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A B S T R A C T

Collaborative manufacturing has become an essential strategy for improving resource utilization and profitability 
in the additive manufacturing (AM) industry. In this study, we propose an additive manufacturing collaboration 
platform (AMCP) to facilitate bilateral resource exchange in decentralized AM environments. To address the 
challenges posed by the two-way, many-to-many exchange of heterogeneous AM resources in AMCP, we design a 
five-phase double-sided bundle auction (DBA) mechanism. This mechanism is proven to satisfy incentive 
compatibility, individual rationality, budget balance, and allocative efficiency, ensuring fair and efficient 
collaboration among self-interested participants. To optimize the winner determination problem in DBA, which 
arises from overlapping transactions and flexible bundle bidding, we reformulate it as a maximum weight in
dependent set problem in graph theory. Based on this reformulation, we develop a graph-based adaptive 
neighborhood search algorithm that balances computational efficiency and solution quality. The experimental 
results demonstrate that the proposed mechanism is both feasible and robust. It achieves superior social welfare, 
cooperation rates, and scalability when compared to traditional approaches. Additionally, sensitivity analysis 
reveals the robustness and resilience of the proposed mechanism, even in the presence of strategic 
manufacturers.

1. Introduction

With the rapid advancement of additive manufacturing (AM), the 
technology has become increasingly influential in industrial production, 
social development, and daily life [1]. The rising demand for highly 
specialized and intensive AM processing capabilities has highlighted the 
potential for collaboration among AM manufacturers, particularly in 
concentrated manufacturing environments [2,3]. Manufacturers 
frequently encounter scenarios where incoming orders exceed their 
production capacity or fall beyond their areas of expertise [4,5]. Instead 
of rejecting such orders, they can collaborate with other manufacturers 
in the community who possess complementary capabilities by sharing 
orders. Simultaneously, manufacturers are encouraged to actively seek 
shared orders from others to maximize the utilization of their own 
production resources [6–8]. This collaborative AM is facilitated through 
the two-way exchange of manufacturing orders, enabling decentralized 
AM manufacturers to adjust their production plans to meet growing 

demands for personalization.
The challenges of fostering collaboration within a sharing-based AM 

environment primarily arise from the complexity of two-way over
lapping transactions and the involvement of multiple self-interested 
stakeholders [9]. Unlike centralized or unidirectional distributed 
resource allocation, which focuses on matching manufacturing re
sources from a top-down, one-way perspective, collaborative AM sys
tems must account for bilateral resource exchanges [10,11]. In 
collaborative AM scenario, each AM manufacturer may simultaneously 
share resources with multiple counterparts while simultaneously 
requesting resources from others. This transactional overlap, coupled 
with the departure from traditional one-to-one exchanges to a 
many-to-many exchange framework, significantly increases the system’s 
complexity. Beyond the inherent challenges of two-way overlapping 
transactions, the self-interested nature of AM manufacturers further 
complicates resource exchanges. In contrast to resource allocation sce
narios that operate with full and deterministic information, 
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collaborative AM broker must function with partial and often indistin
guishable information shared by autonomous manufacturers [12]. 
Manufacturers in a two-sided market may strategically misrepresent 
their preferences or resource capabilities to secure more favorable al
locations, which can undermine both the fairness and efficiency of the 
system [13,14]. Li et al. [15] explore decentralized, negotiation-based 
coordination mechanisms for smart manufacturing systems and 
develop a manufacturing resource-based self-organizing scheduling 
approach to allocate production and logistics tasks through competitive 
bidding among heterogeneous resource agents. These challenges un
derscore the necessity of designing a bilateral collaboration mechanism 
in AM, one that ensures efficient resource exchanges while addressing 
the strategic behaviors of stakeholders.

The double-sided combinatorial auction is a natural and effective 
choice for addressing manufacturing resource allocation problems in 
two-sided markets, as widely demonstrated in prior research [16–19]. In 
comparison to traditional linear pricing mechanisms commonly used for 
homogeneous commodities, the collaborative AM resource-sharing 
problem involves highly heterogeneous and personalized AM orders, 
where costs are unique to individual manufacturers, and the utility 
derived from a combination of tasks is often non-additive [20]. These 
distinct characteristics render traditional double-sided auction mecha
nisms, such as the McAfee mechanism and its extensions, unsuitable for 
scenarios involving the exchange of heterogeneous resources [21].

To address the challenges posed by the two-way, many-to-many 
exchange of heterogeneous AM resources, this study develops an addi
tive manufacturing collaboration platform (AMCP) that leverages a 
double-sided combinatorial auction mechanism for resource matching 
and pricing. The primary contributions of this study are summarized as 
follows: 

● An AMCP is designed to provide a structured framework that in
tegrates an auction mechanism to facilitate efficient two-way 
resource exchanges, thereby establishing the basis for maximizing 
social welfare.

● A five-phase double-sided bundle auction (DBA) is proposed to 
effectively manage overlapping transactions and ensures efficient 
multi-party collaboration. The mechanism ensures key properties, 
including incentive compatibility, individual rationality, budget 
balance, and allocation efficiency.

● A graph-based representation is introduced to reformulate the 
winner determination problem in DBA. Furthermore, a graph-based 
adaptive neighborhood search (G-ANS) algorithm is developed, 
employing novel adaptive neighborhood search strategies to identify 
optimal collaboration.

The remainder of this paper is structured as follows: In Section 2, we 
review the relevant literature. Section 3 defines the collaborative AM 
problem in AMCP. The DBA auction mechanism is introduced in Section 
4. The algorithmic procedure of G-ANS is explained in Section 5. Section 
6 discusses numerical experiments and results. Finally, Section 7 pre
sents the conclusions and outlines directions for future research.

2. Literature review

To provide a comprehensive understanding of the relevant literature, 
this review organizes the discussion into two aspects: the development 
of collaborative manufacturing, especially its utilization in AM, and the 
application of double-sided auction mechanisms for collaborative 
manufacturing.

2.1. Collaborative manufacturing

Existing research on collaborative manufacturing primarily focuses 
on its architectural frameworks, aiming to enhance resource sharing, 
decision-making, and interoperability among distributed manufacturing 

entities. Guo et al. [22] introduced a cloud–edge collaborative 
manufacturing framework for AM applications in petroleum equipment 
manufacturing, identifying key enabling technologies to support such 
integration. Similarly, Wang et al. [23] extended this perspective by 
analyzing the production characteristics and collaborative management 
requirements of multi-workshop discrete manufacturing enterprises, 
proposing a collaborative manufacturing execution system to optimize 
coordination. In addition to these architectural developments, recent 
studies have incorporated mechanism-level innovations into collabora
tive frameworks. Zheng et al. [9] proposed a blockchain-driven frame
work for cross-enterprise collaborative manufacturing supply chains, 
ensuring data credibility and security in distributed environments. 
Similarly, Zhang et al. [24] examined collaborative manufacturing in 
mass personalization, proposing an open community collaborative 
manufacturing framework to enable online resource allocation and 
matching, thereby improving design efficiency and cost-effectiveness. 
While these studies provide valuable insights into the design and 
development of collaborative manufacturing frameworks, they devote 
comparatively little attention to resource scheduling and allocation 
methods, which are critical for operational efficiency in collaborative 
manufacturing.

A key challenge in collaborative manufacturing scheduling arises in 
distributed multi agents (factories/plants/machines) production plan
ning, where numerous decision variables—such as machine capabilities, 
resource constraints, and cost optimization—make coordination com
plex [25,26]. Yuan et al. [27] addressed this by proposing a 
machine-level collaborative manufacturing architecture, formulating a 
nonlinear integer optimization model to minimize transportation, pro
duction, and sales costs while considering real-world constraints like 
storage capacity, production substitutions, and order fulfillment rates. 
Similarly, Cheng et al. [28] proposed a hypernetwork-based scheduling 
model, incorporating graph coloring algorithms and artificial bee colony 
optimization to improve task allocation efficiency.

Beyond these optimization and scheduling oriented approaches, 
recent research has also systematically examined platform-based task 
assignment in social and collaborative manufacturing environments. For 
example, Bao et al. [29] review platform-based task assignment for so
cial manufacturing (PBTA4SM) and highlight how digital platforms can 
match heterogeneous tasks with distributed manufacturing resources. 
Their survey provides a conceptual and methodological framework for 
platform-based coordination. While these methods tackle the opera
tional complexity of scheduling and allocation, their integration into 
collaborative manufacturing platforms remains an open challenge, 
especially in the context of AM.

While these methods tackle the operational complexity of scheduling 
and allocation, their integration into collaborative manufacturing plat
forms remains an open challenge, especially in the context of AM.

Several AM-based collaborative manufacturing platforms, such as 3D 
Hubs and Shapeways, have already adopted social manufacturing 
principles, enabling global users to share manufacturing resources [30]. 
In addition to industrial applications, academic discussions have also 
explored the integration of collaborative AM platforms. Yoo et al. [31]
proposed a social manufacturing ecosystem (SME) to facilitate the 
realization of manufacturer-driven AM production, particularly in DIY 
product reconfiguration. However, the inherent complexity of collabo
rative production increases when multiple self-interested stakeholders 
participate, each prioritizing individual profitability. Zehetner and 
Gansterer [7] addressed this perspective by proposed a decentralized 
collaborative production planning framework for AM, which utilizes a 
CMfg platform, enabling manufacturers to place bids via a combinatorial 
second-price reverse auction, aligning individual incentives with overall 
system efficiency. The integration of AM within such collaborative 
manufacturing platforms signifies a new wave of industrial trans
formation, particularly characterized by the emergence of bilateral 
transactions and cross-interactions among manufacturers, as well as the 
highly heterogeneous nature of shared resources [32]. However, 
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existing platform-integrated methods are not well-suited to address 
these new trends, highlighting the need for more adaptable and efficient 
mechanisms.

2.2. Double-sided auction for collaborative manufacturing

In collaborative manufacturing, the interplay between multiple 
stakeholders often complicates efficient resource allocation [33]. This 
environment naturally evolves into a two-sided market, where multiple 
buyers (demand-side) and sellers (supply-side) simultaneously bid for 
resources. The double-sided auction mechanism is particularly 
well-suited for this environment, as it ensures optimal resources 
matching while maintaining market equilibrium [34]. Notably, McAfee 
[35] demonstrated that double auction can achieve pareto efficiency in 
multi-agent environments, making it a viable solution for manufacturing 
resource allocation in collaborative manufacturing.

While few studies explicitly address the application of double-sided 
auctions within collaborative AM systems, existing research in cloud 
manufacturing and distributed manufacturing offers valuable insights 
into how such mechanisms can handle resource allocation challenges. 
For instance, Kang et al. [2] explored a cloud manufacturing framework 
designed to mitigate temporary shortages in manufacturing resources by 
enabling enterprises to share capacities. Their study introduced two 
multi-unit double auction mechanisms to allocate manufacturing cloud 
services at equilibrium trade prices. In the context of AM, De Antón et al. 
[36] proposed an iterative combinatorial double auction for e-plat
form-based transactions of AM subcomponents, aiming to maximize 
social welfare while incorporating privacy-preserving strategies. Simi
larly, Chen et al. [37] developed a peer-to-peer production capacity 
matching model, leveraging blockchain-based transparency and an 
iterative double auction mechanism to determine optimal pricing and 
quantity allocation while safeguarding participants’ private informa
tion. These studies demonstrate the potential of double-sided auction 
mechanisms in addressing resource allocation challenges, particularly in 
distributed manufacturing settings. However, most of this research as
sumes relatively straightforward production constraints and homoge
neous transaction environments, limiting its applicability to more 
complex and decentralized systems.

To address the challenges of collaborative manufacturing under 
complex production constraints and self-interested behaviors, Liu et al. 
[38] introduced a strategic double auction framework where resource 
demanders and providers bidding dynamically based on budget con
straints, delivery time, reservation prices, and expected profits. Their 
mechanism ensures economic incentives are preserved, even in markets 
with incomplete information. Similarly, Cheng et al. [39] proposed a 
novel supply-demand matching model for shared manufacturing re
sources, integrating double auction-based supply-demand matching 
with multi-attribute negotiation to refine transaction details. In decen
tralized manufacturing environments, self-interested agents further 
complicate collaborative scheduling. Liu et al. [6] examined the 
multi-agent parallel machine scheduling problem, where consumer 
agents and resource agents prioritize their own profit maximization. 
Since these agents operate under private information constraints, 
centralized scheduling models become infeasible. To address this, an 
iterative combinatorial auction mechanism was designed, enabling 
collaborative scheduling without compromising data privacy. Building 
on these insights, rethinking auction designs is essential to address the 
unique characteristics, particularly within the context of additive 
manufacturing.

3. Problem description and formulation

3.1. Problem description

Consider an AMCP operating within a loosely structured AM alli
ance, where multiple self-interested and autonomous AM manufacturers 

coexist. Each manufacturer manages its own orders and aims to maxi
mize its individual utility. Due to mismatched capabilities or resource 
constraints, manufacturers strategically distribute surplus orders and 
select combined orders from others to optimize their profits. Collabo
ration among AM manufacturers is facilitated by the AMCP, which 
functions as a third-party auctioneer. Through the efficient exchange 
and reallocation of orders enabled by the AMCP, participating manu
facturers are guaranteed a utility level no lower than what they would 
achieve without collaboration. This ensures that all participants have 
sufficient incentives to engage in the collaborative process. A compari
son of manufacturers’ performance before and after collaboration via 
the AMCP is presented in Fig. 1.

Let M denote the set of manufacturers. A manufacturer in this context 
acts as both buyers (i.e., AM service purchaser) and sellers (i.e., AM 
service provider). Let Mb denote manufacturers acting as buyers and Ms 

represent seller. In our collaborative setting, when acting as a buyer, a 
manufacturer posts orders and is willing to pay for having them pro
cessed. For each order, the buyer specifies the maximum amount it is 
willing to pay, which we model as its valuation for that order. When 
acting as a seller, a manufacturer offers its available capacity to process 
orders submitted by others. In this role, it submits bids that specify the 
required compensation for processing certain individual orders or bun
dles of orders. Note that a manufacturer may simultaneously belong to 
both Mband Ms if it submits orders as a buyer and offers capacity as a 
seller.

For a buyer m ∈ Mb, manufacturers outsource production orders to 
other manufacturers. The set of sharing orders for each buyer m ∈ Mb is 
denoted as Rb

m = {rb
m,k|k ∈ km}, wherekm is the index set of all sharing 

orders of buyer m. Each order rb
m,k is associated with a bidding price bb

m,k, 
based on the true cost vb

m,k. The complete set of sharing orders offered by 

all buyers is denoted as R = {
∑

m∈Mb Rb
m}.

For a seller m ∈ Ms, manufacturers bid on combination of sharing 
orders offered by other buyers to form profitable bundles. Each seller 
m ∈ Ms submits a set of bids, denoted as Cs

m = ∪{cs
m,n,n ∈ N}, where N is 

the set of all combinations being auctioned, and each bundle n contains 
one or more orders. For a given bundle n, the bid price submitted by 
seller m is bs

m,n, determined based on the true cost vs
m,n. We assume that 

each seller can win at most one bundle. This assumption reflects the 
practical constraint that sellers place bids only on bundles that are 
attractive to them. If the combination of two or more orders within a 
bundle is more profitable than handling them separately, sellers submit 
a higher bid for the combined bundle.

3.2. Problem formulation

Our goal is to maximize the social welfare through optimizing the 
matching decision for manufacturers. In standard welfare economics 
and mechanism design, social welfare in is defined as the sum of agents’ 
utilities in a given mechanism [40]. In line with it, social welfare in our 
setting is defined as the total utility of all participating agents in the 
AMCP environment, including manufacturers M, as well the auctioneer 
AMCP.

The utility of a manufacturer m ∈ M is determined by the net balance 
between the payment received from the platform for providing AM 
services and the cost incurred from outsourcing external orders. The 
AMCP’s utility is the difference between the total payments collected 
from buyers and the total expenditure distributed to sellers. Adding up 
the two groups’ utilities, the payment received by M and the expenditure 
term of AMCP can be cancelled out, such that the social welfare equals 
the real values of all accepted buyers less the costs of all winning sellers. 
If all agents bid truthfully, the optimal matching can be solved from the 
following social welfare maximization problem, denoted as W(M,

AMCP): 
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maxW(M, AMCP) =
∑

m∈Mb

∑

k∈Rb
m

bb
mα(rb

m,k) −
∑

m∈Ms

∑

n∈N
bs

m,nβ
(

cs
m,n

)
(1) 

s.t. 
∑

n∈N
β
(

cs
m,n

)
≤ 1, ∀m ∈ Ms, (2) 

∑

m∈Ms

∑

n∈N,r∈n
δr

nβ
(

cs
m,n

)
= α(rb

m,k), ∀r ∈ Rb
m,∀k ∈ km (3) 

β
(

cs
m,n

)
= {0, 1}, ∀n ∈ N, ∀m ∈ Ms, (4) 

α(rb
m,k) = {0, 1}, ∀m ∈ Mb, ∀k ∈ km (5) 

where α(rb
m,k) denotes whether buyer m ∈ Mb trades in the efficient 

allocation, and β
(

cs
m,n

)
denotes whether the bid of seller m ∈ Ms, cs

m,n, is 

selected. The objective of W(M,AMCP) is to find an efficient allocation 
that maximizes social welfare. Constraints (2) ensure that each seller can 
win at most one of their submitted bids. Constraints (3) ensure the 
supply-and-demand balance for each request, while implicitly guaran
teeing that each order can be allocated to at most one seller. It is worth 
noting that the indicator variable δr

n is used to specify whether a 
particular order is included in a given bundle. The composition of orders 
within a bundle n is deterministic at the time of seller bidding, meaning 
that δr

n is predetermined and known. Constraints (4) define the binary 
nature of the decision variables for sellers’ bids. Constraints (5) define 
the binary nature of the decision variables for buyers’ bids.

4. DBA auction mechanism

In this section, we propose a five-phase DBA auction mechanism 
designed specifically for the AMCP. The goal of the DBA is to efficiently 
coordinate order sharing among dual-role manufacturers while keeping 
the interaction with the platform friendly for participants.

Compared with conventional single-sided or single-item auctions, 
and with monolithic auction mechanisms, the proposed DBA is tailored 
to several distinctive features of collaborative AM in the AMCP. On the 
one hand, it supports many-to-many transactions over overlapping 
bundles of heterogeneous orders, which cannot be handled effectively 
by simple one-to-one or single-item auctions. On the other hand, the 
DBA framework explicitly separates the responsibilities of dual-role 
manufacturers and the platform. Manufacturers only need to submit 
sharing orders and place XOR bundle bids according to their prefer
ences, while the AMCP is responsible for constructing the order pool, 

solving the combinatorial allocation problem, and computing payments. 
This design reduces both the strategic and computational burden on 
participants.

4.1. Auction procedure

The proposed five-phase procedure for the DBA mechanism is 
inspired by the logistics collaboration framework outlined by Gansterer 
[41]. The DBA mechanism is designed to be participant-friendly, 
allowing for the free combination of orders, thereby reducing unnec
essary computational complexity during bidding. The DBA auction for 
the AMCP operates as follows, with Fig. 2 illustrating how the mecha
nism facilitates collaboration among manufacturers. 

• Order sharing: Each manufacturer selects and offers multiple pro
duction orders to the AMCP, specifying their minimum acceptable 
price.

• Order collection: The AMCP compiles a shared pool of orders and 
provides freely combinable bundles of orders.

• Bundle bidding: Each manufacturer submits an XOR bid, specifying 
all their preferred bundles along with the corresponding bid values.

• Winner determination: The AMCP reallocates orders among man
ufacturers according to their bids to maximize the total social welfare 
of the coalition.

• Payment calculation: Payments are calculated by the AMCP.

4.2. Payment calculation

Here, we focus on payment calculation, which plays a central role in 
ensuring that manufacturers have no incentive to misreport their valu
ations. Our design is inspired by the classical Vickrey–Clarke–Groves 
(VCG) mechanism. In a standard VCG mechanism, the payment of each 
participant is set equal to the externality that this participant imposes on 
all other participants, that is, the difference between the total welfare of 
the others when this participant is absent and when it is present. As a 
result, each participant’s utility coincides with its marginal contribution 
to the total social welfare [35–37].

Following the same principle as the classical VCG mechanism while 
being applied to a bundle-based, dual-role setting, we design a VCG- 
inspired method to compute the payments for dual-role manufacturers 
in our bundle-based sharing market. The payment for manufacturer m, 
denoted as pm, is calculated as pm = vm − (W(M) − W(M\m) ), where vm 
is manufacturer m’s total valuation, W(M) represents the total social 
welfare with all agents, and W(M\m) is the social welfare excluding 
manufacturer m. the total valuation vm is determined by vm =
∑

k∈Rb
m
vb

m,k − vs
m,n, where 

∑
k∈Rb

m
vb

m,k is the valuation of its bids as a buyer, 
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and vs
m,n denotes its ask valuation as a seller. It is worth noting that, 

under truthful bidding, the submitted bid values bb
m,k and bs

m,n are equal 
to their respective true valuations vb

m,k and vs
m,n. Another important 

metric for auction participant m is utility um, which is defined as the 
difference between its true valuation and payment: um = vm − pm. 
Substituting the expression for pminto the utility definition yields um =

W(M) − W(M\m), which shows that the utility of manufacturer mequals 
its marginal contribution to the total social welfare.

Dual-role manufacturers may exhibit a synergy effect, where inte
grated participation as both buyer and seller can yield different utility 
compared to single-role manufacturers. To demonstrate this, consider a 
market with three dual-role manufacturers M1, M2, and M3, who act as 
service buyers and share orders A, B, and C, priced at 6, 7, and 8, 
respectively. The posted prices represent the maximum amounts that 
manufacturers are willing to pay to have their requests fulfilled. 
Therefore, they can be interpreted as the buyers’ valuations. After the 
orders are announced, all manufacturers act as service sellers by sub
mitting bids for serving individual orders or bundles of orders. Table 1
presents the bids for all possible bundles.

In the efficient allocation of this example, M1 is assigned the bundle 
[B&C] based on its bid of 12, and M2 is assigned order [A] based on its 
bid of 6.

So, the total payment to the service sellers is 12+6 = 18 and the total 
valuation of the three posted orders is 6 + 7 + 8 = 21. Hence, the social 
welfare in this example is defined as the total valuation of the completed 
orders minus the total payment to the service sellers, that is, W(M) =

21 − 18 = 3.
However, significant differences arise between the single-role and 

dual-role cases. Take M1 as an example.
In the single-role case, Suppose that M1 is treated separately as a pure 

buyer and as a pure seller. 

(i) As a buyer, we only consider M1’s role in demanding a sharing 
order. When buyer M1 is excluded, orders A is excluded. In 
optimal allocation, M1 service bundle [B&C] with 12, and the 
total valuation of the completed orders B and C is 7 + 8 = 15. So, 
social welfare of W

(
M\Mb

1
)
= 15–12 = 3, Therefore, M1’s utility 

as a buyer is ub
1 = W(M) − W

(
M\Mb

1
)
= 3 − 3 = 0.

(ii) As a seller, we only consider M1’s role in providing service ca
pacity. When seller M1 is excluded, the remaining manufacturers 
can still serve all three orders. In this case, the efficient allocation 
is that M3 provides bundle [A&B&C] with a bid of 19, so the total 

payment to service sellers is 19, and the total valuation of the 
three orders remains 21. Hence, the social welfare becomes 
W
(
M\Ms

1
)
= 21 − 19 = 2. Accordingly, M1’s utility as a seller is 

us
1 = W(M) − W

(
M\Ms

1
)
= 3 − 2 = 1.

If M1 participates only as a buyer and only as a seller in two separate 
single-role markets, its total utility is ub

1 + us
1 = 0 + 1 = 1.

Dual-role case. In contrast, when M1 is allowed to participate as a 
dual-role manufacturer (both as a buyer and as a seller) in a single in
tegrated market.

If dual-role manufacturer M1 is excluded entirely, the remaining 
manufacturers can still serve orders B and C jointly. In this case, the 
efficient allocation is that M2 provides bundle [B&C] with a bid of 14. 
The total valuation of the completed orders is then 7 + 8 = 15, and the 
total payment to the sellers is 14, so W(M\M1) = 15 − 14 = 1. There
fore, the utility of dual-role M1 is u1 = W(M) − W(M\M1) = 3 − 1 = 2.

Comparing the two situations, M1’s total utility is 1 in the separated 
single-role markets, but increases to 2 in the integrated dual-role mar
ket. This highlights a synergy effect, where simultaneous participation 
as both buyer and seller may increase a manufacturer’s overall utility 
compared to participating only in separate single-role markets.

4.3. Properties

In this section, we propose and prove the properties of the DBA 
mechanism, including truthful reporting, allocative efficiency, individ
ual rationality, and weak budget balance (under the submodularity of 
the social welfare function W(M). The detailed proofs are as follows: 

Theorem 1. Truthful bidding is an ex-post Nash equilibrium in the 
DBA auction.

Proof. It suffices to prove the theorem under the condition of um > 0, 
which is equal to vm − pm. If seller m (m ∈ M) bids truthfully in terms of 
his valuation function vb

m and vs
m,n, he receives a VCG payment, ps

m,n =

vm − (W(M) − W(M\m)). Suppose that agents in M\m bid truthfully. 

When manufacturer m bids b̂
b
m,k and ask b̂

s
m,n. Also, let Mʹ be the set of 

winners if manufacturer m submits ̂b
b
m,k and ̂b

s
m,n. Let M∗ denote the set of 

winning manufacturers in the auction.
If truthful reporting is not a dominant strategy for seller m, then 

ûm > um ⇔ vm − p̂m > vm − pm ⇔ W(Mʹ) − W(M\m)

> W(M∗) − W(M\m)⇔ W(Mʹ) > W(M∗)

This contradicts the efficiency property of W(M∗), which ensures that 
no alternative allocation can achieve a higher social welfare. So, truthful 
reporting is the dominant strategy for manufacturer m.∎ 

Theorem 2. The DBA auction is allocatively efficiency and individu
ally rational.

Fig. 2. Five-phase auction framework.

Table 1 
Bundle bidding price.

Bundle [A] [B] [C] [A&B] [B&C] [A&C] [A&B&C]

M1 6 7 7 13 12 13 19
M2 6 7 8 14 14 13 20
M3 7 7 8 13 15 16 19
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Proof. (Allocative Efficiency) According to the objective of maxW(M,

AMSP), the DBA auction maximizes the total social welfare. Theorem 1
states that the manufacturers bid truthfully to maximize their individual 
utility. Hence, the DBA auction maximizes social welfare given truthful 
bids from all the agents.

(Individual Rationality) Participants will always have non-negative 
utility by participating in the auction. That is, no participant ends up 
worse off by joining the auction compared to not participating.

From the VCG payment rule, it follows that 
pm = vm − (W(M) − W(M\m) ). We can achieve pm ≤ vm, since 
W(M) ≥ W(M\m), m ∈ M. In this context, seller m ∈ M always get a non- 
negative utility um = vm − pm ≥ 0. So, sellers in the auction are indi
vidual rational.∎

Definition 1. The value function W(M) is submodular if, for any sub- 
coalition S ⊆ M and any participant m, it satisfies: 

W(S) − W(S\m) ≥ W(M) − W(M\m),

i.e., the marginal contribution of a participant m to a smaller coalition S 
is at least as large as their marginal contribution to the grand coalition 
M. 

Theorem 3. When the social welfare function W(M) is submodular, 
the auction can achieve weak budget balance, i.e., up ≥ 0.

Proof. If we apply the VCG payment, the total platform utility is 
given by: 

up =
∑

m∈M∗

pm =
∑

m∈M∗

(vm − (W(M) − W(M\m)))

=
∑

m∈M∗

(
bb

m − bs
m,n − (W(M) − W(M\m) )

)

= W(M∗) −
∑

m∈M∗

(W(M) − W(M\m) ).

From Definition 1, we know: 

W(m) − W(∅) ≥ W(M) − W(M\m),

which, when summed over all m ∈ M∗, implies: 
∑

m∈M∗

(W(m) − W(∅)) ≥
∑

m∈M∗

(W(M) − W(M\m) ).

Substituting this result into the expression for up, we obtain: 

up ≥
∑

m∈M∗

W(m) −
∑

m∈M∗

(W(M) − W(M\m) ) ≥ 0.

Thus, the auction satisfies weak budget balance when the social 
welfare function W(M) is submodular. ∎

5. Graph-based adaptive neighborhood search algorithm

To solve this reformulated maximum weight independent set prob
lem, we propose a novel algorithm named graph-based adaptive 
neighborhood search (G-ANS), which exploits the graph representation 
to efficiently determine the winning bundles. The overall framework of 
G-ANS consists of three main components: (1) a graph construction step; 
(2) a greedy initialization procedure; (3) an iterated local search (ILS) 
algorithm [42] and (4) an adaptive acceptance mechanism.

In the graph construction step, the auction information is trans
formed into a weighted graph representation. So that the winner 
determination problem is reformulated as finding a maximum weight 
independent set in this graph. The details of this transformation are 
provided in Section 5.1. Based on this graph, the greedy initialization 
procedure then constructs a feasible reallocation that serves as the 
starting solution for the subsequent search. The detailed greedy initial
ization process is presented in Section 5.2. Finally, the ILS component 
iteratively improves the current solution in order to approximate the 
maximum weight independent set under the given auction information. 
Within this ILS procedure, we design two problem-specific neighbor
hood moves and an jointly designed adaptive acceptance rule. These ILS 
components are described in detail in Section 5.3, while the adaptive 
acceptance mechanism of G-ANS is further elaborated in Section 5.4.

The overall workflow of G-ANS is illustrated in Fig. 3, and the cor
responding pseudo-code is given in Algorithm 1. 

Algorithm 1. Procedure of the G-ANS  

Fig. 3. Overall workflow of the proposed G-ANS algorithm.
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The following sections provide a detailed explanation of the greedy 
initialization heuristic, enhancement moves in ILS process and the 
design of the adaptive acceptance mechanism.

5.1. Graph representation of the bundle-based Auction

In this section, we illustrate the core idea of representing the solution 
space on a graph. The winner determination problem W(M,AMCP)aims to 
identify a set of winning bundles that maximizes social welfare. Equiva
lently, the task is to select an optimal combination of non-overlapping 
bundles that yields the highest social welfare. To this end, we reformu
late the problem as a weighted graph model and convert the search from 
finding a set of non-overlapping bundles to finding a weighted indepen
dent set of vertices. In graph-theoretic terms, the problem can be cast as a 
maximum weight independent set (MWIS) problem.

In the reformulation, each bundle B is represented as a vertex v ∈ V 
in the graph. The weight w(B) of vertex v is defined as the marginal value 
of bundle B, that is, the total sharing cost of the orders in B minus the 
seller’s minimum bid price for B. An edge e ∈ E is introduced between 
two vertices if their corresponding bundles share at least one order or if 
they are submitted by the same manufacturer, as required by the XOR 
bidding constraints. Thus, all bundles submitted by the same manufac
turer are mutually connected. Under this construction, any independent 
set of vertices corresponds to a feasible allocation of non-overlapping 
bundles that satisfies the XOR constraints, and the total weight of the 
independent set corresponds to the resulting social welfare.

This transformation allows the auction winner determination prob
lem to be modeled as a weighted graph G = (V,E,W). Fig. 4 illustrates 
this process. We select a subset of representative bundles from the 

example in Section 4.2. Manufacturers submit bids on bundles, and the 
AMCP first computes the marginal value w(B) for each bundle B. These 
bundles are then mapped to vertices according to the above principles. 
Subsequently, we apply a reduction step that removes all vertices with 
non-positive weight w(B) ≤ 0. This graph reduction eliminates domi
nated or non-profitable bundles and thus accelerates the subsequent 
search for the maximum weight independent set.

5.2. Greedy initialization procedure

To construct an initial feasible solution to the MWIS formulation, we 
adopt a simple yet effective greedy procedure. Let G = (V,E,W) denote 
the graph, where each vertex v ∈ V corresponds to a bundle and is 
associated with weight w ≥ 0. The procedure maintains a candidate 
vertex set A ⊆ V and an independent set S.

At each step, we select a vertex from A with the largest weight w. The 
selected vertex v is added to the independent set S, and both v and all its 
neighbors N(v) are removed from the candidate set A. This process is 
repeated until A becomes empty. The resulting independent set S is used 
as the starting solution for the subsequent local search. The resulting 
independent set provides a feasible solution with relatively high total 
weight, which is then used as the initial solution for the subsequent local 
search phase.

5.3. Enhancement moves in ILS

To improve the performance of the ILS, we propose two enhance
ment moves: the insertion-deletion move and the multi-insertion move. 
The design of the two enhancement moves is closely tailored to the 
structure of the graph arising from the bundle-based auction. The 
detailed procedure for these moves is outlined in Algorithm 2 below. 

Fig. 4. Graph representation of bundle-based auction information.
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Algorithm 2. ILS with two enhancement moves  

In the insertion-deletion move, a single vertex is added to the current 
solution while a randomly selected subset of its adjacent vertices is 
simultaneously removed to maintain independence. Afterward, addi
tional vertices are inserted as needed to restore the solution’s max
imality while ensuring it remains an independent set. This is particularly 
relevant in our setting, where choosing one high-value bundle may 
require discarding several overlapping bundles that cover the same 
requests.

In the multi-insertion move, one vertex is removed from the solution, 
and two new vertices are inserted to expand the search space more 
effectively. Subsequently, the solution is examined to determine 
whether any additional free vertices can be incorporated without 
violating the independence constraint. In the auction context, a single 
selected bundle may block the inclusion of several smaller but jointly 
more beneficial bundles. By removing such a blocking bundle and 
inserting two non-adjacent bundles that are compatible with the 
remaining solution, the move can capture cases where one medium- 
weight bundle is replaced by two disjoint bundles with higher com
bined weight.

Fig. 5 provides a schematic illustration of these enhancement moves 
on a small subgraph of the auction instance.

5.4. Adaptive acceptance mechanism in G-ANS

This subsection describes the adaptive acceptance mechanism used 

in G-ANS, which decides whether a newly obtained local optimum is 
accepted as the current solution. Instead of using a classic Metropolis- 
type random acceptance rule, G-ANS employs an adaptive counter k to 

Fig. 5. Example of problem-specific enhancement moves.

M. Sun et al.                                                                                                                                                                                                                                     Journal of Manufacturing Systems 85 (2026) 473–486 

480 



regulate the trade-off between intensification and diversification. When 
the search frequently finds better solutions, the counter k is frequently 
reset or reduced, so that the algorithm tends to accept mainly improving 
moves, thereby reinforcing intensification. Conversely, when the search 
stagnates and no improvement is observed for a long period, k gradually 
increases and eventually exceeds a threshold, which in turn triggers 
stronger perturbations and a higher willingness to accept inferior solu
tions, enhancing diversification.

Fig. 6 illustrates the overall workflow of this mechanism.
To further improve performance, we incorporate a perturbation 

adaptive mechanism to dynamically balance intensification (exploiting 
high-quality solutions) and diversification (exploring new regions of the 
solution space). The perturbation strength is controlled by a parameter 
ρ, which determines the magnitude of changes applied to the current 
solution. The specific value of ρ is not fixed a priori but is calibrated 
through a parameter sensitivity analysis described in Section 6.2.

To prevent premature convergence and escape local optima, we 
design an adaptive acceptance mechanism. This mechanism is governed 
by the acceptance flexibility parameter σ, which controls the tolerance 
for accepting inferior solutions. A candidate solution is always accepted 
if it improves the current solution S. Otherwise, inferior solutions may 
be accepted with a probability. Additionally, a local counter mechanism 
resets whenever an improved solution is found, ensuring a flexible and 
adaptive search process. Similar to ρ, the value of σ is tuned empirically 
in Section 6.2 based on its impact on solution quality and robustness.

The detailed procedure is outlined in Algorithm 3 below. 

Algorithm 3. Procedure of perturbation and adaptive acceptance 
mechanism

6. Numerical experiments

In this section, we assess the performance of the proposed auction 
mechanism through a series of numerical experiments.

First, we fine-tune the parameters of G-ANS to validate its effec
tiveness. Then, we conduct a sensitivity analysis of the proposed DBA 
mechanism, demonstrating its truthfulness even in scalable environ
ments. This analysis also provides valuable insights into two key eval
uation metrics from the administrator’s perspective: social welfare and 
cooperation rate.

6.1. Experimental setup

To evaluate the proposed mechanism, we simulate a distinct market 
scenario where manufacturers can submit multiple orders and bid on 
preferred bundles, reflecting the characteristics of a real-world market. 
All numerical experiments are conducted on a personal computer 
equipped with an Intel i5-13600KF processor (4.95 GHz), 64 GB of 
RAM, and an NVIDIA GeForce RTX 3060 Ti GPU.

The bidding prices for individual orders are generated from a normal 
distribution with a mean of 100 and a variance of 20. Similarly, the 
asking prices for bundles are drawn from a normal distribution, where 
the mean depends on the number of orders in the bundle (nr) and is 
calculated as nr(100 − 10nr), with a variance of 20. This pricing model is 
designed to simulate economies of scale. The maximum number of or
ders per bundle is limited by each manufacturer’s production capacity, 
which is indirectly represented by the number of orders they submit.

The bidding prices for individual orders are generated from a normal 
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distribution with a mean of 100 and a variance of 20. These values are 
chosen to produce price levels and dispersion that are consistent with 
the relative cost structure assumed in our experimental setting, ensuring 
that both buyers’ valuations and sellers’ costs lead to economically 
meaningful trades (i.e., neither trivially always-profitable nor almost 
never-profitable). We have also verified that moderate perturbations of 
these parameters within a reasonable range do not change the qualita
tive comparison among the tested mechanisms and algorithms.

6.2. Parameter tuning

In this section, we report results from parameter tuning on pertur
bation strength parameter ρ and the acceptance flexibility parameter σ, 
which from our experience, are very important to the algorithm. To 
minimize computational costs, we employ a selective tuning strategy 
rather than exhaustively testing all possible parameter combinations 
across all instance sizes.

We conduct a two-stage parameter tuning procedure for ρ and σ. In 
the first stage, we evaluate eight candidate values of ρ and σ in the range 
[0.01,10] on a subset of benchmark instances and identify three prom
ising values (ρ=0.05,0.5,1.0, σ=0.05,0.1,0.5) that yield relatively better 
performance. In the second stage, we perform a joint experiment on 
these ρ values and several candidate σ values to examine their interac
tion and to determine the best parameter combination. The final settings 
of ρ and σ used in all subsequent experiments correspond to the com
bination that achieves the best trade-off between solution quality, sta
bility, and runtime.

The tuning process begins with an initial test to identify the three 
best-performing values for ρ and σ which are then used for further tuning 
on larger instance sizes. In the initial test, we evaluate instances with 
100 manufacturers, each submitting up to 10 sharing orders and 20 
bundles, with a maximum of 10 orders per bundle. The G-ANS algorithm 
runs for 4000 iterations for each parameter setting. The detailed results 
of this parameter sensitivity analysis are summarized in Fig. 7 and Fig. 8.

The results in Fig. 7 and Fig. 8 show the G-ANS’s ability to gradually 
improve and converge under almost all parameter configurations. For 
most ρ values, the algorithm’s performance improves steadily and con
verges to a stable objective value within 4000 iterations. Initially, ρ = 1 

performs similarly to other values, but after 800 iterations, it improves 
sharply and significantly outperforms the others, indicating that ρ = 1 
achieves the best balance between exploration and exploitation. In 
contrast, ρ = 0.01 exhibits a non-monotonic trend with occasional 

Fig. 6. Overall workflow of adaptive acceptance mechanism.

Fig. 7. Tuning of range of perturbation strength parameter ρ.

Fig. 8. Tuning of range of acceptance flexibility parameter σ.
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decreases in objective value. This behavior is attributed to minimal 
perturbation, which increases the likelihood of getting trapped in local 
optima and hinders consistent improvement.

Compared to ρ, the influence of σ on convergence is more subtle but 
still observable. The algorithm converges steadily across all σ values, 
demonstrating robustness and relative insensitivity to parameter varia
tions. However, σ values less than 1 (e.g., 0.5, 0.1) tend to produce 
higher objective values by maintaining a balanced acceptance of inferior 
solutions, effectively escaping local optima without compromising so
lution quality.

Based on the analysis of the two parameters, the top-performing 
values for ρ and σ were identified as ρ = 1,0.05, and 0.5 and σ =
0.5,0.05, and 0.1. These combinations resulted in a total of 9 parameter 
configurations, as shown in Table 3.

These parameter combinations were further evaluated on three 
large-scale instances (L1, L2, and L3) to assess their performance under 
different instance sizes. The specific characteristics of each instance are 
summarized in Table 4.

To evaluate the performance of the parameter combinations under 
different instance sizes, we generated 10 test cases for each instance size 
and computed the average objective value. Given the significant varia
tions in absolute social welfare values across different instance sizes, 
direct comparisons were not feasible. To address this, we normalized the 
social welfare values within each instance size. Specifically, the worst- 
performing result was normalized to 0, and the best-performing result 
was normalized to 1, ensuring a fair comparison across scales. The 
normalized results are presented in Fig. 9. From Fig. 9, we observe that 
combination 6 (ρ = 0.05, σ = 0.1) consistently achieved the highest 
normalized social welfare across both small and large instance groups. 
This indicates its superior performance in balancing exploration and 
exploitation, regardless of the problem size.

To further identify a parameter setting with robust performance 
across all problem sizes, we averaged the normalized results for each 
combination over the three instance sizes (L1, L2, and L3). The aggre
gated performance is depicted in Fig. 10. As shown in Fig. 10, combi
nation 6 (ρ = 0.05, σ = 0.1) demonstrated the most significant 
advantage, with the highest average normalized social welfare (0.921) 
among all parameter combinations. This consistent performance across 
multiple scales highlights its robustness and adaptability to varying 
problem complexities. Based on these findings, we selected combination 
6 as the optimal parameter configuration for subsequent experiments.

6.3. Comparison of gurobi and G-ANS

To evaluate the performance of the proposed G-ANS algorithm, we 
compared it with the Gurobi solver across different problem scales using 
two primary metrics: social welfare and cooperation rate. Social welfare, 
when no commission is charged by the AMCP, equals the aggregate 
utility of all manufacturers; collaboration rate is the proportion of suc
cessfully fulfilled orders among all submitted orders. Experiments were 
conducted with 100, 200, and 300 manufacturers, each with corre
sponding sharing orders of 10, 20, and 30, and maximum production 
capacities.

For each problem size, 10 independent runs were performed, and the 
average results are summarized in Table 5. Gurobi was given a time limit 
of 600 s per run. Notably, for instances with 400 manufacturers, Gurobi 
was unable to find a feasible solution within the time limit. As shown in 
Table 5, the G-ANS algorithm demonstrates clear advantages over 
Gurobi in terms of social welfare, cooperation rate, and computational 

efficiency, particularly as the problem size increases. For smaller in
stances with 100 manufacturers, G-ANS achieves social welfare results 
very close to those of Gurobi. However, as the problem size grows, G- 
ANS outperforms Gurobi, with a 0.27 % improvement for 200 manu
facturers and a 4.59 % improvement for 300 manufacturers, showing its 
ability to maintain high solution quality and even deliver better results 
for larger problems.

The cooperation rates achieved by both methods are comparable 
across all scenarios. While G-ANS performs slightly lower than Gurobi 
for 100 manufacturers, it surpasses Gurobi for larger instances, 
achieving 30.31 % for 200 manufacturers and 25.65 % for 300 manu
facturers, compared to Gurobi’s 29.53 % and 23.54 %, respectively. 
This indicates that G-ANS can sustain cooperation rates effectively as the 
problem complexity increases.

In terms of computational efficiency, G-ANS consistently out
performs Gurobi. For all tested instances, Gurobi requires significantly 
more time, often exceeding 600 s when the number of manufacturers is 
greater than 100. Notably, for instances with 400 manufacturers, Gurobi 
fails to find a feasible solution within the time limit. In contrast, G-ANS 
maintains high efficiency, solving even the largest instance in just 
230.27 s, which is over 60 % faster than Gurobi. This robustness in 
computation time demonstrates the scalability and practicality of G-ANS 
for larger and more complex problems.

Overall, the computational results show that the proposed G-ANS 
algorithm is well suited to the bundle-based sharing problem considered 
in this work. Compared with the benchmark methods, G-ANS consis
tently delivers higher social welfare and makes better use of 
manufacturing capacities, particularly on large-scale instances with 
many overlapping bundles and dual-role manufacturers. These results 
indicate that the specific design of G-ANS, including graph representa
tion, graph-based neighborhood moves and adaptive acceptance 
mechanism, aligns well with both the combinatorial structure of the 
problem and the practical constraints of the manufacturing marketplace.

6.4. Sensitivity analysis of DBA

In this section, we conduct a sensitivity analysis of the DBA mecha
nism from three perspectives: (1) the proportion of untruthful manu
facturers; (2) scenarios with abundant processing capacity, where 
supply exceeds demand; and (3) scenarios representing a thriving mar
ket, where demand exceeds supply. For consistency, we consider three 
large-scale instances, with the specific settings detailed in Table 4.

6.4.1. Sensitivity analysis of the proportion of untruthful manufacturers
To assess the impact of strategic misreporting, we evaluate how 

different proportions of untruthful manufacturers (0 %, 10 %, and 
50 %) affect social welfare and cooperation rate. For each instance size, 
10 random instances are generated, and the results are visualized in 
Fig. 11 and Fig. 12. Fig. 11 illustrates the distribution of social welfare 
across scenarios and untruthful proportions. It is evident that social 
welfare declines as the proportion of untruthful manufacturers 

Table 3 
Parameter combinations of ρ and σ used for algorithm tuning.

Combinations P1 P2 P3 P4 P5 P6 P7 P8 P9

ρ 1 1 1 0.05 0.05 0.05 0.5 0.5 0.5
σ 0.5 0.05 0.1 0.5 0.05 0.1 0.5 0.05 0.1

Table 4 
Instance size settings of instances (L1, L2, and L3).

Instance Manufacturer Sharing Orders Bundles Containing Orders

L1 100 10 20 10
L2 150 15 30 15
L3 200 20 40 20
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increases, regardless of the instance size. In each scenario, the highest 
social welfare is achieved when all manufacturers are truthful. As the 
proportion of untruthful manufacturers increases to 10 % and then 
50 %, there is a notable reduction in social welfare. This pattern dem
onstrates the detrimental effect of dishonest behavior on overall market 
efficiency. Additionally, the absolute value of social welfare increases 
with the instance size, as expected, but the negative impact of un
truthfulness is observed consistently across all scales. For instance, in the 
largest instance group (L3), social welfare drops sharply from its peak at 
0 % untruthful manufacturers to a significantly lower value when 50 % 
of manufacturers are untruthful.

Fig. 12 shows the corresponding cooperation rates. These scenarios, 
denoted as L1, L2, and L3, represent different market scales and com
plexities. Fig. 12 illustrates a similar trend for the cooperation rate. As 
the proportion of untruthful manufacturers increases, the cooperation 

rate consistently decreases for each scenario. When all manufacturers 
are truthful, the market achieves the highest level of cooperation, sug
gesting that truthfulness fosters greater collaboration among partici
pants. However, as untruthfulness rises, the willingness or ability of 
manufacturers to cooperate diminishes, leading to reduced market 
connectivity and efficiency. This decline is particularly pronounced in 
larger instances, where the cooperation rate not only decreases but also 
becomes more dispersed. This suggests that larger and more complex 
markets are even more sensitive to the effects of strategic misreporting.

6.4.2. Sensitivity analysis of varying supply and demand
In this section, we investigate the impact of varying supply and de

mand on social welfare and cooperation rate. We consider a setting with 
200 manufacturers, each submitting 10 bundles. By adjusting the 
number of sharing orders and the production capacity (i.e., the 

Fig. 9. Comparison of normalized social welfare.

Fig. 10. Average normalized social welfare for each parameter combination.

Table 5 
Comparison of Gurobi and G-ANS performance across different problem scales.

M Gurobi G-ANS

Social Welfare Cooperation Rate Time (s) Social Welfare Cooperation Rate Time (s)

100 10672.49 38.10 % 68.61 9971.19 36.08 % 2.82
200 31337.24 29.53 % 645.12 31420.61 30.31 % 92.91
300 54603.74 23.54 % 651.10 57108.2 25.65 % 230.27
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maximum number of orders contained in a single bundle), we create a 
spectrum of market conditions ranging from a buyer-dominated market 
to a seller-dominated market.

Six distinct supply-demand scenarios are considered to represent 
different supply-demand scenarios. For instance, Scenario (1, 20) rep
resents a buyer’s market, where each manufacturer submits one sharing 
order and the maximum shared production capacity is 20. For each 
scenario, 10 random instances are generated, with results shown in 
Fig. 13: orange dots represent social welfare, and green crosses denote 
the cooperation rate. Fig. 13 reveals several important trends regarding 
the interplay between supply and demand in the market. As the scenario 
transitions from a buyer market to a seller market, social welfare 
initially increases, reaching a peak at intermediate scenarios, and then 
begins to decline. This suggests that social welfare is maximized when 
supply and demand are relatively balanced, likely due to more efficient 
resource allocation and greater matching opportunities.

In contrast, the cooperation rate exhibits a monotonically decreasing 
trend as the market shifts toward excess demand. In scenarios with 
abundant supply, the cooperation rate is highest, indicating that a 
greater proportion of manufacturers are able to engage in cooperative 
transactions. As the market becomes increasingly demand-driven, the 
cooperation rate drops significantly, implying that intensified competi
tion for limited resources hampers the ability of manufacturers to 
collaborate.

These findings suggest that if the AMCP intends to charge entry fees 
or commissions from transactions, it would be optimal to target markets 
where social welfare is maximized. In contrast, if the goal is to enhance 
the cooperation rate, the decision should be based on the overall market 
environment.

7. Conclusion

To increase machine utilization and the profitability of AM service, 
many AM manufacturers have begun experimenting with collaborative 
manufacturing platforms. This paper proposes a DBA framework to 
address the matching and pricing challenges inherent in collaborative 
requirements within AMCP environments. In the proposed mechanism, 
a manufacturer simultaneously shares resources with multiple parties 
while outsourcing its own needs, effectively managing overlapping 
transactions. The DBA mechanism ensures incentive compatibility, in
dividual rationality, budget balance, and allocation efficiency. To 
address the computational complexity of overlapping transactions and 
heterogeneous resources, we developed an efficient G-ANS algorithm. 
This algorithm models complex resource dependencies and incorporates 
an adaptive neighborhood search strategy to achieve optimal resource 
allocation. It ensures computational tractability while attaining alloca
tive efficiency.

Our computational study demonstrates the practical feasibility and 
robustness of the proposed mechanism, even in the presence of strategic 
manufacturers. Sensitivity analysis further evaluates its performance 
under several operational factors: (1) the proportion of untruthful 
manufacturers, (2) scenarios where supply exceeds demand, and (3) 
scenarios where demand exceeds supply. Results show that the G-ANS 
algorithm outperforms Gurobi in social welfare, cooperation rate, and 
computational efficiency, particularly in larger problem sizes. Social 
welfare and cooperation rates decline as the proportion of untruthful 
manufacturers increases, highlighting the importance of truthful 
participation. Additionally, social welfare peaks when supply and de
mand are balanced, while cooperation rates are highest in supply- 
abundant markets, providing insights into optimizing AMCP opera
tions under varying market conditions.

The proposed auction mechanisms are adaptable to other exchange 
environments. While the current model assumes fixed manufacturer 
orders, an important extension would be to incorporate order uncer
tainty using probabilistic or stochastic modeling. However, achieving 
incentive-compatible, budget-balanced auctions under such conditions 
remains a significant challenge.

Fig. 11. Social welfare across scenarios and proportion of untruthful 
manufacturers.

Fig. 12. Cooperation rate across scenarios and proportion of untruthful 
manufacturers.

Fig. 13. Social welfare and cooperation rate across supply-demand scenarios.
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