platform for
geraction with a network of entities 490 that produce feedstock materials, consume products, or
produce chentcal recvehing intermediate materials including, but not tanned to, catalysts,

solvents, or other consumables.

{61]  The material inventory data 440 may include, bt is not linited to, mventory data
describing molecules 441, which may describe products, or byproducts, feedstock materials 443,
chemicals 443, such as consumables, catalysts, or siher réactants, or peneral materials 447,
General materials may include, but are not Himtted to other materials that may be used in
operating a chemical recycling process, such as electricity, cooling water, heating fuel, or
compressed gases. In this way, the material tnventory 440 may represent one O MO CONSHEINS
on the operation of the chamical recycling process identified in the optinuized reaction
condlitions 430, As sucly, the information reflected m the material iventory 340 may potentially
counter-indicate the optimized reaction conditions, for example, when a supply of rate Limiting

catalyst 15 ungvailable.

{0062]  Simalarly, the utilization data 430 may reflect local or regiongl wends in chenical
vecveling mfrastructure that may promote or demote a reaction scheme {g.g., reaction

scheme 345 of FIG. 3). For example, uitlization data 450 may wclude, but 1s not limited to, daa
veflecting downstream demand 451, upstregm supply 453, market data 453, or lopistics data 455,
Such supply, demand, and market factors may permit the optimization engine to tune one or
more parameters of chemical recyeling process simulations to reflect economic fagtors, in
addition to physical and chenmeal factors reflected by reaction models and thermochemical
optimization. For example, a reaction scheme way generate a product for which the supply
already exceeds the demand and for which warehouse capacity s lacking in a logistical network.
in such cases, the optimization éngine 410 may denrote the reaction scheme, or may identify a
subset of farget products 471, In turn, the subset of target products 471 may be retumed o
chemical process simulations {e.g., workflow 300 of FIG. 3} to wune the optimized reaction

conditions 430,



WO 2022/066298 PCT/US2021/044790

{0063]  The optinuzed reaction conditions 430, as described i reference to FIG. 3, may
describe the specific conditions for a single chemical reaction schenie. That being said, the
optingzation engme 410 may receive or access multiple chewucal reaction schemas
simubaneousty, as part of selecting an implementation scheme or multiple mplementation
schemas as described in reference to FIG. 1, above. For example, identifving the subset of target
products 471 may permit the selection of an maplementation scheme that generates the subset of

tarpet products 471,

[6064] Similarly, the optimization engine 410 may output optinized logistical data, which may
Jescribe sources of feedstocks 443 and recipients of products generated by the aptimized
reaction conditions 430, For exaraple, the logistical data may include real time data 460 that may
include, but is not limited to, data describing matenials recyeling facility (MRF) 461 operations,
distributed collsction 463 operations, supply chain 465 conditions, or materials characterization
sensor data 467, the last of which may describe, m real time, the matenials arriving iy MRF
processing. In contrast, distributed collection 463 data may describe the diverse sources of waste
material feedstocks, such as industrial, commercial, institutional, and domestic sources. The real
time data 460, coupled with input from the exchange software 480, may permit the optimization
enging 410 o designate recipients of products as well as sowrces of feedstocks for the entives

participating 1n a chemical recveling network {(e.g., through the network of entities 490),

{0665] The optinuzation engine 410 may mplement a fitness funcuon cluding one or more
computational techunques, such as rules-based models or machine learning models, to input the
multiple types of chenncal recycling process data and logistival data available, and to generate a
fitntess value for the optimized reaction conditions 430, Stnular to the reward function described
n reference o FIG. 3 (reward function 360 of FIG. 3) the optinuzation engine 410 may receive
weighted inputs, whose weighis may be prescribed externally by a human operator or an
autonomous system, or may be developed by training the optimization engine 410 m cases where
machine learming approaches are employed. For example, the optimization engine may melude
an arttficwd nevral network tramned on g set of traiming data that may be developed from historical
operations data gathered for a given chemical recycling process. The traming may permmt the
optimization engine to develop weights for inputs corresponding, for example, to provess

sensitivities to varous logistical data, such as material mventory 440 or to market data 435. For
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example, mventory data for a rate-hnting catalyst may exent a sigmficant mfluence the
feasibility of a chenvical reaction scheme. Iy such casges, 8 weight for an input describing supply
of the catalyst may by lugher than that of » less influential mput. In the context of a loss function,
the optimization engine may operate by minintzing a value of the loss function, defined as an
outpal of a machme learning model that recerves the chenncal recyeling process data and the

logistical data.

{066]  FIG. 3 iHustrates an example flow describing a method 300 for managing reuse of
molecular components of a feedstock, 1 accordance with some embodunenis of the present
disclosure, Asdescribed in reference to FIGS. 1-4, one or more operations making up the
method 500 may be executed by a computer system {e.g., computer system 120 of FIG. 1} in
communication with additional systems including, but not limited to, characterization svstems,
nerwork infrastrocture, databases, and user mterface devices. In'sone embodiments, the

methad 300 mcludes operation 510, wheremn the computer system accesses characterization data
of & feedstock. The charactenzation data (e.g., charactenization data 113 of FIG. 1) may be
generated by in-situ spectroscopic techuiques, such as reflectance spectroscopy, transnission
spectroscopy, or fluorescence spectroscopy, i one of more wavelength modalities, as described
above. Furthermore, characterization data may include physical or chemical information based
on one or more different techniques, examples of wiuch include hardness, tensile properties, or
thermal-phase properties. The characterization data may be provided to the computer system

over a network {e.g., network 130 0f FIG. 1)

H067]  In some embodiments, the mathod 500 includes operation 320, wherein the computer
System predicts a set of constituent materials included i the feedstock. The computer system
may inplement spectral analysis approaches, as deseribed in more detail in reference o FIG. 2,
o 1dentify chemical fingerprint data {e.g.. chemical fingerpring data 2530 of FIG. 2}, This may
include a receiving standard and contro data from a database of spectra (e.g., database 131 of
FIG. 1). Furthesmore, operation 320 may include one or more imiplenmentations of data
transformyation operations (e, data ingestion 211 of FIG. 2}, machine lemming models, which
may be tramed using pre-processed tramning data {e.g., training data 247 of FIG. 2) prepared
using spectral analysis technigues moluding, but not limited to normalization, baseline

subtraction, or smoothmg.
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{0068]  In some embodiments, the method 300 includes operation 330, wheram the computer
system predicts a matertal composition of the feedstock. The material composition of the
feedstock, n contrast to the constituent materials, may mchude satormation about relative
prevalence w the feedstock. For example, spectral analysis deseribed in reference to FIG. 2 may
wdentify a namber of constituent materials based on spectral features, such as matenial signatures
{e.g., material signatures 283 of FIG. 2) or additive signatures (2.2, additive signatares 235 of
FIG. 2). Such spectral analvsis may be unable, however, to differentiate between principle
components and impuritiss, for example, when the sensor is not inteasity-calibrated. In some
cases, therefore, cross referencing spectral fingsrprints with contrat data, or tratning machine
learning models with coraposition data, may provide predicted cormpositions, such as

composition by weight, of the feedstock.

[0069]  In some smbodiments, the method 500 includes operation 540, wherein the computer
sysient identifies one or more target products. Identifving target products may be faciluated by a
chemical reaction nventory {e.g., chemical reaction inventory 330 of FIG. 3), which may permit
the computer system to identify a set of candidate producis for the feedstock. For example, a
material composition may include mformation about a principle component, which may be a
pobyvmeric miaterial, for which the chemical reaction Inventory may deseribe numerous outputs
{e.g., outputs 335 of FIG. 3) that can be generated by chemical recveling of the feedstock.
Stmtarly, mformation describing catalysts {e.z., catalysts 337 of FIG. 3) may describe
contaminants that may potson the catalysts, and, as such, may elminate the respective chenneal
reaction and tis products from the set of candidate products. As desoribed above, halogen
containing plastics {e.g., chlorine and fluorine contmning plastics) may produce corrosive
byproducts that may exclade them from some types of chemical regyeling. As described above,
the set of candidate products may be refined m one or more ways, using logistical data (e g,
maierial tnventory 440 of FIG. 4}, which may perot the rdentification of a linuted number, or an

meomplete subset, of target products,

[0070]  In some embodiments, the method 500 includes operation S50, wherein the compater
system generates a set of chensieal reaction schemas. Based on the material composition and the
target products, the computer systern may generate tuned reaction schemas using the technigues

described in reference to FIG. 3, above (e.g., workflow 300 of FEG. 3). For example, a chemical
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recycling process may be stmulated as a series of unit operations represented as reaction models
{e.g., reaction models 353 a-n of FIG. 3). In some cases, a reaction model may receive an output
of a preceding reaction model of the series as an nput, as when a unyt operation forms a stage in
aprocess fow. As described In more detail i reference to FIG. 3, the unit operations simulation
{e.g., it operattons smmilation 310 of FIG. 3) may be tuned by a reward function {e.g., veward
function 360 of FHG. 3) that may pernut multiple factors o mfluence the operation of a given
reaction scheame during tuning, For example, the reward function may receive as inputs chemical
and physical inforntation, such as conling water source capacity, fuel consumpiion information,
envivonmental impact parameters, or other inputs that may influence the eperation of the
constituent process unit reaction models directly. In addition, the reward function may permit the
uiit operations simulation to optimize for dertved values including, but not hinited to, vield,

selectivity, or efficiency.

{0071]  In some embodiments, the method 300 mcludes operation 560, wherain the computer
system stores wlentifications of the matenal composition of the feedstock, the one or wore target
products and the set of chemical reaction schemas. The outputs generated by the computer
system may include, but are not limited to, the reaction schemas, visuahization information {e.g.,
Markoy process simnulation 370 of TIG. 3), as well ag the material composition, constituent
materials, and other predicted and generated data. In some embodiments, the data thus generated
may be stored by the computer svstem in a data store, sent 1o an external computer system (e.g.,
external computer system 170 of FIG. 1) or retwrned as feedback data during fevation of
stmulations, Furthermore, material identification data, reaction scheron data, target product daia,
or other generated information may be stored for subseguent use in model fraining at ong or more

stages of the method 500

[0072]  In the preceding desoription, various embodiments have been descnibed. For purposes
of explanation, specific configurations and details have been set forth in order to provide a
thoroagh understanding of the embodiments, Hovwever, it will also be apparent 1o one skilled in
the art that the embodiments may be practiced without the specific details. Furthermore, well-
known features may have been omitted or stimplifisd i order not to ebscure the embodiment
being described. While example smbodiments described heretn-center on polynieric matesials,

these are meant as non-linuting, ilustrative embodiments. Embodiments of the present

2
~J



WO 2022/066298 PCT/US2021/044790

disclosure are not Hmited to such materials, but vather are indended to address material
processing operations for which a wide array of materials serve as potential feedstocks for a
material recychng andfor up-cveling process. Sach matenials mav mclude, but are not lunited o,

metals, bio-polvmers such as Hano-cellulosic materials, viseg-elastic materials, minerals such as

rare earth containing materials, as well as complex composite matertals or devices.

{0073]  Some embodiments of the present disclosure nclude a system including ong or more
data processors. In some embodiments, the sysiem inclodes a non-transitory compater readable
storage mediom coptmning wstruciions which, when executed on the one or more data
provessors, cause the one or more data processors to perform part or all of one or nore methods
and/or part or all of one or more processes and workflows disclosed heretn. Some embodiments
of the present disclosure include a computer-program product tangibly embodied in a non-
transitory maching-readable storage medium, mchuding instructions configured 1o cause one or
more data processors o perform part or all of one or more methods and/or part or all of one or

e processes disclosed heraim,

{0074]  The terms and expressions which have been employed are used as terms of description
and not of limitation, and there 1s o tntention i the use of such terms and expressions of
excluding any equivalenss of the features shown and described or portions thereof, but it is
recognized that various modifications are possible within the scope of the mvention claimed.
Thus, it shoukd be undersiood that although the present mvention as clatmed has been
spectfically disclosed by embodiments and optional features, modification and variation of the
concepts herein disclosed may be resorted to by those skilled in the art, and that such
modifications and variations are considered to be within the scope of this invention as defined by

the appended claims.

[075]  The description provides preferred exemplary embodiments only, and is not intended to
himit the scope, applicability or configuration of the disclosure. Rather, the ensuing desoription of
the preferred exemplary embodiments will provide those skilled in the art with an engbling
description for implementing various embodiments. It 1s understood that various changes may be
made m the function and arrangement of elements without departing frony the spirit and scope as

set forth in the appended clams.

S8 -
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{0076} Specific detatls are piven m the description to provide a thorough wnderstanding of the
embodiments, However, # will be understood that the embodunents may be practiced withowt
these spectfic details. For example, specitfic computational models, systems, netwiorks, processes,
and other components mav be shown as components it tock diagram form in order not to
obscure the embodinients in unnecessary detail. In other instances, well-known cireuits,
processes, algorithins, structures, and techmiques may be shown without unngcessary detail

arder to avold obscuring the embodiments.
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WHAT IS CLAIMED I3;

i. A method comprising:

accessmy characterization data of a feedsiock, the characterization data
comprismg ong or more spectra collected according to one or more Spectroscopic mathods;

predicting, using the charactenzation data, a set of constituent materials meluded
in the feadstock:

predicting a material composition of the feedstock using the predicted sat of
constituent materials;

wlentifving, af least i part using the predicied material composiion of the
feedstock, one or more target products;

generating a set of chenucal réaction schemas enabling & conversion of at Ieast
part of the feedstock nto the one or more target products; and

storing dentifications of the material composition of the feedstock, the one or

more target products, and the set of chenical reaction schemas in a data store.

2 The msthed of claim 1, firther comprising:

identifying one or more inpuls ta a fitness function, the one or more inputs
describing a chemical reaction scheme of the set of chemical reaction schamas;

generating an output of the fitness function using the one or more inputs; and

selecting an implementation scheme from the set of chemical reaction schemas

according to the fitness funciion, the one or more inputs, and the one or more target products.,

3. The method of claim 1 or 2, wherein identifving the one or mors targes
products comprises:

accessing inventory information deseribing a set of products; and

wdentifying an incomplete subset of the set of products as the ‘one or more target

products using the mventory information.

4. The method of any one of claims 1 to 3, further comprising directing a
portion of the feedstock to a materials recyeling facility configured to convert the portion of the

feadstock to-at least one target product of the one or more target products.
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S The method of any one of claims 1 to 4, wherein predicting the set of
coustitnent materials incloded n the feedstock comprises:

accessmyg a hibrary of spectra and associated metadata corvesponding to the one or
more spectroscopic methods;

wdentifving a band o the one or more specira of the charactertzation daty; and

matching the band to a spectrum of the hibrary of spectra to predict a constituent

material of the set of constituent materials.

6. The method of any one of claims 1 to 5, wherein generating the set of
chemical reaction schemas comprises:

accessing a chemical reaction inventory, the chemical reaction inventory
compristng representations of chemical reactions describung a conversion of the feedstock to a
target product of the one or more target producss; and

populating the set of chemical reaction schemas from the chemcal reaction

mventory.

7. The method of any one of claims 1 to 6, wherein generating the set of
chemizal reaction schemas comprises:

sinmulating a first constituent reaction of a chemical reaction scheme of the set of
chemival reaction schemas using a machine leaming model

estimating an output of a reward fanction, with an output of the machine learning
mode! serving as an nput o the reward function; and

estimating 8 maximum of the reward function by modifying an tnput to the
machine learning model, wherein the put 1s an output from a second constitugnt reaction

preceding the fivst constituent reaction m the chemical reaction scheme.

8. A system, comprising
a memory configured to store computer-executable instructions; and
oN1e OF Mote Processars i communication with the memory and configured to

execute the computer-executable instructions to:

¥

ad

"
v



Lh

RSt I Y

o

L Tad bt

L

5

=]

wo

2

(V]

WO 2022/066298 PCT/US2021/044790

access characterization data of a feedstock, the charactarization data
comprising one or more spectra collected according to one or more spectroscopic
methods;

predict, using the characterization data, a set of constituent materials
inchuded in the feedstock;

pradict a material compostion of the feedstock using the predicted set of
constituent materials;

identify, at least in part using the predicted muaterial composition of the
feedstock, one or more target products;

generate a set of chemical reaction schemas enabling a conversion of at
least part of the feadstock into the one or more target products; and

store wlentifications of the material composition of the feedstock, the ong

or more target prodacts, and the set of chemical reaction schemas in & data store.

g, The systen of claim 8, wherein gxecuting the computer-exacutable
instructions further causes the one or MOre PrOCESSOTS 10

wdentifving one or more inputs o a fitness function, the one or more 1nputs
describing a chemical reaction scheme of the set of chenuical reaction schemas;

generating an output of the fitness function using the one or more inputs; and

selecting an implementation scheme from the set of chemical reaction schemas

according to the fitness Runction, the oue or more mpats, and the one or more target products.

10, The system of claim 8 or 9, wheren identifyving the ong or more target
products comprises:

accessimg inventory nformation desceribing a setof prodocts; and

identifying an incomplete subser of the set of products as the one or more target

products using the inventory information

t1. The systeni of any one of claims § to 10, wherein executing the computer-
gxecutable instractions forther causes the one or more processors to divect a portion of the
feedstock to a matenials reeveling faciliy configured to convert the portion of the feedstock to at

Teast one target product of the oie or more target products.
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120 The system of any ove of claims 8 1o 11, wherein predicting the setof
coustitnent materials incloded n the feedstock comprises:

accessmyg a hibrary of spectra and associated metadata corvesponding to the one or
more spectroscopic methods;

wdentifving a band o the one or more specira of the charactertzation daty; and

matching the band to a spectrum of the hibrary of spectra to predict a constituent

material of the set of constituent materials.

13, The system of any one of claims 8 to 12, wherein generating the set of
chemical reaction schemas comprises:

accessing a chemical reaction inventory, the chemical reaction inventory
compristng representations of chemical reactions describung a conversion of the feedstock to a
target product of the one or more target producss; and

populating the set of chemical reaction schemas from the chemcal reaction

mventory.

14, The system of any one of claims 8 to 13, whereimn generating the set of
chemizal reaction schemas comprises:

sinmulating a first constituent reaction of a chemical reaction scheme of the set of
chemival reaction schemas using a machine leaming model

estimating an output of a reward fanction, with an output of the machine learning
mode! serving as an nput o the reward function; and

estimating 8 maximum of the reward function by modifying an tnput to the
machine learning model, wherein the put 1s an output from a second constitugnt reaction

preceding the fivst constituent reaction m the chemical reaction scheme.

IS0 A computer readable medium storing computer-executable nstructions
that, when executed by one or more processors of a computer system, cause the computer system
o perform operations CoMprISing:

accessing characterization data of a feedstock, the characterization data

comprising ong or more spectra collected according to one or more spectroscopis methods;

]
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predicting, using the characterization data, a set of constituent materials included
m the feedstock:

predieting a material composition of the feedstock using the predicied st of
constituent materials;

identifying, at least in part using the predicied matesial composition of the
feedstock, one or more target products;

penscating a set of chenucal reaction schemas enabling a conversion of at zast
part of the feedstock into the one or more target products; and

storing wdenttfications of the material composition of the feedstock, the one or

more target products, and the set of chemuical reaction schemas in a data store,

16, The computer readable medium of claym 13, wherein the computer-
executable mnstructions, when executed by one or more processors of a computer system, further
cause the sysiem to perform Operations COMPrising:

identifying one or more inputs to a fitness function, the one or more inpans
descrbing a chemical reaction scheme of the set of chemical reaction schemas;

generating an putput of the fitness Amction using the one or more nputs; and

selecting an implementation scheme from the set of chemical reaction schemas

according 1o the fitness function, the one or more wnputs, and the one or more target products.

£7.  The computer readable medium of clatm 15 or 16, wheretn identifying the
ong of more target products comprises:

accessing inventory mformaton describing a set of progucts; and

identifying an incomplete subser of the set of products as the orie or more target

products using the mventory information,

18 The computer readable medium of claim 17, wherein the inventory
mformation comprises one or more of:

a quantity of the feedstock available for conversion;

a quality of the feedstack available for conversion;

market data of the feedstock available for conversion;
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a quantity of a target product of the one or more target procucts available ma
geographical region;

a quality of a tavget product of the one or move target products avadable ma
geographical region; or

maiket data of @ target product of the one or more target products available n a

reographical region.

19 The computer readable medium of any one of ¢laims 15 to 18, wherem
predicting the set of constituent materials included in the feedstock comprises:

accessing a libeary of speetra and associated metadata corresponding to the one or
more spectroscopic methods;

wdentifving a band 1o the one or more spectra of the characterization data; and

matching the band to a spectrum of the library of specira to predict a constituent

material of the set of constituent materials.

20. The computer readable mediam of any one of claims 15 1o 19, whergin
generatimg the set of chemical reaction schemas comprises:

simulating a first constituent reaction of a chemical reaction scheme of the set of
chemical reaction schemas using a machine leaming model;

estimating an cutput of a reward function, with an output of the machine learnmg
wodel serving as an input to the reward function; and

estimating a maximun of the reward function by maodifving an input to the
machine learning model, wherein the input s an output from a second constituent reagtion

preceding the first constituent reaction in the chenucal reaction scheme.



