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Abstract
Although on-device video super-resolution enables high-
quality live 360-degree streaming on mobile devices, existing
methods often waste energy by overlooking perceived visual
quality. In this paper, we present EOS, an energy-efficient on-
device super-resolution system for mobile omnidirectional
video (ODV) live streaming. EOS reduces energy waste by
dynamically adjusting super-resolution complexity based on
the predicted visual quality of super-resolved frames. This
approach raises two challenges: (1) designing an adaptive
inference policy that maximizes energy savings while min-
imizing degradation in Quality-of-Experience (QoE), and
(2) developing a method to predict visual quality under the
constraints of mobile ODV live streaming. To tackle these
challenges, EOS introduces EOS SR and a No-Reference Up-
scaling Quality Prediction scheme. EOS SR employs a device-
agnostic, scalable deep neural network optimized for mobile
devices, with an energy-aware scheduler that jointly selects
the optimal super-resolution model and GPU frequency. The
No-Reference Upscaling Quality Prediction scheme estimates
visual quality across arbitrary viewpoints in real time with-
out requiring high-resolution reference videos. Experiments
on commodity smartphones show that EOS reduces average
power consumption by 34.6%–49.9% compared to baseline
methods, while preserving high visual quality and frame
rates.
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1 Introduction
Mobile omnidirectional video (ODV) live streaming, which
provides immersive and interactive user experiences through
live 360-degree videos, has gained significant attention as
it can be extended to emerging mobile applications such
as extended reality (XR). Unfortunately, unlike standard 2D
videos that offer a single fixed viewpoint, ODVs, which en-
compass views in all 360-degree directions, face challenges in
delivering high-resolution live videos over mobile networks.
For instance, achieving a viewport resolution of 1280×720 in
an ODV requires an overall resolution of 5120×2560, which
demands tens of Mbps in network bandwidth, making it
difficult to transmit over current mobile networks.

On-device video super-resolution is a recent approach to
addressing the challenge of delivering high-resolution ODVs
to users in mobile ODV streaming. This technique uses deep
neural networks (DNNs) to upscale low-resolution videos
transmitted to mobile devices into high-resolution videos
in real time. Notably, a recent study, OmniLive [43], intro-
duced an approach that maximizes the use of a smartphone’s
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GPU resources to enhance the upscaling quality of the super-
resolution DNN. This solution employs adaptive inference to
ensure that the super-resolution process consistently com-
pletes while making full use of the available time budget,
regardless of the device type or state. For a 30 frames-per-
second (FPS) video, the time budget corresponds to 33 ms
per frame. However, the approach of maximizing GPU usage
for DNNs can lead to excessive and unnecessary GPU con-
sumption, thereby rapidly draining the smartphone’s battery.
Our preliminary experiments demonstrate that even a light-
weight super-resolution DNN can meet specific upscaling
quality standards for certain video frames. These experimen-
tal results suggest that existing methods, by not considering
the visual quality perceived by the end user, often result in
excessive DNN inference and thus lead to energy inefficiency.
In this paper, we aim to develop an energy-efficient on-

device video super-resolution system for mobile ODV live
streaming. There are two key technical challenges in de-
signing such a system. The first challenge is the need for
an energy-efficient inference policy that accommodates the
computational diversity of smartphones while ensuring no
loss in quality of experience (QoE). The primary QoE factors
during video playback are frame rates and user-perceived
visual quality. Given the varying computational capacities
across devices, it is not trivial to develop an adaptive infer-
ence technique that effectively balances frame rates, user-
perceived visual quality, and energy consumption. The sec-
ond challenge is to predict the user-perceived visual qual-
ity of upscaled videos at runtime using only low-resolution
videos. VMAF [5], which is known for accurately reflecting
users’ perceptual experiences, requires high-resolution ref-
erence data for its calculation. This presents a challenge, as
high-resolution ODV cannot be transmitted due to uplink
bandwidth constraints in mobile ODV live streaming. More-
over, ODVs have an infinite number of possible viewpoints,
making it extremely difficult to predict VMAF scores for all
these scenarios in real time.

Addressing these challenges, we propose EOS, an energy-
optimized super-resolution system for mobile ODV live
streaming that does not compromise perceived visual quality
or frame rates. To tackle the challenge of designing an energy-
efficient inference policy, EOS introduces EOS SR. EOS SR
consists of EOSNet and the EOS SR Scheduler. EOSNet is
a device-agnostic and scalable DNN model for on-device
video super-resolution. The EOS SR Scheduler combines
DNN model selection with GPU frequency scaling to mini-
mize power consumption by jointly considering the expected
upscaling quality and the device’s computational capacity.
To address the challenge of runtime visual quality predic-
tion, EOS features No-Reference Upscaling Quality Predic-
tion, which predicts VMAF scores for super-resolved videos
across arbitrary viewpoints in real time without requiring
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Figure 1: ODV projection.

high-resolution reference videos. The streaming server uti-
lizes a deep learning-based VMAF map predictor to extract
features from low-resolution ODVs in equirectangular pro-
jection (ERP) format and generate VMAF maps for various
viewpoints. The client device then references these maps to
obtain fine-grained VMAF scores for specific viewpoints.

We implemented the complete EOS system, spanning from
the streaming server to the Android application. In real mo-
bile ODV live streaming scenarios, our experiments demon-
strated that EOS reduced average power consumption by
34.59% to 49.94% on commodity smartphones, compared to
baseline methods, without sacrificing QoE.

2 Background
This section discusses mobile ODV live streaming and the
need for video super-resolution.

2.1 Mobile ODV Live Streaming
Mobile ODV live streaming delivers live videos recordedwith
360-degree cameras to viewers over mobile networks. Unlike
2D videos that provide only a fixed viewpoint, ODVs—also
known as 360-degree or panoramic videos—offer viewpoints
in all directions centered around the camera, enabling a more
immersive and interactive experience. For instance, through
mobile ODV live streaming, streamers can share real-time
travel moments or broadcast sports events, allowing view-
ers to explore multiple viewpoints. This mobile ODV live
streaming can also be extended to XR applications.
Figure 1 illustrates the process of perspective projection,

which transforms the entire spherical view of a 360-degree
image into a two-dimensional image based on a specific
viewpoint. In this process, the viewpoint is defined by yaw,
which ranges from -180° to 180°, and pitch, which ranges
from -90° to 90°. Yaw and pitch represent the horizontal and
vertical rotation angles in the spherical coordinate system,
respectively. The horizontal and vertical fields of view deter-
mine the range of the scene captured in the projected image
relative to the viewpoint. Using these parameters, perspec-
tive projection is applied to naturally convert the spherical
view into a flat image. The number of possible perspective
projection images that can be generated from a single omni-
directional image is virtually limitless. If the yaw and pitch
are adjusted by 1 degree each, there are 361 possible values
for yaw and 181 possible values for pitch, resulting in 65,341
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Figure 2: Comparison between upscaling methods.

possible viewpoints. As video players allow fine control of
viewpoints, the total number of viewpoints can range from
hundreds of thousands to millions.

2.2 Need for Video Super-Resolution
Mobile ODV live streaming faces the challenge of deliver-
ing high-quality viewing experiences to users. In 2D video
streaming, the video being transmitted directly corresponds
to the portion displayed in the viewer’s device viewport.
On the other hand, ODV streaming requires the transmis-
sion of not only the portion displayed in the viewport but
also parts corresponding to other viewing angles. For exam-
ple, while 2D video streaming with a viewport resolution of
1280×720 requires about 4-5 Mbps, ODV streaming demands
approximately 100 Mbps [43]. Unfortunately, in mobile net-
work environments, uplink bandwidth often does not exceed
10 Mbps [7], limiting mobile ODV streaming to delivering
lower-resolution videos to users.
A recent approach to addressing the challenge of deliv-

ering high-quality video to viewers in mobile ODV live
streaming is the use of video super-resolution. Video super-
resolution is a technique that utilizes deep learning to upscale
low-resolution videos into high-resolution ones. This deep
learning-based approach provides better upscaling quality
compared to traditional methods such as nearest, bilinear,
or bicubic interpolation, and has therefore been actively
employed in video streaming [11, 20, 58, 59]. As the GPU ca-
pabilities of mobile devices have improved, there have been
many efforts to perform video super-resolution tasks on
smartphones [29, 40, 57]. In particular, OmniLive [43] intro-
duced video super-resolution to address the low-resolution
issue in mobile ODV live streaming. This study tried to max-
imize the upscaling quality of super-resolution models by
leveraging as much of the smartphone’s GPU resources as
possible, without degrading frame rates such as 30 FPS.

3 Understanding Energy Inefficiency
Since smartphones have limited battery capacity, optimizing
energy consumption to maximize battery lifetime has long
been a critical research issue [16, 18, 19, 30, 33, 36, 37, 39].
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Figure 3: VMAF traces.

However, the recent video super-resolution solution for mo-
bile ODV live streaming can lead to excessive energy con-
sumption because the solution utilizes the maximum possi-
ble GPU resources. If the target upscaling quality for super-
resolution is predefined and GPU resources are used only
to the extent necessary to meet the target quality, unneces-
sary energy usage could be reduced. For example, VMAF [5],
which is known for effectively reflecting subjective user ex-
periences, considers a score of 80 or higher as good qual-
ity [10, 38]. This suggests that the target visual quality for
super-resolution can be set to a VMAF score of 80.
To examine the energy inefficiency of the existing solu-

tion, we conducted experiments measuring the power con-
sumption and VMAF scores of upscaled frames across var-
ious upscaling methods. In this experiment, we compared
three upscaling methods: bicubic interpolation, a little DNN
model, and a big DNNmodel. The task involved 4× upscaling,
which enhances video frames from a resolution of 320×180
to 1280×720. The big model is a super-resolution model de-
signed tomaximize GPU resource usage as closely as possible
to the 30 FPS constraint on the target smartphone. The little
model is a simplified version of the big DNN model, with
smaller block channels and fewer neural blocks. The smart-
phone used in this experiment was a Pixel 6 Pro, equipped
with an ARM Mali-G78 MP20 858 MHz GPU. We used an
ODV recorded at a resolution of 5120×2560 and 30 FPS for
1 minute with an Insta360 X3 360-degree camera [2]. The
ODV was converted into perspective-projected videos with
two fixed viewpoints, View 1 and View 2. The (yaw, pitch)
values for View 1 and View 2 were (0°, 0°) and (0°, 45°), respec-
tively. The resolution of the perspective-projected video was
1280×720. Based on these three upscaling methods and the
two viewpoint videos, we measured inference time, power
consumption, and VMAF scores. During the measurement,
the GPU frequency of the smartphone was fixed at the maxi-
mum value of 858 MHz.
Figure 2 presents the average inference time and power

consumption measured across the upscaling methods. No-
tably, the little model, with an average inference time of
15.1 ms, demonstrated a 32.8% reduction in inference time
compared to the big model, which averaged 22.5 ms. As a
result, the little model exhibited an average power consump-
tion of 2.9 W, reducing the average power consumption by
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38.4% compared to the big model, which consumed 4.7 W
on average. This reduction in power consumption is attrib-
uted to the decreased GPU utilization corresponding to the
shorter inference time. Figure 3 shows the VMAF traces of
the little model and bicubic interpolation. As indicated in
the figures, although bicubic interpolation exhibited signifi-
cantly lower inference time and power usage compared to
the other methods, it resulted in notably low VMAF scores,
suggesting that it is not a viable method for high-quality
upscaling. In contrast, the little model often achieved VMAF
scores exceeding 80, indicating good visual quality. These re-
sults suggest that the previous approach of relying solely on
the big model to maximize inference time can lead to an over-
utilization of computational resources, thereby resulting in
energy inefficiency.

4 EOS Overview
We discuss the technical challenges involved in energy op-
timization and introduce EOS, an energy-efficient super-
resolution system designed to address the challenges.

4.1 Challenges
To optimize the energy consumption of the on-device super-
resolution system for mobile ODV live streaming, two tech-
nical challenges must be addressed. The first is how to design
an inference policy that minimizes QoE loss while optimizing
energy consumption. The key QoE metrics related to video
playback are visual quality and frame rates. While more
complex models ensure higher visual quality, they come at
the expense of energy efficiency. In contrast, less complex
models improve energy efficiency but result in lower visual
quality. Therefore, an inference policy must be able to select
a DNN model with appropriate computational complexity
to balance visual quality and energy efficiency. Meanwhile,
to prevent frame rate loss, the inference time of the super-
resolution model should not exceed certain time constraints.
For example, 30-FPS videos allow only 33 ms of computation
time per frame, but the inference time for the same super-
resolution model can vary depending on the mobile devices,
whose GPU capabilities are diverse. Therefore, balancing
frame rates, visual quality, and energy efficiency remains a
significant challenge.

The second challenge is predicting the visual quality of
super-resolved videos in advance to avoid unnecessary com-
putational resource usage in super-resolution tasks. VMAF,
which is known for accurately reflecting subjective user sat-
isfaction, is a full-reference metric that requires an undis-
torted reference video for its measurements. Unfortunately,
as discussed in Section 2.2, in mobile ODV live streaming,
the limitations of mobile network uplink bandwidth prevent
the transmission of high-resolution reference videos to the
streaming server. Furthermore, due to the spherical nature
of ODV, there are a vast number of possible viewpoints users
can select while watching videos, as discussed in Section 2.1.
Predicting the upscaling quality for such a wide range of
viewpoints without a reference video, and within a limited
time frame, presents a significant technical challenge.

4.2 Overall Architecture
We propose EOS, an energy-optimized on-device super-
resolution system for mobile ODV live streaming. To address
the challenges discussed in Section 4.1, EOS introduces EOS
SR andNo-Reference Upscaling Quality Prediction, whichwe
discuss in detail in Sections 5 and 6, respectively. As discussed
in Section 3, target visual quality is set to a VMAF score of 80.
Also, the target frame rate is set to 30 FPS, which is a widely
used standard in mobile video applications [31, 34, 43, 57].
The policy of EOS is generalizable and can operate consis-
tently even when alternative quality metrics or target values
are adopted.

Figure 4 shows the overall architecture of the EOS system,
including an offline training server, a live streaming server,
and viewing mobile devices. The offline training server trains
EOSNet and the VMAF map predictor, which are detailed in
Sections 5.1 and 6.2, respectively. Under uplink bandwidth
constraints, the streaming server receives low-resolution live
ODV streams captured by 360-degree cameras and transmits
them to the viewing mobile devices of multiple users. On the
streaming server, the No-Reference Upscaling Quality Pre-
diction takes a single low-resolution ODV frame as input to
simultaneously predict the visual quality of super-resolved
video across a wide range of viewing angles. The viewingmo-
bile device estimates the VMAF score for the given viewing
angle using the VMAF map transmitted from the stream-
ing server. The device plays the live ODV streams received
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from the streaming server by applying perspective projection
based on the viewing angle. Based on the predicted VMAF
score, the system performs energy-efficient super-resolution
through EOS SR, and then the upscaled video frames are
displayed on the device.

5 EOS SR
EOS SR is an inference technique for energy-efficient on-
device video super-resolution without QoE degradation. We
propose a super-resolution DNN model for EOS SR called
EOSNet and introduce the EOS SR scheduler, an on-device
video super-resolution policy based on EOSNet.

5.1 EOSNet
EOSNet is a device-agnostic and scalable DNN model for
video super-resolution, specifically designed for EOS SR.
The model is based on the OmniSRNet architecture [43],
but in terms of generality, EOSNet and OmniSRNet differ
significantly. While OmniSRNet employs neural architecture
search to find the optimal neural network for each type of
mobile device, EOSNet supports general adaptive inference
across various devices with a single device-agnostic model.
Optimizing a separate neural network for each device would
result in an impractically large number of cases to predict
for the No-Reference Upscaling Quality Prediction, which is
discussed in Section 6.
Figure 5 illustrates the structure of EOSNet. This model

takes a low-resolution image as input, extracts image features
through multiple dense blocks [28], and reconstructs the im-
age using subpixel upscaling [12]. EOS SR manages video
super-resolution by upscaling each frame through EOSNet.
As shown in the figure, EOSNet enables adaptive inference
by configuring the parameters of the dense blocks responsi-
ble for feature extraction. We represent the EOSNet model
as 𝑀𝑛,𝑐 , where 𝑛 refers to the number of dense blocks and
𝑐 denotes the channel size of each block. Increasing 𝑛 en-
hances the accuracy of feature extraction but also increases
computational overhead. EOSNet selects 𝑛 from the set of
natural numbers between 1 and 4. Since relying solely on the
number of dense blocks may not provide sufficient precision
for adaptive inference, EOSNet further adjusts the channel
size 𝑐 to achieve more refined adaptability. However, EOSNet
maintains a constant 𝑐 across all dense blocks during a single
inference. The value of 𝑐 is defined as 2𝑘 , where 𝑘 is a natural
number not exceeding 6. Additionally, to maintain smooth
gradient flow and reduce information loss, the channel size
of the bottleneck block within each dense block—responsible
for concatenating the outputs of previous layers—is set to
12 × (1 + 𝑛). This model architecture is both general and
scalable, allowing it to be expanded to larger values of 𝑛 and
𝑐 as smartphone GPU performance improves.
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Figure 5: The EOSNet architecture.

5.2 EOS SR Scheduler
The EOS SR scheduler is an on-device video super-resolution
policy that operates based on EOSNet. The EOS SR scheduler
incorporates a big/little model selection scheme and GPU
frequency scaling to select the optimal EOSNet model and
GPU frequency for each frame. This policy minimizes the
loss of upscaling quality and frame rates while performing
energy-efficient super-resolution.
Big/little model selection. Big/little model selection

refers to a scheme that selects the appropriate model between
an energy-efficient little model and resource-intensive big
models. The little model is fixed as𝑀1,2, the lightest model
of EOSNet, across all types of mobile devices. This model
performs super-resolution with minimal computation. The
big models include all other 𝑀𝑛,𝑐 models except for 𝑀1,2.
Since the inference time of 𝑀𝑛,𝑐 varies depending on the
GPU performance of the device, and the inference deadline
changes based on the device’s computational load, the EOS
SR scheduler dynamically selects the largest𝑀𝑛,𝑐 that satis-
fies the constraints at runtime. The time limit 𝑇threshold for
the super-resolution of one frame by EOSNet is determined
as follows:

𝑇threshold = 𝑇deadline −𝑇others . (1)
𝑇deadline is theminimum time required to process one frame

to play the video within the given frame rates, e.g., 33 ms
for 30 FPS, and 𝑇others represents the time taken for tasks
that must be completed prior to the super-resolution task,
such as processing the 360-degree image or reading data
from memory. 𝑇others varies slightly depending on the CPU
or memory conditions. The EOS SR scheduler measures the
time consumed immediately prior to the super-resolution
task for each frame and performs the super-resolution task
within the remaining time budget, 𝑇threshold.

Algorithm 1 outlines the detailed operation of the big/little
model selection scheme. This algorithm takes 𝑄predicted,
𝑄threshold, 𝑇threshold as input. 𝑄predicted is the predicted user-
perceived video quality of the current frame when using the
little model,𝑄threshold is the quality threshold for determining
the use of the little model, and 𝑇threshold is the inference time
threshold required to meet the frame rate constraints. Note
that the target quality metric of big/little model selection is
VMAF. As mentioned in Section 3, a VMAF score of 80 is gen-
erally considered good quality, and hence 𝑄threshold is set to
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Algorithm 1 Big/Little Model Selection.
Input: 𝑄predicted, 𝑄threshold, 𝑇threshold
Output: Selected EOSNet model𝑀out
1: if 𝑄predicted > 𝑄threshold then
2: 𝑛out, 𝑐out ← 1, 2 ⊲ little model
3: else
4: for all (𝑛, 𝑐) in descending order do
5: 𝑇sr ← 𝑇input + 𝑛𝑖 ·𝑇 𝑐𝑖

feature +𝑇reconstructor
6: if 𝑇sr < 𝑇threshold then
7: 𝑛out, 𝑐out ← 𝑛𝑖 , 𝑐𝑖 ⊲ big model
8: break
9: 𝑀out ← 𝑀𝑛out,𝑐out

80. If 𝑄predicted exceeds 𝑄threshold, the little model is selected
because the model can deliver sufficient user-perceived qual-
ity (Lines 1–2). If the little model is insufficient to provide
the target upscaling quality, one of the big models suited to
the device’s resource conditions is selected.
When selecting the big model, the super-resolution pro-

cessing time 𝑇sr is estimated for each model, starting from
the most complex EOSNet model (Line 4). Here, 𝑛𝑖 and 𝑐𝑖
refer to the specific 𝑛 and 𝑐 values for the currently selected
model. Note that the EOSNet model consists of an input
layer, feature extractors, and reconstructors. The computa-
tion times for the input layer and reconstructor, 𝑇input and
𝑇reconstructor, are the same across all models. For the feature
extractor, computation time varies with the channel size 𝑐 of
the dense block, and𝑇 𝑐

feature represents the computation time
for one block with the given 𝑐 . Since the total computation
time for the feature extractor is proportional to the number
of dense blocks 𝑛, the time becomes 𝑛 ·𝑇 𝑐

feature. The algorithm
assumes 𝑇input, 𝑇 𝑐

feature, and 𝑇reconstructor are pre-measured at
the maximum GPU frequency for each device. Using these
values, the algorithm calculates𝑇sr (Line 5). If𝑇sr is less than
𝑇threshold, the current 𝑛𝑖 and 𝑐𝑖 are selected as parameters for
the big model (Lines 6–8).
GPU frequency scaling. GPU frequency scaling is a

scheme that determines the most energy-efficient GPU fre-
quency to operate the selected EOSNetmodel.When a lighter
EOSNet model is chosen, lowering the GPU frequency can
further reduce power consumption. Previous research [43]
has shown that GPU utilization during ODV playback is
minimal. Thus, dynamically scaling the GPU frequency for
the super-resolution task is expected to have a negligible
impact on other background GPU workloads.
The function 𝑇sr (𝑓 ), which calculates the inference time

of the selected EOSNet at an arbitrary GPU frequency 𝑓 , is
defined as follows:

𝑇sr (𝑓 ) = 𝑇sr (𝑓max) ·
𝑓max

𝑓
, (2)

HR ERP

VMAF MapLR ERP
Li�le

Model

HR PP

LR PP SR PP

VMAF Calculator

Figure 6: VMAF map generation.

where 𝑓max is the maximum GPU frequency of the device.
𝑇sr (𝑓max) is the inference time of the selected EOSNet at
𝑓max. Since Algorithm 1 assumes the GPU frequency is at its
maximum, 𝑇sr (𝑓max) can be obtained in the same way as in
line 5 of the algorithm.
Based on 𝑇sr (𝑓max), the most energy-efficient GPU fre-

quency for the current EOSNet, 𝑓optimal, is selected. 𝑓optimal is
the lowest GPU frequency among those that do not cause a
drop in frame rates, as shown below:

𝑓optimal = min{𝑓 | 𝑇sr (𝑓 ) ≤ 𝑇threshold}. (3)

6 No-Reference Upscaling Quality
Prediction

The No-Reference Upscaling Quality Prediction estimates
the visual quality of super-resolved frames, which is used
by the EOS SR Scheduler. As discussed in Section 2.2, in
mobile ODV live streaming, transmitting high-resolution
videos, which act as a ground-truth reference, to the server
is infeasible due to uplink bandwidth limitations. Therefore,
the approach involves predicting VMAF maps using only the
available low-resolution ODVs. This section discusses the
process of generating the VMAF map and predicting VMAF
scores based on the map.

6.1 VMAF Map Generation
As discussed in Section 4.1, the No-Reference Upscaling Qual-
ity Prediction must be able to predict VMAF scores for nu-
merous viewpoints in real time. One possible approach is to
generate perspective-projected images for each viewpoint
and then predict the upscaling quality of those images. How-
ever, this approach is not feasible in a live-streaming en-
vironment due to the significant time overhead caused by
the vast number of viewpoints. Therefore, No-Reference Up-
scaling Quality Prediction adopts an approach that takes a
low-resolution ODV frame in ERP format as input and pre-
dicts the upscaling quality for multiple viewpoints in a single
operation. The upscaling quality for different viewpoints is
managed in a data structure called a VMAF map. The VMAF
map is a two-dimensional array that contains VMAF scores
for various viewpoints, defined by different yaw and pitch
angles at regular intervals.
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Figure 7: VMAF scores depending on yaw and pitch.

Figure 6 illustrates the process of generating the VMAF
map required for training the No-Reference Upscaling Qual-
ity Prediction. As shown in Algorithm 1, the No-Reference
Upscaling Quality Prediction selects the super-resolution
model based on the upscaling quality of the EOSNet little
model; thus, the generation of the VMAF map is centered
around the EOSNet little model. The generation process in-
volves performing perspective projection on a low-resolution
ERP image by adjusting the yaw and pitch at regular inter-
vals to obtain a low-resolution perspective-projected image
(LR PP) for each corresponding viewpoint. The LR PP is then
upscaled using the EOSNet little model to produce a super-
resolved perspective-projected image (SR PP). Similarly, a
perspective projection is performed on a high-resolution ERP
image to generate a high-resolution perspective-projected
image (HR PP) for the same viewpoint. VMAF scores are
calculated by using the HR PP as the reference image and
the SR PP as the distorted image. This process is repeated
for all yaw and pitch angles to construct the VMAF map.
To examine the tendencies in the VMAF map, we gener-

ated VMAF maps by shifting the yaw and pitch in 10-degree
increments for 24 different 360-degree images. Figure 7a
shows the average of the 24 VMAF maps, while Figure 7b
presents the VMAF map for a randomly selected image. As
shown in the figures, the shape of the VMAF map varies
significantly depending on the content of the 360-degree
image, differing from any general pattern. This suggests that
identifying a general pattern from data is not feasible. Thus,
a deep learning-based approach that can extract complex
features from the image is necessary to accurately predict
the VMAF map.

6.2 VMAF Map Prediction
As illustrated in Figure 8, the VMAF map predictor on the
streaming server predicts a VMAF map from a single low-
resolution ERP-formatted 360-degree image (LR ERP). Note
that high-resolution ERP-formatted 360-degree images (HR
ERP), which can be a reference for VMAF, are not available
on the streaming server. The efficiency of this map-based
approach stems from its ability to predict quality for all
potential viewpoints at once, avoiding the computationally
expensive process of generating each viewpoint individually.
The VMAF map predictor utilizes DenseNet [28], a type

of convolutional neural network (CNN), to extract detailed

LR ERP

Wrap VMAF Map
Predictor

VMAF Map
yaw

p
it

ch

Figure 8: VMAF map prediction.

features from the given LR ERP image. Rather than using
the LR ERP image as-is, a wrapped version of the image
is used as input to DenseNet. This ‘wrapping’ method is
the process of attaching the leftmost quarter of the LR ERP
image to the right end and the rightmost quarter to the left
end. The term ‘wrapping’ describes a specific edge-handling
process and is distinct from both general image ‘warping’
and perspective projection. This adjustment accounts for the
fact that, because of the nature of 360-degree images, the
left and right edges of the ERP image are connected. In cases
where the yaw is close to -180° or 180°, wrapping ensures
that features from areas beyond the left and right boundaries
are considered. Following the DenseNet layers of the VMAF
map predictor, a convolutional layer reduces the number of
channels to one to match the VMAF map, followed by an
upsampling layer that adjusts the output to match the width
and height of the VMAF map. The width corresponds to the
number of yaw values, and the height corresponds to the
number of pitch values used to generate the VMAF map.
The final output layer of the VMAF map predictor applies
clamping to ensure that the predicted values always fall
within the range of 0 to 100.

Since the EOS SR scheduler decides whether to select
the little model based on the 𝑄threshold, it is crucial for the
VMAF map prediction to accurately predict scores close to
the𝑄threshold. To this end, we introduced a focal loss function
that places emphasis on the area around the 𝑄threshold when
training the VMAF map predictor. The loss function 𝐿(𝑦,𝑦)
is defined as follows:

MSE(𝑦,𝑦) = 1
𝑁

𝑁∑︁
𝑖=1
(𝑦𝑖 − 𝑦𝑖 )2,

𝐿(𝑦,𝑦) = MSE(𝑦,𝑦) ·
(
exp

(
−|𝑦 −𝑄threshold |

𝑄threshold

))2
,

(4)

where 𝑦 is the ground-truth value, and 𝑦 is the predicted
value. As the ground-truth value gets closer to the 𝑄threshold,
the 𝐿(𝑦,𝑦) value increases, making the predictor more sensi-
tive to values near the 𝑄threshold during training.

6.3 VMAF Score Lookup
The viewing mobile device estimates the VMAF score of
a super-resolved viewport by looking up the VMAF map
based on the user’s current viewing angle. Since the output
by the VMAF map predictor is based on yaw and pitch at
regular intervals, the VMAF map cannot cover finer yaw and
pitch values that fall between these intervals. Therefore, the
VMAF score for an arbitrary (yaw, pitch) is obtained through

884



ACM MOBICOM ’25, November 4–8, 2025, Hong Kong, China Seonghoon Park, Minchan Kim, Hyejin Park, Jeho Lee, Jiwon Kim, and Hojung Cha

bilinear interpolation, using the VMAF scores of the four
points on the VMAF map that are closest to the given (yaw,
pitch) as follows:

𝑄 (𝑥∗, 𝑦1) =
𝑥2 − 𝑥∗
𝑥2 − 𝑥1

·𝑄 (𝑥1, 𝑦1) +
𝑥∗ − 𝑥1
𝑥2 − 𝑥1

·𝑄 (𝑥2, 𝑦1),

𝑄 (𝑥∗, 𝑦2) =
𝑥2 − 𝑥∗
𝑥2 − 𝑥1

·𝑄 (𝑥1, 𝑦2) +
𝑥∗ − 𝑥1
𝑥2 − 𝑥1

·𝑄 (𝑥2, 𝑦2),

𝑄 (𝑥∗, 𝑦∗) = 𝑦2 − 𝑦∗
𝑦2 − 𝑦1

·𝑄 (𝑥∗, 𝑦1) +
𝑦∗ − 𝑦1
𝑦2 − 𝑦1

·𝑄 (𝑥∗, 𝑦2).

(5)

Here, 𝑄 (𝑥,𝑦) represents the VMAF score for yaw 𝑥 and
pitch𝑦. 𝑥∗ and𝑦∗ are the yaw and pitch values for the current
viewing angle, respectively. 𝑥1 is the largest yaw value in
the VMAF map among those smaller than 𝑥∗, and 𝑥2 is the
smallest yaw value among those larger than 𝑥∗. Similarly,
𝑦1 is the largest pitch value in the VMAF map among those
smaller than 𝑦∗, and 𝑦2 is the smallest pitch value among
those larger than 𝑦∗.

7 Implementation
We implemented the end-to-end EOS system, which con-
sists of a live streaming server and an EOS SR-enabled video
player application for Android smartphones. The streaming
server uses Real-Time Messaging Protocol (RTMP) through
FFmpeg [1] to store low-resolution ODVs received from the
streamer as Transport Stream (TS) files. Additionally, the
VMAF map predictor running on the streaming server pro-
duces VMAF maps from low-resolution ODVs with the Py-
Torch framework [45]. The streaming server transmits the
requested TS files and VMAFmaps to mobile devices through
a Hypertext Transfer Protocol (HTTP) server program.
The video player application receives ODV live streams

from the streaming server, performs super-resolution, and
displays the video on the screen. Upon receiving ODV live
streams, the video player application decodes the streams
using Android’s AMediaCodec [3] and performs perspective
projection on the decoded ODV frame using OpenGL ES [6].
The perspective-projected frame is then super-resolved using
the EOSNet model, which operates through the TensorFlow
Lite framework [8], and rendered on the screen. The appli-
cation adjusts the GPU frequency via the Android system’s
sysfs. The application also includes a background monitor-
ing service to read the GPU frequency, temperature, current,
and voltage directly from the Android system’s sysfs. Note
that the application targets rooted Android smartphones
because sysfs requires root privileges.

8 Evaluation
We evaluated EOSNet and the VMAF map predictor. We also
conducted a performance evaluation and a user study under
realistic mobile ODV live-streaming scenarios.

8.1 Evaluation Setup
To ensure consistency across experimental conditions, we
emulated live streaming using pre-recorded videos. The ex-
periments assumed a network environment described in
Section 2.2, where the server and the mobile devices are con-
nected over a Wi-Fi network with a guaranteed 10 Mbps
bandwidth. Since public ODV datasets [13, 52] were unsuit-
able for evaluating EOS due to their limited resolution and
length, we curated our dataset: we captured 5-minute ODVs
across 16 distinct locations, comprising 12 outdoor and 4
indoor environments, with an Insta360 X3 camera [2]. The
ODVs had an overall resolution of 5120×2560 in ERP format
with a frame rate of 30 FPS, and were downscaled by a fac-
tor of four to 1280×640 for the low-resolution inputs. When
applying perspective projection to a given viewpoint, the
high-resolution image had a resolution of 1280×720, while
the low-resolution image was 320×180. Thus, the on-device
super-resolution task was to upscale frames from 320×180
to 1280×720 by a factor of four. The streaming server used
in this experiment was equipped with an Intel(R) Xeon(R)
Silver 4214 CPU and an NVIDIA GeForce RTX 3090 GPU.
The EOSNet used in the evaluation was trained for 60

epochs on the REDS train dataset, which consists of 320×180
low-resolution and 1280×720 high-resolution images, using
PyTorch. For the VMAF map predictor, we selected 8 videos
from our ODV dataset, including 6 outdoor and 2 indoor
videos, as the training dataset. The predictor was trained
with the model for 100 epochs using PyTorch. The remaining
videos not included in the training dataset were designated
as the test dataset. In this experiment, yaw and pitch of the
VMAF map were set at one-degree intervals, and VMAF
maps were generated and validated every one second.

We selected two commodity smartphones: a Google Pixel
6 Pro and a Google Pixel 8 Pro. As described in Section 7, the
EOS system requires root privileges; therefore, both smart-
phones used in the experiment were rooted using Magisk [9].
Real ODV streaming experiments were conducted using the
video player detailed in Section 7. To minimize the impact
of display settings, screen brightness was set to the lowest
level in all experiments. When GPU frequency scaling by
EOS’s policy was not applied, the GPU frequency of the
devices was set to the maximum, while the CPU operated
under the default governor of the Android operating system.
Power consumption was monitored by collecting current
and voltage information from the system every 200 ms.

8.2 EOSNet
We conducted benchmark tests on various EOSNet models to
evaluate their upscaling quality, inference time, and power
consumption. In the experiment, we measured the Peak
Signal-to-Noise Ratio (PSNR) using the validation dataset
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Figure 9: EOSNet performance across varying (𝑛, 𝑐).

from the REDS dataset. In these benchmark tests, we per-
formed super-resolution tasks at 30 FPS, omitting other tasks
such as video rendering. Each model’s inference time and
power consumption were measured for 1 minute at 30 FPS,
resulting in a total of 1,800 measurements.

Figure 9 shows model performance in terms of PSNR and
the inference time measured on the Pixel 6 Pro. In the figure,
𝑛 and 𝑐 represent the number of dense blocks and the chan-
nel size of dense blocks in EOSNet, respectively. As shown
in Figure 9a, for the same value of 𝑛, models with higher
inference times correspond to larger values of 𝑐 . As shown
in Figure 9b, all EOSNet models outperform bicubic inter-
polation in terms of PSNR, indicating the effectiveness of
on-device video super-resolution for enhancing visual qual-
ity. Furthermore, the figure shows that simply increasing 𝑛
or 𝑐 does not necessarily result in a better model, highlight-
ing the importance of selecting an appropriate combination
of 𝑛 and 𝑐 . For example, within the region where inference
time was under approximately 18 ms, an EOSNet model with
𝑛 = 1 was more effective in terms of PSNR compared to 𝑛 = 2.
Specifically, an EOSNet model with 𝑛 = 1 and 𝑐 = 25 out-
performed a model with 𝑛 = 2 and 𝑐 = 2, making the latter
configuration redundant. In this way, the EOSNet models
used in the system are carefully selected by filtering out the
unnecessary models.
Figure 10 shows the power consumption of the filtered

EOSNet models from Figure 9. Note that for both devices, a
big model with maximum capability was defined by setting
𝑛 and 𝑐 to 3 and 25, respectively. Models with 𝑛 greater than
or equal to 4 were excluded from this experiment, as they
did not meet EOS’s time constraint of 30 FPS. The figure
demonstrates that more complex EOSNet models lead to
higher power consumption. On the Pixel 6 Pro, the biggest
model (𝑛 = 3, 𝑐 = 25) consumed an average power of 5.12 W,
while the little model (𝑛 = 1, 𝑐 = 2) consumed an average
power of 1.90 W. On the Pixel 8 Pro, the average power
consumption of the biggest model was 3.62 W, compared
to 1.44 W for the little model. Replacing the biggest model
with the little model resulted in average power reductions
of 62.96% and 60.15% for the Pixel 6 Pro and Pixel 8 Pro,
respectively.
Figure 11 illustrates the impact of GPU frequency on the

inference time and power consumption of the EOSNet little
model. As shown in the figures, lowering the GPU frequency
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Figure 11: Effect of GPU frequency.

results in increased inference time and reduced power con-
sumption for both devices. Note that the total energy con-
sumption is directly proportional to the average power, as
the system operates at a constant 30 FPS. On the Pixel 6
Pro, even at the minimum GPU frequency, the little model
achieved 30 FPS. On the Pixel 8 Pro, however, it was chal-
lenging to maintain 30 FPS at the minimum GPU frequency,
requiring the selection of a slightly higher frequency as the
lowest possible GPU frequency for EOS. These results indi-
cate that, by scaling GPU frequency to the lowest possible
level satisfying the 30 FPS requirement, the EOS SR Sched-
uler achieves average power reductions of 18.59% and 23.08%
for the Pixel 6 Pro and Pixel 8 Pro, respectively, compared to
running the little model at the maximum GPU frequency.
In conclusion, by controlling the GPU frequency while

using the little model, the average power consumption was
reduced by 69.85% and 69.35% for the Pixel 6 Pro and Pixel
8 Pro, respectively, compared to the baseline. Note that the
results were based on benchmarking DNN inference without
actual video playback and rendering, and the power reduc-
tion rate may decrease when video playback is included.

8.3 VMAF Map Predictor
We evaluated the performance of the VMAF map predictor
used in EOS’s No-Reference Upscaling Quality Prediction.
For the comparative analysis, we usedmultiple predictor vari-
ants equipped with ResNet-18 [24], EfficientNet-B0 [51], and
InceptionV3 [50], along with our DenseNet-based model. All
predictors were trained using EOS’s focal loss function, and
the training data was the same as mentioned in Section 8.1.
Figure 12a shows the inference time and Root Mean

Squared Error (RMSE) of the VMAF map predictors. RMSE
was measured on a VMAF scale ranging from 0 to 100. As
shown in the figure, all predictors produced VMAF maps
within 20 ms per frame, enabling 30 FPS operation for low-
resolution ODV inputs. These results were obtained with a
batch size of 1, and faster inference is possible when using
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Figure 12: Comparison between VMAFmap predictors.

larger batch sizes. Among the four predictors, those based
on EfficientNet and DenseNet achieved the lowest RMSE.
Figure 12b presents the precision and F1 scores of each

predictor. Precision is defined as the proportion of frames
predicted to exceed a VMAF score of 80 that actually do ex-
ceed that threshold. A higher precision indicates fewer false
positives—cases where the predictor incorrectly classifies a
frame as meeting the quality threshold—which directly result
in QoE degradation. Therefore, among various accuracy met-
rics, precision is the most critical in this context. As shown in
the figure, the DenseNet-based model achieved the highest
precision and F1 score among all predictors. When consider-
ing all aspects, the DenseNet-based VMAF map predictor is
the most suitable.

8.4 EOS SR Scheduler
We conducted a performance evaluation of the EOS system
based on real mobile ODV live-streaming scenarios. For com-
parison, we used the OmniLive-like approach [43], which
always selects the most complex model among those meet-
ing the 30 FPS requirement without considering energy effi-
ciency. In the evaluation, both EOS and OmniLive used the
EOSNet model for super-resolution.
Live-streaming case study. We first observed various

metrics while streaming a live-streaming scenario: model
selection, power consumption, inference time, VMAF, GPU
frequency, and GPU temperature. For this scenario, we se-
lected one video from the 16 ODVs we collected, excluding
those used for training the VMAF map predictor. This video
consists of 9,000 frames, running at 30 FPS with a total length
of 5 minutes. In this experiment, we defined a viewing sce-
nario to account for the dynamic viewing angle based on
user interaction. The yaw and pitch for this viewing sce-
nario throughout the sequence of frames were calculated as
follows:

yaw(𝑡) = ((𝑡 + 180◦) mod 360◦) − 180◦,
pitch(𝑡) = 90◦ · sin(yaw(𝑡)), (6)

where 𝑡 refers to the frame number, ranging from 0 to 8,999.
Figure 13 shows the traces of the models selected by each

policy. In this graph, a higher model number indicates a
more complex EOSNet model, while a model number of 0
represents the selection of the little model. While OmniLive
attempted to select the most complex model, EOS tried to
select lighter models when possible. Figure 14 shows the

traces of the GPU frequencies. Unlike OmniLive, which con-
sistently operated at the maximum GPU frequency, EOS
reduced the GPU frequency whenever possible to optimize
energy efficiency.
Figure 15 shows the inference time traces for each case.

One of the main goals of the EOS SR Scheduler is to en-
sure that there is no loss in frame rates during on-device
video super-resolution. This graph demonstrates that, in all
cases, the inference time never exceeds 30 ms. This indicates
that the EOS SR Scheduler effectively adheres to the frame
rate constraints when selecting EOSNet models and GPU
frequency. Figure 16 shows the VMAF traces for each case.
Despite EOS selecting lighter models and lower GPU frequen-
cies, there was minimal difference in VMAF scores compared
to OmniLive. On the Pixel 6 Pro, the average VMAF scores
for the OmniLive and EOS policies were 87.454 and 84.331,
respectively. On the Pixel 8 Pro, the scores were 87.935 and
83.606, respectively. This means that compared to OmniLive,
EOS resulted in only a small visual quality loss, with average
VMAF scores decreasing by 3.56% and 4.92% on the Pixel 6
Pro and the Pixel 8 Pro, respectively.
Figure 17 illustrates the power traces, showing that EOS

consistently uses less power compared to OmniLive. On the
Pixel 6 Pro, EOS recorded an average power consumption of
3.57 W, representing a 37.77% reduction compared to Om-
niLive’s 5.74 W. On the Pixel 8 Pro, EOS demonstrated an
average power consumption of 2.27 W, a 50.00% reduction
compared to OmniLive’s 4.55 W. These results suggest that
EOS can achieve significant energy savings with minimal
VMAF loss. Additionally, since EOS reduces GPU frequency
and utilization, it may also help mitigate overheating, a com-
mon issue in smartphones. Figure 18 presents the GPU tem-
perature traces, indicating that EOS results in lower GPU
temperatures compared to OmniLive. Specifically, after 5
minutes of live streaming, the GPU temperatures for EOS
and OmniLive were 51 °C and 76 °C on the Pixel 6 Pro, and
41 °C and 61 °C on the Pixel 8 Pro, respectively. EOS thus
recorded 20 °C to 25 °C lower GPU temperatures. These re-
sults demonstrate that EOS’s policy is highly effective not
only in managing power consumption but also in reducing
thermal control in smartphones.

Various live-streaming scenarios.We conducted a com-
parative analysis of power consumption, GPU temperature,
and VMAF between EOS and OmniLive across a broader
range of video scenarios. In this experiment, we used 8 ODVs
from the 16 we collected, excluding those used for training
the VMAF map predictor. To evaluate the effectiveness of
EOS SR Scheduler’s big/little model selection and GPU fre-
quency scaling techniques, we distinguished between two
EOS configurations: EOS with only big/little model selection
applied, referred to as EOS (w/o scaling), and EOS with both
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Figure 13: Model selection traces.
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Figure 14: GPU frequency traces.
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Figure 15: Inference time traces.
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Figure 16: VMAF traces.
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Figure 17: Power traces.
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Figure 18: GPU temperature traces.

big/little model selection and GPU frequency scaling applied,
referred to as (w/ scaling).
Figure 19 illustrates the distribution of power consump-

tion. For the Pixel 6 Pro, EOS (w/o scaling) showed an aver-
age power reduction ranging from 29.58% to 37.17%, while
EOS (w/ scaling) achieved a reduction between 34.59% and
44.79% compared to OmniLive. On the Pixel 8 Pro, EOS (w/o
scaling) reduced average power consumption by 30.52% to
39.82%, and EOS (w/ scaling) demonstrated a reduction from
41.92% to 49.94%. Figure 20 displays the GPU temperature
distribution. On the Pixel 6 Pro, EOS (w/o scaling) lowered
the average GPU temperature by 11.25 °C to 19.13 °C, and
EOS (w/ scaling) further reduced it by 13.64 °C to 23.31 °C
compared to OmniLive. On the Pixel 8 Pro, EOS (w/o scaling)
showed a decrease in GPU temperature by 8.18 °C to 12.15 °C,
while EOS (w/ scaling) reduced the temperature by 12.60 °C
to 15.37 °C.

Figure 21 shows the distribution of VMAF scores. On the
Pixel 6 Pro, EOS exhibited an average VMAF reduction of
3.27% to 7.28% compared to OmniLive. On the Pixel 8 Pro,
EOS showed an average VMAF reduction of 3.76% to 8.18%
compared to OmniLive. The cases where a VMAF reduction
of 7.28% or 8.18% was observed occurred with Video 7, where
OmniLive already had very high average VMAF scores of
92.51 on the Pixel 6 Pro and 93.38 on the Pixel 8 Pro, respec-
tively. Since EOS aims to maintain VMAF scores above 80,
VMAF scores significantly higher than 80 make the reduction
in percentage terms appear more significant. Overall, EOS’s
reduction in VMAF remained below 5% in most cases, with

the average VMAF score consistently above 80, indicating
that the actual reduction in visual quality was minimal.

In conclusion, the results suggest several key findings. EOS
effectively optimizes power consumption across various mo-
bile devices and scenarios when performing on-device video
super-resolution tasks for mobile ODV live streaming. In
addition to its power savings, EOS’s operation significantly
reduces the heat generated by smartphones. EOS achieves
its goal efficiently while maintaining frame rates and mini-
mizing VMAF score loss.

8.5 User Study
We conducted a user study approved by the institutional
review board (IRB) to assess the subjective visual quality
across three different methods: no super-resolution (No SR),
EOS, and OmniLive. A total of 10 participants were recruited
for this study: 7 females and 3 males; 5 in their 20s, 3 in
their 30s, 1 in their 50s, and 1 in their 60s. For this study,
we utilized the same eight video scenarios as in the ‘various
live-streaming scenarios’ evaluation in Section 8.4. For each
of the eight video scenarios, participants watched the videos
processed by each method and rated the visual quality on
a 5-point Likert scale, from 1 (Very Bad) to 5 (Very Good).
Figure 22 shows the results of the user study. The mean
scores for No SR, EOS, and OmniLive were 1.95, 3.48, and
3.59, respectively. These results suggest that both EOS and
OmniLive provide a better visual experience than No SR,
while the difference between EOS and OmniLive is minimal.

To statistically validate these observations, we analyzed
the significance of the differences between the methods.
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Figure 19: Power consumption.
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Figure 20: GPU temperature.

0 1 2 3 4 5 6 7
Video

0
50

100

VM
AF EOS

OmniLive

(a) Pixel 6 Pro

0 1 2 3 4 5 6 7
Video

0
50

100

VM
AF EOS

OmniLive

(b) Pixel 8 Pro
Figure 21: VMAF.
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Figure 22: User study results.

Given the small sample size and the ordinal nature of the Lik-
ert scale data, which does not satisfy the normality assump-
tion, we performed a Friedman test, followed by a post-hoc
analysis using the Wilcoxon signed-rank test with a Bon-
ferroni correction (𝑝 < 0.017). The Friedman test revealed a
statistically significant difference across the three methods
(𝑝 < 0.001). In the post-hoc comparisons, both the No SR
vs. EOS and the No SR vs. OmniLive comparisons yielded
a p-value of less than 0.001, indicating a clear difference in
each case. In contrast, the comparison between EOS and
OmniLive yielded a p-value of 0.0389. As the value is greater
than the Bonferroni-corrected significance level (𝛼 = 0.017),
no statistically significant difference was detected between
the two methods. However, the small sample size limits the
statistical power of this study, potentially preventing the
detection of a subtle difference between the methods. In
summary, the results indicate that EOS not only provides a
distinct visual improvement over the No SR baseline but also
delivers a subjective visual experience comparable to that of
the energy-inefficient OmniLive.

9 Related Work
Super-resolution for video streaming. Super-resolution
has been widely adopted to enhance visual quality when
high-resolution video delivery is constrained by limited net-
work bandwidth. This includes both traditional 2D video
streaming [11, 32, 55, 58] and ODV streaming [20, 23, 25,
26, 49, 56]. However, solutions designed for desktop- or
server-class devices are not well-suited for mobile envi-
ronments due to limited computational capabilities. To ad-
dress this, some studies have proposed lightweight super-
resolution models optimized for mobile execution [29, 40],

focusing on minimizing inference latency. Other approaches
have aimed to optimize the system with existing neural net-
works [25, 57, 60, 62, 63]. Nonetheless, these efforts do not
comprehensively address the unique challenges in mobile
ODV live streaming, namely performing on-device super-
resolution under the combined constraints of ODV formats,
real-time latency, and limited network bandwidth.

OmniLive [43] is a recent system that introduces on-device
super-resolution for mobile ODV live streaming. The system
addresses both the limited computational resources of mo-
bile devices and the strict time constraints of live streaming.
Specifically, OmniLive employs neural architecture search
and multi-exit networks to perform the most complex super-
resolution task possible within a given time budget. However,
as discussed in Section 3, this approach can lead to unnec-
essary use of computational resources, resulting in energy
inefficiency.
No-reference VMAF. VMAF is known to effectively re-

flect the perceived visual quality of actual users. However, as
a full-reference metric, it requires high-resolution reference
videos to function [10, 38]. This requirement makes it inap-
plicable in scenarios where reference videos are not available,
such as in the EOS system. To address this limitation, no-
reference VMAF techniques have been proposed [21, 22].
These techniques use deep learning to predict VMAF scores
solely from distorted images, without requiring reference
data. Unfortunately, existing no-reference VMAF techniques
are difficult to use in the EOS system for two reasons. First,
since these techniques do not consider super-resolution, us-
ing them would require applying super-resolution to every
low-resolution image, resulting in additional overhead. Sec-
ond, these techniques target standard 2D videos, making
them difficult to apply to ODVs. As discussed in Section 4.1,
ODVs have a vast number of possible viewpoints, making it
impractical to apply no-reference VMAF to all possible cases.
EOS’s No-Reference Upscaling Quality Prediction differs sig-
nificantly from existing no-reference VMAF approaches in
that it predicts VMAF maps for multiple viewpoints at once
using only a single low-resolution ERP image.
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Energy optimization. Optimizing power consumption
or energy usage to extend battery life on smartphones has
long been a key problem [16, 18, 19, 30, 33, 36, 37, 39, 44, 47].
In particular, there have been studies on energy optimiza-
tion for standard 2D video or ODV streaming on mobile
devices. These studies have been based on policies for adap-
tive bitrate streaming [41, 53, 54] or CPU governors of mobile
systems [14, 15, 17, 27]. However, since these studies assume
streaming without video super-resolution, they are difficult
to be used in systems where video super-resolution is em-
ployed. Meanwhile, NEMO [57] proposed a technique to opti-
mize the time and energy efficiency of on-device video super-
resolution for Video-on-Demand (VoD) streaming. However,
as NEMO targets traditional 2D videos, its approach is not
feasible for ODVs, where dynamically changing viewpoints
limit the ability to reuse super-resolution results. Further-
more, NEMO requires a lengthy analysis of video content
stored on the server, making it unsuitable for live streaming.

10 Discussion
Generality and QoE Metrics. Unlike traditional formula-
based objective metrics such as PSNR and Structural Similar-
ity Index Measure (SSIM), VMAF is an advanced approach
that integrates subjective video quality ratings derived from
user studies [10, 38]. Moreover, VMAF internally leverages
sophisticated metrics that outperform traditional ones, in-
cluding Visual Information Fidelity (VIF) [48], which mod-
els the human visual system, and the Detail Loss Metric
(DLM) [35], which captures the loss of detail. This suggests
that a VMAF score of 80 serves as a robust benchmark; thus,
we believe EOS can generalize effectively across diverse sce-
narios beyond the specific setup used in Section 8.

Although recent studies have explored new methods [42,
46] and proposed deep learning-based metrics such as
LPIPS [64], the EOS system is extensible to other metrics
beyond VMAF. For instance, a similar training methodology
could be employed to predict a QoE map for a different met-
ric in place of the VMAF map. The EOS SR Scheduler could
then operate using the same policy, simply adapting to the
new quality standard.
Deployment on other mobile devices. As discussed

in Sections 7 and 8.1, the implementation and evaluation
of EOS require low-level system access to control GPU fre-
quency and monitor power consumption, which necessi-
tate root privileges on most commercial smartphones. While
this presents a deployment challenge, device manufacturers,
driven by the need for energy efficiency, could integrate EOS
directly at the system level or provide interfaces for GPU
frequency control. Even without GPU frequency scaling, the
big/little model selection scheme, which does not require

root access, still offers substantial energy optimization. Fur-
thermore, we argue that EOS’s approach is applicable to
Android-based Head-Mounted Displays (HMDs), such as the
Meta Quest series [4], as they utilize similar processor ar-
chitectures to smartphones and are subject to significant
thermal and power constraints.

Applicability to other streaming types. While the cur-
rent EOS system focuses on mobile ODV live streaming,
the core principles of EOS are readily applicable to other
streaming types. For instance, in the case of live streaming
for standard 2D videos, EOS’s No-Reference Upscaling Qual-
ity Prediction can be simplified to predict a single VMAF
score for the frame instead of an entire VMAF map. Addition-
ally, even for mobile ODV live streaming utilizing viewport
prediction [61], EOS’s approach to predict a VMAF map for
the entire viewing angle at once is still beneficial. Since live
viewport prediction is inherently prone to errors, EOS’s ap-
proach provides a robust fallback for cases where the user’s
gaze deviates from the predicted area.

11 Conclusion and Future Work
To the best of our knowledge, EOS is the first attempt
to provide energy- and QoE-aware on-device video super-
resolution for mobile ODV live streaming. Through the No-
Reference Upscaling Quality Prediction, EOS effectively pre-
dicts the VMAF scores for various viewpoints using only
low-resolution ODVs. Based on the predicted VMAF scores,
EOS SR successfully optimizes average power consumption
while minimizing losses in both visual quality and frame
rates during ODV playback on mobile devices.
For future work, we plan to extend EOS in two primary

directions. First, we will adapt the system to support adaptive
bitrate (ABR) streaming by managing a separate VMAF map
predictor for each resolution, allowing EOS to respond to
dynamic network conditions. Second, while the current two-
tier (big/little) model was sufficient for contemporary high-
end smartphones, we envision a multi-level hierarchy of
common models (e.g., little, medium, big) for future devices
with more powerful GPUs, which would enable more fine-
grained energy policies.
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