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Abstract—Cloud gaming has been very popular in recent years, but issues relating to maintaining low interaction delay to guarantee

satisfactory user experience are still prevalent. We observe that the server-side processing delay in cloud gaming system could be

heavily influenced by how the resources are partitioned among processes. However, finding the optimal partitioning policy that

minimizes the response delay faces several critical challenges. First, fine-grained resource partitioning is non-trivial due to the

limitations of hardwre-based resource isolation techniques. Second, game wokload is highly dynamic and unpredictable, making the

design of efficient resource partitioning policy more challenging. In this article, we propose an online resource partitioning framework for

reducing response delay in cloud gaming, which has several promising properties. First, we divide the processes into disjoint groups

and partition resources among process groups, which greatly simplifies the resource partitioning problem while ensuring high

partitioning effectiveness. Second, to tackle dynamic workload changes, we classify game workloads into several clusters and maintain

separate process grouping plan for each cluster. Third, we leverage reinforcement learning to adaptively choose the best actions for

minimizing response delay in real time. We evaluate the proposed framework in a real cloud gaming environment using several real

games. The experimental results show that our approach can reduce the response delay by 22 to 41 percent compared to a system

without resource partitioning, and outperforms other resource partitioning policies significantly.

Index Terms—Cloud gaming, interactive delay, resource partitioning, machine learning, reinforcement learning
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1 INTRODUCTION

CLOUD gaming has received a lot of attentions from both
academia and industry in recent years [1], [2], [3], [4].

The basic idea of cloud gaming is to run the game on the
cloud server and stream the video of gameplay to the
remote player, while the player sends the input actions over
the network to the cloud server. Compared to the traditional
console gaming, this approach provides several advantages,
including running the game directly without download-
ing and installing, and on a wider range of devices (such as
tablets and mobile phones) due to lower hardware
requirements.

It is well-known that game players are very sensitive to
interaction delay. The interaction delay in cloud gaming
includes the network delay (network round-trip latency),
server-side response delay (refers to the delay between
when the user input is received by the server and when the

corresponding game screen is sent out from the server,
which is the sum of the delays for game rendering, video
encoding and transmission etc), and the client side playout
delay (for video decoding and displaying). According to
previous studies [5], the server-side response delay usually
dominates the interaction delay in cloud gaming. This is
because the main workload is processed at cloud server
side. Many existing works have tried to reduce response
delay in cloud gaming, e.g., through reducing the video
encoding time [6], [7], speculating rendering frames [8] or
adaptively streaming the game videos [9], [10]. However,
none of them considers the impact of resource partitioning.

Cloud gaming system (particularly referring to the server
side) is composed of a set of processes. If resources such as
CPU cores and Last Level Cache (LLC) are fully shared
among processes, there will be contention over the shared
resources, which will slow down game rendering, video
encoding or transmission, and thus increase the response
delay. Some process may have a high demand for resources,
but the benefit that the process gets from the resources may
not directly correlate with this demand. For example, video
streaming generally consumes a lot of cache space, but the
cached data only saves a little amount of processing time
because they are unlikely to be reused again. Therefore, it
makes sense to reduce the response delay through correctly
partitioning the resources among processes in cloud gaming.

Our preliminary studies (see the experimental results in
Section 2) show that the benefit of resource partitioning on
response delay reduction could be significant. Partitioning
cache alone can reduce the response delay by up to 30 percent
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compared to fully-sharing the cache. However, despite its
advantages, resource partitioning for delay reduction in cloud
gaming faces critical challenges.

First, some resources can only be coarsely partitioned
due to hardware limitation. For example, the LLC can only
be partitioned at cache way granularity for Intel’s CPUs.
With this limitation, the policy of complete-isolation (i.e.,
partitioning the cache into isolated parts and allocating each
process a separate part) might be sub-optimal, because the
expected cache allocation for a process may not precisely
align with the cache way size. Therefore, more effective par-
titioning policy should be investigated.

Second, as multiple resources can be partitioned, the
number of possible partitions over all resources is likely to
be substantial. To find the optimal resource partition, test-
ing all possible partitions in a real system is impractical.
Therefore, we require a mechanism to estimate the perfor-
mance (in terms of response reduction) of any given parti-
tion. However, it is very challenging to build a performance
model due to the complex interactions and resource conten-
tion behaviors among processes.

Third, game scenes would vary over time, leading to
dynamic workload of processes. Different workloads may
require different partitions for achieving minimal response
delay. However, the change of game workload is fast-paced
and unpredictable, and re-computing the optimal partition
for each workload change is impractical. Therefore, a
dynamic and adaptive partitioning strategy is required.

The resource partitioning issue has been extensively
studied for improving system performance for general
applications. However, none of them can address all of the
previously mentioned challenges in cloud gaming. For
example, DCAPS [11], EMBA [12], KPart [13] and
Hypart [14] only considers one type of resource, [15], [16]
assume the workloads of applications are static, [17] only
considers the complete-isolation policy which is not effec-
tive, Heracles [18], PARTIES [19], CoPart [20] and Qua-
sar [21] can only be applied in limited scenarios because
they lack precise performance models to quantify perfor-
mance interference.

In this paper, we present a framework that enables effi-
cient and adaptive resource partitioning for reducing the
server-side response delay in cloud gaming. The proposed
framework has several promising features which ade-
quately address the previously-mentioned challenges. To
sidestep the deficiency caused by the hardware limitation,
we divide the processes into disjoint groups and partition
the resources among groups. This mechanism can ensure
high partitioning effectiveness while greatly simplifies the
resource partitioning problem. To search the optimal pro-
cess groups, we build a performance model by employing
machine learning technology, which is able to capture the
complex relationships between resource partition and sys-
tem performance. Our framework deals with dynamic
workload changes from two perspectives. First, we classify
game workloads into several clusters and maintain separate
process grouping plan for each cluster, so that different
workloads can have different grouping plans. Second, we
leverage reinforcement learning to adaptively adjust
resource partitioning in an online manner. The crafted
designed reinforcement learning model is able to learn the

impact of various resource partitioning adjustment actions
on system performance, and automatically selects the best
adjustment action that minimizes the response delay
according to real time workload.

We validate the proposed framework in a real cloud
gaming environment using real games of different genres.
The experimental results show that the proposed frame-
work can reduce the response delay by 22 to 41 percent
compared to a system without resource partitioning, and
also outperforms other state-of-the-art partitioning policies
significantly. To the best of our knowledge, this is the first
work to optimize response delay in cloud gaming through
resource partitioning.

This paper extends from our preliminary work [22], with
significant improvements which include:

� We classify game workloads into several clusters
and maintain separate process grouping plan for
each cluster, which is more adaptive to dynamic
workload changes.

� We improve the performance model by adding game
workload into the input features, which is able to
predict the performance of a game under specific
resource partition and game workload.

� We improve the Q-Learning model by using neural
networks to replace Q-Tables, which is more effec-
tive to distinguish the continuous system states such
as game workload.

� We compare the proposed framework with more
state-of-the-art alternatives. More observations and
discussions about the experimental results have
been made.

� We add a comprehensive summary of the related
works.

The remainder of this paper is organized as follows. Sec-
tion 2 illustrates the motivation of this work. The proposed
framework is proposed in Section 3. Section 4 presents the
experimental evaluations. The related work is summarized
in Section 5. Finally, conclusions are made and future work
is discussed in Section 6.

2 MOTIVATION

In this section, we present the motivation of this work. First,
we will show in Section 2.1 that resource partitioning could
have significant impact on the response delay of cloud gam-
ing and existing resource partitioning solutions are ineffi-
cient. Second, we will discuss the challenges of designing
efficient resource partitioning policy in cloud gaming.

2.1 Impact of Resource Partitioning

We first show by some preliminary experiments that how
resource partitioning could affect the responsiveness of
cloud gaming.

The experiments are performed in a real cloud gaming
environment, built on the open source platform GamingA-
nywhere [1] (see more details in Section 4.1). We run the
game Nexuiz in the system and partition the LLC of the
server among seven major processes (nexuiz, server,
video, audio, xorg, rtsp and compiz) in the system.
The server where the system is running has 10 MB LLC and
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the LLC is partitioned with 1 MB granularity (the size of
cache way) using Intel’s CAT technology [23]. We let the
game stay in a fixed game scene (which generates a stable
game workload) and measure the server side response
delay (using the approach proposed in [5]) under three dif-
ferent partitioning policies:

Fully-Sharing. This policy assumes the entire LLC is
shared among all the processes, namely, no partitioning is
considered. Therefore, the processes freely compete for the
LLC according to their demands, which may lead to ineffi-
cient allocation because the LLC demands are not necessar-
ily correlated with the response delay. In this experiment,
the fully-sharing policy incurs a response delay of 84 ms.

Complete-Isolation. In this policy, the LLC is divided into
isolated parts, and each process is allocated a separate part.
The impact of LLC contention can be eliminated by resource
isolation. However, since the hardware does not support
fine-grained partitions for the LLC, complete-isolation may
downgrade the effectiveness of partitioning. Fig. 1a shows
the best complete-isolation plan (i.e., the plan that incurs
the minimum response delay among all complete-isolation
plans), which incurs a response delay of 103 ms, even higher
than that with fully-sharing.

Partially-Sharing. This policy allows each cache way to be
shared by more than one process, which is more flexible
than complete-isolation. In this manner, when a process
does not need an entire cache way, it can share the cache
way with other processes so that the LLC can be utilized
more efficiently. Fig. 1b shows a partially-sharing plan,
which incurs a response delay of 56 ms (much lower than
that with fully-sharing). The problem of partially-sharing is
that it will lead to complex sharing relationships and con-
tention behaviors among processes, which makes finding
an optimal partitioning solution challenging.

From the above experiments we draw two conclusions:
(1) resource partitioning could significantly reduce the
response delay compared to fully-sharing; and (2) the poli-
cies of complete-isolation and partially-sharing are both not
suitable for resource partitioning in cloud gaming, and
more efficient policy is desired.

2.2 Challenges

We next discuss the challenges of designing efficient
resource partitioning policy in cloud gaming.

Challenge I. Fine-grained resource partitioning is non-trivial
due to the limitations of hardware-based resource isolation
techniques.

Resource partitioning is generally powered by the
resource isolation techniques. Earlier studies on resource
isolation techniques are mostly software-based, e.g., the
page coloring technique for isolating LLC. Such techniques
typically require modifications to the operating system or
kernel, which incur large performance overhead. Recent
commodity servers have provided hardware support for
resource isolation, e.g., Intel provides Cache Allocation
Technology (CAT) [23] in their Xeon E5 server processors.
Compared to the software-based solutions, the hardware-
based approaches have much less overhead and are more
widely used in practice.

However, implementing a fine-grained resource parti-
tioning is very challenging due to the intrinsic limitations of
the hardware-based resource isolation techniques. For
example, Intel’s CAT partitions the LLC at a granularity of
cache way, which may be too coarse-grained, since the
desired cache capacity of a process may not be exactly an
integer multiple of the cache way size. In order to achieve a
fine-grained partition, the cache ways have to be partially
shared across the colocated processes (as shown in Fig. 1b).
However, this will cause two important problems.

First, this would significantly increase the difficulty of a
precise control of the LLC allocation, because the amortized
cache capacity of a process is not only dependent on the par-
titioning scheme, but also affected by the resource conten-
tion over the shared cache ways. Second, the number of
potential partitions would be greatly increased. Consider a
group of N processes running on a server with L cache
ways. The number of possible LLC partitions among the
processes will be ðLðLþ 1Þ=2ÞN , which is up to Oð1016Þ for
N ¼ 8 and L ¼ 10.1 Finding the optimal partition in such a
huge solution space would be very challenging.

Challenge II. Game workload is highly dynamic and unpre-
dictable, making the design of efficient resource partitioning policy
challenging.

To show the workload changes, we play the game Nexuiz
for 50 minutes, where all the resources are fully shared
among the processes. The top of Fig. 2 shows the response
delays (measured in every 20 seconds) during the running
period. It can be seen that the response delay varies greatly
and no regular patterns are observed.

Further, we choose three different game scenes. For
each game scene, we generate a ”good” LLC partition,
which incurs much lower response delay compared to
fully-sharing. We run the game in each game scene under
the three ”good” partitions, and measure the response
delay under each case. The bottom of Fig. 2 presents the
results. As can be seen, the partition that is good for one
game scene may not be good for other game scenes. For
example, using partition 1 is good for game scene 1, but
not good for game scene 3.

The above experiments imply that a static partition is
deficient for cloud gaming, motivating us to design adap-
tive and robust online resource partitioning strategy.

Fig. 1. (a) Complete-isolation, with a response delay of 103 ms; (b) Par-
tially-sharing, with a response delay of 56 ms.

1. Intel’s CAT requires the cache ways allocated to a process to be
continuous.
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3 THE PROPOSED FRAMEWORK

In this section, we present the details of the proposed
resource partitioning framework. Section 3.1 gives an over-
view of the system design, and the following sections pres-
ent the detailed procedures. The overhead of the proposed
solution is analyzed in Section 3.5.

3.1 Overview

The overview of our framework is shown in Fig. 3, which
has offline phase and online phase. The offline phase takes
charge of training the model, which can further be divided
into three procedures: workload clustering, process grouping
and adaptive partitioning. Based on the well-trained model,
the online phase adaptively partitions the resources in real
time.

To address Challenge I, the processes are divided into sev-
eral disjoint groups and the resources are partitioned
among the groups. Each group is allocated dedicated
resources which are shared by the processes in the same
group. This mechanism has two benefits: first, compared to
partially-sharing, the partitioning problem is greatly simpli-
fied because resources are only isolated among groups; sec-
ond, the resource with coarse partitioning granularity can
be partitioned in more fine-grained manner, because it
allows the processes in the same group to share the
resource.

As mentioned in Challenge II, game workloads are highly
dynamic and unpredictable. We address this issue from
two perspectives. First, we classify game workloads into
several clusters, where the game workloads in the same
cluster are similar and share the same process grouping
plan. This mechanism can bring two benefits: (1) sharing
process grouping plan among game workloads reduces the
overhead for frequent adjustment of the grouping plan; (2)
maintaining different grouping plans for different clusters
ensures the adaptivity to dynamic workload changes.

Second, we leverage reinforcement learning (deep Q-
Learning) to implement adaptive resource partitioning. The
reinforcement learning model is trained offline, and the
well-trained model is used online to adaptively adjust
resource partition according to real-time system states.

3.2 Workload Clustering

As game workload varies dynamically, the optimal process
grouping plan may be different for different game work-
loads. Deriving the optimal grouping plan for eachworkload
is infeasible, because: (1) computational overhead is large
since game workloads could be highly diverse; (2) frequent
adjustment of grouping plan may cause negative effects on
performance (e.g., if we move a process from one group to
another, the process needs to switch from the cache ways
allocated to the original group to those allocated to the target
group, whichwould lead tomany cachemisses in this proce-
dure and thus increase the response delay).

To address this issue, we classify game workloads into
clusters and maintain separate grouping plan for each clus-
ter. Since games consume both CPU and GPU resources, we
use three commonly used metrics to characterize game
workload: CPU utilization, GPU utilization and PCIe band-
width utilization. Specifically, the workload of a game run-
ning at game scene s is represented by the vector

ws ¼ ½CUs;GUs; PBs�; (1)

where CUs, GUs and PBs denote the CPU utilization, GPU
utilization and PCIe bandwidth utilization of the server that
the game is running on.

Based on the above representation, we aim to classify the
possible workloads of a game into a number of clusters,
such that the game workloads in the same cluster are simi-
lar. We use the popular clustering algorithm k-means,
where the number of clusters is determined by the G-means
algorithm proposed in [24]. Algorithm 1 shows the details.

Consider a specific game. Let W ¼ fwg denote the set of
game workloads to be clustered. The algorithm starts with a
single center (i.e., fwg), and grows the number of centers
iteratively. In each iteration, for those clusters whose data-
points appear not to follow a Gaussian distribution
(checked by a statistical test [24]), the algorithm splits each
cluster into two clusters. Between each round of splitting,
the algorithm runs k-means on the entire dataset to refine
the current solution. When the algorithm terminates, the
centers of the clusters (i.e., set C) are determined.

It is worth noting that the number of game scenes could
be substantial, so profiling the workloads for all game
scenes is impossible. In the practical implementation, we

Fig. 3. Overview design of the proposed framework.

Fig. 2. The top: Response delay of game Nexuiz over the running period
(straight solid line represents the mean). The bottom: Response delay of
game Nexuiz under different partitions.
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just sample a subset of game scenes to construct the set W .
For a game workload not included in W (i.e., the corre-
sponding game scene is not sampled), we simply classify
the workload into the cluster whose center is closest.

3.3 Process Grouping

After the workload clusters are determined, we next show
how to find the optimal process grouping plan for each clus-
ter such that the response delay can be minimized.

Since the number of possible grouping plans could be
substantial, it is impractical to test all of them in real system.
Instead, we use a more efficient approach, which uses a per-
formance model to estimate the performance of grouping
plans and search a sub-optimal grouping plan using a heu-
ristic algorithm.

3.3.1 Machine Learning-Based Performance Model

Building a precise performance model is very challenging
since the performance (i.e., response delay) is determined
by many factors together, including the grouping plan,
resource partition, resource contention and game workload.
To address this issue, we leverage machine learning
techniques.

Machine learning is good at capturing complex relation-
ships and has been widely used in various scenarios for pre-
diction. Training a machine learning model generally
requires a large number of samples collected from real sys-
tem. However, measuring the response delay in cloud gam-
ing is very difficult [5]. We observe that the response delay
has a strong linear correlation with the processes’ IPCs
(Instructions Per Cycle, a metric indicating the execution
speed of a process). Intuitively, the execution speed of the
processes is proportional to the IPCs, while the response
delay is basically inversely proportional to the execution
speed of the processes (higher execution speed will lead to
lower response delay, and vice versa). So, there is a linear
relationship between the response delay and IPCs. Specifi-
cally, let P denotes the set of processes (for running the
game, video encoding and video transmission etc) in the
cloud server, the response delay can be represented by

X
p2P

ap � IPCp þ b; (2)

where IPCp is the IPC of process p, ap is the coefficient asso-
ciated with p and b is a constant (the validation is presented
in Section 4). Based on this observation, instead of predict-
ing the response delay directly, we use the machine learning
model to predict the IPCs of processes, and then use the lin-
ear model defined in (2) to approximate the response delay
according to the IPCs. Since the IPCs are very easy to collect,
this technique significantly reduces the overhead for collect-
ing the training samples.

The machine learning model is defined as follows: the
input features include the members of a group (i.e., the pro-
cesses belonging to a group), the amount of resources allo-
cated to the group and the current game workload, while
the output is the weighted sum of the IPCs of the processes
in this group. Consider a process group G. The weighted
sum of the IPCs for G, which we call W-IPC of group G, is
defined as WIPCG ¼

P
p2G ap � IPCp (ap has the same mean-

ing as in (2)).
Let R denote the set of resources that can be partitioned

in the cloud server. We index the processes in P from 1 to
jP j, and the resources in R from 1 to jRj. The members of
group G is denoted by a 0-1 vector XG, where the jth ele-
ment indicates whether the jth process in P is in group G (1
indicates yes and 0 indicates no). The amount of resources
allocated to group G is denoted by a vector YG, where the
jth element denotes the amount of resource j in R that has
been allocated to group G.

Denote by w the current game workload. The machine
learning model for predicting the W-IPC of G can be repre-
sented by

gWIPCG ¼ MLðXG; YG; wÞ; (3)

where gWIPCG is the output of the prediction fromW-IPC of
the group G. With the prediction model, given a partition-
ing plan, the W-IPC of each process group under a specific
game workload can be predicted and the response delay
can be estimated according to (2) accordingly.

3.3.2 Finding the Optimal Grouping Plan

Consider a workload cluster c. Let Wc denote the workloads
belonging to c. Given a process grouping plan P , let dwP
denote the response delay achieved by P under game work-
load w, which refers to the minimum achievable response
delay under all possible resource partitions. We define the
response delay of grouping plan P for cluster c as the aver-
age response delay achieved by P under all workloads in
Wc. The optimal grouping plan refers to the plan that
achieves the lowest response delay.

Since a brute-force search for the optimal grouping plan
is expensive, we use a heuristic algorithm to find a near
optimal solution. The details are presented in Algorithm 2.
Initially, we put all the processes in the same group and
allocate all the resources to the group (lines 3–6). After that,
in each loop, we attempt to split one group (the largest
group that can be split) into two groups. To split a group G,
we first create an empty group G0 (line 9). Then, we try to
shift the processes one by one from G to G0 (lines 10-14). A
shift is only accepted if the response delay after shifting (the
minimum achievable delay by realocating the resources of
G (i.e., YG) among G and G0) is smaller than that before

Algorithm 1. Game Workload Clustering Algorithm

1: Input:W ¼ fwg (the set of game workloads)
2: Output: C (the set of clusters, represented by their

centers)
3: Initialize C by fwg
4: repeat
5: C  k-meansðC;WÞ
6: for each cluster center c 2 C do
7: Wc  the set of workloads assigned to the center c
8: if the datapoints inWc do not follow a Gaussian

distribution then
9: replace cwith two centers
10: end if
11: end for
12: until no more centers are added.
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shifting. The response delay under a specific grouping plan
and resource allocation refers to the average response delay
for all game workloads in Wc, which is obtained according
to the prediction model defined by (3). After the splitting
procedure, we reallocate the resources of G among G and
G0 such that the response delay is minimized (lines 15-18). If
G cannot be split (i.e., G0 is empty), we mark it and never
consider G again. The algorithm terminates until no group
can be split.

Algorithm 2. Process Grouping for Workload Cluster c

1: Input: the set of all processes, denoted by P
2: Output: the set of process groups, denoted by S
3: S  fPg /*put all processes into one group*/
4: Ci  total amount of the ith resource, 1 � i � jRj
5: YP  ½C1; C2; . . . ; CjRj� /*allocate all resources to P */
6: while S 6¼ ; do
7: G the largest group in S that can be split
8: d response delay under current grouping plan and

resource allocation
9: G0  ; /*create a new empty group*/
10: for each p 2 G do
11: shift p from G to G0

12: d�  the minimum achievable response delay by real-
locating YG among G and G0

13: If d� < d, do d d�, otherwise, move back p to G
14: end for
15: if G0 6¼ ; then
16: Y �  the amount of resources (in YG) should be allo-

cated to G0 for achieving the minimum response
delay

17: YG0  Y �, YG  YG � Y �

18: S  S [G0

19: else
20: Mark G as the process group that cannot be split
21: end if
22: end while

3.4 Adaptive Resource Partitioning

For each game workload cluster, after the process grouping
plan is determined, we also need to determine the resource
partition among the groups. According to Challenge II, game
workload changes are fast-paced and unpredictable, while
the optimal resource partition for different game workloads
may be different. To address this issue, we propose using a
reinforcement learning (RL) technique to implement
dynamic resource partitioning among process groups.

The RL is a type of machine learning technique that ena-
bles an agent to learn in an interactive environment by trial
and error using feedback from its own actions. It is able to
distinguish good actions without complex offline profiling,
and make immediate decisions according to real-time sys-
tem states.

Q-Learning is one of the most popular RL algorithms. In
Q-Learning, Q represents the Action-Utility function, with
the value Qðs; aÞ representing the expected reward of per-
forming action a in state s. The main idea of Q-Learning is
to learn the function Q, and use the learned function Q to
guide action selection so that the benefits are maximized. Q-
Learning uses a Q-table to store the updated Q-values.

However, the Q-table will be explosive if the system state
are continuous (such as the game workload in our case),
because the Q-table needs to store the Q-value for every sys-
tem state. To address this issue, we use Deep Q-Learning
(DQN), which uses a deep neural network (DNN) to
approximate the Q-function.

3.4.1 Model Description

As we want to partition resources among several process
groups, if we create a single agent for all groups, there
would be a large number of state-action pairs to be learned,
making the RL model unfeasible. Therefore, we adopt the
multi-agent reinforcement learning approach (MARL), and
create one agent for each group. Each agent maintains its
own Q-function (approximated by a standard fully con-
nected DNN). For each agent i, let Qiðsi; aiÞ denote the Q-
function (represented by a DNN) of agent i, where si
denotes the state of agent i, ai denotes the action of agent i.
The Q-function takes the system state and the action as
inputs, and outputs the corresponding Q-value.

State Space. According to (2), the response delay contrib-
uted by a process group G can be represented by the W-IPC
of G, i.e.,

P
p2G ap � IPCp. The response delay is determined

by both the resources allocated to group G and the current
game workload. Intuitively, less resource allocation and a
heavy game workload will lead to a large WIPCG (corre-
sponding to a large response delay), and vice versa. So, we
use hYG;WIPCGi to represent the system state of the agent
model associated with G, where YG denotes the resources
allocated to G andWIPCG denotes the W-IPC of group G.

Action Space. The actions of the agent model represent
how resource allocation is adjusted. We represent each
action by a vector of size jRj, denoted by hr1; r2; . . . ; rjRji,
where ri 2 ½�wi;þwi� is an integer referring to the adjust-
ment action for resource i (positive and negative numbers
represent allocation and deallocation respectively), and wi

is the maximum units that resource i can be adjusted in a
single step.

Reward. The reward is the motivation for the agent which
helps to distinguish between good and bad actions from a
particular state. Therefore, the reward should be able to
reflect the desired metric that we want to optimize. In our
model, we propose to use W-IPC as a motivating reward for
the agent associated with each group, implying that the
agent will work towards minimizing the response delay.

3.4.2 Joint Action Selection

Generally, Q-Learning selects the action that maximizes the
performance metric being optimized. The agent model
defined above strives to minimize the W-IPC of the associ-
ated process group, so each agent would request as many
resources as possible. However, the total amount of resour-
ces is fixed, so not all the requirements can be satisfied.
Therefore, the agents need to work collaboratively.

Brute-force search for the optimal joint action is impracti-
cal due to high complexity. Hence, we propose a heuristic
algorithm to find the near-optimal solution. Given the cur-
rent system states, the algorithm attempts to choose the joint
action that minimizes the sum of W-IPCs. Algorithm 3
presents the details. For each agent i, we represent the
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action of agent i by a vector ai ¼ hri1; ri2; . . . ; rijRji, with rij
referring to the allocation/deallocation action for resource
j. All the actions are initialized by 0, indicating that no allo-
cation/deallocation is taken. Then, the algorithm deter-
mines the actions in a greedy manner by considering each
resource independently (lines 6-18). To determine the
actions for resource k, the algorithm iterates for multiple
rounds until no action will be taken (lines 7-17). In each
round, it examines all the valid agent pairs (the total
amount of allocation/deallocation for each agent for
resource k does not exceed the limitation). For each agent
pair i; j, the algorithm computes the sum of the W-IPC of
agent i and agent j by hypothetically transferring one unit
of resource k from agent i to agent j (line 9). The W-IPC of
each agent is estimated by the associated neural network.
Among all the agent pairs, the algorithm selects the pair
achieving the minimum sum of the W-IPC, denoted by i�; j�

(line 13). If the performance becomes better (i.e., the sum of
the W-IPC is smaller than that of last round), the algorithm
accepts this action, i.e., transferring one unit of resource k
from agent i� to agent j� (line 15).

Algorithm 3. Joint Action Selection Algorithm

1: Input: N  number of agents
2: si  current state of agent i, 1 � i � N
3: Qiðsi; ai; uiÞ  Q-value of agent i by picking action a in

state s, estimated by the neural network of agent i
4: Output: ai  action of agent i, denoted by hri1; ri2; . . . ; rijRji
5: Initialize hri1; ri2; . . . ; rijRji by h0; . . .; 0i for each i from 1 to

N
6: for each k from 1 to jRj do
7: repeat
8: for each agent pair i; j such that rik < wk; r

j
k > �wk do

9: rik  rik þ 1, rjk  rjk � 1
10: di;j  Qiðsi; ai; uiÞ þQjðsj; aj; ujÞ
11: rik  rik � 1, rjk  rjk þ 1
12: end for
13: i�; j�  the agent pair i; j achieving the minimum di;j
14: if di�;j� < Qiðsi; ai; uiÞ þQjðsj; aj; ujÞ then
15: ri

�
k  ri

�
k þ 1, rj

�
k  rj

�
k � 1

16: end if
17: until no action is taken for resource k
18: end for

3.4.3 Training

For our problem, we use a popular approach named value
decomposition network (VDN) [25] to train the DNNs of
the agents (i.e., the Q-functions). Denote by Qðs; aÞ the joint
action-value function for the system, where s ¼ ðs1; . . . ; sMÞ
denotes the state of all agents (M is the number of groups)
and a ¼ ða1; . . . ; aMÞ denotes the joint action of all agents.
The VDN approach assumes that the joint action-value
function for the system can be additively decomposed into
Q-functions across agents, i.e.,

Qðs; aÞ �
XM
i¼1

Qiðsi; aiÞ: (4)

The VDN trains the DNNs of the agents collaboratively
through minimizing the following loss function

1

T

XT
t¼1

yt �Qðst; atÞ� �2
; (5)

where T is the total training iterations, yt ¼ rt þ g �
maxa0Qðstþ1; a0Þ, rt is the reward (the sum of the WIPCs at
iteration t), g is the reward discount factor.

The detailed training process is as follows. For each work-
load cluster, the resources are randomly partitioned among
the process groups at the beginning, and the parameters of
the corresponding neural network are randomly initialized.
Then,we run the game in the cloud gaming systemunder var-
ious game scenes, and periodically sample game workload.
For the sampling at iteration t, suppose the sampledworkload
belongs to cluster c, we select the joint action according to
Algorithm 3, and allocate/deallocate resources according to
the actions for process groups associated with cluster c. We
observe the rewards (rt) after the actions are performed and
update the parameters of the corresponding DNNs by per-
forming a gradient descent step on ðyt �Qðst; atÞÞ2. It isworth
noting that computingmaxa0Qðstþ1; a0Þ is difficult due to large
number of potential joint actions. To address this issue, we
use Algorithm 3 to calculate an approximate solution.
The learning process converges if all the neural networks are
well-trained.

3.4.4 Online Partitioning

After the model is learned, it can be used for online resource
partitioning. Specifically, each time a new instance of the
game starts running in the system, the learned model peri-
odically observes the real-time system states (including the
current workload and W-IPCs), and takes corresponding
actions. If the workload cluster has changed compared to
last period, we change the grouping plan to that associated
with the current workload cluster, and allocate resources
among the process groups such that the response delay is
minimized (the response delay is predicted using the per-
formance model.). Otherwise, if the workload cluster has
not changed, we keep the grouping plan unchanged and
simply take the actions computed according to Algorithm 3
to adjust the resource partition among process groups. It is
worth noting that the neural networks can also be updated
in the online phase based on the rewards observed.

3.5 Overhead

We divide the overhead of the proposed framework into
offline part and online part.

3.5.1 Offline Overhead

The offline overhead comes from workload clustering, pro-
cess grouping and model training etc. It is worth noting that
such procedures need to be done only once for a specific
game, so the offline overhead is one-short.

For workload clustering, we need to measure a set of
game scenes to construct the workload set W . Let t1 denote
the time for measuring one game scene (around few sec-
onds). The total measuring overhead will be t1jW j. Accord-
ing to the prior work [26], the running time of one iteration
in k-means for K clusters is OðKjW jÞ [26]. So, the overall
complexity of Algorithm 1 (in the manuscript) will be
OðjCjðjCj þ 1ÞIjW j=2Þ, where I is the number of total itera-
tions needed by the k-means invocations.
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For process grouping, let m denote the number of sam-
ples used for training the machine learning based perfor-
mance model. Denote by the t2 the time spent for collecting
one sample (around few seconds). The total time for collect-
ing samples will be mt2. The complexity of model training
algorithm (such as GBRT) is generally linear to the number
of samples (around few thousands) and the dimension of
input features (around few tens) [27].

In Algorithm 2, the while-loop (lines 6-22) repeats for at
most jP j rounds, because there are at most jP j groups gener-
ated. Each group contains at most jP j processes, so the for-
loop (lines 10-14) also repeats for at most jP j rounds. In
each round, for each resource i, there will be at most Ci real-
locating choices. So, for a cluster c, computing the response
delay for each grouping plan has a complexity of
OðjXcj

Q
1�i2jRj CiÞ. Therefore, the overall complexity of

Algorithm 2 is OðjP j2jXcj
Q

1�i2jRj CiÞ. Note that jP j, jRj and
Ci (1 � i � jRj) are generally not very large in practical
system.

For training the deep Q-Learning model, suppose we do
a sampling in every t3 seconds. Let M denote the total num-
ber of samplings performed until convergence. The total
time spent on model training will be Mt3. Let L denote the
number of layers of each neural network and li denote the
number of nodes in layer i. Suppose the neural network is
trained for e epochs. The complexity of the back-propaga-
tion algorithm is OðL0MeÞ, where L0 ¼ l1l2 þ l2l3 þ . . .þ
lL�1lL [28].

3.5.2 Online Overhead

In online partitioning, we only need to select the action
based on the system states according to Algorithm 3. Let NA

denote the number of agents. It is easy to see that Algorithm
3 incurs a complexity of OðjRjN2

AÞ, where jRj is the number
of resources. As jRj and NA are generally small in practical
system, the computing time of Algorithm 3 is negligible.

4 EVALUATIONS

In this section, we present the evaluations of the proposed
framework. Sections 4.1 and 4.2 summarize the experimen-
tal setup and the alternatives to be compared. The results
for workload clustering and process grouping are presented
in Sections 4.3 and 4.4 respectively. Section 4.5 summarizes
the results of the overall performance.

4.1 Experimental Setup

We evaluate the proposed framework on a popular open-
source cloud gaming platform GamingAnywhere (GA) [1].
GA consists two components: GA server (for running
games, encoding and streaming videos) and GA client (for
decoding and displaying videos, and transmitting user
commands). In our experiments, the GA server runs on a
physical machine (configured with a 8 Cores Intel i7-7700
3.4 GHz CPU, 10 MB LLC, 24 GB memory, an NVIDIA
GeForce GTX 1060 GPU and Linux OS), while the GA client
runs on a laptop. The two machines used in the experiment
are connected directly via a cable.

We consider partitioning two resources, CPU and LLC,
which are the most important resources whose partitioning
is supported by the hardware. The CPU is partitioned by

cores, while the LLC is partitioned at a granularity of cache
way (1 MB) using Intel’s CAT technology. The IPCs of pro-
cesses are measured by Intel’s perf tool. The server side
response delay in each experiment is measured using the
approach proposed in [5].

We have tested 5 real games, which are Valley, Nexuiz,
Supertux2, Alienarena and Dota2. Valley is a 3D benchmark,
Nexuiz and Alienarena are 3D First Person Shooting (FPS)
games, Supertux2 is a 2D Adventure (AVG) game, and
Dota2 is a 3D Real Time Strategy (RTS) game. Among all the
games, Valley, Nexuiz and Dota2 are more resource inten-
sive, while the other two games are relatively light
weighted. The multiplayer games such as Dota2 require
multiple participants to form a match over the network. For
such games, we let one of the participants play the game on
our server and other participants just use their own laptops.

4.2 Alternatives to Compare

We compare the proposed framework with several state-of-
the-art alternatives.

Fully-Sharing. In this strategy, all the resources are fully
shared among the processes, i.e., no resource partitioning is
considered.

Complete-Isolation. This strategy allocates each process
dedicated resources, so there is no resource sharing among
processes. In the implementation, the amount of resources
allocated to the processes are determined as follows. We
randomly choose a set of game scenes and measure the per-
formance (i.e., response delay) of all possible resource allo-
cation plans under each game scene. We choose the
resource allocation plan that minimizes the average
response delay.

Static Grouping + Static Partitioning (SGSP). Similar to our
approach, this strategy divides processes into groups and
partition resources among process groups. The process
grouping plan is determined according to the approach pre-
sented in Section 3.3, but workload clustering is not consid-
ered, i.e., this strategy maintains the same grouping plan for
all game workloads. The resource partitioning plan among
process groups is also static, which refers to the resource
partitioning plan that minimizes the average response delay
over a set of randomly selected game scenes.

Static Grouping + Dynamic Partitioning (SGDP). This strat-
egy is a preliminary version of our approach [22], which
does not consider workload clustering. It maintains a static
grouping plan, while the resource partition among process
groups is dynamically adjusted using Q-Learning.

4.3 Results for Workload Clustering

For each game, to construct the set of game workloads, we
continuously change the game scene and measure the game
workload (CPU utilization, GPU utilization and PCIe band-
width utilization) in every 20 seconds until 5,000 datapoints
are collected. After that, we run Algorithm 1 to do
clustering.

Table 1 summarizes the clusters (represented by their
centers) obtained for each game. We observe that the num-
ber of clusters is basically around 2	4, which is quite small.
We also observe that the differences between clusters could
be significant, e.g., for game Valley, the GPU utilization is
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61.2 percent for cluster 1 but only 42.6 percent for cluster 2,
confirming the significance of workload clustering.

4.4 Results for Process Grouping

4.4.1 Validation of Linear Correlation

We first validate the linear correlation between the response
delay and the IPCs of processes. For each game, we ran-
domly generate 20 partitioning plans (the number of pro-
cess groups, the members of each group and the resource
partition among groups in each partitioning plan are all ran-
domly generated). For each generated partitioning plan, we
run the game on the GA server for a period of 10 minutes.
During the running period, we measure the response delay
and the IPCs of processes in every 20 seconds. Using the
samples collected, we determine the parameters of formula
(2) via linear regression using least squares estimation.

Table 2 shows the Multiple R (a value close to 1.0 indi-
cates strong linear correlation) and the Significance F (a
value smaller than 0.01 indicates the hypothesis test for lin-
ear correlation can be accepted) obtained. As can be seen,
the Multiple R is over 0.99 and the Significant F is smaller
than 0.01 for all the games, which confirms the linear rela-
tionship between IPCs and response delay.

4.4.2 Prediction Accuracy of Machine Learning Model

We next show the prediction accuracy of the machine learn-
ing model. Given a process group, the amount of resources
allocated to the group and the current game workload, the
model predicts the W-IPC of the group.

The training samples are generated as follows. For a spe-
cific game, we randomly generate 200 process grouping
plans. For each process grouping plan, we randomly gener-
ate 10 resource partitioning schemes. For each resource par-
titioning scheme, we choose 5 different game scenes, and
run the game on the GA server under each game scene. In
each case, we measure the IPC of each process, compute the
corresponding W-IPC, and generate a training sample for
each process group.

Among the samples generated, we use 70 percent of
them (randomly selected) to train the model and the
remaining 30 percent for testing. We applied DTR (Decision
Tree Regression), GBRT (Gradient Boosted Regression
Trees), RF (Random Forest) and SVR (Support Vecor
Regression) machine learning algorithms to build the
machine learning model. Fig. 4 presents the mean predic-
tion accuracy achieved by different machine learning algo-
rithms for the tested games. The prediction accuracy is
defined as ( gWIPC -WIPC)/WIPC, whereWIPC is the actu-
ally measured value and gWIPC is the predicted value of
WIPC. As can be seen, the highest prediction accuracy is
over 98 percent for all games, indicating that the model is
able to predict the W-IPC with high precision. Finally, we
show the overall efficiency of the performance model (the
machine learning model plus the linear regression) for
response delay estimation. We randomly generate 100 pro-
cess grouping plans for each game, and 5 resource partitions
for each grouping plan. For each resource partition, we
run the game under a randomly selected game scene
and measure the server side response delay. Meanwhile,
we use the machine learning model to predict the W-
IPCs of process groups, based on which we estimate a
response delay according to (2). Denote by d the real
response delay and dp the predicted response delay for a
resource partition. We define jd� dpj=d as the prediction
error for the partition.

Fig. 5 shows the average prediction error produced by
each machine learning algorithm. It can be seen that the
smallest prediction error achieved by the algorithms ranges
from 8 to 11 percent depending on different games. As will
be shown later, using the groups produced under the guide
of the performance model, our framework achieves signifi-
cant response delay reduction compared to other partition-
ing policies, which indirectly confirms the efficiency of the
performance model.

Since GBRT achieves good performance for response
delay prediction, we adopt GBRT as the default machine
learning algorithm to train the performance model.

TABLE 1
Workload Clustering Results

Clusters (CPU Utl., GPU Utl., PCIev BW Utl.)

Valley (0.159, 0.612, 0.055), (0.159, 0.426, 0.043)
Nexuiz (0.158, 0.891, 0.080), (0.158, 0.815, 0.070)

Supertux2 (0.158, 0.214, 0.05), (0.158, 0.197, 0.060)
(0.159, 0.201, 0.090)

Alienarena (0.159, 0.245, 0.089), (0.159, 0.252, 0.010)
(0.159, 0.249, 0.056), (0.159, 0.250, 0.067)

Dota2 (0.159, 0.371, 0.052), (0.159, 0.311, 0.040)

TABLE 2
Linear Regression Results

Valley Nexuiz Supertux2 Alienarena Dota2

Multiple R 0.991 0.993 0.996 0.991 0.994
Significance F 1.4E-9 5E-11 2E-14 1.2E-16 2E-10

Fig. 4. Prediction accuracy of machine learning model.

Fig. 5. Prediction error with respect to response delay.
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4.4.3 Process Grouping Results

Based on the performance model, we run the heuristic
grouping algorithm to compute the process groups for each
game. Table 3 summarizes the grouping results. It can be
seen that the groups generated for each game may be differ-
ent, because the workloads of games are different.

4.5 Overall Performance

In this section, we show the overall performance of the pro-
posed framework compared to several state-of-the-art
alternatives.

Based on the grouping results, we build the deep Q-
Learning model for each workload cluster of each game. We
use two hidden layers for each neural network, with 128
and 64 nodes respectively. For both CPU cores and LLC, at
most 2 units of the resource can be reassigned in a single
step. The models are trained using the approach discussed
in Section 3.4.3. The learning rate and the discount factor
are fixed to 10�5 and g ¼ 0:5. We do a sampling in every 5
seconds and perform 105 iterations. To test the model, we

run each game for another 50 minutes after training. During
the testing period, we measure the real time IPCs of pro-
cesses every 10 seconds, and compute the joint action
according to Algorithm 3. We perform the actions and also
update the neural networks based on the rewards (i.e., W-
IPCs) observed.

4.5.1 Benefits Over Fully-Sharing and

Complete-Isolation

We first show the benefits of our framework over the fully-
sharing and complete-isolation policies. For fair compari-
son, we pre-record the player’s operations for each experi-
ment. Then, we run each game in a replay mode (i.e.,
reissue the recorded operations) with fully-sharing policy,
complete-isolation policy and our approach respectively.
Fig. 6 presents the response delays with different policies
during the testing period. Fig. 8 summarizes the delay
reduction ratios of our framework compared to the other
two policies. The delay reduction ratio over fully-sharing
(or complete-isolation) is defined as ðd� dtÞ=d, where d and
dt denote the response delays with fully-sharing (or com-
plete-isolation) and our framework respectively.

We have several observations from the results. First,
complete-isolation performs worst among the three policies
for all the games. This is consistent with our previous analy-
sis that complete-isolation is not effective due to coarse par-
titioning granularity. The response delays of Valley, Nexuiz
and Dota2 with complete-isolation are much higher the
other two games. We attribute this to that Valley, Nexuiz and
Dota2 are more resource intensive compared to the other
two games, whose performance tends to be more influenced
by improper resource allocation. Second, our framework
incurs the minimum response delay among the three poli-
cies. It results in an average reduction ratio from 22 to 41
percent compared to fully-sharing policy, and an average
reduction ratio from 37 to 72 percent compared to com-
plete-isolation, which confirms the effectiveness of our
approach. Third, the benefit of our framework for Supertux2
and Alienarena is less significant compared to other games.
We attribute this to that these two games do not require too
much resource, so the impact of resource contention is
insignificant.

4.5.2 Benefits Over SGSP and SGDP

We also compare our framework with SGSP (static group-
ing and static partitioning) and SGDP (static grouping and
dynamic partitioning). Fig. 7 presents the response delays
of SGSP, SGDP and our approach during the testing period.

TABLE 3
Process Grouping Results

Valley Groups

Cluster 1 {video, xorg}, {valley}, {server, audio, rtsp,
compiz}

Cluster 2 {video}, {valley, xorg}, {server, audio, rtsp,
compiz}

Nexuiz Groups
Cluster 1 {video, rtsp}, {nexuiz, xorg}, {server, audio,

compiz}
Cluster 2 {video, rtsp}, {nexuiz, audio, xorg}, {server,

compiz}

Supertux2 Groups
Cluster 1 {video, audio, xorg}, {rtsp, supertux2,

compiz}, {server}
Cluster 2 {video, audio, xorg, rtsp}, {supertux2,

compiz}, {server}
Cluster 3 {video, audio, xorg}, {rtsp, supertux2},

{server, compiz}

Alienarena Groups
Cluster 1, 2, 3 {video, alienarena}, {audio, xorg, rtsp,

compiz, server}
Cluster 4 {video, alienarena, server, xorg}, {audio,

rtsp, compiz}

Dota2 Groups
Cluster 1, 2 {video}, {server}, {dota2, audio, rtsp, xorg,

compiz}

Fig. 6. Response delays of games under different partitioning policies (straight solid lines represent the mean).
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Fig. 9 summarizes the delay reduction ratios of our frame-
work compared to the other two policies. As can be seen,
SGSP performs worst among the three policies for all the
games. Our framework reduces the response delay by 17 to
35 percent compared to SGSP. This is because SGSP keeps
the grouping plan and resource partition unchanged, which
is not able to deal with dynamic game workload changes. In
contrast, our approach maintains separate grouping plan
for each workload cluster and dynamically adjust resource
partition, which is more adaptive to workload changes.

We also observe that our framework performs slightly
better than SGDP for games Valley, Nexuiz Supertux2 and
Alienarena. The advantage is up to 8 percent in terms of
latency reduction. This is because SGDP maintains the same
grouping plan for all game workloads, while our approach
classifies game workloads into several clusters and main-
tains separate grouping plan for each cluster. Since there is
only one workload cluster for Dota2 (see Table 3), our
framework will be equivalent to SGDP. So, the results of
SGDP are not shown in Fig. 7e.

Finally, we evaluate how our framework performs for
different resource capacities of the server. We use cgroups
to control the total amount of resources that the processes
can use. We test four different resource capacity settings
ranging from small to large, and rerun the preceding experi-
ments under each setting. Fig. 10 presents the benefits of our

approach over fully-sharing for different games under dif-
ferent settings.

We observe that basically our framework achieves less
benefit for smaller resource capacity. This is because for
small resource capacity (e.g., ð2; 4Þ), each unit of resource
would be shared by multiple processes, so resource par-
titioning is more like fully-sharing. In the extreme case
where we have only one CPU core and 1 MB LLC,
resource partitioning will be equivalent to fully-sharing.
We also observe that our framework achieves the maxi-
mum benefit when the resource capacity is ð6; 8Þ for
Supertux2 and Alienarena. This is because these two
games are less resource-intensive. So, for large resource
capacity (e.g., ð8; 10Þ), the influence of resource conten-
tion is less significant and the effect of resource parti-
tioning is not so big.

4.5.3 Effectiveness of Workload Clustering

This section gives a more deep analysis of the effectiveness
of workload clustering. We first show that the game work-
load is unbalanced among different clusters, because the
workload clustering algorithm (i.e., Algorithm 1) will not
split a cluster into two sub-clusters if the sub-clusters
have similar workload. An example based on game Valley is
shown in Fig. 11. Recall that the clustering algorithm has
generated two workload clusters for Valley (see Table 1).
Denote by Cluster-1 and Cluster-2 the two clusters. Fig. 11
shows how the workload of Valley is split among the two
clusters, where the Y -axis represents the workload (refers to
GPU utilization) of Valley and the straight line represents a
rough boundary of the two clusters (the workload above
the line belongs to Cluster-1, while the workload below the
line belongs to Cluster-2). It can be seen that the GPU utili-
zation is 52	80 percent for Cluster-1 and 24	52 percent for
Cluster-2, which confirms that the workload is unbalanced
among the two clusters.

Fig. 7. Response delays of games under different partitioning policies (straight solid lines represent the mean).

Fig. 9. Response delay reduction ratios over SGSP and SGDP. Fig. 10. Impact of resource capacity.

Fig. 8. Delay reduction ratios over fully-sharing and complete-isolation.
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We next show that our proposed approach can handle such
unbalanced workload among different clusters. The core
idea of our approach is to maintain separate machine learn-
ing model for each workload cluster, and adaptively gener-
ates partitioning decision for different workload using the
corresponding machine learning model. Fig. 12 shows the
mean response delay of Valley produced by our approach
compared with some baselines. The baseline Single-C1 uses
Cluster-1’s machine learning model to guide the partition-
ing for all the workload (in both Cluster-1 and Cluster-2),
while the baseline Single-C2 works in a similar way but uses
Cluster-2’s machine learning model. We have two observa-
tions from the results. First, our approach outperforms
SGDP (the advantage is around 7 percent), which confirms
that workload clustering is necessary and the benefit is sig-
nificant. Second, Single-C1 and Single-C2 perform even
worse than SGDP, which implies that using dedicated
machine learning model for each workload cluster is impor-
tant and improper machine learning model would cause
significant performance loss. In summary, the results con-
firm that our proposed approach is effective to handle
unbalanced workload among different clusters.

5 RELATED WORK

Cloud gaming has gained more and more popularity in
recent years[3]. So far, there have been over 30 cloud gam-
ing systems released, including both commercial services
such as GeForce Now [2], and LiquidSky [4], and research-
oriented systems such as GamingAnyWhere [1] and Rhi-
zome [29]. The earlier research work on cloud gaming
mainly focuses on measuring the performance of existing
cloud gaming systems, including the response delay [5],
network traffic [30], [31] and Quality of Experience (QoE)
[32], [33] in various cloud gaming systems. These measure-
ments reveal many different characteristics of cloud gaming
compared to traditional console gaming, which provide
valuable knowledge for future studies of cloud gaming.

A lot of work has been conducted towards optimizing
cloud gaming systems, which mainly concentrates on
latency and bandwidth reduction. For example, the prior
works [6], [8] attempted to reduce the interaction delay
from various aspects, including reducing the network delay
and speeding up the video encoding. The works [9], [34]
aimed to improve the video encoding quality in cloud gam-
ing through tunning encoding parameters or using render-
ing information etc. The works [35], [36] attempted to save
bandwidth in cloud gaming by reducing the bit rate of
video streaming. However, none of the existing work con-
siders optimizing interaction delay in cloud gaming
through resource partitioning. A preliminary study on
reducing response delay in cloud gaming using RL technol-
ogy has been conducted in our prior work [22]. However,
workload clustering was not considered. This paper signifi-
cantly improves and extends the work of [22] in many
aspects.

Extensive studies have been carried out to investigate
resource partitioning policies for improving system perfor-
mance. However, none of them can perfectly solve our
problem due to various limitations. The studies [37], [38]
were mainly validated by simulation, whose results might
be far different from the behaviors of real hardwares. Pow-
ered by the hardware resource isolation techniques, DICER
[39], dCAT [40], Kpart [13], DCAPS [11], EMBA [12] design
LLC and memory bandwidth partitioning policies for
improving system performance. However, they usually
establish dedicated analytical models to estimate applica-
tion performance under specific partitioning schemes,
which rely on extensive domain knowledge and cannot eas-
ily be extended to the scenario with multiple resources. Her-
acles [18], PARTIES [19], CoPart [20], Quasar [21] strive to
partition multiple resources coordinately among colocated
applications. However, they generally lack precise perfor-
mance models to capture the complex relationship between
resource partition and application performance. Therefore,
such partitioning policies can only be applied in limited sce-
narios, e.g., CoPart [20] can only be used to improve the fair-
ness and PARTIES can only be used to ensure QoS, which
are both not applicable to minimizing response delay.

Reinforcement learning has been applied to a variety of
problem domains [17], [41], [42]. However, the scenario of
our partitioning problem is different from all of the existing
problems, and thus the proposed methodologies can not be
directly applied. Recent studies [43], [44] attempt to lever-
age general machine learning models to predict perfor-
mance interference among colocated applications.
However, resource partitioning is not considered in these
works. [17] leverages multi-agent RL approach to partition
cache among colocated applications. However, the LLC can-
not be partially shared in their problem setting, and the pro-
posed approach is evaluated by simulation.

6 CONCLUSION

In this work, we have presented an efficient and adaptive
resource partitioning framework for reducing response
delay in cloud gaming. Our framework divides the pro-
cesses into groups and partition resources among groups.
To deal with dynamic workload changes, we classify game

Fig. 12. Mean response delay produced by each approach.

Fig. 11. GPU workload of Valley over a period of 5 minutes.
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workload into several clusters and maintain separate pro-
cess grouping plan for each cluster. Moreover, we leverage
reinforcement learning technology to implement adaptive
online partitioning. We validate the proposed framework in
a real cloud gaming environment using real games. The
experimental results show that our approach reduces the
response delay by up to 41 percent compared to fully-shar-
ing, which significantly outperforms the alternative parti-
tioning policies.

There are several interesting directions for the future
work. First, the current framework needs to build a separate
Q-Learning model for each workload cluster of each game.
We wish to build a general model which can be applied to
any games. Second, this paper assumes that each cloud
server only runs one game, which may result in resource
waste. We would like to consider the scenario where multi-
ple games are colocated on one cloud server. Third, we vali-
date our framework on only one type of cloud gaming
system. We would like to evaluate it on more platforms.
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