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Fig. 1. ControlGS enables downstream-processing–aware XR rendering. Top: a Gaussian-rendered image passes through post-processing and the
display-optics path before forming the post-optics virtual image. Bottom: compared with Scaffold-GS and its supersampling-enhanced variant (SS-Scaffold-GS),
ControlGS produces higher-quality virtual images under both native resolution with no power saving and 8× downsampling with 80% power saving.

Extended Reality (XR) users do not directly perceive the output of a render-

ing engine. Instead, rendered images pass through a post-processing pipeline

and the physical display-optics path before reaching the eye. Critically, the

exact downstream processing can vary significantly at run time, influenced

by, for instance, camera pose and display power budget. Traditional 3DGS

methods either implicitly assume that this downstream pipeline preserves

image quality or cannot adapt to downstream processing changes. To bridge
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this gap, we present ControlGS, an XR Gaussian rendering pipeline that

optimizes end-to-end visual quality. ControlGS models and integrates the

entire downstream processing, between the rendering output and the human

eye, into the optimization objective. To adapt to downstream processing

at run time, ControlGS dynamically generates Gaussian primitives condi-

tioned upon the downstream processing parameters. Experiments show that

ControlGS consistently improves end-to-end post-optics XR quality across

different neural Gaussian backbones and datasets, with minimal overhead.

Code is available at https://horizon-lab.org/controlgs/.
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1 Introduction
Extended Reality (XR) is poised to become the next-generation
human-computer interface. 3D Gaussian Splatting (3DGS) [Kerbl
et al. 2023] is emerging as a promising rendering paradigm for XR
due to its ability to produce photorealistic results at real-time frame
rates while massively simplifying content authoring.

Directly using a Gaussian renderer in XR, however, creates a gap
between the rendered image and the �nal image perceived by hu-
mans. This is because there is a sequence of signal processing, both
computationally and in hardware, that takes place to transform the
rendered image to photons entering the user's eye. Computation-
ally, a rendered image must pass through three main processing
stages, i.e., lens correction, anti-aliasing resampling, and display
mapping under a power constraint [Chen et al. 2024; Duinkharjav
et al. 2022; Lin et al. 2026]. These computational stages, followed
by the physical display-optics path, transform the rendered image
before it is perceived by humans.

Critically, the exact downstream processing can vary signi�cantly
at run time, in�uenced by, for instance, camera pose and display
power budget. For instance, as the camera/user moves farther away
from a scene, the e�ective display sampling rate of the scene is
lower (equivalently, the spatial frequency of the scene on the display
plane is higher). Traditional 3DGS-for-XR methods either implicitly
assume that this downstream pipeline preserves image quality and,
thus, optimize only for the renderer output [Franke et al. 2025; Lin
et al. 2025a,b] or cannot adapt to downstream processing changes.

We introduce ControlGS, a framework for downstream-processing�
aware Gaussian rendering. We model the entire downstream pro-
cessing pipeline between the renderer output and the human eyes,
and integrate such a model into the 3DGS training objective. Impor-
tantly, we observe that traditional 3DGS is fundamentally ill-suited
to adapt to the variability in downstream processing, because its
Gaussian primitives are �xed after training. Instead, our idea is to
dynamically generate, from a set of learned latent vectors, the Gauss-
ian primitives at run time. This generation process is, importantly,
conditioned upon various downstream-speci�c parameters such as
display sampling rate and the power budget to enable adaptation.

Speci�cally, ControlGS combines a condition-injection module
with an MLP. For each computational stage, we learn a condition
vector and a projection layer that embed the downstream parameters
as a latent condition, which is injected into the MLP to control the
attributes of the Gaussian primitives. The injected conditions can
be individually and independently toggled depending on the exact
downstream processing pipeline, broadening its applicability.

We evaluate ControlGS with diverse MLP-based Gaussian de-
coders under a typical post-processing pipeline covering lens correc-
tion, anti-aliasing resampling, and display mapping. Experiments
show that ControlGS consistently improves the end-to-end image
quality compared to baselines that do not consider downstream
processing. Our contributions are summarized as follows:

� We formulate XR Gaussian rendering as end-to-end optimization
across both Gaussian splatting and post-rendering processing.

� We propose ControlGS, a Gaussian splatting method that dy-
namically generates Gaussian primitives conditioned on down-
stream processing parameters.

� ControlGS supports various XR post-processing modules, achiev-
ing consistent end-to-end quality gains.

2 Related Work
Gaussian Splatting for XR Rendering. 3DGS [Kerbl et al. 2023]

represents scenes with explicit anisotropic Gaussians and supports
real-time photorealistic rendering. Neural Gaussian methods [Chen
et al. 2025; Liu et al. 2024; Lu et al. 2024; Ren et al. 2025; Wang et al.
2024] further replace explicit per-Gaussian attributes with features
and neural decoders, which generate Gaussian attributes at render
time. Several works improve Gaussian rendering for XR or multi-
resolution settings, including anti-aliased Gaussian rendering [Yu
et al. 2024a], foveated rendering [Fan et al. 2025; Franke et al. 2025;
Lin et al. 2025a], and display-power-aware rendering [Lin et al.
2025b]. However, these methods optimize renderer-side quality and
ignore quality changes introduced by post-rendering modules. In
contrast, ControlGS optimizes for the end-to-end XR quality.

XR Post-Rendering Pipeline. After rendering, XR systems apply
a post-rendering pipeline before the image reaches the user's eye.
Lens correction pre-warps images to compensate for distortion
and chromatic aberrations [Khronos OpenXR Working Group 2026;
Martschinke et al. 2019; Pohl et al. 2013]. Display mapping converts
rendered colors to display intensities and can reduce display power
through color or luminance remapping [Chen et al. 2024; Duinkhar-
jav et al. 2022; Lin et al. 2026]. Di�erentiable lens models have
also been used for end-to-end camera imaging optimization [Tseng
et al. 2021; Zhang et al. 2024]. ControlGS uses di�erentiable post-
rendering modules, enabling an end-to-end loss path from the eye-
space image to our condition-injection module.

Neural Gaussians. Our method shares similarities and key di�er-
ences with neural gaussian models, which also use MLPs to dynami-
cally decode Gaussian primitives during rendering [Chen et al. 2025;
Liu et al. 2024; Lu et al. 2024; Ren et al. 2025; Wang et al. 2024]. How-
ever, the main objective of neural Gaussian models is to compress
the model (through the MLP). ControlGS proposes conditionally
dynamic decoding, where the MLP is conditioned upon downstream
processing parameters. In addition, ControlGS's use of the MLP
is less concerned with compression (although we do inherent the
bene�ts of a small model size), but focuses on adapting the Gaussian
primitives to �t the downstream processing.

3 Problem Formulation
Fig. 2 illustrates the XR pipeline for 3D Gaussian rendering. A 3D
Gaussian renderer �rst produces a rendered image, which passes
through a sequence of computational post-processing stages (Sec. 3.1),
followed by the physical display-optics path (Sec. 3.2). Only after
these stages does the image reach the user's eye. Our rendering
objective integrates these two processes (Sec. 3.3).

3.1 Post-Processing Pipeline in XR
Given a rendered image� , an XR system applies a sequence of
post-processing modules. In this paper, we focus on three common
modules: lens correctionPlens, anti-aliasing resamplingPres, and dis-
play mappingPdisp. Each stage is parameterized by a corresponding
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Fig. 2. XR pipeline for Gaussian rendering. The rendered image from a Gaussian renderer passes through post-processing modules and the physical display-
optics path before reaching the user's eye. Thus, the user perceives the final eye-space image rather than the raw rendered image. For clarity, the figure places
the perceived image on the right side of the optics, although an actual near-eye display forms a virtual image on the opposite side.

run-time parameter: rendering-time sampling rateBres, lens model
Blens, and display power targetBdisp. These stages collectively pro-
duce the post-processed image�post given an image� generated by
a 3DGS model:

�post = Pdisp
�
Pres¹Plens¹� ;Blensº;Bresº ;Bdisp

�
” (1)

Lens Correction. The projection lens introduces spatially varying
aberrations (Eqn. 8). Following prior work [Hiroi et al.2022; Khronos
OpenXR Working Group 2026; Martschinke et al. 2019; Pohl et al.
2013], we assume that the post-processing pipeline uses a color-
dependent warping stage Plens to computationally compensate for
the lens aberrations (Eqn. 8). As is commonly done, we modelPlens

as a per-channel distortion map between each input pixel�G•~•2and
output pixel �G0•~0•2, and the one-to-one mapping between the input
pixel location¹G•~•2ºand output pixel location¹G0•~0•2ºis given
by the lens model Blens:

Plens¹�G•~•2;Blensº : �G•~•27! � G0•~0•2• ¹G0•~0•2º = Blens¹G•~•2º” (2)

Anti-Aliasing Resampling. From an abstract signal-processing per-
spective, and analogous to traditional surface and volume splat-
ting [Zwicker et al. 2001a,b], a 3DGS model is best thought of as
a pre-computed texture stored in the scene space. The scene sam-
pling rate of this texture is determined by the image resolution and
camera poses at the training time. Rendering the 3DGS model can
be thought of as sampling the texture (or re-sampling the scene).

However, the rendering-time sampling rate and training-time
sampling rate might di�er � for two main reasons. First, the display
resolution might be di�erent from the resolution of the training
images. Second, the rendering-time camera pose could be closer
(upsampling) or farther (downsampling) than the training poses;
similarly, the rendering lens might support zoom and/or focal-length
adjustment. As a result, aliasing could occur.

A typical anti-aliasing strategy is to �rst super-sample the tex-
ture at a rate higher than the display sampling rate, followed by
a reconstruction �lter to reconstruct the continuous scene signal,
followed by a pre-�lter that band-limits the scene signal before
re-sampling the band-limited signal at the display sampling rate.

The reconstruction �lter and the pre-�lter are usually combined
together and called the resampling �lter.

In our formulation, Pres is expressed as:

Pres¹�( ;Bresº : �( 7! III Bres¹�( 
 � º • (3)

where�( is the image rendered by a 3DGS model and lens-corrected
at a sampling rate( higher than the display sampling rateBres, �
represents the resampling �lter,
 is convolution, andIIIBres is a
Dirac-comb function representing sampling at a rate of Bres.

Display Mapping. After anti-aliasing resampling, the image reso-
lution matches the target display resolution, but the image values
still need to be mapped to the pixel values for the physical display, a
step we call display mappingPdisp. Apart from color space conver-
sion (CSC) and gamut mapping (GM), an important consideration
of display mapping is to conserve display power, which has become
increasingly important for XR devices [Chen et al. 2024; Duinkhar-
jav et al. 2022]. Chen et al. [2024] shows that uniform dimming (UD)
is a particularly e�ective method for saving display power while
preserving perceptual quality. UD applies a single global scaling
factor to all image pixels to meet a given display power target. Under
UD, Pdisp is expressed as (omitting CSC and GM):

Pdisp¹� ;Bdispº : � 7!
Bdisp

%disp¹� º
�• (4)

where%disp¹�º represents the display power of an image, andBdisp

represents the target display power and can vary at run time.

3.2 XR Physical Display-Optics Path
After post-processing,�post is sent to the physical displayD phys and
then transformed by the headset opticsOphys before it is perceived
by the user. The post-optics virtual image �eye is

�eye = Ophys
�
D phys¹�postº

�
” (5)

Physical Display. The displayD phys reconstructs a continuous
optical signal from discrete image pixel values. This signal recon-
struction is modeled by treating each display pixel as a box �lter:

D phys¹�postº : �post 7! � disp• �disp = �post 
 1• (6)
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