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Abstract

Accurate position and orientation estimation is extremely
important to provide the best immersive experience to users
on their eXtended Reality (XR) headsets and mobile devices.
XR pipelines use sensory inputs (cameras, IMUs, etc.) to run
pose estimations (SLAM) and predictions before rendering
each frame. However, even the best SLAM algorithms cannot
be perfect and there have been prior efforts to fix inaccu-
racies through two additional stages - Extrapolation (EX)
using additional IMU inputs beyond those available to SLAM,
and Back-End Correction (BEC) to account for latencies in
frame rendering and communication with a backend ma-
chine to perform the rendering in the XR pipeline. Despite
these incremental efforts, we find that these silo-ed stages
of estimation/correction leave much room for improvement.
To fill this gap, we leverage the analogy with motion es-
timation/correction in robotics which uses learning-based
Action Chunking Transformers (ACT), that we adapt and de-
sign for XR pipelines called ACT-XR. We implement ACT-XR
using the Monado framework and evaluate it with several off-
the-shelf workloads. On average, ACT-XR provides 44.80%
(in Euclidean position), 22.37% (in yaw), 78.32% (in pitch) and
35.86% (in roll) lower errors compared to the best performing
state-of-the-art prediction/correction mechanisms.

Keywords: XR, pose estimation, viewport prediction, remote
rendering.

1 Introduction

XR (eXtended Reality) devices and applications are expected
to transform how we interact with each other and the phys-
ical and virtual worlds. With strapped headsets and other
smart on-person devices, these applications are intended to
make such interactions as seamless as we are used to in the
current world. Among the numerous challenges to attaining
this goal is the need to estimate the position and orientation
of the user (of the device) in order to accurately render the

view at any time on the device, despite continuous move-
ments and latencies.

Simultaneous Localization and Mapping (SLAM) algo-
rithms have been proposed [10] to use different sensory
inputs to make pose estimations. These algorithms take in-
puts from one or more cameras and IMUs to project an envi-
ronment map and pose estimation periodically at a certain
frequency (e.g., 20 Hz). Since these algorithms cannot be
perfect, there has been considerable prior work to improve
them for better accuracy [4, 21, 31, 33, 39, 40].

Another source of the discrepancy lies in the frequency
mismatch of sensory inputs, which are not coordinated be-
tween the sensors (camera at 20 Hz and IMUs at 200 Hz)
and the frequency at which feature-based SLAM is executed
(5-20 Hz). Recognizing this problem, there have been efforts
to extrapolate (EX) the estimates from the SLAM algorithms
to incorporate the most recent sensory input [8]. Although
such techniques do accommodate more up-to-date sensory
input in the estimation, as we will show, they still suffer
significant inaccuracies.

A root cause of high errors with the above two estimation
stages is the substantial time lag between such estimation
and the time the frame is displayed on the headsets. This
time includes the cost of rendering the frame (taking 11
ms for a 90hz display). Further, in many settings, including
most of today’s XR pipelines [1, 16, 28, 30], such rendering is
not done on the end-user device/headset, but on a backend
desktop/server because of the former’s resource constraints
and capabilities. This implies that between the extrapolation
output and the final frame display, there are additional round-
trip network latencies (running to hundreds of milliseconds
for large AR assets) between the device and the backend
system. To account for this lag, there have been efforts to
correct for these effects on the backend system, using tech-
niques such as Regression and LSTM [15, 25, 26, 32]. This
backend correction (BEC) also suffers from inaccuracies.
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Figure 1. Pose estimation and rendering pipeline of current
XR systems, split between a client (headset) and backend
(desktop/server). Prior works on pose estimation focus in-
dividually on one of (i) SLAM algorithms, (ii) Extrapolation
(EX) based on subsequent IMU inputs, which operates at a
higher frequency than the camera/SLAM, or (iii) Correction
at the Backend (BEC) to account for subsequent network
latencies and rendering delays. Each such stage operates
independently (silo-ed) on the outputs of the prior stage.

Our goal, in this work, is not to improve the accuracy of
(or propose new) SLAM algorithms. Rather, working under
the assumption that even the most sophisticated SLAM algo-
rithm can generate inaccurate estimations [18] [17] based on
the latencies and associated variability between estimation
and the eventual display, we intend to fix the inaccuracies
from whatever SLAM algorithm is employed, as close to the
final display stage as possible so as to benefit from up-to-date
information.

2 Motivation and Problem Statement

Figure 1 shows the pipeline of representative functionalities
in current XR systems that are of concern in this study, from
estimating the position/pose of the user (client) to subse-
quently rendering the frame/image on the user’s headset
for that pose at time T,. These functionalities happen at the
client (user’s headset) and the backend (more resource-rich
desktop or server), as is depicted in the figure. There are 3
stages to this estimation, as explained below.

Stage 1: SLAM: SLAM algorithms (operating at the camera
sensing frequency) use up-to-date sensory inputs (at T, in
the figure) and take around 35-40 ms on current headsets
to produce the pose estimate at time T. These algorithms
are obviously not perfect, and can have inaccuracies and
jitteriness.

Stage 2: Extrapolation (EX): To address this mismatch be-
tween IMU sensing frequencies and the heavy weight SLAM
algorithm, previous work [8] has used the additional IMU
inputs that arrived subsequent to the ones used by SLAM,
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Figure 2. CDF of pose estimation errors in the current XR
pipeline. This shows three stages in the pipeline: (i) Error of
Basalt [38] at time Ty; (ii) Error of the extrapolated pose at
time T. (SLAM+EX); and (iii) Error despite the BEC done at
the server at T; (SLAM+EX+BEC). As shown, MIPP05 has
less predictability and higher motion variability compared to
MIPB06, making the three-stage pipeline even less effective.

to fine-tune pose estimates. Such techniques are broadly re-
ferred to as “Extrapolation”, and in Figure 2, we use Linear
Combination (the most optimized technique used in Monado
[8]) to account for these additional IMU inputs, as shown
in the (SLAM+EX) line. While such an extrapolation does
improve accuracy, the magnitude of improvement is not as
significant—for instance, in the MIPP05 dataset 2a, we still
have over 50% frames having higher than 14cm Euclidean
erTors.

Stage 3: Backend Correction (BEC): To address these high
network latencies, there has been prior work [15, 20, 26,
27, 32] which takes the pose estimations from the headset
and refines them further in the backend before rendering
the frame, as is shown in Figure 1. These try to account
for the round-trip latency of network transmissions in the
pose estimations, to provide a better estimate at time Ty for
the ground truth at time T, apart from trying to correct for
any errors in the previous two stages. We have again run
experiments using Linear Regression (LR) (as suggested in
[25, 26]) to perform these corrections/adjustments at the
Backend (BE) subsequent to the estimates from the headset.
In Figure 2, we plot the estimation errors against the ground
truth for different frames as a CDF graph shown by the line
SLAM+EX+BEC. As we see, while errors do reduce compared
to using the previous two approaches (to some extent for
the MIPB06 dataset in the Monado SLAM dataset [19]), there
is still considerable scope for improvement, especially in
MIPPO05, where the improvement is negligible.

3 Our Proposal - Holistic Correction

We draw inspiration for such a multi-parameter model from
the domain of robotics (SLAM is again widely used in robot-
ics to estimate pose/positions [23, 24, 40]), where there are
several similarities to what we are trying to achieve.
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Figure 3. Original ACT model proposed in [41] for robotic
arm control and our ACT-XR adaptation.

For instance, continuous error mitigation approaches
are used to ensure proper control as the robot performs
different tasks [2, 35, 36]. Robotic movements are expected
to be continuous, smooth, and not jerky. XR systems similarly
need non-jerky and seamless rendering of frames despite
sudden shifts in the head position.

Robotic pose estimation also goes through multiple com-
pute stages. It has been well recognized in the robotic com-
munity that individually correcting errors in these stages
does not suffice, and a holistic end-to-end consideration
is more fruitful [5, 11, 12, 22, 34, 37]. We believe a similar
strategy is also mandated in our context.

Based on these similarities, we adopt techniques from
robotics to the XR context in order to perform a holistic
error mitigation mechanism at the last (BEC) stage of the
pipeline, and borrow the state-of-the-art - Action Chunking
with Transformers (ACT) [41] - from that domain for our
purpose.

3.1 ACT-XR for BEC Stage

Figure 3a shows the structure of ACT [13] that takes input
from (1) four mounted cameras and (2) the current position of
robotic arms. These are fed to a transformer-based encoder to
predict the future position of the arms. Rather than a single
position in the immediate future, ACT predicts several poses
for the next k time steps to capture the temporal correlations
among joint movements better.

We have modified ACT for our purposes, as shown in
Figure 3b, which we call ACT-XR. ACT-XR’s transformer
layers and hyper-parameters remain the same as ACT. We
make three major changes to adapt ACT for XR:

o We use both historical SLAM-generated 6DoF (6 degrees-
of-freedom) pose estimation and IMU-based extrapo-
lated poses as the input positions for Encoder/Decoder
layers.

e In addition to predicting poses for the future (as is
done in ACT), we also predict the pose for Time=0 in
ACT-XR, i.e., for time T. This helps train the model,

recognizing inherent inaccuracies present even before
the model starts predicting.

e We utilize the frequency mismatch between camera
and render to reduce compute cost. we run the Im-
age Encoder and Transformer layers separately at dif-
ferent frequencies - the first at 54Hz (MSD Camera
Sensing Frequency) and the latter at 90 Hz.

3.2 Implementing ACT-XR

We have implemented ACT-XR on a desktop (backend) with
an Intel 17-12700k processor, 32 GB memory, and an RTX
4090 GPU (later, we also conduct experiments with an imple-
mentation on a Jetson AGX Orin board [29] to explore possi-
bilities of running this on a headset-like platform). Training
of ACT-XR is done once, offline, and takes around 12 hours
on the desktop. This is regardless of the domain/video that
is eventually used in the XR application; hence, it does not
affect the runtime performance studies.

We emulated the headset using Monado [8], an industry-
level OpenXR runtime that runs SLAM algorithms along
with extrapolation mechanisms described earlier.

4 Experimental Setup
4.1 Workloads

We also use the Monado SLAM Dataset (MSD), which comes
with Monado and is also used in related SLAM studies [38].
MSD is provided by Collabora Consorium [7] which has been
captured using HTC Vive [16] with users playing three dif-
ferent XR games [3], [6] [14]) in a fixed indoor environment.
The camera input frequency is 54 Hz, and the IMU sensing
frequency is 1000 Hz for these MSD datasets.

In this work, we use Basalt as the SLAM baseline, as re-
ported in [9] it meets latency constraints while still having
a relatively small average translation error (ATE) when run-
ning with Monado.

The target frame rendering frequency is set to 90Hz, a
typical refresh rate for commercial XR headsets and mobile
phones. The SLAM ground truth provided by MSD is at 1000
Hz, which makes it safe to construct training sets with fine-
grained prediction windows without losing precision.

4.2 Metrics

Our main target is the accuracy of predicting the user’s pose
at time T, (Figure 1) before the rendering starts at time Ty.
We use the error between this estimation at Ty (in different
schemes against which we compare) compared to the ground
truth at T,. There are six degrees of freedom in describing
the pose/position (the three-dimensional coordinates and
the angle of view in these three dimensions). In the interest
of space, we show the errors in these degrees of freedom as
four separate metrics: one each in the error of the Euler angle
for each of the three dimensions (Yaw, Pitch, and Roll) which
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depicts the orientation, and the fourth depicting the error in
the Euclidean distance in the three-dimensional space.

4.3 Baselines

We implement the following baseline XR pipelines and com-
pare our approach to them: NoBEC: The default pipeline in
Monado [8] where only the first two stages of pose estima-
tion/correction (i.e., SLAM + EX) are present, and no subse-
quent effort is made to correct any residual errors. LR:Use
Linear Regression model at the backend for correction, as
suggested in [25][26]. DTR: [26] also proposed a Decision
Tree Regression model for the backend correction. LSTM:
[32] [15] suggest using LSTM models for 360 video viewport
prediction.

5 Evaluation Results

Figure 5a shows the errors in the different baselines of po-
sition estimates with respect to the ground truth at time T,
averaged over all frames across all datasets.

We note that NoBEC has considerable errors that amount
to 10.71%, 6.54%, 5.65%, and 2.93%, on average, for position,
yaw, pitch, and roll, respectively. For baseline models trained
with possibly erroneous SLAM inputs and outputs, these
models can compound their own prediction errors on top of
SLAM errors, thus causing built-in "error amplification” for
the multi-stage XR pose pipeline.

The important point to take away from these results is that
ACT-XR consistently gives lower errors across all these at-
tributes. On average, it has 46.20%, 43.47%, 93.31% and 30.89%
lower errors, compared to not performing any BEC. More
importantly, in each of these attributes, it yields 44.80% (com-
pared to LR in position), 22.37% (compared to DTR in yaw),
78.32% (compared to DTR in pitch), and 35.86% (compared to
DTR in roll) lower errors compared to the best-performing
BEC strategy for each attribute. This clearly demonstrates
the merit of ACT-XR and its ability to closely track the user’s
movements in the virtual space.

To study the resilience to network latency, we also conduct
experiments varying this as a parameter in our experiments,
and the resulting position errors are shown in Figure 4.

As expected, higher network latencies imply higher error
rates, and we see this across all the BEC models and in the
baseline, which does not make any corrections (NoBEC).
Of the prior models, the simple linear regression (LR) in
the BEC stage works as well as — if not better than — more
sophisticated DTR or LSTM. However, across the spectrum
of these network latencies, ranging from as low as 50ms to
as high as 1s, we see that ACT-XR consistently delivers the
lowest errors of all these choices, making it quite robust to
network latencies. This also suggests that our solution would
still produce the best estimates under such conditions in real
settings, where network latencies can dynamically vary.
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(a) Box plot of errors for the four attributes characterizing
pose/position across all workloads and frames. Traditional mod-
els of BEC may compound any errors in the early stages and
show higher error rates.

BEC. Model ‘ position‘ yaw ‘ pitch ‘ roll
NoBEC 0.158

11.795 | 5.121 | 5.260

LR 0.154 9.752 | 27.206 | 10.238
DTR 0.198 8.589 | 8.394 | 5.668
LSTM 0.228 9.4559 | 11.167 | 6.5537

ACT-XR 0.085 6.667 | 1.819 | 3.635

(b) Average errors

Figure 5. Accuracy of ACT-XR when compared with tra-
ditional models used in BEC, under a prediction window
(network latency) of 100ms.
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Concluding Remarks and Future Work

We have tackled the important problem of enhancing user
experience on XR devices, which critically depends on the
prediction of the position/orientation of the user at any in-
stant. Despite three stages (SLAM, EX, and BEC) of estima-
tion/correction in current XR pipelines, this study shows
that these do not suffice, leaving considerable headroom for
improvement. Instead, we have presented ACT-XR to holisti-
cally address this problem and achieves great improvement.

In the future, we intend to explore the ability to create
fully on-edge XR pipelines that do not require a backend
machine, and avail of the latest sensory inputs at the device
to make better predictions. We will also explore and collect
a wider spectrum of datasets/workloads from very diverse
usages (beyond indoor gaming).
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