DEEP REINFORCEMENT LEARNING FOR PRODUCTION SCHEDULING

CROSS-REFERENCE TORELATED APPLICAITON

{1} This application claims priority to US. Provisional Application No.
62/750,986, fited October 26, 2018, which is hereby incorporated herein by reference in its
entirety.

BACKGROUND

{2} Chemical enterprises can use production facilities to convert raw material
mputs into products each day. In operating these chemical enterprises, complex questions
regarding resource allocation must be asked and answered related to what chemical products
should be produced, at what times should those products be produced, and how much
production of these products should take place produce Further questions regarding
inventory management, such as how much to dispose of now vs how much to store in
mventory and for how long, as “better” answers to these decisions can increase profit margins
of the chemical enterprises.

{3 Chemical enterprises are also faced with increased pressure from competition
and nnovation forcing wodifications to production sirategies o remain competitive.
Moreover, these decisions can be made m the face of significant uncertainty. Production
delays, plant shutdowns or stoppages, rush orders, fluctuating prices, and shifting demand can
all be sources of uncertainty that render a previously optimal schedule, suboptimal or even
mfeasible.

{4] Solutions to resource allocation problems faced by chemical enterprises are
often computationally difficult, vielding computational times that are too long to react to real-
iime demands. Scheduling problems are classified by the way they handle time, optimization
decisions, and other modeling elements. Two current methods can solve scheduling problems
while handling uncertainty: robust optumization and stochastic optinuzation. Robust
optimization ensures a schedule is feasible over a given set of possible outcomes of the
uncertainty in the system. An example of robust optimuization can involve scheduling a
chemical process modeled as a continuous time state-task network (STN} with uncertainty in
the processing time, demand, and raw material prices.

{51 Stochastic optinization can deal with uncertainty in stages whereby a decision
is made and then uncertainty 15 revealed which enables a recourse decision to be made given

the new mformation. One stochastic optimization example involves use of a muiti-stage



stochastic optimization model to deternune safety stock levels to maintain a given customer
satisfaction level with stochastic demand. Another stochastic optimization example involves
use of a two-stage stochastic mixed-integer linear program to address the scheduling of a
chemical batch process with a rolling horizon while accounting for the risk associated with
their decisions. Although there is a long history of optimization under uncertainty, many
techniques are difficult to implement due to high computational costs, sources of uncertainty
(endogenous vs exogenous), and complexity in measuring uncertainty.
SUMMARY

{6] A first example embodiment can involve a computer-implemented method. A
model of a production facility that relates to production of one or more products that are
produced at the production facility utilizing one or more input materials to satisfy one or
more product requests can be determined. Fach product request can specify one or more
requested products of the one or more products to be available at the production facility at
one or more requesied times. A policy neural network and a value neural network for the
production facility can be deternuned. The policy neural network can be associated with a
policy function representing production actions {o be scheduled at the production facility. The
value newral network can be associated with a value function representing benefits of
products produced at the production {acility based on the production actions. The policy
neural network and the value neural network can be trained to generate a schedule of the
production actions at the production facility that satisfy the one or more product reguests over
an interval of time based on the model of the production. The schedule of the production
actions can relale to penalties due to late production of the one or more requesied products
determined based on the one or more requested times.

{71 A second example embodiment can inveolve a computing device. The
computing device can include one or more processors and data storage. The data storage can
have stored thereon computer-executable mstructions that, when executed by the one or more
processors, cause the computing device to carry out functions that can include the computer-
implemented method of the first example embodiment.

{8} A third example embodiment can involve an article of manufacture. The
article of manufacture can include one or more computer readable media having computer-
readable instructions stored thereon thai, when executed by one or more processors of a
compuiing device, cause the computing device to carry out functions that can include the

computer-implemented method of the first example embodiment.



{9} A fourth example embodiment can involve a computing device. The
computing device can include: means for carrving out the computer-implemented method of
the first example embodiment.

(18] A fifth example embodiment can involve a computer-implemented method. A
computing device can receive one or more product requests associated with a production
facility, each product request specifving one or more requested products of one or more
products to be available at the production facility ai one or more requested times. A trained
policy neural network and a tramed value newral network can be utilized to generate a
schedule of production actions at the production facility that satisty the one or more product
requests over an inferval of time, the trained policy neural network associated with a policy
function representing production actions to be scheduled at the production facility, and the
irained value neural network associated with a value function representing benefits of
products produced at the production facility based on the production actions, where the
schedule of the production actions relates to penalties due to late production of the one or
more requested products determined based on the one or more requested times and due to
changes in production of the one or more products at the production facility.

{11] Asixth example embodiment can involve a computing device. The compuiing
device can include one or more processors and data siorage. The dala storage can have siored
thereon computer-executable instructions that, when executed by the one or more processors,
cause the computing device to carry out functions that can include the computer-implemented
method of the fifth example embodiment.

{12] A seventh example embodiment can mvolve an article of manufacture. The
article of manufacture can include one or more computer readable media having computer-
readable instructions stored thereon thai, when executed by one or more processors of a
computing device, cause the computing device {o carry out functions that can include the
compuier-implemented method of the fifth example embodiment.

{13] An cighth example embodiment can involve a computing device. The
computing device can include: means for cartying owt the computer-implemented method of
the fifth example embodiment.

{14] These as well as other embodiments, aspects, advantages, and alternatives will
become apparent to those of ordinary skill in the art by reading the following detailed
description, with reference where appropriate {0 the accompanying drawings. Further, this
sumimary and other descriptions and figures provided herein are mtended to illustrate

embodiments by way of example only and, as such, that numerous variations are possibie.



For instance, structural elements and process steps can be rearranged, combined, distributed,
eliminated, or otherwise changed, while remaining within the scope of the embodiments as
claimed.

BRIEF BESCRIPTION OF THE BRAWINGS

{15] Figure | illustrates a schematic drawing of a computing device, in accordance
with example embodiments.

{i6] Figure 2 illustrates a schematic drawing of a server device clusier, in
accordance with example embodiments.

{171 Figure 3 depicts an artificial neural network (ANN) architecture, n
accordance with example embodiments.

{18] Figures 4A and 4B depict training an ANN, in accordance with example
ernbodirvents.

{19} Figure 5 shows a diagram depicting reinforcement leaming for ANNs, in
accordance with example embodiments.

{20  Figure 6 depicts an example scheduling problem, in accordance with example
embodiments.

{21] Figure 7 depicts a svstem including an agent, in accordance with example
embodiments.

{221 Figure 8 is a block diagram of a model for the system of Figure 7, in
accordance with example embodiments.

{23] Figure 9 depicts a schedule for a production facility in the system of Figure 7,
i accordance with example embodiments.

{24] Figure 10 is a diagram of an agent of the system of Figure 7, in accordance
with example embodiments.

{25] Figure 11 shows a diagram illusirating the agent of the system of Figure 7
generating an action probability distribution, in accordance with exarple embodiments.

{26] Figure 12 shows a diagram illusirating the agent of the system of Figure 7
generating a schedule using action probabiiity disinbutions, in accordance with example
embodiments.

{271  Figure 13 depicts the schedule of actions of Figure 12 as being carried out at a
particular ime, in accordance with example embodiments.

{28] Figure 13 depicts an example schedule of actions for the production facility of
the system of Figure 7 being carried out at a particular time, in accordance with example

embodiments.



{291 Figure 14 depicts graphs of tramming rewards per episode and product
availability per episode obtained while training the agent of Figure 7. in accordance with
example embodiments.

{361 Figure 15 depicts graphs comparing neural network and optimization model
performance in scheduling activities at a production facility, in accordance with example
embodiments.

{31] Figure 16 depicis additional graphs comparing newral network and
optimization maodel performance in scheduling activiies at a production facility, in
accordance with example embodiments.

{32] Figure 17 15 a flow chart for a method, in accordance with example
ernbodiments.

{33] Figure I8 15 a flow chart for another method, in accordance with example
embodiments.

{34] Example methods, devices, and systems are described herein. 1t should be
understood that the words “example” and “exemplary” are used herein to mean “serving as an
example, instance, or illustration.” Any embodiment or feature described herein as being an
“example” or “exemplary” is not necessarily to be construed as preferred or advantageous
over other embodiments or features unless stated as such. Thus, other embodiments can be
witlized and other changes can be made without departing from the scope of the subject
matier presented herein.

{35]  Accordingly, the example embodiments described herein are not meant to be
himiting. ¥t will be readily understood that the aspects of the present disclosure, as generally
described herein, and illustrated in the figures, can be arranged, substituted, combined,
separated, and designed in a wide variety of different configurations. For example, the
separation of features mto “chent” and “server” components may occur in a nurmber of ways.

{361 Further, unless context suggests otherwise, the features illustrated in each of
the figures may be used in combination with one another. Thus, the figures should be
generally viewed as component aspects of one or more overall embodiments, with the
understanding that not all illustrated features are necessary for each embodiment.

{377 Additionally, anv enumeration of elements, blocks, or sieps in this
specification or the claims is for purposes of clanity. Thus, such enumeration should not be
imterpreted to require or imply that these elements, blocks, or steps adhere to a particular

arrangement or are carried out in a particular order.
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38]  The following embodiments describe architectural and operational aspects of
example compuiing devices and svstems that mav employ the disclosed ANN
impiementations, as well as the features and advantages thereof.

39] Herein are described apparatus and methods for solving production scheduling
and planning problems using a coraputational agent having one or more ANNs trained using
deep reinforcement learning. These scheduling and planning problems can involve production
scheduling for chemicals produced at a chemical plant; or more generally, producis produced
at a production facility. Production scheduling in a chenucal plant or other production faciluy
can be thought of as repeatedly asking three questions: 1) what products to make? 2} when to
make the products? and 3) how much of each product to make? Duwring scheduling and
planning, these questions can be asked and answered with respect to mimmize cosi,
maximize profil, nunimize makespan (i e, a time difference between starting and finishing
product production), and/or one or more other metrics.

{40] Additional, complex issues can arise during scheduling and planning activities
at production facilities — for example, operational stability and customer service are at odds
with one another. This is often compounded by uncertainty stermming from demand changes,
product reliability, pricing, supply reliability, production quality, maintenance, etc. forcing
manufacturers to respond by rescheduling production assets rapidly leading to sub-optimnal
solutions that can create Turther difficulties at the production facilities n the future

{41}  The result of scheduling and planning can include a schedule of production for
future time periods, often 7 or more days in advance, in the face of significant uncertainty
surrounding production reliability, demand, and shifting prionities. Additionally, there are
multiple constraints and dynamics that are difficult to represent mathematically during
scheduling and planning, such as the behavior of certain customers or regional markeis the
plant must serve. The scheduling and planning process for chemncal production can be further
complicated by type change restrictions which can produce oft-grade material that is sold at a
discounted price. Off-grade production itself can be non-deternunistic and poor tvpe changes
can lead to lengthy production delays and potential shut-downs.

{42] ANNs trained using the herein~described deep reinforcement learning
technigues to account for uncertainty and achieve online, dynamic scheduling. The trained
ANNs can then be used for production scheduling. For example, a computational agent can
embody and use two multi-layer ANNg for scheduling: a value ANN representing a value
function for estimating a value of a state of a production facility, where the state 1s based an

inventory of products produced at the production facility (e.g, chemicals produced a



chernical plant) and a policy ANN representing a policy function for scheduling production
actions at the production facility. Example production actions can include, but are not limited
1o, actions related to how much of each of chemicals A, B, C ... to produce at times 1, {2,
i3.... The agent can mieract with a simulation or model of the production facility {o take n
mformation regarding inventory levels, orders, production data, maintenance history, and
schedule the plant according to historical demand patterns. The ANNs of the agent can use
deep reinforcement leaming over a number of simulations o learn how to effectively
schedule the production facility in order to meet business requirements. The value and policy
ANNs of the agent can readily represent continuous variables, allowing for more
eeneralization through model-free representations, which contrast with model-based methods
utilized by prior approaches.

{43] The agent can be trained and, once trained, utilized to schedule production
activities at a production facility PF1. To begin a procedure for training and utilizing the
agent, a model of production facility PF1 can be obtained. The model can be based on data
about PF1 obtained from enterprise resource planning svstems and other sources. Then, one
or more computing devices can be populated with untrained policy and value ANNs io
represent policy and value functions for deep learning. Then, the one or more computing
devices can traim the policy and value ANNs using deep reinforcement learning algorithms.
The traming can be hased on one or more hyperparameters {e.g, learning rates, step-sizes,
discount factors). Dring training, the policy and value ANNs can interact with the model of
production facility PF1 to make relevant decisions based on the model, until a sufficient level
of success has been achieved as indicated by an objective fumction and/or key performance
mdicators (KPI). Once the sufficient level of success has been achieved on the model, the
policy and value ANNSs can be considered to be trained to provide production actions for PF1
using the policy ANN and to evaluate the production actions for PF1 using the value ANN,

{44] Then, the tramed policy and value ANNs can be optionally copied and/or
otherwise moved 1o one or more compuing devices that can act as server(s} associated with
operating production facility PF1. Then, the policy and value ANNs can be executed by the
ong or more computing devices (if the ANNs were not moved} or by the server{s) (if the
ANNs were moved) so that the ANNs can react in real-time to changes at production facility
PF1. In particular, the policy and value ANNs can determine a schedule of production actions
that can be carried out at production facility PF1 to produce one or more products based on
one or more nput {raw) materials. Production facility PF1 can implement the schedule of

production actions through normal processes at PF1. Feedback about the implemented
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schedule can then be provided to the trained policy and value ANNs and/or the model of
production facility PF1 to continue on-going updating and learning.

{45]  In addition, one or more KPIs at production facility PF1 {e.g, inventory costs,
product values, on-tirne delivery of product data) can be used fo evaluate the trawned policy
and value ANNs. If the KPls indicate that the trained policy and value ANNs are not
performing adequately, new policy and value ANNs can be trained as described herein, and
the newlv-trained policy and value AWNNs can replace the previous policy and value ANNs.

{46] The herein-described reinforcement learning techniques can dynanucally
schedule production actions of a production facility, such as single-stage multi-product
reactor used for producing chemical products; eg. various grades of low-density
polvethylene {LDPE). The herein-described reinforcement learning techniques provides a
natural representation for capturing the uncertainty in a system. Further, these reinforcement
fearning techniques can be combined with other, existing techniques, such as model-based
optimization techniques, to leverage the advantages of both sets of technigues For example,
the model-based optimization techniques can be used as an “oracle” during ANN training.
Then, a reinforcement leaming agent embodying the policy and/or value ANNs could query
the oracle when multiple production actions are feasible at a particular time to help select a
production action to be scheduled for the particular time. Further, the reinforcement learning
agent can learn from the oracle which production actions to take when multiple production
actions are feasible over time, thereby reducing (and eventually eliminating) reliance on the
oracle. Another possibility for combining remforcement learning and model-based
optirnization techmques 1s to use a reinforcement leaming agent to restrict a search space of a
stochastic programming algorithm. Unce trained, the reinforcement learning agent could
assign low probabtlities of recetving a high reward to certain actions in order to remove those
branches and accelerate the search of the optimization algorithm.

{47] The herein-described remnforcement learning techruques can be used to tramn
ANNs to solve the problem of generating schedules to control a production facility,
Schedules produced by the trained ANNs favorably compare to schedules produced by a
typical mixed-integer linear programming (MILP} scheduler, where both ANN and MILP
scheduling is performed over a number of time intervals on a receding horizon basis. That is,
the ANN-generated schedules can achieve higher profitability, lower inventory levels, and
betler customer service than \ deferministic MILP-generated schedules under uncertainty.

{48]  Also, the herem-described reinforcement learming fechmques can be used to

train ANNg to operate with a receding fixed time horizon for planning due to its ability to



factor in uncertainty. In addition, a reinforcement learmming agent embodying the herein-
described trained ANNg can be rapidly executed and continuously available to react in real
time to changes at the production facility, enabling the reinforcement learnimg agent to be
flexible and make real-time changes, as necessary, in scheduling production of the production
facility.

L Example Computing Bevices and Cloud-Based Computing Environments

{49] Figure 1 is a simplified block diagram exemplifyving a computing device 100,
tlustrating some of the components that could be included 1 a computing device arranged {o
operate in accordance with the embodiments herein. Computing device 100 could be a client
device {e.g., a device actively operated by a user), a server device {e.g., a device that provides
computalional services to client devices), or some other type of compuiational platform.
Some server devices can operate as client devices from timne to timse in order to perform
particular operations, and some chient devices can ncorporate server features.

{88] In this example, computing device 100 includes processor 102, memory 104,
network interface 106, an mnput / output urut 108, and power wut 110, all of which can be
coupled by a system bus 112 or a similar mechanism. In some embodiments, computing
device 100 can include other components and/or peripheral devices {e.g., detachable siorage,
printers, and so on).

{531 Processor 102 can be one or more of any tvpe of computer processing element,
such as a central processing unit {CPU), a co-processor (e g.. a mathematics, graphics, neural
network, or encryplion co-processor), a digital signal processor {DSP}, an application specific
integrated circuit (ASIC), a network processor, and/or a form of iniegrated circuit or
comtroller that performs processor operations. In some cases, processor 102 can be one or
more single-core processors. In other cases, processor 102 can be one or more multi-core
processors with multiple independent processing units or “cores”. Processor 102 can also
include register memory for temporarily storing nstructions being executed and related data,
as well as cache memory for temporarily storing recently-used instructions and data,

{82] Memory 104 can be any form of computer-usable memory, including but not
hmited o random access memory (RAM), read-only memory (ROM), and non-volatile
memory. This can include, for example, but not limmted to, flash memory, solid state drives,
hard disk dnives, compact discs (CDs), digital video discs (E'VDs), removable magnetic disk
media, and tape storage. Computing device 100 can include fixed memory as well as one or

more removable memory units, the latier mcluding but not limited to various types of secure



digital (8D) cards. Thus, memory 104 represents both main memory units and long-term
storage. Other types of memory are possible as well; e.g, biological memory chips.

{83] Memory 104 can siore program instructions and/or data on which program
mstructions can operate. By way of example, memory 104 can store these program
instructions on a non-transitory, computer-readable medium, such that the mstructions are
executable by processor 102 to carry out anv of the methods, processes, or operations
disclosed in this specification or the accompanying drawings.

{54] In some examples, memory 104 can include software such as firmware, kernel
software and/or application software. Firmware can be program code used to boot or
otherwise initiate some or all of computing device 100. Kemel software can include an
operating svstem, inchuding modules for memory management, scheduling and management
of processes, mput / output, and coromurnication. Kerel software can also include device
drivers that allow the operating system to communicate with the hardware modules (e g,
memory unifs, networking interfaces, ports, and busses), of computing device 100
Applications software can be one or more user-space software programs, such as web
browsers or email clients, as well as any software libraries used by these programs. Memory
104 can also store data used by these and other programs and applications.

I55] Network interface 106 can take the {orm of one or more wireline mterfaces,
such as Ethemet (e.g., Fast Ethernet, Gigabit Ethernet, and so on). Network interface 106 can
also support wireline commumnication over ong or more non-Ethernet media, such as coaxial
cables, analog subscriber lines, or power lines, or over wide-area media, such as Synchronous
Optical Networking (SONET) or digital subscriber hine (DSL) technologies. Network
interface 106 can additionally take the form of one or more wireless interfaces, such as IFEE
802.11 (Wi-F1), ZigBee®, BLUETOOTH®, global positioning system {GPS}, or a wide-area
wireless miterface. However, other forms of physical layer interfaces and other types of
standard or proprietary communication protocols can be used over network interface 106,
Furthermore, network interface 106 can comprise multiple physical interfaces. For mstance,
some embodiments of computing device 100 can include FEthernet, BLUETOOTH®,
ZigBee®, and/or Wi-Fi® miterfaces.

{56] Input / output unit 108 can facilitate user and peripheral device interaction
with example computing device 100. Input / output unit 108 can include one or more types of
input devices, such as a kevboard, a mouse, a touch screen, and so on. Similarly, mput /
output unit 108 can include one or more types of output devices, such as a screen, monitor,

printer, and/or one or more light emitting dindes (LEDs) Additionally or alternatively,
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computing device 100 can conmmnunicate with other devices using a umversal serial bus
{(USB) or high-definition multimedia interface (HDMI) port interface, for example.

{87 Power unit 110 can include one or more batteries and/or one or more external
power inierfaces for providing electrical power to computing device 100. Each of the one or
more batieries can act as a source of stored electrical power for computing device 100 when
electrically coupled to computing device 100, In some examples, some or all of the one or
more batteries can be readily removable from computing device 100. In some examples,
some or all of the one or more batteries can be internal to computing device 100, and so are
not readily removable from computing device 100. . In some examples, some or all of the one
or more batteries can be rechargeable. In some examples, some or all of one or more batteries
can be non-rechargeable batteries. The one or more external power interfaces of power unit
110 can melude one or more wired-power interfaces, such as a USB cable and/or a power
cord, that enable wired electrical power connections to one or more elecirical power supplies
that are external to computing device 100. The one or more external power interfaces can
mclude one or more wireless power interfaces {e.g, a (i wireless charger) that enable
wireless electrical power connections, 1o one or more external power supplies. Once an
electrical power connection is established to an external power source using the one or more
external power interfaces, computing device 100 can draw electrical power from the extemnal
power source using the established electrical power connection. Tn some exaroples, power
unit 110 can include related sensors; ¢ g., battery sensors associated with the one or more
batteries, electrical power sensors.

58] In some embodiments, one or more nstances of computing device 100 can be
deploved to support a clustered architecture. The exact physical location, connectivity, and
configuration of these computing devices can be unknown and/or unimportant to client
devices. Accordingly, the computing devices can be referred (o as “cloud-based” devices that
can be housed at various remote data center locations.

{891 Figure 2 depicts a cloud-based server cluster 200 in accordance with example
embodiments. In Figure 2, operations of a computing device (e.g., computing device 100) can
be distributed between server devices 202, data storage 204, and routers 206, all of which can

e comnected by local cluster network 208. The amount of server devices 202, data storage
204, and routers 206 in server cluster 200 can depend on the computing task{s} and/or
applications assigned to server chuster 200.

{681 For sumplicity’s sake, both server cluster 200 and individual server devices

202 can be referred to as a “server device.” This nomenclature should be understood to imply
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that one or more distinct server devices, data storage devices, and cluster routers can be
mvolved n server device operations. In some examples, server devices 202 can be configured
to perform vanious computing tasks of computing device 100. Thus, computing tasks can be
disiributed among one or more of server devices 202. To the extent that computing tasks can
be performed in parallel, such a distribution of tasks can reduce the total timne to complete
these tasks and return a result.

{61] Data storage 204 can include one or more data siorage arrays that include one
or more drive array conirollers configured to manage read and write access to groups of hard
disk drives and/or solid state drives. The drive array controller(s), alone or in conjunction
with server devices 202, can also be configured to manage backup or redundant copies of the
data stored in data storage 204 1o protect against drive failures or other types of fallures that
prevent one or more of server devices 202 from accessing units of cluster data storage 204,
Other types of memory aside from drives can be used.

{62] Routers 206 can include networking equipment configured to provide internal
and external communications for server cluster 200, For example, roufers 206 can include
one or more packet-switching and/or routing devices (including switches and/or gateways)
configured to provide (1) network commumications between server devices 202 and data
storage 204 via chuster network 208, and/or (11) network commumications between the server
cluster 200 and other devices via communication link 210 to network 212,

{63] Additionally, the configuration of cluster routers 206 can be based on the data
communication requiremenis of server devices 202 and data storage 204, the latency and
throughput of the local cluster network 208, the latency, throughput, and cost of
communication hink 210, and/or other faciors that can contribute to the cost, speed, fauli-
tolerance, resiliency, efficiency and/or other design goals of the system archiiecture.

{64]  As a possible example, data storage 204 can store any form of database, such
as a structured query language (SQL) database. Various types of data structures can store the
information in such a database, including but not limited to tables, arrays, lists, trees, and
tuples. Furthermore, any databases in data storage 204 can be monolithic or distributed across
multiple physical devices.

{65]  Server devices 202 can be configured to transmit data to and receive data from
cluster data storage 204. This transmission and retrieval can take the form of SQL queries or
other types of database queries, and the oulput of such queries, respectively. Additional texi,
images, video, and/or audio can be included as well. Furthermore, server devices 202 can

organize the received data into web page representations. Such a representation can take the
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form of a markup language, such as the hypertext markup language (HTML), the extensible
markup language (XML}, or some other standardized or proprietary format. Moreover, server
devices 202 can have the capability of executing various tvpes of compuierized scripiing
fanguages, such as but not himited (o Perl, Python, PHP Hypertext Preprocessor {PHP), Active
Server Pages (ASP), JavaScript, and so on. Computer program code written in these
languages can facilitate the providing of web pages to client devices, as well as client device
mnieraction with the web pages.

1. Artificial Neural Networks

{66] An ANN is a computational model in which a number of simple units,
working individually m parallel and without central control, combine to solve complex
problems. While this model can resemable an animal’s brain in some respects, analogies
between ANNs and brains are tenuous at best. Modem ANNs have a fixed structure, a
deterministic mathematical learning process, are trained to solve one problem at a time, and
are much smaller than their biological counterparts.

A, Exampie ANN Architecture

{67] Figure 3 depicts an ANN architecture, in accordance with example
embodiments. An ANN can be represented as a number of nodes that are arranged into a
number of layers, with connections between the nodes of adjacent layers. An example ANN
300 1s shown i Figure 3. ANN 300 represents a feed-forward multilayer neural network, but
similar structures and principles are used in actor-critic neural networks, convolutional neural
networks, recurrent neural networks, and recursive neural networks, for example.

{68] Regardless, ANN 300 consists of four layers: input layer 304, hidden layer
306, hidden laver 308, and output layer 310. Each of the three nodes of input layer 304
respectively recetve X3, X, and X from initial input values 302, The two nodes of ouiput
laver 310 respectively produce V) and Y, for final output values 312, ANN 300 is a fully-
connected network, 1 that nodes of each laver aside from input laver 304 receive input from
all nodes in the previous layer.

{69] The solid arrows between pairs of nodes represent connections through which
mtermediate values flow, and are each associated with a respective weight that is apphied to
the respective mntermediate value. Each node performs an operation on its mput values and
their associated weights {e.g, values between O and 1, inclusive) to produce an output value.
In some cases this operation can involve a dot-product sum of the products of each nput
value and associated weight. An activation function can be applied to the result of the dot-

product sum to produce the output value. Other operations are possible.



[78] For example, if a node receives input values {x4,x,, ..., x,,} on n connections

with respective weights of {wy, wy, ..., wy, 1, the dot-product sum d can be determined as:

1

d = in w; + b (B

i=1
where b 1s a node-specific or layer-specific bias.

{71} Notably, the fully-connected nature of ANN 300 can be used to effectively
represent a partially-connected ANN by giving one or more weights a value of 0. Smularly,
the bias can also be set to 0 to elinunate the b term.

172]  An activation function, such as the logistic function, can be used to map d to
an output value v that 1s between 0 and 1, inclusive:

1

V=TT @

Functions other than the logistic function, such as the sigmoid, exponential linear unit (ELU),
rectifier linear unit {Rel.U) or tanh functions, can be used instead.

{73] Then, v can be used on each of the node’s output connections, and will be
modified by the respective weights thereof. Particularly, in ANN 300, nput values and
weights are applied to the nodes of each layer, from left to right until final ocutput values 312
are produced. If ANN 300 has been fully trained, final output values 312 are a proposed
solution to the problem that ANN 300 has been trained to solve. In order to obtan a
meaningful, useful, and reasonably accurate solution, ANN 300 requires at least some extent
of training.

B. Training

{74] Tramning an ANN usually mvolves providing the ANN with some form of
supervisory traimng data, namely sets of mput values and desired, or ground truth, ouiput
values. For ANN 300, this training data can include m sets of imput values paived with output
values. More formally, the training data can be represented as:

DR CT OFR P A {3}
where { = 1 ..m, and ¥, and ¥, , are the desired output values for the input values of X, ;,
Xy, and X3 ;.

{751 The traiming process involves applving the mmput values from such a set to
ANN 300 and producing associated output values. A loss function is used to evaluate the
error between the produced output values and the ground {ruth output values. This loss

function can be a sum of differences, mean squared ervor, or some other metric. In some
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cases, error values are deternuned for all of the m sets, and the error function involves
calculating an aggregate (e.g., an average) of these values.

{76]  Once the ervor 15 determined, the weights on the connections are updated m an
attempt to reduce the error. In simple terms, this update process should reward “good”
weights and penalize “bad” weights. Thus, the updating should distribute the “blame”™ for the
error through ANN 300 m a fashion that results in a lower error for future iterations of the
training data.

{771  The training process continues applyving the training data to ANN 300 until the
weights converge. Convergence occurs when the error is less than a threshold value or the
change m the error is sufficiently small between consecutive iterations of training. At this
point, ANN 300 is said to be “trained” and can be applied to new sets of mput values i order
to predict output values that are unknown.

{78] Most tramning iechniques for ANNs wmake use of some form of
backpropagation. Backpropagation distributes the error one layer at a time, from right to left,
through ANN 300. Thus, the weights of the connections between hidden fayer 308 and output
layer 310 are updated first, the weighis of the connections between hidden laver 306 and
hidden layer 308 are updated second, and so on. This updating is based on the derivative of
the activation function.

{797 Figures 4A and 4B depict training an ANN, in accordance with example
embodiments. In order to further explain ervor determination and backpropagation, i 18
helpful to look at an example of the process in action. However, backpropagation becomes
quite complex to represent except on the simplest of ANNs. Therefore, Figure 4A introduces
a very simple ANN 400 in order to provide an illustrative example of backpropagation.
Weight | Modes | Weight | Nodes

wy i1, Hi Ws H1,01
Wy 12, H1 Wy H2.01
Wi 11L,H2 w, | HLOZ2
Wy I2H2 Wy H2,02

Table 1

[806] ANN 400 consists of three layers, input laver 404, hidden layer 406, and
ouwtput laver 408, each having two nodes. Initial input values 402 are provided to input layver
404, and output laver 408 produces final output values 410. Weights have been assigned fo

each of the connections. Also, bias b, = 0.35 is applied to the net input of each node in



hidden layer 406, and a bias b. = (.60 is applied to the net input of each node in output layer
408. For clarity, Table 1 maps weights to pair of nodes with connections to which these
weights apply. As an example, w, is applied to the connection between nodes I2 and H1, wy
is applied to the connection between nodes H1 and 02, and so on.

{81} For purposes of demonstration, nitial input values are set to X; = 0.05 and
X, = 0.10, and the desired output values are set to ¥, = 0.01 and ¥, = 0.99. Thus, the goal
of training ANN 400 is to update the weights over some number of feed forward and
backpropagation iterations until the final output values 410 are sufficiently close to ¥} = 0.01
and ¥; = 0.99 when X, = 0.05 and X, = 0.10. Note that use of a single set of training data
effectively trains ANN 400 for just that set. If roultiple sets of traiming data are used, ANN
400 will be trained in accordance with those sets as well.

§. Example Feed Forward Pass

{82] To mitiate the feed forward pass, net inputs to each of the nodes i hidden
fayer 406 are calculated. From the net mpuis, the outputs of these nodes can be found by
applving the activation function. For node HI, the net input neiy, is:

nety; = wy Xy +w X, + by @

{83] Applying the activation fimction ¢here, the logistic function} to this mput

determines that the output of node H1i, outy, 15
1

1 4 e el (5
= (.593269992

OU,{;H:.L =

i{84] Following the same procedure for node H2, the outpul outy, is
(.596884378. The next step in the feed forward iteration 1s to perform the same calculations
for the nodes of output layer 408. For example, net input 1o node O1, net,, 15

netyy = WgOuly, + weouty, + by
= (0.40)(0.593269992) + (0.45)(0.596884378) + 0.60 (6)
= 1.105905967
{85}  Thus, output for node O1, cuty, 1s:
1
1+ e netos (7
= 0.75136507

outy, =

{86] Following the same procedure for node 02, the output outy, 1s 0.772928465,

At this point, the {otal error, A, can be determined based on a loss function. In this case, the
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loss function can be the sum of the squared error for the nodes in output layer 408. In other
words:
A= Qg+ 4y
1 2 1 P
= -5 ((}'uto«l - YE) + "2" (Gutoz — ‘.{2)
1 1 {8)
=3 (075136507 — 0.01)% + 5(0,772928465 - (.99}

{877 The multiplicative constam%in each term is used to simplify differentiation
during backpropagation. Since the overall result is scaled by a learning raie anvway, this
constant does not negatively impact the training. Regardless, at this point, the feed forward
tieration completes and backpropagation begins.

2. Backpropagation

{88]  As noted above, a goal of backpropagation is to use A to update the weights so

that they contribute less error in future feed forward iterations. As an example, consider the

weight wz. The goal involves determining how much the change in wy affects A. This can be
ah

expressed as the partial derivative Using the chain rule, this term can be expanded as:

dwy
dA JA douty, Onety,

dws  Jdout,, dnety, dwe

&)

{89] Thus, the effect on A of change o wy 1S equivalent to the product of (i) the
effect on A of change to cuty,, (11) the effect on ouf,y, of change to nety,. and (i1} the effect
on netgy, of change to wy . Each of these multiplicative terms can be determined
independently. Intuitively, this process can be thought of as isolating the impact of wy on

netoy, the impact of nety, on outy4, and the impact of oufy, on A

{90]  Starting with - o4 . the expression for A is:
U(?Lé?()«l
1 2 1 2 «
A= ‘2“(0“'50?;. - Y) + ?Zf(imfaz - Yz) (10

{91] When taking the partial derivative with respect to oufy,, the term containing
outy, 15 effectively a constant because changes to outy, do not affect this term. Therefore:
ah o
douty, = outos — 1 an
= .75136507 — 0.01 = 0.74136507

. doutsy . - . . .
[92] For —=% the expression for out,,. from Equation 5, is:

netoq’
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1
QUL = e (i12)

1 4 g—netor
193] Therefore, taking the derivative of the logistic funciion:

doutny

= guty, (1 — out
Frety, outpy { outys) (13)

= (.75136507(1 — 0.75136507) = 0.186815602
r (’}'ﬂ-‘:’-’tol

R the expression for net,, from Equation 6, is:
5

194] Fo

nety, = wgouly, + weouty, + b, (4

{951  Similar to the expression for A, taking the derivative of this expression

mvolves treating the two nightmost terms as constants, since wr dogs not appear in those
termas. Thus:

onetgq

5 = guty, = 0.593269992 (15
wWg

{96]  These three partial derivative terms can be put together to solve Equation 9:
an -
5;;; = {outy, — Yl)outm(l — Oty )outy, 16
= (0.741365073(0.186815602)(0.593269992) = (.082167041

{971 Then, this value can be subtracied from wy. Often a gain, 0 <a £ 1, 15

. aA . ‘ ‘

apphied fo 1o conirol how aggressively the ANN responds to errors. Assuming that
5

a = 0.5, the full expression is:
A

dws (an
= 0.4 —(0.5)(0.082167041) = 0.35891648

W = Wy — &

98]  This process can be repeated for the other weights feeding into ouiput layer
408. The results are:
w, = 0.408666186
wo = 0511301270 (18)
wg == 0.561370121
{991  Note that no weights are updated until the updates to all weights have been
determined at the end of backpropagation. Then, all weights are updated before the next feed
forward teration.
[100] Nexi, updaies to the remaining weighis, wy, w,, ws, and w, are calculated.
This involves continuing the backpropagation pass to hidden layer 406, Considering wy and

using a similar derivation as above:
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aA ahA f}f)uth’i 6?’16;,'}11 (E(}}
e X esomeonsmren, ¢
owy  douty, Onefy, dwy

{101] One difference, however, between the backpropagation techniques for output
layer 408 and hidden layer 406 is that each node in hidden layer 406 contributes to the error
of all nodes i output laver 408. Therefore:

dA  Ohg Iy

y = - 20
douty, douly; Jouly (20)
. S oy
{102] Beginning with Son
Al oA Onet \
01 01_ ., ot @n

douty, Onety, Jouby,
an

.\01
dneto,’

{163] Regarding

the impact of change in nety, on g, 1s the same as impact

of change in nety, on A, so the calculations performed above for Equations 11 and 13 can be

reused:
dhgy 04 doutyq
dnety,  douly, dnelyy (22)
= {0.74136507)(0.186815602) = 0.138498562

dnetoy

{104] Regarding

, netyy can be expressed as:

Hi

nety, = wgouly, + weouty, + b, 23
{105] Thus:
dnet
oy = 0,40 (24)
douly,

{106] Therefore, Fquation 21 can be solved as:
dhgy Dby « dnety,

Bouty, Onety, Odouty (25}
= {0.138498562)(0.40) = 0.055399425
[107] Following a similar procedure for W02 rosults in:
doutyy
axﬁoz ~ .
= —0.019049119 26)
@f)ul‘.Hl

{108] Consequently, Equation 20 can be solved as -
gh dbyy Oy
= +
dout,; douty, douty, (27

= (.055399425 - 0.019049119 = 0.036350306




{109] This also solves for the first term of Equation 19, Next, since node H1 uses the
fogistic function as its activation function to relate outy, and nety,, the second term of

. . Bout .
Equation 19, E‘;-e-ﬁi can be determined as:
ey

douty,

- = Uty (1 — outy,)
Frety, a1 Hi) (28)

= (0.59326999(1 — 0.59326999) = 0.241300709
{110] Then, as nefy; can be expressed as:
nety, = wy Xy +w, X, + By {29}
{111] Thus, the third term of Equation 19 is:

(')‘net;;l

e X 0,05 (30)
dwy

{112] Putting the three terms of Equation 19 together, the result is:
A dA douty, Onety,
dw, douty, dnety, * dwy (31)
= {0.036350306)(0.241300709)(0.05) = 0.000438568
{1131 With this, wy can be updated as:
dA
Wy = wy — a;d—;l-}z 32
= (.15 — {0.5)(0.000438568) = 0.149780716

{114] This process can be repeated for the other weights feeding into hidden laver
406. The results are:
wy = 0.19956143
wy = 0,24975114 {333
w, = .29950229
{115] At thus point, the backpropagation iteration is over, and all weighis have been
updated. Figure 4B shows ANN 400 with these updated weights, values of which are rounded
to four dectmal places for sake of convenience. ANN 400 can continue to be trained through
subsequent feed forward and backpropagation iterations. For instance, the iteration carried
out above reduces the total error, 4, from 0.298371109 to 0.291027924. While this can seem
hike a small improvement, over several thousand feed forward and backpropagation iterations
the error can be reduced to less than 0.0001. At that point, the values of ¥; and ¥, will be
close to the target values of ¢.01 and 0.99, respectively.
{116] In some cases, an equivalent amount of traiming can be accomplished with

fewer iterations if the hyperparameters of the system {e.g., the biases by and b, and the
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learning rate «} are adiusted. For instance, the setting the learning rate closer to 1.0 can result
in the error rate being reduced more rapidly. Additionally, the biases can be updated as part of
the learmning process in a similar fashion to how the weights are updated.

{137] Regardless, ANN 400 is just a simplified example. Arbitrarily complex ANNs
can be developed with the number of nodes in each of the input and output layers tuned to
address specific problems or goals. Further, more than one hidden layer can be used and any
number of nodes can be in each hidden laver.

[, Utilizing Deep Reinforcement Learning for Production Scheduling

[118] One way {0 express uncertainty i a decision problem, such as scheduling
production at a production facility, 15 as a Markov decision process (MDP). A Markov
decision process can rely upon the Markov assumption that evolution / changes of future
states of an environment are onlv dependent on a current state of the environment.
Formulation as a Markov decision process lends itself to solving the decision problem using
machine learmning technigues to solve planning and scheduling problems, particularly
reinforcement leaming techniques.

[119] Figure 5 shows diagram 500 depicting reinforcement learning for ANNs, in
accordance with example embodiments. Remnforcement learming utilizes a computational

“<

agent which can map “states” of an environment that represenis information about the
environment into “actions” that can be carried out in an environment to subsequenily change
the state. The computational agent can repeatedly perform a procedure of receiving slate
mformation about the envirorument, mapping or otherwise determining one or more actions
based on the state information, and providing information about the action{s), such as a
schedule of actions, to the environment. The actions can then be carried out in the
environment to potentially change the environment. Once the actions have been carried out,
the coraputational agent can repeat the procedure after receiving state mnformation about the
potentially changed environment.

{128] In diagram 500, the computational agent is shown as agent 510 and the
environment is shown as environmoent 520, In the case of planning and scheduling problems
for a production facility in environment 520, agent 510 can embody a scheduling algorithm
for the production facility. At time t, agent 510 can receive state §; about environment 520.
State S; can include state information, which for environment 5320 can mclude: inventory
fevels of input materials and products available at the production facility, demand

nformation for products produced by the production facility, one or more existing / previous



schedules, and/or additional information relevant to developing a schedule for the production
facility

{121} Agent 510 can then map state S; into one or more actions, shown as action Ay
im Figure 5. Then, agent 510 can provide action A, to environment 520. Action A, can involve
one or more production actions, which can embody scheduling decisions for the production
facility {i.e., what to produce, when to produce, how much, etc.). In some examples, action A,
can be provided as part of a schedule of actions to be carried out at the production facility
over time. Action Ay can be carried out by the production facility in environment 520 during
ime 1. To carry out action A, the production facility can use available input materials to
generate products as directed by action A

{1221 After carrving out action A, state 5.1 of environment 520 at a next time step
i+1 can be provided to agent 510. At least while agent 510 15 being trained, state S of
environment 520 can be accompanied by {or perhaps include) reward R, determined after
action A¢is carried out; /e, reward R, is a response o action A Reward R¢ can be one or
more scalar values signifving rewards or punishments. Reward R, can be defined bv a reward
or value function — in some examples, the reward or value function can be equivalent to an
objective function in an optimization domain. In the example shown in diagram 500, a reward
function can represent an economic value of products produced by the production facility,
where a positive reward value can indicate a profit or other favorable economic value, and a
negative reward value can indicate a loss or other unfavorable economic value

{123] Agent 510 can interact with environment 520 to leamn what actions to provide
to environmment 520 by self-directed exploration remnforced by rewards and punishments, such
as reward R.. That is, agent 510 can be trained to maxinize reward R, where reward R acts
to positively reinforce favorable actions and negatively reinforce unfavorable actions.

{1241 Figure 6 depicts an example scheduling problem, in accordance with example
erobodiments. The example scheduling problem wmvolves an agent, such as agent 510,
scheduling a production facility to produce one of two products — Product A and Product B —
based on mcoming product requests. The production facility can only carry out a single
product request or order dwring one unit of tume. In this example, the unit of tiroe 15 a day, so
on any given day, the production facility can either produce one unit of Product A or one unit
of Product B, and each product reguest is either a request for one unit of Product A or one
unit Product B. In this example, the probability of recetving a product request for product Ais

o1 and the probability of receiving a product request for product Bis 1 ~ g, where 0 <g < 1.



{1258] A vreward of +1 is generated for shipment of a correct product and a reward of
-1 s generated for shipment of an incorrect product. That is, if a product produced by the
production facility for a given day {either Product A or Product B) is the same as a product
requested by the product request for the given day, a correct product is produced; otherwise
mcorrect product 1s produced. In this example, a correct product 15 assumed to be delivered
from the production facility in accord with the product request and so inventory for correct
products does not increase. Also, an incorrect product is assumed not 1o be delivered from the
production facility and so inventory for incorrect products does increase

{126] In this example, a state of the environment is a pair of numbers representing
the inventory at the production facility of Products A and B. For example, a state of (8, 6)
would indicate the production facility had 8 units of Product A and 6 units of Product A in
mventorv. In this example, at a time t = 0 days, an imtial state of the environment /
production facility is sy = (0, 0); that 1s, no products are in the inventory at the production
facility at time t = 0.

{127] Graph 600 illustrates transitions from the initial state sp at = 0 days to a state
s; at t = 1 day. At state s¢ = (0, 0), the agent can take one of two actions: action 602 to
schedule production of Product A or action 604 to schedule production of Product B. If the
agent takes action 602 to produce Product A, there are one of two possible transitions to state
sy: transition 606a where Product A is requested and the agent receives a reward of +1 since
Product A is a correct product, and fransition 606b where Product B is requested and the
agent receives a reward of -1 since Product B is an incorrect product. Similarly, if the agent
takes action 604 to produce Product B, there are one of two possible transitions to state s
transition 608a where Product A is requested and the agent receives a reward of -1 since
Product A is an mcorrect product, and transition 608b where Product B is requested and the
agent receives a reward of +1 since Product B is a correct product. As the agent i3 tfrving o
maximize rewards, positive rewards can act as actual rewards and negative rewards can act as
punishiments.

{128] Table 610 summarizes the likelihood of the four ouicomes possible by
transitioning from the initial state so at 1= 0 days a state sy at t = 1 day.in this example. A {irst
row of table 610 indicates that if the agent takes action 602 to produce Product A, there is a
probability o that the product requested for t = 0 days will be Product A, If the product
requested for 1 = 0 days 1s Product A, the agent would receive reward +1 for producing a
correct product and the resulting state s; at t = 1 days would be (0, 0) as correct Product A

would be delivered from the production facility.

[
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{129] A second row of table 610 indicates that if the agent takes action 602 {o
produce Product A, there is a probability 1- o that the product requested for t = 0 davs will be
Product B. If the product requested for 1 = 0 days is Product B, the agent would receive
reward ~1 for producing an mcorrect product and the resulting state 57 at £ = 1 days would be
{1, 0), as incorrect Product A would remain at the production facility.

{130] A third row of table 610 indicates that if the agent takes action 604 to produce
Product B, there is a probability a that the product requested for t = 0 davs will be Product A.
if the product requested for 1t = 0 days is Product A, the agent would receive reward -1 for
producing an incorrect product and the resulting state sy at t = 1 days would be {0, 1), as
incorrect Product B would remain at the production facility.

{1311 A fourth row of table 610 indicates that if the agent takes action 604 1o
produce Product B, there is a probability | - « that the product requested for t = 0 days will be
Product B. If the product requested for t = 0 days is Product B, the agent would receive
reward 1 for producing a correct product and the resuliing state s; at t = 1 days would be ({,
0) as correct Product B would be delivered from the production facility.

{132] Figure 7 depicts a system 700 including agent 710, in accordance with
exampie embodiments. Agent 710 can be a computational agent aciting to produce schedule
750 for production facility 760 based on various inputs representing a state of an environment
represented as production facility 760. The state of production facility 760 can be based on
product requests 720 for products produced at production facility 760, product and material
mventories information 730, and additional information 740 that can mclude, but 1s not
hmated to, information about manufacturing, equipment status, business intelligence, current
market pricing data, and market forecasts. Production facility 760 can receive input materials
762 as inputs to produce products, such as requested products 770. In some examples, agent
710 can include one or more ANNs trained using reinforcement learning to determune actions,
represented by schedule 750, based on states of production facility 760 to satisfy product
requests 720.

{133] Figure 8 is a block diagram of a model 800 for system 700, which includes
production facility 760, in accordance with example embodiments. Model 800 can represent
aspects of system 700, including production facility 760 and product requests 720. In some
exampies, model 800 can be used by a computational agent, such as agent 710, to model
production facility 760 and/or product requests 720, In other examples, model 800 can be
used to model production factity 760 and/or product requests 720 for a MILP-based

scheduling system.



{134] In this example, model 800 for production facility 760 allows for producing of
up to four different grades of LDPE as products 850 using reactor 810, where products 850
are described herein as products Product A, Product B, Product €, and Product B. More
particudarly, model 300 can represent product requests 720 by an order book of product
requests for Products A, B, C, and D, where the order book can be generated according {0 a
fixed statistical profile and can be updated each dayv with new product requests 720 for that
day. For example, the order book can be generated using one or more Monte Carlo
techniques based on the fixed statistical profile; i.e., techmiques that rely on random numbers
/ random sampling to generate product requests based on the fixed statistical profile.

{135] Reactor 810 can take fresh input materials 842 and catalysis 844 as inpuis to
produce products 850. Reactor 810 can also emit recyclable input materials 840 that are
passed to compressor 820, which can corapress and pass on recvelable input materials 840 to
heat exchanger 830, After passing through heat exchanger 830, recyclable input materials 840
can be combined with fresh inpul materials 842 and provided as input materials to reacior
310.

{136] Reactor 810 can run continuously, bt incur type change losses due fo type
change restrictions and can be subject to uncertainiies in demand and equpment avalability.
Type change losses occur when reactor 810 is direcied (o make “type changes” or relatively-
large changes 1n processing temperature. Type changes n processing temperature can cause
reactor 810 to produce off-grade material — that 1s, material which is outside product
specifications and cannot be sold for as high of a price as prime product, thereby incurring a
toss (relative to producing primme product) due to the type change. Such type change losses
can range from 2-100%. Type change losses can be mininuzed by moving to and from
product with simifar production temperatures and compositions.

{1371 Model 800 can include a representation of type change losses by yielding large
off~grade production and less than scheduled prime product at each time step where an
adverse type change is encountered. Model 800 can also represent a risk of having production
facility 760 shut down during an interval of time, at which point schedule 750 will have to be
remade de novo with no new products available from the interval of time. Model 800 can also
mclude a representation of late delivery penalties; e.g, a penalty of a predetermined
percentage of a price per unit time — example late penalties include but are not limited to a
penalty of 3% per day late, 10% per day late, 8% per week late, and 20% per month late. In
some examples, model 800 can use other representations of type change losses, production

facility nisks, late delivery penalties, and/or model other penalties and/or rewards.
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{138] In some examples, model 800 can include one or more Monte Carlo
techniques 1o generate states of production factlity 760, where each Monte Carlo-generated
state of the production facility represents an inveniory of products 850 and/or input materials
840, 842 available at the production facility at a specific time; e.g., a Monte Carlo-generated
state can represent imtial 1oventory of products 850 and mnput roaterials 840, 842, a Monte
Carlo-generated state can represent inventory of producis 850 and input materials 840, 842
after a particular event, such as a production facility shutdown or production facility restast.

{139] In some examples, model 800 can represent a production facility that has
muliiple production lings. In some of these examples, the multiple production lines can
operate in parallel. In some of these examples, the multiple production lines can include two
or more multiple production lines that share at least one comnmon product. In these examples,
agent 710 can provide schedules for some, if not all, of the multiple production hines. In sone
of these examples, agent 710 can provide schedules that take into account operating
constrainis related to multiple production lines such as, bui not limited to: 1) some or all of
the production lines can share a common unit operation, resources, and/or operating
equipment that prevenis these production lines from producing a common product on the
same day, 2) some or all of the production lines can share a common utility which limits
production on these production lines, and (3) some or all of the production lines can be
geographically distributed.

{140] In some examples, model 800 can represent a production facility that is
composed of a series of production operations. For example, the production operations can
mclude “upsiream” production operations whose products can be stored {o be potentially
defivered to customers and/or transferred to “downstreany” production operations for further
processing into additional products. As a more particular example, an upsiream production
operation can produce products that a downstream packaging line can package n where
products are differentiated by packaging used for delivery to customers. In some of these
examples, the production operations can be geographically distributed.

{141} In some examples, model 800 can represent a production facility that produces
multiple products simultaneously. Agent 710 can then determune schedules mdicating how
much of each product is produced per time period {e.g, hourly, daily, weekly, every two
weeks, monthly, quarterly, annually). In these examples, agent 710 can determine these
schedules based on constrainis related to amounis, eg., ratios of amounts, maximum
amounts, and/or nunimum amounts, of each product produced i a time period and/or by

shared resources as may be present in a production facility with multiple production lines.
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{142] In some examples, model 800 can represent a production factlity that has a
combination of. having multiple production lines, being composed of a series of production
operations, and/or producing multiple products simultaneously. In some of these examples,
upstream production facilities and/or operations can feed downstream facilities and/or
operations. In some of these examples, intermediate storage of producis can be used between
production facilities and/or other production units. In some of these examples, downstream
units can produce multiple products at the same time, some of which may represent
byvproducts that are recycled back to upsiream operations for processing. In some of these
examples, production facilities and/or operations can be geographically distributed. In these
exampies, agent 710 can determine production amounts of each product from each operation
through time

[143] Figure 9 depicts a schedule 900 for production facihity 760 m system 700, in
accordance with example embodiments. Schedule 200 is based on a receding “unchangeable”
or fixed planning horizon of H = 7 days. The unchangeable planning horizon {(UPH} of 7 days
means that, barring a production stoppage, a schedule cannot change during a 7 day mnterval.
For example, a schedule starting on January 1 with an unchangeable planning horizon of 7
days cannot be altered between January 1 and January 8. Schadule 900 is based on daily (24
hour} time intervals, as products 850 are assumed to have 24 hour production and/or curing
times. In the case of a production facility risk leading to a shutdown of production facility
760, schedule 900 would be voided.

{144] Figure 9 uses a Gantt chart {0 represent schedule 900, where rows of the Gantt
chart represent products of products 850 bemg produced by production facility 760, and
where columns of the Ganit chart represents days of schedule 900. Schedule 900 starts on day
0 and runs until day 16. Figure 9 shows unchangeable planning horizon 950 of 7 davs from
dav 0 using a vertical dashed unchangeable planning horizon time line 952 at dav 7.

{145] Schedule 900 represents production actions for production facility 760 as
rectangles. For example, action {A) 910 represents that Product A is to be produced starting
on a beginning of dav 0 and ending on a beginning of day 1, and action 912 represents that
Product A is to be produced starting on a beginming of day 5 and ending on a beginning of
day 11; that 1s, Product A will be produced on day 0 and on davs 5-10. Schedule 900 indicateas
Product B only has one action 920, which indicates Product B will be producad oniy on day
2. Schedule 900 indicates Product C only has one action 930, which mndicates Product C will
be produced on days 3 and 4. Schedule 900 indicates Product D has two actions 940, 942 —

action 940 indicates Product I} will be produced on day 1 and action 942 indicates Product [
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will be produced on days 11-15 Many other schedules for production facility 760 and/or
other production facilities are possible as well.
A. Reinforcement Learning Mode] and the REINFORCE Algorithm

{146] Figure 10 15 a diagram of agent 710 of system 700, in accordance with
example embodiments. Agent 710 can embody a neural network model to generate schedules,
such as schedule 900, for production facility 760, where the neural network model can be
trained and/or otherwise use model 800. In particular, agent 710 can embody a REINFORCE
algonithm that can schedule production actions; eg, scheduling production actions at
production facility 760 using model 800 based on an environment state s, at a given time step
IR

{1471 A statement of the REINFORCE algorithm can be found in Table 2 below

initialize:
Differentiable policy parameterization n{a | s, ;)
Differentiable state-value function parameterization ¥(s, 8¢
Select learning rate parameters 0 < o, o < 1
Repeat forn € N episodes:
Initialize a new episode:
Generate new demand, clear schedule and data logs
Repeat fort € T days in simulation:
Build new schedule from 7 and s; out to planning horizon: a, w(a, | s, 8,)
Simulate on step forward in time: Get 8, and Ry
Ift>7T — End Episode
Sum up and discount rewards G, using Equation 34,

Calculate TD-Error {error between predicted and actual rewards) & using Equation

(52
9]

Calculate policy loss L(0; ) using Equation 36.

Calculate entropy regularization Hin(a, | s, 6,) using Equation 37,
Update weights and biases for 8, using Equation 38.

Calculate value toss: L(8;) using Equation 39,

Update weights and hiases for 0 using Equation 40.

ffn> N — End Training

Table 2




{1481 FEquations 34-40 utilized by the REINFORCE algorithm are:

-
G, = Z yEtiR vreT (34)
fe=t+1
T
Id 1 " ~\ . o “
L0 == ) log((a, | 51,0)é (36)
t
H(n<at | St Hn)) = z m(a | sg, Op)logm(ag | sy, 0y) (37)
O i= Oy + 0y (Vg L(B,) + BV H) (38)
1<
L) =5 ) (6 =R (39)
t

{149] Figure 10 shows agent 710 with ANNs 1000 that include value ANN 1010 and
policy ANN 1020, The decision making for the REINFORCE algorithm can be modeled by
one or more ANNs, such as value ANN 1010 and policy ANN 1020, In embodying the
REINFORCE algorithm, value ANN 1010 and policy ANN 1020 work in tandem. For
exarple, value ANN 1010 can represent a value function for the REINFORCE algorithm that
predicts an expected reward of a given state and policy ANN 1020 can represent a policy
function for the REINFORCE algorithm that selects one or more actions to be carried out at
the given state.

{1501 Figure 10 illustrates that both value ANN 1010 and policy ANN 1020 can
have two or more lidden lavers and 64 or more nodes for each layer; e.g., four hidden layers
with 128 nodes per layer. Value ANN 1010 and/or policy ANN 1020 can use exponential
linear unit activation functions and use a softmax (normalized exponential) function in
producing output.

[181] Both value ANN 1010 and policy ANN 1020 can receive state s, 1030
representing a state of production facility 760 and/or model 800 at a time ¢, State s, 1030 can
mclude an mventory balance for each product of production facility 760 that agent 710 15 to
make scheduling decisions for at time t. In some examples, negative values in state 5, 1030

can indicate that there is more demand than expected inveniory at production facility 760 at



time t, and positive state values in state s 1030 can indicate that there 1s more expected
mventory than demand production facility 760 at time t. In some examples, values in state s;
103G are normalized.

{1521 Value ANN 1010 can operate on state s, 1030 to output one or more value
function outputs 1040 and policy ANN 1020 can operate on state s; 1030 to output one or
more policy function outputs 1050, Value function outputs 1040 can estimate one or more
rewards and/or punishments for a taking a production action at production facility 760. Policy
function outputs 1050 can mclude scheduling information for possible production actions A
to be taken at production facility 760.

{153] Value ANN 1010 can be updated based on the rewards received for
implementing a schedule based on policy function outputs 1050 generated by agent 710 using
policy ANN 1020, For example, value ANN 1010 can be updated based on a difference
between an actual reward obtamed at time 7 and an estimated reward for time ¢ generated as
part of value function outputs 1040,

{1584] The REINFORCE algorithm can build a schedule for production facility 760
and/or model 800 using successive forward propagation of state s, through policy ANN 1020
over one or more time steps to vield distributions which are sampled at various “episodes”™ or
iime intervals {e.g., hourly, every six hours, daily, every two days) to generate a schedule for
each episode. For each time step t of the simulation, a reward R, is retumed as feedback to
agent 710 1o train on at the end of the episode.

{155] The REINFORCE algorithm can account for an environment moving forward
i time throughout the entire episode. At each episode, agent 710 embodying the
REINFORCE algorithm can build a schedule based on the state information it receives from
the environment at each time siep t out to the planning horizon, such as state s, 1030. This
schedile can be executed at production facility 760 and/or executed i simudation using
model 800,

{156] After an episode is completed, Equation 34 updates rewards obtained during
an episode. Equation 35 calculates a temporal difference (TD) error between expected
rewards and actual rewards. Eguation 36 1s a loss function for the policy function. To
encourage additional exploration, the REINFORCE algorithim can use an entropy term A in a
foss function for the policy function, where entropy term # i3 calculated in Equation 37 and
applied by Equation 38 during updates to weights and biases of policy ANN 1020. At the end
of the episode, the REINFORCE algorithm of agent 710 can be updated by taking the

derivative with respect to a loss function of the value function and updating the weighis and



biases of value ANN 1010 using a backpropagation algorithm as illustrated by Equations 39
and 40.

{157] Policy AWNN 1020 can represent a stochastic policy funciion that vields a
probability distribution over possible actions for each state. The REINFORCE algonthm can
use policy ANN 1020 to make decisions during a planning horizon, such as unchangeable
planning horizon 950 of schedule 900. During the planning horizon, policy ANN 1020 does
not have the benefit of observing new siates.

{188] There are at least two options for handling such planning horizons: (1) agent
710 embodying the REINFORCE algorithm and policy ANN 1020 can sample over possible
schedwles for the planning horizon, or {2} agent 710 can iteratively sample over all products
while taking into account a model of the evolution of future states. Option (1) can be difficalt
io apply to scheduling as the number of possible schedules grows exponentially; thus, the
action space explodes as new products are added or the planning horizon is increased. For
example, for a production facility with four products and a planning horizon of seven days,
there are 16,284 possible schedules to sample from. As such, option (1) can result in making
many sample schedules before finding a suitable schedule.

{159] To carry out option {2} during scheduling, agent 710 can predict one or more
future states s, Sen ... given information available at time £, .2, state 5, 1030, Agent 710
can predict future state(s) because repeatedly passing the current state to policy ANN 1020
while building a schedule over time can result in policy ANN 1020 repeatedly providing the
same policy function owiputs 1050, e g, repeatedly providing same probability distribution
over actions,

{160] To determine a future state spu. agent 710 can use a first principle model with
an inveniory balance; that is, an inventory of a product p at time i+1, Iy, can be equal 1o the
imveniory at tirne t, i plus the estimated production of product p at time 1, Dy, munws sales of
product p at time 1, sy, That 1, agent 710 can compute mventory balance Liw - L+ it - Sin.
This inventory balance estimate Iy along with data on available product requests (e.g,
product requests 720) and/or planned production can provide sufficient data for agent 710 {o
generate an estimated mventory balance Ty for state sy

{161} Figure 11 shows diagram 1100 which illustrates agent 710 generating action
probability distribution 1110, in accordance with example embodiments. To generate action
probability distribution 1110 as part of policy function outputs 1050, agent 710 can receive
can recetve state s 1030 and provide state s, 1030 to ANNs 1000. Policy ANN 1020 of ANNs

1000 can operate on state s, 1030 to provide policy function outputs 1050 for state s,



{162] Diagram 1100 illustrates that policy function outputs 1050 can include one or
more probability distributions over a set of possible production actions A to be taken at
production facility 760, such as action probability distribution 1110, Figure 11 shows that
action probability distribution 1110 includes probabilities for each of fouwr actions that agent
710 could provide to production facility 760 based on state s, 1030. Given state s, policy
ANN 1020 indicates that: an action 1o schedule Product A should be provided to production
facility 760 with a probability of 0.8, an action to schedule Product B should be provided to
production facility 760 with a probability of 0.05, an action to schedule Product € should be
provided to production facility 760 with a probahlity of 0.1, and an action to schedule
Product D should be provided to production facility 760 with a probability of 0.05.

{163] The probability distribution(s) of policy {unction outputs 1050, such as action
probability distribution 1110, can be sampled and/or selected to vield one or more actions for
making product(s) at time { in the schedule. In some examples, action probability distribution
1110 can be randomly sampled to obtain one or more actions for the schedule. In some
exampies, the N (N > () highest probability production actions a; a» ... ay in the probability
distribution can be selected to make up to N different products at one time. As a more
particular example, if N = 1 for sampling action probabiity distribution 1110, then the
highest probability production action is sampled and/or selected — for this example, the
highest probability production action is the action of producing product A thaving a
probability of 0.8), and so an action of producing product A would be added to the schedule
for time t. Other techniques for sampling and/or selecting actions from action probability
distributions are possible as well,

{164] Figure 12 shows diagram 1200 which illustrates agent 710 generating schedule

230 based on action probability distributions 1210, m accordance with example
ermbodiments. As the REINFORCE algorithm embodied in agent 710 proceeds through time,
multiple action probability distributions 1210 can be obtained for a range of times 1,0 #,. As
tllustrated by transition 1220, agent 710 can sample and/or select actions from action
probability distributions 1210 for times #; to ¢;. After sampling and/or selecting actions from
action probability distributions 1210 for times ) o /; agent 710 can generate schedule 1230
for production facility 760 that includes the sampling and/or selecting actions from action
probability distributions 1210.

{1651 In some examples, a probability distribution for specific actions described by a
policy function represented by policy ANN 1020 can be modified. For example, model 800

can represent production constraints that may be present in production facility 760 and so a



policy learned by policy ANN 1020 can mnvolve direct interaction with roodel 800. In some
examples, a probability distribution for policy function represenied by policy ANN 1020 can
be modified to indicate that probabilities of production actions that violate constraints of
model 800 have zero probability, thereby lumiting an action space of policy ANN 1020 to
only perrmissible actions. Modifving the probability distribution to lirnit policy ANN 1020 to
only permissible actions can speed up training of policy ANN 1020 and can increase the
likelihood that constraints will not be violated during operation of agent 710.

{166] Just as constraints may exist for actions described by the policy function,
certain states described by a value funciion represented by value ANN 1010 can be prohibited
by operational objectives or physical limitations of production facility 760. These prohibited
states can be learned by value ANN 1010 through use of relatively-large penalties being
returned for the prolubited states during traming, and thereby being avoided by value ANN
1010 and/or policy ANN 1020. In some examples, prohibited states can be removed from a
universe of possible states avalable to agent 710, which speed up training of value ANN
1010 and/or policy ANN 1020 and can increase the likelihood that prohubited states will be
avoided during operation of agent 710.

{167] In some examples, production facility 760 can be scheduled using multiple
agenis. These multiple agenis can distribute decision making, and value functions of the
multiple agents can reflect coordination required for production actions deternuned by the
multiple agents.

{168] Figure 13 depicts an example schedule 1300 of actions for production facility
760 being carried out at time = fp + 2, i accordance with example embodiments. In this
example, agent 710 generates schedule 1300 for production facility 760 using the techniques
for generating schedule 1230 discussed above. Like schedule 900 discussed above, schedule
1300 s based on a receding unchangeable planming horizon of 7 days and uses a Gantt chart
io represent production actions.

{169] Schedule 1300 lasts for 17 davs for a range of times 7y to 1, with 1, = 1, + 16
days. Figure 13 uses current time line 1320 to show that schedule 1300 is being carried out at
a tume £y + 2 days. Current tiroe line 1320 and unchangeable planming honzon tiroe line 1330
ilustrate that unchangeable planning horizon 1332 goes from #p + 2 days to 7 + 9 days.
Current time line 1320 and unchangeable planning horizon time line 1330 are slightly offset
io the left form the respective 4y + 2 day and 7, + 9 day marks in Figure 13 for clarniy’s sake.

{170] Schedule 1300 can direct production of products 830 imcluding Products A, B,

C, and D at production facility 760. At 1, + 2 days, action 1350 to produce Product B during
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days f5 and #p + 1 of has been completed, action 1360 1o produce Product C between days ¢
and 7, + 5 is in progress, and actions 1340, 1352, 1370, and 1372 have not begun. Action
1340 represents scheduled production of Product A between days 75 + 6 and 7, + 11, action
1352 represents scheduled production of Product B between days o+ 12 and 1, + 14, action
1370 represents scheduled production of Product D between days #p + 8 and 7, + 10, and
action 1372 represents scheduled production of Product D between days fp + 14 and 1, + 16 =
;. Many other schedules for production factlity 760 and/or other production facilities are
possible as well.
B. Mixed Integer Linear Programming (MILP) Optimization Model

{178} As a basis for comparison of the herein-described reinforcement leaming
techniques, such as embodiments of the REINFORCE algorithm n a computational agent
such as agent 710, both the herein-described reinforcement leaming techniques and an
optimization mode! based on MILP were used to schedule production actions at production
facility 760 using model 800 over a planning horizon using a receding horizon method.

{172] The MILP model can account for inventory, open orders, production schedule,
production constraints and off-grade losses, oufages and other inferruptions in the same
manner as the REINFORCE algorithm used for reinforcement learning described below. The
receding horizon requires the MILP model to receive as input not only the production
environment, but results from the previous solution to maintain the fixed production schedule
within the planning horizon. The MILP model can generate a schedule for 2H time periods to
provide better end-state conditions, where H is the number of days in the unchangeable
planming horizon; in this example, H = 7. Then, the schedule is passed to a model of the
production facility to execute. The model of the production facility is stepped forward one
time step and the results are fed back into the MILP model to generate a new schedule over
the 2H planning horizon.

{173] In particular, Equation 41 15 the objective function of the MILP model, which
is subject to: the inventory balance constramnt specified by Equation 42, the scheduling
constraint specified by Equation 43, the shipped orders constraint specified by Equation 44,
the production constramnt specified by Equation 43, the order index constraint specified by

Equation 46, and the daily production quantity constrainis specified by Equations 47-51.
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{174] Table 3 below describes variables used in Equations 34-40 associated with the

REINFORCE algorithm and Equations 41-51 associated with the MILP model.

Indices and Sets
i ~ products index
7 -indexes the product immediately following product /
f— time slot index
{ — alateness index, where 1 > 0 indicates a late order
1 —ndividual order index

Variables
i — amount of product 7 produced at mterval 7 (in MT)
S — sales of product 7 at interval 7 (in MT)
Iy — inventory of product / at interval t
X — tracks shipment of each order
Vi — product scheduled at interval £,
zy¢ — product transition mdex
&y — transition losses from product / to product /
m, — order quantity (in MT)
B — maximum production quantity (in MT/day}
i7— annual working capital cost factor {e.g., 12%)
o, — variable standard margin for ordern

I
f

/A, — average variable standard margin for product i

(o
A




di — income from a sold order n of product 7 at interval t

Table 3

C. Comparison of the REINFORCE Algorithm and the MILP Model

{178} For comparison purposes, both the REINFORCE algorithm embodied in agent
710 and MILP model were tasked with generating schedules for production facility 760 using
model 800 over a simulation horizon of three months. In this comparison, each of the
REINFORCE algonithm and the MILP model performed a scheduling process each day
throughout the simulation horizon, where conditions are identical for both the REINFORCE
algorithm and the MILP model throughout the simuldation horizon. Both the REINFORCE
algorithm and MILP model were utilized to generate schedules that slot products into a
production schedule for the simulated reactor for H =7 days in advance, representing a 7 day
unchangeable planning horizon within the simulation horizon. Dwring this comparison, the
REINFORCE algorithm operates under the same constrainis discussed above for the MILP
model.

{176] The demand is revealed to the REINFORCE algorithm and MILP model when
the current day maiches the order entry date that 1s associated with each ovder in the system,
This provides limited visibility fo the REINFORCE algorithim and MILP model of future
demand and forces it to react to new entries as they are made available,

{1771 Both the REINFORCE algorithim and MILP model were tasked to maximire
the profitability of the production facility over the simulation period. The reward/objective
function for the comparison i1s given as Equation 41. The MILP model was run under two
conditions, with perfect information and on a rolling time horizon. The former provides the
best-case scenario o serve as 3 benchmark for the other approaches while the latter provides
mformation as to the importance of siochastic elements. The ANNs of the REINFORCE
algorithm were trained for 10,000 randomly generated episodes.

[178] Figure 14 depicts graphs 1400, 1410 of traiming rewards per episode and
product availability per episode obtained by agent 710 using ANNs 1000 to carry out the
REINFORCE algorithm, in accordance with example embodiments. Graph 1400 illustrates
training rewards, evaluated in dollars, obtained by ANNs 1000 of agent 710 during training
over 10000 episodes. The traiming rewards depicted in graph 1400 inchude both actual
training rewards for each episode, shown in relatively-dark grey and a moving average of

training rewards over all episodes, shown in relatively-light grey. The moving average of




training rewards increases during traiming reaches a positive value after about 700 episodes,
and the moving average of average training rewards eventually averages about $1 million
{$1M) per episode after 10000 episodes.

{179] Graph 1410 illustraies product availability for each episode, evaluated as a
percentage, achieved by ANNs 1000 of agent 710 during training over 10000 episodes. The
training rewards depicted in graph 1410 include both actual product availability percentages
for each episode, shown in relatively-dark grey, and a moving average of product availability
percentages over all episodes, shown in relatively-light grev. The moving average of product
availabiiity percentages increases during training to reach and maintain at feast 90% product
availability after approximately 2850 episodes and the moving average of average training
rewards eventually averages about 92% after 10000 episodes. Thus, graphs 1400 and 1410
show that ANNs 1000 of agent 710 can be trained to provide schedules that lead to positive
results, both as in terms of (economic) reward and product availability, for production at
production facility 760.

{1806] Figures 15 and 16 show comparisons of agent 710 using the REINFORCE
algorithm with the MILP model in scheduling activities at production facility 760 during an
identical scenario, where comulative demand gradually increases.

{1811 Figure 15 depicts graphs 1500, 1516, 1520 comparing REINFORCE algorithm
and MILP performance in scheduling activities at production facility 760, in accordance with
example embodiments. Graph 1500 shows costs incurred and rewards obtained by agent 710
using ANNs 1000 to carry out the REINFORCE algorithm. Graph 1510 shows costs incurred
and rewards obtaimed by the MILP model described above. Graph 1520 compares
performance between agent 710 using ANNs 1000 to carry out the REINFORCE algorithm
and the MILP model for the scenario.

{182] Graph 1500 shows that as cumulative demand increases during the scenario,
agent 710 using ANNs 1000 to carry out the REINFORCE algorithm increases its rewards
because agent 710 has built up inventory to better match the demand. Lacking any forecast,
graph 1510 shows that MILP model begins to accumulate late penalties. To compare
performance between agent 710 and the MILP model, graph 1320 shows a cumulative reward
ratio of Rany / Rympe where Rann 18 a2 cumulative amount of rewards obtained by agent 710
during the scenarto, and where Ranw 15 a cumulative amount of rewards obtained by the
MILP model during the scenario. Graph 1520 shows that, after a few days, agent 710

consistently outperforms the MILP model on a cunmulative reward ratio basis.



{183] Graph 1600 of Figure 16 shows amounts of inventory of Products A, B, C, and
D incurred by agent 710 using ANNs 1000 to carry out the REINFORCE algorithm. Graph
161G shows amounts of inventory of Products A, B, C, and T incwrred by the MILP model. In
this scenario, inventory of Products A, B, C, and D reflects imcorrect orders, and so larger (or
smaller} mventory amounts reflect larger {or smaller) amounts of requested products on
mcorrect orders. Graph 1610 shows that the MILP model had a donunating amounts of
requested Product D, reach nearly 4000 megatons (MT) of inventory of Product D, while
graph 1600 shows that agent 710 had relatively consistent performance tor all products and
that maximum amount of inventory of any one product was less than 1500 MT.

{184] Graphs 1620 and 1630 ilustrate demand during the scenario comparing the
REINFORCE algorithm and the MILP model. Graph 1620 shows smoothed demand on a
daily basis for each of Products A, B, C, and I during the scenario, while graph 1630 shows
cumuldative demand for each of Products A, B, C, and D during the scenaric. Together graphs
1620 and 1630 show that demand generally increases during the scenario, with requests for
Products A and C being somewhat larger than requests for Products B and D early in the
scenario, but requests for Products B and D are somewhat larger than requests for Products A
and € by the end of the scenario. Cumulatively, graph 1630 shows that demand for Product C
was highest during the scenario, followed {(in demand order) by Product A, Product D, and
Product B.

{185] Table 4 below tabulates the comparison of REINFORCE and MILP results
over at least 10 episodes. Because of the stochastic nature of the model, Table 4 includes
average results for both as well as direct comparisons whereby the two approaches are given
the same demand and production stoppages. Average results from 100 episodes are given in
Table 4 for the REINFORCE algorithm and average results from 10 episodes are provided for
the MILP model. Due to the longer tumes required to solve the MILP vs. scheduhing with the
reinforcement leaming model, fewer results are available for the MILP model.

{186] Table 4 furnther illustrates the superior performance of the REINFORCE
algorithm indicated by Figures 14, 15, and 16. The REINFORCE algorithm converged to a
policy that yielded 92% product availability over the last 100 training episodes and an
average reward of $748,596. In comparison, the MILP provided a significantly smaller

average reward of $476,080 and a significantly smaller product availability of 61.6%.

Mean REINFORCE (100 MILP (10 Percentage

Results Episodes) Episodes) Difference




eward $748.596 $476.080 57.2%
Revenue $842,232 $785,124 7.3%
Late Penalties $9.508 $214.985 -G5 6%
Inventory Cost £5,729 $94,059 -93.9%
Product Availability | 92.4% 61.6% 50.1%
Late Days Per 992 1.267 -92.2%
Episode
Average Order 011 1.45 ~92.2%
Delay

Table 4

{187] The MILP method was outperformed by the REINFORCE algorithm largely
due to the ability for the reinforcement leaming model to naturally account for uncertainty.
The policy gradient algorithm can learn by determining which action is most likely o
mcrease future rewards in a given state, then selects that action when that state, or a sinular
state, is encountered in the futwre. Although the demand differs for each trial. the
REINFORCE algorithm 13 capable of learning what to expect because it follows a simlar
statistical distribution from one episode to the next.

1V, Example Operations

{188] Figures 17 and 18 are flow charts iHustrating example embodiments. Methods
1700 and 1800, respectively llustrated by Figures 17 and 18, can be carried out by a
computing device, such as coraputing device 100, and/or a cluster of computing devices, such
as server cluster 200. However, method 1700 and/or method 1800 can be carried out by other
types of devices or device subsysterns. For example, method 1700 and/or method 1800 can be
carried out by a portable computer, such as a laptop or a tablet device,

{189] Method 1700 and/or method 1800 can be simplified by the removal of any one
or more of the features shown in respective Figures 17 and 18. Further, method 1700 and/or
method 1800 can be combined and/or reordered with features, aspects, and/or
implementations of any of the previous figures or otherwise described herein.

{190] Method 1700 of Figure 17 can be a computer-implemented method. Method
1700 can begin at block 1710, where a model of a production facility that relates to
production of one or more products that are produced at the production facility utilizing one

or more input materials to satisfy one or more product requests can be determined.




{191] At block 1720, a policy neural network and a value neural network for the
production facility can be determined, where the policy neural network can be associated
with a policy function representing production actions to be scheduled at the produciion
facility, and the value neural network can be associated with a value function representing
benefits of products produced at the production facility based on the production actions

{1921 At block 1730, the policy neural network and the value neural network can be
trained to generate a schedule of the production actions at the production facility that satisfy
the one or more product requests over an interval of fime based on the model of the
production, where the schedule of the production actions relates 1o penalties due to late
production of the one or more requesied products determined based on the one or more
requested times.

{193] In some embodiments, the policy function can map one or more states of the
production facility to the production actions, where a state of the one or more states of the
production facility can represent a product inventory of the one or more products available at
the production facility at a specific tirne within the interval of time and an input-material
mventory of the one or more input materials available at the production facility at the specific
time, and where the value function can represent a benefits of products produced after taking
production actions and the penalties due 1o late production.

{194] In some of these embodiments, training the policy neural network and the
value neural network can include: receiving an input related to a particular state of the one or
more states of the production facility at the policy newral network and the value neural
network; scheduling a particular production action based on the particular state utihizing the
policy newral network; determuning an estimated benefit of the particular production action
uttlizing the value neural network; and updaiing the policy neural network and the value
neural network based on the estimated benefit. In some of these embodiments, updating the
policy neural network and the value neural network based on the estimated benefit can
mnclude: determining an actual benefit for the particular production action; deternuining a
benefit error between the estimated benefit and the actual benefit; and updating the value
neural network based on the benefit error.

{195] In some of these embodiments, scheduling the particular production action
based on the particular state utilizing the policy neural network can include: determining a
probability disinibution of the production actions to be scheduled at the production facility
based on the particular state utilizing the policy neural network; and deternuning the

particular production action based on the probability distribution of the production actions.
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[196] In some of these embodiments, method 1700 can further inciude: after
scheduling the particular production action based on the particular state utilizing the policy
neural network, updating the model of the production facility based on the particular
production action by. updating the input-material inveniory to account for input materials
used to perform the particular production action and for additional input materials received at
the production facility; updating the product inventory to account for products produced by
the particular production action; determining whether at least part of at least one product
request 15 satisfied by the updated product mventory; afier determining that at least part of at
least one product request is satisfied: determining one or more shippable products to satisfy
the at least part of at least one product request; re-updating the product inventory to account
for shipment of the one or more shippable products; and updating the one or more product
requests based on the shipment of the one or more shippable products.

{197] In some embodiments, {raining the policy neural network and the value neural
network can include: utihizing a Monte Carlo technigue to generate one or more Monte Carlo
product requests; and traming the policy neural network and the value neural network basec
on the model of the production facility to satisfy the one or more Monte Carlo product
requests.

[198] In some embodiments, traiming the policy neural network and the value neural
network can include: utilizing a Monte Carlo technique to generate one or more Monte Carlo
states of the production facility, where each Monte Carlo state of the production facility
represents an inventory of the one or more products and the one or more input matertals
available at the production facility at a specific time within the interval of time; and training
the policy neural network and the value neural network based on the model of the production
facility to satisty the one or more Monte Carlo states.

{1991 In some embodiments, training the neural network to represent the policy
function and the value function can include tramning the neural network to represent the policy
function and the value function wilizing a reinforcement leaming technigue.

{200] In some embodiments, the value function can represent one or more of
economic values of one or more products produced by the production facility, economic
values of one or more penalties incurred at the production facility, econonuc values of input
materials wtilized by the production facility, an indication of delay in shipment of the one or
more requested products, and a percentage of on-tirne product availability for the one or more

requested products.
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{201] In some embodiments, the schedule of the production actions can further relate
to losses incurred by changing production of products at the production facility, and where
the value function represents benefits of products produced after taking production action, the
penalties due to late production, and the losses incurred by changing production.

{2021 In some embodiments, the schedule of the production actions can include an
unchangeable-planning-horizon schedule of production activities during a planning horizon
of time, where the unchangeable-planning-honzon schedule of production activities is
unchangeable during the planning horizon. In some of these embodiments, the schedule of
the production actions can mnclude a daily schedule, and where the planning horizon can be at
least seven days.

2031 In some embodiments, the one or more products include one or more chemical
products.

{204] Method 1800 of Figure 18 can be a computer-implemented method. Method
1800 can begin at block 1810, where a computing device can receive one or more product
requests associated with a production facility, each product request specifying one or more

equested products of one or more products to be available at the production facility at one or
more requested times.

[208] At block 1820, a tramned policy neural network and a trained value neural
network can be utilized to generate a schedule of production actions at the production facility
that satisfy the one or more product requests over an interval of time, the trained policy
neural network associated with a policy function representing production actions to be
scheduled at the production facility, and the trained value neural network associated with a
value function representing benefits of products produced at the production facility based on
the production actions, where the schedule of the production actions relates to penalties due
io late production of the one or more requested products determined based on the one or more
requested times and due to changes in production of the one or more products at the
production facility.

{206] In some embodiments, the policy funciion can map one or more states of the
production facility to the production actions, where a state of the one or more states of the
production facility represents a product inventory of the one or more products available at the
production facility at a specific time and an input-material inventory of one or more mput
materials available at the production facility at a specific time, and where the value function
represents benefits of products produced after taking production actions and the penalties due

to late production.
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{207] In some of these embodiments, utilizing the trained policy neural network and
the trained value neural network can include: determining a particular state of the one or
more states of the production facility; scheduling a particular production action based on the
particular state utihzing the trained pohicy neural network; and determining an estimated
benefit of the particular production action utilizing the trained value neural network.

{208] In some of these embodiments, where scheduling the particular production
action based on the particular state utilizing the trained policy neural network can include:
deternuning a probability distribution of the production actions to be scheduled at the
production facility based on the particular state utilizing the trained policy neural network;
and determining the particular production action based on the probability distribuiion of the
production actions.

{2091 In some of these embodiments, method 1800 can further mclude after
scheduling the particular production action based on the particular state utilizing the tramed
policy neural network: updating the input-material mveniorv to account for input materials
used to perform the particular production action and for additional input materials received at
the production facility; updating the product inventory to account for products produced by
the particular production action; determining whether at least part of ai least one product
request is satisfied by the updated product inventory; after determining that at least part of at
least one product request is satisfied: determining one or more shippable products to satisty
the at least part of at least one product request; re-updating the product inventory to account
for shipment of the one or more shippable products; and updating the one or more product
requests based on the shipment of the one or more shippable products.

{210} In some embodiments, the value funciion can represent one or more of
economic values of one or more products produced by the production facility, economic
values of one or more penalties incurred at the production facility, economic values of mput
matenals utilized by the production facility, an indication of delay in shipment of the one or
more requested products, and a percentage of on-time product availahility for the one or more
requested products.

[211] In some embodiments, the schedule of the production actions can {urther relate
to losses incurred by changing production of products at the production facility, and where
the value function represents benefits of products produced after taking production action, the
penalties due to late production, and the losses imcurred by changing production.

{2121 In some embodiments, the schedule of the production actions can include an

unchangeable-planning-horizon schedule of production activities during a planning horizon



of time, where the unchangeable-planning-honizon schedule of production activities is
unchangeable during the planning horizon. In some of these embodiments, the schedule of
the production actions can inchude a dailv schedule, and where the planning horizon can be at
least seven days.

{213] In some embodiments, the one or more producis can mclude one or more
chemical products.

{2i4] In some embodiments, method 1800 can further include: after wiilizing the
trained policy neural network and the trained value neural network to schedule actions at the
production facility, receiving, at the trained neural networks, feedback about actions
scheduled by the trained neural networks; and updating the trained neural networks based on
the feedback related to the scheduled actions.

V. Conclusion

{218] The present disclosure is not to be limited i terms of the particular
embodiments described in this application, which are intended as illustrations of various
aspects. Many modifications and variations can be made without departing from its scope, as
will be apparent to those skilled in the art. Functionally equivalent methods and apparatuses
within the scope of the disclosure, in addition to those described herein, will be apparent to
those skilled in the art from the foregoing deseriptions. Such modifications and vanations are
mtended to fall within the scope of the appended claims.

{216] The above detailed description describes various features and operations of the
disclosed systems, devices, and methods with reference {0 the accompanving figures. The
example embodiments described herein and in the figures are not meant to be limuting. Other
embodiments can be utilized, and other changes can be made, without departing from the
scope of the subject matter presented herein. B will be readily understood that the aspects of
the present disclosure, as generally described herein, and llustrated in the figures, can be
arranged, substituted, combined, separated, and designed m a wide variety of different
configurations,

{217] With respect to any or all of the message flow diagrams, scenarios, and flow
charts in the figures and as discussed herein, each step, block, and/or communication can
reprasent a processing of information and/or a transnussion of information in accordance with
example embodiments. Alternative embodiments are included within the scope of these
example embodiments. In these alternative embodiments, for example, operations described
as steps, blocks, transmissions, cormmmunications, requests, responses, and/or messages can be

executed out of order from that shown or discussed, including substantially concurrently or in
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reverse order, depending on the functionality involved. Further, more or fewer blocks and/or
operations can be used with any of the message flow diagrams, scenarios, and flow charts
discussed herein, and these message flow diagrams, scenarios, and flow charls can be
combined with one another, in part or in whole.

{2318] A step or block that represents a processing of mformation can correspond fo
circuitry that can be configured to perform the specific logical functions of a herein-described
method or technigue. Alternatively or additionally, a step or block that represents a
processing of information can correspond to a module, a segment, or a portion of program
code (including related data). The program code can include one or more instructions
executable by a processor for implementing specific logical operations or actions in the
method or technique. The program code and/or related data can be siored on any type of
computer readable medium such as a storage device mcluding RAM. a disk drive, a solid
state drive, or another storage medium.

{219] The computer readable medium can also include non-transitory computer
readable media such as corpuier readable media that store data for short periods of time hike
register memory and processor cache. The computer readable media can further include non-
transitory computer readable media that store program code and/or data for longer periods of
iime. Thus, the computer readable media can include secondary or persistent long term
storage, like ROM, optical or magnetic disks, solid state drves, compact-disc read only
memory (CD-ROM), for example. The computer readable media can also be any other
volatile or non-volatile siorage systems. A computer readable medium can be considered a
computer readable storage medium, for example, or a tangible storage device.

{220] Moreover, a step or block that represents one or more information
transmissions can correspond to information transmissions between software and/or hardware
modiles n the same physical device. However, other information transmissions can be
between software modules and/or hardware modules in different physical devices.

{221] The particular arrangements shown in the figures should not be viewed as
limiting. It should be understood that other embodiments can include more or less of each
element shown in a given figure. Further, some of the iflusirated elements can be combined or
omtitted. Yet further, an example embodiment can include elements that are not illustrated in
the figures.

{2221 While various aspects and embodiments have been disclosed herein, other

aspects and embodiments will be apparent to those skilled 1n the art. The various aspecis and



embodiments disclosed herem are {or purpose of illusiration and are not intended 1o be

himiting, with the true scope being indicated by the following claims.
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CLAIMS

What s claimed is:

. A computer-implemented method, comprising:

determining a model of a production facility that relates to production of one or more
products that are produced at the production facility utilizing one or more input materials {o
satisfy one or more product requests, each product reguest specifying one or more reguested
products of the one or more producits to be available at the production facility at one or more
equested times;

determining a policy newral network and a value neural network for the production
facility, the policy neural network associated with a policy function representing production
actions to be scheduled at the production facility, and the value neural network associated
with a value function representing benefits of products produced at the production facility
based on the production actions; and

training the policy neural network and the value neural network to generate a schedule
of the production actions at the production facility that satisfy the one or more product
requests over an interval of time based on the model of the production, wherein the schedule
of the production actions relates to penalties due fo late production of the one or more

requested products determined based on the one or more requested times.

2. The computer-impiemented method of claim 1, whergin the policy function maps
one or more states of the production {acility to the production actions, wherein a state of the
one or more states of the production facility represents a product inventory of the one or more
products available at the production facility at a specific time within the mterval of time and
an input~-material mventory of the one or more input matenals available at the production
facility at the specific time, and wherein the value function represents benefits of products

produced after taking production actions and the penalties due to late production.

3. The computer-implemented method of claim 2, wherein training the policy neural
network and the value neural network comprises:

receiving an inpwt related io a particular state of the one or more states of the
production facility at the policy neural network and the value neural network;

scheduling a particular production action based on the particular state utilizing the

policy neural network;

47



determuning an estimated benefit of the particular production action utilizing the value
eural network; and
updating the policy newral network and the value neural network based on the

estimated beneafit

4. The compuier-implemented method of claim 3, wherein updating the policy neural
network and the value neural network based on the estimated benefit comprises:

determuning an actual benefit for the particular production action;

deternuining a benefit error between the estimated benefit and the actual benefit; and

updating the value neural network based on the benefit error.

5. The computer-iraplemented method of either claim 3 or claim 4, wheren
scheduling the particular production action based on the particular state utilizing the policy
neural network comprises:

deternmining a probability distribution of the production actions 1o be scheduled at the
production facility based on the particular state utilizing the policy neural network; and

determining the particular production action based on the probability distribution of

the production actions.

6. The computer-implemented method of any one of claims 3-5, further comprising:

after scheduling the particular production action based on the particular state uiilizing
the policy neural network, updating the model of the production facilily based on the
particular production action bv:

updating the mput-material inventory to account for input materials used to perform
the particular production action and for additional input materials received at the production
facility;

updating the product inventory to account for products produced by the particular
production action;

determining whether at least part of at least one product request is satisfied by the
updated product inventory;

after determining that at least part of at least one product request is satisfied:

determining one or more shippable products 1o satisfy the at least part of at

least one product request;
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re-updating the product inventory to account for shipment of the one or more
shippable products; and
updating the one or more product requests based on the shipment of the one or

more shippable products.

7. The computer-implemented method of any one of claims 1-6, wherein fraining the
policy neural network and the value neural network comprises:

utilizing a Monte Carlo techruque fo generate one or more Monte Carlo product
equests; and

training the policy neural natwork and the value neural network based on the model of

the production facility to satis{y the one or more Monte Carlo product requests.

&. The computer-implemented method of any one of claims 1-7, wherein training the
policy neural network and the value neural network comprises:

utilizing a Monte Carlo technique to generate one or more Monte Carlo states of the
production facility, wherein each Monte Carlo state of the production facility represents an
mventory of the one or more products and the one or more input materials available at the
production facility at a specific time within the interval of time; and

training the policy neural network and the value neural network based on the model of

the production facility to satisty the one or more Monte Carlo states.

9. The computer-implemenied method of any one of claims 1-8, wherein training the
eural network to represent the policy function and the value function comprises training the
newral network fo represent the policy function and the value function utilizing a

reinforcement leamning technique.

10. The computer-implemented method of any one of claims 1-9, wherein the value
function represents one or more of) economic values of one or more products produced by the
production facility, economic values of one or more penalties incurred at the production
facility, economic values of input materials utilized by the production facility, an indication
of delay in shipment of the one or more requested products, and a percentage of on-time

product availability for the one or more requested products.
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11, The computer-iraplemented method of any one of claims 1-10, wherein the
schedule of the production actions further relates to losses incurred by changing production
of products at the produciion facility, and wherein the value function represents benefits of
products produced after taking production action, the penalties due to late production, and the

losses mcurred by changing production.

12. The computer-implemented method of any one of claims 1-11, wherein the
schedule of the production actions comprises an unchangeable-planning-horizon schedule of
production activities during a planning horizon of time, wherein the unchangeable-planning-

horizon schedule of production activities is unchangeable during the planning horizon.

13, The computer-implemented method of claim 12, wherein the schedule of the
production actions comprises a daily schedule, and wherein the planning horizon is at least

seven days.

14. The computer-implemented method of any one of claims 1-13, wherein the one or

more products comprise one or more chemical products.

15, A computing device, comprising;

one OF more processors; and

data storage, wherein the data siorage has stored thereon computer-execuiable
mstructions that, when executed by the one or more processors, cause the computing device
to carry out functions comprising the computer-implemented method of any one of claims i-

14.

16. An article of manufacture comprising one or more computer readable media
having computer-readable mstructions stored thereon that, when executed by one or more
processors of a compuiing device, cause the computing device to carry out functions that

comprise the computer-implemented method of any one of claims 1-14,

17. The article of manufacture of claim 16, wherein the one or more computer

readable media comprise one or more non-transtiory computer readable media.

18. A computing sysiem, comprising:



means for carrying out the computer-implemented method of any one of claims 1-14.

19. A computer-implemented method, comprising:

recetving, al a computing device, one or more product requests associated with a
production facility, each product request specifying one or more requested products of one or
more products to be available at the production facility at one or more requested times; and

utilizing a trained policy neural network and a trained value newral network fo
generate a schedule of production actions at the production facility that satisfy the one or
more product requests over an interval of time, the trained policy neural network associated
with a policy function representing production actions to be scheduled at the production
facility, and the trained value neural network assoctated with a value function representing
benefits of products produced at the production facility based on the production actions,
wherein the schedule of the production actions relates to penalties due to late production of
the one or more requested products determined based on the one or more requested times and

due to changes in production of the one or more products at the production facility.

20. The compuier-implemented method of claim 19, wherein the policy funciion maps
one or more states of the production facility to the production actions, wherein a siate of the
one or more states of the production facility represents a product inventory of the one or more
products available at the production factlity at a specific time and an input-matenial inventory
of one or more input materials available at the production facility at a specific time, and
wherein the value function represents benefits of products produced afier taking production

actions and the penalties due to late production.

21. The computer-implemented method of claim 20, wherein utilizing the trained
policy neural network and the trained value neural network comprises:

determining a particular state of the one or more states of the production facility;

scheduling a particular production action based on the particular state wutilizing the
trained policy neural network; and

deternuining an estimated benefit of the particular production action witlizing the

trained value neural network.



22. The computer-implemented method of claim 21, wherein scheduling the particular
production action based on the particular state utilizing the trained policy neural network
COmprises:

determining a probability distiibution of the production actions to be scheduled at the
production facility based on the particular state utilizing the trained policy neural network;
and

determining the particular production action based on the probability distribution of

the production actions.

23. The computer-implemented method of either claim 21 or claim 22, further
comprising:
after scheduling the particular production action based on the particular state utilizing
the trained policy neural network:
updating the input-material imventory o account for input materials used to
perform the particular production action and for additional mput matenials received at
the production facility;
updating the product inventory to account for products produced by the
particular production action;
determining whether at least part of at least one product request is satisfied by
the updated product inventory;
after determining that at least part of at least one product request is satisfied:
determuning one or more shippable products {o satisfy the at least part
of at least one product request;
re-updating the product inventory to account for shipment of the one or
more shippable products; and
updating the one or more product requests based on the shipment of the

one or more shippable products.

24, The computer-imnplemented method of anv one of claims 19-23, wherein the value
function represents one or more of) economic values of one or more products produced by the
production facility, economic values of one or more penalties incurred at the production
facility, economic values of mput maternials utilized by the production facility, an indication
of delay in shipment of the one or more requested products, and a percentage of on-time

product availability for the one or more requested products.
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25. The computer-implemented method of any one of claims 19-24, wherein the
schedule of the production actions further relates to losses incurred by changing production
of products at the production facihity, and wherein the value {unction represents benefits of
products produced after taking production action, the penalties due to late production, and the

losses incurred by changing production.

26. The computer-implemented method of any one of claims 19-23, wherein the
schedule of the production actions comprises an unchangeable-planning-horizon schedule of
production activities during a planning horizon of time, wherein the unchangeable-planning-

horizon schedule of production activities is unchangeable during the planning horizon,

27. The computer-implemented method of claim 26, wherein the schedule of the
production actions comprises a datly schedule, and wherein the planning horizon is at least

seven days.

28. The computer-implemented method of anv one of claims 19-27, wherein the one

or more products comprise one or more chemical products.

29. The computer-implemented method of any one of claims 19-28, further
comprising;

after utihizing the {rained policy neural network and the trained value neural network
to schedule actions at the production facility, receiving, at the trained neural networks,
feedback about actions scheduled by the trained neural networks; and

updating the trained neural networks based on the feedback related to the scheduled

actions.

30. A computing device, comprising:

one of more processors; and

data storage, wherein the data storage has stored thereon computer-executable
mstructions that, when executed by the one or more processors, cause the computing device
o carry out functions comprising the compuier-implerented method of any one of claims

19-29,
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31. An article of manufacture cornprising one or more computer readable media
having computer-readable instructions stored thereon that, when executed by one or more
processors of a computing device, cause the computing device to carry out functions that

comprise the computer-implemented method of any one of claims 19-29,

32, The article of manufacture of claim 31, wherein the one or more computer

readable media comprise one or more non-transitory computer readable media.

33. A computing system, comprising:
means for carrving out the computer-implemented method of any one of claims 19-

29.



