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ABSTRACT
Quota is often used in resource allocation and management sce-
narios to prevent abuse of resource and increase the efficiency of
resource utilization. Quota management is usually fulfilled with
a set of rules maintained by the system administrator. However,
maintaining these rules usually needs deep domain knowledge.
Moreover, arbitrary rules usually cannot guarantee both high re-
source utilization and fairness at the same time. In this paper, we
propose a reinforcement learning framework to automatically re-
spond to quota requests in cloud computing platforms with distinc-
tive usage characteristics for users. Extensive experimental results
have demonstrated the superior performance of our framework on
achieving a great trade-off between efficiency and fairness.

CCS CONCEPTS
• Applied computing → Enterprise computing infrastruc-
tures; • Computing methodologies→Multi-agent reinforcement
learning; Multi-agent reinforcement learning; Multi-agent
planning.
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1 INTRODUCTION
Cloud computing is playing an important role in modern computing
industry by providing elastic resources in a pay-as-you-go paradigm
[21, 25]. From the perspective of the cloud computing platform, it is
ideal to achieve high utilization of computing resources to improve
the overall profit. However, there are many other factors to consider,
including but not limited to coordinating the resource usage of users
to avoid shortage of computing resources, enlarging capacity for
growing users, ensuring the fairness of resource allocation, etc [23].
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Figure 1: Cloud Quota Management Problem

To prevent the abrupt growth of customers that could violate the
available capacity, cloud computing platforms such as AmazonWeb
Services and Microsoft Azure usually set a default limit of comput-
ing resources for each user called quota and flexibly adjust this limit
according to users’ historical usage and current demand. A quota
management system is therefore adopted to manage the quota for
all these users to properly plan and stabilize the actual resource
usage of the platform. As the total computing resource is limited
for the cloud computing platform, the allocated quota should also
be limited with careful management. A reasonable quota manage-
ment system is supposed to 1) satisfy the expansion requests for
users with growing demands, 2) avoid large quota amount allo-
cated to users with low demands on computing resources, and 3)
maintain a reasonably fair balance among all the users on the quota
management. In this paper, we investigate the quota management
problem in cloud computing platforms, as illustrated in Figure 1.
When users have growing demands on computing resources, they
will submit requests with specific amounts of required quota. Then
the system can respond to users by approving the request, rejecting
the request, or partially admitting the request. Besides, when users
have a decreasing demand on the computing resources, they can
also request to decrease their quota, and these requests will take
effect automatically by default.

2 CHALLENGES AND MOTIVATION
Generally, cloud quota management problem can be regarded as a
special type of resource allocation problem. Many previous works
have investigated the resource allocation problem. For instance,
efficiency and fairness are optimized to solve resource allocation
problem in cloud computing platform [30, 31]. However, these
works formulate the resource allocation problem as a static opti-
mization problem without considering the dynamics of the system.
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As the system evolves with complex user dynamics, the alloca-
tion plan should also be dynamically adjusted. Therefore, many
endeavors have been made to design deep reinforcement learning
methods for solving resource allocation problems due to its natural
dynamic optimization setting [1, 5, 15]. However, most existing
reinforcement learning-based works solve the resource allocation
problem by Q-learning method, which needs to enumerate all pos-
sible actions given current state. Due to the high-dimensional and
continuous action space of cloud quota management problem, it is
impossible to enumerate all actions, making many of these methods
not applicable for this problem. Moreover, one of the remarkable
differences between cloud quota management problem and other
resource allocation problem is that system grant quota as resource
qualification to users instead of allocating resources directly to
users, giving more usage freedom to users as users can adjust de-
ployment according to varying requirements as long as the number
does not surpass quota. This problem setting makes the allocation
more complex and difficult to achieve efficiency and fairness at the
same time.

For a cloud computing platform, it is challenging to manage
quota among end users with reinforcement learning for the follow-
ing three reasons. Firstly, the action space in such a quota manage-
ment can be complex, thus difficult to handle [6]. In quota manage-
ment problem, quota management agent needs to take two different
kinds of actions at the same time: user-level satisfaction ratio and
system-level relax factor, making the action space heterogeneous.
Secondly, traditional reinforcement learning techniques exhibit low
efficiency on quota management problem with high dimensional
continuous spaces, making effective exploration difficult [15]. Fi-
nally, it is difficult to balance the system efficiency and fairness
among users at the same time for a cloud computing platform. To
resolve the three challenges aforementioned, we propose a novel re-
inforcement learning framework calledMulti-Agent reinforcement
learning with Shared Policy (MASP) and adopt a reward communi-
cation mechanism. Extensive experiments have been conducted on
a cloud simulation environment developed based on data from a
number of first-party cloud computing users in Microsoft.

3 METHODOLOGY
3.1 Preliminaries and Definitions
In the quota management system, there are mainly two roles: users
and the platform. For a user in quota management problem, we
consider the following three aspects : 1) Quota is the upper limit
of resource one user could deploy and is updated by request-and-
response interaction between user and platform; 2) Deployment is
the actual deployed computing resources determined by smaller
value between user’s quota and expected deployment which is de-
termined by user’s demand; 3) Credit score is a concept originally
developed in the banking industry, which is used to provide an as-
sessment for the circumstances of lender and borrower, and reflects
the lender’s view of the likely future economic scenarios [28]. In
cloud computing quota management problem, the credit score en-
codes the historical information of both deployment and quota for
a user to evaluate the user’s tendency to adequately utilize quota.
The platform generally makes two types of decisions (actions) at

each time step: satisfaction ratio for each user as the approved pro-
portion of the requested amount and relax factor as the ratio of
the total amount of quota over the total capacity for the system,
which is usually larger than one considering that the actual total
deployment will not reach the quota at the same time for all users.

Specifically, we formulate cloud quota management problem
as a discrete-time, infinite Markov Decision Process (MDP) M =

(S,A, 𝑅,P, 𝛾), where S is a mixed state space with both discrete
and continuous components, A is a continuous action space con-
taining two kinds of sub-actions, 𝑅 is the reward function, P is the
transition probability and 𝛾 ∈ [0, 1] is the discount factor. The state
space, action space and reward function are detailed as follows:

State space S. State 𝑠𝑡 at time step 𝑡 is denoted as (r𝑡 ; c𝑡 ;d𝑡 ;
x𝑡 ;ℎ𝑡 , 𝑞𝑡 ) consisting of the request vector r𝑡 = (𝑟1𝑡 · · · 𝑟𝑁𝑡 ), credit
score vector c𝑡 = (𝑐1𝑡 · · · 𝑐𝑁𝑡 ), deployment vector d𝑡 = (𝑑1𝑡 · · ·𝑑𝑁𝑡 ),
quota vector x𝑡 = (𝑥1𝑡 · · · 𝑥𝑁𝑡 ), platform available quota ℎ𝑡 and total
capacity 𝑞𝑡 where 𝑁 is the number of users.

Action space A. Action 𝑎𝑡 at time step 𝑡 is denoted as 𝑎𝑡 =

(b𝑡 ;𝐶𝑡 ) consisting of satisfaction ratio vector b𝑡 = (𝑏1𝑡 . . . 𝑏𝑁𝑡 ) and
relax factor 𝐶𝑡 .

Reward 𝑅: At each round, the reward of quota management
agent is calculated based on the system’s allocation and users’
feedback. The reward consists of four components: system de-
ployment ratio 𝑅𝐷 , structural allocation fairness 𝑅𝐹 , deployment
confined by quota 𝑅𝐻 , allocation over available quota 𝑅𝑂 , which
can be written as weighted sum of these four components: 𝑅 =

𝑤𝐷𝑅𝐷 +𝑤𝐹𝑅𝐹 +𝑤𝐻𝑅𝐻 +𝑤𝑂𝑅𝑂 where weights𝑤𝐷 ,𝑤𝐹 ,𝑤𝐻 ,𝑤𝑂

are calibrated to balance the four components.
Specifically, 𝑅𝐷 =

∑𝑁
𝑖=1 𝑑

𝑖
𝑡/𝑞𝑡 indicates resource utilization ra-

tio where 𝑑𝑖𝑡 is deployment for 𝑖-th user, 𝑞𝑡 is total capacity. In
a cloud computing platform, resource allocation has to be fair to
attract a wide range of subscribers in order to optimize profit [11].
Usually a fairness metric should be defined as a divergence metric
indicating the deviation of current allocation from a preferred one
[11, 24]. In cloud quota management problem, we follow the prin-
ciple that a fair allocation should have matching ranks between
demand and supply for all users. Hence, structural allocation fair-
ness 𝑅𝐹 = −𝐿𝑝

(
𝑔(c𝑡 ) − 𝑔(b𝑡 )

)
− 𝐿𝑝

(
𝑔(d𝑡 ) − 𝑔(b𝑡 )

)
is defined as

divergence between satisfaction ratio and deployment where 𝑔:
R𝑁 → R𝑁 , v ↦→ v′ is rank operator extracting the rank of each ele-
ment in any vector v. In addition to deployment and fairness, there
are two malfunction cases we are concerned about. Firstly, if a user
is planning to increase deployment over current quota, the actual
deployment can only be the current quota of the user, in which
case the user’s demand is confined by current quota. This case is
considered as a penalty term in the reward because such unsatisfied
demand for deployment might degrade users’ experience and bring
potential loss for the platform. Secondly, the total allocated amount
of quota could exceed the total amount of remaining quota for
the whole platform after generating satisfaction ratio by a policy.
In this case, the actual allocated quota will be adjusted by down-
scaling the allocated quota for all users proportionally to the origi-
nal output allocation at the same time. Based on these two cases,
deployment confined by quota 𝑅𝐻 = −∑𝑁

𝑖=1max(0, (𝑑𝑖𝑡 )′ − 𝑥𝑖𝑡 )
and allocation over available quota 𝑅𝑂 = max(NAQ − PA, 0) are
defined as reward penalties to prevent agent from malfunction
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Figure 2: MASP framework with reward communication.

where (𝑑𝑖𝑡 )′ means the expected deployment for 𝑖-th user at time
step 𝑡 , PA =

∑𝑁
𝑖=1max(0, 𝑟 𝑖𝑡 · 𝑏𝑖𝑡 ) means positive allocation and

NAQ = 𝐶𝑡 · 𝑞𝑡 −
∑𝑁
𝑖=1min(0, 𝑟 𝑖𝑡 · 𝑏𝑖𝑡 ) means next available quota.

With the preliminary notations shown above, the goal of solving
cloud quota management problem is to learn a quota management
policy 𝜋 : S → A, 𝑠 ↦→ 𝑎 given MDPM = (S,A, 𝑅,P, 𝛾) by max-
imizing the expected discounted cumulative reward E

(∑∞
𝑖=1 𝛾

𝑖𝑅
)
.

According to the application scenario of platform-level quota man-
agement, the performance of quota management policy is evaluated
on deployment ratio (DR) and allocation fairness (AF).

3.2 Multi-Agent with Shared Policy and Reward
Communication

For cloud quota management problem, we break the original MDP
M = (S,A, 𝑅,P, 𝛾) into MDP M1 = (S1,A1, 𝑅1,P1, 𝛾) with
global information to make decision on the relax factor and MDP
M2 = (S2,A2, 𝑅2,P2, 𝛾) with local information to make decision
on the user-level satisfaction ratio. This paradigm resolves the
heterogeneity of original action space A by separating different
actions. Moreover, for all the users we use a shared policy to ensure
the consistency of the quota allocation mechanism among different
users. This design could mitigate the dimension explosion problem
incurred by original action space A.

In previous works, multi-agent system with cooperation mecha-
nism has been investigated in [16, 18, 27]. However, most of them
focus on the design of state communication instead of reward com-
munication. Under the multi-agent with shared policy paradigm,
the original reward 𝑅 is split into two rewards 𝑅1 and 𝑅2 where
𝑅1 contains allocation fairness and 𝑅2 contains deployment ratio.
Based on this architecture, we propose a reward-communication
mechanism with two hyperparameters 𝛼1 and 𝛼2: 𝑅′1 = 𝑅1 + 𝛼1𝑅2
and 𝑅′2 = 𝑅2 + 𝛼2𝑅1 where 𝑅′1 and 𝑅

′
2 are modified rewards in order

to achieve the arbitrary control and customization of training pro-
cess in reinforcement learning. This communication mechanism
aims to achieve balance between system efficiency and fairness.
Instead of picking primary and auxiliary scalers empirically, we
propose an adaptive weighting method to automatically adjust
primary and auxiliary scalers during the training process. The
adaptive weighting technique consists of two steps: 1) update de-
ployment ratio momentum𝑚1 and allocation fairness momentum
𝑚2 by𝑚

(𝑖 )
𝑡 = 1 − DR𝑡/DR𝑡−1 where 𝑖 = 1, 2 where 𝑡 denotes the

training epoch; 2) update hyperparameters 𝛼 (𝑖 )
𝑡 = 𝛼

(𝑖 )
𝑡−1 + 𝛽𝑚

(𝑖 )
𝑡−1

where 𝑖 = 1, 2 and 𝛽 is a constant.

Summing up all techniques aforementioned, we propose the
MASP framework with reward communication, as illustrated in
Figure 2. The training of MASP is elaborated in Algorithm 1. The
factor policy 𝜋1 and allocation policy 𝜋2 are trained using Actor
Critic methods. K-Nearest Neighbor (KNN) method is applied to
construct user-level state 𝑠𝑖2 ∈ S2 by extracting information of 𝑖-th
user and its neighborhood from state 𝑠1 ∈ S1.

Algorithm 1 MASP training
Input: initial factor policy and allocation policy, Q-functions and
empty replay buffers D1,D2
1: Reset cloud environment at state 𝑠1.
2: Extract sub-states {𝑠𝑖2}

𝑁
𝑖=1 from state 𝑠1.

3: repeat
4: Compute relax factor 𝑎1 and satisfaction ratios 𝑎𝑖2.
5: Compute rewards 𝑅1 and 𝑅2 (average over users).
6: Obtain 𝑅′1 and 𝑅

′
2 by reward communication.

7: Augment state 𝑠1 with satisfaction ratios.
8: Transit into next state and extract sub-states.
9: Append replay buffers D1 and D2.
10: if it is time to update then
11: Update policies and Q functions.
12: end if
13: until convergence

4 EXPERIMENTAL EVALUATION
4.1 Experimental Setup
The experiments are conducted on three Linux servers with 6 cores,
110G memory and a Tesla P100 GPU. We model user’s behavior
by probability distributions in the cloud simulation environment
and the distribution parameters of users are set up by fitting data
traces, which are collected from a group of first-party users of
cloud computing in Microsoft. Each model used in this section is
trained up to two million interactions with the environment and
evaluation of each policy is conducted using ten random seeds to
ensure statistical significance. For the comparison between different
policies, we focus on two evaluation metrics: deployment ratio
DR = 1

𝑇

∑𝑇
𝑡=1 𝑅𝐷 and allocation fairness AF = 1

𝑇

∑𝑇
𝑡=1 𝑅𝐹 .

4.2 Baselines
The baselines used in the experiments include: random, fixed, greedy,
DDPG [14] and SAC [8]. Actions made by random policy is uni-
formly distributed over the whole action space independent of the
state. Likewise, actions made by fixed policy is constant indepen-
dent of the state. The greedy policy generates actions matching
perfectly with the incoming deployment of users while other policy
doesn’t have the exact information of incoming deployment for
decision making. Hence, greedy policy is expected to have preemi-
nent performance on deployment ratio and could be regarded as the
approximate upper bound for other methods on the performance
of DR. The single-agent methods DDPG and SAC optimize the orig-
inal MDP M directly without multi-agent paradigm and reward
communication.



WWW ’23 Companion, April 30-May 4, 2023, Austin, TX, USA Tong et al.

Policy DR AF

random 0.43±0.07 -866.58±10.21
fixed 0.50±0.06 -892.86±5.65
greedy 0.87±0.05 -986.13±22.58
DDPG 0.50±0.05 -882.54±9.12
SAC 0.25±0.02 -816.08±17.99
MASP-DDPG 0.83±0.03 -374.36±2.84
MASP-SAC 0.79±0.03 -385.36±3.57

Table 1: Performance evaluation by different policies on de-
ployment ratio (DR) and allocation fairness (AF).

4.3 Experimental Results
In this section, we verify the effectiveness of MASP framework
for cloud quota management problem by addressing two research
questions:

• RQ1: how much does MASP improve performance on both
efficiency and fairness?

In order to investigate the performance of multi-agent para-
digm and shared policy technique, we implement both multi-agent
paradigms combined with DDPG (MASP-DDPG) and SAC (MASP-
SAC) respectively. The results of comprehensive performance evalu-
ation are listed in Table 1 where we highlight the best performance
on DR and AF respectively. The performances on DR of MASP-
DDPG and MASP-SAC are significantly higher than naive policies
(random, fixed) and single-agent policies (DDPG, SAC). Besides,
the performances on DR of MASP-DDPG and MASP-SAC are al-
most equal to the greedy policy, indicating approximate optimality.
Furthermore, MASP methods outperform other baselines on AF
dominantly.

• RQ2: how much does adaptive reward communication im-
prove performance on both efficiency and fairness?

We observe that setting the hyperparameters 𝛼1 and 𝛼2 might
not be easy without any domain knowledge. According to evalua-
tion results in Table 2, the performance on deployment ratio and
allocation fairness are sensitive to the choice of hyperparameters
𝛼1 and 𝛼2. Inappropriate choices may undermine the performance
of MASP framework. By applying the adaptive weighting method,
MASP-DDPG and MASP-SAC improve further deployment ratio
and allocation fairness over default setting (𝛼1, 𝛼2) = (1, 1) while
arbitrary settings fail to do so. Although AF (DDPG) of the setting
(5, 1) and AF (SAC) of setting (1, 10) in Table 2 are higher than
adaptive weighting method, they perform poorly on DR.

5 APPLICATION IN PRACTICE
In the internal first-party cloud computing platform of Microsoft,
a number of internal service teams are deploying their workload.
Their deployment is restricted according to the approved quota of
each team. The proposed quota management framework based on
reinforcement learning has been applied to such a cloud comput-
ing platform to replace the human labor of checking each quota
request and make decisions based on domain knowledge. After the
deployment, there’s a significant drop in the amount of “applied

𝛼1 𝛼2 DR(DDPG) AF(DDPG) DR(SAC) AF (SAC)

1 1 0.83±0.03 -374.36±2.84 0.79±0.03 -385.36±3.57
5 1 0.10±0.01 -352.22±4.08 0.51±0.04 -385.48±2.62
10 1 0.16±0.02 -373.93±6.04 0.43±0.07 -375.33±4.15
15 1 0.25±0.02 -377.36±5.95 0.41±0.03 -371.12±6.06
20 1 0.44±0.04 -365.59±5.23 0.80±0.04 -391.42±3.51
1 5 0.30±0.01 -363.95±4.14 0.79±0.02 -382.26±3.78
1 10 0.33±0.02 -366.39±5.03 0.31±0.04 -364.73±2.95
1 15 0.27±0.02 -361.48±6.34 0.40±0.04 -373.97±3.62
1 20 0.42±0.03 -371.09±4.92 0.45±0.04 -378.99±1.67
adaptive0.84±0.02 -363.11±5.77 0.82±0.02 -374.17±3.16
Table 2: Performance evaluation by MASP-DDPG and MASP-
SAC with different reward communication hyperparameter
settings.

but not deployed” quota, as service teams are encouraged to apply
for quota only when necessary in such a system.

6 RELATEDWORK
Generally, previous works relating to quota management problem
can be categorized into three groups. The first group consists of
methods for general resource allocation problem [3, 7, 12, 13, 19, 32].
These works mainly focus on traditional methods like solving min-
max problem or bipartitematching problemwithout considering the
properties of cloud computing platform. The second group focuses
on either resource allocation problem or VM provisioning problem
in cloud computing platforms [2, 4, 9, 10, 17, 22, 26, 29–31]. Game
theoretic approach and integer linear programming method are
used to obtain an optimal resource allocation plan. However, these
works are not applicable if dynamics of system are changing over
time. The third group applies reinforcement learning technique in
the resource allocation problem [1, 5, 15, 20], including Q-learning
and hierarchical framework. Even though reinforcement learning
algorithm could mitigate the problem incurred by shifting dynamic,
these works fail to include both allocation fairness and properties
of cloud computing platform.

7 CONCLUSION
In this paper, we propose an efficient reinforcement learning frame-
work called MASP with reward communication mechanism for
cloud quotamanagement problem. The proposedmulti-agentmethod
with shared policy can lower the learning barrier induced by het-
erogeneous action space and mitigate the curse of dimensionality
of action space in cloud quota management problem. Moreover,
the reward communication mechanism enables MASP to balance
the relative priority among multiple objectives and to achieve a
great trade-off between efficiency and fairness. We evaluate the
framework over three different kinds of competitors on a cloud
simulation environment, parameterized by data traces collected
from internal first-party cloud computing users in Microsoft. Exper-
imental results show that the proposed MASP method can perform
better on both efficiency and fairness metrics and is adaptable for
efficiency and fairness trade-off by applying reward communication
mechanism.
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