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Abstract—AI-native Extended Reality (AIXR) glasses are
emerging as interactive real-time systems that combine motion-
aligned rendering with scene-grounded AI feedback. Users can
query about objects in view and receive visual grounding and
language guidance directly on the rendered 3D frames. Existing
XR research primarily optimizes XR-related latency to prevent
motion sickness, but AIXR also requires timely AI feedback: late
grounding or language responses may no longer match the user’s
view or speech context.

To the best of our knowledge, our work is the first to
define AI feedback latencies and analyze their soft real-time
requirements for AIXR. We define camera-to-visual grounding
(C2VG) and speech-to-LLM response (S2LLM) to quantify visual
grounding and language response latencies. Our profiling shows
that co-running XR and AI feedback pipelines on a shared GPU
causes kernel interleaving, where runtime variation in either
pipeline can amplify latencies in the other. Although server-based
temporal isolation is a natural starting point, existing schemes are
insufficient for AIXR because they suffer from static reservation
failures, dynamic rendering workloads, and spatial or temporal
waste.

We propose RELAXR, a runtime framework that manages
the XR and AI feedback pipelines as jointly scheduled soft
real-time workloads. RELAXR combines GPU-aware resource
reservation, which provides temporal isolation and bounds AI-
induced blocking of XR rendering; Renderer-Aware Budget-
Period Adaptation, which handles runtime rendering changes;
and pipeline reconstruction, which reduces resource waste dur-
ing AI pipeline execution. Evaluations across PC-laptop and
embedded platforms, controlled HOT3D scenes, and real-world
experiments show that RELAXR reduces C2VG by up to 36.4%
and S2LLM by up to 56.4%, while keeping XR-related latencies
within 2.8% of the XR-only baseline. We open-source RELAXR
to support the real-time systems community in building practical
low-latency AIXR systems.

I. INTRODUCTION

AI-native Extended Reality (AIXR) glasses emerge as a
new class of real-time wearable systems that bring together
motion-aligned 3D rendering with scene-grounded AI per-
ception and language interaction. Recent AIXR devices have
been deployed across personal assistance, spatial computing,
industrial design, driving and aviation guidance, and real-time
translation and transcription [1–6].

Beyond rendering 3D virtual content at a target frame rate,
AIXR devices interpret the user’s egocentric environment,
reason over speech, and return scene-grounded visual and
language feedback to the user. To achieve this, AIXR devices
generally run two pipelines. The XR pipeline continuously
processes camera (CAM) and inertial measurement unit (IMU)
inputs, estimates user motion, and renders 3D frames at

the target frame rate. The AI feedback pipeline starts when
the user speaks. It transcribes the speech, selects the latest
CAM frame as the visual reference, extracts scene features
to identify relevant objects for grounding, and combines this
scene context with the transcript to generate an on-device LLM
response. On-device execution is preferred for data privacy
and remains feasible because the lightweight conversational
tasks common on XR glasses can be served efficiently by
on-device models [7–10]. Both pipelines impose user-visible
timing requirements that must be met concurrently on a shared
GPU, which is the central real-time challenge this paper
addresses.

Existing research focuses on the responsiveness of the
XR pipeline, typically through Motion-to-Display (M2D) and
Camera-to-Display (C2D) latencies. These XR-related laten-
cies measure how quickly IMU and CAM updates are reflected
on the display, and they are critical for mitigating motion
sickness [11–14]. However, AIXR introduces another user-
visible soft real-time requirement: timely AI feedback. Unlike
offline AI queries, AI feedback in AIXR is useful only if it
remains relevant to the user’s current view and speech. This
time-dependent relevance means that AI feedback latencies
should remain bounded relative to the resources reserved for
the AI feedback pipeline, rather than grow arbitrarily under XR
contention. Existing AIXR systems often treat AI feedback
components as background execution [15–18]. This choice
can preserve XR responsiveness, but it can also make AI
feedback arrive after the interaction context has changed. For
example, during the 2025 Meta Connect conference, an LLM
response arrived late enough that the user repeated the same
question, causing the model to skip the intended first step [19].
Therefore, AI feedback latencies are pivotal in AIXR systems
because unbounded delay can break the interaction even when
the XR pipeline remains responsive.

To quantify visual feedback latency, we define camera-to-
visual grounding (C2VG) as the time from the sampling time
of the CAM frame to displaying its grounded object mask on
the head-mounted display (HMD). We define speech-to-LLM
response (S2LLM) as the time from the end of user speech
to displaying the LLM response generated from the speech
and the corresponding CAM context. An ideal AIXR system
should keep M2D and C2D close to conventional XR execu-
tion while minimizing C2VG and S2LLM during AI feedback.
Meeting this goal is challenging because AIXR places two
resource-demanding pipelines on the same GPU: periodic,
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Fig. 1: A general AIXR system overview.

motion-driven XR rendering and aperiodic, speech-triggered
AI feedback whose performance decays as the interaction
context changes. When they run concurrently, kernels from
separate streams interleave on one GPU timeline [20, 21], and
runtime variation in either pipeline can interfere with the other.
CPU-level priority is insufficient for this problem because
contention occurs on the GPU after kernel launch, where
preemption granularity is limited. Server-based isolation is a
natural first step, but existing schemes still expose five AIXR-
specific failures, including budget overuse (C1), budget drop
and late replenishment (C2), starvation in low-priority servers
(C3), rendering time surge (C4), and spatial or temporal waste
(C5).
Contributions. We present RELAXR: a Real-time Execution
framework for Latency-aware AI-native XR, which makes the
following contributions.
• A GPU-aware server design with bounded XR blocking.

RELAXR coordinates the XR and AI feedback pipelines
through a GPU-aware server design that provides temporal
isolation on the shared GPU timeline. It provides three
server rules to address C1-C3 and bounds AI-induced
blocking of an XR renderer execution.

• A runtime budget-period adaptation mechanism. Build-
ing on this server design, RELAXR addresses C4 by updat-
ing the servers’ budget and period according to estimated
renderer demand, so the reservation remains aligned with
runtime rendering variation.

• An AIXR-specific pipeline reconstruction. Beyond server-
level control, RELAXR addresses C5 by reconstructing the
AI feedback pipeline to exploit the early availability of the
reference CAM frame and heterogeneous GPU occupancy
across AI layers, effectively reducing C2VG and S2LLM.

• Open-source AIXR platform for follow-up research.
We release RELAXR as an open-source AIXR runtime
that exposes its server design, adaptation, and pipeline
reconstruction as modular components on top of a prototype
AIXR system, enabling follow-up real-time scheduling and
resource-management studies on a realistic AIXR workload.
We evaluate RELAXR on both PC-laptop and embedded-

device platforms against five baselines and one ablation vari-
ant, using controlled HOT3D scene benchmarks [22] and
a comprehensive real-world study spanning four daily-use
scenarios across indoor/outdoor and stationary/mobile settings.
In controlled scenes, RELAXR reduces all four user-visible
latencies (M2D, C2D, C2VG, and S2LLM) by up to 56.4%,

while incurring at most 0.12% runtime overhead. Crucially,
RELAXR keeps XR-related latencies within 2.8% of the
XR-only baseline, empirically consistent with our derived
blocking bound and showing that AI feedback can be accel-
erated without sacrificing XR responsiveness. In real-world
evaluation, where we measure whether each AI response is
still contextually valid when it reaches the user, RELAXR
maintains a 52.7% successful response rate at the highest
prompt frequency in a stationary indoor scenario, while re-
ducing average C2VG by 57.9% and average S2LLM by
30.1% over the existing baseline. These results show that
RELAXR is effective across hardware platforms, controlled
scene benchmarks, and real-world scenarios, and that lower
AI feedback latencies help responses remain relevant to the
user’s current interaction context.

II. BACKGROUND

A. AIXR System Pipelines

Fig. 1 abstracts a common framework in recent AIXR and
AI-glasses systems [15, 16, 18, 23]. Unlike traditional XR sys-
tems that only render virtual content, AIXR systems interpret
the user’s egocentric scene and return scene-grounded visual
and language feedback. In the Fig. 1 example workflow, the
user looks at a teddy bear and asks, “Is this item safe for chil-
dren?” The system anchors the query to the latest CAM frame,
identifies the relevant objects, highlights them on the HMD,
and generates an LLM response. Based on this workflow, we
identify two pipelines across existing AIXR systems: the XR
pipeline and the AI feedback pipeline [15, 16, 18, 23].

The XR pipeline maintains motion-aligned 3D frame out-
puts. As shown by the gray region in Fig. 1, CAM and
IMU samples feed visual-inertial odometry ( 1 VIO), which
estimates the user’s raw pose at the camera period TCAM [24].
Between CAM updates, IMU integration ( 2 IMUi) fuses
high-frequency inertial samples at T IMU to update the pose
immediately before rendering [25]. The renderer ( 3 ) then
runs every display period TRen with a 2D-render and a 3D-
reprojection to generate the final 3D frames [26–28]. VIO
and IMUi run on the CPU, while the renderer is GPU-
dominant, making XR responsiveness sensitive to shared-GPU
contention [14, 20].

The AI feedback pipeline is speech-triggered and scene-
grounded. At the start of the k-th user speech, it selects the
latest CAM frame as the visual reference. Speech-to-text ( 4
S-t-T) transcribes the audio [29], while the feature encoder
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( 5 FE) extracts visual features from the reference frame [30].
The object decoder ( 6 OD) extracts object semantics and 2D
locations, and the depth decoder ( 7 DD) estimates depth for
3D-anchored grounding [8, 31, 32]. Once OD and DD finish,
a renderer instance generates the visual grounding mask,
allowing the user to verify the intended objects. Since the
renderer maintains mask alignment using the latest pose fused
from IMUi, FE, OD, and DD do not need to rerun for every
frame output. Since the visual grounding mask is the first AI
feedback displayed to the user, we define the k-th user speech
triggered visual grounding path Γvisual

k , shown by the orange
arrows in Fig. 1, as follows:

Γvisual
k = JFE

k → (JOD
k ∥ JDD

k ) → JRen
i

Here, JFE
k , JOD

k , and JDD
k denote the FE, OD, and DD execu-

tion instances triggered by the k-th user speech, respectively.
The operator ∥ indicates that OD and DD can execute in
parallel after FE. JRen

i denotes the i-th renderer instance,
which generates the visual grounding mask using the OD and
DD outputs started with the k-th speech event.

The transcript, object semantic labels, 2D locations, and
depth information are then concatenated into the scene-
grounded prompt for LLM inference ( 8 ). After the LLM
response is generated, the next immediate renderer instance
displays it as a dialogue box on the HMD. This defines the
k-th language response path Γlang

k , shown by the blue arrows
in Fig. 1:

Γlang
k =

[
JSTT
k ∥

(
JFE
k → JOD

k ∥ JDD
k

)]
→ JLLM

k → JRen
i

JSTT
k and JLLM

k are the S-t-T and LLM inference instances
triggered by speech k, respectively. All other notation follows
the same meaning as in Γvisual

k . Because the AI feedback
components execute deep neural models [8, 29–32], these com-
ponents are GPU-dominant. Within each AI feedback com-
ponent, layers are released sequentially when their preceding
layer finishes. Although the (k+1)-th user speech may arrive
before the k-th query completes, queries are never executed
concurrently: the AI feedback pipeline delays the new query
until the previous one finishes.

B. Latency Metrics

Conventional XR systems mainly evaluate whether dis-
played frames reflect the most recent user motion. We adopt
two standard XR-related latency metrics from prior work [13,
14, 33].

Def. 1 (Motion-to-Display [14, 33]). The motion-to-display
latency (M2D) is defined as the time from the latest motion
sampled by the IMU to its display on the HMD. In Fig. 1, M2D
is the time to complete IMUi→renderer sequence triggered by
the latest IMU sample.

Def. 2 (Camera-to-Display [14]). The camera-to-display la-
tency (C2D) is defined as the time between the latest motion
captured by CAM and its corresponding display on the HMD.
In Fig. 1, C2D is the time to complete VIO→IMUi→renderer
sequence triggered by the latest CAM frame.

Together, M2D and C2D capture user-perceivable motion
misalignment in XR sessions [12–14, 33, 34].

AIXR introduces another class of user-visible latency:
whether AI-generated feedback still matches the user’s current
interaction context when it reaches the HMD. As discussed
in §II-A, the AI feedback pipeline first displays 3D-anchored
object masks generated from the reference CAM frame. If this
visual grounding arrives late, the referenced object or scene
may have changed, causing the mask to no longer indicate the
intended object. Following reaction-time semantics for cause-
effect chains [35, 36], we treat the selected CAM frame as
the external update and the displayed grounding mask as the
first corresponding system output. For the k-th user speech that
triggers the AI feedback pipeline at tstart

k and the corresponding
k-th FE instance that arrives at arrival time aFEk , we define the
following visual feedback latency metric.

Def. 3 (CAM-to-Visual Grounding Latency). The CAM-to-
visual grounding latency (C2VG) is defined as the reaction
time of the visual grounding path Γvisual

k :

C2VGk =
(
aFEk − tstartk

)
+ TRen +

∑
j∈Γvisual

k

(
f j
k − ajk

)
where Tren is the renderer period, and ajk and f j

k are the
arrival and finish times of the j-th instance of each component
in Γvisual

k . It measures the time from the start of the k-
th user speech, when the AI feedback pipeline selects the
latest available CAM frame sampled at tstartk as the visual
reference, to the displayed object mask on the HMD. Here, k
indexes the k-th user speech that triggers the AI feedback
pipeline and j indexes a released runtime instance on the
visual grounding path (Γvisual

k ). For AI feedback components,
an instance denotes a layer execution; for the XR pipeline, the
relevant instance on Γvisual

k denotes the renderer execution that
displays the visual grounding mask. Within an AI feedback
component, the next layer starts when the previous layer
finishes, so f j

k = aj+1
k . Since the AI feedback pipeline is

triggered by the user speech and the CAM frame is sampled
periodically, the first term captures the delay from the CAM
frame to the release of the first FE layer instance. The term
TRen accounts for the display period necessary for a ready
visual grounding mask to become visible through a renderer
execution.

Lower C2VG allows the user to verify earlier whether
the system has grounded the query to the intended object.
Prior XR work shows that system delay can cause temporal
misalignment between real and virtual content, and related
visual-update studies report perceptual tolerance around the
50-70 ms range [37–40].

After the visual grounding mask is displayed, the user waits
for the language response produced along Γlang

k . Because this
path includes both upstream context generation and the ren-
derer update that makes the response visible, LLM inference
time alone does not capture user-perceived language-feedback
latency. We therefore define S2LLM using the same reaction-
time convention as C2VG.
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TABLE I: Mean metrics for AIXR (max output 20 tokens).

Metrics
(ms)

XR
Only

AI Feedback
Only

XR (No Priority)
+ AI (No Priority)

XR (High Priority)
+ AI (Low Priority)

M2D 17.91 N/A 23.59 22.33
C2D 36.53 N/A 45.33 45.90
C2VG N/A 43.16 87.40 87.60
S2LLM N/A 247.18 349.39 352.58

* Bold numbers indicate the worst value across all four configurations.

GPU 
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GPU 
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Fig. 2: GPU interleaved execution between XR and AI.

Def. 4 (Speech-to-LLM Response Latency). The speech-to-
LLM response latency (S2LLM) is defined as the reaction
time of the language response path Γlang

k :

S2LLMk =
(
aSTT
k − tendk

)
+ TRen +

∑
j∈Γlang

k

(
f j
k − ajk

)
.

It measures the time from the end of the k-th user speech at
tendk to the displayed LLM response on the HMD. Using the
same symbols and indexing conventions as C2VG, ajk and f j

k

denote the arrival and finish times of runtime instance j on
Γlang
k , which begins with the STT instance arriving at aSTT

k .
Compared with C2VG, the first term captures the delay from
speech completion to the release of the first S-t-T runtime
instance. The term TRen accounts for the display-period wait
needed for a ready LLM response to become visible through
a renderer execution.

S2LLM captures the end-to-end reaction time from the
completed user speech to the first completed language feed-
back. Because AIXR feedback is conversational and visually
situated, S2LLM should remain at the sub-second level for
the response to feel connected to the user’s just-completed
query [41, 42].

III. MOTIVATION

A. Co-running XR and AI Feedback Pipelines

To understand the impact of co-running the XR pipeline and
the AI feedback pipeline on the same XR device, we profile
the AIXR system in Fig. 1 using the metrics in §II-B on a PC
laptop with an NVIDIA RTX 3050 GPU, with more details
provided in §V. We compare four configurations: XR-only,
AI-feedback-only, co-running without priority assignment, and
co-running with XR assigned a higher CPU priority using
renice [43]. As shown in Tab. I, co-running degrades all four
metrics, with C2D increasing by 25% and C2VG increasing
by 103% over their single-pipeline baselines. Assigning higher
CPU priority to XR provides little benefit: M2D decreases
by only 5%, while C2D slightly increases by 1% compared
with no-priority co-running. Such degradation happens be-
cause the XR and AI feedback pipelines run as separate
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Fig. 3: Effect of XR and AI feedback components.

Fig. 4: Peak CPU and GPU utilization of each component.

processes, so their GPU kernels are submitted from separate
CUDA contexts. At the GPU level, these CUDA contexts
are time-sliced on the shared GPU timeline, which creates
the interleaved execution shown in Fig. 2. Since this GPU
scheduling does not inherit the CPU-side priority, renice
cannot prevent the AI feedback components from time-sharing
with the XR renderer [20, 21], resulting in significant GPU-
level interference.

Beyond co-running interference, runtime variation in either
pipeline can further degrade the performance of the other,
making static priority control even less reliable. In the AI
feedback pipeline, longer user speech extends S-t-T and LLM
inference. This keeps the AI feedback’s CUDA context active
for a longer interval and increases the amount of GPU work
from AI feedback pipeline that competes with XR renderer
execution. Hence, this contention increases renderer response
time and therefore M2D/C2D, as shown in Fig. 3(A). In the
XR pipeline, more virtual objects in the user’s view increase
rendering time. As rendering demand grows, the renderer
consumes more GPU time in each display period, leaving
less GPU time for the AI feedback pipeline and increasing
C2VG/S2LLM, as shown in Fig. 3(B).

B. Challenges of Building a Server

The results above motivate separate servers for performance
isolation between XR and AI feedback pipelines. However,
a CPU-only server cannot isolate the dominant contention
in AIXR. As shown in Fig. 4, subcomponent-level GPU
utilization reaches 98%, whereas CPU demand remains at most
19% per component and 90% peak utilization even on one
CPU core. Therefore, an AIXR server must coordinate CPU
and GPU execution together.

Because commodity GPU drivers do not provide fine-
grained control over preemption, we employ a server-managed
cooperative scheduling approach. Each renderer instance or
AI layer is treated as a non-preemptive GPU segment. Once
started, a segment runs to completion, and the server can
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reschedule only at segment boundaries. This creates control-
lable preemption points without modifying the GPU driver.
Under this abstraction, we examine three natural server
choices: (i) background AI execution that allows AI segments
to utilize all GPU time remaining after use by XR; (ii) the
polling server policy that is the simplest form of reservation
that does not introduce additional interference; and (iii) the
deferrable server policy that can yield better responsiveness
by preserving unused budget until the period ends.

To understand the challenges associated with the scheduling
and server choices above, we instantiate them on the pro-
filed AIXR workload in Fig. 5. Using the aforementioned
cooperative scheduling approach, each renderer instance and
each AI layer is treated as a GPU segment. The timelines
show the nominal execution time of each XR component and
the layer-wise nominal execution time of each AI feedback
component (FE1-2, OD1-2, DD1). We assign XR segments
higher priority than AI segments and follow the BOXR system
architecture [14] in which the renderer starts strictly after IMUi
completes.

C1: Budget overuse. A low-priority (LP) GPU segment can
execute beyond its remaining budget and occupy GPU time
reserved for high-priority (HP) segments. This happens be-
cause GPU segments are non-preemptive once dispatched:

even if an HP XR renderer becomes ready, the runtime cannot
interrupt an already-running LP AI segment until that segment
completes. Fig. 5(A) shows the same failure under background
AI execution, where LP FE1 blocks the HP XR renderer.
Fig. 5(B) shows that a deferrable server does not eliminate this
problem: if the AI feedback server dispatches a segment whose
execution time exceeds the remaining AI budget, the segment
can drive the AI budget negative and delay XR renderers in
later periods, inflating M2D and C2D.
C2: Budget drop and late replenishment. An LP segment
can be delayed when unused budget is discarded before
the segment becomes ready, forcing it to wait for a later
replenishment. Fig. 5(C) illustrates this issue with a polling
server, where the AI budget is dropped in period two, so FE1
execution is delayed until the beginning of period three.
C3: LP segment starvation. Runtime jitter can shift HP seg-
ments closer to future arrivals, leaving no valid GPU time
for ready LP segments to execute. As illustrated in Fig. 5(D),
even when no HP segment is currently running, the available
GPU time cannot be safely given to DD1 because it is held by
the HP XR server for consecutive renderer segments, delaying
DD1 execution and inflating C2VG. This issue arises because
existing servers do not account for the next HP renderer
release: using the available GPU time for DD1 may overlap
with that release and delay the renderer, while reserving it for
XR leaves DD1 waiting. Using a sporadic server for XR does
not solve this problem, because delaying XR replenishment
can also delay renderer dispatch and increase M2D/C2D.
C4: Renderer-time surge. Static budgets and periods become
invalid when renderer demand increases at runtime. Fig. 5(E)
shows this case, where more virtual objects in view increase
renderer execution time, exhaust the fixed XR budget, and
inflate C2D.
C5: Spatial or temporal waste. Beyond C1-C4, temporal iso-
lation alone does not make AI feedback efficient. Unlike C4,
which concerns adapting XR reservation to dynamic renderer
demand, C5 concerns problems inside the AI feedback pipeline
after resources are isolated. As shown in Fig. 6, temporal waste
occurs because the reference CAM frame is available at the
start of the speech, but existing sequential pipelines still wait
for the user’s speech to complete before starting visual ground-
ing and scene-context preparation, inflating S2LLM [15, 16].
Spatial waste occurs because AI feedback components have
different GPU occupancy, leaving unused thread-block capac-
ity when low-occupancy components execute alone [44].

Overall, C1-C3 are fundamental server failures because
existing policies cannot preserve HP reservations or provide
safe LP execution under segment-level GPU control. C4-C5
are critical inefficiencies because static reservations and iso-
lated AI execution cannot adapt to dynamic renderer demand
or fully utilize temporal and spatial resources inside the AI
feedback pipeline.

IV. RELAXR SERVER AND PIPELINE RECONSTRUCTION

A. Overview

We present RELAXR, a runtime framework for coordinat-
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ing the XR pipeline and the AI feedback pipeline on a shared
GPU. RELAXR treats AIXR scheduling as a joint CPU-GPU
reservation problem. To control the interference from §III-A,
RELAXR uses a GPU-aware hierarchical server through CPU-
side dispatch control. This is applicable because AIXR is a soft
real-time scenario, and AI feedback pipeline execution can be
regulated at component or layer boundaries without requiring
fine-grained GPU control.

As shown in Fig. 7, RELAXR consists of three layers. The
server design layer targets C1-C3 by enforcing temporal isola-
tion on the shared GPU timeline. Budget-aware Dispatch ad-
dresses budget overuse (C1) by preventing LP GPU segments
from starting under insufficient remaining budget. Unused-
budget Donation addresses budget drop and late replenishment
(C2) by allowing the HP server to donate unused budget to
the LP server. Lookahead Background Execution addresses
LP segment starvation (C3) by using background execution
windows before a future XR renderer arrival to run selected
AI feedback components without delaying XR components.

The budget-period adaptation layer targets renderer-time
surge (C4). Renderer-Aware Budget-Period Adaptation esti-
mates renderer demand online from viewport-derived signals
and adjusts the server budget and period accordingly. This pre-
vents a static reservation from becoming invalid when renderer
time changes, while preserving execution opportunities for the
AI feedback pipeline.

The AI feedback pipeline reconstruction layer targets spatial
or temporal waste (C5). Path-aware Execution Overlapping
reduces spatial waste by overlapping ready AI layers when the
GPU has unused capacity and prioritizing layers on the visual
grounding or language response paths. LLM Context Preload
reduces temporal waste by preparing scene context during
speech, allowing post-speech LLM inference to reuse cached
context and reduce S2LLM. Together, these layers preserve
XR responsiveness while bounding C2VG and S2LLM.

B. RELAXR Server Design

System Model. We formalize the AIXR workload from
§II-A under the cooperative scheduling abstraction in §III-B.
The system runs on one CPU core and one on-device GPU
that launches XR and AI feedback pipelines in separate CUDA

Fig. 8: Nominal execution times profiling.

contexts. The workload consists of a set of GPU segments
G = GXR ∪ GAI, where a segment ℓ is the smallest non-
preemptive dispatch unit: one renderer instance in GXR or
one AI layer instance in GAI. XR segments are released
periodically every display period TRen, while AI segments are
released aperiodically with the k-th user speech and follow
the precedence of Γvisual

k and Γlang
k defined in §II-B. Once

dispatched, a segment runs to completion, so scheduling can
occur only at segment boundaries.

Since exact worst-case execution times are difficult to
obtain for all GPU segments and pessimistic bounds would
waste execution opportunities, RELAXR profiles the average
execution time of each segment ℓ as its nominal execution
time ĉℓ and uses it for server policy design, as shown in
Fig. 8. Accordingly, RELAXR targets soft real-time, profile-
based behavior rather than WCET-based hard guarantees: the
analytical results in this section are stated with respect to the
profiled bounds ĉℓ, and substituting high-percentile or safety-
inflated profiles yields correspondingly conservative behavior.
This positioning matches AIXR usage scenarios, where late
feedback degrades user experience but does not constitute a
hard-deadline violation. The server rules can be generalized to
more than two servers, but our explanation focuses on the two
servers corresponding to the XR and AI feedback pipelines
defined in §II-A.

Based on C1-C3 in §III-B, RELAXR first builds a two-
server hierarchy over CPU-dispatched GPU work for XR and
AI feedback pipelines. We use a GPU segment to denote
the smallest non-preemptive unit, such as one XR renderer
instance or one AI layer instance. Each server maintains a
period, budget, priority, and ready queue, and queries other
servers’ information through global APIs. The XR server has
a higher priority, while the AI feedback server has a lower
priority. The core idea is period-local dispatch and donation:
RELAXR launches a GPU segment only when it fits the
current period’s remaining budget, donates unused budget
from the HP server to an LP server before it is dropped, and
enables background execution for a selected server only when
doing so cannot delay any GPU segment in other servers.

Rule 1 (Budget-aware Dispatch). A server dispatches a ready
GPU segment only if the segment’s execution time fits within
the server’s remaining budget in the current period. This check
is triggered whenever the available budget or ready queue
changes, including at a new server period, after a GPU segment
finishes, and after budget donation. If the GPU segment cannot
fit, it remains in the ready queue until the next dispatch point.

Rule 1 addresses C1 by preventing negative-budget execu-
tion. In Fig. 9(A), FE2 is blocked when the remaining AI
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Fig. 9: Timelines of RELAXR server.

budget is insufficient, avoiding the budget overrun that caused
priority inversion in Fig. 5(B).

Rule 2 (Unused-budget Donation). RELAXR introduces an
all_finished API to detect when an HP server has
completed all GPU segments released in the current period.
The API is invoked after the server’s last ready GPU segment
finishes. Once completion is confirmed, the HP server donates
its remaining budget to the next highest-priority server, which
becomes the recipient. The donated budget expires at the end
of the recipient’s current period. The recipient can use the
donated budget only for GPU segments that pass Budget-aware
Dispatch.

Rule 2 addresses C2 by donating budget to an LP server be-
fore it is dropped. Instead of waiting for a later replenishment,
the AI feedback server can use unused XR budget within the
same period. Fig. 9(A) shows this donation as the additional
AI budget marked “2 from XR.”

Rule 3 (Lookahead Background Execution). After a GPU
segment finishes, RELAXR computes a lookahead window
before the worst-case earliest future GPU request from any
higher-priority server. A lower-priority ready GPU segment
may execute as background work only if its profiled execution
time fits within this window. The window is recomputed after
each GPU segment completion and cannot be carried across
periods. To obtain this window across all servers, RELAXR
introduces the get_time_to_next API call. This API
returns the minimum jitter-adjusted time to the next GPU
segment execution among all HP servers, which prevents
background work from delaying any HP segments.

Rule 3 addresses C3 by using safe gaps created by jitter
without delaying future XR work. In Fig. 9(B), the background
windows marked BG allow selected AI segments to run

between shifted XR releases. This also avoids the case where
an AI segment fits the remaining AI budget but would still
collide with an imminent XR renderer release.

The three rules have precedents, but each departs from them
where AIXR requires. Rule 1 resembles TimeWall’s forbidden
zones and SIRAP’s self-blocking [45, 46], but admits each
GPU segment against a budget that may change through
donation. Rule 2 echoes CASH/BASH-style capacity reclaim-
ing [47–49], but makes donation priority-ordered, period-local,
and subject to Budget-aware Dispatch. Rule 3 admits LP work
only when it fits before the jitter-adjusted next HP release. This
release-aware check is essential under non-preemption: static
HP or unchecked reclaiming can still block the next renderer
release (C1), while conservatively idling the GPU can starve
ready AI segments (C3).

Exception Handling and Generalizability. During run-
time, RELAXR handles three exceptions. First, if a GPU seg-
ment’s actual execution time exceeds its server or component
period, RELAXR skips that segment’s next execution. Second,
if VIO or IMUi runs longer than its nominal profile, RELAXR
re-phases the XR server so the next server period starts at
the next IMUi completion. Third, if get_time_to_next
returns no positive jitter-adjusted window, background ex-
ecution is disabled until the next segment completion or
budget replenishment. The same rules can be generalized to
more than two servers by ordering servers in rate-monotonic
priority order, with shorter-period servers assigned higher
priority. For any lower-priority server, donation is allowed
only after all higher-priority servers have completed their
execution of current-period GPU segments, and lookahead
background execution is allowed only after checking ready
queues from all servers. Under this generalized rate-monotonic
server hierarchy, Lemma 1 shows that donated and lookahead
LP execution does not introduce additional HP interference,
and Corollary 1 further bounds the maximum AI-induced
blocking time on XR.

Lemma 1 (No additional HP interference from LP execution).
Under RELAXR server policies, donated or lookahead lower-
priority execution does not introduce additional interference
to higher-priority servers beyond the admitted non-preemptive
GPU segment checked by Budget-aware Dispatch.

Proof. Servers are ordered by rate-monotonic priority, where
an HP server has a period no larger than an LP server. For
example, in the two-server AIXR setting, the XR server is HP
and the AI feedback server is LP; in the generalized multi-
server case, the same ordering extends to any additional lower-
priority servers [50]. RELAXR allows an LP GPU segment
to execute only in two cases: all GPU segments in the HP
server have finished their current-period execution, and the
HP server donates unused budget, or Lookahead Background
Execution finds a safe window before the next HP GPU
segment starts. In both cases, the LP GPU segment must
pass Budget-aware Dispatch, meaning its profiled execution
time fits within the available donated budget or the lookahead
window. Since the donated budget does not carry over to
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the next period, LP execution cannot consume future HP
budget. Therefore, LP execution uses only time that would
otherwise be unused in the current period, and it does not
create additional HP interference beyond the admitted non-
preemptive GPU segment.

Corollary 1 (Bounded AI blocking of XR release). Let
Cmax

AI = maxℓ∈GAI ĉℓ, where GAI is the set of AI feedback
GPU segments and ĉℓ is the execution-time bound used by
Rule 1 (Budget-aware Dispatch) for segment ℓ. Under RE-
LAXR server rules, any XR renderer release can be delayed
by already-dispatched AI execution for at most Cmax

AI .

Proof. At an XR renderer release, either no AI segment is
running, in which case there is no AI-induced blocking, or one
AI segment is already running. Since GPU segments are non-
preemptive, the renderer can be delayed only until that running
AI segment reaches its next segment boundary, i.e., by at most
its remaining execution time, which is bounded by ĉℓ ≤ Cmax

AI

according to Rule 1. At that boundary, since the XR server
has a higher priority, the ready renderer is dispatched before
any further AI segments. Therefore, the maximum AI-induced
blocking of any XR renderer release is bounded by Cmax

AI .

If ĉℓ is set to the profiled nominal execution time, Corol-
lary 1 gives the nominal blocking bound. Using safety-inflated
or high-percentile profiles gives a correspondingly conserva-
tive bound.

C. Renderer-Aware Budget-Period Adaptation

Runtime Estimator. Static server budgets become stale
when the renderer execution time changes at runtime. This
is common in AIXR because the renderer workload changes
with the visible objects, AI-generated grounding masks, and
dialogue boxes. If renderer time exceeds its reserved budget
(C4), later XR frames can be delayed, and the AI feedback
window shrinks. Rather than reducing rendering quality, RE-
LAXR adapts the XR reservation using an online renderer-time
estimate. At the end of each period k, RELAXR estimates the
next-period renderer time ĉren,k+1 from the current viewport
and the latest observed renderer time:

min
[
cmax
ren ,max

(
cobsren,k, c

0
ren + αn(nk − n0)

+ + αhhk

)
+ σr

]
Here, c0ren is the renderer time measured under object count
n0, nk is the number of visible virtual objects, hk is the
number of highlighted objects, and (x)+ = max(x, 0). The
coefficients αn and αh capture the marginal rendering cost of
visible and highlighted objects. The inner estimate increases
the baseline renderer time according to viewport complexity,
while the max with cobsren,k captures recent surges not explained
by these features. Finally, σr adds a safety margin and cmax

ren

caps reservation growth.
Budget and Period Adjustment. RELAXR converts the

renderer estimate into the next-period XR reservation Rk+1

and defines the minimum AI budget Bmin
AI :

Rk+1 = ĉren,k+1 + σXR, Bmin
AI = Cmax

AI + σAI.

where Rk+1 is the required XR budget for the next period
Tk+1 with an additional XR scheduling margin σXR. Cmax

AI

denotes the maximum nominal execution time among AI seg-
ments with an additional AI scheduling margin σAI. RELAXR
then updates the shared server period as:

Tk+1 =

Tk, Rk+1 +Bmin
AI ≤ Tk,⌈

Rk+1+Bmin
AI

T0

⌉
T0, otherwise

It then sets the next-period budgets as

BXR,k+1 = Rk+1, BAI,k+1 = Tk+1 −BXR,k+1.

If the required XR reservation fits while preserving the Bmin
AI ,

RELAXR keeps the current period and only updates the XR
budget. Otherwise, RELAXR inflates the next period to the
smallest integer multiple of the nominal period T0 that can
accommodate both the XR reservation and the minimum AI
feedback window. The updated period Tk+1 is applied to
both the XR and AI feedback servers, keeping their periods
aligned while redistributing their budgets. As illustrated in
Fig. 9(C), this lets RELAXR absorb renderer-time growth
while preserving a nonzero AI feedback budget.

Unlike prior adaptive server reservation schemes [51],
RELAXR jointly adapts the shared period and redistributes
budget between the coupled XR and AI feedback servers.
The adjustment is constrained by both the estimated renderer
demand and a minimum AI budget, so increased XR demand
does not block AI feedback execution.

Lemma 2 (Policy preservation under dynamic budget and
period). Renderer-Aware Budget-Period Adaptation preserves
the validity of RELAXR server rules. After each applied
update, the XR and AI feedback servers share the updated
period Tk+1, the XR server receives budget BXR,k+1 = Rk+1

for the estimated renderer demand, the AI feedback server
retains a budget of at least Bmin

AI , and Rules 1–3 remain
applicable.

Proof. RELAXR updates server parameters only at period
boundaries, so no in-period GPU segment is reclassified or car-
ried across periods. Let Rk+1 = ĉren,k+1+σXR be the required
XR reservation for the next period. If Rk+1+Bmin

AI ≤ Tk, RE-
LAXR keeps Tk+1 = Tk and sets BXR,k+1 = Rk+1, yielding
BAI,k+1 = Tk+1 − BXR,k+1 ≥ Bmin

AI . Otherwise, RELAXR
sets Tk+1 = ⌈(Rk+1+Bmin

AI )/T0⌉T0, so Tk+1 ≥ Rk+1+Bmin
AI

and again BAI,k+1 ≥ Bmin
AI . Thus, each updated period

starts with feasible aligned budgets. Budget-aware Dispatch
uses the updated budget, Unused-budget Donation remains
period-local, and Lookahead Background Execution uses the
updated future-release times. Therefore, adaptation changes
only feasible server parameters and does not invalidate the
RELAXR server rules.

D. AI Feedback Pipeline Reconstruction

AI feedback pipeline reconstruction addresses C5 by chang-
ing the internal execution order of the AI feedback pipeline.
LLM Context Preload moves query-independent scene context
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Fig. 10: LLM context preload and execution overlapping.

into the speech interval, reducing post-speech work on the
language response path. Path-aware Execution Overlapping
uses available GPU occupancy within the AI budget to overlap
ready layers while prioritizing layers on either the visual
grounding path or the language response path.

LLM Context Preload. The goal of LLM Context Preload
is to reduce S2LLM by moving scene-context prefill out of the
post-speech critical path. This is possible in AIXR because the
reference CAM frame is selected at the beginning of speech,
before the final transcript is available. The challenge is that
RELAXR does not yet know the user’s final query: preloading
too little scene context may miss the queried object, while
preloading too much increases prefill cost and can offset the
latency benefit.

RELAXR addresses this by splitting the LLM input into
a query-agnostic scene preload and a later query-specific
speech suffix. During user speech, RELAXR runs the feature
encoder, object decoder, and depth decoder to construct a
bounded scene preload containing object labels, 2D locations,
and depth. It then prefills this preload and caches the resulting
KV states. After the speech ends, RELAXR appends the S-t-T
transcript as the speech suffix and continues LLM inference
from the cached preload. As shown in Fig. 10, this moves
scene-context prefill into the speech interval, so the post-
speech path only processes the user query and decodes the
response. This preserves the same scene-grounded prompt
semantics while shortening the S2LLM critical path. Unlike
prior prefix-caching techniques that reuse cached prompt pre-
fixes to reduce repeated prefill [52, 53], RELAXR exploits an
AIXR-specific timing opportunity: the visual context is fixed
before the user’s speech completes, allowing scene-context
preparation and prefill to overlap with live speech.

Path-aware Execution Overlapping. The goal of Path-
aware Execution Overlapping is to reduce user-visible AI
feedback latencies, including both C2VG and S2LLM, while
avoiding spatial GPU waste caused by unused thread-block
capacity. Temporal isolation may reserve time for the AI
feedback server, but a low-occupancy AI layer running alone
can still leave GPU spatially underutilized. At the same time,
arbitrary overlap is not enough: launching a ready layer unre-
lated to the current user-visible feedback path may consume
AI budget without reducing either C2VG or S2LLM.

RELAXR therefore makes overlap path-aware. Rather than
introducing a separate dependency graph, RELAXR reuses the
two AI feedback paths defined in §II-A: the visual grounding
path Γvisual

k for C2VG and the language response path Γlang
k

for S2LLM. At each AI feedback server period start, RELAXR
selects a target metric µ ∈ {C2VG, S2LLM} and assigns each
ready layer ℓi a path-aware value pµi = ci+ max

ℓj∈succ(ℓi)
pµj , ℓi ∈

TABLE II: Scenes ordered by increasing difficulty.

Topic # Recording # Object # Input Tokens

S1 Pickup and recognition 130 3 10
S2 Object-related Q&A 175 6 20
S3 Single-object instructions 102 6 25
S4 Multi-object instructions 17 10 30

Γµ
k where ci is the layer’s nominal execution time. A layer

on the selected path is valued by its own execution time plus
the longest downstream time to the next user-visible output,
while an off-path layer (pµi = 0) is used only as fill work
when no path-relevant layer can be launched. This prioritizes
layers that directly advance the selected latency metric.

Given these values, RELAXR selects which ready layers
to launch within the remaining AI budget and the available
GPU occupancy using a knapsack-style dynamic program over
the remaining AI budget and available GPU occupancy. At
each decision point, let R = {ℓ1, . . . , ℓn} denote the ready
layers, B the remaining AI budget, and O the available GPU
occupancy capacity. Each layer ℓi has nominal execution time
ci, occupancy footprint oi, and path-aware value pµi . RELAXR
defines D[i][b][o] as the maximum path-aware value obtainable
from the first i ready layers under budget b and occupancy o,
with D[0][b][o] = 0 and

D[i][b][o] =


max(D[i− 1][b][o],

D[i− 1][b− ci][o− oi] + pµi )

ci ≤ b

oi ≤ o
,

D[i− 1][b][o] otherwise.

Backtracking from D[n][B][O] selects the launch plan, and
each selected layer is dispatched at its earliest feasible time;
layers whose combined occupancy fits within O are over-
lapped inside the AI feedback pipeline. As shown in Fig. 10,
RELAXR overlaps Feature Encode with Object Decode to
reduce C2VG, and LLM Decode with Text Decode to shorten
S2LLM. Because the ready layers, budget, and target metric
change online, RELAXR computes this plan at runtime rather
than offline.

V. EVALUATION

A. Setup

Hardware Setup. To evaluate across a spectrum of
AIXR hardware, we conduct experiments on both a PC
laptop equipped with an NVIDIA RTX 3050 GPU and an
NVIDIA Jetson AGX Orin embedded device with an inte-
grated GPU [54]. The laptop is powered by a 130W power
source, and the AGX Orin is configured to run in the 60W
MAXN mode. For the controlled scene evaluation in §V-B,
both devices process egocentric video input from the HOT3D
dataset [22] and pre-recorded speech generated using the
Google Text-to-Speech API [55]. For the real-world evaluation
in §V-C, a ZED Mini camera captures stereo video input, while
a microphone records human speech in real time.

AIXR Software Setup. We implement a complete AIXR
system following the architecture in Fig. 1. The XR pipeline
includes the components described in §II-A: OpenVINS [24]
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Fig. 11: Comparison of XR-related latencies (M2D, C2D) and AI feedback latencies (C2VG, S2LLM) across all scenes.

Fig. 12: RELAXR overhead.

for VIO, GTSAM [25] for IMUi, and OpenCV/Godot [26, 56]
for rendering. The AI feedback pipeline uses Whisper [29] for
S-t-T, DINOv2 [30] for FE, FastSAM [32] for OD, and Depth
Anything V2 [31] for DD. We use TinyLlama-1.1B [57] as
the default LLM because of its low inference latency and on-
device efficiency. We evaluate alternative LLM architectures
in §V-B.

Scene Benchmarks. To evaluate RELAXR under AIXR
tasks with increasing visual and language complexity, we con-
struct a scene benchmark from the HOT3D dataset [22]. We
group the video recordings into four difficulty levels, S1-S4, as
shown in Tab. II. The levels increase in semantic complexity,
number of objects, and maximum input-speech length. For
each level, we generate speech questions with bounded word
counts, ranging from 10 words in S1 to 30 words in S4, so that
both scene complexity and speech complexity increase across
the benchmark.

Baseline Configurations. We compare seven configura-
tions, including four baselines and two RELAXR variants.
BOXR [14] is the standalone XR pipeline without AI feedback.
BOXRAI co-runs BOXR with the AI feedback pipeline under
default OS scheduling. ILLIXRAI co-runs the ILLIXR XR
pipeline with the same AI feedback pipeline under default
OS scheduling, providing a cross-runtime baseline based on
ILLIXR’s publisher-subscriber execution architecture [33].
Since ILLIXRAI uses a different execution architecture from
BOXRAI and RELAXR, it allows us to evaluate how the
underlying runtime architecture affects AIXR system perfor-
mance. BOXRAI+SD adds the CPU-side SCHED_DEADLINE
scheduler [58] to BOXRAI, representing deadline-based CPU
scheduling and resource reservation without GPU-aware ad-

mission. BOXRAI+MPS uses NVIDIA Multi-Process Service
(MPS) to allocate 50% of the GPU compute capacity to each
of the XR and AI feedback pipelines, providing a fair spatial
isolation baseline by using the MPS’s Active Thread Percent-
age mechanism. RELAXR-S includes our GPU-aware server
policies and workload optimizations, but excludes runtime
budget-period adaptation. RELAXR is the full system with
GPU-aware server policies, Renderer-Aware Budget-Period
Adaptation, and workload optimizations.

B. Controlled Scene Evaluation

RELAXR Overhead. RELAXR introduces low runtime
overhead compared with the AIXR pipeline components.
As shown in Fig. 12, on the PC platform, RELAXR takes
only 0.29 ms, accounting for 0.11% of the profiled execu-
tion time. On the embedded Orin platform, RELAXR incurs
only 0.85 ms overhead, accounting for 0.12% of the profiled
execution time. This low overhead comes from the bounded
dynamic program used in Path-aware Execution Overlapping,
which selects ready GPU segments over discretized budget and
occupancy instead of an expensive online exhaustive search.

Overall Effectiveness. We measure all four latency metrics
across S1-S4 and both hardware platforms. For consistency in
S2LLM, we cap LLM generation at 100 output tokens in all
runs. As shown in Fig. 11, BOXRAI first reduces latencies
by up to 48.1% compared with ILLIXRAI. Since both run
the same AI feedback pipeline under default OS scheduling,
their comparison captures the effect of the underlying XR
execution architecture. Therefore, BOXRAI and its variants
provide the controlled basis for comparing against RELAXR-S
and attributing the additional gains to RELAXR’s components.
Accordingly, RELAXR-S further reduces latencies over the
BOXR-based baselines, including up to 44.7% compared with
BOXRAI and up to 39.7% compared with BOXRAI+SD.
Furthermore, BOXRAI+MPS exposes the limits of static spa-
tial isolation: reserving half of the GPU for the XR pipeline
trims M2D and C2D slightly below BOXRAI+SD (by up to
14.1%), but S2LLM inflates by 22.0% because computation-
heavy LLM decoding cannot borrow from XR compute even
when it sits idle. By reclaiming such idle capacity at runtime,
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Fig. 13: M2D and C2D under rendering surge.

TABLE III: S2LLM (ms) under different LLM inferences.

Baseline TinyLlama-1.1B Orca-Mini-3B Llama3.2-1B Qwen3-1.7B

BOXRAI 777.64 1373.32 1504.73 9388.05
RELAXR 487.47↓ 929.19↓ 837.62↓ 4259.74↓

RELAXR-S outperforms BOXRAI+MPS on all four metrics,
with up to 52.7% lower S2LLM. The XR-related latency
gains mainly come from the RELAXR server rules, while the
AI-feedback latency gains come from Path-aware Execution
Overlapping and LLM Context Preload. RELAXR further
improves over RELAXR-S by up to 13.0% due to Renderer-
Aware Budget-Period Adaptation. Overall, RELAXR reduces
M2D by up to 44.0%, C2D by up to 47.3%, C2VG by up to
36.4%, and S2LLM by up to 56.4% compared with ILLIXRAI.
The ablation between RELAXR and RELAXR-S shows that
static servers alone cannot adapt to renderer-demand changes,
and runtime budget-period adaptation is necessary to keep XR
reservations aligned with dynamic workloads.

Crucially, RELAXR keeps XR-related latencies (M2D
and C2D) within 2.8% of the XR-only baseline, showing
that timely AI feedback can be achieved without sacrificing
motion responsiveness. The remaining gap mainly comes from
segment-boundary blocking analyzed in §IV-B and conserva-
tive XR reservations. Runtime budget and period adjustment
reduce shared-GPU interference but cannot eliminate it com-
pletely, because GPU segments remain non-preemptive after
launch and budget-period updates take effect only at period
boundaries.

Latency Across LLM Models. We evaluate S2LLM across
four lightweight LLMs on the PC laptop with a maximum of
100 output tokens: TinyLlama-1.1B [57], Orca-Mini-3B [59],
Llama3.2-1B [60], and Qwen3-1.7B [61]. As shown in Tab. III,
RELAXR reduces S2LLM across all models, with up to a
54.6% reduction on Qwen3-1.7B. For the three lightweight
mobile models, RELAXR keeps S2LLM below one second.
The improvement comes from LLM context preload, which
moves scene-context prefill into the speech interval and reuses

Fig. 14: Success response with increasing prompt frequency.
Lines show the average and shaded areas indicate error range.

the cached context after speech ends, reducing post-speech
LLM inference time.

Renderer Surge. To evaluate robustness under C4, we
stress the PC-laptop renderer with continuous, random, and
periodic surge profiles by adding 10-15 high-resolution virtual
objects and visual-grounding masks while keeping the AI
feedback workload unchanged. As shown in Fig. 13, BOXRAI
and ILLIXRAI show large M2D/C2D spikes during surge
windows, and RELAXR-S also degrades when its fixed XR
reservation is exceeded. In contrast, RELAXR expands the
XR reservation through Renderer-Aware Budget-Period Adap-
tation, keeping both M2D and C2D lower across all surge
profiles. Compared with ILLIXRAI, RELAXR reduces mean
M2D/C2D by up to 24.2%/20.8% and worst-case M2D by up
to 67.9% during surges. These results show that static GPU-
aware reservation is insufficient under renderer-time fluctu-
ations, while adaptive budget-period control better preserves
XR responsiveness.

C. Real-world Evaluation
Scenario Setup. The controlled benchmarks in Sec. V-B

establish RELAXR’s behavior under reproducible workloads.
We now validate that these gains hold in real-world deploy-
ment on the NVIDIA Jetson AGX Orin platform [54], using
live stereo video from a ZED Mini camera [62] and syn-
chronized speech input from a microphone. We evaluate four
daily-use AIXR scenarios: Packing Assistant evaluates indoor
stationary object selection, Room Organizing evaluates indoor
mobile spatial reasoning, Semantic Understanding evaluates
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Fig. 15: AI feedback latencies under Room Organizing.

outdoor stationary scene understanding, and Sport Coaching
evaluates outdoor mobile guidance. For each scenario and
prompt frequency, we wear the complete AIXR setup and run
each framework for five 60-second trials.

Success Response Rate. We count a live AI feedback
response as successful if, when displayed, it still matches the
user’s current speech and view context. We use 0.5 Hz and
1 Hz to represent realistic prompt frequencies, while frequen-
cies above 1 Hz serve only as stress-test conditions. As shown
in Fig. 14, all systems perform well at low prompt frequency,
but BOXRAI and ILLIXRAI drop sharply as prompts become
more frequent, indicating that delayed AI feedback often
becomes stale. In contrast, RELAXR consistently maintains
the highest success rate across all four scenarios. At 3 Hz
in Packing Assistant, RELAXR achieves a 52.7% successful
response rate, compared with 28.5% for BOXRAI and 5.3%
for ILLIXRAI. This improvement comes from reducing C2VG
and S2LLM through GPU-aware reservation, LLM Context
Preload, and Path-aware Execution Overlapping, which help
AI feedback arrive before the interaction context changes.

AI Feedback Latencies. We profile one hundred con-
secutive live AI feedback events in the Room Organizing
scenario, as shown in Fig. 15. RELAXR consistently keeps
both C2VG and S2LLM below the two baselines. Compared
with ILLIXRAI, RELAXR reduces average C2VG/S2LLM
by 57.9%/30.1%. Compared with BOXRAI, RELAXR still
reduces C2VG/S2LLM by 55.7%/11.8%. RELAXR also im-
proves tail latency, reducing maximum C2VG/S2LLM by up
to 51.9%/42.8%. These results show that RELAXR reduces
both typical and worst-case AI feedback latencies in live
deployment.

Robustness Analysis. We stress RELAXR under real-world
motion disturbance by asking the user to perform rapid head
and body motion during a sustained 10-second burst window in
the Sport Coaching scenario. To minimize bias, we randomly
alternate between ILLIXRAI, BOXRAI, and RELAXR with-
out disclosing which framework is active during each trial.
As shown in Fig. 16, RELAXR maintains lower M2D and
C2D than ILLIXRAI throughout. Outside the burst, RELAXR
reduces M2D by 29.1% and C2D by 29.5%; during the burst,
the reductions grow to 58.1% and 53.2%, respectively. This
widening gain occurs because Renderer-Aware Budget-Period
Adaptation expands the XR reservation as rendering demand
rises, while the GPU-aware server rules prevent AI segments
from delaying renderer execution.

VI. RELATED WORK

AIXR systems. XR systems are undergoing a transforma-
tive shift from passive virtual-scene rendering to AI-driven

Fig. 16: M2D/C2D under abrupt motion in Sport Coaching.

interaction with the physical world. By integrating lightweight
language, vision, and sensing models [7, 9, 63–65], AIXR
systems can provide real-time on-display assistance for spatial
reasoning, object-aware interaction, and context-aware user
guidance [8, 10, 15, 16, 18, 23, 66, 67]. Existing work demon-
strates the feasibility of AI-driven XR interaction, but it does
not characterize how the system affects XR-related latencies
and AI feedback latencies, which RELAXR addresses with a
latency-aware runtime framework.

Resource reservation and real-time isolation. Server-
based reservation has been widely studied in real-time systems,
including hierarchical scheduling, resource sharing, adaptive
and multi-resource servers, and time partitioning for multi-
core and accelerator platforms [45, 46, 51, 68–70]. Specifically,
TimeWall’s forbidden zones decline jobs that cannot finish
before a static partition boundary [45], and CASH/BASH-
style servers reclaim residual capacity among preemptive EDF
reservations through deadline-tagged global queues [47–49].
These provide foundations for temporal isolation but are not
directly applicable to AIXR, where the two pipelines run
as separate processes, launch GPU work through different
streams, and have highly dynamic execution times driven by
user speech and scene complexity. RELAXR instead targets
a structurally different setting: two coupled GPU-dominant
pipelines co-scheduled as non-preemptive segments, with de-
mand varying on both sides at runtime and context freshness
(C2VG/S2LLM) rather than per-job response time as the ob-
jective. Its rules therefore admit each dispatch against period-
local budgets that change mid-period through donation and
against jitter-adjusted future releases, rather than against static
partitions or preemptive EDF reservations. GPU partitioning
mechanisms such as MPS and Fractional GPUs [71, 72] man-
age spatial resources but cannot adapt to AIXR’s changing
temporal and spatial demand. RELAXR closes this gap with a
pipeline-aware design that adapts GPU reservations to preserve
XR responsiveness while minimizing AI feedback latencies.

VII. CONCLUSION

We presented RELAXR, a runtime framework for co-
running XR and AI pipelines on a shared GPU. RELAXR
defines C2VG and S2LLM to capture user-visible AI feedback
latencies, and proposes three mechanisms in §IV to reduce AI
feedback latencies while preserving XR responsiveness. Evalu-
ations show that RELAXR can meet XR and AI feedback tim-
ing requirements simultaneously. RELAXR currently assumes
no strict runtime dependency between XR and AI feedback
pipelines; extending the design to dependency-constrained
pipelines and heterogeneous accelerators remains future work.
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