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Abstract. This paper presents Amazon’s implementation of regionalization, a strategic trans-
formation of its fulfillment network in the United States that partitioned the country into eight
interconnected but largely self-sufficient regions to address growing complexity and inefficien-
cies in order fulfillment. By 2021, Amazon’s unprecedented network growth had led to non-
linear increases in transportation system complexity and suboptimal equilibria that increased
costs while reducing delivery speeds. The core principle behind regionalization involves
matching demand with capacity through geographical partitioning, moving away from a flexi-
ble national network toward a more structured regional approach. The development lever-
aged extensive operations research methodologies over 1.5 years, encompassing region
design, network optimization modeling, inventory-speed trade-off analysis, and significant
software and operational changes. Following successful pilot and full network deployment by
March 2023, regionalization helped deliver substantial improvements: a 15% reduction in dis-
tance between sites and customers, 12% fewer middle-mile touchpoints, increased in-region
fulfillment from 62% to 76%, and the first reduction in cost-to-serve per unit since 2018, with
over $0.45 per-unit savings in the United States alone while simultaneously improving deliv-
ery speeds with over nine billion items delivered the same or next day globally in 2024.

Keywords:

Edelman Award - real-time resource allocation « retail operations « transportation network optimization

Introduction

multimodal and densely interconnected. The nationally

By the end of 2021, Amazon in the United States was
shipping over one billion items per year, through a net-
work of hundreds of fulfillment centers (FCs), each car-
rying millions of unique items, spread throughout the
continental United States. These items were delivered
through a single national transportation network consist-
ing of internal resources and external delivery partners,
leveraging a variety of facilities, for example, FCs, sorta-
tion centers (SCs), and delivery stations (DSs), that were

23

connected network offers flexibility in choosing the loca-
tion from which to fulfill each order. This can be an
advantage because doing so can reduce the risk of back-
logs and disruptions in a single site and increase Ama-
zon's ability to handle variations in demand.

However, Amazon’s proposition of offering a vast selec-
tion and fast delivery, with low cost-to-serve, faced chal-
lenges as a result of its unprecedented network growth in
the past few years. The scale of growth led to a nonlinear
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increase in complexity of our transportation systems. The
need for speed requires systems that make real-time deci-
sions on the location from which to fulfill the order, based
on the state of the network and inventory availability,
which in turn resulted in high variability in the set of FCs
serving any destination area (e.g,, city). That high variabil-
ity translated to increased costs and reduced speeds.

In 2021, Amazon senior management identified this
problem and assembled a multidisciplinary team to
develop a solution. That solution is regionalization,
where we partitioned the United States into eight
interconnected but largely self-sufficient regions. The
development and launch of regionalization were the
result of 1.5 years of sustained operations research
(OR) studies examining each aspect of regionalization,
leveraging a multitude of OR methodologies.

The core idea behind regionalization is to reduce
the variability of order assignment, by carefully
matching fulfillment capacity with demand in a way
that ensures sufficient capacity to serve each demand
point and restricting order assignment systems to ful-
filling largely from the matched capacity. There are
many ways to do this matching; at Amazon, we
implemented this through a geographical partition of
customer locations into eight regions combined with
the allocation of fulfillment capacity to each region.

Although the idea is conceptually simple, we
needed to carefully define several other components
of the network structure. We then evaluated these
through a suite of custom-built OR tools, creating
models of several different scenarios. Our network
modeling revealed not just the potential cost savings
and speed improvements from regionalization, but
also the impact of critical inputs, which allowed us to
prioritize efforts in steering those inputs (such as
inventory levels) to deliver the right outcomes.

The network modeling stage was followed by testing
through simulation in higher-fidelity systems. We then
obtained senior management approval to proceed with a
pilot, which was accompanied by a careful implementa-
tion schedule and risk mitigation actions. We had to
make several changes in both software and operations.
In our software systems, we made changes in how we
manage inventory, generate customer promises, and
assign orders to FCs. We also had to change the configu-
ration of our FCs, network connectivity, and schedules
of our transportation and delivery resources. The imple-
mentation took two months with dozens of teams work-
ing in close coordination. In the remainder of this paper,
we first describe Amazon’s operations, and follow with
the modeling, execution, and impact of regionalization.

Core Principles of Regionalization
As we mention above, the core idea behind regionaliza-
tion is matching demand with capacity. To conceptualize

this, we first briefly describe the critical elements of
customer order delivery, from the perspective of both
the physical and the software systems involved.

Overview of Amazon’s Operations and Systems
In the United States, Amazon has several FCs, which
form the heart of our network. FCs store unsold inven-
tory, which typically arrives from vendors and third-
party sellers in trucks. When a customer places an
order, it is assigned to a specific FC for fulfillment. Each
FC processes several orders in parallel and carries a
queue or backlog of orders waiting to be processed.
When an order reaches the beginning of the queue and
is ready to be processed, items in that order are picked
from inventory bins, and routed via conveyance sys-
tems to a packing station. The items are then packed
into a box (“box” is a simplification—Amazon also uses
bags and ships some items in their original packaging),
and a shipping label is applied. Packages are then
loaded onto trucks for different destinations. The trucks
carry these packages through a network of nodes,
which are called the middle-mile (MM) nodes, until the
packages arrive at a last-mile (LM) delivery node. At
the LM node, packages are transferred to delivery vans,
which make the final delivery to the customer.

For both the MM and LM, Amazon uses a combina-
tion of first-party and third-party networks. The first-
party network consists of Amazon-operated SCs and
delivery stations, with aircraft, trucks, and delivery vans
operated by delivery partners. The third-party network
consists of commercial carriers such as the United States
Postal Service (USPS) and United Parcel Service (UPS);
Amazon does not have visibility into these operations.
In this paper, we will focus on our FCs and first-party
MM and LM networks. For any item in an order, we
will refer to the sequence of selected FC, MM, and LM
nodes, and schedule of actions, as the fulfillment “path”
of the item. Figure 1 shows a brief schematic.

At any instant in time, the network has a “state.” This
state can be described by several elements, such as avail-
able processing capacity at each node (FCs, MM, and
LM), available transportation capacity on each transpor-
tation resource, and available inventory at each FC. In
addition, many resources have backlogs and future
reservations: for instance, an FC typically has a backlog
of orders waiting to be processed, and a transportation
resource (such as a truck scheduled for tomorrow) may
have some capacity already allocated to future packages.
For orders waiting to be processed at an FC, we will use
the words “backlog” and “queue” interchangeably.

A customer’s journey in making a purchase at Ama-
zon is fairly complex, but again we focus on the criti-
cal elements necessary for this paper, which starts
shortly before the moment of purchase. Consider a
customer who is evaluating a single item and trying
to decide whether to purchase it. At that time, we
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Figure 1. Schematic of the Fulfillment Network Showing the Different Building Types from Fulfillment Centers to the End

Customer

Fulfillment
Centers (FCs) (MM)

show the customer a “promise”—the deadline by
which the item will be delivered, if the customer deci-
des to buy then. Internally, the promise is given based
on an analysis of the network state, and verification
that at least one feasible delivery path exists. Once a
customer makes a purchase decisions, all ordered
items are placed in a virtual queue, and at a subse-
quent point in time (called “order assignment”), the
items are assigned to specific FCs and paths. This
assignment is described in more detail in the
“Fulfillment Execution Software Before and After”
section. The assigned FC and path at order assign-
ment time may be different from the feasible path that
was used to generate the customer promise, because
the final FC assignment is an opportunity for Amazon
to optimize the network performance. The assigned
path may change more than once until the item is
picked in the FC, after which the path stays locked
until delivery (unless there are disruptions, which are
not in the scope of this paper). For simplicity, in this
paper, we focus on the order assignment system and
ignore how customer promises are generated.

Matching Demand with Capacity

If we want to minimize time to delivery, order assignment
must be done in near real time, to enable sufficient time for
processing, transportation, and delivery within the same
or next day. The key question is: how should we construct
our transportation network and do order assignment to
find a solution that is optimal for cost and speed?

We start with describing a simple, “greedy” policy,
and demonstrate how it leads to undesirable out-
comes. We first define a general cost function cost,,
which is a combination of the transit time and trans-
portation cost along path p. At its simplest, as soon as
a customer orders an item, the greedy policy evaluates
all feasible paths, and selects the one that minimizes
this cost function, breaking ties uniformly at random
(i.e., each possible outcome has an equal chance of

Mile nodes

Last Mile
nodes (LM)

being chosen). The cost function may include various
offsets, opportunity costs, or dual variables that are
designed to steer order assignment toward specific
outcomes, which we will examine later in the paper;
however, we first illustrate the core principle through
a stylized example.

Figure 2. Simple Example with Customers Distributed on
the Unit Interval [0, 1] and Two Fulfillment Centers

@

FC1 FC2

) B I

0 0.4 1

Notes. (a) Setup with two FCs. (b) Time ¢ = 0: FC1 gets 0.2 load, and
FC2 gets 0.8. (c) Equilibrium. FC1 has 0 backlog. FC2 has 0.2 backlog.
Customers in [0.4, 1] are indifferent between both FCs. Both FCs get
0.5 load in equilibrium. (d) Regionalization. Customers in [0, 0.5] are
assigned to FC1, and customers in (0.5, 1] are assigned to FC2. Both
FCs have 0.5 load and 0 backlog.
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Consider the network in Figure 2. Figure 2(a) shows
our setup. Customers are uniformly distributed in the
continuum [0, 1], with total demand of one per unit
time. There are two FCs, labeled FC1 and FC2, at loca-
tions 0 and 0.4, respectively, each with a capacity of
0.5 per unit time. The cost function is simply the total
service time (i.e., waiting plus transit), with transit
speed of one per unit time.

As Figure 2(b) shows, at time ¢ =0, FC1 is the cost
minimizer for customers in [0, 0.2], and FC2 is the mini-
mizer for [0.2, 1]. This means that the load on FC2 is 0.8
per unit time. However, its processing capacity is only 0.5
per unit time; therefore, orders start adding to its backlog.
Consequently, FC2 progressively becomes less attractive
to customers in [0.2, 0.4], until we reach an equilibrium.

Figure 2(c) shows the equilibrium, where FC2 has a
backlog of 0.2, which takes it 0.4 units of time to process.
For customers in [0, 0.4], FC1 is the cost minimizer,
because it has no backlog. For customers in (0.4, 1], both
FCs are equal in terms of cost. For example, for the cus-
tomer at location 1, FC1 has cost 1 (all transit), whereas
FC2 also has cost 1 (0.4 waiting plus 0.6 transit). As a
result, customers in the interval (0.4, 1] are allocated in a
1:5 ratio between FC1 and FC2 in equilibrium. The aver-
age service time (equal to average cost for this example)
is 0.5. At Amazon, at a scale of dozens of FCs and mil-
lions of items sold every day, we found ourselves in a
similar situation with an unsatisfactory equilibrium
speed and increasing transportation costs.

Now consider Figure 2(d), where we do a forced
matching of demand to capacity. Customers in [0, 0.5]
are matched to FC1, and customers in (0.5, 1] are
matched to FC2. Both FCs have an equal load of 0.5
(which matches their capacity); therefore, no backlog
is ever developed. The average service time is now
0.3, which is a 40% speed improvement relative to the
greedy policy.

This balanced matching is at the core of regionaliza-
tion. In reality, however, there are several additional fac-
tors. Customer demand in the United States is not a
one-dimensional uniform continuum; instead, it is a
two-dimensional surface with highly nonuniform de-
mand density. Amazon has dozens of FCs, not only
two. Customers order millions of different items, all of
which cannot be stocked in each FC. There is significant
variability in customer orders along dimensions such as
time, what items customers are ordering, and geogra-
phy. We operate a first-party transportation network as
we show in Figure 1, with a cost function that is much
more complex than the example illustrates.

One way to steer order assignments away from the
greedy equilibrium is to add artificial cost offsets to
FCs that incur too much load under a greedy policy,
as we will discuss briefly later. Such cost offsets can
be used in general to prevent overuse of constrained
resources, including scarce inventory and expensive

transportation assets, and can be computed using the
dual solutions of the corresponding primal resource
allocation problems. Alternatively, we could change
the objective function of the order assignment prob-
lem to also minimize backlog, or incorporate other
terms to drive toward favorable outcomes. However,
as Amazon grew, we found that such solutions were
unfavorable because they led to race conditions
(where offsets of two or more constrained resources
were continuously increasing), which negated their
effectiveness. In addition, these cost-offset-based solu-
tions lacked explainability, because cost offsets were
computed in real time and therefore changed often.
Regionalization, with its rigid structure, brought a
level of explainability and auditability that not only
led to the cost and speed efficiencies, but also allowed
us to quickly build on it with additional improve-
ments such as in inventory placement.

Regionalization at Amazon, at its simplest, is an oper-
ational (hardware) and system (software) design and imple-
mentation of a roughly balanced partition that matches
demand with fulfillment capacity. To implement this, how-
ever, we had to address several technical challenges.
This paper describes some of the most significant chal-
lenges and thus provides a succinct story of the devel-
opment and implementation of regionalization.

Literature Review
E-commerce brings the opportunity to delay fulfill-
ment decisions past the customer’s purchase time and
opens up many opportunities to exploit the order-to-
delivery time window to reduce costs, as Xu (2005)
eloquently documents. Within Amazon, we have
gone through multiple evolutions of our fulfillment
policies. Initially, it was largely batch optimization
with reoptimization (Xu et al. 2009). In parallel, Ama-
zon’s operations have also evolved, from a largely
third-party operation, toward our own first-party ful-
fillment network with our own transportation capabil-
ities (Lara et al. 2023). With this evolution, our
original fulfillment systems needed to evolve in paral-
lel to explicitly take into account the fixed-cost nature
of our transportation network. The early part of this
work is documented in Amazon Science (2022), and
regionalization is a refinement of that work (O’Neill
2023). More general descriptions of supply chains,
such as at Amazon, include optimization and control
(Kassmann and Allgor 2006) and picking within ful-
fillment centers (Allgor et al. 2023). In the academic lit-
erature as well, significant work in the area of
e-commerce fulfillment has been done in the past two
decades. Acimovic and Farias (2019) and Jasin et al.
(2019) provide excellent broad surveys.

The fulfillment flexibility in e-commerce can prove
advantageous under certain situations, as DeValve
et al. (2023) show. However, the manufacturing
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literature includes a long stream of research dating
back to Jordan and Graves (1995) that describes how
limiting the flexibility into well-defined structures can
bring significant efficiencies. The regionalization
model can be thought of as a small extension of the
bipartite model of Jordan and Graves (1995).

Fulfillment itself is constrained by the delivery speed
promise that we make to our customers. This promise
aspect can be best modeled as allocating incoming jobs
to servers, in a multiserver spatial setting where total
delivery time to a customer depends both on the time
at the server (i.e., waiting plus service) and the time to
transit from the server to the customer. Recently, sev-
eral papers have explored equilibria and optimization
of such spatial multiserver queues, including Aféche
et al. (2022), Besbes et al. (2022), and Carlsson et al.
(2024). Our work contributes to this literature by show-
ing a real-world implementation of these phenomena
within a first-party transportation network.

Regionalization’s Design and

Predeployment Evaluation

The first step in creating our regionalization structure
was to partition the customer demand, and match FC
capacity with it.

Region Design and FC Mapping

The basis of a regionalized network is to strategically
decompose the customer geography into a set of dis-
tinct regions and maximize fulfillment from FCs within
the region. Although smaller region sizes potentially
lead to expedited customer deliveries because of the
proximity of FCs to customers, they also present a chal-
lenge in terms of inventory breadth. Conversely, larger
regions encompass a greater number of FCs, potentially
offering a more comprehensive inventory selection.
However, this may come at the cost of increased deliv-
ery times. Therefore, the optimal region size represents
a trade-off between these competing factors: sufficiently
small to facilitate rapid deliveries, yet large enough to
incorporate an adequate number of FCs that can main-
tain a diverse and comprehensive inventory to effec-
tively satisfy customer demands.

From an outbound fulfillment perspective, customers
could be served faster if packages are routed through
direct fulfillment lanes from FCs to DSs, or by cross-
docking through intermediate SCs. These processes
involve presorting packages destined for DSs at a lim-
ited number of sortation points within the FCs. Conse-
quently, the quantity of DSs in each region should be
constrained to ensure that FCs possess sufficient sorta-
tion points for presorted pathways to all in-region DSs.
Smaller regions are preferable because they facilitate
the establishment of dense, direct fulfillment paths with
continuous flow, thereby contributing to accelerated

delivery speeds. Of course, regions should still be
large enough to offer economies of scale with respect
to first-party transportation resources. Based on the
expected network capacity in 2023, 8-10 regions
offered a good balance between the factors discussed
above. As a secondary objective, the regions’ bound-
aries should ease management complexity by follow-
ing natural topographical boundaries (e.g., time zone
lines) and operational boundaries (e.g., Amazon
Logistics (AMZL)/USPS jurisdictions) wherever
possible.

To explore approaches for creating regions, we
framed the problem as a clustering task, where the
customer geography would be partitioned into k dis-
tinct clusters. We designated five-digit zip codes as
the “points” to be grouped into regions. We employed
two capacitated clustering algorithms (Mulvey and
Beck 1984): one is based on the k-means algorithm and
the second is based on integer programming, with
additional constraints on maximum demand and size
per region. The first algorithm incorporates the con-
cept of regret, defined as the difference between the
distances to the closest and second-closest region cen-
troids, for each point. Points are assigned to clusters
in descending order of regret, continuing until the
constraints on maximum demand share per region
and maximum distance per region are satisfied.

However, the initial results proved unsatisfactory
for two primary reasons. First, the generated regions
lacked proper shape and geographical compactness.
Second, a single algorithm struggled to effectively
handle geographies with diverse characteristics, such
as varying population densities and geographical fea-
tures. For instance, the model failed to consistently
cluster the most densely populated region (Northeast)
and the most sparsely populated region (Northwest)
in an efficient manner. Consequently, we implemen-
ted substantial manual adjustments to the clustering
results and evaluated multiple region designs. Figure
3 illustrates the eight-region design selected for fur-
ther refinement, along with the corresponding FC
assignments, which we describe next.

After defining regions, we developed FC Regionizer
(FCR), a mixed-integer optimization model, to allocate
FC resources. FCR prioritizes alignment-driven objec-
tives while minimizing transportation costs and bal-
ancing regional demand with FC capacity (see
Appendix A for model details). FCR generates multi-
ple scenarios by allowing trade-offs between capacity
deficits and transportation costs, acknowledging
unmodeled constraints and stakeholder preferences.
This approach creates a Pareto-surface of solutions
with diverse visuals, facilitating consensus among
business partners. The goal is to enable informed deci-
sion making by providing a range of options, addres-
sing complex logistics challenges rather than pursuing
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Figure 3. Map Showing the Approximate Structure of the Eight-Region Design
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Notes. The dots represent FCs assigned to serve each region. Boundaries and FC locations are approximate and intended to be only directionally

representative.

a single optimal solution. Figure 3 provides an illus-
tration of one of the proposed solutions selected for
further refinement.

Network Design and Optimization

Given the extensive scope of planned changes, it was
essential to develop a comprehensive understanding
of regionalization at various levels and its impact on
key network performance metrics. To achieve this, we
utilized an internal custom-built suite of network opti-
mization tools, called Integrated Transportation and
Topology Optimization (ITTO). ITTO integrates math-
ematical models, data pipelines, and other analytics
tools to assess the impact of major network transfor-
mations and conduct in-depth scenario analyses.
Using the ITTO suite, we evaluated multiple factors
such as various region definitions, regional assign-
ment shares, and potential structures for both regional
and cross-regional (XR) networks.

ITTO is structured around three core components,
each designed to model a major category of fulfillment
decisions. The standard modeling process considers
topology, customer demand profiles, and network
design parameters as inputs. Executed in sequence,
these products generate an optimized network design,
complete with performance metrics such as speed and
cost. We show a breakdown of the network design
process in Figure 4.

The first component, “Shipment Generation,” models
the assignment of customer demand to FCs, generating
shipments that we refer to as origin-destination (OD)
flows. This product leverages machine learning and
mathematical programming models to generate realistic
outcomes, parametrized based on inputs that represent
inventory states and other network characteristics.

The second component, “Network Connectivity,”
involves a static, path-based network optimization
model, Middle Mile Topology Optimizer (MMTO),
which captures the assignment of OD flows to fulfill-
ment paths through our MM and LM nodes. Each
potential path embodies a sequence of facilities
through which shipments travel, along with the
resources utilized at each step of fulfillment. The
model optimizes the flow of shipments by determin-
ing the most efficient routes and resource allocations,
producing structural metrics such as the share of
packages that go in direct FC-to-DS arcs (without the
additional SC touch).

The final component, “Network Timing,” addresses
a network optimization problem on a time-expanded
graph, modeling intraday linehaul movements, pro-
cesses, and hourly capacities. This generates hourly
schedules of package processes and movements and
enables a fine-grained evaluation of the designed net-
work in terms of cost and speed metrics. An early ver-
sion of this component is described in Lara et al. (2023).

Figure 4. The Network Design Suite (ITTO) Has Three Major Components

Shipment Generation

Network Connectivity

Network Timing
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In the remainder of this section, we go into more detail
about the second component, which optimizes network
connectivity.

At a high level, the network design model MMTO
takes MM topology and fulfillment strategy as inputs.
Topology inputs specify the process capabilities and
capacities of each facility, whereas the fulfillment
strategy is represented through path decisions. The
model, formulated as a mixed-integer program, mini-
mizes transportation and handling costs under opera-
tional constraints. Its outputs provide insights into
capacity utilization and fulfillment metrics, such as
distance traveled, enabling planners to evaluate the
impact of various topology and fulfillment strategies
and identify the optimal approach.

Before regionalization, Amazon’s fulfillment net-
work was generally connected with cost and delivery
speed in mind, resulting in an unstructured yet effi-
cient network based on an assumed set of shipments.
With regionalization, the presumed localization of
shipments created several opportunities to enhance
fulfillment productivity. One such opportunity was
the specialization of SCs, which are one class of MM
nodes, based on specific processes to improve produc-
tivity. Prior to regionalization, SCs managed a variety
of tasks, including package sortation, container
cross-docking, and the sortation and palletization of
shipments destined to different last-mile nodes. Spe-
cializing SCs into subcategories was expected to
improve productivity, leading to their split into two
facility types: hubs and last-mile sort centers (LMSCs).

Hubs were primarily responsible for receiving XR
fulfillment from FCs and distributing it to LMSCs.
Hub processes were tailored toward achieving
improved fill rate over long hauls, such as minimizing
empty space in trailers. These facilities were further
classified into three subcategories: origin hubs, desti-
nation hubs, and hybrid hubs, each serving a specific
function in the distribution network using specialized
processes. In contrast, LMSCs acted as regional points
of consolidation and distribution, positioned before
shipments reached last-mile facilities.

Next, the fulfillment strategies were defined based
on these new facility types. For regional fulfillment, we
designed the network to be as simple as possible,
minimizing the number of nodes traversed to reduce
fulfillment costs. Furthermore, a cost-effective, regional
fulfillment structure would further increase the share
of regional flows, because real-time execution systems
would likely prioritize these options because of their
lower costs. However, XR fulfillment was generally
considered to involve longer-haul transportation,
requiring the use of one or more hubs. As before, the
more costly fulfillment structure would be less prefer-
able by our execution systems, deprioritizing XR
fulfillment.

The final state of SC specialization and the fulfill-
ment structure, as we show in Figure 5, were estab-
lished through multiple rounds of experiments on
network design performed using the ITTO toolset.
The required capacities for origin, destination, and
hybrid hubs were determined using our network
design model, which optimizes one- or two-hub touch
path assignments for XR flows (i.e., it determines
which XR flows should be assigned to paths that go
through a single hub and which to paths that go
through two hubs). For instance, a higher share of
cross-regional fulfillment would result in more
packages passing through only a single hub, prompt-
ing operators to invest more in hybrid and destination
hubs that can handle such flows.

Inventory vs. Speed Trade-Offs

Although we expected regionalization to result in
delivery speed improvements, we also anticipated
that a one-size-fit-all implementation, where all stock-
keeping units (SKUs) were stocked in each region,
would not be the most cost-effective. Stocking suffi-
cient inventory of a given SKU to meet a desired
regional fulfillment service level (each region stocks to
a specified quantile of its regional demand) would
likely increase speed (by ensuring fulfillment over
shorter distances) but would require more inventory
to be held (because of no demand pooling at the
national level), compared with stocking to meet a
national fulfillment service level (the network as a
whole stocks to a specified quantile of national
demand). Intuitively, higher-velocity SKUs were the
best candidates for a regional fulfillment strategy
because their relatively higher demand-to-inventory
ratio led to relatively higher speed gains relative to
increased inventory requirements, whereas slow-
moving (also known as tail) SKUs were better suited
for a national fulfillment strategy. However, another
complicating factor was the desired service level
according to which inventory was to be stocked for
each fulfillment strategy. Therefore, we conducted a
simulation, varying the fulfillment strategy (national
versus regional, and the desired service level) and
observing the resulting trade-offs between speed and
total inventory to be held.

We segmented SKUs into 10 deciles of equal
expected demand to create inventory velocity bands.
For each decile, we then assigned a fulfillment strat-
egy: regional, superregional, or national (in decreas-
ing granularity), where inventory is stocked to meet a
desired service level in each region, each superregion
(the superregions comprise a partition of the regions),
or across the nation, respectively. To simplify the deci-
sion space, we introduced a monotonicity condition:
each faster-velocity band had to be at least as granular
in its fulfillment strategy and meet a service level at
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Figure 5. The Regionalized Transportation Network Structure Reduces Touchpoints for In-Region Fulfillment

National Regional

fulfillment

Ground/Air

Ground/Air
hub hub

least as high as any slower-velocity band, where we
assumed the same service level for all velocity bands
using the same fulfillment strategy. Enumerating over
this decision space, we calculated the interregional
flow using simulation. Achievable speed was, thus,
computed as a weighted average of the intraregional
and interregional speed for each velocity band, where
the weights were determined by the interregional
flow for each band and the out-of-stock percentage.

For a fixed assignment of fulfillment strategies, we
varied the desired service levels to produce an effi-
cient frontier with different inventory-speed combina-
tions. Iterating over different fulfillment strategy
assignments allowed us to compare these efficient
frontiers. We found that significant speed could be
gained through improved management of inventory
positioning (and service levels) enabled by
regionalization—even for the same total on-hand
inventory. We illustrate this in Figure 6, where each
line represents the efficient frontier trade-off between
mean fulfillment time and mean on-hand inventory as
service level changes for three different regionaliza-
tion strategies: baseline (national fulfillment for all
velocity bands), regionalization strategy 1 (a mix of
regional, superregional, and national fulfillment), and
regionalization strategy 2 (a mix of regional and
national fulfillment). Comparing point A with point C
shows shorter fulfillment times (i.e., higher speed) for
the same inventory requirements by using some
regional fulfillment compared with the baseline. The
speed gain results primarily from a focused allocation
of inventory by region, as well as from a shift in the
distribution of service level by velocity band. Some
regionalization strategy assignments are better than
others: comparing point A with points B and D shows
that strategy 2 can result in attaining higher speed at
lower inventory, whereas strategy 1 would require
choosing between higher speed and lower inventory
(or accepting smaller degrees of improvement).

One of our key conclusions from this simulation
analysis is that at higher inventory levels, for the same

fulfillment

Local fulfillment

Last Mile
hub Last Mile
station

total inventory, it is possible to achieve the same or
higher average delivery speed by operating a regional
fulfillment strategy with a lower service level rather
than a national fulfillment strategy with a higher ser-
vice level. Comparing the efficient frontiers of various
strategies, we were able to select a suitable threshold
of demand velocity, above which we would want to
fulfill SKUs with a regional strategy and below which
we would want to fulfill them nationally; a key result
is that a superregional fulfillment strategy is not as
suitable for our current network compared with a
regional one, as partially illustrated in Figure 6 by the
efficient frontier of strategy 1 (orange) being Pareto
dominated by the efficient frontier of strategy 2
(green). Comparing other scenarios, we also validated
that the monotonicity condition on service levels was

Figure 6. Simulations Run to Determine the Trade-Off
Between Mean Fulfillment Time and Mean On-Hand
Inventory

= Efficient frontier for baseline
4 —»— Efficient frontier for regionalization 1
—— Efficient frontier for regionalization 2

Mean fulfillment time

Mean on-hand inventory

Notes. The figure shows the results from two sample regionalization
strategies compared to the baseline of using only national fulfillment.
The dots of each color represent the outcomes from different sets of
service levels corresponding to a given strategy, with the efficient
frontier shown for each strategy. In this example, either regionaliza-
tion strategy is better than the baseline, but strategy 2 attains a better
efficient frontier than strategy 1.
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a necessary condition for optimality. This is because
the optimal distribution of a specified amount of
inventory across velocity bands occurs when the
incremental inventory and incremental speed have
the same ratio for each band. Among the optimal
points along the efficient frontier, we selected a set of
service levels that achieved the desired balance
between the cost of incremental inventory and the
benefit of increased speed and reduced outbound
costs arising from reduced interregional flows and
reduced network-level stockouts.

Predeployment Order Assignment Simulations
Although regionalization showed great promise through
network scenario modeling, senior management wanted
to be confident that we could materialize the targeted
regional assignment distributions under various pro-
posed region mappings. Excess cross-region assign-
ments would overload hub capacity in a regionalized
network topology (see the “Network Design and
Optimization” subsection), with the most obvious
recovery path being a cascading rollout of cross-
region arcs until the network no longer has a regional
structure. Early analyses predicted inventory-driven
cross-region flows far in excess of design capacities.
To address this concern, we conducted a network-
level simulation.

The Origin-Destination Load Balancer (ODLB) per-
mutes the shipment cost input to the Order Assign-
ment Model (OAM) (see the “Order Assignment
Basics Before Regionalization” subsection) and allows
us to test how our execution order assignment sys-
tems would perform in various situations. For a given
customer demand cluster (destination), it lowers or
raises the apparent fulfillment cost from each eligible
FC (origin) to incentivize or dissuade shipment
assignment. For example, for a given customer order
and a specific FC, by adding a positive offset to
increase the fulfillment cost from that FC, we may
make other FCs appear cheaper and therefore more
likely to be selected for fulfilling the order.

We created multiple simulation contexts; in each
context, we obtained a counterfactual OAM output
sequence corresponding to context-specific apparent
fulfillment costs. This allowed us to compare OAM
assignment outcomes across contexts, both decision-
by-decision and in aggregate. To emulate regionaliza-
tion, we injected a penalty-valued cost for out-of-
region OD pairs and left unmodified in-region costs.

Each simulation decision executes in real time after
its production counterpart, using the current produc-
tion network inventory and capacity states. The simu-
lation does not update its own inventory or capacity
state, among other simplifications. Despite these lim-
itations, the simulation allowed us to evaluate the full
effect of regionalization inputs on OAM assignments.

We simulated a month of customer order assign-
ment decisions from OAM, affirming the ability to
achieve in-region assignment percentages compliant
with design capacities. Further studies on individual
decisions allowed us to characterize and address non-
cost barriers to regionalization.

Evaluation of Expected Speed Impact

In the fulfillment process, the delivery speed is dic-
tated by the interaction between order assignment
strategies and network structure. We studied the
potential impact on delivery speed, lane density, and
average distance traveled by a shipment using a sim-
plified speed simulation tool called SPST to compare
the performance of the fulfillment network under
nonregionalized and regionalized fulfillment. The
delivery speed can be thought of in the context of a
spatial queueing system allocating incoming orders to
multiple servers (our FCs), where the total delivery
time to a customer depends on both the total service
time of the server, including any wait/backlog time,
and the transit time from the server to the end
customer.

As part of this simulation, the delivery capability
was represented through a reference OD speed that
encapsulates network connectivity, capacity, fulfill-
ment path structure, and timing constraints and,
therefore, differs across different fulfillment network
design paradigms. For example, in a regionalized
transportation network, the reference OD speed for
in-region fulfillment is significantly higher than for
out-of-region fulfillment. Compared with the nonre-
gionalized strategy, the proposed regionalization
strategy results in increased reference OD speed for
all in-region fulfillment, while marginally degrading
the reference speed for all out-of-region fulfillment.
By improving inventory placement, the share of out-
of-region fulfillment decreases and leads to an
improvement in overall delivery speed.

We demonstrate the comparison between regional-
ized and nonregionalized fulfillment strategies using
three key performance indicators (KPIs): (1) delivery
speed—focusing on the share of packages delivered
within one day, (2) OD consolidation—defined as the
destination demand share fulfilled from each FC on
average (we consider the top 80% of demand to
exclude inventory tail effects), and (3) the average OD
distance traveled by a shipment. For the first two
KPIs, a regionalized-over-nonregionalized ratio larger
than one indicates improvement over the nonregiona-
lized paradigm, whereas a value smaller than one is
desirable for the third. Table 1 shows the observed
trend for these three KPIs under different outbound
fulfillment capacity surplus levels.

The simulation results in Table 1 show that the
relative improvement from regionalized fulfillment
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Table 1. Sample Output of KPI Ratios Representing Improvement in Delivery Speed, OD Concentration,

and Average Distance Under Regionalized Fulfillment

Capacity surplus Speed ratio

OD consolidation ratio Average distance ratio

1 30% 1.10
2 20% 1.17
3 15% 1.25
4 10% 1.32
5 5% 1.38

1.09 0.98
1.18 0.95
1.27 0.92
1.35 0.90
1.42 0.89

Notes. The capacity surplus percentage indicates the percentage by which FC total fulfillment capacity exceeds total
demand. The remaining three columns are the ratios of the respective KPIs in regionalization vs. the nonregionalized
network. For example, the first row shows that if we have 30% surplus FC capacity, regionalization yields 10% faster speed,
9% more OD consolidation (flow concentration), and 2% lower distance compared with operating the same network
without regionalization. As capacity becomes more constrained, the benefits of regionalization increase.

becomes stronger as the capacity becomes more
constrained. For example, the absolute value of speed
goes down as the network capacity becomes
constrained, but the relative improvement under
regionalization increases when compared with the
nonregionalized strategy. A key differentiator under
these two fulfillment regimes is the average rate of
backlog accumulation at FCs; in all cases, backlog
formation, if any, is delayed later into the day under
the regionalized strategy. Overall, we observed
lower FC backlogs under the regionalized strategy.
and this inherently led to improved delivery capabil-
ity because the effective service time (processing time
plus backlog time) is reduced. Simulations also
highlighted the importance of maintaining the
regional capacity-demand balance as we highlight in
the “Matching Demand with Capacity” subsection;
any regional capacity deficit leads to increased out-of-
region fulfillment that propagates through the net-
work and degrades the overall performance.

Evaluation of Expected Cost Impact

All of the studies described so far showed enormous
potential for regionalization to reduce fulfillment cost.
However, there was still high uncertainty about the
financial implications of the initiative because we did
not have historical data upon which to base our esti-
mations. To address senior management’s concerns,
we used scenario modeling to provide a range of pos-
sible outcomes. We used the network design models
in ITTO (see the “Network Design and Optimization”
subsection) to estimate cost savings under varying
in-region assignments (IRAs) and established the IRA
percentage needed to break even.

We modeled three network design alternatives,
which differed in their treatment of XR flows: (1) all
XR flows allowed to bypass the hub, (2) all XR flows
required to go through at least one hub (a destination
hub), and (3) all XR flows required to go through an
origin and a destination hub. The XR connectivity
has a direct impact in sortation requirements as
well as detour miles (extra miles needed because of

additional stops). Hence, it has significant impact on
the potential savings. To better understand the con-
nectivity options and decisions, we present an exam-
ple in Figure 7, where we have two FCs close to the
border between regions. Depending on the design
alternative chosen, the XR flows get considerably cost-
lier because of the additional touch and the detour.

We ran low-, medium-, and high-IRA scenarios for
each XR design alternative. Figure 8 shows the
expected savings based on the XR design and IRA
assumptions. For low-IRA scenarios, a requirement to
go through hub stops at least once completely offsets
the savings that accrue from shorter distances and
flow concentration. However, as the IRA increases
and the XR flows become thinner, the additional hub
touches improve consolidation and, in turn, truck uti-
lization. We then combined the transportation cost
analysis with additional considerations, such as soft-
ware execution and robustness, and we developed
our final network connectivity plan.

Fulfillment Execution Software Before
and After

For each of the millions of customer orders Amazon
processes daily, our order assignment system makes
several discrete decisions to ensure demand is fulfilled
within the promised delivery time window. These
decisions include (1) which items are boxed together
to form a shipment; (2) which FC will process each
shipment; (3) whether we need to transfer items
between FCs for shipment consolidation; (4) which
transportation route (path) to use for each shipment,
including whether we can synchronize deliveries to
the customer destination; and, critically, (5) when
each of these series of operations will take place. A
single model, the OAM, is responsible for making the
decisions on the above questions. OAM solves a vari-
ant of the set-partitioning problem for each order by
making a choice from the discrete set of candidate
shipments. A candidate shipment represents one way
to fulfill a customer order in full or in part. Although
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Figure 7. Example Illustrating the Network Design Alternatives Tested and Their Impact on Sortation Requirements and

Detour Miles

Hub touch not required

Ql Fulfillment center

ﬁ Last Mile station

XR flows require >= 1 hub

* Origin hub
% Destination hub
O Last Mile hub

XR flows require 2 hub touches

—> XR path
In-region path

Notes. The three figures show different options for connecting an FC in one region with a last-mile node in a different region. In the left panel,
we allow the FC to connect directly to the other region’s last-mile hub. In the middle panel, the FC connects to a destination hub, which in turn
connects to the last-mile hub. In the right panel, we also add an origin hub connection right after the origin FC. In all three cases, the in-region
path (dotted line) is the same: from in-region FC (top right), to last-mile hub, to last-mile station.

we can exhaustively enumerate all candidate ship-
ments for small orders, we leverage local search heur-
istics to select a heterogeneous subset of candidate
shipments for larger orders. This is necessary to keep
the model size contained so we can solve it in less
than one second for more than 90% of all new fulfill-
ment orders, a strict requirement to ensure the timely
reservation of inventory and transportation capacity
that will meet each item’s committed delivery time
window. Naturally, order assignment decisions are
subject to reevaluation at any point, including peri-
odic reoptimization of all pending orders simulta-
neously to resolve inefficiencies of individual order
assignment decisions. For brevity, we omit discussing
these models, focusing instead on the main changes
introduced to OAM to achieve regionalization.

Order Assignment Basics Before Regionalization
Amazon models the order assignment problem as a
lexicographic goal-programming problem. Under FC
inventory availability and transportation capacity con-
straints, the primary goals include the minimization
of promised delivery time window violations and
total fulfillment cost. In our example below, we con-
sider only these two objectives for simplicity. Suppose
the model is optimizing the assignment of an order
for only two items, A and B, which have the candidate
shipments as shown in Table 2.

1. The first problem answers the question: what is the
lowest delivery time window violation score I can achieve?
The answer is zero (i.e., we can fulfill both items A and
B without violating promised delivery timeframes).
For example, fulfilling both items from FC3 achieves

Figure 8. Cost Savings Relative to a Nonregionalized Baseline Network Increase as IRA Increases for all Three Connectivity

Options

Annualized savings to
baseline

In-Region Assignment (IRA)
- Hub touch not required XR  «®>=1 touch hub XR  ®2 hub touch XR

Notes. The three connectivity options shown are the same as in Figure 7. They describe three ways to connect an FC in one region with a cus-
tomer in another region. The IRA on the x-axis is our primary metric for regionalization and measures the percentage of customer orders that are

shipped from FCs in the same region as the customer.
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Table 2. Simple Two-Item Example of Order Assignment Showing How the Model Makes Fulfillment Decisions

FC1 FC2 FC3 FC4 FC5
Shipment item(s) A A A and B B A and B
Objective 1: delivery timeframe violation 1 0 0 0 0
Objective 2: total fulfillment cost $2.00 $1.00 $3.00 $1.00 $3.50

the minimum, as does fulfilling via two shipments
from FC2 and FC4.

2. The second problem answers the question: what
are the least costly fulfillment assignments such that we do
not make the prior objective value (i.e., delivery timeframe
violation) any worse? The answer is $2, which is
achieved by selecting the candidate shipment from FC2
to fulfill A and the candidate shipment from FC4 to ful-
fill B.

The stylized model above is sufficient to optimize
fulfillment assignments when fulfillment costs are
tightly coupled to individual shipment construction.
As the structure of Amazon’s fulfillment costs evolved
from shipment-focused rates to more resource-
oriented expenses, such as the cost of procuring and
utilizing a truck, the true operational costs were not
adequately captured. As a result, we adapted the way
OAM considered the shipment-level costs. We
extended the model, adding more objectives to it,
while allowing it to relax the existing shipment-level
cost objectives. The idea behind this extension,
dubbed cost relaxation (CR), was to allow a more
expensive cost solution at the shipment level if the
new assignments strictly improved other resource-
oriented objectives such as the total number of ship-
ments and/or the number of out-of-region shipments.

For illustration, suppose we allow the entire ship-
ment cost to deviate by up to 50% from the optimal
solution to reduce the total number of shipments. We
can build upon the optimization model to answer the
following question: can we fulfill the demand with a
smaller number of shipments (i.e., only one) in a way
that (1) we do not violate the delivery promise win-
dow and (2) the total cost is at most 50% worse than
the optimal cost obtained previously (i.e., $2)? The
solution we obtained earlier prescribed two shipments
for a total cost of $1+$1=%2. The CR allowance
permits a solution that has a cost of up to $3
(=$2 % (1+0.5)). With the allowance afforded by CR,
the assignment fulfilling from FC3 at a cost of $3 is
now identified as optimal.

In the context of regionalization, the structural
changes to the fulfillment network naturally increased
the shipment-level cost of XR shipments but did not
fully capture the opportunity cost of the consumption
of out-of-region inventory, warehouse resources, and
transportation capacity. To maximize the benefits of a
regional fulfillment strategy while balancing against
shipment-level costs and consolidation opportunities,

we leveraged an additional layer of cost relaxation to
incentivize in-region shipments.
In Appendix B, we present the OAM formulation.

Order Assignment with Regionalization
Continuing with the example above, suppose that the
selected FC3 is a warehouse in a region other than the
customer’s region, whereas FC5 is a warehouse in
the same region as the customer. As Table 2 shows,
the shipment cost for FC5 could be higher than the
cost for FC3 although FC5 is an in-region warehouse.
That can happen because the shipment costs consist of
a variety of additional inputs. Some of these costs are
“real” (e.g., third-party carrier rate cards), whereas
others are “artificial” (e.g., load balancing costs or
inventory or transportation resource opportunity
costs) (Acimovic and Graves 2015). With regionaliza-
tion, we built an additional layer of CR allowing us to
relax up to, for example, 100% of the total cost for the
initial solution, if doing so achieved a better in-region
assignment while maintaining the same (or better)
consolidation outcome. In the case above, CR would
select FC5 at a cost of $3.5, within the 100% tolerance,
which would allow costs to increase up to $4, that is,
twice the cost of the original solution of $2. CR was
easy to implement but was not guaranteed to be
Pareto optimal; therefore, we later replaced it with a
blended objective approach that better balanced
trade-offs, although this improvement was not essen-
tial to regionalization’s initial success.

Regionalization Software Enhancements
and Simulation
The desire to regionalize Amazon’s outbound fulfill-
ment network necessitated the implementation of
new software and systems that could assess the
impact of modification to our operational capabilities
in line with extensions to our fulfillment optimization
models. The implementation process presented sev-
eral critical challenges, including (1) the lack of a read-
ily available software stack to evaluate regionalized
network and configuration scenarios and order
assignment models; (2) missing key features in the
simulation software, which were needed to validate
and operationalize a production pilot; and (3) a highly
constrained timeline to develop new technology and
validate hypotheses in time for the pilot launch.

In parallel, we invested in the integration of fulfill-
ment optimization systems with what-if simulation
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capabilities. This includes the ability to perform off-
line stateful simulations considering differing opera-
tional capabilities, and different parametrizations of
the models. We used discrete event simulation
making order assignment decisions on a predicted
sample of orders while keeping track of transportation
and labor capacities. Despite these complexities, the
enhanced simulation software allowed us to simulate
dozens of scenarios and helped us identify potential
errors in the thousands of operational configurations
that were set to change and achieve the timeline of the
project. In particular, reorienting the network toward
regionalization required substantial changes of new
lane additions and lane deprecations to redefine the
new operational configurations, which needed valida-
tion via simulation.

Leveraging these simulation capabilities, we built
confidence in our approach and safely executed an
aggressive plan to pilot these changes in a set of
regions where the impact would be most pronounced
according to our simulations, and eventually to
launch network-wide.

Implementation

We divided the implementation of regionalization
into two phases: (1) pilot launch in two regions in Jan-
uary 2023 and (2) network-wide launch planned three
months later based on pilot results. The implementa-
tion plan included all parts of the outbound supply
chain and required significant effort to ensure that the
components of the supply chain (e.g., last mile and
middle mile) were coordinated in the transition to the
new network design.

Our pilot regions, Northeast (NE) and Mid-Atlantic
(MA), comprised a large fraction of the U.S. network
demand and relied on each other’s fulfillment capaci-
ties; NE FCs fulfilled MA demand and vice versa. We
clearly defined our success metrics up front, with the
key output metrics being cost-to-serve and delivery
speed. Within three weeks, cost to serve and speed in
the pilot regions were noticeably improved. There-
fore, we expedited the network-wide launch and
moved the U.S. network to a regional construct a
month prior to the initially planned timelines. Accord-
ingly, the full implementation took place in March
2023. In the months that followed, we continued addi-
tional refinements to improve customer experiences
and aligned inbound systems to support the regional
outbound network. The regional network structure is
fully deployed across the U.S. network as of this
writing.

Implementation Challenges
We faced challenges at different stages of implementa-
tion. Initially, we had to provide evidence of the

associated benefits to leaders of business units within
our operations, such as linehaul trucking and sorta-
tion centers. This was especially difficult considering
the potential immediate impact on our customer
deliveries at a large scale. In addition, our systems are
extremely complex and subject to variability from
internal and external sources, and we could not model
all these factors. Another key challenge was influenc-
ing mental model shifts: because most operational
teams were used to the national fulfillment model,
they initially found it difficult to see how restricting
fulfillment flexibility through regionalization could
actually lead to improved performance. For example,
with regionalization, orders were steered to FCs allo-
cated to serve the customer’s region, rather than the
closest FC. We had to help operations teams (such as
those accountable for delivery speed and delivery
costs) understand the drawbacks of myopic assign-
ment policies, and how balancing capacity and
demand resulted in a new equilibrium with faster
speeds and lower costs.

To prove the concept, we initially used scientific
modeling, which included analysis of several
scenarios with varying inputs (such as varying the
underlying inventory placement or varying different
connectivity policies). We also dove deep into analyz-
ing a large number of projected performance metrics,
such as the projected performance of each of the eight
regions on the truck fill rate and the total number of
trucks required on each type of connection. Our sta-
keholders asked for several follow-ups, which we
were able to deliver using scenario analysis leverag-
ing our ITTO and simulation software for network
modeling.

After stakeholders were sufficiently convinced, we
were able to proceed with the pilot. As noted earlier,
the results of the pilot quickly surpassed our projec-
tions, which led to increasing confidence and ulti-
mately, nationwide launch.

Impact
Regionalization significantly simplified Amazon’s net-
work structure. Prior to regionalization, per Adam
Baker, vice president of Global Transportation Services
within Amazon, “it was like pushing on a giant
spiderweb” (O’'Neill 2023). As a result of regionaliza-
tion, the number of lanes reduced significantly, facilitat-
ing decisions about when and how much to ship
between regions. Items that were not available in the
customer’s region were still shipped to them through
the cross-region network, but when items were avail-
able within the customer’s region, we sharply increased
the percentage that were shipped from within region.
To establish the impact of regionalization, we
started by identifying KPIs that we expected to
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improve, such as the distance the customer orders
traveled from FCs to customers, the number of inter-
mediate touchpoints, the percentage of orders fulfilled
using FCs from within the customer’s region, and the
speed at which customer orders were delivered. We
measured these KPIs at comparable timepoints in the
years prior to and after regionalization to account for
seasonality. We then translated this to costs using
established methodologies that we consistently use
for financial calculations. We make multiple changes
to our network each year; therefore, we were not able
to precisely allocate which action resulted in what
fraction of the impact for some of our metrics.

In this way, however, we established that because
in part of regionalization, the distance between our
sites and customers decreased by 15%. We also found
that touchpoints (transits through intermediate build-
ings) within our middle-mile network reduced by
12% in the first half of 2023 (Herrington 2023). The
solution also helped us avoid driving nearly 16 mil-
lion miles in 2023 (Amazon 2023). The percentage of
customer orders being fulfilled entirely from FCs
within each region increased from 62% to 76% in the
first half of 2023 (O’Neill 2023). In the fourth quarter
of 2023, we fulfilled 600 million additional units from
in-region FCs compared with the same period in 2022
(Herrington 2024). In 2023, for the first time since
2018, regionalization helped Amazon reduce cost-to-
serve per unit sold globally. In the United States
alone, cost-to-serve was down by more than $0.45 per
unit on a year-over-year basis (Jassy 2024). Regionali-
zation also helped improve delivery speed relative to
the previous several years, with more than seven bil-
lion items being delivered the same or next day glob-
ally in 2023 (Madan 2024). The success continued into
the next year, with more than nine billion items deliv-
ered within the same or next day globally through
2024 (Amazon 2025). As that article states, “We've
also shortened the distance our deliveries have to
travel to reach customers by dividing our operations
and transportation networks into smaller, easier-to-
serve regions and stocking more of the products our
customers want locally.”

Regionalization also resulted in a simpler, more
auditable operating structure, which enabled us to
discover additional opportunities for optimization.
Many of our systems were built for a different operat-
ing environment: for instance, whereas in 2005 we
had many fewer FCs in the United States and relied
exclusively on third parties for fulfillment, by 2023 we
had hundreds of FCs and the majority of deliveries
were through Amazon’s own transportation network.
As our network continues to evolve, we are building
upon regionalization with greater emphasis on coor-
dinating our inbound and outbound supply chain
networks.

Conclusion

Regionalization was largely successful and is now
part of the steady-state operational structure of our
U.S. fulfillment network. The regionalized network
structure is subject to continuous improvement, based
on business growth, new FC launches, and changes in
customer demand patterns. One of the largest efforts
after the initial launch has been in restructuring our
inbound network to ensure that the right inventory is
routed to FCs within each region, thus enabling
higher levels of in-region fulfillment (Jassy 2024). Our
commitment to improving the customer experience,
increasing delivery speed, and reducing costs requires
us to continue exploring and developing further
innovations.

Our work has significant potential for any industry
operating in a spatial/geographic environment and
facing real-time resource allocation decisions. This
includes the broad domain of retail, where a variety of
delivery modes exist (e.g., first-party delivery, third-
party delivery, buying online, and in-store pickup). It
also includes other service domains such as vehicle
dispatch (e.g., ambulances and rideshare) and server
allocation for cloud computing. The literature on how
to design and operate a large-scale real-time retail net-
work is fairly sparse, and many open research ques-
tions remain.
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Appendix A. FCR Formulation

FCR is an optimization tool that we built to solve the prob-
lem of assigning which FCs serve each region. The deci-
sion of assigning FCs to regions is made twice a year for
operating the network (once for the fourth quarter and
once for the rest of the year), plus any time we want to
evaluate future-year network scenarios (typically, every
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few months). In this appendix, we describe the underlying
mathematical model for FCR.

Let R be the set of all regions and F be the set of all FCs.
We represent a region’s fulfillment demand and storage
demand over a given period by D, and C,, respectively, for
each region r € R. For each FC;,i € F, we use D;, to repre-
sent the delivery cost (e.g., distance, in the simplest form)
to serve one unit of demand in region r from FC;. Let thzp
and Cfmmge be the FC’s shipment capacity (in units) and
storage capacity (in cubic feet), respectively, over the same
period as the demand. Let R(i) denote the region where
FC; is physically located. Let § € (0,1] be a discount factor.
We define the adjusted cost Dir, showing the level of prefer-
ence for in-region mapping, as Dir =Dy, - B if r = R(i), D;
otherwise. The smaller f is, the smaller the adjusted cost for
in-region mapping, relative to an out-of-region FC at the
same distance. In this way, p allows us to approximate the
true transportation cost, which is cheaper for in-region
transportation legs because of fewer intermediate SC
connections.

Let o; €[0,1] be the percentage of the capacity of FC;
(both shipment and storage) to be reserved for its physically
located region, even if it is assigned to another region.
Specifically:

e Storage capacity ainmmge
will be reserved in region R(i). ‘

e The remaining (1 — ai)Cftomge and (1-— af)C,S.hlp can be
assigned to other regions.

When a; =0 for all i € F, we call this the “hard mapping”
scenario. The a; parameter allows an FC to be multimapped
to two regions (one always being its physical region).

Let X be the set of FC clusters in the vicinity of major met-
ropolitan statistical areas (MSAs), and F (k) be the set of FCs
in cluster k€ K. Let FR be the set of FC-region pairs (i,7)
that are not allowed. Although this set can be provided as a
manual override, by default we define it based on a maxi-
mum distance threshold: FR ={(i,7) | D;, > maxDistance},
where maxDistance is a predefined parameter.

Let the decision variable x; be defined as x;, =1 if (1 — ;)
% 100% of shipment and storage capacity of FC; is assigned
to region r and 0, otherwise.

The optimization problem is formulated as follows:

ship

i

and shipment capacity «;C

minimize TransCost = Z (1- a,-)C?hip —Djxiy
i€eF,reR
subject to

dxp=1 VieF (A1)
reR

STa-a)Cx+ Y aC2D(1-1) VreR (A2)

i€F i€ FIR(i)=r

S A-a)C e+ > wCGT2C1-w) VreR (A3)

i€F i€ FIR())=r

> xrpzl VkeX:|F)|>1 (A4)
ieF(k)

x»=0 VY(i,r)eFR (A5)

x,;€{0,1} VievF,reR. (A.6)

Constraint (A.1) ensures that each FC is assigned to
exactly one region. Constraint (A.2) guarantees that

sufficient shipping capacity is allocated to each region with
a tolerance level 7 € [—1,1]. Note that a negative tolerance
implies a need for capacity surplus in a region. This con-
straint considers both the assignable capacity and the capac-
ity reserved for the FC’s physical region. Constraint (A.3),
similar to (A.2), stipulates that for each region, the total stor-
age capacity, including both assigned and reserved capac-
ity, must exceed the specified storage target C, with a
tolerance level w € [—1,1]. Different tolerances (for 7 and w)
in different regions allow us to proactively plan for a net-
work with asymmetries, where, for instance, we may choose
to operate one region with higher levels of inventory than
others to provide additional buffer for surplus inventory.

Constraint (A.4) mandates that at least one FC from each
multi-FC cluster serves its local region, generally a major
MSA, promoting local fulfillment speed. Finally, Constraint
(A.5) prohibits FC-region assignments that either are manu-
ally excluded or exceed a predefined distance threshold, as
defined by the set FR as the forbidden FC-region pairs.

This problem can be solved quickly because of its rela-
tively small size as a mixed-integer programming (MIP)
problem. Often, the mappings remain unchanged for cer-
tain ranges of T and w. In the analysis phase, we test several
scenarios with different tolerance parameters to gain an
understanding of different viable solutions and their struc-
tures. However, when we are in the final decision-making
stage with leadership, we only cache and report scenarios
that differ, which streamlines the discussion and frequently
results in achieving alignment more quickly with fewer
scenarios.

Appendix B. The Order Assignment Model

We next describe the mathematical formulation of the core
OAM, excluding ancillary considerations that are beyond
the scope of regionalization. The model is instantiated for
each individual customer order to determine how it is ful-
filled. For each customer order, we precompute a set of can-
didate shipments (i.e., ways to fulfill an order fully or
partially, using a heuristic procedure). We employ a heuris-
tic because the number of viable candidate shipments grows
exponentially as the number of items in the order increases.
Although we can exhaustively enumerate all candidate
shipments for small orders, we leverage local search heuris-
tics to select a heterogeneous subset of candidate shipments
for larger orders. The OAM selects a subset of the candidate
shipments to fulfill the demand while optimizing a cascade
of linear objectives.

Set and Indices
e S: the set of candidate shipments
e O: the set of items in the customer order
o F: the set of FCs that have some inventory for any item
in the customer order
o K: the set of objectives
s € S: the index for candidate shipment
i € O: the index for ordered items
k € K: the index for the objectives

Parameters
o f.: FC associated with the shipments € S
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e g;: ordered quantity of item i € O

e p: quantity fulfilled by candidate shipment s for item i

e I;: inventory available at FC f for item i

e vf: objective score associated with shipment s for
objective/goal k
Decision Variables

e X, binary variable indicating whether shipment s is
used to fulfill the demand.

In its original form, OAM employs a goal-
programming approach to solve for the cascade of
objectives, for example, minimization of delivery time
window violation, inventory readiness (e.g., preferring
items on shelf, then in reserve), and minimization of
total fulfillment costs, which are assumed to be addi-
tive across the chosen candidate shipments. The score
ok for objective k is computed when candidate ship-
ment k is generated. For example, the objective score
for delivery window violation is calculated as the num-
ber of days the shipment arrives later than the prom-
ised delivery date; the cost objective score is the sum of
the fulfillment cost including, for example, FC opera-
tion cost and shipping cost. When OAM solves for the
k-th objective, it minimizes the total objective score for
this objective subject to demand satisfaction con-
straints, inventory availability constraints, and the con-
straints generated from the previous k—1 objective
solves.

Vk:= min ZUIS(XS
S

s.t. Zpsixs =q;, VieO
S
(demand satisfaction constraint)
Z 1f5=fp5,‘x5 < Iﬁ-, VieO, f eF
s

(inventory availability constraint)
ok <V, V=12, k-1
(constraints from previous k — 1 solves)

xs€{0, 1}, VseS

That is, Vi is the optimal objective function value when
solving for the k-th objective, with previous k — 1 objectives
bounded by the corresponding optimal values when they
were solved before the current k-th solve. The final fulfill-
ment decision for a customer order is generated after OAM
solves the entire cascade of |K| problems and corresponds to
the candidate shipments. The last objective in the above K|
problems is to minimize the total fulfillment costs. As we
mention above, the total fulfillment costs have a “real” and
an “artificial” portion. The cost relaxation mechanism
allows us to optimize additional objectives with a controlled
relaxation of the artificial cost portion. For example, if we
want to improve the in-region fulfillment quantity, we can
define the “out-of-region” objective score (v{") for each

shipment; that is, if the shipment is an “out-of-region” ful-
fillment, it has an objective score of one, otherwise zero.
Then OAM solves the following problem to seek additional
opportunities to improve in-region fulfillment.:

Vk:= min ng’orxs
S
s.t. E:ps,-xs =q;, VieO
> ppaxs < Iy, Vi€O, feF

s
Y olx, < VK Vk=12,..., [KI-1
s
§ Z)zealxs < Vreal
s
ifici ~ artificial
E Ugrtlﬁaalxs <V
S

xs €40, 1}, Vs€S.

In the above formulation, V™ represents the total real
cost calculated after the |K|-th solve for the total fulfillment

~ artificial
cost, and peras corresponds to the relaxation of the artifi-

cial cost portion derived from the same solve. This relaxa-
tion can be applied in different modes, such as a
percentage-based adjustment or a fixed absolute amount
adjustment.

We established the objective order and thresholds of CR
through large-scale simulations that can assess the holistic
fulfillment impact across a spectrum of configurations. In
addition, we had to model various aspects, such as order
consolidation, synchronization of deliveries, inventory
depletion, load balancing across warehouses, and reoptimi-
zation of demand, as part of Amazon’s order assignment
systems in addition to the changes discussed to enable
regionalization.
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