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METRODS AND COMPOSITIONS FOR GOVERNING PHENOTYPIC QUTCOMES IN PLANTS

BACKOGROUND

This speeification relates to applications of neural networks, and more particalarly o
techuiques of applying machine learning models to plant biotechuology.

Machine learning models receive an input and generate an output, e.g., a predicted
output, based on the received input. Some maching learning models are parametric models and
generate the output based on the revelved input and on values of the parameters of the model.

One type of machine learning model ix a neural network. Neural networks, or for brevity,
networks, are machine learning models that employ multiple layvers of operations to pradict one
o more outputs from one or wore inputs. Newral networks typically inchude one or more hidden
lavers situated between an input layer and an owtput layer. The output of cach layer is used as
input to another layer in the network, ¢.g., the next hidden layer or the output layer.

Each laver of a neural network specifies one or more transformation operations to be
performad on oput to the laver. Some neural network lavers have operations that are reforred to
as neurons. Bach nearon receives one of more inputs angd generates an output that is received by
another noural network layer. Often, cach neuron receives inputs from other nonrong, and each
peuron provides an output to ong or more other neurons.

An architecture of a neural network specifies what layers are included in the network and
their properties, as well as how the nourons of each layer of the network are connecied. In other
words, the architecture specifies which lavers provide their output as inpat to which other layers
and how the output s provided.

The transformation operations of each tayer ave performed by computers having installed
software modules that implement the transformation operations. Thus, a layer being described as
performing operations means that the computers implernenting the transformation operations of
the layer perform the operations.

Each laver generates one of more outputs using the current values of a set of parameters
tor the layer. Traiming the newral vetwork thus involves continually performing 8 forward pass
on the input, computing gradient valoes, and updating the current vahues for the set of parameters
for each fayer using the computed gradient values. Once a neural network is trained, the final set

of parameter values can be used to make predictions in a production system.
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SUMMARY

This specification describes how a plant biology system can use one or more machine
learning models to predict the phenotype of a plant andfor a multi-amic profile of the plant. To
generate the prediction, the machine learning models of the plamt biology system can recgive as
input nalti-omic data corresponding to the plant at one or more previous time polmts. The
machine legrning models can also receive phenotypic data characterizing the plant at the one or
nore previous time polnts. In rosponse to the pradiction of the phenotype or nulti-omic profile
of the plant, the plant biclogy system can detenming to excoute one or more inferventions on the
plant, For example, the plant biology system can deliver exogenous material to the plant, g in
order to modify the genome or the RNA profile of the plant. The plant biology system can also
determine, using the generating prediction, ong or more of! 3 management practice profile, an
gnvironment profile, or @ breeding decision for the plant,

This spectfication also describes how a plant biology system can use ane or mote
generative machine learming models to generate one or more of: a fargel multi-omics profile, a
target management practice profile, or a target envivenment profite for a plant, In particular, the
gencrative machine learning models can recetve as input & desived multi-omics profile andfora
desired phenotype of the plant, and generate 8 model outppt that, if exceuted on the plant, causes
the plant to exhibit the desired multi-omics profile andfor desired phenotype. That is, the plamt
biology can perform one or more inferventions 1o modity the plant according to the generated
target profifes. As a particular example, the generated target multi-omics profile can include a
target genomic sequence, and the plant biology system can perform interventions {o modify the
genome of the plant to inclade the target genomic sequence.

tn this specification, a “plant” can jochude any cell, Ussue, plaatler, or full plant that
betongs to the kingdom Plantae or to the kingdom Pungl. As a particular example, a system can
use the technigues described in this specification to biotechnologically modify multicellular
orgamisms belonging o the kingdom Fongi. In this specification, multi-omics data of a plant can
nclude, but is not fimited to, data characterizing any one of more of! genomg, epigenome,
transcriptome, proteome, metabolome, Hipidome, glycome, eytome, exome, interferome, kinome,
ionome, metalome, methylome, phenome, phvtochemome, regulome, or seoretome data, as well
as “meta” data, that is, omie data of the organisms that interact with the plant, for sxample, meta-

SeRemL, znei‘a~as:;>igez‘1m‘;e, l‘ﬁ&tﬁ»ﬁ‘ﬁﬂﬁﬁ1‘§§§‘10ﬂ'l§5, meta-prateons, i'n%i%**ii‘l&ti&b@-iﬁﬂ'&& mela-
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lipidome, meta-glyeome, meta-cytone, meta-exome, meta-interferome, meta-kinome, meta-
ionome, meta-metalome, meta-methylome, meta-phenome, meta-phytochemome, meta-
remtlome, or mefa-seeretome of the plant. 1o this specification, the phenotype of a plant is the
set of observable characteristivs or traits of the plant. In particular, in this specification, the
phenotvpe of a plant is considered to be distinet from the multi-onics profile of the plant,

In this specification, 8 management practices profile of o plant can inchude any adjustable
aspect of the management of the growth of the plant, e, inputs such as fertilizer ar watsr, the
timing of planting, fertilizing, barvesting, ete. o this specification, an enviromment profile of a
plant can include the location-specific eavironmental conditions the plant is exposed to, .8
temperature, precipitation, soil properties, ete.

Particular embodiments of the subject matter described in this specification can be
implemented so as to realize one or more of the following advantages.

Techmques described in this specificabion can be used to increase the pace at which plamt
science experiments are performed, 1.¢., increase the pace of the design-build-iest-learn cyele, by
oultiple orders of magnitude. For example, combinatorial metabolic pathways can be used to
generste crops with properties that cannot be obtained using traditional breeding or oven gene
editing tochnigques. As another examiple, combinations of mutations arising from gene edits can
also be tested st a dramatically increased rate

Unlees otherwise defined, all techoical and scientific terms osed herein have the same
motrting as commonly understood by one of ordinary skill in the art to which the methods and
compositions of matter belong. Although methods and mateddads similar ov equivalent fo these
described herein can be used in the practice or testing of the methods and compositions of
matter, suttable methods and waterials are deseribed below, In addition, the materials, msthods,
and examples are Hustrative only and not intended to be hmiting. All publications, patent
apphications, patents, and other references mentionsd hersin are incorporated by reference in
their entirsty.

The details of one or more embodituents of the subject matter of this specification are set
forth in the accompanying drawings and the description below. Other foatures, aspects, and
advantages of the subject matter will become apparent from the description, the drawings, and

the claims.
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BRIEF DESCRIPTION OF THE DRAWINGS

FEG. T is a diagram of an example plant binlogy system.

FIG. 2 is a diagram of another example plant biology system.

FIG. 3 is a block diagram of an example machine leaming model of a plant biology
system,

FIG. 4 is a flow diagram of an example process for predicting a phonotype andior a
multi-omics profile of a plant.

FIG. S is a fow diagram of an example process for gencrating one or more target
interventions for a plant.

FIG. & is a bloek diagram of an example computer systent,

FIG, 7 is a graph showing s conparisen of model performance to baseling on the same
hold-out dataset.

Like reference numbers and designations in the various drawings indicaje hke elemenis.

This specification describes how a plant biology systern can measure and model a plant
state over ane or more time points in s development, under one or more environmental stressor
conditions daring its development, snd o one or more tissues so as to better understand and
predict the plant’s héhavior snd properties.. Such a madel can be used to significantly aceelerate
plant oplimization.

In some fmplementations, the system can predict later states, including phenotypes, from
carlier data, Thas allows the plant biclogy sysiem 1o generate diversity within plant populations
and shorteut s developroont times; that 15, the sysiem does not have to wait the entire lifeoyele
of the plant to start the next cycle of diversity generation, either through genetic modification or
breeding.

fn some implementations, the system can develop a generative model for plant
biotechnology. For example, the system can determying one or more interventions o any one of
the multi-onues categories according to the ouiput of the geverative model. As another example,
the systen can develop 4 generative model 1o generate farget gonetic sequences, Target
exprexsion profiles, target environment profiles, and/or target management practice profiles for
pencrating and growing new plants. As a particular example, the collected data can snable more

suceessful modeling in the context of snvironment and management to Hak specific genetic
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variations to phenotvpe. & generative genetic model, wherein 2 specific genotype or desived
range of genotypic variation van be computationally generated based on a given set of desired
phenotypes or intermediate states, in the context of environmenty and management practices,
would enable those tasked with generating genetic variation to confine that variation to a more
tractable number before generating it

fed

FIG. 1 and FIG, 2 are diagrams of example plant blology systems 100 and 208, The plant
bicdogy systems 100 and 200 are examples of systems inmienmmed A% COMPUlSr Programs on
IS OF MOTS compiers in one or more locstinns in which the systems, components, sad
technigues described below sre implemented.

The plant biology system 100 of FIG. T generates new plants using & vitro molecudar
binlogy techniques, while the plant biclogy system 200 of FIG, 2 penerates new plants using the
genctics of epigenctics of provious pﬁiams.‘

Genesally in FIG. 1 and FIG. 2, a solid line implies the transfer of a physicalohjedt, e,
a plant, plant tissue, or 8 molecule, while a dashed tine indicates the transfor of data, g,
measurement data of a plant or a model owtput of & machine learning model.

Referring to FIG. 1, the plant biology system 100 can execute a plant generation lifeovele
by starting with a plant from o plants system 110, In some cases, the plant can be obtained from
a plant systern 170 1 a previous lifecyele of the plant biology system 100, In some other cases,
the plant can be oblatved from a plant system 240 10 a previows lifecyele of the plant biology
system 200 depicted fu FIG. 2. In some other cases, the plant can be obtaived from anothe
souree such as sampling from the wild population or from conventional breading programs. The
first two cases are discnssed i more detail below,

The plant can be dissected, gither by an automated system, e.g., 8 vobotic control system,
or manually, and provided to a plant tissues system 138, The plant Hiesee can then be modified
and provided to a modified tissues system iSi}; e.g., the plant can be genctically modified using a
library 140 and a delivery method; this process is deseribed fn more detall below, A library isa
collection of multiple versions of reagents, for example a collection of DNA sequences
combinatorially assembled to give many difforent versions of a metabolic pathway, The litwary
can, for example, include plasmids, Hnear DNA fragments, synthetic goide RNAs (sgRNAxs),
RNAs, proteins, ete. The library 140 can be penerated from a library design system 130, which

can be collected either from » model output generated from a model 180 in a previvus ifecycle

4y
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of the plant biology system 100, from a model output of a model 250 in g previous lifeeyele of
the plant biology system 200, or from another source, for example, manual design from experts,
The first two of these cases are discussed in more detail below.

The modified tesues system 150 can grow g.2., ina cubture, the modified tssues into &
simall plant, and provide the small plant to 3 small plants system 160, The small plants system
160 can be governed by an environment and management practices system 190, that dictates the
environmental conditions and the management practices under which the small plants are grown.
The snrall plants svstem 160 can generate ssmples and measurements from the small plantas it
grows, extract data from the samples and messurements, and provide the extracted data o the
environment and management practices system 190, which in tura provides the extracted data to
the modet 1880, in order to deterniine whether the environmental and manggement practice
profiles of the small plant are optinal.

The small plants system 160 can also provide the daty extracted from the samples and
moasurenents 1o a multi-omics system 1935, which tracks the muolti-omic profile of the small
plant, in order to gencrate machine learning models from the dita, The data extraction can
inchude tissue sampling, molecule extraction and purification, and molecule guantification or
identification to provide the multi-omics profile, and can occur in any or 4 multitude of separate
tissuesiorgans of the plant. We nsed a dashed line here because this entire process represents the
travsition from a tangible entity (plant or plant tissue) to data (multi-omics). This process is
discussed in wmore detail below,

The small plants system 160 can grow the small plant inte a full plant through growth
practices and environmenial and management practices, and provide the grown plant to a plant
system 1700 The plad system 170 can also obtain samples and measurements of the full plang,
extract data from the sampley and measurements, and provide the data extracted from the
samples and measurements to the environmental and management practive system 190 and the
nlti-omios system 195, as described above with reference o the sumall pL;m*; systam 160,

Theenvironmental and management practics system 190 and the multi-onics system 195
can provide all data gathered throughout the lifetime of the plant. e, every piece of multi-
omics, pheaotypic, environmental, and management practice data corresponding to every time
point at which data was collected, to the modetbing svstem 180, The modelling system 180 can

use the data to train one or more maching learning models that the plant biology system 100 can

6
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use to goide the geveration of new plants with deswed qualities. The machine learning models
are described in more detail below in reference to FIG 4 and FIGL &

The modelling system 180 can provide the trained or updated machine lsaring models to
1) the fibrary designs system 130 {0 guide the modification of new plants, i} the environment and
management practice system 160 to guide the growth and management of small plants 160 and
full plants 170, and 1) cquivalent systems in the plant biology svstem 2000 In FIGL 1 and FIG. 2,
the outputs of the medeling systems are labeled as “recommendations,” but generally they can be
any model output of a machine learning model,

The plants system 170 can provide the fully-grown plant back to the plants system 110, in
order to start a new lifecyele. The plants system 170 can also provide the fully-grown phm to
the plants system 210 of the plant biology svstem 200 depicted in FIG. 2, in order to begin a new
lifecycle of the plant biology system 200, That is, the plant biology systems 100 and 200 can
pmvid?s plants and data to each other, so that 8 manggement system can use both plant hiology
systems 100 and 200 10 Herate on plant generation,

Referring to FIG, 2, the plant biology system 200 can execute a plant gencration lifecyel

&

by starting with a generafion N plant obtained from a generation N parental Iines system 210, Ag
deseribed gbove, in some cases, the plant can be oblained from the generation N+ 1 plants
syster 240 1n g previous hifecyele of the plant biology systers 200, from the plant system 170 in
a previons Hieeyele of the plant biology system 100 depicted 1 FIG 1 or from another soaree
such as sampling from the wild population or from conventional breeding programs.

A generation ¥ + 1 seeds system 220 can generate sew seeds from processes involving
the pavental Hnes 210, e.g., using crosses, selfing, or haploid doobling. As deseribed above with
referguce to FIGL 1, o generation N+ 1 small plants systeny 230 and a generation N + 1 plants
system 240 can, through growth and wanagement practices dictated by a machine learning model
trained by the modelling system 250, grow the gensration N+ 1 seeds jnto a follv-grown
generation N+ | plant. The generation &+ 1 small planis system 230 and the generation N+ 1
plants system 240 can also obtam samples and measurements of the generation & + 1 plantas it
grows, ad p»rovide data extracted frony the samples and measursments to s environmental and
management practices system 260 and 8 multi-omics systemy 270, For example, the data

extraction can include tissue sampling, molecule extraction and purification, and molecule
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guantification oy identification to provide the multi-ontics profile, and can cccur inany ora
multitade of separate tissues/organs of the plant.

As deseribed above with reference to FH3 1 the eovironmental and management
practices system 260 and the multi-omics system 270 can provide every piece of data collected
corrssponding to the generation N + | plant to the modelling system 250, which can use the daia
to train one or more machine learning mcdels that the plant biolegy system 200 can use to guide
penvrate new plants with desired quﬁiitiﬁs. The machine leaming models are described in more
detatl below v reference to FIG, 4 and FIG, &,

In some imploementations, plant Eai‘aiogy systems 100 and 200 can share the same
modelings system; Lo, the modeling sy 180 depicted in FIG. 1 and the modeling system 250
depicted in FIG, 2 can be the same system. Thus, both plant biology systeny 100 and 200 can
share data to train machine leaming models.

The modelling system 250 can provide the trained or updated machine learning models to
1} select the next generation of parental Hnes for parental Hines system 210 1o goide the selection
of plants to use for the next Hifecycle, 1) develop an design for erossing, selfing, haploid
doubhing, or in any other way mixing the genetics of the parental Hines o seeds system 224, 1)
the envivomment and management practices sysiem 260 to guide the growth and management of
nevw plants, or 1v) equivalent systems in the plant biology system 100,

The modelivg and analysis for each time step can depend only on the current time step, or
it can depend on multiple previous time steps. That is, the machine fearning models of the plant
biology systems can take as input either the data collected in the current time step or & time series
of data collected during mudtiple previous time steps.

The modehog and analysis can include geverating predictions for the phenotype of malg-
omic profile of the new plant. Instead or in addition, the modeling and analysis can include
generating a target multi-omie, management practice, or envirosument profile. This process is
discussed in wmore detall below i reference to FIGS, 3-3.

Cine or ore of the steps of the process performed by the plant blology systems 100
andfor 200 can be performed in an antomated fashion. Instead or in addition, one ormore of the
steps can be performed in manual fashion

As a particular example, genetic modifications can be performed by the medified tissues

systom 150 depicted in FIGL 1 by (8) obtaining DINA sequences from the library 140, which may

o
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be gengrated using a generative model, {b) performing custom DNA synthesis, and (¢}
performing transformation and regeneration protocols (e.g., sutonusted transformation and

regeneration profocols). This process is described in ULS. Application Noo 16/853.297, the entire

&

o

contents of which are hereby incorporated by reference. Genetic modifivations can also be
generated via conventional breeding, or by gene editing, base editing, or prime editing, wherein
site~specificiyy for site-directed DNA modifving enzymes {e.g. guide RNA designs) are the
output of the generative model.

The approach deseribed herein uses computational methods to link multi-cmic and,
opticnally, dynamic data, with phenotypic outcomes.  These methods may be species-
generabizable and may include constraint-based physical models, statistical models, machine
learning, snd traditional biclogical methods, The generative modeling described herein can be
accomplished by modeling the joint probability distribution of the inputs and outeomes; and
madeliing the conditional probability distribution of the parameters given the teaining data, The
models described herein are enabled by increased computationst power and new and flexible
machine learning models. These models ave discussed in more detail below in reference to FIG.
4 angd FIG. 5,

This system does not suffer from the same limifations as conventional approaches, Muti-
omie, ime-dependent modeling 18 complex and computationally expensive. Itis dithicult 1o
build & goneric statistical model of bivlogical systerns. As a result, prior to these advances,
researchers were forced o restrict the dataset {e.g., o & single -omics dataset), simphiy the
maodels (¢.g., with shrople Unear assamptions), or otherwise constrain their approach. For this
reason, it is believed that approaches that do not suffer from these restrictions would
significantly improve predictive and generative perfonmance,

FIG. 3 is a block diagram of an example machine leamning model 300 of a plant blology
system. The machine learning model 3001 an example of a system impletented as computer
PrOQrams o One oF more compuiers inone or more locations in which the systerss, components,
and techniques described below are implemented.

The machine learning model 300 can receive as input data charactertzing a plant at one or
more previous time steps {step 310} For example, the data can include phenotypic data 311
andfor a known multi-omics profile 312 for cach previous time step. The known nulti-omics

mrotile can include data chargeterizing any known multi-omics for the previous time step, but not
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necessarily every multi-omics category; that is, one or more multi-omies categories may be
upkoown, The inpul data can also include management data 313 and environment data 314
characterizing the conditions that the plant was in at the one or more previous time steps. The
input data can also include genomic data, e.g., a complete or partial genomic sequence of the
plant.

The machine learning model 300 can perform pre-processing on the input daty to
gensrate updated input representations, e.2., input embeddings, for the machine learning muodsl
300, For cxample, the machine learning mode! can “clean™ the input data so that the inpma
represaations match a particular template.

As another example, the machine learning models 330 can perform “dimensionality
reduction.™ That is, one or more of the machine fearning models 330 can reduce the number of
miputs into one or more other machine learming models of the interconnected machine learning
magdels 330, e.g., by processing the inttial input represerstation provided by the mputs system 310
to generate an updated representation that is smaaller than the indtial representation.

The data can be stored locally or on the cloud, and downloaded or transforred to the
model upon request. The pre-processing can also be performed locally or using remote servers
on the cloud, Data that s created as a result of the compotational process may be then saved or
stoved locally or on the cloud.

i this specification, an embedding is an ordered collection of numeric values that
represents an input in a particular embedding space. For example, the embedding can bea vector
of floating point or other pamerie values that hay a fixed dimensionality.

The machine learning model 300 can then process the inpul representation using one or
more machine learning modules, or computational analysis modueles, in order 1o generate resolts
340 as the modules-have begn frained. This process is discussed 1 more detall below with
respect to FIG, 4 and FIGL S,

The results 340 can then be provided to an experimental or data controler system 350 to
generate more plants, as described above, and the process can cyele back to the Hirst step at the
input system 316,

FIG. 4 and FIG. § describe example processes for using machine learning models for

plant bistechnology.
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In particutar, FiG 4 describes ap example process for using input multi-onties data and
phenotypiv data of a plant o generagte a prediction of output multi-omics data and phenotypic
data for the plant. In some implementations, the multi-omics, phenotype, environmend, and/or
management categories that are used as input to the model, ¢.g., transcriptome, are different from
the multi-omics, phenotype, environment, and/or management categories that sre obtained as an
cutput of the model, e.g., proteome, That 13, the machine learning moded can use data
corresponding to certain multi-omics, phenotype, environment, and/or management catogories at
a particular time point, eptionally with other data at previous time points, (0 generate a prediction
for other multi-omics, phenotype, eavironment, andfor management categories at the particular
thime point,

In some other implementations, the number of mulii-omics, phenotype, enviranment,
andfor management catepories that are used as inpat to the mode] can be different than the
number myplti-omics, phenotype, enviromment, and/or management categories that are oblgned
as an output of the model, e.g., the inputs can be genome and transeriplome and the output could
he protecnie,

bt some other implementations, the nulti-omics, phenotype, environment, andfor
management categories that are used sy input 1 the medel can be the same 4s the malti-omics,
phenotype, envirormment, and/or managerment categories that are obtained as an output ot the
madel, but the joput vadti-omics, phenotype, environment, andfor management data corresponds
to a different time point thay the output multi-omics, phenotype, environment, andéor
managerment data. Thai i3, the machine learning model can use data corresponding fo particnlar
mlti-onuics, phenotype, eovironment, and/or management categories at previous time poiais to
genevate a pradiction for the particalar multi~ondes, phenotype, enviromment, andfor
management categories al the current ime point, and optionally future thwe points.

FIG. 5, deseribes av example process for using input “desired” multi-omics, phenotype,
environment, andfor management data to generate output “target” naulti-omics, phanotype,
environment, and/or management data. The target nmulti-omics, phenotype, environment, andfor
management data, if used to perfnm interventions of a plant, causes the plant to exhibit the
“desived” multi-omics, phenotype, snvironment, andfor management characteristivs. Generally,
the “larget” multi-omics, phenptype, environment, and/or management categories and “desired”

mudti-omics, phenotype, environment, and/or management categories are different.



WO 2020/227696 PCT/US2020/032253

Generally, 2 multi-omics, phenotype, environment, andior managenent category that is
used as an input to the provess described in FIGL 4 {e.g., a multi-omics category that can be used
tor predict the phenotype or other multi-omies categories in a plant) can be used as an output o
the process described In FIG, § {e.g., a “target” multi-omics category that can be used to
effectuate a desired phenotype or other mulii-omics categories in the plant).

FIG. 4 is a flow diagram of an example process 400 for predicting a phenotype andfor a
nutti-omics profile of a plant. For convenience, the process 400 will be described as being
performed by 8 system of one or more computers located in one or more focations. For example,
g plant biology system, 2.2, the plant biology system 100 depicted in FIG. 1, appropriately
programmed in accordance with this specification, can perform the process 400,

The systen obtaing g model input corresponding to the plant (step 402), The medel mput

can inchude time series data that inclodes data for one or more previous time points. The data for
cach previous thme point can include 1) o muli-omics profile of the plant at the previous time
points, i) phenotypie data corresponding 1o the plant at the previous thme point, or i) both, The
data for each previous time point can also include the resnagement practice profile andior the
environment profile of the plant at the previous time point; that is, the data for each previous
time point can include data chargeterizing the conditions in which the plant grow at the previous
fime point.

The syster processes the wodel input using a machine learning model to obtain 3 wodel
output corresponding to the plant at one or more future time points (step 4043 The model output
can include, for each future time point of the one or more futire Hme points, that a prediction for
1} the phenotype of the plant at the future time point, 11} a multi-omics profile of the plant at the
future thoe point, or 1) both. The wachine learning model can be configured through training to
receive such model inpots to generate such model outpats.

I some implementations, the final “previous™ time step in the moded put i the same
time step as the st “foture™ time step in the model outprt, 1.e, 2 “current™ time point.

by some bmplementations, the machine learning model includes a hybeid model, where
the hybrid model comprises 1) & machine learning component and 1} & hard-coded component.

As a particular example, the hard-coded compuonent can include one or move look-up tables, e.g.,
a look-up table that maps penstic sequences o proteins, a lookep table related to protein fbiding,

a lookup table that defines repulatory sequenees, a lookup table that maps repulatory sequence to
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expression level, a fookup fable that maps protein sequence or identity to enzymatic function, a
fookup table that maps protein sequence or identity to enzyme kinetics, or a lookup table that
gives annealing temperatures of polymers.

The system determines one or more interventions for the plant using the mode! output
{step 406). For example, the system can determine a management practice profile for the plamt
using the maodel output, o, by selecting one or more management practices for the plant
according to the model eutput. As another example, the system can determing an environment
mrofike of the plant using the model output, e.g., by sclecting 8 value for each of one or more
enviremmnent variables secording (o the model cutpui. As another example, the system can
determine a breeding decision for the plant using the model output. As another example, the
system can determing, according 0 the model outpu; to deliver exogenons miaterial o the plant,
¢.8., by performing one or more of! modifving the genome of the plant, oditing the RNA of the
plant, modulating the lovels of certain transcripis within the piamg or delivering proteins to the
plant. Modifications can be made in soch 8 way as to be effective gt g particalar Hime or times, or
s spectfic tissue or tissue, for example by modifying the regulatory clements controlling gene
EXPYESSIon.

FIG, 5 s a flow diagram of an example process 500 for generating one or more target
interventions for a plant. For convenience, the process 500 will be described as being performed
by a system of one or more computers located 11 one or more locations. For example, 8 plant
biology systemy, e.g., the plant hiology system 100 depicted in FIG. 1, appropriately programmed
in accordance with this specification, can perform the process S00.

The systom obtams a wodel input corresponding to the plant (step S02). The model input
can include time series data that wncludes data for ong or more previous tune points, The data for
gach previous fime point can include 1) a multt-onues profile of the plant at the previous thne
point, 1) phenotypic data corresponding 1o the plant at the previous twe point, or Hiy both, The
data for each previous time point can alse nclude the management practive profile andfor the
environment profile of the plant at the previous time point; that is, the data for cach previous
time point can include data chavacterizing the conditions in which the plant grew at the provious
time point.

The system processes the model Jnput using a generative nachine learning model to

oliiain a4 mode! output corresponding to the plant that characierizes one or mors of 8 target
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nulti-omics profile, a target management practice profile, or 3 target environment profile {step
5(14).

The gensrative maching lsarning model can be configured through training to recsive a
model input that identities desired qualities of a plant, and process the mode! input to generate
one or more of 1) a target multi-omics profile, 1) a target management practice profile, or Hii} a
target soviromment profile that, when used to modify the plant, causes the plamt to exhibit the
desired gqualities. That is, the model output accomplishes the desired poals characterized by the
model inpat.

The generative machine leaming model can include one or more of! 2 generative
adversarial network; a probabilistic deep learning model; a Bayvesian model; a probabilistic
kernel method; a stochastic method; a sequence prediction model; an energy-hased model; one or
more density estimation models in combination with one or more predictive model{s) ara
contbination probabilistic-non-probabilistic model.

The system performs one or more interventions fo modify the plant according to the
maodel output (step J06).

As a particular example, model output can include g trget genomic sequence, and the
system can perforn one or more interventions to modity the genome of the plant 1o include the
target genonue sequence. For example, the system can deliver sucleie acids and profeins {o the
plant, for example by using bacterial delivery, vival delivery, chentical delivery, biolistics,
nanopatticle delivery, or microingection. These debivered reagents can be used to modify the
genome, for example to perform gene editing or base editing. As another particular example, the
fnterventions can inclade the incorporation of genetic diversity from other plants of the same
species, Tor example by breeding, selfing, or the use of doubled-haploid technology. This
process is discussed in more detall in “Doubled Haploid Production jn Crop Planter & Manual,”

edited by Matuszynski et al,, DOL 10 1007/978-94.017-1293-4_46.

FIG. 6 15 a block dlagram of an example computer system 600 that cap be used 1o
perform operations described above, The system 600 includes a processor 610, a memuory 620, a
storage device 830, and an inputioutput device 648, Hach of the components 614, 628, 638, and
640 can be interconnected. for example, using a svstem bus 630, The processor 610 is capable of

processing instructions for excention within the system 600, In one implementation, the

Lo

mocessor 61048 o single-threaded processor, {u another implementation, the processor 610 fsa
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nmulti-threaded processor. The processor 610 is capable of processing instructions stored in the
memory 620 or on the storage device 630

The memory 620 storss information within the system 600, In one implementation, the
menory 020 1s 8 computer-readable medinm.,  In one implementation, the memory 620 is a
volatile memory unit, o another implementation, the memory 620 i a non~volatile memory
uit

The storage device 630 ix capable of providing mass storage for the system 600, In one
inplementation, the storage device 630 is a computer-readable medium, In various different
implementations, the storage device 630 can include, for example, @ hard disk device, an optical
disk device, a storage device that 15 shared over a network by multiple computing devices {for
example, a cloud storage device), or some other large capacity storage device,

The inputfontput device 640 provides inputioutput operations for the system 600, In one
implementation, the input/output device 640 can include one or more network interface devices,
for example, an Ethernet card, a serial communication device, for example, 8 RS-232 port,
sndfor sowircless interface deviee, for example, a 802,11 card. In another implementaton, the
mputfouiput device can inchude deiver devices configared to receive input date and send outpai
data to other inputioutput devices, for example, keyboard, printer and display devices 660, Other
implementations, bowever, can also be used, such as mobile computing devices, mobile
copmication devices, set-top box television clisnt devices, ete.

Although an example processing system has been described in FIG. &, implomentations
of the subject matter and the functional operations described in this speeification can be
implemented in other types of digital electronic circuitry, or in computer software, Srmware, or
hardware, including the structures disclosed 1o this specification and their structural equivalents,
or in combinations of oue or more of them,

This specitication uses the term “configured” in connection with systems and computer
program components. For a systeny of one or more computers 1o be configured to perform
particular operations or actions means that the system has installed on it software, firmware,
hardware, or a combination of them that in operation causs the system to perform the operations
or avtions. For one of more conputer programs 1o be configured 16 porform particular opsrations
or actions means that the one or more programs include instructions that, when excouted by data

processing apparatus, cause the apparatus to perform the operations or sctions.
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Embodiments of the suliect matter and the functional operations deseribed in this
specification can be implemented in digital electronic chrcuitry, in tangibly-embodied computer
software or firnvware, in computer hardware, inchuding the stractures disclosed in thiz
specification and their structural equivalents, or in combinations of poe or more of them.
Embediments of the subject matter described in this specification can be implemented as one or
More compuier programs, L.e,, one or more modules of conputer program instructions encogded
on a tangible non<transitory storage mediom for execution by, or to contred the operation of, data
mrocessing apparatus. The computer storage medium can bea machine-readable storage deviee,
g machine-readable storage substrate, 8 randony or serial access memory device, or a
combination of one or more of them.  Alternatively or in addition, the program instructions can
be encoded on ab grtificially-generated propagated signal, o.g. a machine-generated clecirical,
optical, or electromagnetic signal, that is generated 1o encode Information for transmission 1o
sntable recever apparatus for execution by a data processing apparatas,

The term “data processing apparatus” refers to data processing hardware and
encompasses all kinds of apparates, devives, and machines for processing dats, including by way
of example a programmable processor, a computer, or multiple processors orconyputers. The
apparatos can glso be, or further include, off-the-shell or custom-made parallel processing
subsystems, €.g., a OPL or another kind of special-purpose processing subsystenm. The apparatus
cart also be, or forther incloude, special purpose logic cireuitry, e.g., an FPGA (hield
programmable gate array) or an ASIC (application-specific integrated circuit), The apparatus

can optionatly inchude, in addition to hardware, code that creates an exesution environment for

computer programs, ¢.g., code that constitutes processor fivvoware, & protocol stack, a database
management systeny, an operating system, or a combination of ong or more of them,

A computer program which may also be referred 1o or desoribed a8 a program, software,
a software application; an app, a module, a software module, 8 script, or code) can be wrilten i
any form of programming language, inchuding compiled or interpreted languages, or declarative
or procedural fanguages, and itcan be deploved 1n any forny, including as 8 stand-alone program
or as & module, component, subroutine, or other unit suitable for uye in a computing
environment. A program may, but need not, correspond to a file in a file system. A program can
be stored i 8 portion of a fie that holds other programs or data, e.g., one or move scripls stored

i & markup language document, in g single fite dedicated to the program in question, or in
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multiple coordinated files, ey, files that store one ar more modules, sub-programs, or portions
of ¢cade. A computer program can be deployed 1o be executed on one computer or on multiple

amputers that are located at one site or distriluited across multiple sites and intercomnsctad by a
data conumunication network.

As ysed in this specification, an “engine,” or “software engine,” refers to a software
implemented inputioutput system that provides an output that is diffevent from the input, An
engine van be an encoded block of functionality, such as a Blrary, a platforns, a software
development kit {“SDK™}, oran object. Each engine can be anplemented on any appropriate
type of computing devige, e.g., servers, mobile phones, tablet computers, notebook computers,
music players, e-book veaders, laptop or desktop computers, PDAs, smart phones, or other
stationary or portable devices, that includes one or more processors and computer readable
media, Additionally, two or more of the engines may be implemented on the ssme computing
device, or on different computing devices,

The processes and logic flows desertbed in this specification can be performed by one or
more progranimable computers executing one or more computer programs 1o perform functions
by operating oo inpot data and generating output. The processes and logie Hows can also be
perforned by special purpose logie cireuitry, e.g., an FPGA or an ASIC, or by a combiation of
special purpose logic circuitry and one or more programmed computers,

Computers suitable for the execution of & computer program can be based on general or
special purpose nucroprocessors or both, or any other kind of central processing onit. Generally,
a central processing unit will recelve fnstractions and data front a readeonly memory or a random
access memary or both, The essential elements of a computer are a central processing onit for
performing or exccuting mstructions and one or nore memory devices for storing instrachons
and data. The central processing unit and the memory can be supplemented by, or incorporated
in, special purpose logic cireusiry, Generally, a computer will also Inclade, or be operatively
coupled to vecelve data from or transfer data to, or both, one o more mass storage devices for
storing data, e.g., magnetic, magusto-optical disks, or optical disks. However, a computer need
not have such devices, Moreover, a computer can be embedded in another deviee, e, 3 mohile
telephone. a personal digital assistant (PDA), a mobile audio or video plaver, a game consele, 3
Global Fositioning System (GPS) receiver, or g portable storage device, ¢.g., a universal serial

bus {LISB) flash drive, 1o name just a few,
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Computer-readable media suifable for storing computer program nstructions and data
include all forms of non-volatile memory, media and memory devices, including by way of
example xemiconductor memory devices, ez, EFROM, EEPROM, and Hlash memory devives;
magnetic disks, g2, internal hard disks or removable disks; magneto~optival disks; and CD-
ROM and DVD-ROM disks,

To provide for intersction with a user, embodiments of the subject matter described in
this specification can be i.mpiemaﬁmd o & computer having a display device, e, a CRT
{eathode ray tabe} or LCD (liquid crystal display) mositor, for displaving infonmation to the user
and a keyboard and pointing device, e.g, a mouse, trackball, or 2 presence sensitive display or
other surface by which the user can provide input to the computer, Qther kinds of devices can be
used to provide for intergetion with 2 user as well; for example, feedback provided to the user

can be any form of sensory feedback, e.g.. visnal feedback, auditory feedback, or tactile
teedback; and mput from the user cun be received b any form, including acoustic, speech, or
wmetile input. In addition, a computer can interact with a user by sending documents o and
receiving documents from a device that is used by the user; for example, by sending web pages
to @ web browser on a user’s device in response o reguests received from the web browser,
Alse, @ computer can inferact with 2 user by sending text messages or other forms of message to
a personal device, e.g., a smavtphone, running a messaging application, and receiving responsive
messages from the gser i return,

Embodiments of the subject matter described in this specification can be implemented i
a computing system that includes a back end component, e.¢., as & data server, or that inclades a
middleware component, e.g., an apphication server, or that includes & front end component, ©
& clisnt computer having a graphical user interface, g web browser, or an app through whach a
user can teract wilth an implementation of the subject matter described in this specification, or
any combination of one or more such back end, middleware, or front end components. The
components of the system can be interconnected by any form or medium of digital data
communication, e.g., a communication network, Examples of communication networks include
a focal area network (LAN) and a wide ares network (WAN), e.g. the Internet,

The computing svstem can inchude clivnts and servers. A client and server ars generally
remote from cach other and typically interact throngh a communication network., The

refationship of client and server arises by virtue of computer programs running on the respective
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computers and having a chient-server relationship to cach other. {n some embodiments, a server
transmits data, e,g., an HTML page, to & user device, v.g., for purposes of displaying data to and
receiving user input from a user interagting with the devics, which acty as @ clisnt. Data
generated at the user device, e.g., a result of the user interaction, can be received at the server
from the device,

bn addition 1o the embodiments described above, the following smbodiments are slso
innovative:

Embodiment 1 is 8 method comprising:

obtaining & madel input comprising time series data, wherein the tine series data
comprises, for pach previous thne point of pne or more previous time points, at feast one of 1)
first multi-omics data corresponding 0 a plant at the previous tine point, or i) phenotypic data
corresponding to the plant at the previous time point; snd
comprises, for each future time point of one or more of future Hime points, 8 prediction of at least
one of 1) a phenotype of the plant at the future time point, or it} second multi-omics data
corresponding fo the plant at the future time point, wherein the machine kearning model has been
configured through training o

recetve g taining model input corresponding 1o & tratning plant, and
process the traming model input 1o generate a prediction corresponding to the
tratning plant at cach of one or move future ime points.

Embodiment 2 is the method of embuodiment |, further comprising determining,
according to the model output, to deliver exogenons material to the plant, comprising oue or
more of

moditving the genome of the plant;

editing the RNA of the plant;

moditving the Jevels of particular transcripts in the plant; or

dalivering proteins o the plast.

Embodiment 3 s the method of any one of embodiments 1 ov 2, further comprising one
ot e of)

determining a management practicve profile of the plant using the mode! owpuy;

determining an environment profile of the plant using the model eutput; or



WO 2020/227696 PCT/US2020/032253

determining a breeding decision for the plant using the model output.

Embodiment 4 i3 the methad of any one of embodiments 1-3, wherein the time series daty
further comprises, for each previous time point of the one or more previous tme points, ong or
more of envirenment or management practice data,

Embodiment § is the method of any one of embodimenty 1-4, wherein each of the first
mulii~omics data and the second multi-omics data comprises one or more of! genome,
gpigenome, transeriptome, proteome, metabolome, lipidome, glveome, svtome, exome,
interforome, Kinome, ionome, metalome, methyviome, phepome, phytochomome, regulome,
secrotome data, mela-genome, meta-epigenmme, meta-transeriptonie, meta-proteome, meta-
metabolome, meta-lipidome, meta-glycome, meta-cytome, meta-exome, meta-interferome, meta-
kinome, meta-ionone, meta-metalone, meta-methylome, meta-phenome., meta-phytochemome,
meta-repuiome, or meta-seorctome data,

Embodiment 6 is the method of any one of embodiments 1-5, wherein the machine
leaming model 1s a hybrid model, wherein the bybeid model comprises 1) & machine-fearned
component and 11} an encoded component,

Erabodiment 7 is g method comprising:

obtaining g medel input comprising at least one of 1) a destred mulii-omics profile of
plant, or i) a desired phenotype of the plant;

processing the model input using @ generative machine fearning model to obtain a moded
output compising one of more oft

a target multi-omics profile,
& target management practice profile, ov
a tavget envivonment profile,
wherein the generative machine learning model has been configurad through fraining to:
receive a training model inpat that identifies desired qualities of a training plant,
and
process the training model input 1o generate one or mote of 1) o target mudti-omies
profile, H) a target management practice profile, or it} a target enviromment profile that, when
used 1o modify the training plant, causes the raining plant to exhibit the desired gqualities; and
performing one or more interventions 1o modify the plant according to the model output.

Embodiment 8 ix the method of embodiment 7, wherein:
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the model input comprizes a target multi-omics profile,

the target multi-omics profile comprises a target genomic sequence, and

performing one or more interventions to modify the plant comprises modifying the
genome of the plant to include the target genomic sequence.

Embodiment 9 is the method of embodiment &, whersin:

the modification is o a regulatory region, and

ix chivected toward one or more specific tissues of the plant, one or more developmental
stages of the plant, andfor oneor more environmental conditions that the plant ks i

Embodiment [0 is the method of any one of embodiments § ar 8, wherein modifying the
genome of the plant comprises one or more of!

delivering nuekeic acids and proteins to the plant; and

perforniing gene editing or base editing,

Embodiment [ s the method of any one of embodiments 7-10, wherein the target multi-
ovnics profile comprises ong or more oft genome, epigenome, transcriptome, proteome,
metabolome, lipidome, glycome, eytome exome, interferome, Kinome, tonome, metalome,
methylome, phenome, phytochemome, regulome, seoretome data, meta-genome, meta-
epigenome, meta-transcripiome, meta-proteome, metg-netabolome, meta-hpidome, meta-
ghveome, rela-cytome, meta-exome, meta-interferome, metakinome, meta-ionome, meta-
metalotae, meta~-methylome, meta-phenome, roeta-phytocherome, meta-regulome, or meta~
secretome data,

Embodinment 12 Iy the method of any one of embodiments 7-1 1, wherein the oue or more
fnterventions comprise one of wote of?

teeding;

hacterial deliveny

viral delivery;

chemical delivery,

hiohistics:

nanoparticle deliveryy or

microinjection,

Embodiment 13 is the method of any one of embodiments 7-12, wherein the generative

machine fearning mode! Comprises pre or more of!

%]
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a generative adversarial network;

a probabilistic desp learning model;

a Bayesian model;

a probabilistic kernel method;

a stochastic method;

a sequence prdiction model

an encrpy-based modsl;

oae or more density estimation models in combination with one or more pradictive
model(s); or

a combination probabilistic-non-probabilistic model.

mbodiment 14 1s a system comprising: one or more computers and one o more storage
devices storing istructions that are operable, when execuied by the one or more compuiers, 1o

cause the one or move computers {o gm'rf@ma the method of any one of embodiments 1o 13,

Embodiment 135 is a computer storage medianm encoded with a computer program, the
program conyprising instroctions that are operable, when executed by data processing apparatus,

to cause the data processing apparatus to perform the method of any one of embodinients 1 to 13

EXAMPLES

Example I--Experimenial Evidence

A seqgoential neural network was built to model the time taken by natural genetic variant
lines of drabidopsis thaliona 1o veach the reproductive stage (time to Hower). Inone exanple,
the model was traimed on publicly available transoriptomes collected from leaves (Kawakatsu et
al., 2016, Cell, 166(21:492-505). The transcriptomic data was available for 728 natural genetic
vattants, 620 of whuch carried Howering tme information (O days to bad initiation from
planting). The transcriplorsic data was experimentally generated by RNA-sequencing; and the
raw data was subsequently preprocessed in accordance with best practices. Thix step includes
standardizing the oviginal 24,173 transcript counts (features) to unit variance, and reducing the
dimensionality of the feature set by principal component analysis to the maximal allowable
components ~ that {s 558 plant lines for the given dataset {90% of all lines). In accordance with
machine learning best practices, a hold-out dataset was created prior to model training, which

contained 1096 of the original data. The remaining 0% of the data was nsed to train the models,

T3
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These included (1) a lincar regression mode! as a baseline comparison, and £2) a multitude of
sequential neural networks architectures as searched for by the algorithm in the AntoKeras
implementation (Jin ef al., 2019, In Procesdings of the 25th ACM SIGK DD International
Conference on Knowledge Discovery & Data Mining {pp. 1946-1956)). The highest performing
neural network mode! sechitecture—measured as the lowest mean~squared-error on a 1%
validation dataset-—obtained following the neural network architecture search using AutoKeras
was subsequently cross-validated on the full dataset. Pearson correlation and Spearman rank
gorrelation coefficients were used to assess and compare model performance to baseling on the

same hold-ont dataset (FI1G. 7).

While this specification contains many specific implementation details, these should not
be construed as limitations on the scope of any invention or on the scope of what may be
claimed, but rather as descriptions of features that may be specific w particular embodiments of
particular inventions. Certain features that are described in this specification in the context of
separate embodiments can also be implemented in combination in s single embuodiment.
Conversely, varions featores that are described in the context of a single embodiment can also be
implemented in multiple embodiments separately or in any suitable subcombination. Morcover,
although features may be desceribed above as acting in ceriain combinations and even nitially be
clatmed as such, one or more fegtures from & olaimed combination can in some cases beexcised

from the combination, and the claimed combination may be dirccted to 4 subcombination oy
variation of a subcombination.

Stotarly, while operations are depicted in the drawings in a particular order, this should
not be understood as requiring that such operations be performed iy the particular order shown or
in saquentis! order, or that all illustrated operations be performed, to achieve desirable results. In
certain circumstances, multitasking and parallel processing may be advantageous. Morcover, the
separation of various system wodules and components in the enmtbodiments described above
should not be understood as requiring such separation in all embodiments, and it should be
anderstood that the deseribed program componentis and systems can generally be integrated
together in a single software product or packaged into multiple software products.

Particular embodiments of the subject matter have been described,  Other embodiments

are within the scope of the following claims. For sxample, the actions recited in the clalms can

td
Lad
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be performed o a different order and stil] achiove desirable results. As one example, the
processes depicted in the accompanying figures do not necessarily requive the particudar order
shown, or sequential order, to achisve desirable results. In some cases, multitasking and parallel
processing may be advantagenus,

What is claimed is:
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CLAIMS

1. A method comprising:
obtaining a model input comprising time series data, wherein the Goe sevies data
comprises, for sach previpus time point of ong or more proevious time poinds, at least ong of 1)
first multi-omics data corresponding (o a plant at the previous time point, or i) phenotypic data
corresponding to the plant at the previous time pointy and
processing the model input using a machine learning model to obtain a model cutput that
comprises, for sach future time point of one or more of future thne points, a prediction of at least
one of 1) a phenotype of the plant at the future time point, or i) second multi-omics data
corresponding to the plant at the future time polnt, wherein the machine learning model has been
configured threugh training to:
recelve a traiing model input corresponding 1o @ trafning plant, and
process the training medel Input to generate g prediction corresponding to the

training plant at each of one or more fulure time points,

2. The method of claim 1, further comprising determining, aceording to the model nuiput, to
deliver exogenous material to the plant, comprising one or more of;

moditving the genome of the plang

aditing the RNA of the plant;

moditying the levels of particular transeripis in the plant; or

delivering proteins to the plast,

3 The method of clairn | further comprisiog one or waove of:
determining a managoment practice profile of the plant using the model output;
determining an environment profile of the plant using the model output; or

determining a breeding deciston for the plant using the model outpat.

4, The method of elaim 1, whersin the thme series data further comprises, for each provious
thme point of the one or more previous time points, one or more of environment ot management

practice data.
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3. The method of claim 1, wherein cach of the first multi-smics data and the second mult-
ontes data comprises one or more oft genonie, epigenome, franscriptoms, protesme,
metaboloms, lipidome, glycome, cviome, exome, interferome, kinome, ionome, metalome,
methylome, phenome, phytochemome, repulome, secretome data, meta-genome, meta-
epigenome, meta-transcriptome, meta-proteome, meta~metabolome, meta~limdome, meta-
glveome, meta-cyiome, meta-exoms, meta-interforome, muta-Kinome, meta-ionome, meta-
metalome, meta-methylome, mets-phenome, mets-phytochemone, meta-regulome, or meta-

secretome data.

6, The method of ¢laim 1, wherein the machine learning model is a hybrid model, wherein

the hybrid model comprises i) ¢ machine-learned component and i) gn encoded component,

7. A method comprising
obtaining a model] input comprising at loast one of 1} a desired multi-omics profile of a
plant, or 1) 8 desired phenotype of the plang
processing the model input using & generative machine learning model to obtain a modeld
output comprising one ormore oft
a target muolti-omics profile,
@ target management practice profile, ov
atavget envivonment profife,
wherely the generative miachine learning model has been configured through training to:
receive 4 training model inpat that identifies desired gqualities of a training plang,
and
process the training model input to gencraie one or more of 1) a target multi-onves
profile, i) a target management practice profile, or 1} a target eovironment profile that, when
used to modify the training plant, causes the training plant 1o exhibit the desived qualities] and

perfornting one or mors interventions o modify the plant according to the model output.

8. The method of elaim 7, wherein;

the model nput comprises a target nulti-omics profile,

26
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the target multi-omics profile comprises a target geoomic sequence, and

performing one or more interventions to modify the plant comprises modifving the
genome of the plant to include the target genomic sequence.
9. The method of claim &, wherenn:

the modification is o a regulatory region, and

ix chivected toward one or more specific tissues of the plant, one or more developmental
stages of the plant, andfor oneor more environmental conditions that the plant ks i
H The method of claim 8, wherein modifying the genome of the plant comypwises one or
mor of)

delivering nucleie acids and proteins to the plant; and

performing gene aditing or base editing.

i1, The method of claim 7, wherein the target multi-omics profile comprises ane or more off
genome, epigenome, transcriplome, protemne, metabolome, ipidome, glycome, cytomeexome,
interforome, kinome, tonome, metlome, methylome, phenome, phytochemome, regulome,
secretome data, meta-genomie, meta-epigenome, mela-transeriptome, meta-proteome, mela-
metabolone, meta-lipidome, meta-ghycome, msta-cyvtome, meta-exome, mela~interferome, meta-
kinome, meta-tonome, meta-metalome, metasmethylome, meta-phenome, meta-phytochemome,

meta~regulome, or weta-secrefome data.

12, The method of clairg 7, wheretn the one or move inferventions comprise one of wore of
bresding:
bacteriad delivery;
viral deliverys
chemical delivery;
biolistics;
nanoparticle delivery, or

microinjeetion.
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13, The method of claim 7, wherein the generative machine learning model comprises one or
more of!

a generative adversarial network;

a probabilistic deep learning model;

a Bayesian model;

a probahilistic kernel method,

a stochastic method;

a sequence prodiction model;

an energy-based model;

one or more density estimation models in combination with one or more predictive
madel{s); or

a combination probabilistic-non-probabilistic model.

14, Qne or more non-transitory computer storage media encoded with computer program
instructions that when executed by a plurality of computers cause the phurality of computens to
perforn operations comprising:
obtaiming a model input comprising time sories data, wherein the time series data
comprises, for each previous lime pomnt of one or more previous tme points, at least one of 1)
tirst multi-omics data corresponding 1o a plant at the previons time poind, or i) phenotypic data
corresponding to the plant at the previous time point; and
processing the model input using 8 machine learning model to obtain a mode! output that
comprises, for each future time point of one or more of future time points, a prediction of at least
one of 1) a phienotype of the plant at the future time poing, or i) second muolit-omics data
corresponding 1o the plant af the future fime point, wherein the machine learning model has been
configured through training fo
receive a trafrang model input corresponding to a training plant, and
process the training model input to generate a prediction corresponding to the

trainting plantat cach of one or more future time peints,
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15, The non-transitory computer storage media of claim 14, wherein the operations further
comprise detarmining, according to the model output, to deliver exogenous material o the plant,
COMPRISInG one or more off

modifyving the genome of the plant;

editing the RNA of the plant;

madifving the levels of particular transcripts iy the plant; or

delivering proteins to the plant.

16, The non-transitory computer storgge media of clatm 14, wherein the operations further
comprise one or more of:
determining & mansgement practice profile of the plant using the mode! output;
determining an environment profile of the plant using the model output; or

determining & breeding decision for the plant using the model output.

17, The non-transitory compuier storage media of clatm 14, wherein the time series data
further comprises, for each previous time point of the one or more previous time points, oneg of

mare of envivonment or management practice data.

18, The non-transitory computer storage media of claim 14, wherein each of the first wulhy-
omies data and the second multi~onics data comprises ong or more of! genome, eplgenome,

slveome, cyvtome, exome, interferome, kinone,

E

transeriptome, proteome, mutabolome, hpidome,
jonome, metalome, methylome, phenome, phytochemome, regulome, ssoretome data, meta-
genome, meta~-epigenome, meta-transoriptome, meta~protecme, meta-metabolome, meta-
lipidome, meta~glycome, meta-cytome, meta-exome, meta-interferome, meta-kinoms, meta-
wonome, meta-metalome, meta-methyvlome, meta-phenome, msta-phytochemome, meta-

regulome, or meta-secretome data.

19, The non-transitory computer storage media of claim 14, wherein the machine learning
madel i3 a hybrid model, whersin the hybeid model comprises 1) a machine-learned component

and 1) an encoded component.
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CORRESPONDING TO THE PLANT THAT PREDICTS A S
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!
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FIG. 4
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This International Searching Authority found multiple (groups of)
inventions in this international application, as follows:

1. claims: 1-6, 14-19

Methods comprising obtaining a model input comprising time
series data, wherein the time series data comprises, for
each previous time point of one or more previous time
points, at least one of i) first multi-omics data
corresponding to a plant at the previous time point, or ii)
phenotypic data corresponding to the plant at the previous
time point; and processing the model input using a machine
learning model to obtain a model output that comprises, for
each future time point of one or more of future time points,
a prediction of at least one of i) a phenotype of the plant
at the future time point, or ii) second multi-omics data
corresponding to the plant at the future time point, wherein
the machine Tearning model has been configured through
training to:receive a training model input corresponding to
a training plant, and process the training model input to
generate a prediction corresponding to the training plant at
each of one or more future time points;

non-transitory computer storage media encoded with computer
program instructions therefor.

2. claims: 7-13

Method comprising obtaining a model input comprising at
least one of i) a desired multi-omics profile of a plant, or
ii) a desired phenotype of the plant; processing the model
input using a generative machine learning model to obtain a
model output comprising one or more of: a target multi-omics
profile, a target management practice profile, or a target
environment profile, wherein the generative machine learning
model has been configured through training to: receive a
training model input that identifies desired qualities of a
training plant, and process the training model input to
generate one or more of i) a target multi-omics profile, ii)
a target management practice profile, or iii) a target
environment profile that, when used to modify the training
plant, causes the training plant to exhibit the desired
qualities; and performing one or more interventions to
modify the plant according to the model output.
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