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ABSTRACT

As we enter the era of domain-specific architectures, systems researchers must understand

the requirements of emerging application domains. Augmented and virtual reality (AR/VR)

or extended reality (XR) is one such important domain that can propel new directions in

architecture and systems research, as well as have a profound impact on all aspects of human

endeavours. Thus far, conducting end-to-end systems research in XR, and consequently,

developing principled design methodologies, has remained a challenge due to a lack of open-

source benchmarks and systems. To address this challenge, this thesis develops a novel

open-source XR research testbed, proposes several design principles for optimizing the power

consumption of XR systems, and demonstrates the efficacy of these design principles in

optimizing key XR components.

First, we present ILLIXR, Illinois Extended Reality Testbed, the first fully open-source

end-to-end XR system with state-of-the-art components, integrated with a modular and

extensible multithreaded runtime, providing an OpenXR compliant interface to XR appli-

cations (e.g., game engines), and with the ability to report (and trade off) several quality of

experience (QoE) metrics.

Next, we analyze performance, power, and QoE metrics for the complete ILLIXR system

and for its individual components, the first such analysis to be publicly available. Our

analysis reveals several properties with implications for architecture and systems research.

These include demanding performance, power, and QoE requirements, a large diversity of

critical tasks, inter-dependent execution pipelines with challenges in scheduling and resource

management, and a large tradeoff space between performance/power and human perception

related QoE metrics.

We then explore several broadly applicable design principles for optimizing the power con-

sumption of XR systems. We demonstrate the use of distributed on-sensor computing for

optimizing head tracking, which reduces VIO subsystem power by 1.3× compared to a cen-

tralized baseline. We employ another principle, online frequency control, to optimize scene

reconstruction by reducing its frequency, resulting in a 4.9× reduction in power compared

to a state-of-the-art baseline. We further reduce the power consumption of scene reconstruc-

tion by using scalable hardware mapping, which results in an overall power reduction of

128×–270× compared to an embedded GPU. The end-to-end nature of ILLIXR has enabled

research in compute offload, new networking technologies, QoE-driven cross-component ap-

proximate computing, QoE-driven scheduling, and automatic accelerator detection.
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Overall, this thesis presents the research community with a unique testbed that enables

architecture and systems research in XR in particular, and domain-specific systems in gen-

eral. It presents a characterization of the testbed, providing researchers a starting point

for conducting XR research. It also presents several generally applicable design principles

for optimizing power, and demonstrates their use in optimizing head tracking and scene

reconstruction.
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CHAPTER 1: INTRODUCTION

Recent years have seen the convergence of multiple disruptive trends to fundamentally

change computer systems: (1) With the end of Dennard scaling and Moore’s law, application-

driven specialization has emerged as a key architectural technique to meet the requirements

of emerging applications, (2) computing and data availability have reached an inflection

point that is enabling a number of new application domains, and (3) these applications are

increasingly deployed on resource-constrained edge devices, where they interface directly

with the end-user and the physical world.

To truly achieve the promise of efficient edge computing, however, will require architects

and system designers to broaden their portfolio from specialization for individual accelerators

to understanding domain-specific systems. Such systems may consist of multiple interact-

ing sub-domains, requiring multiple accelerators that interact with each other in myriad

ways to collectively meet end-user demands and quality of experience (QoE) metrics. Pro-

gramming languages and OS researchers must also grapple with the heterogeneity of such

domain-specific systems, developing scalable methods for compilation, scheduling, and re-

source management. Furthermore, it is likely that meeting the end-user quality demands

of such systems will require co-designing the hardware, compiler, and OS along with the

application [1, 2].

The emerging domain of virtual, augmented, and mixed reality, collectively referred to

as extended reality (XR),1 is a rich domain that can propel research needed for this era of

end-to-end quality-driven, resource-constrained, co-designed domain-specific edge systems.

This claim rests on the following observations:

(1) Pervasive: XR will pervade most aspects of our lives — it will affect the way we teach,

conduct science, practice medicine, entertain ourselves, train professionals, interact socially,

and more. Indeed, XR is envisioned to be the next interface for most of computing [3, 4, 5, 6].

(2) Challenging demands: While current XR systems exist today, they are far from providing

a tetherless experience approaching perceptual abilities of humans. There is a gap of several

orders of magnitude between what is needed and achievable in performance, power, and

usability, giving architects and system designers a potentially rich space to innovate.

(3) Multiple and diverse components: XR involves a number of diverse sub-domains — video,

graphics, computer vision, machine learning, optics, audio, and components of robotics —

making it challenging to design a system that executes each one well while respecting the

1Virtual reality (VR) immerses the user in a completely digital environment. Augmented Reality (AR)
enhances the user’s real world with overlaid digital content. Mixed reality (MR) goes beyond AR in enabling
the user to interact with virtual objects in their real world.
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resource constraints.

(4) Full-stack implications: The combination of real-time constraints, complex interacting

pipelines, and ever-changing algorithms creates a need for full stack optimizations involving

the hardware, compiler, operating system, and algorithm [2].

(5) Flexible accuracy for end-to-end user experience: The end user being a human with

limited perception enables a rich space of accuracy-aware resource trade-offs, but requires

the ability to quantify impact on end-to-end experience.

A key obstacle to architecture research for XR is that there are no open-source benchmarks

covering the entire XR workflow to drive such research. While there exist open source

codes for some individual components of the XR workflow (typically developed by domain

researchers), there is no integrated suite that enables researching an XR system. This is

due to two reasons. First, developing an XR system requires expertise in a large number

of sub-domains, such as graphics, computer vision, optics, audio, and video, among others,

making it difficult to build a system.

Second, until recently, commercial XR devices had proprietary interfaces. For example,

the interface between an Oculus head mounted device (HMD) system or runtime and the

Unity or Unreal game engines that run on the HMD has been closed as are the interfaces

between the different components within the HMD runtime. Consequently, an XR runtime

developer would have had to devise their own custom application programming interface

(API), and then implement calls to that API in each game engine or application that they

had wished to use. While possible in theory, this approach was not scalable due to both the

upfront and ongoing engineering effort required.

OpenXR [7], an open standard, was released in July 2019 to partly address this problem

by providing a standard for XR device runtimes to interface with the applications that run

on them. OpenXR has seen widespread adoption by both XR runtime developers, including

Oculus, Microsoft, and Steam, and by game engine developers, such as Unity, Unreal, and

Godot. As a result, it is now possible to design an XR runtime that is compatible with

most applications by conforming to the OpenXR API . However, certain challenges remain

as OpenXR is still evolving and does not yet address the problem of interfaces between the

different components within an XR system.

In this thesis, we take the first step towards enabling researchers and system designers

to perform end-to-end systems research in XR by developing ILLIXR—Illinois Extended

Reality Testbed—the first open-source XR runtime. In contrast with previous and existing

efforts, such as Monado [8], ILLIXR is end-to-end, OpenXR-compatible, and modular, with

well-defined interfaces, making it well-suited for research, development, and benchmarking.

Next, we use ILLIXR to perform the first publicly available analysis of a full XR system and

2



its constituent components, giving researchers insights and directions for future research.

Finally, we show that optimizing XR systems will require the application of a multitude of

broadly applicable design principles, with each principle potentially working for a family of

components which share certain properties. The space of these design principles is vast, and

in this thesis we focus on three such principles.

The first design principle that we demonstrate is distributed on-sensor computing, which

we use to optimize the power consumption of head tracking. The second principle that we

demonstrate is online frequency control, which we use to reduce the power consumption

of scene reconstruction. The third and final principle we demonstrate is scalable hardware

mapping, which we apply to scene reconstruction to further reduce its power consumption.

Other possible principles include compute offload and cross-component approximate comput-

ing, both of which we explore in follow-on work, and summarize in Sections 1.7.1 and 1.7.2,

respectively. The contributions of this thesis are summarized below.

1.1 A FULL-SYSTEM TESTBED FOR EXTENDED REALITY

To enable researchers to conduct end-to-end XR systems research, we develop ILLIXR

(pronounced elixir)2, the Illinois Extended Reality Testbed [9, 10] in Chapter 2. ILLIXR

is the first open-source XR full-system testbed, consisting of (i) a representative XR work-

flow with state-of-the-art components, (ii) integrated with a modular and extensible multi-

threaded runtime, (iii) providing an OpenXR compliant interface to XR applications (e.g.,

game engines), and (iv) with the ability to report (and trade off) several QoE metrics.

The ILLIXR components represent the sub-domains of robotics (Visual-Inertial Odometry

or SLAM), computer vision (scene reconstruction), machine learning (eye tracking), image

processing (camera), graphics (asynchronous reprojection), optics (lens distortion and chro-

matic aberration correction), audio (3D audio encoding and decoding), and displays (com-

putational holography). We have open sourced ILLIXR,3 and formed an industry-backed

consortium to make ILLIXR a reference research testbed for the community.4 We discuss in

Section 1.7 how it is being used by others inside and outside Illinois.

2Samuel Grayson led the design and implementation of the runtime architecture.
3https://illixr.github.io
4https://illixr.org
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1.2 ANALYSIS OF A FULL XR SYSTEM

We analyze performance, power, and QoE metrics for ILLIXR at the system level on

desktop and embedded class machines with CPUs and GPUs, driven by a game engine

running representative VR and AR applications [9, 10] in Chapter 3. This is the first such

published analysis of its kind. We show that 1) current systems are far from the needs of

future devices, 2) no single component dominates all metrics of interest (performance and

QoE), 3) SoC and system logic, including data movement for displays and sensors is a major

component of total power, and 4) most components exhibit significant variability in per-

frame execution time due to input-dependence or resource contention. These findings make

the case for specializing the system as a whole via software-hardware co-design.

1.3 CHARACTERIZATION OF XR COMPONENTS

In addition to performing a system-level analysis of ILLIXR, we also analyze each in-

dividual component of ILLIXR [9, 10] in Chapter 4. We show that XR components are

quite diverse in their use of CPU, GPU compute, and GPU graphics, and exhibit a range

of IPC and system bottlenecks. Analyzing their compute and memory characteristics, we

find a variety of patterns and subtasks, with none dominating. The number and diversity

of these patterns poses a research question for the granularity at which accelerators should

be designed and whether and how they should be shared among different components. We

summarize our approach for hardware reuse in Section 1.6.

These observations also motivate research in automated tools to identify acceleratable

primitives, efficient on-chip memory hierarchies for connecting accelerators together, archi-

tectures for communication between accelerators, and accelerator software interfaces and

programming models. We discuss a tool that aims to automate acceleration identification

in Section 1.7.4 and Section 9.5. We discuss work on accelerator communication interfaces

driven by ILLIXR in Section 9.7.

1.4 DISTRIBUTED ON-SENSOR COMPUTING

XR device manufacturers increasingly employ four or more cameras to improve tracking

accuracy [11], which causes the power consumption of I/O between the cameras and System-

on-Chip (SoC) to become a non-trivial percentage of total system power. The system-level

power analysis of ILLIXR in Chapter 3 corroborates this by showing I/O power to be a

significant contributor to total system power. One technique for reducing I/O power is on-
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sensor computing, whereby a part or whole of a computation is performed on the sensor

itself to reduce communication between the sensor and the SoC.

In Chapter 5, we demonstrate the use of distributed on-sensor computing to optimize

the power consumption of head tracking. We choose head tracking for two reasons. First,

the system-level analysis of ILLIXR in Chapter 3 showed head tracking to be a significant

consumer of overall CPU cycles and, thus, system power. Second, head tracking, typically

performed via Visual-Inertial Odometry (VIO), is of paramount importance in XR; the

computations that are performed, the contents of the display, and the sounds played back

by the speakers are all dependent on it.

We develop a new architecture for VIO that uses distributed on-sensor computing to

reduce I/O power [12, 13]. Our design caches parts of the camera images, called image

patches, within the image sensors themselves, and uses a centralized directory to coordinate

the transfer of image patches between sensors. As a result, it reduces I/O power by 37× and

overall VIO subsystem power by 1.3×. Importantly, the general principle of sensor-compute

partitioning can be extended to other components of an XR system which possess similar

image processing characteristics as VIO, and has since been demonstrated in the context

of eye tracking [14] and hand tracking [15]. Furthermore, our design has implications for

security and privacy, as it prevents raw images from leaving the image sensors, and for the

physical design of the wearable device, as a distributed design may afford more flexibility in

terms of sensor and wire placement.

1.5 ONLINE FREQUENCY CONTROL

A second principle for reducing the power consumption of both the sensors and the com-

ponents driven by them is online frequency control. If a particular component is flexible

in terms of the frequency of its execution, this flexibility can be leveraged by a QoE-aware

scheduler to run the component as infrequently as possible while maintaining acceptable

quality. By operating at a lower frequency and performing less work altogether, significant

power savings can be achieved. Furthermore, the frequency of the sensor driving the com-

ponent can be also reduced, reducing both sensor and I/O power. In Chapter 6, we show

that scene reconstruction, a key enabling technology for augmented and mixed reality, is

amenable to running at different frequencies, and design an online controller that chooses its

operation frequency in real-time, reducing average power by 4.9× compared to a constant

frequency baseline [16]. We summarize results for extending online frequency control to

other parts of the system in Section 1.7.3.
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1.6 SCALABLE HARDWARE MAPPING

Hardware specialization is often necessary in order to achieve milliwatt-scale operation.

However, our component analysis from Chapter 4 suggests that it is infeasible to build

a unique accelerator for each task of each component. Thus, we explore scalable hardware

mapping as a third design principle to optimize system power in Chapter 7. We approach the

problem of hardware specialization by carefully balancing the use of existing hardware blocks

with the design of new ones. We map one task of scene reconstruction to an Image Signal

Processor (ISP), another to a Digital Signal Processor (DSP), and design an accelerator

for the third, most expensive task. Combined with online frequency control, our hardware

mapping brings scene reconstruction subsystem power in the 10mW domain, two orders of

magnitude lower than an embedded GPU. In Section 1.7.4, we summarize results for a tool

that automatically finds acceleration candidates, and in the future aims to extend scalable

hardware mapping to other parts of the system.

1.7 RESEARCH PROJECTS USING ILLIXR

Finally, we highlight various projects using or planning on using ILLIXR to demonstrate

the impact that ILLIXR has already had on the research community over a short period of

time. We collaborated on several of these projects, but they were led by others, and are thus

not included as separate chapters in this thesis.

1.7.1 Compute Offload

There are several optimization techniques that simply cannot be explored without the

ability to modify the internals of an XR runtime and/or without an end-to-end system.

With ILLIXR, exploring these research directions becomes possible. One such technique is

offloading compute to an edge or cloud server. Our analysis of the pose estimation pipeline

of ILLIXR showed that one (cheap) stage of the pipeline could compensate for latency in

another (expensive) stage. Inspired by this finding, we offload the expensive stage to a

server on the AWS cloud over WiFi, 4G, and 5G [17]. By doing so, we reduce CPU power

by 2.5× and total system power by 1.3×, while maintaining an acceptable QoE. In contrast

to accelerating pose estimation in hardware, this approach maintains algorithmic flexibility.

Importantly, it is a general design principle, and can be applied to other components of the

system as well, such as scene reconstruction and rendering.
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1.7.2 QoE-aware Cross-Component Approximate Computing

Another end-to-end design principle that we explore using ILLIXR is QoE-aware cross-

component approximate computing, where errors in one component can be ameliorated in

another component. We explore the power, performance, and quality tradeoffs involved in

implementing eye-tracked foveated rendering [18]. By approximating the eye tracker and

compensating for its errors in the foveated renderer, we are able to improve the energy-

efficiency of eye tracking by 20× and of foveated rendering by 1.7× compared to baseline

implementations, while maintaining QoE.

1.7.3 QoE-aware Scheduling

Extending the idea of online frequency control to the entire end-to-end system, we use

ILLIXR to perform QoE-aware scheduling of multiple components together within the run-

time. We design a scheduling framework, Catan [19, 20], that takes as input an end-to-end

QoE target and a list of components, and both determines their frequencies and allocates

CPUs and CPU time to them. Using Catan, we are able to maintain an acceptable QoE

when running a subset of ILLIXR on a CPU with just one core.

1.7.4 Automated Accelerator Selection

Similarly, we extend scalable hardware mapping to the entire end-to-end system. In

the first step towards that direction, we develop Trireme [21], an automated design space

exploration tool that extends AccelSeeker [22] to leverage the parallelism exposed by the

HPVM IR [23] to determine which tasks of a component to accelerate. When applied to the

audio pipeline of ILLIXR, it generates hardware which improves performance by 12×–18×
compared to a software baseline. In the future, Trireme can be extended to automatically

identify common compute primitives across tasks and components, as we did manually in

Chapter 7.

1.7.5 Wider Adoption

ILLIXR is already starting to see adoption in both academia and industry. In addition

to the aforementioned research projects, ILLIXR is being used to design novel accelerator

communication interfaces, and has been used for eye-tracked holography [24]. We have also
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formed an industry-backed consortium on the basis of ILLIXR.5 The goal of the consortium

is to democratize XR research, development, and benchmarking, and provide a reference re-

search testbed to the community. Companies such as Arm, Cisco, IBM, Intel, Meta, Micron,

and NVIDIA are either members of the consortium or are using or funding ILLIXR for re-

search in network technologies for compute offload, SoC design, mixed reality pipelines, and

graphics. Finally, ILLIXR has to led to a $ 1M NSF Computer and Information Science and

Engineering (CISE) Community Research Infrastructure grant [25], which aims to expand

the scope of ILLIXR, and make it a community research infrastructure readily accessible

and usable by the wider CISE research community.

5https://illixr.org
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CHAPTER 2: ILLIXR: FIRST OPEN-SOURCE EXTENDED REALITY
TESTBED

As we move from the era of general-purpose, homogeneous cores on chip to domain-

specific, heterogeneous system-on-chip architectures, benchmarks need to follow the same

trajectory. While previous benchmarks comprising of suites of independent applications

(e.g., Parsec [26], Rodinia [27], SPEC [28, 29], SPLASH [30, 31, 32], and more) sufficed

to evaluate general-purpose single- and multicore architectures, there is now a need for

a full-system-benchmark methodology, better viewed as a full system testbed, to design and

evaluate system-on-chip architectures. Such a methodology must bring together the diversity

of components that will interact with each other in the domain-specific system and also be

flexible and extensible to accept future new components.

An XR full-system-benchmark or testbed will continue to enable traditional research for

accelerating a given XR component with conventional metrics such as power, performance,

and area for that component, but will additionally allow evaluations for the end-to-end

impact on the system. More importantly, the integrated system will enable new research

that co-designs acceleration of its multiple, diverse, and demanding components across the

full stack, driven by end-to-end user experience.

To that end, we develop ILLIXR (Illinois Extended Reality Testbed), the first open-source

XR full-system testbed [9] in this chapter. There were two challenges in the development of

ILLIXR. First, ILLIXR required expertise in a large number of sub-domains (e.g., robotics,

computer vision, graphics, optics, and audio). We consulted with many academic and indus-

try experts in these sub-domains and XR systems. Through these discussions, we identified

a representative XR workflow with state-of-the-art algorithms and open source codes for its

constituent components, which we integrated into the ILLIXR testbed. ILLIXR has now

been vetted through presentations to several XR industry and academic groups and events

(e.g., [33]) and is the basis of an industry-backed consortium to enable XR research and

standardize XR systems benchmarking [34].

Second, until recently, commercial XR devices had proprietary interfaces. For example,

the interface between an Oculus head mounted device (HMD) runtime and the Unity or

Unreal game engines that run on the HMD has been closed as are the interfaces between the

different components within the HMD runtime. OpenXR [7], an open standard, was released

in July 2019 to partly address this problem by providing a standard for XR device runtimes

to interface with the applications that run on them. ILLIXR leverages Monado [8], an

open implementation of OpenXR, to provide an OpenXR compliant XR system. However,

OpenXR is still evolving, it does not address the problem of interfaces between the different
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components within an XR system, and there were limited OpenXR compliant applications

(e.g., game engines and games) during the development of ILLIXR. Nevertheless, we are able

to report results with sophisticated applications running on ILLIXR, and the rapidly growing

popularity of OpenXR opens up a rich space of applications that ILLIXR can support to

drive future research.

2.1 XR REQUIREMENTS AND METRICS

Table 2.1: Ideal requirements of VR and AR vs. state-of-the-art devices, Varjo VR-3 for VR
and Microsoft HoloLens 2 for AR. VR devices are typically larger and so afford more power
and thermal headroom. The Varjo VR-3 offloads most of its work to an attached server, so
its power and area values are not meaningful. The ideal case requirements for power, area,
and weight are based on current devices which are considered close to ideal in these (but not
other) respects – Snapdragon 835 [35] in the Oculus Quest VR headset and APQ8009w [36]
in the North Focals small AR glasses. The average power budget for consumer AR glasses is
approximately 500 mW [37]. Assuming a 400 mW display [38, 39], all the components must
run in 100 mW or less.

Metric Varjo VR-3 Ideal VR Microsoft Ideal AR
[40] [41, 42] HoloLens 2 [37, 41, 42]

Resolution (MPixels) 15.7 200 4.4 [43] 200
115 Full: 52 diagonal Full:

Field-of-view 165×175 [44, 45] 165×175
(Degrees) Stereo: Stereo:

120×135 120×135
Refresh rate (Hz) 90 90 – 144 120 [46] 90 – 144
Motion-to-photon < 20 < 20 < 9 [47] < 5

latency (ms)
Power (W) N/A 1 – 2 > 7 [48, 49, 50] 0.1 – 0.2

Silicon area (mm2) N/A 100 – 200 > 173 [48, 51] < 100
Weight (grams) 944 100 – 200 566 [43] 10s

XR requires devices that are lightweight, mobile, and all day wearable, and provide suffi-

cient compute at low thermals and energy consumption to support a high quality of expe-

rience (QoE). Table 2.1 summarizes values for various system-level quality related metrics

for current state-of-the-art XR devices and the aspiration for ideal futuristic devices. These

requirements are driven by both human anatomy and usage considerations; e.g., ultra-high

performance to emulate the real world, extreme thermal constraints due to contact with

human skin, and light weight for comfort. Thermal constraints limit instantaneous power
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to approximately 1W [52], and battery constraints limit average power to approximately

500mW [37].

We identified the values of the various aspirational metrics through an extensive survey

of the literature [3, 41, 53]. Although there is no consensus on exact figures, there is an

evolving consensus on approximate values that shows orders of magnitude difference between

the requirements of future devices and what is implemented today (making the exact values

less important for our purpose). For example, the AR power gap alone is two orders of

magnitude. Coupled with the other gaps (e.g., two orders of magnitude for resolution), the

overall system gap is many orders of magnitude across all metrics.

2.2 THE ILLIXR SYSTEM

Figure 2.1 presents the ILLIXR system. ILLIXR captures components that belong to an

XR runtime such as Oculus VR (OVR) and are shipped with an XR headset. Applications,

often built using a game engine, are separate from the XR system or runtime, and interface

with it using the runtime’s API. For example, a game developed on the Unity game engine

for an Oculus headset runs on top of OVR, querying information from OVR and submitting

rendered frames to it using the OVR API. Analogously, applications interface with ILLIXR

using the OpenXR API [7] (we leverage the OpenXR API implementation from Monado [8]).

Consequently, ILLIXR does not include components from the application, but captures

the performance impact of the application running on ILLIXR. We collectively refer to all

application-level tasks such as user input handling, scene simulation, physics, rendering, etc.

as “application” in the rest of this thesis.

As shown in Figure 2.1, ILLIXR’s workflow consists of three pipelines – perception, visual,

and audio – each containing several components and interacting with each other through

the ILLIXR communication interface and runtime. Figure 2.2 illustrates these interactions

– the left side presents a timeline for an ideal schedule for the different components and

the right side shows the dependencies between the different components (enforced by the

ILLIXR runtime). We distilled this workflow from multiple sources that describe different

parts of a typical VR, AR, or MR pipeline, including conversations with several experts from

academia and industry.

ILLIXR represents a state-of-the-art system capable of running typical XR applications

and providing an end-to-end XR user experience. Nevertheless, XR is an emerging and

evolving domain and no XR experimental testbed or commercial device can be construed as

complete in the traditional sense. Compared to specific commercial headsets today, ILLIXR

may miss a component (e.g., Oculus Quest 2 provides hand tracking) and/or it may have
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Figure 2.1: The ILLIXR system and its relation to XR applications, the OpenXR interface,
and mobile platforms.

additional or more advanced components (e.g., except for HoloLens 2, most current XR

systems do not have scene reconstruction). Further, while ILLIXR supports state-of-the-art

algorithms for its components, new algorithms are continuously evolving. ILLIXR therefore

supports a modular and extensible design that makes it relatively easy to swap and to add

new components.

The system presented here assumes all computation is done at the device (i.e., no of-

floading to the cloud, server, or other edge devices) and we assume a single user (i.e., no

communication with multiple XR devices). Thus, the workflow in this chapter does not

represent any network communication. We discuss cloud offloading and multiparty XR in

Section 9.1 and 9.9, respectively.

Sections 2.3– 2.5 next describe the three ILLIXR pipelines and their components, Sec-

tion 2.6 describes the modular runtime architecture that integrates these components, and

Section 2.7 describes the metrics and telemetry support in ILLIXR. Table 2.2 summarizes

the algorithm and implementation information for each component in the three pipelines.

ILLIXR already supports multiple, easily interchangeable alternatives for some components;

for lack of space, we pick one alternative, indicated by a * in the table, for detailed results

in this thesis.
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Figure 2.2: Interactions between ILLIXR components. The left part shows an ideal ILLIXR
execution schedule and the right part shows inter-component dependencies that the ILLIXR
scheduler must maintain (Section 2.6). Solid arrows are synchronous and dashed are asyn-
chronous dependencies.

2.3 PERCEPTION PIPELINE

The perception pipeline translates the user’s physical motion into information understand-

able to the rest of the system so it can render and play the new scene and sound for the

user’s new position.

2.3.1 Camera

Modern XR systems contain several different types of cameras to drive the perception

pipeline, including, but not limited to, stereo, RGB, and depth cameras. ILLIXR can work

with any commercial camera. We provide support for ZED Mini, Intel RealSense, and

DepthAI cameras. In this thesis, we use a ZED Mini [68] as it provides IMU readings, stereo

RGB images, and depth images all together with a simple API. The camera component first

asks the camera to obtain new stereo camera images and then copies these images into main

memory.

Cameras provide significant information about the user’s environment, but run at a rela-

tively low frequency (typically ≤ 30Hz), and are prone to errors from exposure and lighting

changes; e.g., outdoors and in dark environments.

2.3.2 IMU

To address the shortcomings of cameras, XR systems also contain one or more inertial

measurement units (IMUs). IMUs consist of an accelerometer and a gyroscope which mea-

13



Table 2.2: ILLIXR component algorithms and implementations. GLSL stands for OpenGL
Shading Language. * represents the implementation alternative for which we provide de-
tailed results.

Component Algorithm Implementation

Perception Pipeline

Camera ZED SDK* [54] C++
Camera DepthAI SDK [55] C++
Camera Intel RealSense SDK [56] C++
IMU ZED SDK* [54] C++
IMU DepthAI SDK [55] C++
IMU Intel RealSense SDK [56] C++
VIO OpenVINS* [57] C++
VIO ORB-SLAM3 [58] C++
VIO Kimera-VIO [59] C++
IMU Integrator RK4* [57] C++
IMU Integrator GTSAM [60] C++
Eye Tracking RITnet [61] C++, CUDA
Scene Reconstruction InfiniTAM* [62] C++, CUDA
Scene Reconstruction KinectFusion [63] C++, CUDA
Scene Reconstruction ElasticFusion [64] C++, CUDA, GLSL

Visual Pipeline

Reprojection VP-matrix reprojection w/ pose [65] C++, GLSL
Lens Distortion Mesh-based radial distortion [65] C++, GLSL
Chromatic Aberration Mesh-based radial distortion [65] C++, GLSL
Adaptive display Weighted Gerchberg–Saxton [66] CUDA

Audio Pipeline

Audio Encoding Ambisonic encoding [67] C++
Audio Playback Ambisonic manipulation,

binauralization [67]
C++

sure the user’s linear acceleration and angular velocity, respectively. Even though IMUs

provide less information than cameras, they run at a high frequency (typically ≥ 1 kHz) and

work in all conditions. Thus, cameras and IMUs work together synergistically by addressing

each other’s shortcomings.

ILLIXR’s IMU component queries the IMU at fixed intervals to obtain linear acceleration

from the accelerometer and angular velocity from the gyroscope. In addition to retrieving

the IMU values, this component converts the angular velocity from ° s−1 to rad s−1, and

timestamps the readings for use by other components, such as head tracking.
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2.3.3 Head Tracking

XR is an inherently egocentric domain, which necessitates knowing the position and ori-

entation of the user’s head, referred to as the six degrees of freedom or 6DOF pose, at all

times. The pose is typically obtained via Simultaneous Localization and Mapping (SLAM),

a technique that can track the user’s motion without the use of external markers in the

environment.

There are a large number of distinct algorithms that have been proposed for SLAM for

a variety of scenarios, including for robots, drones, and XR. The constraints, requirements,

and sensor inputs for different scenarios are different, leading to different optimal choices;

e.g., some scenarios only require odometry (enabling sparse algorithms) while others require

detailed scene reconstruction (favoring dense algorithms). A comprehensive overview of

SLAM can be found in the survey by Cadena et al. [69]. We optimize head tracking in

Chapter 5.

We support OpenVINS [70], Kimera-VIO [71], and ORB-SLAM3 [72] in ILLIXR. In this

thesis, we focus on OpenVINS as it has been shown to be more accurate than other popular

algorithms such as VINS-Mono, VINS-Fusion, and OKVIS [70]. OpenVINS uses feature

tracking and an MSCKF-based backend [73] to obtain the pose of the user. Both OpenVINS

and Kimera-VIO do not have mapping capabilities, and are therefore called Visual-Inertial

Odometry (VIO) algorithms, whereas ORB-SLAM3 is a full SLAM algorithm.

2.3.4 IMU Integrator

Head tracking only generates poses at the rate of the camera, which is typically low. To

obtain high speed estimates of the user’s pose, an IMU integrator integrates incoming IMU

samples from the IMU to obtain a relative pose and adds it to the head tracker’s latest

pose to obtain the current pose of the user. ILLIXR has two IMU integrators available:

one utilizes GTSAM to perform integration [74, 75] and the other uses RK4, inspired by

OpenVINS’ IMU integrator [70]. We use the RK4 integrator in this thesis.

2.3.5 Eye Tracking

Eye or gaze tracking enables several use cases in XR: foveated rendering, automatic display

calibration, and using gaze as an input modality. Foveated rendering [18] is a rendering

technique which leverages properties of the human visual system to render the the image at

full fidelity in the center of the user’s gaze, and at lower fidelity in the peripheral vision of the
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user to save time and energy. We discuss codesigning eye tracking and foveated rendering

in Section 9.3. Automatic display calibration adjusts the properties of the display based on

the location of the eyes relative to the display. Finally, gaze data can also be used to provide

inputs to the system, such as keystrokes, which is an important aspect of enabling XR for

handicapped people.

We use RITnet for eye-tracking [61] as it won the OpenEDS 2019 eye tracking challenge [76]

with an accuracy of 95.3%. RITnet is a deep neural network that combines U-Net [77] and

DenseNet [78]. The network takes as input a grayscale eye image and segments it into the

background, iris, sclera, and pupil. An ellipse fitting algorithm then uses the location of the

pupil to compute the center of the pupil and gaze direction.

2.3.6 Scene Reconstruction

Scene reconstruction enables both AR and MR applications by generating a 3D represen-

tation of the user’s environment. This 3D representation, usually shared with the application

as a mesh, can be used to generate realistic lighting, occlusion, and physics for virtual objects.

Scene reconstruction is typically performed by employing dense SLAM algorithms. As

with head tracking, there is a plethora of such algorithms, and they differ in how they

represent the environment (volume vs. surfaces), and how they organize the map (octrees,

hash tables, graphs, etc.). A more detailed survey appears in the work by Zollhöfer et al. [79].

We tackle scene reconstruction in Chapter 6.

ILLIXR supports InfiniTAM [80], KinectFusion [81], and ElasticFusion [82]. In this thesis,

we focus on InfiniTAM, which uses a volume-based map representation, and organizes it

using a hash table. In each frame, incoming color and depth data from the camera is used

to update the relevant parts of the volume in the map.

In general, scene reconstruction algorithms perform their own pose estimation using Itera-

tive Closest Point (ICP) [83]. However, in an XR system, the pose from the head tracker can

be reused [84, 85], which eliminates ICP and its associated pre-processing tasks, reducing

power and system utilization. Nonetheless, reusing pose in scene reconstruction is a non-

trivial task, as head tracking poses are usually not optimized for frame-to-frame consistency,

and result in expensive post hoc modifications to the 3D map [86]. Consequently, we take

ICP into account in our analysis of scene reconstruction in Chapter 4.
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2.4 VISUAL PIPELINE

The visual pipeline takes information about the user’s new pose from the perception

pipeline, the submitted frame from the application, and produces the final display using two

parts: asynchronous reprojection and display.

2.4.1 Asynchronous Reprojection

Asynchronous reprojection corrects the rendered image submitted by the application for

optical distortions and compensates for latency from the rendering process (which adds a lag

between the user’s movements and the delivery of the image to the user). The reprojection

component reprojects the latest available frame based on a prediction of the user’s movement,

resulting in less perceived latency. The prediction is performed by obtaining the latest pose

from the IMU integrator and extrapolating it to the display time of the image using a

constant acceleration model [87].6 Reprojection is also used to compensate for frames that

might otherwise be dropped because the application could not submit a frame on time to

the runtime. Reprojection is critical in XR applications, as any perceived latency causes

discomfort [88, 89, 90].

In addition to latency compensation, the reprojection component performs lens distortion

correction and chromatic aberration correction. Most XR devices use small displays placed

close to the user’s eyes; therefore, some optical solution is required to create a comfortable

focal distance for the user [91]. These optics usually induce significant optical distortion and

chromatic aberration – lines become curved and colors are non-uniformly refracted. These

optical affects are corrected by applying reverse distortions to the rendered image, such that

the distortion from the optics is mitigated [65].

Our reprojection, lens distortion correction, and chromatic aberration correction imple-

mentation is derived from [92]. We extracted the distortion and aberration correction, and

reprojection shaders from this reference, and implemented our own version in OpenGL that

integrates reprojection, lens distortion correction, and chromatic aberration correction into

one component to improve performance. Our implementation only supports rotational re-

projection, and is colloquially known as timewarp. A more advanced version which also

performs positional reprojection, called spacewarp, is currently under development and was

the subject of an undergraduate thesis [93].

Recently, the purview of asynchronous reprojection has expanded significantly to include

6Although pose prediction can theoretically reduce pose accuracy, the prediction is typically performed
over a time horizon of a few milliseconds, over which the constant acceleration model works well and does
not deviate from the actual pose of the user.
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other forms of image post-processing. Notably, NVIDIA DLSS [94] and AMD FSR [95] are

two popular commercial solutions that improve both image quality and application frame

rates by performing image upscaling, denoising, anti-aliasing, and motion vector-based in-

terpolation. AMD FSR is open-source, and a viable candidate for incorporation into the

visual pipeline of ILLIXR.

2.4.2 Display

The fixed focal length of modern display optics causes a vergence-accommodation conflict

(VAC), where the user’s eyes converge at one depth, which varies with the scene, and the eye

lenses focus on another, which is fixed due to the display optics. VAC is a common cause of

headaches and fatigue in modern XR devices [96, 97, 98, 99]. One possible solution to this

problem is computational holography, wherein a phase change is applied to each pixel using

a Spatial Light Modulator [100] to generate several focal points instead of just one. Since

humans cannot perceive depths less than 0.6 diopters apart [101], typically 10 or so depth

planes are sufficient. The per-pixel phase mask is called a hologram. For a comprehensive

discussion of alternatives to computational holography, see Matsuda et al. [102] and Koulieris

et al. [103].

In ILLIXR, we use Weighted Gerchberg–Saxton (GSW) [104] to generate holograms. We

used a reference CUDA implementation of GSW [66], and extended it to support RGB

holograms of arbitrary size. Recently, neural approaches [105, 106, 107] have begun to

outperform GSW in terms of both speed and visual fidelity, and can be incorporated into

ILLIXR as the technology matures.

2.5 AUDIO PIPELINE

Spatial audio is audio that captures the positional information of a sound source in addition

to its amplitude. Spatial audio is a critical component of XR as it is imperative that the

user perceive virtual sounds as real sounds, which can only be achieved via sound source

localization; i.e., by using the source’s position [108].

One popular way of capturing spatial audio is Higher Order Ambisonics (HOA) [109].

HOA allows sound sources to be encoded into a spherical soundfield which can then be

manipulated and played back independently. The order of HOA determines how many

virtual channels exist in the generated soundfield. Specifically, channels = (order+1)2. For

instance, order 3 HOA results in 16 virtual channels. This is an important property of HOA:

the number of virtual channels in the soundfield is only dependent on the order and not on
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the physical number of sources that have been encoded into the field. As a result, HOA is

a popular format for XR, as it can encode tens or even hundreds of sound sources without

any increase in soundfield complexity [110].

ILLIXR’s audio pipeline is responsible for generating realistic spatial audio and is com-

posed of audio encoding and playback. The two use cases are typically mutually exclusive:

applications typically have pre-encoded HOA audio and only require playback; recording

in, say, a studio session only involves encoding a certain (perhaps large) number of sound

sources. While there are cases where both are required, such as teleconferencing, the major

component in those scenarios is playback. This is due to the fact that encoding a sin-

gle sound source (i.e., the user’s voice) consumes negligible time compared to playback.

Thus, recording and playback can be safely modelled separately. Our audio pipeline uses

libspatialaudio, an open-source HOA library [67].

2.5.1 Encoding

We perform spatial audio encoding by encoding several different monophonic sound sources

simultaneously into an HOA soundfield [111]. The Ambisonic encoder takes into account

both the direction of the source and the attenuation and delay caused by the distance of

the source. It then calculates the contribution of the source to each of the virtual sound

channels in the soundfield. The final soundfield is obtained by simply adding the individual

soundfields.

2.5.2 Playback

Playback is a two-step process. First, the encoded soundfield is manipulated using head

tracking information. Based on the user’s head rotation and movement, the soundfield is

rotated and zoomed, respectively. This step includes computing transformation matrices and

applying them to each virtual channel of the soundfield [112]. Optionally, a psychoacoustic

filter can be applied to the soundfield before performing the rotations in order to improve

the quality of the output [109, 113, 114].

Once the desired soundfield has been obtained, binauralization [115] maps it to physical

speakers, typically headphones in XR devices (HOA can decode to any number of speakers;

headphones are the most common speaker configuration in XR). This involves summing the

contribution of each virtual channel to the left and right speakers. The most salient aspect

of binauralization is the application of HRTFs or Head-Related Transfer Functions.

HRTFs are digital filters which capture how incoming sound is modified by a user’s nose,
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head, and outer ear shape in real life. The binauralization process applies HRTFs (imple-

mented as frequency-domain convolutions) to the decoded sound in order to emulate these

real-life effects. Adding such cues allows the digitally rendered sound to mimic real sound,

helping the brain localize sounds akin to real life. There are separate HRTFs for the left

and right ears due to the asymmetrical shape of the human head.

2.6 RUNTIME

Figure 2.2 shows an ideal execution timeline for the different XR components and their

temporal dependencies. On the left, each colored rectangle boundary represents the period

of the respective component — ideally, the component would finish execution before its

next invocation. The right side shows a static representation of the dependencies among the

components, illustrating the interaction between the different pipelines.7 We say a consumer

component exhibits a synchronous dependence on a producer component if the former has

to wait for the last invocation of the latter to complete (solid arrow). An asynchronous

dependence is softer, where the consumer can start execution with data from a previously

complete invocation of the producer component (dashed arrow).

An XR system is unlikely to follow the idealized schedule shown in Figure 2.2 (left)

due to shared and constrained resources and variable running times. Thus, an explicit

runtime is needed for effective resource management and scheduling while maintaining the

inter-component dependencies, resource constraints, and quality of experience. The ILLIXR

runtime schedules resources while enforcing dependencies among the components, in part

deferring to the Linux kernel and GPU driver. To achieve extensibility, ILLIXR is divided

into 1) a communication framework, 2) a set of plugins, and 3) a plugin-loader.

The communication framework is structured around event streams. Event streams support

writes, asynchronous reads, and synchronous reads. Synchronous reads allow a consumer to

see every value produced by the producer, while asynchronous reads allow a consumer to

ask for the latest value.

Plugins are distributed as shared-object files for the runtime to load. The runtime gives

the plugins access to other plugins but in a limited sense; they can only interact through

event streams. This architecture allows for modularity. Each component in Table 2.2 is

implemented in its own plugin.

The plugin loader can load a list of plugins defined at runtime. Each plugin is interchange-

able with another as long as it complies with the event-stream interface and writes to the

7An additional constraint is that reprojection should be scheduled as late as possible (before the next
vsync) so it has the freshest pose to generate the reprojected frame to be finally displayed.
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same event streams in the same manner. Future researchers can test alternative implemen-

tations of a single plugin without needing to reinvent the rest of the system. Development

can iterate quickly, because plugins are compiled independently and linked dynamically.

ILLIXR is supported as a device driver in the Monado OpenXR runtime [8]. This allows

ILLIXR to run OpenXR applications, including those developed using game engines such

as Unity, Unreal, and Godot (currently only Godot and Unreal have OpenXR support on

Linux).

Finally, although ILLIXR supports live sensor inputs (e.g., through cameras and IMUs)

and an HMD display, it does not require such external hardware. To enable universal use

and ease experimentation, the only requirement is a computer (desktop/laptop/embedded

board). Offline, pre-recorded datasets can be fed to all parts of ILLIXR due to its well-defined

and modular communication interfaces. As an example, ILLIXR’s offline camera+IMU

component reads from a pre-recorded dataset and publishes to the same output stream as a

live camera+IMU component, appearing indistinguishable from a real camera/IMU to the

rest of the system. Similarly, ILLIXR does not require an HMD and can display the final

stereoscopic images to a regular monitor.

2.7 METRICS

ILLIXR provides several metrics to evaluate the goodness of the system. In addition to re-

porting conventional performance metrics such as per-component frame rate, per-component

execution time, and power-related metrics, ILLIXR reports several QoE metrics: 1) motion-

to-photon latency [88], a standard measure of the lag between user motion and image up-

dates; 2) Structural Similarity Index Measure (SSIM) [116], one of the most commonly used

image quality metrics in XR studies [117, 118, 119]; 3) FLIP [120], a recently introduced im-

age quality metric that addresses shortcomings of SSIM; and 4) pose error [121], a measure

of the accuracy of the poses used to render the displayed images.

While ILLIXR currently implements SSIM and FLIP, its pose and image collection in-

frastructure is generic and extensible, enabling evaluation of other (evolving) metrics for

image or video quality. This is important as such metrics for XR are still an active area

of research. Notably, both SSIM and FLIP are image metrics, whereas the final output of

the visual pipeline is a video, requiring consideration of aspects such as temporal coher-

ence and smoothness (jitter) as well. For instance, VMAF [122], Video ATLAS [123], and

FoVVideoVDP [124] have made important steps in this direction.

ILLIXR does not yet compute a quality metric for audio beyond bitrate, but one can be

added, such as the recently developed AMBIQUAL [125].
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CHAPTER 3: XR FULL-SYSTEM ANALYSIS

In this chapter, we analyze the performance (execution time and throughput), power, and

QoE of ILLIXR at a system level. We do so to understand the characteristics of future XR

workloads and the implications of these workloads for future XR systems. We quantitatively

show that (1) XR presents a rich opportunity for computer architecture and systems research

in domain-specific edge systems; (2) fully exploiting this opportunity requires an end-to-end

system that models the complex, interacting pipelines in an XR workflow; and (3) ILLIXR is

a unique testbed that provides such an end-to-end system, enabling new research directions

in domain-specific edge systems architecture in general and for XR in particular. To the best

of our knowledge, this is the first publicly available characterization of a full XR system.

3.1 EXPERIMENTAL METHODOLOGY

3.1.1 Experimental Setup

There are no existing systems that meet all the aspirational performance, power, and

quality criteria for a fully mobile XR experience as summarized in Section 2.1. For our

characterization, we choose to run ILLIXR on two hardware platforms, with three total

configurations, representing a broad spectrum of power-performance tradeoffs and current

XR devices.

Desktop Platform We use a state-of-the-art desktop system with an Intel Xeon E-2236

CPU (6C12T) and a discrete NVIDIA RTX 2080 GPU. This platform’s thermal design

power (TDP) rating is far above what is deemed acceptable for a mobile XR system, but it

is representative of the platforms on which current tethered systems run (e.g., Varjo VR-3

as in Section 2.1) and it can be viewed as an approximate upper bound for performance of

CPU+GPU based near-future embedded (mobile) systems.

Embedded Platform We use an NVIDIA Jetson AGX Xavier development board [126]

consisting of an Arm CPU (8C8T) and an NVIDIA Volta GPU. All experiments are run with

the Jetson in 10 Watt mode, the lowest possible preset. We use two different configurations –

a high performance one (Jetson-HP) and a low power one (Jetson-LP). We use the maximum

available clock frequencies for Jetson-HP and half those for Jetson-LP. These configurations

approximate the hardware and/or the TDP rating of several commercial mobile XR devices.
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For example, Magic Leap One [127] uses a Jetson TX2 [128], which is similar in design and

TDP to our Xavier configuration. HoloLens 2 [48, 49, 50] and the Qualcomm Snapdragon

835 [129] used in Oculus Quest [130] have TDPs in the same range as our two Jetson

configurations.

I/O Setup For the live end-to-end ILLIXR system experiments, our I/O setup is as follows.

For the perception pipeline, we connect a ZED Mini camera [68] to the above platforms via

a USB-C cable. A user walks in our lab with the camera, providing live camera and IMU

input to ILLIXR. For the visual pipeline, we run representative VR and AR applications on

a game engine on ILLIXR (Section 3.1.3) – these applications interact with the perception

pipeline to provide the visual pipeline with the image frames to display.

ILLIXR can display the (corrected and reprojected) images on both a desktop LCD mon-

itor and a North Star AR headset [131] connected to the above hardware platforms. In this

chapter, we use a desktop monitor due to its ability to provide multiple resolution levels

and refresh rates for experimentation. Although this means that the user does not see the

display while walking with the camera, we practice a trajectory that provides a reasonable

response to the displayed images and use that (live) trajectory to collect results. Finally, for

the audio pipeline, we use pre-recorded input. We run our experiments for approximately

30 seconds each.

3.1.2 Integrated ILLIXR System Configuration

The end-to-end integrated ILLIXR configuration in our experiments uses the components

as described in Table 2.2 except for scene reconstruction, eye tracking, and hologram. The

OpenXR standard only recently added interfaces for scene reconstruction and eye tracking.

We, therefore, do not have any applications available to use these components in an in-

tegrated setting. Although we can generate holograms, we do not yet have a holographic

display (Section 2.4.2). We do report results in standalone mode for these components using

off-the-shelf component-specific datasets in Chapter 4.

Configuring an XR system requires tuning multiple parameters of the different compo-

nents to provide the best end-to-end user experience on the deployed hardware. This is a

complex process involving the simultaneous optimization of many QoE metrics and system

parameters. Currently tuning such parameters is a manual, mostly ad hoc process. Ta-

ble 3.1 summarizes the key parameters for ILLIXR that required system-level tuning, the

range available in our system for these parameters, and the final value we chose at the end

of our manual tuning. We make initial guesses based on our intuition, and then choose final
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Table 3.1: Key ILLIXR parameters that required manual system-level tuning. Several other
parameters were tuned at the component level. The first column lists the primary component
that was tuned along with dependent components in parentheses.

Component Parameter Range Tuned Deadline

Camera (VIO) Frame rate = 15 – 100 Hz 15 Hz 66.7 ms
Resolution = VGA – 2K VGA –
Exposure = 0.2 – 20 ms 1 ms –

IMU (Integrator) Frame rate = ≤800 Hz 500 Hz 2 ms
Display (Visual pipeline, Application) Frame rate = 30 – 144 Hz 120 Hz 8.33 ms

Resolution = ≤2K 2K –
Field-of-view = ≤ 180° 90° –

Audio (Encoding, Playback) Frame rate = 48 – 96 Hz 48 Hz 20.8 ms
Block size = 256 – 2048 1024 –

values based on both our perception of the smoothness of the system and profiling results.

We expect the availability of ILLIXR will enable new research in more systematic techniques

for performing such end-to-end system optimization.

3.1.3 Applications

To evaluate ILLIXR, we use four different XR applications: Sponza [132], Materials [133],

Platformer [134], and a custom AR demo application with sparse graphics.

Sponza places the user inside the atrium of the famous Sponza Palace in Dubrovnik,

Croatia. The objective of the application is to showcase rendering of high polygon count

meshes and global illumination. Materials presents the user with several sphere like objects

that are composed of different complex materials, and showcases a variety of physically

based rendering (PBR) techniques, such as displacement mapping, subsurface scattering,

and anisotropic reflections. Platformer contains a maze with crab-like “enemies” that the

user can shoot, and focuses on demonstrating physics and collisions. The AR application

contains a single light source, a few virtual objects, and an animated ball, and showcases the

overlaying of both stationary and moving virtual objects on the physical world. We develop

our own AR application because existing applications in the XR ecosystem all predominantly

target VR (outside of Microsoft HoloLens).

The applications were chosen for diversity of rendering complexity, with Sponza being the

most graphics-intensive and AR demo being the least. We do not evaluate an MR application

as OpenXR has only recently introduced a scene reconstruction interface.

Since Unity and Unreal did not have OpenXR support on Linux when this work was done,
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all four applications use the Godot game engine [135], a popular open-source alternative with

Linux OpenXR support.

3.1.4 Metrics

Execution Time We use NSight Systems [136] to obtain the overall execution timeline of

the components and ILLIXR, including serial CPU, parallel CPU, GPU compute, and GPU

graphics phases. VTune [137] (desktop only) and perf [138] both provide CPU hotspot

analysis and hardware performance counter information. NSight Compute [139] and Graph-

ics [140] provide detailed information on CUDA kernels and GLSL shaders, respectively.

We also develop a logging framework that allows ILLIXR to easily collect the wall clock

time and CPU time of each of its components with negligible overhead. We determine the

contribution of a given component towards CPU time by computing the total CPU cycles

consumed by that component as a fraction of the cycles used by all components.

Power and Energy For the desktop, we measure CPU power using perf and GPU power

using nvidia-smi [141] (a standard method to measure power on NVIDIA GPUs [142, 143,

144]). On the embedded platform, we collect power and energy using a custom profiler, sim-

ilar to [145], that monitors different power rails present on the board [146] to calculate both

the average power and average energy for different components of the system: CPU, GPU,

DDR, SoC (on-chip microcontrollers; excludes CPU and GPU power), and Sys (display,

storage, I/O) [147].

Motion-To-Photon Latency (MTP) We compute motion-to-photon latency as the age

of the reprojected image’s pose when the frame is submitted for display. This latency is the

sum of how old the IMU sample used for pose calculation is,8 the time taken by reprojection

itself, and the wait time until the frame buffer is accepted for display. Mathematically, this

can be formulated as: latency = timu age + treprojection + tswap. We do not include tdisplay, the

time taken to display the frame on screen, in this calculation. This calculation is performed

and logged by the reprojection component every time it runs. If reprojection misses vsync,

the additional latency is captured in tswap.

Image Quality To compute image quality, we compare the outputs of the actual XR

system being studied to those of an idealized configuration that directly receives ground truth

8This does not account for pose prediction as is common practice. Pose prediction potentially reduces
MTP but it is hard to account for mispredictions.
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poses from a dataset (we use Vicon Room 1 Medium [148]). A key implementation challenge

was that collecting the post-reprojection images from the GPU for comparison incurs too

much overhead and perturbs the run. This is mitigated by collecting images produced by the

application renderer (which are cheaper to collect) and the poses generated (ground truth

for the idealized system), and then applying reprojection offline (using the above poses) to

get the final image that would have been displayed. We compare the reprojected images of

the actual and idealized systems to compute both SSIM and FLIP. We report 1-FLIP to be

consistent with SSIM, with 0 being no similarity and 1 being identical images.

3.2 PERFORMANCE

ILLIXR consists of multiple interacting streaming pipelines and there is no single number

that can capture the entirety of its performance (execution time or throughput). We present

the performance results for ILLIXR in terms of achieved frame rate and per-frame execution

time (mean and standard deviation) for each component, and compare them against the

target frame rate and corresponding deadline respectively (Table 3.1). Further, to under-

stand the importance of each component to execution time resources, we also present the

contribution of the different components to the total CPU execution cycles.

Component Frame Rates Figures 3.1(a)-(c) show each component’s average frame rate

for each application, for a given hardware configuration. Components with the same tar-

get frame rate are presented in the same graph, with the maximum value on the y-axis

representing this target frame rate. Thus, we show separate graphs for components in the

perception, visual, and audio pipelines, with the perception pipeline further divided into two

graphs representing the camera and IMU driven components.

Focusing on the desktop, Figure 3.1a shows that virtually all components meet, or almost

meet, their target frame rates (the application component for Sponza and Materials are the

only exceptions). The IMU components are slightly lower than the target frame rate only

because of scheduling non-determinism at the 2 ms period required by these components.

This high performance, however, comes with a significant power cost.

Moving to the lower power Jetson, we find more components missing their target frame

rates. With Jetson-LP, only the audio pipeline is able to meet its target. The visual pipeline

components – application and reprojection – are both severely degraded in all cases for

Jetson-LP and most cases for Jetson-HP, sometimes by more than an order of magnitude.

(Recall that the application and reprojection missing vsync results in the loss of an entire
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(b) Jetson-HP
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Figure 3.1: Average frame rate for each component in the different pipelines on each appli-
cation and hardware platform. The y-axis is capped at the target frame rate of the pipeline.

frame. In contrast, other components can catch up on the next frame even after missing the

deadline on the current frame, exhibiting higher effective frame rates.)

Although we assume modern display resolutions and refresh rates, future systems will sup-

port larger and faster displays with larger field-of-view and will integrate more components,
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(c) Jetson-LP

Figure 3.2: Average per-frame execution time for each component for each application and
hardware platform. The number on top of each bar is the standard deviation across all
frames. The red horizontal line shows the maximum execution time (deadline) to meet the
target frame rate. The line is not visible in graphs where the achieved time is significantly
below the deadline.

further stressing the entire system.
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Figure 3.3: Per-frame execution times for Platformer on desktop. The top graph shows head
tracking and the application, and the bottom graph shows the remaining components. Note
the different scales of the y-axes.

Execution Time per Frame Figures 3.2(a)-(c) show the average execution time (wall

clock time) per frame for a given component, organized similar to Figure 3.1. The horizontal

line on each graph shows the target execution time or deadline, which is the reciprocal of the

target frame rate. Note that the achieved frame rate in Figure 3.1 cannot exceed the target

frame rate as it is controlled by the runtime. The execution time per frame, however, can

be arbitrarily low or high (because we don’t preempt an execution that misses its deadline).

The number at the top of each bar shows the standard deviation across all frames.

The mean execution times follow trends similar to those for frame rates. The standard

deviations for execution time are surprisingly significant in many cases. For a more detailed

view, Figure 3.3 shows the execution time of each frame of each ILLIXR component during

the execution of Platformer on the desktop (other timelines exhibit similar behavior). The

components are split across two graphs for clarity. We expect variability in head tracking

(blue) and application (yellow) since these computations are known to be input-dependent.

However, we see significant variability in the other components as well. This variability is due

to scheduling and resource contention, motivating the need for better resource allocation,

partitioning, and scheduling. A consequence of the variability is that although the mean
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Figure 3.4: Contributions of ILLIXR components to CPU time.

per-frame execution time for some components is comfortably within the target deadline,

several frames do miss their deadlines; e.g., head tracking in Jetson-LP. Whether this affects

the user’s QoE depends on how well the rest of the system compensates for these missed

deadlines. For example, even if head tracking runs a little behind the camera, the IMU part

of the perception pipeline may be able to compensate. Similarly, if the application misses

some deadlines, reprojection may be able to compensate. Section 3.4 provides results for

system-level QoE metrics that address these questions.

Distribution of Cycles Figure 3.4 shows the relative attribution of the total cycles con-

sumed in the CPU to the different ILLIXR components for the different applications and

hardware platforms. These figures do not indicate wall clock time since one elapsed cycle

with two busy concurrent threads will contribute two cycles in these figures. Thus, these

figures indicate total CPU resources used. We do not show GPU cycle distribution because

the GPU timers significantly perturbed the rest of the execution – most of the GPU cycles

are consumed by the application with the rest used by reprojection.

Focusing first on the desktop, Figure 3.4 shows that head tracking and the application

are the largest contributors to CPU cycles, with one or the other dominating, depending

on the application. Reprojection and audio playback follow next, becoming larger relative

contributors as the application complexity reduces. Although reprojection does not exceed

10% of the total cycles, it is a dominant contributor to motion-to-photon latency and, as

discussed below, cannot be neglected for optimization.

Jetson-HP and Jetson-LP show similar trends except that we find that the application’s

and reprojection’s relative contribution decreases while other components such as the IMU

integrator become more significant relative to the desktop. This phenomenon occurs because

with the more resource-contrained Jetson configurations, the application and reprojection
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often miss their deadline and are forced to skip the next frame. Thus, the overall work

performed by these components reduces, but shows up as poorer end-to-end QoE metrics

discussed later (Section 3.4).
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Figure 3.5: (a) Total power (note log scale) and (b) relative contribution to power by different
hardware units for each application and hardware platform.

3.3 POWER

Total Power Figure 3.5a shows the total power consumed by ILLIXR running each ap-

plication on each hardware platform. The power gap from the ideal (Section 2.1) is severe

on all three platforms. As shown in Figure 3.5a, Jetson-LP, the lowest power platform, is

two orders of magnitude off in terms of the ideal power while the desktop is off by three.

As with performance, larger resolutions, frame rates, field-of-views, and more components

would further widen this gap.

Power Breakdown Figure 3.5b shows the relative contribution of different hardware units

to the total power, broken down as CPU, GPU, DDR, SoC, and Sys. These results clearly

highlight the need for studying all aspects of the system. Although the GPU dominates

power on the desktop, that is not the case on Jetson. SoC and Sys power are often ignored,

but doing so does not capture the true power consumption of XR workloads, which typically

exercise all the aforementioned hardware units – SoC and Sys consume more than 50% of

total power on Jetson-LP. Thus, reducing the power gap for XR components would require

optimizing system-level hardware components as well.
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3.4 QUALITY OF EXPERIENCE
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Figure 3.6: Motion-to-photon latency per frame of Platformer.

Quality of an XR experience is often determined through user studies [149, 150, 151]; how-

ever, these can be expensive, time consuming, and subjective. ILLIXR, therefore, provides

several quantitative metrics to measure QoE. We report both results of visual examination

and quantitative metrics below.

Visual Examination A detailed user study is outside the scope of this work, but there

were several artifacts in the displayed image that were clearly visible. As indicated by the

performance metrics, the desktop displayed smooth images for all four applications. Jetson-

HP showed perceptibly increased judder for Sponza. Jetson-LP showed dramatic pose drift

and clearly unacceptable images for Sponza and Materials, though it was somewhat accept-

able for the less intense Platformer and AR Demo. As discussed in Section 3.2, the average

head tracking frame rate for Jetson-LP stayed high, but the variability in the per-frame

execution time resulted in many missed deadlines, which could not be fully compensated by

the IMU or reprojection. These effects are quantified with the metrics below.

Motion-To-Photon Latency (MTP) Table 3.2 shows the mean and standard deviation

of MTP for all cases. Figure 3.6 shows MTP for each frame over the execution of Platformer

on all hardware.

Table 3.2 and our detailed per-frame data shows that the desktop can achieve the target

VR MTP for virtually all frames. For AR, most cases appear to meet the target, but adding

display refresh latency (4.2 ms) significantly exceeds the target. Both Jetsons cannot make

the target AR MTP for an average frame. Jetson-HP is able to make the VR target MTP for

the average frame for all applications and for most frames for all except Sponza. Jetson-LP

shows a significant MTP degradation – on average, it still meets the target VR MTP, but

both the mean and variability increase with increasing complexity of the application until
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Table 3.2: Motion-to-photon latency in milliseconds (mean±std dev). Target is 20 ms for
VR and 5 ms for AR (Table 2.1).

Application Desktop Jetson-hp Jetson-lp

Sponza 3.1± 1.1 13.5± 10.7 19.3± 14.5
Materials 3.1± 1.0 7.7± 2.7 16.4± 4.9
Platformer 3.0± 0.9 6.0± 1.9 11.3± 4.7
AR Demo 3.0± 0.9 5.6± 1.4 12.0± 3.4

Sponza is practically unusable (19.3 ms average with 14.5 ms standard deviation). Thus, the

MTP data collected by ILLIXR is consistent with the visual observations reported above.

Table 3.3: Image and pose quality metrics (mean±std dev) for Sponza.

Platform SSIM 1-FLIP ATE/degree ATE/meters

Desktop 0.83± 0.04 0.86± 0.05 8.6± 6.2 0.33± 0.15
Jetson-hp 0.80± 0.05 0.85± 0.05 18± 13 0.70± 0.33
Jetson-lp 0.68± 0.09 0.65± 0.17 138± 26 13± 10

Image and Pose Quality Table 3.3 shows the mean and standard deviation for SSIM,

1-FLIP, ATE/degree, and ATE/distance (Section 2.7) for Sponza on all hardware config-

urations. We find that all metrics degrade as the hardware platform becomes more con-

strained. While the trajectory errors reported are clearly consistent with the visual expe-

rience, the SSIM and FLIP values seem deceptively high for the Jetsons (specifically the

Jetson-LP where head tracking shows a dramatic drift). Quantifying image quality for XR

is known to be challenging [152, 153]. While some work has proposed the use of more con-

ventional graphics-inspired metrics such as SSIM and FLIP, this is still a topic of ongoing

research [124, 154, 155]. ILLIXR is able to capture the proposed metrics, but our work also

motivates and enables research on better image quality metrics for XR experiences.

3.5 KEY IMPLICATIONS FOR ARCHITECTS

Architects have embraced specialization but most research focuses on accelerators for

single programs. ILLIXR is motivated by research for specializing an entire domain-specific

system, specifically edge systems with constrained resources, high computation demands, and

goodness metrics based on end-to-end domain-specific quality of output; e.g., AR glasses,

robots/drones, autonomous vehicles, etc. There is emerging consensus that such systems

will require quality-driven, end-to-end co-design [2]. Our results characterize end-to-end
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performance, power, and QoE of an XR device, exposing new systems research opportunities

and demonstrating ILLIXR as a unique testbed to enable exploration of these domain-specific

systems, as follows.

Performance, Power, and QoE Gaps Our results quantitatively show that collectively

there is several orders of magnitude performance, power, and QoE gap between current rep-

resentative desktop and embedded class systems and the goals in Section 2.1. The above gap

will be further exacerbated with higher fidelity displays and the addition of more compo-

nents for a more feature-rich XR experience (e.g., scene reconstruction, eye tracking, hand

tracking, and holography). We address scene reconstruction in Chapter 6.

While the presence of these gaps itself is not a surprise, we provide the first such quan-

tification and analysis. This provides insights for directions for architecture and systems

research (below) as well as demonstrates ILLIXR as a one-of-a-kind testbed that can enable

such research.

No Dominant Component Our more detailed results show that there is no one com-

ponent that dominates all the metrics of interest. While the application and head tracking

seem to dominate CPU cycles, reprojection latency is critical to MTP, and audio playback

takes similar or more cycles as reprojection. Since image quality relies on accurate poses,

frequent operation of the IMU integrator is essential to potentially compensate for missed

head tracking deadlines. As mentioned earlier, Hologram dominated the GPU and was not

even included in the integrated configuration studied since it precluded meaningful results

on the Jetson-LP. Thus, to close the aforementioned gaps, all components have to be consid-

ered together, even those that may appear relatively inexpensive at first glance. Moreover,

we expect this diversity of important components to only increase as more components

are included for more feature rich experiences. These observations coupled with the large

performance-power gaps above indicate a rich space for hardware specialization research, in-

cluding research in automated tool flows to determine what to accelerate, how to accelerate

these complex and diverse codes, and how to best exploit accelerator-level parallelism [156].

Full-System Power Contributions Our results show that addressing the power gap

requires considering system-level hardware components, such as display and other I/O, in-

cluding numerous sensors. While we do not measure individual sensor power, it is included

in the Sys power on the Jetson, which is significant. This motivates research in uncon-

ventional architecture paradigms such as on-sensor computing to save I/O power; e.g., the

image processing tasks of head tracking can be moved to the sensor so that only detected
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features and not entire camera frames are sent from the camera to the SoC. We explore this

idea further in Chapter 5. To reduce sensor power, sensor parameters can be tuned; e.g.,

reducing camera exposure can save power at the cost of a darker image. However, sensors

are typically shared among components [157], and thus decisions regarding which tasks to

move on-sensor and how to dynamically alter exposure must consider the entire system and

not just one component. ILLIXR enables this.

Variability and Scheduling Our results show large variability in per-frame processing

times in many cases, either due to inherent input-dependent nature of the component (e.g.,

head tracking) or due to resource contention from other components. This variability poses

challenges to, and motivates research directions in, scheduling, resource partitioning, and

allocation of hardware resources. As presented in Table 3.1, there are a multitude of param-

eters that need to be tuned for optimal performance of the system. This chapter performs

manual tuning to fix these parameters; however, ideally they would adapt to the perfor-

mance variations over time, co-optimized with scheduling and resource allocation decisions

designed to meet real-time deadlines within power constraints to provide maximal QoE.

ILLIXR provides a flexible testbed to enable such research.

End-to-End Quality Metrics The end-to-end nature of ILLIXR allows it to provide end-

to-end quality metrics such as MTP and see the impact of optimizations on the final displayed

images. Our results show that per-component metrics (e.g., head tracking frame rate) are

insufficient to determine the impact on the final user experience (e.g., as in Jetson-LP for

Sponza). At the same time, there is a continuum of acceptable experiences (as in Sponza

for desktop and Jetson-HP). Techniques such as approximate computing take advantage of

such applications but often focus on subsystems that make it hard to assess end user impact.

ILLIXR provides a unique testbed to develop cross-layer approximate computing techniques

that can be driven by end-user experience. Our results also motivate work on defining more

perceptive quantitative metrics for image quality and ILLIXR provides a testbed for such

research.

Other Implications ILLIXR also enables research in designing common compiler in-

termediate representations (IRs) to enable code generation for a variety of accelerators;

device–edge server–cloud server work partitioning; content streaming and multiparty XR;

and security and privacy.
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Evaluation Tools Architects use a variety of tools to evaluate their research. Design for

future domain-specific systems is no different and ILLIXR lays the foundation for other tools

as well. ILLIXR can be immediately used for architecture research described above using

existing HLS tools to map components/SoC designs to RTL, FPGAs, and ASICs. Given the

era of specialization, architecture researchers are increasingly using such methods. We can

also use ILLIXR with simulation. We describe three ideas below, and expect that further

research into this topic will yield even more solutions. 1) As with other benchmarks, we

can scale down ILLIXR inputs and run on simulators such as gem5 [158], with the graphics

components on GLTraceSim [159]. 2) We can collect input/output traces of each component

via the ILLIXR runtime on a real machine, and organize them like a rosbag [160] to drive

simulations of components of interest. 3) We can run all ILLIXR components on a common

dilated clock – the runtime slows down components running on real hardware to match the

real-time speed of simulated components. This models a hybrid real+simulated system.

While building such simulators is possible, it is outside the scope of this thesis.
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CHAPTER 4: CHARACTERIZATION OF XR COMPONENTS

Chapter 3 motivated specialization of ILLIXR components to meet the performance-

power-QoE gap as seen through the end-to-end characterization. This chapter examines

the components in isolation to provide insights on how to specialize.

4.1 EXPERIMENTAL METHODOLOGY

We run each component by itself on our desktop and embedded platforms using off-

the-shelf standalone datasets: Vicon Room 1 Medium [148] for head tracking, ScanNet

scene0233 [161] for scene reconstruction, OpenEDS [76] for eye tracking, 2560×1440 pixel

frames from VR Museum of Fine Art [162] for reprojection and hologram, and 48 KHz audio

clips [163, 164] from Freesound [165] for audio encoding and playback. All components other

than head tracking and scene reconstruction are input-independent, and thus their behavior

does not change with different inputs. We discuss the input-dependence of head tracking

and scene reconstruction in the next section.

4.2 HIGH-LEVEL ANALYSIS

Tables 4.1–4.4 summarize the algorithmic tasks within each component, including the key

computation and memory patterns, as well as the time spent in each task, analyzed on the

high-end desktop platform. We do not show the sensor related ILLIXR components since

they are quite simple, and we do not present a table for eye tracking as neural networks are

well understood in the architecture community. We define tasks as distinct high level algo-

rithmic steps. Figure 4.1 shows the CPU IPC (Instructions-Per-Cycle) and cycle breakdown

for each component in aggregate. We do not provide a similar breakdown on the GPU as

GPU profiling tools do not provide one.

Task Dominance No component is composed of just one task. The most homogeneous

is audio encoding where ambisonic encoding is 81% of the total – but accelerating just that

would limit the overall speedup to 5.3× by Amdahl’s law, which may not be sufficient given

the power and performance gap shown in Section 3. Head tracking is the most diverse, with

seven major tasks and many more sub-tasks.
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Figure 4.1: Cycle breakdown and IPC of ILLIXR components.

Task Diversity As shown in the component tables, there is a remarkable diversity of

algorithmic tasks. These tasks are differently amenable for execution on the CPU (e.g.,

audio playback), GPU-compute (e.g., hologram), or GPU-graphics (e.g., reprojection). The

compute patterns span stencils (KLT), GEMM, Gauss-Newton, and FFT, among others, and

are often shared by components (e.g., Cholesky in head tracking and scene reconstruction).

The memory patterns are equally diverse, spanning dense and sparse, local and global, and

row-major and column-major accesses to various types of data structures. Moreover, the

working set sizes of the components range from tens of KB to hundreds of MB, which can

change the characteristics of a given memory pattern. Salient examples include locally dense

stencils becoming memory bandwidth bound when the working set size is large, and globally

sparse accesses not becoming memory bound when the working set size is small relative to

the on-chip storage capacity.

Microarchitectural Diversity Figure 4.1 shows significant microarchitectural diversity

in addition to the algorithmic diversity discussed above. The IPC ranges from 0.3 (repro-

jection) to 3.5 (audio playback), with a variety of bottlenecks on the frontend and backend

of the CPU pipeline.
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Table 4.1: Task breakdown of head tracking.

Task Time Computation Memory Pattern

Feature detection
Detects new features
in the new camera
images

15% KLT; FAST Globally mixed dense and
sparse image accesses; locally
dense image stencil

Feature matching
Matches features
across images

13% KLT; GEMM; linear
algebra

Globally mixed dense and
sparse image accesses; locally
dense image stencil; mixed
dense and random feature
map accesses

Feature
initialization
Adds new features to
state

14% SVD; Gauss-Newton;
Jacobian; nullspace
projection; GEMM

Dense feature map accesses;
mixed dense and sparse state
matrix accesses

MSCKF update
Updates state using
MSCKF algorithm

23% SVD; Gauss-Newton;
Cholesky; QR; Jacobian;
nullspace projection;
chi2 check; GEMM

Dense feature map accesses;
mixed dense and sparse state
matrix accesses

SLAM update
Updates state using
EKF-SLAM algorithm

20% Identical to MSCKF
update

Similar, but not identical, to
MSCKF update

Marginalization
Removes features from
state

5% Cholesky; matrix
arithmetic

Dense feature map and state
matrix accesses

Other
Miscellaneous tasks

10% Gaussian filter;
histogram

Globally dense image stencil

Input-Dependence Although we saw significant per-frame execution time variability in

all components in the integrated system, the only components that exhibit such variability

standalone are head tracking and scene reconstruction. Head tracking shows a range of

execution time throughout its execution, with a coefficient of variation from 17% to 26%

across Vicon Room 1 Easy, Medium, and Hard [148]. Across several ScanNet sequences,

scene reconstruction’s execution observes even higher variation, depending upon the depth

complexity of the scene and the movement of the camera.
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Table 4.2: Task breakdown of scene reconstruction.

Task Time Computation Memory Pattern

Image Processing
Pre-processes RGB-D
image for tracking
and mapping

10% Bilateral filter; Box filter;
Gaussian filter

Globally dense image
stencil

Pose Estimation
Estimates 6DOF pose

80% Iterative closest point;
Cholesky; reduction

Globally mixed dense and
sparse image accesses;
locally dense image
accesses

Visibility Check
Calculates visible
voxels in current
frame

2% Raymarching; matrix
transformations; parallel
prefix sum

Globally dense accesses to
depth image and visibility
list; random accesses to
voxel map

Voxel Fusion
Updates visible voxels
with new depth
information

2% Frame projective TSDF
calculation (Eq. 6 [81])
TSDF and weight update
(Eq. 11 and 12 [81])

Random accesses to voxel
map; locally dense
accesses to voxel blocks

Raycasting
Generates
reconstructed image

6% Raymarching; software
rasterization; trilinear
interpolation; vertex and
normal map generation

Random accesses to voxel
map; locally dense
accesses to voxel blocks;
globally dense accesses to
reconstructed image

4.3 ARCHITECTURAL DEEP DIVE

We also perform a detailed microarchitectural characterization of each component task.

Below we highlight salient characteristics of each component.

Head tracking is a complex CPU workload with wide microarchitectural task diversity.

The average IPC is 2.2, but there are several computationally intensive tasks with good

vectorization that present higher average IPC; e.g., KLT and GEMM have an IPC of 3.2+.

On the memory side, the working set size of most tasks is several hundred KBs, which is

larger than the L1 and L2, but is small enough to fit in the LLC – the LLC shows only 0.1

MPKI (misses per kilo-instruction) while the L2 shows 7.9 MPKI. Our results include the

effect of demand prefetchers in the CPU, which are quite effective – although the L2 shows

7.9 MPKI overall, it shows 0.6 MPKI for demand loads.

Eye tracking is a typical deep neural network that spends 74% of its total time execut-

ing convolution operations and activation functions, 19% performing batch copies, and the
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Table 4.3: Task breakdown of visual pipeline components.

Task Time Computation Memory Pattern

Reprojection

FBO
FBO state
management

24% Framebuffer bind and
clear

Driver calls; CPU-GPU
synchronization

OpenGL State
Update
Sets up OpenGL state

54% OpenGL state
updates; one drawcall
per eye

Driver calls; CPU-GPU
synchronization

Reprojection
Applies reprojection
transformation to
image

22% 6 matrix-vector
MULs/vertex

Dense accesses to uniform,
vertex, and fragment buffers; 3
sparse texture accesses/fragment

Hologram

Hologram-to-depth
Propagates pixel
phase to depth plane

57% Transcendentals;
FMADDs; tree
reduction

Globally dense accesses to
hologram phases

Sum Sums phase
differences from
hologram-to-depth

<
0.1%

Tree reduction Globally dense accesses to
partial sums

Depth-to-hologram
Propagates depth
plane phase to pixel

43% Transcendentals;
FMADDs;
thread-local reduction

Globally dense accesses to depth
phases

remaining 7% in miscellaneous tasks. Notably, the weights only occupy 0.98 MB but a total

of 1922 MB is accessed during a forward pass, still making it memory bandwidth bound.

However, the batch size is only two (one image per eye), resulting in low overall utilization

of the GPU.

Scene reconstruction is a hybrid CPU-GPU workload that spends most of its time on

GPU tasks and specifically in pose estimation. It is a memory bandwidth bound workload

with many tasks consuming 200 GB/s of memory bandwidth and a few even surpassing 400

GB/s due to the large number of accesses per pixel (depth, normal, vertex, etc.). Reductions

are a commonly found compute primitive in many sub-tasks (ICP and all of the various

filters). Inter-frame reuse is significant, as 80%–90% of the voxel map is reused from frame

to frame. Intra-frame reuse, however, has significant variation as some kernels possess no

reuse because of streaming accesses (such as voxel fusion) while others possess excellent reuse
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Table 4.4: Task breakdown of audio pipeline components.

Task Time Computation Memory Pattern

Audio Encoding

Normalization
INT16 to FP32

7% Element-wise FP32
division

Globally dense accesses to
audio samples

Encoding
Sample to soundfield
mapping

81% Y [j][i] = D ×X[j] Globally dense
column-major accesses to
soundfield

Summation
HOA soundfield
summation

12% Y [i][j]+ = Xk[i][j] ∀k Globally dense row-major
accesses to soundfield

Audio Playback

Psychoacoustic filter
Applies optimization
filter

29% FFT; frequency domain
convolution; IFFT

Butterfly pattern; Globally
dense accesses to FFT
output

Rotation
Rotates soundfield using
pose

6% Transcendentals;
FMADDs

Globally dense accesses to
soundfield

Zoom
Zooms soundfield using
pose

5% FMADDs Globally dense
column-major accesses to
soundfield

Binauralization
Applies HRTFs

60% Identical to
psychoacoustic filter

Identical to
psychoacoustic filter

due to local stencil operations (such as bilateral filtering). The depth image has the highest

reuse as it is accessed in four out of the five tasks. While accesses to the voxel map are

irregular, they are not a bottleneck as they constitute an extremely small fraction of the

entire component. This is because they only occur along the critical path in visibility check,

a task which consumes only 2% of total frame time.

Reprojection is a hybrid CPU-GPU workload that spends a significant amount of time

setting up framebuffer and OpenGL state prior to execution of the reprojection shaders.

Framebuffer and OpenGL state updates are both performed via the GPU driver. Conse-

quently, reprojection only has an IPC of 0.3, with most of the CPU cycles spent in frontend

stalls due to the large instruction footprint of the GPU driver. The shaders themselves have

very little compute and are memory bandwidth bound due to the size of the framebuffer.

Moreover, the irregular texture cache accesses due to chromatic aberration correction result
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in a cache hit rate of 75%, which is low compared to the 90% achieved by non-correcting

shaders.

Hologram executes all its tasks on the GPU as CUDA kernels, all of which are compute-

bound. Almost all the executed instructions are FP fused multiply-add (FFMA), integer

multiply-add (IMAD), and FP add (FADD). There is significant utilization of the FP64

hardware pipe – 75% in hologram-to-depth – as the transcendental calculations necessitate

high precision. Memory traffic is limited to accessing each pixel’s phase value only once in

each task (reads in hologram-to-depth and writes in depth-to-hologram); however, this is

significant data given the size of the framebuffer, and consumes 75-140 GB/s of memory

bandwidth. The depth plane’s phase values are accessed more often, but are only few tens

of bytes in size, and are stored in the scratchpad for reuse.

Audio encoding is a compute-bound workload that is able to leverage vectorization

and dense data structure accesses to achieve an IPC of 2.5, with 69% of cycles being spent

retiring instructions. However, the component’s IPC is limited due to backend stalls caused

by division and modulo operations being bottlenecked by the lone hardware divider.

Audio playback is also a compute-bound workload, but has no division operations,

resulting in even higher IPC and hardware utilization. The FFT and FMADD compute is

vectorized, and the densely accessed 64 KB HOA soundfield comfortably fits in the L2 cache

of the CPU. Consequently, 86% of the cycles are spent retiring instructions, and a fairly

high IPC of 3.5 is achieved.

4.4 KEY IMPLICATIONS FOR ARCHITECTS

The diversity of components and tasks, the lack of a single dominant task for most com-

ponents, and per-frame variability pose several challenges for hardware specialization. It is

likely impractical to build a unique accelerator for every task given the large number of tasks

and the severe power and area constraints for XR devices: leakage power will be additive

across accelerators, and interfaces between these accelerators and other peripheral logic will

further add to this power and area (we identified 27 tasks in across all components and

expect more tasks with new components).

At the same time, our results show that a number of common primitives exist across

components; e.g., Cholesky in head tracking and scene reconstruction, making the case for

shared hardware across components. While determining whether components share compute

or memory primitives is possible by analyzing the components in isolation, whether we should

instantiate only one Cholesky block or whether we should duplicate or pipeline it to meet

the requirements of both components can only be answered by taking run-time interactions
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into account, which ILLIXR enables.

The choice of shared hardware not only impacts architecture (and the software stack such

as compilation and scheduling), but also microarchitecture. Analyzing head tracking in

isolation, the communication between GEMM and Cholesky as part of the chi2 check can be

hardcoded to improve efficiency. In a full system, the shared nature of Cholesky motivates a

different microarchitecture with support for efficient communication with multiple producers

and consumers instead of just GEMM. The above observations motivate new design space

exploration tools research for system-wide codesign.

Our results also motivate automated techniques for determining what to accelerate. An

open question is what is the granularity of acceleration; e.g., one accelerator per task or

a more general accelerator that supports common primitives shared among components.

Besides the design of the accelerators themselves, architects must also develop efficient on-

chip memory hierarchies that are able to accommodate a wide range of memory access

characteristics, and determine accelerator communication interfaces to implement efficient

communication.

Finally, although not explicitly studied here, algorithms for the various components con-

tinue to evolve and there are multiple choices available at any time (ILLIXR already supports

such choices). This motivates programmable accelerators with the attendant challenges of

developing a software stack for such a system. ILLIXR provides a testbed to perform all of

the above research in the context of the full system.
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CHAPTER 5: DISTRIBUTED ON-SENSOR COMPUTING

Modern XR devices contain a large number of camera sensors to aid head, hand, eye, and

face tracking, scene reconstruction, and other features. For example, the Oculus Quest Pro

has ten cameras on the headset [166], and several more on the hand controllers for various

tracking tasks. Head tracking alone requires four or more cameras in most headsets [11].

As a result, the power consumption of I/O between the cameras and the SoC has become

non-trivial, especially since cameras connect to the SoC via MIPI CSI-2 [167], a link that

consumes tens of pJ per bit to transmit data.

Indeed, the system-level power analysis of ILLIXR in Chapter 3 showed I/O power to be

a significant contributor to total system power. Sys power, which includes display, storage,

and I/O, consumes up to 30% of total power on Jetson-LP (Section 3.3). A part of I/O

power comes from the communication between the tracking cameras and head tracking, as

the cameras ship full images to the SoC in each frame. A design principle for reducing I/O

power is on-sensor computing, in which a computation or its subset is performed on the

camera sensor itself. Doing so reduces the amount of data that needs to be transmitted over

the power hungry I/O link.

In this chapter, we develop a distributed on-sensor architecture for VIO to showcase

the applicability of on-sensor computing to XR. We assume that VIO has already been

accelerated in hardware [168, 169, 170] due to its high CPU utilization, as shown in Chapter 3,

and its importance in driving the entire system, as discussed in Chapter 2. Our design

replicates the point tracking frontend of VIO within each camera sensor and provides a

simple centralized directory to coordinate the execution among the different cameras. As a

result, full images never leave the cameras. This reduces power consumption due to I/O by

37×, VIO chip power by 3.3×, and total VIO subsystem power by 1.3×. This chapter also

highlights the need to look at sensors when designing architectures for future XR devices,

as sensors constitute 87% of the remaining power.

The solutions discussed in this chapter can be extended to other components of an XR

system which possess similar image processing characteristics as VIO, such as eye track-

ing [14] and hand tracking [15]. Although not explored by us, our design has implications

for security and privacy and system design as well. For instance, raw pixels are consumed

within the camera itself and not transmitted over the I/O link, potentially reducing the

attack surface. Furthermore, due to reduced off-sensor traffic, system designers may have

more flexibility in terms of communication link choice (e.g., I3C [171]) and wire placement

(e.g., less congestion due to lack of central chip).
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(a) Image Pyramid (b) Point Tracking (c) Point Patch

Figure 5.1: (a) Image pyramid with four levels. Each level has half the resolution in each
dimension compared to the previous level. (b) Tracked Shi-Tomasi points in the base pyramid
level. Successfully tracked points are shown in green, with a green line denoting how the
point was tracked over time. Newly detected points are shown in blue, and points which
were detected in previous frames but could not be tracked successfully in this frame are
shown in red. (c) 11×11 pixel patch of a successfully tracked point.

5.1 BACKGROUND

A VIO algorithm can be divided into a point tracking frontend and a pose estimation

backend. The frontend is responsible for finding salient features in camera images and

tracking them from one image to the next. The backend is responsible for using IMU

readings and the feature information provided by the frontend to estimate the user’s pose.

5.1.1 Point Tracking Frontend

The first step in the tracking process is typically the generation of an image pyramid,

where representations of the image at progressively smaller scales are created. For instance,

a 640x480 image may have an image pyramid with images of resolution 640x480 at level 0,

320x240 at level 1, 160x120 at level 2, and so on. A common way of generating an image

pyramid is to apply Gaussian blur to a level and then downsample it [172]. An example

image pyramid is shown in Figure 5.1a. Image pyramids are used during tracking (described

below).

Once the image pyramid has been generated, features are detected in the image. Features

are salient points that correspond to edges or corners in the image. Edges are simply

pixels where there are discontinuities in brightness, contrast, depth, etc., and corners are

intersections of two edges. Edges and corners capture real world features that are easy to

track from one frame to another, such as the edge of a desk or a highly textured sofa (as

opposed to a textureless wall). FAST, Harris, Shi-Tomasi, etc. are all examples of commonly

used feature detectors [173]. Figure 5.1b shows various Shi-Tomasi corners.
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Once features have been detected, their descriptors are calculated, which capture basic

characteristics of the feature, such as its shape, size, color, etc. in a binary format. This aids

in feature matching, where the descriptors of two features can be compared to determine

whether they are the same feature or not. Commonly used feature descriptors are BRIEF,

SIFT, ORB, etc., and differ in terms of properties such as robustness, scale invariance, and

rotation invariance [173]. In addition to descriptors, based on the tracking approach (see

below), the patch of a feature is also extracted. A patch is a small block of pixels surrounding

the detected feature. An example patch is shown in Figure 5.1c for one of the tracked points

in Figure 5.1b.

The tracking of features from frame to frame is a correspondence search problem, which

can be tackled in a variety of ways. Optical flow and descriptor matching are two commonly

used approaches [69, 174]. The former relies on matching image patches and the latter relies

on matching feature descriptors. Matching patches across multiple pyramid levels improves

tracking accuracy. In this chapter, we assume descriptor matching for initialization and

patch matching otherwise.

After all of the above steps have been performed, the frontend provides a set of points

to the backend. We define a point as consisting of the following information: latest depth

estimate, descriptor, patch, the score or “goodness” of the point, and a list of observations –

the ID of the camera(s) the point was observed from, the level of the pyramid it was detected

in, a camera ray towards the point, and an estimate of the distance along the ray. The output

of the frontend includes points from previous frames that were successfully matched in the

new frame, points that were not successfully matched, and new points that were detected in

the new frame. The backend may choose to use only some of this information.

5.1.2 Pose Estimation Backend

The pose estimation backend takes the information from the point tracking frontend and

the IMU, and estimates the 6 Degrees-of-Freedom (6DOF) pose of the user – 3 degrees for

the location and 3 degrees for the orientation. The estimation is performed using either

a filtering-based approach or an optimization-based approach [69, 174]. Both approaches

use observations of the points and integrated acceleration and velocity readings from the

IMU to estimate the pose. The backend also includes a point selection mechanism that

provides feedback about which points to track to the frontend. This feedback can include

whether to discard any points if their score is low, how many new points to detect, and so

on. The backend also sends camera calibration parameters to the frontend (if it performs

online camera calibration). The ideas described in this chapter are agnostic to the choice of
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Figure 5.2: Centralized VIO architecture with frontend and backend marked in yellow and
green, respectively.

pose estimation backend.

5.2 DESIGN

We first describe a general hardware architecture for a traditional centralized design. We

then propose a simple distributed design, and then describe progressive optimizations to

arrive at the final distributed VIO architecture. Although we do not explore the security,

privacy, and system design implications of our design in this chapter, we nonetheless highlight

the design decisions that may affect security, privacy, and system design.

5.2.1 Centralized Baseline

We assume the baseline configuration to be a specialized fully hardened implementation

of VIO where multiple cameras connect to a centralized chip via MIPI CSI-2 [167], as shown

in Figure 5.2. Each camera sends raw pixels to this chip, which are then used by the point

tracking frontend to track existing points and find new ones. The pose estimation backend

uses the observations from the tracker and readings from the IMU to estimate the 6DOF

pose and for calculating which points to track in the next frame. The microcontroller is used

for configuring the system and for housekeeping tasks (e.g., debugging).

This design suffers from both high link power due to image transfers between the cameras

and the VIO chip, as well as potentially weak privacy as raw images are transmitted over a

communication link that a programmable CPU could theoretically access. Furthermore, the

chip is a centralized point of failure.
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5.2.2 On-Sensor Point Tracking

Our main insight from analyzing the centralized design is that it is only the point tracking

frontend that requires access to entire camera images – once features have been detected and

their descriptors and patches have been obtained, the full image is no longer required, either

by the frontend or the backend (which only operates on features and their observations).

Based on this insight, we propose a distributed on-sensor VIO architecture in which the

entire point tracking frontend is moved into each camera, as shown in Figure 5.3. We refer

to the on-sensor tracking frontend as the frontend chip. We assume a technology similar

to Sony [175], where compute logic can be integrated into the camera chip itself using 3D

stacking, thereby providing the point tracking frontend access to raw pixel data without

leaving the frontend chip.

The remaining parts of VIO, primarily the pose estimator and its associated blocks, which

we call the backend chip, remain in the centralized chip. Importantly, the point memory

(which stores patches, descriptors, etc.) remains in the backend. Each frame, the backend

chip requests the frontend chip to track a set of points. For each point, it sends the entire

point structure to the frontend. When the frontend finishes tracking old points and detect-

ing new ones, it sends back the set of points to the backend. In addition to points, the

backend also sends pose and camera calibration data to the frontend. Since the frontend

and the backend only exchange points and not entire images in this design, data movement

is significantly reduced. Moreover, privacy could be improved as well.
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5.2.3 Communication Pruning

We further optimize data movement by noting that the frontend chips and the backend chip

do not need to exchange the entire point data structure when communicating. For instance,

the backend does not need to send the point descriptors when notifying the frontend of which

points to track (but still needs to send the patches). Similarly, the frontend does not need

to send some of the point metadata to the backend as it is only used internally by the point

tracker. In this iteration of our design, we further minimize data movement between the

frontend and the backend by pruning this unnecessary data communication. After pruning,

the communication that occurs is as follows.

Backend to Camera (B2C): For each point that the backend requests an on-sensor

frontend to track, it sends the frontend the point’s ID, depth estimate, and patch. The

backend also sends the latest pose and camera calibration information once per frame.

Camera to Backend (C2B): For each of the incoming points to be tracked, the on-

sensor frontend sends back observations (defined in Section 5.1.1), and for each of the newly

generated points, the entire point is sent back to the backend.

5.2.4 Caching

Overview The backend only needs to know which points have to be tracked and what

their observations are. It does not need to know anything about patches at all. Based

on this insight, the next configuration adds a patch cache to each frontend. Whenever a

frontend detects a new point, the point’s patch is inserted into the cache, which is indexed

using the point’s ID. In this design, the backend and the frontends only communicate via

these IDs, which are only a few bytes in size.

When the backend notifies a frontend to track a particular point, the frontend looks up

the point’s patch in its cache. On a cache hit, the patches are read from the cache and

a significant amount of data movement is saved as no patches are transferred. On a cache

miss, the frontend notifies the backend of the miss. The backend then looks up in a directory

which frontend owns the patch in question, and requests that frontend to send the patch to

the desired frontend. As patches are read-only, they can be in multiple caches at the same

time.

Note that the per-frontend caches only store patches, and other point data (descriptors,

etc.) is still stored in the backend. Observations and descriptors of new points still have to

be sent from each frontend to the backend, and pose and calibration data from the backend

to the frontends. The final design is shown in Figure 5.4.
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Details To cache patches, we add a simple direct-mapped cache to each frontend, as shown

in Figure 5.4. This cache is indexed using unique point IDs and each entry consists of the

point’s patch.

The caches are managed by a central directory in the backend. The directory keeps track

of which patches reside in which cache – called a sharers list – and which sets (entries) are

occupied in each cache — called an occupancy table. Since the backend does not ever need

patches and only needs to know where they are, there is no centralized patch memory in the

backend anymore. Instead, the combined capacity of all the caches is used to track all the

points — a maximum of 512 points in our architecture.9

Whenever new points are created by a frontend, their patches are inserted into the local

cache and the directory is notified. When the frontend needs a patch and it hits in the cache,

nothing needs to be done. On misses, however, the directory is notified, which then uses the

sharers list to determine which cache/camera has the patch and asks it to send the patch to

the original requester.

As mentioned above, the combined capacity of all the caches must be sufficient to track all

the points. That is, if we wish to track a total of 512 points (and therefore 512 patches) and

we have four caches, each cache must contain at least 128 patches. If there are exactly 128

entries per cache, no duplicates are allowed, and patches can at most be in one cache at any

given time. Consequently, on a patch miss, the current owner has to remove the patch from

its cache before sending it to the requester. Similarly, conflicting entries in a cache have to

9We chose 512 points as a conservative upper bound based on analysis of our internal tracking datasets.
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Figure 5.5: Distributed VIO architecture with separate data and command links. The
command link is shown in red while the data link is shown in dark blue.

be relocated elsewhere in order to ensure there are no duplicates. The directory performs

this task by using the occupancy table and relocates conflicting entries into empty slots in

remote caches.

Not allowing duplicates has a detrimental effect on hit rate — many points are shared

between cameras and this causes them to ping-pong between caches. By increasing the

capacity of the caches, duplicates can be allowed. However, increasing cache capacity also

increases leakage power and thus a trade-off must be made between energy saved from data

movement and energy added from leakage. We explore this trade-off in Section 5.4.2.

Hit Rate Optimization A possible optimization for improving cache hit rate without

increasing cache capacity (and thus leakage power) is to allow duplicates as long as there

is sufficient capacity remaining in the caches. The intuition behind this idea is that even

though the maximum tracking capacity of the system may be 512 points, far fewer points

may actually be getting tracked in any given frame, resulting in wasted storage. If that

storage can be used for duplicates, ping-ponging of patches can be reduced, increasing cache

hit rate and decreasing communication power. However, we chose not to implement this

optimization as it appeared to provide only marginal gains, as shown in Section 5.4.3.

5.2.5 Split Communication Links

Even though the design presented in Section 5.2.4 prevents raw pixels from leaving the

cameras, it still passes around patches, which the programmable embedded CPU can readily
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access. If the CPU gets hacked, a collection of patches can provide a fairly representa-

tive reconstruction of the user’s surroundings [176]. To tackle this problem, we split the

communication link into two separate links: command and data.

The command link is shared across all the chips and is only used for exchanging metadata

and requests/responses. The data link is used for transferring patches between the frontends,

and the backend does not have access to it. That is, the backend physically does not have

wires going to that link, and thus cannot directly access the patches even if a malicious party

were to obtain access to the CPU. The separate links are shown in Figure 5.5.

5.2.6 Chip Replication

In a centralized design, chip failure could mean complete loss of pose tracking. Even in

our distributed design, the backend is a central point of failure. To alleviate this concern, we

replicate the backend in each camera and shut off all but one of the backends. If the active

backend fails, another can take over (this would require VIO re-initialization, which may

result in a temporary loss of tracking), until no chips are left. An important benefit of this

approach is that only one homogeneous chip needs to be designed, and not a separate one

for the frontend and a separate one for the backend. This can save significant engineering

effort, which is often a primary concern in practice. Our final distributed on-sensor VIO

architecture is shown in Figure 5.6.
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5.3 EXPERIMENTAL METHODOLOGY

We evaluate the first four configurations described in Section 5.2: centralized, distributed,

distributed with pruning, and distributed with both pruning and caching . We do not

evaluate the two configurations with split communication links and chip replication since

those two configurations only affect privacy, security, and engineering cost, and have no

bearing on link power, the metric which we are concerned with in this chapter.

We instrument a custom VIO implementation to collect communication data. For the

cache-based configuration, we implement the cache at a functional level inside the VIO

code, and used a 256-entry cache in all our experiments unless otherwise stated. All reported

results are over ∼300 hours of video taken from four tracking cameras, spanning a variety

of use cases. Since the computation remains unchanged, we observe no difference in pose

estimation accuracy metrics, such as Average Trajectory Error and Relative Pose Error [121],

between the centralized and distributed designs.

We obtain time and dynamic and leakage power estimates by using RTL implementations

of the various computational blocks of our algorithm. To compute link power, we assume a

50 pJ/bit MIPI CSI link between the cameras and the VIO chip, in line with prior work [177,

178]. We do not report timing information as both the centralized and distributed designs

operate several factors faster than the target camera frame rate. Moreover, we do not expect

a performance loss in the distributed designs as the amount of work performed remains

unchanged, and transferring tens of KBs due to cache misses over a 1 Gbps MIPI link would

consume less than 0.5ms. Finally, we do not include directory power as it is negligible (the

directory is only a few Kilobits in size).

We consider power at three different levels: link, VIO chip, and VIO subsystem. Link

power is the power of the MIPI CSI link. VIO chip power includes the VIO accelerators,

compute and memory leakage, and link power. VIO subsystem power contains camera and

IMU power in addition to VIO chip power.

5.4 RESULTS

5.4.1 Traffic Reduction

Figure 5.7 shows the link traffic breakdown of the four designs listed in Section 5.3 normal-

ized to the baseline centralized design. Since the distributed designs consume only a small

percentage of the baseline link traffic, the y-axis of the graph is capped at 16% to clearly

show the traffic breakdown. As can be seen, even the basic distributed partitioning reduces
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clarity. B2C denotes backend-to-camera communication, C2B denotes camera-to-backend
communication, and C2C denotes camera-to-camera communication.

communication traffic per frame by 7×. Pruning provides an additional factor of 1.6× im-

provement and caching another factor of 3.3× on top of that, for a total reduction of 37×.

The non-cache-based distributed designs are dominated by backend-to-camera point request

traffic, which contains the patches of the points that need to be tracked. The cache-based

design no longer requires such communication.

Instead, the cache-based design’s traffic is dominated by cache-to-cache patch transfers

(60%). While this may seem to motivate future work into improving the hit rate of our

caches, link power is already sufficiently low (Section 5.4.3) that any extra effort would

likely provide diminishing returns.

5.4.2 Cache Size Scaling

As mentioned in Section 5.2.4, there exists a trade-off between power saved due to less

data movement and power added due to leakage when increasing the size of the patch cache.

To study this trade-off, we performed a cache size scaling study. Figure 5.8 shows link,

leakage, and total power on the left y-axis, and cache hit rate on the right y-axis for four

different cache sizes. The cache sizes are shown in terms of the number of points that they
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Figure 5.8: Link, leakage, and total power (triangles, left y-axis), and cache hit rate (circles,
right y-axis) for various cache sizes. The 256-entry cache achieves the best balance between
link and leakage power.

can cache. The 128-entry cache disallows duplicates, whereas the 256-, 384-, and 512-entry

caches allows two, three, and four duplicates, respectively, of each patch across the entire

system.

As shown in Figure 5.8, larger caches have higher hit rates and therefore lower link power.

The 384-entry cache has a hit rate of 93%, with the majority of the remaining misses coming

from newly allocated points in other cameras. The hit rate does not improve with a 512-

entry cache because four duplicates are never required in practice. At the same time, larger

caches also have higher leakage power, and the added leakage eventually offsets the benefits

of a high hit rate. Ultimately, the 256-entry cache achieves the lowest overall power (sum of

link power and cache leakage power), despite its modest hit rate of 83%.

5.4.3 Power Reduction

Figure 5.9 shows the power breakdown of the VIO chip in terms of accelerator power

(VIO), compute and leakage power, and link power for the four different configurations.

As can be seen, link power constitutes 74% of VIO chip power in the baseline centralized

design. The link traffic reductions achieved by the three distributed designs significantly
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Figure 5.9: Normalized power breakdown of the VIO chip for the four VIO designs. All bars
are normalized to the VIO chip power of the baseline centralized design.

reduce this fraction. The final cache-based design reduces link power to just 7% of the

remaining total, resulting in a 3.3× VIO chip power reduction compared to the centralized

design. While the power reduction benefits of caching may seem minimal compared to a

non-caching solution, as discussed in Section 5.2.5, a cache-based design may afford privacy

and security that a non-cache-based design may not. The remaining power is dominated

by compute and memory leakage. The cache-based design has higher memory leakage than

the non-cached-based design, but offsets it by reducing link power more significantly. This

motivates devising a better cache architecture in the future which aims to achieve similar

hit rates with a smaller capacity, reducing memory leakage power.

Figure 5.10 shows the normalized power breakdown of the entire VIO subsystem in terms

of VIO chip components, the IMUs, and the cameras for the four different VIO designs.

When considering the entire VIO subsystem, link power constitutes 25% of total power, as

opposed to 74% when considering just the VIO chip. By Amdahl’s law, completing removing

link power would result in a 1.33× reduction in total power. Our caching based design almost

achieves this ideal target, with a power reduction of 1.31×. Of the remaining power, 87% is

consumed by the cameras and IMUs, motivating research in more efficient sensors.
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5.5 SUMMARY

In this chapter, we presented an on-sensor distributed architecture for Visual-Inertial

Odometry that reduces off-chip communication traffic by 37×, resulting in a VIO chip power

reduction of 3.3×, and a total VIO subsystem power reduction of 1.3×. To the best of our

knowledge, this is the first work that motivates on-sensor computing for applications such

as VIO and SLAM by highlighting the crucial role of the off-chip communication links. It is

also the first work to show a distributed hardware architecture for VIO.

The design principle presented in this chapter, distributed on-sensor computing, is appli-

cable to other parts of the XR runtime as well. For instance, after this work was performed,

on-sensor designs for both eye tracking [14] and hand tracking [15] were developed by others.

Although these designs do not distribute work across sensors as we do, their development

still highlights the efficacy of on-sensor computing in optimizing several XR components.

In the future, a methodology could be developed to apply this technique more systemati-

cally and across components. Moreover, both the security and privacy aspects of on-sensor

computing could be studied, as well as the impact on sensor and wire placement within the

wearable device.
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CHAPTER 6: ONLINE FREQUENCY CONTROL

As shown in the previous chapter, on-sensor computing is an effective design principle

for reducing I/O power in XR systems. Another principle for reducing I/O power is online

frequency control, which dynamically chooses the execution frequency of a component to

reduce power consumption while maintaining an acceptable QoE. In cases where the compo-

nent is driven by a sensor, the frequency of the sensor can also be modulated, which reduces

the power consumption of both the sensor and the I/O between the sensor and the SoC.

Thus, online frequency control can reduce power even more than on-sensor computing, albeit

without providing the potential security and privacy benefits of on-sensor computing.

In this chapter, we apply online frequency control to reduce the power consumption of

scene reconstruction, a key enabling technology for XR, and specifically for augmented and

mixed reality. As described in Chapter 2, scene reconstruction builds a 3D model of the user’s

surroundings, which then allows virtual objects to interact with physical ones by virtue of

accurate occlusion, collisions, and other physics-based effects. Scene reconstruction has seen

significant development in the past decade [80, 84, 179, 180, 181, 182], with innumerable

papers inspired by the seminal KinectFusion system [81]. While some algorithms can run

on mobile devices [80, 183], they still consume a significant amount of power10, making

scene reconstruction an appropriate candidate for demonstrating power reduction via online

frequency control.

The motivation for reducing execution frequency in scene reconstruction comes from our

observation that existing algorithms all operate at a high frequency, typically 30Hz, re-

gardless of frame or sequence. Figure 6.1 compares the meshes obtained by running scene

reconstruction at 30Hz, 5Hz, and 2Hz for two different sequences. In the first sequence,

it can be seen that running at 2Hz produces a mesh that is of reasonable quality com-

pared to the one produced by running at 30Hz, the frequency at which depth images are

fused into the model in existing systems. Since average power scales linearly with frequency

(average power = energy × frequency), reducing frequency by 15× directly reduces aver-

age power by 15×. At the same time, in the second sequence, the 2Hz mesh is both less

complete and noisier than the 30Hz mesh. This shows that while the opportunity to reduce

power by running fusion at a frequency lower than 30Hz exists, the exact frequency varies

from sequence to sequence. Thus, choosing a constant high frequency across all sequences

would unnecessarily increase power consumption in some sequences, whereas choosing a low

10In this thesis, we opt for classical scene reconstruction approaches instead of neural-based approaches as
neural-based approaches have high resource requirements, slow execution speed, and do not always surpass
classical approaches. We perform a more detailed comparison in Chapter 8.
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Figure 6.1: Comparison between meshes generated with various constant and dynamic scene
reconstruction frequencies for two different scenes. When running at a constant 30Hz (the
commonly chosen frequency for scene reconstruction), the reconstructed mesh is good in
both scenes (left). 5Hz produces an acceptable mesh in both cases as well (center left).
2Hz produces an acceptable mesh for the first scene but not the second one, showcasing
that the minimum acceptable frequency for scene reconstruction varies from scene to scene
(center right). We develop AdaptiveFusion, an online frequency controller that adapts
to each scene and generates a reasonable mesh in both cases, resulting in different average
frequencies (right).

frequency would degrade mesh quality in other sequences.

To pick a reasonable frequency for each sequence and to adapt to different sequences,

we propose AdaptiveFusion, an online controller that varies the frequency of fusion over

time in order to achieve a balance between power consumption and mesh quality. Adap-

tiveFusion achieves this by employing a PID controller that uses the number of newly

allocated voxels per frame to make decisions. By doing so, AdaptiveFusion can increase

the frequency when the user moves to a new area (which results in an increase in voxel

allocations), and reduce the frequency when an area has already been mapped (which re-

sults in a decrease in voxel allocations). Our proposed system reduces fusion frequency, and

thus power, by 4.9× on average, while still giving acceptable quality meshes, compared to a

baseline state-of-the-art scene reconstruction implementation.

Online frequency control can be extended to other parts of the XR system, such as head

tracking and the visual pipeline. To do so systematically, we develop a scheduling framework

called Catan [19, 20] that determines execution frequencies of components given hardware

and QoE constraints. We summarize Catan in Section 9.4.

60



6.1 BACKGROUND

6.1.1 Scene Reconstruction

Scene reconstruction takes a set of depth and optionally color images as input, and con-

structs a 3D model of the world. It enables both AR and MR applications by providing

correct depth cues, occlusion for virtual objects, physics simulations, etc., and is thus an

integral part of modern and future XR systems. KinectFusion [81] was the first work that

supported real-time scene reconstruction using commodity depth sensors. Since KinectFu-

sion, a plethora of works have explored RGB-D-based scene reconstruction over the past

decade. Notable among these are methods that improve the scalability of scene reconstruc-

tion by using efficient data structures such as octrees [180], hash tables [179], and deformation

graphs [182]. Regardless of these differences, all of these methods run at a constant 30Hz

in all cases, and do not consider dynamically changing fusion frequency based on the scene.

Some methods represent the 3D model using a volume, using unit cubes called voxels

(volume elements), while others represent it using surfaces, using discs called surfels (surface

elements). In this chapter, we assume a voxel-based algorithm. While surfel-based scene

reconstruction algorithms have their advantages [182], voxel-based algorithms are more suit-

able for XR because they provide contiguous geometry, enabling easy collision checks, and

are easier to extract meshes from [84].

Scene reconstruction algorithms work with both ICP-based (Iterative Closest Point) [80,

184] and VI-SLAM-based [84, 85, 183] pose trackers. We assume a non-ICP-based pose

tracker in this chapter11, and focus only on the scene reconstruction step, which consists of

bilateral filtering, visibility check, and voxel fusion (Section 4.2). First, bilateral filtering

reduces noise and removes outliers from the incoming depth image. Next, visibility check

generates a list of voxels which are visible from the current viewing frustum. Finally, voxel

fusion goes through each visible voxel and fuses depth readings into it.

6.1.2 PID Control

A proportional-integral-derivative (PID) controller is a widely-used control loop mecha-

nism. Common examples include thermostats, cruise control in cars, and valve controllers in

industrial settings. A generic PID controller aims to achieve a target value, called a setpoint,

by observing a process variable and making control decisions accordingly. It does so by cal-

11Pose estimation is usually studied and optimized separately, as shown in Chapter 5 and in prior work [168,
170, 185].
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culating the error between the setpoint and the measured process variable, and applying a

correction based on proportional, integral, and derivative terms and their weights [186]. The

proportional part multiplies the calculated error with a fixed proportion, aiming to reduce

error quickly at the beginning and gradually slowing down as the setpoint approaches. A

proportional controller cannot maintain a steady-state as it requires a non-zero error term

to operate. The integral part maintains steady-state by summing up error information over

time. Once steady-state is achieved, the integral output will not change since the input of

the integrator (the error term) is zero. Lastly, the integrator may overshoot the setpoint

depending upon historic error values. To mitigate this, the derivative part measures the rate

of change of the error. If the error decreases too fast, it produces a negative offset to prevent

the PID controller from overshooting the setpoint. PID controllers have been applied to

SLAM in the past [187, 188], but not to change the frequency of the computation.

6.2 ADAPTIVEFUSION

Scene reconstruction typically runs at 30Hz [80, 81]. This frequency is reasonable in sys-

tems that use ICP-based pose trackers because ICP assumes a small pose delta between the

two frames being compared, necessitating a high frequency for the entire scene reconstruc-

tion pipeline. In a system with a pose estimator that is external to scene reconstruction,

however, this restriction no longer applies, and bilateral filtering, visibility check, and voxel

fusion—referred to simply as fusion from here on out—can potentially be performed at a

lower frequency, reducing system power and hardware utilization. Even though systems exist

that use an external pose tracker with scene reconstruction [84, 85], they still operate fusion

at 30Hz, and do not explore running it at a lower frequency.

However, as shown in Figure 6.1, the main challenge with choosing a lower frequency is

that the optimal fusion frequency depends on both the scene and the user’s motion. Thus,

determining an optimal, constant frequency a priori is not feasible. This motivates Adap-

tiveFusion, a mechanism for calculating the frequency of fusion in real time. Adaptive-

Fusion uses a PID controller specialized for scene reconstruction to calculate the frequency

of fusion.

They key insight behind AdaptiveFusion is the choice of process variable. We monitor

the number of newly allocated bricks12 in a frame to determine the instantaneous frequency

of fusion; i.e., the inverse of the time until the next frame is acquired. The intuition behind

using the number of newly allocated bricks as a process variable is that we only need to fuse

12A block of 8×8×8 voxels, the unit in which the map is allocated and managed by contemporary voxel-
based scene reconstruction algorithms.

62



	0

	25

	50

	75

	100

	125

	150

	0 	200 	400 	600 	800 	1000 	1200 	1400 	1600

Ne
w	
Br
ick

s

Frame

einstein2
table3

Figure 6.2: Number of new brick allocations per frame for einstein2 and table3 from
ETH3D [189]. Note both the frame-to-frame variability and the sequence-to-sequence vari-
ability. Our controller adapts to this variability by using dynamic setpoints.

new depth data into the voxel volume at a high rate when we observe a new part of the

scene. If the user is moving around in an area that has already been mapped, few bricks will

be allocated, and fusion can be run at a low frequency. Conversely, when the user moves to

a new area, more bricks are allocated, and fusion has to be run at a high frequency both

so that new parts of the scene are not missed, and so that the new voxels can achieve high

confidence (high fusion count) quickly and give an updated map to the user in a timely

manner. Prior work on PID control for SLAM [187, 188] uses pose distance as the process

variable, which is better suited for tracking rather than scene reconstruction.

As shown in Figure 6.2, the number of newly allocated bricks can vary significantly from

frame to frame and from sequence to sequence. To make the controller adapt to these

changes, we use two dynamic setpoints instead of a static one to perform PID control, similar

to [188]. After each frame is executed, the minimum, maximum, and average number of
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newly allocated bricks per frame, denoted by Bmin, Bmax, and Bavg, respectively, is updated.

Then, the two dynamic setpoints are calculated as follows:

Blow = (1− α)×Bmin + α×Bavg (6.1)

Bhigh = (1− α)×Bavg + α×Bmax (6.2)

Figure 6.3 summarizes the decision-making process of our controller. When the number

of newly allocated bricks is less than Blow, the lowest possible frequency setting is chosen.

When the number of newly allocated bricks is more than Bhigh, the highest possible frequency

setting is chosen. When the number of newly allocated bricks lies between Blow and Bhigh,

the frequency is determined proportionally based on the difference from Blow. The range

from Blow to Bhigh is divided into an equal number of frequency bins, and the bin in which

the number of newly allocated bricks falls determines the frequency setting. This is the

output of the P part of the controller.

The I part of the controller keeps a sliding window of the difference between newly allo-

cated bricks and the corresponding Blow, and then computes another P response described

above using the average value of the window. The P output is then combined with the I

output.

The D part of the controller monitors the sliding window and checks whether the number

of brick allocations is constantly increasing. If it is, the frequency setting is increased by

one step. In practice, this part of the controller is never triggered as the number of newly

allocated bricks never rises consistently. To be conservative, a constantly decreasing number

of brick allocations does not result in a lower frequency setting.

The parameter α controls whether the two dynamic setpoints skew towards lower values

or higher values. The lower the α, the lower the dynamic setpoints, and the higher the

frequencies chosen by the controller. The higher the α, the higher the dynamic setpoints,

and the lower the frequencies chosen by the controller. Additionally, constants Kp, Ki, and

Kd determine the relative importance of the P , I, and D responses, respectively.

Finally, to initialize the controller, we have a bootstrap phase of 30 frames in which the

sliding window is populated and the two dynamic setpoints achieve stable values. During

this phase, the system runs at maximum frequency. Once the bootstrap phase is finished,

the controller calculates the frequency of the system as described above.
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Figure 6.3: Decision making process of the frequency controller. Control flow is shown
in light gold, and state updates are shown in light orange. B, Blow, and Bhigh denote
the number of newly allocated bricks in the current frame, the low setpoint, and the high
setpoint, respectively.

6.3 EXPERIMENTAL SETUP

We conduct extensive experiments over several sequences to test the efficiency of our

proposed system. This section describes our experimental setup.

6.3.1 Implementation

We implement our system in the open-source InfiniTAM v3 framework [80]. InfiniTAM

provides separate modular components for tracking, bilateral filtering, visibility check, and

voxel fusion. Since we focus on scene reconstruction, to isolate reconstruction errors from

pose estimation errors, we replace the tracking module with ground truth poses. For fre-
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Table 6.1: Sequences from ScanNet used to tune the PID controller constants. Each sequence
consists of depth images with a resolution of 640 × 480 pixels and color images with a
resolution of 1296× 968 pixels, both at 30Hz.

Sequence scene0000 scene0002 scene0004 scene0005 scene0010 scene0101

Length 5578 5193 929 1159 2514 1408

Table 6.2: Sequences from ScanNet used in the testing set. Each sequence has the same
image resolution and frame rate as the sequences in the training set.

Sequence scene0054 scene0233 scene0331 scene0465 scene0613

Length 6629 8268 6030 6307 6001

Table 6.3: Sequences from ETH3D used in the testing set. Each sequence consists of depth
and color images with a resolution of 739× 458 pixels, both at 27.1Hz.

Sequence desk-changing1 einstein planar3 plant-scene1

Length 3931 1530 901 740
Sequence repetitive sfm-bench sofa1 table3

Length 1965 660 976 1180

quency reduction and the online controller, we make no changes to the core algorithm, and

simply control the input to the pipeline. We assume a software-triggered camera, which

means camera frequency (and thus camera and I/O power) is also determined by Adap-

tiveFusion. In optimized configurations where fusion is run at a frequency reduced by a

factor X, our system will invoke fusion only for every Xth frame, saving compute, sensor,

and I/O energy on the X − 1 previous frames.

6.3.2 Sequences

We use several sequences from ScanNet [161] and ETH3D [189], two popular scene re-

construction and SLAM datasets, to evaluate our system, listed in Table 6.1, Table 6.2,

and Table 6.3. The sequences cover a variety of scenes, camera trajectories, and difficulties,

and range in length from 740 to 8268 frames (27 seconds to 4.5 minutes). We manually

tune AdaptiveFusion using a training set consisting of the ScanNet sequences listed in

Table 6.1. We use ETH3D and the remaining ScanNet sequences as the testing set.

66



6.3.3 Metrics

To evaluate the quality of the reconstructed scenes, we use F-score as defined by [190].

We extract a mesh from the final voxel volume using marching cubes, and in line with prior

work [161], post-process it by merging nearby vertices, removing connected components

with fewer than 7500 triangles, running two rounds of quadric edge collapse decimation, and

smoothing the surface normals. We obtain ground truth meshes by passing the ground truth

poses of each sequence to InfiniTAM at 30Hz. We assume that power consumption scales

linearly with frequency.

6.3.4 Configurations

We use the following frequencies to evaluate each sequence: 30Hz, 15Hz, 10Hz, 7.5Hz,

5Hz, 2Hz, and AdaptiveFusion. For AdaptiveFusion, we use α = 0.2, Kp = 0.4,

Ki = 2.9, and Kd = 1.0.

6.4 RESULTS

We first evaluate our design both quantitatively and qualitatively in Section 6.4.1. We

then demonstrate the controller’s adaptability and its potential to improve user experience

through an in-depth analysis of its behavior in Section 6.4.2.

6.4.1 Reconstruction Evaluation

Quantitative Results Figures 6.4, 6.5, and 6.6 show the F-score of each constant fre-

quency configuration and AdaptiveFusion for the ScanNet training set, ScanNet test set,

and ETH3D, respectively. Each figure shows the F-score with both a 2 cm error threshold

and a 5 cm error threshold (representing approximately 0.4% and 1% of the scene’s scale).

The F-scores are computed by taking the 30Hz mesh as the reference. We cap the range of

F-scores values on the y-axis for readability, and we use a log scale on the x-axis to spread

the data points evenly. We make the following observations from these results.

First, for a given target F-score, the minimum frequency that meets that score varies

significantly from sequence to sequence. For instance, the acceptable frequency range is

from 4Hz to 16Hz if an F-score of 0.98 (5 cm threshold) is chosen for the ScanNet training

set in Figure 6.4. Second, AdaptiveFusion (denoted using star markers) is able to achieve

a good trade-off between mesh quality and frequency, selecting unique frequencies for each

67



Table 6.4: Minimum frequencies required to obtain minimally acceptable and acceptable
meshes (based on visual inspection) for each sequence. Min denotes minimum acceptable
frequency, Acc denotes a more acceptable frequency, and Ctrl denotes the average frequency
attained by AdaptiveFusion. The range of acceptable frequencies across sequences is
wide, and AdaptiveFusion is able to find a sweet spot in most cases. Note that the aver-
age frequency of AdaptiveFusion cannot be directly compared to an equivalent constant
frequency due to the different instantaneous behavior of the two systems.

Min / Acc / Ctrl Min / Acc / Ctrl
scene0000 5 / 7.5 / 5.7 scene0613 2 / 5 / 4.2
scene0002 5 / 7.5 / 3.9 ETH3D
scene0004 7.5 / 10 / 13.9 desk-changing1 2 / 7.5 /3.1
scene0005 2 / 5 / 9.5 einstein2 7.5 / 15 / 3.6
scene0010 5 / 7.5 / 8.5 planar3 2 / 5 / 4.4
scene0054 2 / 5 / 8.4 plant-scene1 2 / 5 / 4.4
scene0101 10 / 15 / 8.8 repetitive 2 / 5 / 5.1
scene0233 15 / 30 / 4.2 sfm-bench 7.5 / 10 / 5.4
scene0331 2 / 5 / 6.6 sofa1 2 / 2 / 7.9
scene0465 15 / 30 / 5.2 table3 15 / 30 / 6.3

sequence and generating meshes with acceptable quality. In some sequences, the star marker

is even higher than the constant frequency trend line, meaning that the PID controller can

either achieve similar mesh quality by fusing fewer frames or fuse the same number of frames

and produce a better mesh. We find that these results hold with both error thresholds.

Finally, AdaptiveFusion generalizes well, and is able to produce good quality meshes in

the test sequences as well; e.g., the star markers are above the constant frequency trend line

for some sequences in both Figures 6.5 and 6.6.

Qualitative Results Choosing a target F-score is not trivial, as the score curve changes

drastically with the chosen error threshold. Furthermore, while F-scores correctly capture the

general relationship between mesh quality and frequency, they do not convey any information

about the perceptual quality of a mesh. Therefore, we also visually inspect all the meshes.

Figure 6.7 shows the reconstructed meshes for four sequences from ScanNet, each with four

configurations: constant 30Hz (best achievable mesh), the constant frequency that generates

a minimally acceptable mesh, the constant frequency that generates a more acceptable mesh,

and AdaptiveFusion, in that order. The frequencies are chosen based on visual inspection

of the meshes, and are listed for all sequences in Table 6.4.
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Figure 6.4: F-scores with 5 cm and 2 cm thresholds for the ScanNet training set.

Both Table 6.4 and Figure 6.7 corroborate the F-score results, with different sequences ex-

hibiting different optimal frequencies, and AdaptiveFusion successfully adapting to each

scene. In each case, AdaptiveFusion generates a mesh that is better than the mini-

mally acceptable mesh and comparable to the more acceptable mesh. For scene0010 and

scene0331, AdaptiveFusion achieves an average frequency that is slightly higher than

required. However, even when its achieved average frequency is lower than the desired fre-

quency (scene0002 and scene0101), the quality of the generated mesh is comparable or

better. This is because the average frequency of AdaptiveFusion cannot be directly com-

pared to an equivalent constant frequency, as AdaptiveFusion fuses frames based on scene

information, which sometimes results in better meshes with fewer fusions.

The qualitative results also show that there is a need for mesh quality assessment metrics

that better align with subjective quality scores. While F-score reflects most mesh quality

changes (higher qualities corresponds to higher F-scores), it is still not a perfect fit for eval-

uating scene reconstruction quality. For example, in scene0010, AdaptiveFusion’s mesh

has a worse F-score than 7.5Hz’s mesh, despite the AdaptiveFusion mesh being visually

better than the mesh generated by 7.5Hz. We hope these results motivate researchers to

develop better perceptual mesh quality metrics.
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Figure 6.5: F-scores with 5 cm and 2 cm thresholds for the ScanNet testing set.

6.4.2 PID Controller Analysis

Controller Activity AdaptiveFusion monitors the number of newly allocated bricks

per frame to determine the instantaneous frequency of fusion. To both understand how the

controller’s decisions are affected by different characteristics of different sequences, and its

ability to generalize from the training to the test set, we analyze the controller’s activity in

two representative data sequences: scene0002, a training sequence with several large objects

in the center of the room, and scene0233, a test sequence with furniture closer to the walls.

Figure 6.8 shows the variation of newly allocated bricks and the controller’s output (top

and bottom, respectively) over time for the two aforementioned sequences. Each spike

in brick allocations corresponds to a region becoming visible for the first time. In both

sequences, the controller responds to spikes in brick allocation appropriately, although the

exact frequency that it chooses vary greatly based on both the magnitude of the spike and

the brick allocation history till that point. In scene0002, there are few allocations once half

the sequence has passed, and the controller responds by running at a very low frequency.

In contrast, scene0233 has a steady stream of brick allocations throughout the sequence,

resulting in the controller choosing higher frequencies. Overall, the controller is able to find

a balance between fusing quickly when new areas are discovered, and fusing slowly when the

trajectory traverses an already mapped area.
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Figure 6.6: F-scores with 5 cm and 2 cm thresholds for the ETH3D testing set.

Motion-to-Mesh Latency The responsiveness of our controller brings an additional ben-

efit in the form of reduced Motion-to-Mesh Latency (MTM). Similar to Motion-to-Photon

latency, a widely adopted metric in the XR community, we define a new metric, MTM, as

the period from a user seeing a new scene to the scene getting reasonably reconstructed and

becoming ready for use. While we can fuse at a constant rate, either high or low, neither

option can balance mesh quality and power consumption: a higher fusing rate reduces MTM

but also incurs a higher power cost. On the other hand, a lower fusing rate saves more power

but compromises user experience due to a high MTM.

Figure 6.8 shows that our controller reacts appropriately to newly visible parts of the

scene: it sustains a high frequency for a brief period of time to quickly obtain a reason-

able reconstruction, and then immediately returns to a low frequency state to save power.

Consequently, it is able to minimize both MTM and power consumption.

6.5 SUMMARY

In this chapter, we showcased online frequency control by proposing AdaptiveFusion,

the first work that demonstrates that it is possible to dynamically choose scene reconstruc-

tion frequency by observing the number of newly allocated bricks per frame. Compared

to an existing state-of-the-art baseline, AdaptiveFusion’s PID controller reduces power

consumption by 4.9× while maintaining acceptable mesh quality.
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30Hz 5Hz 7.5Hz 3.9Hz

30Hz 5Hz 7.5Hz 8.5Hz

30Hz 10Hz 15Hz 8.8Hz

30Hz 2Hz 5Hz 6.6Hz

Figure 6.7: We compare meshes generated by AdaptiveFusion to meshes generated by
running at various constant frequencies for ScanNet scenes 2, 10, 101, and 331. For each
scene, the first column shows the mesh generated by running at the maximum possible
frequency, 30Hz. The second column shows the minimally acceptable mesh and the cor-
responding constant frequency. The third column shows a more acceptable mesh and its
corresponding constant frequency. The last column shows the mesh generated by Adap-
tiveFusion and its average frequency for the scene. AdaptiveFusion-generated meshes
are on par with and sometimes better than constant frequency meshes.

At the same time, AdaptiveFusion overshoots the optimal frequency in some cases, and

undershoots it in others. Furthermore, the response of the PID controller can sometimes
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(a) Scene0002. A living room with furniture in the center.

(b) Scene0233. A dormitory with furniture near the walls.

Figure 6.8: Newly allocated bricks and output of the frequency controller over time. The
y-axis of newly allocated bricks is capped at 4000 and 2000 , respectively, for readability. The
red peaks that intersect with the figure’s upper boundary are all 30Hz.

fluctuate between extremes, potentially resulting in undesirable instantaneous power and

thermal fluctuations. Addressing these shortcomings is a good avenue for future research.

Our results also show that quantitative metrics such as F-score do not always match the

subjective experience of human beings, who are ultimately the final arbiters of what is and

is not an acceptable mesh. Furthermore, the target F-score for a given sequence is not

immediately obvious. These shortcomings of existing quantitative metrics motivate research

in human perception-driven metrics for room-scale meshes.

Finally, other parts of the XR system such as head tracking and the visual pipeline can

benefit from online frequency control as well. To approach this problem methodically for the
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entire system, we develop Catan [19, 20], a scheduling framework that determines component

frequencies to meet QoE constraints. We summarize Catan in Section 9.4.
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CHAPTER 7: SCALABLE HARDWARE MAPPING

The two design principles that we have explored thus far do not perform any hardware

specialization, which is often necessary to achieve the aggressive power targets laid out in

Section 2.1—1W peak power and 100mW average power. At the same time, it is infeasible

to build a dedicated accelerator for each task of each component, as discussed in Section 4.4,

both due to the changing nature of the algorithms, the additive leakage power and area

overheads, and engineering costs [191]. Therefore, a more scalable approach to hardware

specialization is required, one which maximizes reuse of existing hardware components before

generating new ones. We call this approach scalable hardware mapping, and apply it to scene

reconstruction to further reduce its power consumption.

As in the previous chapter, we focus solely on the core scene reconstruction tasks: bilateral

filtering, visibility check, and voxel fusion. Guided by our analysis presented in Section 4.2,

we map bilateral filtering to an Image Signal Processor (ISP), visibility check to a Digital

Signal Processor (DSP), and propose a simple accelerator for voxel fusion. Our approach

is both feasible and scalable, as it reuses two existing hardware components, and only adds

one new one. This is in contrast with previous approaches, which either propose custom

hardware for the entire component [192], or propose intrusive system-wide changes which

only accelerate a small fraction of the entire component [193].

When combined with AdaptiveFusion, our proposed hardware mapping consumes less

than 8mW, 125× less than running scene reconstruction on an embedded GPU. Scalable

hardware mapping is naturally applicable to other components as well. To apply it in a prin-

cipled fashion, we develop a tool called Trireme [21] which automatically selects acceleration

candidates. We summarize Trireme in Section 9.5.

7.1 BACKGROUND

Similar to Chapter 5, we assume a voxel-based scene reconstruction algorithm in this

chapter. We do not consider pose estimation as it is usually optimized (and often accelerated

in hardware) separately, as shown in both Chapter 5 and prior work on pose estimation

hardware [168, 170, 185]. Thus, we focus on the core scene reconstruction tasks: bilateral

filtering, visibility check, and voxel fusion.

First, bilateral filtering reduces noise and removes outliers from the incoming depth image.

A bilateral filter replaces the intensity of each pixel with a weighted average of the intensities

of its neighbors. Next, visibility check generates a list of voxel bricks which are visible from
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the current viewing frustum. This is achieved by projecting each pixel in the depth image

into 3D space, and marking the brick it falls upon as visible. Since depth images are noisy,

to be conservative, all voxel bricks along a small ray around the depth point are marked as

visible. Finally, voxel fusion goes through each voxel inside each visible brick, projects the

voxel into the depth image, and fuses the depth reading into the voxel if the voxel lies within

the truncation band of the depth point. A detailed overview of these tasks can be found in

KinectFusion [81] and InfiniTAM [80].

7.2 HARDWARE MAPPING

Before accelerating scene reconstruction in hardware, a natural question to ask is whether

running scene reconstruction on a GPU will suffice, especially since some existing scene

reconstruction algorithms run in real-time on mobile GPUs [80, 183]. In XR systems, running

scene reconstruction on the GPU is not feasible due to two reasons.

First, despite their efficiency at executing parallel workloads, GPUs consume a significant

amount of active and idle power. As an example, we ran AdaptiveFusion on an NVIDIA

Jetson Xavier development board [126], and found that the GPU consumed upwards of 1W,

despite AdaptiveFusion significantly reducing the execution frequency. We also observed

that the Dynamic Voltage and Frequency Scaling (DVFS) mechanism only began to lower

voltage and frequency after the GPU was idle for several seconds. Since such long idle periods

rarely occur in practice, idle power remained high. Thus, meeting the aforementioned peak

and average power targets would not be possible by running scene reconstruction on the

GPU.

Second, the primary purpose of a GPU in an SoC is to run graphics workloads. As such,

the GPU is usually well utilized all the time, and scheduling scene reconstruction on it may

not be possible. Even if GPU utilization were low, the issue of scheduling remains. For

instance, asynchronous reprojection (Section 2.4.1) is a critical task which needs to run on

the GPU immediately before each image is displayed, and running scene reconstruction on

the GPU may interfere with it. Thus, it is desirable to run scene reconstruction on other

hardware.

In order to determine the mapping of each algorithmic task to hardware, we revisit the

analysis of scene reconstruction presented in Section 4.2, and obtain the following insights.
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7.2.1 Compute

First, we find that bilateral filtering is a traditional image processing task, and can thus

be mapped to an ISP. Second, we find that after performing a minor rewrite of the software,

the only task which is affected by choice of data structure is visibility check, as it is the only

task which needs to access the hash table. Thus, in order to retain algorithmic flexibility,

it is only visibility check that has to be mapped on to programmable logic. Consequently,

visibility check is well-suited for a DSP, as a DSP is both sufficiently programmable and

adept at exploiting parallelism. Both ISPs and DSPs are readily available in virtually all

modern mobile SoCs, and are more power-efficient than GPUs, consuming only tens of

milliwatts [194, 195].

Finally, we note that voxel fusion has remained unchanged since it was proposed over 26

years ago [196], and is not likely to undergo changes in the near future either. Therefore,

it is safe to build a full-custom accelerator for voxel fusion poses. Since each brick contains

8× 8× 8 voxels, a straightforward implementation is to have an 8-wide datapath with each

lane consisting of a fully pipelined functional unit that implements the TSDF projection and

update equations. Once the pipeline fills up, the datapath can process 8 voxels each cycle,

and a brick every 64 cycles. Additionally, since voxels are 8B each, a single 64B cache line

can service all 8 lanes simultaneously.

7.2.2 Memory

The aforementioned mapping mitigates the need for designing custom datapaths for bilat-

eral filtering and visibility check. We next make the case for not needing custom memory

hierarchies, which are often a fundamental aspect of designing efficient hardware acceler-

ators. First, since bilateral filtering is a standard stencil operation, it possesses excellent

spatial and temporal locality. ISPs are already optimized for exploiting such locality, and

thus no extra effort is required to optimize the execution of bilateral filtering on the ISP.

Second, even though visibility check contains irregular hash table accesses, the working set

size of the hash table is small, typically a few hundred kB, which can easily fit in the L2

cache of a modern DSP [197].

Finally, as described in Section 4.2, voxel fusion has streaming accesses to voxel bricks

within a frame and 80%–90% data reuse of voxel bricks across frames. The streaming

accesses can be easily prefetched, and inter-frame reuse can be exploited by simply having a

large enough last-level cache (LLC). Since modern SoCs have 8–16MB LLCs [198], no extra

storage is required to exploit this inter-frame reuse.
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7.3 EXPERIMENTAL SETUP

We text the efficacy of our proposed hardware mapping with several sequences. This

section describes our experimental setup.

7.3.1 Implementation

Our proposed hardware mapping cannot be modeled on existing SoCs as these SoCs do

not contain our custom voxel fusion accelerator. At the same time, it is neither feasible

to build a custom SoC nor to model each hardware component in isolation, as capturing

the communication between the hardware components is important for understanding the

energy-efficiency of our proposed mapping. Therefore, we opt for a hybrid approach based

on analytical modeling and a trace- and event-driven timing simulator.

Scene reconstruction is a highly scene-dependent component, and the characteristics of

scenes vary significantly both from frame to frame and from sequence to sequence. Therefore,

in order to obtain a realistic picture of the hardware’s performance, hundreds of frames

have to be evaluated for each sequence, which is infeasible with RTL. Therefore, instead of

performing High Level Synthesis (HLS), we model our system using a trace- and event-driven

timing simulator, which we implement using the open-source Sparta framework [199]. Our

simulator simulates 300K cycles per second, which is approximately two orders of magnitude

faster than an RTL simulation of comparable complexity.

To drive our simulator, we collect a functional trace from InfiniTAM [80]. We instrument

bilateral filter, visibility check, and voxel fusion to collect the trace, and we break down

the trace of each task into work items that can be executed independently of each other,

similar to CUDA threads. A work item can be a different logical unit of work based on

the algorithmic task; e.g., each pixel represents a work item in bilateral filter, and each

voxel represents a work item in voxel fusion. Each work item consists of a sequence of

instructions which must be executed sequentially. Our functional trace consists of two types

of instructions: compute and memory. Compute instructions specify a fixed number of

cycles, whereas memory instructions encode the virtual address of the memory access. We

combine all instructions in between two memory instructions into one specialized compute

instruction. Although branch instructions are not part of the functional trace, we use them

to demarcate compute instructions in order to capture input-dependence.

We model each hardware component described in Section 7.2, including the ISP and DSP,

as a unit. Each unit consists of a work item scheduler, one or more processing elements (PEs),

and a shared L1 data cache (L1D). Each PE can have one or more concurrent resident work
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items. Each cycle, the scheduler attempts to issue an instruction to each PE. When a

PE receives a compute instruction, it simply notifies the scheduler of instruction completion

after the number of cycles specified in the trace have elapsed. When a PE receives a memory

instruction, it issues it to its L1D, where it follows the typical memory request service flow.

All the units, LLC, and memory controller are connected to each other via an on-chip

network (NoC), which is analytically modeled using flit size and the number of flits to be

transmitted. Once a unit finishes execution, it launches the next unit in algorithm order (we

do not pipeline the execution of the various units).

Although we do not build dedicated ISP and DSP models in our simulator, our modeling

methodology above yields representative results due to our energy model (described below).

Our bilateral filtering and visibility check units both consume of the order of 10mW while

running, which is in line with publicly available ISP [195] and DSP [194] numbers.

We model the energy consumption per frame as described by equations 7.1–7.9. We cal-

culate the number of operations executed by a PE in terms of equivalent FMA16 operations.

scheduler = |instructions| × issue energy/instruction (7.1)

PE = |ops| × energy/op + |memory instructions| × energy/lsq enqueue (7.2)

L1D = |sram accesses| × energy/access + |total accesses| × energy/MSHR lookup

(7.3)

unit = scheduler +
∑

PE + cache (7.4)

NoC = |flits| × energy/flit (7.5)

LLC = same as L1D model (7.6)

DRAM = |bits| × energy/bit (7.7)

MIPI = |bits| × energy/bit (7.8)

total =
∑

unit + NoC + LLC + DRAM+MIPI (7.9)

7.3.2 Sequences

We use several sequences from ScanNet [161] and ETH3D [189] to evaluate our system,

listed in Table 7.1. We simulate 200 frames from each sequence due to simulation time

constraints.
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Table 7.1: Sequences from ScanNet and ETH3D used to evaluate our proposed system.
ScanNet sequences scene0233, scene0331, and scene0465 consist of depth images with a
resolution of 640× 480 pixels and color images with a resolution of 1296× 968 pixels, both
at 30Hz. ETH3D sequences einstein and table3 consist of depth and color images with a
resolution of 739× 458 pixels, both at 27.1Hz.

Sequence scene0233 scene0331 scene0465 einstein table3

Length 8268 6030 6307 1530 1180

Table 7.2: Timing parameters of the modeled hardware. We use the same number of PEs,
work items per PE, and L1D for each hardware unit.

PEs Work Items Per PE L1D LLC Memory Controller Frequency
4 32 8-way 32 kB 16-way 16MB 2 32-bit channels 250MHz

1 cycle 7 cycles 10 cycles

Table 7.3: Energy parameters of the modeled hardware. Access numbers for the L1, LLC,
NoC, DRAM, and camera link are all for a 64B cache line. All numbers are in picojoules.
Due to the difficulty of obtaining a consistent set of numbers from a single source, we distill
these constants from various sources (op [200, 201], SRAM [201, 202], flit [203], DRAM [201],
and MIPI [177, 178]) and convert them into 5 nm numbers by scaling 2× every other node.
Issue, LSQ, and MSHR energies are best effort estimates.

Issue Op LSQ L1 Access L1 MSHR LLC Access LLC MSHR Flit DRAM MIPI
2 0.45 1 16 1 160 1 476 2560 25600

7.3.3 Configurations

We use AdaptiveFusion with α = 0.2, Kp = 0.4, Ki = 2.9, and Kd = 1.0 to collect

the functional traces. We use a truncation band of 20mm, and a viewing frustum of [0.3,

4] m. We use both 10mm voxels and 5mm voxels to evaluate our design. We use 10mm

voxels as the baseline both because ScanNet uses the same size [161] and because a larger

voxel size would be acceptable due to the resource constraints of XR. We use 5mm voxels to

represent aspirational XR use cases requiring the highest possible fidelity. The timing and

energy parameters of our hardware design are listed in Tables 7.2 and 7.3, respectively.

7.4 RESULTS

Figure 7.1 shows the average execution time and energy per frame of our proposed

hardware architecture for 200 frames of ScanNet sequences scene0233, scene0331, and

scene0465, and ETH3D sequences einstein2 and table3. For each sequence, we show the
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Figure 7.1: Average execution time and energy per frame breakdown for three ScanNet and
two ETH3D sequences. The left bar in each cluster shows the breakdown with 10mm voxels,
and the right bar shows the breakdown with 5mm voxels. Bilateral Filter, Visibility Check,
Depth Fusion Brick, and Depth Fusion Voxel represent the compute within each unit. Note
that the camera image’s link transfer time is negligible and cannot be seen in the execution
time graph.

time and energy with both 10mm (left bar with hatches) and 5mm (right bar) voxels.

7.4.1 Execution Time

Figure 7.1a shows that with 10mm voxels, average execution time per frame remains

below 30ms for all sequences, enabling the hardware to achieve 30Hz when required. On

the other hand, using 5mm voxels substantially increases the total amount of work to be

performed, significantly increasing execution time. Given that depth fusion is the only task

that accesses brick data and can exploit brick reuse across frames, it is impacted the most,

and thus has the highest contribution to the increase in execution time. Visibility check

does observe an increase in execution time due to the larger number of bricks that have to

be processed, although the increase is not as significant as the hash table still fits in the

LLC. In contrast, bilateral filter’s time remains constant, as the computation is independent

of voxel size and the camera image fits in the LLC in both cases. Note that the change in

execution time with the two voxel sizes is highly dependent on the sequence, with scene0233

observing the highest slowdown due to its large working set size, and table3 observing the

least due to its relatively small working set size.
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7.4.2 Energy

Figure 7.1b paints a similar picture to Figure 7.1a, with the 10mm voxel configuration

consuming close to 1mJ per frame in all cases, and the 5mm voxel configuration consuming

up to 5× more than that, depending upon the sequence. However, there are three salient

aspects of the energy breakdown that are not present in the execution time breakdown. First,

even though transferring the camera image over MIPI CSI consumes a negligible amount of

time, it does consume a significant amount of energy as MIPI CSI has an average energy per

bit of 50 pJ. This is in line with our results from Chapter 5, once again showing link power

to be a major component of sub-system power — in the 10mm voxel case, the camera link

consumes 40% to 50% of total frame energy.

Second, the functional units only consume 10%–20% of energy each frame, and energy

is instead dominated by what is commonly known as the “uncore”—LLC, on-chip network,

and memory controller and DRAM. When moving from 10mm voxels to 5mm voxels, it is

the uncore that experiences the highest increase in energy consumption, with the NoC and

DRAM being larger contributors than the LLC. The underlying cause is both the drastic

increase in working set size, which increases NoC and LLC energy, and the drop in LLC hit

rate, which increases DRAM energy.

Finally, regardless of sequence and voxel size, the hardware consumes less than 5mJ

per frame, and as low as 1mJ per frame with 10mm voxels. With the frequencies that

AdaptiveFusion achieves (Section 6.4.1), the resulting average power consumption with

10mm voxels ranges from 3.7mW to 7.8mW, a 128× – 270× reduction compared to running

AdaptiveFusion on the GPU of an NVIDIA Jetson AGX Xavier development board, which

consumes 1W. The power consumption increases to 10–26 mW with 5mm voxels, which is

still significantly lower than the GPU baseline.

7.4.3 Cache Size Sensitivity

To better understand how voxel size impacts the behavior of our proposed hardware

architecture, we perform a cache size scaling study. Figure 7.2 shows the average LLC hit

rate and overall energy per frame for various LLC sizes with both 10mm voxels and 5mm

voxels. Figure 7.2a shows that for both voxel sizes, the first inflection point occurs with a

4MB LLC, which is able to fully cache the 1.2MB double buffered camera image, as well

the brick hash table, which consumes tens to hundreds of kB. The second inflection point

occurs with a 16MB LLC for 10mm voxels. Using 10mm voxels typically results in 2000 or

less visible bricks per frame, which have a working set size of approximately 4MB (4 kB per
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Figure 7.2: Average LLC hit rate and energy per frame for various LLC sizes. Results with
10mm voxels are shown in shades of red with circular markers, and results with 5mm voxels
are shown in shades of blue with triangular markers. P denotes a perfect cache that always
hits.

brick with approximately 50% of a brick being accessed each frame). Thus, even an 8MB

LLC could cache both the camera image and the brick data, and a 16MB LLC is able to do

so comfortably for all sequences.

In contrast, using 5mm voxels typically results in tens of thousands of visible bricks each

frame; i.e., a brick working set size of tens of megabytes, and often more than 40MB for

several ScanNet sequences. This means that a 16MB LLC is simply unable to provide the

amount of inter-frame reuse that is required to operate in the 10mW domain with 5mm

voxels. A notable exception is table3, which has a small working set size even with 5mm

voxels. The figure also showcases the diversity from sequence to sequence, with the LLC hit

rate ranging from 67% to 98% across the various sequences with 5mm voxels.

The effects of LLC hit rate are directly observed in average energy per frame, shown in

Figure 7.2b. Average energy decreases appreciably at each of the aforementioned inflection

points, ultimately stabilizing close to 1mJ per frame for all sequences with 10mm voxels.

As with LLC hit rate, there is a wide spread in energy per frame with 5mm voxels. Note

that even with a perfect cache, energy consumption is higher with 5mm voxels due to the

extra work.
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Figure 7.3: Average execution time and energy per frame breakdown for five sequences with
an LLC flush at the end of each frame. The left bar in each cluster shows the breakdown
with 10mm voxels, and the right bar shows the breakdown with 5mm voxels. Bilateral
Filter, Visibility Check, Depth Fusion Brick, and Depth Fusion Voxel represent the compute
within each unit.

7.4.4 LLC Contention

In practice, our proposed scene reconstruction subsystem will not have exclusive access to

the LLC as other components of the XR system will be simultaneously accessing the LLC as

well. Specifically, accesses to the LLC by other components may evict scene reconstruction

data, reducing hit rate and therefore increasing energy per frame. To model the worst-case

scenario of this contention, we repeat our previous experiments and flush the LLC at the end

of each frame. Given that we do not expect inter-frame reuse in this scenario, we assume

that reads and writes to voxel data bypass the LLC.

Figure 7.3 shows the time and energy breakdown per frame with this new configuration.

Even though the hit rate of the LLC decreases considerably (not shown), there is sufficient

parallelism in the compute units to hide the latency of DRAM accesses, which results in only

a minor slowdown in execution time. In terms of energy, however, the 10mm configurations

observe a 30% increase in energy per frame. Nonetheless, the absolutely energy per frame

is still less than 2mJ, which results in an average power of less than 10mW. Interestingly,

with 5mm voxels, the energy per frame of the three ScanNet sequences actually decreases,

as depth image data, which has significant reuse, is no longer repeatedly evicted by voxel

data, which has no reuse. Overall, the impact of flushing the LLC is small on both time and

energy, as exploiting intra-frame reuse has a larger impact on the system than exploiting

inter-frame reuse, as discussed in Section 7.4.3.
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7.4.5 Voxel Compression

Given the extreme resource constraints of XR, we believe using 10mm voxels is an accept-

able choice, as it enables ultra-low power operation while still providing reasonable quality

meshes [161]. In the future, however, applications and/or users may demand smaller voxel

sizes, which as we have just shown, will not execute efficiently with realistic LLC sizes. We

conjecture that voxel compression will be able to adequately solve this problem. As an initial

experiment, we compressed voxel bricks using gzip [204], and obtained a 4× compression

ratio. While formats like ASTC [205] can also be used, and in fact are already supported

by virtually all modern GPUs, they are optimized for compress-once decompress-many use

cases, and as such are not amenable to efficient hardware implementations of compression.

Consequently, a new compression scheme would be required for scene reconstruction, one

that is able to balance high compression ratios with low-cost hardware for both compression

and decompression.

7.5 SUMMARY

In this chapter, we showcase an effective and scalable hardware mapping for the various

tasks of scene reconstruction. We map bilateral filtering to an ISP, visibility check to a DSP,

and voxel fusion to a custom accelerator, striking a balance between reusing existing hard-

ware components and instantiating new ones. Our proposed mapping is able to reduce power

consumption to less than 8mW when used with 10mm voxels (125× reduction compared

to an embedded GPU), and less than 26mW when used with 5mm voxels (38× reduction

compared to an embedded GPU). Although the power consumption with 5mm voxels is

considerably lower than with an embedded GPU, it can be further optimized if the smaller

voxel size becomes necessary due to QoE constraints. To that end, voxel compression is

a promising approach, and future work can address the problem of designing a compres-

sion scheme that achieves a balance between compression and decompression efficiency and

hardware friendliness.

Instead of requiring manual designer effort, in the future, tools can be developed which

automatically go through the scalable hardware mapping process described in this chapter.

We take the first step in that direction by designing Trireme [21], a design space exploration

tool that automatically determines acceleration candidates from a given component. We

summarize Trireme in Section 9.5.
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CHAPTER 8: RELATED WORK

8.1 SYSTEMS

Project Esky [206] is a partially open-source XR runtime for Project North Star [131]. It

uses closed head tracking software from Intel T26x cameras [207] and its communication and

runtime framework has limited modularity – it supports a pre-defined set of plugins and does

not expose interfaces to enable easy plug-n-play for new components and implementations.

It also does not support OpenXR, the growing open XR application standard. Chen et

al. [208] characterize AR applications on a commodity smartphone, but neither analyze

individual components nor consider futuristic components due to the closed-source nature of

the platform. Yi et al. [209] perform scheduling of parallel inference and rendering tasks in

smartphone-based AR applications, but do not consider other XR system components due

to their closed-source nature.

8.2 BENCHMARKS

There have been other works that have developed benchmark suites for XR. ARBench [210]

proposes a set of six AR benchmarks to evaluate mobile devices. However, these benchmarks

exist at the application level, provide no visibility into the XR runtime, and all but one focus

on rendering. Raytrace in SPLASH-2 [31], VRMark [211], FCAT [212], and Unigine [213]

are examples of graphics rendering benchmarks, but do not contain the perception pipeline

nor adaptive display components. The SLAMBench [214, 215, 216] series of benchmarks

aid the characterization and analysis of available SLAM algorithms, but contain neither the

visual pipeline nor the audio pipeline. Unlike these benchmarks, the work presented in this

thesis spans the entire system. ARBench can be easily integrated with ILLIXR to provide

both custom XR applications and a custom XR runtime.

8.3 SPECIALIZATION

There is an increasing interest in XR in the architecture community and several works

have shown promising specialization results for individual XR components: Processing-in-

Memory architectures for graphics [217, 218], video accelerators for VR [145, 219, 220, 221,

222], 3D point cloud acceleration [223, 224], stereo acceleration [225, 226], computer vision

accelerators [227, 228], specialized sensors [229], scene reconstruction hardware [192, 193],

86



and SLAM chips [168, 169, 170, 185]. However, these works have been for single components

in isolation or for a subset of the entire XR system.

Significant work has also been done on remote rendering [117, 230, 231, 232, 233, 234, 235]

and 360 video streaming [236, 237, 238, 239]. While these works do consider full end-to-end

systems, they only focus on the rendering aspect of the system and do not consider the

interplay between the various components of the system. This thesis instead provides a full-

system-benchmark, consisting of a set of XR components representing a full XR workflow,

along with insights into their characteristics. Our goal is to propel architecture and systems

research in the direction of full domain-specific system design.

8.4 ON-SENSOR COMPUTING

Several works have developed entire VIO chips to meet the stringent power and perfor-

mance requirements of XR and micro aerial vehicles. The most closely related literature to

our work is Navion [240], the work by Mandal et al. [170], and the work by Li et al. [169].

Although all three works build VIO chips that achieved beyond-real-time performance while

consuming only milliwatts of power, they do not consider I/O power between the chip and

sensors. Moreover, while we do not evaluate the security and privacy of our designs in this

paper, we believe our designs present an avenue for exploring this aspect in the future.

Furthermore, no previous work has considered on-sensor computing for VIO. Sony recently

released a camera that performs image processing on the sensor itself [175]. Feng et al. [14]

offload a part of eye tracking to on-sensor compute. Gomez et al. [15] divide a hand tracking

neural network into two parts, and execute the more memory intensive one on the sensor.

Pinkham et al. [241] adopt a similar approach and also study the execution of DNNs on

near-sensor compute. Interestingly, Kodukula et al. [178] show that running intensive DNNs

on camera sensors leads to thermal noise which can significantly degrade image quality. They

also propose mitigation techniques.

However, performing fully distributed VIO is significantly more complex than processing

individual images, as is the case in each of the aforementioned works, and all these existing

designs consist of cameras which work in isolation and do not communicate with each other.

Furthermore, since our design does not include DRAM, we expect its thermal noise to be

low, and thus not affect image quality.

In another work, Pinkham et al. [177] propose a neural compression technique to reduce

I/O power. While it can reduce I/O power like our work, it does not alleviate the privacy

concerns associated with transmitting camera images to a device with a programmable

microcontroller.
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8.5 SCENE RECONSTRUCTION

KinectFusion [81] was the first work that supported real-time scene reconstruction using

commodity depth sensors. Since KinectFusion, a plethora of works have explored RGB-D-

based scene reconstruction over the past decade. Notable among these are methods that

improve the scalability of scene reconstruction by using efficient data structures such as

octrees and hash tables [179, 180]. These methods work with both ICP-based (Iterative

Closest Point) [80, 184] and VI-SLAM-based [84, 85, 183] pose trackers. However, all of

these methods run at a constant 30Hz in all cases, and do not consider dynamically changing

fusion frequency based on the scene.

Recently, several papers have investigated using neural approaches for scene reconstruc-

tion. Sucar et al. [242] introduce using implicit neural rendering for real-time scene recon-

struction using a multilayer perceptron (MLP) for scene representation. Zhu et al. [243] fol-

low their work by proposing hierarchical grid-based neural implicit encoding to better suit

larger scenes. While these online approaches provide reasonable reconstructions and pre-

dict unobserved regions, they are still experimental. Both methods are compute-heavy and

require desktop-grade GPUs to execute in real-time, rendering them unsuitable for resource-

constraint mobile systems. Azinovic et al. [244] propose using a neural radiance field (NeRF)

for offline scene reconstruction. While their approach can generate high-quality room-scale

reconstructions, it consumes an impractical amount of time (9 hours on an NVIDIA RTX

3090 GPU to finish reconstruction), and requires all camera images and poses prior to run-

ning.

Accelerators have also been proposed for scene reconstruction. Gautier et al. [192] accel-

erate InfiniTAM on an FPGA. Since pose estimation is performed by VIO in an XR system,

neither ICP nor raycasting are required in scene reconstruction, alleviating the need to design

accelerators for them. VoxelCache [193] proposes a custom hardware cache to optimize hash

table accesses. However, hash table accesses constitute only a small percentage of the total

work performed by the algorithm. Additionally, it is not feasible to modify the L1 caches of

the general purpose CPU cores to accelerate one small sub-task of one component, as done

in VoxelCache. Instead, AdaptiveFusion significantly reduces the amount of work per-

formed by scene reconstruction, and our hardware mapping reuses existing hardware blocks

before designing new ones.

PID controllers have been applied to SLAM in previous work in the context of approxi-

mate computing [187, 188]. These controllers observe pose distance or camera velocity to

calculate the approximation level for a given frame. Although they do not consider scene

reconstruction frequency as an approximation knob, it is a natural extension of their work,
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and indeed AdaptiveFusion is inspired by these methods. One notable difference between

our work and prior methods is the choice of process variable.
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CHAPTER 9: CONCLUSION AND FUTURE WORK

Extended reality is a rich domain that has the potential to transform most aspects of

human life. However, it has historically not been possible to conduct end-to-end systems

research in XR, and thus derive system design principles, due to a lack of open-source

benchmarks and systems. To address this issue, this thesis develops a unique end-to-end

open-source XR testbed, and demonstrates the efficacy of several broadly applicable design

principles in optimizing key components of the XR system.

First, we present ILLIXR, the first fully open-source full-system Extended Reality testbed

containing state-of-the-art components integrated with a modular and extensible runtime

framework. ILLIXR provides an OpenXR-compliant interface to applications such as game

engines, and reports quality of experience (QoE) metrics, enabling end-to-end characteriza-

tion and analysis of the full XR system.

By performing both a system-level and a component-level analysis of ILLIXR, the first

such analysis to be publicly available, we show several key implications for architects and

system designers, including demanding performance, power, and QoE requirements, a large

diversity of critical tasks, significant computation variability that challenges scheduling and

specialization, and a diversity in bottlenecks throughout the system, from I/O and compute

requirements to power and resource contention.

We then show that optimizing the XR system will require applying a diverse set of broadly

applicable design principles, where each principle may be suitable for a family of related

components. The first principle that we showcase is distributed on-sensor computing, which

we use to develop a new hardware architecture for VIO. We perform distributed VIO on

the image sensors themselves, and design a caching protocol to minimize data movement

between the sensors, which reduces both link power and potentially improves the security

and privacy of the design. Our distributed design reduces link power by 37×, VIO chip

power by 3.3×, and VIO subsystem power by 1.3× compared to a centralized design.

The second design principle that we demonstrate is online frequency control, which we

apply to scene reconstruction to reduce its power consumption. We develop a frequency

controller called AdaptiveFusion that dynamically changes the frequency of scene recon-

struction based on user motion, reducing power by 4.9× compared to a constant frequency

baseline.

The third and final design principle that we employ is scalable hardware mapping, also

in the context of scene reconstruction. We carefully map the tasks of the algorithm to an

ISP, a DSP, and a custom accelerator, reusing two existing hardware components, and only
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requiring one new one. Combined with AdaptiveFusion, our proposed system reduces

power by 128×–270× compared to a state-of-the-art baseline running on an embedded GPU.

In summary, this thesis provides the research community with a novel, one-of-a-kind infras-

tructure and foundational quantitative analyses to enable a new era of research in domain-

specific systems in general and XR systems in particular. In addition to the infrastructure,

this thesis shows the applicability of a variety of general design principles—on-sensor com-

puting, online frequency control, and scalable hardware mapping—to various parts of the

XR system.

We expect this thesis to shape a broad and long-term research agenda of the science of de-

signing end-to-end quality driven and end-to-end hardware-software-application co-designed

domain-specific systems. ILLIXR and the research it can enable have the potential to partic-

ularly transform XR, an emerging domain of critical importance and likely to transform all

endeavors of human activity. We conclude by summarizing several research projects that we

have started in collaboration with others after the development of ILLIXR, as well as other

research projects enabled by this thesis, including those that apply the design principles

presented in this thesis to the broader XR system.

9.1 COMPUTE OFFLOAD

At the moment, all ILLIXR components run on the edge device. However, it is neither

feasible to run all components on the edge device due to the limited power budget nor

required since some components are inherently latency-tolerant. Thus, offloading compute

to an edge or cloud server is a design principle that is applicable to several components

within an XR system.

In initial work [17], we show that the IMU integrator is able to compensate for surprisingly

long head tracking latencies, paving the way for offloading head tracking to a server. We

design a system in which the client device communicates over a 5G network with a server

running VIO. While maintaining an acceptable QoE, offloading VIO reduces CPU power by

2.5×, total power by 1.3×, and, unlike hardware accelerators, retains the ability to change

the algorithm.

In the future, other components can be offloaded as well; e.g., AdaptiveFusion reduces

the frequency of scene reconstruction sufficiently to enable it to be offloaded to the cloud. Of-

floading rendering is already a popular research topic [117, 230, 231, 232, 233, 234, 235]. The

end goal of this line of research is to develop a methodology for offloading-driven hardware-

software-algorithm codesign, and perform real-time offloading decisions based on device re-

source usage and network capabilities.
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9.2 NETWORK OPTIMIZATION

An immediate challenge that arises with compute offload is management of network traf-

fic, especially when multiple components with different network characteristics are being

offloaded. Researchers at Intel are studying the network behavior of various components

using ILLIXR, and tackling the problem of network traffic management by using Wireless

Time Sensitive Networking (WTSN) [245], a networking technology that allows creating a

schedule for different network streams, which can be used to satisfy QoE constraints of the

system.

9.3 QOE-DRIVEN AUTOMATED CROSS-COMPONENT APPROXIMATE
COMPUTING

Current approximation techniques typically look at component-level or subsystem met-

rics, whereas it is the end-to-end QoE that ultimately matters in many emerging domains.

Determining whether and how a certain approximation will impact the end-to-end QoE, how

errors will compose across components, and how to trade off accuracy among components are

all unanswered questions, as discussed in Section 3.5. Given ILLIXR’s end-to-end nature,

we can begin answering these questions.

In an end-to-end system, it is possible to approximate one component and compensate for

some of the resultant errors in another. By carefully choosing both the approximation and

its remedy, power consumption can be decreased. We term this design principle QoE-aware

cross-component approximate computing. In the first exploration of this technique [246], we

study the power, performance, and quality tradeoffs involved in implementing eye-tracked

foveated rendering.

We optimize the eye tracker via principled pruning of its neural network, and compensate

for the accuracy loss by choosing a larger fovea in the foveated renderer. The final pruned

eye tracker has a degree tracking error of several degrees, but a larger fovea ensures that the

user’s gaze does not fall onto blurry parts of the scene. Overall, while incurring negligible

quality loss, our pruned eye tracker is 20×more energy-efficient than the baseline eye tracker,

and our foveated renderer is 1.7× more energy-efficient compared to a fixed foveated renderer

(which keeps the fovea in the middle of the display regardless of where the user is looking).

Our eventual goal is to develop disciplined end-to-end QoE-driven approximation techniques

and methodologies similar to ApproxTuner [247], and apply them to the entire XR system

in a principled manner.
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9.4 QOE-DRIVEN SCHEDULING

As discussed in Section 3.5, in QoE-driven emerging domains, tasks have to be scheduled

and resources managed to meet one or more QoE metrics. ILLIXR is well-suited for studying

this phenomenon as ILLIXR’s task graph is a DAG with multiple critical paths and QoE

constraints. To that end, a natural next step is to apply online frequency control from Chap-

ter 6 to other components of the XR system, and develop a framework that automatically

determines an optimal frame rate of each component, and schedules components to meet

QoE for a given hardware mapping.

In the first milestone of this approach, we develop Catan [19, 20], a scheduling framework

that calculates frame rates of different components of an application, and dynamically al-

locates CPUs (spatial scheduling) and CPU time (temporal scheduling) to them in order

to meet a given QoE requirement. Catan is able to maintain a motion-to-photon latency

of less than 20ms even when running a subset of ILLIXR on just one CPU core. In the

future, Catan can be extended to support other hardware components, such as GPUs and

accelerators, and to take multiple QoE metrics into account.

9.5 AUTOMATED SELECTION & GENERATION OF ACCELERATORS

As discussed in Section 4.4, it is infeasible to design a unique accelerator for every task

within each component. Coupled with the growing number and complexity of tasks and

components in the XR system, it is vital to develop techniques which can automatically

determine common compute patterns across components to enable hardware reuse, and also

generate accelerator software and hardware when new hardware is necessary. Such tools

would essentially perform the scalable hardware mapping described in Chapter 7 in an

automated fashion, and would apply it to all components of the system.

In our initial work, the Trireme tool uses the HPVM IR representation [23] to guide a

design space exploration that considers the exposed loop, task, and streaming parallelism to

select accelerators for a subset of ILLIXR components [21]. Being aware of these types of

parallelism enables Trireme to generate hardware that is up to 6× faster than that generated

by AccelSeeker [22], the previous state-of-the-art tool.

Moving forward, Trireme can be extended to consider multiple components simultaneously,

to find a balance between reusing existing hardware blocks and instantiating new ones, and

to generate the software required to orchestrate execution among multiple hardware blocks.
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9.6 REPRESENTING HETEROGENEOUS PARALLELISM IN SOFTWARE

The compiler intermediate representation (IR) is critical for performance and portability.

Traditional IRs such as LLVM do not capture the parallelism or heterogeneity that is preva-

lent in current hardware architectures. HPVM [23] is a compiler IR that uses a hierarchical

dataflow graph (with side effects) to capture several types of parallelism: task, streaming,

nested, data, and fine-grained vector parallelism. The hierarchical dataflow graph nodes

naturally and flexibly map to potentially heterogeneous compute elements and the edges

represent communication between the elements. There is an ongoing effort to compile all

of ILLIXR to HPVM, providing a rich representation to develop techniques that can be

applied systematically to the entire system, including techniques for a compiler and runtime

to perform automated accelerator selection as described in Section 9.5, software and hard-

ware approximations, and local and distributed resource mapping for XR and other similar

domain-specific systems.

9.7 ACCELERATOR COMMUNICATION INTERFACES

Future SoCs will require multiple heterogeneous accelerators running in parallel to meet

QoE of domains like XR. A shared memory programming model would be able to alleviate

the need for programming complex DMA engines to explicitly orchestrate data movement

between these accelerators. However, as discussed in Section 4.4, how to design cache co-

herence protocols, memory consistency models, and the memory and communication fabric

of the SoC are open questions regarding the implementation of shared memory in a hetero-

geneous environment. To answer these questions, we are building upon the Spandex [248]

heterogeneous coherence interface for coherence specialization, and using ILLIXR’s diverse

range of communication patterns to drive the design.

9.8 SPECIALIZED MEMORY HIERARCHIES

In addition to coherence specialization, we are also researching novel on-chip memory

hierarchies using the audio playback component of ILLIXR. There are several tasks in audio

playback, with varying communication patterns between each one, making it a complex yet

standalone driver for such research. Our goal is to develop a methodology for choosing

and instantiating memory primitives such as Stash [249], Buffets [250], and Accelerator

Store [251] in order to optimize on-chip data movement between accelerators.
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9.9 MULTIPARTY XR

Currently ILLIXR supports a single end-user device. The full potential of XR is in multi-

user applications such as telepresence. ILLIXR is being expanded to support networked

multiparty applications by integrating it with ARENA [252], a distributed XR system that

enables multiple users to have shared XR experiences. The end result will be a full stack

multiparty XR system that will be fully open-source, enabling study of distributed XR

applications and allowing for cross-stack optimizations.

9.10 OTHER RESEARCH DIRECTIONS

There are several other projects using or considering ILLIXR, including for AR security

and privacy, low latency networks for XR, use of integrated sensing and compute through

2.5D and 3D packaging techniques, QoE metrics for XR, cross-component codesign driving

novel XR algorithms, and simulation techniques to use ILLIXR to drive novel architectures.

9.11 XR SYSTEM DESIGN METHODOLOGY

We have thus far enumerated several design principles that are each applicable to large

parts of the end-to-end XR system; namely, on-sensor computing, online frequency control,

scalable hardware mapping, compute offload, and cross-component approximate computing.

We have applied these principles to various components manually, showing their efficacy.

However, in order to tackle the full complexity of the XR system, a systematic methodology

is required to apply these principles in a generalizable way. This methodology would include

both determining which principles are applicable to which component (e.g., which compo-

nents can benefit from on-sensor computing), and how the principles should be composed

together to optimize the component in the context of the entire system (e.g., what is the

interplay between moving compute to the sensor and reusing existing hardware). The end

goal would be a principled framework which architects can use to design end-to-end XR

systems, and we believe ILLIXR and the insights and approaches described in this thesis

provide a solid foundation to achieve that goal.
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[107] K. Kavakli, H. Urey, and K. Akşit, “Learned holographic light transport:
invited,” Appl. Opt., vol. 61, no. 5, pp. B50–B55, Feb 2022. [Online]. Available:
https://opg.optica.org/ao/abstract.cfm?URI=ao-61-5-B50

[108] C. H. Brown and B. J. May, Comparative Mammalian Sound Localization.
New York, NY: Springer New York, 2005, pp. 124–178. [Online]. Available:
https://doi.org/10.1007/0-387-28863-5\ 5

[109] S. Bertet, J. Daniel, E. Parizet, and O. Warusfel, “Investigation on Localisation Accu-
racy for First and Higher Order Ambisonics Reproduced Sound Sources,” Acta Acustica
united with Acustica, vol. 99, p. 642 – 657, 07 2013.

104



[110] A. Vilkaitis, M. Dring, A. Hill, C. Middlicott, and B. Wiggins, “Room Acoustics and
Virtual Reality: An implementation of auralisation and 360 degree image techniques
to create virtual representations of spaces,” in Reproduced Sound 2016 - Proceedings
of the Institute of Acoustics, 11 2016.

[111] F. Hollerweger, “An Introduction to Higher Order Ambisonic,” http://decoy.iki.fi/
dsound/ambisonic/motherlode/source/HOA\ intro.pdf, 2008.

[112] F. Zotter and M. Frank, “All-Round Ambisonic Panning and Decoding,” J.
Audio Eng. Soc, vol. 60, no. 10, pp. 807–820, 2012. [Online]. Available:
http://www.aes.org/e-lib/browse.cfm?elib=16554

[113] M. A. Gerzon, “Practical Periphony: The Reproduction of Full-Sphere Sound,”
in Audio Engineering Society Convention 65, Feb 1980. [Online]. Available:
http://www.aes.org/e-lib/browse.cfm?elib=3794

[114] J. Daniel, “Représentation de champs acoustiques, application à la transmission et
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