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Abstract—Wireless metaverse applications require tight cou-
pling between haptic delay constraints and multimodal syn-
chronization, creating a trade-off between immersion, reliability,
and spectrum efficiency over time-varying channels. We propose
a two-time-scale resource allocation framework for closed-loop
remote operation. At the fast time scale, downlink bandwidth is
adapted per cycle via constrained online convex optimization
(COCO) to minimize spectrum cost under long-term delay
constraints for haptic and multimodal traffic. At the slow time
scale, visual payload is selected using an adversarial multi-armed
bandit (EXP3) under non-stationary rewards. Numerical results
show the proposed framework achieves near-benchmark spec-
trum efficiency while steering toward delay-feasible operating
points that maximize the long-term immersive performance.

Index Terms—Metaverse, 5G/6G, online learning

I. INTRODUCTION

The metaverse enables real-time interaction with digital
objects, remote devices, and users across cyber-physical sys-
tems, with applications spanning teleoperation, healthcare,
and industrial automation [1]. A defining characteristic of
these applications is their multimodal nature: visual, auditory,
and haptic modalities must be jointly delivered to sustain
immersion. Achieving consistent user perception therefore
requires tight cross-modal synchronization under stringent
latency and reliability constraints. In this context, the Tactile
Internet (TI) supports closed-loop human-in-the-loop interac-
tion, where users remotely control devices through bidirec-
tional exchange of motion and force signals while receiving
audiovisual feedback [2]. Unlike conventional multimedia
systems, such closed-loop operation is highly sensitive to de-
lay: haptic feedback typically requires round-trip latencies of
1–10 ms, while audiovisual streams must remain synchronized
with haptic responses to preserve intermodal coherence [3].

Quality of experience (QoE) for metaverse applications is
expressed in terms of immersive experience. In this context,
higher visual fidelity offers better QoE, at the expense of
increased payload and transmission time, whereas stringent
haptic constraints demand additional bandwidth, increasing
spectrum consumption. These challenges call for resource
allocation mechanisms that jointly manage delay constraints
and immersive performance under uncertainty.

In this work, we optimize the immersive experience of
a metaverse user in terms of visual content by adapting it
to system capacity and changing radio conditions. As the
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metaverse application runs at a human perception time scale,
payload selection, accounting for different visual rendering,
takes place at a slower time scale, e.g., seconds, than radio
resource allocation. The latter is performed under uncertain ra-
dio conditions and unknown application processing times. We
hence cast this problem as a two-time-scale online learning
framework that couples fast time-scale bandwidth adaptation
with slow time-scale visual payload selection.

Prior work within the TI literature has extensively char-
acterized the stability and perceptual sensitivity of closed-
loop haptic communication systems [2]–[4]. Teleoperation
performance is highly susceptible to communication delay,
with millisecond-level round-trip latency directly affecting
both haptic perception and control stability [2], [3], while
multimodal communication exhibits heterogeneous latency
requirements, with haptic traffic demanding ultra-low latency
and audiovisual streams tolerating larger delays [4]. To miti-
gate these effects, approaches such as predictive control and
local rendering have been proposed [5], [6]. However, these
works focus on end-device delay compensation rather than
network-level resource allocation, and do not formulate the
problem as delay-constrained closed-loop control with explicit
bandwidth decisions under time-varying wireless conditions.

Recent studies [7]–[9] have explored learning approaches
for resource management in immersive and extended real-
ity (XR) systems, including latency-aware offloading, QoE-
driven optimization, and network slicing. Related efforts con-
sider virtualization and cross-modal transmission strategies
to reduce latency and network load [10], [11]. However,
these works primarily focus on open-loop QoE or throughput
optimization, and do not enforce long-term delay constraints
in closed-loop settings. In contrast, we formulate joint band-
width and visual payload adaptation within an online closed-
loop control framework that explicitly accounts for delay
constraints over time.

Efforts to support ultra-low latency and high reliability for
tactile applications include spectrum reservation and slicing
mechanisms [12], [13], as well as analytical frameworks for
modeling the impact of delay and signal distortion on haptic
perception [14]. These approaches account for latency, relia-
bility, and intermodal constraints, but remain limited to single-
time-scale resource allocation or predefined traffic structures.
They do not jointly address delay-constrained bandwidth
control and adaptive visual payload selection across heteroge-



neous time scales, nor capture the impact of delay violations
on immersive performance.

The main contributions of this work are: (i) We develop
a system model for wireless metaverse operation capturing
closed-loop haptic delay constraints and intermodal synchro-
nization under time-varying conditions (Section II), (ii) We
propose a two-time-scale architecture with bandwidth adap-
tation at fast scale and visual payload selection at slow one
(Section III), (iii) We formulate the problem within an online
learning framework, combining constrained online convex
optimization (COCO) for bandwidth allocation and a multi-
armed bandit approach for payload selection (Section IV),
and (iv) Numerical results demonstrate efficient bandwidth
adaptation and delay-aware operation across varying channel
conditions (Section V).

II. SYSTEM MODEL

Enabling immersive metaverse experiences requires support
for multiple sensory modalities, including visual and haptic
information [1]. This multisensory interaction is supported
by a bidirectional link between the metaverse users (MU)
and the base station (BS). We consider in this work that
the MU transmits commands via the uplink (UL), which
the BS relays to the metaverse application. In response,
the application generates feedback—consisting of haptic and
visual responses, delivered to the MU on the downlink (DL).

To capture the cyclic nature of the interaction between the
metaverse user and the metaverse application, we index the
communication cycles by t ∈ N. The corresponding sequence
of events for each cycle t is illustrated in Fig. 1. It begins with
the MU generating a command, which is transmitted to the BS
within a duration denoted by τc(t). The BS then forwards the
command to the metaverse application, where it is processed
and a response is generated. We denote by τp(t) the duration
including the wired transmission to the metaverse application,
the command processing time, and the wired return of the
response to the BS. In the DL communication from the BS to
the MU, two transmissions occur. The first corresponds to the
haptic response sent from the BS to the MU, with a duration
denoted by τh(t). The second transmission primarily conveys
visual information and requires a duration denoted by τv(t).

Base station

Metaverse user

Command Haptic
Response

Visual
Information

time

time

Fig. 1: Time evolution of the communication process between the
metaverse user and the application. The base station first transmits
the haptic information, followed by the visual information.

We define the closed-loop haptic delay at cycle t, denoted
d(t), as the time between the generation of a command and

the reception of its haptic feedback. This delay includes the
uplink transmission, processing and response generation at the
metaverse application, and the downlink haptic transmission,
and is given by: d(t) = τc(t) + τp(t) + τh(t). Assuming that
the transmission steps within each cycle do not overlap in
time, the total end-to-end delay at cycle t, denoted D(t), can
be expressed as the sum of the haptic delay d(t) and the
additional transmission time required to transmit the visual
information: D(t) = d(t) + τv(t). This structure results
in closed-loop communication for haptic interactions [2],
whereas visual information is transmitted in an open-loop
manner synchronized with the haptic feedback [15].

A. Downlink Transmission Model

At each communication cycle t, the base station allocates
a downlink bandwidth w(t) ∈ W0 = [w, w] to the MU,
where w > 0 denotes the minimum schedulable bandwidth
unit and w represents the maximum allocable bandwidth. The
bandwidth allocation w(t) is determined at the radio level and
may vary across communication cycles.

The haptic information generated in response to a command
consists of a fixed payload of size lh bits per cycle [2]. The
visual information delivered to the MU consists of a payload
of size ` bits. In the transmission model described in this
section, ` is treated as constant across communication cycles;
its adaptation over longer time horizons is addressed in the
following section.

Let ξh(t) and ξv(t) denote the effective downlink spectral
efficiencies (in bit/s/Hz) associated with the haptic and visual
transmissions, respectively. These quantities depend on the
instantaneous radio conditions at cycle t and are assumed to
be strictly positive and bounded.

Under this model, the downlink transmission times for the
haptic and visual information are given by: τh(t) = lh

w(t) ξh(t)

and τv(t) = `
w(t) ξv(t)

. These expressions capture the inverse
dependence of transmission delay on the allocated bandwidth
and the instantaneous channel quality, which is a priori
unknown at the decision time.

The base station adjusts the downlink bandwidth to control
transmission delays while accounting for the limited avail-
ability of radio resources. In this work, resource adaptation is
performed only on the DL, which carries both the haptic feed-
back and the high-rate visual payload. The UL transmission,
consisting of user command signals with comparatively small
payload, is assumed to operate over a separately provisioned
and fixed resource share. Moreover, the application processing
delay is not subject to control and is treated as an exogenous
bounded process. Consequently, both UL transmission time
and processing delay are modeled as external components,
while downlink bandwidth allocation constitutes the primary
control variable for managing delay performance.

III. TWO-TIME-SCALE PROBLEM FORMULATION

We consider a two-time-scale control structure reflecting
the different reconfiguration rates of radio scheduling and
application rendering. The BS adapts the downlink bandwidth



w(t) at the communication-cycle level to track fast channel
and processing variations. In contrast, the visual payload
` induces rendering at the application layer and cannot be
updated at this granularity. This motivates separating control
decisions into a fast time scale (bandwidth) and a slow time
scale (visual payload).

We partition the time horizon into epochs indexed by
n ∈ {1, . . . , N}, where each epoch consists of T com-
munication cycles. At the beginning of each epoch n, the
application selects a visual payload size `n ∈ L, where
L = {`(1), . . . , `(K)} denotes the finite set of admissible
visual payload levels. The selected payload remains fixed
throughout the epoch. Within epoch n, for each communi-
cation cycle t ∈ {1, . . . , T}, the base station allocates a
downlink bandwidth w(t) ∈ W0. Therefore, bandwidth is
adapted at the fast time scale to track channel variations, while
the visual payload evolves only at the slower epoch level.

A. Fast-Time-Scale Problem
At each cycle t, the BS selects a downlink bandwidth allo-

cation w(t) from the compact set W0, and incurs a spectrum
allocation cost proportional to the allocated bandwidth. We
represent this cost by an instantaneous loss function given
by ft(w(t)) = γ w(t), where γ > 0 weights the cost of
spectrum usage. The transmission delays at cycle t depend
on the effective spectral efficiencies ξh(t) and ξv(t), as well
as on the uplink transmission time τc(t) and the processing
delay τp(t). These quantities are time-varying and unknown
at the decision time, and are revealed only after w(t) has
been selected. Consequently, the realized delay performance
and constraint values cannot be predicted with certainty
beforehand, a learning process is thus required, as will be
shown in the next section.

We consider the following two normalized constraint func-
tions to capture both the visual and haptic delay violations,

g1,t(w(t)) =
d(t;w(t))− d̄

d̄
, g2,t(w(t)) =

D(t;w(t))−D
D

.

(1)
The constraint g1,t enforces the requirement that the closed-
loop haptic feedback d(t;w(t)) remains within the stringent
delay budget d̄, while g2,t ensures that the corresponding
multimodal information D(t;w(t)) is delivered within the
admissible intermodal delay D. A communication cycle is
therefore reliable only if both constraints are satisfied. Typi-
cally, d̄ is on the order of 10 ms to ensure high-quality haptic
interaction in the metaverse, whereas D is around 50 ms
to preserve the perception of simultaneity across sensory
modalities [15], [16].

The delay constraints cannot, in general, be enforced
with certainty at each cycle due to the time-varying and
unknown transmission conditions. We therefore impose the
delay requirements in a long-term sense, allowing temporary
violations while controlling their cumulative magnitude over
the horizon T . The fast-time-scale problem is thus to minimize
the cumulative spectrum cost over T cycles subject to long-
term delay constraints.

B. Slow-Time-Scale Problem

The slow-time-scale problem governs the selection of the
visual payload size `n at the beginning of each epoch n. The
objective at the application layer is to enhance the immersive
experience of the metaverse user while accounting for the
delay performance induced by the fast-time-scale bandwidth
allocation within the epoch.

We model epoch-level immersive reward associated with
visual payload `n as

rn =
ϕ(n) ln

(
`n
`

)
ln
(
`
`

) , (2)

where the logarithmic term captures diminishing returns with
respect to visual payload size, i.e., increasing payload when
video quality is already high will only increase the QoE
marginally [17]. We denote by ` the baseline payload level
that generates no immersive gain, and ` = maxL, ϕ(n) ∈
[0, 1] represents the reliability of the multimodal interaction
during epoch n, given by the impact of delay violations within
an epoch through a violation rate:

ϕ(n) = 1− 1

T

T∑
t=1

1{g1,t(w(t)) > 0 ∨ g2,t(w(t)) > 0} ,

(3)
where a violation is declared whenever either the closed-loop
haptic delay constraint or the inter-modal delay constraint is
not satisfied, and 1{·} denotes the indicator function.

This formulation explicitly couples the two time scales:
increasing the visual payload enhances visual fidelity but also
increases the likelihood of delay violations at the fast time
scale, thereby reducing the effective reward through ϕ(n).
The mapping between the selected visual payload `n and
the resulting reward rn is unknown a priori, since ϕ(n)
depends on stochastic channel realizations and the fast-time-
scale bandwidth adaptation, and it is only observed at the end
of each epoch. The slow-time-scale problem is therefore to
sequentially select `n ∈ L so as to maximize the cumulative
reward over N epochs, max{`n}

∑N
n=1 rn.

IV. ONLINE SOLUTION METHODOLOGY

A. Fast-Time-Scale Problem: COCO

To address the bandwidth-allocation problem under uncer-
tainty and long-term constraints, we formulate the fast-time-
scale control as a COCO problem. At each cycle t, the BS
selects w(t) ∈ W0, after which the loss function ft(·) and
constraint functions gm,t(·) are revealed.

Within this framework, performance can be evaluated rel-
ative to a dynamic benchmark that may vary across cy-
cles. For each cycle t, define the instantaneous feasible set
W(t) = {w ∈ W0 | gm,t(w) ≤ 0, m = 1, 2} . The dynamic
comparator is then defined as

w?t = arg min
w∈W(t)

ft(w). (4)



The sequence {w?t }Tt=1 represents the best cycle-wise feasi-
ble decisions with full knowledge of the realized loss and
constraint functions. This dynamic comparator characterizes
an oracle policy that perfectly tracks the time-varying sys-
tem conditions while satisfying the instantaneous delay con-
straints. Following the COCO framework [18], performance
at the fast time scale is evaluated through regret minimization
under long-term constraints. The dynamic regret is defined
over t ∈ {1, . . . , T} within an epoch as

Regf (T ) =

T∑
t=1

(
ft(w(t))− ft(w?t )

)
, (5)

where w?t denotes the cycle-wise optimal feasible decision.
Constraint satisfaction is quantified through the cumulative

constraint violation measure defined as

Viof (T ) =

2∑
m=1

T∑
t=1

[gm,t(w(t))]+, (6)

where [·]+ = max{·, 0}. This metric captures the aggregate
magnitude of delay violations and does not permit compensa-
tion across cycles: a violation at a given communication cycle
contributes positively to the cumulative measure regardless
of subsequent system behavior. In the context of immersive
metaverse interaction, this reflects the fact that delay viola-
tions degrade user experience and cannot be compensated by
improved performance in later cycles.

To construct the online bandwidth allocation policy, we
adopt the COCO framework of [18] and specialize the as-
sociated primal–dual methodology to our delay-constrained
setting. Within this approach, constraint violations are con-
trolled through virtual queues that act as time-varying dual
variables. At each cycle t, the queues associated with the
normalized delay constraints evolve as

Qm(t) = max
{

(1−η)Qm(t−1)+
[
gm,t

(
w(t)

)]
+
, β
}

(7)

for m ∈ {1, 2}, where η ∈ (0, 1) and β ∈ (0, Gη ) are algorithm
parameters, and G > 0 is the uniform bound on |gm,t(w)|.

The virtual queues accumulate positive delay violations and
increase the effective penalty imposed on constraints that are
persistently violated, thereby biasing subsequent decisions to-
ward more conservative bandwidth allocations. At each cycle
t, the BS computes the bandwidth allocation by minimizing
a surrogate objective constructed using information available
at the end of cycle t− 1. Specifically, [18] solves

min
w∈W0

γ w+αt−1(w − w(t− 1))2 +

2∑
m=1

Qm(t−1)
[
gm,t−1(w)

]
+

(8)
where αt−1 > 0 is a non-decreasing regularization parameter.

As observed from Eq. (8), a constraint contributes to the
surrogate objective at cycle t only if it was violated at
the previous cycle t − 1. Consequently, the structure of the
first-order optimality condition depends on the active set of
violated delay constraints at cycle t − 1. For a given active-
set configuration, let w̃ denote the stationary point of the

surrogate objective, obtained by differentiating Eq. (8) with
respect to w and equating the derivative to zero, as follows

γ + 2αt−1(w̃ − w(t− 1))− C(t− 1)

w̃2
= 0, (9)

where the coefficient C(t−1) aggregates the contributions of
the active delay constraints at cycle t−1. Its exact expression
depends on which of the constraints g1,t−1 and g2,t−1 are
violated, and is detailed in Algorithm 1. For each cycle t, the
candidate solution is projected onto the compact feasible set
W0 via the Euclidean projection operator PW0

(·). For any
unconstrained candidate w̃ ∈ R, the projection is given by
PW0(w̃) = arg minw∈W0 |w − w̃|2 = min{w, max{w, w̃}}.

Algorithm 1 Fast-Time-Scale via Virtual-Queue COCO [18]
1: Input: Epoch index n and fixed payload `n; set W0 = [w,w];

parameters η ∈ (0, 1), {αt}, spectrum-cost weight γ; initial
bandwidth w(1) ∈ W0; initial queues Qm(1) = β, m ∈ {1, 2}.

2: Output: Bandwidth sequence {w(t)}Tt=1.
3: for t = 2, . . . , T do
4: C(t− 1)← 0
5: if g1,t−1

(
w(t− 1)

)
> 0 then

6: C(t− 1)← C(t− 1) + Q1(t−1)

d̄

lh
ξh(t−1)

7: end if
8: if g2,t−1

(
w(t− 1)

)
> 0 then

9: C(t− 1)← C(t− 1) + Q2(t−1)

D

(
lh

ξh(t−1)
+ `n

ξv(t−1)

)
10: end if
11: Find w̃ such that γ + 2αt−1(w̃ − w(t− 1))− C(t−1)

w̃2 = 0
12: w(t)← PW0(w̃)

13: g1,t(w(t))← d(t)− d̄
d̄

; g2,t(w(t))← D(t)−D
D

14: Qm(t)← max
{

(1− η)Qm(t− 1) + [gm,t(w(t))]+, β
}

15: end for
16: return {w(t)}Tt=1

B. Slow-Time-Scale Problem: Bandits

We model the sequential feedback structure as a bandit
learning problem. At each epoch n, the controller selects a
visual payload level `n ∈ L and observes only the realized
reward rn associated with the chosen level, without access
to the rewards of the other payload options. Recall that, by
construction, the reward satisfies rn ∈ [0, 1] for all admissible
payload levels.

Importantly, the reward sequence need not be stochastic
or stationary. The reliability factor ϕ(n) is generated by
the interaction between the slow-time-scale visual payload
selection and the fast-time-scale COCO dynamics under time-
varying channel and processing conditions. As a result, the
induced reward process may exhibit non-stationary or adver-
sarial behavior. This motivates the use of adversarial bandit
algorithms, such as EXP3, which provide regret guarantees
without requiring distributional assumptions [19].

Performance at the slow time scale is evaluated through the
cumulative regret with respect to the best fixed visual payload
level in hindsight. For each `(k) ∈ L, let rn(k) denote the
reward that would have been obtained at epoch n had payload
level `(k) been selected.



The cumulative regret over N epochs is defined as

Regs(N) = max
k∈{1,...,K}

N∑
n=1

rn(k)− E

[
N∑
n=1

rn

]
, (10)

where the expectation is taken with respect to the internal
randomization of the bandit algorithm. This regret notion
measures the performance gap between the learning policy
and an oracle that, in hindsight, commits to the single best
visual payload level over the entire horizon.

V. NUMERICAL ANALYSIS

In this section we evaluate the proposed two-time-scale
framework. For this, we emulate the uplink and downlink
signal-to-noise ratio (SNR) processes that evolve according to
temporally correlated first-order Gauss–Markov models, cap-
turing the discrete-time dynamics of wireless fading channels
[20]. The processing delay follows a correlated lognormal
process clipped to a bounded interval. The spectral efficien-
cies are computed from the instantaneous SNR using the
finite-blocklength approximation [21] for ξh(t) and Shannon’s
formula for ξv(t). The set of admissible visual payload
levels is L = {25.0, 62.5, 100.0, 156.2} KBytes, consistent
with reported values for metaverse applications [22]. The
remaining simulation parameters are summarized in Table I.

Param. Value Param. Value
w 1.8 · 105 Hz β 1
w 9 · 106 Hz d̄ 10 ms
γ 3.33 · 10−9 D 50 ms
αt 6.67 · 10−15

√
t lh 5 KBytes

η 1/T ` 10 KBytes

TABLE I: Simulation parameters.

A. Evaluation of fast-time-scale solution for a single epoch

We first evaluate the behavior of the fast-time-scale algo-
rithm within a single epoch of T = 1000 communication
cycles, for a fixed visual payload level of ` = 62.5 KBytes,
as depicted in Fig. 2. It shows the realized bandwidth alloca-
tion w(t) together with two reference policies: the dynamic
benchmark w?t (see Eq. (4)) and a static optimal solution
defined as w∗ = maxt∈[1,...,T ]{w∗t }. We observe that the
proposed controller closely tracks the dynamic benchmark
while remaining within the feasible interval [w,w]. It adapts
to fast stochastic variations in channel and processing condi-
tions without incurring excessive spectrum consumption. In
contrast, the static allocation systematically over-provisions
resources and therefore does not constitute a meaningful
performance reference in a time-varying environment.

We next examine the average operating point of the fast-
time-scale controller and its dependence on the selected visual
payload. To this end, we generate 5000 independent epoch
realizations. Fig. 3 shows the mean downlink bandwidth
allocation w(t) for different payload levels ` ∈ L. As
expected, increasing the visual payload shifts the steady-state
operating point toward higher bandwidth values, since the
end-to-end delay constraint becomes more restrictive due to
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Fig. 2: Fast-time-scale performance over T = 1000 communication
cycles. (a) Bandwidth allocation w(t) (COCO) compared with the
dynamic benchmark w?t and a static benchmark w?t .

the larger visual transmission time. For the reference case of
` = 62.5 KBytes, we additionally include percentile envelopes
to characterize the variability induced by stochastic channel
and processing dynamics.

Fig. 3: Visual payload dependent spectrum allocation over T = 1000
communication cycles. Mean downlink bandwidth w(t) for different
payload modes `n ∈ L.

Finally, Fig. 4 depicts the fraction of delay violations
over the epoch for each visual payload level. We observe
that higher payload values result in increased violation rates,
reflecting the reduced feasibility region under heavier visual
traffic. In contrast to the instantaneous bandwidth allocation,
the variability of the violation fraction decreases as the
number of communication cycles increases, yielding pro-
gressively more stable reliability estimates. This behavior is
consistent with the virtual-queue dynamics of the proposed
COCO algorithm, which accumulates delay violations and
adaptively adjusts the bandwidth allocation to steer the system
toward delay-feasible operating points, thereby progressively
reducing the variability of the long-term violation.

B. Evaluation of slow-time-scale visual payload adaptation

We next evaluate the performance of the slow-time-scale
bandit algorithm responsible for selecting the visual payload
level `n across epochs, as illustrated in Fig. 5. It depicts the



Fig. 4: Fraction of delay violations over T = 1000 communication
cycles for different visual payload modes `n ∈ L.

instantaneous reward rn and ϕ(n) at each epoch. Selecting
lower visual payload levels yields high reliability but limited
immersive gain. Conversely, selecting higher visual payload
levels under unfavorable radio conditions increases transmis-
sion load and degrades reliability. The selection progressively
concentrates on the payload level that maximizes long-term
reward, reflecting the transition from exploration to exploita-
tion.
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Fig. 5: Performance of the slow-time-scale bandit-based visual
payload adaptation, reliability and reward evolution.

VI. CONCLUSION

This paper investigated two-time-scale resource allocation
for wireless metaverse systems supporting closed-loop haptic
interaction and multimodal content delivery under stringent
delay requirements. We proposed a two-time-scale online
framework that captures the coupling between round-trip hap-
tic delay, intermodal coherence, and spectrum efficiency over
time-varying wireless channels. At the fast time scale, down-
link bandwidth allocation was formulated as a COCO problem
with virtual queues to enforce long-term delay constraints. At
the slow time scale, visual payload selection was modeled
as an adversarial multi-armed bandit problem using EXP3,
relying only on epoch-level reward feedback. Numerical re-
sults demonstrated stable bandwidth adaptation, controlled
delay violations, and effective immersion–reliability trade-offs
across different visual payload regimes.
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