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Abstract—Wireless interactive panoramic scene delivery im-
poses unique challenges compared to its wired or non-interactive
counterparts. The wireless channel is throughput-constrained,
which limits the ability to deliver large and high-quality
panoramic images. On the other hand, the interactivity imposes a
real-time constraint on the system and limits the use of a playback
buffer. Also, wireless inputs are not delivered instantaneously
like wired interrupt-based inputs, so the system must predict the
user’s head pose and the portion of the scene visible to them,
called the viewport. This reveals a tradeoff: delivering a portion
too small may not cover the viewport if the prediction error is too
large, while delivering a portion too large may result in a failed
wireless transmission. Likewise, delivering the portion at too
high a quality may result in a failed transmission. Despite these
challenges, we would like to guarantee an immersive experience
for the user by delivering a high-quality and visually consistent
panoramic scene. To that end, we aim to maximize the user’s
quality of experience, which we define as the combination of (1)
cumulative quality, (2) long-term consistency, which quantifies
the overall variance in perceived quality, and (3) short-term con-
sistency, which quantifies abrupt quality changes. We formulate
this problem as a risk-averse multi-armed bandit problem with
reward-dependent switching costs, and develop a novel block-
based UCB algorithm with opportunistic switching. We derive its
theoretical regret upper bound, which matches results in prior
work, and corroborate this result in trace-based simulations using
a panoramic video streaming data trace.

Index Terms—Interactive panoramic scene delivery, risk-
averse multi-armed bandit, bandits with switching costs.

I. INTRODUCTION

Interactive panoramic scene delivery, which encompasses
transformative technologies such as virtual reality (VR), mixed
reality, and volumetric videos, enables immersive experiences
across a wide range of applications, from entertainment to
remote collaboration and education. Many applications of
interactive panoramic scenes are best experienced wirelessly,
with an edge server streaming panoramic content to the user
and the user sending their head pose (position and orientation)
and other inputs to the edge server over a wireless channel.
However, delivering high-quality panoramic content wirelessly
poses significant technical challenges compared to wired or
non-panoramic digital content. To maintain real-time interac-
tivity, the system needs to operate at a high framerate, typically
60 frames-per-second, with hard packet deadlines. Also, the
user’s device (e.g. VR headset) cannot use a playback buffer,
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as the interactive scene may need to be updated in real time
according to input received from the user.

To avoid motion sickness when using a VR headset, there
must be zero mismatch between the user’s actual head motion
and their perceived virtual head motion. This means that the
edge server cannot use the user’s head pose received from the
previous frame to calculate the portion visible to them, called
the viewport, for the current frame. Instead, the edge server
must deliver a portion of the panoramic scene large enough to
cover the user’s viewport for the current frame.

However, successfully delivering the viewport is not as
simple as sending the entire 360◦ scene, which requires a
bandwidth around 4 to 6 times greater than that of traditional
video streaming [1], and may result in a failed viewport
delivery due to packet loss. For the same reason, sending
the frame at the highest visual quality level, i.e. sending the
uncompressed frame, may result in a failed viewport delivery.
Instead, the edge server should intelligently select a delivery
portion sufficient to account for the user’s head motion and
encode at a quality level that both enhances the visual quality
and results in a successful transmission.

Despite these challenges, it is essential to maximize the
visual quality perceived by the user in order to enhance their
immersive experience. On the other hand, maintaining visual
consistency is also crucial for sustaining immersion [2]. Visual
inconsistency, especially with abrupt changes, is easily notice-
able and distracting to the user [3]. For example, a consistent
drop in quality may be tolerable if gradual, but abrupt quality
shifts are disorienting and immersion-breaking. Therefore,
both the visual quality and visual quality consistency must
be carefully managed to guarantee the best user experience.
While several studies have examined visual variability in both
traditional and panoramic video streaming [4]–[6], they have
largely overlooked the impact of abrupt visual quality changes.

To address this gap, our work aims to optimize the user’s
Quality of Experience (QoE), quantified as the combination
of cumulative visual quality, long-term visual consistency, and
short-term visual consistency. Here, long-term visual inconsis-
tency refers to the variance of perceived visual quality, while
short-term visual inconsistency refers to the instantaneous
change in quality between consecutively delivered frames.
The main challenges in maximizing QoE arise from two key
uncertainties: (1) the probability of successfully transmitting a
portion encoded at a particular quality level is unknown due to
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the time-varying wireless channel, and (2) the probability that
a transmitted portion can fully cover the user’s viewport is also
unknown, as predicting head motion is inherently inaccurate.
To address these challenges, we need to adaptively select both
the portion to be delivered and its quality level to maximize
the user’s QoE. Existing studies (e.g., [5], [7]–[9]) tend to rely
on heuristic-based algorithms to select the portion and quality
rather than providing rigorous theoretical analysis.

To overcome these limitations, we formulate the problem of
delivery portion and quality selection as a risk-averse multi-
armed bandit (MAB) problem [10], [11] with a new type of
reward-dependent switching cost. In this formulation, each pair
of delivery portion and quality level corresponds to an arm.
Maximizing the user’s QoE can also be viewed as minimizing
the QoE regret, which quantifies the gap in QoE compared
to the optimal policy. To that end, we develop an algorithm
that uses mean-minus-variance UCB estimates [11] in a block-
based arm selection regime with opportunistic arm switching.
This approach allows us to simultaneously identify the arm
with the best quality and long-term consistency tradeoff with
the UCB estimates, while controlling short-term consistency
with the block structure. Before listing our contributions in
detail, we review prior work on interactive panoramic scene
delivery, risk-averse bandits, and bandits with switching costs.

A. Related Work

1) Interactive Panoramic Scene Delivery: Panoramic scene
delivery requires significantly higher network bandwidth than
traditional video streaming. To enhance user experience, re-
searchers have explored various strategies for optimizing
panoramic scene transmission (e.g., [8], [9]). In [9], the authors
proposed an adaptive algorithm that selectively delivers only
the portion of the panoramic scene corresponding to the user’s
predicted viewport, effectively reducing bandwidth consump-
tion. On the other hand, various studies (e.g., [12]) explored
how the compression level affects the visual quality. However,
all of them utilized heuristic algorithms without theoretical
analysis. Subsequently, existing studies attempted to apply the
MAB framework to the panoramic scene delivery problem
to give more theoretical insights. Some recent work has
attempted to intelligently leverage the two separate feedback
signals of motion prediction and wireless transmission. For
example, [13] proposed Two-Level Thompson Sampling to
select the portion to maximize the system throughput, and
[14] proposed Two-Level KL-UCB to maximize the system
throughput for panoramic scene delivery. [15] consider multi-
user panoramic scene delivery as an application of their regular
and fair bandit learning framework. However, none of the
aforementioned works considered the quality variance in the
application of panoramic scene delivery, which is important to
guarantee an immersive experience to users.

2) Risk-Averse Bandits: Unlike the traditional MAB prob-
lem, which focuses solely on maximizing the expected cu-
mulative reward over a finite horizon, risk-averse MAB (e.g.,
[10], [11], [16]–[18]) aims to mitigate reward uncertainty
(i.e., risk). A widely used risk measure is the mean-minus-

variance criterion [19]. The study in [10] was among the
first to incorporate the mean-minus-variance metric into the
MAB framework, introducing the MV-UCB algorithm. Build-
ing on this, Vakili and Zhao [11] demonstrated that MV-
UCB achieves order-optimality with respect to the instance-
dependent lower bound in terms of mean-minus-variance.
More recently, [16] applied Thompson Sampling to risk-averse
MAB and established its asymptotic tightness under specific
regimes. Subsequently, researchers have increasingly explored
the application of risk-averse bandit frameworks in practical
scenarios. For example, [20] introduced a risk-aware contex-
tual MAB approach to optimize beam selection at base stations
to enhance vehicular communication reliability in dynamic,
non-stationary conditions. However, the mean-minus-variance
metric only measures reward fluctuations over a given time
horizon and does not capture sudden, instantaneous changes in
rewards as a component of risk. This limitation is particularly
critical in panoramic scene delivery, where abrupt variations
can significantly disrupt the immersive experience. Despite its
relevance, existing studies have largely overlooked the impact
of such abrupt reward fluctuations within the mean-minus-
variance framework.

3) Bandits with Switching Costs: The bandits with switch-
ing costs problem, where the player suffers a penalty for
switching arms between rounds, was first introduced by
Agrawal et al. [21] who developed a block-based UCB al-
gorithm that achieves optimal instance-dependent logarithmic
regret. Block-based algorithm design has since proven very
popular in bandit problems with switching costs. For example,
the authors in [22]–[24] all use block-based algorithms for
their wireless networking and mobile computing applications.
A classic result [25] shows a Ω̃(T 2/3) instance-independent
lower bound in the adversarial reward regime. Recently,
[26] developed a block-based algorithm for the best-of-both
worlds (adversarial and stochastic) regime that achieves op-
timal instance-independent regret in the adversarial setting.
The work [27] improved the block-based algorithm design of
[26] and extended the lower bound from [25] to the case of
stochastically-constrained rewards, which is more general than
i.i.d. rewards, but more narrow than adversarial rewards. The
work [28] characterize the Ω̃(T 2/3) to Ω̃(T 1/2) tradeoff from
bandit feedback to full feedback in this problem. While to
our knowledge, no work has yet considered switching costs
and variance control simultaneously, some authors have simul-
taneously considered switching costs and other performance
metrics, e.g. arm-selection constraints [29], [30].

B. Our Contributions

Our main contributions in this paper are as follows:

1) We formalize the problem of maximizing the QoE
of a user experiencing interactive panoramic content
wirelessly as a risk-averse MAB problem with reward-
dependent switching costs, aiming to maximize cumu-
lative visual quality while ensuring both long-term and
short-term visual consistency.
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2) To solve this problem, we propose the Learning
Optimistically with Block-based Opportunistic Switching
(LOBOS) algorithm, a block-based UCB algorithm
with opportunistic switching that simultaneously maxi-
mizes the mean-minus-variance metric and minimizes the
reward-dependent switching cost.

3) We establish a theoretical upper bound on the QoE
regret (Theorem 1) by adapting the analysis of MV-
UCB [11] to the block-based design, with novel analytical
techniques to account for the opportunistic switching. Our
bound shows that LOBOS accurately generalizes the MV-
UCB algorithm in that it matches the optimal instance-
dependent bound derived by Vakili and Zhao [11] as the
switching cost diminishes, and matches bounds from prior
work on risk-averse bandits and bandits with switching
costs otherwise (see Remark 1).

4) We validate our theoretical insights by conducting ex-
periments on a real-world dataset of user head motion
and panoramic video. These experiments show that our
algorithm surpasses state-of-the-art algorithms from the
literature when the three-way tradeoff in the QoE metric
is tuned in various ways.

The rest of this paper is organized as follows. In Section II,
we introduce the high-quality and consistent viewport delivery
problem. In Section III, we present the LOBOS algorithm,
and in Section IV, we give its QoE regret upper bound. In
Section V, we present our trace-based simulations comparing
LOBOS against other state-of-the-art algorithms from the
literature. Finally, in Section VI, we conclude the paper and
discuss future research directions.

II. PROBLEM SETTING

Consider an edge server delivering an interactive panoramic
scene over a wireless channel to a user equipped with a VR
headset. The panoramic scene can be thought of as video
content being projected inside a sphere surrounding the user’s
head, with their viewport occupying a portion of the surface.
When the user moves through the scene, the content projected
inside the sphere changes, and when the user rotates their head,
the viewport’s location on the surface of the sphere changes.

Using a map projection technique, such as equirectangular
projection, we can transform the sphere representing the
panoramic scene to a 2D grid of tiles. Then the user’s viewport
will be covered by some subset of these tiles. The edge server
needs to deliver the content corresponding to this subset of
tiles, called the delivery portion, to the user for the frame
corresponding to each timeslot t = 1, 2, . . . To do so, the edge
server needs to encode the video content in the delivery portion
and send it to the user as a sequence of UDP packets.

The interactivity of the user adds a real-time constraint to
the system, and therefore we assume that all packets sent from
the server to the user that are not received within the timeslot
are permanently lost and never retransmitted. However, we
assume the small packets sent from the user to the server
containing transmission acknowledgments, head poses, and
other inputs add negligible congestion and are never lost.

A. Motion Prediction and Delivery Portion Selection
The user sends their head pose to the edge server in each

timeslot t. However, due to motion sickness, the user cannot
tolerate a mismatch between their actual head motion and their
perceived virtual head motion, meaning that the edge server
cannot use the head pose feedback from timeslot t to compute
the viewport content for timeslot t + 1. Instead, the edge
server uses the viewport location from timeslot t to predict
the viewport location for timeslot t+ 1.

In order to account for the motion prediction error, the
edge server should choose a delivery portion that is strictly
larger than the minimal subset of tiles that covers the predicted
viewport. We assume there are N possible delivery portions
to choose from and let n̂(t) ∈ [N ] denote the delivery portion
chosen by the edge server in timeslot t. Let Xn(t) ∈ {0, 1} in-
dicate that delivery portion n covers the user’s viewport, which
we assume to be i.i.d. over time 1 An example is illustrated in
Fig. 1, where two portions both cover the predicted viewport.
However, only the larger portion fully covers the user’s actual
viewport, i.e. X1(t) = 0 and X2(t) = 1.

B. Quality Selection and Wireless Transmission
In addition to selecting a delivery portion, the edge server

also selects one of M possible quality levels, which correspond
to different levels of video compression. For example, we
could use the constant rate factor (CRF) in H.264 encoding,
where a higher quality level m corresponds to a lower CRF
value and vice versa. Let qm > 0 denote the utility to the
user for receiving a video frame at quality level m, with
q1 < q2 < · · · < qM . For example, in Fig. 1, the left
image depicts portions with lower quality (quality level 1)
due to higher compression, whereas the right image shows
portions with higher quality (quality level 2) resulting from
lower compression. These two quality levels have utilities q1
and q2 respectively, with q1 < q2. We use m̂(t) to denote the
quality level selected by the edge server for frame t.

Note that the content of a fixed delivery portion n varies
over time because the content in each tile varies according
to the changing scene and the user’s changing position. Also,
the particular tiles that constitute the delivery portion vary over
time due to the user’s changing head orientation. Furthermore,
the size (in bytes) of the delivery portion encoded at a fixed
quality level m varies over time because the compression
efficiency depends on the content. For example, quickly chang-
ing content or highly detailed content will result in a lower
compression ratio compared to static or low detail content. We
assume that the size (in bytes) of a fixed delivery portion n
encoded at a fixed quality level m is i.i.d. over time. We also
assume that the wireless channel state is i.i.d. over time. If
delivery portion n and quality level m are selected in timeslot
t, then a successful transmission occurs when all packets
constituting the chosen portion compressed at the chosen
quality level are received by the user, which we indicate by
Ymn(t) ∈ {0, 1}, and which is therefore i.i.d. over time.

1A user’s motion is typically not i.i.d. in practice, but trace-based simula-
tions still demonstrate the efficacy of our proposed algorithm.
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Fig. 1: A panoramic scene encoded at two different quality
levels with two different portions (red dashed lines).

C. High-Quality and Consistent Viewport Delivery

For the user’s viewport to be successfully delivered when
delivery portion n and quality level m are chosen, delivery
portion n needs to cover the viewport, indicated by Xn(t), and
all packets constituting the encoded delivery portion need to
be delivered to the user, indicated by Ymn(t). Then Zmn(t) ≜
Xn(t)Ymn(t) indicates the successful viewport delivery. Since
both Xn(t) and Ymn(t) are i.i.d. over time, so is Zmn(t). We
denote its mean by µmn ≜ IE[Zmn(t)], and its variance by
σ2
mn ≜ Var[Zmn(t)], which are unknown a priori due to the

unknown behavior of the user and the wireless channel.
We would like to maximize the cumulative quality of the

user’s viewport up to a time horizon T , which is given by

R(T ) ≜
T∑

t=1

IE
[
qm̂(t) Zm̂(t) n̂(t)(t)

]
. (1)

In addition to maximizing the quality, we would like to
maintain visual consistency to avoid breaking the immersion of
the user. Therefore, in order to deliver a consistent experience
to the user, we would like to minimize the cumulative quality
variance, which is given by

V (T ) ≜

T∑
t=1

IE

(qm̂(t) Zm̂(t) n̂(t)(t)−
1

T

T∑
τ=1

qm̂(τ) Zm̂(τ) n̂(τ)(τ)

)2
.

(2)
While the cumulative quality variance quantifies the long-term
visual inconsistency, we would also like to maintain short-
term visual consistency by minimizing the number of times
the quality of consecutively delivered frames is switched. Then
the cumulative quality switching cost is given by

C(T ) ≜
T∑

t=2

IE
[
1{m̂(t) ̸= m̂(t− 1)}Zm̂(t)n̂(t)(t)Zm̂(t−1)n̂(t−1)(t− 1)

]
.

(3)
In summary, maximizing R(T ) helps deliver a high-quality

experience to the user, minimizing V (T ) helps deliver a
long-term consistent experience to the user, and minimizing
C(T ) helps deliver a short-term consistent experience to the
user. Therefore, we would like to maximize the quality of

experience given by

QoE(T ) ≜ αR R(T )− αV V (T )− αC C(T ). (4)

where αR, αV , αC > 0 tune the three-way tradeoff. Increasing
one of the three tuning parameters increases the impact of its
corresponding metric on the overall QoE.

In the language of multi-armed bandits, we call each pair
(m,n) ∈ [M ] × [N ] of delivery portion and quality an arm.
Denote the optimal delivery portion and quality selection
policy by ∗, and its quality of experience by

QoE∗(T ) ≜ αR R∗(T )− αV V ∗(T )− αC C∗(T ). (5)

Note that differently from the classic MAB setup, the optimal
policy is not generally given by playing a single fixed arm.
Then, the regret of a policy is defined as

Reg(T ) ≜ QoE∗(T )−QoE(T ). (6)

The ratio ρ ≜ αR/αV of the tuning parameters αR and αV

can be thought of as the risk-tolerance and ρR(T )− V (T ) is
the mean-minus-variance in the risk-averse learning literature
[11]. Consider the policy † with optimal mean-minus-variance
ρR†(T )− V †(T ). Also, note that −αC C∗(T ) ≤ 0. Then we
can decompose

Reg(T )

≤ αV [ρR∗(T )− V ∗(T )− (ρR(T )− V (T ))] + αC C(T )

≤ αV

[
ρR†(T )− V †(T )− (ρR(T )− V (T ))

]︸ ︷︷ ︸
mean-minus-variance regret

+αC C(T ).

(7)
This form of the regret further motivates our algorithm design,
which we present in the next section.

III. ALGORITHM DESIGN

In this section, we introduce our algorithm called Learning
Optimistically with Block-based Opportunistic Switching (LO-
BOS). “Learning optimistically” refers to the UCB estimates
that use the principle of optimism under uncertainty and which
we discuss in Section III-A. We then discuss the “block-based
opportunistic switching” in Section III-B.

A. UCB Estimates for Mean-Minus-Variance

We indicate that the edge server plays arm (m,n) in timeslot
t by Imn(t) ≜ 1{m̂(t) = m, n̂(t) = n}. Let Hmn(t) denote
the number of times arm (m,n) has been played by the
beginning of timeslot t. Then Hmn(1) = 0 and for t > 1,
we update Hmn(t+ 1) = Hmn(t) + Imn(t).

Let µmn(t) denote the estimate of µmn at the beginning of
timeslot t. Then µmn(1) = 0 and for t > 1, we update

µmn(t+ 1) =
Hmn(t)µmn(t) + Imn(t)Zmn(t)

max{1, Hmn(t+ 1)}
. (8)
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Let σ2
mn(t) denote the estimate of σ2

mn at the beginning of
timeslot t. Then σ2

mn(1) = 0 and for t > 1, we update

σ2
mn(t+ 1)

=
Hmn(t)σ

2
mn(t) + (Imn(t)Zmn(t) − µmn(t+ 1))

2

max{1, Hmn(t+ 1)}
.

(9)
Define the empirical mean-minus-variance for arm (m,n) in
timeslot t as

wmn(t) ≜ ρ qm µmn(t)− q2m σ2
mn(t) (10)

where we recall that ρ ≜ αR/αV tunes the tradeoff between
mean and variance according to the weights in (4). Finally,
for Hmn(t) > 0, the UCB estimate for arm (m,n) at the
beginning of timeslot t is given by

Umn(t) ≜ wmn(t) + φm

√
log t

Hmn(t)
(11)

where φm ≜
√

3
2 max{q2m, q4m}(2 + ρ) is a scaling factor on

the confidence radius derived using Hoeffding’s lemma and
according to the mean-variance concentration bounds derived
by Vakili and Zhao [11] (their Lemma 1). 2

B. Block-Based Arm Selection with Opportunistic Switching

We use block-based arm selection to control the short-term
consistency. We group time slots into windows indexed by f =
0, 1, 2, . . . and divide each window f into blocks indexed by
b = 1, 2, . . . , bf , where bf denotes the last block in window f .
We use ts(f, b) and te(f, b) to denote the starting and ending
timeslots for block b of window f .

Window f = 0 is the initial exploration window and
contains MN blocks, each containing a single timeslot. Here,
we use each block to explore each arm once, i.e., we choose
arm (m,n) in block b = (m− 1)N + n of window f = 0.

Let Ts denote the set of block-starting timeslots, i.e., a
timeslot t ∈ Ts if there exists a window f and a block b such
that ts(f, b) = t. Then, the edge server is allowed to switch
arms in timeslots Ts. However, note that we only consider
switching to be costly in consecutively delivered frames. Then
if Zm̂(t−1)n̂(t−1)(t− 1) = 0, we know no switching cost will
be suffered and therefore we can opportunistically switch in
timeslot t even if it’s in the middle of a block. Then in each
timeslot t ≥ ts(1, 1), the edge server selects the arm

(m̂(t), n̂(t))

∈

 argmax
(m,n)∈[M ]×[N ]

Umn(t)
if t ∈ Ts or
Zm̂(t−1)n̂(t−1)(t− 1) = 0

,

(m̂(t− 1) , n̂(t− 1)) otherwise.
(12)

Note that the definition of quality switching cost (3) implies
that we should allow portion switching in every timeslot.
However, we noticed in experiments that this does not give a
noticeable regret improvement under opportunistic switching.

2Updating the empirical estimates of each arm takes O(MN) time and
dominates the per-timeslot running time of POLAR.

The block and window structure for windows f > 0 is
the following: each block b in window f contains f timeslots
and each window f contains

⌈
fβ−(f−1)β

αC f

⌉
blocks for some

tuning parameter β ≥ 2. αC appears in the denominator so that
when the switching cost has a smaller weight, the windows
are longer and therefore the block lengths increase slower,
allowing for more switching overall. Increasing β has a similar
effect. Fig. 2 shows the progression of windows and blocks.

Fig. 2: A demonstration of windows and block for M = 2,
N = 4, β = 3, and αC = 0.5.

IV. QUALITY OF EXPERIENCE REGRET GUARANTEE

In this section, we derive a theoretical regret upper bound
for the LOBOS algorithm (Theorem 1) and give its interpre-
tation in Remark 1. Before doing so, we derive a preliminary
upper bound that decomposes the regret into the sum of
suboptimal arm plays and switching costs (see (15)).

In general, the optimal policy † in the mean-minus-variance
problem (without switching) is not given by playing a fixed
arm. However, Vakili and Zhao [11] bound the difference in
mean-minus-variance between the optimal policy † and the
optimal fixed-arm policy. The stationary mean-minus-variance
for each arm (m,n) is given by wmn ≜ ρqmµmn − q2mσ2

mn.
Let (m̃, ñ) ∈ argmax(m,n) wmn denote the optimal fixed arm
and assume it is unique 3. Then the optimal fixed-arm policy
is given by always playing (m̃, ñ). Let R̃(T ) and Ṽ (T ) denote
the average cumulative quality and average cumulative quality
variance under the optimal fixed arm policy. By Theorem 1 of
Vakili and Zhao [11], we have

ρR†(T )− V †(T )−
(
ρR̃(T )− Ṽ (T )

)

≤ min

σ2
max

∑
(m,n)
̸=(m̃,ñ)

(
Γ2
mn

∆mn
+ 1

)
,
MN

a
log T

 ≜ gap(T )

(13)
where σ2

max ≜ max(m,n) σ
2
mn, Γmn ≜ qm̃µm̃ñ − qmµmn,

∆mn ≜ wm̃ñ − wmn, and a ≜ minm
2

max{q4m,q2m} is derived
using Hoeffding’s lemma to satisfy the conditions of Lemma
1 from Vakili and Zhao [11]. By their Lemma 2, we have that
under any policy,

ρR̃(T )− Ṽ (T )− (ρR(T )− V (T ))

≤
M∑

m=1

N∑
n=1

(∆mn + Γ2
mn) IE[Hmn(T + 1)] + σ2

m̃ñ.
(14)

3This assumption is necessary in analysis following Vakili and Zhao [11].
However, the assumption is mild since it is highly unlikely that two arms
share the exact same real-valued mean-minus-variance.
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Then combining (7), (13), and (14) gives that under any policy,

Reg(T ) ≤ αV

(
gap(T ) + σ2

m̃ñ

)
+ αC C(T )

+ αV

∑M
m=1

∑N
n=1[∆mn + Γ2

mn] IE[Hmn(T + 1)].
(15)

Then to derive a regret bound for our algorithm, it suffices to
bound the expected number of plays IE[Hmn(T + 1)] of each
“suboptimal” (with respect to the best fixed-arm policy) arm
(m,n) ̸= (m̃, ñ) and the switching cost C(T ).

We begin by bounding the expected number of suboptimal
arm plays in the following lemma.

Lemma 1. Under the LOBOS algorithm, the expected number
of plays of any arm (m,n) ̸= (m̃, ñ) is bounded by

IE[Hmn(T + 1)]

≤
8φ2

m

(
(αC T )1/β + 1

)
log T

min{∆2
mn , 4(2 + ρ)2}

+ 5 + 4(β + 2)D(β)
(16)

where D(β) ≜
∑∞

k=1(1 +
1
k )

βk−β < ∞ is a Dirichlet series.

Proof. The proof uses techniques from Vakili and Zhao’s
regret bound for their mean-variance UCB algorithm [11],
but with many modifications to accommodate the block-based
opportunistic switching, including partitioning the blocks into
“sub-blocks” where opportunistic switches occur, and bound-
ing the blocks and windows by a series. It can be found in the
appendix of the full technical report [31].

Next, we bound the quality switching cost.

Lemma 2. Under the LOBOS algorithm, the quality switching
cost is bounded by

αC C(T ) ≤
(
(MN + 2) + β

β−12
β−1
)
(αC T )1−1/β . (17)

Proof. The proof uses a similar technique to Steiger et al.
[29] to bound the quality switching cost, which takes a broad
approach and essentially counts the total number of blocks up
to the time horizon. It can be found in the appendix of the
full technical report [31].

Our final regret bound is an instance-dependent bound,
meaning it depends on (µmn, σ

2
mn)(m,n). It is given as follows.

Theorem 1. Under the LOBOS algorithm, the QoE regret is
bounded by

Reg(T )

≤ αV

(
gap(T ) + σ2

m̃ñ + (5 + 4(β + 2)D(β)) ∥ζ∥1,1
)

+ ξ
(
(αC T )1/β + 1

)
log T

∑
(m,n)
̸=(m̃,ñ)

max{q2m, q4m}ζmn

min{∆2
mn , 4(2 + ρ)2}

+

(
(MN + 2) +

β 2β−1

β − 1

)
(αC T )1−1/β

(18)
where we define the constants ζmn ≜ ∆mn + Γ2

mn and ξ ≜
12
(
4(αR + αV ) + α2

R/αV

)
for convenience.

Proof. Combine (15), Lemma 1, and Lemma 2, and note that
each 8αV φ

2
m ≤ max{q2m, q4m} ξ.

Remark 1 (interpretation of the regret bound). For the bound
in Theorem 1, the first line is O(log T ). Notice that if
αC = O(1/T ), then Reg(T ) = O(log T ), which matches the
instance-dependent bound for MV-UCB from Vakili and Zhao
[11]. Otherwise, setting β = 2 gives Reg(T ) = Õ(T 1/2),
which matches the instance-dependent bound for MV-UCB
in [32], but falls short of the best instance-dependent bounds
for both bandits with switching costs [21] and bandits under
mean-variance measure [11]. The second line depends heavily
on the problem instance. However, if we restrict to problem
instances having ∆mn ≥ T

−1/(2β)
0 for all (m,n) ̸= (m̃, ñ) for

some fixed time T0, then the second line will be on the order
Õ(T 2/β). Setting β = 3 gives Reg(T ) = Õ(T 2/3) overall,
which matches (up to log factors) the Ω(T 2/3) instance-
independent lower bound shared by both the mean-variance
problem (without switching) [11] and the switching cost
problem (without variance and with stochastically-constrained
rewards) [27]. Note that compared to regular stochastic ban-
dits, where an instance is characterized only by its reward gaps
∆mn, we also have Γnm in our bound due to the variance.
Therefore, we cannot simply apply the usual technique of
separately considering small and large reward gaps (see the
proof of Theorem 7.2 in [33]) to derive a general instance-
independent bound from our instance-dependent bound.

V. PANORAMIC VIDEO STREAMING EXPERIMENTS

In this section, we validate our theoretical regret bound
in a panoramic video streaming application according to a
data trace recorded from a user interacting with a panoramic
video stream in the real world. We compare our algorithm
LOBOS with tuning parameters β = 2 and β = 3 (as per
Remark 1) against three algorithms from the literature. The
first is the original block-based algorithm from Agrawal et
al. [21] that achieves O(log T ) instance-dependent regret in
the bandits with switching costs problem, and which we call
“Agrawal”. The second is the MV-UCB algorithm from Vakili
and Zhao [11] that achieves O(log T ) instance-dependent
regret in the risk-averse bandits problem. The third is the
Two-Level Thompson Sampling (TS) algorithm from Chen et
al. [13] that leverages the two feedback signals Xn̂(t)(t) and
Ym̂(t) n̂(t)(t) independently for improved bandit learning. All
experiments are repeated 10 times to reduce the variance due
to the wireless channel, which is synthetically simulated.

A. Trace-Based Simulation Setup

We collect a data trace from a user experiencing a free edu-
cational panoramic video (see [34]). Specifically, we record a 3
DoF (orientation only) motion trace, and encode the panoramic
content into different quality levels. The dataset includes 3000
timeslots and we iterate over the dataset multiple times to
achieve a total of T = 100000 timeslots in our experiments
with a uniformly random offset over the first half of the dataset
each time it is looped. The details for each are as follows:
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(a) (αR, αV , αC) = (1, 1, 1) (b) (αR, αV , αC) = (1, 1, 1)

(c) (αR, αV , αC) = (1, 5, 1) (d) (αR, αV , αC) = (1, 5, 1)

Fig. 3: Regret in the trace-based simulation setups.

1) Quality levels: We project the panoramic scene into a
rectangular texture using equirectangular projection and split
each texture into 4 × 6 tiles. We render the equirectangular
map of the panoramic content at a 3840 × 2160 resolution
and encode all tiles at M = 4 different quality levels with
CRF values (31, 27, 23, 19) 4 using FFmpeg [35]. The corre-
sponding utility values are q = (1, 2, 3, 4). We then construct
a dataset by recording the number of bytes composing each
tile encoded at each quality level for each frame.

2) Delivery portions: We process the motion trace at each
time slot t by utilizing a linear regression model to forecast
the head pose in the next timeslot. This involves training the
model with motion trajectories from the past three time slots.
Then we can calculate Xn̂(t)(t) after selecting the delivery
portion n̂(t) by checking if the portion covers the user’s actual
viewport from timeslot t according to the motion trace. We set
N = 5 different portions to select from: 100°×90° (minimum
viewport), 102° × 91°, 108° × 94°, 120° × 100°, and 360° ×
180° (entire 360° scene), where each pair gives the angles
corresponding to the yaw and pitch axes respectively.

3) Wireless Transmissions: We define pktnet(t) as the
number of packets that can be successfully delivered over the
wireless channel from the edge server to the user in timeslot
t and assume this follows a Poisson distribution: pktnet(t) ∼
Poisson(λnet) with λnet = 80. Let pktmn(t) denote the num-
ber of packets required to transmit delivery portion n encoded
at quality level m in timeslot t. In each timeslot t, after
selecting the portion n̂(t) and quality level m̂(t), we extract the
corresponding number of bytes from the dataset and split it up
into pktm̂(t) n̂(t)(t) UDP packets, where each packet’s payload
size is 1400 bytes. We observe a successful transmission if the

4Note that for a higher CRF value, the panoramic scene will be encoded
at a lower bitrate, resulting in a lower visual quality.

required number of packets does not exceed the channel rate,
i.e. Ym̂(t) n̂(t)(t) = 1{pktnet(t) ≥ pktm̂(t) n̂(t)(t)}.

B. Discussion of Results

In Fig. 3, we show how LOBOS compares to the
other algorithms under two different QoE setups.
We separately plot the mean-minus-variance regret
αV

[
ρR̃(T )− Ṽ (T )− (ρR(T )− V (T ))

]
and the switching

regret αCC(T ) with respect to the best fixed-arm policy
to more clearly visualize the tradeoffs. The best fixed arm
(m̃, ñ) is calculated according to the statistics of the trace.

1) First Setup: We set the parameters (αR, αV , αC) =
(1, 1, 1), ensuring equal emphasis on total perceived quality,
long-term consistency, and short-term consistency. LOBOS
outperforms other algorithms in both mean-minus-variance
regret and switching regret when β = 3. As shown in Fig. 3a,
LOBOS achieves lower mean-minus-variance regret than MV-
UCB, likely because its block-based approach guarantees zero
quality variance over intervals within each block in which
all frames are delivered, i.e. it reduces the variance incurred
by exploration. We also notice that Two-Level Thompson
Sampling and Agrawal exhibit linear mean-minus-variance
regret, as they only account for mean, and therefore may
settle on an arm with higher variance. Notably, Agrawal’s
regret curve steepens after t = 60000 due to its block-based
design, which locks the algorithm into selecting a significantly
worse arm than before. Additionally, Fig. 3b shows that MV-
UCB incurs significantly higher switching costs compared to
other algorithms, as it lacks a mechanism to control switching.
Interestingly, while Two-Level Thompson Sampling also lacks
an explicit switching-cost control, its switching cost remains
low because even if it fails to identify the true optimal arm,
it quickly commits to a single suboptimal arm.

2) Second Setup: We adjust the parameters to
(αR, αV , αC) = (1, 5, 1), increasing the weight of long-term
consistency αV . LOBOS consistently outperforms other
algorithms in both mean-minus-variance regret and switching
regret when β = 3. As seen in Fig. 3c, the performance gap
between MV-UCB and LOBOS narrows. This is expected,
as greater emphasis on long-term consistency reduces the
importance of short-term consistency. Furthermore, both
MV-UCB and LOBOS outperform Two-Level Thompson
Sampling more noticeably in terms of mean-minus-variance
regret under this setup. Since Two-Level Thompson Sampling
primarily optimizes cumulative perceived quality without
considering long-term consistency, its shortcomings become
more evident when αV increases. The switching cost patterns
in Fig. 3d remain similar to those in Fig. 3b.

It’s interesting to note that throughout the simulations in
Fig. 3, LOBOS with β = 3 outperforms LOBOS with β =
2. This leads us to believe that for the regret bound (18) in
Theorem 1, the O(T 1/β) term scaled by the inverse mean-
minus-variance gaps in line 2 dominates the O(T 1−1/β) term
in line 3. It also shows that the bound in Lemma 2 is too
loose to account for the reduction in overall switching due to
increased early exploration allowed by a larger β. However,

7



there appears to be a sweet spot for a given problem instance,
since LOBOS becomes the MV-UCB algorithm as β → ∞.

VI. CONCLUDING REMARKS AND FUTURE WORK

In this paper, we studied the problem of delivering a high-
quality and consistent experience to a user experiencing inter-
active panoramic content wirelessly by formulating it as a risk-
averse multi-armed bandit problem with reward-dependent
switching costs. To solve this problem, we developed a block-
based UCB algorithm with opportunistic switching and proved
that it achieves a competitive regret upper bound compared to
the state-of-the-art. We then validated our theoretical findings
in trace-based simulations using real panoramic video and
head movement data traces. In future work, we would like to
extend our results by leveraging the separate feedback signals
of motion prediction and wireless transmission to improve the
learning, as done in recent work [13], [14].
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