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Abstract—Due to its security, transparency, and flexibility in verifying virtual assets, blockchain has been identified as one of the key
technologies for Metaverse. Unfortunately, blockchain-based Metaverse faces serious challenges such as massive resource demands,
scalability, and security/privacy concerns. To address these issues, this paper proposes a novel sharding-based blockchain framework,
namely MetaShard, for Metaverse applications. Particularly, we first develop an effective consensus mechanism, namely
Proof-of-Engagement, that can incentivize MUs’ data and computing resource contribution. Moreover, to improve the scalability of
MetaShard, we propose an innovative sharding management scheme to maximize the network’s throughput while protecting the
shards from 51% attacks. Since the optimization problem is NP-complete, we develop a hybrid approach that decomposes the problem
(using the binary search method) into sub-problems that can be solved effectively by the Lagrangian method. As a result, the proposed
approach can obtain solutions in polynomial time, thereby enabling flexible shard reconfiguration and reducing the risk of corruption
from the adversary. Extensive numerical experiments show that, compared to the state-of-the-art commercial solvers, our proposed
approach can achieve up to 66.6% higher throughput in less than 1/30 running time. Moreover, the proposed approach can achieve
global optimal solutions in most experiments.
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1 INTRODUCTION

Being considered as the future of Internet applications,
Metaverse has recently attracted massive attention from
both the industry and academia. Metaverse is commonly
referred to as virtual 3D environments where humans, rep-
resented by their digital avatars, can take part in a wide
range of activities such as meetings, education, gaming, and
so on. Compared to traditional 3D virtual worlds, Metaverse
offers users the unique ability to seamlessly move between
different virtual worlds with their avatars to enjoy a wide
range of services, thereby enabling much greater immersive
experiences and user freedom [2]–[5]. With promising po-
tential, Metaverse has attracted huge investments, e.g., from
Meta (Facebook), Roblox [6], Adidas [7], and Microsoft [8].
As a result, it is expected that Metaverse applications will
become an increasingly important part of the future Internet
and rival traditional Internet applications.

However, the development of Metaverse applications
has been facing several novel challenges. First, since Meta-
verse applications are expected to serve hundreds of mil-
lions of Metaverse users (MUs), the demands for communi-
cation and computing resources may exceed the capacity of
existing digital infrastructure, e.g., 100 times more demand-
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ing in terms of computing resources [9]. Moreover, high
interoperability among different applications is necessary to
allow MUs to seamlessly move between different virtual
worlds. Furthermore, ensuring security and privacy for
MUs in such a complex environment is a challenging task
for Metaverse Service Providers (MSPs) [2]–[5].

To address those challenges, blockchain technology has
been identified as one of the key technologies for Meta-
verse [2]–[4]. Particularly, blockchain technology enables a
decentralized platform to securely store and manage data
and complex interactions in the Metaverse. For example,
with the ability to ensure data integrity, blockchain can be
utilized to verify and authenticate MUs’ identities, digital
assets, and transactions. Moreover, due to its decentralized
nature, blockchain can avoid single-point-of-failure, allevi-
ate the heavy burden on central servers, as well as utilize
resources from millions of MUs. Furthermore, blockchain
can help to improve MUs’ privacy, while maintaining a high
level of transparency and trust for MUs.

Despite its undeniable role in the development of Meta-
verse, blockchain technology has several limitations. In
particular, traditional blockchain solutions based on Proof-
of-Work (PoW), are usually very slow in processing with
high-demand of computing resource [10], [11], which makes
them unsuitable for Metaverse applications. Unfortunately,
Metaverse applications may require high levels of scalability
to support a huge number of MUs and transactions, which
is beyond the capacity of conventional blockchain tech-
nology [10], [11]. Furthermore, interoperability is another
critical issue that blockchain technology is facing. Specifi-
cally, different blockchain networks and protocols are often
incompatible with each other, making it difficult for them to
exchange data and information [13].

Several recent efforts have been made to address those
challenges. Particularly, recent blockchain networks have
been employing the Proof-of-Stake (PoS) consensus mech-
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anism which replaces the compute-intensive puzzle-solving
process of PoW with the stake ownership requirement. As
a result, PoS has higher transaction processing capabilities
while consuming negligible computing resources, compared
to the PoW-based consensus mechanisms [10]–[12]. How-
ever, despite its outstanding benefits, conventional PoS con-
sensus mechanisms’ transaction processing capabilities are
still inadequate to meet the huge demands of Metaverse
applications. To address this issue and improve the scal-
ability of the solution, sharding mechanism [28], [29] has
been recently developed to divide the blockchain network
into multiple sub-networks (shards). Each shard can process
transactions independently and in parallel to other shards,
thereby significantly improving the transaction processing
speed. There are, however, trade-offs between security and
speed, i.e., the more shards a network is divided into, the
less secure the network becomes. Particularly, dividing the
blockchain into multiple shards makes it easier for the
adversary to conduct 51% attacks [34]. For example, if a
PoS-based blockchain network is divided into 10 shards, the
adversary might only need 6% of the network total stakes
(coins) to successfully perform a 51% attack, whereas it
will need at least 51% of stakes if there is no shard in the
network. Therefore, it is crucial to determine the number
of shards as well as the MU allocation in each shard to
ensure that the adversary cannot attack any shard in the
network. Unfortunately, this problem has not been well
investigated in the literature (as discussed in more detail
in Section 2). Furthermore, these approaches, e.g., PoS and
sharding, cannot address the massive resource demands of
Metaverse applications. Therefore, an intelligent blockchain
framework that can address these challenges and at the
same time meet the high resource demands of Metaverse
is in urgent need.

Motivated by the above, we develop MetaShard, a novel
sharding-based blockchain framework that can not only
leverage MUs resources contributions to alleviate the bur-
dens on the MSP but also improve scalability while en-
suring the security of the whole system. To this end, we
first develop an innovative consensus mechanism, namely
Proof-of-Engagement (PoE), that can incentivize MUs to
participate in the consensus process and contribute comput-
ing resources and/or collected IoT data to the Metaverse
applications. Based on their engagement (determined by
their contributions and assets), MUs can be rewarded with
blockchain tokens via the block reward. As a result, PoE can
utilize MUs resources to alleviate the huge resources burden
for MSP and create a more engaged MUs community. More-
over, to improve scalability, we propose a sharding manage-
ment scheme to divide the network into multiple shards to
enable parallel transaction processing, thereby significantly
improving the network throughput. Furthermore, to protect
the shards from 51% attack, we formulate an optimization
problem to find the optimal number of shards and MUs al-
location, thereby maximizing the network throughput while
ensuring that the risk of attacks in individual shards is mini-
mal. Since the problem is NP-complete, we develop a hybrid
approach that first decomposes the problem using binary
search and then solves the relaxed sub-problems using La-
grange multipliers. As a result, the proposed approach can
quickly obtain solutions, improve the network performance,

and at the same time enhance security compared to those of
state-of-the- art solvers. The main contributions of this paper
can be summarized as follows:

• We propose MetaShard, a novel sharding blockchain
framework for Metaverse applications that not only
leverage MUs’ resources and data for Metaverse
applications but also enhance network throughput.

• We develop PoE, a new consensus mechanism that
can incentivize MUs’ data and computing resources
contribution via the block rewards, thereby alleviat-
ing the massive resource demands and incentivizing
MUs to be more engaged in the Metaverse.

• We propose a sharding management scheme to im-
prove the scalability of MetaShard. Specifically, we
first formulate an optimization problem to maximize
the network throughput while protecting the shards
from 51% attacks. We then develop a lightweight
hybrid approach to quickly obtain solutions, thereby
allowing flexible shard reconfiguration.

• We conduct extensive simulations to evaluate the
performance of our proposed approach. The results
show that, compared to the state-of-the-art commer-
cial solvers, our proposed approach can achieve up
to 66.6% higher throughput in less than 1/30 running
time. Moreover, the proposed approach can achieve
global optimal solutions in most experiments. Fur-
thermore, we study the impacts of key parameters
on the performance of the system and show that the
proposed approach can further improve the robust-
ness of the system.

The rest of the paper is organized as follows. The re-
lated work is discussed in Section 2. Section 3 presents
MetaShard’s system overview. The proposed PoE consen-
sus mechanism and sharding management scheme are pre-
sented in detail in Section 4. Section 5 presents the shard-
ing management problem and our proposed lightweight
approach. Finally, Section 6 shows the system performance
and Section 7 concludes the paper.

2 RELATED WORK

2.1 Blockchain for Metaverse
As Metaverse is an emerging topic, applications of
blockchain in Metaverse are still very limited. There are
just a few recent works [14]–[16] focusing on this topic.
Specifically, in [14], the authors propose a blockchain-based
secure mutual authentication scheme for Metaverse envi-
ronments. In this approach, the MUs need to send their
pseudo-identity, personal information, and public key to a
central authority to verify. If the verification is successful,
the central authority stores the MUs’ identities and public
keys in a public blockchain for Metaverse applications to
query. Similarly, the authors in [15] develop a blockchain-
based framework for Metaverse to manage MUs’ identities
and transactions. Particularly, the proposed framework is
composed of four parts, namely New User Engine, Transac-
tion Centre, Authenticator Engine, and Repo. In this frame-
work, the New User Engine is responsible to provide new
MUs with blockchain addresses. MUs can then send their
transactions to the Transaction Centre to process, and the



Authenticator Engine’s responsibility is to validate the MUs’
identities and transactions. If the transaction is successfully
validated, it will be recorded in the Repo (which is a
distributed ledger) along with the resulting change in MUs’
accounts. In [16], the authors propose a blockchain-enabled
framework for Metaverse service management. Particularly,
in the proposed framework, the mobile network operators
can offer their services to MUs with different service level
agreements and prices. The MUs can then choose one of the
options based on a proposed utility function with a trade-off
between service quality and prices. In this framework, the
blockchain serves as a platform to verify MUs’ identities,
and the blockchain tokens are used as the currency for
payment.

From the above, we can observe that [14]–[16] only
utilize conventional blockchain technology for managing
MUs identities and transactions without taking into account
specific challenges of Metaverse, such as the huge resource
demand or the associated scalability issues. To the best of
our knowledge, our proposed MetaShard framework is the
first in the literature that can encourage MUs to contribute
resources to the Metaverse and blockchain network as well
as address the scalability issue of blockchain.

2.2 Sharding in Blockchain

In [17], the authors propose a sharding protocol for public
blockchain networks. Although the protocol is proven to be
secure, it utilizes PoW to authenticate the consensus par-
ticipants’ identities. Another PoW-based sharding scheme
is proposed in [18], where nodes with high computing
power in the system can participate in several shards simul-
taneously. Similar to [17], this scheme requires consensus
participants to solve a PoW puzzle to become validators,
and shards’ security is proven based solely on the number of
consensus participants. However, since the consensus par-
ticipants are required to solve a PoW puzzle, the adversary
can split their computing power to simultaneously solve
different puzzles and thus able to gain more slots. As a
result, the computing power distribution needs to be taken
into account, but it is not discussed in [17] and [18]. Another
PoW-based sharding scheme is proposed in [19]. Although
the scheme’s security is proven, it relies on PoW, which is
unsuitable for Metaverse due to the high delay and huge
energy consumption.

To address the limitations of PoW, other sharding proto-
cols were developed with energy-saving alternative ways
to select consensus participants. For example, in [20], a
sharding protocol is developed based on Byzantine Fault
Tolerance (BFT) and Trusted Execution Environment (TEE).
Particularly, the consensus participants need a special type
of hardware to ensure the TEE. A similar approach that
relies on TEE is proposed in [21]. Particularly, a sharding
scheme is developed that utilizes two separate blockchains
to decouple the transaction recording and consensus pro-
cesses. Similar to [20], the proposed scheme relies on TEE,
and thus it also requires special hardware to participate
in the consensus process. Although the schemes in [20]
and [21] can enhance the security of the network, the hard-
ware requirement makes them much less attractive to public
users, especially MUs who already need a lot of computing

power for AR/VR rendering. In [22], the authors develop a
sharding scheme based on Practical Byzantine Fault Toler-
ance (PBFT). Although the security of the protocol is proven,
how to select the consensus participants is not discussed.
Moreover, similar to [17], this protocol relies on the number
of consensus participants, without taking into account the
ability of the adversary to create many identities to gain
more consensus participants slots. In [23], a reputation-
based sharding scheme is developed. Particularly, the con-
sensus participants are selected based on their reputation
scores stored in a separate blockchain. Then, the selected
consensus participants execute a BFT-based protocol for
each shard’s consensus process. However, the adversary in
this case can also create many identities to increase the num-
ber of consensus participants it controls, as the reputation
is based solely on previous behaviors. In [24], a BFT-based
sharding protocol is developed. However, similar to [17]
and [23], the protocol relies on the number of consensus par-
ticipants, which can be adversely impacted by the adversary.
In [25], a dynamic sharding protocol is proposed in which
the consensus participants are selected via smart contracts.
Moreover, to mitigate Sybil attacks, the proposed protocol
requires that each consensus participant must come from a
different IP address. Nevertheless, this still cannot prevent
the adversary from influencing the selection process, as IP
addresses can be fake.

From the abovementioned approaches, we can observe
that they rely on the PoW consensus mechanism which
is inappropriate for Metaverse due to the huge energy
consumption and large delay. In contrast, our proposed
PoE consensus mechanism is much more energy-efficient.
Moreover, the security of these approaches relies on the
number of consensus participants without considering that
this number can be unfairly affected by the adversary. On
the contrary, our proposed approach considers the MUs’
engagement instead of the number of participants, thereby
enhancing the security and robustness of the system against
Sybil attacks.

3 SYSTEM OVERVIEW

3.1 System Overview

Fig. 1 illustrates an overview of the proposed MetaShard
framework. In this framework, there is an MSP operating
a Metaverse running multiple Metaverse applications. Each
Metaverse application is a self-contained environment that
offers a wide range of services and experiences, e.g., virtual
office, virtual concerts, gaming, and virtual tourism, for
MUs. Compared to traditional virtual applications, the core
difference here is that applications in the Metaverse are fully
interconnected, allowing the MUs to freely and seamlessly
move between different applications, e.g., Meta Horizon
Worlds [26]. The MUs also have various interactions with
each other and the MSP, such as exchanging assets, purchas-
ing services and items, contributing resources, and partici-
pating in the blockchain’s consensus process. A blockchain-
based system can be applied to record and facilitate those
interactions.
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Fig. 1: An illustration of the proposed system.

3.2 Metaverse Users (MUs) and Metaverse Service
Provider (MSP)

An MU is a user that can join and use different Metaverse
applications and services provided by the MSP. The MUs
have unique avatars that represent them in the Metaverse,
allowing them to interact with each other as well as the
virtual worlds. There can be various interactions among the
MUs, as well as between the MUs and the MSP. First, the
MUs can easily exchange digital assets, such as Metaverse
tokens and virtual items, with each other using blockchain
transactions. For example, MUs who purchased virtual
concert tickets (but could not attend) can sell their tickets
to others. All these digital assets and transactions can be
verified and stored in the blockchain, providing a secure
transparent way to manage assets without the need for a
central authority.

Moreover, the MUs can pay the MSP to gain access to
services or buy digital items. This process can be automated
by smart contracts, i.e., a user-defined program that can
be automatically executed when the conditions within are
met [27]. For example, the MSP can broadcast its virtual
meeting options, e.g., duration, number of people, and fees,
by publishing a smart contract on the blockchain. Then,
MUs who want to purchase this service can send a transac-
tion that contains the specified options to the smart contract.
After the transaction is validated, the smart contract can
automatically send the MU a transaction that contains a
proof for the purchase. When the MU requests to enter the
virtual meeting room, the Metaverse application can query
the blockchain to verify the proof and grant the involved
MUs access to the room.

Furthermore, in our proposed MetaShard, MUs can also
contribute data or computing resources to Metaverse appli-
cations. For example, in Metaverse virtual tourism applica-

tions, the MSP needs up-to-date 3D image/video data from
tourist attractions to provide more immersive experiences
to MUs. In this scenario, the MSP can encourage MUs who
live near the tourist attraction to contribute the data, thereby
saving costs and increasing MUs’ engagement. Moreover,
in compute-intensive AR/VR applications, the MSP can
incentivize MUs to execute the rendering locally instead
of offloading to the MSP’s servers. Additionally, the MSP
can offload computing tasks to MUs with idle resources
to alleviate the heavy burden on the edge/cloud servers.
For those contributions, MUs can be rewarded with digital
assets such as Metaverse items or tokens. This can help to
encourage more MUs to participate in the Metaverse and
alleviate the high resource demands of Metaverse applica-
tions. Similarly, smart contracts can be utilized to provide
a transparent and trusted way to reward the MUs for their
contributions because the conditions written within a smart
contract are visible to everyone. For example, the MSP can
publish a smart contract that specifies the payment for
different amounts of data contributed. When the MUs send
the data to the smart contract, they can be automatically
paid for their data.

3.3 Blockchain and Sharding
In MetaShard, the blockchain serves as a platform to store
and manage MUs and applications data, interactions, and
assets. Blockchain enables the MUs and the MSP to manage
their identities, avatars, and digital assets in a decentralized
manner, thereby significantly enhancing transparency and
trust for MUs. Moreover, smart contracts can automate and
facilitate various interactions among MUs and applications.
Furthermore, the blockchain can also provide a transparent
way to manage and reward MUs’ data and computing
resources contribution, thereby creating a more engaged
and motivated MUs community. However, managing such
a huge amount of data and interactions for many MUs
requires very high transaction processing capabilities, which
conventional blockchain technology cannot handle. Particu-
larly, most current blockchain networks are still employing
the PoW consensus mechanism which consumes a huge
amount of energy and has very low processing capability.

Therefore, we propose a PoS-based consensus mecha-
nism for MetaShard. With PoS, the energy consumption is
negligible, and the transaction processing capability can be
significantly improved. Moreover, different from the con-
ventional PoS that only considers the user assets (stakes), we
develop a PoE consensus mechanism that will also take into
account MUs’ data and resources contribution and reward
MUs for their engagement. In this way, PoE can not only
leverage MUs’ resources to alleviate the massive resource
demands for the MSP but also encourage more MUs to
join the Metaverse for the rewards, thereby creating a more
engaged MUs community. This PoE consensus mechanism
will be discussed in detail in Section 4. Moreover, scalability
is a major constraint that hinders the applicability of con-
ventional blockchain technology for Metaverse applications
with a huge number of MUs. Therefore, we propose to
employ the sharding mechanism [28], [29] for MetaShard.
With sharding, the blockchain network can be divided into
multiple smaller networks that allow the parallel process-
ing of transactions and smart contracts, thereby improving
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scalability and processing speed and reducing the workload
on individual consensus nodes. Furthermore, each Meta-
verse application can be adaptively allocated a different
number of shards according to their processing demands.
For example, we can allocate more shards to virtual office
applications during working hours and more shards to
virtual concert applications at night.

Although dividing a blockchain into shards can sig-
nificantly enhance the network throughput (in terms of
the number of transactions successfully verified and pro-
cessed per time unit), it also causes some potential risks
for network security as shown in [28], [29]. Particularly, the
security of a blockchain network depends on the honest
majority. For example, if the adversary can control the
majority (51%) of stakes in PoS, it can successfully perform
various attacks, such as double-spending and transaction
denial attacks [10]–[12], on the network. However, if the
stakes are not allocated properly into the shards, then the
adversary may not need too many stakes to successfully
attack a shard. Therefore, it is crucial to determine the
proper number of shards and MUs allocation such that the
security of the whole network is still ensured. To this end,
in Section 5, we will formulate this sharding management
optimization problem and propose an efficient approach to
quickly obtain solutions, thereby significantly improving the
network performance and security.

4 PROPOSED POE CONSENSUS MECHANISM AND
SHARDING

4.1 Epoch and Time Slots

In our proposed PoE consensus mechanism, time is divided
into epochs. Each epoch is then divided into time slots. Dur-
ing epoch ek, our proposed sharding management process
is executed to determine the number of shards and MUs
allocation for epoch ek+1, as illustrated in Fig. 2. Note that
frequent and dynamic adjustment of the number of shards
can be beneficial for the system, e.g., adding more shards
to address the varying transaction processing demands or
closing shards to reduce unnecessary communication [30].
This sharding management process is run once for each
epoch, which is beneficial for network security [28], [29].
Moreover, it is also more desirable for the MUs, e.g., an MU
who contributes more in this epoch should have a higher

chance to be elected as a leader and earn block rewards
(e.g., in Metaverse tokens) in the next epoch.

Moreover, during the epoch, the committee members
(selected from MUs who participate in the consensus pro-
cess) of each shard execute the Publicly Verifiable Secret
Sharing (PVSS) protocol [31] to create random seeds. The
PVSS protocol is guaranteed to produce unbiased random
strings, and it allows network participants to verify those
strings, as long as 51% of the protocol participants are
honest [31]. Therefore, the PVSS protocol can be employed
to create publicly verifiable random seeds. At the beginning
of each epoch, these random seeds, along with the number
of shards and MUs allocation, are then used as the input of a
hash function, e.g., Follow-the-Satoshi (FTS) algorithm [12],
to choose the leaders for the current epoch and committee
members for the next epoch. If the numbers of shards of
two epochs are different, the random seeds can be used to
determine which shard will create more (or fewer) random
seeds. For example, if there is one more shard in the next
epoch, then a random shard in this epoch will create two
seeds instead of one.

4.2 MU Engagement and Reward
In MetaShard, MUs are incentivized to contribute data and
computing resources. To reward this contribution, MUs are
given contribution scores that are stored in the blockchain.
These scores are then used along with the MUs assets,
e.g., Metaverse items and tokens, to determine the MUs’
total engagement scores. Particularly, each MU has a data
contribution score Dn, a computing resource contribution
score Cn, and an amount of Metaverse tokens Tn. The data
and computing resource score rewarded to the MUs can
be determined by the MSP, e.g., based on the amount or
frequency of resources and data contribution [32], [33]. The
total engagement score of MU n can be calculated by

ηn = αDDn + αCCn + αTTn, (1)

where αD, αC , and αD are the weight factors for data con-
tribution, computing resources contribution, and Metaverse
token, respectively. These weight factors are determined
by the MSP, and they can also reflect the MSP’s priority.
For example, if the MSP needs more computing resource
contribution, it can set αC higher than αT and αD .

Every MU can choose to participate in the consensus
processes to be able to earn the block rewards. Since each
shard runs its own consensus process, the probability that
MU n is selected to be the leader of shard s is given by:

Prsn =
ηsn∑N
i=1 η

s
i

. (2)

Besides the benefits of MUs’ resource contribution, our
proposed leader selection approach can also enhance the
security of the network. The reason is that MUs who are
more engaged (with high contributions and own a lot of
assets) might want to protect the network more. More-
over, in existing approaches such as [17]–[19], [21]–[25], the
leader is not selected based on stakes/scores (BFT-based
approaches). Instead, these approaches rely only on the
number of validators. However, the adversary can target
those protocols by conducting Sybil attacks, i.e., creating



multiple accounts, to improve their chance of being selected
as validators. In contrast, the leaders are chosen based on
their engagement in MetaShard, and thus creating multiple
accounts with no contributions or assets cannot adversely
affect the leader selection process.

4.3 Threat Model and Shard Security
Threat Model: In this work, we consider the type of ad-
versary that tries to gain the majority in any shard to
conduct 51% attacks. Particularly, the adversary possesses
multiple accounts (adversarial MUs) in the system. These
accounts, along with the other MUs’ accounts, are allocated
into different shards in the system. If the total score of the
adversary exceeds 51% of the total score of any shard in
the system, the adversary can successfully conduct various
attacks, such as double-spending and transaction denial
attacks [10]–[12], and unfairly affect the seeds generation
of the PVSS protocol. Moreover, the adversary can corrupt
honest MUs, but the corruption will take effect after a period
of time [17], [19], [24], [28]. When an MU is corrupted, it
will be controlled by the adversary, and its score will count
toward the adversary’s total score.

Given the above adversary model, there are two seri-
ous threats. First, when the adversary controls more than
51% of a shard, the adversary can influence the leader
election process to conduct other types of attacks such as
double-spending and transaction denial attacks [10]–[12] on
the shard. Consequently, the Metaverse transactions might
be reverted, or transactions from specific MUs might be
blocked by the adversary. Therefore, it is crucial to allocate
scores to each shard such that the adversary has a minimal
chance to attack every shard. However, a major challenge
is that we do not know which MU is adversarial, and thus
we can only minimize the chance that the adversary can
control the majority of scores in any shard. Second, if the
epoch is too long, the adversary might be able to corrupt
the honest MUs during the epoch and successfully gain
control of the shard. Therefore, the score allocation needs to
be regularly reconfigured, e.g., Ethereum’s epoch only lasts
for 6.4 minutes [35].

To address these threats, we develop a sharding man-
agement approach to determine the number of shards and
allocate MUs scores such that the adversary’s chance to
successfully attack any shard is minimal, e.g., lower than
0.1%. Moreover, the proposed approach can quickly obtain
solutions, thereby reducing the time for the adversary to
corrupt honest MUs. The proposed approach is presented
in detail in the next section.

5 SHARDING MANAGEMENT PROBLEM AND SO-
LUTION

5.1 Problem Formulation
We first formulate the sharding management problem as fol-
lows. In the considered system, there is a setN = (1, . . . , N)
of MUs. Since we do not know which MU is adversar-
ial, we can consider the total engagement score of the
adversary, denoted by ηAs , to be a sum of independent
random variables. Let pAn denote the probability that MU
n is adversarial. pAn can be determined based on the MUs’

assets and contribution, i.e., MUs who owns more assets
or contribute frequently to the Metavese are less likely
to be adversarial, or using Machine Learning approaches
such as those in [36]–[38]. The expected value of the total
engagement score of the adversary in shard s can then be
determined by:

E[ηAs ] = E[
N∑
n=1

pAηsn] =
N∑
n=1

pAηsn. (3)

Since ηAs is a sum of independent random variables, we
want to determine the probability that ηAs exceeds 50%
of the total engagement scores in any shard, i.e., when
the adversary gains the majority in a shard. To find this
probability, we apply the Hoeffding bound [42] to determine
the bounds on the tail distribution of ηAs . Particularly, let
θs =

∑N
n=1 η

s
n denote the total engagement score of all

MUs (including the adversary) in shard s. Based on (3), the
probability that the adversary’s score exceeds 50% of the
total scores in shard s can be determined by:

Pr[ηAs ≥ 0.5θs] = Pr[ηAs ≥ E[ηAs ] + t] ≤ exp
( −2t2∑N

n=1(η
s
n)

2

)
(4)

where t denotes the deviation from the expected value of ηAs
such that the adversary can gain majority in the shard, i.e.,
ηAs ≥ 0.5θs. This deviation can be determined by:

0.5θs = E[ηAs ] + t,
N∑
n=1

0.5ηsn = t+
N∑
n=1

pAn η
s
n,

t =
N∑
n=1

(0.5− pAn )ηsn.

(5)

The inequality in (4) comes from Hoeffding bound [42].
To keep the probability in (4) lower than a certain safety
threshold τ (e.g., τ = 0.001), we have

exp(
−2t2∑N
n=1(η

s
n)

2
) ≤ τ,

−2

(∑N
n=1(0.5− pAn )ηsn

)2

∑N
n=1(η

s
n)

2
≤ ln(τ),

(
N∑
n=1

(0.5− pAn )ηsn)2 ≥ −0.5 ln(τ)
N∑
n=1

(ηsn)
2.

(6)

This means that to make all the shards to be secured, we
need to allocate the scores ηsn of the MUs in each shard such
that they satisfy (6). Let S denote the maximum possible
number of shards1. We formulate the optimal sharding
management problem (P1) below.

1. In theory, we do not have the maximum possible number of shards,
e.g., an MU can participate in many shards. However, in practice,
this number cannot be unlimited because an MU does not want to
participate in too many shards (same rewards but needs much more
computational and communication resources).



(P1)max
η,x,ς

Tς (7)

s.t. (
N∑
n=1

(0.5− pAn )ηsn)2 ≥ −0.5xs ln(τ)
N∑
n=1

(ηsn)
2,

∀s = 1, . . . , S (8)

xs ≥
ς − s+ 1

S
, ∀s = 1, . . . , S (9)

xs ≤ ς − s+ 1, ∀s = 1, . . . , S (10)
S∑
s=1

ηsn = ηn, ∀n ∈ N . (11)

In (P1), the objective (7) is to maximize the total network
throughput, which can be obtained by multiplying the num-
ber of shards ς with the maximum number of transactions
that a shard can process per second T . Constraints (8)
follow (6). Note that out of these S constraints, only ς
constraints are active to ensure the security for ς shards,
while the constraints for the other (dummy) shards need to
be inactive. To this end, we use auxiliary decision variables
x to make the constraints active for the shards from 1 to ς ,
and inactive for the other shards. Particularly, constraints (9)
and (10) ensure that xs = 1,∀s = 1, . . . , ς , while xs =
0,∀s = ς, . . . , S. Then, for shards from 1 to ς , the right-hand-
side of constraints (8) become −0.5xs ln(τ)

∑N
n=1(η

s
n)

2 (ac-
tive). For shards from ς + 1 to S, the right-hand-side of
constraints (8) become zero, and thus they are always satis-
fied (inactive). Finally, constraints (11) ensure that the MUs
scores are fully allocated. The reason for these constraints
is that the MUs’ rewards for consensus participation are
proportional to their engagement scores, and thus the MUs
will want to use all their scores for consensus participation.

From (8), we can observe that (P1) is a Mixed Integer
Non-linear Programming (MINLP) problem [39], [40] which
is NP-complete [43]. As later shown in Section 6, commercial
solvers such as CPLEX [40] can only solve instances of
(P1) with a small number of shards. For larger values of
S, it becomes intractable and infeasible to obtain optimal
solutions. However, the score allocation needs to be reg-
ularly reconfigured, e.g., Ethereum’s epoch only lasts for
6.4 minutes [35]. Such frequent shard reconfiguration can
bring various benefits. First, the MUs who contribute more
resources in one epoch can have their scores updated earlier
to earn more rewards in the next epoch. Moreover, if the
epoch is short, the adversary will have less time to corrupt
the honest MUs.

5.2 Proposed Hybrid Algorithm

5.2.1 Problem decomposition and the proposed La-
grangian approach

To address the abovementioned problems, we develop a
lightweight approach based on Lagrange multipliers and
binary search that can quickly obtain solutions in a very
short time, thereby enabling flexible scores reallocation and
improving the shards’ security. To that end, we first de-
compose (P1) into multiple relaxed sub-problems (P2) as
follows:

(P2)max
η

Tσ (12)

s.t.
( N∑
n=1

(0.5− pAn )ηsn
)2 ≥ −0.5 ln(τ) N∑

n=1

(ηsn)
2,

∀s = 1, . . . , σ (13)
σ∑
s=1

ηsn = ηn, ∀n ∈ N (14)

Particularly, in (P2), we fix the value of ς = σ. In this way, we
do not need to determine ς and x, and thus constraints (8)
become constraints (13). Moreover, constraints (9) and (10)
can be omitted. Furthermore, the objective function (12)
becomes a constant, and thus we only need to find a feasible
solution to (P2), instead of optimizing it. As a result, (P2)
becomes a Nonlinear Programming (NLP) problem, which
is easier to solve compared to MINLP problems [39], [40].
Then, we can solve (P2) for all values of σ = 1, . . . , S,
and the largest value of σ for which we can find a feasible
solution is the global optimal solution of (P1). Nevertheless,
(P2) is non-convex and nonlinear due to (13), and thus it
still requires exponential time to solve [41], as later shown
in Section 6.

To address this limitation, we reformulate the optimiza-
tion problem (P3) as follows:

(P3)max
η

σ∑
s=1

(( N∑
n=1

(0.5− pAn )ηsn
)2

+ 0.5 ln(τ)
N∑
n=1

(ηsn)
2

)
(15)

s.t.
σ∑
s=1

ηsn = ηn, ∀n ∈ N (16)

The core idea of (P3) is that, instead of finding feasible
solutions that satisfy (13) and (14), we try to maximize the
left-hand-side of (13), subject to (14). Then, we can check
the optimal solution η′ obtained from (P3). Then, we adopt
the Lagrange multipliers method to solve (P3) as follow. We
first define the Lagrange function:

L(η,λ) = f(η)− λg(η),

=
σ∑
s=1

(( N∑
n=1

(0.5− pAn )ηsn
)2

+ 0.5 ln(τ)
N∑
n=1

(ηsn)
2

)

−
N∑
j=1

λj

( σ∑
s=1

ηsn − ηn
)
.

(17)

Then, we solve the following set of equations:

∇η,λL(η,λ) = 0, (18)

which is equivalent to

λk + ln(τ)
N∑
n=1

(ηsn) + 2pAk

N∑
n=1

(0.5− pAn )ηsn = 0,

∀k ∈ N ,∀s = 1, . . . , σ,
σ∑
s=1

ηsn − ηn = 0,∀n ∈ N .

(19)

Instead of solving the NLP problem (P2), we only need to
solve (19) which is a set of (σ+1)N equations with (σ+1)N



variables. Moreover, in (19), all the equations are linear, and
thus it is a system of linear equations. As a result, this system
of equations can be solved effectively in a very short period
of time compared to (P2).

Finally, we implement Algorithm 1 which combines bi-
nary search and the Lagrange multiplier method to obtain
optimal solutions for the original problem (P1). Particularly,
Algorithm 1 first finds the optimal solution η′ of (P3), using
the system of equations in (19), with σ = S. Then, if η′

satisfies (13), it is the optimal solution of (P1). Otherwise, we
apply binary search to speed up the optimization process as
illustrated in Fig. 3. Particularly, we first set high = S − 1,
low = 2, and σ′ = (high + low)/2. Then, we solve (19)
to find η′. Next, if η′ satisfies (13) (which means σ is the
best solution so far), we set high = S − 1, low = σ, and
σ′ = (high+ low)/2. Otherwise, we set high = σ, low = 2,
and σ′ = (high+ low)/2. In both cases, the loop is repeated
until σ′ = high. During the loop, the algorithm records the
best solution found (that can satisfy (13)) in η∗ and σ∗, and
it will return η∗ when the loop ends. With η∗ and σ∗, x∗ can
be straightforwardly deduced for the original problem (P1)
as shown in the proof of Theorem 1.

Algorithm 1 Proposed hybrid algorithm for (P1)
Input: Optimization problem (P1)
Output: η∗

1: σ ← S.
2: Solve (19) to obtain η′

3: if η′ satisfies (13) then
4: η∗ ← η′, ς∗ ← S, stop algorithm.
5: else
6: high← S − 1, low ← 2σ′ ← (high+ low)/2
7: repeat
8: Solve (19) to obtain η′

9: if η′ satisfies (13) then
10: low ← σ′, σ′ ← (high+ low)/2
11: ς∗ = σ′,η∗ ← η′

12: else
13: high← σ′, σ′ ← (high+ low)/2
14: end if
15: until σ′ = high
16: end if

5.2.2 Optimality analysis

In Lemma 1, we first prove that the solution obtained from
solving (19) is the global optimal solution of (P3).

Lemma 1. Let η′ denote a solution of (19). η′ is also the global
optimal solution of (P3).

Proof: We will prove that η′ satisfies the
Karush–Kuhn–Tucker (KKT) conditions for non-
convex optimization problems [41]. Moreover, since (15)
and (16) are differentiable and satisfy linearity constraint
qualification, strong duality holds, and thus η′ is the global
optimal solution of (P3). Next, we prove that η′ satisfies the
KKT conditions as follows. The first condition is:

fi(η
′) ≤ 0. (20)

1 2 3 S

 Solve with Satisfied Optimal solution
 found, stop

Not satisfied

 Solve with

1 2 3 S

highlow

Satisfied

S

highEliminated

Not satisfied

low Eliminatedhigh

 Not satisfied SatisfiedNot satisfied Satisfied

Repeat until

low

Fig. 3: An illustration of Algorithm 1.

This condition is always satisfied since there is no inequality
constraint (fi(·)) in (P3). The second condition is:

hk(η
′) = 0 =

σ∑
s=1

(ηsk)− ηk,∀k ∈ N . (21)

The second condition is always satisfied since it is included
in (19). The third condition is

λk ≥ 0,∀k ∈ N . (22)

From (19), we have

λk = − ln(τ)
N∑
n=1

(ηsn)− 2pAk

N∑
n=1

(0.5− pAn )ηsn,

=
(
− ln(τ)− pAk )

) N∑
n=1

(ηsn) + 2pAk

N∑
n=1

(ηsn).

(23)

Since τ ≤ 0.001 and pAk < 1, we have λk > 0, and thus the
third condition is satisfied. The fourth condition is:

λkhk(η
′) = 0. (24)

Similar to (21), this condition is always satisfied since there
is no inequality constraint in (P3). The fifth condition is

∇fo(η′) +
N∑
k=1

λk∇hk(η′) = 0,

= λk + ln(τ)
N∑
n=1

(ηsn) + 2pAk

N∑
n=1

(0.5− pAn )ηsn = 0,

∀k ∈ N ,∀s = 1, . . . σ,

(25)

which is included in (19). As a result, η′ satisfies all KKT
conditions, and thus the proof is completed.

Then, in Lemma 2, we prove that for any given σ, if
the solution obtained from (19) satisfies (13), it is the global
optimal solution of (P2).

Lemma 2. If the solution η′ obtained from (19) satisfies (13), η′

is the global optimal solution of (P2).

Proof: It follows from Lemma 1 that η′ is the global
optimal solution of (P3), and thus it satisfies (16). Moreover,



constraints (16) and (14) are identical. Therefore, η′ satis-
fies (14). Furthermore, the objective function (12) of (P2)
is constant. As a result, if η′ satisfies (13), η′ is the global
optimal solution of (P2). The proof is completed.

Next, in Theorem 1, we prove that for any given σ, if the
solution η′ obtained from solving (19) satisfies (13), then we
can straightforwardly derive an equivalent feasible solution
of (P1). Moreover, if the optimal solution of (P3) satisfies (13)
in the case where σ = S, we can derive the global optimal
solution of (P1). Note that when the optimal solution of (P3)
cannot satisfy (15), it does not imply the absence of a feasible
solution of (P1) for a given σ. Despite this limitation, the
proposed Lagrangian method can still find solutions that are
better than those from commercial solvers in a significantly
shorter amount of time. Moreover, the proposed method can
find the global optimal solution in most experiments as later
shown in Section 6.

THEOREM 1. For any given σ, if the solution η′ obtained
from (19) satisfies (13), then {η′,x, σ} is a feasible solution to
(P1), where x can be straightforwardly derived from σ.

Proof: First, we prove that for any specific σ, we can
straightforwardly derive x. Substituting ς = σ into (9), we
have

xs ≥
σ − s+ 1

S
,∀s = 1, . . . , S. (26)

This means that xs > 0, ∀s ≤ σ. Then, substituting ς = σ
into (10), we have

xs ≤ σ − s+ 1,∀s = 1, . . . , S. (27)

This means that xs ≤ 0, ∀s > σ. Moreover, since x are
binary, we have xs = 1 , ∀s = 1, . . . , σ and xs = 0, ∀s > σ.

As a result, (8) becomes( N∑
n=1

(0.5− pAn )ηsn
)2

≥ −0.5 ln(τ)
N∑
n=1

(ηsn)
2,∀s ≤ σ, (28)

and ( N∑
n=1

(0.5− pAn )ηsn
)2

≥ 0,∀s > σ. (29)

Since η′ satisfies (13), it also satisfies (28). Moreover, since
pAn < 0.5 and ηsn > 0, (29) is always satisfied. As a result,
{η′,x, σ} satisfy all constraints of (P1), and thus it is a
feasible solution to (P1). The proof is now completed.

5.2.3 Complexity analysis

The main component of Algorithm 1 is solving (19) to
obtain η′ in Steps 2 and 8. Using methods such as Gaussian
elimination [41], each instance of (19) can be solved with
time complexity O

(
(σN + N)3

)
. Additionally, because we

utilize binary search, (19) needs to be solved at most log(S)
times, and thus the total time complexity of Algorithm 1
is O

(
log(S)(σN + N)3

)
. In contrast, the time complexity

of solving (P1) is exponential [41], and (P1) involves more
variables. As a result, Algorithm 1 can be frequently de-
ployed to reconfigure the shards, thereby reducing the risk
of corruption from the adversary.

TABLE 1: Problem instance parameters.

Instance No. of
nodes

Maximum
difference Mean STD

1 25 29 39.0 7.9
2 50 31 36.8 6.7
3 100 38 38.4 4.8
4 150 109 89.9 19.9
5 200 170 123.8 32.9

6 PERFORMANCE EVALUATION

6.1 Simulation Settings

To evaluate the performance of our proposed approach,
we conduct various numerical experiments in five problem
instances with different parameters (number of nodes, max-
imum difference, mean, and standard deviation (STD) of
MUs score distribution) as shown in Table 1. Moreover, in
all experiments, we set T = 2000 Tx/s and αC = αD =
αT = 1. In these experiments, we compare the performance
of three methods as follows:

• SV P1: We solve (P1) directly using the commercial
solver CPLEX [40].

• SV P2: We apply an iterative algorithm similar to
Algorithm 1. However, instead of solving (19) in
Steps 2 and 8 as done in Algorithm 1, we solve (P2)
using the commercial solver CPLEX [40].

• LGRN : We solve (P3) using the proposed La-
grangian approach as described in Algorithm 1.

In the first set of experiments, we examine the best so-
lution found by the three methods under a limited running
time (1 minute). Particularly, for each instance, we vary ς
and τ to examine the best possible solution found by each
method. The results show the lowest probability that the
adversary can control more than 51% of a shard’s score,
denoted by Pr51% (Pr51% can be calculated using (4)). For
each method, we record the lowest Pr51% given a specific
number of shards.

In the second set of experiments, we let all three methods
run up to 10 minutes and then compare their running time
and achievable throughput. For SV P2, we set the time limit
of each iteration (Step 2 and Step 8 in Algorithm 1) to 1
minute. Moreover, we conduct experiments with different
values of S to show the impact of S on the performance of
the considered methods.

In the third set of experiments, we vary the values of
pAn to study the impacts of the adversarial probability on
the performance and security of the network. Particularly,
we gradually increase pAn and examine the best achieved
Pr51% of the three methods for various numbers of shards.
Moreover, we also measure the highest throughput achieved
by the considered methods.

Finally, we study the impact of the MUs’ scores on the
security of the system. In particular, for a network of 50
nodes, we randomly generate instances with different user
engagement scores, as reflected by the different standard
deviations and average values of engagement scores. Then,
for each instance, we examine the best Pr51% achieved
by the proposed LGRN method to study how different
distributions of scores can affect network security.



5 10 15 20

10-12

10-7

SVP1 and LGRN

5 10 15 20

10-12

10-7

10-2
SVP2 and LGRN

SVP1, Instance-1
SVP2, Instance-1
LGRN, Instance-1

SVP1, Instance-2
SVP2, Instance-2
LGRN, Instance-2

SVP1, Instance-3
SVP2, Instance-3
LGRN, Instance-3

SVP1, Instance-4
SVP2, Instance-4
LGRN, Instance-4

SVP1, Instance-5
SVP2, Instance-5
LGRN, Instance-5

Safety Threshold Safety Threshold
10-2

Fig. 4: Pr51% achieved by the three methods.

6.2 Simulation Results

Fig. 4 illustrates the best Pr51% obtained by the three meth-
ods for different numbers of shards in all problem instances.
For example, in Instance-1 with 25 nodes, when we want to
optimize the score allocation for 2 shards, the three methods
achieve similar results, e.g., around 0.003 possibility to be
attacked. However, if we want to have more shards in the
system, Pr51% increases drastically if we use the SV P1 and
SV P2 methods, e.g., 0.006 for 3 shards, 0.01 for 4 shards,
and more than 0.01 for higher numbers of shards. In con-
trast, even for 20 shards, the value of Pr51% achieved by the
LGRN method is only around 0.003. Moreover, for all other
instances, the LGRN method can achieve Pr51% lower than
the safety threshold (0.001) for up to 20 shards in the system.
In contrast, SV P1 and SV P2 can only ensure security, i.e.,
Pr51% < 0.001, for up to 4, 8, 10, and 11 shards in instances
2, 3, 4, and 5, respectively. Furthermore, compared to SV P1
and SV P2, LGRN can achieve smaller Pr51% in all cases.
Note that since the values of Pr51% achieved by LGRN
does not vary much compared to the other methods, it is not
shown clearly in the figure. For example, in Instance-3, the
values of Pr51% achieved by LGRN ranges from 6x10−10

to 9x10−10, whereas those achieved by SV P1 ranges from
3x10−8 to 0.012.

Fig. 5 shows the throughput achieved by the three
methods for Instance-2 to Instance-5. We do not show the
achieved throughput for Instance-1 because, in this instance,
all three methods cannot ensure that Pr51% is lower than
the safety threshold even for 2 shards, and thus the net-
work cannot be divided into shards. For all the remaining
instances, we can observe that the proposed LGRN method
performs better than the other methods, especially for high
numbers of shards. For example, in Instance 2, LGRN can
achieve a throughput up to 20, 000 Tx/s, while the other
methods can achieve at most 8, 000 Tx/s. Moreover, the
SV P1 fails to find a feasible solution for S > 5, and thus
the network cannot be divided into shards in these cases.
Similarly, LGRN performs better than the other methods
by up to 25%, 50%, and 66.6%, in Instances 3, 4, and 5,
respectively. Moreover, in Instance-2 to Instance-5, LGRN
can achieve global optimal solutions for all values of S,
whereas SV P1 and SV P2 can not for higher values of S.
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Fig. 5: Throughput achieved by the three methods.
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Fig. 6: Running time of the three methods.

Fig. 6 shows the running time of the three methods in
Instance-2 to Instance-5. As observed, the computational
time of the proposed LGRN is trivial compared to the
other methods, particularly for high numbers of shards.
For example, in Instance 2, LGRN needs only 2.3 seconds
to find the solution to divide the network into 10 shards.
In contrast, SV P2 needs more than 187 seconds, whereas
SV P1 can only find solutions for up to 4 shards. For more
than 5 shards, SV P1 exceeds the running time limit without
being able to find any feasible solution. Similarly, for the
remaining instances, LGRN can find better solutions in a
much shorter time, i.e., more than 30, 16, and 8 times faster
than SV P2. Meanwhile, SV P1 fails to find any feasible so-
lution for 9, 13, and 12 shards in Instance-3, Instance-4, and
Instance-5, respectively. Because of that, the graphs in Fig. 6
do not show the running time of SV P1 in the cases where
SV P1 cannot find any feasible solution. Additionally, we
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Fig. 7: Pr51% under increasing adversarial probability.
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Fig. 8: Throughput under increasing adversarial probability.

can observe that the running time of LGRN scales almost
linearly with S, while the running time of the other methods
increases exponentially as S increases.

Fig. 7 illustrates the results of the third set of experiments
in terms of security, i.e., the change in Pr51% as the adversar-
ial probability (pAn ) increases. As observed from the figure,
LGRN can ensure the safety (Pr51% < 0.1%) of a network
with 50 nodes and 10 shards even when pAn increases by
nearly 150%. In contrast, if we use SV P1 and SV P2, Pr51%
is nearly 0.04. Moreover, as pAn increases, Pr51% obtained
from SV P1 and SV P2 increases drastically to over 0.1. This
means that these methods cannot be employed for sharding
when the adversary controls a high portion of MUs. Fur-
thermore, we can also observe that SV P2 performs slightly
better than SV P1 as the adversarial probability increases.

Fig. 8 shows the highest throughput achieved by the
three methods as pAn increases. It can be observed that
the highest throughput LGRN can achieve is 20,000 Tx/s
(global optimal) with up to 145% increase in adversarial
probability. In contrast, SV P1 and SV P2 only attain a
maximum of 8,000 Tx/s and their throughput decreases
when pAn exceeds 115%. When pAn continues to rise, SV P1
and SV P2 fail to divide the network into shards at 120%
and 140% respectively, while LGRN can still sustain a
throughput of 14,000 Tx/s at 155%. LGRN only fails to find
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a feasible solution after pAn increases by more than 160%.
Fig. 9 illustrates the Pr51% achieved by LGRN for

different distributions of engagement scores. As observed
from the figure, the more spread out the engagement scores
are (i.e., the standard deviation is high), the higher the
possibility of the network being attacked by the adversary.
Moreover, the higher score the network has (i.e., higher
mean), the more secure it becomes. For example, the in-
stance with the largest standard deviation has the greatest
likelihood of being attacked. Moreover, among instances
with similar standard deviations, the ones with a higher
mean (which corresponds to a higher total score) have a
lower probability of being attacked. Therefore, while the
network operators cannot influence the score distribution,
they can try to attract more MUs to the network (thereby
increasing the total score) to improve network security and
performance.

7 CONCLUSION

In this paper, we have developed a novel sharding
blockchain framework for Metaverse applications. Particu-
larly, we have developed a PoE consensus mechanism that
can encourage and reward MUs’ resources contribution,
thereby alleviating the huge resource demands for MSP
and creating a more engaged MU community. Moreover, we
have proposed a sharding management scheme and formu-
lated an optimization problem to find the optimal number of
shards and MUs allocation. Since the optimization problem
is NP-complete, we have developed a hybrid approach that
decomposes the problem (using the binary search method)
into sub-problems that can be solved effectively by the
Lagrangian method. As a result, the proposed approach
can obtain solutions in polynomial time, thereby enabling
flexible shard reconfiguration and reducing the risk of cor-
ruption from the adversary. Extensive numerical experi-
ments have been conducted, and their results have shown
that, compared to the state-of-the-art commercial solvers,
our proposed approach can achieve up to 66.6% higher
throughput in less than 1/30 running time. Moreover, the
proposed approach can achieve global optimal solutions
in most experiments. Furthermore, we have studied the
impacts of key parameters on the performance of the system

and shown that the proposed approach can further improve
the robustness of the system.
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