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ABSTRACT

For large-scale retail businesses such as Amazon and Walmart, simulation is critical for forecasting
inventory, planning, and decision-making. Traditional digital-twin simulators, which are powered by
complex optimization algorithms, are high-fidelity but can be computationally expensive and difficult
to experiment with. We propose a hybrid simulator called SEmulate that integrates machine learning
and emulation into large-scale simulation systems that follows the causal relationship between system
components. SEmulate uses machine learning to emulate complex high-dimensional system components,
while using physics-based modeling or heuristics for other simpler components. We apply SEmulate on
supply chain simulation, where we demonstrate that SEmulate reduces runtime by orders of magnitude
compared to the traditional digital-twin based simulator, while maintaining competitive accuracy and
interpretability. The enhanced simulator enables efficient supply chain simulation, rapid experimentation,
faster and improved decision-making process.

1 INTRODUCTION

In today’s hypercompetitive business environment, where companies like Amazon and Walmart process
millions of packages daily, the complexity of supply chain management has reached unprecedented levels
(Acimovic and Graves 2015; Acimovic and Farias 2019; Amazon 2023; Liu et al. 2023). Supply chain
simulation has emerged as a critical strategic tool, enabling organizations to navigate the intricate web of
global logistics, inventory management, and customer fulfillment. This technological evolution in supply
chain management represents not merely an operational enhancement but a fundamental shift in how
organizations conceptualize and optimize their supply networks.

Through advanced simulation techniques, organizations can create digital replicas of their entire supply
chain ecosystem, enabling them to test scenarios, predict outcomes, and optimize operations without the
risks and costs associated with real-world experimentation. The critical role of simulation in contemporary
supply chain management manifests in several key dimensions. First, it enables predictive analytics and risk
mitigation, allowing organizations to anticipate and prepare for potential disruptions - a capability that proved
invaluable during the global supply chain crisis of 2020-2022. Second, it facilitates real-time decision-
making through dynamic modeling of complex variables, including demand fluctuations, inventory levels,
and transportation networks. Third, it supports strategic planning by enabling organizations to evaluate
the impact of major decisions, such as facility location or network redesign, before committing substantial
resources.

Discrete-event simulation (DES) (Matloff 2008; Robinson 2014) is an operations research (OR)
methodology that models the operation of a system as a sequence of discrete events occurring at specific
points in time, where event marks a change of state in the system. It is one of the most common simulation
frameworks in the industry. An inventory management system typically involve multiple complex systems
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interacting with each other, a traditional digital-twin based simulator integrates all the production system
components together, resulting in high fidelity. However, it has several drawbacks: 1) the integration efforts
typically involve months of development effort; 2) it is difficult to maintain and catch up with all the system
changes; 3) the runtime of the simulator is slow (e.g., can take several hours or days), and scales with
the complexity of the systems (Farias et al. 2025). This causes delay in decision making and can have
deteriorating downstream impact when the runtime exceeds the business timeline.

Emulation, on the other hand, is a technique designed to mimic the behavior and functionality of another
system through models without replicating the system. Emulation has a long existing history in science
and engineering for testing and understanding systems in which physical experimentation is infeasible or
expensive (Tucker 1965; Young and Ratto 2011; Grow and Hilton 2014). Common emulators typically
include building surrogate machine learning (ML) models (Mitchell and Mitchell 1997; Jordan and Mitchell
2015) such as Gaussian processes (GP) (Williams and Rasmussen 1995; Schulz et al. 2018), or with more
recent advances in deep learning (DL) models (LeCun et al. 2015; Goodfellow et al. 2016).

Simulation and emulation are techniques that originate from separate fields: OR and ML, each rooted
in fundamentally different philosophies. In OR, the focus is on understanding and optimizing the detailed
dynamics of a system. Beyond simply solving a problem, OR seeks to uncover the underlying principles
that govern it, providing structural insights into how the system works and how it can be improved. In
contrast, ML prioritizes delivering high-quality solutions with a strong emphasis on end results. While
ML models can achieve remarkable performance, they often do so by focusing on outcomes rather than
intermediate steps or interpretability, with its internal mechanisms remaining opaque.

In other words, emulators can be regarded as efficient statistical representations of simulators. Unlike
simulation, which replicates the detailed dynamics of a system, emulation learns the functional relationship
of the system using surrogate models, which comes with the advantage of sensitivity analysis, uncertainty
quantification and fast experimentation. However, one of the biggest drawback of emulators is that it lacks
explainability especially for black-box models, and is hard to earn trust with stakeholders on the reliability
of the models.

In this paper, we propose a hybrid framework that integrates emulation into simulation. We introduce an
efficient and user-friendly simulator called Simulate & Emulate (SEmulate) which leverages machine learning
methods to emulate complex system components, while also incorporating the underlying mechanisms of
the simulation systems to preserve interpretability. This framework is generalizable to a broad range of
applications such as queueing, aviation, and manufacturing. For this paper, we focus on an example
application in supply chain management. We demonstrate that SEmulate can effectively mimic supply
chain systems, while also adhering to the physics of supply chains to offer insights and interpretability into
the simulated inventory dynamics. SEmulate learns the underlying system behaviors based on historical
and/or simulated data, using ML models to capture complex patterns while incorporating the fundamental
physics of inventory flow. This results in an explainable simulator capable of fast inventory flow prediction.
This lightweight simulator offers flexibility for experimentation on supply chain systems, facilitating rapid
decision-making and more efficient supply chain management, enabling a range of real-world applications
such as forecasting, counterfactual impact estimation and input sensitivity analysis.

The paper is organized as follows: in Section 2 we give an overview of the high-level architecture
of SEmulate; in Section 3 we discuss the methodology and the underlying models in each module in
detail with an illustrative example; in Section 4 we apply SEmulate on a range of synthetic and real-world
applications; finally we conclude in Section 5.

2 OVERVIEW OF SEMULATE ON RETAIL SUPPLY CHAIN SYSTEMS

SEmulate is a user-friendly simulator that leverages a hybrid approach to simulate complex systems. The
key innovation lies in its ability to seamlessly integrate domain knowledge and causal relationships with
data-driven machine learning techniques into simulation. The core steps in the SEmulate approach are:
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1. Establish causal relationships: Construct causal relationships of the target systems by leveraging
domain knowledge.

2. Decompose system into sub-components: Break down the overall system into different sub-
components based on the identified causal linkages and underlying mechanisms. This modular
design allows the simulator to better capture the intricate interdependencies within the system.

3. Determine appropriate simulation Approach: Decide how to simulate each individual sub-
component:

(a) For computationally expensive or unknown components, employ machine learning-based em-
ulation or predictive models to mimic the “black box” behavior.

(b) For components with known mechanisms or relationships, leverage this domain knowledge and
simulate those parts directly.

(c) Selectively apply the appropriate simulation approach for each sub-component to strike a balance
between computational efficiency and fidelity to the system’s true dynamics.

4. Integrate heterogeneous simulation approaches: Integrate these heterogeneous simulation ap-
proaches into a cohesive and scalable platform. SEmulate accomplishes this by carefully coordinating
the data flow and causal interactions between the various sub-components, ensuring that the overall
system behavior accurately reflects the underlying domain knowledge and empirical observations.

5. Perform downstream tasks: Perform downstream tasks, such as conducting counterfactual esti-
mation or experimentation, by perturbing the causal graph and propagating the effects through the
simulation flow.

By combining the strengths of both traditional simulation techniques and data-driven machine learning
models, SEmulate offers a flexible and powerful desktop simulator that can tackle a wide range of complex
systems. As an illustrative example, we apply SEmulate to the retail supply chain simulation to illustrate
its usage. We first give a brief overview of an example of retail supply chain simulation system following
the MiniSCOT (Amazon 2021) simulator: it begins with strategic order placing decisions where the
system analyzes demand forecasts, inventory positions, and sales patterns across different retail locations
to determine the optimal purchase order quantities and inbound warehouses. These decisions incorporate
factors such as seasonal demands, promotional events, inventory holding costs, and vendor constraints to
generate purchase orders that specify order quantities and destination warehouses, while adhering to the
network and warehouse capacity (Maggiar et al. 2022). For large-scale retail businesses, the automated
ordering systems is typically one of the most computationally intensive optimization algorithms, due to the
multi-echelon planning nature spanning millions of products across hundreds to thousands of warehouse
nodes (Farias et al. 2025). Once these purchasing decisions are made, the procurement process places the
purchase orders to vendors, who determine whether to (partially) accept or reject the purchase orders, and
ship the inventory into the retailer’s fulfilment network for accepted orders. Inbound process handles the
inventory shipped from vendors into the warehouses, while incorporating vendors’ lead time (i.e., the time
it takes to ship inventory from vendors to warehouses). The outbound phase involves shipping inventory
out of the retailer’s fulfilment network to meet end customers’ demand.

Following the design of SEmulate, we first construct the causal relationship of the aforementioned
supply chain as shown in Figure 1. Based on the causal graph, we categorize the components into order
placing, procurement, inbound and outbound, and we choose the corresponding emulation/simulation
method according to the underlying mechanism in each component.

1. Order placing module: Order placing is one of the most critical components in supply chain
systems, it decides for each product, how many units we should buy into the warehouses. The
ordering system is a high-dimensional, large-scale multi-echelon stochastic optimization problem
in face of random demand and lead time, that is computationally very expensive. It first solves the
optimal ideal inventory level known as the target inventory position (TIP) for each product across
the warehouses. Given the supply, transfer cost, and capacity constraints in the network, it then
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Figure 1: High-level logic flow of SEmulate. Each component is represented either by an emulator or a
model designed according to the physical dynamics of the supply chain.

solves another high-dimensional, large-scale optimization problem to obtain the optimal ordering
quantities, which we term as the ordering quantity (OQ). In the forward-looking simulation system,
we typically simulate 7 weeks into the future, therefore the computation complexity grows linearly
with €(T), making it the biggest computation bottleneck in simulation. To reduce computational
complexity, we choose to emulate this module with ML models.

2. Procurement module: After we submit purchase orders (POs) to vendors, vendors decide whether
to (partially) accept or reject the orders. This is outside of the systems’ control with unknown
mechanism, hence we built a ML prediction model to predict vendor’s fill rate. The output of the
module is the expected order quantity the vendors will ship to us, which we phrase as the filled
quantity (FQ).

3. Inbound module: Given the predicted FQ, vendors ship the inventory to the warehouses. Assuming
a known vendor lead time (VLT) distribution, the arrival process is a relatively simple process
with known mechanism, hence we simulate it directly. In particular, we sample from the VLT
distribution to simulate the arrival time of the FQ. The output of this module is the simulated PO
inbound arrival, meaning how many units of the simulated POs arrive in each of the week over
the next few weeks’ horizon. In addition to the newly simulated POs, we also include the existing
POs in the real world that are expected to arrive, which we phrase as open PO. Similar to the
inbound process for simulated PO, we sample from the VLT distribution to simulate the arrival
time of open POs. The sum of the open PO inbound and the simulated PO inbound gives the total
inbound arrival units.

4. Outbound module: The outbound module refers to the process where inventories flow out of the
fulfillment network when we ship inventories to the end customers. Assuming a known demand
forecast distribution, it is a relatively simple process with known mechanism, hence we simulate
the outbound process with simplified physics which depends on the customer demand forecast and
available inventory in the warehouses.

5. Supply Update Module: This module dynamically update the supply states that include the status
of the in-flight POs and available inventory after all of the above modules at each timestep ¢. The
updated supply states are then fed into the order placing module at the next timestep ¢ + 1.

465



Lu, Lin, Ng, and Liu

We iterate through this cycle for each timestep ¢ into the future weeks, so that the evolution of each
product’s key supply chain metrics are propagated to the next computation cycle to generate predictions,
providing an explainable view of inventory evolution over time. The pseudo code can be found in Algorithm
1, where we denote s, as the set of all the supply chain metrics at time ¢ which contains both the inputs and
outputs. Note how some modules only impact the current time ¢ (e.g., Procurement only impacts the current
FQ) whereas some impact all future states (e.g., Inbound can impact inventory inbound in the future). This
minimal formulation enables rapid, explainable experimentation on supply chain interventions, capturing
key phenomena in inventory evolution. This light-weight hybrid simulator can easily run on desktops,
offering a rapid and quick experimentation platform for users to test out different interventions.

Algorithm 1 SEmulate
Input: Input features specified in Figure 1, highlighted in blue. Pre-trained ML models. Simulation horizon (total
number of timesteps) T.
Output: Intermediate/output features specified in Figure 1, highlighted in yellow/green.
fort<1toT do
s; <— OrderPlacing(s;.7)
s; < Procurement(s;)
sp.7 < Inbound(s;.7)
s; < Outbound(s;)
s; <— SupplyUpdate(s;)
end for
return so.7

3 METHODOLOGY ON INTEGRATING EMULATION INTO SIMULATION

In this section, we give more technical details for each of the components mentioned in Section 2. We
particularly emphasize the methodology in the Order Placing module given its biggest computation challenge.

3.1 Order Placing Module

Traditionally, the ordering algorithms are OR models that optimizes the decision variables (e.g., TIP and
0Q) subject to constraints (Hadley and Whitin 1963), and can be computationally costly (Maggiar et al.
2022). The novelty of SEmulate lies in that instead of solving the complex optimization, we utilize existing
data and leverage ML to learn the relationship between the input features and the optimized decisions.
Following the production system’s mechanism, we break the order placing module into two pieces: TIP
model fr;p and OQ model fpp respectively. For model selection on the form of fr;p and foo, SEmulate is
agnostic to the specific modeling choice. We provide a few default models and illustrate with one example
of the model selection process. For the Amazon use cases, we choose the model based on three different
perspectives: 1) accuracy; 2) explainability and 3) speed. The accuracy metric measures the predictive
power of the model; the explainability ensures that the learned input-output relationship aligns with the
business intuition. To elaborate, we know with domain knowledge how the inputs of the TIP model affect
TIP directionally: for example, higher demand forecast should lead to higher TIP, higher capacity cost
should lead to lower TIP, etc.. Hence an explainable model should reflect such monotonic relationship,
which is critical for downstream experimentation reliability. Finally, satisfactory speed metric ensures that
the simulator runs fast enough to meet the business timeline.

We provide a few default model choices, such as (monotonic) linear regression, (monotonic) tree-
based models (e.g., XgBoost) and an additive Gaussian Process model (Lu et al. 2022) with summary of
their attributes in Table 1. Users can specify their desired choice according to different requirements and
specific applications. For both the TIP and OQ models, we give example input features, but the method is
generalizable to any available set of input features.
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Table 1: Model comparison on the order placing modules with a few default modeling choices.

Model Accuracy Explainability Speed
Monotonic Linear Model low high highest
XgBoost high low high
Monotonic XgBoost high high high
Additive Gaussian Process high high low

3.1.1 TIP Model

We formulate TIP modeling into a supervised learning problem where the output variable TIP is a function
of the input features:

TIP, = frip({D}} e {CIYime L, TT,RP, p, p), (1)

where D/ denotes the quantiles of the demand forecast distribution at time ¢ with span #, C," denotes the
capacity cost at time ¢ with span h, h,,, denotes the maximum span, L. denotes the quantiles from the
vendor lead time distribution, 77 denotes the transfer time between inbound dock to storage warehouses,
RP denotes the review period, p denotes the product price and p denotes other economic features. Note that
D/ and C" are time-dependent as we incorporate the seasonality of the demand forecast and time-varying
capacity constraints. For our use case, we balance the three evaluation metrics in Table 1 and choose
the monotonic XgBoost model with monotone constraints [{17},,{—1"},,1,1,1,1,1] where 1 represents
monotonically increasing relationship whereas -1 represents monotonically decreasing relationship. Bold
font represents vectors.

3.1.2 OQ Model

With the same model selection criteria, we choose to fit a monotonic XgBoost model for the OQ in a
similar way with relevant features:

OQt:fOQ(TIPninSzth), (2)

where TIP, denotes the target inventory position at time ¢, i, denotes the inventory position at time £, s;
denotes the in-flight supply (PO) at time ¢ and ¢, denotes the cost-related features at time ¢, with monotonic
constraint [1,—1,—1,—1]. At inference time, we use the TIP model to predict TIP, which is then fed into
the OQ model, the supply features such as the on-hand inventory i, and in-flight supply s; are dynamically
updated and fed into the OQ prediction through time. In addition, we perform clustering pre-processing step
to segment different products into different buckets based on their volume. This alleviates the heavy-tail
problem where more popular products and less popular products exhibits different distribution and buying
behaviors. We found the segmentation step significantly improves the model accuracy empirically.

3.2 Procurement Model

We aim to answer the question: “Given x units of OQ for each product, how many units will the vendors
ship to us in total?” Since this is an unknown mechanism that is outside of the systems’ control, we choose
to build machine learning predictive models and we hereby give an example of such predictive model using
a time series approach. Suppose at test time ¢, there is a predicted OQ of OQ,, we first predict a fill rate r,
which we then multiple by OQ; to get the predicted FQ, for each product. We leverage features such as
historical fill rate, order quantity and seasonality (one can customize special holidays such as Thanksgiving
period etc. into this 1-hot encoding feature):

Iy :ffr(rtflart72a"' 7rt71710g(0Q[)aMtaz>7 FQ[ = OQI X Ty, (3)
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where r;_1,r_p,- -+ ,r;—r denotes the historical fill rates observed in the previous T orders, OQ; denotes
the OQ at time #, where due to the heavy-tailed nature of OQ, we take log(OQ) as the feature, M denotes
seasonality feature at time ¢, e.g., the month index using a one-hot encoding, z denotes the vector of
additional vendor features. Similarly to the model selection process in the order placing module, the choice
of fr is not unique, we found that both XgBoost and linear model achieve satisfactory explainability
without additional constraints.

3.3 Inbound and Outbound Modules

We follow the physics of the supply chain to generate the arrival inbound of each PO. To account for the
stochastic nature of the inbound process due to randomness in the time it takes for vendors to ship to us,
and the fact that a single PO can be split into multiple shipments arriving in different weeks, we leverage
Monte Carlo method to obtain an estimation of the arrival pattern. Specifically, for each predicted FQ (or
existing PO), we sample n VLT: L/ for j=1,---,n from the VLT distribution, after which we take the
average of the inbound arrival patterns for each product:

gl ~ Uniform(Q) for j=1,--- n, L{:Qq{fgrj: 1,---,n,
Vo =¥ A FQ for j=1,.n yzlz‘,yffors>=z. 4)
L] (L] ! o 5 n &= s

where Q denotes the quantiles of the VLT distribution, L{ denotes the sampled vendor lead time at time

t for Monte Carlo trial j, [-] denotes the floor integer part of a float number, y[]Jr ] denotes the inbound

arrival units at time ¢ + [L]] for trial j, y; denotes the average inbound arrival units at time s across n trials.

We model the outbound shipments for each product given the customer demand and available supply.
Specifically, we first sample a customer demand units from the demand forecast distribution Dy, e.g., with
span h =1 week, which represents weekly customer demands. We then simulate outbound shipment o,
accordingly conditioned on the available inventory for each product:

d; ~ Uniform(D}), o, =min(dy,iy). 5)

Finally we update the available inventory i, and in-flight PO s, to be used for the next timestep
t+1.

3.4 Putting it All Together

For machine learning order placing modules (TIP & OQ models), we train the models on synthetic data
that is simulated according to the news vendor buying policy from MiniSCOT. Test R-squared for both
TIP and OQ models are above 95%. In practice, the data we train the models upon are generated with
complex, computationally expensive order placing systems, where fitting a machine learning model reduces
the runtime substantially. We use a single-product anecdote to illustrate how SEmulate works end-to-end
with pre-trained models: we first sample synthetic input data to feed into SEmulate for inventory simulation,
where we assume the key inputs are generated in the following way: demand forecast: Gamma distribution
with a linear drift for each week: D, ~ Gamma(200,5) + 15¢, VLT distribution: L, ~ Uniform([3,40]),
price: $100, capacity cost: $0, other economic feature: $95, initial inventory: 500 units, initial in-flight
PO: 100 units, initial in-flight PO arrival pattern: 50%, 30% and 20% in the first 3 weeks respectively. The
key simulated metrics can be found in Figure 2. For example, on 2025-01-19, VLT = 7 days was sampled,
meaning that the FQ of 3500 units in 2025-01-19 will arrive one week later in the week of 2025-01-26 as
shown in the simulated inbound arrival plot. For outbound, we drain customer demand by sampling from
demand forecast distribution and update the inventory states to be used in the next weekly computation
cycle: in the week of 2025-01-26, the customer outbound shows 0 because there is no inventory available
for sale.
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Figure 2: Single-product illustration of SEmulate.
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Figure 3: Demand forecast intervention.

4 APPLICATIONS

In this section, we demonstrate SEmulate’s applications on both synthetic and real-world examples. To
begin, we demonstrate SEmulate’s capability to quantify the sensitivity of its output to changes in its input
features.

4.1 Demand Forecast Counterfactual Estimation

Customer demand forecast is one of the most important inputs that affects order placing decisions and
the customer outbound. How much a retailer order from vendors depend heavily on the end-customers’
upcoming demand. A small lift in the demand forecast can lead to a large increase in the ordering,
potentially disturbing the capacity management. Being able to estimate the impact of demand forecast is
critical for the supply chain operation, so that the business can adjust labour planning and capacity control
accordingly to prepare in advance for large increase in inventory inbound.

As an illustration, suppose the demand forecast distribution changes from Gamma(200, 5) (control group)
to a different distribution Gamma(400,3) (treatment group) as shown in Figure 4, we apply SEmulate
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with both the original Gamma in the control group and the intervened Gamma in the treatment group to
obtain the corresponding inventory impact for the total arrival units. We highlight that SEmulate follows
the causal relationship of the supply chain system where both the order placing decisions and the outbound
customer shipment are affected. Figure 4 shows the impact on TIP, outbound customer shipment, OQ and
the total arrival. Aligning with our business intuition, a lift in the demand forecast leads to increase in the
ordering and the incoming arrival volume, as well as the outbound shipment.
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Figure 4: Demand forecast intervention counterfactual estimation.

4.2 VLT Counterfactual Estimation

VLT is another key input that impacts the supply chain systems. Similar to the demand forecast, it also
affects multiple supply chain systems: 1) order placing decisions are affected, typically the longer the
vendor lead time, the more orders are placed for the longer weeks of cover; 2) the arrival time of the POs
is affected.

As an illustration, suppose the VLT distribution shifts by 5 days from Uniform([3,40]) (control group)
to Uniform([8,45]) (treatment group), we apply SEmulate with both the original VLT in the control group
and the intervened VLT in the treatment group to get the corresponding inventory impact for the total
arrival units. Figure 5 shows the impact on TIP, sampled VLT, OQ and the total arrival. We observe that
TIP increases as expected as higher inventory position is needed to account for the longer vendor lead
time. We also observe a lift in ordering and arrival units initially, and a shift to later weeks in arrival due
to increased sampled lead time.

4.3 Inbound Model Comparison

In addition to quantifying the downstream supply chain impact due to input changes, SEmulate can also
be used to test certain system features or models. For example, one may be interested in testing the impact
of the number of Monte Carlo samples n in equation (4). Specifically, for the control group: sample n =1
single VLT from the uniform VLT distribution, then generate the arrival pattern with the arrival module
Sarrival- For the treatment group: sample n = 10 VLTs uniformly and simulate » = 10 arrival times, then
take the average of the arrival quantities for each week. The resulting impact are displayed in Figure 6.
We observe much smoother ordering and arrival pattern due to increased number of Monte Carlo samples
of VLT.
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Figure 5: VLT distribution intervention counterfactual estimation.
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Figure 6: VLT Monte Carlo sampling counterfactual estimation.

4.4 System Intervention

In addition to testing the models behind supply chain systems, one can also test certain system interventions.
For example, large retail businesses typically have certain guardrails to control the number of ordering, to
prevent the order placing system from ordering too much or too little, either way will cause undesirable
effect on the supply chain operation. As an illustrative example, suppose there is a default upper guardrail
on OQ, such that it cannot exceed a certain threshold M. Intervening on the guardrail will impact the
ordering behavior. Suppose we change M from unconstrained units to 3000 units, its counterfactual impact
can be found in Figure 7. We observe that enabling the constraints in ordering leads to lower total arrival
units in early weeks. The decreased ordering and inventory level in later weeks results in higher ordering
in middle weeks, which further leads to no ordering in the last few weeks.

Order Quantity Total Arrival
24000 — Control 4000 —— Control
':;_,l Treatment © Treatment
5 2
> fu
© 2000 = 2000
[ -
g \/\—/\/\—\/ 8 /\/\
0+ 9

x@ 1@ &,oglx&r% 0&%,033 x%r[’" 3»0 06 "6063 gx” ,101 ng ngx%'%sg% Qg,b xfg,lgq) N og A 06,0

253 1‘,1 92 NN DA 1‘,1 32 'L?L 32 1‘> %"L‘) 83513 ’Zf" PR ‘)’ DA 'L?L SIS 1‘) s 1‘,1 %’L‘f

Week Week

Figure 7: System intervention counterfactual estimation.
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4.5 Amazon’s Supply Chain Simulation

We apply SEmulate on a real-world application to enhance Amazon’s retail supply chain simulation system.
In particular, the baseline Amazon simulation system is a complicated OR based system that integrates
multiple Amazon’s production systems, resulting in a high-fidelity, low-efficiency simulator. We evaluate
the performance of SEmulate from three perspectives: 1) accuracy and 2) efficiency and 3) capability
with performance summary shown in Table 2. For 1), since our business use case cares most about the
weekly aggregated inbound arrival volume across millions of products, we compare the simulated inbound
inventory volume against the real world volume for both the baseline simulator and SEmulate, where we
do not observe tangible degradation on accuracy. For 2), we compare the runtime of the two simulators.
We observe SEmulate achieves significant improvement in efficiency with orders of magnitude reduction
in runtime. In addition to improving the efficiency for the baseline simulator, SEmulate is applied to a
broad range of use cases in Amazon internally with extended capability. In particular, when testing new
features in the supply chain systems, building ML models with SEmulate takes a few minutes, whereas
integrating the features into a conventional simulation system can take weeks of development effort, or
even worse, can be infeasible due to architecture constraints. In such use cases, SEmulate is applied in the
same way as illustrated in the synthetic examples, enabling rapid experimentation.

Table 2: Performance of SEmulate against Amazon’s retail supply chain simulation. SEmulate reduces
the runtime by 90% at a cost of 3% degradation in simulation accuracy. SEmulate enabled 2 additional
business use cases which is not feasible with existing simulators.

‘ relative accuracy gain ‘ relative runtime reduction ‘ #. use case expansion

SEmulate | 3% | -90% | +2

S CONCLUSION

In this paper, we propose SEmulate, a hybrid framework that integrates ML into simulation. It follows
the causal relationship of the systems, where depending on the nature of the sub-component, it decides
whether to use emulation or predictive ML models, or simulate according to known mechanism directly.
We focus on applying SEmulate for supply chain simulation particularly, where we described the core
technology under the SEmulate framework along with illustrative examples to demonstrate its applicability
and performance.

We demonstrated how to leverage SEmulate to conduct experimentation on a wide range of examples,
both on synthetic data and real-world simulation systems. We showcased the extended capability and
improved efficiency of SEmulate on multiple use cases. For example, SEmulate can be used to quickly
provide sensitivity analysis on input perturbation to understand how different inputs in the supply chain
systems affect the downstream metrics, or the interaction between different systems. It can also be used for
counterfactual estimation of system changes or input updates, such as testing the impact of a new demand
forecast model, or VLT models.

SEmulate is flexible enough to adjust to different systems’ behavior, and obey causal relationship
between the system components. It is not limited to the specific applications outlined in this paper, and
can be applied beyond supply chain simulation systems. Future work involves generalizing SEmulate to
systems where the causal relationship is partially known or unknown, and expanding its capability to not
only emulate systems, but also to optimize certain systems.
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