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 a b s t r a c t

Cloud gaming platforms lower the access barriers to graphics-intensive games by rendering computationally 
heavy game scenes on cloud GPU servers and streaming them back to players as real-time video, which in turn 
places significant demands on carrier networks to deliver these video streams with high throughput, low latency 
and minimal packet loss. To achieve decent user experience, cloud gaming platforms adapt streaming behav-
iors based on network conditions and allow users to adjust their graphics settings. Knowing the level of game 
streaming adaptability offered by various cloud gaming providers is helpful for network operators to effectively 
provision network resources for subscriber satisfaction, and for game development community to incentivize 
cloud gaming providers to better optimize their streaming techniques. Toward this objective, we develop a sys-
tematic framework to assess the adaptability of a cloud gaming platform in reducing network demand for lower 
client graphics settings; and in adjusting streaming quality under constrained network conditions for smooth 
gaming experience. Focusing on four popular platforms (NVIDIA GFN, Xbox, PlayStation and Amazon Luna), we 
begin by empirically profiling and comparing how they adapt game streaming characteristics to various levels of 
client graphics settings and network conditions. Building on the insights, we develop our systematic assessment 
framework, which provides quantitative scores for both fine-grained metrics by processing labeled traffic traces, 
as well as aggregated scores tailored to an assessor’s preference. We showcase our quantitative assessments of 
the four platforms.

1.  Introduction

Cloud gaming aims to reduce the hardware barriers for casual and 
regular players to access graphics intensive games that often require 
highly configured graphics cards and large volume of storage space. 
In this model, instead of hosting tens of gigabytes of gaming contents 
on local devices and having (poor- or medium-quality) graphic scenes 
rendered by local hardware, users have all their game storage, logical 
processing, and graphics rendering performed on cloud platforms. User 
actions and game scenes are synchronized between clients and cloud 
servers in real-time. The operational mechanism offloads heavy com-
putational tasks from local devices to cloud clusters, which inevitably 
introduces significant demands on network quality-of-service. For ex-
ample, a generally good user experience of cloud gaming often requires 
a minimum of tens of Mbps bandwidth, less than 100ms latency, and 
less than 5% packet drop rate [1].

Given the important role Internet Service Providers (ISP) can play in 
cloud gaming user experience, understanding the right levels of network 
QoS (e.g., bandwidth, latency and packet drop rate) they should provide 
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to support a certain level of cloud gaming user QoE across (a diverse 
range of) browsers or dedicated software applications on either mobile 
or PC devices is the first step ISPs should take to guarantee superlative 
cloud gaming user experience. Such understandings of demands can be 
summarized as two broad questions: (i) How do cloud games adapt their 
network streaming characteristics to different options of active client 
settings such as frame rate and graphic resolution? (ii) How does the 
user-perceived experience change as cloud games adapt their stream-
ing quality to various levels of passive network conditions like band-
width, latency and packet drop? In addition to help network operators 
better understand the diverse demands across cloud gaming contexts for 
effective network resource provisioning, being able to answer the two 
questions can also incentivize cloud gaming providers to better optimize 
their streaming techniques for the resilience in user-perceived streaming 
quality under (unavoidable) degraded network conditions.

Prior works have studied cloud gaming from various aspects includ-
ing detection of cloud games and measurement of user experience met-
rics [5,6,8], analysis of video encoding and decoding on client and server 
hardware [2], and network anatomy of specific cloud gaming platforms 
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Table 1 
Summary of recent research works that analyze cloud gaming network traffic.
Work Platforms Game streaming QoE metrics Investigated impact factors Developed methodology
[1] GFN, Stadia Image quality scores; playability score Bandwidth; latency; packet loss; video codec Only analysis study
[2] GFN, Stadia; Luna Resolution; frame rate; responsiveness Bandwidth; latency; packet loss; game genre CG client performance monitoring
[3] Stadia Resolution; responsiveness Bandwidth; latency; video codec Only analysis study
[4] GFN, xCloud, Stadia, PS5 Resolution; frame rate Bandwidth; latency; packet loss Only analysis study
[5,6] GFN, xCloud Resolution; frame rate User setup Session detection and QoE measurement
[7] GFN Resolution; frame rate Game title/genre; player activity Streaming context classification
Ours GFN, xCloud, Luna, PS5 Resolution; frame rate; responsiveness Bandwidth; latency; packet loss Platform adaptability assessment framework

like Google’s Stadia [9] and NVIDIA’s GeForce NOW [10]. While prior 
works [4,11] analyzed the changes of network behavior (e.g., streaming 
throughput and packet rate) of cloud games under constrained network 
conditions, the two aforementioned questions regarding the adaptabil-
ity of cloud games, particularly in their streaming experience, have not 
been fully studied.

In this paper, we systematically assess how cloud games adapt their 
streaming characteristics to various client settings and constrained net-
work conditions, with a particular focus on four major cloud gaming 
platforms, namely NVIDIA GeForce NOW (GFN), Microsoft Xbox Cloud 
Gaming (xCloud), Sony PS5 Cloud Streaming and Amazon Luna, that 
together take over 60% of the global market [12]. Using our controlled 
lab setup (in Section 3) that allows us to enforce traffic control policies 
(e.g., limiting bandwidth) and measure network traffic before and after 
the shaping point, we make four specific contributions.

For the first contribution (in Section 4), we empirically investigate 
how cloud gaming platforms adapt their network streaming character-
istics to client graphics settings including frame rate and graphic reso-
lution, by adjusting the available graphics settings across various user 
setups on all four platforms and measuring their network characteris-
tics. We observe interesting insights such as that GeForce NOW reacts 
to both changes in client resolution and frame rate settings, whereas 
Xbox Cloud Gaming does not adapt its network characteristics at
all.

For the second contribution (in Section 5), we empirically study 
how user experience metrics (i.e., frame rate and graphic resolution) 
change as the cloud gaming platforms adapt their streaming quality 
to network Quality-of-Service (QoS) conditions such as bandwidth, la-
tency and packet drop. By enforcing different levels of network con-
straints on cloud games played via various user setups, we measure the 
user experience along with their network streaming characteristics. Our 
analysis reveals unique adaptations used by the four platforms. For ex-
ample, GeForce NOW, aligned with previous findings [10], prioritizes 
frame rate over graphic resolution under limited bandwidth conditions 
and hence can keep relatively good smoothness even with low avail-
able bandwidth, while Xbox does not adapt to the bandwidth condition 
change at all, leading to poor experience even with moderately limited 
bandwidth.

Driven by our analytical insights from representative case studies, 
our third contribution (in Section 6) develops a systematic schema 
that quantitatively assesses network adaptability of cloud gaming plat-
forms, which can be applied on large-scale dataset for converged quan-
titative conclusions and easily replicated for other emerging platforms 
or for regular assessments. The schema is structured with four hierar-
chies from fine-grained adaptability metrics of cloud game streaming 
on a certain user setup under a specific active or passive condition (e.g., 
user actively changing frame rate or varying available bandwidth), to 
aggregated scores of each metric under active or passive conditions and 
the two categories, and overall adaptability of an assessed cloud gaming 
platform.

The fourth contribution (in Section 7) implements an automatic 
process to quantitatively assess the network adaptability of a given cloud 
gaming platform. The process takes labeled packet captures of cloud 
gameplay sessions and generates scores at both fine-grained and aggre-

gated levels with default or customized weighting for each fine-grained 
category of user setups and active/passive conditions. We then report 
our assessment scores for the four studied cloud gaming platforms us-
ing labeled packet captures under three example assessment priorities 
including equal weights and prioritization on casual or mobile gamers. 
The results from our lab dataset covering 439 cloud gaming sessions 
showcase that GeForce NOW and Amazon Luna outperform Xbox and 
PS5 Cloud Streaming in terms of overall rating. PS5 Cloud Streaming 
has the highest adaptability under constrained network QoS conditions 
but performs poorly for active client configurations.

2.  Related work

2.1.  Analyzing cloud gaming quality-of-experience (QoE)

The user experience of cloud gaming has been the focus of many 
prior works – from evaluating QoE demands [13–16], measuring user ex-
perience [5,6,8,9,17–22], to optimizing cloud gaming system architec-
tures [23–25]. As examples, K. Chen et al. [26] and S. Schmidt et al. [27] 
investigated various factors that can impact cloud gaming user experi-
ence, and identified bandwidth, network delay and packet loss as some 
of the most important ones, among other indirect factors such as jitter 
and mobile handover. H. Iqbal et al. [2] measured the user-perceived 
QoE in browser-based cloud gaming sessions. They highlighted that 
cloud gaming platforms demonstrated different and often limited capa-
bilities of handling network impairments. The works in [1,4,10] eval-
uated the adaptation strategies of cloud gaming platforms under net-
work QoS constraints such as limited bandwidth and increased delays. 
For recent research works that analyze cloud gaming network traffic as 
provided in Table 1, they cover one or few popular cloud gaming plat-
forms and analyze certain set of game streaming quality-of-experience 
(QoE) metrics as impacted/determined by different factors including 
network QoS conditions [1,3,4] and game contexts [2,5–7]. They either 
conducted pure analysis study of cloud gaming traffic characteristics un-
der various network QoS conditions [1,4], or developed real-time traffic 
analysis technologies [5–7] to detect cloud gaming sessions and measur-
ing user experience metrics for operational networks. In this work, we 
develop a measurement process to assess the streaming adaptability of 
cloud gaming platforms under constrained network conditions on differ-
ent hardware (e.g., PC vs gaming console) and software platforms (e.g., 
browser vs native application) by analyzing cloud gaming traffic traces 
labeled by their respective user setups, streaming settings, network con-
ditions, and subjective user experience levels.

2.2.  QoE-driven network analysis of multimedia applications

Given their different demands and traffic behaviors, various methods 
have been proposed in the past to measure and enhance the user expe-
rience of multimedia applications (e.g., video streaming and conferenc-
ing) from the network perspective. iTelescope [28] developed an SDN-
based traffic processing architecture for the classification and teleme-
try of video streams. RecLive [29] compared the traffic characteristics 
of on-demand and live video streaming. O. Michel et al. [30] anat-
omized Zoom’s network behaviors, and developed a methodology for 
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Table 2 
Controlled parameters in our cloud gaming measurement.

Fig. 1. Our lab setup.

detecting Zoom meetings and identifying meeting types (e.g., single vs 
multiple users) by inspecting its packet headers. The authors in [31] 
proposed a signature-based online gaming detection method and stud-
ied the relationship between server locations and latencies of online 
games across three different Internet Service Providers (ISP). Cloud gam-
ing is characterized by its unique attributes of combining computation-
intensive cloud computing with bandwidth-demanding video stream-
ing and latency-sensitive online gaming. In this work, we specifically 
focus on understanding the network demands of cloud gaming and 
how it reacts to different network conditions, enabling ISPs to better 
plan for the growth of cloud gaming traffic in their infrastructure and 
for cloud gaming platforms to optimize their adaptability to network
constraints.

3.  Measurement setup and methodology

We now describe our lab setup for measuring cloud gaming network 
traffic with various client settings and network condition constraints.

3.1.  Lab setup

We set up our lab environment to collect network traffic traces of 
cloud gaming sessions exchanged between client devices and cloud gam-
ing servers. The logical schematic is shown in Fig. 1. The client de-
vices consist of mobile (Android phone and iOS tablet), PC (macOS lap-
top and Windows PC) and Xbox gaming console. They are wired/wire-
less connected via the access gateway (i.e., a home router with 1Gbps 
bandwidth capacity) to the Internet. All traffic exchanged between the 
Internet and the access gateway are shaped by a traffic control (TC) 
proxy that runs Linux TC commands [32] to enforce controlled net-
work QoS constraints such as bandwidth limitation, latency and packet 
drop rate. In this paper, the client devices in our university lab com-
municate with regional cloud gaming servers in our city operated by 
GeForce NOW and Xbox Cloud Gaming, thus, are under nearly ideal 
network QoS conditions of 1Gbps available bandwidth, less than 10ms 
latency, and nearly 0% packet drop rate before additional constraints 
by our traffic control proxy are enforced. The setup and data collec-
tion process can be easily replicated by professional data engineering 
teams in a Digital Twin of an industry assessor (e.g., ISP) to enrich the 
dataset as per their specific operational demands, such as to incorpo-
rate more devices popular among user or to cover different network
environments.

3.2.  Dataset

As indicated by the green and red arrows in Fig. 1, traffic traces 
of cloud games are captured at two vantage points before and after 
the traffic control proxy, so that we can analyze the network charac-
teristics before and after the QoS constraints are introduced, to un-
derstand the streaming profiles at both near client- and near server-
side.

User Setup: As shown in Table 2, we have collected network traffic 
traces1 (i.e., PCAP files) of cloud gaming sessions served by GeForce 
NOW, Xbox Cloud Gaming, Amazon Luna and PS5 Cloud Streaming 
via their supported user setups. Specifically, we used both browsers 
(Chrome and Safari) and the native GeForce NOW application on both 
mobile and PC devices for GeForce NOW cloud games. For Xbox Cloud 
Gaming, we used third-party browsers and native applications on mo-
bile devices, browsers on PC devices, and native applications on the 
Xbox proprietary hardware gaming console. Amazon Luna supports both 
browsers and native applications on mobile devices but only supports 
browsers on PC devices, which are all covered in our dataset. PS5 Cloud 
Streaming offers cloud gaming services via its native applications on 
mobile, PC and gaming consoles that are all included in our data collec-
tion.

Game Selection: To capture possible variations introduced by 
game genres and titles, we played popular titles representing diverse 
genres, such as CS2 (first-person shooting), Cyberpunk 2077 (action 
role-playing), FIFA 23 (sports), etc. Additionally, different games re-
quire unequal amounts of computational resources on cloud servers, 
which may impact the user experience. We included games with 
high demands on hardware configuration (Microsoft Flight Simulator, 
Sword & Fairy 7 and Baldur’s Gate 3), as well as games that report-
edly have low configuration requirements such as GTA V [34] and
CS2.

Active Client Settings: GeForce NOW and Amazon Luna allow users 
to select their gaming graphic resolution and streaming frame rate 
to better suit their display hardware, while Xbox Cloud Gaming and 
PS5 Cloud Streaming only provide the flexibility in graphic resolution. 
Therefore, as indicated by the second row of Table 2, we collected traf-
fic traces by varying the graphic resolution from SD (480p) to UHD (4K) 
and frame rate from 30 to 60 fps on their supported platforms, covering 
the most popular graphics settings [35]. The results will be discussed in 
Section 4.

Passive Network Conditions: All platforms support an “auto” op-
tion for client settings. In this mode, the platforms will automatically 
configure gaming graphic resolution and frame rate for the user with 
respect to the client hardware specifications and network conditions. 
We tune three common network QoS constraints (i.e., bandwidth, la-
tency and packet drop rate) to investigate how the player experi-
ence (QoE) is affected by the cloud gaming platforms’ adaptations of 
their streaming graphics configurations. The results will be discussed in
Section 5.

1 Our cloud gaming PCAP dataset is publicly available at [33].
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Fig. 2. Time series plots for frame rates and streaming throughput of cloud 
games with different client resolution settings. The range of timestamps in each 
plot represents the total duration of each continuously conducted experiment, 
which can be different across our collected sessions.

4.  Analyzing cloud gaming network characteristics across client 
settings

In this section, through case studies, we profile how cloud games 
adapt their network streaming characteristics to support different 
streaming settings (i.e., graphic resolution and frame rate) exactly as 
configured by the client, under unconstrained network conditions. For 
conciseness, insights into Sony PS5 Cloud Streaming and Amazon Luna 
are discussed in our quantitative assessment (Section 6). Key observa-
tions are summarized in Section 4.3.

4.1. NVIDIA’s GeForce NOW

Fig. 2(a) shows the downstream throughput and gameplay streaming 
frame rate of First Person Shooting (CS2) gameplay sessions on Windows 
PC native application with Ultra-High Definition (4K), Full High Defi-
nition (1080p), High Definition (720p) and Standard Definition (480p) 
graphic resolution settings. We note that GeForce NOW also allows users 
to configure their preferred maximum frame rate for gameplay stream-
ing to either 30 or 60 fps. Therefore, we fix the maximum frame rate 
option to 60fps in Fig. 2(a). Our other experiments with frame rate set 
to 30fps reached consistent conclusions, thus, are not shown here for 
brevity. To measure the actual frame rate received by the client, we use 

the number of frame markers per second in the streaming RTP flows 
[36] as the ground-truth indicator, as introduced in Lyu et al. [5].

From Fig. 2(a), we can clearly observe that the maximum streaming 
throughput of GeForce NOW gameplay sessions is directly determined 
by the specified graphic resolution. In the beginning phase of each game-
play, when we are in the waiting room for an upcoming game match, 
the throughput stays at a relatively dynamic but low level. It reaches 
the maximum level for the respective graphic resolution band (35Mbps, 
28Mbps, 16Mbps, and 13Mbps for UHD, FHD, HD, and SD, respectively) 
after the actual game match begins. The dashed lines indicate the aver-
age throughput and frame rate during active gameplay, with the gray 
bands representing the dispersion of the per-second statistics accumu-
lated over at least 200 data points for each experiment.

In addition to the CS2 cloud game sessions with a 60fps frame rate, 
we also investigated into the distribution of streaming throughput for 
another game title (i.e., Cyberpunk 2077) with either a 60fps or 30fps 
maximum frame rate. Unsurprisingly, with the same graphic resolution, 
a lower frame rate at 30fps results in lower throughput.

We do not observe differences in the distribution of streaming 
throughput among various game titles and genres. Similar insights are 
obtained for other supported user setups, including PC browsers and 
native mobile applications.

4.2. Microsoft’s Xbox cloud gaming

Xbox does not allow users to choose the game streaming frame rate. 
In Fig. 2(b), we show the streaming throughput and frame rate for the 
four resolution levels of GTA cloud games on the Xbox hardware con-
sole. Unlike GeForce NOW, the throughput of Xbox Cloud Gaming does 
not adapt to different resolution settings, as evidenced by the constant 
level of peak bandwidth usage (at 18Mbps) for the four resolution bands 
on the Xbox hardware console. This suggests that Xbox Cloud Gaming 
always attempts to stream at the highest resolution, and only performs 
downscaling at the client side to suit the user setting and/or fit the dis-
play device.

The second observation we made for Xbox Cloud Gaming platform 
is that, the streaming throughput reduces for game titles that are inher-
ently offered with low frame rate by the cloud servers, possibly due to 
high graphics rendering costs. One such example is given in Fig. 2(c) 
where we play Fairy and Sword, a role-playing game with reportedly 
high requirements [37] for graphics rendering. The frame rate under 
all resolutions (i.e., UHD to SD) stays around 30fps and the maximum 
streaming throughput remains constantly at 13Mbps, in contrast to the 
60fps games such as GTA, also shown in Fig. 2(c).

In Xbox cloud game sessions on different user setups, we observed 
changes only in the numerical values for the maximum streaming 
throughput. The conclusions from our analysis remain consistent.

4.3.  Highlights

We now draw two key highlights from our analysis and comparison 
of the two platforms.

Firstly, our observation reveals that GeForce NOW optimizes stream-
ing throughput for clients requesting different levels of graphic resolu-
tion, maintaining the same maximum frame rate across various game ti-
tles. In contrast, Xbox exhibits a constant streaming throughput irrespec-
tive of user setup types and the requested resolution. Consequently, for 
cloud gaming platforms like GeForce NOW, Internet Service Providers 
(ISP) can leverage bandwidth as a robust indicator of the user’s preferred 
graphic resolution, facilitating a better understanding of user prefer-
ences. On the other hand, platforms like Xbox Cloud Gaming, which 
maintain a constant streaming quality, require ISPs to provide a unified 
minimum bandwidth for ensuring a consistently good cloud gaming ex-
perience.

Secondly, GeForce NOW dynamically adapts its streaming through-
put for clients choosing different frame rate settings. In contrast, Xbox 
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Fig. 3. Three types of graphic quality of cloud games a user can perceive: (a) good, (b) reduced and (c) unplayable.

Cloud Gaming maintains a fixed frame rate for various game titles based 
on their well- or less-optimized graphics rendering costs. Frequent in-
stances of low frame rate (e.g., 30fps) observed from a user on the 
GeForce NOW platform are likely a voluntary choice, considering the 
user’s display device’s refresh rate. However, similar observations from 
users on Xbox Cloud Gaming can be attributed to the specific games 
being played. Importantly, users on Xbox Cloud Gaming or similar plat-
forms may not be aware of the underlying reason, potentially (mistak-
enly) attributing the network QoS provided by their ISPs as the root 
cause.

Having analyzed how cloud gaming platforms actively adapt their 
network streaming characteristics (especially streaming bitrate) to the 
client graphics settings, we now move on to investigate their adaptabil-
ity to passive network conditions, namely how they reactively adapt the 
streamed user experience under constrained network conditions.

5.  Analyzing cloud gaming adaptability to network conditions

In this section, through representative case studies, we profile how 
the perceived cloud gaming user experience (QoE) changes as GeForce 
NOW and Xbox Cloud Gaming adapt their streaming quality to con-
strained network conditions (Section 5.1), including limited bandwidth 
(Section 5.2), increased latency (Section 5.3) and increased packet drop 
rate (Section 5.4).

5.1.  Clients’ perception on cloud game user experience (QoE)

Before delving into the measurement results from the network traffic, 
we first visually examine different levels of graphic quality that a user 
can perceive, as depicted in Fig. 3. The first type of quality is defined as
good resolution (Fig. 3(a)). With this level of quality, users can clearly 
discern the graphic details matched with the capability of their displays, 
including UHD monitors, FHD laptop screens, or HD mobile screens. 
When the network QoS cannot fully support the good resolutions for the 
respective display settings, users may experience reduced resolution
(Fig. 3(b)). The graphics are downgraded to a lower resolution level, 
depending on the current level of network QoS, such as FHD, HD, or 
SD on a UHD display. Despite the reduction in visual quality, users can 
still play the game, albeit with a degraded visual experience. The third 
type of graphic experience, which occurs when the users are not able to 
see complete game scenes, is named unplayable resolution. As shown 
in Fig. 3(b), the game scene is fragmented into multiple blocks that are 
inconsistently synchronized with each other, as opposed to just being 
blurry in the case of “reduced resolution”. Users find it challenging to 
proceed with gameplay due to such a distorted graphic experience.

In addition to the picture quality (i.e., graphic resolution and bi-
trate), the cloud gaming user experience is also directly dependent on 
the streaming frame rate. A high value (e.g., near 60fps or above) in-
dicates smooth transitions between video frames and accurate synchro-
nization of user input with the cloud servers. A very low frame rate (e.g., 
below 30fps) can result in discrepancies in game scenes and unrespon-
siveness to user motions. As discussed in Section 4, the streaming frame 

Fig. 4. Frame rates and streaming throughput of GeForce NOW cloud games 
under limited bandwidths.

Fig. 5. Streaming throughput, upstream/downstream packet rate of Xbox cloud 
games under limited bandwidths.

rate can be directly and quantitatively measured by counting the frame 
markers in the respective RTP flows for our analysis.

5.2.  Bandwidth

Clients who subscribe to broadband network services often have an 
expected bandwidth as part of their service level agreements. However, 
in practice, the actual available bandwidth may vary (e.g., become less 
than what is advertised) due to factors such as the time of day (e.g., busy 
or idle hours) and bottlenecks in the routing path to the accessed service. 
Therefore, we consider the maximum available bandwidth as a network 
QoS constraint to study its impact on cloud gaming user experience, 
measured by graphic resolution and game streaming frame rate.

In this set of experiments, we adjust the available bandwidth of the 
client using our traffic control (TC) proxy, as discussed in Section 3. For 
each game title considered in this study, we incrementally reduce the 
bandwidth from unlimited (i.e., 1Gbps) until reaching the unplayable 
level, characterized by either frequent disconnection from the server or 
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Fig. 6. Streaming throughput, frame rate and graphic quality of cloud games with increased latency.

fragmented graphics on each cloud gaming platform. We capture cloud 
gameplay sessions lasting more than five minutes for each level of band-
width limitation to draw conclusions from the stable states of gameplay. 
From the traffic traces captured at the vantage point post traffic shaping 
(indicated by the green arrow in Fig. 1), we verify that the downstream 
traffic throughput is consistently capped at the configured levels.

GeForce NOW:  For the GeForce NOW platform, we tune the 
maximum available bandwidth to the client device from unlimited to 
20Mbps, 15Mbps, 10Mbps, 5Mbps and 3Mbps, respectively. Fig. 4(a) 
shows the downstream traffic throughput of game streaming content 
sent by the server, as measured at the pre-shaping vantage point (indi-
cated by the red arrow in Fig. 1). Fig. 2(b) shows the streaming frame 
rate received by the client device, as measured at the post-shaping van-
tage point (indicated by the green arrow in Fig. 1).

It is clear from the plots that GeForce NOW cloud gaming servers 
adapt the traffic throughput they stream to the client based on avail-
able network bandwidth. With the default settings on our Windows PC 
connected to a UHD display, the servers sent a maximum of 36Mbps 
traffic to the client under unlimited available bandwidth. The bitrate 
from cloud servers dropped to 18Mbps when a “20Mbps” bandwidth 
limit is imposed on the client device. Similar observations can be made 
from Fig. 2(a) for the other bandwidth limits.

As shown in Fig. 2(b), to adapt the video bitrate for a lower band-
width limit, GeForce NOW cloud servers tend to reduce graphic resolu-
tion as the first choice before decreasing the frame rate. The frame rate 
remains at 60fps under unlimited, 20Mbps, and 15Mbps available band-
width conditions, while the graphic resolution drops from UHD to FHD 
and HD, respectively. A further reduction of available bandwidth from 
15Mbps to 10Mbps results in a drop in frame rate from 60fps to 30fps, 
while the resolution remains HD. Similar observations are obtained for 
other game titles and user devices. In this figure and other figures in this 
paper, we use color-coding to represent different graphic qualities in the 
gameplay regions, associating dark green with UHD, light green with 
FHD, yellow with HD, red with SD, and dark red with unplayable qual-
ity. Notably, in the gameplay sessions discussed above, we encounter an 
unplayable quality (i.e., graphic fragmentation and discontinuity) when 
the bandwidth limit is set to 3Mbps. The frame rate for such unplayable 
scenarios are also unstable and consistently below 30fps.

Xbox Cloud Gaming: The Xbox Cloud Gaming platform exhibits a 
significantly different behavior when the available bandwidth of the 
client is insufficient to support the default client QoE settings. We re-
duce the bandwidth limit from unlimited (1Gbps) to 20Mbps, 15Mbps, 

and 13Mbps. The downstream throughput sent by the cloud gaming 
servers is shown in Fig. 5(a), and the upstream/downstream packet rate 
measured at server/client sides is shown in Fig. 5(b).

Unlike GeForce NOW cloud servers, which adapt their streaming bi-
trate according to available bandwidth on the user side for a smooth user 
experience, Xbox Cloud Gaming servers exhibit less optimization with 
limited bandwidth. From Fig. 5(a), it is evident that while the stream-
ing bitrate from the server drops when bandwidth limits are introduced, 
its pattern becomes quite unstable. Notably, the streaming throughput 
from the server before the traffic shaping remains at a level much higher 
(around 16Mbps) than what can be delivered to the client, even when 
the imposed limit (set at 13Mbps) leads to unplayable scenarios with 
frequent disconnections and graphic fragmentation. Apparently, the re-
quired bitrate for a smooth Xbox cloud gaming session has not been 
reactively reduced for limited bandwidth conditions.

The upstream packet rate from the client to the cloud server in-
creases from 300pps under the “unlimited” condition to 400pps and 
500pps under 20Mbps and 15Mbps conditions, respectively. Moreover, 
this value goes up to 1300pps when the game becomes unplayable with 
the 13Mbps bandwidth limit. After investigating the packet traces, we 
found that these extra packets are for error acknowledgment in stream-
ing frames.

In terms of user experience, we could not observe any systematic 
adaptation for graphic resolution and frame rate when bandwidth is 
limited. Adding to the inadaptability of Xbox cloud servers, the high 
volumes of error/lost packets, as just discussed, further overwhelm the 
already congested network, causing the frame rate to be highly unstable 
and gaming graphics to be fragmented.

Key Takeaways:  When faced with limited available bandwidth 
on the client side, GeForce NOW cloud servers optimally adapt the 
streamed graphic resolution as a primary measure to lower bandwidth 
demands while keeping frame rates at a relatively high level for a 
smooth user experience, which is aligned with previous findings [4]. 
This technical implementation provides more tolerance to the level of 
bandwidth ISPs can allocate to cloud gaming users, particularly during 
peak hours, without subjecting them to an unplayable experience.

In contrast, Xbox Cloud Gaming does not support dynamic adjust-
ment of the streaming bitrate from the server side based on client-side 
bandwidth limitation, sending the same amount and quality of gaming 
video regardless. Consequently, users perceive unplayable graphic qual-
ity and/or frequent disconnection when the expected client bandwidth 
cannot be achieved.
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Fig. 7. Packet rate, frame rate and graphic quality of cloud games with increased packet drop rates.

5.3.  Latency

Latency is another critical network QoS metric that can directly im-
pact the user experience of networked applications. We now investigate 
how the streamed user experience are affected as cloud games served 
by GeForce NOW and Xbox adapt to increased latency. Using our traffic 
control proxy, we incrementally add extra latency between our client 
device and the cloud gaming servers until the user experience becomes 
unplayable.

CeruleanGeForce NOW:  Without any additional latency, our cloud 
games on the GeForce NOW platform have latency between the client 
and server sides smaller than 5ms, a value recognized as ideal by the 
platform. We then introduce extra latency for our gameplay sessions on 
PC device, ranging from 16ms to 30ms, 50ms, 100ms, 200ms, 300ms, 
500ms until 1000ms, when we experience frequent disconnections.

The streaming bitrate sent by the sever is visually presented in 
Fig. 5(a). Compared to the sessions with moderate levels of extra latency 
(i.e., 15ms to 200ms), the ideal case (labeled as “0ms” extra latency) has 
relatively lower bitrate (less than 30Mbps) as it can stream more effi-
ciently (i.e., demanding fewer bytes on the wire), possibly due to less 
aggressive Forward Error Correction (FEC) mechanisms. As clients, we 
perceive that the delay of our user input is linearly correlated with the 
latency, whereas the graphic quality and video frame rate do not change 
with increased latency up to 300ms. When the extra latency is set to 
500ms and more, the cloud server actively reduces the graphic qual-
ity from UHD to HD or lower levels for the smooth delivery of gaming 
frames. This active adaptation also results in lower streaming bitrate, 
i.e., below 25Mbps.

The sessions via other user setups behave similarly when extra la-
tency is introduced. However, we would like to note that cloud game-
play via browsers (shown in Fig. 6(c)) is less optimal to extra latency in 
terms of maintaining graphic resolution while having smooth frame de-
livery. In the shown example, the resolution starts dropping right after 
100ms, much earlier than the 500ms threshold via native applications.

Compared to limited bandwidth, as discussed in Section 5.2, a poor 
latency condition will not result in fragmentation or discontinuity in 
graphics, as the GeForce NOW servers can actively reduce the bandwidth 
demands by tuning the graphic resolution. Instead, with higher latency, 
clients experience less responsive in-game motions and actions, until 
being disconnected by the server.

Xbox Cloud Gaming:  From our experimental results, Xbox Cloud 
Gaming servers employ different strategies to handle high latency when 
the gameplay sessions are initiated from different user setups (i.e., Xbox 
hardware console or PC/mobile devices).

On Xbox’s own proprietary hardware console, the platform tends to 
adjust both graphic resolution and frame rate when extra latency is in-
troduced (Fig. 5(b)). For instance, with an extra latency of 16ms, we 
observe both resolution drop from UHD to FHD and frame rate drop 
from 60fps to 30fps. Interestingly, when we increase the extra latency 
to 30ms, the frame rate returns to 60fps while the resolution also returns 
back to UHD. However, the frame rate drops back again to 30fps with 
50ms and 100ms extra latency. These adjustments result in different lev-
els of streaming throughput sent by the server. As shown in Fig. 6(b), the 
maximum throughput for the “0ms” and “30ms” cases is 18Mbps, while 
for the “16ms”, “50ms” and “100ms” cases, it hovers around 10Mbps. 
It is worth noting that the fluctuation in throughput in the “50ms” and 
“100ms” cases is also caused by error/disordered frames(e.g., due to 
packets dropped upon queue overflow), as discussed in Section 5.2.

When the added latency exceeds 200ms, the graphic resolution drops 
dramatically to an unplayable level (to the point where we can hardly 
discern the resolution band, but it is worse than SD). As seen in Fig. 6(b), 
the streaming throughput drops to less than 3Mbps or even zero due to 
failure of game initialization.

For the gameplay sessions played via PC browsers or mobile 
browsers/apps, the platform reacts to extra latency in a manner quite 
similar to GeForce NOW. The graphic resolution and frame rate do not 
drop until a very high latency is introduced (e.g., no resolution change 
until 200ms and no frame rate change even with 1000ms latency in our 
example case shown in Fig. 5(d)). With an ideal latency of less than 5ms 
(the leftmost case in Fig. 5(d)), the streaming bitrate sent from the cloud 
server is the most optimized compared to slightly higher latency bands, 
as it requires the lowest amount of bandwidth while still maintaining 
the same high resolution and frame rate.

Key Takeaways:  Both Xbox Cloud Gaming and GeForce NOW per-
forms well when the latency is 100ms or lower. When the latency 
reaches 200ms or beyond, the user inputs become very unresponsive 
and eventually the cloud gaming session becomes unplayable or gets 
disconnected by the server.

GeForce NOW reacts similarly for all user setups, including PC/mo-
bile devices running native GeForce NOW applications or browsers. 
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However, the reaction, i.e., dropping graphic resolution for smooth 
frame streaming, to increased latency is more optimized for cloud games 
on native applications.

Xbox Cloud Gaming demonstrates different responses to increased la-
tency for cloud games played on the Xbox hardware console and PC/mo-
bile devices. Both graphic resolution and frame rate are adjusted when 
the latency is increased at a relatively low level (e.g., from 30ms) on 
the hardware console, while the PC/mobile sessions start to adapt their 
graphic resolution only at a higher latency level (e.g., 500ms).

5.4.  Packet drop rate

In addition to bandwidth limit and latency, packet drop rate is an-
other important network QoS metric that ISP often optimize against. The 
impact of packet drop rate on online gaming [38] and video streaming 
[39] user experience has been extensively studied, while little is known 
for cloud gaming. Similar to our measurement study on bandwidth and 
latency, we use our traffic control proxy shown in Fig. 1 to incremen-
tally introduce higher packet loss rates (from 0% to 50%) till the user 
experience becomes unplayable (i.e., disconnected from the server and 
unable to restart a gameplay session).

GeForce NOW:  GeForce NOW tends to actively reduce the graphic 
resolution of gameplay sessions that are experiencing observable (i.e., 
medium or high) packet losses, while the streaming frame rate is kept 
at a relatively optimal level for the smoothness of user motions and dy-
namic game scenes. We now discuss a representative experimental re-
sult for CS2 gameplay sessions via native GeForce NOW PC applications, 
which is visually depicted in Fig. 7(a) as time-series plots.

Gameplay sessions via GeForce NOW native application behave 
nearly optimally when experiencing packet loss. From Fig. 7(a), we can 
see that the graphic resolution gradually drops from FHD to HD and fi-
nally SD as the packet drop rate increases from 1% to 50% in five steps. 
The frame rate always stays at a relatively high level (around 60fps) to 
guarantee smoothness in user motions and dynamic game scenes, even 
when the loss rate reaches 50%. Considering that prior works, such as 
Wu et al. [25], have proposed advanced techniques for image and user 
action prediction in cloud gaming, it is plausible that the native ap-
plication might incorporate similar techniques for a highly optimized 
gameplay experience even in degraded network QoS conditions.

Unlike native GeForce NOW application that maintains good 
smoothness by optimally reducing graphic resolution even with signif-
icant packet drops, gameplay sessions via mobile/PC browsers seem to 
follow a more brute-force approach. This involves a sudden drop in 
graphic resolution even with a slight level of packet loss, as clearly ob-
served from Fig. 7(c) from streaming throughput, packet rate and user 
experience metrics of representative sessions via PC browsers.

For the first two very low levels of packet drop rate (i.e., 0% and 
0.1%) shown as the two leftmost blocks in Fig. 7(c), we do not observe 
any difference in graphic resolution or frame rate. The streaming bitrate 
stays at nearly 20Mbps with a packet rate of 2Kpps. As the packet drop 
rate increases to even a small amount of 1% and 2%, the graphic res-
olution is radically adjusted to a very low quality (e.g., HD and SD on 
a UHD display), as visually shown in Fig. 7(c). Meanwhile, the frame 
rate remains at a decent level (e.g., around 60fps) for a smooth stream-
ing experience. Surprisingly, the perceived smoothness of the streaming 
experience does not change significantly from 1% to 10% packet drop 
rates. Therefore, we believe that a significant resolution drop at low 
packet drop levels (e.g., 1%) is an excessive approach more suitable for 
higher drop rates. When the packet drop rate reaches 20%, we begin 
to experience frequent stutters in game scenes and noticeable “telepor-
tation” of our in-game characters. Eventually, the gameplay becomes 
entirely unplayable at a 50% packet drop rate, requiring a long wait for 
even a single change in the video frame.

Xbox Cloud Gaming:  From our experiments, Xbox Cloud Gaming 
gameplay sessions accessed via all supported PC, mobile and hardware 
console do not react optimally to packet drops. The game scenes via 

PC and mobile browsers become fragmented and discontinued (such as 
shown in Fig. 3(c)) even if the correctly displayed segments are at good 
resolution when the packet drop rate reaches 5% or higher, as shown in 
the representative sessions in Fig. 7(d). In addition, Xbox Cloud Gaming 
does not adapt its streaming bitrate or packet rate until a very high 
packet drop rate is applied. Therefore, the streaming bitrate and packet 
rate from the cloud server remains at the highest level (i.e., when no 
packet loss is introduced) until a 20% packet drop rate is introduced 
when the user experience becomes almost unplayable. As visually shown 
in Fig. 7(d), the packet rate drops from 1400pps to 400pps for the two 
high drop rates.

The gameplay sessions via Xbox hardware console similarly under-
perform compared to those via PC or mobile browsers, as illustrated in 
the example in Fig. 7(b). However, given that the hardware console ses-
sions do actively acknowledge error and lost packets to the cloud server, 
as shown by the relatively higher upstream throughput for 2%, 5%, and 
10% packet loss rates in Fig. 7(b), the streaming bitrate and packet rate 
show arbitrary changes. Similarly, the frame rate shows random, unex-
pected increase under high packet drop rate (i.e., 5% to 20%) due to 
retransmitted video frames that failed to be delivered to the client. We 
could not find a clear pattern from our repeated experiments.

Key Takeaways:  GeForce NOW exhibits better mechanisms to adapt 
graphic resolutions and maintain decent streaming frame rates under 
varying packet loss rates compared to Xbox Cloud Gaming. GeForce 
NOW can provide a playable user experience with a small level of packet 
loss (e.g., 2%), whereas Xbox sessions can quickly become unplayable 
(e.g., having fragmented graphics) even with a small drop rate. There-
fore, ISPs will need to guarantee minimized packet drop rates for Xbox 
Cloud Gaming players to achieve an equivalent experience from GeForce 
NOW.

As for GeForce NOW, its native applications on mobile and PC de-
vices adapt their graphic resolutions to different level of packet drop 
rates more precisely than those via generic third-party browsers, which 
takes a radical drop of resolution when the drop rate exceeds 1%. There-
fore, by identifying the software agent a GeForce NOW cloud gaming 
user is using for a particular session that may experience packet drops, 
ISPs can precisely manage the packet drop rate to achieve desirable user 
satisfaction.

6.  Systematic schema for assessing cloud gaming network 
adaptability

Through representative case studies, we have discussed our qualita-
tive understanding of how cloud gaming platforms actively adapt net-
work demands (i.e., throughput) for different levels of active stream-
ing configurations, and passively adapt their streaming behaviors (e.g., 
frame rate or graphic resolution that impact subjective user experience) 
under degraded network conditions. Such heuristic conclusions drawn 
from manual analysis require extensive labor efforts and cannot be eas-
ily expanded for all the traffic traces we have collected in Table 2, a 
necessary step for converged quantitative conclusions. They also cannot 
be replicated for other emerging platforms or used to provide periodic 
assessment results for the networking and game development communi-
ties. Therefore, in this section, we design a systematic schema that quan-
titatively assess the network adaptability of a cloud gaming platform. 
Our schema (Section 6.1) uses performance scores (Section 6.2) to indi-
cate the adaptability for client settings impacting network throughput; 
and network conditions impacting subjective user experience, which are 
further aggregated into summarized scores using customized weights 
defined by the assessors (e.g., network operators) (Section 6.3).

6.1.  Assessment schema and categories of scores

We define our schema that contains assessment scores covering 
all variables as discussed in Section 4 that could be considered as 
adaptability for both client configurations and network conditions.
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Table 3 
Five quantitative levels of cloud gaming user experience with ACR scale.

Fig. 8. Assessment schema of cloud gaming platform network adaptability.

As visually shown in Fig. 8, the scores are grouped into three categories 
(i.e., boxes), namely active client configuration, passive network condi-
tion and overall adaptability.

Two basic categories: Within the category of active client config-
uration, each score indicates the network adaptability with respect to 
either streaming frame rate or graphic resolution of the assessed cloud 
gaming platform accessed through a certain user setup such as mobile 
browser or PC APP. Similarly, within the green box in Fig. 8 for pas-
sive network condition, each score (e.g., 𝑠𝑐_𝑝𝑛_𝑏𝑤_𝑢1 and 𝑠𝑐_𝑝𝑛_𝑙𝑡_𝑢1) is 
for the adaptability of cloud games in terms of either available network 
bandwidth, latency or packet loss through one type of user setup.

One category for the overall adaptability: Given that the scores 
can be large in quantity, thus, become difficult for an user of the assess-
ment schema (e.g., network operators who want to estimate the gaming 
experience of their clients) to evaluate the performance of a cloud gam-
ing platform in an abstract view. We therefore design the third category, 
shown as the pink block in Fig. 8, that hosts eight scores aggregated from 
those in both client configuration and network condition categories. The 
eight scores in this abstract category are organized in three levels of 
hierarchy, starting from the basic variables (e.g., streaming frame rate 
𝑠𝑐_𝑎𝑐_𝑓𝑟 and bandwidth 𝑠𝑐_𝑝𝑛_𝑏𝑤), to their upper categories (i.e., either 
client configuration 𝑠𝑐_𝑎𝑐 or network condition 𝑠𝑐_𝑝𝑛), and the one over-
all score 𝑠𝑐_𝑎𝑙𝑙 for the assessed cloud gaming platform.

6.2.  Generating and aggregating scores

After introducing the three blocks in our assessment schema, we now 
explain how the scores are generated in each block.

Client configuration:  For the fine-grained block of client config-
uration, each score represents the ability of the assessed cloud gaming 
platform to adapt its network volumetric metrics “𝑛𝑒𝑡_𝑣𝑜𝑙” (i.e., through-
put or packet rate) to various levels of a certain considered variable 
“𝑣𝑎𝑟” (e.g., frame rate). Assuming that we have a sequence of considered 
variable values [𝑣𝑎𝑟1, 𝑣𝑎𝑟2, .., 𝑣𝑎𝑟𝑛] and their corresponding network vol-
umetric metric values [𝑛𝑒𝑡_𝑣𝑜𝑙1, 𝑛𝑒𝑡_𝑣𝑜𝑙2, ., 𝑛𝑒𝑡_𝑣𝑜𝑙𝑛], there are many sta-
tistical methods, from linear regression to nonlinear models (e.g., loga-

rithmic), that take the two input sequences (i.e., ⃗𝑛𝑒𝑡_𝑣𝑜𝑙 and ⃗𝑣𝑎𝑟) to come 
up with their correlation. The correlation, which indicates the adaptabil-
ity of a cloud gaming platform for a certain variable, can be formally 
expressed as:

𝑐𝑜𝑟𝑟 = 𝑓𝑎𝑑𝑎𝑝𝑡( ⃗𝑛𝑒𝑡_𝑣𝑜𝑙, ⃗𝑣𝑎𝑟) (1)

As will be discussed in Section 7, the sequences of throughput and 
other five variables including streaming frame rate, graphic resolution, 
available bandwidth, latency and packet loss are produced from traffic 
traces of labeled cloud gaming sessions. While we use linear regression 
as the correlation function in the following lab assessment as a demon-
strative example, a systematic evaluation may be performed by an op-
erator to select the most suitable correlation function for its specific use 
cases, which is beyond the scope of this study.

Network condition:  Similar methods are used to compute adapt-
ability scores for the fine-grained block of network condition, whereas 
the correlations are computed between the subjective user-perceived 
streaming quality as rated according to Table 3 and the corresponding 
network conditions (e.g., latency). Also, a smaller change in video qual-
ity indicate a better platform adaptability. Therefore, to make the value 
of score consistent with human intuition that larger scores mean bet-
ter results, we take the inversion of normalized correlations as the final 
adaptability score.

Following the common practice in user experience research [40], we 
choose Absolute Category Rating (ACR) to map subjective user experi-
ence to five quantitative levels by collectively considering the graphic 
quality, responsiveness and streaming smoothness, as detailed in Ta-
ble 3. As found in [7], subjective user experience is not solely deter-
mined by the objective QoE metrics like streaming frame rate, as certain 
game titles and genres may inherently demand higher or lower frame 
rate and graphic resolution to support a good user experience than oth-
ers. For example, a good experience for card games like Hearthstone 
may only require a streaming frame rate of 30fps, whereas the same ob-
jective frame rate metric leads to poor or even bad experience for com-
petitive shooting games like CS2. Therefore, we directly capture user-
perceived experience via subjectively rated ACR scores while playing the 
respective games, rather than inferring from objective, game-agnostic 
QoE metrics. This provides a uniform representation of the subjective 
experience across game titles and genres for a consistent assessment of 
a platform’s network adaptability, while inherently accounting for their 
unequal demands.

In gameplay, poorer performance of one metric (e.g., graphic resolu-
tion) always lead to a worse overall user experience. Therefore, we use 
the lowest ACR score across all three aspects to represent the overall 
experience of an entire cloud gaming session. In our assessment results 
as will be discussed in Section 7.2, we statistically model the changes of 
user experience scores as a certain network condition metric degrades 
to various levels. For a more fine-grained and holistic representation of 
the user experience, a composite or weighted score covering all three 
aspects may be used, which is beyond the scope of this work.

Overall adaptability:  Presenting only individual scores can make 
executive-level comparison difficult. Therefore, as designed in our 
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schema (Section 6.1), we aggregate the assessment scores per variable 
via each user setup into three levels of overall scores through their 
respective aggregation functions. The first aggregation function 𝑓𝑎𝑐𝑡𝑖𝑣𝑒
takes all scores in the active client configuration block to produce two 
overall scores for frame rate 𝑠𝑐_𝑎𝑐_𝑓𝑟 and resolution 𝑠𝑐_𝑎𝑐_𝑟𝑠, respec-
tively. The second function 𝑓𝑝𝑎𝑠𝑠𝑖𝑣𝑒 produces three scores for bandwidth 
𝑠𝑐_𝑝𝑛_𝑏𝑤, latency 𝑠𝑐_𝑝𝑛_𝑙𝑡 and packet loss 𝑠𝑐_𝑝𝑛_𝑝𝑙 from the passive net-
work condition block. As shown in Fig. 8, the third function 𝑓𝑜𝑣𝑒𝑟𝑎𝑙𝑙 in 
the overall adaptability block further aggregates the scores to higher hi-
erarchies including client configuration 𝑠𝑐_𝑎𝑐, network condition 𝑠𝑐_𝑝𝑛
and ultimately one overall adaptability score 𝑠𝑐_𝑎𝑙𝑙. The mechanisms of 
our aggregation functions are discussed next.

6.3.  Customized aggregation functions

We now discuss how our three aggregation functions (i.e., 𝑓𝑎𝑐𝑡𝑖𝑣𝑒, 
𝑓𝑝𝑎𝑠𝑠𝑖𝑣𝑒 and 𝑓𝑜𝑣𝑒𝑟𝑎𝑙𝑙) progressively concise the number of adaptability 
scores with customized assessment priorities defined by the users.

Aggregation function for client configuration: First, the aggrega-
tion function 𝑓𝑎𝑐𝑡𝑖𝑣𝑒 summarizes all scores of streaming frame rate each 
for a unique user setup type into one score 𝑠𝑐_𝑎𝑐_𝑓𝑟. The original scores 
can be represented as an array 𝑆𝑎𝑐_𝑓𝑟 defined as:
𝑆𝑎𝑐_𝑓𝑟 =
[

𝑠𝑐_𝑎𝑐_𝑓𝑟_𝑢1 𝑠𝑐_𝑎𝑐_𝑓𝑟_𝑢2 . 𝑠𝑐_𝑎𝑐_𝑓𝑟_𝑢𝑁
] (2)

Users can specify their priorities within the range between 0 (lowest 
priority) and 1 (highest priority) on each user setup type for their own 
assessment needs. For example, a mobile telecommunications operator 
may give higher priority on mobile-related user setups like mobile APP 
and mobile browser so that the results are not biased by user setups that 
are not popular among its served users (e.g., PC or gaming console). The 
priorities assigned for all user setups of a given cloud gaming platform 
can be represented as an array 𝑊𝑎𝑐_𝑓𝑟 defined below:
𝑊𝑎𝑐_𝑓𝑟 =
[

𝑤𝑡_𝑎𝑐_𝑓𝑟_𝑢1 𝑤𝑡_𝑎𝑐_𝑓𝑟_𝑢2 . 𝑤𝑡_𝑎𝑐_𝑓𝑟_𝑢𝑁
] (3)

Therefore, the weighted average score 𝑠𝑐_𝑎𝑐_𝑓𝑟 by combining 𝑆𝑎𝑐_𝑓𝑟 and 
𝑊𝑎𝑐_𝑓𝑟 can be expressed as:

𝑠𝑐_𝑎𝑐_𝑓𝑟 =
𝑆𝑎𝑐_𝑓𝑟𝑊 T

𝑎𝑐_𝑓𝑟
∑𝑁

𝑖=1 𝑊𝑎𝑐_𝑓𝑟_𝑢𝑖
(4)

We use the same approach in 𝑓𝑎𝑐𝑡𝑖𝑣𝑒 to compute the summarized score 
𝑠𝑐_𝑎𝑐_𝑟𝑠 for graphic resolution.

Aggregation function for network condition: The adaptability 
scores aggregated by 𝑓𝑝𝑎𝑠𝑠𝑖𝑣𝑒 for the three variables in passive network 
condition, i.e., bandwidth 𝑠𝑐_𝑝𝑛_𝑏𝑤, latency 𝑠𝑐_𝑝𝑛_𝑙𝑡 and packet loss 
𝑠𝑐_𝑝𝑛_𝑝𝑙 are computed by the same method as used in client configu-
ration 𝑓𝑎𝑐𝑡𝑖𝑣𝑒. Users can provide their customized priorities for each user 
setup type, or use default uniform values for all original scores.

Aggregation function for overall adaptability: Unlike the previ-
ous two aggregation functions that summarize scores from two detailed 
blocks into the overall adaptability block in Fig. 8, the third aggregation 
function 𝑓𝑜𝑣𝑒𝑟𝑎𝑙𝑙 is applied within the overall adaptability block from the 
bottom to top hierarchy.

It first aggregates the two scores for frame rate 𝑠𝑐_𝑎𝑐_𝑓𝑟 and resolu-
tion 𝑠𝑐_𝑎𝑐_𝑟𝑠 into one score for active client configuration 𝑠𝑐_𝑎𝑐. Similar 
to other aggregation functions, each original score is assigned a cus-
tomized priority (in the array 𝑊𝑠𝑐_𝑎𝑐) by the users, as shown in the for-
mula below:

𝑠𝑐_𝑎𝑐 =
𝑆𝑠𝑐_𝑎𝑐𝑊 T

𝑠𝑐_𝑎𝑐
∑

𝑊𝑠𝑐_𝑎𝑐
, 𝑤ℎ𝑒𝑟𝑒 ∶

𝑆𝑠𝑐_𝑎𝑐 =
[

𝑠𝑐_𝑎𝑐_𝑓𝑟 𝑠𝑐_𝑎𝑐_𝑓𝑟
]

𝑊𝑠𝑐_𝑎𝑐 =
[

𝑤𝑡_𝑎𝑐_𝑓𝑟 𝑤𝑡_𝑎𝑐_𝑟𝑠
]

(5)

Fig. 9. Processing workflow for assessing the adaptability of a certain cloud 
gaming platform.

The function also aggregate the three scores for passive network con-
ditions into one score 𝑠𝑐_𝑝𝑛, as shown below:

𝑠𝑐_𝑝𝑛 =
𝑆𝑠𝑐_𝑝𝑛𝑊 T

𝑠𝑐_𝑝𝑛
∑

𝑊𝑠𝑐_𝑝𝑛
, 𝑤ℎ𝑒𝑟𝑒 ∶

𝑆𝑠𝑐_𝑝𝑛 =
[

𝑠𝑐_𝑝𝑛_𝑏𝑤 𝑠𝑐_𝑝𝑛_𝑙𝑡 𝑠𝑐_𝑝𝑛_𝑝𝑙
]

𝑊𝑠𝑐_𝑝𝑛 =
[

𝑤𝑡_𝑝𝑛_𝑏𝑤 𝑤𝑡_𝑝𝑛_𝑙𝑡 𝑤𝑡_𝑝𝑛_𝑝𝑙
]

(6)

As the last step shown in the formula below, 𝑓𝑜𝑣𝑒𝑟𝑎𝑙𝑙 further aggre-
gates the two scores for client setting and network condition in the mid-
dle hierarchy into one score for overall adaptability 𝑠𝑐_𝑎𝑙𝑙 with user-
specified priorities.

𝑠𝑐_𝑎𝑙𝑙 =
𝑆𝑠𝑐_𝑎𝑙𝑙𝑊 T

𝑠𝑐_𝑎𝑙𝑙
∑

𝑊𝑠𝑐_𝑎𝑙𝑙
, 𝑤ℎ𝑒𝑟𝑒 ∶

𝑆𝑠𝑐_𝑎𝑙𝑙 =
[

𝑠𝑐_𝑎𝑐 𝑠𝑐_𝑝𝑛
]

𝑊𝑠𝑐_𝑎𝑙𝑙 =
[

𝑤𝑡_𝑎𝑐 𝑤𝑡_𝑝𝑛
]

(7)

6.4.  Discussion on schema extensibility

The schema is independent of the quantity and combination of user 
setups in the assessed dataset, as the five fine-grained adaptability scores 
(e.g., streaming frame rate) calculated for a new user setup (e.g., Linux 
browser) will be added to their respective pillar along with all other 
user setups (e.g., as “sc_ac_fr_linux_browser”), and then aggregated to var-
ious levels of categories. Similarly, the schema can be easily extended 
to include more assessment aspects in both active client configuration 
and passive network condition pillars. Three changes will be made in 
the schema for a new assessment aspect (e.g., “jitter” representing the 
variation of latency). First, a sub-block containing detailed scores of the 
newly added assessment aspect per user setup will be added into the 
respective pillar (e.g., network condition pillar for the network jitter). 
Second, a summarized score for this aspect will be added into the bot-
tom hierarchy in the overall adaptability block, such as “jitter: sc_pn_jt”. 
Third, score priorities associated with this assessment aspect will be as-
signed by the user accordingly. In the “jitter” example, the priorities of 
jitter scores per user setup and the priority of the overall jitter score will 
be assigned. Other cloud gaming platforms can also be assessed the same 
way as those four discussed in this paper, given their labeled PCAP files 
for all the fine-grained assessment metrics across various user setups.

7.  Assessing network adaptability of four popular cloud gaming 
platforms

In this section, we systematically assess the network adaptability of 
four popular cloud gaming platforms using our schema designed in Sec-
tion 6. Our assessment workflow that takes labeled ground-truth traf-
fic capture (PCAP) files and user-specified priorities to generate scores 
is explained in Section 7.1. The assessment results are discussed in
Section 7.2.
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Table 4 
Breakdown assessment scores of active client configuration and passive network condition for GeForce NOW and Xbox Cloud Gaming platforms. The 
cells under PC categories are for Windows/macOS and those under mobile categories are for Android/iOS. Adaptability scores higher than 85/100 
or lower than 50/100 are highlighted.

Table 5 
Breakdown assessment scores of active client configuration and passive network condition for Amazon 
Luna and PS5 Cloud Streaming platforms. Adaptability scores higher than blue85/100 or lower than
50/100 are highlighted.

7.1.  Workflow

We implement an assessment pipeline that automatically generates 
scores in our schema by taking cloud gaming packet capture files as 
abstracted in Fig. 9. The pipeline requires three types of input files, in-
cluding packet capture (PCAP) files of cloud game sessions served by 
the assessed platform, ground-truth labels of the provided PCAP files in 
YAML metadata files, and user-specified score priorities for aggregation 
purposes in a YAML configuration files.

Starting from the left side of Fig. 9, the packet processing mod-
ule receives PCAP files and the corresponding metadata files in YAML 
format. Noting that the YAML files contain the values of enforced vari-
ables such as frame rate or available bandwidth, timestamp ranges of 
different values of an enforced variable, and perceived user experience 
ratings that cannot be directly derived from the PCAP files. Table statis-
tics in CSV format is generated per predefined time interval (e.g., one 
second in our implementation) for three metrics that are directly com-
puted from the PCAP files (i.e., median throughput, median packet rate, 
median frame rate) and the enforced variable value. As an offline pro-
cess after data collection, this module can be sufficiently implemented 
with common traffic processing tools like tshark, without stringent per-
formance constraints.

The following assessment module consumes all table statistics for 
each adaptability variable (e.g., resolution) per user setup to gener-
ate corresponding fine-grained scores in our adaptability assessment 
schema (e.g., 𝑠𝑐_𝑎𝑐_𝑟𝑠_𝑢1 in Fig. 8). For comparison purposes, we use 
the linearly normalized correlation as the adaptability score for a given 
variable with a certain type of user setup, e.g., available bandwidth with 
mobile browser 𝑠𝑐_𝑝𝑛_𝑏𝑤_𝑢1.

To quantify the adaptability to active client configuration options, 
namely resolution (e.g., UHD, FHD) and frame rate (e.g., 30fps, 60fps), 
which are discrete categorical values, we represent resolution values 
by the numbers of pixels per frame (e.g., the product of 3840×2160 
for UHD), represent frame rate by the number of frames per second 
(e.g., 60), and use throughput as the adaptability metric 𝑛𝑒𝑡_𝑣𝑜𝑙. Previ-
ous findings show that the bitrate of video streams linearly scales with 
the pixel dimension [41] and frame rate [42] within a practical range 
(e.g., 30–120Hz), with small variations introduced by compression in 

the encoding process. We then apply linear regression (as 𝑓𝑎𝑑𝑎𝑝𝑡) to cap-
ture their correlations. Specifically, we measure how well the changing 
ratio of the adaptability metrics (i.e., throughput) match that of the vari-
able values (i.e., resolution and frame rate) using the Pearson correlation 
coefficient. For example, the active adaptability to client resolution set-
tings for GFN on Mac native app is calculated by performing a linear 
regression between the resolution variables from UHD (3840×2160) to 
HD (1280×720) and the measured network throughput metrics, and 
taking the resulting Pearson correlation coefficient as the final score.

Assessment for network conditions variables (i.e., bandwidth, la-
tency and packet loss) follow the same procedures, with the adaptability 
metric being the subjective ACR score rather than throughput. Addition-
ally, for latency and packet loss whose values are negatively correlated 
with the QoE, we take the absolute value of the Pearson correlation co-
efficient so that the score reflects the level of adaptability, regardless of 
the direction of the correlation.

With the user-specified score priorities, the fine-grained scores un-
der the two categories, i.e., active client configuration (blue block in 
Fig. 8) and passive network condition (green block in Fig. 8), are further 
processed by the assessment score aggregation module that applies 
aggregation functions (introduced in Section 6.3) to generate overall 
adaptability scores for a certain cloud gaming platform at three hierar-
chical levels.

7.2.  Assessment results

We have collected packet capture (PCAP) files for a total of 439 cloud 
gameplay sessions on the four popular platforms. The labeled PCAP files 
cover all available variations of supported active client settings (at the 
time when we conduct our experiment) and network QoS constraints. 
For NVIDIA GFN and Xbox Cloud Gaming platforms that are available 
in our geography (i.e., Australia), the traffic traces are collected within 
our lab using the setup discussed in Section 3. For Amazon Luna and 
PS5 Cloud Streaming which are not offered in Australia, the labeled 
data are collected by a volunteer (acknowledged in §VIII) recruited from 
the U.S. with a Linux-based home router pre-configured by the authors 
for adjusting network QoS conditions and capturing traffic traces. To 
eliminate the potential biases on network demands and user experience 
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Fig. 10. Assessors can customize weights when assessing the adaptability of cloud gaming platforms to network conditions and client configurations, such as (a)
equally consider all user setup types and metrics, (b) prioritize browser metrics, or (c) prioritized sessions on mobile devices.

expectations imposed by different games, we select the same game ti-
tle (i.e., Fortnite) throughout all our cloud gameplay sessions, which is 
available on all four studied services and user platforms. All trace files 
along with their ground-truth labels are fed into our automatic process 
(Fig. 9) to generate assessment results. We acknowledge that the results 
presented here are only representative of our region and our specific 
network environments. For network operators planning to periodically 
reassess updated cloud gaming platform behaviors and/or to make as-
sessment under their specific network environments such as different ge-
ographical locations or certain access types (e.g., cellular mobile), they 
may recollect a bespoke set of labeled data through dedicated data engi-
neering teams [43,44], or extend our dataset through traffic augmenta-
tion [45–47], which can then be readily fed into our assessment pipeline 
to generate results.

Fine-grained adaptability scores: Assessors can directly refer to 
the detailed assessment score for a specific metric in client configura-
tion or network condition category for a certain user setup type. We 
show the detailed scores for GeForce NOW and Xbox Cloud Gaming 
in Table 4; and Amazon Luna and PS5 Cloud Streaming in Table 5. 
Aligned with our empirical findings discussed in Sections 4 and 5, plat-
forms showing a perceptibly good adaptability to certain variables (e.g., 
GFN native PC app to bandwidth changes) are assigned high scores (e.g., 
86.3/100) by our assessment module, whereas platforms demonstrating 
poor adaptability such as GFN Android app to client resolution settings 
are assigned very low scores (e.g., 3.86/100). Therefore, for illustrative 
purposes, high scores over 85/100 and low scores below 50/100 are 
highlighted by blue and red color in the tables, respectively.

From Table 4 we can see that GeForce NOW exhibits good adapt-
ability under constrained network conditions with all assessment scores 
above 75/100 on all user setups. The game streaming experience of GFN 
is exceptionally good when the bandwidth is limited for PC browser ses-
sions and the packet loss is relatively high for PC APP and Android APP 
sessions, with their respective assessment scores above 90/100, possibly 
due to more effective FEC mechanisms used to compensate such poor 
network conditions. The GFN’s network adaptability on active client 
configurations including frame rate and resolution settings are good on 
PC APP and PC browser as all scores are above 75/100. However, the 
scores are quite low for both frame rate and resolution on Android APP, 
indicating that game streaming sessions even with relatively low client 
setting levels are with bandwidth demands higher than necessary or ex-
pected.

Xbox Cloud Gaming has very good adaptability on its hardware con-
sole and Android mobile browsers for ensuring cloud streaming user ex-
perience when bandwidth is limited, resulting high scores over 95/100. 
However, its network adaptability on all client configuration does not 
exist for any available user setup type as indicated by the 0/100 scores, 
hinting the need for the platform operator to efficiently minimize the 
network demands to the actual client setting levels for an optimal band-
width usage.

From Table 5, it can be concluded that Amazon Luna achieves good 
adaptability for network conditions especially on mobile browsers, with 

the scores for bandwidth and packet loss above 85/100. Its network 
adaptability on user requested graphic resolution is good as well with 
all scores above 85/100. However, different user requested frame rates 
have very minor or even no impact on the high bandwidth demands on 
both available user setup types, resulting in very low scores of 55.4/100 
and 0/100.

As for PS5 Cloud Streaming, it has good adaptation to ensure user 
experience under constrained network conditions. However, its network 
adaptability for both user requested frame rate and graphic resolution is 
very poor (with all scores less than 50/100) on both available user setup 
types (PlayStation console and PC APP), indicating a constantly high 
network demand by cloud gaming sessions regardless of the requested 
frame rate and graphic resolution.

Adaptability by aggregating weighted scores:  In addition to fine-
grained adaptability scores for each assessment metric of a certain user 
setup type, as discussed in Section 6.3, our assessment framework also 
produces aggregated views of adaptability for specific metrics, client 
configuration or network condition categories, and the entire platform 
with customized weights assigned by an assessor for effortless compre-
hension. As shown in Fig. 10(a) where all metrics are assigned with
equal weights, we can conclude that GeForce NOW has the best over-
all platform adaptability with a score of 81, followed by Amazon Luna 
(80), PS5 Cloud Streaming (53), and Xbox Cloud Gaming (47). By look-
ing at the aggregated scores one level below, we can see that the four 
platform have similar adaptability for “network condition” with their 
scores all within a small range between 82 and 87. However, the four 
platforms are significantly different in “client configuration”. Notably, 
we see very low adaptability scores of 11 and 19 for Xbox Cloud Gam-
ing and PS5 Cloud Streaming, indicating that their network streaming 
behaviors have almost no change for varying client configurations. An 
assessor can further look at scores aggregated for each client configura-
tion or network condition metric for more specialized conclusions.

An assessor may prioritize certain assessment aspects compared to 
others. For example, one may suggest that cloud game streaming may 
be more favored by casual gamers who use browsers for their cloud 
game sessions than installing native applications, therefore, the plat-
form adaptability for browser sessions is more critical in overall user 
satisfaction. This prioritization can be directly captured in our assess-
ment pipeline by setting high weights for browser metrics (e.g., those 
for “PC browser” and “mobile browser” in Tables 4 and 5). We show 
the results after setting the weights for browser metrics to 0.8 and na-
tive APP metrics to 0.2 in Fig. 10(b). The overall adaptability scores of 
GeForce NOW and Amazon Luna slightly increase from 81 to 84 and 
from 80 to 82, whereas the overall scores for Xbox and PlayStation re-
main unchanged or slightly drop compared to the results with equal 
metric weights in Fig. 10(a).

Another set of example results is shown in Fig. 10(c) where we
prioritize all metrics for mobile user setups by setting their weights 
to 0.8 and otherwise 0.2. Such assessment scores are useful for 5G 
network operators whose clients are mostly connected via mobile de-
vices. It can be observed that the adaptability of GeForce NOW and
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Fig. 11. Deviation from final adaptability scores using a subset of bandwidth variable values.

Fig. 12. Deviation from final adaptability scores using a subset of latency variable values.

Fig. 13. Deviation from final adaptability scores using a subset of packet drop rate variable values.

PlayStation are slightly weaker on mobile devices compared to others, 
as their aggregated scores have small drops compared to Fig. 10(a), es-
pecially for GeForce Now in client configuration and its graphic resolu-
tion metric, hinting more static network bandwidth demands by mobile-
based streaming sessions compared to the PC sessions, even when the 
gamers choose lower streaming graphic settings.

Sensitivity analysis: While the variable values for active client con-
figurations (i.e., resolution and frame rate) are directly determined by 
the cloud gaming platform and user setup, those for passive network 
conditions (i.e., bandwidth, latency, packet drop rate) are manually se-
lected. Therefore, we conduct a sensitivity analysis in order to verify that 
the adaptability results generated by our assessment framework are con-
sistent even if an operator adopts a different set of values for a certain 
variable (e.g., bandwidth) in their evaluation. Specifically, for each of 
the network condition variables, we compute the adaptability scores us-
ing subsets of our dataset with progressively increased numbers of vari-
able values (from the minimum values required for correlation to using 
all values) across all available user setups and compare them against the 
final scores as reported in Tables 4 and 5.

Figs. 11, 12 and 13 depict the mean deviation between the subset 
score and the final score (as indicated by the dot markers) and the dis-
persion across user setups (as indicated by the shaded areas). Appar-
ently, with a small subset of variable values (e.g., 2 or 3), the deviations 
are typically very large, up to 45 points different from the final results. 
However, the scores quickly converge to the final results as more vari-
able values from each experiment dataset are included in the assessment. 
We also observe that GFN, xCloud and PS5 almost monotonically con-
verge to the final score as the number of variable values increases, often 

bringing the deviation below 15 with only 5 or more variable values. In 
contrast, Amazon Luna shows an oscillating behavior before eventually 
converging to the final score, therefore, network operators may need to 
carefully select a large number of unique variable values when assessing 
Amazon Luna to reach a stable result. Additionally, our results show that 
using the currently selected variable values for passive network condi-
tions in our lab dataset, we cover experiments with both excellent/good 
ACR scores and poor/bad ACR scores for every included cloud gaming 
platform and user setup, indicating that the selected values provide a 
representative spread across the entire user experience spectrum.

7.3.  Discussion on practical applicability

Our automatic assessment process is designed for seamless integra-
tion into the operational workflows of ISPs and game developers, given 
that standard Data Operations (DataOps) and Machine Learning Opera-
tions (MLOps) practices are performed for their specific assessment set-
tings. To satisfy their diverse operational requirements, such as testing 
across various network environments or different game titles, collecting 
an extended set of labeled ground-truth data is needed as the prelimi-
nary step. Additionally, periodic data cleansing and replenishment are 
necessary to mitigate biases from cloud gaming platforms updating their 
adaptation behaviors, a phenomenon known as concept drift [48,49]. 
These tasks are typically achieved through dedicated data engineering 
teams utilizing a Digital Twin to mimic the operational network, which 
are standard DataOps and MLOps practices widely used in the industry 
[50–52].
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The modular architecture of our assessment process ensures scala-
bility and customizability, with additional engineering adjustments re-
quired according to the changed or extended assessment objectives. Our
packet processing module operates offline on the labeled dataset to ex-
tract statistical volumetric information, which can be achieved via net-
work traffic analysis tools (e.g., tshark) and libraries (e.g., gopacket), 
as demonstrated in our reference implementation [33]. The assess-
ment module implements the score aggregation framework detailed in
Section 6, which intrinsically allows for customized choices of the adapt-
ability correlation function and schema extensions (see Section 6.4). As 
it is decoupled from the other stages of the process, assessors (e.g., ISPs) 
can adjust the assessment logic to cater to their specific demands with 
minimal engineering overhead.

8.  Conclusion

The increasing popularity of the cloud gaming business model im-
poses a high demand on the Quality of Service (QoS) offered by Internet 
Service Providers (ISPs), which can play a crucial role in the gameplay 
experience (i.e., QoE) perceived by users. In this paper, we empirically 
profile the streaming adaptability of four major cloud gaming platforms 
to systematically understand how they adapt their network streaming 
characteristics to client settings and how they optimize game streaming 
experiences to network conditions. A systematic framework is devel-
oped and implemented to quantitatively assess the cloud game stream-
ing adaptability of a platform with ground-truth traffic traces. The in-
sights obtained from this study using our assessment framework provide 
a reference for ISPs and relevant stakeholders to benchmark and opti-
mally manage their networks for supporting expected quality level of 
cloud gaming user experience.
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