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An Optimal Virtual Valuation-Based Combinatorial
Auction Mechanism for Time-Varying Resource

Allocation in Heterogeneous Cloud Services
Jixian Zhang1,2, Xuelin Yang1, Weidong Li3∗, Wenzhong Li4

Abstract—The resource allocation problem that is posed by
cloud services has long been a popular research topic. The ex-
isting auction mechanisms focus primarily on maximizing social
welfare, but they often result in lower revenue for cloud service
providers. The virtual valuation-based combinatorial auction
(VVCA) mechanism can increase the revenue that is obtained
by service providers while satisfying dominant strategy incentive
compatibility (DSIC). In this study, we innovatively apply the
VVCA mechanism to address a time-varying resource allocation
problem that involves heterogeneous servers (HTs) in cloud ser-
vices and effectively increase the revenue that is received by cloud
service providers. We begin by transforming the HT problem into
an integer programming model with time-varying and resource
constraint features. Afterward, we provide the theoretical basis
for using the VVCA mechanism to solve the aforementioned
problem and provide the DSIC proof. On this basis, we design
three progressively more effective mechanisms using the VVCA
mechanism. (1) We develop a random mechanism HT VVCAm

and prove that it has a logarithmic approximation ratio, thus
offering a better lower bound guarantee than the existing
approach does. (2) We propose a gradient-based optimization
mechanism HT VVCA∗ to approximate the optimal revenue. (3)
We design an optimal revenue algorithm called HT VVCANET
on the basis of the transformer architecture that is used in
deep learning; this algorithm achieves a good balance between
execution efficiency and effectiveness. In the experiments, we
implement these mechanisms, which significantly increase the
revenue that is received by cloud service providers over that
yielded by other benchmark mechanisms.

Index Terms—Cloud Service, Time Varying, Heterogeneous
Resources, VVCA, Mechanism Design, Deep Learning.

I. INTRODUCTION

CLOUD services, which are supporting technologies for
many applications, have received increasing attention;

their scope includes areas such as the Internet of Vehicles
[1], mobile edge computing [2], federated learning [3], block
chains [4] and crowd sensing [5]. Resource allocation is among
the key issues in this domain. The goal of resource allocation
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is to achieve the preset objectives of service providers, such
as revenue maximization [6], [7], social welfare maximization
[8], [9], and energy consumption minimization [10], [11].
Goals such as revenue maximization and social welfare max-
imization stem from economic considerations. Because user
participation is involved, mechanism design theory [12] is tra-
ditionally introduced to address resource allocation problems.
The basic principle of this strategy is to determine a winning
user allocation solution for a given system and determine the
payment that is received by each user. A primary objective of
the mechanism design process is to enable resource providers
to obtain greater revenue. However, because users are self-
interested, they may submit untruthful information (e.g., un-
truthful bids or requirements) that may harm the revenue of the
service providers. Thus, the mechanism must satisfy economic
characteristics such as truthfulness and individual rationality.
Truthfulness involves encouraging users to submit their true
intentions and then maximizing the revenue, social welfare,
or utility that is received by resource providers; on this basis,
individual rationality ensures the enthusiasm of participating
users.

A. Motivation and Challenges

Resource allocation problems exhibit different characteris-
tics depending on their application domains, such as static, dy-
namic, real-time, and multiresource allocation; virtual machine
allocation; and batch allocation. After tracking the resource
management and scheduling habits of data centers over a long
period, we identify an interesting class of resource allocation
problems: time-varying resource allocation in heterogeneous
cloud services. This class of problems was initially derived
from an analysis of Alibaba Cloud service logs [13]. The
service logs revealed that users rent different virtual machine
resources at different times to reduce their usage costs. For ex-
ample, a live-streaming service provider has very low require-
ments for virtual machines early in the morning, and a fixed
rental scheme for its virtual machine resources would result in
significant waste. The existing solutions implement allocation
mostly on the basis of fixed resources without considering
the time-varying requirements of users. Moreover, the virtual
machines that are offered by cloud service providers are likely
to be deployed on heterogeneous physical machines, which
makes the reasonable deployment of these virtual machines
important.
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The use of mechanism design theory to solve resource
allocation problems has become an effective strategy. An
efficient mechanism design can be used to quickly determine
the changes that are exhibited by resource supplies, reasonably
address requirements, and set prices for resources. Many appli-
cation scenarios have been combined with auction mechanisms
in pricing virtual resources, such as spectrum resources [14],
channel resources [15], virtual machine resources [16], fog
computing [17], vehicular edge computing [18] and blockchain
proofs [19]. In these scenarios, the most pressing concern for
resource providers is obtaining greater revenue; this has led to
an important mechanism design area: optimal revenue mecha-
nism design. The concept of designing optimal mechanisms for
individual items [20] was proposed by Myerson in 1981, but
to date, the design of optimal revenue mechanisms for simple
multi-item and multiuser scenarios has not been effectively
resolved. The affine maximal auction (AMA) mechanism [21]
and its subclass, the virtual valuation combinatorial auction
(VVCA) mechanism [22], explore the target parameter space
by constructing quasilinear user valuation functions, thereby
enabling service providers to obtain greater revenue. However,
this type of mechanism consumes a significant amount of time
in the parameter search process, so research on the AMA
mechanism has mostly remained theoretical, with few practical
applications. In 2023, Curry et al. [23] first applied deep
learning to the AMA mechanism design process, and Duan et
al. [24] implemented a contextual AMA mechanism through
the transformer framework, thus providing a new theoretical
foundation and directions for increasing the practicality of the
AMA mechanism.

Applying the VVCA mechanism to solve time-varying re-
source allocation problems that involve heterogeneous servers
(HTs) for cloud services is a very intriguing strategy that
offers a new perspective for the field of cloud service resource
allocation. However, this approach also faces many challenges.
The first issue involves modeling the time-varying resource
allocation problem for HTs. Solving this problem requires
the resource heterogeneity that is exhibited by the different
physical machines of service providers and the time-varying
nature of user task resource requirements to be considered.
Time variation is reflected in the inconsistent resource re-
quirements of the users in each time slot, and users also
have different entry and departure times, which increases the
difficulty of resource allocation. The second challenge lies in
the design of the mechanism used. A general mechanism for
the revenue maximization problem that satisfies the dominant
strategy incentive compatibility (DSIC) property has not yet
been proposed in existing research. To address this challenge,
we leverage machine learning to approximate near-optimal
solutions. Previous studies [24] have been based mostly on
simple item allocation settings. However, extending item al-
location to complex cloud service scenarios is challenging.
We must handle various constraints, including multidimen-
sional resources, time windows, time-varying requirements,
and discrete allocations. Machine learning alone struggles to
capture such complex constraints. Effectively integrating the
mechanism design process, machine learning, and these con-
straints is a significant challenge. Building upon the concept
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Fig. 1. Combining Heterogeneous Cloud Services with Incentive Mechanisms.
The specific steps are as follows. 1⃝ Users submit their requirements to the
cloud service provider. 2⃝ The cloud service provider acquires information
about the currently available resources. 3⃝ The cloud service provider cal-
culates the allocation solution and payments based on the mechanism. 4⃝
The cloud service provider notifies the winning users that they must pay. 5⃝
Resources are allocated to the winning users.

of the AMA mechanism and its deep learning framework, we
explore the extension of this approach from combinatorial
auctions to more general and complex problem domains.
By effectively exploiting the deep learning framework, we
expand it from generating continuous allocation solutions to
producing discrete solutions that satisfy multiple constraints,
thereby achieving stable and superior performance. Various
combinations of cloud service and incentive mechanisms are
shown in Fig. 1.

B. Main Contributions

Based on the above analysis, we model the time-varying
resource allocation problem that involves heterogeneous cloud
services. The model considers the mapping relationship be-
tween heterogeneous physical machines and virtual machines,
as well as the real-time and time-varying resource require-
ments of users. We then convert this problem into an in-
teger programming model with resource and time window
constraints. This model is highly compatible with existing het-
erogeneous resource allocation models [25] and time-varying
resource allocation models [26]. It also reflects the typical
issues that are encountered by large cloud service providers
such as Amazon and Alibaba Cloud in their operations. To
solve this problem, we introduce a novel approach that is based
on the VVCA mechanism, which is supported by theoretical
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analysis and proofs. Our work includes three progressive
solutions: HT VVCAm, HT VVCA∗, and HT VVCANET.
Overall, we summarize the contributions of this study as
follows.

• Novel Model and Theoretical Framework: We for-
mulate the time-varying resource allocation problem for
heterogeneous cloud services as an integer programming
model with resource and time window constraints. To
maximize the revenue of the resource provider, we adopt
the theories of the VVCA to design corresponding mecha-
nisms. The HT VVCAm mechanism ensures a logarith-
mic approximation ratio for revenue optimization, and
HT VVCA∗ explores optimal revenue through gradient
optimization.

• Efficient Deep Learning-Based Solution: We propose
HT VVCANET, which is a deep learning-based algo-
rithm that achieves near-optimal revenue with a sig-
nificantly reduced computation time. HT VVCANET
outperforms traditional mechanisms such as VCG and
greedy methods in terms of revenue generation and
practicality, especially in handling integer programming
problems, which makes it well suited for real-world cloud
service operations.

To our knowledge, this is the first study to apply the VVCA
mechanism to cloud service resource allocation problems. It
not only expands the application scenarios of the VVCA
mechanism but also provides principles that can be applied
to other resource allocation domains. The remainder of this
paper is organized as follows. Related work is presented and
discussed in Section II. In Section III, we describe the time-
varying resource allocation problem that involves heteroge-
neous cloud services (the HT problem) and the theoretical
basis of the mechanism design. In Section IV, we define the
VVCA mechanism and prove that it satisfies the dominant
strategy incentive compatibility (DSIC) property. We also
design three mechanisms: HT VVCAm, HT VVCA∗, and
HT VVCANET. In Section V, we evaluate the developed
mechanisms through extensive experiments. In Section VI,
we summarize our results and present possible directions for
future research.

II. RELATED WORK

Many researchers have adopted mechanism design methods
for use in cloud service scenarios. To address the problem
of dynamic virtual machine provisioning and allocation in
a cloud environment, Mashayekhy et al. [27] considered the
resource heterogeneity among the different physical machines
that are employed by service providers. They designed both
optimal and approximate greedy mechanisms to address this
challenge. Liu et al. [25] extended this problem to a case
with multiple mappings, where a user’s virtual machine re-
quirement can be mapped to multiple physical machines.
In other research, temporal factors have been considered,
either directly or indirectly. Zhang et al. [26] developed an
incentive-compatible online cloud auction mechanism that
ensures truthfulness through monotonic payment rules and
allocation rules that maximize social welfare. Gao et al. [28]

simplified the timeline to include multiple auction rounds. A
new round starts only after the winning users from the previous
round finish their tasks. Wang et al. [29] proposed an on-
line profit maximization-based multiround auction mechanism.
This mechanism ensures both the satisfaction of the interests
of resource providers and the quality of experience for mobile
users. Peng et al. [30] proposed a novel sequential computation
offloading mechanism. They used deep reinforcement learning
to maximize the received revenue. However, these works did
not simultaneously consider the resource heterogeneity of the
different physical machines or the time-varying nature of the
task resource requirements of users.

The AMA mechanism [21] is a weighted variant of the
VCG [31]–[33] mechanism. The AMA mechanism achieves
higher revenue than the VCG mechanism does. It ensures
that the DSIC property holds by assigning weights to each
bidder and assigning boosts to each feasible allocation. Lavi
et al. [34] noted that any allocation rule that satisfies certain
natural conditions must be ”almost” an AMA in a certain
technical sense. However, in a combinatorial auction (CA)
with n bidders and m items, the traditional AMA mecha-
nism has numerous deterministic allocation candidates, i.e.,
(n+1)m. As the number of bidders increases, the number of
parameters in the AMA increases exponentially. To address
this, Likhodedov et al. [22] restricted the AMA to a subclass
and proposed a VVCA. In contrast to an AMA, a VVCA has
(n+1)·2m parameters. The VVCA mechanism can construct a
more flexible parameter space for each user, which can be used
to improve the user’s virtual valuation or to set reservation
prices for service providers. Duan et al. [35] used dynamic
programming algorithms to calculate the winning allocation
solution of the VVCA and combined zeroth-order and first-
order techniques to optimize the VVCA parameters. However,
the process of searching for the VVCA parameters still has
exponential complexity.

Deep learning is a novel and effective method for solving the
optimal auction problem that has gradually received increasing
attention from researchers. In 2019, Dütting et al. [36] intro-
duced RegretNet. RegretNet is a multilayer neural network that
uses ”regret” as an indicator to quantify the degree of DSIC
violations. RegretNet addresses the problem whereby machine
learning (ML) mechanisms struggle to satisfy the properties
of truthfulness and individual rationality. In 2022, Ivanov et
al. [37] improved the RegretNet framework via multilayer
attention mechanisms. Duan et al. [38] proposed the con-
cept of context-integrated auctions and used the transformer
architecture to implement auction mechanisms. Because the
“regret” cannot reach 0, the aforementioned methods, similar
to RegretNet, can ensure only approximate DSIC. In 2023,
Curry et al. [23] first applied deep learning to the AMA mech-
anism design task. Duan et al. [24] implemented the AMA
mechanism through a transformer framework. In contrast to
previous methods [22], [35] that require the computation of all
deterministic allocations, the methods of [23], [24] can reduce
the computational time complexity by using a limited menu
while preserving the characteristics of the AMA. However,
because the menu is generated by neural networks, the optimal
allocation solution obtained in [23], [24] is continuous. The
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aforementioned approaches were designed based on combi-
natorial auctions, and we can consider applying the VVCA
mechanism to multidimensional resource allocation problems.
Furthermore, our approach efficiently obtains a determinis-
tic solution in polynomial time. Appendix E compares our
approach with the main closely related methods from five
perspectives.

III. HT RESOURCE ALLOCATION PROBLEM AND
MECHANISM DESIGN PRELIMINARIES

A. Parameters and Problem Model

In auction theory, three main roles are considered: sellers,
buyers, and the auctioneer. In this study, the cloud service
providers are regarded as both sellers and the auctioneer, and
the users are considered buyers. We assume that a cloud ser-
vice provider offer K types of virtual machine (VM) instances,
which are represented by the set K = {1, 2, . . . ,K}. Each
type of virtual machine is composed of R types of resources
R = {1, 2, . . . , R}, which can be CPU, memory, or storage
resources. The resources that are used by a type of virtual
machine k ∈ K are defined as qk = (qk1, qk2, ...qkR)

T. We as-
sume that the cloud service provider has P physical machines
(PMs), which are represented by the set PM = {1, 2, . . . , P},
each with its own capacity limits. cj = (cj1, ck2, ..., cjR)

T is
the amount of resources that can be allocated to PM j. Users
submit requirements for VM instances to the cloud service
provider, which then allocates VM instances to the users, and
these VM instances are allocated on the PMs. We divide a
period into T discrete time slots. The entire system operates
according to time slots T = {1, 2, . . . , T}, where T represents
a given constant.

We assume that N = {1, 2, . . . , N} is the set of system
users. The actual requirement of each user i ∈ N is rep-
resented by θi = (ai, di,Si, ei, bi), where ai represents the
requirement submission time, di represents the requirement
execution deadline, and ei represents the execution time.
Clearly, di − ai + 1≥ei. During the time slots when a user is
executing tasks, the numbers and types of VM requirements
for various time slots differ, as indicated by Si, where

Si =

 s1i1 · · · s
ei
i1

· · · · · · · · ·
s1iK · · · s

ei
iK

 .

stik represents the number of VMs of type k that are requested
by user i in the t-th time slot after the task starts executing. t
is counted from the beginning of the task execution process.
bi represents the valuation (true bid) of user i for the system
to satisfy her/his requirement. We assume that the valuation
function of user i is drawn independently from a distribution
Fi over the possible valuation functions Vi, and bi ∈ Vi. The
auctioneer knows the distributions F = (F1, . . . , Fn) but does
not know the realized valuation bi of bidder i. We assume
that the use of users’ virtual machines is nonpreemptive,
which means that once a virtual machine is allocated, it is
not preempted during its execution time. Moreover, di and ei
determine the latest start time for the allocation process; if this
time is exceeded, the user’s requirement will not be satisfied.

The users are assumed to be single-minded; this means that
user i desires only Si and derives a value of bi if she obtains
Si or any superset of it at the specified time before its deadline
(and zero otherwise).

In accordance with the design principle of the social welfare
maximization mechanism, we formulate the HT problem as an
integer programming model (IP-HT). In integer programming,
we need to calculate two sets of decision variables. xit ∈
{0, 1} and yijkt ∈ Z+ ∪ {0}. xit = 1 indicates that user i
starts executing the task in time slot t; otherwise, xit = 0. We
let yijkt ∈ Z+ ∪ {0} represent the fraction of the requirement
of user i for virtual machine type k that is satisfied by physical
machine j at time slot t. The model is as follows:

Maximize
X

SW (X) =
∑
i∈N

di−ei+1∑
t=ai

bixit (1)

t∑
ω=t−ei+1

st+1−ω
ik · xiω =

∑
j∈PM

yijkt,

∀i ∈ N ,∀k ∈ K,∀t ∈ T (1a)∑
i∈N

∑
k∈K

yijkt · qkr ≤ cjr, ∀r ∈ R,∀j ∈ PM, ∀t ∈ T (1b)

di−ei+1∑
t=ai

xit ≤ 1,∀i ∈ N (1c)

xit ∈ {0, 1}, ∀i ∈ N , ∀t ∈ T (1d)

yijkt ∈ Z+ ∪ {0}, ∀i ∈ N ,∀k ∈ K,∀j ∈ PM, ∀t ∈ T (1e)

where xi = (xi1, xi2, . . . , xiT )
T is the set of allocation

candidates for each user i; the set of allocation candidates
for all users is denoted as X = (x1,x2, . . . ,xN ). Constraint
(1a) ensures that the VM requests by user i at any time slot are
satisfied. Constraint (1b) guarantees that the resources that are
allocated at any time slot do not exceed the available resources
of the PM. Constraint (1c) ensures that resources are allocated
at most once during the window period. Because the task
execution time for user i is ei, we must consider only the
time slot in which the task begins. Clearly, equation (1) and
its constraints can be easily reduced to the multidimensional
knapsack problem (MKP), which is strongly NP-hard and can-
not be solved in polynomial time unless P = NP. Additionally,
our model allows for a single user requirement to be executed
across multiple machines.

B. Mechanism Design Concepts and Optimal VCG Mecha-
nism Design

In this section, we first introduce the fundamental con-
cepts of the mechanism design process and several important
strategies for identifying properties and then propose a VCG-
based mechanism for solving the HT problem (VCG-HT). The
VCG mechanism is a generalization of Vickrey’s second-price
auction [33] that was proposed by Clark [31] and Groves
[32]. Usually, a deterministic mechanism is defined as a tuple
(A,P), where A represents the allocation function that is used
to determine the winning user and P represents the payment
function that is used to determine the payment of each user.
In our model, bi of each user in their actual requirement θi
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is private information. For the user’s own benefit, the bid b̂i
that is submitted by the user may not be truthful. We use
θ̂i = (ai, di,Si, ei, b̂i) to represent the requirement that is
submitted by user i. Except for their bid b̂i, we consider all
the information that is submitted by each user to be truthful
[28]. Users do not misreport their demand to request fewer
VM instances, as doing so would prevent their true needs
from being satisfied. Similarly, users do not overstate their
demand to request more VM instances because they would
risk facing insufficient resources to execute their tasks. For
convenience, θ̂ = (θ̂1, . . . , θ̂N ) denotes the requirements that
are submitted by all the users. θ̂−i = (θ̂1, ., θ̂i−1, θ̂i+1, ., θ̂N )
represents all the submitted requirements except for those of
user i. θ = (θi, θ̂−i) denotes the situation in which user i
submits a truthful requirement.

The utility for user i when submitting their true requirement
is defined as follows:

ui(θ) =

{
bi − pi, i is the winner
0, otherwise (2)

where pi represents the payment of user i.
The utility for user i when they submit requirement θ̂i is

defined as follows:

ui(θ̂) =

{
bi − p̂i, i is the winner
0, otherwise

(3)

where p̂i represents the payment of user i. The difference
between (2) and (3) is that when users provide different bids
(bi, b̂i), the payments that are generated by the mechanism are
different (pi, p̂i); thus, the final utility is also different.

The utility (revenue) that is received by the service provider
is defined as follows:

u0(θ) =

N∑
i=1

pi (4)

A mechanism must satisfy the DSIC property, that is,
truthfulness and individual rationality.

Definition 1 (Individual Rationality). A mechanism that
ensures individual rationality must satisfy the following con-
dition: When a user submits their true requirement θi, their
utility will be greater than or equal to zero; i.e., ui(θ) ≥ 0.
In other words, as long as the user participates in the auction
and reports truthful bids, the user will never incur a loss.

Definition 2 (Truthfulness). If a user submits their true
requirement θi, they will obtain the maximum utility; i.e.,
ui(θ) ≥ ui(θ̂). This means that submitting a truthful bid is
the dominant strategy for each user [39].

The VCG mechanism is a classic DSIC mechanism [31]–
[33]. In this mechanism, every user has an incentive to report
their true requirement. The VCG mechanism determines the
optimal allocation solution X∗ by maximizing Formula (1),
and the payment rule is defined as follows:

pi = SW (X∗
−i)− SW (X∗) + bi (5)

where X∗ represents the optimal allocation solution for all
users and X∗

−i represents the optimal allocation solution for

Algorithm 1: Framework of VCG-HT.
input : θ = (θ1, . . . , θN ), Q = (q1, . . . , qK),

C = (c1, . . . , cP )
output: X∗, p1, . . . , pN

1 (SW (X∗),X∗) = Solution of IP-HT(θ);
2 for i = 1 to N do
3

(
SW (X∗

−i),X∗
−i

)
= Solution of IP-HT(θ−i);

4 pi = SW (X∗
−i)− SW (X∗) + bi;

5 return X∗, p1, . . . , pN ;

the case in which user i is not participating. Specifically,
X∗

−i = (x∗
1, .,x

∗
i−1,x

∗
i+1, .,x

∗
N ).

With the definition of the VCG mechanism, we design the
VCG-HT algorithm to solve the HT problem, as shown in
Algorithm 1. The VCG-HT mechanism takes the resource
capacity vector C = (c1, . . . , cP ), the resource vector Q =
(q1, . . . , qK) that is required by the VM, and all the user
requirements θ as its inputs. VCG-HT determines the optimal
resource allocation solution for users by solving the IP-
HT problem given in Formula (1) (Line 1). Afterward, the
mechanism determines the payment for each user (Lines 3–4).
In doing so, VCG-HT finds the allocation and social welfare
obtained without each user’s participation (Line 3). The mech-
anism then charges each user based on the social welfare that
is generated with and without the user’s participation (Line 4).
The mechanism returns two parameters: the optimal allocation
solution X∗ and the payment p1, . . . , pN .

Although the VCG-HT mechanism can maximize the social
welfare of the system and satisfy the DSIC property, it may
not generate significant revenue for the cloud service provider.
We can regard social welfare as the sum of user utility and
service provider utility. The user utility is defined in Formula
(2), and the utility that is received by the service provider is
defined in Formula (4). We consider a simple example. We
suppose that there are only two users and that the available
resources are sufficient. User 1 bids 5, and user 2 bids 4.
According to VCG-HT, both users 1 and 2 win. User 1 pays
4-9+5=0, and user 2 pays 5-9+4=0. The social welfare of the
system is 5+4=9; the utility of the cloud service provider is
the sum of user payments, which is 0; and the utility for
all users is 5+4=9, which indicates that all the utility in the
system is obtained by the users. However, in cloud service
auctions, the cloud service provider is more concerned with
its own utility and aims to obtain the greatest possible revenue.
When the VCG-HT mechanism is used, Formula (5) should
be employed to calculate the payment for each user. However,
this approach may result in the cloud service provider having
almost no profit. Inspired by the original VVCA mechanism
[22], we define a new VVCA mechanism for solving the HT
problem; this method maximizes the utility of the cloud service
provider by exploring the parameter space. Table I summarizes
the symbols that are used in this paper.
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TABLE I
SYMBOLS.

Symbol Description

K Set of virtual machine types {1, 2, . . . ,K}
R Set of resource types {1, 2, . . . , R}
PM Set of physical machines {1, 2, . . . , P}
N Set of users {1, 2, . . . , N}
T Set of time slots {1, 2, . . . , T}
qkr Amount of resources of type r ∈ R used by a VM instance

of type k ∈ K
cjr Capacity of PM j ∈ PM for resources of type r ∈ R
ai Submission time for user i ∈ N
di Deadline for user i ∈ N
ei Execution time for user i ∈ N
stik Demand quantity of a VM instance of type k ∈ K for

user i ∈ N in time slot t ∈ T after the task begins
bi, b̂i Value and submitted bid for user i ∈ N
θi, θ̂i Actual requests θi = (ai, di,Si, ei, bi) and submitted

requests θ̂i = (ai, di,Si, ei, b̂i) for user i ∈ N
xit Whether the request of user i ∈ N is satisfied in

time slot t ∈ T
yijkt Number of VM instances of type k ∈ K that are satisfied

on the PM for user i ∈ N in time slot t ∈ T
xi, x

∗
i Allocation solution and optimal allocation solution for

user i ∈ N
X, X∗ Allocation solution and optimal allocation solution for

all the users
X∗

−i Optimal allocation solution when user i ∈ N does not
participate

IV. VVCA MECHANISM DESIGN FOR HT RESOURCE
ALLOCATION

In this section, we introduce the fundamental concepts of
the VVCA mechanism design. Afterward, we propose mecha-
nisms HT VVCAm with approximation ratio guarantees and
two automated mechanisms: the HT VVCA∗ mechanism,
which is based on gradient descent, and the HT VVCANET
mechanism, which is built on an attention transformer. Fig.
2 illustrates the relationships among the above mechanisms.
In short, the VVCA mechanism is a subclass of the AMA
mechanism, and the VCG mechanism is a special case of
the VVCA mechanism. HT-based mechanisms are derived by
learning from the VVCA family. Specifically, HT VVCA∗

refers to HT VVCANET under the assumption that the VVCA
parameters that correspond to identical allocations can be
aggregated. Furthermore, HT VVCAm is a special case of
HT VVCA∗ that incorporates reserve prices, and it corre-
sponds to a reserve-price-based VCG mechanism. Therefore,
HT VVCANET can learn any mechanism that HT VVCA∗

can learn, and HT VVCA∗ can in turn learn any mechanism
that HT VVCAm can represent. Consequently, the perfor-
mance of the HT-based mechanisms is at least as good as
that of the VCG mechanism in the worst case.

A. VVCA Mechanism

In this section, we define the VVCA mechanism and prove
that the VVCA mechanism satisfies the DSIC property. The
DSIC proof for the VVCA mechanism is based on its defini-
tion [22].

Definition 3 (VVCA). For each user i with a true bidding
function bi, the allocation function A determines the optimal

AMA

VVCA

VCG

HT_VVCANET

HT_VVCA *

HT_VVCAm

Mechanisms Algorithms

Fig. 2. Relationships among the mechanisms and algorithms.

allocation solution X∗ by maximizing Formula (6) with the
constraint that is imposed by Formula (1).

Maximize
X

ASWω,λ(X) =
∑
i∈N

(ωi · bi(X) + λi(X)) (6)

In this study, bi(X) =
di−ei+1∑

t=ai

bixit. Moreover, the payment

rule pi for user i is defined as follows:

pω,λ
i (X∗,X∗

−i, bi) =
1

ωi

[
ASWω,λ(X∗

−i)

−ASWω,λ(X∗) + ωi · bi(X∗)
] (7)

The VVCA is a subclass of the AMA, and it inherits the
DSIC property of the AMA. We prove below that the VVCA
satisfies DSIC in our problem model. According to Formula
(2) and the VVCA mechanism, given the allocation solution
X∗, the utility of user i can be rewritten as follows:

uω,λ
i (X∗,X∗

−i, bi) = bi(X
∗)− pω,λ

i (X∗,X∗
−i, bi) (8)

Theorem 1. The VVCA mechanism satisfies individual
rationality.

Proof. Given that the allocation solution is X∗, if user i bids
truthfully, his/her payment is

pω,λ
i (X∗,X∗

−i, bi) =
1

ωi

[
ASWω,λ(X∗

−i)

−ASWω,λ(X∗) + ωi · bi(X∗)
]

≤
di−ei+1∑

t=ai

bix
∗
it = bi(X

∗)

(9)

According to the definition of ASW (·), we have
ASWω,λ(X∗

−i) − ASWω,λ(X∗) ≤ 0. Combined with
ωi ≥ 0, Formula (9) holds. Therefore, the VVCA mechanism
satisfies individual rationality.

Theorem 2. The VVCA mechanism satisfies truthfulness.

We prove this theorem in Appendix A.
Although the AMA mechanism has good theoretical prop-

erties, it has a long execution time. This is because traversing
all the allocation solutions to find a suitable λ function is
necessary. The AMA mechanism generates 2N ·T different task
allocation solutions. In contrast, the VVCA mechanism, which
is a subclass of the AMA mechanism, assigns a function λi to
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each user i, thereby resulting in a total of N ·2T lambda values
that must be considered. Therefore, the VVCA mechanism can
compute more quickly.

B. VVCA Mechanism Design

In this section, we first propose a randomized mechanism
HT VVCAm and prove that it has a logarithmic approxi-
mation ratio. Afterward, we design an automated mechanism
HT VVCA∗. Although HT VVCAm requires certain special
conditions, we theoretically prove that the revenue that is
obtained by the service provider has a good approximation
ratio with the OPT, which provides a solid lower bound
guarantee for the developed algorithm. The HT VVCA∗

mechanism employs gradient optimization to approach the
optimal revenue.

HT VVCAm: We design a randomized mechanism
HT VVCAm, as shown in Algorithm 2. The design of

Algorithm 2: Framework of HT VVCAm.
input : θ = (θ1, . . . , θN )
output: X∗, p1, . . . , pN

1 for i = 1 to N do

2 if bi ≥
K∑

k=1

ei∑
d=1

sdik · l · (1 + ε)
m then

3 Add user i to X∗;

4 pi =
K∑

k=1

ei∑
d=1

sdik · l · (1 + ε)
m;

5 return X∗, p1, . . . , pN ;

HT VVCAm requires the following assumptions.
1) The user valuation functions bi are all additive.
2) l represents the minimum bid of any user for any virtual

machine per time slot.
3) h represents the maximum bid of any user for any virtual

machine per time slot.
4) The service provider knows the values of l and h.
5) The system has sufficient resources to satisfy the require-

ments of the users. (In practice, we can remove users with
low cost-effectiveness so that the remaining users have
sufficient resources to satisfy this condition.)

Definition 4 (HT VVCAm). HT VVCAm satisfies the fol-
lowing requirements.

1) A virtual user i = 0 is constructed, and their bid is
defined as l · (1 + ε)m for a single virtual machine in
any time slot.

2) For any allocation result that is obtained for virtual user
i = 0, their bid is defined as the number of allocated
virtual machines multiplied by l · (1 + ε)m.

3) ωi = 1, ∀i = 0, 1, 2, ..., N , and λi(X) = 0,∀i =
1, 2, ..., N .

4) m is randomly selected from {0, 1, 2, ...,
⌊
log1+ε(h/l)

⌋
}.

User i = 0 represents a service provider with a specified
reserve price. Therefore, HT VVCAm is equivalent to a VCG
auction with a reserve price, which means that the cloud

service provider has a minimum valuation l · (1 + ε)m for
the usage cost of each virtual machine per time slot. The
HT VVCAm mechanism can be used to guide the setting of
a reasonable reserve price and ensure the expected revenue of
the service provider.

Lemma 1. When the requirement of user i is met, the user’s
payment satisfies the following equation:

pi =

K∑
k=1

ei∑
d=1

sdik · l · (1 + ε)
m. (10)

Proof. According to the definition of VVCAs, we have the
following:

pi = ASW (X−i)−ASW (X)+bi

, where ASW (X−i) represents the optimal social wel-
fare level when user i does not participate. In this case,
the requirement that was originally allocated to user i is
reallocated to the cloud service provider, who can bid
K∑

k=1

ei∑
d=1

sdik · l · (1 + ε)
m for these virtual machines. Moreover,

given that sufficient virtual machines are available, the allo-
cation solutions for the other users remain unchanged. Thus,

ASW (X−i)−ASW (X) =
K∑

k=1

ei∑
d=1

sdik · l · (1 + ε)
m−bi. Sub-

stituting this into the expression for pi yields the following:

pi = ASW (X−i)−ASW (X)+bi

=

K∑
k=1

ei∑
d=1

sdik · l · (1 + ε)
m.

This result implies that if a user’s valuation bi for the
required virtual machines does not satisfy

bi ≥
K∑

k=1

ei∑
d=1

sdik · l · (1 + ε)
m,

the service provider will refuse to allocate the virtual machines
to that user.

Theorem 3. The expected revenue approximation ratio that
is obtained by the service provider through the HT VVCAm

mechanism is

E [Rm
0 ] ≥

OPT

e

√
ln2(h/l)+4 ln(h/l)−ln(h/l)

2 ·
(
1+

(⌊
2 ln(h/l)√

ln2(h/l)+4 ln(h/l)−ln(h/l)

⌋)) . (11)

We prove this theorem in Appendix B. The proof follows
the approach that is presented in [22]. Notably, when ε = 1,
the approximation ratio is equivalent to 1

2+2⌊log(h/l)⌋ from
[22], but our approximation ratio is better than the previously
presented ratios. When h/l ≤ e, we can achieve a 0.27 ap-
proximation. A detailed example of HT VVCAm is presented
in Appendix C.
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HT VVCA∗: In our problem, the VVCA mechanism gen-
erates at least N · 2T parameters, with each user i being
assigned a function λi. To address the scalability issue, we
constrain the users to using the same function λi in each time
slot and propose a subset of the VVCA, HT VVCA∗. As a
result, the number of parameters in HT VVCA∗ is reduced
to N .

Definition 5 (HT VVCA∗). For each user i with a true
bidding function bi, the allocation function A determines the
optimal allocation solution X∗ by maximizing Formula (12)
with the constraint that is imposed by Formula (1).

Maximize
X

ASWω,λ(X) =
∑
i∈N

(ωi · bi(X) + λi(X))

=
∑
i∈N

di−ei+1∑
t=ai

xit · (ωi · bi + λi)

(12)

where λi(X) =


λi,

di−ei+1∑
t=ai

xit = 1

0,
di−ei+1∑

t=ai

xit = 0

. In this paper,

bi(X) =
di−ei+1∑

t=ai

bixit. Moreover, the payment rule pi for user

i is defined as follows:

pω,λ
i (X∗,X∗

−i, bi) =
1

ωi

[
ASWω,λ(X∗

−i)

−ASWω,λ(X∗) + ωi · bi(X∗)
] (13)

Because the VVCA mechanism satisfies the DSIC property,
we only need to maximize the expected revenue. In practice,
calculating the expected revenue is challenging; thus, we ap-
proximate it using the sample revenue. Therefore, we minimize
the negative sample revenue, and the loss function is defined
as follows:

ℓ(ω,λ) = − 1

|S|

|S|∑
s=1

N∑
i=1

p(s)
i

(ω,λ)

where S represents the training set and p(s)
i

(ω,λ) represents
the payment of user i in sample s.

The model parameters ω and λ are updated on the basis of
gradient descent. The gradient of ℓ(ω,λ) with respect to ω
for a fixed λ is given by

∇ωℓ(ω,λ) = − 1

|S|

|S|∑
s=1

N∑
i=1

∇ωp
(s)
i

(ω,λ)

The gradient of ℓ(ω,λ) with respect to λ for a fixed ω is
given by

∇λℓ(ω,λ) = − 1

|S|

|S|∑
s=1

N∑
i=1

∇λp
(s)
i

(ω,λ)

Notably, during training, we assume that the user value
distribution is known but that the specific values of the users
are unknown. Therefore, we use this distribution to generate
sample data as the training set. The revenue of HT VVCA∗

is related only to the parameters ω and λ. Thus, we aim to

maximize the sample revenue and update the parameters ω
and λ via gradient descent. The final experiments show that
HT VVCA∗ is very effective.

C. HT VVCANET Mechanism Design

Considering the disadvantages of HT VVCAm and
HT VVCA∗ and referring to [23], we propose the
HT VVCANET mechanism, which divides the VVCA so-
lution into two steps: a menu generation algorithm (MGA)
and a parameter training process (HT VVCANET). The MGA
uses evolutionary algorithms to generate several good and
feasible allocation solutions, thereby significantly reducing the
complexity of training; in the parameter training process, an
attention transformer is used to capture the relationships of
requirement information, and the optimal revenue is ultimately
output. Because HT VVCANET outputs the same VVCA
parameters ω and λ for identical inputs, regardless of the
associated bids, its DSIC property can be directly derived from
the proof for the VVCA.

Architecture of HT VVCANET: The first step of the
HT VVCANET mechanism is to design the MGA. This
algorithm generates an allocation menu M ∈ {0, 1}L×N×T

as the input for HT VVCANET, where L represents the size
of the allocation menu, N represents the number of users, and
T represents the total number of time slots. Mlit represents
an element (l, i, t) of the 3-dimensional tensor M, and Ml::

represents the 2-dimensional l-th slice of the 3-dimensional
tensor M. Mlit = 1 indicates that under allocation option l,
the requirement of user i will start to be executed at time slot
t. The algorithm ensures that each Ml:: is a feasible solution
that satisfies the constraints of Formula (1). The MGA is given
in Algorithm 3. The algorithm initializes the parameters on
Lines 1–7, including the resource availability tensor R, where
Rltj: indicates the amount of resources that are available for
allocation on the j-th PM at time slot t under allocation
option l. To record the feasible allocation options, we use two
matrices: M′ and M. Whereas M′ ensures the diversity of
the feasible solutions, M is used for model training. Because
a user’s payment depends only on their selection status, M
ensures unique allocation options when focusing on the user
selection status. M′ and M undergo Iters iterations. On
line 9, a menu option V is randomly selected from M′. On
lines 10–19, based on the allocation option V, we attempt
to allocate resources to a currently unselected user i at time
slot t. On lines 20–22, if the remaining resources R′ are
sufficient to allocate to user i, we add this allocation option to
M′. On lines 23–25, if the allocation option does not overlap
with any options in menu M, we add this option to M. In
contrast with HT VVCA∗, which searches the exponential
solution space for optimality, HT VVCANET leverages the
discarded feasible solutions, thereby enabling polynomial-time
efficiency.

We subsequently use an attention transformer to construct
HT VVCANET. As shown in Fig. 3, HT VVCANET consists
of four main parts: a λ-input layer, an ω-input layer, a trans-
former interaction layer, and an output layer. The allocation
menu M is used as an input, and HT VVCANET calculates
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Algorithm 3: Menu Generation Algorithm.
input : L, Si, ai, di, ei, Q = (q1, . . . , qK),

C = (c1, . . . , cP )
output: M

1 M← [0]L×N×T , M′ ← [0]L×N×T ;
// Initialize the menus

2 R← [0]L×T×P×R;
// Initialize the remaining resources

of the PMs

3 r ← [1, 0, · · · , 0]2N ;
// Initialize the additional records

of the menu options in M
4 p1 ← 1, p2 ← 1;
// Initialize the pointer to the

current menu option
5 for l = 1 to L do
6 for t = 1 to T do
7 Rlt:: ← C;

8 for iter = 1 to Iters do
9 Generate a random integer l in the range [1, L],

and let V = M′
l::;

10 for i = 1 to N do

11 if
T∑

t=1
Vit < 1 then

12 for t = ai to di − ei + 1 do
13 Vit ← 1, flag ← 0;
14 R′ ← Rl:::;
15 for d = t to t+ ei − 1 do
16 On the basis of V and R′

d::, we
attempt to sequentially allocate a
PM for each VM required by user
i and update the remaining
resources of the PMs in the
variable R′;

17 if There is a VM that cannot be
successfully allocated then

18 flag ← 1;
19 Break;

20 if flag = 0 then
21 Let M′

p1:: = V and Rp1::: = R′;
22 p1 ← (p1 + 1)%L;

23 d←
N∑
i=1

T∑
t=1

Vit × 2i;

24 if rd = 0 then
25 Mp2:: ← V;
26 rd ← 1, p2 ← (p2 + 1)%L;

27 Vit ← 0;

28 return M;

the user weights ω and boosts λ for the candidate allocation
solution. The allocation menu M serves as the input to the λ-
input layer, whose output is processed through the transformer

interaction layer to obtain the VVCA parameter boosts λ
that correspond to the candidate allocation solution. User
information is passed through the output layer to generate the
VVCA weights ω. Finally, with the weights ω, the boosts λ,
the bid b = (b1, b2, . . . , bN ) ∈ RN , and the allocation menu
M, the allocation and payment results are calculated according
to the VVCA mechanism. The sum of the negative payments
is used as the loss, which is backpropagated to update the
network parameters.
λ-Input Layer: In the λ-input layer, we use the allocation

menu M ∈ {0, 1}L×N×T as the input Iλ ∈ {0, 1}L×N ; i.e.,

Iλli =
T∑

t=1
Mlit, where Iλli is the element (l, i) of matrix Iλ. Two

1×1 convolutions with rectified linear unit (ReLU) activation
are subsequently applied to Iλ to obtain the tensor E:

E = Conv2 ◦ ReLU ◦ Conv1 ◦ Iλ ∈ RL×d,

where d represents the dimensionality of the new latent repre-
sentation that is produced for each candidate allocation, Conv1

and Conv2 represent convolutions, and ReLU(z) = max(z, 0).
E is used as the input of the transformer interaction layer.

Transformer Interaction Layer: Because the attention mech-
anism in transformers can capture high-order feature inter-
actions while preserving the crucial property of permutation
equivariance, this layer is designed based on the transformer
architecture. Through a transformer, we enable L allocation
candidates to interact with each other so that the differences
between the allocation candidates can be captured. We apply
the transformer to E to obtain J :

J = transformer - Interaction (E) ∈ RL×dh

, where dh represents the number of hidden-layer nodes that
are contained in the transformer. Next, we use two 1 × 1
convolutions with ReLU activation to change the number of
channels in J :

Jout = Conv4 ◦ ReLu ◦ Conv3 ◦ J ∈ RL×dout .

The above structure represents one transformer interaction
layer. In practice, we use only one layer. Setting dout = 1,
we then obtain Jout ∈ RL×1 and take Jout as an input for
the output layer; i.e., Fλ = Jout.
ω-Input Layer: Similar to positional encoding, we use the

unique ID of the user as their initial representation U ∈ RN ,
where Ui represents the value of U in dimension i and Ui =
i. Afterward, we take the user representation U as the input
of the ω-input layer, i.e., Iω = Embedding(U) ∈ RN×de .
Next, we use a multilayer perceptron (MLP), which is a fully
connected neural network, to process Iω , which yields the
following output:

Fω = MLP (Iω) ∈ RN .

Output Layer: We obtain two tensors from the transformer
interaction layer and the ω-input layer: Fω ∈ RN and
Fλ ∈ RL×1. Next, we process these two tensors separately. In
this work, we impose the constraint that each user weight lies
within (0, 1]. Given Fω , we obtain the weight for each user i
by

ωi = Sigmoid (Fω
i ) ∈ (0, 1)
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Fig. 3. Network Architecture of HT VVCANET.

, where Fω
i represents the value of Fω in dimension i and

Sigmoid(z) = 1/ (1 + e−z) ∈ (0, 1) for all z ∈ R. With Fλ,
we can calculate the boost variables λ. We use the flattening
function to unfold Fλ, which yields

λ = Flatten
(
Fλ
)
∈ RL.

In this way, we obtain ω and λ. According to the VVCA
mechanism, we can calculate the payment and allocation
solutions.

Loss: Our goal is to maximize the expected revenue. As in
HT VVCA∗, we approximate the expected revenue with the
sample income, and the HT VVCANET loss is set as follows:

ℓ(S, ξ) = − 1

|S|

|S|∑
s=1

N∑
i=1

pξ
i
(M(s), b(s), U)

, where S represents the training set (which contains 4992
samples), ξ contains all the neural network weights in
HT VVCANET, and pξ

i
(M(s), b(s), U) represents the pay-

ment of user i.
During training, for any sample s, the affine social welfare

level of option l in the generated allocation menu M is as
follows:

ASW
(s)
l (S, ξ) =

∑
i∈N

(
ωξ
i b

(s)
i

T∑
t=1

M
(s)
lit

)
+ λξ

l , (14)

where λξ
l represents the boost that corresponds to option l in

M and ωξ
i represents the weight for user i when the network

parameter is ξ.
To ensure that the loss is differentiable during the training

process, we use the softmax function in place of the max
function [23], and the maximum affine welfare is as follows:

∆
(s)
l = Softmax

(
ASW (s)(S, ξ)

)
l

ASW ∗(s)(S, ξ) =
L∑

l=1

∆
(s)
l ·ASW

(s)
l (S, ξ)

where ASW (s)(S, ξ) = (ASW
(s)
1 (S, ξ), . . . , ASW

(s)
L (S, ξ))

∈ RL and Softmax(z)l = ezl/(
∑L

m=1 e
zm) ∈ (0, 1) for

all z ∈ RL. We calculate the payment pξ
i
(M(s), b(s), U) as

follows:

pξ
i
(M(s), b(s), U) =

1

ωξ
i

(
ASW ∗

−i
(s)

(S, ξ)−ASW ∗(s)(S, ξ)
)

+
L∑

l=1

(
∆

(s)
l · b(s)i ·

T∑
t=1

M
(s)
lit

)
(15)

where ASW
(s)
−i,l(S, ξ) =

∑
m̸=i,m∈N

(
ωξ
mb

(s)
m

T∑
t=1

M
(s)
lmt

)
+ λξ

l

and ASW ∗
−i

(s)(S, ξ) represents the maximum affine welfare
for user i, who is not participating in the allocation process, for
sample s. ASW ∗

−i
(s)(S, ξ) is calculated by the same method

as that used for ASW ∗(s). A discussion of HT VVCANET
is provided in Appendix D.

D. Theoretical Analysis of the VVCA

We present the time complexity, space complexity, and
feasibility analyses in Appendix F.

V. EXPERIMENTS

In this section, we describe the extensive experiments that
are conducted to verify the effectiveness of HT VVCANET
and HT VVCA∗. We compare these two methods with three
baseline methods: the VCG, greedy and PPO approaches. In
all the experiments, the allocation solutions that are obtained
by all the algorithms are discrete. We compare and analyze the
performance of all the algorithms in terms of service provider
revenue, number of winners, social welfare, and execution
time. Compared with the baseline methods, the mechanisms
that are designed on the basis of affine maximization properties
achieve better results.

A. Experimental Setup

1) The data that are used in our experiments are sourced
from Alibaba Cloud service logs [40]. We select three
tables from the log files: PaiJobTable (job starting in-
formation), PaiTaskTable (task starting information), and
PaiMachineSpec (PM information). The experimental
setup is described in detail in Appendix G. We assume
that the valuations are additive. Moreover, we assume
that the valuation of user i for any virtual machine
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per time slot is b̄i; i.e., bi = b̄i ·
K∑

k=1

ei∑
t=1

stik. As the

valuation distribution is not recorded in the logs, we
sample valuation information from a distribution. We
consider various types of valuation distributions, includ-
ing symmetric uniform, asymmetric uniform, and normal
distributions. These distributions are described as follows.
(A) Symmetric Uniform Distribution: The valuation b̄i of

each user i is sampled from U [0, 1]. This setup has
been widely used in previous studies [22], [23], [36].

(B) Asymmetric Uniform Distribution: The valuation b̄i
of each user i is sampled from U [i − 1, i]. The
valuations are asymmetric for users.

(C) Normal Distribution: The valuation b̄i of each user i
follows a normal distribution with a mean of 1 and
a variance of 0.1, which is truncated to the range
[0,+∞].

2) On the basis of the classic VCG approach, we impose
resource constraints. The implementation of HT VVCA∗

follows the design that is outlined in Section IV-B. Both
our VCG and HT VVCA∗ mechanisms are implemented
in CPLEX. We then design a greedy algorithm that
computes the optimal allocation solution using a greedy
strategy and calculates the payment via binary search
[25]. During the allocation procedure, the users are sorted
in descending order on the basis of di = bi√

K∑
k=1

ei∑
t=1

stik

.

To allocate VMs to PMs, the greedy algorithm is con-
sistent with the allocation method that is described in
Algorithm 3. Notably, the greedy algorithm satisfies the
DSIC property. In PPO, the action consists of selecting
0 or 1 for each user. The state aggregates all the relevant
environmental information. At each step, the environment
considers only users whose action is 1, who have not
yet been allocated resources, and for whom sufficient
resources are available. The payment rule in PPO follows
the same scheme as in VCG.

3) Each algorithm is executed five times under the same
data distribution but with different data samples when
calculating service provider revenue, number of winners,
social welfare, and execution time.

4) During the training process of HT VVCANET, the max-
imum number of iterations is set to 100, with 4992
samples generated in each iteration. We evaluate 960
samples. The model that produces the highest revenue on
the training set is selected, and the revenue that it obtains
on the test set is used as the final evaluation result. In
the MGA module of HT VVCANET, the menu size is
set to 200, and the number of iterations (Iters) is 200.
The hidden dimension of the network parameters is set
as d = 32, where dh = 32 and de = N . The softmax
temperature is set to 500, which is sufficiently large to
approximate the max function. The batch size is 64, and
the learning rate is set to 1 × 10−3. Given the induced
VVCA parameters, our implementation of the remainder
of the AMA mechanism is built upon the implementation
of Curry et al. [23].

5) We use an NVIDIA RTX 4090 GPU and an Intel Xeon
Platinum 8352V CPU to train and test HT VVCANET.
The training process is described in Appendix H. The
analysis of the HT VVCANET allocation menu is pre-
sented in Appendix I. All the experimental code is
available at https://github.com/YNU-DMC-yxl597/HT
VVCANET.

B. Experimental Results

1) Effect of the Valuation Distribution on Revenue: We
evaluate the revenue that is produced by the five mechanisms
under various valuation distributions, as shown in Table II. We
also perform t tests between HT VVCANET and the other
four algorithms, as shown in Table III. In this experiment,
the number of users is fixed at 6 (N = 6), the number
of PMs is fixed at 3 (P = 3), and the experiment is
conducted over 4 time slots (T = 4). Both HT VVCA∗ and
HT VVCANET clearly significantly outperform VCG, thus
demonstrating that integrating affine parameters ωi and λi

(7) into VCG substantially increases the resulting revenue.
The standard deviations of HT VVCANET are relatively low
across all the distributions. This finding indicates that the
algorithm yields consistent results across different data sam-
ples. Notably, under the asymmetric distribution (B), compared
with the other algorithms, HT VVCANET shows significant
differences; this is due to larger variations in ωξ

i (14) that are
caused by differing user valuation distributions. Smaller values
of ωξ

i are more likely to occur. According to the payment
formula (15), smaller ωξ

i lead to larger payments pi. Overall,
the performance of HT VVCANET is superior.

TABLE II
EFFECTS OF THE VALUATION DISTRIBUTION ON THE MEAN AND

STANDARD DEVIATION OF REVENUE. FOR EACH SETTING, THE HIGHEST
MEAN REVENUE AMONG ALL METHODS IS SHOWN IN bold font.

Method Symmetric(A) Asymmetric(B) Normal(C)
mean std. mean std. mean std.

VCG 1.45 0.04 8.22 0.30 5.20 0.11
greedy 1.50 0.04 8.78 0.20 4.74 0.06
PPO 1.20 0.04 8.02 1.01 4.48 0.11

HT VVCA∗ 2.23 0.06 11.8 2.46 6.08 0.52
HT AMANET 2.27 0.04 15.4 0.38 6.97 0.08

TABLE III
t AND p OF THE T-TESTS COMPARING HT VVCANET WITH THE OTHER

FOUR ALGORITHMS.

Method Symmetric(A) Asymmetric(B) Normal(C)
t p t p t p

VCG 60.78 < 10−6 107.9 < 10−7 20.77 < 10−4

greedy 46.02 < 10−5 46.56 < 10−5 35.99 < 10−5

PPO 41.22 < 10−5 11.38 < 10−3 30.34 < 10−5

HT VVCA∗ 1.351 0.25 2.645 0.05 3.788 0.02

2) Effects of the Number of Users: We compare the per-
formance differences among the four mechanisms under vari-
ous numbers of users, as shown in Fig. 4. In this experiment,
the number of PMs is fixed at 3 (P = 3), and the experiment
is conducted over 5 time slots (T = 5) with the valuation
distribution (C). By changing the number of users, where User
∈ {2, 4, 6, 8, 10}, we observe the changes that are induced in
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Fig. 4. Effects of the Number of Users.
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Fig. 5. Effects of the Number of PMs.

terms of service provider revenue, number of winners, social
welfare, and execution time across various algorithms. Our
objective is to maximize the service provider’s revenue; more
winners and higher social welfare are not necessarily needed.
The service provider revenue changes that are produced by the
different algorithms are shown in Fig. 4(a). Compared with
the other methods, both HT VVCANET and HT VVCA∗

achieve better results. As the number of users increases, the
revenue of HT VVCA∗ gradually approaches that of VCG.
This is because HT VVCA∗ is VCG when ωi = 1 and
λi = 0 (12). Under complex or large-scale data scenarios,
HT VVCA∗ tends to revert to VCG. In contrast, λξ

l and ωξ
i

(14) in HT VVCANET are generated through a transformer
network and an MLP network. The transformer network helps
us discover differences between the allocation candidates by
allowing them to interact in the transformer interaction layer,
thereby producing interaction information Fλ. The MLP com-
ponent performs particularly well for low-dimensional outputs
and provides stable and superior results. The changes in the
number of winners are shown in Fig. 4(b). As the number
of users increases, the number of winners for each algorithm
also increases. This is because more high-quality users (with
high bids and low resource requirements) participate in the
auction. The numbers of winners for HT VVCANET and
HT VVCA∗ are significantly lower than those for VCG,
which indicates that these two algorithms increase revenue by
reducing the number of winners. The social welfare results are
shown in Fig. 4(c). VCG achieves the highest social welfare.
The social welfare of the other algorithms does not exceed
that of VCG, which indicates that the proposed allocation
method is effective. HT VVCANET achieves lower social
welfare than VCG does, which suggests that integrating affine
parameters ωi and λi (7) into VCG reduces social welfare.
Compared with the greedy approach, PPO achieves greater
social welfare owing to the strong decision-making capabil-
ity of reinforcement learning. However, its social welfare is

lower than that of HT VVCANET and HT VVCA∗ because
PPO operates fully online whereas the latter methods are
semi-online. Considering Fig. 4(a), the revenue gap between
HT VVCANET and VCG is larger than the social welfare gap,
which makes the tradeoff for revenue worthwhile. Moreover,
most social welfare is obtained by the service provider, which
aligns with our design goal. The execution times that are
required on the test set are shown in Fig. 4(d). The execution
time of HT VVCANET comprises the time that is required for
menu generation and the time that is needed to process the test
set on the neural network model. CPLEX can rapidly obtain
optimal solutions through strategies such as pruning. Conse-
quently, neither HT VVCA∗ nor VCG exhibits exponential
time growth. Concurrently, HT VVCANET demonstrates the
ability to generate high-quality menus within remarkably short
timeframes. Moreover, HT VVCANET needs to generate the
menu only once for repeated training operations, whereas
HT VVCA∗ requires the CPLEX solver to be called each
time the parameters are updated. Therefore, HT VVCANET
has a higher training speed. Overall, the performance of
HT VVCANET is superior.

3) Effects of the Number of PMs: We compare the perfor-
mance differences among the four mechanisms under various
numbers of PMs, as shown in Fig. 5. In this experiment, the
number of users is fixed at 6 (N = 6), and the experiment
is conducted over 5 time slots (T = 5), with the valuation
distribution (C). By changing the number of PMs, where PM
∈ {2, 3, 4, 5, 6}, we observe the changes in service provider
revenue, number of winners, social welfare, and execution
time across the different algorithms. The changes in service
provider revenue when different algorithms are used are shown
in Fig. 5(a). As the number of PMs increases, the revenue
of HT VVCANET and HT VVCA∗ increases. The revenue
of the greedy and VCG methods first increases but then
decreases. When resources are extremely scarce, no user’s
requirements can be met, which results in low revenue. When
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resources are abundant, the greedy and VCG methods satisfy
all the users’ requirements, thereby leading to a revenue that is
close to 0. HT VVCANET and HT VVCA∗ use the VVCA
parameters to intentionally leave some users’ needs unmet,
thereby achieving high revenue. The changes in the number
of winners are shown in Figure 5(b). As the number of PMs
increases, the number of winners for each algorithm increases.
This is because the more resources that are available, the more
users there are whose needs the service provider can meet.
The social welfare results are shown in Figure 5(c). VCG
achieves the highest social welfare. The execution times on
the test set are shown in Figure 5(d). As the number of PMs
increases, the execution times stabilize; this could be because
the feasible solution space is no longer constrained, and the
program can exit the loop early after the PM is allocated.
Overall, HT VVCANET exhibits superior performance.

VI. CONCLUSIONS AND FUTURE WORK

In our view, the most significant innovations of this study are
twofold. First, we combined the VVCA mechanism with the
time-varying resource allocation problem (HT problem) that
involves heterogeneous cloud services. Second, we designed a
deep learning network architecture (HT VVCANET) to obtain
deterministic allocation solutions for the HT problem. Through
this study, we explored the application domains of integrating
the AMA mechanism with deep learning. We then exploited
this framework to achieve stable and superior performance in
solving complex allocation problems. The experimental results
showed that compared with the traditional VCG mechanism,
the HT VVCANET mechanism can significantly increase the
revenue of cloud service providers by 56% to 87%; this
provides a new approach for applying deep learning to solve
constrained problems.

We also discuss various limitations and potential directions
for future work. Our current approach is semi-online and re-
quires knowledge of the time-varying heterogeneous demands
of all users in advance to plan allocations for a future period.
Such a setting still has practical applications. A possible
extension is to divide future time into segments and obtain user
information in each segment to make appropriate allocations.
In future work, we plan to consider fully online scenarios.
Another limitation is that sufficient samples are required to
train the model. However, this is a common requirement that
is shared by most existing models [22]–[24], [35], [36] because
current deep learning methods still rely on learning from
historical data. We believe that more advanced approaches will
emerge in the future to address this limitation.
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