
Perceptually Guided 3DGS Streaming and Rendering for Mixed Reality

Yunxiang Zhang1* Sai Harsha Mupparaju1∗ Kenneth Chen1 Jenna Kang1 Xinyu Zhang2

Maito Omori2 Kazuyuki Arimatsu2 Qi Sun1

1New York University, USA 2Sony Interactive Entertainment, Japan
{yunxiang.zhang,qisun}@nyu.edu kazuyuki.arimatsu@sony.com

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. Speci�cally, we partition the visual �eld of each
eye into a dense, uniform grid of Nh � N w 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 de�ne LOD
as a projected size threshold (in screen pixels) for 3D Gaus-
sians and only retrieve those of appropriate granularity for
rendering. To enable ef�cient 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 �eld, 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 �eld based on each region's contribution to perceptual
quality, while also supporting �exible, 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 of�oads computation to the cloud. Speci�cally,
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 �eld,
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 ef�ciency and
perceptual quality compared to both the vanilla hierarchical
3DGS [24] and foveated 3DGS baselines. A psychophysi-
cal user study conducted in MR further con�rms 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 ef�cient 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 �eld 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 �delity [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 de�ned
by the Gaussian distributions and view-dependent color en-
coded via spherical harmonics. By replacing ray marching
with GPU-ef�cient 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 ef�cient
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 �eld [11]. A key charac-
teristic of human vision is eccentricity dependence: periph-
eral vision (high eccentricity) exhibits signi�cantly 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 �delity,
they typically divide the visual �eld into a small number of
concentric eccentricity-based zones (usually 3–4), each as-
signed a discrete LOD [12, 14, 28]. This coarse, �xed strat-
i�cation 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 in�uence 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 Level­of­detail 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 ef�ciently 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; fG j g) ! R H�W , where j 2 f1::ng ; (1)

where p 2 R3 and d 2 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 �ne-grained scene details. We partition
the visual �eld of each monocular view into a dense, uni-
form grid of Nh � N w viewing frusta, and modulate each
viewing frustum independently using an appropriately cho-
sen LOD value. The LOD value l is de�ned 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-
ni�cantly 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 quanti�es 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 �delity 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 �eld of view.

Formally, this metric is de�ned as a function, fvvdp :
(I test ; I ref ; e) ! q where I test and Iref denote the test
and reference renderings, respectively, and e indicates the
visual eccentricity. Output quality is quanti�ed 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
h
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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 ef�ciency.

3.3. Transforming Image­space Perceptual Quality
into LOD­modulated 3D Gaussians

Due to the varying geometric and perceptual complexity
present in 3D scenes, �ne-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 de�ne a spatially varying LOD map,
denoted as L(q) 2 [0; 100]N h �N w , which speci�es 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 �delity and
computational ef�ciency (see Figure 1). This operation can
be performed ef�ciently 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.

Speci�cally, 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 Pl

k 2 Rwp �h p is
rendered at multiple LOD levels lk 2 [0; 100] for k =
1; : : : ; np. By choosing patches that subtend small visual
angles, we further simplify the perceptual evaluation by �x-
ing the eccentricity e, allowing us to model the quality pre-
diction as: fvvdp : (Pl

k ; P l ref

k ; e) ! q l .
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 ef�ciently infer L for novel viewpoints
and gaze directions at runtime as depicted in Fig. 2, en-
abling perception-aware and compute-ef�cient rendering.

3.4. Perceptually Guided 3DGS in an Edge­Cloud
Collaborative Rendering Framework

To better support low-power, untethered MR setups, we de-
velop an edge-cloud collaborative rendering framework that
further of�oads computation to the cloud. Speci�cally, 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 �eld, 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-�delity 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 �eld of view, aligned
with that of most commercial MR displays.




	Introduction
	Related Work
	Neural Scene Representation and Rendering
	Perceptually Guided Rendering

	Method
	Continuous Level-of-detail 3DGS via Hierarchical 3D Gaussian Representation
	Measuring Perceptual Quality
	Transforming Image-space Perceptual Quality into LOD-modulated 3D Gaussians
	Perceptually Guided 3DGS in an Edge-Cloud Collaborative Rendering Framework

	Evaluation
	Implementation Details
	Objective Evaluation
	User Study

	Limitations and Future Work
	Conclusion

