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Abstract—Several elements in the design of next
generation networks, such as user profiling and network
slicing, are based on precise models of the traffic
load. In this context, recent research has investigated
various video traffic classes, while traffic related to
extended reality (XR) services remains unexplored. In
this paper, we propose an original empirical model of
3D animated XR data, derived by encoding real point
clouds with a standard compliant codec. Our proposed
approach spans different temporal scales, from minutes
to milliseconds aiming to measure different phenomena.
Indeed, we firstly analyze the packet size distribution
at the lower time scale, and we identify that it is
well approximated by heavy tailed Gamma distribution.
Then, we demonstrate how this finding can be integrated
to model phenomena at the application layer time scale.
Specifically, we show how a general semi-hidden Markov
model can be used to capture the dynamics of the service
session over time as well as the users behaviours. We
demonstrate the use of the model by different examples.
Taken together, our model results able to capture fine
and coarse grained behaviour in 3D XR traffic.

Index Terms—eXtended Reality (XR), Markov source,
Traffic model

I. INTRODUCTION

Traffic modeling is crucial in the design of next
generation network [2], and it has strong impact
in several problems, such as user profiling, network
slicing, caching strategies, and cost-revenue analysis.
The advancements of multimedia source models [19]
simplify the creation of experimental test environ-
ments [22] in the development of multimedia vehicu-
lar networks [23] . Extended reality (XR) traffic varies
according to the application and the type of encoded
data. The kind of data mostly used in XR are 3D
volumetric data, known are Point Clouds (PCs).
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Extended reality traffic modeling presents unique
challenges, [11] owing to its broad spectrum of data
types and services, including gaming traffic [6].

Existing literature has primarily focused on virtual
reality data, notably traffic generated by gaming ser-
vices [11]. Conversely, there is a gap in explicitly
modeling 3D volumetric XR data, particularly point
clouds. This kind of data introduces unprecedented
challenges for next-generation networks [18] in terms
of high throughput [15], [16] and stringent require-
ments for delay and jitter [17].

Herein, we propose an XR traffic model that is
innovative because it fills a gap in modeling XR
point cloud data, offering a versatile and precise
model for XR traffic across different time scales. Our
approach stems from the fact that in XR services the
transmitted data depends both on the user state and
on the encoded media type. In case of point cloud
streaming, the actual transmitted traffic depends on the
encoded data source features but also on application
layer rate adaptation to react to the actual network
quality of services [5]. Conversely, a model suitable
for gaming traffic should account of user actions [6]:
the user travels through different states, corresponding
to different activities, like being idle, scrolling the
extended reality view, or changing instantaneously the
viewpoint. The state changes occur at the time scale
of the user’s behaviour, and so does the generated
associated download traffic. For a given user state,
encoded data packets are randomly generated, and the
statistical properties of the packet data length change
accordingly to the user’s state. For instance, when the
user is in the idle state, the traffic reduces to low
bitrate, whereas the rate increases significantly in the
scrolling state, when the user rapidly refreshes the
rendered view requiring large amount of innovation
data per seconds.

In a nutshell, herein we propose a model of traffic
generated in XR volumetric video services, where
point cloud data are encoded. The main contribution
of this paper are

• we show novel results on the statistical distri-
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bution of geometric and photometric XR data
packets at different time scales, extending state-
of-the-art results on video traffic;

• we introduce a general semi-hidden markov
model accounting for different rate-adaptation
phenomena, ranging from network congestion to
user behaviour; the model can serve in network
design procedures;

• we provide a set of encoded traffic traces together
with an XR source traffic generator, to be used
within network simulators of XR services.

To account for the complexity of XR data sources,
we utilize a two-tier model, which considers the
different time scales of XR data generation, which
correspond to user behavior, network quality of ser-
vice, and type of transmitted data. This is sketched
in Fig.8. The user changes its state, on a time scale
of the order of minutes [6]; when the user remains
in a given state, several independently decodable data
packets (typically referred to as Group of Pictures,
or GOPs) are encoded. The rate of the GOP can be
adapted to account for the actual network quality of
service [5]. Each GOP is built up by individual frames,
i.e. encoded data referring to different time points; in
turn, each frame is encoded using one or more slices.
The proposed novel model has a two-tier structure
that accounts for both the data packet generation and
the changes due to application layer reactions or user
behaviour. The model firstly statistically characterizes
the encoded XR data traffic at a fine grain temporal
scale, and then represents the traffic fluctuations at
a coarse-grain time scale by hidden (semi) Markov
models.

The organization of the paper is as follows. Sec. II
reviews the state-of-the-art. In Sec.III, we introduce
a fine-grain description of the traffic, addressing the
lower layer time scale; in Sec.IV, we present a coarse-
grain description of the traffic, addressing the higher
layer time scale. We report numerical experiments
obtained using the model result in Sec.V; Sec.VII
concludes the paper.

II. RELATED WORK

The literature on XR spans different kinds of ap-
plications, such as mixed reality streaming, 3D scene
understanding, showcasing novel acquisition and com-
pression techniques in real-world scenarios.

Point clouds are a set of data points lying in the 3D
space representing tridimensional shapes or objects.
They are widely used in extended reality to represent
detailed and accurate 3D models of scenarios [1]. In
this context, the quality of point clouds is a crucial
aspect to determine their actual usability. Indeed, the
study in [12] explores how the quality of point clouds
and the viewer’s distance from those objects affect

user experience in mixed reality environments. Novel
quality of experience (QoE) metrics, emphasizing
those factors together with subjective perception [29],
could be developed.

Innovative methods have been introduced [13] to
understand and interpret dynamic scenes from 2D
images to 3D point clouds, focusing on the motion
and flow. They propose novel information organiza-
tion techniques and a new definition of motion, by
leveraging deep learning and attention mechanisms in
order to improve scene flow estimation in complex
environments. Another important challenge is related
to efficiently compress color information in dynamic
3D point clouds. One possible solution identified in
[7] is to using affine transformations to reduce the
amount of color data necessary to represent a point
cloud without visual quality degradation.

In [8] the authors present a comprehensive analysis
of mobile-app traffic patterns using Markov models to
predict future traffic behavior, whereas Markov chains
are introduced in [9] for network traffic prediction at
various granularities. This approach aims to improve
the accuracy of traffic forecasts, supporting network
planning and optimization efforts in the face of vary-
ing user demands. In [10] an in depth XR traffic
model is presented, referring to the specific case of
video data enriched by enhanced information. Con-
trary to existing approaches that primarily focus on
mixed/augmented reality data from video traffic, our
model directly describes the specific characteristics of
3D volumetric video data of traffic generated by point
cloud encoding.

III. FINE GRAIN XR TRAFFIC MODEL: THE
ENCODED SEMANTIC UNITS

In this Section, we aim to empirically characterize
the traffic source at a semantic unit time scale. To
this aim, we collected encoded data features from 3D
volumetric animated data, using a standard compliant
encoder. We perform the histogram analysis in order
to have compact representation of the source at a
semantic unit time scale.

Since XR services usually adopt media refresh at 60
frame per second (fps), a semantic unit corresponding
to an entire representation of the volumetric video
data is generated every 1/60 s. Therefore, the encoder
produces packets at a temporal scale that is of the
order of ten milliseconds. To infer the packet size
statistical characteristics, we capitalize on numerical
experiments carried out using the V-PCC point cloud
encoder developed within the MPEG standardization
framework. In the next section we will leverage these
results to statistically characterize the single states of
a higher layer model referring to larger time scales.
Under these premises, the scope of the experiment is
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to statistically characterize the traffic load generated
by a 3D animated source based on the distribution of
the sizes of the semantic units at the output of the
V-PCC encoder. By doing so, we do not delve into
the delays introduced by the communication channel,
depending on the network status and other factors
that come into play beyond the V-PCC encoder. This
assumption allows to reuse the proposed encoded
source model within the network design, as described
in Section V.

We consider two humanoids dynamic point clouds
(PCs) in the dataset [24], namely the Longdress and
the Soldier sequences, which have N = 765821 and
N = 1059810 vertices, respectively. Those PCs have
been chosen because they have real human characters,
meaning that the content is acquired from reality
and not artificially generated by computer graphic
techniques. This kind of data is expected to become
predominant in a number of XR services, including
training, telemedicine or shopping, for instance. Each
PC is captured at f0 = 30fps and each sequence
of PCs is T = 10s long. The coordinates of each PC
vertex are quantized over a 1024×1024×1024 voxels
cube. The attributes of the quantized vertices are the
RGB components of the surface color.

We encoded the PC sequences using the TMC2
implementation of the V-PCC encoder [25], [26]. It
projects each point cloud into three bidimensional
maps, namely the texture, geometry and occupancy
maps. Those maps are then encoded using a bidimen-
sional hybrid transform encoder. The Group of Picture
(GOP) structure of the bidimensional hybrid encoder,
that is the set of encoded maps initiating with an Intra
frame for random access purposes, corresponds to a
group of PCs that can be independently decoded.

In our analyses, we consider three test configura-
tions, that differ for the period among Intra encoded
frames: All-Intra (AI), where all the frames are en-
coded with no reference to the past; Low-Delay (LD),
Random Access (RA). Those configurations were
tested under 5 different rates. The rate was controlled
by assigning two different Quantization Parameters
(QPs), one for the Attributes and one for the Geometry
Map, and the Occupancy Precision Parameter, which
plays a similar role for the Occupancy Map. Table I
summarizes the rate control parameters used in the
simulations, namely the Texture Quantization Param-
eter (QP), Geometry QP and Occupancy Precision
Parameter (PP) .

For the different configurations, the GOP has dif-
ferent size. The All-Intra case for the Texture, Ge-
ometry and Occupancy maps has GOP dimensions
N

(T )
GOP = N

(G)
GOP = N

(O)
GOP = 1.

Both the Low Delay1 and Random Access con-
figurations have GOP dimensions N

(T )
GOP = N

(G)
GOP =

N
(O)
GOP = 16.The number of Slices per Frame (SpF) is

identical for the All-Intra, Low Delay and Random
Access configurations: N

(T )
SpF = 2, N

(O)
SpF = 2 and

N
(G)
SpF = 1.

TABLE I
ENCODING PARAMETERS: TEXTURE QUANTIZATION
PARAMETER (QP), GEOMETRY QP AND OCCUPANCY

PRECISION PARAMETER (PP).

Parameter Q1 Q2 Q3 Q4 Q5
Texture QP 32 28 24 20 16

Geometry QP 42 37 32 27 22
Occupancy PP 4 4 4 4 2

Fig. 1. Histogram of the Texture map GOP sizes observed at a
GOP layer under AI, RA, LD encoding conditions (dashed lines)
and the relative Gamma Distribution fitting (solid lines).

Fig. 2. Histogram of the Geometry map encoding rate observed at
a GOP layer under RA encoding condition (dashed lines) and the
relative Gamma Distribution fitting (solid lines).

From the experiments, we extracted the size in
bits of data packet referring to both the GOPs and
the Slices. The GOP data packets refer to the GOP

1For the Low Delay case, the term GOP is here used to denote
the set of frames encoded after the first Intra frame. The actual GOP
duration results from the length of the encoded PC sequence. For
the sake of comparison, we have encoded sets of 16 consecutive
frames.
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Fig. 3. Histogram of the Occupancy map encoding rate observed
at a GOP layer under RA encoding condition (dashed lines) and
the relative Gamma Distribution fitting (solid lines).

Fig. 4. Histogram of the Slice size for the Texture Map data for the
three configurations represented by the blue bars with the relative
Gamma Distribution fitting (red solid lines): (a) All Intra (AI), (b)
Random Access (RA), (c) Low-Delay (LD).

time scale, i.e. they result from the aggregation of the
encoded bits corresponding to a random access unity
spanning T

(T )
GOP = N

(T )
GOP/f0. In the AI case the time

span of a GOP is TGOP = 0.07s, whereas for the RA
case TGOP = 0.53s. In the LD case, the aggregate
GOP data length refers to TGOP = 0.07s.

Fig. 1 represents the histogram of the GOP sizes
for the Texture Map for the three AI, RA, LD
configurations, as computed over all the experiments
with different qualities. We recognize that all the
three configurations give rise to heavy tailed data
histograms. Besides, we report the Gamma fitting
of the histograms, which provides a coarse and fast
statistical characterization of the XR data.

For comparison sake, we represent in Fig.2 the
Gamma fitting for the case of the Geometry maps,
in the Random Access encoding configurations. We
recognize the wide variability of the GOP size, which
is well represented by the wide, heavy-tailed distribu-
tion. This occurs because the Geometry map is basi-
cally a depth map, and its behavior is similar to that
of texture maps. The same behavior for the Geometry
is observed for different encoding configurations (LD,

AI).
For the Occupancy maps, a wide variability of the

GOP size is observed in Fig.3. Still, a wide, heavy-
tailed distribution fitting can be applied, although the
approximation is less tight than in the geometry case.
Similar histograms are observed in the LD and AI
encoding conditions. This has a two-fold motivation:
firstly, the Occupancy map is a binary image, with
different rate-distortion characteristics with respect to
the Texture and Geometry map, definitely similar to
natural video. Besides, the actual GOP size changes
significantly with the rate control parameter (PP). The
statistical characterization at the GOP time scale is
useful for services where the transmitted data chunks
correspond to a playout time of the order of a few
seconds, as it occurs in streaming or gaming services.
Different services, such as conference services, trans-
mit data fragments corresponding to a smaller time
scale.

With these observations, we move towards statis-
tical characterization of the source at a Slice time
scale, which is of the order of tenth of milliseconds.
Fig.4 reports the histogram of the packet sizes at a
Slice level, for the Texture Map data for the three
configurations. The histograms encompass Intra en-
coded, Predicted and Bi-directionally predicted slices
depending on the encoding setting. Due to the intrinsi-
cally different packet size of Intra and predicted slices,
the histograms are heavy tailed. This condition is
again approximately captured by Gamma distribution
fitting (red line in Fig.4. Thereby, the XR source at
a slice time level is well approximated by a Gamma
distribution.

For the sake of concreteness, in Table II and Table
III we report the mean and variance of the Slice sizes
and the (α, β) parameters of the fitting Gamma distri-
bution for different encoding conditions and qualities.

To sum up, we show in this section that the packet
sizes are strongly variable: some data packets are
significantly larger than others due to the highly in-
formative nature of point cloud data, which translates
into compression difficulties. In this intricate context,
we show that at the packet time scale, the heavy tailed
Gamma distribution provides an accurate data model.

IV. COARSE GRAIN XR TRAFFIC MODEL:
FROM RATE ADAPTATION TO USER BEHAVIOUR

With the aim to build the coarse grain traffic model,
we adopt a hidden semi-Markov model to capture the
dynamics of the service session over time. This model
is able to represent crucial aspects as rate adaptation,
occurring at a time scale of seconds, or as users
behaviour, observed at a time scale of ten seconds
or higher.

In hidden semi-Markov models, the states
Sm, m = 0, · · ·M − 1 are visited during the
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TABLE II
POINT CLOUD SOLDIER [24]: SLICE SIZE MEAN AND STANDARD DEVIATION (µ, σ), AND GAMMA DISTRIBUTION PARAMETERS

(k.θ) ,
FOR DIFFERENT ENCODING CONDITIONS (ALL INTRA, RANDOM ACCESS, LOW DELAY ) AND QUALITY LEVELS (Q1-Q5).

Coding mode Qualities
All Intra Q1 Q2 Q3 Q4 Q5
(µ, σ) (27.6, 23.5) (44.9, 47.0) (76.1, 92.3) (132.7, 170.5) (236.2, 285.9)
(σ/µ) 0.85 1.05 1.2 1.28 1.21
(k, θ) (0.5604, 49.3) (0.6293, 71.4) (0.7306, 104.2) (0.8254, 160.8) (1.0078, 234.4)

Random Access Q1 Q2 Q3 Q4 Q5
(µ, σ) (9.4, 9.3) (12.7, 14.5) (18.3, 25.8) (33.4, 47.3) (73.8, 85.0)
(σ/µ) 0.99 1.14 1.41 1.42 1.15
(k, θ) (0.7754, 12.1) (0.8798, 14.4) (1.1144, 16.4) (1.4681, 22.8) (2.4189, 30.5)

Low delay Q1 Q2 Q3 Q4 Q5
(µ, σ) (11.6, 9.2) (16.9, 15.0) (27.3, 28.6) (55.2, 57.9) (123.8, 118.8)
(σ/µ) 0.79 0.89 1.05 1.05 0.96
(k, θ) (0.9155, 12.7) (1.2774, 13.2) (1.6621, 16.4) (1.7023, 32.4) (1.7206, 71.9)

TABLE III
POINT CLOUD LONGDRESS [24]: SLICE SIZE MEAN AND STANDARD DEVIATION (µ, σ), AND GAMMA DISTRIBUTION PARAMETERS

(k.θ),
FOR DIFFERENT ENCODING CONDITIONS (ALL INTRA, RANDOM ACCESS, LOW DELAY ) AND QUALITY LEVELS (Q1-Q5).

Coding mode Qualities
All Intra Q1 Q2 Q3 Q4 Q5
(µ, σ) (28.0, 34.2) (48.9, 69.0) (86.8, 130.9) (162.0, 239.4) (293.3, 404.3)
(σ/µ) 1.22 1.41 1.51 1.48 1.38
(k, θ) (0.5465, 51.2) (0.559, 87.4) (0.596, 145.6) (0.6298, 257.2) (0.6921, 423.7)

Random Access Q1 Q2 Q3 Q4 Q5
(µ, σ) (12.7, 14.7) (20.2, 27.3) (34.7, 55.1) (67.9, 112.4) (58.2, 222.0)
(σ/µ) 1.56 1.35 1.59 1.66 3.81
(k, θ) (0.7116, 17.8) (0.7422, 27.2) (0.7455, 46.5) (0.7491, 90.7) (09303, 170.0)

Low delay Q1 Q2 Q3 Q4 Q5
(µ, σ) (17.9, 18.1) (31.2, 38.1) (60.3, 82.8) (126.0, 172.4) (248.2, 320.2)
(σ/µ) 1.01 1.22 1.37 1.37 1.29
(k, θ) (0.7207, 24.8) (0.729, 42.8) (0.7338, 82.1) (0.7197, 175.0) (0.7564, 328.1)

service session, for time t ∈ [0, T ]. Specifically,
at consecutive time stamps tk, k = 0, 1 · · ·K − 1,
a state change occurs; a sequence of states of
indexes mtk , k = 0, 1 · · ·K−1 is hence visited. The
temporal state duration τk = tk+1 − tk may follow
different probability distributions, accommodating
both stationary and non-stationary models.

As far as rate adaptation is concerned, we ob-
serve that the application layer typically drives the
selected rate by accounting for estimated download
throughput and receiver buffer occupancy. As a rule
of thumb, when harsh channel conditions result in
high latency and possible decoder buffer depletion,
the rate is conveniently decreased. On the contrary,
during steady state, the rate is slightly and steadily
increased till the channel throughput is matched. This
policy is well resumed by the hidden Markov model of
rate adaptation illustrated in Fig.5: the rate adaptation
typically occurs at a constant temporal pace τk = τ ,
of the order of a few seconds, depending on the
quality of the communication channel; specifically,
the probability of transition from one state to another
depends on the adopted rate adaptation algorithm [20].

For instance, the transition probability from an initial
state that is characterized by a video rate/quality might
be conditioned to properties at time tk. Those can be
statistics related to the quality of services at the lower
layers, such as the number of re-transmissions or the
accumulated delays.

Fig. 5. Application layer rate adaptation model: in streaming
services, the rate adaptation occurs at a typically constant temporal
pace, of the order of few seconds.

As for user behavior modeling, we can still resort
to a hidden semi-Markov model [3], which was ef-
fectively used for multiview video streaming sources.
Let Sm, m = 0, · · ·M−1 denote the possible states
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Fig. 6. Markovian model of the user activity: case of gaming
user [6]. The user travels through different states, corresponding
to different activities, like being idle, scrolling the extended reality
view, or instantaneously changing the viewpoint.

characterizing the user behaviour (idle, zapping, in-
teracting, and so on). We assume that state sequence
is hidden semi-Markovian, where the state change is
drawn at a pace determined by a random distribution:
the transition, occurring at time tk, of the users from
a state Smtk

to a state Smtk+1
occurs with an inter-

arrival time τk = tk+1 − tk determined according to
the service under concern. The transitions reflect a
typical behaviour throughout an XR service session:
the user visits different states, for instance, plays,
or remains idle or scrolls the volumetric data. The
Markov model effectively represents the dynamics
of user behavior during the XR session. As for the
interarrival time, Poisson distribution proved effective
in modeling different processes, such as activity levels
in video sequences, as well as user behaviour in multi-
view video services [3]. Thereby, we herein can safely
approximate the interarrival time τk between states
transitions with Poisson distribution.

By utilizing a Markov chain, we can capture the
probabilistic transitions between different user states,
providing insights into user preferences and actions.
The number of states M strictly depends on the
service characteristics; for instance, in [6] the authors
identify up to 5 playing modes for a gaming user,
that could therefore be modeled by setting M equal
to 5. Still, the proposed model is easily tuned to
different user profiles, whether human or machine,
as long as their behavior can be well approximated
by a Markovian model. For example, the model can
be adapted to a multi-rig camera surveillance system
mounted on a UAV, where UAV tasks like hovering,
charging, and being idle can be mapped to Markov
chain states. For the mentioned UAV example, where
the end user is a camera equipped UAV, the Markov
chain states may correspond to the UAV mobility (e.g.
hovering, charging, idle) and M can be set equal

to 3. In applications, the Markov chain transition
matrix can be suitably learned from real traffic data
corresponding to different service categories [4].

V. APPLICATION OF THE XR MODEL TO
NEXT-GENERATION NETWORK SCENARIOS

In this Section we will provide an example of
how the XR traffic model can be adopted for next-
generation network design. The availability of an XR
traffic model enables i)identification of bandwidth and
throughput needs for XR support in next-generation
networks, ii) users profiling based on the estimation of
the latency of the system under different condition, iii)
realistic simulation of the unique requirements of XR
applications, including high throughput, low latency,
and the ability to handle a high density of users in
both physical and virtual environments, and iv) the
development of a network Digital Twin, where the
model is trained to mimic the XR user load and quality
of experience, definitely improving synchronization
between physical and digital entities.

A. XR service example

To demonstrate the model’s applicability to a wide
range of XR services, we show how it can be applied
to generate traffic load in gaming. The modifications
needed for application to the streaming and educa-
tional frameworks will also be described.

Let us consider the simulation of a gaming user
scenario, as described in Fig.7.

Fig. 7. Simulation scenario: each user follows a different pattern,
described by a Markov model. The state changes occur at intervals
drawn by a Poissonian distribution, with average values of the
order of minutes. During each state, the size of the generated
packets are drawn from a Gamma distributed random variable,
whose parameters are state and quality dependent. The design of the
allocated resource can be tested within this realistic traffic model.

This involves the definition of a synthetic traffic
generator, as follows: i) a Markov process is consid-
ered, wherein transitions occur among the states Idle,
Scroll, and Zapping. The transition are dictated by the
semi-Markov model, e.g. they occur with Poissonian
interval distribution; ii) within each state, a few (e.g.
5) distinct quality levels are available. For every state
and quality level combination, a gamma distribution
is employed to delineate packet size.
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An example of the traffic generated by the model is
plotted in the lower part of Fig.9, showing the packet
size sn for n = 0, · · ·N − 1 for N = 2500 slices
generated by a gaming user described by a three state
Markov chain model (idle, zap, scroll), with transition
matrix P = [0.1, 0.8, 0.1, 0.150.10.75, 0.750.150.1].
The duration of each state follows a Poissonian model,
with average duration of ∆i = 2000, ∆z = 2000,
∆s = 4000 slices for the idle, zap, scroll state, which
corresponds to a time interval to Ti ≈ 30s, Tz ≈
30s,Ti ≈ 60s, respectively. For the sake of clarity,
we report in the higher part of the figure the relative
average rate of the three idle, zap, scroll states, plotted
in red, green, blue. The vertical colored bands in light
red, green and blue highlight the temporal intervals
corresponding to the different user states. From Fig.9
we recognize that the model flexibly accounts for the
traffic generated by a dynamic XR source. The above
described model captures the statistical feature of an
XR source by joint characterization of the user and of
the source encoded data.

When applied in the scenario in Fig.7, each packet
size, generated every τ = 1/60, shall be translated
into an equivalent requested throughput θn = sn/τ bit
per seconds. The so characterized traffic load will be
used as an input to the network design simulation; for
instance, for a user characterized by a physical layer
spectral efficiency of η bit per second per Herz, the
requested bandwidth is computed as Bn = θn/η Hz.
The characterization of different users shall provide a
realistic testbed for radio access network design and
optimization.

B. HMM Parameter inference

The Markov chain parameters can be either a
priori set to describe known users behaviours pat-
terns, or estimated by application of the Expectation-
Maximization algorithm from short observations of
users behaviour, as described in [3]. Then, the gener-
ated traffic conditional to the state can be randomly
drawn from a heavy tailed Gamma distribution, that
effectively describes not only Texture, but also Ge-

Fig. 8. The different time scales involved in XR source modeling:
(a) user model (minutes); (b) rate adaptation (seconds); (c) seman-
tic units (tenths of seconds). The proposed model addresses the
different time scales.

ometry and Occupancy data. Depending on the time
scale of interest, the GOP fitting model or the slice
fitting model can be adopted.

Fig. 9. Example of slice traces versus time generated from a three
state Markov model of a gaming user; at each state, the slice size
are drawn from a Gamma distribution of state-dependent quality.

C. Further scenarios

Let us now consider the extension of the model
to different scenarios where it can be used to study
orchestration and recovery mechanisms within the
transmission and reception stages. This may include,
but it is not limited to, adaptive streaming, group
training, patrolling to mention a few.

The model can be adapted in terms of hidden
Markov model states, which may vary in meaning
and number; state duration (constant or random);
transition probability matrix (constant or conditioned
to the channel state). Besides, the model can be
tuned by resorting to different probability density
function (PDF) of the encoded semantic unit packet
size; typical rates, characterized in terms of mean and
standard deviations, shall be adapted to the service
under consideration. A Table summarizing possible
tuning of the model parameters to a given application
is shown in Table IV.

For concreteness sake, let us consider the case of
rate adaptation. In streaming services, the choice of
the encoded content rate is dynamically adapted to
the ongoing communication channel. The rate adap-
tation is client driven, and is carried out at multiples
of the application layer time-slot (e.g. 2s for most
streaming services [21]). Therefore, at every time-slot
the quality transitions can obey to a constant Markov
matrix PQ, or be tuned to the simulated underlying
communication channel [19], in accordance to the ap-
plication layer rate adaptation protocols that decrease
the requested rate in case of insufficient throughput.
In this setup, the packet size emitted at each state is
determined by both the current state quality level.

To sum up, the semi-Markov configuration enables
the generation of synthetic traffic patterns, mimicking
user behavior and quality fluctuations within a net-
worked environment. Let us observe that the state and
quality level could be tuned to represent the encoder
complexity and flexibility.
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TABLE IV
MODEL APPLICATION TO TRAFFIC SIMULATION: FOR EACH KIND OF SERVICE, THE HIDDEN MARKOV MODEL STATES VARY IN

MEANING, NUMBER, AND DURATION; THE ENCODED SEMANTIC UNIT DATA OBEY TO DIFFERENT PDFS, AND ARE CHARACTERIZED
BY DIFFERENT MEAN AND STANDARD DEVIATIONS.

Service States M Transition
interval

Transition
matrix

Packet Size
PDF

Mean
(Mbps)

Std.Dev.
(Mbps)

Streaming Quality levels 5−10 Constant Adaptive Gamma 10−20 5−10
Gaming User condition 3 Poisson PDF Constant Truncated Gaussian 20−100 10−50
3D call View tiles 5−10 Poisson PDF Constant Truncated Gaussian 10−20 5−10

All the aforementioned scenarios are current under
investigation to develop a simulator of XR over 5G
networks from the radio layer to the application layer.
The model provides a theoretically grounded tool to
synthesize traffic packets taking into account realistic
user behaviour. Since collection of real XR traffic
traces in a variety of scenarios is restrained by the
still limited XR diffusion, the availability of synthetic
traffic traces is relevant in developing data driven, AI
based (e.g. Reinforcement Learning based) resource
orchestration methods.

A few remarks are in order about the potential
model limitations. Firstly, it is suited to 3D volumetric
video data, represented by point clouds. Different
kinds of XR data, e.g. annotated video, are not
covered by the present model, and are manageable
resorting to other models in the literature, e.g. [19].
Besides, the model parameters shall be tuned to the
application under concern. Choices as the number of
quality levels or users behaviour conditions, determin-
ing the number of states M of the Markovian model,
shall be adapted to the problem under concern. The
same relates to the probabilistic description of the
Markov model evolution.

VI. 3D ANIMATED XR DATASET

The model leverages a semantic unit description of
the data. To this aim, we release a set of XR encoded
traces, and a Matlab implementation of the model at
[28]. For application in a network environment, the
traces provided by the Markov model source shall
be complemented with information about the visual
quality of the 3D animated video data. For visual
quality characterization, we present the rate distortion
R(D) traces for the Texture and Geometry Maps.
Specifically, Fig.10 plots the rate (kbps) versus the
distortion, measured as the inverse of the Peak Signal
to Noise Ratio, and proportional to the encoding mean
square error. A given rate value R is associated to
the corresponding distortion D, providing a coarse
measure of the data visual quality. While this repre-
sentation refers to the visual characteristics of the XR
data, the user quality of experience also depends on
delivery delays, jitter and packet losses. These factors
shall be taken into account by injecting the traffic load

Fig. 10. Example of Rate (Intra slice size) versus Distortion
(decreasing PSNR) curve for the Texture and Geometry Maps.

into the simulation scenario and then accounting for
the latency at the receiver side [27].

For completeness, we report in Fig.11 the auto-
correlation coefficient ρk versus the lag k for the
sequence ’Soldier’ (Geometry map, encoded at rate
Q3 in Tab.I, Random Access configuration).

Fig. 11. Autocorrelation coefficient ρk versus the lag k (Soldier
sequence, Geometry map, rate Q3 in Tab.I, Random Access ).
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VII. CONCLUSION AND FUTURE WORK

This paper provides an empirical XR traffic model
useful for next generation network design purposes.
We propose a two-tier model: the first stage ad-
dresses coarse-grain traffic fluctuations at different
time scales, ranging from several minutes for user
behaviour, to seconds for rate adaptation; the second
stage relates to fine-grain fluctuations of tenths of
milliseconds of the sole encoded XR data packet.
The first stage encompasses a hidden (semi) Markov
model of the traffic fluctuations while the second
stage resort to a conditional heavy tailed data distri-
bution, found by numerical studies on real encoded
data. The encoded XR data traces and a Matlab XR
source simulator developed during this study have
been released. The empirical model is driven by few
parameters and it can be adopted as a tool in network
design, for the purposes of XR oriented network
slicing, orchestration or cost-revenue analysis in next
generation networks.
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