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Abstract

Graphics applications have become an integral part of diverse domains, ranging from entertain-
ment and education to healthcare and scientific visualization. These applications take various
forms. They can be immersive such as virtual reality (VR) and augmented reality (AR), or non-
immersive, such as traditional desktop-based applications. They can be deployed across multi-
ple platforms such as desktops, mobiles and headsets. Each form and platform presents unique
performance constraints, yet a universal expectation remains: delivering a high Quality of Ex-
perience (QoE) to the users. Meeting this expectation requires addressing multiple challenges:
ensuring low latency and high frame rendering rates, achieving high visual quality, maintain-
ing realism, and safeguarding user security and privacy. This thesis takes a holistic approach to
meeting these requirements while operating within the constraints of the underlying hardware

resources.

We begin with the problem of high latency in VR systems, specifically the motion-to-photon de-
lay (MPD), which is the time between a user’s head movement and the corresponding update on
the display. In VR, even slight delays can disrupt the user’s sense of presence, making the MPD
more critical. A common MPD reduction technique is Asynchronous Time Warping (ATW),
which reprojects the already rendered frame based on the most recent head position. This helps
display the frame corresponding to the latest possible head position, reducing the MPD. How-
ever, the challenge is to invoke ATW at the right instance within the refresh cycle; otherwise,
it will increase the MPD. Fixing a time for invoking ATW does not work because ATW shares
resources with the rendering pipeline, leading to unpredictable latency due to preemption and
context switches. Hence, we propose, PredATW, a predictor that monitors the status of hardware
resources and the rendering process to accurately estimate ATW latency, thereby reducing MPD
and minimizing missed deadlines. Our predictor has an error of only 0.22 ms across several pop-
ular VR applications. Moreover, as compared to the baseline architecture, we reduce deadline
misses by 80.6%.



While PredATW reduces the MPD by correctly invoking ATW, it is important to note that ATW
has its own limitations. Specifically, it only corrects for head rotation, not translation, and pri-
marily enhances perceived responsiveness by utilizing the most recent position data. However,
it does not increase the frame rate. This makes ATW effective at relatively modest refresh rates
spanning from 60 to 90 Hz, which are typical for VR headsets, but it falls short for modern moni-
tors with high refresh rates (240 to 360 Hz) that require higher frame rates. To increase the frame
rate, techniques such as frame generation or temporal supersampling have been proposed, which

predict intermediate frames from already rendered frames.

Existing temporal supersampling methods are interpolation and extrapolation. Interpolation,
which uses both past and future frames, offers higher quality but is best for doubling frame rates,
as further upsampling adds latency and complexity. Extrapolation relies only on past frames,
enabling continuous frame generation with lower latency, making it more suitable for real-time
applications. In this work, we target a 4 x frame rate increase (from 60 Hz to 240 Hz), making
extrapolation the preferred choice. However, no single existing extrapolation algorithm performs
consistently well across all scene types. Each one is tailored to specific scenarios and exhibits
strengths and weaknesses depending on the context. Hence, we propose X4Rate, a frame gen-
eration framework that combines multiple existing methods to deliver results far superior to any
individual algorithm by selecting the best algorithm for the current scene. This adaptive selec-
tion ensures high visual quality consistently because when one method underperforms, others
compensate. X4Rate achieves 4x the rendering rate while delivering high-quality frames, out-

performing the nearest competitor, ExtraNet, with a 22.13% improvement in the PSNR.

Building on this, we address the inherent limitation of relying solely on existing extrapolation
methods by designing our own. We propose a novel lightweight frame extrapolation algorithm
that exploits the perceptual sensitivity to segment each frame into foreground and background
regions and employs a novel neural network to generate the final extrapolated frame. Addition-
ally, a wavelet transform (WT)-based filter pruning technique is applied to compress the net-
work, significantly reducing the runtime of the extrapolation process. Our results demonstrate
that PatchEX achieves a 61.32% and 49.21% improvement in PSNR over the latest extrapolation
methods ExtraNet and ExtraSS, respectively, while being 3x and 2.6 x faster (resp.).

Finally, we address the data security and privacy challenges in AR systems. By blending the
real and virtual worlds, AR devices can inadvertently expose sensitive visual data—ranging from
bystanders’ identities to confidential physical documents. Existing privacy-preserving methods
are often too computationally heavy for real-time execution on resource-constrained AR head-

sets. To solve this, we introduce ARGuard, a lightweight, real-time framework that integrates



a saliency-aware object detection network with a novel irreversible obfuscation algorithm. AR-
Guard operates at 60 fps on Microsoft HoloLens 2, detecting and protecting sensitive regions
with 12.6% and 15.8% higher accuracy in detection and tracking, respectively, and achieving a

60.23% reduction in privacy leakage compared to the nearest competing method, BystandAR.

To summarize, this thesis presents a unified framework for addressing both performance and
privacy in graphics applications. Through innovations in latency reduction, high-quality extrap-
olation, and real-time privacy preservation, our work advances the state-of-the-art in delivering

secure, smooth, and immersive experiences on consumer-grade hardware.
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