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Abstract
Power consumption, and the resulting limitation to computational
load, is a first-order constraint in designing comfortable all-day-
wear extended reality (XR) devices that can provide rich immersive
experiences. This paper concerns reducing XR device power con-
sumption by offloading head tracking, one of the top CPU and
power consumers, to a remote server. We present RemoteVIO, the
first open-source end-to-end XR system that offloads head tracking
(visual inertial odometry or VIO) to a remote server. Our work dis-
tinguishes itself from past studies on computation offloading in XR
by properly addressing two under-explored but critical aspects: 1) a
comprehensive evaluation of user experience in a complete end-to-
end XR system and 2) a quantification of the net power savings on
real hardware.

Through an Institutional Review Board (IRB) approved study,
we find that RemoteVIO provides a satisfactory user experience
under typical network conditions, but often degrades for network
round trip time above 200 milliseconds (ms). We also demonstrate
the first measured power savings from offloading head tracking
on real hardware: compared with on-device tracking, RemoteVIO
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reduces CPU power by up to 52%, CPU+network power by up to
39%, and end-to-end full system power by up to 20%. Of equal
importance, we examine the traditional approach of evaluating XR
offloading techniques with datasets and quantitative metrics. Our
results reveal that traditional head tracking metrics do not correlate
with user experience, questioning the use of such metrics in XR
systems research and underscoring the importance of using end-to-
end systems that allow for user experience studies.

CCS Concepts
• Computing methodologies → Virtual Reality; Perception; •
Computer systems organization → Real-time system architecture,
Power-efficient system design; • Human-centered computing →
Ubiquitous and mobile computing.

Keywords
Extended Reality, VR/AR, Head Tracking, Offloading, Low Power,
Wireless Networks

1 Introduction
Recent advances in virtual, augmented, and mixed reality (VR/AR/MR),
collectively referred to as extended reality (XR), have the potential to
transform most industries and human activities [4–6, 12, 20]. How-
ever, with the end of conventional CMOS scaling [22, 61, 69], power
consumption has become a first order design constraint to achiev-
ing the potential of XR. Power consumption directly affects an XR
device’s form factor, weight, and battery life, as well as the user’s
thermal discomfort through the battery and cooling support required.

https://creativecommons.org/licenses/by/4.0/legalcode
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It also determines the richness of the immersive experience through
the compute capacity afforded within the power constraint. Unfor-
tunately, there is currently an orders-of-magnitude gap between the
power, compute capacity, and quality of experience of current and
desired XR devices [37]. Specifically, desired compute power con-
sumption for comfortable all-day wear XR devices is a few hundred
milliwatts [67] while today’s commercial devices typically consume
10s of Watts [31, 64]. The battery lives of the recent Meta Quest Pro
and Apple Vision Pro are reported to be around two hours [7, 70]
with the latter requiring an external battery pack [7].

A tempting approach to reduce power consumption in an XR
device is hardware acceleration. However, as there are many com-
ponents in an XR system (e.g., head/hand/eye tracking, scene re-
construction, reprojection or warping, spatial audio encoding and
decoding, etc.) and the algorithms in these components continue to
evolve in significant ways, developing a new hardware accelerator
for each algorithmic advancement in every component is unsustain-
able. An alternative solution is to offload intensive computations to
edge or cloud servers. Offloading does not suffer from the drawbacks
of hardware acceleration as it is hardware independent and can read-
ily adapt to changing algorithms. Since most XR use cases today
have access to wireless networks through Wi-Fi or cellular mobile
hotspots, offloading becomes an appealing strategy for enabling a
low-power, mobile XR experience.

This paper explores reducing XR device power consumption by
offloading head tracking computations to remote servers. Head track-
ing is one of the most CPU-intensive tasks (e.g., it has been shown
to use 35% to 55% of all CPU cycles in the XR system [35–37]),
making it an ideal target for offloading to reduce on-device power
usage. However, to ensure the effectiveness of such an offloaded XR
system, two critical aspects must be thoroughly evaluated.

The first critical aspect is the end-to-end user experience. A
typical XR system generates and displays virtual content by inter-
preting the user’s environment, actions, and movements using sensor
inputs such as cameras and inertial measurement units (IMUs). We
term the entire sensor to display process as the end-to-end or E2E
system, and the user’s experience of the displayed content as the
end-to-end or E2E user experience. The E2E XR experience is inti-
mate to users, especially in fully immersive VR, where users wear
head-mounted displays (HMDs) and are immersed in a virtual world
with a wide field of view displayed directly in front of their eyes. In
this context, any performance degradation within the E2E system
has the potential to result in a poor user experience or even physical
discomfort. Therefore, ensuring an acceptable E2E user experience
is the primary requirement for any useful XR system design.

Offloading head tracking presents significant challenges to the
E2E user experience. Head tracking estimates the direction and posi-
tion of the user’s head, collectively referred to as the pose. Accurate
and timely pose delivery is crucial for generating images and sounds
that match the user’s current viewpoint, directly impacting the user’s
quality of experience. Delays in the pose delivery due to high or
unpredictable network latencies could potentially make the E2E user
experience unacceptable.

Unfortunately, existing work on offloading head tracking in XR
[10, 19, 32, 43] does not assess the E2E user experience. Most work
[10, 19, 43] does not build the E2E system, which eliminates the
possibility of evaluating E2E user experience. Instead, these works

build partial systems consisting of only components relevant to the
tasks to be offloaded, and calculate metrics such as Absolute Tra-
jectory Error (ATE) to gauge the pose accuracy against the ground
truth. While suitable for evaluating algorithmic improvements, the
efficacy of this approach for system-level XR research where user
experience is paramount remains unclear. FleXR [32] develops and
implements a more complete system with a flexible offloading archi-
tecture. However, their evaluations for head tracking in VR rely on
datasets from the robotics domain and metrics like pipeline latency
(∼80-350 ms) and throughput (< 30 frames per second, or FPS),
which do not adequately reflect the E2E user experience. Unlike
previous work, our work is the first to build an E2E immersive
XR system with offloaded head tracking, and the first to evaluate
whether offloading head tracking can preserve a satisfactory
E2E user experience.

The second critical aspect in ensuring the effectiveness of of-
floaded head tracking is the net power savings. Offloading in XR
does not necessarily bring power benefits [24] because of the over-
head it introduces, such as wireless communication, data serializa-
tion, and de/compression. However, existing work often infers power
savings based on observed resource utilization (e.g. CPU/GPU load)
rather than directly measuring the E2E system power consumption
on real hardware, thereby overlooking the overhead from data trans-
mission and codecs [10, 19, 43]. FleXR [32] reports standalone
energy consumption of Ethernet with synthetic traffic but not for
the E2E system. In contrast to prior work, our work is the first to
evaluate whether offloading head tracking can provide power
savings on real hardware with real wireless networks.

Overall, our work makes the following contributions.

• We design, implement, and evaluate RemoteVIO, the first E2E
XR system that offloads head tracking (VIO) to a remote server.
RemoteVIO enables the first results on the E2E user experi-
ence and power savings of an XR system with offloaded head
tracking. We release our implementation as open-source1 to
motivate future work in this area to use an E2E system.

• We conduct a user study with 30 participants to evaluate the
impact of offloading head tracking on the visual E2E user ex-
perience in an immersive VR environment. Across 246 trials
comparing RemoteVIO experiences under a variety of network
conditions with on-device head tracking, we find that Remote-
VIO delivers acceptable E2E experience for typical wireless
network latencies (up to about 200 ms) for 99% of the trials.
Stressing the network latency further increases the number of
unacceptable experiences – latencies of 400ms or beyond show
unacceptable experiences for 19% of the trials.

• We study the effectiveness of the standard tracking metrics of
ATE and Relative Pose Error (RPE) as proxies for E2E user
experience. We find that ATE and RPE do not correlate with
the E2E user experience results from our user study. For a more
thorough evaluation of these metrics, we perform a sweep of
various network latency values with both widely used datasets
and new datasets we record specifically for VR, providing
further validation of the limitations of these metrics.

• We present the first quantification of power savings from of-
floading VIO, including the overhead of communication on 5G

1https://github.com/ILLIXR/ILLIXR
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(a) On-device VIO (b) RemoteVIO

Figure 1: (a) An end-to-end XR system with on-device VIO. We
highlight the head tracking flow which produces high-frequency
high-accuracy poses for the rest of the system. (b) RemoteVIO
where VIO is offloaded to a remote server. We implement plugins
on the client and server to handle data transmission, reception,
and camera frame (de)compression.

and Wi-Fi networks and that of H.264 compression on com-
modity hardware accelerators [56]. We find that, for the cases
we studied, RemoteVIO reduces power consumption for the
CPU by up to 52% (avg 42%), for CPU+network by up to 39%
(avg 20%), and for the full system by up to 20% (avg 13%).

2 Background
2.1 Head Tracking
Head tracking is a crucial component in XR that enables immersive
and responsive user experiences by continuously monitoring the
position and orientation (the 6-Degrees-of-Freedom or 6DoF pose)
of the user’s head. To achieve accurate and high-frequency tracking,
XR systems typically rely on a fusion of estimates from multiple
tracking techniques that operate on one or more sensors. A typical
head tracking flow in XR is presented in Figure 1a. VIO algorithms
use inertial measurement unit (IMU) data (acceleration and angular
velocity) and camera images to generate a 6DoF pose. VIO offers
good accuracy, but its frequency is constrained by the high computa-
tion latencies and the relatively low camera frequencies of tens of
Hertz (Hz). Relying solely on VIO is therefore insufficient to meet
the demands of the more frequent pose queries in an XR system
(e.g., 120Hz or 144Hz for asynchronous reprojection or timewarp
to produce the final images for display). In contrast, inertial based
techniques such as IMU integration are lightweight and able to work
at hundreds of Hz, yet can have bad drifting error without timely
correction from the VIO poses. Combining VIO and IMU integra-
tion enables an XR system to meet both the accuracy and frequency
requirements for pose queries.

Additionally, downstream XR components frequently require fu-
ture pose estimates. For instance, rendering and reprojection are
performed based on the anticipated pose at the moment the image
will be displayed. Pose prediction algorithms address these needs by
estimating the user’s future position and orientation, leveraging cur-
rent velocity or acceleration data under the assumption that human
movements maintain momentum for short periods [27].

2.2 ILLIXR
RemoteVIO builds upon ILLIXR, an open-source full-system XR
research testbed [1, 36, 37]. ILLIXR implements a typical E2E XR
workflow all the way from the sensor inputs to the final display. It
models computation units such as sensor capturing, head tracking,
application rendering, and other major functionality in XR as sepa-
rately compiled, dynamically linked plugins. The communication
between plugins is centrally managed by ILLIXR’s runtime.

For applications, ILLIXR supports a native interface and the
recent OpenXR API (implemented with Monado [16]), thereby sup-
porting various applications and game engines such as Godot [45]
and Unreal [25]. For live experiments, ILLIXR supports several
sensors for live inputs, computes on desktop and embedded class
platforms (Section 4), and sends rendered pixels to the display of
commercial headsets. Thus, ILLIXR offers a unique open platform
for end-to-end XR research with the opportunity to study the impact
of system optimizations on live XR experiences.

3 RemoteVIO
In this section, we first highlight the challenges in designing an
XR system with head tracking offloaded and our solutions to each
of them in RemoteVIO. We next describe our system design and
implementation of RemoteVIO as an end-to-end system.

3.1 Challenges and Solutions
Challenge 1: Network Latency. XR, especially head tracking, is
very sensitive to latency. Long and unpredictable network delays in
wireless connections can make offloaded head tracking feel unre-
sponsive and degrade the user experience.
Solution 1a. On-device IMU Integration. As discussed in Sec-
tion 2.1, the head tracking flow uses both slow but accurate VIO
and fast but error-prone IMU integration. Our design, illustrated
in Figure 1b, moves the compute-intensive VIO component to the
remote server 4 while keeping the lightweight IMU integration
10 on the device. When a new VIO pose is not available, the IMU
integrator keeps generating estimated poses at hundreds of Hz IMU
frequency 8 to satisfy the high-frequency pose requests from
the downstream system. It does so by integrating the IMU-reported
acceleration and angular velocity 7 into translational and rota-
tional changes, and adds the changes on top of the last VIO pose.
When the new VIO pose is received from the network, the IMU
integrator updates its base pose with the new VIO pose 10 and
biases, which helps maintain the accuracy of its generated poses.
This design results in the client getting VIO poses with much larger
delays (than on-device VIO) due to the network latency. The IMU
integration thus has to operate over a longer period, commensurate
with the network latency. The key question is whether the extended
integration period will affect E2E user experience in a perceptible
way.2 With our E2E system, we answer this question thoroughly
with direct evaluation on the user experience (Sec. 4.2 and 5.1).
Solution 1b. Low-Pass Filtering. We observe that when the IMU
integrator updates its base pose whenever a new VIO pose becomes
available, a small, rapid, and unintended movement—known as
jitter—often occurs in the trajectory. This happens because right

2The work in [19] uses similar observations but differs from our work as described in
Section 6.



MMSys ’25, March 31-April 4, 2025, Stellenbosch, South Africa Jiang et al.

before and after a new VIO pose is received, the IMU integrator
estimates two adjacent poses: one based on the older VIO pose and
a longer period of IMU data, and the other based on the newer VIO
pose, using a shorter period of IMU data. Due to network latency,
the difference between the two poses can increase because of the
longer accumulation of IMU integration errors, resulting in more
noticeable jitter. To mitigate the jitter, we apply a low-pass filter [13]
to the IMU integrated poses C which effectively smooths out the
jitter with negligible overhead.
Challenge 2: Network bandwidth. Cameras on current XR devices
typically capture stereo images of reasonable resolution at frequen-
cies in the 10s of Hz for tracking [7, 52, 71]. Transmitting them
on the network can easily consume tens to hundreds of Mbps of
bandwidth (e.g., 115Mbps for the stereo EuRoC dataset [11]). This
single XR component could therefore use much of the available
Wi-Fi bandwidth and overload 4G or 5G networks.
Solution 2. Compression of camera images. Our design therefore
includes an encoder A (decoder B ) to compress (decompress)
camera data before (after) transmission (reception). Specifically,
we perform H.264 compression/decompression on the raw camera
stream using GStreamer [68], accelerated by NVIDIA NVENC and
NVDEC [56]. The compression and decompression functions reside
in the device_TX and server_RX plugins (discussed later) respec-
tively ( A and B in Figure 1b). We control the compression
ratio by adjusting the compression bitrate. We conducted a bitrate
sweep for EuRoC datasets (results omitted here due to space con-
straints) and found that a target bitrate of 2Mbps (4Mbps for stereo
data) provides a balance between low bandwidth and small tracking
errors using ATE. Therefore, we use 2Mbps bitrate for other experi-
ments. Previous studies in robotics and autonomous vehicles have
found negligible impact of moderate compression on odometry accu-
racy [58, 59]. However, our key concerns are whether compression
leads to user-perceptible degradation and whether the codec adds
significant latency and power overhead. Again, using an E2E system
for our design and evaluation enables understanding the impact of
the compression algorithm on final user experience and potential
power benefits.

3.2 End-to-End System Design
Our system, RemoteVIO, employs a client-server model as shown
in Figure 1b. VIO is relocated to the server while other components
remain on the device (client). The client establishes two connections
to the server – one for sending IMU data and camera images and the
other for receiving poses – using TCP sockets with the default Linux
settings and the TCP_NODELAY flag enabled.3 We develop plugins
to handle the transmission and reception on both the device-side
(device_TX 1 , device_RX 9 ) and the server-side (server_TX
5 , server_RX 3 ) as in Figure 1b.

The device_TX 1 plugin collects and serializes the IMU data
and camera frames 2 using Protocol Buffers [2]. It then sends the
serialized message to the server via a TCP socket. The server_RX

3TCP is an appropriate choice for the communication protocol as VIO requires reliable,
in-order delivery of the compressed image stream. There are many TCP variants and
UDP-based protocols that provide similar service, which may be useful to explore in
the future particularly when low latency transport is required and packet dropping is
tolerable. As demonstrated here, however, the default TCP algorithm in Linux (the
CUBIC algorithm) is sufficient for our purposes.

3 plugin receives the message, deserializes it, and feeds the IMU
data and camera frames to VIO 4 to calculate the pose. The new
pose is handled by server_TX 5 , which serializes the pose 6
and sends it to device_RX 9 over the network. Finally, device_RX
9 deserializes the pose and sends it for use in IMU integrator 10 .

We use open-source state-of-the-art CPU implementations for
VIO and IMU integrator – OpenVINS [27] and GTSAM [18, 23] re-
spectively. We expect the results to be extendable to other algorithms
and implementations as well.

To create a complete XR experience, we implement our design on
top of ILLIXR [36, 37]. We configure our system with the following
critical components in addition to all of the components directly
associated with head tracking. First, the system runs applications
that produce the rendered images for display. We use two game en-
gines – Unreal [25] and Godot [45] – which interface with ILLIXR
through the Monado OpenXR implementation[16]. Second, the sys-
tem executes asynchronous reprojection, also known as timewarp
[72]. This process uses the predicted pose (discussed in Section 2.1)
for the next vsync (display time) to reproject the rendered frame, cor-
recting for the latency that has occurred since the renderer received
its initial pose estimate. Reprojection is crucial as it significantly
reduces visual latency, making it a vital component for the XR visual
subsystem by continually updating the frame to align with the user’s
latest pose.

4 Evaluation Methodology
4.1 Experimental Platforms
High-end and embedded class devices. We conduct our experi-
ments on two hardware platforms as the client. We use a high-end
desktop PC with an Intel(R) Core i9-10900K CPU and a discrete
NVIDIA GeForce RTX 3090 GPU. The powerful desktop provides
sufficient resources for the on-device VIO configuration so that any
difference in user experience or quality metrics with RemoteVIO
can be attributed to offloading. For power measurements, however,
we use an embedded class system, NVIDIA Jetson AGX Xavier de-
velopment board [55], hereafter referred to as "Jetson," to represent a
device with a power profile similar to modern headsets (Section 4.4).
Cloud-mode and Local-mode. We configure the cloud-mode to
represent the realistic scenario for a system with VIO offloaded. The
XR client is either the desktop PC or the Jetson. The offload server
runs on a GPU-enabled server in the Amazon Web Services (AWS)
data center [8] that is closest to our client location, a distance of
around 300 miles. The client is connected to either Wi-Fi or 5G. For
Wi-Fi, we connect to our on-site network, which delivers around
600 Mbps and 400 Mbps for upload and download respectively as
measured through Speedtest and 21.5ms mean packet round-trip-
time (RTT) as measured through ping [39].

For 5G experiments, we USB-tether a 5G-capable phone (Sam-
sung S22 or Motorola Edge plus 2022) and share its network with
the XR device. The phone is connected to TMobile’s 5G Ultra Ca-
pacity which is based on the mid-band 5G, delivering about 70 Mbps
upload and 300 Mbps download with an average of 63.7ms RTT to
the cloud server.

To systematically and repeatably study the impact of network la-
tency and bandwidth on RemoteVIO, we also set up a proxy system
as follows. Both the client and the server run on the same high-end
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Figure 2: Network RTT and upload bandwidth for traces emulat-
ing 5G under low and high variability. Mean RTT for 5G-low is
39.36ms. 5G-high has a 49.84ms mean with spikes up to 282ms.

desktop PC and communicate through sockets binding to localhost.
We either use the Linux Traffic Control (TC) to emulate the commu-
nication network based on fixed latency and bandwidth constraints
or DChannel’s trace-driven 5G emulator [63] to emulate 5G based
on real-world traces. We call this mode the local-mode.

The user study in Section 4.2 is conducted under eight network
conditions: live Wi-Fi and 5G in cloud-mode, and six network con-
ditions in local-mode to ensure a more controlled experimental
environment. Specifically, we use TC to set four levels of fixed net-
work RTT of 50ms, 100ms, 200ms, and 400ms. Previous work has
shown that the RTT from user clients to the nearest data centers (on
WiFi or cellular) is within 200ms on most places on earth in most
situations [17]. Our user study thus provides a good coverage of the
spectrum of common network conditions, as well as more extreme
network scenarios. Additionally, we use the DChannel emulator [63]
to emulate a 5G network and examine the impact of 5G network
dynamicity on RemoteVIO. The emulator delays traffic based on
time-varying RTT and bandwidth values from a trace. For our study,
we select the LowBand-Stationary trace, representing Verizon’s 5G
network in a stationary indoor setting with full signal strength —
typical of XR end-user conditions. From this trace, we extract two
100-second segments with different RTT profiles to represent good
(5G-low) and poor (5G-high) conditions. Figure 2 shows the RTT
and upload bandwidth over time for both traces.
Sensors and Display. We use a Valve Index headset [71] as the
display and connect it to our desktop PC and the Jetson.4 For experi-
ments with live sensor inputs, we attach a ZED mini camera [65] to
the front of the headset. As the user walks around in our lab space,
the camera feeds the system with IMU samples at 500Hz and stereo
grayscale images of 672 × 376 pixels at 30 frames per second (FPS)
in real-time, and the headset displays frames at 144Hz.

4.2 User Study
To understand users’ perception of offloading VIO in the immersive
VR environment, we conducted an IRB-approved user study with
a total of 30 participants (13 females and 17 males, aged 21-57,
recruited via IRB-approved advertisement on our campus social

4Ideally, experiments would be conducted directly on a standalone XR headset. How-
ever, state-of-the-art XR headsets are closed and proprietary, preventing a customized
XR runtime from running directly on their hardware. Additionally, collecting power
measurements on these platforms is not feasible due to proprietary restrictions.

media and mailing lists). 8 participants have no prior XR experience,
while 19, 2, and 1 interact with XR rarely (a few days per year),
occasionally (a few days most months), and frequently (several days
most weeks), respectively. All participants have normal or corrected-
to-normal vision.

During the study, participants wore a Valve Index headset config-
ured as described in Section 4.1 and were presented with two VR
applications built on Unreal: Zen Garden (featuring a beautiful man-
sion and natural environment that the user could walk in) [21] and
Flight Simulator (developed within our lab, with the user controlling
an airplane). We adopted a Comparative Category Rating (CCR)
method [34]. For each application, participants had a random subset
of eight trials 5 where each trial contained two experiences under
two setups: baseline experience performed VIO on the client XR
device without offloading and RemoteVIO offloaded VIO under
one of eight network conditions (Section 4.1). The participants were
initially instructed to perform movements across all three axes of
rotation and translation, followed by freely exploring Zen Garden
and piloting in Flight Simulator. After each trial, participants were
asked to fill out a questionnaire to assess their perception of the
differences between the two experiences. The questionnaire contains
the following questions:

Q1: Did you find any difference in the two XR experiences?
(Yes/No)

Q2: Which experience did you like better? (Experience 1/2)
Q3: For the experience ranked worse, how significant is the degra-

dation in comparison to the better experience?
(a) Only slightly worse or almost the same
(b) Worse but the experience is acceptable to me
(c) Much worse and not acceptable to me

Q4: What caused the perceived degradation? (Jitter, lag, jerkiness,
drift, lost tracking, others)6

Importantly, participants were kept unaware of which experience
was the baseline and which was RemoteVIO to avoid biasing their
responses. The order of the two experiences in each trial was ran-
domized as well for this purpose.

We categorized the responses to the questionnaire and assigned a
numeric rating to the RemoteVIO experience under test:

Rating 4: No worse than the baseline or indistinguishable: when
the user answers "No" to Q1; or when the user answered
"Yes" to Q1, but deemed the RemoteVIO experience to
be better in Q2.

Rating 3: Slightly worse than or almost the same as the baseline:
when the user answered "Yes" to Q1 and (a) to Q3.

Rating 2: Worse than the baseline but the experience is acceptable:
when the user answered "Yes" to Q1 and (b) to Q3.

Rating 1: Much worse than the baseline and the experience is
unacceptable: when the user answered "Yes" to Q1 and
(c) to Q3.

During the trials with live Wi-Fi or 5G, we monitored the network
condition and noticed one case of unusual latency spike with Wi-Fi
(1566ms RTT on average with a maximum of 3783ms). The user

5We limited the number of trials per participant to keep the study at a reasonable length
and prevent fatigue.
6The different artifacts are explained in the questionnaire. Research staff are available
for questions during the study as well.
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experience for this trial was rated as much worse and not acceptable,
motivating better adaptive solutions for edge cases.

Overall, we conducted 248 trials with a total of 496 experiences
(248 each for RemoteVIO and baseline). Of the 496 experiences,
users reported "Lost tracking" in two cases. This was anomalous (and
unrelated to offloading). As these experiments cannot be repeated to
determine/fix the source of the anomaly, we dropped the two trials
from our reported results in Section 5.1.

4.3 Standard Tracking Accuracy Evaluation
While user studies are the gold standard for evaluating XR systems
[3, 49, 74], they are expensive, time-consuming, and require signif-
icant engineering to build usable E2E systems. Consequently, we
aim to assess the impact of offloading on standard metrics to deter-
mine if these metrics can serve as proxies for user experience when
evaluating the performance of offloading head tracking.

Metrics. We report Absolute Trajectory Error (ATE) and Rela-
tive Pose Error (RPE) (separately, for translation and rotation)[78],
standard metrics used in the literature to evaluate the accuracy of
head tracking [9, 19, 33, 38, 48, 60, 66, 73]. ATE takes the Root
Mean Square Error (RMSE) of positional difference between the
estimated and ground truth trajectories at corresponding time steps.
RPE, focusing on the relative movement, is measured by taking the
RMSE of the difference between the motion vector of correspond-
ing pose pairs. For each experiment, we collect the IMU integrated
poses at the IMU frequency and calculate the ATE and RPE with
respect to the ground truth. We use the evo package [29] to align the
trajectories and then measure the ATE and RPE.

Datasets. We use three Vicon Room 1 and three Vicon Room 2
datasets from the widely used EuRoC MAV Dataset [11] recorded
with drones, referred to as V1/V2_{01,02,03} respectively. The 01,
02, and 03 each represent a certain level of tracking difficulty (easy,
medium, difficult) based on the drone speed, moving patterns, light-
ing conditions, blurriness in images, etc. These datasets contain
stereo grayscale images of 752 × 480 pixels at 20 FPS and synchro-
nized IMU measurements at 200Hz. Because the EuRoC datasets
are recorded by drones and may not represent realistic movements
of a person wearing an XR headset, we also record six additional
datasets in two different computer labs using a ZED mini camera
attached to the front of a Valve Index VR headset. The ZED mini
camera captures stereo images of 672 × 376 pixels at 30 FPS and
IMU measurement at 500Hz. The recorded datasets cover common
use scenarios in VR: (1) "walk" where the user is walking slowly
and looking around at an interesting site; (2) "static" where the user
is sitting and looking at some monitor (e.g., website browsing, video
gaming); (3) "game" where the user is playing some active VR game
that involves frequent body movements (e.g., fitness games, dodging
a bullet); (4) "slow" where the user is moving slowly and smoothly
in both rotational and translational motions; (5) and (6) "fast1" and
"fast2" where the user’s movements are intense and fast in order to
intentionally stress the system.

Thus, in total, we use 12 datasets – 6 from EuRoC and 6 from
XR experiences. However, the latter six lack the high quality ground
truth information usually obtained from motion capture systems.
For assessing tracking accuracy for these trajectories in offloaded

WiFi 5G
Airplane Mode

(Network disabled)
0.658W

Standby Mode
(Network enabled, no traffic)

0.819W 0.909W

Activation Mode
(Transmitting small traffic)

0.943W 1.328W

Offloading Mode
(RemoteVIO running in cloud-mode)

1.253W 1.734W

Table 1: Wireless power consumption across network modes.

configurations, we use the poses generated by the on-device IMU
integrator, without offloading, as a proxy for the ground truth.

Latency Sweep. We perform a network latency sweep from 0 to
1000ms over all the 12 datasets in the local-mode.

We find that the ATE/RPE measurements are not affected by the
XR application that runs on the device, so for our dataset experi-
ments we use GLdemo, a lightweight OpenGL-based VR application
available in the ILLIXR project.

Correlating with user experience. To explore the relationship
between ATE/RPE and user experience, we record IMU, camera
streams, and poses from RemoteVIO trials in the user study. We
replay the IMU and camera streams on the baseline system (on-
device VIO) to collect a reference trajectory as a proxy for ground
truth and compute ATE/RPE for the RemoteVIO trials. We plot the
ATE/RPE against the corresponding user ratings in a scatter plot
and calculate Spearman’s correlation coefficient [62] to evaluate the
relationship between these metrics and actual user experience.

4.4 Power Consumption
We conduct power measurements on the Jetson using GLdemo and
Platformer (a stylized, vibrant environment with floating platforms
and simple geometries) [28] with nine datasets (six EuRoC datasets
and three VR datasets) for repeatability. For each combination, we
measure the power consumption of the Jetson with VIO running
onboard or offloaded to the AWS server. To resemble the power
envelope of commercial XR devices, we configure the Jetson to
operate at a CPU frequency of 2.2 GHz, a GPU frequency of 1.3
GHz, a memory controller frequency of 1.06 GHz, and display
frequency of 60Hz.

During these experiments, we continuously monitor the Jetson’s
power rails to measure the power consumption of various subsys-
tems, including the CPU, GPU, DDR (DRAM), SoC (on-chip mi-
crocontrollers, encoder and decoder accelerators), and SYS (display
ports, storage, and I/O) [37, 57]. The aggregate of these values yields
the total power consumption.

Since our intended scenario is a wireless headset, we need to
characterize the power consumption of data transmission over the
wireless network. To achieve this goal, we tether the Jetson to a
Motorola Edge plus 2022 and read the phone’s power rails [54]
at various modes as shown in Table 1.7 To isolate the wireless
communication power, we maintain the phone in an idle state without
running any applications and ensure that the display remains off.

7The Jetson has no built-in wireless capability but can be equipped with a Wireless
Network Card to enable access to Wi-Fi; however, this makes it hard to isolate network
power from the rest of the system power. Therefore, we choose to use the tethered phone
for both Wi-Fi and 5G power measurements.
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Figure 3: Users’ ratings for RemoteVIO compared to the Base-
line at different network conditions for Flight Simulator (solid
left bars) and Zen Garden (right hatched bars). On top of each
bar is the average rating for that application at that network
condition. Higher numbers indicate better experiences. Addi-
tionally, the average ratings are plotted as line graphs, showing
very similar average ratings when the average RTT is below
100ms. However, as the network RTT increases beyond 100ms,
the ratings worsen significantly.

Each measurement lasts for one minute, during which we sample
instantaneous voltage and current every 100ms. Subsequently, we
calculate the average power consumption in Watts (W).

Since current XR devices require access to the Internet to use
most features, we safely assume that the radio will be kept on and
transmitting data even without VIO offloading. Therefore, the wire-
less power consumption for an XR device without VIO offloading
will be similar to the power in activation mode, as shown in Table 1.
To calculate the full system power for on-device VIO, we add the
activation mode power to the power measured on the Jetson. For the
scenarios where VIO is offloaded, we measure the wireless power in
parallel as we measure the power on the Jetson.8

5 Results
5.1 User Experience From a User Study

5.1.1 Impact of Network Latency. Figure 3 reports the results of
our user study described in Section 4.2. It covers the outcomes of
246 total trials comparing RemoteVIO with the baseline system
(on-device VIO) across two applications and eight different network
scenarios involving 30 users. For each network condition, except
Live-5G, we conduct 16 trials per application. Only 11 trials are
completed for Live-5G due to the loss of access to TMobile’s 5G

8We report only the 5G power numbers in the paper. For WiFi, the offloading mode has
an average incremental power consumption of 0.3 W over activation mode, compared
to 0.4 W for 5G, indicating a lesser impact on overall power savings.
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Figure 4: Users’ votes on the artifacts that degrade their experi-
ence. The legend is the same as Figure 3.

Ultra Capacity device midway through the study. We also report
the average ratings on top of each bar. Higher numbers mean better
ratings of the experience.

Figure 3 shows that of all 246 RemoteVIO experiences, 209
(85%) are deemed indistinguishable from, similar to, or only slightly
worse than the baseline experience (dark and light green bars at the
bottom, rating 4 and 3); 27 (11%) are worse but the experience is
still acceptable (yellow bars, second from the top, rating 2); and
only 10 (4%) are deemed unacceptable (red bars on top, rating 1).
Of the 10 unacceptable experiences, 8 occur at high RTT – one at
200ms, six at 400ms, and one for Live-Wi-Fi where the average/peak
application latency is 1566ms/3783ms (an unusually high network
congestion scenario).

Considering the impact of latency more specifically, for average
network RTT no more than 200ms (5G-low, 5G-high, 50ms, 100ms,
200ms, and 54 live cases), 211 out of 214 experiences (99%) are
acceptable. The experiences preserve acceptable quality even under
scenarios where there are dynamic variations of RTT, such as 5G-low,
5G-high, and live Wi-Fi and 5G. A one-way ANOVA test [53] shows
no significant difference in their mean ratings, with a significance
level of 5%. In contrast, experiences with 400ms or higher RTT
(including one Live case) see dramatic decrease in acceptable cases
(79%). The one-way ANOVA test [53] has a p-value of less than
0.02 when including user responses with network RTT greater than
or equal to 400ms, indicating that the ratings are indeed statistically
much worse and the experience is degraded significantly at 400ms
and above.

Overall, our user study shows that RemoteVIO provides a satis-
factory experience until 200ms RTT even with significant variability
in the latency (as in the 5G traces), and starts to degrade significantly
at 400ms and beyond.

5.1.2 Reasons for Experience Degradation. In the user study ques-
tionnaire, we ask participants to identify the reasons that contribute
to the degradation of their experience when they rate one experience
as worse than another. Figure 4 presents the responses. The reasons
in decreasing order of the total votes (combined across all applica-
tions) are more jitter (46%), more lag (29%), more drift (13%), and
more jerkiness (12%).

The results have several implications. First, jitter and lag are the
most perceptible artifacts when VIO is offloaded. Future efforts to
improve systems with offloaded head tracking should prioritize re-
ducing these two artifacts. Second, the effects of these artifacts on
user experience are not well captured by commonly used metrics
such as ATE and RPE, as will be quantitatively shown in Section
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5.2.1. Therefore, developing a quantitative metric that better corre-
lates with user experience and can accurately detect and quantify
these artifacts is necessary. Finally, we observe that for a majority of
cases where users report experiencing "more jitter" and "more lag,"
the rating for the overall experience is "slightly worse than or almost
the same as the Baseline." This suggests that users have a relatively
high tolerance for jitter and lag. It would be valuable to validate
this finding using a broader range of applications and determine the
threshold of perceptibility and tolerance for these artifacts in a way
that can be captured by the quantitative metrics.

5.2 Standard VIO Metrics
5.2.1 Correlation between ATE/RPE and user experience. Figure 5
provides scatter plots showing the users’ ratings of RemoteVIO
experiences alongside the corresponding computed ATE/RPE (using
the methodology in Section 4.3).

The figures show no obvious correlation between ATE/RPE and
user ratings of their experiences, with a Spearmans’ correlation
coefficient of less than 0.4 for all cases. For example, a user rating of
1 (unacceptable) sees ATE value of 8.9 centimeters (cm)/1.6 degree
for a 400ms RTT case, while a user rating of 4 (the best) shows much
higher ATE value of 14 cm/2.8 degree for a 50 ms RTT case. The
Live-Wi-Fi unacceptable case in Figure 3 with unusually congested
network and high latency shows ATE (RPE) values of only 6.7 cm
(2.14 cm) and 0.9 degree (0.67 degree). This in fact corresponds to
the lowest level of ATE and RPE we observe from the latency sweep
in the next section and clearly demonstrates the unsuitability of ATE
and RPE as metrics for XR systems research.

5.2.2 Impact of Latency on ATE/RPE. Although the previous section
already calls to question the validity of ATE/RPE as proxies for user
experience in evaluating RemoteVIO, we report the impact of net-
work latency on these widely used metrics for completeness. We use
the local-mode with TC injected latency and perform a latency sweep
from 0 to 1000ms. Also, we use both the widely adopted EuRoC
datasets and our own recorded datasets to better represent XR use
cases. Though we expect network latencies to typically remain below
200ms [17, 63], the higher latency sweep enables understanding of
the robustness of the system and the metrics’ behavior in presence of
system stressors such as remote server congestion or high network
RTT due to device mobility. As discussed in Section 4.3, we do the
latency sweep for 12 datasets, during which we also observe the
visual quality on a monitor. 9

Figure 6 shows the ATE, both translational and rotational, for
different injected latencies in local-mode (Section 4.1) for all 12
datasets. (RPE is omitted for space and has similar trends.) We first
observe that the ATE values at 0ms (i.e., no injected latency) are
dataset dependent and cover a wide range from 3.47cm (V2_02) to
17.8cm (slow1). The visual experience, however, is similarly smooth
and pleasant for all cases. Thus, the results so far do not provide
a clear ATE threshold that can be used to discriminate between
acceptable and unacceptable visual experiences.

9Viewing a dataset experiment on a headset usually causes discomfort because the
sensor data is independent of the user’s motion. Our observations of the visual quality
on a monitor are to provide an informal assessment of the impact of latency for an
experiment (the formal user study is already reported in Section 5.1).

We next try to determine how increases in ATE (rather than
absolute values) correlate with rising latency and impact on visual
quality. We see that the increase in ATE with increasing latencies
is also dataset dependent. For example, the ATE value increases
extremely slowly for V1_01 (by 1cm and 0.01 degree respectively
when the injected latency is 1000ms) and much faster for fast2 (by
almost 10cm and 2.2 degrees when the injected latency is 1000ms).
Other datasets fall in between the two extremes.10 Nevertheless,
Figure 6 shows that, overall, the range of ATE at different latencies
stays mostly within the range seen at 0ms. However, the visual
experience indicates that latencies above 200ms typically result in
noticeable degradation. This degradation in the visual quality is
corroborated by the user study results, but is not revealed by obvious
changes in ATE.

The results in this section show that we cannot reliably use ATE
or RPE to predict the user experience in an XR system. That is,
there is no clearly identifiable ATE/RPE threshold or ATE/RPE-
indicated latency value that guarantees a smooth user experience.
This is because ATE and RPE focus more on the overall similarity of
trajectories and average performance over the entire path, whereas
artifacts like jitter are sporadic, subtle, and often missed by these
metrics. These results underscore the need for either new metrics
or full E2E system evaluation with a user study to understand the
impact of offloading VIO on XR user experience.

5.3 Power Savings from Offloading VIO
Figure 7 shows the power consumption of the Jetson for two ap-
plications and nine datasets. The figure compares the baseline or
on-device VIO (left bar) and RemoteVIO where VIO is offloaded to
AWS via 5G (right bar). Results when offloading via Wi-Fi are simi-
lar. Each bar shows power consumption distribution across different
hardware components. At the top of the right bars, we show the
percentage reduction in power for RemoteVIO for the full system
and the CPU+network component (separated by /).

RemoteVIO leads to a significant reduction in power consumption,
with an overall system decrease of 13% and an average reduction of
30% in the CPU plus network (5G) components. The most substan-
tial impact is observed in the CPU, with an average reduction of 42%,
which aligns with expectations since VIO is primarily CPU-bound.

In addition to the reduction in CPU power consumption, a slight
increase in the power usage of GPU and other components is ob-
served in some cases. This occurs because offloading VIO frees up
CPU resources for system-level tasks, such as orchestrating memory
transfers and synchronization between hardware components. As a
result, the performance of other components is enhanced. For ex-
ample, we observe an 18% increase in the rendering frame rate for
Platformer, and the GPU power consumption increases accordingly
by 175mW on average. The SYS component also exhibits a small
average power increase of 75mW. While we lack visibility into the
specific components within SYS, it is reasonable to speculate that
the increased GPU and SoC (discussed in the next paragraph) power
contribute to this overall rise.

10One exception is for "static" where the rotational error increases by 5 degrees from
0ms to 1000ms.
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Figure 6: ATE (translational and rotational) across datasets with
increasing emulated network RTT in Local-mode.

RemoteVIO also introduces power usage for image compression
and wireless communication. The power for compression is catego-
rized under SoC. Across all experiments, there is a 4.2% increase in
SoC power with an absolute value of 73 mW. The wireless communi-
cation power is measured as described in Section 4.4. Incrementally
beyond the activation mode (Section 4.4), RemoteVIO adds on aver-
age around 0.4 W to 5G power (and 0.3 W to Wi-Fi power), which is
small compared to the total power savings of 2.2 W. Thus, Remote-
VIO can still bring considerable power savings even accounting for
compression and wireless communication power.

5.4 Summary of Results and Implications
In summary, our comprehensive evaluation of RemoteVIO addresses
the two questions raised in Section 1: satisfactory user experience
can be maintained under typical network conditions (i.e., network
RTT below 200ms with variability) and offloading head tracking
is an effective approach for reducing power consumption on XR

devices. However, we observe significant degradation in user experi-
ence when network RTT exceeds the typical range. This decline in
quality is not well reflected in the latency sweep experiments with
datasets and quantitative metrics. As highlighted in Section 5.2, the
increases in ATE and RPE with rising network RTT are minimal
(also reported in [19]) and exhibit variability across different datasets.
Such behaviors of ATE and RPE may lead researchers to overly op-
timistic conclusions about their system designs. Furthermore, ATE
and RPE fail to capture key artifacts, such as jitter and lag, that
contribute to user experience degradation. These findings emphasize
the importance of conducting end-to-end system evaluations and
user studies to ensure the practicality of XR system optimizations.

6 Related Work
Section 6.1 focuses on studies related to offloading head tracking in
XR, highlighting how our approach differs from those works. Sec-
tion 6.2 briefly discusses work on offloading other XR components.

6.1 Offloading Head Tracking in XR
SLAM-share [19] proposes offloading substantial portions of si-
multaneous localization and mapping (SLAM) to the cloud in a
multi-user AR scenario. The SLAM-share design shares similarities
with ours in utilizing IMU integration on the device to compensate
for network latency. However, its evaluation of the tracking quality is
conducted by calculating ATE on a standalone SLAM system with-
out considering the user experience. The results indicate that ATE
increases from 5.91 cm to 6.58 cm as network RTT rises from 0 to
1000 ms, based on a dataset from the robotics domain. The findings
align closely with our own results on similar datasets (the six EuRoC
datasets) in Figure 6. Yet, we show that ATE can behave very differ-
ently on datasets that are XR specific (the six datasets we collected).
The user study on the E2E RemoteVIO further demonstrates that
the experience is significantly degraded when the network RTT goes
beyond 200 ms and ATE is not well correlated with the user experi-
ence. Therefore, user studies with E2E XR systems are crucial. (This
observation also applies to non-offloading research where ATE or
similar pose error metrics are commonly used to evaluate on-device
tracking or pose prediction techniques for XR [9, 33, 38, 48, 60, 73].)
Our study further distinguishes itself by evaluating the power con-
sumption of the resulting E2E system on real hardware. In contrast,
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SLAM-share speculates the power savings based on the CPU usage
and does not account for the communication and codec overhead.

Several other studies [10, 32, 43] have also explored offloading
tracking tasks, such as SLAM or VIO. However, none evaluates the
end-user experience. Additionally, the network conditions assumed
are often constrained, with the server and client usually located close
to each other and sharing low network RTT and high bandwidth. In
contrast, our evaluation considers challenging real-world scenarios
with live networks to cloud servers. Our offloading solution can also
be seamlessly deployed on edge servers.

6.2 Offloading Other Tasks in XR
Besides head tracking, there is prior work on offloading other heavy
components in XR to the edge or cloud for computational and
power efficiency. Some popular targets for offloading are render-
ing [3, 26, 41, 44, 47–49, 51], object detection, recognition, and
tracking[14, 15, 30, 42, 46, 50, 75–77], depth estimation [42, 43],
and 3D scene reconstruction [40]. These components introduce
unique challenges and power-saving opportunities compared to head
tracking. For instance, offloading rendering is bandwidth-intensive
due to high frequency and large frame sizes, and primarily reduces
GPU power usage. Offloading different components can also be
complementary; freed CPU resources from offloading head track-
ing, for example, can be reallocated to mesh decoding required by
scene reconstruction offloading. Unfortunately, only a few existing
works have properly evaluated user experience (e.g., [3, 26, 49]).
Instead, most evaluations rely on task-specific quantitative metrics
obtained from incomplete systems, which may not adequately reflect
the impacts on the user experience, as demonstrated by our work.
Meanwhile, given the extreme power constraints of mobile XR de-
vices, it is important to ensure that the power overhead of offloading,
along with any on-device computations required to mask offloading
impacts [44, 48, 49], does not violate the power budget of the device.
Our work offers an E2E system and a methodology to facilitate such
work.

7 Conclusion and Future Work
This paper presents RemoteVIO, an end-to-end XR system that of-
floads the most computationally intensive part of head tracking. Our
extensive user study reveals new findings. Offloaded head tracking
delivers satisfactory user experience for typical wireless network con-
ditions; however, contradicting previous work that does not measure
E2E impacts, our study demonstrates that user experience deteri-
orates as network latencies increase, with noticeable degradation
occurring at lower latency levels than those reported in prior work.
Of equal importance, we find that widely used standard quantita-
tive metrics are not well correlated with user experience. We also
show power savings measured on real hardware, a significant result
since power consumption is a first order obstacle to integrating more
compute in modern headsets and a key motivator for offloading.

Future directions include addressing privacy concerns emerging
from transmitting camera images of users’ surroundings over the net-
work, co-designed offloading of various XR components, supporting
multiple users on the XR server, evaluating AR and MR workloads,
and implementing adaptive techniques to enhance system robustness.
Each of these directions presents distinct performance tradeoffs. We
believe an E2E system will be essential for understanding these
tradeoffs. To facilitate progress, we have made RemoteVIO open-
source with modular and easily extendable offloading interfaces.
Nevertheless, building a usable end-to-end XR system and perform-
ing extensive user studies for new optimizations is difficult. We
therefore advocate the development of XR-specific metrics, input
datasets, and application benchmarks that can reliably predict how
optimizations affect user experience. These tools are crucial for ad-
vancing practical XR research and enabling real-world applications.
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