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Low-power wireless mesh networks (WMNs) have been widely deployed to connect sensors, actuators, and
controllers in industrial facilities. As industrial WMNs become increasingly heterogeneous and complex, recent
research has reported that resorting to advanced machine learning techniques to configure WMNs presents
significant performance improvements compared to traditional methods. However, it is costly to collect
sufficient data to train good network configuration models in many industrial facilities. In such scenarios, the
benefits of using learning-based methods that depend on a large amount of data are outweighed by the costs.
Recently there have been growing interests in using simulations to configure WMNs because simulations
can be set up in less time and introduce less overhead. Unfortunately, recent studies show that the network
configuration selected from a simulated network may not be able to help its corresponding physical network
achieve desirable performance due to simulation-to-reality gap. In this paper, we present a novel solution that
leverages multi-source domain adaptation and feature masking to configure the network. Experimental results
show that our network configuration solution effectively closes the simulation-to-reality gap and provides
84.85% prediction accuracy when it uses cheaply generated simulation data and 440 data traces collected from
the physical network for training.

CCS Concepts: • Networks→Wireless local area networks; Network management; Network simu-
lations; Network performance modeling; Network measurement; • Computing methodologies→
Machine learning approaches.

Additional Key Words and Phrases: Industrial Wireless Mesh Networks, Network Configuration, Multi-Source
Domain Adaptation

1 INTRODUCTION
Industrial Internet of Things (IoT) promises one of the largest potential economic effects of IoT
– up to $47 trillion in added value globally by 2025, according to the McKinsey report on future
disruptive technologies [38]. Industrial wireless mesh networks (WMNs), the underlying support
of industrial IoT, typically connect sensors, actuators, and controllers in industrial facilities [34].
Over the last decade, the networks that implement the IEEE 802.15.4-based WMN standards, such
as WirelessHART [60], ISA100 [25], WIA-FA [23], and 6TiSCH [24], have been widely deployed in
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various industrial facilities including manufacturing plants, steel mills, and oil refineries. A decade
of real-world deployments has demonstrated the feasibility of using low-power wireless technology
to achieve reliable communication in industrial facilities.

Although WMNs achieve good performance most of the time thanks to decades of research, they
are difficult to configure, because configuring an industrial WMN is a time-consuming, complex
process, which involves theoretical computation, simulation, and field testing, among other tasks.
If the network or the application requirement changes, the field engineers may have to repeat the
whole network configuration process. As industrial WMNs become increasingly heterogeneous and
complex, a breadth of recent research has reported that resorting to advanced machine learning
techniques to configure WMNs presents significant performance improvements compared to
traditional methods [39, 61, 63]. However, it is very costly to collect sufficient data to train good
network configuration models in industrial facilities. In such scenarios, the benefits of using
learning-based methods that depend on a large amount of training data are outweighed by the costs.
To address the issue, there have been growing interests in using network simulations to configure
physical networks [32, 51] because a simulation can be quickly implemented and set up, introduces
little to no communication overhead, and allows for different configurations to be evaluated under
exactly the same conditions. However, Shi et al. show that the network configuration selected from
simulations may fail to help the physical network achieve its desirable performance due to the
simulation-to-reality gap and propose a single-source domain adaptation method, namely SDA,
to narrow the gap [50]. Unfortunately, SDA cannot close the gap when using the data generated by
a single simulator and leaves a more than 10% accuracy gap.
In this paper, we present an empirical study to better understand the simulation-to-reality gap

in network configuration and introduce MARIA, aMulti-source domain Adaptation solution for
wiReless network confIgurAtion, which uses a large amount of simulation data together with a
small amount of physical data to close the gap. To our knowledge, this paper represents the first
study that explores the benefit of using the data generated by multiple simulators to configure
industrial WMNs. Specifically, we make the following contributions:

• We present an empirical study that investigates the benefit of using the data produced by
multiple simulators to train network configuration models;
• We formulate the network configuration prediction as a multi-source domain adaptation
problem and develop MARIA to close the simulation-to-reality gap in network configuration;
• We develop a new method that selects simulation data sets for MARIA to deliver best
performance and a masking mechanism to enhance the performance and robustness of
MARIA;
• We develop an adaptive feature masking mechanism that equips MARIA with an embedding
layer and a learnable masking layer that selectively suppresses simulator-specific artifacts
while preserving transferable network configuration knowledge;
• We implement MARIA and evaluate it using four simulators and a physical network that
consists of 50 devices. Experimental results show that MARIAwith feature masking effectively
closes the simulation-to-reality gap and attains a prediction accuracy of 84.85% by combining
low-cost simulation data with only 440 data traces collected from the physical network. In
contrast, a deep neural network (DNN) trained exclusively on physical data requires 3,080
expensive traces to achieve 80.39% accuracy.

The remainder of our paper is organized as the following sections. Section 2 introduces the
background ofWirelessHART networks and the data sets used in our empirical study and evaluation.
Section 3 presents our empirical study. Section 4 and Section 5 introduce the design of MARIA and
our simulation data selection method. Section 6 presents our adaptive feature masking mechanism.
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Section 7 evaluates MARIA. Section 8 reviews the related work. Section 9 discusses how to employ
MARIA in different networks. Section 10 concludes the paper and presents future work.

2 BACKGROUND AND DATA SETS
In this section, we first introduce the background of WirelessHART networks and then present the
data sets, which are used in our empirical study and evaluation.

2.1 WirelessHART Networks
In this paper, we use the configuration of WirelessHART networks [60] as an example to present
our empirical study and network configuration solution. Today the networks that implement the
WirelessHART standard are the most widely used in industrial facilities. For instance, Emerson
Process Management, one of the leading WirelessHART network suppliers, has deployed more than
54,835WirelessHART networks globally and gathered 19.7 billion operating hours of experience [18].
Typically, a WirelessHART network consists of a gateway, multiple access points, and a set of field
devices. The network manager, a software module that runs on the gateway, is responsible for
performing the management operations, such as collecting link statistics, generating routes, and
scheduling transmissions. To meet the stringent real-time and reliability requirements posed by
industrial IoT applications, WirelessHART adopts the IEEE 802.15.4 physical layer and employs the
time slotted channel hopping (TSCH) technique in the medium access control (MAC) layer. TSCH
is designed to combat narrow-band interference and multi-path fading by combining time-slotted
medium access, multi-channel communication, and channel hopping. Under TSCH, time is divided
into slices of fixed length (e.g., 10𝑚𝑠) that are grouped into a slotframe. Each time slot is long enough
to transmit a data packet and an acknowledgement between a pair of communicating devices. All
network devices are time synchronized and share the notion of a slotframe that repeats over time.
A WirelessHART network uses up to 16 channels and all devices perform channel hopping in each
time slot. WirelessHART supports both source routing and graph routing. For each data flow, source
routing provides a single route between source and destination, while graph routing provides a
primary route and a set of backup routes to improve the network reliability by taking advantage of
route diversity. Therefore, each network device is required to have at least two outgoing routes
under graph routing.

2.2 Configuration-Performance Data Sets
In this paper, we use the data shared by Shi et al. [50]. The data consists of five data sets: D𝑝 , D1,
D2, D3, and D4. D𝑝 contains the data traces collected from a physical network with 50 TelosB
motes [48], which runs the open-source WirelessHART implementation [59] and has six data
flows with different sources, destinations, data periods, and priorities. Three performance metrics,
including the end-to-end latency 𝐿, the battery lifetime 𝐵, and the end-to-end reliability 𝐸, are
selected as the requirements for configuring theWirelessHART network. To meet such performance
requirements, three configurable network parameters, including the packet reception ratio (PRR)
threshold for link selection 𝑅, the number of physical channels used in the network 𝐶 , and the
number of maximum transmission attempts per packet 𝐴, are used to generate the routes and
transmission schedule for the network operation. When 𝑅 ∈ {0.60, 0.61, ..., 0.90}, 𝐶 ∈ {1, 2, ..., 8},
and 𝐴 ∈ {1, 2, 3}, there exist 744 (31 ∗ 8 ∗ 3) parameter combinations. The network manager may
generate the same routes and transmission schedule for different network parameter combinations.
After removing the redundant configurations that result in the same routes and transmission
schedule, there are 88 distinct network configurations. The experiments are performed under
each of 88 network configurations and the network performance (𝐿, 𝐵, and 𝐸 values) is measured
and stored as a data trace every 50𝑠 . Under each network configuration, 75 network performance
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Fig. 1. Prediction accuracy when different numbers of matches are removed.
traces are collected, resulting in 6,600 (75 ∗ 88) data traces in total. The same WirelessHART
implementation and settings are adopted to perform simulations in the TOSSIM simulator [54], the
ns-3 simulator [41], the Cooja simulator [12], and the OMNeT++ simulator [42] to create D1, D2,
D3, and D4, respectively. D1, D2, D3, and D4 contain the simulated network performance traces
under each network configuration gathered from these four simulators. Each of D1, D2, D3, and
D4 also contains 6,600 data traces (75 traces under each of 88 configurations).

3 EMPIRICAL STUDY
In this section, we first formulate the configuration of an industrial WMN as a machine learning
problem and introduce our experimental setup.We then present our empirical study that explores the
benefit of using multiple simulators to close the simulation-to-reality gap in network configuration.

3.1 Problem Formulation
The primary purpose of configuring an industrial WMN is to select the network configuration,
which can help the network achieve its desirable performance. Therefore, the network configuration
problem can be formulated as a machine learning problem with the goal of learning a nonlinear
mapping 𝑓𝜃 (·) : x→ y, where x is an input vector of application-specified performance require-
ments and y is a vector of network configuration parameters, which allows the network to meet the
performance requirements x. Here, we let x = 𝑐𝑜𝑛𝑐𝑎𝑡𝑒𝑛𝑎𝑡𝑖𝑜𝑛(𝐿, 𝐵, 𝐸) and y = 𝑐𝑜𝑛𝑐𝑎𝑡𝑒𝑛𝑎𝑡𝑖𝑜𝑛(𝑅,𝐶,𝐴).
𝜃 denotes the model parameters that are learned from the training data in a data-driven manner.
The network configuration parameter values y can be discretized without losing the generality.
Therefore, 𝑓𝜃 can be further restricted as a discriminative model, which solves a classification
problem: the classifier 𝑓𝜃 predicts the network configuration y, which allows the network to meet
the performance requirements x.

3.2 Experimental Setup
The primary goal of our empirical study is to answer the question:Whether using the data produced
by multiple simulators can better close the simulation-to-reality gap in network configuration than
relying on a single simulator.

We use D1, D2, and D𝑝 (see Section 2.2) in our study. To facilitate the comparisons among D1,
D2, and D𝑝 , we preprocess the data by discretizing the performance measurements x. Specifically,
we divide each performance metric into a set of regions and map each performance measurement
into one of those regions. For example, all the measurements on the end-to-end latency ranges
between 100.12𝑚𝑠 and 499.93𝑚𝑠 . We divide the latency range [100, 500)𝑚𝑠 into 80 regions, map
the measurements (e.g., 103.17𝑚𝑠 , 290.38𝑚𝑠 , and 498.85𝑚𝑠) into those regions, and convert the
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Fig. 2. The percentage of matches under each network configuration in D1 or D2.

Fig. 3. The increased percentage of matches under each network configuration in D1+2.

measurements into the region IDs (e.g., 1, 39, and 80). Each of D1, D2, and D𝑝 contains 6,600 data
tuples, each of which consists of x and y. For ∀(𝑥,𝑦) ∈ D𝑝 , we define the tuple (𝑥,𝑦) as a match in
D1 if (𝑥,𝑦) exists in D1 and count the number of matches in D1. We follow the same method to
count the number of matches in D2.
We use the number of matches in each simulation data set as a metric to quantify how much

network configuration knowledge learned from it can be applied in D𝑝 , because there exists
a strong positive correlation between the number of matches in a data set and the prediction
accuracy provided by the machine learning models trained with it. We have performed experiments
to confirm this. Specifically, we remove different numbers of matches in a simulation data set,
train network configuration models using it, and then measure the prediction performance. For
example, Figure 1 shows the prediction accuracy provided by DNN and SDA models on D𝑝 when
the percentage of matches removed from D1 varies from 0% to 90%. Both DNN and SDA provide
lower prediction accuracy when more matches are removed from D1. The prediction accuracy
achieved by DNN is 33.45% when no match is removed fromD1. The prediction accuracy decreases
to 10.15% when 90% of matches are removed. Similarly, the prediction accuracy provided by SDA
decreases from 70.02% to 59.31% when the percentage of matches removed from D1 increases from
0% to 90%. More importantly, we observe very high correlation coefficients between the number
of matches and the prediction accuracy. The Pearson correlation coefficient under DNN is 0.997
and the one under SDA is 0.984. The results show that the number of matches in a simulation data
set is a good metric to reflect how much network configuration knowledge learned from it can be
applied in the physical data.

3.3 Results and Observations
To better understand the simulation-to-reality gap in network configuration, we count the number
of matches under each network configuration and divide each number by the number of data tuples
under a configuration (75) to calculate the percentages of matches. Figure 2 plots the percentage
of matches under each network configuration (from 1 to 88). As Figure 2 shows, D1 does not
have any matches under 29 network configurations. For example, D1 does not have any matches
under Configuration 70, thus it is very unlikely for the machine learning model trained with D1
to make good predictions under this configuration. D2 also does not contain any matches under
29 configurations. The small percentages of matches under more than half of 88 network configu-
rations explain the cause of the simulation-to-reality gap in network configuration. The network
configuration model learned from simulations cannot work well in a physical network because of
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Fig. 4. Prediction accuracy on physical data when using different simulation data sets.

the domain discrepancy. Such domain discrepancy results from the fact that the theoretical models
adopted by the simulators cannot precisely capture extensive uncertainties and variations such
as interference in real-world deployments. To investigate whether it is beneficial to use the data
produced by multiple simulators for training, we combine D1 and D2, count the matches in the
combined set D1+2, and compare them against the ones in D1. We divide the increased matches
under each network configuration by 75 to compute the increased percentage of matches. Figure 3
plots the increased percentage of matches under each configuration. As Figure 3 shows, compared
to D1, D1+2 contains more matches under 10 network configurations. For example, D1+2 gets five
more matches (6.67%) under Configuration 2. More importantly, under Configuration 79 and 85,
D1+2 contains matches (79: 4.0%; 85: 5.33%) while D1 does not have any matches. D2 is generated
by ns-3, which adopts a theoretical model different from that of TOSSIM. Such a model provides
the knowledge, which cannot be learned from D1. Therefore, D1 and D2 provide complementary
knowledge on network configuration.

Observation 1: The data produced by multiple simulators carries more matches than a single simula-
tion data set, which can help on better closing the simulation-to-reality gap in network configuration.

As Figure 3 shows, the combined set does not have any matches under some network configura-
tions. This emphasizes the importance of using the data collected from the physical network to
learn the missing knowledge. Therefore, it is important to develop a solution that makes good use of
the data generated by multiple simulators and the one collected from the physical network. A naive
solution is to combine the data generated from multiple simulators and use it as the single source
domain for domain adaptation. To investigate the performance of such an approach, we use half
data from the combined set as the training data and employ SDA to perform training. Figure 4 plots
the prediction accuracy when we use the combined D1 and D2, together with different amounts of
data traces collected from the physical network for training. As Figure 4 shows, SDA cannot take
the advantage of the combined data and its prediction accuracy when using the combined data
is lower than the one when only using D1 or D2. For example, when SDA uses D1, D2, and 88
data traces (one data trace under each of 88 configurations) collected from the physical network
for training, SDA achieves 51.67% accuracy. As a comparison, it provides 55.98% accuracy without
using D2 and 53.22% accuracy by using D2.

Observation 2: Simply mixing the data generated by multiple simulators for domain adaptation
cannot effectively improve accuracy.
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4 MARIA
Motivated by our observations in Section 3.3, we develop MARIA, a multi-source domain adaptation
solution for wireless network configuration, which uses a large amount of simulation data generated
by multiple simulators together with a small amount of physical data to close the simulation-to-
reality gap. Specifically, we consider𝑀 source domains (the data produced by𝑀 simulators): D𝑠

1 ,
D𝑠

2 , ..., D𝑠
𝑀
, and one target domain D𝑡 (the data collected from the physical network). We name

source domain as simulation domain and target domain as physical domain in the rest of this paper.
Each simulation domain consists of data traces D𝑠

𝑘
= {(𝑥𝑠𝑖 , 𝑦𝑠𝑖 )}

𝑁 𝑠
𝑘

𝑖=1, 𝑘 = 1, 2, ..., 𝑀 , where 𝑥𝑠𝑖 is the
𝑖-th input vector of performance requirements, 𝑦𝑠𝑖 is the corresponding network configuration
label, and 𝑁 𝑠

𝑘
is the number of the data traces in the 𝑘-th simulation domain. The physical domain

consists of data tracesD𝑡 = {(𝑥𝑡𝑖 , 𝑦𝑡𝑖 )}𝑁
𝑡

𝑖=1, where 𝑁
𝑡 is the number of the data traces in the physical

domain. The creation of D𝑡 is much more costly than creating D𝑠
𝑘
, therefore our goal is to learn a

good classifier 𝑓𝜃 from the data traces in multiple simulation domains and a little physical domain
data (𝑁 𝑡 ≪ 𝑁 𝑠

𝑘
).

Inspired by the efforts that employ multi-source domain adaptation in surface electromyography
physiological signal processing [9, 52], video concept detection [17], image classification [55] as well
as the theoretical analysis [6, 37], MARIA trains the classifier 𝑓𝜃 based on the weighted simulation
domain data and a few physical domain data traces. Specifically, the classifier 𝑓𝜃 is learned by
optimizing the following loss function:

L(𝜃 ) = L𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙 + 𝛼L𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 (1)

where 𝜃 denotes the parameters of the classifier learned during the minimizing loss process, 𝛼 is a
weighting factor, which is used to achieve the balance between the loss on physical domain data
L𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙 and the loss on simulation domain data L𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 .

Classification loss on physical domain L𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙 : L𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙 allows the classifier to learn from a
small amount of physical domain data by employing the cross-entropy loss:

L𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙 = − E
(x,y) ∈D𝑡

𝑦 log(𝑓𝜃 (𝑥)) (2)

where y is the one-hot label and 𝑓𝜃 (𝑥) is the prediction provided by the classifier.

Domain Alignment loss L𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛: L𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 helps the classifier learn from a larger amount
of the simulation data generated by different simulators. Although the distribution of data traces in
each simulation domain is different from the one in the physical domain, each simulation domain
shares a few matches with the physical domain. Therefore, the classifier can learn more knowledge
on the input feature space and the corresponding classification label of the physical domain when
training with the matches of different simulation domains.
Motivated by the observation that different simulation domains share different numbers of

matches with the physical domain (as Figure 2 shows), MARIA employs a set of weighting factors
to differentiate the contributions of different simulation domains to the loss L𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 and uses
such a weighting scheme to ensure the better use of those simulation domains that contain more
matches and less use of the simulation domains that contain many duplicated even conflicted
data traces in the training process. Specifically, MARIA uses the maximum mean discrepancy
(MMD) criterion proposed in [7] to measure the relevance between each simulation domain and the
physical domain. The core idea of MMD is to match two distributions based on the mean of features
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in the reproducing kernel Hilbert space (RKHS) after mapping them to RKHS. By computing MMD
between each simulation domain and the physical domain, MARIA defines the weighting factor 𝛽𝑖
and assigns it to its corresponding cross-entropy loss. Finally, L𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 is decided by calculating
the function:

L𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 = −
𝑀∑︁
𝑖=1

𝛽𝑖 E
(x,y) ∈D𝑠

𝑖

𝑦 log(𝑓𝜃 (𝑥)) (3)

where 𝛽𝑖 denotes the relevance between D𝑠
𝑖 and D𝑡 . To compute 𝛽𝑖 , MARIA first measures the

MMD value between each simulation domain and the physical domain, applies the exponential
function to each measured value, and then adds them up. Finally, 𝛽𝑖 is calculated according to the
ratio of the single MMD value to the sum of all values. Specifically, 𝛽𝑖 is adjusted by calculating the
following function:

𝛽𝑖 =
exp(−𝛾 (𝐷𝑖𝑠 (D𝑠

𝑖 ,D𝑡 ))𝛿 )∑𝑀
𝑖=1 exp(−𝛾 (𝐷𝑖𝑠 (D𝑠

𝑖
,D𝑡 ))𝛿 )

(4)

where 𝐷𝑖𝑠 (D𝑠
𝑖 ,D𝑡 ) denotes the measured MMD value between D𝑠

𝑖 and D𝑡 , 𝛾 and 𝛿 are the
coefficients to adjust the spread of 𝐷𝑖𝑠 (D𝑠

𝑖 ,D𝑡 ).
Our implementation adopts a DNN architecture that consists of three fully connected layers. It

uses 𝐿, 𝐵, and 𝐸 as the input features of 𝑥𝑖 , two hidden layers, and the rectified linear unit (ReLU)
as the activation function for those hidden layers. In addition, our implementation sets the number
of neurons in the output layer to 88 (equal to the number of all distinct network configuration
categories) and employs the softmax function as the activation function for the output layer. While
considering the number of total data traces, our implementation sets the batch size equal to the
number of data traces and updates the parameters 𝜃 once in each epoch to speed up the training
process. Our implementation employs the Adam optimizer [27] to optimize the parameters 𝜃 and
configures the learning rate to 0.12. We set 𝛾 = 1000 and 𝛿 = 2 when we compute 𝛽𝑖 for each
simulation domain before optimizing the loss function L(𝜃 ).

5 SIMULATION DATA SELECTION
MARIA is designed to train network configuration models based on input simulation and physical
data. However, it is not always beneficial to use all available data for training because some
simulation data sets may not carry unique network configuration knowledge. Moreover, having
more simulation domains increases the difficulty of optimizing a good network configuration
model.

Inspired by the insights learned in Section 3.3, we develop a method that selects the simulation
data sets for training based on a small amount of physical domain data in D𝑡 . To reduce the
difficulty of optimizing the loss, our method minimizes the number of simulation domains used for
training and makes sure that the selected simulation data sets include all matches. Specifically, we
consider𝑀 sets: 𝑇𝑘 , 𝑘 = 1, 2, ..., 𝑀 , where 𝑇𝑘 is associated with the 𝑘-th domain D𝑠

𝑘
and includes all

matches when comparing D𝑠
𝑘
with D𝑡 . The number of sets𝑀 is equal to the number of simulation

domains. The union of those𝑀 sets contains all matches in all simulation data, namely the universe.
Therefore, the simulation domain selection problem can be formulated as the set cover problem,
which aims to identify the smallest sub-collection of those𝑀 sets whose union equals the universe.
We have proved the problem to be NP-hard and omitted the proof here due to space limit.

Our simulation data selection method removes each simulation data set, which does not contain
unique matches, from the initial𝑀-set collection one by one. Algorithm 1 illustrates our method
with a collection of simulation data sets 𝑇1, 𝑇2, ..., 𝑇𝑀 as its input. Algorithm 1 first initializes a
counter 𝑛 for the number of redundant sets, an array 𝑐𝑜𝑢𝑛𝑡 , and a collection of sets 𝑆 (line 1). It
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Algorithm 1 Simulation Data Selection Method
Require: 𝑇1, 𝑇2, ..., 𝑇𝑀
Ensure: a sub-collection

Initialize 𝑛 = 0, 𝑐𝑜𝑢𝑛𝑡 [] = {0}, 𝑆 = {𝑇1,𝑇2, ...,𝑇𝑀 };
∀𝑝, 𝑞 ∈ [1 .. 𝑀], initialize𝑈 𝑞

𝑝 =𝑇𝑝 ∩𝑇𝑞 if 𝑝 ≠ 𝑞; otherwise𝑈 𝑞
𝑝 = ∅;

for 𝑖 ← 1 to𝑀 do
for 𝑗 ← 1 to𝑀 do

If𝑈 𝑗

𝑖
≠ ∅, 𝑐𝑜𝑢𝑛𝑡 [𝑖] = 𝑐𝑜𝑢𝑛𝑡 [𝑖] + 1;

If 𝑇𝑖 =
⋃𝑀

𝑗=1𝑈
𝑗

𝑖
, 𝑛 = 𝑛 + 1;

for 𝑛 ≥ 1 do
if 𝑛 > 1 then

if ∃𝑇𝑝 ⊆ 𝑇𝑞 and 𝑇𝑝 ,𝑇𝑞 ∈ 𝑆 (𝑝, 𝑞 ∈ [1 .. 𝑀], 𝑝 ≠ 𝑞) then
𝑆 = 𝑆 −

{
𝑇𝑝

}
;

else
Identify 𝑇𝑝 among the 𝑛 sets, where 𝑐𝑜𝑢𝑛𝑡 [𝑝] is the least ;
𝑆 = 𝑆 −

{
𝑇𝑝

}
;

else
𝑆 = 𝑆 −

{
𝑇𝑝

}
; // 𝑇𝑝 is the only one

∀𝑟 ∈ [1 .. 𝑀],𝑈 𝑟
𝑝 =𝑈

𝑝
𝑟 = ∅;

𝑛 = 0, 𝑐𝑜𝑢𝑛𝑡 [] = {0};
for 𝑖 ← 1 to𝑀 do

for 𝑗 ← 1 to𝑀 do
If𝑈 𝑗

𝑖
≠ ∅, 𝑐𝑜𝑢𝑛𝑡 [𝑖] = 𝑐𝑜𝑢𝑛𝑡 [𝑖] + 1;

If 𝑇𝑖 ∈ 𝑆 and 𝑇𝑖 =
⋃𝑀

𝑗=1𝑈
𝑗

𝑖
, 𝑛 = 𝑛 + 1;

Output 𝑆 ;

also initializes the intersection between each pair of sets𝑈 (line 2). Then, it traverses each pair of
sets in a two-level nested loop and counts the number of non-empty intersections for each set (line
3-5). If a set does not contain unique matches, this set is a candidate that can be removed from 𝑆

and 𝑛 increases by one (line 6). There may be more than one candidate. If any set 𝑇𝑝 is a subset of
𝑇𝑞 , 𝑇𝑝 is removed from 𝑆 to eliminate the inclusion relation (line 9-10). When a redundant set is
removed, the sets that represent this redundant set may have to be kept in the final sub-collection.
To minimize the final sub-collection, Algorithm 1 sorts 𝑐𝑜𝑢𝑛𝑡 and removes 𝑇𝑝 with the least value
in 𝑐𝑜𝑢𝑛𝑡 among 𝑛 candidates (line 12-13). If 𝑇𝑝 is the only candidate, it is removed (line 15). Then,
the intersections associated with 𝑇𝑝 are emptied (line 16). Accordingly, the counter 𝑛 and 𝑐𝑜𝑢𝑛𝑡 are
updated to check whether there still exists any redundant set (line 18-21). Finally, the collection 𝑆

is the output (line 22). Therefore, the simulation data sets associated with the sets in 𝑆 are selected
for MARIA.

6 ADAPTIVE FEATURE MASKING FOR ROBUST MULTI-SOURCE DOMAIN
ADAPTATION

MARIA leverages both simulation and physical data to train network configuration models. How-
ever, simulation data is heterogeneous because it contains two very different types of information.
One part reflects transferable network dynamics that capture general principles of wireless be-
havior and remain valid across both simulation and real deployments. The other part consists of
simulator-specific artifacts introduced by modeling assumptions, numerical approximations, and
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tool limitations. These artifacts act as domain-dependent noise and can mislead learning models
if not properly handled. As a result, MARIA must perform selective knowledge transfer: it must
extract and use the valuable, transferable aspects of simulation data while suppressing the harmful
influence of simulator-specific noise. Achieving this balanced transfer is critical to ensure that
models trained with limited real-world data can still generalize effectively to practical wireless
network deployments.

6.1 Motivation and Problem Analysis
The empirical analysis in Section 3 reveals a critical challenge in multi-source domain adaptation for
network configuration: while multiple simulators provide complementary knowledge (Observation
1), naively combining their outputs degrades performance (Observation 2). This paradox stems from
the heterogeneous reliability of simulation-derived features across different network configurations
and simulators. As Figure 2 and 3 show, simulation domains exhibit highly variable alignment
with the physical domain, while simultaneously providing valuable knowledge under others. This
configuration-dependent reliability creates a fundamental tension: we need simulation data to
overcome physical data scarcity, yet indiscriminately using all simulation features introduces
contradictory gradient signals during training.

Our preliminary experiments quantify this challenge: when training data decreases from 440 to 88
physical traces (one sample per configuration), prediction accuracy drops precipitously. This severe
degradation indicates that standard DNN architectures cannot effectively discriminate between
reliable and unreliable simulation features when physical supervision is limited.

Not all simulation-derived features contribute equally to physical domain generalization. Features
originating from configurations with lowmatch percentages (e.g., Configuration 70 whereD1 shows
0% matches) likely encode simulator-specific artifacts rather than transferable network behavior.
Conversely, features from high-match configurations carry validated knowledge applicable to
physical networks. The critical question becomes: Can we selectively leverage simulation knowledge
while filtering simulator-specific noise?

6.2 Design Principles and Objectives
We propose an adaptive feature masking mechanism guided by three foundational principles:
• Selective Feature Suppression: The mechanism must dynamically attenuate unreliable feature
dimensions that carry simulator-specific artifacts while preserving high-confidence features
that encode transferable network dynamics. Unlike binary feature selection, we employ soft
masking to maintain gradient flow and enable nuanced feature weighting.
• Domain-Aware Adaptation: Rather than applying uniform masking across all domains, the
mechanism should adapt to domain-specific reliability patterns. Features from well-aligned
simulators (higher similarity to the physical domain) should receive less aggressive suppres-
sion than those from poorly-aligned simulators.
• Computational Efficiency: The masking overhead must remain minimal to preserve MARIA’s
lightweight advantage. The mechanism should introduce negligible computational cost
compared to the base multi-source adaptation framework.

Formally, we seek a masking functionM : R𝑑 → R𝑑 that:
(1) improves generalization bounds on the physical domain, particularly in low-data regimes;
(2) reduces sensitivity to initialization and data partitioning (lower variance across random

seeds);
(3) maintains or improves training convergence speed; and
(4) scales gracefully with the number of source domains𝑀 .
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6.3 Architectural Design
We extendMARIA’s DNN architecture by incorporating an embedding layer followed by an adaptive
masking layer before the fully-connected classification layers:

Input(L,B, E)
𝜙embed−−−−−→ h

M𝛼−−−→ h′
FC Layers
−−−−−−−→ y (5)

where:
• 𝜙embed : R3 → R𝑑 projects the 3-dimensional input (latency, battery lifetime, reliability) into
a 𝑑-dimensional embedding space,
• M𝛼 : R𝑑 → R𝑑 applies adaptive masking with ratio parameter 𝛼 , and
• FC layers map masked embeddings to network configuration predictions.

The embedding layer learns a unified feature representation that captures complex nonlin-
ear relationships among performance metrics, while the masking layer operates on this learned
representation to filter domain-specific noise before classification.

For embedded feature vector h = [ℎ1, ℎ2, . . . , ℎ𝑑 ]𝑇 ∈ R𝑑 , the masking layer applies element-wise
modulation:

h′ = h ⊙ m (6)

where m = [𝑚1,𝑚2, . . . ,𝑚𝑑 ]𝑇 ∈ R𝑑 is the learned mask vector, and ⊙ denotes the Hadamard
(element-wise) product.

Each mask element is defined as:

𝑚𝑖 =

{
𝛼 · 𝜎 (𝑤𝑖 ) if feature 𝑖 is masked
1 otherwise

(7)

where:
• 𝛼 ∈ (0, 1] is the masking ratio hyperparameter controlling suppression strength,
• 𝜎 (·) is the sigmoid activation ensuring 𝜎 (𝑤𝑖 ) ∈ (0, 1), and
• 𝑤𝑖 are learnable parameters determining which features to mask.

Unlike hard binary masks, this soft formulation preserves gradient flow during backpropagation,
enables fine-grained feature weighting beyond binary selection, and reduces optimization difficulty
by maintaining differentiability.

To accelerate convergence and encode domain knowledge, we initialize mask parameters using
feature-level domain alignment measurements:

𝑤
(0)
𝑖

= logit

(
exp(−𝛾 ·MMD(hsim𝑖 , hphys

𝑖
))∑𝑀

𝑘=1 exp(−𝛾 ·MMD(hsim
𝑘

, hphys
𝑘
))

)
(8)

where:
• MMD(hsim𝑖 , hphys

𝑖
) measures MMD between the 𝑖-th feature dimension across simulation and

physical domains,
• 𝛾 is the bandwidth parameter, and
• logit(·) = log(·/(1 − ·)) inverts the sigmoid for initialization.

This initialization biases the mask toward suppressing features with high MMD (low domain
alignment) while preserving well-aligned features, providing an informed starting point that reduces
training time.
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Algorithm 2 Training MARIA with Adaptive Masking

Require: Simulation domains {D𝑠
1, . . . ,D𝑠

𝑀
}, physical domain D𝑡

Ensure: Classifier 𝑓𝜃 with learned maskM𝛼

1: Initialize 𝜃 randomly, w using domain-aware initialization (Eq. 8)
2: for epoch = 1 to 𝑁epochs do
3: Sample mini-batch from D𝑡 ∪ D𝑠

1 ∪ . . . ∪ D𝑠
𝑀

4: Forward pass:
5: h← 𝜙embed (x)
6: 𝑚𝑖 ← 𝛼 · 𝜎 (𝑤𝑖 ) for 𝑖 = 1, . . . , 𝑑
7: h′ ← h ⊙ m
8: ypred ← FClayers (h′)
9: Compute loss: L(𝜃,w) = Lphysical + 𝛼lossLsimulation + 𝜆R(w)
10: Backward pass:
11: ∇𝜃L,∇wL ← backpropagation
12: Clip: ∇w ← min(∥∇w∥2, 1.0) · ∇w/∥∇w∥2
13: Update: 𝜃 ← Adam(𝜃,∇𝜃L), w← Adam(w,∇wL)
14: end for
15: return 𝑓𝜃 ,M𝛼

6.4 Training Methodology
The masking parameters w = {𝑤𝑖 }𝑑𝑖=1 are learned jointly with the classifier parameters 𝜃 by
optimizing the combined loss function:

L(𝜃,w) = Lphysical (𝜃,w) + 𝛼lossLsimulation (𝜃,w) + 𝜆R(w) (9)

where:
• Lphysical and Lsimulation are defined in Equations (2) and (3),
• 𝜆R(w) is a regularization term preventing excessive masking

We employ an ℓ1 regularization to encourage sparsity in masking:

R(w) =
𝑑∑︁
𝑖=1
|𝜎 (𝑤𝑖 ) − 0.5| (10)

This term penalizes masks that deviate from the neutral value of 0.5, encouraging the model to
mask only when necessary for domain adaptation.

Based on systematic hyperparameter search, we set 𝛼 = 0.2, providing moderate suppression that
empirically balances noise filtering with information preservation. This value suppresses masked
features to 20% of their original magnitude—sufficient to reduce their influence while maintaining
gradient flow.

The masking layer adds:
• Parameters: 𝑑 floating-point values (negligible compared to FC layers);
• Forward pass: 𝑑 element-wise multiplications (𝑂 (𝑑));
• Backward pass: 𝑑 gradient computations (𝑂 (𝑑)).

For our implementation with 𝑑 = 128, this represents <0.1% overhead relative to the base MARIA
architecture.
Algorithm 2 presents the complete training procedure for MARIA with adaptive masking. The

model jointly optimizes the classifier parameters and the mask weights using both simulation
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and physical data. At each epoch, a mini-batch is drawn from the combined dataset, after which
the input features are embedded and selectively filtered through the learnable mask. The masked
representation is then passed through the classifier to generate predictions. The training objective
integrates three components: the loss on physical-domain samples, a simulation-domain loss
weighted by 𝛼loss, and a regularization term on the mask to promote robust feature selection.
During backpropagation, gradients for the mask parameters are clipped to ensure stability and to
prevent excessive sensitivity to simulator-specific noise. Both the classifier and mask weights are
subsequently updated using Adam. This training procedure enables stable and effective co-learning
of domain-invariant representations and adaptive feature suppression, allowing MARIA to benefit
from large-scale simulation data while maintaining strong generalization to physical wireless
environments.

7 EVALUATION
We perform a series of experiments to examine the performance of MARIA on identifying good
network configurations. We first evaluate the prediction accuracy of MARIA and compare it against
the one provided by the state-of-the-art method SDA [50] (see Section 7.1). We change the data used
by SDA to create multiple baselines. We then apply the network configurations selected by MARIA
on a physical network and measure its performance (see Section 7.2). In addition, we investigate the
effects of different loss functions and simulation domain data size on the performance of MARIA
(see Section 7.3 and 7.4) and study how our simulation data selection affects MARIA (see Section 7.5).
We also validate the performance of MARIA by introducing a validation stage (see Section 7.6).
Finally, we study the effect of our feature masking mechanism on MARIA’s performance (see
Section 7.7).
MARIA integrates three key techniques: (1) a loss weighting mechanism that weighs each

simulation domain by its distance to the physical domain, (2) a simulation data selection method
that chooses the smallest sub-collection of simulators carrying all unique matches, and (3) an
adaptive feature masking mechanism that suppresses simulator-specific noise. Sections 7.3, 7.5,
and 7.7 together form an ablation study that investigates the contribution of each integrated
technique. Specifically, Section 7.3 presents how MARIA performs when we disable one of the two
loss components at a time, while Section 7.5 presents MARIA’s performance when we disable the
simulation data selection method and use every possible combination of simulators. Section 7.7
compares MARIA with and without the masking mechanism. Please note that all experiments
in Section 7.1 through Section 7.6 are conducted with the vanilla MARIA model without feature
masking. Section 7.7 presents MARIA’s performance when we enable our adaptive feature masking
mechanism.

We run MARIA and baselines on the data introduced in Section 2.2. Specifically, we use D1, D2,
D3, andD4, which are generated by TOSSIM, ns-3, Cooja, and OMNeT++, respectively, for training.
We divide 6,600 physical domain data traces into two sets: 3,960 traces (60% of the data) for training
and 2,640 traces (40% of the data) for testing. We train the network configuration model using the
simulation domain data and the training set of the physical domain data, and evaluate the model
using the testing set of the physical domain data. We implement our neural network under the
framework provided by PyTorch. In each iteration, our neural network is trained with all data in
the training set and all parameters are updated accordingly. We employ the program provided by
Shi et al. [50] as our baseline implementation and adopt its default settings.

7.1 Performance of MARIA
We first evaluate the prediction accuracy of MARIA and compare it against baselines. To ensure fair
comparisons, we use D1, D2, D3, and D4 for SDA and vary the data used as the single simulation
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Fig. 5. Prediction accuracy of different methods when one to 10 shots of physical domain data, together with
the simulation domain data, are used for training. The black dotted line indicates the accuracy provided by
the DNN model trained with 35 shots of physical domain data.

domain to create four baselines: (i) usingD1 (named SDA-TOSSIM), (ii) usingD2 (named SDA-ns-3),
(iii) using D3 (named SDA-Cooja), and (iv) using D4 (named SDA-OMNeT++). Our simulation data
selection method selects D1 and D2 for MARIA as its input. Therefore, we create another baseline
(v) using the combination of D1 and D2: half from D1 and half from D2 (named SDA-mixed). We
define 88 data traces (one data trace under each network configuration) as one shot of data. Figure 5
plots the prediction accuracy of different methods when one to 10 shots of physical domain data,
together with simulation domain data, are used for training. When only one shot of physical domain
data (88 data traces) is used for training, the prediction accuracy provided by MARIA is 58.18%. Our
five baselines provide similar performance. The highest accuracy provided by these five baselines
is 55.98%. None of these methods can perform well when they use a single shot of physical domain
data for training. This confirms the observation that there exist significant performance variations
when the network uses the same configuration due to runtime dynamics and multiple shots of
physical data are needed for effective domain adaptation [49]. The results also show that blindly
exploring the parameter space (e.g., using a brute-force method) would require a large amount of
physical domain data (thousands of experimental runs on the physical network) to identify a good
configuration. Collecting one sample under each configuration is not enough to produce a good
model. After more physical domain data is used for training, the prediction accuracy of all methods
increases. As Figure 5 shows, MARIA consistently achieves the best performance. For example,
when using three shots of physical domain data, MARIA provides 75.68% prediction accuracy, while
SDA-TOSSIM, SDA-ns-3, SDA-Cooja, SDA-OMNeT++, and SDA-mixed provide 65.76%, 67.15%,
65.20%, 63.80%, and 64.85% accuracy, respectively. When five shots of physical domain data (440
data traces) are used for training, MARIA achieves 80.45% prediction accuracy, which is close to the
80.39% accuracy provided by the DNN model that is trained with 35 shots of physical domain data
(3,080 data traces). As a comparison, SDA-TOSSIM, SDA-ns-3, SDA-Cooja, SDA-OMNeT++, and
SDA-mixed provide 70.56%, 67.72%, 69.85%, 68.50%, and 69.75% accuracy, respectively, when five
shots of physical domain data are used for training. All four SDA single-source baselines remain
below MARIA, confirming that no single simulator (TOSSIM, ns-3, Cooja, or OMNeT++) carries
enough transferable knowledge for the SDA framework on its own. Different simulators employ
different models to capture the effects of ambient environments and the network configuration
knowledge offered by different simulators is complementary to each other. MARIA outperforms
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Fig. 6. Energy consumption and time consumption of collecting different amounts of physical data from a
physical network with 50 devices.
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Fig. 7. Training time consumption of different methods when different amounts of physical data are used for
training.

the baselines thanks to its capability of taking advantage of the diverse network configuration
knowledge offered by multiple simulators.
Using a small amount of physical domain data to provide a good model represents a very

important feature of MARIA because the data collection from a physical network is very time
and energy consuming. Figure 6 plots the energy and time consumption of collecting physical
domain data from a network with 50 devices. As Figure 6 shows, collecting five shots of physical
domain data consumes 1,503𝐽 and takes 6.11ℎ𝑜𝑢𝑟𝑠 , while the collection of 10 shots of physical
domain data consumes 3,150𝐽 and takes 12.22ℎ𝑜𝑢𝑟𝑠 . As a comparison, it consumes 13,974𝐽 and
takes 54.99ℎ𝑜𝑢𝑟𝑠 to collect 45 shots of physical domain data to train the DNN model for the 82.92%
accuracy. As Figure 5 shows, the prediction accuracy of all methods increases slowly when more
than five shots of physical domain data are used for training. For example, the accuracy provided
by MARIA increases slightly from 80.45% to 82.70% and the accuracy provided by SDA-TOSSIM, the
one providing the best performance among three baselines, increases from 70.56% to 71.74%, when
we increase the physical domain data used for training from five shots to 10 shots. Besides, the low
accuracy provided by SDA-mixed also shows that simply mixing the data generated by different
simulators for training does not work well. This is because many duplicated even conflicted data
traces are also added into the training data, which significantly increases the difficulty of optimizing
the classifier.
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Table 1. Five Example Network Configurations Selected by Our Model.

Case ID Performance Requirement Network Configuration
Latency (ms) Battery lifetime (day) Reliability (%) PRR threshold (%) # of channels # of Tx attempts

1 165 215 98 87 3 3
2 160 210 96 90 3 2
3 180 205 96 87 4 2
4 220 225 95 90 7 2
5 120 200 98 84 2 3

(a) End-to-end latency. (b) Battery lifetime. (c) End-to-end reliability.

Fig. 8. Measured network performance when the network configurations selected by our model are used.
Central mark in box indicates median; bottom and top of box represent the 25th percentile and 75th percentile;
red dots indicate outliers; whiskers indicate the range that excludes outliers.

MARIA is designed to be lightweight. We then evaluate the efficiency of MARIA by measuring its
runtime overhead. We run all methods on a server equipped with a 2.6GHz quad-core processor and
measure the training time. Figure 7 plots the time consumption of different methods when different
amounts of physical domain data are used for training. As Figure 7 shows, MARIA consumes
slightly more time than the baselines when three, four, and five shots of physical domain data are
used for training. The slight increases in time consumption are in exchange for a proportionally
much-larger increase in prediction accuracy. More importantly, the time consumption of MARIA
increases slowly when more physical domain data is used for training, while the time consumption
of all baselines increases sharply. For example, the time consumed by MARIA increases from 264𝑠
to 312𝑠 when we increase the physical domain data from five shots to 10 shots. As a comparison,
the time consumed by SDA-TOSSIM increases from 253𝑠 to 718𝑠 . This represents another very
important feature of MARIA, which results from the fact that our model is trained with all data
traces of the training set in each iteration while the baselines only use part of the data traces in the
training set during each iteration.

7.2 Validation on a Physical Network
To demonstrate the practicality of MARIA, we apply the network configurations selected by MARIA
on a physical network that consists of 50 devices and measure the network performance including
the end-to-end reliability, the end-to-end latency, and the battery lifetime. We run the open-source
implementation of WirelessHART networks provided by Li et al. [59] and configure multiple data
flows. We run the experiments under different network topologies by varying the number of
data flows and the locations of sensors and actuators. When performing the experiments, we first
inject different network performance requirements into MARIA, apply the network configurations
selected by our model on the physical network, and then examine whether the network that uses the
selected parameters can provide the desirable performance. Table 1 lists the network configurations
selected by our model based on five different sets of network performance requirements. We
repeat experiments under each network configuration 100 times on the physical network. Figure 8
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Fig. 9. Prediction accuracy provided by MARIA without the loss function L𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 .

plots the boxplots of latency, battery lifetime1, and reliability when deploying five sets of network
configurations selected by our model. As Figure 8 shows, when the network uses the configurations
selected by our model, its performance meets the requirements specified by the application (listed in
Table 1). For example, the latency, battery lifetime, and reliability requirements are 165𝑚𝑠 , 215𝑑𝑎𝑦,
and 98%, respectively, in the first testing case (ID = 1). When employing the network configuration
selected by our model (87% as the PRR threshold, three physical channels, and three transmission
attempts per packet), the median values of latency, battery lifetime, and reliability measured from
the network are 160.80𝑚𝑠 , 217.93𝑑𝑎𝑦, and 100%, respectively, which meet all specified requirements.
Similarly, the latency, battery lifetime, and reliability requirements are 180𝑚𝑠 , 205𝑑𝑎𝑦, and 96%,
respectively, in the third case (ID = 3). When the network uses the selected configuration (87% as
the PRR threshold, four physical channels, and two transmission attempts per packet), the network
achieves the median latency of 164.13𝑚𝑠 , the median battery lifetime of 207.05𝑑𝑎𝑦, and the median
reliability of 98.0%, which meet all specified requirements. These results show that the network
configurations selected by MARIA can help the network achieve desirable performance.

7.3 Effect of Different Loss Functions
To investigate the effects of different loss functions on the performance of MARIA, we repeat the
experiments by disabling one loss function in each run. We first remove all simulation domain data
and disable the loss function L𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 defined in Eq. 3. Figure 9 plots the prediction accuracy
when we disableL𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 and use different shots of physical domain data for training. As Figure 9
shows, without using L𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 , the accuracy provided by MARIA is 71.97% when five shots of
physical domain data are used for training. As a comparison, MARIA achieves 80.45% accuracy
with both losses enabled. Without using L𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 , MARIA must use five more shots of physical
domain data to achieve similar prediction accuracy (80.03%). The results show that the loss function
L𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 plays an important role in enhancing the prediction accuracy, especially when only a
small amount of physical domain data is available for training.

We then remove all physical domain data traces and disable the loss function L𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙 defined
in Eq. 2. Figure 10 plots the prediction accuracy provided by MARIA without using L𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙 when
different numbers of simulation domain data traces are used for training. As a comparison, we plot
the accuracy achieved by MARIA when it uses both loss functions and one shot of physical domain

1The end device on our testbed does not have a power meter. The battery lifetime reported in Figure 8 is calculated with (i)
the assumption that each device is powered by two Lithium Iron AA batteries with a total energy capacity of 42,700𝐽 , (ii)
the measured time duration of radio activities (transmit, receive, idle, and sleep states) recorded during each experimental
run, and (iii) the per-state radio power consumption reported in the radio chip data sheet [13].
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Fig. 10. Prediction accuracy provided by MARIA without the loss function L𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙 .

Fig. 11. Prediction accuracy when we use different numbers of simulation data traces.

data for training in Figure 10. As Figure 10 shows, the prediction accuracy increases from 34.35% to
36.38% when the number of data traces increases from 880 to 7,920. This is because the number of
matches increases when more simulation domain data is used for training. When more than 7,920
simulation data traces are used for training, the accuracy increases slightly as the newly added
data includes very few unique matches. For example, the prediction achieved by MARIA without
L𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙 is 36.52% when 13,200 data traces are used for training. As a comparison, the accuracy
provided by MARIA with both loss functions is significantly higher when it uses only one shot of
physical domain data. For example, MARIA achieves 56.93% accuracy when it uses 880 simulation
data traces for training and 59.12% accuracy when it uses 13,200 simulation data traces. The results
show the significant effect of the loss function L𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙 on the performance of MARIA.

7.4 Effect of Simulation Domain Data Size
To study the effect of the size of simulation domain data on the performance of MARIA, we repeat
the experiments when different numbers of simulation data traces (a half from D1 and the rest
fromD2) and five shots of physical domain data are used for training. Figure 11 plots the prediction
accuracy provided by MARIA when we increase the total number of simulation data traces from
880 to 13,200. As Figure 11 shows, the prediction accuracy increases when we add more simulation
data traces into the training set. For example, MARIA achieves 77.6% accuracy when using 880
simulation data traces and 80.34% accuracy when using 6,160 simulation domain data traces. After
using more than 6,160 data traces, the prediction accuracy achieved by MARIA increases slowly.
For instance, when 13,200 simulation data traces are used for training, the prediction accuracy is
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Fig. 12. Prediction accuracy when the simulation domains consist of the data sets generated by different
simulators.

82.00%. This is because the newly added data traces introduce a small amount of unique matches
when the size of simulation domain data is large. The results show that MARIA can achieve a high
accuracy when sufficient simulation domain data and a few physical domain data traces are used
together for training.

7.5 Effect of Our Simulation Data Selection Method
To examine the effect of our simulation data selection method on the performance of MARIA, we
disable it and manually create 11 different simulation domain combinations by including some
or all of those four data sets (six combinations by including two data sets, four combinations by
including three data sets, and one combination by including all four data sets). We then use each of
11 simulation domain combinations together with five shots of physical domain data (440 traces) to
train the network configuration model through MARIA. To ensure fair comparisons, we let each
simulation domain combination include 13,200 traces. Figure 12 plots the accuracy provided by
MARIA when it uses each of 11 combinations and one single simulation domain for training.
As Figure 12 shows, MARIA achieves the best performance (82.00% accuracy) when it uses D1

(generated by TOSSIM) andD2 (generated by ns-3) for training. As a comparison, themodel that uses
D3 (generated by Cooja) and D4 (generated by OMNeT++) for training provides 76.55% accuracy.
This is because the combination of D1 and D2 includes more matches than the combination of D3
and D4. The results confirm the correctness of the selection made by our method. Figure 12 also
shows that using the data from three or all four simulators does not provide better performance. For
instance, MARIA provides 80.38% accuracy when it uses D1, D2, and D4 for training and 79.58%
accuracy when it replaces D4 with D3. The accuracy of our model is only 78.90% when using
the data generated by all simulators. The results show that blindly introducing more simulation
domains cannot improve the performance of MARIA. This is because the combination of D1 and
D2 already includes all matches in the simulation data and the difficulty of optimizing the classifier
among multiple simulation domains and the physical domain increases when more simulation
domains are introduced. The results emphasize the importance of our simulation data selection
method. Besides, MARIA provides the lowest prediction accuracy (72.01%) when it uses the data
produced by a single simulator for training. The results highlight the benefit of using the simulation
data gathered from multiple simulators.
To further validate our simulation data selection method, we vary the data in the simulation

data sets, run Algorithm 1 to select simulation data, and compare the selections against the optimal
ones. Specifically, we remove different amounts of data from one data set and combine it with the
other sets to create various simulation data combinations. Under each combination, we randomly
remove a certain ratio of data from one data set 1,000 times and compare the simulation data sets
selected by Algorithm 1 against the optimal selections. If the selection provided by our simulation
data selection method is the same with the optimal selection, we define it as a correct selection.
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Fig. 13. Selection accuracy of our data selection method when we vary data in D1, D2, D3, and D4, respec-
tively.

Figure 13 plots the selection accuracy (the number of correct selections divided by 1,000) when
different ratios of data (0% to 90%) are removed fromD1,D2,D3, andD4, respectively. As Figure 13
shows, the accuracy is always 100% when the data removal from D1 ranges from 0% to 70%. After
that, the accuracy decreases slightly to 99.90% when 80% of data is removed from D1 and finally
reaches 99.60% when 90% of data is removed from D1. When more data is removed, the chance for
no unique matches in D1 increases. Similarly, the accuracy decreases from 100% to 99.90% when
60% of data is removed from D2. It further decreases to 98.10% when 90% of data is removed D2.
As a comparison, the accuracy is consistently 100% when we remove data from D3 or D4. They
both are proper subsets of D1 or D2, therefore the data removal does not result in any change on
unique matches. The results demonstrate the effectiveness of our data selection method in selecting
the best-suited simulation data sets for MARIA.

7.6 Performance Validation
We also repeat our experiments with a validation stage to further validate the performance of
MARIA. We use the same simulation domain data as presented in Section 7.1, and divide 6,600
physical domain data traces into three sets: training set (60% of the data), validation set (20% of
the data), and testing set (20% of the data). We train the network configuration model using the
simulation data and the training set of the physical domain data, validate the model on the validation
set of the physical domain data, and then evaluate the optimal model validated using the testing
set of the physical domain data. We randomly select the data samples from the physical domain
data and put them into those three data sets and repeat the experiments to eliminate the effect of
data partitions on the results. Figure 14 plots the prediction accuracy achieved by MARIA and the
baselines on the testing set from an experimental run. As Figure 14 shows, MARIA consistently
achieves the best performance. For example, MARIA achieves 77.65% prediction accuracy when five
shots of physical domain data (440 data traces) are used for training. As comparisons, SDA-TOSSIM,
SDA-ns-3, SDA-Cooja, SDA-OMNeT++, and SDA-mixed provide 67.42%, 67.35%, 69.00%, 67.80%, and
67.18% accuracy, respectively. We observe similar results when we split the physical data differently.
The experimental results confirm that the prediction accuracy provided by MARIA does not result
from overfitting.

7.7 Effect of Feature Masking Mechanism
Figure 15 compares the prediction accuracy of MARIA with and without the masking mechanism
across varying numbers of physical data shots (1-10 shots, where each shot contains 88 data traces
corresponding to one sample per network configuration). The results demonstrate that the masking
mechanism consistently improves performance across all shot configurations, with particularly
pronounced benefits in data-scarce scenarios.
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Fig. 14. Prediction accuracy with the validation stage.

In the low-data regime (1-3 shots), the masking mechanism provides the greatest improvement.
At one shot (88 physical data traces), vanilla MARIA achieves only 52% accuracy—barely better than
random guessing for this 88-class classification problem—while MARIA with masking achieves
73.33% accuracy, representing a remarkable 21.33 percentage point improvement (41% relative
improvement). Similarly, at two and three shots, the masking mechanism provides gains of 17.54 and
6.45 percentage points, respectively. This dramatic improvement in the low-data regime validates
our hypothesis that filtering unreliable simulation data is particularly critical when physical data is
scarce, as the model must rely more heavily on simulation data and cannot afford to learn from
contradictory or mismatched samples.
As the number of shots increases, both methods converge toward higher accuracy as more

physical data becomes available to guide the learning process. However, the masked version
maintains a consistent advantage across all shot configurations. At 5 shots (440 traces), MARIA
with masking achieves 82.31% accuracy compared to approximately 77% for vanilla MARIA. At
10 shots (880 traces), MARIA with masking reaches 84.85% accuracy compared to 82% for vanilla
MARIA, representing a 2.85 percentage point improvement. MARIA achieves an accuracy of 86.02%
with 9 shots of data. The sustained advantage, even with abundant physical data, suggests that the
masking mechanism provides benefits beyond simply compensating for limited physical samples—it
fundamentally improves the model’s ability to leverage complementary knowledge from multiple
simulation domains.

The learning curves also reveal that MARIA with masking reaches the acceptable 70% accuracy
threshold with only 2 shots of physical data, while vanilla MARIA requires 3-4 shots to achieve
comparable performance. This reduction in data requirements has significant practical implications,
as collecting physical network data is time-consuming and expensive. These results confirm that
the masking mechanism effectively addresses the robustness concerns identified in Observation 3
by preventing the model from learning from mismatched or conflicting simulation samples, thereby
improving both data efficiency and overall performance.
To evaluate the stability and robustness of the masking mechanism with respect to random

initialization, we test MARIA with masking using different random seeds while maintaining a fixed
configuration of 10 shots of physical data (880 data traces). The random seed controls both the
PyTorch random number generator (for weight initialization and training) and the scikit-learn
train-test split (for partitioning physical data). Figure 16 presents the accuracy results across five

ACM Trans. Sensor Netw., Vol. X, No. X, Article X. Publication date: November 2026.



X:22 Cheng, et al.

1 2 3 4 5 6 7 8 9 10
Number of Shots

0.5

0.6

0.7

0.8

0.9

Ac
cu

ra
cy

without Mask
Mask

Fig. 15. Prediction accuracy comparison between MARIA with and without masking mechanism across
different numbers of physical data shots (1-10 shots, 88-880 data traces). The masking mechanism consistently
improves performance across all configurations, with the most significant gains observed in low-data regimes
(1-3 shots) where accuracy improves by up to 21 percentage points.
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Fig. 16. Prediction accuracy with different random seeds (0-4) using 10 shots of physical data (880 traces).
The masking mechanism maintains consistent performance above the 70% threshold across all seeds, with
accuracies ranging from 76.25% to 84.73%, demonstrating robustness to initialization.

different random seeds (0-4), providing insight into the sensitivity of our approach to initialization
and data partitioning.

The results reveal that while there is some variance in performance across seeds—with accuracy
ranging from 76.25% (seed 2) to 84.73% (seed 0)—all configurations consistently exceed the 70%
acceptable accuracy threshold by substantial margins. The mean accuracy across all seeds is 80.86%
with a standard deviation of 3.17%, indicating reasonable stability and reliability. Seed 0 achieves
the best performance at 84.73%, demonstrating that the masking mechanism can achieve strong
results when favorably initialized. Seeds 1, 3, and 4 achieve accuracies of 80.15%, 82.65%, and 80.53%,
respectively, all comfortably above the acceptance threshold.
The observed variance across seeds can be primarily attributed to differences in the train-test

split of physical data rather than fundamental instability in the masking mechanism itself. Different
seeds produce different partitions of the limited physical data (880 traces split 60-40 into training
and testing sets), and some splits may inadvertently place more representative or easier samples in
the training set. Despite this source of variability, the consistent performance above 76% across all
seeds demonstrates that the masking mechanism is not overly sensitive to initialization.

Even the worst-performing seed (seed 2: 76.25%) remains well above the single-domain adaptation
baselines (SDA-TOSSIM, SDA-ns-3) that typically achieve 70–72% accuracy, while the best seed (seed
0: 84.73%) substantially surpasses vanilla MARIA at 10 shots (approximately 82%), demonstrating
the full potential of the masking mechanism. The consistent performance across all seeds confirms
that the masking mechanism provides reliable improvements regardless of initialization, making it
suitable for practical deployment where the choice of random seed may be arbitrary.
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Fig. 17. Prediction accuracy across different masking ratios (0.1-1.0) using 10 shots of physical data (880
traces, seed 1). The optimal masking ratio is 0.2 (84.05%), though performance remains strong and stable
across ratios 0.2-0.7 (83.38%-84.20%), demonstrating robustness to hyperparameter selection.

The masking ratio 𝛼 is a critical hyperparameter that controls the proportion of information
suppressed from the embedding layer. Specifically, the masking operation applies element-wise
scaling 𝑥𝑖 = 𝑥𝑖 × (0.1 × 𝛼) to selected feature dimensions, where 𝛼 ∈ [0, 1]. A lower masking
ratio preserves more information from the simulation domains (less aggressive filtering), while a
higher ratio suppresses more information (more aggressive filtering). To determine the optimal
masking ratio and assess the sensitivity of our approach to this hyperparameter, we conduct a
comprehensive sensitivity analysis by varying the ratio from 0.1 to 1.0 in increments of 0.1, using
seed 1 and 10 shots of physical data (880 traces) to ensure consistency.
Figure 17 illustrates the impact of different masking ratios on prediction accuracy. The results

reveal several important insights about the behavior of themaskingmechanism. First, masking ratios
between 0.2 and 0.7 achieve consistently strong and stable performance, with accuracy ranging
from 83.38% to 84.20%—a remarkably narrow band of only 0.82 percentage points across this wide
range of hyperparameter values. This stability is a desirable property for practical deployment, as
it reduces the need for extensive hyperparameter tuning.

The optimal masking ratio is 0.2, achieving 84.05% accuracy. This suggests that moderate, rather
than aggressive, suppression of simulation features is most effective for filtering unreliable infor-
mation while preserving valuable transferable knowledge. At this setting, the masking mechanism
strikes an optimal balance: it suppresses enough information to filter out mismatched or contradic-
tory samples from simulation domains with poor alignment to the physical domain (as identified
by the low match percentages in Figure 2), while retaining sufficient information from well-aligned
simulation samples to benefit the learning process.

Interestingly, very lowmasking ratios (0.1) and very high masking ratios (0.9-1.0) result in slightly
reduced performance. At a masking ratio of 0.1, the accuracy is 83.52%, while at ratios of 0.9 and 1.0,
accuracies drop to 81.67% and 80.95%, respectively. The lower performance at these extreme ratios
can be attributed to two complementary failure modes. When the masking ratio is too low (0.1),
the mechanism provides insufficient filtering of unreliable simulation data, allowing mismatched
or conflicting samples to negatively influence the learning process—essentially reverting toward
the behavior of vanilla MARIA. Conversely, when the masking ratio is too high (0.9-1.0), the
mechanism suppresses excessive information, leading to information loss that prevents the model
from effectively leveraging the complementary knowledge available in simulation domains, even
from well-aligned samples.

The relatively flat performance curve across ratios 0.2-0.7 (with all values above 83.3%) indicates
that the masking mechanism is robust to hyperparameter selection within a reasonable range,
making it practical for deployment without extensive tuning or domain-specific calibration. This
robustness is particularly valuable in real-world scenarios where computational resources for
hyperparameter optimization may be limited. Moreover, all tested masking ratios achieve accuracy
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well above the 70% threshold, with even the worst-performing ratio (1.0) achieving 80.95% accuracy.
This demonstrates that the masking mechanism provides consistent benefits across a wide range of
configurations, further validating the robustness and practical utility of our approach.

Our comprehensive experiments demonstrate that the masking mechanism effectively enhances
MARIA’s performance, robustness, and practical applicability across multiple dimensions. The
mechanism provides the most significant improvements in low-data regimes (up to 21.33 percentage
point gains with one shot) where filtering unreliable simulation data is most critical, enables
reaching the 70% accuracy threshold with fewer physical data samples (2 shots vs. 3-4 shots for
vanilla MARIA), maintains stable performance across different random initializations (mean 80.86%,
std 3.17%), and exhibits robustness to hyperparameter selection within a reasonable range of
masking ratios (0.2-0.7 achieving 83.38%-84.20% accuracy). These results collectively validate that
the proposed masking mechanism successfully addresses the robustness concerns identified in
Observation 3 and provides a practical, deployable solution for multi-source domain adaptation in
wireless network configuration.

8 RELATEDWORK
Significant efforts have been made in the literature to model the characteristics of wireless sensor
networks (WSNs) and optimize network configurations through mathematical techniques such as
convex optimization [35], game theory [3], and meta heuristics [47]. For example, the characteristics
of low-power wireless links have been studied empirically with different platforms, under varying
experimental conditions, assumptions, and scenarios [5], and network configuration methods
have been developed to improve the performance of WSNs by adapting a few parameters in the
physical and media access control (MAC) layers [15, 16, 19, 46, 56, 66]. As wireless deployments
become increasingly hierarchical, heterogeneous, and complex, a breadth of recent research has
reported that resorting to advanced machine learning techniques for wireless networking presents
significant performance improvements compared to those traditional methods. For instance, deep
learning has been used to automatically uncover correlations that would otherwise have been too
complex to be extracted by human experts [8, 29, 39, 63] and reinforcement learning has been
employed to enable network self-configuration [14, 26, 31, 36, 44, 57, 61]. The key component
behind the remarkable success of those data-driven methods is the capability of optimizing a
huge number of free parameters to capture extensive uncertainties, variations, and dynamics in
real-world wireless deployments, which not only yield complex features, such as communication
signal characteristics, channel quality, queuing state of each device, and path congestion situation,
but also have many network control targets, such as resource allocation, queue management, and
congestion control. However, data collection from many wireless deployments, including the ones
in industrial facilities, is costly; therefore it is difficult to obtain sufficient information for deep
learning to train a good model or reinforcement learning to identify an optimal policy for network
configuration. In such scenarios, the benefits of employing learning-based methods that require
much data are outweighed by the costs. To address this issue, there have been increasing interests in
using network simulations to configure physical networks [32, 51]. For instance, Liu et al. develop a
framework, which integrates the process control systemmodel and the network model into a unified
discrete-event simulator and leverages it to identify good network configurations [32]. Slabicki et al.
introduce an open-source framework for end-to-end LoRa simulations and propose to dynamically
optimize link parameters for scalable and efficient network operations [51]. Unfortunately, a recent
study shows that the network configuration selected according to simulations may fail to help the
physical network achieve the desirable performance due to the simulation-to-reality gap [50]. This
paper aims to close such a gap and provide a new solution that learns a good predictive model for
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network configuration using a large amount of inexpensive simulation data and a small number of
costly physical measurements.
Domain adaptation has been used to narrow the gap between different domains in computer

vision [55, 58, 62], natural language processing [43], magnetic resonance imaging [21], network
performancemodeling [30], structural healthmonitoring [20], and building occupancy estimation [4,
64]. Domain adaptation aims to learn from one or multiple source domains, together with or without
a target domain, and then generate a model that performs well on the target domain. Generally,
the source domain data and the target domain data share the same space for both input features
and labels, but they do not share the same distribution. Over the past decades, many single-source
domain adaptation methods have been proposed to address the domain shift [28, 33]. However, there
have been very few studies looking into the use of domain adaptation to address the domain shift
issue in network configuration. Recently, Shi et al. develop SDA, which leverages a teacher-student
neural network to close the simulation-to-reality gap in network configuration [50]. However, SDA
cannot close the gap when using the data produced by a single simulator and leaves a more than
10% accuracy gap. More recently, Cheng et al. propose a meta-learning based solution, which adapts
network configuration at runtime. However, it is not applicable for closing the simulation-to-reality
gap [10]. To our knowledge, this paper represents the first systematic effort to explore the benefit
of using the data generated by multiple simulators to close the simulation-to-reality gap in network
configuration.

Multi-source domain adaptation [53] has been employed recently in computer vision [65], natural
language processing [22, 43], and physiological signal processing [9, 52]. For instance, Sun et al.
develop a multi-source domain adaptation method, which computes the weighting factors for
multiple sources according to both marginal and conditional probability differences between the
source domains and the target domain [52]. Duan et al. propose to leverage a set of pre-computed
classifiers independently learned from multiple source domains to effectively reduce the domain
discrepancy [17]. Peng et al. propose to transfer knowledge learned from multiple source domains
to an unlabeled target domain by dynamically aligning moments of their feature distributions [45].
MMD is employed by those learning methods to measure the discrepancy between domains and
diminish the distribution shift between the source domain and target domain accordingly [17, 52].
Moreover, early theoretical analysis provides strong guarantees for representing the target domain
distribution as the weighted combination of source domain distributions [6, 37]. Inspired by the
existing analysis and methods, we develop the first solution that leverages the multi-source domain
adaptation to close the simulation-to-reality gap in network configuration. Our experimental results
show that our solution can close the simulation-to-reality gap and significantly outperform the
state-of-the-art method, SDA.

9 DISCUSSIONS ON REAL-WORLD APPLICATIONS AND GENERALIZATION
This paper aims to provide a solution for engineers to well configure an industrial WMN after they
deploy it in the field. We recommend the engineers following six steps to configure the network.
First, the engineers should measure the ambient operation environments, such as collecting noise
traces. Second, the engineers should implement the physical network in multiple simulators and
then feed the environmental measurements into those simulators. Third, the engineers should
run simulations in each simulator to measure the performance of the simulated network with
every possible combination of network parameters. A large amount of simulation data that carries
valuable network configuration knowledge can be inexpensively obtained in this step. Fourth, the
engineers should collect a few performance measurements from the physical network when it
uses each possible combination of network parameters. Collecting the physical data in this step
introduces significant overhead (see Figure 6), which emphasizes the importance of minimizing
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the amount of physical data needed for training in our solution. Fifth, the engineers should train
the network configuration model using MARIA. Finally, the engineers can configure the physical
network in the field with the configuration selected by MARIA based on the network performance
requirements posed by the upper layer industrial applications.
We expect our solution would affect not only industrial WMNs but other complex wireless

networks as it provides a replicable template for novel network configuration strategies. Our data-
driven design is not tied to any specific network protocol stack, network topology, or performance
metric. Our solution treats the network as a function that maps application-specific performance
requirements to network configurations, and uses simulation and physical data to learn this
mapping. To apply our solution to other networks, such as 6TiSCH [24], LoRa [1], BLE Mesh [40],
and Wi-SUN networks [2], we recommend the engineers performing three additional tasks besides
the abovementioned six steps. First, the engineers should identify the network-specific tunable
parameters (the new y vector) and the application-specific performance metrics (the new x vector).
For example, in a 6TiSCH network, y may include the slotframe length, the channel hopping
sequence, and the routing metric, while x may include the end-to-end latency, the duty cycle,
and the packet delivery ratio. Second, the engineers should identify best-suited simulators to
generate simulation data. Third, the engineers run MARIA’s simulation data selection method
to keep only the simulators that contribute unique matches and then train the model with the
adaptive feature masking mechanism to suppress simulator-specific noise. Because MARIA’s loss
functions, weighting scheme, and masking layer all operate on generic feature vectors, they do
not require any network-specific modifications. The only assumption MARIA imposes on the
underlying networking technology is that the configuration space is discrete (or can be discretized)
and that multiple simulators with diverse modeling assumptions are available, which is true for
most existing wireless networks.
Moreover, our deep learning based solution is capable of accepting a large number of tunable

parameters and automatically uncovering the correlations between those parameters and network
performance that would otherwise have been too complex to be extracted by human experts.

10 CONCLUSIONS AND FUTUREWORK
In this paper, we present MARIA, a novel multi-source domain adaptation and feature masking
solution for industrial WMN configuration. Experimental results show that MARIA effectively
closes the simulation-to-reality gap and achieves a prediction accuracy of 84.85% with inexpensive
simulation data and only 440 data traces from the physical network. In comparison, a DNN trained
solely on physical data requires 3,080 costly traces to attain 80.39% accuracy.
To address runtime dynamics, the network manager can run MARIA to configure the network

periodically or when observing significant changes in ambient wireless conditions. We plan to
explore new solutions that focus on adapting the network configuration at runtime in our future
work. For example, we plan to explore the efficiency of predicting not a single configuration
but a set of robust configurations whose performance degrades gracefully under environmental
variations and employing reinforcement learning agents that monitor runtime metrics and trigger
the configuration update only when significant distribution shift is detected.
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