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Abstract—Next-generation computing platforms are increas-
ingly expected to accommodate a wide range of immersive
applications, integrating advanced technologies such as extended
reality and ultra-realistic virtual reality (uVR). The design and
optimization of these distributed systems present significant
challenges, particularly when managing the coexistence of traffic
flows generated by both human and machine sources. This work
introduces an end-to-end delay analysis framework focused on
human-driven traffic in environments characterized by mixed-
source flows. The human-generated streams—central to the
analysis—coexist with machine-type communications that differ
in terms of latency requirements. The delay analysis is carried
out by deriving per-flow stochastic bounds, expressed in terms
of the probability of receiving timely service. This is achieved
through the use of stochastic network calculus and martingale-
based methods, with human perceptual constraints explicitly
incorporated into the theoretical model. Simulation-based val-
idation confirms that the proposed bound accurately reflects
actual end-to-end behavior. Moreover, the results demonstrate
that integrating human perception into the analysis leads to
improved performance compared to conventional approaches
that do not account for cognitive aspects.

Index Terms—next-generation computing systems, end-to-end
delay, human-centric applications

I. INTRODUCTION

In line with the vision driving next-generation applications,
distributed computing infrastructures are expected to support
a new class of highly demanding and disruptive services,
often characterized by stringent latency requirements and a
strong focus on user experience. Among the most emblematic
examples are interactive and immersive gaming platforms,
advanced virtual reality (VR) environments, and the emerging
ultimate VR (uVR), which aims to stimulate all five human
senses [1]–[7].

While uVR holds great promise due to its increasing
market relevance and potential impact across multiple do-
mains—including social interaction, education, healthcare, and
entertainment [8]—it also introduces a paradigm shift in
system design. Unlike traditional service generations where
Quality of Service (QoS) metrics were sufficient to assess
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system performance, immersive applications demand that users
themselves perceive the service as satisfactory, thus emphasiz-
ing Quality of Experience (QoE) as the primary evaluation cri-
terion [9]–[11]. This necessitates a human-centered approach,
placing the user at the core of system design and optimization.

Quality of Experience (QoE) aims to reflect the degree of
satisfaction experienced by users [11], and is widely recog-
nized as one of the most critical and challenging aspects of
next-generation services. As the interaction between humans
and digital applications becomes increasingly central, it is
essential to account for user perception during the design,
management, and optimization of future distributed computing
platforms.

At the same time, ensuring strict Quality of Service (QoS)
guarantees—such as low latency and high reliability—remains
fundamental for proper service delivery. However, it has been
observed that beyond certain thresholds, further QoS improve-
ments may not translate into perceptible gains for users, due
to the intrinsic limits of human perception [1]. The mapping
between objective QoS levels and perceived QoE is in fact
nontrivial and cannot be directly inferred.

For this reason, the integration of human-centric consid-
erations into resource allocation strategies has gained mo-
mentum. Recent interdisciplinary research has shown that
users are often unable to fully perceive or benefit from QoS
enhancements, particularly in scenarios like video streaming,
where both data rate and latency are involved [1], [12], [13].
These findings suggest that future networks could greatly
benefit from adaptive mechanisms that consider behavioral and
cognitive constraints in human perception.

In this context, end-to-end (e2e) delay emerges as a key
metric to characterize the behavior of distributed systems
supporting uVR services [7]. Furthermore, studying such
systems under mixed traffic conditions—including human-
generated and machine-type flows with heterogeneous delay
sensitivities—offers valuable insights for improving the overall
efficiency of resource usage.

Stochastic Network Calculus (SNC) has recently emerged
as a powerful analytical framework for end-to-end delay char-
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acterization, particularly in scenarios involving non-Markovian
traffic patterns [14], [15].

Building upon the methodology introduced in [16], this
work presents a novel formulation of a stochastic bound on
the end-to-end delay, derived within the SNC framework. A
distinguishing aspect of the proposed analysis is the explicit
integration of human Quality of Experience (QoE) considera-
tions, in a setting where uVR traffic shares network resources
with machine-type (MT) communication flows.

The main contributions of this paper, can be outlined as
follows.

• Derivation of the complementary cumulative distribution
function (CCDF) of the end-to-end delay bound for
human-centric uVR traffic flows coexisting with con-
current MT services. The analysis accounts for two
distinct scheduling disciplines. The stochastic bounds are
computed by applying SNC principles combined with
martingale-based envelope techniques.

• We incorporate human perceptual constraints into the de-
rived stochastic bound, capturing the cognitive limitations
in delay sensitivity. The results demonstrate enhanced
resource utilization for both uVR and MT traffic types,
while still meeting the end-to-end delay requirements
imposed by each flow class.

The rest of the manuscript is organized as follow. Section II
illustrates the system model. In Section III the e2e delay bound
is formulated, and the performance comparison is investigated
in Section IV. Then, conclusions are drawn in Section V.

II. SYSTEM MODEL

The reference scenario consists of a small base station (SBS)
co-located with an edge computing node (EC), tasked with
supporting both ultimate VR (uVR) services and machine-type
(MT) applications. We consider two uVR users, associated
with data flows H and G respectively, and a single MT flow
denoted by C. All users and devices are assumed to be located
at a distance d0 from the EC node.

As depicted in Figure ??, each uVR user accesses the
EC node through a dedicated uplink channel, operating syn-
chronously and without interference from other uVR access
channels. In contrast, MT devices share a common syn-
chronous uplink channel, which follows a slotted ALOHA
access scheme—described in detail later. The results of com-
putation, for both uVR and MT tasks, are transmitted back to
the respective users via a shared downlink channel.

This setup gives rise to a heterogeneous compound batch ar-
rival process, in which incoming service requests are managed
according to a First-In-First-Out (FIFO) scheduling policy.
Importantly, all requests within the same batch are served
before the system processes the next batch of arrivals [17],
[18].

Informed by the findings of [1], we model user-specific
perceptual thresholds to reflect the limitations of human delay
sensitivity. For each uVR user i, the parameter βi represents
the minimum end-to-end delay variation that can be cogni-
tively perceived. When the experienced delay is below this

Fig. 1. Distribution of βi considering 1000 uVR users

threshold, user i is unlikely to notice any improvement in
service quality. As detailed in [1], this threshold emerges from
complex cognitive mechanisms involving attention, effort, and
contextual awareness.

Human perceptual response to network delay is commonly
modeled through a multi-modal statistical distribution [19], as
supported by the findings in [1]. In this context, the probability
that a user i perceives a delay lower than a specific threshold
Di(ϵ

′) is expressed as:

P{βi < Di(ϵ
′)} < ϵ′, (1)

where Di represents the effective end-to-end delay experi-
enced by user i, and ϵ′ denotes the probability that user i
is able to perceive improvements in delay below Di(ϵ

′).
Based on the analytical framework introduced in [1] and

extended in [16], the expression for Di(ϵ
′) is derived as:

Di(ϵ
′) = µk(d+ 1)−

√
Qd+1(1− 2ϵ′) eTd+1Cked+1, (2)

where d denotes the dimensionality of the human feature
vector xi ∈ Rd, which characterizes user i (e.g., age, location,
or other contextual factors). The term Qd+1(·) refers to the
quantile function of the chi-square distribution with d + 1
degrees of freedom. The vector ed+1 ∈ Rd+1 is defined such
that its (d+1)-th component equals 1, while all other elements
are zero. The parameters µk(d + 1) and Ck represent the
(d + 1)-th component of the mean vector and the covariance
matrix, respectively, associated with the k-th mode of the brain
perception distribution [1].

By following the numerical estimation procedure described
in [1], the perceptual delay thresholds can be quantitatively
evaluated. The resulting distribution of human perception is
illustrated in Figure 1.

III. HUMAN-CENTRIC E2E BOUND

A. Delay Model

Let pt denote the probability that a uVR user has a data
packet to transmit in a given time slot. In contrast, MT
devices associated with flow C employ a contention-based
slotted ALOHA protocol to access a shared uplink channel. A
saturated traffic condition is assumed for the MT side, meaning
that each device always has a packet ready for transmission
to the EC node. However, a new packet is generated only if
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Fig. 2. Tandem system.

the previous one has already been transmitted; otherwise, no
additional packet is queued.

Let pm represent the per-slot transmission probability for
any data packet originating from an MT device. This value
applies uniformly to both initial transmissions and retransmis-
sions, with no distinction made between the two cases.

The probability that a packet successfully reaches the EC
node from a specific MT device, given a total of M devices
in the set C, is expressed as:

pS =

(
M

1

)
pm(1− pm)M−1, (3)

which corresponds to the probability that exactly one device
transmits in a slot while all others remain silent.

Once packets from both MT devices and uVR users are
processed by the computation subsystem, the corresponding
outputs are transmitted back to their respective sources via a
shared downlink channel. This channel constitutes the trans-
mission subsystem and is common to all users.

As a result, the system can be modeled as a tandem queue-
ing structure composed of three sequential subsystems: (i) the
access subsystem, responsible for uplink transmissions; (ii)
the computation subsystem, which executes task processing;
and (iii) the transmission subsystem, which delivers the results
back to the users. The presence of the computation subsystem
introduces an additional delay component, due to the time a
packet may spend waiting to be processed at the EC node.
Likewise, the transmission subsystem contributes with a fixed
delay, as each result must be sent back to the corresponding
uVR user or MT device. This contribution is deterministic and
equal to one slot for both traffic types.

In contrast, the access subsystem impacts the e2e delay
differently depending on the nature of the traffic. For uVR
flows, the access delay is constant and equal to one slot,
whereas for MT flows it is random, as governed by the success
probability in (3). As a result, the e2e delay analysis must
distinguish between uVR and MT traffic.

Focusing on the e2e delay experienced by a specific (tagged)
uVR flow i, the arrival of its packets at the EC subsystem is

influenced by possible simultaneous transmissions from the
remaining v − 1 uVR users and from MT devices. This leads
to the following statistical distribution:

A1
c =



0, (1− pt)
v−1(1− pS)

M

1,
(
v−1
1

)
pt(1− pt)

v−2(1− pS) + (1− pt)
v−1pS

...

v − 1, pv−1
t (1− ps)

M +
(
v−1
v−2

)
pv−2
t (1− pt)pS

v, pv−1
t pS .

(4)
Similarly, when the tagged flow corresponds to traffic gener-
ated by an MT device, the arrival process of cross traffic at the
computation subsystem can be characterized by the following
statistical distribution:

A2
c =



0, (1− pt)
v

1,
(
v
1

)
pt(1− pt)

v−1

...

v − 1,
(

v
v−1

)
pv−1
t (1− pt)

v, pvt .

(5)

Let S2 and S3 be the curve of the service time at the
computation site, and of the service time at the transmission
subsystem, respectively. S2 is assumed to be modeled as a
hypoexponential distribution with two stages for the two traffic
type. Differently, S3 is assumed to be deterministic.

B. Analysis for FIFO Policy

Under the FIFO scheduling assumption, the analysis focuses
on the delay experienced by a generic tagged flow i, which
can belong to either the uVR traffic set (H, G) or the MT
traffic set (C). The cross traffic is described by an aggregated
arrival envelope Aci , whose distribution depends on the type
of the tagged flow, as defined in (4) and (5).

Following SNC theory [20], [21], and assuming the exis-
tence of martingale envelopes for both arrivals and service, the
available service to flow i is bounded below by the convolution
of its arrival envelope and the service curve S2. A probabilistic
bound on the queueing delay is then derived as a supremum of
the backlog process, which depends on the difference between
the aggregate arrivals and the available service.

Martingale bounds for arrival and service processes are
formulated using exponential supermartingale approximations.
Their combination under independence assumptions and the
use of the stopping theorem [22] yields a bound on the delay
violation probability for the tagged flow. In particular, the
bound for an MT flow is expressed as:

P(WMT (n) ≥ k) ≤ e−θ∗kKsΓ,

where θ∗ is a tunable parameter related to the rate function,
and Γ aggregates the expectations of the martingale processes
and normalization terms.
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An analogous expression is obtained for the uVR flows, with
the only difference being the absence of the access subsystem
randomness, resulting in a different normalization factor Γ1:

P(WuV R(n) ≥ k) ≤ e−θ∗kKsΓ1.

To conclude the e2e delay characterization for the tandem
system, the analysis incorporates the deterministic delay in-
troduced by the transmission subsystem. For MT flows, this
results in a reliability expression:

R = 1− P(WMT (n) ≥ k̂0), with k̂0 = k − τ,

where τ denotes the transmission delay.
For uVR flows, both access and transmission subsystems

contribute a constant delay τ , leading to:

R = 1− P(WuV R(n) ≥ k̂1), with k̂1 = β − 2τ,

where β is the perception threshold of the user.

C. Analysis for EDF Policy

Under the Earliest Deadline First (EDF) scheduling disci-
pline, the computation subsystem prioritizes requests based on
the smallest remaining deadline. Following the formulation
in [20], [21], the service available to a tagged flow i is
expressed as:

Si =

STot(m,n)−
∑
j ̸=i

Aj(m, m̂+ [dj − di])


+

· 1n̂>x,

where di and dj represent the deadlines associated with the
uVR and MT flows, and the indicator function accounts for
time window constraints.

As in the FIFO case, stochastic bounds on the delay
are derived using martingale envelope processes. Specifically,
supermartingale approximations are applied to the arrival
processes MAi , MA−i , and the service process MS2 , with
exponential expressions involving rate parameters KAi

and
Ks. The additional offset y accounts for deadline differences
between the tagged flow and the remaining flows.

Depending on the relative timing between n and k, two
distinct cases are considered:

1) For n ≥ k and n < k−y, the delay bound for the tagged
MT flow is:

P(W i
MT (n) ≥ k) ≤ e−θ∗kKsΓ2,

while for a uVR flow it becomes:

P(W i
uV R(n) ≥ k) ≤ e−θ∗kKsΓ3,

where Γ2 and Γ3 include expectations over the martingale
envelopes.

2) For n ≥ n − y, the delay bounds incorporate additional
exponential decay terms due to interference from flows
with closer deadlines:

P(W i
MT (n) ≥ k) ≤ e−θ∗kKs−

∑
q ̸=i A

q(n−k)KAq
yKAq

Γ,

P(W i
uV R(n) ≥ k) ≤ e−θ∗kKs−

∑
q ̸=i A

q(n−k)KAq
yKAq

Γ1.

Fig. 3. Offered traffic load improvement as a function of pt and pm = 0.001.

Fig. 4. uVR Service probability as a function of pm.

As in the FIFO case, the total e2e delay must account for the
additional deterministic delays introduced by the access and
transmission subsystems. Therefore, the variable k is replaced
by the adjusted thresholds k̂0 and k̂1, as defined in the orevious
case.

This completes the derivation of e2e delay bounds un-
der EDF scheduling, integrating deadline-awareness into the
stochastic analysis framework.

IV. NUMERICAL RESULTS

A performance comparison is carried out between the
proposed analytical delay bounds and the outcomes observed
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Fig. 5. uVR service reliability as a function of the bandwidth for pt equal
to 0.01 and pm equal to 0.005 (4 devices).

Fig. 6. uVR service reliability as a function of the molecular absorption

through simulation. To emphasize the benefits of incorporating
human perception into the e2e delay analysis, a brain-agnostic
(BA) baseline is also evaluated. This comparison highlights the
accuracy and added value of the human-aware formulation. To
contextualize the proposed approach within a realistic setting,
we adopt the experimental configuration described in [7],
which models a representative uVR scenario. Accordingly, all
system parameters are aligned with those specified in [7] and
are summarized in Table I.

In the considered scenario, the network spans an area of
20 m × 20 m and is assumed to be highly dense, ensuring the

TABLE I
SIMULATION PARAMETERS

Parameter Values

f [0.2THz, 1THz]
K(f) 0.0016m−1

Transmission power 1 W
uVR packet size 10 Mbits

β 20 ms
W 13 GHz

Water vapor percentage 1%

persistent availability of a line-of-sight (LoS) communication
link. The computation time associated with both uVR and MT
requests follows a hypoexponential distribution, with a mean
of 5.25 ms, while all transmitted packets—whether uVR or
MT—are fixed in size and equal to 10 Mbits [7].

For both uVR flows, the evaluation assumes a worst-case
condition consistent with the perceptual model shown in
Fig. 1, where the user perception threshold is set to 20 ms,
while the hard QoS deadline remains fixed at 15 ms. The
performance results associated with the perception-based (PB)
approach are computed by averaging the numerical outcomes
over the distribution of perception thresholds reported in
Fig. 1 [1].

Figure 3 illustrates the improvement in traffic load handled
by the computation subsystem under a reliability constraint of
at least 0.90, considering a fixed MT transmission probability
of pm = 0.01. The improvements are quantified in terms
of the percentage of uVR traffic successfully supported by
the system. As expected, the supported traffic load decreases
as pt increases. The figure clearly demonstrates the superior
performance of the PB strategy over the brain-agnostic (BA)
baseline, which relies solely on QoS deadlines without ac-
counting for user perception.

Moreover, Fig. 3 shows that adopting the EDF scheduling
discipline significantly enhances system performance with
respect to FIFO, especially when the analysis focuses on uVR
flows. Across all tested configurations, the tight match between
the martingale-based analytical bounds (MG) and simulation
results (SR) confirms the accuracy of the proposed theoretical
framework.

Further validation is provided in Fig. 4, where uVR service
reliability is plotted as a function of pm. The results confirm
that reliability decreases as pm increases due to the higher
contention at the access channel. Nonetheless, the PB approach
consistently outperforms the BA strategy, highlighting the
benefits of incorporating human perception in the delay bound
formulation.

The influence of transmission time on uVR reliability is
examined in Fig. 5. As expected, increasing the time required
to return the computation result to the user leads to a decline
in service reliability. This is attributed to the higher probability
of violating the perception deadline as the round-trip latency
grows.
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In addition, Fig. 6 analyzes uVR reliability under varying
values of the molecular absorption coefficient, adopting the
parameters defined in [7]. The results indicate that molecular
absorption significantly affects the data rate in future com-
munication systems, thereby degrading the performance of
distributed computing architectures. As absorption increases,
uVR reliability deteriorates accordingly.

Figures 5 and 6 also confirm the excellent agreement
between MG and SR trends. In both cases, only the FIFO
discipline is presented to improve plot readability, due to the
specific scale of the y-axis. The performance gain achieved by
the PB method compared to the conventional BA approach is
consistently observable across all figures, validating its effec-
tiveness in enhancing next-generation distributed computing
systems.

V. CONCLUSIONS

This paper proposed the formulation of an e2e delay bound,
expressed in terms of complementary cumulative probability
distribution, for uVR traffic in the presence of heterogeneous
and concurrent MT flows. The bound has been derived by
combining SNC principles with martingale envelopes, and
applied to a cascade system composed of access, computation,
and transmission subsystems.

A key contribution of the analysis is the integration of
human perception constraints within the delay model, in con-
trast to classical QoS-based approaches. The study considers
the coexistence of multiple uVR flows and MT devices, and
evaluates the impact of different scheduling strategies, namely
FIFO and EDF, on system performance.

Numerical results confirm the accuracy of the proposed an-
alytical framework and highlight the advantages of EDF over
FIFO in managing uVR traffic. Furthermore, the integration of
perceptual thresholds leads to significant improvements over
the BA alternative, demonstrating the potential of human-
aware approaches in optimizing resource usage for future
distributed computing systems.
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