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Abstract—The popularity of immersive videos has prompted extensive research into neural adaptive tile-based streaming to optimize
video transmission over networks with limited bandwidth. However, the diversity of users’ viewing patterns and Quality of Experience
(QoE) preferences has not been fully addressed yet by existing neural adaptive approaches for viewport prediction and bitrate
selection. Their performance can significantly deteriorate when users’ actual viewing patterns and QoE preferences differ considerably
from those observed during the training phase, resulting in poor generalization. In this paper, we propose MANSY, a novel streaming
system that embraces user diversity to improve generalization. Specifically, to accommodate users’ diverse viewing patterns, we
design a Transformer-based viewport prediction model with an efficient multi-viewport trajectory input output architecture based on
implicit ensemble learning. Besides, we for the first time combine the advanced representation learning and deep reinforcement
learning to train the bitrate selection model to maximize diverse QoE objectives, enabling the model to generalize across users with
diverse preferences. Extensive experiments demonstrate that MANSY outperforms state-of-the-art approaches in viewport prediction
accuracy and QoE improvement on both trained and unseen viewing patterns and QoE preferences, achieving better generalization.

Index Terms—tile-based neural adaptive immersive video streaming, generalization, ensemble learning, representation learning

1 INTRODUCTION

WITH the rapid advancement of Virtual Reality (VR)
technologies, immersive videos have attracted great
attention because of the immersive experience they bring.
Recent statistical report [1] projects that the global installed
base of VR headsets will exceed 34 million by 2024, marking
a remarkable 142% increase since 2020. However, streaming
immersive videos is challenging as immersive videos are 4-6
times larger than conventional videos of the same perceived
quality because of their panoramic nature [2]. To tackle this
issue, tile-based streaming [3] [4] [5] has emerged as an
efficient solution to transmit immersive videos to reduce
bandwidth consumption and improve Quality of Experience
(QoE). In tile-based streaming, video chunks are spatially
cropped into non-overlapping tiles, and only tiles inside
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the user’s predicted future viewports are prefetched at high
bitrates, thus striking a good balance between bandwidth
efficiency and user’s QoE.

The implementation of tile-based streaming requires two
fundamental building blocks: viewport prediction and bitrate
selection. In recent years, many neural adaptive methods
have been proposed to design the two building blocks,
which demonstrate superior performance over conventional
methods by exploiting the strong non-linear fitting capa-
bility of neural networks (NNs). For instance, sequence-to-
sequence models such as Gated Recurrent Unit (GRU) [6]
and Long Short Term Memeory (LSTM) [7] [8] have show-
cased higher accuracy for viewport prediction than tradi-
tional linear regression [9]. Additionally, deep reinforcement
learning (DRL) algorithms [10] [11] [4] have demonstrated
more potential for optimizing bitrate selection than heuris-
tic or model-based algorithms as they can determine tile
bitrates without any specific presumptions.

Despite promising, existing neural adaptive methods
have not fully addressed the challenge of user diversity
in viewing patterns and QoE preferences, leading to poor
generalization. On one hand, conventional wisdom trains
the viewport prediction model with sets of users’ viewport
trajectories, but pays little attention to the prediction bias
towards the training dataset [7] [10], which may cause sig-
nificant accuracy loss. Specifically, users’ viewing patterns
naturally exhibit high diversity [12] [13]. For example, some
users may prefer to focus on particular objects, while others
may prefer to explore the scene. In this context, when
users’ actual viewing patterns differ significantly from those
observed in the training stage, the model may fail to predict
accurately. Such prediction bias limits the model’s ability to
serve users with diverse viewing patterns, resulting in poor
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generalization.

On the other hand, conventional DRL-based algorithms
define reward function as a QoE function with fixed weights
to quantify the importance of different QoE metrics (e.g.,
video quality and rebuffering time) [10] [11]. They then
train the DRL model to optimize such function for bitrate
selection. Nevertheless, different users often have different
QoE preferences [14] [15]. For instance, some users may
prioritize high video quality, while others may prioritize
smooth playback and tolerate quality distortion. Therefore,
it is difficult to characterize users” diverse QoE preferences
with a fixed-weight QoE function, as the weights assigned
to different QoE metrics can vary significantly among users
with different preferences. As a result, the performance of
existing DRL algorithms may significantly deteriorate when
the optimized QoE function does not align to users’ actual
preferences [16]. For instance, the DRL model trained to
aggressively download low-bitrate tiles to avoid playback
interruptions may select inappropriate bitrates for users
that prioritize high video bitrates. Consequently, these DRL
algorithms fail to generalize across users with diverse QoE
preferences.

To tackle the challenge of user diversity, prior stud-
ies [10] [13] [17] have attempted to categorize users into
dinsinct groups based on their viewing and QoE pref-
erences, and train personalized models for each group.
However, this approach necessitates the retraining of a
new model whenever a new user group emerges, resulting
in prohibitive training cost. As an alternative, researchers
in [8] have explored ensemble learning to improve the
generalization of viewport prediction models, but their
approach involves explicit model duplication, leading to
substantial computational overhead. For bitrate selection,
recent works [16] [18] have proposed to train the DRL model
with multiple QoE functions instead of a single one, but this
approach suffers from catastrophic forgetting problem [19]
and may still experience performance degradation when
serving users with QoE preferences unaligned to those
optimized in the training stage.

In this paper, we propose MANSY, an enseMble and
representAtion learNing based SYstem for tile-based im-
mersive video streaming, which addresses the user diversity
challenge to improve generalization. To capture the viewing
pattern diversity, we develop a viewport prediction model
with an efficient Multi-viewport Trajectory Input Output
(MTIO) architecture based on implicit ensemble learning
(EL) [20] [21]. The MTIO architecture implicitly trains mul-
tiple sub-models with minor computation cost by estab-
lishing multiple input-output heads. Each sub-model in-
dependently makes prediction, and their prediction results
are ensembled to yield well-calibrated predicted viewports
that reduce the prediction bias, thus leading to stronger
generalization ability. Additionally, we also design the back-
bone of the prediction model based on Transformer [22],
which leverages the attention mechanism to effectively learn
long-term dependencies. This enables our model to predict
the trends of viewport movements more accurately, further
improving the prediction accuracy.

To accommodate users’ diverse QoE preferences, we
leverage the advanced representation learning (RepL) tech-
nique [23] to train the DRL bitrate selection model. Specif-
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ically, we encourage the model to mine useful hidden rep-
resentations from users” QoE preferences, by incorporating
mutual information into the reward function for training
the model. In this way, we enable our model to capture
essential characteristics of users’” preferences, such as pri-
oritization of bitrate quality and playback smoothness. This
empowers our model to dynamically select bitrates based
on users’ QoE preferences, even when encountering those
unseen during the training phase, thus achieving strong
generalization. Additionally, as directly computing mutual
information is difficult, we further design an efficient NN
model to estimate the mutual information term for reward
calculation.

To summarize, this paper makes the following contribu-
tions:

o We propose a novel tile-based immersive video stream-
ing system MANSY that addresses the challenge of user
diversity in both viewing patterns and QoE preferences
to significantly improve generalization.

o We design an efficient MTIO-Transformer viewport pre-
diction model based on implicit EL, which effectively
reduces the prediction bias to serve users with various
viewing patterns with minor computation cost.

e To the best of our knowledge, we are the first to
combine RepL and DRL to train the bitrate selection
model, enabling the model to maximize users’ QoE
with diverse preferences and thus achieving better gen-
eralization.

o Extensive experiments demonstrate the superiority of
MANSY in both viewport prediction and bitrate selec-
tion. Results indicate that compared to state-of-the-art
approaches, MANSY improves the mean prediction accu-
racy by 1.3%-5.2%/3.2%-8.8% and mean QoE by 3.0%-
14.1%/3.2%-15.3% on trained /unseen viewing patterns
and QoE preferences, respectively.

The rest of this paper is organized as follows. Section 2
presents our observations on the impacts of user diversity,
which motivates the design of our work. Section 3 provides
the system overview of MANSY. Next, we elaborate the de-
tailed design of the MTIO Tranformer viewport prediction
model and RepL-enabled bitrate selection model in Section 4
and 5, respectively. We then conduct extensive experiments
to evaluate the performance of MANSY in Section 6. The
related work is provided in Section 7. We also discuss
some potential methodologies to further improve MANSY in
Section 8. Finally, Section 9 concludes this paper.

The codes associated with this article are publicly
available at https://github.com/duowuyms/MANSY_
ImmersiveVideoStreaming.

2 MOTIVATION AND ANALYSIS
2.1 Impact of Viewing Pattern Diversity

The panoramic nature of immersive videos allows users to
freely rotate their heads to watch the most attractive parts of
the videos. As different users often have different viewing
preferences, users’ viewing patterns naturally exhibit high
diversity [12] [13], posing unique challenge to the design of
viewport prediction model.

Conventional approaches [7] [10] simply trains time-
series NN models for viewport prediction with a set of
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Fig. 1. Viewport prediction accuracy on two set of users with different
viewing patterns.

collected users’ viewport samples, but neglect the model
prediction bias towards the training dataset. When users’
actual viewing patterns differ significantly from those ob-
served in the training dataset, their models may suffer from
significant accuracy loss, resulting in poor generalization.
We implement an LSTM model [10] to demonstrate the
ineffectiveness of these approaches. We set the historical
and prediction window to be 1 second, and use 8x8 as
the tiling scheme. We consider prediction accuracy as the
performance metric, which is calculated as the intersection
of union of the predicted and ground-truth viewports [7].
Besides, two set of users’ viewports are sampled from a
open dataset [24]: the Focus users prefer to focus on the
objects in the video center, while the Explore users prefer to
explore the entire scene, as depicted in Figure 1. We use the
Focus set for training and consider the Explore set as users
with unseen viewing patterns. The measurement results are
presented in Figure 1. As depicted, LSTM achieves a high
prediction accuracy of 82.3% on the trained Focus users.
However, when confronted with users exhibiting signifi-
cantly different viewing patterns, it struggles to accurately
predict their viewport movements due to the inherent bias
towards the training dataset. This leads to a noticeable
performance drop on unseen Explore users, with an absolute
accuracy loss up to 7.2%.

One way to combat the above limitation is to train the
model over a large diverse dataset, but this requires tremen-
dous amount of data with rich statistical diversity [13],
which, however, is practically unavailable. Grouping users
based on their viewing patterns and training personalized
models for each group seems plausible [13] [17], but this
necessitates retraining of a new model whenever a new
group emerges, leading to prohibitive training cost. Pre-
vious work [8] has showcased the potential of ensemble
learning (EL) to reduce prediction bias and improve model
generalization. It works by training multiple independent
sub-models and combining their predictions to yield more
accurate results. The rationale behind is that when con-
fronted with unknown data samples, the ensemble mem-
bers may exhibit bias towards different directions, but their
ensembled predictions can yield well-calibrated results that
offset the bias [20] [25]. For illustrative purpose, we also
implement an ensembled-version of LSTM model (denoted
as LSTM-EL) following the approach in [8], which includes
three independent LSTM sub-models. As shown in Figure 1,
LSTM-EL is more robust to unseen viewing patterns: it
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Fig. 2. Performance of bitrate selection methods on three different QoE
preferences.

maintains a high prediction accuracy of 80.2% on unseen
Explore users with a smaller accuracy drop (4.2%) compared
to LSTM (7.2%).

Despite promising, the challenge of EL is the substan-
tial computation overhead caused by explicit model dupli-
cation, hindering its deployment on resource-constrained
client devices. For instance, compared with LSTM, LSTM-
EL introduce an extra overhead of 200% in terms of model
parameters and floating-point operations. To tackle this
challenge, we design an efficient Multi-viewport Trajec-
tory Input Output (MTIO) architecture based on implicit
EL. The MTIO architecture implicitly trains multiple sub-
models without model duplication by establishing multiple
input-output heads, thus exploiting the benefit of EL with
negligible overhead. Moreover, we design the model archi-
tecture based on Transformer, which further improves the
predictive performance of our model.

2.2

During the streaming of immersive videos, users’” QoE is
characterized by various metrics, such as video quality, re-
buffering time, and quality variation [26] [27]. To effectively
optimize multiple metrics, one common practice is to define
a linear function that assigns different weights to each met-
ric. Since users often have different QoE preferences (e.g.,
prioritizing high quality or low rebuffering), the assigned
weights can vary among users [14] [16]. However, previous
DRL methods [10] [11] [4] consider a fixed-weight QoE
function as the reward to train the bitrate selection model,
which limits their ability to generalize across diverse QoE
preferences. Consequently, the discrepancy between users’
actual QoE preferences and the optimized one can signifi-
cantly degrade their performance [16], resulting in a poor
video watching experience for users. Existing works [16]
[18] have proposed training the DRL model with multiple
QoE functions simultaneously to address this challenge.
However, this naive approach suffers from the catastrophic
forgetting problem [19], where the knowledge learned to
optimize previous QoE preferences is overwritten by knowl-
edge learned for current ones. Moreover, it may still expe-
rience performance degradation when serving users with
unseen QoE preferences that differ from those optimized
during training.

To illustrate the limitation of existing DRL-based solu-
tions, we take RLVA [4], a state-of-the-art DRL bitrate se-
lection model that optimizes a single QoE preference, as an

Impacts of QoE Preference Diversity
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example. We train RLVA on the High Quality QoE preference
and regard Low Quality Variation and Low Rebuffering as un-
seen preferences (detailed descriptions of QoE preferences
are provided in Section 5). For comparative analysis, we also
implement a heuristic approach PARIMA [28] and report
its performance across the three preferences, as shown in
Figure 2.

As expected, RLVA exhibits superior performance to
PARIMA on the trained High Quality preference, with an
average QOE increase of 16.7%. However, its performance
significantly deteriorates on the unseen preferences, result-
ing in lower QoE compared to PARIMA. The poor perfor-
mance of RLVA is attributed to its utilization of a fixed QoE
function, which fails to guide the model in selecting ap-
propriate bitrates for different preferences. Next, we further
train RLVA using both High Quality and Low Quality Variation
preferences (referred to as RLVA-M) to demonstrate the in-
effectiveness of naive training with multiple QoE functions.
As depicted in Figure 2, while RLVA-M achieves comparable
performance to PARIMA on the trained Low Quality Vari-
ation preference, it experiences performance degradation
on the trained High Quality preference compared to RLVA.
This degradation stems from the forgetting problem, as the
knowledge acquired to optimize High Quality is overwritten
by the knowledge to optimize Low Quality Variation. Addi-
tionally, when serving users with the unseen Low Rebuffering
preference, RLVA-M still performs worse than PARIMA,
achieving poor generalization.

The key to optimize diverse QoE preferences is to learn
useful representations about the relationship between QoE
and the selected bitrates. Hence, in this paper, we leverage
the advanced representation laerning (RepL) [23] technique
to tackle the QoE preference diversity challenge. Specifi-
cally, we augment the reward function for model training
with mutual information, which encourages the model to
learn hidden representations that expose salient attributes of
users” QoE preferences. The learned useful representations
empowers our model to dynamically select bitrates based
on users’ preferences and generalize to diverse preferences
including those unseen during the training stage.

3 SYSTEM OVERVIEW

Figure 3 depicts the system overview of MANSY, which com-
prises two core components: MTIO-Transformer viewport
prediction and RepL-based bitrate selection.

MTIO-Transformer viewport prediction. On the client
side, a user watches an immersive video with a head-
mounted device (HMD) such as Facebook Oculus and
Microsoft Hololens, which continuously records the user’s
viewport trajectory. The historical viewport trajectory is
extracted from the HMD and passed to the multiple input
heads of the MTIO-Transformer. Based on the received
trajectory, the model outputs multiple trajectories and en-
sembles them to generate an accurate prediction with small
bias. The ensembled trajectory is subsequently passed to
the bitrate selection module as an important reference for
determining tile bitrates.

RepL-based bitrate selection. Given the predicted view-
ports as well as user’s QoE preference information, a DRL
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agent parameterized by an NN model is used to dynam-
ically select tile bitrates based on the environment state
(e.g., network bandwidth conditions and playback buffer
size). Once the agent makes the bitrate decisions, the HMD
then requests tiles at the corresponding bitrates, downloads
tiles from the server and displays them to the user. Note
that the agent is offline trained with the RepL technique,
where a QoE identifier is designed to facilitate the agent
to disentangle highly semantic and useful representations
from the QoE preference information. The QoE identifier is
essentially another NN model used to guide the agent to
maximize the mutual information between agent’s selected
bitrates and user’s QoE preference.

4 MTIO-TRANSFORMER VIEWPORT PREDICTION

Figure 4 depicts the architecture of the viewport prediction
model of MANSY, which incorporates two core designs:

e MTIO architecture. We design the model with a Multi-
viewport Trajectory Input Output (MTIO) architecture
to efficiently reduce the prediction bias, so that our
model can generalize across a broad range of users
with diverse viewing patterns. Our model utilizes the
insight that a neural network is over-parameterized and
has sufficient capacity to fit multiple sub-networks si-
multaneously [21]. It therefore trains multiple indepen-
dent sub-models within one network by establishing
multiple input-output heads, with each head implic-
itly representing a sub-model. While each sub-model
(i.e., head) may exhibit bias, the ensemble of their
predictions can result in well-calibrated outcomes that
effectively reduce such bias [20] [25], thus leading to
improved generalization. Moreover, since sub-models
are trained without explicit duplication, our model can
utilize the benefits of ensemble with negligible over-
head.

o Transformer-based backbone. Considering that long-term
dependencies greatly influence time series prediction
tasks including viewport prediction, we further design
the backbone of our model based on Transformer. It
leverages the attention mechanism [22] to effectively
learn long-term dependencies to predict the trends of
viewport movements more accurately, thus further im-
proving the predictive performance.

4.1 Model Design

Let vi = (x¢,y:) denote the user’s viewport at timestep
t, where x4, y; represent the horizontal and vertical coordi-
nates of viewport center in the equirectangular projection of
the video!, respectively. The detailed design of the model is
explained as follows.

Multi-head inputs. As shown in Figure 4, our model
incorporates M input heads. At any timestep ¢ during
video playback, it takes M historical viewport trajectories
{91, VM| as inputs, where h represents the histor-
ical time horizon. To ensure each head is independently
trained, during the training stage, the parameters of each

1. The concepts in this section can be easily extended to other forms
of coordinates, such as Euler angles and quaternion.
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Fig. 3. System framework of the proposed tile-based immersive video streaming system MANSY.

head are randomly initialized and the M historical trajecto-
ries are randomly sampled from the training dataset. All
trajectories are stacked, projected into a sequence of d.-
dimension embeddings and passed to the backbone net-
work to extract underlying features.

Encoder-decoder. The backbone network adopts an
encoder-decoder architecture, as illustrated in Figure 4. Both
the encoder and decoder consist of Ny, stacked blocks to
extract complex features. The core of each block is the atten-
tion mechanism which enables effectively learning of long-
term dependency information from the input embeddings.
The attention mechanism can be described as mapping
queries and sets of key-value pairs to attention weights that
are assigned to different elements of the input sequence [22].
Specifically, let Q € R¥*Xde [ € RIXde 7 ¢ Rbvxde
represent the query, key and value matrix, respectively. The
attention weights are computed by:

Attention(Q, K, V) = softmax(QK T /\/dx)V (1)
where /dj, is the scale factor. The attention mechanism
can be repeated by N, heads with different subspaces
of @, K,V, which benefits the model to jointly consider
information from different representation subspaces. The
multi-head attention is achieved by:

MultiHead(Q, K, V) = concat([attn_headj]éy:“f WO,

(2)
attn_head; = Atzﬁention(QI/VjQ7 KWjK, VWJ»V)

where W € Réexdr WK ¢ Rlexde 1V ¢ Rlxdv and
WO g RNandvxde are all learnable weight matrices.

The encoder generates a sequence of hidden features
extracted from the historical viewports, which, however,
may contain redundant information [29]. To address this
issue, rather than directly feeding the entire sequence of
features to the decoder, we further design a distillation
module to prioritize the dominant features from the encoder
outputs. The distillation module comprises a 1D convolu-
tion layer and a max-pooling layer, as shown in Figure 4.
It is used to compress the sequence length of the encoder
outputs, resulting in a more focused set of input features
for the decoder. This enhancement enables the decoder to
better capture the viewport moving patterns. Additionally,
another benefit of the distillation process is the reduction
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Fig. 4. The architecture of the proposed MTIO-Transformer viewport
prediction model.

in computational workload for the decoder, as the smaller
input feature length requires less computation.

Multi-head outputs. The model generates the future
predicted viewports by linearly projecting the outputs of
the decoder. In particular, our model is designed with
M output heads. Each output head produces a viewport
trajectory that corresponds to the prediction result of the
corresponding input head. In addition, our model predicts
M viewport trajectories in the autoregressive manner. It
progressively predicts the viewports of next timestep by
repeatedly injecting the previous predictions as inputs of
the decoder. As a result, the future M viewport trajectories
{viii,-+,vi g}, are produced by the model, where H
denotes the prediction horizon.

Loss function. The model is trained to minimize the dis-
tance between its predicted viewports {v}, |, -+, vi, 1M,
and ground truth viewports {V{ . -+, Vi, y}M,. To ac-
curately measure the distance between two viewports, we
design a distance function based on mean square error,
which considers the periodicity of viewport horizontal coor-
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dinate [28]. Specifically, let v = (z,y),V = (&, ¢) represent
the predicted and ground truth viewports, respectively, their
distance is calculated by:

Dist(v,%) = (Dist,(z,%)* + Dist,(y,9)?)/2
Dist,(z,%) = min(|lx — Z|, |z + w — Z|, | — w — Z|)
Disty(y,9) = |y — 4|

where w are the width and height of the video, respectively.

The loss function is then defined as the sum of distances of
each input-output head:

®)

M
Loss = Z Dist(vi,¥Y)

i=1

(4)

4.2 Ensembling Predictions

During the inference phase, the model extracts a historical
viewport trajectory {V}_,,-- -, ¥;} from the HMD to predict
the future viewports. This trajectory is duplicated by M
times and fed to each input head, i.e., {¥¢_,,--- ,¥i}M, =
{¥Vi_ps -+, Vi}. The output heads will produce M inde-
pendent prediction results for the same input. Their pre-
dictions are finally ensembled to yield calibrated viewports
that effectively reduce the prediction bias to improve the
predictive performance:

M
1 ; .
Vz/fi—j = MZV&,—]’VJ € {15 aH}
i=1

where v;¢, ; represents the ensembled predicted viewport.

Note that having M input-output heads only introduces
negligible computation overhead. This is because the MTIO
architecture only requires additional model parameters in
the input and output layers, and meanwhile the model can
obtain well-calibrated predictions in just a single forward
pass. The detailed analysis of computation overhead of
MTIO is covered in Section 6.2.

©)

5 REPL-BASED BITRATE SELECTION

In this section, we present the detailed design of the bitrate
selection approach of MANSY. Figure 5 illustrates the pro-
posed RepL-based learning framework, which compromises
a DRL agent for bitrate selection and a QoE identifier model
to facilitate the agent to learn useful representations of users’
QoE preferences. Under the current state of the environ-
ment, the agent generates a bitrate action and receives a QoE
score as a partial reward signal. Notably, the outputs of the
QoE identifier also serves as a reward signal, which captures
the mutual information between users” QoE preferences and
agent’s selected bitrates. The final reward to train the agent
is then derived from the combination of QoE score and
outputs of QoE identifier.

In the following, we begin by describing the QoE model
that characterizes the users’ QoE preferences, then we
elaborate the details of the proposed RepL-based bitrate
selection algorithm, including DRL agent design, mutual-
information-based reward modeling, as well as training
methodology.

5.1 Quality of Experience Model

Following previous works [11] [13], we adopt three critical
metrics to characterize the user’s QoE, namely average
viewport quality, quality variation and rebuffering time.
These metrics are defined as follows:

1) Average viewport quality. The average viewport
quality QoE! describes the average bitrate quality of tiles
inside user’s actual viewport of chunk c. This metric can be
calculated by:

Ntile N
i=1 UYc,iTeci

S Do
where Ny is the total number of tiles; ?.; is a boolean
variable indicating whether i-th tile of chunk c is inside
user’s actual viewport; 7. ; stands for the bitrate allocated
to i-th tile.

2) Quality variation. The variations of tile quality inside
the viewport and the viewport quality between two consec-
utive chunks should be smooth to avoid causing sickness or
headache to users. The viewport quality variation QoE? is
measured by:

Niite
Zi:tll

QoE} = (6)

@c,irc,i - QOEC1|

DI Dei
where the first term denotes the intra-variation of tile quality
inside the viewport, and the second term denotes the inter-
variation of viewport quality between consecutive chunks.

3) Rebuffering time. If the playback buffer goes empty
before a chunk is downloaded, the user will suffer from a
rebuffering event. Following previous methods [10] [13], we
calculate the rebuffering time QoE? by:

QOES = (le = be)+ @®)
where [, is the download time of chunk ¢; b. denotes the
buffer occupancy when the download request of chunk c is
sent; (- )4 represents the function of max( -, 0).

Based on the above metrics, user’s QoE for c¢-th chunk
can be modeled as:
QoE. = MQOoE} — A\QoE? — \3Q0E? ©
Here, A1, A2, A3 are non-negative weight parameters that
measure the relative importance of different metrics and
satisfy A1 + A2 + A3 = 1. Therefore, we use w = (A1, A2, A3)
to represent the user’s QoE preference. Similar models have
also been adopted in [11] [13] [18].

QoL = +]QoE; — QoE;_y| (7)
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5.2 DRL Agent Design

The DRL agent is responsible for bitrate allocation based on
the user’s QoE preference and environment state informa-
tion. The inputs, outputs, and NN architecture of the agent
are designed as follows.

Inputs. When determining tile bitrates for chunk c, the
agent takes a QoE preference w and information of environ-
ment state s. as inputs. Formally, the environment state s,
is modeled as:

Se = (Zm Re, Uy ey Tes @17 (jc2> q—»CS, bc)

Here, Z. and R, record the sizes and bitrate qualities of each
tile at different bitrate versions, respectively. ¥, is the binary
vector that indicates whether a tile is inside the predicted
viewport. g. denotes the viewport prediction accuracy of
past k chunks. 7. is the vector of past £ measured network
throughputs. ¢!, g2, ¢> record the average viewport quaity,
quality variation and rebuffering time of the past k chunks,
respectively. Finally, b. represents the buffer occupancy.

Outputs. Based on QoE preference w and state s., the
agent outputs an action a. that corresponds to the bitrates
allocated to tiles inside and outside the predictied viewport.
The action a. is represented as a. = (ri" rout), where
rin rout ¢ R and R denotes the discrete candidate bitrate
set of tiles. In particular, 7", rou¢ satisfy the constraint of
rin > rout as bitrate of tiles inside the viewport should
be larger than that outside the viewport. All possible com-
binations of 7", r%% constitute the discrete action space.
Based on the output action, we employ a pyramid-based
strategy to assign bitrates to tiles according to their distance
to the predicted viewport. Specifically, we assign 7" to
tiles inside the predicted viewport, then iteratively scale
the boarder of viewport with one tile, assign r2“!/scale
to the newly covered tiles? until all tiles are assigned with
bitrates, where scale denotes the scaling step. The rationale
behind is that tiles distant from the predicted viewport are
of lower viewing probability and therefore can be allocated
with lower bitrates for bandwidth efficiency.

Network architecture. Figure 6(a) depicts the NN
architecture of the agent. For vectorized information
ZeyRey Ve, Gy e, @5, 02, @2, we use 1D convolution layers to
extract hidden features from each input. These features are
next flattened and fed to fully-connected (FC) layers. The
buffer occupancy b, and QoE preference w are directly fed
to FC layers for feature extraction. All hidden features are
concatenated together and sequentially fed to another two
FC layers to learn complex relationship between different
features. Finally, a softmax layer is used to output the
probability distribution of each action.

5.3 Mutual Information-Based Reward Modeling

The key to tackle the challenge of QoE preference diversity
is to train the agent to understand the relationship between
the input QoE preference and its output bitrate actions.
One natural approach is to train the agent with multiple
preferences with the reward defined as the QoE scores calcu-
lated with different preference weights. Nevertheless, as de-
scribed in Section 2.2, this approach is prone to catastrophic

2.If 794t /scale ¢ R, we replace the r2%t/scale with the closest
bitrate version in R and bound it with min(R).
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Fig. 6. Neural network architectures of the agent and QoE identifier.

forgetting and generalization issues. Moreover, even though
the QoE preference is explicitly fed to the agent, without any
restrictions on how such information should be utilized, the
agent is free to ignore it for bitrate selection, which prevents
the agent to maximize diverse QoE objectives according to
the input preference.

To combat the above limitations, we augment the reward
for agent training based on representation learning (RepL).
RepL is the advanced technique that enables effective learn-
ing of task-specific representations that reveal meaningful
patterns and alleviate the complexity of the task-solving
process [23]. Specifically, we introduce mutual information
into the reward function to facilitate the agent to learn
useful representations that capture the salient attributes of
users’ preferences (e.g., preferences of bitrate quality and
rebuffering). In information theory, the mutual information
I(X;Y) between variable X and variable Y measures the
amount of information learned from Y about X [30]. In
our case, we expect to maximize the amount of information
learned from the agent’s output action a about the input
preference weight w, so that the agent can dynamically
select bitrates according to the input preference. In other
words, the information of w should not be lost in the
decision making process. Hence, the reward function to
train the agent is defined as follows:

rew. = (1 — a)QoE.(w) + al(w;ac, s¢) (10)
Here, rew, stands for the reward signal of downloading
chunk c. QoE.(w) represents the QoE scores calculated with
preference weight w according to equation (9). I(w;ac, sc)
denotes the mutual information between the input prefer-
ence w and agent’s output action a. selected when encoun-
tering state s.. Finally, a € [0, 1] is the weight parameter to
control the trade-off between the two components.
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Algorithm 1 Training procedure of RepL-based bitrate se-
lection algorithm

Input: QoE preference pool W; weight parameter a.

Output: Learned agent 7.

1: Initialize the parameters of agent as mg,,.

2: Initialize the parameters of QoE identifier as Qs,.

3: for:=0,1,2,--- do

4:  Sample a batch of QoE preferences: w; ~ W.

5. Sample trajectories: 7; ~ 7y, (w;), with the preference
weight fixed during each rollout.

6:  Update §; — 9;+1 by descending with gradients:

A(Si = E(sﬁa)rvﬂ [V(SLMSE(wZ’ Qéi (57 a))}

7.  Take a policy update step from 6; to 0,11 using the
PPO update rule to optimize reward:

rew = (1—a)QoE(w;) — alog MSE(w;; Qs,,, (s, a))

8: end for

The technical challenge of implementing mutual infor-
mation lies in the difficulty of exact computation [31].
Fortunately, recent advances have showcased the effective
estimation of mutual information using NN models [30]
[32] [33]. Therefore, we design QoE identifier, an efficient
model to estimate mutual information. As demonstrated in
Figure 5, the QoE identifier is essentially a neural regressor
that identifiers the information of preference weight w from
the action a. that agent takes when encountering state s..
It takes a state-action pair from the agent as input and
outputs the identified QoE preference, which will be used
for efficient estimation of mutual information. With the QoE
identifier, the reward for training the agent is modeled as:

rew., = (1 — a)QoE.(w) — alog MSE(w; Qs(sc, ac)) (11)

where Q5 represents the NN model of QoE identifier param-
eterized by ¢, and M SE(w;Qs(sc,ac)) denotes the mean
square error between the true preference weight w and
the one identified by QoE identifier Qs(sc,a.). The term
—log MSE(w; Qs(s¢, ac)) quantifies the amount of mutual
information between the QoE preference and the selected
action. The higher of its value, the greater similarity between
true preference w and the identified one Q;(s., a.), thereby
indicating higher mutual information. The rationale behind
is that if the agent’s bitrate decisions capture the QoE
preference w properly, the QoE identifier should be able to
extract the information of w from its state s, and action
ac, and vice verse. Therefore, through reward optimization,
our agent is capable to adaptively maximize diverse QoE
objectives based on the users’ preferences.

Figure 6(b) illsutrates the architecture of the QoE identi-
fier model. We design the model with the same state feature
extractor as the agent. Besides, we process the action one-
hot vector with a FC layer, pass the features sequentially to
another two FC layers, and use sigmoid as the output layer.
To be consistent to the number of QoE preference weight
parameters, the number of output neurons is set to 3. It is
worth noting that the QoE identifier is designed to guide the
training of agent, and therefore is used only in the training
phase.

5.4 Training Methodology

We introduce adversarial training to update the parameters
of agent and QoE identifier. Let my and (s represent the
agent parameterized by § and QoE identifier parameterized
by 0, respectively. At each training step, we sample a batch
of preference weights from the weight pool: w; ~ W.
Then we sample the state-action trajectories under the agent
policy with the preference weight fixed during each rollout:
Ti ~ g, (w;). Next, we update the QoE identifier model
in order to calculate Qs(s, a) in equation (11) properly. The
goal of QoE identifier is to optimize the mutual information
between the agent’s state-action trajectory and the associ-
ated QoE preference to be maximum, which is equivalent
to minimize the mean square error between the true QoE
preference and its identified one. Hence, its parameters can
be updated d; — d;41 through the following gradients:

As, = B aymr, [Vo, MSE(wi; Qs,(s, a))] (12)

Afterwards, we update the agent §; — 6,1 using common
reinforcement learning (RL) framework to optimize the re-
ward calculated by (11). In this paper, we choose Proximal
Policy Gradient (PPO) [34] as the RL framework to update
the agent’s parameters. The overall training procedure is
summarized in Algorithm 1.

Residual learning enhancement. During the practical
implementation of the proposed RepL-based bitrate selec-
tion algorithm, we find that both the agent and QoE iden-
tifier face convergence difficulties (see Section 6.3). Empiri-
cally, we observe that when fusing QoE preference and state
features in the agent model, the dominance of state features
hinders the propagation of preference features within the
network. A similar phenomenon occurs with the action fea-
tures in the QoE identifier model. Consequently, the agent
struggles to capture QoE preference information, while the
QoE identifier fails to effectively identify the preference in-
formation from the agent’s actions. To address this issue, we
employ residual learning [35] to facilitate the propagation
of these crucial features within the networks. Specifically,
as depicted in Figure 6, we add the preference features and
action features with the outputs of the penultimate FC layer
for the agent and QOoE identifier, respectively.

6 EVALUATION
6.1 Experiment Setup

Datasets. We consider two large-scale immersive video
datasets with viewport movement traces for evaluation,
which contains numerous videos of various types watched
by a large number of users:

o Wu2017 [24]: In this dataset, 8 videos with an average
length of 242 seconds are used for evaluation, with 6 for
training, 1 for validation and 1 for testing. Each video in
the dataset contains 48 viewport trajectories of 48 users.

o Jin2022 [12]: We employ 24 60-second videos watched
by 60 users from this dataset. We select 18 videos for
training, 3 for validation and 3 for testing.

The viewport positions of these datasets are transformed
into equirectangular format according to the method in [36].
Each video is segmented into chunks of 1 second, and each
chunk is further divided into 8x8 tiles. We use FFMPEG
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Fig. 7. Mean prediction accuracy of different methods on trained and unseen viewing patterns. We show the mean and standard deviation across 3

runs with different random seeds for training and testing.

with encoder X.264 to encode the videos into |R| = 5 bi-
trate versions: 1Mbps (360p), 5Mbps (720p), 8Mbps(1080p),
16Mbps(2K), 35Mbps (4K). For bandwidth dataset, we con-
sider a public dataset [37] to simulate real-world network
conditions, which contains 40 bandwidth traces with vari-
ous fluctuation patterns. We select 24 traces for training, 8
for validaiton and 8 for testing.

Baselines. We compare our approach with other state-
of-the-art methods. Specifically, for viewport prediction, we
implement the following baselines for comparison:

e LR [38] employs a simple linear regression model to
predict the trends of viewport movements.

e LSTM [10] trains a basic LSTM model for viewport
prediction.

o EPASS360 [8]is similar to LSTM, except that it leverages
model ensemble to explicitly set up three LSTM models
and ensembles their prediction results.

o DVMS [6] designs a Gate Recurrent Unit (GRU) model
based on variational auto-encoder (VAE), which pre-
dicts five viewport trajectories to capture the variation
of users’ viewing patterns at the cost of multiple for-
ward passes during inference phase.

For bitrate selection, the following baselines are imple-
mented:

o PARIMA [28] employs a heuristic algorithm that allo-
cates bitrates to tiles according to their distance to the
predicted viewports based on the estimated bandwidth.

o RLVA [11] designs a DRL algorithm for bitrate selection.
It trains the DRL agent to optimize only one single QoE
preference.

e PAAS [18] proposes a dynamic-preference scheme to
train a DRL agent to simultaneously optimize multiple
QoE preferences. It defines reward as the combination
of QoE scores calculated under the current preference
and the ones calculated under another randomly sam-
pled preference, so as to alleviate forgetting problem.

o Pensieve [39] is a DRL-based bitrate selection algorithm
for traditional non-immersive videos, which allocates
the same bitrate to all tiles for each video chunk. We
implement this method to verify whether the non-
immersive video streaming algorithm can work effec-
tively in the case of immersive video streaming.

Parameter settings. By default, the number of input-
output heads of the proposed MTIO Transformer model

is set to M = 3. Besides, we configure d. = 512, N,;, =
8,di = dy, = 64, Nyjoer, = 2 and the learning rate as le-
4. For bitrate selection, we empirically feed past k = 8
sample information into the agent. The number of filters
of all 1D CNN layers is 128, and the stride is 1. Their kernel
sizes are set to the length of input vectors. The size of the
FC layer to extract features from QoE preference is set to
128, while the sizes of the last two FC layers are set to
1280, 128, respectively. The same setting are applied on the
QoE identifier model. In addition, we configure the learning
rate of the agent as 5e-4, reward discount factor as 0.95,
entropy coefficient as 0.02 and weight parameter a as 0.5.
The learning rate of the QoE identifier is configured as le-4.

Metrics. We use the prediction accuracy and QoE scores
as the evaluation metrics. In particular, the prediction accu-
racy is measured as the intersection of union (IoU) between
the predicted viewport and ground-truth viewport [7]. To
be more specific, the prediction accuracy is calculated by:
FoV(zP,yP) N FoV (z9,y9)

FoV (zP,yP) U FoV (z9,y9)

where (zP,y”) and (29,y9) denote the positions of the
predicted and ground-truth viewport centers, respectively;
FoV (z,y) denotes the field of view (FoV), i.e., viewport
area, centered at position (z,y). According to the specifica-
tions of existing popular headsets [40], we configure the size
of FoV to be 16% of the total video area.

Hardware settings. We conduct all experiments on a
desktop computer equipped with an Intel(R) Core(TM) i7-
12700 CPU and NVIDIA 3090 GPU. Note that the computing
resources to run our experiments are highly redundant.

Accuracy =

6.2 Viewport Prediction

In this part, we first evaluate the performance of MTIO-
Transformer viewport prediction model of MANSY. By de-
fault, we use the viewports in the last second to predict
the future viewports in the next second, i.e., h = H = 1s.
Additionally, we leverage the method in [13] to categorize
users into seven groups of diverse viewing patterns based
on their viewing preferences (e.g., preferring to watch dy-
namic objects or focus on static objects). We select five
groups for training and the rest for evaluating generaliza-
tion performance. When evaluating each method on the
trained /unseen viewing patterns, we report the their perfor-
mance on the trained /unseen groups on the testing videos.
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TABLE 1
Comparison of computation overhead of different architectures. “t x%”
means the increase compared to standard architecture with one
input-output head (M = 1).

. Memo Inference
Architecture Consumptiorr}l’ (MB) Time (ms)
Standard (M = 1) 28.12 35.63
MTIO (M = 3) 28.13 (1 0.04%) 35.66 (1 0.78%)
MTIO (M = 5) 28.15 (1 0.11%) 35.85 (1 1.43%)
MTIO (M = 10) 28.19 (1 0.25%) 36.35 (1 1.56%)
VAE [6] 32.12 (1 10.67%) 153.54 (1 430.94%)

Explicit Ensemble [8] 84.35 (1 200.00%) 106.89 (1 200.00%)

6.2.1

Figure 7 compares the mean viewport prediction accuracy
of different methods. As shown in Figure 7, MANSY outper-
forms other baselines on both trained and unseen viewing
patterns. On Wu2017 (Jin2022) dataset, it effectively im-
proves the absolute mean accuracy by 2.3%—4.8% and 3.4%—
7.7% (1.3%-5.2% and 3.8%-8.8%) on trained and unseen
viewing patterns, respectively. Notably, MANSY shows more
significant improvement on the unseen viewing patterns,
which highlights its superior generalization performance.
The superiority of MANSY can be attributed to two key
aspects.

o First, MANSY employs the MTIO architecture to effi-
ciently reduce the prediction bias and thus achieves
better generalization performance over diverse viewing
patterns. In contrast, LSTM neglects the prediction bias
towards the training data and thus experiences more
drastic accuracy loss when testing on unseen viewing
patterns.

e Second, MANSY designs the prediction model based
on Transformer with the attention mechanism to ef-
fectively learn long-term dependencies and predict the
trends of viewport movement more accurately. By com-
parison, both EPASS360 and DVMS adopt conventional
LSTM or GRU models for viewport prediction, which
limit their ability to capture the viewport moving pat-
terns, thus resulting in poorer performance than MANSY.

Comparison With Baselines

We further compare the accuracy of different methods
with different prediction horizon H on Wu2017 dataset. As
depicted in Figure 8, MANSY consistently achieves the high-
est prediction accuracy, with the improvements of 2.4%-—
17.8% and 4.2%-30.8% on trained and unseen viewing
patterns, respectively. This indicates the stronger ability of
MANSY in both short-term and long-term prediction. The
results on Jin2022 dataset are similar and thus are omitted
here for brevity.

6.2.2 Effectiveness of MTIO Architecture

Next, we evaluate the effectiveness of the proposed MTIO
architecture. We report the mean accuracy of MANSY with
different number of input-output heads M in Figure 9.
Note that M = 1 is equivalent to the standard architecture
with single input-output head. As shown, increasing M will
improve the predictive performance especially on unseen
viewing patterns, which confirms the effectiveness of MTIO
architecture to reduce prediction bias and improve gener-
alization. Besides, we also observe that such performance

10

gain will gradually diminish when M is sufficiently large
(e.g.,, M > 3). This phenomenon could be attributed to
the fact that our MTIO architecture utilizes a single neural
network to implicitly train multiple sub-models, and a large
M will quickly reach the network capacity. Consequently,
the trained sub-models may share high similarities, while
the success of ensemble learning relies on the diversity
of sub-models [21]. As a result, their prediction bias may
accumulate, hurting the benefits of ensemble. This suggests
that in practice, it is unnecessary to set M too large for the
MTIO architecture.

As a supplement, we also measure the computation
overhead of MTIO architecture in terms of the increase of
the memory consumption and inference time® compared to
the standard architecture (i.e., M = 1). As shown in Table 1,
the overhead introduced by MTIO is negligible: even when
M = 10, it only increases 0.25% of memory consumption
and 1.56% of inference time. By comparison, when adopting
VAE or explicit ensemble, as in [6] [8], the overhead drasti-
cally increase to 10.67%/430.94% or 200%/200% on memory
consumption and inference time, respectively.

We also measure the overhead of the LR method and
results show that it consumes 2.66 MB memory and takes
11.77 ms per inference. Considering that LR is a non-DNN-
based method, it naturally causes less computation over-
head than DNN-based ones, including our MTIO Trans-
former. Despite this, our MTIO Transformer achieves sig-
nificantly higher prediction accuracy than LR, especially for
long-term prediction, as illustrated in Figure 8. Moreover,
modern commercial VR headsets are now equipped with
sufficient computing resources to support the exeuction
of small-size DNNs. For example, Meta Quest Pro [41]
is powered by the Qualcomm Snapdragon XR2@1.8GHz,
which features 8 CPU cores and 12GB memory along with
an Adreno 650 GPU for accelerating computation. Hence,
deploying our model on commercial headsets is feasible
and the performance-overhead trade-off of our model is
worthwhile.

6.3 Bitrate Selection

In this part, we evaluate the performance of MANSY in bitrate
selection. Following previous work [18], we construct 8 QoE
weights with diverse preferences* on different QoE met-
rics (e.g., high-bitrate-first and low-rebuffering-first), with 4
used for training and the rest for generalization evaluation.
In the following, we report the performance of different
methods on the trained/unseen QoE preferences on the
testing videos and users. Besides, since RLVA follows the
single-preference optimization scheme, we follow the idea
in [10] [13] [17] to train personalized RLVA models for each
QoE preference separately. When it comes to an unseen pref-
erence, we use the RLVA model trained with the QoE prefer-
ence of the highest cosine similarity for testing. We adopt the
same strategy for Pensieve, the single-preference algorithm
originally designed for non-immersive video streaming.

3. Time measurement is performed on an Intel(R) Core(TM) i7-12700
CPU, and is limited to use only 1 CPU core to simulate resource-
constrained scenarios.

4. The full list of the QoE preferences is omitted here for brevity and
can be found in our codes.
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6.3.1 Comparison With Baselines

Figure 10 compares the performance of different methods on
different sets of preferences and datasets in terms of mean
QoE and QoE distribution. As shown, MANSY outperforms
other methods in different cases. Specifically, on Wu2017
(Jin2022) dataset, compared to Pensieve, PARIMA, RLVA and
PAAS, MANSY improves the average QoE by 14.1%, 9.2%,
74%, 3.1% and 15.3%, 9.3%, 9.7%, 5.1% (6.7%, 6.0%, 4.3%,
3.5% and 13.2%, 10.2%, 8.9%, 3.4%) on trained and unseen
QoE preferences, respectively. In particular, MANSY gener-
ally demonstrates more significant improvement on unseen
preferences, thus achieving stronger generalization ability.
Besides, a large proportion of QoE values of MANSY is con-
centrated in the larger range, which further demonstrates
the superiority of MANSY. The performance gain of MANSY
stems from the design of QoE identifier based on RepL to
train the agent to maximize the mutual information between
QOE preferences and bitrate decisions, enabling the agent to
generalize across diverse QoE preferences.

To gain a comprehensive understanding of the perfor-
mance of each method, Figure 11 presents the mean values
of different QoE metrics of different methods across vari-
ous preferences. From Figure 11, we can see that Pensieve
consistently yields low quality variation across all cases
and matches MANSY’s performance for preferences that em-
phasize low quality variation (e.g., Figure 11(d)). This is

because Pensieve allocates the same bitrates for all tiles of the
video chunks and thus removes intra-variation of viewport
quality. However, such strategy will allocate unnecessarily
high bitrates to tiles outside viewports. Therefore, Pensieve
consistently yields low viewport quality or high rebuffering
time (e.g., Figure 11(b) and Figure 11(c)), as tiles outside
viewports could be allocated with lower bitrates to reserve
bandwidth for improving the tile quality inside viewports or
reducing buffering time. In consequence, Pensieve generally
achieves lower QoE than other immersive video streaming
algorithms in most cases, as depicted in both Figure 10
and Figure 11. This indicates that the non-immersive video
streaming algorithm is not well suited for immersive videos

As a heuristic algorithm, PARIMA allocates bitrates to
tiles according to the estimated bandwidth. However, due
to the underestimation of bandwidth, PARIMA tends to con-
servatively select low bitrates to prevent rebuffering. Con-
sequently, it achieves comparable performance to MANSY
only on preferences that emphasize low rebuffering (e.g.,
Figure 11(b)), while significantly underperforming in other
cases. For RLVA, although it may achieve satisfactory per-
formance on the unseen preference similar to the one opti-
mized during training (e.g., Figure 11(a) and Figure 11(c)), it
fails to accurately capture user’s QoE preference for bitrate
selection. For instance, as shown in Figure 11(c), RLVA
trained to aggressively optimize viewport quality adopts a
similar bitrate selection strategy for users with requirement
on maintaining low variation. In consequence, it exhibits
the largest quality variation, leading to inferior performance
compared to MANSY.

Despite incorporating a dynamic-preference scheme to
train the agent for optimizing different QoE preferences,
we observe that PAAS still suffers from the forgetting
problem. For example, while PAAS outperforms RLVA on
the trained low-rebuffering-first preference (Figure 11(b)),
it demonstrates inferior performance compared to RLVA on
another trained high-quality-first preference (Figure 11(a)).
Moreover, PAAS also exhibits limited generalization ability,
as it may perform worse than RLVA in some cases even
on the unseen preferences (e.g., Figure 11(c)). In contrast,
thanks to the proposed RepL-based training scheme, MANSY
successfully learns useful representations that capture the
essential characteristics of users’ QoE preferences, enabling
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dynamic bitrate selection based on input preferences. No-
tably, the learned representations are generalizable, em-
powering the agent to optimize unseen preferences (e.g.,
Figure 11(d)). As a result, MANSY demonstrates the most
promising performance across all cases.

6.3.2 Ablation Study

In this part, we set up several experiments to provide a
thorough understanding of the bitrate selection model of
MANSY, including effectiveness of RepL-based training and
residual learning.

Effectiveness of RepL. We remove the proposed RepL
training scheme from MANSY to explore its contributions to
the bitrate selection performance of MANSY. Specifically, we
simply train the agent with multiple QoE preferences simul-
taneously but without the guidance of the QoE identifier,
which forms the method of MANSY w/o RepL.

Figure 10 illustrates the performance of MANSY w/o
RepL on both trained and unseen viewing patterns on each

dataset. It can be seen that without RepL, the performance of
MANSY w/o RepL significantly decreases and even becomes
worse than baselines. To gain further insights, we analyze
its performance on individual QoE preferences in Figure 11.
As depicted in Figure 11, MANSY w/o RepL consistently
maintains the lowest rebuffering time on all cases. This
suggests that without the guidance of QoE identifier to
learn informative representations of users’ QoE preferences,
MANSY w/o RepL heavily suffers from the catastrophic for-
getting problem. The dominance of knowledge learned to
optimize low rebuffering forces MANSY w/o RepL to aggres-
sively select low bitrates regardless of users’ actual QoE
preferences. As a result, it only achieves better or com-
petitive performance than baselines on the low-rebuffering
preference (e.g., Figure 11 (b)), but achieves inferior per-
formance on other ones (e.g., Figure 11 (c)). This finding
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learning.

further supports our previous observations® in Section 2.2
that simply training with multiple QoE preferences will
suffer from severe catastrophic forgetting issues and lead
to poor generalization performance.

In contrast, MANSY significantly outperforms MANSY
w/o RepL and other baselines across all cases. This outcome
demonstrates that MANSY efficiently tackles the challenge of
catastrophic forgetting and achieves strong generalization
performance, which confirms the effectiveness of the pro-
posed RepL-based training scheme.

Effectiveness of residual learning. We next compare
the convergence performance of MANSY and MANSY w/o
Residual to validate the effectiveness of residual learning.
To be more specific, the NN architectures of the agent and
QoE identifier of MANSY w/o Residual are designed with-
out the residual layers depicted in Figure 6. As illustrated
in Figure 12, MANSY w/o Residual faces issues related to
training instability and poor asymptotic performance (i.e.,
final performance after convergence [42]). This is attributed
to the fact that the important features of QoE preference
are lost during the fusion with state features, which make
MANSY w/o Residual difficult to capture the QoE preference
information. In contrast, MANSY efficiently addresses this
issue by adding residual layers into the NN models to
facilitate the propagation of these critical features within the
models. Hence, MANSY achieves better training stability and
asymptotic performance.

7 RELATED WORK

Viewport prediction. As one of the main building block of
tile-based immersive video streaming, the design of view-
port prediction models has been extensively studied [27]
[43]. Considering the diversity of users’ viewing patterns,
recent studies have explored several approaches to enhance
the viewport prediction models to resolve the diversity
challenge. For instance, the works in [13] [17] group users
with similar viewing patterns and train separate models for
each group. The major limitation of this approach is that
each time a new user group emerges, a model retraining
process is required, resulting in prohibitive training cost.

5. Recall that in Section 2.2, we also train RLVA with mulitple QoE
preferences and it suffers from the similar catastrophic forgetting and
generalization problems.
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Alternatively, some researchers attempt to improve the gen-
eralization of viewport prediction models to serve a broad
range of users. For instance, Guimard et al. [6] design a vari-
ational auto-encoder model that predicts multiple viewports
to capture the variation of user’s viewing patterns. Zhang
et al. [8] explicitly train several LSTM models and ensemble
their prediction results to yield calibrated predictions. These
methods, however, require model duplication or multiple
forward passes during inference phase, leading to signifi-
cant computation cost. By comparison, MANSY designs an
efficient MTIO-Transformer model based on implicit ensem-
ble learning. It can obtain well-calibrated predicted view-
ports with a single model and a single forward pass, thus
improving generalization with negligible overhead.

Bitrate selection. Recent years have witnessed the suc-
cessful applications of deep reinforcement learning (DRL) in
bitrate selection of tile-based streaming [11] [4] [14]. How-
ever, the performance of DRL-based methods is restricted
in real-world conditions where users exhibit high diver-
sity on QoE preferences. To tackle this challenge, previous
works [10] [4] propose to train different bitrate selection
agents with different QoE preferences, which, however,
results in prohibitive training cost and lacks scalability to
adapt to new preferences. Li et al. [14] designs a muli-agent
DRL solution to allocate bitrates to users that watch the
same video and share the same bottleneck link while consid-
ering their QoE preferences. Yet, their solution is built upon
the strict assumption of fixed bandwidth of the bottleneck
link, which often does not hold true in practice and thus
limits its performance in real-world scenarios. On the other
hand, Wu et al. [18] design a dynamic-preference scheme
to train the DRL agent with multiple QoE preferences si-
multaneously. Nevertheless, this approach suffers from the
catastrophic forgetting problem, failing to generalize across
diverse QoE preferences. In contrast, MANSY leverages the
advanced RepL technique to train the agent without any
specific presumptions. It designs an efficient QoE identi-
fier to encourage the agent to automatically extract useful
knowledge from users” QoE preferences, thus generalizing
across users with diverse preferences.

8 DISCUSSION

In this section, we discuss the potential methodologies
to further enhance the performance of MANSY. Regarding
viewport prediction, the current implementation of the
MTIO-Transformer in MANSY employs a simple averaging
strategy to combine the prediction results from different
input-output heads. In other words, each head is treated
equally and assigned with the same weight for combining
prediction. To further improve the prediction accuracy of the
model, one potential approach is to introduce an adaptive
weighting scheme. To be specific, each head is initially
assigned with the same weight. As the model makes pre-
diction over time, the assigned weights can be dynamically
adjusted based on the historical accuracy of each head. The
underlying rationale is that a head with higher accuracy
indicates that it captures user’s viewing pattern more accu-
rately, and thus should be allocated with a higher weight.
As for bitrate selection, MANSY currently focuses on opti-
mizing the streaming services when users’ QoE preferences
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are known in advance. To unleash its full potential, MANSY
can be complemented with the existing active research on
inferring users’” QoE preferences in practice [16] [44]. One
viable approach is crowdsourcing [45], where users are in-
vited to participate in questionnaires to gather information
about their specific video watching preferences (e.g., prior-
ity of video quality). Alternatively, users’” QoE preferences
can also be inferred from their historical video watching
behaviors (e.g., manual bitrate switching frequency) [16]
[46]. For example, Li et al. [16] construct a behavior dataset
by collecting users’ behaviors of video watching. During the
online service phase, users’ behaviors will be collected as
they watch the videos, and a Bayes’ theorem based method
is utilized to calculate their QoE preferences based on the
collected behaviors and constructed dataset. The above ap-
proaches can be integrated into MANSY to efficiently infer
users’ preferences to optimize bitrate selection.

9 CONCLUSION

In this paper, we propose MANSY, a novel tile-based im-
mersive video streaming system that fully captures user
diversity to improve generalization. MANSY incorporates
a Transformer-based viewport prediction model with an
efficient Multi-viewport Trajectory Input Output (MTIO)
architecture to reduce the prediction bias, so that it can
generalize across users with diverse viewing patterns. For
bitrate selection, to accommodate users’ diverse QoE prefer-
ences, MANSY leverages representation learning (RepL) to
encourage the DRL agent to learn useful representations
of users’ preferences by augmenting the reward function
with mutual information. Considering the difficulty of exact
computation of mutual information, it designs an efficient
NN model called QoE identifier to estimate mutual informa-
tion for reward calculation. Extensive experiments with real-
world datasets confirm the superiority of MANSY in viewport
prediction and bitrate selection on both trained and unseen
viewing patterns and QoE preferences.
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