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METHODS, SYSTEMS AND APPARATUS FOR GENERATING CHEMICAL DATA
SEQUENCES USING NEURAL NETW{RKS FOR DE NOVQO CHEMICAL
FORMULATIONS

Cross-Reference to Related Applications

18601} Thus apphication claims prionty to and benefit of U.S. Provisional Application No.
32/966,409, titled “Methods, Systems and Apparatus for Generating Chemical Data Sequences
Using Neural Networks for De Novoe Chemical Formulations,” filed January 27, 2020, the

entire disclosure of which 1s incorporated heroin by reference i its entirety.

Background

{0002} Some combodiments described herein relate generally to methods, systems, and
apparatus for artificial intelligence. In particular, but not by way of hmutation, some
embodiments described herein relate to methods, systems, and apparatus for generating

chemical data sequences using neural networks for de novo chernical formulations.

{08603} Chemical fornudations are typically created, designed and/or formulated using
empitical roetbodologies or basic maodeling methodologies, oftentimes by product formulators
or, in the case of beauty products, cosmetic chemists. Such methodologies are time-consuming,
expensive, imprecise, and generally do not result in optimom designs/formulations. When
creating new chemical formulations with a specific target attribute(s) (such as selected efficacy
or physical properties), formulators typically rely on existing formulations to serve as
forrnudatory bases, as opposed to creating de novo fornmdations that are singudarly optimized
for the targeted objectives. This approach yields formulations that are compromised compared
to de novo formulations that are designed from the ground up to meet a targeted objective.
Additionally, formulations designed in this manner oflen face stability issues, with a high
percentage of products ultimately failing in the testing stage due to unanticipated problems
such as product separation. Finally, these methodologies are not optimized for a subset of other
issues that have eluded formulators for ages, inchuding 1) interactions of various constituent
chemicals with cach other n a formulation, and 2} mteractions of formulations with external

subjects {¢.g., human skin}.

{8004} Thus, a need exusts for a better methodology that obviates the shortcomings of such

methods.
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Summary

{0005] This specification describes how an apparatus implemented as computer programs on
one or more computers 1o one or more locations takes desired forowlation attributes as input
and generates sequences of chemical data constituting chemical formulations. For example, the
sequence of chemical data can represent a skincare product formulation such as a facial

moisturizer.

{8006} The apparatus includes a signal encoding subsystem tmplemented by one or more
computers, termed the signal encoder, configured to receive as mput one or more target
attributes and to encode these attributes as a signal for communication to other subsysterms
within the apparatus. The apparatus includes a subsystem implemented by one or more
computers, termed the gencrator, configured to generate chemical data sequences that the

apparatus then transforms mto corresponding chemical formulations.

{0007] In onc mmovative aspect the generator includes a newral network subsystem
mplemented by one or more computers, termed the generator sequence subsystern, that s
configured to take as mput (i) a chemical data sequence (1t} in some embodiments a signal
comprised of desired formulation attributes and is configured to generate an output sequence
of chemical data that composes a chemical formulation. The generator sequence subsystem
may comprise partly or fullv of a recurrent neural network comprising one or more signal
processing layers and one or more output layers. The generator sequence subsysiem may
further be configured to process the current sequence of chemical data to generate an alternative
representation for the current time step. This alternative representation may thus comprise a
numeric representation, i.¢. an ordered collection of numernic values, 1 which the current
sequence of chemical data has been encoded by the generator sequence subsystem. The output
lavers may be configured, for all time steps., to reccive and process the altemative
representation for the time step fo generate an output of chemical data for that time step. In
some embodiments, the generator subsystem also includes a sabsystem, termed the terplate
subsyster, that acts in tandom with the generator sequence subsystem and may modify the

chemical data sequence produced by the generator sequence subsystem between time steps.

{0008} The apparatus in some embodiments also includes a neural network subsystem
implemented by one or more computers, termed the predictor, that is configured to receive as

input a sequence of chemical data representing a chemical formalation. The predictor may
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comprise partly or fully of a recurrent neural subnetwork that may be angmented with an
external memory. The subnetwork may comprise of one or more signal processing layers and
one or more ouiput lavers, where the output layers are configured to predict the extent to which
the given chemical formulation represented by the input chemical data sequence mamfests

target attribates corresponding to that particular cutput layer.

{0009] The apparatus in some embodiments also includes a neural network subsystem
implemented by one or more computers, termed the discriminator, that is configured to receive
mput of the same format as the predictor. In some embodiments the discriminator may
comprise partly or fully of a recurrent neural subnetwork that may be augmented with an
external memory and in other embodiments the discriminator may comprise partly or fully of
a convohitional neural subnctwork. The subnetwork may comprise one or more signal
processing lavers and an output laver, where the output layer is configured to predict values
associated with assigning which of a multitude of sets the chemical formulation represented by
the input chemical data sequence originates from, ¢.g., having been produced by the generator

versus being a member of a set of products currently in the market,

{6318} The apparatus in some embodiments also includes a reinforcement learning subsystem
implemented by one or more computers, termed the tuner, that is configured to receive as input
{i) a signal comprised of desired formulation attnibutes, (1) a generator sequence subsvstem
and one or more of the following, (11t} the predictor subsystem and (1v} the discriminator
subsystern. The taner is configured to modify the neural network weights of the generator
sequence subsystem with the aim of modifving the generator sequence subsystem (in some
implementations, generate a mwodified neural network to increase the scores) such that the
output chemical data sequences are more likely to represent chemical formulations exhibiting

the desired attributes.

{0011} The apparatus also includes a subsysiem, termed the formulation selector, for
transforming chemical data sequences generated by the generator tdo chemical formulations,
and then for selecting a subset of these formulations to take as output of the apparatus. In some
embodiments, the formulation selector subsystem also receives as input the output from one or
both of the predictor and discriminator subsysteras corresponding to the chemical data
sequences it receives. The formulation sclector may be configured to optimize the selection of
formulations represented by the chemucal data sequences that score highly on scores

corresponding to the desired attributes.
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{0012} The disclosure may be expressed as a computer-implemented method, or as a computer
system, or as a computer program product (such as one or more computer storage media)
storing program instructions which cause one or more computers to perform the method, to
mplement the computer system. The details of one or more embodiments of the subject matter
described in this specification are set forth in the accompanying drawings and the description
below. Other features, aspects, and advantages of the subject matter will become apparent from

the description, the drawings, and the claims.

{0013} In some crabodiments, a method meludes receiving a set of target attributes associated
with a chemical product formulation and a set of prionity values of the plurality of target
attributes. The method includes determining, based on {1} a first neural network, (2) the set of
target attributes and (3) the set of priority values, a sct of sample formulations. Each sample
formulation from the set of saraple formulations includes a set of ingredients. The method
fnchudes determining a set of scores based on the set of sample formulations. Each score from
the set of scores is associated with a sample formulation from the set of sample formuldations.
The method inchudes selecting, based on the sct of scores and the sct of target attributes, a
sample formulation from the set of sample formulations having a score greater than remaining
scores from the set of scores. The method includes determining an ongin associated with the
sample formulation. When the origin is included in a pre-determined group, the method
includes geoerating a repott including the sample formulation as the chemical produst

formulation.

[0014] v some cmbodiments, a non-transitory processor-readable mediuwm stores code
representing instructions o be executed by a processor. The code comprises code to cause the
processor to receive a set of target attributes for a chemical fornmulation. The code comprises
code to cause the processor to encode the st of target attributes to generate a signal. The code
comprises code to cause the processor to determine, using a first neural network with the signal
as a first tnput, (1} 8 chemical data sequence including a set of ingredients and {2) a set of
characteristic values. Each mgredient from the set of ingredients is associated with a
characteristic value from the set of charactenistic values. The code comprises code to cause the
processor to determine, using a second neural network and with the chemical data sequence
and the set of characteristic values as a second input, a set of scores of the set of ingredients
and associated with the set of target atiributes. The code comprises code to cause the processor
to modify a set of weights associated with the first neural network to increase the set of scores

and generate a modified nevral network, The code comprises code to canse the processor to
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determine, based on the modified neural network, a modified chemical data sequence including
a modified set of ingredients. The code compnses code to cause the processor to generate a
report cluding the chemical formulation having the modified chemical data sequence

associated with the set of target attributes.

10015} In some ernbodiments, an apparatus comprises a processor and a memaory operatively
coupled to the processor. The memory stores code representing instractions to be exccuted by
aprocessor. The code comprises code to cause the processor to receive a set of target attributes
associated with a chemical product formulation. The code comprises code o cause the
processor to determing, based on a first neural network, a first set of sample formulations
assoctated with the set of target attributes. Each sample formuldation from the first set of sample
fornndations 1ncludes a set of ingredients. The code comprises code to cause the processor to
determine a first set of scores. Each score from the first set of scores 1s associated with a sample
formulation from the first set of sample formulations. The code comprises code to cause the
processor 1o select, based on the first set of scores and the set of target attributes, a first sample
formulation from the first st of sample formulations having a score greater than remaining
scorcs from the first set of scores. The code comprises code to cause the processor to
determine, based on the first neural network and the first sample formulation, a second set of
sample formudations. The code comprises code to cause the processor to determine a second
set of scores. Fach score from the sccond set of scores is associated with a sample formulation
from the second set of sample formulations. The code comprises code to cause the processor
to select, based on the second set of scores and the set of target attributes, a second sample
formulation from the second set of sample formulations having a score greater than remaining
scores from the sccond set of scores. The code comprises code to cause the processor to
determine an ongin associated with the second sample formulation. When the origin is
cluded in a pre-determined group, the code comprises code 1o cause the processor (o generate

areport inchuding the second sample formulation as the chenucal product formulation.

Brief Description of the Drawings

{0016} FIG. | illustrates an apparatus for the chemical formulation of products with desired

formulation atiributes, according to an embodiment.

{8617} FIG. 2 llustrates another apparatus for the chemical formudation of products with

desired formulation attributes, according to an embodiment.
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{0018} FIG. 3 illustrates ancural network generator sequence subsystem configured to perform

the autoregressive generation of a chemical data sequence, according to an embodiment.

{0019 FIG. 4 iflustrates a generator subsystem containing one generaior sequence subsystem

and one template subsystem, according to an embodiment.

[8028] FIG. 5illustrates a generator subsystem  containing three generator sequence

subsysterns and two template subsystems, according to an erobodiment.

[0021] FIG. 6 dlustrates a predictor subsystem for predicting attributes of chemical

formulation represented by imput chemical data sequences, according to an embodiment.

10022] FIG. 7 illustrates a method for the conditioning of the generator sequence subsysten: to
produce chemical data sequences more bikely to represent formulations exlubiting desived

attributes, according to an embodiment.

{8023} FIG. §illustrates a method for the chemical formulation of products with desired

formulation attributes, according to an embodiment.
Detailed Description

{8024} The systems, methods, and devices will now be deseribed, according to one or more
embodiments. The example cmbodiments are presented i this disclosare for illustrative
purpases, and not intended to be restrictive or linuting on the scope of the disclosure but instead

arc more broadly applicable to other suitable systems, methods, and devices.

{0025} Embodiments described herein provide techmuiques for the formulation of chenucal
products that exhibit one or more target attributes. Here, a formulation is a mixture of chemicals
that is designed to produce a prodact with certain farget atiributes. In some embodiments, a
formulation is provided as a set of ingredients composing the product. This set of ingredients
may be ordered in a list according to descending ingredient concentration by percentage weight
m the product. In some embodiments, a formulation is a set or list of ingredients along with
one or more values associated with each ingredient. These values associated with ecach
mgredient may provide additional instruction v the forraulation of the product with respect to
using that particular ingredient. By way of example, one numerical value can correspond to the

respective ingredient's concentration by percentage weight in the final product. As another
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example, one value can mmdicate at what mixing stage cach mgredient 1s incorporated into the

product, i.e., the order and manmer in which the mgredients are mixed together.

{0026] This specification uses the term "target attribute(s}" in connection with products given
by chemical formulations as described above. Here, an attribute is generally a quality or feature
that is an inherent part of the product and specifving that an attribute is a target generally means
that 1t is desirable for a product to exhibit that particular attribute. As an example, an attribute
of a product produced by a chemical formulation may be the class of the product, e.g. skin care
v, hair care, and mayv be a physical atiribute of the product, such as the product's viscosity or
pH level. One or more embodiments described herein are designed to output product
formulations that are optimized and sclecied to exhibit one or more target attributes. This
optimization will be more fully described below when the subsystem responsible for cutputiing

formulations is detailed.

{0027 Fig. | tllustrates a chemical product formuldation apparatus 100 that takes as input
desired atiritbutes and conununicates one or more target attribute sigoals to formulate one or
more products given by chemical product formudations. The chemical product formulation can
include a set of ingredients. The chemical product formulation can be, for cxample, a personal
care {¢.g., skin care} product formulation. The chernical product formulation apparatus 100
comprises a signal encoder 110, a generator subsystern 120, and a formulation selector 130. As
shown in Fig. 1, signal encoder 110 is operatively coupled o and in communication with
generator subsystem 120 and formulation selector 130; generator subsystem 120 is operatively
coupled to and in communication with predictor subsystem 149, discriminator subsystern 150
and formulation selector 130; predictor subsystern 140 and discrirnination subsystem 150 are
gach operatively coupled to and in communication with formulation selector 130, The
chemical product formulation apparatus 100 includes one or more processors {(not shown in
Fig. 1) and a memory {(not shown in Fig. 1) operatively coupled to the one or more processors.
The memory stores code representing instructions to be executed by the one or more
processors. The code comprises code to cause the one or more processors to execute the signal
encoder 110, the gencrator subsystem 120, the formulation selector 130, the predictor

subsystern 140, and the discriminator subsvstem 150,

{0028} In some embodiments the apparatus also optionally includes a predictor subsystem 140
In some embodiments the apparatus also optionally includes a discriminator subsystem 150,

Note that Fig. 1 llustrates only one possible configuration of the chemical product formulation
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apparatus 100. In some other embodiments, one or both of the predictor subsystern 140 and the
discriminator subsystem 130 may be excluded. Fig. 2 illustrates a possible configuration of a
chemical product formulation apparatus 200 in which netther the predictor subsystern 140 nor
the discriminator subsystem 150 are present. In this embodiment, the formulation selector 230
only receives the target attribute signal 211 and the generated chemical data sequences from
the generator subsystem 220 as input. Similar in physical structure and functionalities to the
chemical product formulation apparatus 100 m Fig. 1, the chemucal product formulation
apparatus 200 m Fig. 2 can also mclude one or more processors (not shown in Fig. 2 and a
memory {not shown in Fig. 2} operatively coupled to the one or more processors. The memory
stores code representing instructions to be executed by the one or more processors. The code
comprises code to cause the one or more processors fo execute the signal encoder 210, the

generator subsystem 220, the formulation selector 230.

{8029} Returning to Fig. 1, the signal encoder 110 13 configured to receive as input one or more
target attributes and, 1 some implementations, encode these attribuies as a signal for
communication to the formulation selector 130, In some implementations, the generator
subsystern 120 receives the one or more target attributes as input without the signal encoder
110 encoding these one or more target atiributes. In some emboduments, the encoded target
attributc signal 111 can be optionally communicated to the generator subsystem
implermentations 120 t addition to the formoulation selector 130. fu soroe mplementations, the
target atiribute signal may partially or wholly include one-hot encodings or other
representations that specify the class or category of products represented by formulations
the chemical produact fornmulation apparatus 100 output. Continuous atiributes may be mapped
to a given set of discrete values (or a pre~-determined set of discrete values) in the target attribute
signal and therefore treated as class targets. In some embodiments, the attnbute signal may
partially or wholly include a vector of continuous values that specify mumerical attributes that
should appear in the products represented by fornwlations i the chenucal product formulation

apparatus 100 output, ¢.g. a physical atiribute such as viscosity at a target value.

{0030} v some mplementations, afier the signal encoder 110 has encoded the target attribute
signal 111, the processor at the chemical product formulation apparatus 100 (executing the
generator subsystem 120 based on mnstructions stored in the memory of the chemical produet
formulation apparatas 100) can detcomine, using a newral network with the encoded signal as
mput, a chentical data sequence including a set of ingredients and a s¢t of characteristic values.

Each ingredient from the plarality of ingredients is associated with a characteristic value from
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the plurality of charactenistic values. The generator subsvstem 120 is configured to create
chemical data sequences that will be communicated to the formulation selector 130, In some
mmplementations, the gencrator subsystem 120 contains a noural network gencrator sequence
subsystern. In some mmplementations, the target attribute signal 111 3¢ used as mput to the
generator subsystem 120 {or a first nearal network). In this case, the neural network generator
sequence subsystem is conditioned to output chemical data sequences according to the target
atirtbute signal 111 that is used as neural network mput to the neural network gencrator
sequence subsystem. In some implementations, the generator subsystem 120 containg a

template subsysiem in addition to the neoral network generator sequence sabsystem.

{3031} Fig. 3 illustrates an example neural network generator sequence subsystem 300, The
gxarmple neural network gencrator sequence subsystem 300 can be stored in a memory and
gxceuted by a processor of a chemical product formulation apparatus (similar to the chenceal
product formulation apparatus 100 in Fig. 1 or the chemucal product formulation apparatus 200
in Fig. 2). In some mmplementations the generator seqacnee subsvstem 300 takes the target
attribute signal 311 as input. The generator sequence subsystem 300 gencrates sequences of
chencal data that include an ingredient sample at cach of multiple time steps, ¢.g., a sequence
of ingredients that compose a chemical formulation. Each time step in a given chemical data
sequence corresponds to an ingredient in a chemical formulation, and these ingredients may be
ordered 1o descending concentrations over the time steps of a chenucal data sequence. Insome
implementations, the chemical data sample at cach time step in the sequence can include a set
of characteristic values providing information about the ingredient sample or the sequence as
a whole at that particular time step. The set of characteristic values can include, for example,
a concentration percentage of an ingredient from the set of mgredients, the function of an
mgredient in the chemical product formulation, a mixing stage of an ingredient from the set of
ingredients, and/or the like. For example. in some implementations, the chemical data sample
at cach tume step io the sequence can include the concentration of the mgredient sample
corresponding to that time step in relation to the whole sequence of chemical data comprised
of that time step and all ingredient samples and their respective concentrations at each of the
other muitiple time steps. As another example, a value included in a chemical data sample at
cach time step may be the function of an ingredient in the chemical product formulation, e.g.,
a value corresponding 1o the function solvent 1o describe the vole of water i a formulation
when generating chenmucal data seqoences that compose a skin care product such as a

moisturizer.
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{8032} As shown 1 Fig. 3, the neural network generator sequence subsystem 300 meludes a
recarrent subnetwork 310 and one or more output layers 320 {(only one of which are labeled in
Fig. 3 for simphicttv). The recurrent subnetwork 310 and output layers 320 may comprise of
one or more signal processing layers. As examples, the recurrent network 310 can mclude
stacked long short-term memory (LSTM) cells and the outpot lavers 320 can be time-
distributed dense layers on top of the recurrent network 310 In some implementations, the
recurrent subnetwork writes to and reads from an exiemal memory component. In general, the
neural network generator sequence subsystem 300 generates the chemical data sequences
autoregressively. Thus, for each time step in a chemical data seqaence, the neural network
gencrator sequence subsystem 300 gencrates the chemical data sample at that particular time
step given the chemical data samples that have previously been generated in the sequence, ie,,
the chemical data samples at all or a subset of the time steps before that particelar time step. In
some tmplementations, when the generation has not vet commenced, the first input to the
recurrent netwaork 310 at the first time step is configured to begin the gencration. In some
implementations, the newral network generator sequence subsystern 300 will generate
sequences for an arbitrary number of time steps until some stopping condition s reached and
the generation ceases. For example, in some implementations, the generation will continue
mndefiutely (or repeat) until a pre-determined condtiion is met. The pre-determined condition,
1 some implementations, can be the nearal network of neural network generator sequence
subsystem 300 produces a particular chemical data sample that indicates the gencration will
cease at that particular time step. In some other implementations, the pre-determined condition
can be that the generation may be configured to run for a cortain number of time steps before

ceasing.

{3833} At each time step during the generation of a chemical data sequence, the recurrent
subnetwork 310 recetves as input the current chemical data sequence. In some embodiments,
the current chemical data sequence 15 a chemical data sequence that has been generated partially
or whollv by the generator as of that time step. In some implementations, the current chemical
sequence may be given as input without having been generated by the recarrent subnetwork
310 previously. The recurrent subnetwork 310 processes the current chemical data sequence
and creates an alternative representation of the current chemical sequence at that particular time
step. By way of example, Fig. 3 shows the autoregressive generation of a chemical data
sequence. 1o generate a chemical data sample, the recurrent subnetwork 310 receives the

current chemical data sequence comprised of the chemical data samples corresponding to time

10
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steps before the curvent time step, and transtorms the current chemical data sequence mto an

alternative representation 312 {only one of which are labeled 10 Fig. 3 for simplicity).

[0034] After the recurrent subnetwork 310 produces the alternative representation 312 at each
of the time steps, this alicmative representation 312 is received as input by cach of the output

fayers 320 at the corresponding time steps.

{0035} 1o some tmplementations, the processor at the chemical product formulation apparatus
100 {executing the neural network generator sequence subsystem 300 based on mstructions
stored in the memory of the chemical product formulation apparatus 1003 can be configured to
determine, using a neural network and with the chemical data sequence and the set of
characteristic values as foput, a set of scores of the set of ingredients and assoctated with the
set of target attributes. One output layer generates a score distribution {(or a set of scores) over
possible mgredient samples for that time step. The score distribution is comprised of respective
scores for each of the multitude of possible ingredient samples. In some iaplementations, one
output layer generates a score distribution over possible ingredient functions for that time step
where the score distribution is comprised of respective scores for each of the multitude of
possible mgredicnt functions. Here, ingredient “function” is defined as the intended purpose
for using the ingredient in the forroulation, e.g., water acting as a solvent or propylence glycol
acting as a humectant. In some implementations, one output laver generates a score distribution
over possible ingredient concentration bins for that time step where the score distribution is
comprised of respective scores for cach of the multitude of possible ingredient concentration
bins, e.g. 0%-1%, 1%-3%, ctc. These cxamples are not meant to be exhaustive, and one can
readily implement some other implementations in which one or more output layers generate
score distributions over possible sequence attribute categories for that time step where the score
distributions are comprsed of respective scores for cach of the multitude of possible sequence
atirtbute categories. In some implementations, the output lavers for generating a score
distributions over a8 mudtitude of possible choices are softmax output layers. In some
mplementations, one or more cutput lavers generate numerical values correlated to sequence
attributes for that particular time step. By way of example, this can tnclude a numerical value
corresponding to the concentration of the ingredient sample at that particular time step. In some

inplementations, the output layers for generating numerical values are rectified hinear lavers.

{8036} In some mmplementations, when one or more of the output lavers has generated a score

distribution corresponding to the multitude of possible samples for that output layer at a

11
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particular time step, the generator sequence subsystem 310 selects a sample for each of the
output layers at that particular time step in accordance with the score distribution produced by
the output lavers at that time step. By way of example, the sample selected for a given output
layer at a particular time step can be chosen by sclecting the sample that has the highest score
 the score distribution produced by the given output layer at that time step. As ancther
example, the sample selected for a given output layer at a particular time step can be chosen by
sampiing the possible samples by weighting cach sample's likelihood to be chosen m
accordance 1o its score in the score distribution produced by the given output layer at that time
step. The set of all samples and valoes from all ontput lavers constitates a complete chemical
data sample for that time step. Here, “complete” indicates that the chemical data sample fora
particular time step contams all information necessary to generate a chemical data sample at

the following time step.

{8037} In some mplementations, the generator sequence subsvstem 310 is configured to take
additional neural network input. In some implementations, the newral network mput includes
one or more local features. Here, local features are features that can differ at each of the
multitude of time steps i the chemical data sequence. In soroe 1mplementations, the neural
network input includes one or more global features. Here, global features are features that do
not change over the entire chemical data sequence. By way of example, the global feature can
be the type of product the geunerator 1s configured to produce as an output sequence, ¢.g., a
facial moisturizer v. a facial cleanser in the context of skincare products. Tn some
implementations, where the generator sequence subsystem takes as input a target attribute

signal 311, the signal is used as noural network input.

{0038} While a generator subsystem with only a single instance of a generator sequence
subsystem has been discussed thus far, embodiments are not luntted to this arrangement. In
some other embodiments a generator subsystem may comprise multiple mstances of generator
sequence subsystems. In some such embodiments the generators operate in parallel producing
one or more chemical data sequences as output. The output of the generator subsystem is taken
to be the collections of chemical data sequences produced by all generator sequence

subsystems.

[0039] Fig. 4 illustrates a generator subsystem 400 having a generator sequence subsystern 410
and a template sabsystem 420. The gencrator subsystem 400 can be stored 1o a memory and

executed by a processor of a chemical product formulation apparatus (similar to the chemical

12
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product formulation apparatus 100 s Fig. 1 or the chenucal product formulation apparatus 200
i Fig. 2}, In general, when the two subsystems are present, the generator sequence subsystem
410 receives nput and produces output as described above, but the template subsvstem 420
has the ability to modify the chemical data sequences that are mput to and/or generated by the
subsystem 410 before each time step 1s generated. In some embodiments, the two subsystems
work in series. The current chemical data sequence is communicated to the template subsystem
420, which may make modifications to the sequence, or make no changes, and then the template
subsystem 420 outputs a modified current chemical data sequence that is conumunicated back

to the generator sequence subsystem 410.

[0048] In some implementations, the template subsystem 420 can provide the generator
sequence subsystem 410 a base chemical data sequence of one or more time steps from which
the generator sequence subsystern 410 performs autoregressive generation. For exaniple, if the
chemical data sequence 1s comprised of an ingredient and s corresponding concentration at
cach time step, the template subsystem 420 may provide the generator sequence subsystem 410
with the first two time stops of the chemical data sequence from a source that is not previous
output of the generator sequence subsystem 410, In this example, instead of beginning
generation from the start signal, the generator sequence subsystem 410 would begin generation
at the third time step. In some mmplementations, the template subsystem 420 may append one
or more time steps to the current chemical data sequence. For example, the template subsystem
420 may be configured to insert another time step into the chemical data sequence afler a
particolar time step has been reached. As another example, the template subsystem 420 may
be configured to insert another time step into the chemical data sequence after a certain
condition in the chenucal data sequence has been met, such as a particular ingredient sample
being present in the most recently produced time step. Note that the previcusly-given examples
are not the only ways in which the template subsystem 420 can modity the current chemical

data sequence, and one will readily appreciate that many such examples are possible.

{0041} Note that Fig. 4 illustrates only one possible embodiment of a generator subsystem
containing at lcast one each of a gencrator sequence subsystemn and a template subsvstem,
Aliernative embodiments of the generator subsvstem may comprise multiple instances of
generator sequence subsystems and templaie sobsystems. Fig. 5 depicts one possible
configuration of a generator subsystem 500 meluding two template subsystems, 521 and 522,
and three gencrator scquence subsystoms, 511-313. The generator subsystem 500 can be

executed by the processor of the chemical prodact formulation apparatus based on instructions

13
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stored m a memory of the chemical product formulation apparatus {similar to the chemical
product formulation apparatus 100 and 200 described in Fig. 1 and Fig. 2, respectively )
Embodiments of the generator subsystem may be configured with any number of arbitrary
topologies of generator sequence subsysterns and terplate subsystems. A single template

subsystem may be coupled to one or more generator sequence subsystems.

{8042} Returmning to Fig. 1, the chemical data sequences generated by the generator subsystem
120 arc commumcated to and used as input by the predictor subsystem 140. In some
cmbodiments the predictor subsystem 600 includes a recurrent subnetwork 610 and one or
more output lavers 624, The predictor subsystem 600 can be exccuted by the processor of the
chemical product formulation apparatus based on instructions stored i a memory of the
chemical product formulation apparatus (similar to the chemical product formulation apparatus
100 and 200 described in Fig. | and Fig. 2, respectively ) The recurrent subnetwork 610 and
output layers 620 may comprise of one or more signal processing lavers. In general, the
predictor subsystem, or predictor, receives as input a chemical data sequence 601, as defined
above, and produces as output mumerical values and/or classes associated with atiributes of the
formulation associated with the input chomical data scquence 601, For example, the output can
be the final pH value of the product formulated according to a chemical data sequence
comprising the ingredicnt components of a chemical formulation produced by a recurrent

subnetwork comprised of LSTM cells.

{0043} The recurrent subnetwork 610 processes the mput chemical data scquence 601 and
creates an alternative representation 611 of the current chemical data sequence as a whole. By
way of example, Fig. 6 shows the attribute prediction of a product formndated according to an

input chemical data sequence 601

{8044} After the recurrent subnetwork 610 produces the alternative representation 611 for the
mput chemical data sequence 601, this alternative representation 611 is received as input by
cach of the one or more output layers 620, In some mmplementations, one or wore cutput layers
620 generates a score distribution over possible attribute categories for the sequence on which
the respective output layer weights have been trained. The score distribution is comprised of
respective scores for each of the multitude of possible attnibute categories for each of the
atiributes. By way of cxample, for a predictor subsystem predicting on a chemical data
sequence representing the mgredient components of a chemical formudation, a prediction

attribute for which an output layer produces a score distribution can be whether any of the
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component ingredients of the formulation are petrochemically derived. The two possible
categories for this attribute are yes and no for if none of the ingredients are petrochemically
derived and if one or more of the mgredients are petrochenucally derived, respectively. In some

maplementations, the output layers for generating a score distributions over a multitude of

possible choices are softmax cutput layers.

{8045} In some implementations, one or more ouiput lavers 620 generates a numerical value
correlated to chemical sequence attributes. By way of example, for a predictor subsystem 600
predicting on a product chemical data sequence 501 representing the ingredient components of
a chemical formulation, a prediction attribute for which an output layer 620 produces a
numerical value can be the pH level of the product as formulated by the chemical data sequence
601, In some implementations, the output lavers 620 for generating numerical values are

rectified linear layers.

{0046} In some implementations, when one or more of the output layers 620 has generated a
score distribution corresponding to the nultitude of possible attribute categories for that output
layer, the predictor subsystern 600 selects an atinbute category for each of the output lavers
620 inn accordance with the score distribution produced by that cutput layer. By way of
exarple, the sample selected for a given output laver 620 can be chosen by sclecting the sample
that has the highest score n the score distribution produced by the given output fayer. In other
words, the processor at the chemical product formelation apparatus can be configured to seloct,
bascd on the scores and the target attributes, a sample formulation from the set of sample
formulations having a score greater than remaming scores from the set of scores. As another
example, the sample selected for a given output laver 620 can be chosen by sampling the
possible samples by weighting each sample's likelihood to be chosen in accordance to its score
i the score distribution produced by the given output laver. In some other mnplementations,
the score distribution produced by one or more output lavers 620 may be taken to be the output

of that particular layer.

{0047} Returning to Fig. 1, the output given by the predictor 140 1s communicated to the

formulation selector 130, Here, output is taken to be a collection, e.g.

f=28]

a list or set, of the outputs
produced by the predictor subsystern 140 for each of the output lavers of the predictor

subsystem 140,
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{0048} In some implementations, the chemical data sequences generated by the generator
subsystem 120 are communicated to and vsed as input by a discrinmunator subsystem 150
{cxecuted by the processor of the chomical product fornwlation apparatus 100 based on
mstructions stored n the memory of the of the chemical product formulation apparatus 100).
In some implementations, the discriminator subsvstemn 150 includes a recurrent sobnetwork
and an output layer (not shown in Fig. 1). The recurrent subnetwork and output laver may
comprise of one or more signal processing layers {(not shown m Fig. 1}. In some
implementations, the discriminator subsystem 150 mchudes a convolutional subnetwork and an
output layer {(not shown in Fig. 1}, The convolutional sabnetwork may comprise of one or more
signal processing layers, and may use several layers in paraliel with different filter sizes. For
example, the convolutional subnetwork can be comprised of stacked 1D convolutional lavers.
In general, the discriminator subsystem 150, or discriminator, recetves as input a chemical data
sequence, as defined previously, and produces as output a class associated with the origin ofa
product tormulated by a chemical input sequence among a multitude of possibic options. In
some implementations, the discniminator 150 1s configured fo determine, using a chemical data
sequence as inpuat, an origin associated with the chenucal data sequence, and generate a report
when the ongm is included in a pre-determined group {e.g., having been produced by the
chemical product formulation apparatus versus being a member of a set of products currently

1 the market).

{8049} The subnetwork processes the input chemical data sequence and creates an aliemative
representation of the carrent chemical data sequence as a whole. Afier the subnetwork produces
the alternative representation for the input chemical data sequence, this altersative
representation s recetved as input by the output layer that generates a score distribution over

possible sources of the input chemical data sequence.

[8058] In some implementations, the discriminator subsystem 150 selects a source for the input
chemical data sequence in accordance with the score distribution produced by the output layer.
By way of example, the sample selected for a given output layer can be chosen by selecting the
sample that has the highest score 1 the score distribution produced by the output laver. As
another example, the sample selected for the output layer can be chosen by sampling the
possible samples by weighting each sample's hkelihood to be chosen in accordance to s score
in the score distribution produced by the output layer. In some other implementations, the score

distribution produced by the output fayer may be taken to be the output of discriminator 150
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{0051} As shown in Fig. [, the output given by the discriminator 150 1s communicated to the

formulation selector 130.

[0052] After the generator subsystem 120 has generated chemical data sequences, these
chemical data sequences are comumunicated to the formulation selector 130 in addition 1o the

target attribute signal 111 encoded by the signal encoder 110,

{0053] The formulation selector 130 {executed by the processor of the chemical product
formulation apparatus 100 based on nstructions stored in the memory of the chemical produet
formulation apparatas 100} is responsible for transforming the input chemical data sequences
into viable chemical formulations. In some mplementations, all the information related to
formulation 15 encoded in the chomical data sequence. In some other wmplementations, the
chemical data sequence contains some portion of the information related to formulation and
the formula selector 130 provides any remaining information during the transformation
process. For example, a chemical data sequence may include an ingredient sample and s
corresponding concentration at cach time step. If the ingredient concentrations do not sum up
to 100%, the formulation selector may seale the values so that they do sum to 100%. The
formulation thes would include a list of ingredients found in the chemical data sequence and

their corresponding scaled concentration value.

{0054] The formudation selector 130 is respousible for selecting a subset of the chemical
formulations corresponding to their respective mput chemical data sequences to be taken as the
output of the formulation selector. The formulation selector 130 may make the selection of a
particular formulation or particular formulations so as to achicve a wide variety of objectives.
In some toplementations, this selection is informed by the target atiribute signal 111, Stated
similarly, the formulation selector 130 can be configured to select, based on the score
distribution and the target atiributes, a sample forondation from the set of sample formulations
having a score greater than remaining scores from the score distribution. The subset can range
from the empty set to the full set of transformed chemical data sequences. There are many
possible methods by which the formulation selector 130 may determine the subset of
transformed chemical formulations that will be cutput for any configuration of the formudation
selector 130, For example, in a configuration where the apparatus contains no predictor and no
discriminator, the formulation selector may simply select an arbitrary number of randomly-

selected transformed chemical formulations.
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{0055} In some implementations, the formulation selector may also receive as mput predicted
attribute values corresponding to ecach chemical data sequence if the chemical product
formulation apparatus 100 is configured to include a predictor subsystem 140, In some
mplementations, the formulation selector 130 may also receive as mput the output of the
discriminator subsystem 150 corresponding to each chemical data sequence if the chemical
product formulation apparatas 100 1s configured to include a discriminator subsystem 130, In
some implementations, the transformed chemical formulations are selected to best optirnize
matching the target attribute signal 111 o the predictor 140 and/or discriminator 150 output
values corresponding to those found in the target attribute signal 111, For example, if the target
attribute signal 111 comprises a signal encoding a destred pH of 3, then formulations may be
selected so that the predicied attribute value corresponding to fornuslation pH value associated
with those formudations are closest to a pH of 5. In other words, the processor at the chemical
product formulation apparatus can be configured to select, based on the set of scores and the
set of target atiributes, a sample formulation from the set of sample formulations baving a score

greater than remaining scores from the set of scores;

{0056} When an attribute 15 a numerical value, it is desirable to formulate a product for which
the attribute value 1s as close as possible to the target value. For example, for an embodiment
with one target atiribute, such as a product with a pH value of 5, then an output product with a
pH of 5.1 1s considered more desirable than an output product with a pH value of 6. When an
attribute 1s a categorical or classification value, 1t is desirable to formulate a product that
belongs to the target category or class, or else a class that is similar to the target category or
class. In some mstances, there may be multiple of the aforementioned target attributes for
which the formulation sclector 130 optimizes. In some tuplementations, the target attributes
may be ranked in order of importance for optimization. In this case, optimizing may be done
i the order of the target atiribute ranking {or priorty values of the target atiributes), ic,
formulations are optimized on the highest-ranking target attribute and then optimized on the
second highest ranking attribute and so on. For example, an mplementation configured to
optimize i such a manner over two target attributes, one categorical and one numerical, may
first select formulations only belonging to a certain category of product and then over this
subset optunize and sclect for formulations nearest the target sumerical attribute value. To some
mplementations, each target atiribute roay be given a weight and the selected formulations are
determined using weighted combinations of the two or more target attributes. For example, an

implementation configured in such a manner may use weighted combinations to balance
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product efficacy and cost of formulation. Hmbodiments are not limited to these arrangements;
i other embodiments the formelation selector 130 may use other methods to perform the

optimization and selection over one or more target attributes.

{0657} The sclected subset of transformed chemical formulations are taken to be the output of
the formaulation selector 130 While Fig. 1 llustrates a chemical product formulation apparatus
100 with only a single nstance of a formulation selector 130, embodmments are not hmited to
this arrangement. In some other embodiments, a chenucal product formulation apparatus may
comaprise multiple instances of formulation sclectors. In some such ecmbodiments, the
formulation selectors operate in parallel producing one or more chemical formulations as
cutput. The output of the chemical prodact formudation apparatus is taken to be the collections
of chemical formulations produced by all formulation selector subsystems. o some
implementations, the processor at the chemical product formulation apparatus 15 configured to
generate a report {or an output) having information associated with the sclected subset of

transformed chemical formulations that are associated with the target attributes.

{B058] In some embodiments, the processor at the chemical product formulation apparatus can
repeat executing the one or more steps described m Fig. 1 — Fig. 6 until a pre-determined
condition is met. The processor can be configured to repeat by determining a new set of sample
formulations and selecting a new sample fornulation from the new set of sample formulations.
The pre-determined condition, in some implementations, can be the instance of the nevral
aetwork producing a particular chemical data sample that indicates the generation can cease at
that particular time step. The pre-determined condition, i some implementations, can be the
generation of a chemical data sample with a particular target attribute.  The pre-determine

condition, in some implementations, can be the expiration of a pre-determined period of time.

{8059} In addition {0 using the target attribute signal 111 to condition the generator subsystem
120 to produce chemical data sequences that should transform into chemical formulations with
the destred target atiributes, the neural network gencrator sequence subsystem can also be
trained before the apparatus is used so that the neural network generator sequence subsystem
tends to produce chemical data sequences that are more likely to accomplish the
aforementioned objective. Fig. 7 illustrates the method 700 of traming the neural network
generator sequence subsystem, for one embodiment of the subsystem. The method 700 can be
executed by a processor of a chemical product formulation apparates according to instructions

stored i a memory of the chemical product formulation apparatus {sinular to the chemical
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product formulation apparatus 100 s Fig. 1 or the chenucal product formulation apparatus 200
in Fig. 2).

{0060} The neural network gencrator sequence subsystem parameters may be randomly
mitialized, 710. In some cmbodiments, the neural network generator sequence subsystem may
be trained on all layers with parameters using known machine learning training technigues,
¢.g., stochastic gradient descent with backpropagation, on a set of inputs for which the chemical
data sequence that should be generated by the sabsystem is known, 720. For example, the
mputs can be chemical data sequences representing oxisting chemical products that bave been
previously formulated and are known to be chemically stable. In this case, at any point n the
sequence, the next output at any particular time step that should be generated is the next time

step in the input sequence.

{0061} The neural network generator sequence subsystem can be further trained using a target
attribute signal, in 730, so that the formuldations corresponding to chemical data scquences
gencrated by the subsvstem are more likely 1o exhibit the desired attributes conumunicated
through the target attribuie signal. In some mmplementations, this is achieved through the use
of a reinforcement leaming subsystem termed the tuning subsystem or tuner (not shown}. The
tuner is configured 1o receive as nput a target attubute signal and the generator sequence
subsystem as well as one or more of the following: the output of the predictor subsystem if
present, the cutput of the discriminator subsystem if present. The tuner is configured to modify
the neural network weights of the neural network generator sequence subsystem with the aim
of modifying the output of the neural network gencrator sequence subsystem {or to increase
the scores of the mgredients) so that the formulations represented by the output chemical data
sequences exhibit the desired attributes encoded in the target attribute signal. In some
mmplementations, the funer {or the processor at the chemical product formulation apparatus
executing the tuner based on imstructions stored in the memory of the chemucal product
formulation apparates) modifies the neural network weights to generate a modified neural
network. The processor at the chemieal product formulation apparatus can determine, based
oun the modified neural network, a modified chemical data sequence including a modified
plurality of ingredients. In some implementations, the tuner can modify the neural network
weights based on priority values associated with the target atiributes. For example, if the pH
evel of the chemical product formulation has a higher priority than the viscosity of the

chemical product formulation, the tuner can modifv the neural network weights to achicve the
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desired pH level. The tunmg subsystem may be trained using known reinforcement learning

techniques, e.g., by using a policy gradient method.

{0062} Fig. 8 illastrates a method 800 for the chemical formudation of products with desired
formulation attnibutes. The method 800 can be executed by a processor of a chemical product
formulation apparatus according to instructions stored in a memory of the chemical product
formulation apparatus {(similar to the chemical product formulation apparatus 100 in Fig. T or
the chemical product formulation apparatus 200 i Fig. 2). The method begins with 810,
encoding a target attribute signal from an input of desived attribuies. Next, one or more
chemical data sequences are generated in 820, The attnbutes of formmlations represented by
the chemical data sequences are predicted at 821, The source of the formmdations represented
bv the chemical data sequences are predicted at 822. The gencrated chemical data sequences
are then translated to chemical formulations and a subset of the formulations are selected as
output with 830. The formulations selected for output are determuned by the target signal and
their corresponding predicted attributes and predicted source if optional 821 and 822 are

present, respoctively.

10863} mplementations, subject matter, and operational functions described herein can be
constructed in digital clectronic circuitry, in tangible computer software or firmware, m
computer hardware, including the structures discussed in this description and their structural

equivalents, or in combinations of multiple embodiments.

[0064] Implementations of the mvention, subject matter, and operational functions described
herein can be constructed as one or nutiple computer programs. The torm “computer program™
is used to describe one or more modules of computer program instructions encoded on a
tangible, non-transitory program carrier for execution by, or to control the operation of, data
processing apparatus. These program instructions can be encoded on a digitally propagated
signal such as a machine-generated electrical, optical, or electromagnetic signal. These signals
arc gencrated to encode the program mnstructional mformation for transmission to suitable
receiver apparatus for execution by a data processing apparatus. The computer storage medim
can be a machine-readable storage device, a machine-readable storage substrate, a random or

serial aceess memory device, or a combination of one or more of them.

{0065} The term “data processing apparatus” encompasses a variety of different apparatus,

devices, and machines for processing data, mcluding progranunable processors, computers, or
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a combination of these. The apparatus can mclade special purpose logie circuitry, such as an
FPGA (ficld programumable gate array) or an ASIC (application specific integrated circwt}. The
apparatus can also include, but 1s not himited to, code that creates an environment for the
execution of the computer program i question, such as code that constitutes processor
firmware, a protocol stack, a database management system, an operating system, or a

combination of these.

{08066} A computer program (which may also be referred to or described as a program,
software, a software apphication, a module, a software module, a script, or code) can be written
m any form of programming language, mcluding compiled or mterpreted languages, or
declarative or procedural languages, and it can be deployed tn any form, inchuding as a stand-
alone program or as a module, component, subroutine, or other unit suitable for use n a
computing environment. A computer program may, but need not, correspond to a file ina file
system. A program can be stored 1 a portion of a file that holds other programs or data, e g,
one or more acripts stored in a markup language document, in a single file dedicated to the
program inr guostion, or in multiple coordinated files, ¢.g., files that store one or more modules,
sub programs, or portions of code. A computer program can be deploved to be executed on one
computer or on multiple computers that are located at one site or distributed across multiple

sites and interconnected by a communication network.

{8067} The processes and logic flows described in this specification can be performed by one
or more programmable computers executing one of more computer programs to perform
functions by operating on nput data and generating output. The processes and logic flows can
also be performed by, and apparatus can also be implemented as, special purpose logic
circnitry, e.g., an FPGA (field programmable gate array) or an ASIC (application specific

mntegrated circuit).

{0068} Computers suitabie for the execution of a computer program include, by way of
example, can be based on general or special purpose microprocessors or both, or any other kind
of central processing unit. Generallv, a central processing unit will receive mstructions and
data from a read only memory or a random-access memory or both. A computer can include a
central processing unit for performing or executing mstructions and one or more memory
devices for storing mstructions and data. Generally, a computer can also include, or be
operatively coupled to receive data from or transfer data to, or both, one or more mass storage

devices for storing data, e.g.. magnetic, magneto optical disks, or optical disks. However, a
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computer need not have such devices. Morcover, a computer can be embedded m another
device, e.g., a mobile telephone, a personal digital assistant (PBA), a mobile audio or video
plaver, a game console, a Global Posttioning Svstem (GPS) receiver, or a portable storage

device, e.g., a universal senial bus (USB) flash drive, to name just a few.

{0069} Computer readable media suitable for storing computer program mstructions and data
mchude all forms of non-volatile memory, media and memory devices, including by way of
examyple semiconductor memory devices, e.g., EPROM, EEPROM, and flash memory devices,
magunetic disks, o.g., internal hard disks or removable disks; magneto optical disks; and CD
ROM and DVD-ROM disks. The processor and the memory can be supplemented by, or

mcorporated in, special purpose logic circuitry.

106746} To provide for interaction with a user, embodiments of the subject matter described n
this specification can be implemented on a computer having a display device, e.g., a CRT
{cathode ray tube} or LCD (iquad crystal display) monitor, for displaving nformation to the
user and a keyboard and a pointing device, ¢.g., a mouse or a trackball, by which the user can
provide 1nput o the computer. Other kinds of devices can be used to provide for interaction
with a user as well; for example, feedback provided to the user can be any form of sensory
feedback, ¢.g., visual foedback, audttory feedback, or tactie feedback; and input from the user
can be received in any form, including acoustic, speech, or tactile input. Tn addition, a computer
can mteract with a user by sending docaments to and receiving documents from a device that
is used by the user; for example. by sending web pages to a web browser on a user's client

device 1n response to requests received from the web browser,

{0071} Embodiments doscribed i this speaification can be uuplemented i a computing
system that includes a back end component, e.g., as a data server, or that includes a middleware
component, ¢.g., an application server, or that includes a front end component, e.g., a chent
coraputer having a graphical user interface or a Web browser through which a user can inderact
with an implementation of the subject matter described in this specification, or any combimnation
of one or more such back end, middleware, or front end components. The compounents of the
system can be interconnected by any form or medium of digital data communication, e.g., a
conununication network. Examples of communication networks mchude a local area network

{(“LAN”) and a wide arca network ("WAN™}, ¢ g., the Intemet,
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{8072} The computing system can include clients and servers. A client and server are generally
remote from each other and typically interact through a commusication network. The
relationship of clicot and server arses by virtue of computer programs mnnming on the

respective computers and having a client-server relationship to each other.

{00731 While this specification contains many specific implementation details, these should
not be construed as Hmitations on the scope of the disclosure or of what may be claimed, but
rather as descriptions of features that may be specific to particolar embodiments. Certain
features that are described in this specification in the context of separate embodiments can also
be wnplemented in combination in a single embodiment. Conversely, various features that are
described in the context of a single embodiment can also be mmplemented in multiple
embodiments separately or in any suitable subcombination. Morcover, although features may
be described above as acting in cortain combimations and cven inttially claimed as such, one or
more features from a claimed combination can n some cases be excised from the combination,
and the claimed combination may be directed to a subcombination or vartation of a

subcombination.

10074} Similarly, while operations are depicted in the drawings in a particular order, this should
not be understood as requiring that such operations be performed in the particular order shown
or i sequential order, or that all ilustrated operations be performed, to aclieve desirable
results. In certamn circumstances, multitasking and parallel processing may be advantageous.
Moreover, the separation of various system modules and components m the embodiments
described above should not be understood as requiring such separation in all embodiments, and
it should be understood that the desenbed program components and svstems can generally be

integrated together in a single software product or packaged into multiple software products.

{86875} Particular implementations, sobject matter, and its operational functions have been
described. Also, the processes depicted in the accompanying schematic figures do not
vecessarnily require the particular order shown, or sequential order, to achieve desirable results.
Within the context of certain wnplementations, multitasking and parallel processing may be

advantageous.
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