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Abstract

Recent breakthroughs in radiance fields, particularly 3D
Gaussian Splatting (3DGS), have unlocked real-time, high-
quality rendering of complex environments, enabling a wide
range of applications. However, the stringent requirements
of mixed reality (MR) rendering, such as rapid refresh rates,
high-resolution stereo viewing, and constrained computing
budgets, remain out of reach for current 3DGS techniques.
Nevertheless, the wide field-of-view design of MR displays,
which mimics human vision, presents a unique opportunity
to exploit human visual system’s own perceptual limitations
to reduce computational overhead while not compromising
user-perceived rendering quality.

To this end, we propose a perception-guided, continuous
level-of-detail (LOD) framework for 3DGS that maximizes
perceived quality under given compute resources. We distill
a visual quality metric, which encodes the spatial, temporal,
and peripheral characteristics of human visual perception,
into a lightweight, gaze-contingent model that predicts and
adaptively modulates rendering LOD across the visual field
based on each region’s contributions to perceptual quality.
This budget-driven LOD modulation, guided by both scene
content and gaze behavior, enables significant computation
reduction with minimal loss in perceived quality. To support
low-power, untethered MR setups, we design an edge-cloud
collaborative rendering framework to partially offload com-
putation to the cloud, further reducing overhead on the edge
MR devices. Objective metrics and MR user study evidence
that, compared to vanilla and foveated LOD baselines, our
method achieves superior trade-offs between computational
efficiency and user-perceived visual quality.

1. Introduction
Recent advances in neural rendering, most notably 3DGS,
have transformed traditional graphics pipelines and enabled
breakthroughs across various domains, including scientific
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visualization [6], interactive gaming [21], autonomous driv-
ing [61], robotic controls [54], and virtual productions [45].
Building upon the 3DGS framework, numerous follow-up
efforts have been made to further enhance rendering quality
[55, 58], support dynamic content [29, 56], accelerate ren-
dering speed [15, 18, 38], reduce memory footprint [15, 16],
and introduce LOD mechanisms for scalability [24, 36, 44].
Despite these advances, the current state-of-the-art remains
insufficient to satisfy the stringent demands of MR systems,
such as rapid refresh rates (≥ 60 FPS) [52], high-resolution
stereo rendering (≥ 2K×2K per eye) [51, 59], and compute
and power constraints, particularly for untethered MR [8].

At the same time, the wide field-of-view design of MR
displays, intended to mirror natural human vision, offers an
opportunity to leverage the perceptual limitations of human
visual system (HVS) [11] to reduce computation while not
compromising perceived visual quality. In particular, the
HVS exhibits strong eccentricity effects: peripheral vision
(high eccentricity) has significantly lower acuity and sen-
sitivity than foveal vision (low eccentricity) [10, 39, 48].
This perceptual non-uniformity has motivated foveated ren-
dering, which prioritizes compute resources in the foveal re-
gion over the periphery [19, 22, 40, 49, 50]. Recent efforts
have extended these principles to the 3DGS framework to
enable real-time stereo rendering tailored for MR settings
[14, 17, 28]. However, existing methods typically partition
the visual field into a few concentric zones (often 3-4), each
tied to a discrete LOD. This coarse, fixed stratification limits
the ability to smoothly modulate LOD or dynamically ad-
just rendering cost in response to changes in scene complex-
ity or power budgets. Furthermore, foveation alone does not
account for the implications of local scene features, such as
luminance, contrast, and spatial frequency, on visual sensi-
tivity [1]. For instance, artifacts on a high-contrast object
in the periphery may be more perceptible than those on a
low-contrast object near the fovea, underscoring the need
for more content-aware perceptual guidance.

To address these limitations, we propose a perceptually
guided 3DGS framework that maximizes perceived visual
quality for MR stereo rendering under constrained compute



budgets. Specifically, we partition the visual field of each
eye into a dense, uniform grid of Nh × Nw viewing frus-
tums, and independently control rendering quality for each
frustum via LOD modulation. Building upon the hierarchi-
cal 3D Gaussian representation from [24], we define LOD
as a projected size threshold (in screen pixels) for 3D Gaus-
sians and only retrieve those of appropriate granularity for
rendering. To enable efficient execution, we implement cus-
tom CUDA kernels that fuse LOD fetching with frustum
culling, allowing all frustums to be processed in a single
pass with linear complexity in the number of Gaussians.
To ensure perceptual consistency across the visual field, we
distill FovVideoVDP [31], a visual quality metric that mod-
els the spatial, temporal, and eccentricity-dependent aspects
of the HVS, into a lightweight, gaze-contingent prediction
model. This model takes as input a viewpoint (position,
direction, and eccentricity) and a target perceptual quality
level (measured in Just-Objectionable Differences, or JODs
[42]), and outputs the minimal LOD needed to meet the de-
sired quality under the given viewpoint. This approach en-
ables continuous, adaptive LOD modulation across the vi-
sual field based on each region’s contribution to perceptual
quality, while also supporting flexible, resource-aware con-
trol by adjusting the target quality level.

To better support low-power, untethered MR setups, we
develop an edge-cloud collaborative rendering framework
that further offloads computation to the cloud. Specifically,
both the cloud and the edge store a copy of the scene repre-
sented as hierarchical 3D Gaussians. At runtime, the edge
transmits the user’s current viewpoint and desired quality
level (in JODs, determined by local compute budget) to the
cloud, while the cloud runs the LOD prediction model to
determine the optimal LOD values across the visual field,
fetches the corresponding Gaussians, and returns a binary
mask indicating the subset of Gaussians that should be ren-
dered on the edge side, all in real time.

To support our investigation of perceptual sensitivity in
immersive MR setups, we construct four high-quality image
datasets featuring four photorealistic scenes for 3DGS train-
ing and evaluation. As evidenced by a perceptual quality
metric tailored to human vision [31], our method achieves
superior trade-offs between computational efficiency and
perceptual quality compared to both the vanilla hierarchical
3DGS [24] and foveated 3DGS baselines. A psychophysi-
cal user study conducted in MR further confirms that, under
similar compute budgets, participants consistently perceive
our method as delivering higher visual quality.

We hope this work inspires future research toward more
perceptually efficient MR systems. Our source code, trained
models, and evaluation dataset are released at https://
github.com/NYU-ICL/perceptual-3dgs.

In summary, our main contributions include:
• a lightweight, gaze-contingent prediction model that en-

ables continuous and adaptive LOD modulation across
the visual field to ensure perceptual consistency;

• a perceptually guided 3DGS framework that maximizes
perceived visual quality under given compute resources;

• an edge-cloud collaborative 3DGS rendering framework
tailored to low-power, untethered MR setups;

• four high-quality image datasets to support MR research.

2. Related Work

2.1. Neural Scene Representation and Rendering
Recent advances in neural rendering have transformed tra-
ditional graphics pipelines, achieving photorealistic visual
synthesis while bypassing the need for explicit scene mod-
eling, complex lighting setups, and handcrafted assets [43].
A seminal milestone in this area is Neural Radiance Fields
(NeRFs), which employ neural networks to implicitly en-
code scene geometry and appearance [35]. Building on
this framework, numerous extensions have been proposed
to improve visual fidelity [3–5] and accelerate inference
[7, 9, 37, 57]. Despite improved performance, NeRF-based
methods remain constrained by the computational overhead
of volumetric ray marching, which hinders their ability to
deliver high-resolution rendering at real-time frame rates.

To address these limitations, Kerbl et al. proposed 3DGS
[23], an explicit scene representation that enables real-time,
high-resolution rendering. 3DGS models a scene as a set
of anisotropic 3D Gaussians, with scene geometry defined
by the Gaussian distributions and view-dependent color en-
coded via spherical harmonics. By replacing ray marching
with GPU-efficient rasterization, 3DGS achieves substan-
tial gains in rendering speed while maintaining competitive
visual quality. Several recent follow-ups have enhanced
vanilla 3DGS along multiple directions: improving visual
quality [55, 58], supporting dynamic content [29, 56], en-
abling semantic feature learning [60], reducing computa-
tional cost [15, 16, 18, 25, 38], and introducing efficient
LOD mechanisms [24, 36, 44]. While these advances have
expanded 3DGS’s applicability across diverse domains, cur-
rent state-of-the-art still falls short of meeting the strin-
gent demands of untethered mixed reality (MR) systems,
such as high refresh rates (≥ 60 FPS) [52], high-resolution
stereo rendering (≥ 2K×2K per eye) [51, 59], and strict
constraints on compute and power budgets [8, 26].

2.2. Perceptually Guided Rendering
The HVS exhibits a highly non-uniform ability to receive
and resolve light across the visual field [11]. A key charac-
teristic of human vision is eccentricity dependence: periph-
eral vision (high eccentricity) exhibits significantly lower
visual acuity, reduced contrast sensitivity, and diminished
color perception compared to foveal vision (low eccen-
tricity) [10, 39, 48]. Several computational models have
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Figure 1. The proposed perceptually guided, adaptive level-of-detail 3DGS streaming and rendering framework for mixed reality.

been developed to describe these perceptual variations by
analyzing stimulus visibility across different eccentricities
[1, 31, 32]. These models have informed a broad class of
perceptually guided rendering techniques that exploit the
anisotropic sensitivity of the HVS. Among them, foveated
rendering reduces computational load by focusing resources
to the foveal region, where visual acuity is highest, while
allocating fewer resources to the periphery, where detail
perception drops, thereby improving performance without
compromising perceived quality [19, 22, 40, 49, 50].

Recently, these principles have been adapted to neural
rendering, resulting in foveated variants of NeRF [12, 46,
53] and 3DGS [14, 17, 28]. While these methods improve
rendering speed without compromising perceptual fidelity,
they typically divide the visual field into a small number of
concentric eccentricity-based zones (usually 3–4), each as-
signed a discrete LOD [12, 14, 28]. This coarse, fixed strat-
ification limits the system’s ability to smoothly modulate
LOD or dynamically adjust rendering resources based on
scene complexity or device compute & power constraints.
Moreover, foveation alone overlooks important content-
aware factors, such as local luminance, contrast, and spa-
tial frequency, that also strongly influence visual sensitiv-
ity [1]. For example, artifacts on a high-contrast object in
the periphery may be more perceptible than those on a low-
contrast object near the fovea.

3. Method

3.1. Continuous Level-of-detail 3DGS via Hierar-
chical 3D Gaussian Representation

3D Gaussian Splatting (3DGS) [23] represents a scene as
a point cloud composed of semi-transparent 3D Gaussians,
each carrying spatial, color, and opacity information. These
Gaussians can be efficiently sampled using simple ray cast-
ing operations, which accumulate contributions along each
ray in a view-dependent manner. This process ultimately

enables the rendering of high-quality 2D images from arbi-
trary camera viewpoints.

I : (p,d; {Gj}) → RH×W , where j ∈ {1..n} , (1)

where p ∈ R3 and d ∈ R3 represent the camera pose and
G denotes the parameters of each of the n Gaussians.

Building on hierarchical 3DGS [24], we represent each
scene as a binary tree of 3D Gaussians, where progressively
smaller Gaussians are placed deeper in the hierarchy to cap-
ture increasingly fine-grained scene details. We partition
the visual field of each monocular view into a dense, uni-
form grid of Nh × Nw viewing frusta, and modulate each
viewing frustum independently using an appropriately cho-
sen LOD value. The LOD value l is defined as a projected
size threshold (in screen pixels) for the bounding boxes of
3D Gaussians. Within each viewing frustum, a cut is per-
formed over the binary tree using the selected LOD value
(as illustrated in the LOD fetching stage of Fig. 1), ensur-
ing that Gaussians on the two sides of the cut edge have
their projected sizes above and below the LOD value, re-
spectively. 3D Gaussians on both sides of all cut edges are
fetched for rendering.

3.2. Measuring Perceptual Quality
Rendering images using only coarse LOD Gaussians sig-
nificantly reduces computational cost but often results in
noticeable degradation in visual quality. To make princi-
pled use of this trade-off, we require an objective metric
that quantifies the perceptual impact of such quality loss
and determines whether it is likely to be noticed by a hu-
man observer. To this end, we adopt the FovVideoVDP
(fvvdp) metric [31], which estimates the perceptual differ-
ence between a test image rendered at a lower LOD l and
a reference image rendered at the highest fidelity level lref .
In our case, lref = 0 as it indicates the minimum possible
projected size, thus the best quality rendering. This met-
ric accounts for human visual sensitivity by incorporating



the viewer’s gaze direction, thereby aligning the evaluation
with perceptual importance across the field of view.

Formally, this metric is defined as a function, fvvdp :
(Itest, Iref , e) → q where Itest and Iref denote the test
and reference renderings, respectively, and e indicates the
visual eccentricity. Output quality is quantified in Just-
Objectionable Difference (JOD) [42], where differences can
be interpreted as preference percentages. For example, a
1-JOD advantage of condition A over B corresponds to a
75% preference for A. The resulting score q denotes the
proportion of observers who would perceive the test image
as objectionably different from the reference, given the gaze
direction. For a given LOD value l, we evaluate:

ql = fvvdp
[
I
(
p,d;

{
Gl

j

})
, I

(
p,d;

{
G

lref
j

})
, e
]
, (2)

This formulation allows us to adaptively modulate the
LOD per view and gaze direction while ensuring that per-
ceptual degradation remains within acceptable bounds, ef-
fectively balancing quality and efficiency.

3.3. Transforming Image-space Perceptual Quality
into LOD-modulated 3D Gaussians

Due to the varying geometric and perceptual complexity
present in 3D scenes, fine-grained control over which Gaus-
sians are included during rendering is essential for balanc-
ing computational cost and image quality. Fortunately, the
hierarchical organization of Gaussians enables such control
by allowing selective masking of high LOD Gaussians dur-
ing ray casting, based on perceptual quality requirements
along different viewing directions.

To achieve this, we define a spatially varying LOD map,
denoted as L(q) ∈ [0, 100]Nh×Nw , which specifies the min-
imum LOD value required to satisfy a target perceptual
quality threshold q in each frustum. Using this map, we
can cull unnecessary Gaussians from the hierarchy during
rendering, effectively enabling adaptive LOD selection that
achieves an optimal trade-off between visual fidelity and
computational efficiency (see Figure 1). This operation can
be performed efficiently thanks to the recursive structure
of the hierarchical 3D Gaussian representation [24], which
supports fast cut based on LOD. However, computing the
full LOD map at test time by exhaustively rendering the im-
age at all LOD levels would negate the computational sav-
ings our approach aims to achieve. To overcome this, we
propose a learning-based strategy that predicts the optimal
LOD map without explicit per-pixel comparisons.

Specifically, we train a lightweight MLP that predicts L
from the camera parameters (p,d), eccentricity e, and de-
sired perceptual quality q. Since the FovVideoVDP metric
operates on spatially local neighborhoods of pixels [31], we
simplify the prediction task by learning at the patch level
rather than the full image level.

To construct our training data, we generate a dataset of
image patches per scene. Each patch P l

k ∈ Rwp×hp is
rendered at multiple LOD levels lk ∈ [0, 100] for k =
1, . . . , np. By choosing patches that subtend small visual
angles, we further simplify the perceptual evaluation by fix-
ing the eccentricity e, allowing us to model the quality pre-
diction as: fvvdp : (P l

k, P
lref
k , e) → ql.

Using the perceptual scores q and applying Equation (2),
we determine the JOD-LOD relationship for each patch
given the associated camera and gaze parameters. This
yields a training set: (p,d, e, q) 7→ l. The LOD predictor is
then trained to regress this mapping using standard stochas-
tic gradient descent with a mean squared error (MSE) loss.
Once trained, it can efficiently infer L for novel viewpoints
and gaze directions at runtime as depicted in Fig. 2, en-
abling perception-aware and compute-efficient rendering.

3.4. Perceptually Guided 3DGS in an Edge-Cloud
Collaborative Rendering Framework

To better support low-power, untethered MR setups, we de-
velop an edge-cloud collaborative rendering framework that
further offloads computation to the cloud. Specifically, both
the cloud and the edge store a copy of the scene represented
as hierarchical 3D Gaussians. At runtime, the edge trans-
mits the user’s current viewpoint and desired quality level
in JODs (determined by local compute budget) to the cloud,
while the cloud runs the LOD prediction model to determine
the optimal LOD values across the visual field, fetches the
corresponding Gaussians, and returns a binary mask indi-
cating the subset of Gaussians that should be rendered on
the edge side, all in real time. Figure 1 illustrates our per-
ceptually guided 3DGS streaming and rendering pipeline,
showcasing the division of responsibilities between edge
and cloud to enable scalable, perceptually optimized ren-
dering in resource-constrained environments.

4. Evaluation

4.1. Implementation Details

Image dataset To support our investigation of percep-
tual sensitivity in immersive MR setups, we constructed
four high-fidelity image datasets featuring four photoreal-
istic scenes for evaluation. All scenes were rendered us-
ing high-resolution textures and the Cycles path tracer in
Blender to ensure realistic lighting and material appearance.
Cameras were uniformly placed at varying positions and an-
gles throughout each scene to ensure good coverage, with
100 randomly selected views held out for evaluation. All
images were rendered at a resolution of 1920× 1920 pixels
using an 18 mm full-frame equivalent focal length, corre-
sponding to a 90◦ × 90◦ monocular field of view, aligned
with that of most commercial MR displays.
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Figure 2. Visual comparison of our perception-guided, continuous LOD modulation across varying eye gaze positions and compute budget
levels. Each row corresponds to a different compute budget level, determined by the average number of Gaussians used for rendering.
Each column corresponds to a different eye gaze position, marked by a green dot. The inset in the bottom-left corner shows the LOD map,
where brighter regions indicate finer LODs.

LOD prediction To train the LOD prediction model de-
scribed in Section 3.3, we built a dedicated dataset for each
scene by computing FovVideoVDP [31] on images ren-
dered at varying LOD values. Specifically, for each train-
ing camera view with position p ∈ R3 and viewing di-
rection d ∈ R3 (a unit vector in 3D), we randomly sam-
pled 40 LOD values from [0, 50] and 20 from [50, 100].
The view was then rendered at each sampled LOD value
l. Each rendered image was compared against the reference
image (rendered at l = 0.0) using FovVideoVDP to pro-
duce a pixel-wise perceptual quality map in JODs. From
each obtained JOD map, we randomly sampled 100 pe-
ripheral directions θ ∈ [0◦, 360◦] and eccentricity values
e ∈ [0◦, 45◦], cropping 64×64 pixel patches centered at the
sampled coordinates. Each patch was then pooled into a sin-
gle scalar JOD value q, representing the perceptual quality
of the corresponding image region when rendered at LOD

l and viewed from viewpoint (p,d) at eccentricity e. As
a result, each camera view yielded 6K data tuples of the
form (p,d, e, q, l). All such tuples collected from the train-
ing views of a given scene were used to optimize a scene-
specific LOD prediction model. This model predicts the
minimal LOD l needed to achieve a target perceptual qual-
ity q under a given viewpoint defined by (p,d, e).

4.2. Objective Evaluation
Baselines To quantitatively evaluate our perceptually
guided 3DGS method (PERCEPTUAL), we compare it
against two baselines: the vanilla hierarchical 3DGS UNI-
FORM and foveated 3DGS FOVEATED. UNIFORM ap-
plies a constant LOD value uniformly across the visual
field, regardless of eye gaze position. FOVEATED adap-
tively modulates LOD based on eye gaze position, assigning
finer LOD near the fovea and progressively coarser LOD
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Figure 3. Visual comparison of different LOD modulation methods. All images, except the reference, were rendered using 300K Gaussians.

toward the periphery. We evaluate perceptual quality us-
ing FovVideoVDP and assess computational efficiency by
measuring the number of Gaussians used during rendering,
which determines the edge-side rendering speed.

Experimental setup For each method (UNIFORM,
FOVEATED, and PERCEPTUAL), we rendered the 100
test camera views at three target compute budget levels,
corresponding to average Gaussian count of 300K, 500K,
and 700K used during rendering. These levels were ob-
tained differently for each method: UNIFORM by ad-
justing a constant LOD value; FOVEATED by varying a
strength parameter that governs the slope of its foveated
LOD falloff; and PERCEPTUAL by modulating the per-
ceptual quality input q to the LOD prediction model. For
both FOVEATED and PERCEPTUAL, we further evalu-
ated their gaze-contingent performance by rendering with

three different eye gaze positions, each producing a distinct
LOD map. In total, this resulted in 3 rendering setups for
UNIFORM, and 9 (3 gaze positions × 3 compute budget
levels) for each of FOVEATED and PERCEPTUAL. The
highest-quality rendering (l = 0.0) was used as the refer-
ence for computing FovVideoVDP.

Results and discussion Figure 3 presents a randomly
sampled test view rendered using different LOD modu-
lation approaches. Figure 4 summarizes the JOD scores
achieved by the three LOD modulation methods, aggre-
gated across all four scenes and three eye gaze positions.
As shown, PERCEPTUAL consistently outperforms both
FOVEATED and UNIFORM across all computational ef-
ficiency levels. Notably, PERCEPTUAL achieves a JOD
of −0.84 ± 0.14 using an average of 700K Gaussians, just
one quarter of the Gaussian count used in the reference ren-
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Figure 4. Objective evaluation results. Perceptual visual quality is
measured in JODs, where higher scores indicate better quality.

dering, corresponding to a 75% reduction in computation.
Even at an extremely low Gaussian count of 300K (an 86%
computation reduction), PERCEPTUAL still maintains a
JOD of −1.51 ± 0.18. We attribute this superior perfor-
mance to PERCEPTUAL’s ability to adaptively allocate
Gaussians based on the perceptual importance of scene con-
tent. The resulting reduction in computation results in sub-
stantial rendering speedup. While the reference rendering
uses an average of 2.56M Gaussians and runs at 63.51 FPS
across the four scenes, our LOD-modulated 300K variant
provides 5× acceleration and runs at 331.53 FPS. In addi-
tion, LOD prediction takes 2.64 ms on average, and our effi-
cient implementation of LOD fetching and frustum culling
via custom CUDA kernels enables an average overhead of
17.76 ms. Note that both operations can be offloaded to the
cloud under our proposed edge-cloud collaborative render-
ing framework. All the time measurements were obtained
locally on an Nvidia RTX A6000 GPU.

4.3. User Study
Participants We recruited 16 participants aged 21-29
(11M, 5F). All participants signed informed consent and re-
ported normal or corrected-to-normal vision. The study was
approved by an Institutional Review Board (IRB).

Experimental Setup We used one scene for the study.
We sampled four test camera views from the scene and
interpolated their 6-degree-of-freedom poses to obtain a
smooth trajectory of 72 × 18 = 1296 camera views (dis-
played as a 72-FPS stereo video for 18 seconds) for evalua-
tion, using linear interpolation for translation and spherical
linear interpolation for rotation. For each of UNIFORM,
FOVEATED, and PERCEPTUAL, we rendered this tra-

jectory at three compute budget levels and eye gaze posi-
tions similar to Section 4.2, resulting in 3 rendering setups
for UNIFORM, and 9 (3 gaze positions × 3 compute lev-
els) for each of FOVEATED and PERCEPTUAL. A Meta
Quest Pro was used to collect data during the study.

Experiment Procedure & Stimuli The experimental
procedure followed the two-interval forced choice (2IFC)
task using the method of paired comparisons. We chose this
protocol because it has been used in previous studies eval-
uating the subjective quality of view synthesis techniques
[27] and has been shown to produce less noisy results by
presenting a simpler task to users [30].

At the start of each trial, the user is shown the refer-
ence video and can freely switch between this and two test
videos. Participants used a regular keyboard’s arrow keys to
switch between the reference video and the two test videos
and were not able to continue to the next trial unless all three
videos were viewed at least once. Selections were made us-
ing the space key. A 500ms gray screen was added while
switching between conditions to provide a clear distinction
between conditions.

Participants were seated during the study. During each
trial, a fixation is displayed using a square crosshair, the
user’s gaze is tracked, and the screen is grayed out if the
user’s gaze deviates from the point of fixation for more than
500ms. This is done to ensure the user is focused on the
point of fixation throughout the study. Participants were
instructed to keep their gaze on the crosshair and select the
video closer to the reference, in terms of which had higher
quality and fewer distortions. The users were also instructed
to spend 15-30 seconds on each trial, but time constraints
were not enforced. Before the start of each study, a 5-trial
warmup session is conducted to familiarize users with the
study setup and stimuli.

All stimuli were stereo rendered in Unity and displayed
in the head-mounted display. The study design included a
single scene, three levels of Gaussian densities, three fix-
ations, and three Gaussian LOD modulation methods (de-
scribed in Section 4.2) including a reference condition.
Within trials, we show users the same fixation location. For
our study, a naı̈ve full pairwise comparison design would
lead to 432 comparisons, which is quite large. Instead, we
used the active sampling ASAP algorithm [34] to determine
the optimal conditions to probe in each trial, resulting in
105 trials per participant. On average, participants spent 45
minutes completing the study, including training and inter-
pupillary distance (IPD) adjustment.

Results The pairwise comparison data from our study
were converted into JOD units using the pwcmp algorithm
Perez-Ortiz and Mantiuk [41].



Figure 5. User study results. The x-axis represents the average
number of Gaussians used for rendering, while the y-axis indi-
cates perceived visual quality in JOD scores. Error bars are 95%
confidence intervals.

We plot the results of the study averaged across fixation
positions in Figure 5. We can see that, across all Gaussian
densities, our method consistently outperforms the other
two techniques, with the largest margin observed at the
lower densities (300 K and 500 K). As the JOD scale is rel-
ative, the reference condition is pegged at 0, and the scores
for each method represent the distance from the reference,
which itself is a condition in the study and therefore has a
confidence interval associated with it. The 95% confidence
intervals are computed with 1,000 bootstrap samples using
pwcmp. Per-fixation results are shown in the supplement.

An ANOVA analysis was run on the scaled results
from the study to determine the effect of relevant indepen-
dent variables (average Gaussian count, LOD modulation
method, and fixation) on the JOD scores. Significant effects
were shown by the average Gaussian count (p = 0.0032)
and LOD modulation method (p = 0.039). The main effect
of fixation position was not found to be significant.

5. Limitations and Future Work

Computation of Run-time Gaussian Subset Decision.
In our cloud–edge game streaming scenario, computation is
split between LoD-based Gaussian subset selection on the
cloud and splatting-based rendering on the edge. By select-
ing a compact subset of Gaussians guided by a perceptual
metric (fvvdp), we obtain a representation that is both effi-
cient to render and suitable for real-time inference on edge
devices with latency as low as 3.02 ms, well below the 11
ms frame duration of a 90 FPS VR display. Computing this
subset, however, through prediction and fetching in a tree-

based structure, remains computationally demanding. Al-
though cloud servers provide ample resources, further opti-
mization could yield significant savings in energy consump-
tion and improve scalability across concurrent clients. We
anticipate that high-performance parallelization techniques,
such as GPU-based tree traversal [33], could substantially
reduce cloud-side costs.

Eye Tracker for Gaze Contingency. Our method is
gaze-contingent, which means the subset decision, stream-
ing, and rendering require runtime information on the gaze
position on the display. Therefore, it requires eye trackers
on the display. While a large body of today’s MR displays,
such as Apple Vision Pro, supports eye-tracking, we plan
to extend the research toward solutions that do not rely on
eye-tracking. For example, we will extend the foveal region
in the display center, as human gaze does not commonly
extend beyond 15 degrees [2], similar to the foveated ren-
dering approach in low-cost headsets such as Meta Quest 3.
Additionally, saliency-based prediction models have been
extensively studied [20, 47]. We envision that predicting
gaze saliency instead of direct tracking would provide an ef-
fective computation performance gain without eye-tracking.

Per-Scene LoD Prediction. We trained the LoD predictor
separately for each scene, which yielded consistently high
validation accuracy. While effective, this per-scene strategy
constrains deployment efficiency, as a new predictor must
be retrained whenever a novel scene is introduced. Such re-
training not only adds computational overhead but also hin-
ders scalability in large-scale or dynamic content pipelines.
To address this limitation, recent advances in deep image
characterization [13] suggest promising directions for learn-
ing compact, scene-agnostic feature spaces. These repre-
sentations could enable the design of a universal LoD pre-
dictor capable of generalizing across diverse scenes, thereby
eliminating the need for scene-specific training and signifi-
cantly improving practicality for real-world deployment.

6. Conclusion
In this paper, we present an integrated approach combining
comprehensive human visual perception models with 3D
Gaussian splatting for next-generation MR streaming. By
adaptively controlling the level of detail in Gaussian space,
our method achieves a superior quality-bandwidth trade-off,
validated by both objective metrics and user studies. We en-
vision this work as a step toward advancing human-centered
3D representations for future MR teleportation and gaming
experiences.
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and C. Öztireli. Perceptual quality assessment of nerf and
neural view synthesis methods for front-facing views. Com-
puter Graphics Forum, 43(2):e15036, 2024. 7

[28] Weikai Lin, Yu Feng, and Yuhao Zhu. Metasapiens: Real-
time neural rendering with efficiency-aware pruning and ac-
celerated foveated rendering. In Proceedings of the 30th
ACM International Conference on Architectural Support for
Programming Languages and Operating Systems, Volume 1,
pages 669–682, 2025. 1, 3

[29] Jonathon Luiten, Georgios Kopanas, Bastian Leibe, and
Deva Ramanan. Dynamic 3d gaussians: Tracking by per-
sistent dynamic view synthesis. In 2024 International Con-
ference on 3D Vision (3DV), pages 800–809. IEEE, 2024. 1,
2

[30] Rafał K. Mantiuk, Anna Tomaszewska, and Radosław Man-
tiuk. Comparison of four subjective methods for image qual-
ity assessment. Computer Graphics Forum, 31(8):2478–
2491, 2012. 7

[31] Rafał K Mantiuk, Gyorgy Denes, Alexandre Chapiro, Anton
Kaplanyan, Gizem Rufo, Romain Bachy, Trisha Lian, and
Anjul Patney. Fovvideovdp: A visible difference predictor
for wide field-of-view video. ACM Transactions on Graphics
(TOG), 40(4):1–19, 2021. 2, 3, 4, 5

[32] Rafał K Mantiuk, Maliha Ashraf, and Alexandre Chapiro.
stelacsf: a unified model of contrast sensitivity as the func-
tion of spatio-temporal frequency, eccentricity, luminance
and area. ACM Transactions on Graphics (TOG), 41(4):1–
16, 2022. 3

[33] Duane Merrill, Michael Garland, and Andrew Grimshaw.
High-performance and scalable gpu graph traversal. ACM
Transactions on Parallel Computing (TOPC), 1(2):1–30,
2015. 8

[34] Aliaksei Mikhailiuk, Clifford Wilmot, Maria Perez-Ortiz,
Dingcheng Yue, and Rafal Mantiuk. Active sampling for
pairwise comparisons via approximate message passing and
information gain maximization. In 2020 IEEE International
Conference on Pattern Recognition (ICPR), 2021. 7

[35] Ben Mildenhall, Pratul P Srinivasan, Matthew Tancik,
Jonathan T Barron, Ravi Ramamoorthi, and Ren Ng. Nerf:
Representing scenes as neural radiance fields for view syn-
thesis. In European Conference on Computer Vision, pages
405–421. Springer, 2020. 2

[36] Nicholas Milef, Dario Seyb, Todd Keeler, Thu Nguyen-
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