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Fig. 1: Ada—a distributed, power-aware, real-time scene provisioning system for XR. Ada delivers higher-fidelity meshes with lower
latency compared to Mobile3DRecon (M3D) [82], the closest prior work. For example, an on-device CPU-only variant of Ada is
6.8x faster than M3D (also on-device and CPU-based) while delivering higher mesh fidelity. The final distributed, GPU-accelerated
Ada achieves latency comparable to the next-best on-device GPU-accelerated Ada variant while consuming 24% less device-side
incremental power. Ada also exposes tuning knobs that let developers trade off latency, power, scene fidelity ,and network bandwidth.
The orange and green blocks respectively denote scene reconstruction and scene delivery components in the scene provisioning
workflow.

Abstract—Real-time scene provisioning—reconstructing and delivering scene data to requesting XR applications during runtime—is
central to enabling spatial computing in modern XR systems. However, existing solutions struggle to balance latency, power and
scene fidelity under XR device constraints, and often rely on designs that are either closed, application-specific designs, or both. We
present Ada, the first open distributed, power-aware, application-agnostic real-time scene provisioning system. Through computation
offloading along with algorithmic and system innovations, Ada provides high-fidelity scenes with stable performance across all evaluated
scene sizes and with low power consumption. To isolate the benefits of Ada’s algorithmic and design innovations over the closest
prior work [82], which is on-device and CPU-based, we configure a comparable on-device, CPU-based variant of Ada (AdaLocal-
CPU). We show this variant achieves up to 6.8 x lower scene request latency and higher scene fidelity compared to the prior work.
Furthermore, Ada’s final distributed GPU-accelerated implementation reduces latency by an additional 2x, highlighting the benefits
of GPU acceleration and distributed computing. Additionally, Ada also lowers the incremental power cost of scene provisioning by
24% compared to the best on-device variant (AdaLocal-GPU). Finally, Ada flexibly adapts to diverse latency, power, scene fidelity, and
network bandwidth requirements.

Index Terms—Extended Reality (XR), Spatial Computing, Real-Time Scene Reconstruction, Computation Offloading, Power-Aware
Systems, Distributed Systems, Scene Management
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INTRODUCTION

XR systems—encompassing virtual, augmented, and mixed reality
(AR, VR, and MR)—have the potential to profoundly transform a
wide range of domains, including entertainment [24, 67], education [2],
healthcare [4], and industrial settings [16,45]. At the core of many
XR applications is spatial computing [9, 19], which enables AR and
MR applications to perceive, understand, and interact with real-world
environments using real-time scene data.

When an XR application performs a spatial computing task, the task
may either request real-time scene data (e.g., mesh) directly or invoke
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another task that does so through the XR runtime. To fulfill such re-
quests, the runtime retrieves and provides the latest reconstructed scene
data. While this scene request—response process is fundamental to XR
systems, prior work lacks a consistent term to describe it. We refer
to it as real-time scene provisioning: the process of reconstructing
and delivering real-time scene data to applications or other XR runtime
components during runtime. Figure 2 illustrates how an XR application
uses real-time scene provisioning to fulfill a user command. The ap-
plication first processes the command and requests the latest classified
scene from the XR runtime. To fulfill this request, the runtime’s scene
understanding component retrieves the latest scene data from real-time
scene provisioning, performs object classification, and then returns the
scene with classified objects to the application. Finally, the application
uses this classified scene to accurately place the virtual teapot onto the
recognized table.

Despite its critical role in XR, real-time scene provisioning in
resource-constrained XR systems remains challenging. Existing de-
signs prioritize responsiveness over reconstruction fidelity [5] and con-
sume significant power during XR tasks [7], making them unsuitable
for high-accuracy tasks and prolonged use. Furthermore, commercial
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Fig. 2: Example of an XR application utilizing real-time scene
provisioning to enable spatial computing.

manufacturers rely on proprietary on-device solutions [6,44,49, 54],
restricting broader access and innovation.

Recent academic works have explored real-time scene provision-
ing [21, 36, 40, 64, 82], but face key limitations: they often adopt
application-specific strategies, overlook power constraints, and lack
open-source implementations. Many target narrow use cases—such as
telepresence [21, 36,40, 64]—making them ill-suited for the growing
diversity of XR use cases. Mobile3DRecon [82] stands out as one of
the few application-agnostic designs. However, it achieves real-time
performance by using low-resolution, low-frequency depth input and
coarse reconstruction, limiting its suitability for demanding applica-
tions. Power evaluation is also absent across these works, leaving a
critical gap for battery-constrained XR devices. Open-source support
is also limited—only CHISEL [36] is publicly available—hindering
reproducibility and follow-up research. These limitations motivate our
design, which supports high-fidelity reconstruction from depth input
captured using modern depth sensors, operates under realistic power
constraints, promotes reproducibility through open-source support, and
is broadly applicable across XR use cases.

Supporting the breadth of XR use cases complicates real-time scene
provisioning, requiring careful trade-offs between latency, power, and
scene fidelity. For instance, collision detection may tolerate lower-
fidelity scenes but requires fast updates, while medical applications
demand high-fidelity scenes that are computationally intensive and
power-hungry. Varying device capabilities further shape these trade-
offs. Unlike application-specific solutions, an application-agnostic,
power-aware design should provide flexible controls that enable tuning
of scene fidelity, compute usage, and other system parameters according
to application needs, hardware constraints, and network conditions.

These challenges highlight the need for a real-time scene provision-
ing system for XR that is application-agnostic, supports high-fidelity
reconstruction using modern sensors, operates under realistic power
constraints, and offers tunable controls to adapt to diverse usage scenar-
ios and device capabilities. To support a wide range of XR applications,
the system must maintain stable performance across varying scene
sizes and content complexity. We propose Ada, a system that achieves
these goals through computation offloading, enabled by algorithmic
and system-level design innovations (Figure 1).

Computation offloading offers several benefits: (1) it leverages re-
mote resources to enable compute-intensive algorithms that would be
infeasible on resource-limited XR headsets; (2) it reduces on-device
power consumption and battery drain, even when the algorithm could
possibly run locally; (3) unlike custom hardware acceleration, which
also lowers power usage, offloading is not constrained by long hardware
development cycles or the rapid pace of algorithmic innovation, which
often renders custom accelerators obsolete; and (4) it frees device hard-
ware resources, such as the GPU, for other latency-sensitive XR tasks.
While offloading has been explored for various real-time XR tasks like
head tracking [30], remote rendering [37,39,42,47,59,71], SLAM [15],
and teleconferencing [21,40, 64], its potential for application-agnostic
real-time scene provisioning remains largely unexplored.
Contributions: Ada makes the following contributions:

(1) First distributed, power-aware, real-time scene provisioning de-
sign for XR. Ada leverages computation offloading and algorithmic
and system design innovations to provide low scene update latency,
reduced on-device power consumption, and high-fidelity scenes with

stable performance across scene sizes. Ada introduces several inno-
vations, including a novel depth encoding scheme, decoupled scene
reconstruction and extraction, an efficient scene management method,
and real-time-optimized mesh compression. These components also
expose tunable controls to balance latency, power, scene fidelity and
network bandwidth to support diverse XR applications and devices.

(2) High-performance on-device baseline implementations. While
Ada is designed for distributed execution, its core components general-
ize to on-device deployments. We demonstrate this through Adalocal-
GPU, a high-performance on-device implementation that achieves
similar fidelity to Ada but with higher power consumption. We also
develop AdaLocal-CPU, a CPU-only variant designed for a head-to-
head comparison with the state-of-the-art (CPU-only, on-device) Mo-
bile3DRecon.

(3) Open-source release. To foster future research and ensure repro-
ducibility, our implementation is publicly available as open-source.!.
Key results include:

* We compared Ada with Mobile3DRecon at three scene fidelity levels.
Ada maintains low and stable scene update latency at the highest
level. In contrast, Mobile3DRecon achieves stable latency only at
the lowest level; at medium fidelity, its latency increases substan-
tially over time (as scene size increases) and reaches up to 6.8x
that of AdaLocal-CPU at the highest level, highlighting its inability
to support higher-fidelity reconstruction. AdaLocal-GPU and Ada
both reduce latency further by 2 at the highest fidelity level over
AdaLocal-CPU (medium fidelity), establishing AdaLocal-GPU as a
strong on-device baseline for Ada.

* Ada reduces incremental device-side power consumption by 24%
compared to Adalocal-GPU, while maintaining similar latency and
scene fidelity.

» Ada supports flexible system-level tuning to meet diverse application
needs and hardware constraints. Depending on the chosen configu-
ration, Ada can achieve targeted goal such as ~20ms average scene
update latency, up to 3W device-side power savings, high-fidelity
lcm scene reconstruction, or effective operation under network band-
width constraints as low as 10 Mbps in both directions.

2 BACKGROUND & MOTIVATION

This section outlines the core components of real-time scene provi-
sioning systems: scene reconstruction and scene delivery. We first
motivate our use of voxel-based reconstruction and mesh-based deliv-
ery (Sec. 2.1). We then describe these components and their interaction
(Sec. 2.2 and Sec. 2.3). Finally, we examine Mobile3DRecon [82], a
related system whose limitations motivate our design (Sec. 2.4).

2.1 Key Design Choices in Ada

Real-time scene provisioning involves many design decisions, but two
are central: the reconstruction method (classical vs. neural) and the
delivery format (mesh vs. point cloud). Ada adopts a classical voxel-
based reconstruction approach and delivers scenes as meshes. These
choices align with prior systems like Mobile3DRecon [82] and we
further justify them below.

Classical vs. Neural. Ada adopts a classical, voxel-based scene recon-
struction approach, which is favored in real-time systems for efficiently
reconstructing all visible surfaces into a detailed 3D scene that implic-
itly encodes surface geometry (e.g., distance to the nearest surface) [86].
Neural methods (e.g., NeRF [55], 3D Gaussian Splatting [34]) also rep-
resent scenes implicitly, modeling them as continuous functions learned
from data. While neural-based methods offer impressive fidelity, they
are currently computationally infeasible for real-time use—even on
powerful machines—and largely designed for offline rendering, where
scene fidelity is prioritized over speed [34,55, 83, 84].

In addition to the high reconstruction cost, neural representations
are also less compatible with spatial computing tasks. Most such tasks
still rely on explicit scene representations—such as meshes and point
clouds—which offer immediate access to geometry and are widely
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supported. In contrast, spatial computing tasks that operate on implicit
scene representations remain limited [10, 11,29, 31, 80]. While both
voxel- and neural-based methods require an additional step to extract ex-
plicit scene representations from their implicit formats, voxel-based sys-
tems benefit from mature, real-time-capable extraction pipelines [41].
Extracting high-fidelity meshes from neural representations remains
computationally expensive and unsuitable for real-time use [22, 83, 84],
further limiting their applicability.

Meshes vs. Point Clouds. Among explicit scene representations, Ada
adopts a mesh-based format for real-time scene delivery, as meshes are
the dominant choice in XR platforms [7,44,49, 54]. Meshes provide
surfaces with defined shape and connectivity, represented by vertices
and faces—critical for core XR tasks like collision detection, occlusion
handling, and spatial audio. Meshes are also extensively supported by
commercial XR frameworks [6], game engines [78,79], and other do-
mains [8,20,85], facilitating seamless integration with XR applications.
In contrast, point clouds lack surface connectivity and represent scenes
as unstructured sets of points, often requiring surface reconstruction
before use. Nevertheless, a mesh-based scene provisioning system
such as Ada inherently supports point clouds, since point clouds can
naturally be viewed as meshes without face information.
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2.2 Voxel-based Scene Reconstruction

Most voxel-based scene reconstruction algorithms rely on depth and
pose (i.e., the camera’s 3D position and orientation) information, either
captured directly from sensors or inferred through computational meth-
ods such as depth estimation. While Ada is compatible with a range
of input sources, in this work we use depth information from depth
sensors [53] and poses provided by XR devices [50], both of which are
commonly available on XR devices.

The left orange portion of Fig. 3 illustrates the real-time scene re-
construction workflow. Voxel-based scene reconstruction uses pose
information to integrate depth measurements into a consistent 3D space
composed of voxels—small units that represent volumes in the 3D
world. This integration, known as volumetric fusion, updates voxels
based on incoming depth measurements to represent the latest observed
geometry; for simplicity, throughout this paper, we use volumetric fu-
sion to refer to the overall scene reconstruction process. Using smaller
voxels (e.g., 2cm) allows the system to capture finer scene details, re-
sulting in higher-fidelity reconstruction. To optimize memory usage and
enable GPU parallelism, voxel-based scene reconstruction often uses
spatial data structures for efficient storage and retrieval. A common
approach is to use voxel blocks (VBs)—small 3D grids that improve
memory access by storing neighboring voxels contiguously.

A widely used method for managing voxel blocks is voxel hash-
ing [56], which uses a spatial hash table to efficiently look up and store
only the observed parts of the scene, reducing memory usage by skip-
ping empty space. When new depth frames arrive, the system queries
the hash table to determine if a voxel block needs to be allocated or
updated based on the observed geometry. If a corresponding voxel
block exists, its pointer is retrieved, allowing access to the block stored
in memory. Individual voxels within the block are then updated accord-
ingly. This structured representation enables fast voxel access while
optimizing memory, suitable for resource-constrained XR devices.

2.3 Voxel-based Scene Delivery

Scene delivery refers to the process of providing reconstructed 3D
scene data—produced through volumetric fusion—in a format usable
by XR applications or other runtime components, such as a mesh. This
process typically involves two components: scene extraction, which
extracts an explicit format (e.g., mesh) from the internal implicit repre-
sentation, and scene management, which handles application requests.

Commercial XR devices implement similar scene management compo-
nents [51,77], offering two main retrieval options commonly via API
calls: fetching the latest scene or accessing a cached version.

The right green portion of Fig. 3 illustrates the scene delivery work-
flow in response to XR application requests. For a latest-scene request,
the system extracts the most recent data from the internal volumetric
representation, which is continuously updated via volumetric fusion.
Because this internal format is implicit, scene extraction must convert
it into an explicit one before providing it to the application. In contrast,
when an application requests a cached version, scene delivery bypasses
extraction and directly serves the cached version.

Marching Cubes [41] is a widely used method for extracting meshes
from voxel-based representations. It traverses the entire voxel grid,
examining each cube formed by eight neighboring voxels to identify
isosurface intersections and generate triangles that approximate the
surface. This full-grid traversal ensures complete mesh coverage, but
is computationally expensive—especially in real-time scenarios where
only parts of the scene change. To improve efficiency, more recent meth-
ods such as Mobile3DRecon [82] and CHISEL [36] adopt incremental
scene extraction: they process only regions affected by newly integrated
depth data, avoiding recomputation of unchanged areas. However, this
introduces new challenges: (1) scene management must merge the new
geometry with previously unmodified regions to maintain a consistent
scene, and (2) depending on the system structure, additional conversion
may be required before providing the scene to the application [82].

2.4 Scene Provisioning in Mobile3DRecon

Mobile3DRecon [82] (hereafter referred to as M3D) is the closest pub-
lished system that implements a real-time scene provisioning pipeline,
making it a strong baseline for comparison. However, its code is not
publicly available. Like Ada, it adopts a classical voxel-based recon-
struction approach and delivers scenes in mesh format. Unlike Ada,
which is agnostic to how depth is obtained, M3D was designed for
mobile devices without dedicated depth sensors and devotes significant
design effort to depth estimation—a component orthogonal to our focus
on scene provisioning.
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Fig. 4: Scene provisioning in Mobile3DRecon (M3D) [82].
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We focus on the scene provisioning design present in M3D, which
the authors refer to as incremental mesh generation. Figure 4 illustrates
M3D’s scene provisioning design. While the terminology differs, its
structure closely aligns with our definition of scene provisioning shown
in Fig. 3: it includes volumetric fusion, incremental scene extraction,
and a scene management-like component. M3D achieves real-time
scene provisioning through three key mechanisms: volumetric fusion
with voxel-level status tracking, incremental scene extraction of updated
voxels, and a list-based scene management system. These components
operate in a tightly coupled manner, executing sequentially at the same
frequency—once per input depth frame. M3D extracts and manages
the scene at the cube level, where each cube consists of 8 spatially
neighboring voxels (a 2x2x2 VB), and each voxel spans a relatively
large 6cm volume—trading off scene fidelity for performance.

During volumetric fusion, M3D tracks voxel updates using status
flags, marking voxels as newly created, updated, or unchanged. In-
cremental scene extraction then applies Marching Cubes selectively,
processing only cubes that contain at least one created or updated
voxel. The extracted partial mesh from each updated cube is stored in a
list-based structure that serves as the scene manager, with each node
storing the partial mesh extracted from a single cube. To support the
Unity-based applications used in their evaluation, a serialization step
converts this internal representation into a standard mesh format.

2The voxel size (6cm) and the serialization step (described later) are not
explicitly stated in the published paper but were confirmed through email com-
munication with one of the main authors.



While M3D demonstrates the feasibility of real-time scene provi-
sioning, it faces three key limitations that hinder scalability and re-
sponsiveness, especially in emerging XR use cases that increasingly
demand high-fidelity, low-latency scene updates. First, M3D relies on
low-resolution, low-frequency depth input and low-fidelity reconstruc-
tion to maintain real-time performance. This under-utilizes modern
depth sensors, which can provide high-resolution, high-frequency data
essential for reconstructing high-fidelity scenes. While M3D can techni-
cally operate on such inputs, our evaluation shows that doing so results
in substantial latency increases that scale with scene size, making it
unsuitable for high-fidelity real-time delivery. Second, its tightly cou-
pled pipeline forces reconstruction, extraction, and management to run
at the same frequency—even when no request is made. This causes
the system to update the scene every frame, wasting computation and
degrading performance. Third, M3D uses a list-based scene storage in
scene management that requires a costly serialization step to convert its
internal format into a standard mesh. This overhead grows with scene
size and fidelity, further hurting performance.

These limitations highlight the need for a scalable and efficient scene
provisioning system—one that delivers real-time, high-fidelity scenes
with stable performance across varying scene sizes. In the next section,
we identify key design challenges in achieving these goals, including
those that arise in distributed settings.

3 CHALLENGES
3.1 Architectural Constraints of On-Device Processing

Prior application-agnostic designs like M3D [82] perform computa-
tions on a single CPU core to minimize resource usage and leave the
GPU free for tasks like rendering. While resource-efficient, limiting
computation to one CPU core constrains processing throughput, forcing
trade-offs in real-time performance and reconstruction fidelity. As a
result, these systems only support low-fidelity scene reconstructions,
making them unsuitable for modern XR applications that require de-
tailed geometry.

In contrast, several application-specific real-time scene provisioning
systems have instead adopted distributed designs [21,40,64], offloading
heavy computation to a remote server. These approaches highlight the
potential of distributed processing to improve performance and scene
fidelity. However, they are narrowly tailored to specific use cases and
lack the generality needed to support diverse XR applications (Sec. 8) .

These limitations motivate a distributed, application-agnostic scene
provisioning design that supports high-fidelity reconstruction while
maintaining real-time performance with low on-device overhead.

3.2 Hardware-Efficient Precision Depth Encoding

Real-time scene provisioning in XR relies on real-time depth sensing,
which captures scene geometry by measuring the distance to surfaces
in the environment. These measurements are typically stored per pixel
in depth images. Depth sensing can be achieved through various tech-
nologies, including structured light and time-of-flight sensors, which
emit light and compute depth based on its return. To preserve fine
geometric detail, these depth images are typically encoded as 16-bit
values [1, 13,43, 68], allowing each pixel to represent a wide range
of distances with high precision—critical for accurate reconstruction.
However, transmitting raw 16-bit depth frames requires substantial
bandwidth. For example, streaming 640x480 depth at 30 Hz (as in
ScanNet [13]) consumes about 147 Mbps.

To reduce bandwidth, depth images are often compressed using
image encoding techniques [21, 40, 63, 69]. While some specialized
depth encoding methods exist [63,69], they are not widely supported
by standard multimedia frameworks [73, 74] or hardware video en-
coders [3,62], which were originally designed for compressing color
images. These encoders are attractive for real-time XR systems be-
cause they offer efficient, low-latency compression without burdening
general-purpose compute resources like the CPU or GPU. Prior ap-
proaches [21,40,70] have attempted to repurpose these color-focused
hardware encoders for depth transmission by converting 16-bit depth
images into encoder-supported color-based formats. However, standard
formats like RGB and YUV are typically limited to 8-bit precision, and

(c) Medium: 256x192, SFPS, 2cm.

(d) High: 640x480, 30FPS, 2cm.

Fig. 5: Scenes generated at different fidelity configurations. The num-
bers in each part indicate depth image resolution, depth frames per
second, and voxel size.

most encoders do not support 16-bit color. As a result, 16-bit depth
data must be quantized to 8-bit, introducing precision loss that degrades
reconstruction fidelity.

These limitations motivate the need for a real-time encoding ap-
proach that preserves depth accuracy, minimizes bandwidth, and runs
efficiently on existing hardware encoders.

3.3 Limitations of Coupled Reconstruction & Extraction

Prior works tightly couple volumetric fusion with scene extraction,
running both at the same frequency. In rendering-focused applications
(e.g., telepresence) [21,36,40,64], this design ensures that scene updates
generated from each input are promptly delivered for visualization.
However, such tight coupling is excessive for many spatial computing
applications, where scene changes are infrequent. Even when changes
occur, the application may not request an updated scene; generating one
yields no benefit. Moreover, because scene extraction and subsequent
scene management are typically slower than reconstruction, coupling
these stages forces reconstruction to wait—delaying the fusion of new
input and undermining scene timeliness. In such cases, tight coupling
leads to unnecessary computation in the scene delivery pipeline.

M3D [82] adopts this tightly coupled design but reduces the pro-
cessing frequency below the input rate to mitigate delays and lower
computational cost. While this gives the system more time to complete
reconstruction and scene delivery between inputs, it limits how often
new data is fused—reducing opportunities to refine geometry and af-
fecting scene fidelity. This limitation is further compounded by M3D’s
use of low-resolution depth input and larger voxels, which reduce pro-
cessing but also miss finer details available with higher-resolution input
and smaller voxels.

Figure 5 shows four configurations that illustrate how input and
reconstruction settings affect scene fidelity. (1) Low fidelity (Fig. 5a)
uses 256x192 depth image resolution at 5 frames per second (FPS)
with 6cm voxels, replicating the original M3D setting. It produces
coarse geometry and often misses thin structures, resulting in noticeable
artifacts and holes. (2) Medium fidelity (Fig. 5c) uses the same input
but with finer 2cm voxels, improving surface detail and capturing small
features. (3) High fidelity (Fig. 5d), the configuration used by Ada and
all its variants, increases both input resolution and frequency (640x480
@ 30 FPS) while keeping the 2cm voxel size, yielding the most detailed
and complete reconstruction. (4) An excluded configuration (Fig. 5b)
uses high input resolution but with 6cm voxels. Despite the denser input,
there is little visual improvement over the low fidelity configuration
due to the coarse voxels.

These findings motivate a decoupled architecture, where volumetric
fusion proceeds independently of scene extraction and its downstream



processing. By eliminating the need to wait for extraction and delivery
to complete, the system can sustain high-frequency fusion and pro-
cess high-resolution input—enabling high-fidelity reconstruction while
providing more flexible control over when scene updates are handled.

3.4 Efficient Scene Update Management

Scene management is responsible for maintaining a cached local copy
of the scene and serving it to applications upon request. When scene
updates are delivered as complete meshes—typically generated using
full-grid Marching Cubes—the process is straightforward: scene man-
agement can serve the updated full mesh directly to the application
while replacing the old version in the cache. However, repeatedly ex-
tracting and delivering full meshes is inefficient, since typically only a
portion of the scene changes between updates. To reduce redundancy
and delivery cost, systems like M3D deliver partial, incremental scene
updates that include only modified regions. While more efficient, this
introduces a key challenge for scene management: integrating partial
updates into the cached scene. Scene management must identify and
remove outdated regions from the cached scene, then merge in the new
geometry without introducing spatial inconsistencies or duplication.

In addition to integrating partial updates, scene management must
also deliver the updated scene in a format that matches application
expectations. Systems like M3D store the local copy in intermediate
formats optimized for internal processing, but these require explicit
serialization into the desired mesh format before they can be served to
applications—adding latency and computational overhead.

Together, these challenges call for a scene management design that
integrates partial updates and serves scenes with low latency.

3.5 Real-Time Mesh Compression for Scene Updates

In distributed setups, the system must transmit mesh updates from the
server to the device. These updates can be large—especially in high-
fidelity scenes—making raw mesh transmission a significant bottleneck
under limited bandwidth. Compression libraries like Google Draco [18]
help reduce mesh size, but Draco’s default implementation is designed
for offline use and runs single-threaded on the CPU, making it unsuit-
able for real-time scene updates. In our measurements, compressing
partial scene updates with Draco took over 60 ms on average, creating
a significant bottleneck for real-time applications and motivating the
need for a real-time mesh compression method.

4 ADA

Ada is a distributed, power-aware scene provisioning system that of-
floads scene reconstruction and extraction to a remote server, supply-
ing real-time, high-fidelity scenes to resource-constrained XR devices.
Figure 1 shows an overview of Ada, which introduces four key innova-
tions: efficient depth encoding (Sec. 4.1), decoupled volumetric fusion
and scene extraction (Sec. 4.2), extraction-aware scene management
(Sec. 4.3), and efficient mesh compression (Sec. 4.4).

4.1 Efficient Depth Encoding

Figure 6 shows our depth encoding method, which avoids quantization
loss and enables hardware-accelerated encoding. The design is inspired
by bit-plane slicing in image compression [35,66]. We decompose each
16-bit depth pixel into two 8-bit pixels: the most significant byte (MSB)
and the least significant byte (LSB). For the MSB, we use lossless en-
coding, while for the LSB, we use lossy encoding with a tunable bitrate
to reduce network bandwidth. This design is motivated by the obser-
vation that lossy encoding of the MSB reduces pixel accuracy, leading
to degraded scene fidelity. In contrast, errors in the LSB contribute
much less to depth accuracy and are further amortized as more depth
observations are fused during reconstruction. The impact of lossy LSB
compression can be tuned by adjusting the bitrate to balance accuracy
and bandwidth requirements.

In our system, both the MSB and LSB images are first converted
without loss [14] to a color-based format (YUV444) commonly sup-
ported by hardware encoders. Both images are then encoded using
hardware video encoders: the MSB is encoded in a lossless mode to
ensure full-precision recovery upon decoding, while the LSB image

is encoded using lossy settings to achieve more aggressive bandwidth
reduction at the cost of slight scene fidelity degradation, as studied in
Sec. 7. On the server, the encoded MSB and LSB images are decoded
using hardware decoders and then combined to reconstruct the original
16-bit depth image. While our experiments specifically use NVIDIA’s
NVENC hardware encoders and decoders [62], our encoding strat-
egy—using lossless encoding for the MSB and lossy encoding for the
LSB—is broadly applicable to any hardware-accelerated or software-
based encoder that supports these encoding modes, with hardware
acceleration typically offering reduced latency.

Ada also transmits pose data and optional RGB images. Pose data is
lightweight and adds minimal bandwidth overhead, so it is transmitted
as-is. RGB images can be encoded using standard hardware video
encoders without requiring customization.
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Fig. 6: Efficient depth encoding in Ada. Each 16-bit depth pixel is split
into an 8-bit MSB (lossless) and LSB (lossy, tunable). The red bit in the
recovered LSB marks a bit flipped by lossy compression.

4.2 Decoupled Volumetric Fusion & Scene Extraction

Ada decouples volumetric fusion from scene extraction, allowing scene
reconstruction to run independently and at a higher frequency than
extraction. This reduces unnecessary extraction overhead while pre-
serving high-fidelity reconstruction. To keep scene delivery fast and
responsive under this design, Ada uses a technique we call Proactive
Scene Extraction. It uses a lightweight voxel-block tracking method in
volumetric fusion to identify updated regions. Together, these compo-
nents reduce scene request latency by limiting how much data must be
processed upon request.
Proactive Scene Extraction enables efficient scene extraction while
providing flexibility to balance latency and power consumption. In-
stead of waiting for an actual request to trigger large, potentially slow
extractions, the system incrementally processes updates in the back-
ground based on configurable thresholds—reducing the amount of data
that must be handled when an actual application request arrive. While
the system can operate effectively with default settings, configurable
thresholds allow it to adapt runtime behavior to different performance
goals. Ada periodically checks whether the extraction threshold has
been met in the absence of application requests. When exceeded, the
system proactively performs scene extraction on updated regions and
resets the tracking state within volumetric fusion to begin tracking
new changes. If a request arrives, the system performs an immediate
extraction to provide the latest scene, followed by a tracking reset.
Lastly, each extracted face is tagged with its voxel block coordi-
nates, and a compact list of updated voxel block coordinates—called
the Unique Voxel Block List (UVBL)—is generated during extraction.
These coordinates identify spatial regions of the scene, and because
voxel blocks are globally aligned, a given coordinate always refers to
the same region across updates. They are also naturally available during
extraction, as they are needed to locate and fetch the corresponding
volumetric data. Ada retains this metadata—normally discarded after
extraction—for lightweight region tracking during scene management
(Sec. 4.3). As an additional optimization to reduce latency, the par-
tial mesh and UVBL are transmitted independently, allowing scene
management to begin processing while the mesh is still in transit.



Volumetric Fusion with Voxel Block-Level Tracking adds a
lightweight tracking mechanism that enables Proactive Scene Extrac-
tion to process only modified scene regions. During volumetric fusion,
tracking is performed by marking the hash table entry for each accessed
voxel block. Tracking updates at the voxel-block level provides im-
proved performance by reducing tracking overhead. Although this ap-
proach occasionally re-extracts some unchanged voxels, the extra com-
putation is low and does not degrade scene fidelity. This tracking mech-
anism is broadly applicable: it operates on generic voxel block—based
representations and can be integrated with various volumetric fusion
pipelines. The voxel block size can also be tuned to balance tracking
granularity and performance. Similar update-tracking mechanisms have
also been explored in neural scene reconstruction [46,65], suggesting
that both the tracking mechanism and Proactive Scene Extraction could
naturally extend to these emerging methods once real-time extraction
from neural representations becomes viable.

4.3 Extraction-Aware Scene Management

Proactive Scene Extraction maintains fast and stable performance by
proactively extracting updated regions, limiting the work required at
each step and at request time. While this design minimizes extraction
overhead, it introduces a key challenge: no single extraction contains
the complete scene. To deliver an up-to-date, complete scene in mesh
format to applications, the system requires a mechanism that incremen-
tally reconstructs the full scene over time. This mechanism must: (1)
resolve overlaps by removing outdated regions from the cached scene
that have been superseded by new updates, (2) integrate the new partial
scene into the cached scene, and (3) efficiently serve the current scene
mesh when requested.

To support this functionality, Ada introduces a new device-side scene
management design called Extraction-Aware Scene Management, built
around three key insights. First, it reuses voxel block coordinates
retained during extraction to detect outdated regions and efficiently
group updated geometry by spatial region—avoiding the need to infer
spatial grouping from mesh geometry [32]. Second, Ada reuses mem-
ory from outdated mesh regions to integrate new geometry efficiently.
Lastly, it maintains the local scene directly in mesh format, requiring
no additional step before serving requests.
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Fig. 7: Data structures for extraction-aware scene management. The
Live Mesh and Voxel Block Map maintain contiguous indices for each
voxel block, tracked using hashed 3D coordinates.

Internal Data Structures and Organization Figure 7 illustrates the
internal data structures used by Extraction-Aware Scene Management.
Ada stores scene data in a Structure of Arrays (SoA) layout, where
each mesh attribute (e.g., vertices, colors, faces) is stored in its own
array. This collection of SoA-formatted arrays is referred to as the Live
Mesh. Each voxel block is assigned a contiguous index range across
all attribute arrays, encapsulating the mesh content extracted from that
block. Within each voxel block’s range, per-face attributes are stored
consecutively, and Ada maintains aligned indexing across attributes:
if a face uses vertices 1, 2, and 3, their colors are stored at the same
indices in the color array.

To manage this layout, Ada maintains a hash map called the Voxel
Block Map, which maps the hashed 3D coordinate of each voxel block
to its start and end indices in the face array. While this range could
technically be tracked using any attribute array, we use the face array
because it is universally required by downstream mesh-based appli-
cations. Since indexing is aligned across arrays, this range implicitly
applies to most attributes.
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Fig. 8: Extraction-aware scene management workflow. The workflow
illustrates how incremental partial mesh updates are integrated into the
Live Mesh and how scene management handles application requests.

Scene Management Workflow Figure 8 illustrates the scene manage-
ment workflow. We next describe each stage in detail.

@ Outdated Region Processing: Upon receiving the Unique Voxel
Block List from the server, scene management compares each block’s
coordinate against the Voxel Block Map. A match in the Voxel Block
Map indicates that previously extracted scene data from that voxel block
now overlaps with newly extracted content and is therefore outdated.
The corresponding index range in the face array is recorded in a list for
future reuse. After all matching ranges are collected, adjacent ranges
are merged to simplify region reuse. A key benefit of transmitting the
Unique Voxel Block List alongside the partial mesh is that it enables
pipelined computation: while the larger mesh is still in transit, the
device can begin processing outdated regions.

@ Voxel Block-Aligned Grouping: Upon receiving the partial mesh,
scene management uses the voxel block coordinates tagged to each
face during extraction (Sec. 4.2) to reorganize geometry, aligning it
with the layout of the Live Mesh. It creates a temporary structure for
each updated voxel block, grouping non-face attributes (e.g.,vertices)
in the same SoA format as the Live Mesh. After grouping, the system
records the vertex array size of each voxel block and sorts the blocks in
descending size to improve efficiency during the Live Mesh Integration.

© Live Mesh Integration: After marking outdated index ranges in the
Live Mesh and grouping geometry updates by their associated voxel
block, scene management integrates each block’s non-face attributes
into the Live Mesh. The goal of this stage is to reuse memory from
outdated mesh regions by assigning newly grouped geometry to avail-
able index ranges. Scene management uses a simple greedy strategy:
the voxel block with the largest geometry (i.e., most faces) is assigned
to the largest available outdated region. If no region is large enough,
the data is appended to the end of the Live Mesh. Once placement is
determined, the new data replaces the old content or is appended as
needed. Any leftover space is recorded for future reuse. The voxel
block’s coordinate and face array range are then updated in the Voxel
Block Map.

@ Mesh Nullification: After Live Mesh Integration, any outdated
ranges that could not be reused must be invalidated to prevent stale
geometry from being rendered. Ada applies a lightweight technique
called mesh nullification, which leverages the fact that many mesh-
consuming applications [12,85] ignore faces where all vertex indices
are identical. For each unused range, scene management overwrites the
associated faces by assigning identical vertex indices, collapsing them
into a single point. This ensures that no visual artifacts are introduced,
even in applications that do not explicitly skip invalid faces. The
nullified ranges are retained as outdated regions for future use, enabling
efficient memory reuse.

© Scene Request Handling: This component monitors incoming appli-
cation requests and waits for an update signal from Mesh Nullification,
indicating that the Live Mesh is ready to be served. Applications in-
teract with Ada through a simple request-response API, issuing scene
requests to the scene management module. This design mirrors the
scene access patterns of commercial XR runtimes [6, 49], enabling
integration with minimal developer effort.

While Extraction-Aware Scene Management is optimized for meshes
from voxel-based reconstruction, it can also be applied to any mesh by
processing the geometry to assign faces to virtual voxel blocks using a
predefined size and layout. However, unlike voxel-based reconstruction,
where voxel block coordinates are naturally available during extraction,
this approach incurs additional computation to determine the block
corresponding to each face.



4.4 Efficient Mesh Compression

Figure 9 illustrates our compression design. We analyzed Draco for
mesh compression and identified a key trade-off to improve its suitabil-
ity for real-time use. Profiling showed that the deduplication stage—
used to find duplicate attributes like vertices—is the main bottleneck,
accounting for nearly 90% of compression time and worsening with
mesh size. While deduplication improves compression ratio by reduc-
ing the total amount of data that needs to be encoded, it does not affect
mesh correctness. To enable parallel compression and significantly
reduce latency, Ada relaxes the deduplication stage by partitioning the
updated mesh into chunks and allowing limited attribute duplication
across these chunks. Specifically, Ada evenly partitions the face and
attribute arrays of the extracted mesh, which are stored in Structure of
Arrays format, into chunks before compression with Draco. However,
partitioning slightly reduces compression efficiency because it breaks
global mesh connectivity: traversal-based encoders like Draco rely
on long, continuous face adjacency to exploit repeating patterns for
compact encoding, and partition boundaries interrupt these connections.
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Fig. 9: Efficient mesh compression in Ada. Ada partitions the mesh into
large chunks and relaxes deduplication to enable parallel encoding and
decoding across CPU cores, significantly reducing latency with minimal
impact on compression efficiency.

While our mesh compression builds on Draco, the idea of partition-
ing the mesh for parallel encoding and decoding can be applied to other
compression methods that exploit mesh connectivity.

To support Extraction-Aware Scene Management, Ada extends
Draco to encode voxel block coordinates as metadata attached to each
mesh face. To further accelerate scene management, Ada leverages par-
allel mesh decoding to perform Voxel Block-Aligned Vertex Grouping
concurrently: each decoder thread performs partial grouping within its
chunk, followed by a merge step that consolidates these groupings into
a unified structure. Live Mesh Integration proceeds unchanged.

5 EVALUATION METHODOLOGY

Software Overview. Ada is implemented in C++ and built on top of
ILLIXR, an open-source full-system XR research testbed [25,26,75].
We use InfiniTAM [33], a popular open-source voxel-based reconstruc-
tion algorithm that employs voxel hashing for volumetric fusion and
Marching Cubes [41] for scene extraction. Ada is not tied to InfiniTAM;
it supports alternative fusion and extraction algorithms. We modified
InfiniTAM to accept externally provided camera poses, bypassing its
built-in pose estimation. This is a common approach in other scene
reconstruction research [27,76].

Evaluated Systems. We evaluated four systems. M3D is our ini-
tial baseline. As the code is not open-source, we reimplemented its
scene provisioning logic and consulted one of the authors to ensure
fidelity. Using similar hardware settings, our reimplementation closely
matches the reported latency results. Ada is our complete distributed
real-time scene provisioning design, offloading volumetric fusion and
scene extraction to a remote server while the device performs scene
management. AdaLocal-GPU is an on-device variant of Ada that
runs the same volumetric fusion and scene extraction logic locally.
AdalLocal-GPU omits transmission but shares the GPU with co-running
XR tasks (described below). AdaLocal-CPU is a CPU-only variant
designed to isolate design-level differences from M3D. Like M3D, it
runs volumetric fusion and scene extraction on a single CPU thread.

Hardware Settings. We use a Jetson Orin [58] as the device—an
embedded platform configurable to emulate commercial XR devices
and support detailed power measurements. Ideally, we would use an
XR headset; however, most commercial headsets are closed platforms,
preventing customized XR runtimes, detailed system-level instrumenta-
tion, and the precise power measurements necessary for our evaluation.
For the server, we use a system with an Intel i7-12700KF CPU [28]
with 64GB RAM and an NVIDIA RTX 3080TI GPU [57]. While not
the latest hardware, this setup shows that Ada runs efficiently with-
out cutting-edge components, supporting real-world deployment. The
Jetson connects wirelessly (Wi-Fi) to the local network router, while
the server connects via Ethernet. For all systems, we kept the Wi-Fi
radio on to reflect realistic XR usage as most commercial XR devices
require Wi-Fi for core functionalities like cloud services. Device-server
communication uses TCP sockets, with messages serialized via Proto-
col Buffers [17]. Bandwidth is capped at 150 Mbps, following prior
real-time telepresence systems [21,32,40].

We configure the Orin to emulate the hardware characteristics of
commercial XR devices [48, 52], as summarized in Table 1. For
AdaLocal-GPU, volumetric fusion and scene extraction share the Orin
GPU with the local rendering task. We adjust the Orin’s GPU frequency
to the minimum level required to sustain a 90 FPS target.

Max GPU Freq 714 (Ada, AdaLocal-CPU, M3D) Max CPU Freq (MHz) 1728
(MHz) 1020 (AdaLocal-GPU) CPU Core Count 8
NVENC Freq 110 (Ada) CUDA Core Count 256
(MHz) [62] Off Mem Controller Freq 2133
(AdaLocal-CPU, AdaLocal-GPU, M3D) (MHz)

Table 1: Orin’s system parameters for evaluation.

Ada-specific settings. We implemented our depth encoding using
GStreamer [74], utilizing NVIDIA’s NVENC hardware encoder [62].
The bitrate for the lossy Least Significant Byte Depth Image was set to
0.5 Mbps. We empirically found that setting a lower bitrate than 0.5
Mbps did not further reduce the effective bandwidth usage, making
0.5 Mbps the optimal choice for maximum bandwidth savings. For
efficient mesh compression, the extracted partial mesh was divided into
8 chunks to match the number of performance CPU cores. Proactive
scene extractions were triggered every 15 input frames. All systems
use 8x8x8 voxel blocks.

Evaluation Scenarios. We evaluate two scenarios. The first compares
M3D and AdalLocal-CPU under different fidelity configurations to
establish a baseline for evaluating Ada. As introduced in Section 2, we
use three scene fidelity configurations—Ilow, medium, and high (Fig. 5a,
Fig. 5c, and Fig. 5d respectively)—which vary in input resolution,
frame rate, and voxel size. The three configurations allow us to evaluate
the latency—scene fidelity trade-offs across different fidelity settings
and analyze latency and power consumption within each configuration.
For a fair comparison, M3D and AdaLocal-CPU are evaluated without
background rendering, so that neither uses the GPU.

The second scenario evaluates Ada, AdaLocal-GPU, and Adal.ocal-
CPU under a more realistic workload, where scene provisioning co-
runs with a GPU-intensive local task. Ada and AdalLocal-GPU are
optimized for low latency, while Adal.ocal-CPU serves as a single-
threaded CPU baseline. All three systems are evaluated using the high
fidelity configuration.

We selected a local rendering task as the co-running XR workload,
inspired by recent work on offloading rendering [37], for two reasons.
First, rendering is a common, GPU-intensive task in XR applications,
making it a representative stressor to evaluate Ada’s distributed design,
which offloads volumetric fusion and scene extraction to the server,
freeing on-device GPU resources. Second, both academic and industry
trends are increasingly adopting offloading-based solutions [37,39,59].
Evaluating Ada in this context demonstrates its practical relevance.
Our rendering task produces a 2K image with 10 dynamic objects—
matching the maximum object count in [37], and targets a 90 FPS frame
rate, consistent with the refresh rate of commercial XR devices [48].
Datasets. We use sequences from the ScanNet dataset [13], which
contains real-world indoor scenes. For the high fidelity configuration,
we use the original 640x480 resolution at 30 FPS. For the low fidelity



configuration, we downscale depth to 256x192 and subsample frames
to 5 FPS. The medium fidelity configuration uses the same resolution
and frame rate as the low fidelity setup but sets the voxel size used in
volumetric fusion to 2cm instead of 6¢cm.

Evaluation Metrics. We use scene update latency as our latency
metric, defined as the time required to perform volumetric fusion, scene
extraction, and scene management. This conservative metric estimates
the longest possible scene request latency—assuming a request arrives
just as volumetric fusion begins and must wait for the entire pipeline to
complete. We report scene update latency only at input frames where
the full pipeline runs: every frame for M3D and AdaLocal-CPU, and at
proactive extraction intervals for Ada, Adal.ocal-GPU, and AdaLocal-
CPU.

For power measurements, we use Jetson’s tegrastats utility [61],
sampling at 10ms intervals. Tegrastats monitors power consumption
across various subsystems, including the CPU+CV, GPU+SoC (in-
cluding hardware codecs), DDR, and SYS (display ports, storage, and
1/0) [26,60]. We compute total power by summing these components.
Due to high idle power on the Jetson (especially GPU+SoC & SYS),
even substantial execution-related differences between systems appear
small when expressed as a fraction of total power. To isolate the effect
of scene provisioning, we report incremental power: the additional
power consumed by scene provisioning compared to the minimum
power required to sustain the local rendering workload at 90 FPS when
running alone.

We evaluate the fidelity of the served scene using the F-score metric,
which measures mesh accuracy and completeness based on specified
distance thresholds (2cm and 5cm). These thresholds indicate how
closely a reconstructed mesh vertex must match a corresponding ver-
tex in the reference mesh to be considered correct. They differ from
voxel sizes (e.g., 2cm or 6cm voxels), which determine reconstruction
granularity. Following standard practice [23,69,72,81], we compare
Ada and Adal.ocal-GPU against full meshes extracted from an un-
modified version of InfiniTAM, with full scene extraction triggered to
match Ada’s proactive extraction schedule. These full (vs. incremental)
meshes serve as an upper bound on scene fidelity under the constraints
of the underlying reconstruction algorithm. Fidelity is not evaluated
for AdaLocal-CPU and M3D since these systems were not designed to
support high-fidelity scene reconstruction.

Each data sequence is evaluated at least three times, and we report
the average. Latency is reported in both scenarios.

6 RESULTS

6.1 M3D vs. AdaLocal-CPU

We first compare M3D with Adal.ocal-CPU to establish an appropriate
baseline for evaluating Ada.
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Fig. 10: Scene update latency for M3D and AdalLocal-CPU for different
fidelity configurations.

Figure 10 shows the scene update latencies over time incurred by
M3D and AdaLocal-CPU at different fidelity configurations. It shows
that at low fidelity, M3D incurs an average latency of 22.4ms (consistent
with the original paper [82]). However, this low latency comes at the
cost of scene fidelity (Fig. 5a). At medium fidelity, however, M3D
latency is much higher — it starts at about an order of magnitude higher
than the low fidelity case (174.2 ms vs. 15.6 ms) and increases by over
3x across the length of our experiment. We omit high fidelity M3D
latency (which is even higher than the medium fidelity) to limit the
Y-axis range for greater clarity. In contrast, AdaLocal-CPU at high

fidelity maintains a stable average latency of 89.6ms. For clarity, we do
not plot AdaLocal-CPU latencies at low or medium fidelity since those
are only lower and do not add further insight (for reference, at low
fidelity, the average latency is 21.2ms). Compared to M3D at medium
fidelity, AdaLocal-CPU at high fidelity sees a factor of 6.8x lower
latency by the end of our experiment and 4.8x lower on average. Our
detailed experiments (omitted for space) show that all latency related
optimizations in AdaLocal-CPU contribute to the reduction of latency
relative to M3D.

Takeaway: M3D faces a steep trade off between fidelity and latency—
even the medium fidelity configuration sees latencies above 600 ms. In
contrast, AdaLocal-CPU delivers higher-fidelity scenes at consistently
lower latency. The following sections therefore use Adal.ocal variants
at high fidelity as our baselines.

6.2 Evaluating Ada

Latency. Based on Sec. 6.1, we use AdalLocal-CPU and Adalocal-
GPU, both running at high fidelity configurations alongside a local
rendering task, as our baselines to evaluate Ada.
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Fig. 11: Scene update latency for Ada, AdalLocal-CPU, and
AdalLocal-GPU under high-fidelity configurations.

Figure 11 shows scene update latencies over time for AdalLocal-
CPU, Adalocal-GPU, and Ada. As previously shown in Sec. 6.1,
AdaLocal-CPU sees an average latency of 89.6ms. Adalocal-GPU
and Ada both roughly halve this latency, achieving averages of 41.7ms
and 45.9ms, respectively, largely due to using a GPU for fusion and
extraction. Latency remains stable across frames for all Ada-related
systems, indicating they maintain consistent performance even for high
fidelity configurations. Figure 11 also plots the extracted mesh size,
highlighting its correlation with scene update latency.

Ada achieves latency competitive with AdaLocal-GPU despite of-
floading computations to a remote server. The powerful server GPU ac-
celerates scene reconstruction and extraction, effectively compensating
for the additional latencies from mesh compression and decompression,
and the roughly 4ms network round-trip time (RTT). Such low RTT
is common in local networks, which are realistic for currently typical
XR deployments. Higher network RTT (e.g., as with wide-area net-
works) can be offset by upgrading server hardware—for instance, more
powerful GPUs can further reduce scene reconstruction and extraction
latency, and CPUs with higher core counts or clock frequencies can re-
duce mesh compression latency—helping maintain comparable overall
latency.

Crucially, Ada’s distributed design significantly reduces on-device
power consumption (described next) and frees GPU resources on the
device, benefiting other latency-sensitive XR tasks.
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Fig. 12: Device system power (left) and incremental power from scene
provisioning (right) for high fidelity configurations.

Power. Figure 12 shows device-side power measurements. The left
panel reports power during local rendering alone, while the right panel



shows the incremental power from adding scene provisioning. Com-
pared to Adal.ocal-GPU, Ada reduces incremental power by 0.62W
(24% lower). This is primarily due to AdaLocal-GPU using the GPU
for on-device volumetric fusion and scene extraction, which raises
GPU+SoC power by 0.80W. In contrast, Ada offloads these tasks to
the server and performs only lightweight operations—such as decom-
pression and scene management—on the device. Ada does incur a
small increase (0.19W) in CPU+CV power due to mesh decompression,
but overall power is still significantly lower. There is also a slight in-
crease in power due to encoding and transmission of depth images and
poses. The encoder power is included in the GPU+SoC rail, slightly
reducing the net GPU power savings. Jetson does not provide iso-
lated Wi-Fi power measurements, and official documentation does not
clearly specify which rail includes Wi-Fi power consumption. Nev-
ertheless, our reported total device power shows that power savings
from computation offloading outweigh the additional costs of encoding
and wireless transmission. Furthermore, transmitted depth data and
pose data could potentially be reused by other offloaded components,
potentially amortizing the transmission and encoding power overhead
across XR subsystems.
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Fig. 13: F-scores (0.02m/0.05m thresholds) for Ada and AdalLocal-GPU
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Scene Fidelity. Figure 13 compares the scene (mesh) fidelity of Ada
and AdalLocal-GPU against fully (vs. incrementally) extracted meshes
by InfiniTAM, using F-score at 2cm and Scm thresholds (Section 5).

AdaLocal-GPU achieves an average F-score of 1.0 under both thresh-
olds, indicating that its incrementally built meshes are identical to the
reference, which are extracted in a single pass without incremental up-
dates. This validates the correctness of our scene provisioning design.
Ada achieves slightly lower but still high average F-scores of 0.971
(2cm) and 0.998 (Scm), despite aggressive compression. This minor
F-score drop stems from depth encoding and mesh compression. Our
encoding strategy applies lossy compression to the least significant byte
of each depth pixel. Still, even at a total upload bandwidth of 2.2 Mbps
(1.7 Mbps for lossless MSB and 0.5 Mbps for lossy LSB encoding),
Ada maintains high-fidelity reconstructions.

We also compared our depth encoding strategy against alternative
depth encoding methods from prior work, as summarized in Tab. 2.
These alternative methods typically reduce depth-image precision by
converting 16-bit depth images first to an 8-bit format (RGB, YUV, or
HSV), followed by standard encoding methods. In contrast, Ada splits
depth into lossless and lossy 8-bit segments, significantly reducing
image distortion. As shown, Ada achieves the lowest image distortion
(highest PSNR) among all evaluated methods, measured directly against
reference depth images.

Encoding Path PSNR (dB) Encoding Path PSNR (dB)
16-bit — 8-bit D — 8-bit RGB 56.3 16-bit — 8-bit D — 8-bit YUV 59.0
(e.g.. RGB/BGR) [21] (e.g.. NV12/Y444) [40]
16-bit D — HSV — RGB [70] 61.0 Ada (Efficient Encoding) 70.0

Table 2: PSNR comparison of depth encoding methods. Arrows indicate
format conversion paths applied to depth images (D) before encoding.
PSNR is computed by comparing decoded depth images directly against
reference depth images.

Takeaway. Ada achieves low and consistent latency under high fi-
delity configurations, outperforming Adal.ocal-CPU and matching

3 AdaLocal-CPU also achieves perfect F-scores under both thresholds, as it
shares the same reconstruction, extraction, and management.

AdaLocal-GPU without using the on-device GPU. By offloading
compute-intensive tasks, Ada reduces device power, making it well-
suited for energy-constrained XR devices. Further, Ada delivers high-
fidelity meshes that closely match the reference.

7 EXPLORING THE ADA CONFIGURATION SPACE

Beyond traditional tuning options such as CPU frequencies and core
usage, Ada introduces a unique set of tuning parameters, categorized
into two areas: (1) those affecting reconstruction accuracy and (2) those
influencing scene update latency and power. These extra controls allow
system designers to tune between scene fidelity, latency, and power
consumption, enabling Ada to be optimized for varying XR workloads.
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Fig. 14: Impact of LSB bitrate on F-score.

Ada exposes the LSB encoding bitrate as a tuning knob to adjust re-
construction accuracy. Figure 14 shows average F-Score under different
LSB bitrates in the high fidelity configuration, compared to full meshes
from InfiniTAM. Increasing the LSB bitrate improves F-score, reach-
ing near-identical fidelity (=0.995) at 10 Mbps. The MSB bandwidth
remains stable around 1.7 Mbps.

Ada also provides tuning parameters for optimizing scene update,
including the frequency of proactive scene extraction, compression par-
allelism, scene fidelity, and allocated network bandwidth for scene pro-
visioning. Figure 15 highlights key trade-offs by showing latency and
power impacts when varying each parameter individually while keep-
ing all others constant. Specifically, increasing extraction frequency
or compression parallelism reduces latency but increases power; using
larger voxels reduces both latency and power at the cost of fidelity; and
lowering bandwidth caps increases latency, though the power impact
remains modest due to efficient encoding.

Figure 15 also includes a standalone "Jointly Tuned lcm Voxel
Configuration" data point, illustrating a configuration that simultane-
ously tunes multiple parameters—including a smaller voxel size (1cm)
and increased compression parallelism (12T/12T)—to reduce latency
compared to adjusting voxel size alone, albeit at increased power cost.
Broadly, allocating more compute or network capacity reduces latency
but raises power, while supplying higher-fidelity scenes tends to in-
crease both. With appropriate tuning, Ada can achieve specific targets
such as around 20ms scene update latency, up to 3W device-side power
savings (going from Jointly Tuned 1cm to Baseline), acceptable real-
time performance under 10 Mbps bandwidth in both directions (below
the 250ms threshold recommended for interactive spatial computing
applications such as telepresence [38]), or supporting ultra-high-fidelity
lcm meshes, the latter typically feasible only in offline systems [32].

—
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1cm Voxel Config(12.5W)

Comparison Baseline:
15Frame/Update
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=
o
o
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Fig. 15: Effect of tuning Ada’s scene-update-related parameters on
latency and power consumption.



8 RELATED WORK

Several works [21,36,40,64] optimize real-time scene provisioning for
specific applications but rely on task-specific techniques that limit gen-
eralizability. Among them, [21,40, 64] adopt distributed designs: [40]
separates static and dynamic facial components for teleconferencing,
while [21, 64] use foreground segmentation to isolate regions of inter-
est. Both [21,40] compress depth by quantizing 16-bit depth to 8-bit
color formats—a strategy we show significantly reduce the precision
of decoded depth images. In contrast, our method retains substan-
tially higher depth precision. CHISEL [36] performs extraction lazily,
extracting geometry only for voxel blocks that are both visible and
recently updated. This frustum-driven strategy suits local rendering
but yields incomplete coverage and inconsistent, potentially redundant
mesh topology—Ilimiting its suitability for applications that need a
more complete mesh. Mobile3DRecon (M3D) [82] is the closest prior
system, targeting general-purpose scene provisioning on mobile de-
vices. We have implemented it and evaluated it thoroughly, showing
that at medium fidelity configuration, M3D has far higher latency than
AdaLocal-CPU in high fidelity configuration, establishing a new base-
line for efficient on-device scene provisioning. Ada further reduces
power without compromising latency or fidelity (the M3D paper did
not evaluate power).

9 LESSONS LEARNED & FUTURE DIRECTIONS

Lessons Learned. (1) End-to-end thinking enables holistic opti-
mization. Focusing on individual components in a system can overlook
broader opportunities. By analyzing how scenes are generated to used—
from sensing to application use—we identified many optimization
opportunities such as reusable voxel block coordinates to enable ef-
ficient scene management. (2) Cross-layer co-design exposes new
efficiencies. While our depth encoding could be implemented purely in
software, doing so would be inefficient and would miss opportunities to
leverage hardware capabilities. By co-designing the encoding method
with available hardware and aligning with their strengths, we achieve a
more efficient solution.

Future Directions. Ada opens several promising avenues for further
research. First, one could study how many bits within the MSB require
lossless encoding to preserve reconstruction fidelity. Insights from this
study could guide the design of dedicated depth-aware hardware en-
coders, enabling higher compression efficiency. Second, since extracted
mesh size directly influences scene update latency, smarter proactive
extraction strategies could further reduce latency variations. Third,
although Ada considers classical voxel-based reconstruction techniques
and meshes, a rich direction for future work is to adapt the techniques
in Ada for recent neural methods and alternate scene representations.
Finally, our Ada implementation currently assumes a single device per
server, simplifying deployment. Scaling the server to support multiple
devices requires addressing GPU contention and multi-tenant GPU
scheduling. These are currently fertile areas of research and orthogonal
to the innovations in Ada.

10 CONCLUSION

We presented Ada, the first distributed, power-aware, real-time scene
provisioning system for XR that supports high-fidelity scene. AdaLocal-
CPU, our CPU-only on-device variant, achieves up to 6.8x lower scene
update latency than the prior state-of-the-art while delivering higher-
fidelity scenes. Ada matches the 2x speedup of AdaLocal-GPU over
AdaLocal-CPU at 24% lower incremental power and comparable scene
fidelity, demonstrating the benefits of offloading. Lastly, Ada exposes
tunable parameters to balance latency, power, scene fidelity, and band-
width, making it suitable for diverse XR workloads.
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