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Abstract

We study the performance of online games played over a platform that implements gaming as a service (GaaS) in a mobile network
slice that hosts concatenated virtual network functions (VNFs) at the edge. The distributed gaming architecture is based on edge
computing facilities, whose utilization must be carefully planned and managed, so as to satisfy the stringent performance require-
ments of game applications. The game manager must consider the latency between players and edge server VNFs, the capacity
and load of edge servers, and the latency between edge servers used by interacting players. This calls for a careful choice about
the allocation of players to edge server VNFs, aiming at extremely low latency in interactions resulting from player’s commands.
We develop an analytical model, which we validate with experiments in the wild, and show that, under several combinations of
system parameters, deploying gaming VNFs at the edge can deliver better performance with respect to cloud gaming, in spite of
the complexities arising from the distribution of gaming VNFs over edge servers. Our analytical model provides a useful tool for

edge gaming systems performance prediction, thus supporting the management of GaaS applications.

Keywords: Online gaming; Gaming as a Service; Edge computing; Performance model.

1. Introduction

In the early days, video games demanded expensive special-
ized hardware consoles with advanced graphics processing ca-
pabilities. Network connections were primarily for player in-
teractions, limited to those not on the same gaming console.
Today, the landscape has shifted dramatically. People now seek
to indulge in their favorite games using their smartphones any-
time, anywhere. Games have evolved into services delivered via
ad hoc virtual network functions (VNFs), following the Gaming
as a Service (GaaS) paradigm. Game logic and video process-
ing occur within a VNF housed in a computing infrastructure,
typically a cloud data center [1]. Players transmit their game
commands to the cloud, where the VNF amalgamates them
with others’ commands to construct the video scene, which is
then encoded and streamed back to players. RTP streams via
UDP ports facilitate bidirectional communication. Addition-
ally, the game VNF in the cloud must assess the player’s con-
nection quality to determine the appropriate video quality. Con-
sequently, the player’s device is tasked solely with collecting
commands, transmitting them along with connection feedback
to the VNF, and decoding and displaying the received video
stream. However, only players with broadband access and low
latency to game VNFs can properly experience online gaming.
Hence, considering the increasing relevance of mobile gaming,
and the evolutionary trend of radio access networks (RANs), we
can expect that game VNFs will soon move from cloud to edge,
thus increasing bandwidth and reducing latency for network
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customers [2]. Hence, we propose and study a GaaS framework
built on VNFs residing on the network edge.

Processing player’s commands with a VNF residing on one
of the edge computing facilities, and generating the correspond-
ing video stream at the edge, has obvious advantages in terms
of response delay and network resource utilization. However,
one of the most relevant issues is the allocation of players to
VNFs, as players that connect to VNFs residing in different
computing facilities could experience consistency issues. Since
we cannot expect that all interacting players will connect to the
same VNEF, it will be necessary to transfer relevant commands
from one VNF to the other. VNFs serving different players will
therefore be chained to control the game. However, multimedia
rendering and streaming will remain bounded to each player’s
serving VNF and will not need to be propagated to other VNFs,
thus saving network bandwidth and making the most of edge
connectivity.

We look at the challenges arising when chaining VNFs to
build a distributed online gaming architecture, considering a
slice of a cellular network, where VNFs are hosted. When play-
ers join from distant locations, the slice management, and op-
eration (MANO) VNF must map players onto VNFs available
in the edge network it manages, considering latency between
VNFs and players, load, and processing capacity of VNFs, as
well as the latency between VNFs that serve interacting players.

Our primary contribution is the development of the first
stochastic model for the evaluation of edge gaming success
probability, i.e., the probability that player’s commands be in-
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corporated in the rendered game within a deadline compatible
with the players’ reaction time. Additional contributions are:
i) the comparison of predictions obtained with our stochastic
model with results of experiments that validate the simplifying
model assumptions; ii) the assessment of the impact of the main
system parameters on edge gaming success probability, using
data derived from measurements of real gaming platforms; iii)
a comparison of success probabilities achievable with edge or
cloud gaming approaches; iv) various approaches for optimiz-
ing the incremental allocation of incoming groups of concurrent
gamers to edge servers, enhancing performance.

2. Related work

The concept of cloud gaming emerged around 2009 and
brought to the online gaming domain the streaming technolo-
gies that Spotify and Netflix introduced in music and video do-
mains about a decade earlier. However, cloud gaming designers
soon realized that the quality of experience (QoE) requirements
for online gaming are quite different from those for music and
video.

This led the ITU (International Telecommunications Union)
Study Group 12, focusing on Performance, QoS and QoE [3]
to work on the identification of factors that influence online
gaming QoE and on approaches to predict, plan, and manage
QoE [4].

Building on this initial activity, ITU SG 12 produced three
recommendations: G.1032, P.809, and G.1072 [5, 6, 7]. Rec-
ommendation G.1032 identifies factors that influence cloud
gaming QoE, while Recommendation P.809 identifies ap-
proaches for subjective evaluation of gaming QoE. Finally,
Recommendation G.1072 describes QoE models for cloud
gaming, accounting for the effect of underlying networks.

Our work goes in the direction of Recommendation G.1072,
except we develop a probabilistic approach for the estimation
of the gaming QoS (which is not present in G.1072).

In [8] the authors define a methodology for the assessment of
the user-perceived quality of cloud gaming systems and conduct
extensive experiments. Other recent papers report measure-
ment studies of cloud gaming applications [9, 10, 11, 12], and
the very recent paper [13] looks at the specific case of gamers
connected through a cellular network. These works identify
the main network characteristics of cloud gaming and look at
achievable QoS metrics, from which they infer the most rel-
evant drivers of user’s QoE. Measurements reported in these
studies determined the choice of parameters we use later in this
paper for the performance analysis of edge gaming.

It is interesting to note that all the above-mentioned works
consider cloud gaming systems, i.e., systems where game con-
trol and graphics engines that generate video streams for gamers
reside in the cloud. Instead, Kim ef al. [14] propose to separate
game control, which remains in the cloud, from rendering, that
is brought to the edge, hence closer to the end user, with the ad-
vantage of reduced latency in video delivery, and lower impact
on network resources, especially in the case of ultra high defi-
nition video. Extending our conference contribution [15] with

the analysis and performance evaluation for groups of simul-
taneous players and with their optimal allocation to available
edge servers, we bring this concept one step forward, allocating
both game control and rendering engines on the edge, with ad-
ditional benefits in terms of latency and resource consumption,
at the cost resulting from coordinating edge computing facili-
ties used by interacting gamers.

In [16], gaming is mentioned as a relevant use case for
the IETF Reliable and Available Wireless (RAW) architecture.
Moreover, in [17] the authors propose an emulation framework
to investigate QoE in a real-time video streaming scenario.

Related studies explore architectural propositions for online
games, relevant to our work. For instance, [18] proposes a dis-
tributed engine for online gaming. The paper [19] discusses
edge computing’s role in addressing latency and network re-
source efficiency in online gaming. Unlike our work, these pro-
posals lack analytical insights for game service providers.

Some studies propose architectures for online gaming that
prioritize the economical utilization of resources, encompass-
ing bandwidth, computational resources, and energy. For in-
stance, the authors of [20] leverage software migrations to opti-
mize energy consumption, and [21, 22, 23, 24] propose efficient
resource allocation for massive multiplayer online gaming with
latency constraints. Our work is complementary to resource
allocation, because we analyze the compound importance of
server characteristics, given the amount of allocated resources.

Demanding QoS prerequisites of massive multiplayer on-
line gaming with strict latency constraints call for optimal and
adaptable resource management of both computational and net-
work resources. This particular challenge can be addressed
through VNF optimization techniques similar to those pro-
posed, for instance, in [25, 26]. For the specific case of online
gaming, we offer a tool that permits to identify VNF require-
ments and VNF chaining to achieve high QoS.

3. System model and game requirements

In the following, we interchangeably use the terms “game
VNF” and “edge server” to indicate a VNF dedicated to online
gaming. We as well as use terms “gamer” and ‘player” inter-
changeably.

We consider a mobile network that supports a multiparty dis-
tributed gaming application with strict latency requirements.
Gaming engines are located on the edge, spread across multiple
game VNFs, with the goal of minimizing the delay experienced
by end users.

We cast the required gaming architecture onto the stan-
dard 3GPP (3rd Generation Partnership Project) architecture for
communication and computing.

3.1. Connect-compute architecture

In a 3GPP network there are four main network functions
that we need to consider [27]:

» User Equipment (UE) is the equipment on top of which the
gamer plays. We consider wireless-connected gamers.
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Figure 1: Reference scenario

¢ (Radio) Access Network, or (R)AN is the (wireless) infras-
tructure that connects user’s devices to the core network.
It includes several facilities enabling communication. We
consider wireless access networks.

e User Plane Function (UPF) is a vital element in 3GPP (5G)
networks, as it is responsible for managing data traffic and
handles tasks such as packet forwarding, traffic routing, and
QoS enforcement.

e Edge is a computing facility under the control of the cel-
lular network, that brings computation resources closer to
gamers, improving response times. Edges are deployed as
VNFs accessible through the user plane (via UPFs). Their
proximity enhances real-time interaction.

As shown in Fig. 1, the interaction between the mentioned
components determines a chaining of VNFs. RAN establishes
wireless links for reliable connectivity, while UPFs manage
data transmission and routing. Different edge computing fa-
cilities can be reached from different UPFs with different de-
lays. Edge facilities could be implemented with today’s MEC
VNF [28] or with their future extensions and replacements [29],
which will act on the user plane and run on virtual machines or
containers that can be located at base stations as well as in core
and transport hardware of telecommunication operators or in
data centers. Access to Edge/MEC VNFs must be supported by
the presence of proxy functionalities in the user plane, which
are typically implemented in the UPF. In practice, the UPF can
be responsible of intercepting game access requests and decid-
ing which Edge/MEC VNF shall be contacted to enter a game
platform. As an alternative, game access decisions could be
left, at least partially, to the end user. This can be done by
including the GaaS platform supported by the network opera-
tor in the catalogue exposed by the NEF (Network Exposure
Function) VNF in the control plane of a 3GPP network [30].
With NEF, the user will be able to fetch information about the
presence of gaming servers and their characteristis. Instead,
Edge/MEC VNF interconnection needed to synchronize multi-
ple users accessing different servers must be done at application
layer by the edge servers. However, this can be achieved over a
plain 3GPP architecture, with servers acting as users connected
to UPFs. For simplicity, we omit this passage in the architec-
ture shown in Fig. 1, but one can easily figure out that the link
connecting Edge; and Edges in the figure crosses one or more

UPFs. Going through UFPs is necessary, and the overlay public
IP infrastructure cannot be used, because VNFs typically reside
in private networks and use private IP addresses. As an alter-
native, it could be possible to establish plain IPSec tunnels in
between Edge/MEC VNFs, which is equivalent to pass through
UPFs but would not guarantee that those application tunnels,
not controlled by the network operator, would eventually fully
lay on the operator’s network, and hence would be longer and
slower with high probability.

While in this paper we consider a wireless access of players
to gaming VNFs residing in edge computing facilities, it must
be noted that our approach can be easily modified to accommo-
date the case of wired access.

3.2. Application requirements

Latency requirements depend on the level of interaction be-
tween gamers. If two gamers are closely interacting (e.g., fight-
ing against the same monster), it is necessary that the latency
with which they observe each other’s actions (and those of the
monster) is as small and as equal as possible.

The most important QoS KPIs (key performance indica-
tors) for online gaming are upstream and downstream data
rates available between game server and user, upstream and
downstream packet loss probabilities, and round trip latency.
According to [9, 10, 11], typical requirements for immersive
games are of the order of 1 Mb/s upstream (a small part for
gamer’s commands, the rest for feedback on network connec-
tion KPIs) and between 5 and 50 Mb/s downstream (for game
video stream; of course, the downstream data rate depends on
the gamer’s screen size, and heavily impacts the quality of
the video received by the gamer, hence the immersivity of the
game). Packet loss probabilities are tolerated up to 10-30% in
upstream (the KPI feedback is very redundant) and to a few per-
cent in downstream. Latency requirements are of the order of
100 ms or less, which refer to the whole game response delay
that includes all latency components due to network, process-
ing, and buffering [8, 14].

4. Analysis and problem formulation

4.1. Reference scenario

The reference scenario for this work is depicted in Fig. 1, and
is modeled as shown in Fig. 2. We consider a network with two
or more base stations (BSs) where the (R)AN network function
is accessed by UEs as a necessary step to access UPFs and two
or more game VNFs. To simplify the description of the consid-
ered scenario, and given the geographically distributed nature
of the service, jointly with the extreme RAN densification pro-
cess envisioned by 5G and beyond architectures, we assume
that within the gaming slice, each BS hosts a single gamer and
each UPF serves a single BS. Therefore, we use a single index
to refer to a user/BS/UPF chain. This assumption can be easily
removed—and was actually removed in the implementation of
the model that will be described later in this section.

We assume that communicating between BS ¢ and Edge j in-
curs three delay components: (i) a fixed delay d;;; (ii) a random
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Figure 2: Network model (detail for a generic gamer)

component that accounts for user mobility, signal fluctuations,
noise, scheduling, as well as other factors, including retrans-
missions due to losses; (iii) a variable queueing and process-
ing time, which is modeled by means of an M/M/1 queue in
uplink (from BS to Edge) and an M/M/1 queue in downlink
(from Edge to BS). The sojourn time in the uplink (respectively
downlink) queue associated with BS ¢ and Edge j is a random
variable denoted as U;; (respectively D;;).

An online gamer produces a flow of A, packets per second
in uplink, and receives a multimedia stream of Aqown packets
per second in downlink. For simplicity, we assume that the in-
tensity of streams does not change over time. The stationary
assumption is used because it allows to design and plan the ser-
vice by considering periods of peak utilization.

All uplink packets of a user are delivered by the BS to a game
VNEF, where they are processed by the edge server to which the
user is associated. We model this uplink flow processing with a
queue. We will primarily use a M/M/n/k model, k>n (and we
will present our modeling approach in this case), but we will
also compare results against other models (and we will validate
our assumptions with experiments). Hence, the game VNF is
represented as an ensemble of n processors with a waiting room
of k—n packets. These parameters represent how resources are
allocated within the network slice dedicated to online gaming.
The time T spent by an uplink packet in Edge j is a random
variable.

When a game VNF receives any instruction from a gamer
that requires implementing changes in the downlink stream
(e.g., a change of view, a movement that has to be reflected
in the multimedia stream, etc.), the change is implemented with
a fixed delay d,, which represents the time needed to start pro-
ducing the modified stream within the VNF.

4.2. Distributed gaming server model

Since gamers that are closely interacting are not necessarily
close in the network, they may interface with different game
VNFs and even different physical edge facilities. Thus, when
two or more gamers interact, all streams they receive have to
be adapted synchronously, with a tolerance of few tens of mil-
liseconds. Hence, commands/moves issued by a gamer must be
notified not only to the game VNF that manages the stream of
that user but also to all other involved game VNFs. We remark
that only commands and not any rendering/multimedia streams
belonging to a player will need to reach VNFs serving other
players.

We assume that gamers are not aware of the location of all
game VNFs to be notified, while the serving game VNF of a

gamer is. Therefore, when a command issued by a gamer is
served by her Edge 7, it is also forwarded to any Edge ;' of
any other gamer involved in the game scene, with a latency dE?
between serving game VNFs, which we model as a constant.
This simplification is possible since edge servers are connected
via high-speed networks (typically optical rings).

Guaranteeing a good level of interaction between gamers im-
plies that the latency with which actions of one gamer are vis-
ible to other gamers remain below a fixed threshold T (for
example 100 ms) with sufficiently high probability (e.g., 0.8)
and acceptable packet loss rate (a few percent) [8], [10].

4.3. Latency

In the simple case of two users, in the worst case, the close
interaction of gamers involves two game VNFs and two BSs
(each of which has a separate uplink and downlink processor)
in addition to the VNFs located on gamers’ terminals. In gen-
eral, the worst case number of involved entities scales linearly
with the number of interacting gamers. The resulting latency
depends on communication and computing delays, and there
are two groups of delays to evaluate:

* First, the self-latency, i.e., the delay with which a gamer ¢
connected to Edge j sees her own actions reflected in her
game’s multimedia streaming, i.e.,

Lyl = dij+ Uy + Ty + dy + Dy +dyg. - (D

where the fixed latency between gamer ¢ and Edge j is rea-
sonably taken as symmetric in uplink and downlink.

¢ Second, the cross-latency, i.e., the latency between the time
a gamer ¢ issues a command and any other gamer 4’ inter-
acting with 7 and connected to Edge ;' sees the effect of that
command on her multimedia stream, i.e.,

LZ’) = dij+Uij+ T+ d;;)/ +Tj/+ ds+Di/j’+ di/j/. )
with 7 being the random component of the RAN latency.

Let us consider for example the simple case of two gamers
(indicated as g; and go) connected to two game VNFs (indi-
cated as e; and e, respectively). We need to account for four
latency values: the round trip time between gamer g; and Edge
e1, the latency of the path g1 —e;—e2—> g9, the latency of the
symmetric path, go—es—re1—>g1, and the round trip time be-
tween gamer go and game VNF es.

Assuming that it is possible to model with simple queues
the delay introduced by individual system components (com-
munication between gamers and game VNFs, and processing at
game VNFs), and assuming independence among latency com-
ponents, it is possible to compute probability distributions for
relevant latency variables. In fact, it is possible to compute
convolutions of distributions of additive delays or, equivalently,
obtain the LST (Laplace-Stieltjes transform) of the delay pdf
(probability distribution function) as the product of LSTs of
pdfs of individual delay components.



4.4. Success probability

In addition to latency, if some queues have a finite capac-
ity, we have to consider network losses. Hence, the success
of multiparty communication depends on a combination of la-
tency and loss. The success rate is the fraction of game control
messages that are not lost and are processed on time to cause an
observable change in the game multimedia streaming delivered
to gamers in the same game scene, within a maximum latency
To from message generation.

In our model, queues that can incur loss are the ones repre-
senting game VNFs, and the associated loss probability is the
probability that the buffer is full, which can be computed with
standard queueing theory results.

Thus, once we know the loss probabilities at queues and the
pdf of the latency, it is possible to compute the probability that
the game interaction be completed within T for all gamers in
the same game scene.

For the specific case of M/M/1, M/M/n/k and M/D/1-PS
(M/D/1 with processor sharing) queues used in this paper, the
following results hold:

* The LST of the sojourn time (wait plus service) in an M/M/1
queue with arrival rate A and service rate p is
~ =\
=—. 3
Javiymya(s) P—Y 3)
e The LST of the sojourn time in an M/M/n/k queue with
arrival rate A and individual server service rate p is

~ 1 p 2 o\t
fM/M/n/k(S):l_p(k) H;p(ﬁ (sMN) :
4)
with
A/ )i
p(j) = p(0) — ) J=0 k)

min(j,n)! nli-nl*’

where p(0) is found by solving >~ p(j) =1 and [z]™ indi-
cates the max between 0 and .

e The LST of the sojourn time in an M/D/1-PS queue with
arrival rate A and service time 1/u can be computed from
(5.16) in [31], i.e.

Ats

(1 - ﬁ) (A +5)2ew "
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The random component of the latency due to the RAN activ-
ity is modeled through a random variable with limited variabil-
ity. As suggested by experimental results reported in [32, 33],
the RAN latency is close to the average most of the time, al-
though values can vary in a relatively narrow interval. We there-
fore use a triangular distribution between latency values ¢,,, and
tar, whose LST is as follows:

3tas+t trr+3t 2
2 3tm m g MTItm

tar—tm ’ s

Fran(s)= (

The above expression, with appropriate parameters t,, and s
will be incorporated into network delays U;; and D;;.

The additive delay due to different path components has an
LST equal to the product of the LSTs of the components. Of
course, each LST related to processing must be tailored to the
game VNF capacity in terms of number of servers, buffer ca-
pacity, server speed, and request arrival rate. Similarly, the LST
relating to communication hops must be tailored to the link data
rate, message size, and load. We omit here the specific expres-
sions of latency LSTs because their derivation is straightfor-
ward.

The loss probability relative to arrivals at the game VNF is
the probability that an arrival finds all k positions busy (k in-
cludes positions in service and in the waiting line). This proba-
bility, denoted by p(k), equals the steady state probability of k
positions busy, due to the assumption that the arrival process is
Poisson, and is expressed as:

(A )"

nlni—n’

Toss — P(k) = P(O) (8)

We use F' éj //) (t) to indicate the CDF (cumulative distribution
function) of the cross-latency observed by game commands is-
sued by a gamer ¢ served by Edge j, and whose game control
messages have to reach another gamer i’ connected to a differ-
ent Edge j’. Fg 7) (t) indicates the self-latency. The probability
of not exceeding the timeout is therefore simply computed as
FY /_E(TO) and FE E(TO), for cross- and self-latency, respec-
tivéiy. Notice that we assume that packet loss is negligible, in-
cluding it in the RAN behavior. This assumption holds because
gamer’s transmissions use a modulation and coding scheme at
which the bit error rate is very low, hence errors on a few bits
can be recovered and the occurrence of error bursts can be ob-
viated by means the HARQ protocol adopted at the BS. The
impact of HARQ is accounted for in the model within the vari-
able delay described by fRAN(s).

Performance results depend on the intensity of flows that are
offered to the modeled queues. In particular, apart from the
above-mentioned A, and Aqown, We denote by )\;b) the back-
ground traffic of Edge j, generated by other gamers on the same
server, playing in other game scenes. Notice that here we have
neglected background traffic of communication links between
gamers and game VNFs because we have assumed to use a net-
work slice dedicated to a specific online game.

More complex and intertwined is the computation of the traf-
fic offered to game VNFs. If we consider K groups of multi-
party gamers that can use F edge servers, we indicate with (%)
the size of the gamers group G*), and with €§-k) the number
of gamers of G*) using server j. Hence, in group G¥), Kﬁk)
gamers are connected to server j and interact with the remain-

ing (%) — Egk) gamers of the group, connected to other edge
Servers.
Therefore, the traffic to server j is as follows:

3 (69 +a (0 —dP)) 4P, ©

Aj = Awp



where « is the fraction of uplink messages that convey game
control instructions instead of simple streaming feedback to the
game server, hence they have to be forwarded to Edge j even
when the gamers are served by another edge server. In the above
formula, A§b) indicates background traffic at Edge j.
Eventually, the success probability of a gamer ¢ in a multi-
party game group k connected to a set of game VNFs can be
expressed as the probability that all self and cross latency val-
ues originated at that gamer be below the timeout, after having
(@)

discounted lost messages, which happens with probability

at each server j:

sP =11 (Fé‘jff/))(TO) (141(35(;/”)), (10)

i’ €G (k)

where (i) indicates the server used by ¢’. Notice that, in the
above formula, 4’ takes all values in group G®), including i;
hence, the formula accounts for self latency in addition to cross
latency.

The success of the multiparty game of group k can be seen
as the success of all interacting gamers:

s® =TT s (11)

i€G k)

which represents the fraction of players’ actions that are incor-
porated into the video stream and visualized on gamer screens
of all players in the group within the specified timeout 7o (i.e.,
those that are neither lost nor late).

The overall groups success probability can then be defined
in multiple ways, depending on how group performance are ag-
gregated. What ultimately matters is the success probability of
individual groups, since these determine the effective quality
of experience perceived by gamers. Consequently, in our ex-
perimental evaluation that will follow, we compute the overall
success probability using different aggregation strategies:

e the average group success probability, which treats all
groups equally, i.e.,

1 K
= — (k)
Savg = 75 k§—1 S, (12)

* the weighted average of group success probability, where
weights account for group sizes, i.e.,

K
5 _ Zk:l |G(k)| . §(k) 13)
D ST

where |G(*)| gives the number of gamers in a given group.

e the product of group success probabilities, capturing the
probability that all groups succeed simultaneously, i.e.,

K
Sproa = [ [ 5™, (14)

k=1

* the minimum of the groups success probabilities, which re-
flects the worst-case performance, i.e.,

Sk, 15)

Smin = min
k=1,... K

In the following sections, we evaluate the performance of
gamers using our model as well as experiments in the wild. In
Section 5, we start with the case of a single test group, in the
presence of background traffic that can describe the activity of
other groups of gamers. Afterwards, in Section 6, we will use
the model to evaluate the allocation of multiple groups, com-
paring ideal optimization with low-complexity heuristics.

5. Performance evaluation for a reference group of gamers

In this section we present the results of our analytical model
for a given reference group of gamers, and we validate the
model through experiments over the Internet.

In the case of experiments, we consider non-exponential dis-
tributions for the times between game commands generated by
players, and for the VNF service times. In addition, we obvi-
ously remove independence assumptions.

The analytical results presented in the following section were
derived from experiments using a set of dedicated MATLAB
scripts, whose specific structure varies based on the particular
experiment framework and the chosen operational parameters.
To perform the necessary numerical inversion of the transforms
employed within this study, we used the Concentrated Matrix
Exponential (CME) method, as detailed in [34]. This choice is
motivated by the fact that this method is widely known for its
excellent numerical stability and the smoothness of its approx-
imations, offering a significant advantage over other inversion
techniques. Our specific implementation uses the MATLAB
package made available in [35].

‘We mostly focus on the simplest scenario to which our work
applies: a group of two gamers (g; and go) that play over a
GaaS slice connected to two edge servers (e; and es). More
gamers are present, but they are modeled as background traffic.
This scenario is simple, yet includes all the ingredients needed
to evaluate the impact of edge server selection, server load, and
inter-edge communication overheads in distributed multiparty
online gaming. However, we will conclude the section by show-
ing results for larger groups of gamers with more edge options
(cf. subsection 5.7).

5.1. Reference scenario

Gamers g; and g» are modeled in detail, and individual per-
formance metrics are collected for them. Other gamers are col-
lectively modeled through the load they impose on game VNFs,
which represents background traffic for the selected pair of
gamers whose performance we study. Game VNFs are modeled
as M/M/n/k queues with k taking values n (hence no buffer-
ing), 2n, 5n (hence the buffer space is as large as the number
of servers n or four times as much), or oo (hence an M/M/n
queue). We assume n=>5 at e; and n=10 at e, for the consid-
ered GaaS slice. We also consider an M/D/1-PS queue (where
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Figure 5: Success probability of a reference group, with two gamers play-
ing together when VNFs are modeled as M/M/n/k queues and p=0.9.
Delay d;; in ms.

PS stands for Processor Sharing) at the edge servers, to approx-
imate the analysis of realistic systems that implement round-
robin execution of tasks (i.e., portions of jobs) rather than se-
quential processing of whole jobs.

The two gamers generate 1 Mb/s in uplink toward the game
VNF to which they are connected, that is one thousand pack-
ets per second, of one thousand bits each; 10 of those pack-
ets correspond to game commands (1%), the rest is QoS feed-
back. Game VNFs generate 30 Mb/s in downlink toward each
gamer (3000 packets per second, each of 10000 bits) to pro-
vide gamers with their game video stream. The time to prepare
the video stream is assumed to be d;=10 ms.

The values we use to parametrize our model were selected so
as to reflect what was measured over popular online game plat-
forms by independent studies, e.g., [9, 11]. We further assume
that a single thread of a single processor on a server is able,
on average, to serve a gamer. Thus, we fix y=1000 packets/s
for the purposes of this numerical evaluation. The uplink and
downlink data rates for connecting gamers to their BS through
the GaasS slice are set to 10 Mb/s and 50 Mb/s, respectively.

We consider four different scenarios, that correspond to the
available options for the association of the two gamers that we
monitor in detail to the two edge servers. Scenario (i,7) as-
sumes that g; is connected to e; while g is connected to e;,
with i, 5 € {1,2}.

5.2. Impact of User-Edge Latency

We discuss the impact of latency between gamers and VNFs
by reporting in Figs. 3 to 6 success probabilities of players—
according to the definition given in (10)—and of the group, ac-
cording to what defined in (11), considering five possible av-
erage values for one-way delays, assuming symmetric paths,
hence U;j=D;;: 10, 15, 20, 25, and 30 ms, in different con-
ditions of edge server load and buffering. On top of the aver-
age delay we consider an additive random value taken from a
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Figure 4: Success probability of a reference group, with two gamers play-
ing together when VNFs are modeled as M/M/n queues and p=0.99. De-
lay d;; in ms.
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Figure 6: Success probability of a reference group, with two gamers play-
ing together when VNFs are modeled as M/M/n/k queues and p=0.99.
Delay d;; in ms.

triangular distribution between ¢,,=—2 ms and ¢;;=2 ms, to
account for the variable component of the delay incurred in the
RAN (whereas the average RAN delay is already counted in
U;; and D;;). The timeout is set to To=75 ms, while the de-
lay between the two edge servers is 10 ms. Latencies between
50 and 100 ms are normally considered the limit for an enjoy-
able experience of real time games (see for example [36, 37]).
Inter-edge delays depend significantly on the specific network
and edge server distribution within the network; values between
few ms and some tens of ms can be considered realistic. For a
fair comparison of different scenarios, we impose the load of
used edge servers to be fixed to either 0.9 or 0.99, which, once
we have calculated the traffic due to the two reference gamers
g1 and g, is obtained by appropriately tuning the quantity of
background traffic corresponding to other users. Notice that we
use as definition of the edge server load the ratio p:n—z, so that
as p approaches 1, available computing resources saturate.

Figs. 3 and 4 report the success probability for the two
gamers with very large (actually, infinite) edge server buffers.
Figs. 5 and 6 show similar results, with k=2n, i.e., 5 proces-
sors and 5 positions in the buffer at e;, and 10 processors and
10 positions in the buffer at es.

Note that in Scenario (1,1) results are invariant with respect
to dao, since es is not used; hence, we only report results for
variable d;;. Conversely, in Scenario (2,2) results are invariant
with respect to dy;, because e; is not used; hence, we only
report results vs. dao. In Scenario (2,1) results are invariant to
both d1; and ds5 because g; connects to es and g5 to eq. Since
we set dio=d21=20 ms, results for Scenario (2,1) correspond
to those of Scenario (1,2) with d11=d22=20 ms.

We clearly see that performance degrades with higher latency
(i.e., higher distance) between gamers and VNFs, and when ap-
proaching the edge server capacity. Both effects are quite in-
tuitive. We can also observe that very large buffers are useful
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in some cases, not in others. E.g., Scenario (2, 1) at 90% load
performs consistently better with shorter buffers, and almost all
scenarios at 99% load perform better with shorter buffers, ex-
cept for Scenario (2, 2), with d;;=10 ms.

These results indicate that choosing a buffer size at game
VNFs is an important issue. Serving all incoming requests is
not useful when approaching saturation because this risks in-
creasing latency for all requests to the point that they miss their
deadline. It would be better to instead drop some requests to
ensure that those that are served meet their deadline. Not ex-
cessively large buffers might be therefore preferable.

5.3. Impact of Buffers at the Edge

The next set of results looks more closely at the effect of
buffering in game VNFs. Figs. 7 and 8 plot the success proba-
bility of g; and g5 versus the load of the selected edge servers.
The distance between gamers and game VNFs is 20 ms for each
gamer-VNF pair, while other parameters are like before. Each
figure contains five curves that correspond to (¢) no buffer, (i7) a
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number of positions in the buffer equal to the number of servers
(k=2n, with n=>5 at e; and n=10 at es), or (¢i¢) 4 times the
number of servers (k=5n), and infinite buffer with either (iv)
exponential service times, or (v) deterministic service times—
with one high-speed processor that, for fairness of comparison,
serves requests n times faster than the single processor used
with the other types of queues in which n processors are used—
and a PS scheduler.

In general, we see that with infinite buffers the success proba-
bility drops to zero when p=1 because queues reach saturation
and delays diverge. On the contrary, the presence of a finite
buffer yields success probabilities that in some cases remain at
acceptable levels, even in (light) overload. This is because the
finite buffer generates losses that keep the workload at a fea-
sible level, thus allowing a fraction of the gamers’ interactions
to reach their destination within the specified timeout. For ex-
ample, in Scenario (2, 2) at load 1.25 both gamers see success
probabilities of the order of 0.6. This implies that the gaming
service can survive periods of temporary overload with reduced
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Figure 9: Success probability of gamers g1 and g2 vs timeout, for variable buffer sizes; d;; =20,V 4, je{1, 2}, ats) =20, ds=10 and load on edges: p1=p2=0.9.
Results for Sa in scenarios (1, 1) and (2, 2) overlap those for S, therefore the legend for Sz is omitted.
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performance, avoiding blackouts. Indeed, slow variations of the
number of gamers or of their activity, hence of the VNF load,
can translate into the operating point moving along the curves
in Figs. 7 and 8.

It is also interesting to observe that, with the chosen parame-
ters, the allocation of both gamers to the same game VNF yields
success probabilities equal to ~1 for low loads, which is not
possible with the allocations to different game VNFs (except
for the case of the M/D/1-PS model), due to the additional 20
ms necessary to go from one edge server to the other. The rea-
son why the M/D/1-PS model behaves differently is twofold.
First of all, in low load the probability of a small number of
customers in the queue is high so that the whole processing ca-
pacity is divided among few, each receiving a higher share than
with a predefined division in n shares. Second, the determin-
istic service time avoids long service instances that result from
sampling the tail of the exponential distribution. This is on the
one hand an indication of the fact that using fewer powerful
processors yields better performance than using many slower
ones, and on the other of the fact that assuming exponential ser-
vice times leads to pessimistic estimates of the overall system
performance.

5.4. Impact of Timeout

The delay with which a gamer visualizes the effect of the ac-
tions of gamers that are playing in her game environment is a
key QoS metric for online gaming. Curves in Fig. 9 show the
success probability of the two gamers in the four possible sce-
narios with different values for the buffer sizes at the two edge
servers (buffer sizes are however proportional to the number of
processors at each server). The load of each server is 0.9. De-
lays from gamers to game VNFs and between game VNFs are
like in the previous case.

In Scenario (1,2) as well in (2, 1) we clearly see that without
buffering only about 50% of gamer’s commands at most are
represented in the video stream within the chosen timeout. Very
large (infinite) buffers allow success probabilities to reach one,
but only for timeouts of the order of about 85 ms or more (with
little benefit deriving from deterministic service times).

In the two scenarios in which a single game VNF is used,
timeouts are easily met in the very large buffer cases for val-
ues as low as 60 ms. On the contrary, with small or no buffer,
the loss at edge servers prevents success probabilities to reach
desirable levels, with the possible exception of Scenario (2, 2),
provided a success probability around 95% is acceptable.

5.5. Cloud versus Edge Gaming

Fig. 10 presents an intriguing set of results comparing edge
gaming with legacy cloud gaming. In the edge scenarios,
gamers are connected to a GaaS slice hosting two game VNFs
on two different edges (namely, “edge VNFs”). Gamers ex-
perience the same distance from edge servers, respectively 10
ms to edge server 1 and 15 ms to edge server 2. We also con-
sider different values of latency between edge servers, from 10
to 35 ms, each case generating a different curve in the figure,
as indicated with different labels and colors. In contrast, in the
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Figure 10: Cloud gaming scenario versus edge gaming scenario with a single
reference group, with server load p=90%, servers modeled as M/M/n queues
with n=20 in the cloud and n=10 in the edge. Each curve corresponds to a
different distance between edge servers.

cloud gaming scenario, both gamers connect to the same “cloud
VNF”, which is 30 ms away from each of them. The load of
the server is fixed at 90%, with each edge VNF using 10 pro-
cessors (n = 10). compared to 20 processors (n = 20) in the
cloud VNF. Both configurations assume infinite buffer capacity,
so that the server facilities are modeled through M/M/n queues.
Notice that, fixing the load across servers implies that each edge
performs half of the work done by the cloud server, but this is
a reasonable assumption since edge architectures typically dis-
tribute the workload across many less powerful edge servers
instead of relying on a few highly powerful cloud servers. This
setup naturally leads to a more distributed workload across edge
servers for the same population of gamers.

We clearly see that the edge VNFs cannot satisfy timeout
values less than 46 ms even in the case in which the two edge
servers are closer to one another (i.e., 104+10+15 to go and
come back to the game server, 10 for video preparation, 1 for
processing at the edge). Similarly, the cloud VNF cannot pro-
vide latency lower than 71 ms (i.e., 30+30+1041 ms). Suc-
cess probabilities grow rapidly beyond those latency values and
reach close to 1 at around 58 ms in the best case of the edge
VNFs, and 78 ms in the cloud case. These results underline the
better performance of various plausible edge scenarios over the
cloud setting, despite the absence of inter-edge server commu-
nication delays in the cloud scenario.

Edge scenarios in Fig. 10 differ primarily in the fixed delay
between edge servers, which varies from 10 ms (purple solid
curve), to 35 ms (red solid curve). Additionally, a dotted curve
represents an edge scenario where the fixed delay between edge
servers is 10 ms, and delays between edge servers and users are
increased by 10 ms with respect to the other cases. The figure
shows that delays on the gamer-server link have a heavier im-
pact on performance than delays on the inter-edge link. Indeed,
the dotted curve obtained by adding 10 ms on the gamer-edge
link, with 10 ms between servers, is worse than the green solid
curve at 20 ms between edge servers.

Interestingly, the cloud scenario only outperforms the edge
scenario when the delay between the two edge servers exceeds
the delay between gamers and cloud VNFE.

The advantage of the edge architecture is intrinsic in the dis-
tribution of computing facilities over the network, whose ob-
jective is to reduce the latency between users and computing
facilities, and is especially beneficial for latency-constrained
services, like the gaming application we are considering.



5.6. Measuring the performance of a group of gamers in the

wild

To assess the online gaming performance in real-world edge
computing scenarios, we set up a distributed GaaS architecture
akin to the one described in Fig. 1. Specifically, we developed a
flexible set of instrumented microservices providing the build-
ing blocks of our architecture. Three main blocks were defined:
client, server, and UPF. The setup architecture is depicted in
Fig. 11. The micro-services comprise QUIC endpoints, are
coded in Golang, and are containerized using Docker.

The client container consists of several elements contribut-
ing to setting up an active connection with the game server
and also to tracing and measuring packet receptions, losses, and
time statistics. The packet generator is responsible for modu-
lating the traffic flow, which subsequently gets marked with the
specific type—either control (Ctrl) or feedback (Fb), respec-
tively. Moreover, for the Ctrl flow, the marker adds a times-
tamp, the client identifier, and a unique identifier for the packet.
Then, dedicated goroutines (i.e., lightweight Golang threads)
handle packet transmissions through QUIC connections; these
goroutines are also responsible for collecting data and comput-
ing statistics from the incoming packets by matching identifiers,
with the help of a list of pending control threads (i.e., control
packets already sent, whose incorporation in the game stream is
not yet completed). Uplink traffic passes through the UPF con-
tainer, emulating the behavior of a tunnel between the player
and the game server with a QUIC connection. Specifically, the
UPF implements a single server with a finite but huge buffer
size. At this point, requests are routed toward the game server
associated with the player originating the traffic flow, obtaining
the network setting of Fig. 11. Packets incoming to the Edge
containers are either local—that is, incoming from the asso-
ciated player—or Inter-edge control packets coming from the
other game server, see the solid and dashed lines in Fig. 11 be-
tween the two edge servers. Local packets get to the QUIC
endpoint where Fb packets get discarded, whereas Ctrl pack-
ets originate new Inter-edge control packets (that are necessary
for the remote VNF to generate the video to be delivered to
the remote gamer). Also, identifiers and timestamps associ-
ated with Ctrl packets get inserted in packets carrying the video
stream, marking the fact that such frames report the updates re-
lated to players’ control instructions, as depicted at the bottom
of Fig. 11. Similarly, packets incoming from Inter-edge con-
trol flow get integrated into the downlink stream, with the only
difference being that they are associated with a different QUIC
endpoint. These timestamps and identifiers are necessary for
the computation of the delays with which game commands are
incorporated in the video stream observed by players.

With the above, we validated our model by comparing
model predictions and experiment measurements with two
game VNFs positioned at a distance of about 20 ms. Both
gamers experienced similar latency when connecting to their
nearest game VNF, also situated about 20 ms away.

Specifically, the game VNFs are 19.30 ms away from each
other, with a standard deviation (o) of 2.23 ms. The two play-
ers are 20.02 ms (o=1.76 ms) and 19.77 ms (c=2.55 ms) away
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Figure 11: Experimental setup. To enable the computation of statistics, control
(Ctrl) and stream packets carry the relevant ID of players and control sequence
numbers, in addition to timestamps.

from their associated game VNF, respectively. The time re-
quired to implement changes to the video stream in the game
VNF is set to ds=10 ms. Game VNFs have either 5 or 10 pro-
cessors and the same number of positions in the buffer. Gamers
access their game VNF through their associated UPF, requiring
constant times equal to 0.1 ms to process uplink packets and 0.2
ms for the downlink ones. Gamers generate an uplink stream of
1000 control packets per second of 1 000 bytes each, with only
one in every one hundred packets delivering commands to the
game streamer.

We evaluate each gamer’s success probability considering a
latency threshold of 75 ms with different background traffic in-
tensity; in our experiments, the background traffic ranges from
p:=0.5to 1.5, with a step size of 0.1. The comparative evalua-
tion of our model with real-world measurements is illustrated in
Figs. 7 and 8, with 90% confidence intervals. We can observe
a very good match between model predictions and experiments
in spite of the many simplifications introduced in the model.

5.7. Performance with larger sets of gamers and servers

So far, we considered the performance of pairs of gamers
that can use two edge servers. However, our model allows for
the study of scenarios involving multiple edge computing facil-
ities and multiple gamers. Hence, to show the capability of our
model, we next report numerical results for scenarios compris-
ing ten gamers and three edges. Each specific scenario is de-
scribed by a tuple, where the number of elements corresponds
to the number of gamers considered in the experiment. Each
value in the tuple specifies the particular edge to which each
gamer is connected (if the k-th entry of the tuple equals j, this
means that gamer k is connected to edge 7). We define commu-
nication clusters as sets of gamers who are playing within the
same game environment and are thus actively communicating
with each other. For these clusters, we compute the communi-
cation success probability according to (11). This success prob-
ability can be determined for each individual user, for each pair
of users, as well as for the entire communication cluster. The



experimental setting mirrors the one of Section 5.1, except for
the fact we are now investigating a setting in which ten users
connect on three different available edge servers. We assume
all three edges have n = 10 cores allocated to the network slice
devoted to GaaS, and that fixed delays are as follows.

Given X = {i,j | (4 1A <i <3) V(g =2A
4 <i<6)V({ =3AT7< i <10)} we have delays:
dij = 15 ms, Vi,j€X and d;; = 20 ms, Vi,j ¢ X;
dl(;) =20ms,Vi,j € {1,2,3}, ds = 10 ms. That is, gamers
1, 2, and 3 are located nearest to edge 1; gamers 4, 5, and 6 are
nearest to edge 2; while the rest are closest to edge 3.

We present results for three cases. The first one is a scenario
in which each gamer is connected to her closest edge. The sec-
ond is a scenario in which two gamers connect to a farther edge.
In the third scenario, four out of ten gamers do not connect to
their closest edge. Of course, we expect performance to be best
for the first scenario, and worst for the third. The timeout is set
to 75 ms. In Figs. 12, 13, 14 we report curves of the success
probability versus load (the load values start from the traffic
that is generated by the ten users, and then increase because
of the addition of background traffic representing additional
gamers) for the whole group of 10 gamers, and for two par-
titions comprising respectively the first and the last five gamers
in the group. As usual, we consider different queuing models
for the edge operations. We can note, as expected, that in all
cases the worst performance is obtained when the edge is not
equipped with a waiting line (M/M/n/n model), and that this
leads to quite unsatisfactory performance, even at low loads,
when we look at the entire group of 10 gamers. We also ob-
serve that the allocation of gamers to edges different from the
closest one leads to significant performance losses, especially
when we look at the entire group of 10 gamers. This is due to
the fact that the success probability is obtained as the product of
100 components, each corresponding to the success probability
in the communication between one (directed) pair of gamers.
Figs. 15 and 16 report the values of the failure probability for
the 100 components for scenarios where all gamers connect to
their closest edge and with two out of ten gamers connected to
their non-closest edge respectively, and for edge models M/D/1-
PS and M/M/n/n (that correspond to the best and worst perfor-
mance in Figs. 12, 13, 14) under load factor 0.5. From those
values we can clearly see both the cost of no waiting line and
the cost of associating a gamer to a non-closest edge.

Finally, in Fig. 17, we set the load of the three edges to
p = 0.9 and we observe the success probability as a func-
tion of the timeout, for the edge model M/M/n. Other queuing
disciplines and load factors, not reported here, show similar be-
haviours. The figure shows that small differences in the timeout
can be critical, as the transition between low and high success
probability is fast and a few milliseconds can make the differ-
ence, which justifies the need to carefully select performance
guarantees offered in SLAs and to implement precise gamer al-
location strategies. The figure also shows that the larger the
communication cluster, the harder it is to achieve high perfor-
mance levels. In practice, adding more gamers to a communi-
cation party is equivalent to decreasing the application timeout,
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which cannot be reduced below feasible values determined by
the network topology.

6. Performance of Concurrent Groups of Gamers

Having assessed the performance of a group of gamers and
the validity of our model in the previous section, we now
move to the evaluation of multiple concurrent groups of gamers.
Since the allocation of each group impacts on the performance
of all other groups using the same set of servers, we will use the
definitions of success probabilities given in (12) to (15) in order
to optimize the allocation of groups as they asynchronously ar-
rive. However, given the high complexity of the resulting opti-
mization process, we will resort to define and evaluate multiple
possible heuristics.

6.1. Optimization and heuristics

To evaluate different gamer/edge allocation policies we im-
plemented and compared optimal solutions as well as several
heuristics. We consider that groups arrive sequentially, one at a
time, and we neglect allocation costs, e.g., we focus on techni-
cal performance figures only.

In the optimization, once a new group arrives, all existing
allocations are reconsidered, looking for a new optimal alloca-
tion of all gamers present in the system. This is a case of un-
constrained optimization whose objective function is the system
success probability. However, since we have multiple possible
definitions of system success probability, we will compare the
results obtained by maximizing each of the definitions given
in (12) to (15).

Note that our unconstrained optimization accounts for mi-
grations of gamers, assuming idealistically that players can
be instantaneously reallocated to any of the available servers.
Hence, optimization results presented in what follow are a non-
necessarily strict upper bounds of achievable performance.

Since the objective functions used for the optimization are
convex but non-linear, and depend on binary decisions (allocate
each gamer to a server or to another), we have an unconstrained
convex binary non-linear problem. This class of problem is NP-
Hard, as we have, in essence, a bin-packing problem with some
extra additive weights due to inter-edge communications, and
a non-linear (but convex) utility. Hence we resort to heuristics
and we further only consider the case of online algorithms that
cannot undo the current allocation of previously arrived groups
of gamers. We do that because migrations of gamers from a
server to another could cause service discontinuities. Heuristics
are greedy in the sense that when a new group of gamers arrives,
the players in the group are allocated optimally with respect
to the chosen metric and subject to the constraint that existing
allocations cannot be changed.

The first set of heuristics that we define will use allocation
policies that aim to optimize the collective user experience by
maximizing one of the specific metrics of group success prob-
ability, as defined in Egs. (12)-(15). These allocation policies
can be described as follows:
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Figure 13: Overall success probability computed as in (11) vs load (on all edges) with To=75ms. Given X = {i,j | (j =1A1<:i<3)V(j=2A4 <
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* maxAvg maximizes the arithmetic mean of success proba-
bilities across all groups, i.e. it maximizes Eq. (12)

* maxWeightedAvg maximizes a weighted mean of suc-
cess probabilities, where each group’s weight is propor-
tional to its size, i.e., it maximizes Eq. (13)

* maxProd maximizes the product of all group success prob-
abilities, i.e. it maximizes Eq. (14)

* maxMin maximizes the success probability of the worst-
performing group, i.e. it maximizes Eq. (15).

A fifth policy, selfish, adopts a greedy policy approach by
only maximizing the success probability for the most recently
arrived group. In addition to these, we also evaluate a load-
balancing policy, minLoadStDev, which seeks to improve
system stability by minimizing the standard deviation of the
load across all edge servers.

Note that we are interested in online gaming performance
and in the gap between optimal allocation and heuristic policies.
Instead, we are not interested in the complexity of optimization



Table 1: Comparison of different allocation strategies

Loads

H Group Success Probabilities H Overall Success Probability ‘

‘ Type

Policy Allocation ‘ Edge 1 ‘ Edge 2 ‘ Edge 3 ‘ Std. Dev H G ‘ G®@ ‘ G® ‘ GO H Savg ‘ Swavg ‘ Sprod ‘ Smin ‘
naxAvg Heur | [3,3,3,1,2]3,2,3] 0.26 0.55 0.62 0.144 0.75 | 0.88 0.82 | 0.80 0.66 0.75
Opt 13,3,3,2,2]3,1,3] 0.41 0.44 0.62 0.102 0.79 | 0.88 0.84 | 0.82 0.70 0.79
naxWeightedhvg Heur | [3,3,3,1,2]3,2,3] 0.26 0.55 0.62 0.144 0.75 | 0.88 0.82 | 0.80 0.66 0.75
Opt 13,3,3,2,2]3,1,3] 0.41 0.44 0.62 0.102 0.79 | 0.88 0.84 | 0.82 0.70 0.79
naxProd Heur | [3,3,3,1,2]3,2,3] 0.26 0.55 0.62 0.144 0.75 | 0.88 0.82 | 0.80 0.66 0.75
Opt [3,3,3,2,23,1,3] 0.41 0.44 0.62 0.102 0.79 | 0.88 0.84 | 0.82 0.70 0.79
maxMin Heur | [3,3,3,1,2]3,2,3] 0.26 0.55 0.62 0.144 0.75 | 0.88 0.82 | 0.80 0.66 0.75
Opt 3,3,3,2,32,1,2 0.41 0.51 0.58 0.069 0.82 | 0.84 0.83 | 0.83 0.69 0.82
selfish Heur 3,3,3,1,2]3,2,3 0.26 0.55 0.62 0.144 0.75 | 0.88 0.82 | 0.80 0.66 0.75
minLoadStdDey Heur 3,2,3,2,1]3,3,2 0.41 0.51 0.58 0.069 0.68 | 0.92 0.80 | 0.77 0.63 0.68
Opt [3,3,2,1,2 | 3,3,1] 0.52 0.54 0.53 0.008 0.56 | 0.85 0.70 | 0.67 0.48 0.56
maxAvg Heur | [3,3,3,1,2]3,2,3|3,1]2,3] 0.52 0.81 0.89 0.148 0.16 | 0.48 | 0.78 0.71 0.53 | 0.43 0.04 0.16
Opt [1,1,1,1,11]3,3,3]2,3]2,3] 1.70 0.54 0.56 0.484 0.00 | 0.96 | 0.95 0.95 0.71 | 0.56 0.00 0.00
naxWeightedvg Heur | [3,3,3,1,2[3,2,3[1,3]2,3] 0.67 0.81 0.83 0.066 0.17 | 0.54 | 0.74 0.74 0.55 | 0.45 0.05 0.17
Opt [1,1,1,1,1]3,3,3 | 2,3 | 2,3] 1.70 0.54 0.56 0.484 0.65 | 0.16 | 0.61 0.61 0.51 | 0.52 0.04 0.16
I Heur | [3,3,3,1,213,2,3[3,1]2,3] 0.52 0.81 0.89 0.148 0.16 | 0.48 | 0.78 0.71 0.53 | 0.43 0.04 0.16
Opt 13,3,3,3,312,2,2]1,2|1,3] 0.81 0.77 0.78 0.013 0.38 | 0.47 | 0.62 0.68 0.54 | 0.49 0.08 0.38
maxMin Heur | [3,3,3,1,2]3,2,3[2,1]3,2] 0.52 0.98 0.79 0.170 0.18 | 0.46 | 0.64 0.64 0.48 | 0.40 0.03 0.18
Opt 3,3,3,1,312,3,1|2,2|2,2 0.52 1.04 0.74 0.194 0.38 | 0.47 | 0.68 0.59 0.53 | 0.49 0.07 0.38
selfish Heur 3,3,3,1,213,2,3]3,1]3,2 0.52 0.71 0.95 0.178 0.13 | 0.46 | 0.74 0.72 0.51 0.41 0.03 0.13
minLoadStdDey Heur 3,2,3,2,113,3,2]2,1]3,1 0.92 0.95 0.91 0.018 0.10 | 0.65 | 0.55 0.62 0.48 | 0.40 0.02 0.10
Opt 13,3,3,3,213,3,2] 1,2 1,2] 0.81 0.79 0.78 0.009 0.30 | 0.61 | 0.61 0.59 0.53 | 0.47 0.06 0.30

and heuristic allocation policies, so that we do not study how to
make optimization and heuristics fast, which would deserve a
separate study.

6.2. Performance comparison with multiple groups

We assess optimization and proposed heuristics in two dis-
tinct scenarios, at a small and a larger network scale, respec-
tively. In both setups we assume that three edge servers are
connected to the GaaS slice, and users with an even ID gener-
ate 500 packets per second, while those with an odd ID generate
800 packets per second. Each individual processor on an edge
server can process 1000 packets per second. The buffer capac-
ity at each edge is twice its number of servers and the timeout is
set, as before, to 75 ms. Network latencies are again defined by
a delay matrix. The user-to-edge latency consists of a fixed base
delay of 5 ms plus a variable component drawn from a uniform
random distribution ranging between 0 and 25 ms. Uplink and
downlink delays are symmetric, but to the edge-to-user latency
we must add 10 ms delay for the video generation. The latency
between any two edge servers is set to 10 ms. For reproducibil-
ity, the random number generator used for the choice of variable
delays is initialized with the same seed in all experiments, en-
suring an identical network topology for all tested policies and
for optimization.

6.2.1. Small-Scale Scenario

This setting is designed for a detailed analysis and compari-
son of heuristics with optimal solutions. It involves four groups
of 5, 3, 2 and 2 gamers, respectively. The three edge servers are
equipped with 2, 3 and 5 servers. The comprehensive results
for this scenario are presented in Table 1, where we show the
evolution of metrics for both heuristics and optimal solutions,
as groups of gamers arrive at the network gaming slice. Results
are divided into two “sub-scenarios” one considering only the
first two arriving groups of gamers and the second one involv-
ing four groups in total.
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When considering only two groups, the success probabilities
of the heuristic and optimal solutions show no significant differ-
ence, except for the minLoadStdDev policy, where the load
standard deviation of the optimal solution is smaller by an or-
der of magnitude. Looking at overall success probability, opti-
mal allocations generally provide only marginal improvements
across most policies. The minLoadStdDev policy, however,
stands out: it balances the load across edges remarkably well,
especially under the optimal allocation, where it achieves an al-
most perfectly even distribution (loads: 0.52, 0.54, 0.53). This
balance, though, comes at the expense of lower overall success
probabilities compared to other policies.

When all four groups are considered, the problem’s complex-
ity increases, and differences among policies become more pro-
nounced. The performance gap between heuristic and optimal
allocations widens significantly. This highlights how, as system
complexity grows, the choice of the gamer allocation policy
becomes increasingly critical. It also underscores the inherent
trade-offs between maximizing overall performance, ensuring
fairness across groups, and maintaining balanced resource uti-
lization.

6.2.2. Larger-Scale Scenario

This setting evaluates the scalability and performance of the
heuristics under a heavier load resulting from the presence of
a larger number of players connected to the gaming slice. It
considers 100 groups, each one composed of 2 gamers (hence
200 players in total). The infrastructure is scaled accordingly,
with the three edge servers being now equipped with 20, 30
and 50 processors, respectively. Note that in this case we only
report the heuristics performance, since computing optimal al-
locations would require the exploration of 3290 ~ 2.7 . 10%
options (some of which can be immediately discarded).

Figure 18 compares the heuristics by plotting their minimum
group success probability as the number of groups in the net-
work slice increases. The results clearly highlight the superi-
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ority of the selfish policy and of the maxMin heuristic, which
exhibit almost identical performance. Very poor is instead the
performance obtained with the simple load balancing approach
of the minLoadStdDev heuristic. Similarly poor are the per-
formances of the maxAvg ans maxProd policies. These re-
sults show a tendency to create scenarios where certain user
groups suffer from very poor performance. In particular, the
load-balancing heuristic (minLoadSt dDev) focuses solely on
edge utilization while completely disregarding group success
probabilities, leading to imbalances in user experience despite
balanced resource allocation.

The plots in Fig. 19 illustrate the trade-offs associated with
different optimization objectives as the system scales. As
shown in Fig. 19a the maxAvg heuristic consistently achieves
the highest average success probability among the considered
heuristics, as expected. However, this high average perfor-
mance comes at the cost of fairness, as reflected by its poor re-
sults for the minimum success probability. Conversely, Fig. 19b
shows the performance of the maxMin heuristic, which of
course delivers the best minimum success probability. This
reinforces its role as a fairness-oriented policy as it is fo-
cused on the worst-case performance. However, this results
in a slightly lower average success probability compared to
the maxAvg heuristic. The heuristic maxProd depicted in
Fig. 19c, emerges as a balanced compromise. It achieves a
significantly better minimum success probability than maxAvg
while also providing a higher average success probability than
maxMin.

7. Conclusions

We have proposed an online gaming service deployed on
edge computing facilities and studied the performance of the
system. Through analysis and experiments, we have high-
lighted how our proposal is, on the one hand, very promising,
while being, on the other hand, also very challenging. Indeed,
the downside of the edge option is the need to coordinate gam-
ing engines on different edge facilities and VNFs.

Our analytical results show that, for a number of parameter
values that reflect real gaming systems, the edge gaming op-
tion can yield lower latency than cloud gaming, provided that
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the allocation of interacting gamers to edge servers is carefully
chosen. It often happens that better performance is achieved by
allocating gamers that closely interact on the same edge server,
but under some combinations of the system parameters, an allo-
cation of gamers to their closest game VNF can be more effec-
tive, in spite of the need for interaction among servers. Our
model is also helpful to unveil the dependencies of gamers’
performance on server allocations, when multiple groups of
gamers share to the same set of servers. In that case, optimiza-
tion becomes cumbersome, although simple online heuristics
can achieve good performance without reshuffling gamers’ al-
locations at each new group arrival. In the case of gamers with
wireless internet access who move (for example on a bus or a
train) while playing, a relevant issue is the delay due to han-
dovers from one RAN cell to another. The handover events can
cause spikes in latency, that disturb the gamer experience, and
may require reallocation of the moving gamer to a new edge
server. This aspect will be considered in future works.

Our model can provide a very effective tool for managers of
GaasS applications since it enables the choice of the best perfor-
mance option upon the arrival of new groups of gamers. This
allows the GaaS slice to operate at its best performance and
guarantee the best possible QoE to gamers.
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