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Fig. 1. Starting from a path-traced image containing a sofa as the hero object to be retextured (a), our method (d) efficiently generates multiple retextured
results using on-the-fly texture sampling and precomputed AOVs efficiently (11s for a 4K image, 3s for a 1080p image on the CPU). Compared to prior
image-based editing work [Lyu et al. 2025] (e), ours accurately captures complex lighting effects and changes in indirect reflection due to retexturing, closely
matching the ground-truth path-traced results (c).

Texture plays a key role in the visual appearance of 3D objects in rendered
images. In production, artists often spend a significant amount of time iter-
ating on textures and re-rendering scenes to achieve the desired look. This
workflow is generally time-consuming, and the cost increases with detailed
geometry, challenging lighting, and material properties. While image-space
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editing techniques offer an alternative, editing on complex global illumi-
nation and fine-grained appearance details during retexturing are highly
challenging, and an accurate and efficient solution is yet to be found.

We propose a method that can efficiently render many versions of the
same image with different textures applied to an object. We avoid expensive
re-tracing of light paths by aggregating appropriate auxiliary information
(e.g., radiance, UV coordinates) during a single initial rendering pass. Re-
texturing can then be done as an image-based post-process for arbitrarily
many new textures. Our method generates photorealistic results with com-
plex indirect illumination across a wide range of scenes within a few seconds,
even at 4K resolution, and naturally extends to video sequences.
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1 Introduction
Texture is a vital ingredient to achieve the desired appearance of an
object in computer graphics. Hence, a common task is to alter or
replace textures – i.e., to retexture objects. In production, objects with
multiple texture variants require a fast preview of each variant on
rendered images with minimal noise while maintaining physically
plausible highlights, reflections, and indirect illumination.
But doing so efficiently remains an open problem. A major chal-

lenge arises because the texture of an object not only alters that
object’s direct visual appearance but also affects the indirect re-
flected colors throughout the scene. These effects are often complex
and difficult to predict, but crucial to the overall visual quality.

A straightforward solution is to re-render the scene from scratch.
However, rendering even a single image can take minutes to hours
when difficult-to-sample light paths are involved. Prior work has
explored re-rendering acceleration [Rousselle et al. 2016; Xu et al.
2024; Yan et al. 2024], but the computational cost is still limited by
scene complexity. Alternatively, real-time global illumination meth-
ods (e.g., [Majercik et al. 2019; Müller et al. 2021]) or denoising can
be used to curb the rendering time. These, however, struggle with
complex light transport and can introduce objectionable artifacts.
As an alternative, image-based editing workflows allow users

to manipulate textures in 2D image space using traditional edit-
ing tools. Recent works strive to make this process less tedious via
image-based generative AI [Cheng et al. 2024; Garifullin et al. 2025;
Cheng et al. 2025]. Those, however, lack fine-grained control. Zeng
et al. [2024]; Lyu et al. [2025] improve controllability by decompos-
ing images into “intrinsic channels” (such as albedo or roughness),
editing these channels manually, and then re-composing the image.
Asides from significant computational cost, a common limitation of
all these methods is that their bias – the systematic deviation from
ground-truth renderings – is impossible to predict and unbounded.
In practice, that means such methods can sometimes work nicely
while failing miserably on other cases.

Production renderers output a rich set of arbitrary output vari-
ables (AOVs) [Arnold 2025; Renderman 2025] that can be edited
and composited in image space to achieve the desired appearance.
However, typical AOVs are primarily designed for artistic control
rather than physical correctness. To our knowledge, obtaining the
correct AOVs to facilitate physically-based retexturing of full global
illumination is an unexplored problem.
Taken together, existing re-rendering solutions produce high-

quality and physically accurate results, but are expensive and re-
quire access to the full 3D scene (potentially an immense amount of
data). Existing image-based alternatives are either a tedious manual
process, or lack controllability and exhibit unpredictable bias. The
most promising solution seems via AOV-based compositing work-
flows. However, identifying and computing the correct AOVs and
recombining them in a physically-valid manner is an open problem
– that we tackle.

We propose a two-stage retexturing method that simultaneously
ensures artistic flexibility and physically-based accuracy. Ourmethod
supports retexturing of any multiplicative factors, such as the base
color or albedo parameters in common BSDF models. The scene is

rendered with an initial path-tracing pass, during which we com-
pute image-space radiances associated with retextured objects and
statistics of UV coordinates for different light paths to account for
spatially varying indirect changes caused by retexturing. Retextur-
ing is then performed entirely as a lightweight post-processing step,
without re-invoking the renderer, and without any involvement of
the original 3D assets. Hence, final images with many texture vari-
antions can be generated efficiently from shared precomputation.

Our method has the following advantages:
• Predictable error :We approximate the path integral to separate
texture from illumination, akin to texture filtering methods.
The resulting bias is a low-pass filtering effect that can, in
theory, be computed mathematically.

• Generality: Our approach accurately captures appearance
changes from simple direct illumination to complex indirect il-
lumination.While we only support color changes, the method
is applicable to a range of commonly-used material models,
like “principled” BSDF models [Burley 2012] or fabric materi-
als [Sadeghi et al. 2013].

• Performance: The method is fast and scales to high-resolution
images and even video. After a single initial rendering pass, it
can generate results for arbitrary texture variations on the fly.
Unlike generative AI approaches, it requires neither heavy
computational resources nor large training datasets.

• Compatibility: Our post-processing does not require access to
the original 3D assets and works even when re-rendering is
impossible, e.g., in compositing workflows, while preserving
artistic flexibility and physical accuracy.

Fig. 1 shows a sample of our results, where retexturing is per-
formed on a sofa. Unlike alternative image-space solutions, our
method captures the reflection in the mirror and the subtle glossy
reflections on the floor correctly. While our method easily processes
4K resolution images, we could only work with 640 × 480 images
for the generative AI solution, due to GPU memory constraints.

2 Related work
Re-rendering. There is a sizable body of works aiming efficiently

re-render scenes after changes to lighting, geometries, or materi-
als. Retexturing is a subproblem of this overarching goal. Much
of this work has happened in the context of real-time rendering,
where subsequent frames render variations of the scene in the pre-
vious frame. Solutions include radiance caching [Silvennoinen and
Lehtinen 2017; Müller et al. 2021; Majercik et al. 2019] or resam-
pling [Bitterli et al. 2020; Lin* et al. 2022]. In the context of offline,
high-quality rendering, solutions based on control variates have
been explored [Xu et al. 2024; Günther and Grosch 2015; Rousselle
et al. 2016]. Another opportunity arises if path guiding methods
[Vorba et al. 2019; Jensen 1995; Vorba et al. 2014; Ruppert et al.
2020; Müller et al. 2017] are used: Their learned distributions can
be reused for (minor) variations of the same scene. In the context of
volumetric rendering, previous work has suggested to precompute
some quantities to accelerate albedo changes of volumes [Hašan and
Ramamoorthi 2013]. For granular media, Zhang and Zhao [2020]
adjust, at render time, the albedo of precomputed “grain scatter-
ing distributions”. However, all these re-rendering options share a
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common limitation: They require access to the full 3D scene data
during the retexturing operation. Our goal is to instead perform
retexturing in a purely image-based post-process, limiting rendering
to the initial AOV computation. Thus, our retexturing can run on
low-power devices and only little data needs to be shared.

Compositing. AOVs are widely used in rendering pipelines to
decompose images into intermediate shading components. Mod-
ern renderers output a range of AOVs from geometry buffers to
shader components such as diffuse, specular, and coat [Arnold 2025;
Renderman 2025]. Desired AOVs can be specified via Light Path
Expressions (LPEs) [Heckbert 1990], which allow artists to define
and extract contributions from specific classes of light transport
paths, or combinations of scattering events. Retexturing directly vis-
ible surfaces can be achieved by outputting AOVs with primary-hit
UV coordinates, incident radiances, and individual BSDF compo-
nents. However, generalizing to indirectly hit surfaces has remained
challenging: changing the color of the surface can lead to notice-
able changes in reflections at different positions in the scene. To
account for such indirect changes, users still need to manipulate on
a per-pixel basis on each AOV layer. Our method can be seamlessly
integrated into the AOV-based composition workflow while sup-
porting retexturing in full global illumination, including reflections,
color bleeding, and complex effects like caustics.

Image-Based Editing and Generative Methods. Recently, gener-
ative models have become popular for image editing using text
prompts [Labs et al. 2025; Rombach et al. 2021] or example-based
guidance [Cheng et al. 2024; Garifullin et al. 2025]. These meth-
ods reduce user effort, but often lack precise controllability and do
not guarantee physical or geometric consistency. Moreover, these
approaches struggle to handle global illumination effects, such as
complex reflections or color bleeding introduced by retexturing.

The works closest to ours, RGBX [Zeng et al. 2024] and Intrinsic
Edit [Lyu et al. 2025], offer improved controllability by decompos-
ing a synthetic image or photograph into several intrinsic channels.
Users can manually edit these channels to control material prop-
erties or lighting conditions, and then combine them to generate
the final image. However, errors in the estimated channels and
out-of-distribution data can easily impact the final results.

3 Background
Materials. Surface material properties are described by a Bidirec-

tional Scattering Distribution Function (BSDF) [Pharr et al. 2023].
The BSDF is a function 𝑓 (𝑥, 𝜔𝑖 , 𝜔𝑜 ) that describes the fraction of
light scattered at the surface point 𝑥 from direction 𝜔𝑜 to 𝜔𝑖 . In the
following, we will use the notation 𝑓 (𝑦 → 𝑥 → 𝑧) for scattering
along a path of light, where the directions 𝜔𝑜 and 𝜔𝑖 are given by
the surface points 𝑦 and 𝑧. Renderers typically use analytical BSDF
models that are mixtures of many components, carefully designed
to achieve the desired appearance. Most BSDFs are effectively a sum

𝑓 (𝑦→𝑥→𝑧) =
∑︁
𝑘

𝑓𝑘 (𝑦→𝑥→𝑧) (1)

of multiple components. For example, the Disney BSDF [Burley
2012] linearly blends diffuse, specular, metallic, sheen, clearcoat and

retroreflective components. The parameters (like the color) of such
BSDFs are typically controlled by a texture.

Textures like the Disney BSDF’s “base color” impact the various
components to different degrees. This makes retexturing a challeng-
ing operation: Naively multiplying a new color will generally not
achieve consistent appearance.

Light transport equation. The value of each pixel in a rendered im-
age is given by an integral over all possible paths of light that reach
this pixel. This integral is known as the rendering equation or light
transport equation (LTE) and can be formulated in various ways
[Kajiya 1986; Veach 1997]. We utilize the path integral formulation
[Pharr et al. 2023, Section 13.1].
In our notation a path x𝑛 comprises 𝑛 vertices 𝑥𝑖 where 𝑥0 is

the camera. The amount of light, in terms of radiance, reaching the
camera is given by the outgoing radiance at the directly visible point
𝑥1. This, in turn, is a sum over the contributions by all path lengths,

𝐿 (x1→x0) =
∞∑︁
𝑛=1

𝑃 (x𝑛) , (2)

where 𝑃 (x𝑛) is the integral over all paths of length 𝑛,

𝑃 (x𝑛) =
∫
𝐴𝑛−1

𝐿e (x𝑛→x𝑛−1)𝑇 (x𝑛) d𝐴 (x2 . . . x𝑛) , (3)

and the product of BSDFs and geometry terms,

𝑇 (x𝑛) =
𝑛−1∏
𝑖=1

𝑓 (x𝑖+1→x𝑖 →x𝑖−1)𝐺 (x𝑖+1 ↔ x𝑖 ) , (4)

is called the throughput of a path.
Eq. (2) is usually computed by Monte Carlo integration – i.e.,

by sampling random paths – which is time-consuming. We show
that retexturing can be formulated as a post-processing step applied
to the light transport equation. This formulation allows efficient
retexturing without the need for re-rendering.

4 Our approach
Our method consists of two stages:

(1) an initial rendering pass that generates a set of AOVs, and
(2) a post-processing stage to retexture in image-space.

We assume that the object(s) to be retextured are known in advance.
We support retexturing multiplicative color parameters that mod-
ulate the BSDF (e.g., base color in the Disney principled BSDF or
per-thread color albedo in [Sadeghi et al. 2013]). For conciseness, we
refer to those parameters collectively as the albedo in the following.
In the initial rendering pass, we accumulate radiance and UV-

coordinate statistics in AOVs. Essentially, we segment the path space
based on the number of times a path scattered from the retextured
object. For each scatter count – up to a maximum – we render a
separate image. To replace the texture, we additionally track the
mean and standard deviation of the UV coordinates – again for each
scatter count – to later perform a filtered texture lookup.

In Section 4.1 we describe how we decompose BSDFs into “depen-
dent” and “independent” terms rather than working on the BSDF
components individually. In Section 4.2 we reformulate the path in-
tegral to separate texture from light transport. Finally, in Section 4.3
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Fig. 2. Retexture a glossy fabric (a) with green color. BSDF is separated into
different lobes, followed by retexturing on the precomputed contribution of
each lobe. Retexturing on diffuse and specular components (b and c) results
in overly green highlights (g). We decompose the BSDF into components
that are dependent and independent of albedo (d and e), ours (h) offers the
closest appearance to the ground-truth (f).

we show how we use statistics of UV coordinates to perform filtered
texture lookup and thus avoid storing individual samples.

4.1 BSDF separation
The visual outcome of retexturing is fundamentally determined by
the material’s BSDF behavior. For example, Fig. 2 illustrates a simple
retexturing scenario under direct illumination: a glossy fabric with
its original material (Fig. 2a) is re-rendered with a new texture,
producing the target appearance in Fig. 2f (bottom left).
The BSDF can be divided into distinct lobes, such as a diffuse

lobe (Fig. 2b) and a specular lobe (Fig. 2c). A baseline retexturing
approach would be to precompute each lobe’s contribution and then
scale it by the new texture, as shown in the center column of Fig. 2.

However, compared to a path-traced ground truth (Fig. 2f), such
per-lobe retexturing yields a noticeable color shift (error image in
2g), because the specular component in this BSDF model (Disney
BSDF) is only partially modulated by the albedo.

To address this issue, we propose a BSDF decomposition that ex-
plicitly separates texture-dependent and texture-independent com-
ponents of the material’s appearance (illustrated in Fig. 2d and
Fig. 2e). Given a texture 𝜌 (𝑥) we group the BSDF components into
“dependent” and “independent” ones to achieve a linear expression:

𝑓 (𝑥, 𝜔𝑖 , 𝜔𝑜 ) ≈ 𝜌 (𝑥) 𝑓dep (𝑥,𝜔𝑖 , 𝜔𝑜 ) + 𝑓indep (𝑥, 𝜔𝑖 , 𝜔𝑜 ) . (5)

We define 𝑓dep as the component of the BSDF’s reflectance that
depends on the input texture, i.e. the portion of the shading contri-
bution directly scaled by the albedo. Conversely, 𝑓𝑖𝑛𝑑𝑒𝑝 denotes the
component that is independent of the texture, representing the re-
mainder of the BSDF not modulated by the albedo. 𝑓dep includes the
diffuse reflection and any specular term tinted by the albedo, while
𝑓indep captures the untinted specular reflections and other effects
unaffected by albedo. It is important to note that this decomposition
is applied to the BSDF’s computed contribution after sampling; the

x3'

Fig. 3. A path of four edges interacts with an object to be retextured (marked
in blue). The path is partitioned according to the number of times each
sub-path intersects the retextured vertices. For each retextured vertex, we
perform a filtered texture lookup using statistics of the UV samples.

underlying BSDFmodel and its importance sampling scheme remain
unchanged, preserving the physical fidelity of the shading model.
During BSDF evaluation, we compute the full BSDF value as well
as the separated contribution according to the material parameters.
Please refer to the supplemental document for an example of how a
simplified Disney BSDF model can be separated.
When retexturing the material, we apply the new albedo only

to the texture-dependent term 𝑓dep, and leave 𝑓indep unmodified (as
shown in Fig. 2h). This simple yet effective strategy yields retextured
results that closely match a path-traced rendering (Fig. 2f), signifi-
cantly reducing color artifacts compared to naïve lobe-based scaling
(Fig. 2g). Our method is general and extensible: for example, in a
microcylinder-based cloth reflectance model [Sadeghi et al. 2013],
we can extend our decomposition to support multiple 𝑓dep where
each represents the contributions along one fiber direction.

4.2 Path segmentation
A naïve approach to retexture could be to record the UV coordinate
at the primary hit and scale the albedo accordingly. As illustrated
in Fig. 4, simply scaling the albedo either with full global illumina-
tion (Fig. 4d) or with only direct illumination while leaving indirect
contributions unmodified (Fig. 4e) leads to noticeable color shifts,
particularly in regions where light bounces multiple times within
the fabric weave. These failures arise because each path may en-
counter the retextured surface multiple times, with different UV
coordinates at each hit. Our method (Fig. 4c) instead records the
scattered radiance, segmented according to the number of times
each path interacts with the retextured vertices:

𝐿 (x1 → x0) = 𝑃 (x1) +
∞∑︁
ℎ=0

𝑃 (xhit=ℎ) , (6)

where 𝑃 (x1) is the emitted radiance, and xhit=ℎ denotes the set of
paths (of any length) that intersect the retextured object exactly
ℎ times. We precompute each 𝑃 (xhit=ℎ) as a separate AOV image.
Fig. 3 shows an illustration of our segmentation. This segmentation
provides better scalability than considering paths up to a maximum
total path length: We support arbitrarily many bounces of global
illumination, but only a maximum number of bounces involving a
retextured object.
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The path throughput𝑇 (xhit=ℎ) for each path set in Eq. (6), can be
separated into path vertices that lie on retextured objects, denoted
𝑖 ∈ R, from those that do not:

𝑇 (xhit=ℎ) =
∏
𝑖∈R

(
𝜌 (𝑥𝑖 ) 𝑓dep,𝑖 + 𝑓indep,𝑖

)
𝐺𝑖︸                             ︷︷                             ︸

retextured vertices

×
∏
𝑖∉R

𝑓𝑖 𝐺𝑖︸   ︷︷   ︸
other vertices

(7)

At vertices in R, we apply our BSDF decomposition Eq. (5). At all
other vertices, we fall back to the original BSDF. We expand Eq. (7)
to 3 types of throughput terms,

𝑇dep (𝑥hit=ℎ) =
∏
𝑖∈R

𝜌 (𝑥𝑖 ) 𝑓dep,𝑖
∏
𝑖∉R

𝑓𝑖𝐺𝑖 , (8a)

𝑇indep (𝑥hit=ℎ) =
∏
𝑖∈R

𝑓indep,𝑖
∏
𝑖∉R

𝑓𝑖𝐺𝑖 , (8b)

𝑇cross (𝑥hit=ℎ) =
∑︁
S⊂R

S≠∅,S≠R

(∏
𝑖∈S

𝜌 (𝑥𝑖 ) 𝑓dep,𝑖
∏

𝑗∈R\S
𝑓indep, 𝑗

∏
𝑘∉R

𝑓𝑘𝐺𝑘

)
. (8c)

Intuitively,
• 𝑇dep (𝑥hit=ℎ) denotes the portion of throughput where all re-
textured vertices contribute solely via their albedo-dependent
term.

• 𝑇indep (𝑥hit=ℎ) denotes the portion of throughput where all re-
textured vertices contribute solely via their albedo-independent
term.

• 𝑇cross (𝑥hit=ℎ) accounts for the remaining throughput com-
ponent with mixed contributions, where some retextured
vertices contribute via 𝑓dep and others via 𝑓indep.

Taken together, our generalized formulation is:

𝑃 (xhit=ℎ) ≈
∫
𝐴𝑛−1

𝜒 | R |,ℎ
∏
𝑖∈R

𝜌 (𝑥𝑖 ) 𝑑𝐴(𝑥2 . . . 𝑥𝑛) (9a)

·
∫
𝐴𝑛−1

𝜒 | R |,ℎ 𝐿𝑒 𝑇dep (𝑥hit=ℎ)︸        ︷︷        ︸
albedo-dep. throughput

𝑑𝐴(𝑥2 . . . 𝑥𝑛) (9b)

+
∫
𝐴𝑛−1

𝜒 | R |,ℎ 𝐿𝑒 𝑇indep (𝑥hit=ℎ)︸          ︷︷          ︸
albedo-indep. throughput

𝑑𝐴(𝑥2 . . . 𝑥𝑛) (9c)

+
∫
𝐴𝑛−1

𝜒 | R |,ℎ 𝐿𝑒 𝑇cross (𝑥hit=ℎ)︸         ︷︷         ︸
cross-term throughput

𝑑𝐴(𝑥2 . . . 𝑥𝑛), (9d)

where 𝜒 | R |,ℎ is defined as:

𝜒 | R |,ℎ =

{
1, if the number of retextured vertices |R | equals ℎ,
0, otherwise.

Note that this equation is only approximately equal to the correct
light transport: Put in simplified notation, Eqs. (9a) and (9b) turn
an integral of the form

∫
𝜌 (𝑥)𝑔(𝑥)𝑑𝑥 into a product of integrals∫

𝜌 (𝑥)𝑑𝑥
∫
𝑔(𝑥)𝑑𝑥 . Where 𝜌 (𝑥) is the albedo and 𝑔(𝑥) is the re-

maining integrand. This is conceptually the same approximation
applied by texture filtering methods. Effectively, the albedo will be
low-pass filtered, which has little effect on locally smooth textures
but can result in a loss of detail for high-frequency content. Note
that we only integrate over the visible part of the texture at this

(a) Input (b) GT (c) Ours (d) Retex. on
DI Only

(e) Input ×
Albedo

FLIP
Mean 0 0.027 0.298 0.326

1

0

Fig. 4. Comparison of image-based retexturing results between our method
(c) and two naïve approaches: retexturing of the direct illumination com-
ponent (d) and retexturing on full GI scaled by albedo (e). Our path seg-
mentation yields the lowest FLIP error. The highest error is caused by the
approximated path throughput (approximated “cross” term) for paths with
more than two retextured vertices.

depth, so significant smoothing occurs only for longer paths where
it will usually be less visible.
Specifically, during post-processing, the albedo-dependent inte-

gral Eq. (9b) is scaled by the sampled texture along with its UV
statistics (Section 4.3), and the albedo-independent integral Eq. (9c)
is included as an additive term. The scattered radiance of path set
𝑃 (xhit=0) remains unchanged and is simply added to the final image.
The scattered radiance of cross terms Eq. (9d) is computed exactly
for up to three retextured vertices and scaled accordingly. For paths
with more retextured vertices, the cross terms are approximated
by subtracting Eqs. (9b) and (9c) from the full radiance and multi-
plying the residual by the sampled texture. As illustrated in Fig. 4,
the cross-term approximation introduces only a negligible bias. We
include the derivation of how cross-term throughputs are computed
in the supplemental.

4.3 Statistics of UV-coordinates
Retexturing requires us to know the texture coordinates (UV coor-
dinates) at all retextured vertices along each path. Instead of storing
an expensive point cloud of such coordinates, we assume that UV
coordinates follow a normal distribution. During the initial render-
ing phase, we compute the mean and variance of that distribution
and store it in an AOV.

For each retextured vertex, we consider 𝑁 UV samples (see Fig. 3)
𝑡1, 𝑡2, . . . , 𝑡𝑁 , where 𝑡𝑖 = (𝑢𝑖 , 𝑣𝑖 ) denotes the 2D UV coordinates,
we estimate their mean 𝑡 = 1

𝑁

∑𝑁
𝑖=1 𝑡𝑖 , and standard deviation 𝜎̂ =√︃

1
𝑁−1

∑𝑁
𝑖=1 (𝑡𝑖 − 𝑡)2 . We then use the per-pixel mean and standard

deviation to construct two 1D Gaussian distributions over𝑈 and 𝑉 .
Fig. 5 shows the effect of that on a simple Cornell Box, where

a new texture is applied to the right wall. The texture is a step
function, half red and half yellow. We visualize the ground-truth
distribution for the pixel highlighted in green in the bottom row of
Fig. 5. If only the mean UV coordinate is used, for each retextured
vertex 𝑥𝑖 in Eq. (9a), the texture lookup is done at 𝑡 , which essentially
approximates Eq. (9a) using a single representative texel, leading to
overly sharp transitions, most notably along the red-yellow bound-
ary of the texture. Instead, we assume each UV sample follows a

SA Conference Papers ’26, December 01–04, 2026, Kuala Lumpur, Malaysia.



6 • Hua et al.

Cornell Box
(Retextured on Right)

Re
-

te
xt
ur
ed

UV
Sa
m
pl
e

D
ist
rib

ut
io
n

Ground Truth Ours
(Mean + Std.)

Ours
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Fig. 5. The green right wall of a Cornell Box is retextured with a red-yellow
step function texture. This introduces spatially-varying indirect reflections,
caused by the different UV coordinates of each Monte Carlo sample. In the
bottom row, we show the distribution of UV coordinates for a representative
pixel (highlighted with a green dot). We accumulate statistics over these
UV coordinates to reconstruct the distribution.

Rubber Duck
(Duck and ring retex.
with same texture)
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(GMM)
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(Mean+Std.)

Fig. 6. We retexture the duck and ring, two disjoint meshes sharing the same
texture (shown in the bottom left) but with separate UV parameterizations.
A mixture of their colors is reflected on the glossy walls via indirect specular
paths (top row). The bottom row shows UV coordinate distributions for a
representative pixel (highlighted with a green dot), reconstructed using a
Gaussian mixture model (GMM) and a single Gaussian.

Gaussian distribution and perform Monte Carlo integration over
this distribution, which produces results that more closely match
the ground truth.

Fig. 6 shows a challenging case where two objects (duck and ring)
share the same rainbow color texture, but each object has a different
UV parameterization. The surrounding glossy walls show reflected
colors from both objects. On those walls, light paths contributing
to a single pixel map to widely separated UV regions, resulting in
a multimodal distribution of UV coordinates. In the bottom row of
Fig. 6, we again visualize the distribution of UV coordinates for a
representative pixel highlighted in green. Fitting a single Gaussian
from the sample mean and standard deviation is computationally
cheap but fails to capture the multimodal distribution, leading to
a less accurate result. The center column shows that a Gaussian
mixture model (GMM) could be a well-suited alternative for such
cases. However, for this experiment, we computed the mixture by
storing individual UV samples, which is too expensive for practi-
cal use. Contriving an efficient online fitting scheme could be an
interesting avenue for future work.

Table 1. Statistics of the speed-up (higher is better) in terms of equal-spp
(256 spp) run-time cost of baseline and our method across 9 test scenes.
Averaged across 10 runs at 1080 x 1080 image resolution. Baseline integrator
includes path tracer and guided path tracer.

Speed-up vs. baseline Our initial-pass Our retexturing

Averaged 0.85× 179.76×
Worst 0.79× 106.78×
Best 0.94× 249.45×

Kitch
en

Living Room

Water C
austic

s
Sofa

Fabrics

Cornell B
ox

Curta
in

Glass C
austic

s

Glass S
uzanne

1.00

10.00

100.00
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e 
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on
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, l

og
 s
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le

)

Baseline 64 spp

Baseline 256 spp

Ours (initial pass) 64 spp

Ours (initial pass) 256 spp

Ours (retexturing)

Fig. 7. We compare equal-spp (64 and 256 spp) rendering time across 9 test
scenes rendered at 1080 x 1080. Baseline integrator includes path tracer and
guided path tracer. Time is shown in logarithmic scale.

5 Results

5.1 Comparison with ground-truth path tracer
We compare our results with converged ground-truth path-traced
images in Fig. 8. All experiments were run on an Intel Core i5-
14600KF. Images are rendered at a resolution of 1080 × 1080 with
a maximum path length of 10. Fig. 1 is with path length 20. The
maximum retextured depth (maximum number of path segments
that interact with texture) is set to 5. For each scene, we perform
retexturing on the input image Fig. 8(a) and present two sets of
retextured results. The retextured images are then denoised using
[Áfra 2019]. We report errors using relative mean squared error
(relMSE) and FLIP [Andersson et al. 2021] with respect to the con-
verged ground truth. To reduce the impact of Monte Carlo variance
on the error metrics, we evaluate the errors on denoised images for
our results. Results including videos and non-denoised images can
be found in the supplemental material.

The Water Caustics scene features expensive-to-render caustic
patterns; integrating our method with path guiding [Herholz and
Dittebrandt 2022] accelerates rendering and preserves fine caustics
while maintaining the metallic appearance of objects under water.

The Curtain scene evaluates our method in an interior environ-
ment with richly textured curtains. Our results faithfully reproduce
fine-grained curtain details, complex occlusions, and the correspond-
ing changes in floor reflections. Similarly, the Fabrics scene demon-
strates our method on advanced fiber-based materials [Sadeghi et al.
2013]; the cloth’s appearance is explained by separate lobes for spec-
ular reflection from individual fibers and diffuse reflection from the
colored threads, among others.

The Glass Suzanne scene features a challenging case: a colored
object inside a glass sphere is to be retextured. Light entering the
glass sphere is refracted and hits the inner object. Some of the light
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Fig. 8. Comparison of the converged ground-truth path tracer (b, d) and ours (c, e). Our physically-based retexturing successfully captures complex global
illumination effects across a wide range of scenes and materials. The input image (a) is rendered with 2048 spp. To reduce the impact of Monte Carlo variance
inherited from the input image, we evaluate the errors on denoised images for our results.
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RelMSE/Err. reduction
FLIP/Err. reduction

0.01635/1.00x
0.12695/1.00x

0.01152/1.42x
0.11637/1.09x

0.01414/1.16x
0.11924/1.06x

0.00251/6.53x
0.07370/1.72x

(a
)C

ha
ng

e
w
al
lc
ol
or

Initial Reference PT
Rousselle et al.

(Biased)
Rousselle et al.
(Unbiased) Ours

Equal-time comparsion
(736.5s)

Re-render time / spp
Initial render time / spp
Post-processing time

78.9s / 124 spp
1.1s / 1 spp

0.0s

55.8s / 65 spp
680.3s / 1024 spp
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0.11366/1.05x

0.00302/4.55x
0.11476/1.04x
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Initial render time / spp
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96.8s / 149 spp
662.5s / 1024 spp
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0.5s
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3.0s

Fig. 9. We compare our method against [Rousselle et al. 2016] under an equal-time setting. All methods use 1024 samples for the initial rendering. The total
time budget includes the time spent on initial rendering, re-rendering, and post-processing. The time for re-rendering is the remainder of the total equal-time
budget after the initial rendering. Our method does not need to perform re-rendering for such tasks, but only a cheap post-processing.

then reflects off the inner surface and exits the sphere, causing color
changes on the glass surface and the ground floor. Our method ac-
curately reproduces these effects while retexturing the inner object.

Performance. We compare the runtime cost of our initial ren-
dering pass and retexturing to a baseline path tracer in Fig. 7 and
Table 1. Our additional AOVs introduce an average runtime over-
head of about 15%, this cost is amortized by the much lower cost
of post-processing retexturing, even at a low sample count of 64
spp. The runtime of our post-processing step at a resolution of
1080 × 1080 is approximately 1.373s, of which 0.301s is spent on
reading the AOVs. The average AOV storage cost in EXR format

across the test scenes in Fig. 8 and Fig. 9, all rendered at 1080p
resolution, is approximately 87.3 MB.

5.2 Comparison with re-rendering methods
We compare our method to the control-variate based re-rendering
approach of Rousselle et al. [2016]. We have reimplemented their
approach in our renderer and validated results against images from
their paper. As far as we can tell, our implementation only devi-
ates from the original method in that we use a simpler (and faster)
Gaussian blur to filter variances rather than the NL-means filter
[Rousselle et al. 2012] used in the original implementation. The
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Fig. 10. We compare our results with RGB ↔ X [Zeng et al. 2024] and Intrinsic Edit [Lyu et al. 2025]. We evaluate RGB ↔ X [Zeng et al. 2024] and Intrinsic
Edit [Lyu et al. 2025] using their official open-source implementations with default settings and ground-truth albedo channel. Our approach shows improved
robustness across all scenes, more results are provided in the supplemental material.

NL-means filter from the original paper is more costly, but might
yield better quality. In our test cases, we did not observe artifacts
from the simpler Gaussian blur.

Similar to our method, Rousselle et al. [2016] start with an initial,
high sample-count rendering. To achieve retexturing, they then es-
sentially estimate the difference integral between this initial render
and the desired target. This control variate approach introduces
multiple sources of overhead: (1) materials need to be evaluated
twice during re-rendering, (2) variances need to be estimated and
filtered to weight the control variates, and (3) the retexturing pass
needs to perform Monte Carlo path tracing. The supplemental doc-
ument provides a comparison of the overhead between this control
variate approach and our method. The method comes in two flavors:
a cheaper biased solution (weights correlated with samples) and an
unbiased one. We compare to both.
Fig. 9 shows an equal-time comparison for a single retexturing

task. All methods use a 1024 spp initial render. For path tracing
and Rousselle et al. [2016], the remaining time is invested into the
(re-)rendering step. No denoising is performed.

We replicate edit tasks show-cased by Rousselle et al. [2016]: In
the Living Room scene, we retexture the wall (Fig. 9a) floor (Fig. 9b)
or both (Fig. 9c). Across all variants, our method achieves the lowest
error retexturing in equal-time: The re-rendering step in Rousselle
et al. [2016] introduces noise, while our method retains the low
noise level of the initial render.
When changing both walls and floor using a different texture

for each, the texture change alters the entire global illumination of
the scene across multiple bounces within and between retextured
objects. Then, the cross-terms in our segmentation (8) become more
important – of which we only compute the first three. Thus, in Fig. 9
(c), the slight bias of our method becomes measurable, but the result
is still of better visual quality than the re-rendering solution.

Note that re-rendering and our method are not direct alternatives
but rather complementary: Our method can more efficiently alter
color textures, especially if multiple variants are desired, and we do
not require the 3D scene data to do that. One use-case is web/mobile
applications with limited ray-tracing capability. By precomputing
AOVs on high-end machines, our method enables interactive texture
design and preview on low-end devices without re-invoking a 3D
renderer. This reduces repeated transfer of large 3D assets, hardware

requirements, and the need for costly cloud rendering. Re-rendering
is more costly but capable to also alter non-linear properties like
surface roughness. Therefore, future work could investigate a po-
tential combination, using our method for cheap color changes and
the control variate approach to alter roughness or remove bias.

5.3 Comparison with diffusion-based image editing
We comparewith the state-of-the-art diffusion-basedmethod RGB ↔
X [Zeng et al. 2024] and Intrinsic Edit [Lyu et al. 2025] for retextur-
ing in Fig. 10. These methods allow fine-grained image editing via
the albedo (and other intrinsic) channels.
We use the official implementations and pre-trained models;

ground-truth albedo is used as input for fair comparison. Results
from RGB ↔ X and Intrinsic Edit are generated on an A100 GPU
with 40GB memory. Due to the high computational cost of Intrinsic
Edit, we use a rather small resolution: 640 x 480 for all methods.

The results in Fig. 10 show that while our method produces pre-
dictable retexturing results with minimal and controlled bias, this is
not the case for diffusion-based methods. These methods introduce
unpredictable changes to geometry, color, and luminance, and ma-
terial appearance (the glass in Glass Caustics no longer resembles
glass). Furthermore, they fail to capture complex indirect illumina-
tion, such as the textured caustics in Glass Caustics. More results
are included in the supplemental material.

Overall, our method robustly offers higher image quality, requires
fewer computational resources, and enables faster editing compared
to 2D diffusion-based approaches. In contrast, Intrinsic Edit and
RGB ↔ X are better suited to general-purpose editing when 3D
assets are unavailable.

6 Limitations and future work
While our method produces high-quality retexturing results, it is
not fully unbiased: The UV filtering and the approximation of “cross”
terms for paths with higher retexturing hit counts introduces errors
that manifest as (barely visible) color shifts and blur. In the following,
we analyze two representative cases that amplify the bias and discuss
their visual impact. Then, we outline two promising directions for
future work to broaden the scope of editable appearances.
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Fig. 11. Our method can handle indirectly hit surfaces even when retextur-
ing with multiple textures. In Cornell Box the strong indirect illumination
is dominated by saturated red and green colors, which leads to an increased
color difference compared to the ground-truth. In contrast, our method per-
forms robustly on the Vase scene, where reflections from indirect bounces
mostly do not overlap within a pixel.

Multiple textures. Fig. 11 shows a limitation in retexturing with
multiple textures. In Cornell Box, retexturing both the left and
right wall causes strong and saturated colored reflections from both
sides on each bounce. Accurately accounting for this would require
tracking and weighting UVs separately by aggregating the statistics
of sample counts. In the Vase scene, there is a small spot (green crop)
where indirect reflections caused by two disconnected retextured
regions overlap. There, our cross-term approximation is inaccurate
and bias becomes visible.

UV distribution. Currently, we approximate the distribution of
UV coordinates using two independent 1D Gaussian distributions.
A potentially more accurate approach would be to model the UV
distribution with a 2D Gaussian mixture model (GMM). Fitting a
GMM during the initial rendering pass requires an adaptive fitting
algorithm [Vorba et al. 2014; Herholz et al. 2018].

Complex appearance. Expensive material models like hair or fur
shaders are likely to profit greatly from the cheap retexturing offered
by our method. On the implementation side, however, a disadvan-
tage of our method is that a manual segmentation of the material is
required. This will be more challenging for complex materials.

Non-linear edits. A key benefit of our method is that no 3D scene
data is required for retexturing. That, however, comes at a price: It
is fundamentally impossible to retexture properties like roughness
that alter path space distributions. The aforementioned combination
with control variate solutions could be a possibility for future work
to support such edits while retaining at least some of our benefits.

7 Conclusion
We present a physically-based retexturing method for fast and ac-
curate retexturing, incorporating color bleeding and complex ren-
dering effects. It runs efficiently even on 4K resolution images in
just a few seconds.
Our approach employs a hybrid pipeline combining 3D render-

ing with image-based post-processing. After the initial rendering
pass, no further re-rendering is required; instead, all physically-
based editing is performed directly in image space. This allows our
method to operate independently of expensive re-rendering and
makes it compatible with traditional compositing workflows where
re-rendering is no longer available in the composition stage. More-
over, our method can robustly handle commonly used multi-lobe
material models, such as principled BSDF and specific fabric models.
Compared to traditional image-based methods, ours employs a

physically-based approach, so artists don’t need to manually adjust
colors on a per-pixel basis. Unlike other image-based generative AI
methods, our approach can accurately handle both direct and indi-
rect reflections across different scenes robustly, without requiring
high-end hardware or large amounts of high-quality training data,
even for high-resolution images. Furthermore, our method naturally
generalizes to video sequences.
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