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SYSTEMS AND METHODS FOR INVENTORY MANAGEMENT AND
OPTIMIZATION

CROSS-REFERENCE
[0001]  This application claims priority to U.S. Patent Application No. 16/506,672, filed on
July 9, 2019, which claims priority to U.S. Provisional Patent Application No. 62/754,466, filed

on November 1, 2018, both of which are entirely incorporated herein by reference.

BACKGROUND
[0002] Uncertainty is be an intrinsic and dynamic property of modern, complex supply
chains. Uncertainty continually challenges inventory decisions, which may consider balancing of
capital investment constraints and service-level goals. As a result of uncertainty in inventory
variables, for example, software solutions for inventory management and planning may
encounter challenges in accurately forecasting and predicting optimal inventory levels. In order
to stay competitive in a dynamic market, businesses often need to constantly reconfigure supply
chains and to manage the various types of uncertainties that are continually being introduced
(e.g., both from demand-side as well as from supply-side). However, the data that is required to
make informed decisions for managing these uncertainties in inventory are often stored in
multiple disparate source systems (e.g., on-site or in a remote location such as a cloud network)
or not tracked historically. Such systems (e.g., Material Requirements Planning, or MRP,
inventory management systems), which may have been built and implemented years or decades
ago, may be rule-based systems that are rigid (i.e. not adaptive to changes in supply and demand)
and thus incapable of handling large volumes of dynamic data distributed across various source

systems.

SUMMARY
[0003] Recognized herein is the need for systems and methods for improved inventory
management and optimization using machine learning techniques, which may be applied to
improve inventory management by more accurately determining optimal inventory levels.
[0004] The present disclosure provides systems and methods that may advantageously apply
machine learning to accurately manage and predict inventory variables with future uncertainty.
Such systems and methods may allow accurate predictions of future uncertainty in inventory
variables based on aggregated data from multiple disparate data source systems, determination of
optimal inventory levels, and identification of actionable recommendations to users or systems.
[0005] In an aspect, the present disclosure provides a computer-implemented method for

inventory management and optimization, comprising: (a) obtaining, by the computer, an

-1-



WO 2020/092846 PCT/US2019/059269

inventory dataset comprising a plurality of inventory variables, wherein the plurality of inventory
variables comprises variables having future uncertainty; (b) applying, by the computer, a trained
algorithm to the inventory dataset to generate a prediction of the variables having future
uncertainty; and (c) applying, by the computer, an optimization algorithm to the inventory
dataset to optimize the plurality of inventory variables, thereby generating an optimized
inventory dataset.

[0006] In some embodiments, obtaining the inventory dataset comprises obtaining and
aggregating datasets from a plurality of disparate sources. In some embodiments, the datasets
comprise internal datasets and external datasets. In some embodiments, the plurality of disparate
sources are selected from the group consisting of smart devices, sensors, enterprise systems,
extraprise, and Internet sources, and the datasets are persisted in a plurality of data stores. In
some embodiments, the plurality of inventory variables comprises a plurality of time series. In
some embodiments, the plurality of inventory variables is representative of historical inventory
data and/or current inventory data. In some embodiments, the historical inventory data comprises
one or more types of movements selected from the group consisting of arrival movements,
consumption movements, blocked movements, and inter-factory movements. In some
embodiments, the variables having future uncertainty comprise one or more of: inventory level,
supply factors, supplier orders, demand factors, demand forecast, material consumption, transit
time, lead time, material requirements planning (MRP), inventory holding cost, and shipping
cost.

[0007] In some embodiments, the trained algorithm comprises a machine learning algorithm.
In some embodiments, the machine learning algorithm is selected from the group consisting of a
support vector machine (SVM), a naive Bayes classification, a linear regression, a quantile
regression, a logistic regression, a random forest, and a neural network. In some embodiments,
generating the prediction comprises processing the inventory dataset to fit a statistical
distribution to the plurality of inventory variables. In some embodiments, fitting the statistical
distribution comprises estimating one or more statistical parameters using the historical
inventory data. In some embodiments, the statistical distribution is a parametric distribution
selected from the group consisting of a Gaussian distribution, a Gamma distribution, and a
Poisson distribution. In some embodiments, the one or more statistical parameters is selected
from the group consisting of a median, a mean, a mode, a variance, a standard deviation, a
quantile, a measure of central tendency, a measure of variance, a range, a minimum, a maximum,
an interquartile range, and a percentile. In some embodiments, the method further comprises

using the statistical distribution to generate the prediction of the variables having future
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uncertainty. In some embodiments, the prediction comprises a distribution of the variables
having future uncertainty. In some embodiments, the distribution of the variables having future
uncertainty comprises a distribution over a future duration of time. In some embodiments, the
future duration time is about 1 day, about 3 days, about 5 days, about 1 week, about 2 weeks,
about 3 weeks, about 1 month, about 2 months, about 3 months, about 4 months, about 5 months,
about 6 months, about 7 month, about 8 months, about 9 months, about 10 months, about 11
months, about 12 months, about 14 months, about 16 months, about 18 months, about 20
months, about 22 months, about 24 months, or more than about 24 months.

[0008] In some embodiments, the optimization algorithm comprises a constrained
optimization problem. In some embodiments, the constrained optimization problem minimizes a
cost function or maximizes a reward function. In some embodiments, the cost function or the
reward function may be a function that represents the product output of an entity, the profit of
such entity, or the time of delivery to customers, to name a few examples. In some embodiments,
the constrained optimization problem comprises a constraint selected from the group consisting
of an inventory constraint, a service level constraint, an arrival window constraint, an order size
constraint, and an ordering window constraint. In some embodiments, the service level constraint
comprises a confidence level that an inventory meets a demand requirement. In some
embodiments, the service level constraint is about 90%, about 95%, about 98%, about 99%, or
more. In some embodiments, the minimized cost function comprises a cost selected from the
group consisting of a material cost, an inventory holding cost, a shipping cost, a production delay
cost, and a combination thereof. In some embodiments, the constrained optimization problem is
a stochastic constrained optimization problem. In some embodiments, the optimization algorithm
comprises a technique selected from the group consisting of a grid search, a random search, and
a Bayesian optimization search. In some embodiments, the stochastic constrained optimization
problem is a mixed integer linear programming (MILP) problem. In some embodiments, the
MILP problem models the variables having future uncertainty using linear chance constraints.
[0009] In some embodiments, the method further comprises storing, by the computer, the
optimized inventory dataset in a database. In some embodiments, the storing is performed
through a cloud-based network. In some embodiments, the method further comprises generating,
by the computer, one or more recommended inventory management decisions based on the
optimized inventory dataset. In some embodiments, generating the one or more recommended
inventory management decisions comprises determining a difference between the optimized
inventory dataset and a reference inventory dataset. In some embodiments, the method further

comprises generating, by the computer, one or more alerts of disruption risks and/or delay risks
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based at least in part on the optimized inventory dataset. In some embodiments, the optimized
inventory dataset is generated in real time, substantially real-time, just-in-time, or any other
useful timeframe. In some embodiments, the method further comprises traversing a bill of
materials (BOM), wherein the BOM comprises a dynamic hierarchical graph; and displaying the
BOM to a user. In some embodiments, the BOM is traversed and displayed to the user in real
time, substantially real-time, just-in-time, or any other useful timeframe. In some embodiments,
the inventory dataset comprises a plurality of inventory variables for a single-echelon inventory,
wherein the single-echelon inventory corresponds to a single node or facility. In some
embodiments, the optimization algorithm is configured to perform multi-echelon inventory
optimization (MEIO), and the inventory dataset comprises a plurality of inventory variables for a
multi-echelon inventory, wherein the multi-echelon inventory corresponds to a supply chain
network comprising a plurality of nodes or facilities. In some embodiments, the optimization
algorithm is configured to model the plurality of inventory variables using a probabilistic
graphical model of the supply chain network. In some embodiments, the optimization algorithm
is configured to model the plurality of inventory variables using a Bayesian optimization model
of the supply chain network.

[0010] In another aspect, the present disclosure provides a computer system comprising a
digital processing device comprising at least one processor, an operating system configured to
perform executable instructions, a memory, and a computer program including instructions
executable by the digital processing device to create an application for inventory management
and optimization, the application comprising: an inventory module programmed to obtain an
inventory dataset comprising a plurality of inventory variables, wherein the plurality of inventory
variables comprises variables having future uncertainty; a prediction module programmed to
apply a trained algorithm to the inventory dataset to generate a prediction of the variables having
future uncertainty; and an optimization module programmed to apply an optimization algorithm
to the inventory dataset to optimize the plurality of inventory variables, to generate an optimized
inventory dataset.

[0011] In some embodiments, the application further comprises an aggregation module
programmed to obtain and aggregate datasets from a plurality of disparate sources. In some
embodiments, the datasets comprise internal datasets and external datasets. In some
embodiments, the plurality of disparate sources are selected from the group consisting of smart
devices, sensors, enterprise systems, extraprise, and Internet sources, and the datasets are
persisted in a plurality of data stores. In some embodiments, the plurality of inventory variables

comprises a plurality of time series. In some embodiments, the plurality of inventory variables is
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representative of historical inventory data and/or current inventory data. In some embodiments,
the historical inventory data comprises one or more types of movements selected from the group
consisting of arrival movements, consumption movements, blocked movements, and inter-
factory movements. In some embodiments, the variables having future uncertainty comprise one
or more of: inventory level, supply factors, supplier orders, demand factors, demand forecast,
material consumption, transit time, lead time, material requirements planning (MRP), inventory
holding cost, and shipping cost.

[0012] In some embodiments, the trained algorithm comprises a machine learning algorithm.
In some embodiments, models can be parametric, e.g., such as a support vector machine (SVM),
a naive Bayes classification, a linear regression, a quantile regression, a logistic regression, a
random forest, and a neural network, etc, or non-parametric such as Gaussian Processes,
Dirichlet Processes or other Bayesian sampling-based techniques. In some embodiments,
generating the prediction comprises processing the inventory dataset to fit a statistical
distribution to the plurality of inventory variables. In some embodiments, fitting the statistical
distribution comprises estimating one or more statistical parameters using the historical
inventory data. In some embodiments, the statistical distribution is a parametric distribution
selected from the group consisting of a Gaussian distribution, a Gamma distribution, and a
Poisson distribution. In some embodiments, the one or more statistical parameters is selected
from the group consisting of a median, a mean, a mode, a variance, a standard deviation, a
quantile, a measure of central tendency, a measure of variance, a range, a minimum, a maximum,
an interquartile range, and a percentile. In some embodiments, the prediction module is
programmed to use the statistical distribution to generate the prediction of the variables having
future uncertainty. In some embodiments, the prediction comprises a distribution of the variables
having future uncertainty. In some embodiments, the distribution of the variables having future
uncertainty comprises a distribution over a future duration of time. In some embodiments, the
future duration time is about 1 day, about 3 days, about 5 days, about 1 week, about 2 weeks,
about 3 weeks, about 1 month, about 2 months, about 3 months, about 4 months, about 5 months,
about 6 months, about 7 month, about 8 months, about 9 months, about 10 months, about 11
months, about 12 months, about 14 months, about 16 months, about 18 months, about 20
months, about 22 months, about 24 months, or more than about 24 months. In some
embodiments, the future duration may be less than 1 day.

[0013] In some embodiments, the optimization algorithm comprises a constrained
optimization problem. In some embodiments, the constrained optimization problem minimizes a

cost function. In some embodiments, the constrained optimization problem comprises a
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constraint selected from the group consisting of an inventory constraint, a service level
constraint, an arrival window constraint, an order size constraint, and an ordering window
constraint. In some embodiments, the service level constraint comprises a confidence level that
an inventory meets a demand requirement. In some embodiments, the service level constraint is
about 90%, about 95%, about 98%, or about 99%. In some embodiments, the minimized cost
function comprises a cost selected from the group consisting of an inventory holding cost, a
shipping cost, a production delay cost, and a combination thereof. In some embodiments, the
constrained optimization problem is a stochastic constrained optimization problem. In some
embodiments, the optimization algorithm comprises a technique selected from the group
consisting of a grid search, a random search, and a Bayesian optimization search. In some
embodiments, the stochastic constrained optimization problem is a mixed integer linear
programming (MILP) problem. In some embodiments, the MILP problem models the variables
having future uncertainty using linear chance constraints.

[0014] In some embodiments, the application further comprises a storage module
programmed to store the optimized inventory dataset in a database. In some embodiments, the
storing is performed through a cloud-based network. In some embodiments, the application
further comprises a decision module programmed to generate one or more recommended
inventory management decisions based on the optimized inventory dataset. In some
embodiments, generating the one or more recommended inventory management decisions
comprises determining a difference between the optimized inventory dataset and a reference
inventory dataset. In some embodiments, the application further comprises an alert module
programmed to generate one or more alerts of disruption risks and/or delay risks based at least in
part on the optimized inventory dataset. In some embodiments, the optimized inventory dataset is
generated in real time, substantially real-time, just-in-time, or any other useful timeframe. In
some embodiments, the application further comprises a display module programmed to traverse
a bill of materials (BOM), wherein the BOM comprises a dynamic hierarchical graph, and
display the BOM to a user. In some embodiments, the BOM is traversed and displayed to the
user in real time substantially real-time, just-in-time, or any other useful timeframe. In some
embodiments, the inventory dataset comprises a plurality of inventory variables for a single-
echelon inventory, wherein the single-echelon inventory corresponds to a single node or facility.
In some embodiments, the optimization algorithm is configured to perform multi-echelon
inventory optimization (MEIQ), and the inventory dataset comprises a plurality of inventory
variables for a multi-echelon inventory, wherein the multi-echelon inventory corresponds to a

supply chain network comprising a plurality of nodes or facilities. In some embodiments, the
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optimization algorithm is configured to model the plurality of inventory variables using a
probabilistic graphical model of the supply chain network. In some embodiments, the
optimization algorithm is configured to model the plurality of inventory variables using a
Bayesian optimization model of the supply chain network.

[0015] In another aspect, the present disclosure provides a non-transitory computer readable
medium comprising machine-executable code that, upon execution by one or more computer
processors, implements a method for inventory management and optimization, the method
comprising: (a) obtaining an inventory dataset comprising a plurality of inventory variables,
wherein the plurality of inventory variables comprises variables having future uncertainty; (b)
applying a trained algorithm to the inventory dataset to generate a prediction of the variables
having future uncertainty; and (c) applying an optimization algorithm to the inventory dataset to
optimize the plurality of inventory variables, thereby generating an optimized inventory dataset.
[0016] In another aspect, the present disclosure provides a system that can receive an
inventory dataset comprising a plurality of inventory variables that indicate at least historical (i)
inventory levels, (ii) inventory holding costs, (ii1) supplier orders, or (iv) lead times over time.
The plurality of inventory variables can be characterized by having one or more future
uncertainty levels. The system can process the inventory dataset using a trained machine learning
model to generate a prediction of the plurality inventory variables that are characterized by
having one or more future uncertainty levels. The trained machine learning model has been
trained on historical inventory datasets. The system can provide the processed inventory dataset
to an optimization algorithm. The optimization algorithm can to predict one or more inventory
management parameters that result in a particular probability of achieving a target service level
while minimizing a cost. The optimization algorithm can comprise one or more constraint
conditions.

[0017] In some embodiments, the system can provide a current inventory level and a quantity
of current supplier orders to the optimization algorithm and use the optimization algorithm to
predict the target inventory level based at least on the current inventory level and the quantity of
current supplier orders. In some embodiments, the system can generate an inventory
management recommendation based on the prediction of the target inventory level. In some
embodiments, the inventory management recommendation can comprise a recommendation to
reduce the current inventory level. In some embodiments, the inventory management
recommendation can comprise a recommendation to increase the current inventory level. In
some embodiments, the inventory management recommendation can comprise a

recommendation to maintain the current inventory level. In some embodiments, the inventory
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management recommendation can be generated in real time, substantially real-time, just-in-time,
or periodically in hours, days, weeks, months, or more.

[0018] In some embodiments, the system can compute the present, incoming or expected
demand requirement using forecasted demand for finished products and a bill of materials
(BOM) for the finished products. In some embodiments, the BOM can comprise a dynamic
hierarchical graph.

[0019] In some embodiments, the inventory dataset can comprise internal data and external
data. In some embodiments, the inventory dataset can be received from a plurality of disparate
sources selected from the group consisting of smart devices, sensors, enterprise systems,
extraprise, and Internet sources.

[0020] In some embodiments, the plurality of inventory variables further can comprise one or
more inventory movements selected from the group consisting of arrival movements,
consumption movements, blocked movements, and inter-factory movements.

[0021] In some embodiments, the plurality of inventory variables can further comprise one or
more of a demand forecast, material consumption, transit time, and shipping cost.

[0022] In some embodiments, the trained machine learning model can be selected from the
group consisting of a support vector machine (SVM), naive Bayes classification, linear
regression, logistic regression, a random forest, and a neural network.

[0023] In some embodiments, the prediction of the plurality of inventory variables can
comprise a statistical distribution of the plurality of inventory variables.

[0024] In some embodiments, the statistical distribution can comprise one or more statistical
parameters.

[0025] In some embodiments, the one or more statistical parameters can be selected from the
group consisting of a median, a mean, a mode, a variance, a standard deviation, a quantile, a
measure of central tendency, a measure of variance, a range, a minimum, a maximum, an
interquartile range, and a percentile.

[0026] In some embodiments, the statistical distribution can be a parametric distribution
selected from the group consisting of a Gaussian distribution, a Gamma distribution, and a
Poisson distribution.

[0027] In some embodiments, the optimization algorithm can minimize a cost function. In
some embodiments, the optimization algorithm can further comprise a constraint condition
selected from the group consisting of an inventory constraint, a service level constraint, an
arrival window constraint, an order size constraint, and an ordering window constraint. In some

embodiments, the optimization algorithm can be a stochastic constrained optimization algorithm.
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In some embodiments, the stochastic constrained optimization algorithm can be a mixed integer
linear programming (MILP) problem. In some embodiments, the optimization algorithm can
comprise a technique selected from the group consisting of a grid search, a random search, and a
Bayesian optimization search.

[0028] In some embodiments, the inventory dataset can comprise a plurality of inventory
variables for a single-echelon inventory, wherein the single-echelon inventory corresponds to a
single node or facility.

[0029] In some embodiments, the optimization algorithm can be configured to perform multi-
echelon inventory optimization (MEIO), wherein the inventory dataset can comprise a plurality
of inventory variables for a multi-echelon inventory, wherein the multi-echelon inventory
corresponds to a supply chain network comprising a plurality of nodes or facilities. In some
embodiments, the optimization algorithm can be configured to model the plurality of inventory
variables using a probabilistic graphical model of the supply chain network. In some
embodiments, the optimization algorithm can be configured to model the plurality of inventory
variables using a Bayesian optimization model of the supply chain network.

[0030] Another aspect of the present disclosure provides methods corresponding to the
operations performed by any of the systems described above or elsewhere herein.

[0031] Another aspect of the present disclosure provides a non-transitory computer readable
medium comprising machine executable code that, upon execution by one or more computer
processors, implements any of the methods above or elsewhere herein.

[0032] Another aspect of the present disclosure provides a system comprising one or more
computer processors and computer memory coupled thereto. The computer memory comprises
machine executable code that, upon execution by the one or more computer processors,
implements any of the methods above or elsewhere herein.

[0033] Additional aspects and advantages of the present disclosure will become readily
apparent to those skilled in this art from the following detailed description, wherein only
illustrative embodiments of the present disclosure are shown and described. As will be realized,
the present disclosure is capable of other and different embodiments, and its several details are
capable of modifications in various obvious respects, all without departing from the disclosure.
Accordingly, the drawings and description are to be regarded as illustrative in nature, and not as

restrictive.

INCORPORATION BY REFERENCE
[0034]  All publications, patents, and patent applications mentioned in this specification are

herein incorporated by reference to the same extent as if each individual publication, patent, or
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patent application was specifically and individually indicated to be incorporated by reference. To
the extent publications and patents or patent applications incorporated by reference contradict the
disclosure contained in the specification, the specification is intended to supersede and/or take

precedence over any such contradictory material.

BRIEF DESCRIPTION OF THE DRAWINGS
[0035] The novel features of the disclosure are set forth with particularity in the appended
claims. A better understanding of the features and advantages of the present disclosure will be
obtained by reference to the following detailed description that sets forth illustrative
embodiments, in which the principles of the disclosure are utilized, and the accompanying
drawings (also “Figure” and “FIG.” herein), of which:
[0036] FIG. 1 illustrates an example of a system for inventory management and optimization.
[0037] FIG. 2 illustrates an example of statistical modeling of uncertainty in lead time by
fitting a Gamma distribution to observed lead time data.
[0038] FIG. 3 illustrates an example of historical trends in lead time over a period of time,
which can be used to train a machine learning algorithm to predict future uncertainty in lead
time.
[0039] FIG. 4 illustrates an example of stochastic optimization of inventory level of an item.
[0040] FIG. 5 illustrates an example of historical inventory movement (including arrival
movements, consumption movements, and miscellaneous movements) and total inventory over a
period of time.
[0041] FIG. 6 illustrates an example of overall results in inventory optimization.
[0042] FIG. 7 shows a computer system that is programmed or otherwise configured to

implement methods provided herein.

DETAILED DESCRIPTION
[0043] While preferable embodiments of the invention have been shown and described
herein, it will be obvious to those skilled in the art that such embodiments are provided by way
of example only. Numerous variations, changes, and substitutions will now occur to those skilled
in the art without departing from the invention. It should be understood that various alternatives
to the embodiments of the invention described herein may be employed in practicing the
invention.
[0044]  Various terms used throughout the present description may be read and understood as
follows, unless the context indicates otherwise: “or” as used throughout is inclusive, as though

written “and/or”; singular articles and pronouns as used throughout include their plural forms,
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and vice versa; similarly, gendered pronouns include their counterpart pronouns so that pronouns
should not be understood as limiting anything described herein to use, implementation,
performance, etc. by a single gender; “exemplary” should be understood as “illustrative” or
“exemplifying” and not necessarily as “preferred” over other embodiments. Further definitions
for terms may be set out herein; these may apply to prior and subsequent instances of those
terms, as will be understood from a reading of the present description.

[0045] Recognized herein is the need for systems and methods for improved inventory
management and optimization using machine learning techniques, which may be applied to
improve inventory management by more accurately determining optimal inventory levels.
[0046] Uncertainty is be an intrinsic and dynamic property of modern, complex supply
chains. Uncertainty continually challenges inventory decisions, which may consider balancing of
capital investment constraints and service-level goals. As a result of uncertainty in inventory
variables, for example, software solutions for inventory management and planning may
encounter challenges in accurately forecasting and predicting optimal inventory levels. In order
to stay competitive in a dynamic market, businesses often need to constantly reconfigure supply
chains and to manage the various types of uncertainties that are continually being introduced
(e.g., both from demand-side as well as from supply-side). However, the data that is required to
make informed decisions for managing these uncertainties in inventory are often stored in
multiple disparate source systems (e.g., on-site or in a remote location such as a cloud network).
Such systems (e.g., Material Requirements Planning, or MRP, inventory management systems),
which may have been built and implemented years or decades ago, may be rule-based systems
that are rigid and thus incapable of handling large volumes of data distributed across various
source systems.

[0047] In view of these challenges in inventory management systems, a “big data” artificial
intelligence platform may be necessary to aggregate data from multiple disparate source systems
(e.g., enterprise system, [oT sensors, and third-party data providers) and apply artificial
intelligence-based techniques that continually incorporate and learn from new or updated
datasets. For example, the types of data useful for optimizing inventory may include demand
forecast, supplier orders, production orders, bill of materials (time-varying), change history of re-
order parameters, and inventory movement data.

[0048] Recognizing the need for improved inventory management and optimization, the
present disclosure provides systems and methods that may advantageously apply machine
learning to accurately manage and predict inventory variables with future uncertainty. Such

systems and methods may allow accurate predictions of future uncertainty in inventory variables
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based on aggregated data from multiple disparate data source systems, determination of optimal
inventory levels, and identification of actionable recommendations to users.

[0049] By implementing improved inventory management and optimization module systems
and methods of the present disclosure, companies across a broad range of industries, such as
manufacturing, automotive, and retail, may achieve significance reductions in inventory by 20%
to 25% or more through optimization, thereby decreasing costs by about 2% to 5% of revenues.
In doing so, such companies, which may typically lock up a significant part of their working
capital in inventory (e.g., an average inventory ranging from 10% - 20% of revenue), can
reinvest the cost savings into the company’s business in order to increase shareholder value. For
example, a company with $10 billion in annual revenue can potential free up $200 million to
$500 million in working capital by optimizing their inventory using systems and methods
provided herein.

[0050] In order to effectively apply artificial intelligence-based methods to inventory
management and optimization systems, the necessary data may be aggregated from various
disparate source systems, such as an Enterprise Resource Planning system, an Asset
Management system, a Supplier Management system, and an Inventory Planning system. In
some cases, enterprises may engage third-party service providers to perform data integration,
which may be costly. Alternatively, enterprises may attempt to perform data integration in-house
using open-source technologies, but such approaches often encounter significant complexity and
monetary and time costs, with uncertain success. Using systems and methods of the present
disclosure, enterprises can apply artificial intelligence-based inventory management and
optimization algorithms on platforms that enable seamless, scalable, and reliable integration of
data sets from multiple disparate source systems.

[0051] Once the data aggregation and integration have been performed, artificial intelligence-
based techniques can be used to effectively and dynamically manage uncertainty, and
systematically reduce inventory levels across all locations while minimizing the probability of
stock-outs. In particular, systems and methods of the present disclosure can apply key elements
of artificial intelligence-based techniques, including statistical modeling, machine learning, and
optimization, to significantly improve inventory optimization.

[0052] In an aspect, the present disclosure provides a computer-implemented method for
inventory management and optimization. The method for inventory management and
optimization may comprise obtaining an inventory dataset comprising a plurality of inventory
variables, wherein the plurality of inventory variables comprises variables having future

uncertainty. The method for inventory management and optimization may further comprise
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applying a trained algorithm to the inventory dataset to generate a prediction of the variables
having future uncertainty. The method for inventory management and optimization may further
comprise applying an optimization algorithm to the inventory dataset to optimize the plurality of
inventory variables, thereby generating an optimized inventory dataset.

[0053] In some embodiments, methods and systems for inventory management and
optimization may perform optimization of a daily inventory level. Manufacturing systems
typically maintain a log of inventory movements, such as arrivals from suppliers, consumption in
a production line, and any other intra- and inter- facility shipments (miscellaneous movements).
The movement data can be used to calculate the historical inventory levels for each item, where
arrivals have a positive contribution to the inventory level, consumption has a negative
contribution, and all other miscellaneous movements can result in either a positive or a negative
contribution to the inventory level. For example, the inventory at a given time 7 can be expressed
as the inventory at a prior time (7 - 1), plus the arrivals at time #, minus the consumption at time #,
plus miscellaneous movements at time 7, as given by the equation below.

[0054] [Inventory, = Inventory,_, + Arrivals, — Consumption, + Miscellaneous,
[0055] In some embodiments, methods and systems for inventory management and
optimization may perform optimization of a demand forecast. In the case of manufacturers, the
demand forecast (or planned consumption) for each item over a planning horizon can be
computed using the forecasted demand for the finished products, the product configurations, and
a bill of materials (BOM). BOM is a dynamic (time-varying) hierarchical graph that provides a
list of all the items and intermediate assemblies required to manufacture a finished product,
along with their quantities. The traversed BOM may be displayed to a user. For example, the
BOM may be traversed and displayed to the user.

[0056] In some embodiments, methods and systems for inventory management and
optimization may perform optimization of Material Requirements Planning (MRP). MRP is
often based on several constraints that determine the timing and quantity of the orders that need
to be placed with suppliers. For example, such constraints may be defined using reorder
parameters. Reorder parameters may be categorized into two groups: (1) parameters determined
by the manufacturer (e.g., safety stock, lot size, breakage, warranty replacement, or safety time)
and (2) parameters determined by the supplier (e.g., minimum order size, lead time, etc.), or (3)
parameters determined by the customer (e.g., cancellations and returns).

[0057] In some embodiments, methods and systems may formulate inventory management
and optimization as a stochastic constrained optimization problem that solves for the optimal

values of reorder parameters (e.g., safety stock) that minimize the total landed cost (e.g.,
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inventory holding cost and shipping cost, accounting for variability in the price of the inventory
items), while maintaining a level of confidence («) on the availability of items in stock (e.g., a
service level constraint). The service level constraint may be adjustable for each item (e.g., with
a 90%, 95%, 96%, 97%, 98%, or 99% confidence), thereby providing the manufacturer a level of
control based on several factors, such as cost of stock-outs and service level agreements with
their customers.

[0058] By solving the stochastic constrained optimization problem, a set of stochastic
variables may be simulated or predicted. The predictions can then be incorporated into the
optimization problem. For example, variables corresponding to stochastic components of a
supply chain (e.g., stochasticity associated to supply for each facility in the supply chain) can be
modeled. This can be done through conducting a forward pass through the supply chain.
Particularly, the forward pass can begin with facilities 7 without children. For these facilities, it is
known what arrivals will actually arrive at time 7 and what arrivals are scheduled to arrive at the
facility. For the latter, the stochasticity (uncertainty) in quantity and time can be simulated to
predict what portion of the arrival will be realized that day. This result can partly define the end-
of-day inventory of that facility for that day.

[0059]  The optimization problem given below can be formulated as a mixed integer linear
programming (MILP) problem by modeling demand and supply-side uncertainties as linear

chance constraints. Such MILP problems can be efficiently solved using MILP solvers.

0060 arg min [nventory Holding cost + Shipping cost
g y g p
Safety stock
[0061] such that Prob (Inventory > 0) > «

[0062] Systems and methods for inventory management and optimization may be applied to a
wide variety of enterprises, such as global manufacturers with footprints across multiple
countries or continents. For example, such manufacturers may operate hundreds of factories
globally, manufacturer highly complex equipment, and hold average inventory levels worth
hundreds of millions or even billions of dollars. For example, based on standard industry practice
among manufacturers of expensive and sophisticated equipment (e.g., industrial equipment),
manufacturers may allow their customers to configure products with dozens or hundreds of
individual options, leading to products having hundreds or thousands of permutations. In such
cases, the customized nature of the manufacturer’s products may drive significant complexity in
managing inventory levels during the manufacturing process. For example, since the final
configuration of a product is often not known until close to submission of the order for that
product, the manufacturer may routinely hold significant excess inventory on hand to fulfill
orders on time.
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[0063] Using systems and methods for inventory management and optimization disclosed
herein, manufacturers may achieve significant reductions in average inventory levels of about
5%, about 10%, about 15%, about 20%, about 25%, about 30%, about 35%, about 40%, about
45%, about 50%, about 55%, about 60%, about 65%, about 70%, about 75%, about 80%, about
85%, or about 90%. Such significant reductions in average inventory levels may confer
additional benefits, such as savings in shipping cost (due to fewer parts being ordered) and
increased productivity of inventory analysts by helping them focus on higher value-added tasks
instead of tracking, managing and auditing available inventory. In addition, using systems and
methods for inventory management and optimization disclosed herein, key insights may be
uncovered which may prove useful during negotiations with suppliers (e.g., the effect of supplier
planning time fence on inventory levels).

[0064] FIG. 1 illustrates an example of a system for inventory management and optimization
100 that is configured to implement the methods described in the present disclosure. The system
100 may have a data modeling and linking module 105, an uncertainty modeling module 110, a
simulation module 120, and an optimization module 130. The data modeling and linking module
105 can enable the system collect and aggregate inventory datasets and later such inventory data
sets. The other modules will be described in detail below.

Statistical Modeling of Uncertainty

[0065] Uncertainty is an intrinsic property of modern, complex supply chains. There may be a
number of sources of uncertainty in a supply chain network. Three major sources of uncertainty
may be (1) supplier-related uncertainty, (2) facility-related uncertainty, and (3) demand
uncertainty. Supplier-related uncertainty may include uncertainty in the quantity, quality, or
price of source materials. Supplier-related uncertainty may also include uncertainty of when such
source materials will be available or how long such source materials will take to ship. Facility-
related uncertainty may be uncertainty in the availability of production resources, e.g., laborers,
machines, time, etc. Demand uncertainty may be uncertainty in the demand for final products.
Demand may change over time and by geography. There may be other sources of uncertainty in
complex supply chains, such as shipping uncertainty. Some examples of particular uncertain
variables in supply chains are inventory level, supply factors, supplier orders, demand factors,
demand forecast, material consumption, transit time, seasonality, lead time, material
requirements planning (MRP), inventory holding cost, and shipping cost.

[0066] The uncertainly module 110 can model the above-mentioned uncertainty and any other
types of uncertainty that may be associated with complex supply chains. More specifically, the

uncertainty module 110 can implement machine learning and other types of models that are
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programmed or configured to predict distributions of variables (e.g., inventory variables) that
have future uncertainty. The models can be trained on historical values of the inventory
variables.

[0067] One example of a stochastic inventory variable is transit time, which may depend on
one or more external factors, such as network congestion, weather, and geo-political events. If
transit time has or is assumed to have a Gaussian distribution, the systems and methods
described herein can fit a Gaussian distribution to a set of historical transit times to estimate a
mean and a variance of future transit times. If transit time instead has or is assumed to have an
asymmetric distribution, the systems and methods described herein can fit, for example, a
Gamma distribution to the historical transit time to estimate these parameters.

[0068] More generally, the models described herein can be parametric models (e.g., linear
regression models, logistic regression models, quantile regression models, support vectors
machines (SVMs), random forest models, boosted tree models, etc.) that can be used to predict
parameters (e.g., a median, a mean, a mode, a variance, a standard deviation, a quantile, a
measure of central tendency, a measure of variance, a range, a minimum, a maximum, an
interquartile range, a percentile, or a combination thereof) of the inventory variables. As one
example, regression models may be trained to learn from historical data how these distributions
vary over time, based on features such as season of the year, etc. The trained regression models
may then be used to predict the prior and conditional distribution of the random variables. Each
node in a supply chain may estimate the distribution of the random variables locally and shares
this information with other nodes in the supply chain using belief propagation techniques. The
nodes continue to propagate their beliefs to other nodes in the system till convergence. Once the
beliefs converge, the recommended safety stock at each node can be estimated locally using the
conditional distribution of the inventory variable.

[0069] Alternatively, the models may be non-parametric models such as Gaussian processes,
Dirichlet processes, or other Bayesian sampling-based techniques. A Gaussian process is a
stochastic model defined by a collection of random variables indexed by time. Each finite
collection of the random variables has a multivariate normal distribution. That is, each finite
collection of the random variables is normally distributed. The distribution of a Gaussian process
is the joint distribution of all the random variables, and as such, it is a distribution over functions
with a continuous domain. A Dirichlet process, meanwhile, is a stochastic model whose range
itself is a set of probability distributions.

[0070] The distribution of uncertainty of inventory variables often tends to change over time.

As an example, the variance in the transit time of a source material or product may increase
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during the winter season. As such, the models described above may be used to predict
distributions of inventory variables over future durations of time. The future durations of time
may correspond to planning horizons for the inventory variables being optimized. The planning
horizons may vary depending on the customer, supplier, and the material. For example, the
planning horizons may be about 1 day, about 3 days, about 5 days, about 1 week, about 2 weeks,
about 3 weeks, about 1 month, about 2 months, about 3 months, about 4 months, about 5 months,
about 6 months, about 7 month, about 8 months, about 9 months, about 10 months, about 11
months, about 12 months, about 14 months, about 16 months, about 18 months, about 20
months, about 22 months, about 24 months, or more. The planning horizons may dynamically
change as new data is incorporated into the models. In case some models show deterioration of
performance, they are re-trained automatically leveraging the most recent available data.

[0071] FIG. 2 illustrates an example of statistical modeling of uncertainty in lead time by
fitting a Gamma distribution to observed lead time data. The distribution may be calculated over
a lead time of no more than about 5 days, no more than about 10 days, no more than about 15
days, no more than about 20 days, no more than about 25 days, no more than about 30 days, no
more than about 35 days, no more than about 40 days, no more than about 45 days, no more than
about 50 days, no more than about 55 days, no more than about 60 days, no more than about 70
days, no more than about 80 days, or no more than about 90 days. In some cases, the distribution
may be calculated over a lead time of less than 5 days.

[0072] The inventory variables may comprise one or more time series to represent time-
varying data, such as historical inventory data and/or current inventory data. Historical inventory
may be provided by the customer or calculated by the system by leveraging the material
movement data. For example, the historical inventory data can include different types of
movements related to inventory management and optimization, such as arrival movements,
consumption movements, blocked movements, and miscellaneous movements (e.g., inter-factory
movements).

[0073] Inventory dataset may be obtained from smart devices, sensors, enterprise systems,
extraprise, and Internet sources. Such datasets may be persisted across one or more data stores.
[0074]  FIG. 3 illustrates an example of historical trends in lead time over a period of time
(e.g., about 28 months), which can be used to train a machine learning algorithm to predict future

uncertainty in lead time.
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Prediction of Stochastic Variables and Simulation of Effects on Inventory Management

[0075]  This section describes tools that can leverage the models described above and new
models to proactively, rather than reactively, make operational decisions in supply chain
management.

What-if Simulations

[0076] The simulation module 120 of FIG. 1 can conduct “what-if” simulations, which may
simulate what would have happened in a particular time period if in the past a different action
had been taken during the inventory management process, e.g., if a different safety stock had
been used. The simulations can use historical data and/or modeled uncertainty distributions to
simulate stochasticity. To provide a concrete example, one way to implement such a simulation
framework is as follows:

[0077]  First, the simulation module 120 can obtain data related to historical replenishment
outcomes. Such data can provide valuable insights into how inventory for different parts have
been managed at a facility. Such data can include (1) material movements (e.g., how or when a
part has been consumed or moved from or to available inventory), (2) demand forecast (daily,
weekly or monthly, either on a product or part level), and (3) arrival patterns (e.g., how suppliers
have honored their obligations). The simulation module 120 can use a materials requirement
planning (MRP) algorithm to process this data to simulate the effects of changing different
parameters in the inventory management process.

[0078] In one example, the simulation module 120 can investigate the effect of changing the
safety stock of an item while fixing all other parameters. Starting with some initial inventory at
the beginning of the simulation period and knowing the demand forecast through the period, the
simulation module 120 can simulate the inventory management process during that period by
running the MRP algorithm based on the new choices of safety stock. This way, and knowing the
material movement history, the simulation module 120 can evaluate the robustness and cost
effectiveness of the new choices of safety stock. Because the simulation module 120 changes
some of the parameters, it can schedule new arrivals during this period which would be different
from what was observed in historical data. However, there may be uncertainty related to supplier
behavior. Therefore, in order to make the what-if analysis more realistic, the simulation module
120 can also simulate the effect of supplier uncertainty on the new scheduled arrivals. To do so,
the parametric and non-parametric models described above can be incorporated into the
simulation.

[0079] This can be done by extracting the uncertainty associated with the historical quantity

and timing of arrivals. These uncertainties may be represented using empirical distributions or
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through fitting suitable parametric or non-parametric distributions to these populations. The
simulation module 120 can then simulate the uncertainty associated with each newly scheduled
arrival by sampling from these distributions. More specifically, assume that there is a scheduled
arrival of 50 units of a part for day 7 + 5. The simulation module 120 can simulate uncertainty
pertaining to the quantity and timing of this arrival by sampling from their corresponding
distributions. Assume that the samples from the quantity and time uncertainties are 10 and 2
respectively. The simulation module 120 can simulate that the scheduled arrival has actually
arrived on day 7 + 7 with quantity 40. Notice that the information concerning the perturbation is
not known to the replenishment process until it is realized at time 7+5. That is to say, at time #+5
the arrival that will be delayed is known, but not by ow much. Once at time 7 + 7 the arrival
expected at 7 + 5 arrives only 40 units were received instead of 50.

[0080] Implementations of this framework may be modular and can incorporate different
replenishment approaches and different ways for simulating supplier or uncertain movement
effects. Moreover, the presented approach is one such approach for simulating uncertainty or
conducting what-if simulations which looks backward in time. The same approach can also be
conducted forward in time. The main difference is that, for the forward-looking case, the
simulation module 120 may rely on predictive models of uncertainty to simulate uncertainty.
[0081] The simulation module 120 can also predict what may happen in the future. More
specifically, the simulation module 120 can simulate what would happen in the future
considering particular uncertainties in inventory variables. For this, the simulation module 120
can use the uncertainty models described above to simulate uncertainty and inject such
uncertainties into the inventory management process. One example of such a simulation is as
follows:

[0082] To run an MRP for a horizon in the future, given all the other re-order parameters, one
approach that informs upon the inventory management process relies on studying the effect of
future uncertainties on the future/forward-projected inventory profile. To this end, the simulation
module 120 can first run the MRP with the given choice of re-order parameters. The MRP can
then schedule arrivals in the future to keep up with the demand forecast and based on other re-
order parameters. Assuming there are no uncertainties, the inventory may not go below zero. If
there are uncertainties, the simulation module 120 can sample, for example, a sequence of time
and quantity uncertainties from their corresponding predictive distributions generated by the
parametric and non-parametric models described above. The time uncertainty sequence can be
used for perturbing the scheduled arrivals by the MRP, and the quantity uncertainty sequences

can be used for perturbing the demand forecast (consumption in the future) and available
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inventory. Each combination of uncertainty sequences may result in a perturbed inventory
profile. Repeating this process for several of such uncertainty sequence combinations may
generate several perturbed profiles for different uncertainty pairs. This provides an empirical
joint distribution of the forward-projected inventory profile. This empirical distribution can then
be used, for example, to provide an estimate of obtained future service level given the considered
management practices.

[0083] The presented simulation approaches enable estimation of different stochastic
variables over a horizon into the future, which includes inventory and service level. These
simulation tools may enable users to make more informed decisions and evaluate changes to
their management practices or adjust their expectations for what is to come in the future.

[0084] The simulation module 120 can additionally quantify the uncertainty associated with
placed orders with suppliers (e.g., orders that have not reached their due dates) and uncertainty
associated with customer orders received by the facility. This can benefit from models discussed
in the previous section or may require developing extra models. These then enable the operators
to manage the inventory in a more proactive rather than reactive fashion.

Inventory Management and Optimization

[0085] Inventory management and optimization may concern optimizing three different
categories of variables: (1) variables set by the manufacturer that provide robustness with respect
to sources of uncertainty, (2) variables concerning interaction with suppliers, including order
timing and quantity and other parameters governing the supplier interactions that are set through
negotiations with the suppliers (e.g., lead time, minimum order quantity, etc.), and (3) variables
defining production planning, including production plans and schedules for satisfying customer
orders.

[0086] Regarding (1), in order to optimize variables that provide robustness, optimization the
optimization module 130 of FIG. 1 can leverage the simulation methodologies discussed in the
previous section. Particularly, the optimization module 130s can evaluate the performance of
different combinations of values of the variables under consideration.

[0087] To this end, the optimization module 130 can perform what-if simulations for periods
in the past. For every combination of values, the optimization module 130 can run a series of
simulations to evaluate the performance of the combination. The performance criterion may be
operational costs and obtained service level. In order to pick what combinations to evaluate,
binary search, grid search, random search, or Bayesian optimization may be used.

[0088] The optimization module 130 can alternatively or additionally perform forward-

looking what-if simulations for periods in the future. For every combination of values, the
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optimization module 130 can run a series of simulations to evaluate the performance of the
combination. The performance criterion may be operational costs and obtained service level. The
optimization module 130 may use binary search, grid search, random search or Bayesian
optimization to pick what combinations to evaluate.

[0089] The optimization module 130 can alternatively or additionally project future stochastic
inventory variables. For every combination of values, we can run a series of forward-projections
to evaluate the performance of the combination. The performance criterion may be operational
costs and obtained service level. The optimization module 130 may use binary search, grid
search, random search or Bayesian optimization to pick what combinations to evaluate. In this
case, the optimization module 130 may not need to evaluate different combinations and may be
able to derive suitable combinations from the obtained distribution of forward projected
stochastic variables.

[0090] The variables mentioned above may be selected in a number of different ways. For
example, the optimization module 130 can use different combinations of selection rules or
policies for selecting the variables under consideration. These rules maybe static, parametrized
by certain parameters, e.g., order-up-to-policy, or be based on quantile models discussed above.
[0091] In one example, the optimization module 130 may optimize safety stock and safety
time and use a combination of different quantile models to quantify uncertainty and different
models for time uncertainty for tuning safety stock and safety time, respectively. Safety stock
levels may correspond to the excess inventory that is to be held to provide robustness with
respect to quantity uncertainty, and safety time may correspond to a time buffer that is used for
alleviating possible delays from suppliers or to change timelines by customers can be
accommodated with minimal adverse effects.

[0092] For evaluating different combinations of selection rules/policies we may use
backward-looking simulations, forward-looking what-if simulations, and forward projection of
stochastic variables as described above.

[0093] The optimization module 130 can also use optimization algorithms that do not rely on
the simulation approaches. To this end, the optimization module 130 can parametrize a
mathematical optimization problem with parameters that include the variables under
consideration. This may lead to stochastic mixed-integer linear programming (MILP) which can
leverage the outputs from the uncertainty models to form stochastic terms of the objective
function of the optimization problem or stochastic constraints associated with it, e.g., chance
constraints. The cost to optimize for may be inventory holding cost, ordering cost, production or

operational costs, sales lost or achieved profits, etc. The constraints may include inventory
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evolution or operational constraints within the facility (e.g., encoding BoM, replenishment
process constraints, and demand satisfaction or management constraints.)

[0094] In order to optimize variables relating to interactions with suppliers, including order
amounts and timing, the optimization module 130 can use a direct mathematical optimization
approach. This optimization is commonly conducted in the case of legacy MRP frameworks that
lack the necessary sophistication to handle complexities of interacting with suppliers and hence
are replaced by this optimization framework. This commonly leads to stochastic MILPs which
can leverage the outputs from models for uncertainty to form stochastic terms of the objective
function of the optimization problem or stochastic constraints associated with it, e.g., chance
constraints. The cost to optimize for may be inventory holding cost, ordering cost, production or
operational costs, sales lost or achieved profits, etc. The constraints may be or include, inventory
evolution, operational constraints within the facility, replenishment process constraints (e.g., any
replenishment constraints that are not the target of optimization), and demand satisfaction or
management constraints. The constraints and terms in the objective function that concern
interaction with suppliers may encode costs associated with different interaction approaches with
different suppliers, and the rules associated to these (which are commonly conditional and time
varying constraints), e.g., time-varying multi-column pricing, and timing and permission
associated with canceling or adding to existing outstanding orders. This optimization formulation
has the necessary flexibility to jointly optimize these variables and those concerning robustness.
[0095] In the event that this problem is prohibitively costly to solve, the optimization module
130 may either decompose the problem and use distributed algorithms for solving the problem or
simultaneously solve relaxations (which commonly result in stochastic LPs) and restrictions
(projection techniques) of these problems. This can enable the system to provide approximate
solutions to the problem, but also to quantify the level suboptimality of the approximate solution.
[0096] For variables that define production planning (3), the optimization module 130 can
also use a direct optimization approach to optimize variables concerning production planning
and/or how to satisty sales orders. This also commonly leads to stochastic MILPs which can
leverage the outputs from the uncertainty models described above to form stochastic terms of the
objective function of the optimization problem or stochastic constraints associated with it, e.g.,
chance constraints. The cost to optimize may be inventory holding cost, ordering cost,
production or operational costs, sales lost or achieved profits, etc. The constraints may be or
include, inventory evolution, operational constraints within the facility, constraints that clearly
encode replenishment process framework, and demand satisfaction or management constraints

based on contractual obligations. Such obligations may also be included in the cost function. The
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constraints and terms in the objective function that concern interaction with the customers should
clearly encode costs associated to different interaction approaches with different customers and
their associated contractual obligations, which may include hard-coded rules associated with
these (which are commonly conditional and time-varying constraints), e.g., time-varying penalty
for missed orders or constraints concerning latest possible delivery dates. The constraints may
also encode interactions among equipment involved in the production process, which may not be
simply represented using BoM. The optimization formulation has the necessary flexibility to
jointly optimize these variables and those concerning robustness and/or the ones concerning
replenishment process.

[0097]  Such a constrained optimization problem may minimize a cost function, and may
include constraints pertaining to the material ordering mechanism or MRP (material requirement
planning) algorithm, such as an inventory constraint, a service level constraint, an arrival
window constraint (e.g., days of the week when orders can arrive), an order size constraint (e.g.,
a minimum order size and rounding value), an ordering window constraint (e.g., with inactive or
dead periods during which new orders cannot be placed), or a combination thereof. The set of
constraints for the constrained optimization problem may help determine allowed times and
amounts for which orders can be placed. In some embodiments, the service level constraint
comprises a confidence level that an inventory meets a demand requirement (e.g., does not
experience a stock-out event). For example, the service level constraint may be about 90%, about
95%, about 98%, or about 99%. The service level constraint may correspond to the service level
that is desired by the customer. The desired service level may be a configurable parameter and
may vary for each customer and for each material.

[0098] In some embodiments, the minimized cost function can represent a cost such as an
inventory holding cost, a shipping cost, a backorder (e.g., production delay) cost, or a
combination thereof. The cost function may be configurable and can vary with each customer.
[0099] The constrained optimization problem may be a stochastic constrained optimization
problem. For example, in instances where an enterprise is bound to using currently implemented
legacy MRP solutions, the current MRP algorithm may be treated as a black-box, and the
constrained optimization problem may be solved using a black-box optimization algorithm. The
optimization algorithm may use any suitable technique for solving the optimization problem,
such as a grid search, a random search, a Bayesian optimization search, or a combination thereof.
[0100] In some embodiments, such as instances where an enterprise is not bound to using
legacy MRP solutions, the stochastic constrained optimization problem is formulated as a mixed

integer linear programming (MILP) problem. The MILP problem may model the variables
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having future uncertainty using one or more linear chance constraints. The MILP problem may
be solved, for example, by jointly optimizing for the inventory and the MRP (e.g., orders
placed).

[0101] In the event that this problem is prohibitively costly to solve, the optimization module
130 may either decompose the problem and use distributed algorithms for solving the problem or
harbor to simultaneously solving relaxations (commonly result in stochastic LPs) and restrictions
(projection techniques) of these problems.

[0102]  After the inventory dataset has been optimized, the optimized inventory dataset may
be stored in a database. The storing may be performed through a cloud-based network (e.g., in a
database located on one or more cloud-based servers).

[0103] The method for inventory management and optimization may further comprise
generating one or more recommended inventory management decisions based on the optimized
inventory dataset. For example, a difference may be determined between the optimized inventory
dataset and a reference inventory dataset, and the recommended inventory management
decisions may be generated based on the determined difference between the optimized inventory
dataset and the reference inventory dataset. In some cases, after the inventory dataset has been
optimized, the method for inventory management and optimization may further comprise
generating one or more alerts of disruption risks and/or delay risks based at least in part on the
optimized inventory dataset.

[0104] FIG. 4 illustrates an example of stochastic optimization of inventory level of an item
over a period of time (e.g., about 6 months). For example, an original inventory level over a
duration of time may be configured to have a high probability or confidence of maintaining an
inventory level that is at least the original safety stock level. As another example, the optimized
inventory level over a duration of time may be configured to have a high probability or
confidence of maintaining an inventory level that is at least the optimized safety stock level.
Since the optimized safety stock level may be less than the original (un-optimized) safety stock
level, the enterprise may realize potentially significant cost savings by maintaining inventory at
the optimized safety stock level rather than the original safety stock level, while still meeting
contractual requirements of their customers.

[0105] FIG. 5 illustrates an example of historical inventory movement (including arrival
movements, consumption movements, and miscellaneous movements) and total inventory over a
period of time (e.g., about 6 months).

[0106] FIG. 6 illustrates an example of overall results in inventory optimization over a period

of time (e.g., about 6 months). Using systems and methods for inventory management and
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optimization disclosed herein, the manufacturer reduced inventory costs by about 30% (when
comparing an optimized inventory cost relative to an original inventory cost) and realized a total
cost savings of hundreds of millions of dollars.

Multi-echelon inventory optimization (MEIQ)

[0107]  Systems and methods for inventory management and optimization may be applied to
multi-echelon inventory optimization (MEIO), which generally refers to a problem of optimizing
inventory across all nodes in a supply chain. MEIO approaches may optimize the inventories
across the network holistically, by leveraging the relationships between nodes in the network.
For example, the inventory dataset may comprise inventory variables for either a single-echelon
inventory (e.g., corresponding to a single node or facility) or, in the case of MEIO approaches, a
multi-echelon inventory (e.g., corresponding to a supply chain with a plurality of nodes or
facilities).

[0108] MEIO may use approaches similar to those described in previous sections, with certain
modifications. These modifications mainly concern describing the connectivity and interactions
among facilities in a supply chain.

Statistical Modeling of Uncertainty

[0109] The random variables associated with different sources of uncertainties within a
supply chain network can be divided into independent and dependent random variables. The
independent uncertainty sources can be modeled in a similar fashion as presented above. The
dependent sources however, are derived mainly from the independent sources and how the
independent sources affect the dependent ones. This dependency structure is commonly encoded
using probabilistic graphical models (PGMs), e.g., Bayes or Markov networks depending on the
dependency assumptions. The PGM structure is affected by the graph-based representation of the
supply network. Having modeled the independent sources of uncertainty, PGM-based inference
techniques can be used to predict distributions or statistical properties of the dependent sources
of uncertainty.

Prediction of Stochastic Variables and Simulation of Effects on Inventory Management

[0110] Similar to a single facility case, a simulation module 120 can conduct what-if
simulations on a supply chain network comprising multiple facilities. What-if simulations
concern what would have happened in a period in the past if something had changed in the
inventory management process within the supply chain, e.g., if a larger safety stock in a certain
facility had been picketed. During this period we may use a combination of historical entities
and/or modeled uncertainty distributions to simulate stochasticity during the simulations. In

order to conduct a simulation in a coherent fashion, the structure of a graph (e.g., a directed
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graph) that represents the supply network can be followed. In one example, assume that
replenishment processes or MRPs used at each facility in the supply chain are known. Then
starting from the customer facing facilities and based on the demand forecast at those facilities
(independent demand), the simulation module 120 can produce “dependent” demands from these
facilities to their supplying facilities/nodes. This then propagates through the network until
reaching facilities/nodes that are only receiving supplies from facilities external to the supply
network. This mimics a backward pass through the network, where facilities create demand for
their supplying facilities, given their dependent and independent demand. The simulation module
120 can then conduct a forward pass through the network to simulate supply process in the
network. During the forward pass, the simulation module 120 can also simulate uncertainties in
the network associated with supply edges in the network and to facilities and their associated
independent demand. Repeating this process for every timestep in the simulation period allows
us to fully simulate the behavior of the supply chain. Because this process is performed for a
period in the past exact realization of certain sources of uncertainties or the uncertainty model
outputs can be used for simulating uncertainties in the system.”

[0111]  This process can also be replicated forward in time in a similar fashion, in which the
system can rely on the uncertainty models for simulating effects of uncertainty. To be more
specific, as an example of such simulation approach one can follow the following procedure.
[0112] The simulation module 120 can first conduct a backward pass of the supply chain
network as described above. Assuming no uncertainties, all facilities will be able to supply their
customer facilities and no facility will face stock-outs. In the case of uncertainties, the simulation
module 120 can sample sequences of time and quantity uncertainties from their corresponding
predictive distributions. This requires running multiple forward passes through the network and
using models for independent uncertainty sources. Specifically conducting forward passes may
amount to sampling from the stochastic process defined by the PGMs in the previous section.
Each forward pass results in a perturbed inventory profile. This in turn provides an empirical
joint distribution of the forward-projected inventory profile. This empirical distribution can then
be used, for instance to provide an estimate of obtained future service level given the considered
management practices.

[0113] The simulation module 120 can also enable computation of forward projections that
might happen into the future. That is, assuming knowledge of replenishment processes or MRPs
used at each facility in the supply chain, one can simulate what would happen in the future in
presence of uncertainties and study the effectiveness of choices of re-order parameters at each

time step.
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[0114]  Similarly, the simulation module 120 can quantify the uncertainty associated with
placed orders with suppliers (e.g., order that have not reached their due dates) and uncertainty
associated with customer orders received by each facility. This can benefit from models
discussed in the previous section or may require developing extra models for each connected
facility pair. These then enable the operators at each facility to manage the inventory in a more
proactive rather than reactive fashion while having information that also incorporates the
structure of the supply chain.

Inventory Management and Optimization

[0115] Inventory management and optimization in a multi-echelon setting also concerns the
three different categories of variables discussed for a single facility.

[0116] In order to optimize the variables related to robustness, an optimization module 130
can leverage the simulation methodologies discussed in the previous section. Particularly, the
optimization module 130 can evaluate the performance of different combinations of values of the
variables under consideration. The optimization module 130 can cause the simulation module
120 to run what-if simulations for a period in the past, forward looking what-if simulations for
period in the future, and forward projections of stochastic variables, for example, facilitated
through inference techniques provided by the theory of probabilistic graphical models. The
probabilistic graphical model may contain a graph with nodes representing facilities and directed
edges (7, j) representing that facility 7 can supply facility j. For example, the probabilistic
graphical model can be used to compute optimal scheduled arrivals at any given time 7 into the
future for such a supply chain network, or an optimal safety stock and safety time for each
facility in the network.

[0117]  The probabilistic graphical model can be combined with a data-driven machine
learning based training system. The machine learning system may be used to train models to
learn how the distribution of random variables change over time and predict the distribution in
the future, as described elsewhere herein. The probabilistic graphical model can then be used to
propagate information across nodes in the supply chain and to learn the inter-relationships across
nodes in the supply chain.

[0118]  Selecting the variables under consideration at different facilities can be similar to the
process described above for single-facility analyses.

[0119] The optimization module 130 can use optimization algorithms that do not rely on the
simulation approaches. To this end, the optimization module 130 may parametrize a
mathematical optimization problem with parameters that include the variables under

consideration. This may lead to stochastic MILPs which can leverage the outputs uncertainty
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models to form stochastic terms of the objective function of the optimization problem or
stochastic constraints associated with it, e.g., chance constraints. The cost to optimize may be the
inventory holding cost, ordering cost, production or operational costs, sales lost or achieved
profits, etc, across the supply chain. The constraints may be or include inventory evolution at
each facility, operational constraints within each facility, (e.g., encoding BoM at certain
facilities), constraints encoding interactions between facilities in the supply chain, replenishment
process constraints and demand satisfaction or management constraints at each facility.

[0120] In the event that this problem is prohibitively costly to solve, the optimization module
130 may either decompose the problem and use distributed algorithms for solving the problem or
simultaneously solve relaxations (commonly result in stochastic LPs) and restrictions (projection
techniques) of these problems. This may enable providing approximate solutions to the problem
and may quantify the level of suboptimality of the approximate solution (e.g., how far from the
optimal solution the approximate solution is). Given the directed nature of the graph describing
the supply chain, the optimization module 130 may also employ approximate dynamic
programming to provide approximate solutions to the MILP.

[0121] In order to optimize variables concerning interaction among facilities in the supply
chain, including orders amounts and timing, the optimization module 130 can implement a direct
mathematical optimization approach. This optimization is commonly conducted in case the
legacy MRP frameworks that lack the necessary sophistication to handle complexities of
interactions among facilities and hence are replaced by this optimization framework. Also, by
solving this optimization, the optimization module 130 can set the interaction among facilities
with a full view of the supply chain. This may lead to stochastic MILPs which can leverage the
outputs from models for uncertainty, to form stochastic terms of the objective function of the
optimization problem or stochastic constraints associated to it, e.g., chance constraints. The cost
to optimize may be or include inventory holding cost, ordering cost, production or operational
costs, sales lost or achieved profits, etc, for the whole supply network. The constraints may be or
include inventory evolution at each facility, operational constraints within each facility,
replenishment process constraints (any replenishment constraints that are not the target of
optimization) between facilities and demand satisfaction or management constraints for each
facility. The constraints and terms in the objective function that concern interaction among
facilities may clearly encode costs associated with different interaction approaches with between
nodes, and the rules associated to these (which are commonly conditional and time varying

constraints), e.g., time-varying multi-column pricing, and timing and permission associated with
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canceling or adding to existing outstanding orders. The optimization formulation may have the
necessary flexibility to jointly optimize these variables and those concerning robustness.

[0122]  If this problem is prohibitively costly to solve, the optimization module 130 may either
decompose the problem and use distributed algorithms for solving the problem or simultaneously
solve relaxations (commonly result in stochastic LPs) and restrictions (projection techniques) of
these problems. This can facilitate providing approximate solutions to the problem, but also to
quantify the level suboptimality of the approximate solution. Given the directed nature of the
graph describing the supply chain, the optimization module 130 may also employ approximate
dynamic programming to provide approximate solutions to the MILP.

[0123]  The optimization module 130 can also take a direct optimization approach to optimize
variables relating to production planning and/or how to satisfy sales orders at different facilities
within the supply chain. This may commonly lead to stochastic MILPs which can leverage the
outputs from models for uncertainty to form stochastic terms of the objective function of the
optimization problem or stochastic constraints associated with it, e.g., chance constraints. The
cost to optimize may be inventory holding cost, ordering cost, production or operational costs,
sales lost or achieved profits, etc, over the whole supply chain. The constraints may be or include
inventory evolution at each facility, operational constraints within each facility, constraints that
clearly encode replenishment process framework between facilities, and demand satisfaction or
management constraints based on contractual obligations between nodes and with external
customers. Such obligations may also be included in the cost function. The constraints and terms
in the objective function that concern interaction with the customers may clearly encode costs
associated to different interaction approaches with different customers and their associated
contractual obligations, which may include hard-coded rules associated with these (which are
commonly conditional and time-varying constraints), e.g., time-varying penalty for missed
orders or constraints concerning latest possible delivery dates. The constraints may also clearly
encode the interactions among equipment involved within the production process at each facility,
which may not be simply represented using BoM at each facility. This optimization formulation
has the necessary flexibility to jointly optimize these variables and those concerning robustness
and/or the ones concerning replenishment process.

[0124] In the event that this problem is prohibitively costly to solve, the optimization
algorithm may either decompose the problem and use distributed algorithms for solving the
problem or simultaneously solve relaxations (commonly result in stochastic LPs) and restrictions
(projection techniques) of these problems. This may facilitate providing approximate solutions to

the problem, but also to quantify the level suboptimality of the approximate solution Given the

-20 .



WO 2020/092846 PCT/US2019/059269

directed nature of the graph describing the supply chain, the optimization module 130 may also
employ approximate dynamic programming to provide approximate solutions to the MILP.
[0125]  In the MEIO problem, the underlying supply chain network may define the global
graphical structure. The local structure of the graphical model may be defined by the relationship
among the various random (e.g., stochastic) variables in the optimization problem, such as
inventory, demand forecast, material movements, supplier orders, etc. Such random variables
may have stochastic distributions which may be typically time-varying.

[0126]  The multi-echelon inventory optimization (MEIO) can be performed by applying an
inventory optimization approach for a single facility to every facility in the network. For
example, every facility, having observed its historical suppliers’ behavior, uncertainty over its
demand forecast and other miscellaneous behavior at the facility, can optimize its safety stock
and safety time in isolation from other facilities in the network.

[0127] In some embodiments, the MEIO problem may comprise modeling the supply chain
network and optimizing the inventory variables using Bayesian optimization. For example,
optimal safety stock and safety time values may be determined for each facility by jointly
optimizing quantity and time uncertainties for all facilities in the network. Safety stock may be
an additional quantity of an item held by a company in inventory in order to reduce the risk that
the item will be out of stock. Safety time may be time buffer for covering product requirements
in case of future late deliveries. A grid of possible order parameter values can be created across
the nodes in the supply chain, and the system can be simulated with each combination to
compute the cost and service level. The system can be optimized to obtain an optimal
combination of parameters, such as by performing an exhaustive grid search or a random search.
However, such approaches can be expensive. As an example, if each node in the supply chain
network with N nodes takes 10 possible values for the order parameters, then the total number of
possible combinations to search over is 10N. The list of total combinations can quickly get
prohibitively large to evaluate and find the optimal combination.

[0128]  Alternatively, Bayesian optimization may be used to obtain the optimal combination
of parameters, with decreased computational complexity. Bayesian optimization may refer to a
sequential technique that suggests the next best combination to evaluate given all the prior
combinations evaluated. Applying Bayesian optimization may enable computation of optimal
combinations by visiting only a subset of the grid points of parameter values. Such an approach
may be advantageous and enable such benefits such as using Gaussian process models as the
underlying models, using probabilistically meaningful acquisition functions that provide

probabilistic guarantees concerning quality of the solution, using the evaluated data points from
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the previous optimization run for the current time by modifying the used kernel appropriately,
and setting a computational time or resources budget for the optimization and interrupting safely
if the computational time or resources budget is surpassed. The computational complexity of the
Bayesian optimization approach can be expected, in the very worst case, to be exponential with
respect to the number of facilities in the network.

Computer systems

[0129]  The present disclosure provides computer systems that are programmed to implement
methods of the disclosure. FIG. 7 shows a computer system 701 that is programmed or
otherwise configured to implement methods provided herein.

[0130] The computer system 701 can regulate various aspects of the present disclosure, such
as, for example, obtaining an inventory dataset comprising a plurality of inventory variables,
applying a trained algorithm to the inventory dataset to generate a prediction of the variables
having future uncertainty, and applying an optimization algorithm to the inventory dataset to
optimize the plurality of inventory variables. The computer system 701 can be an electronic
device of a user or a computer system that is remotely located with respect to the electronic
device. The electronic device can be a mobile electronic device.

[0131] The computer system 701 includes a central processing unit (CPU, also “processor”
and “computer processor” herein) 705, which can be a single core or multi core processor, or a
plurality of processors for parallel processing. The computer system 701 also includes memory
or memory location 710 (e.g., random-access memory, read-only memory, flash memory),
electronic storage unit 715 (e.g., hard disk), communication interface 720 (e.g., network adapter)
for communicating with one or more other systems, and peripheral devices 725, such as cache,
other memory, data storage and/or electronic display adapters. The memory 710, storage unit
715, interface 720 and peripheral devices 725 are in communication with the CPU 705 through a
communication bus (solid lines), such as a motherboard. The storage unit 715 can be a data
storage unit (or data repository) for storing data. The computer system 701 can be operatively
coupled to a computer network (“network™) 730 with the aid of the communication interface
720. The network 730 can be the Internet, an internet and/or extranet, or an intranet and/or
extranet that is in communication with the Internet.

[0132] The network 730 in some cases is a telecommunication and/or data network. The
network 730 can include one or more computer servers, which can enable distributed computing,
such as cloud computing. For example, one or more computer servers may enable cloud
computing over the network 730 (“the cloud”) to perform various aspects of analysis,

calculation, and generation of the present disclosure, such as, for example, obtaining an
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inventory dataset comprising a plurality of inventory variables, applying a trained algorithm to
the inventory dataset to generate a prediction of the variables having future uncertainty, and
applying an optimization algorithm to the inventory dataset to optimize the plurality of inventory
variables. Such cloud computing may be provided by cloud computing platforms such as, for
example, Amazon Web Services (AWS), Microsoft Azure, Google Cloud Platform, and IBM
cloud. The network 730, in some cases with the aid of the computer system 701, can implement
a peer-to-peer network, which may enable devices coupled to the computer system 701 to behave
as a client or a server.

[0133] The CPU 705 can execute a sequence of machine-readable instructions, which can be
embodied in a program or software. The instructions may be stored in a memory location, such
as the memory 710. The instructions can be directed to the CPU 705, which can subsequently
program or otherwise configure the CPU 705 to implement methods of the present disclosure.
Examples of operations performed by the CPU 705 can include fetch, decode, execute, and
writeback.

[0134] The CPU 705 can be part of a circuit, such as an integrated circuit. One or more other
components of the system 701 can be included in the circuit. In some cases, the circuit is an
application specific integrated circuit (ASIC).

[0135] The storage unit 715 can store files, such as drivers, libraries and saved programs. The
storage unit 715 can store user data, e.g., user preferences and user programs. The computer
system 701 in some cases can include one or more additional data storage units that are external
to the computer system 701, such as located on a remote server that is in communication with the
computer system 701 through an intranet or the Internet.

[0136] The computer system 701 can communicate with one or more remote computer
systems through the network 730. For instance, the computer system 701 can communicate with
a remote computer system of a user. Examples of remote computer systems include personal
computers (e.g., portable PC), slate or tablet PC’s (e.g., Apple® iPad, Samsung® Galaxy Tab),
telephones, Smart phones (e.g., Apple® iPhone, Android-enabled device, Blackberry®), or
personal digital assistants. The user can access the computer system 701 via the network 730.
[0137] Methods as described herein can be implemented by way of machine (e.g., computer
processor) executable code stored on an electronic storage location of the computer system 701,
such as, for example, on the memory 710 or electronic storage unit 715. The machine executable
or machine readable code can be provided in the form of software. During use, the code can be
executed by the processor 705. In some cases, the code can be retrieved from the storage unit

715 and stored on the memory 710 for ready access by the processor 705. In some situations, the
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electronic storage unit 715 can be precluded, and machine-executable instructions are stored on
memory 710.

[0138] The code can be pre-compiled and configured for use with a machine having a
processor adapted to execute the code, or can be compiled during runtime. The code can be
supplied in a programming language that can be selected to enable the code to execute in a pre-
compiled or as-compiled fashion.

[0139]  Aspects of the systems and methods provided herein, such as the computer system
701, can be embodied in programming. Various aspects of the technology may be thought of as
“products” or “articles of manufacture” typically in the form of machine (or processor)
executable code and/or associated data that is carried on or embodied in a type of machine
readable medium. Machine-executable code can be stored on an electronic storage unit, such as
memory (e.g., read-only memory, random-access memory, flash memory) or a hard disk.
“Storage” type media can include any or all of the tangible memory of the computers, processors
or the like, or associated modules thereof, such as various semiconductor memories, tape drives,
disk drives and the like, which may provide non-transitory storage at any time for the software
programming. All or portions of the software may at times be communicated through the
Internet or various other telecommunication networks. Such communications, for example, may
enable loading of the software from one computer or processor into another, for example, from a
management server or host computer into the computer platform of an application server. Thus,
another type of media that may bear the software elements includes optical, electrical and
electromagnetic waves, such as used across physical interfaces between local devices, through
wired and optical landline networks and over various air-links. The physical elements that carry
such waves, such as wired or wireless links, optical links or the like, also may be considered as
media bearing the software. As used herein, unless restricted to non-transitory, tangible
“storage” media, terms such as computer or machine “readable medium” refer to any medium
that participates in providing instructions to a processor for execution.

[0140] Hence, a machine readable medium, such as computer-executable code, may take
many forms, including but not limited to, a tangible storage medium, a carrier wave medium or
physical transmission medium. Non-volatile storage media include, for example, optical or
magnetic disks, such as any of the storage devices in any computer(s) or the like, such as may be
used to implement the databases, etc. shown in the drawings. Volatile storage media include
dynamic memory, such as main memory of such a computer platform. Tangible transmission
media include coaxial cables; copper wire and fiber optics, including the wires that comprise a

bus within a computer system. Carrier-wave transmission media may take the form of electric or
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electromagnetic signals, or acoustic or light waves such as those generated during radio
frequency (RF) and infrared (IR) data communications. Common forms of computer-readable
media therefore include for example: a floppy disk, a flexible disk, hard disk, magnetic tape, any
other magnetic medium, a CD-ROM, DVD or DVD-ROM, any other optical medium, punch
cards paper tape, any other physical storage medium with patterns of holes, a RAM, a ROM, a
PROM and EPROM, a FLASH-EPROM, any other memory chip or cartridge, a carrier wave
transporting data or instructions, cables or links transporting such a carrier wave, or any other
medium from which a computer may read programming code and/or data. Many of these forms
of computer readable media may be involved in carrying one or more sequences of one or more
instructions to a processor for execution.

[0141] The computer system 701 can include or be in communication with an electronic
display 735 that comprises a user interface (UI) 740. Examples of user interfaces (Uls) include,
without limitation, a graphical user interface (GUI) and web-based user interface. For example,
the computer system can include a web-based dashboard (e.g., a GUI) configured to display, for
example, a BOM to a user.

[0142] Methods and systems of the present disclosure can be implemented by way of one or
more algorithms. An algorithm can be implemented by way of software upon execution by the
central processing unit 705. The algorithm can, for example, obtain an inventory dataset
comprising a plurality of inventory variables, apply a trained algorithm to the inventory dataset
to generate a prediction of the variables having future uncertainty, and apply an optimization
algorithm to the inventory dataset to optimize the plurality of inventory variables.

[0143]  Although the description has been described with respect to particular embodiments
thereof, these particular embodiments are merely illustrative, and not restrictive. Concepts
illustrated in the examples may be applied to other examples and implementations.

[0144] While preferred embodiments of the present invention have been shown and described
herein, it will be obvious to those skilled in the art that such embodiments are provided by way
of example only. It is not intended that the invention be limited by the specific examples
provided within the specification. While the invention has been described with reference to the
aforementioned specification, the descriptions and illustrations of the embodiments herein are
not meant to be construed in a limiting sense. Numerous variations, changes, and substitutions
will now occur to those skilled in the art without departing from the invention. Furthermore, it
shall be understood that all aspects of the invention are not limited to the specific depictions,
configurations or relative proportions set forth herein which depend upon a variety of conditions

and variables. It should be understood that various alternatives to the embodiments of the
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invention described herein may be employed in practicing the invention. It is therefore

contemplated that the invention shall also cover any such alternatives, modifications, variations
or equivalents. It is intended that the following claims define the scope of the invention and that

methods and structures within the scope of these claims and their equivalents be covered thereby.
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CLAIMS
WHAT IS CLAIMED IS:

1. A system comprising:
a memory; and
one or more processors communicatively coupled to the memory, the one or more processors
configured to:
process an inventory dataset using a trained machine learning model to predict
statistical distributions of a plurality inventory variables having one or more future uncertainty
levels, wherein the plurality of inventory variables comprise at least historical (i) inventory levels,
(i1) inventory holding costs, (iii) supplier orders, or (iv) lead times over time, and wherein the
trained machine learning model is trained with historical values of the plurality of inventory
variables;
apply an optimization algorithm to at least the predicted statistical distributions of the
plurality of inventory variables to produce an optimized inventory dataset comprising one or more
predicted inventory management parameters that achieve a target service level while satisfying one
or more constraint conditions; and
generate an inventory management recommendation configured to modify inventory

levels based on the predicted one or more inventory management parameters.

2. The system of claim 1, wherein the one or more processors are configured to apply the
optimization algorithm to a current inventory level and a quantity of current supplier orders to

predict the one or more inventory management parameters.

3. The system of claim 2, wherein the inventory dataset corresponds to a node in a multi-

echelon supply network.

4. The system of claim 3, wherein the inventory management recommendation comprises a

recommendation to reduce the current inventory level.

5. The system of claim 3, wherein the inventory management recommendation comprises a

recommendation to increase the current inventory level.
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6. The system of claim 1, wherein the one or more processors are configured to generate the
inventory management recommendation comprises determining a difference between the predicted

one or more inventory management parameters and a reference inventory dataset.

7. The system of claim 1, wherein the one or more constraint conditions comprise a
requirement for the target service level to satisfy a present, incoming, or expected demand
requirement, and wherein the one or more processors are configured to:

compute the present, incoming or expected demand requirement using forecasted demand

for finished products and a bill of materials (BOM) for the finished products.

8. The system of claim 7, wherein the BOM comprises a dynamic hierarchical graph.

9. The system of claim 1, wherein the one or more processors are configured to determine a
difference between the predicted one or more inventory management parameters and a reference
inventory dataset, and wherein the inventory management recommendation is generated at least in
part on the difference between the predicted one or more inventory management parameters and the

reference inventory dataset.

10.  The system of claim 1, wherein the inventory dataset is received from a plurality of disparate
sources selected from the group consisting of smart devices, sensors, enterprise systems, extraprise,

and Internet sources.

11. The system of claim 1, wherein the plurality of inventory variables further comprises one or
more inventory movements selected from the group consisting of arrival movements, consumption

movements, blocked movements, and inter-factory movements.

12.  The system of claim 1, wherein the plurality of inventory variables further comprises one or

more of a demand forecast, material consumption, transit time, and shipping cost.

13.  The system of claim 1, wherein the trained machine learning model is selected from the

group consisting of a support vector machine (SVM), a naive Bayes classifier, a linear regression
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model, a quantile regression model, a logistic regression model, a random forest model, a neural

network, a Gaussian process, and a Dirichlet process.

14. The system of claim 1, wherein the prediction of the plurality of inventory variables

comprises a statistical distribution of the plurality of inventory variables.

15.  The system of claim 1, wherein the optimization algorithm is configured to minimize a cost

function representing an inventory holding.

16. The system of claim 15, wherein the one or more statistical parameters are selected from the
group consisting of a median, a mean, a mode, a variance, a standard deviation, a quantile, a
measure of central tendency, a measure of variance, a range, a minimum, a maximum, an

interquartile range, and a percentile.

17.  The system of claim 14, wherein the predicted statistical distributions comprise:

a parametric distribution comprising one or more statistical parameters selected from the
group consisting of a median, a mean, a mode, a variance, a standard deviation, a quantile, a
measure of central tendency, a measure of variance, a range, a minimum, a maximum, an
interquartile range, and a percentile, or

a parametric distribution selected from the group consisting of a Gaussian distribution, a

Gamma distribution, and a Poisson distribution.

18.  The system of claim 1, wherein the optimization algorithm is configured to search for

parameters of interest concerning a supply chain network using Bayesian optimization.

19. The system of claim 1, wherein the one or more constraint conditions are selected from the
group consisting of an inventory constraint, a service level constraint, an arrival window constraint,

an order size constraint, and an ordering window constraint.

20.  The system of claim 15, wherein the optimization algorithm comprises a stochastic

constrained optimization algorithm with one or more constraint conditions.
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21. The system of claim 20, wherein the stochastic constrained optimization algorithm is a

mixed integer linear programming (MILP) problem.

22. The system of claim 1, wherein the optimization algorithm comprises a technique selected

from the group consisting of a grid search, a random search, and a Bayesian optimization search.

23.  The system of claim 1, wherein the plurality of inventory variables are associated with a
single-echelon inventory, and wherein the single-echelon inventory corresponds to a single node or

facility.

24, The system of claim 1, wherein the optimization algorithm is configured to perform multi-
echelon inventory optimization (MEIO), wherein the inventory dataset comprises a plurality of
inventory variables for a multi-echelon inventory, and wherein the multi-echelon inventory

corresponds to a supply chain network comprising a plurality of nodes or facilities.

25. The system of claim 24, wherein the optimization algorithm is configured to model the

plurality of inventory variables using a probabilistic graphical model of the supply chain network.

26. The system of claim 24, wherein the optimization algorithm is configured to search for

parameters of interest concerning the supply chain network using Bayesian optimization.

27.  The system of claim 1, wherein the optimization algorithm maximizes a product output.
28. The system of claim 1, wherein the optimization algorithm maximizes a profit.
29. The system of claim 1, further comprising providing simulation and predictive tools for

predicting future supply and demand behavior and a future service level from the inventory data set

to enable better management practices.

30. A method comprising:
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processing an inventory dataset using a trained machine learning model to predict statistical
distributions of a plurality inventory variables having one or more future uncertainty levels, wherein
the plurality of inventory variables comprise at least historical (i) inventory levels, (ii) inventory
holding costs, (iii) supplier orders, or (iv) lead times over time, and wherein the machine learning
model has been trained with historical values of the plurality of inventory variables;

applying an optimization algorithm to at least the predicted statistical distributions of the
plurality of inventory variables to produce an optimized inventory dataset comprising one or more
predicted inventory management parameters that achieve a target service level while satisfying one
or more constraint conditions; and

generating an inventory management recommendation configured to modify inventory levels

based on the predicted one or more inventory management parameters.

31.  The method of claim 30, further comprising applying the optimization algorithm to a current
inventory level and a quantity of current supplier orders to predict the one or more inventory

management parameters.

32. One or more non-transitory computer storage media storing instructions that are operable,
when executed by one or more computers, to cause the one or more computers to perform

operations comprising:

applying a trained machine learning model to an inventory dataset to produce a prediction
dataset comprising statistical distributions of a plurality inventory variables having one or more
future uncertainty levels, wherein the plurality of inventory variables comprise at least historical (i)
inventory levels, (ii) inventory holding costs, (iii) supplier orders, or (iv) lead times over time, and
wherein the machine learning model has been trained using inventory variable levels extracted from
historical inventory datasets; and

applying an optimization algorithm to at least the predicted statistical distributions of the
plurality of inventory variables to produce an optimized inventory dataset comprising one or more
predicted inventory management parameters that achieve a target service level while satisfying one

or more constraint conditions; and
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generating an inventory management recommendation configured to modify inventory levels

based on the predicted one or more inventory management parameters.
33. The one or more non-transitory computer storage media of claim 32, wherein the operations

comprise applying the optimization algorithm to a current inventory level and a quantity of current

supplier orders to predict the one or more inventory management parameters.
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