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Fig. 1. Our method optimizes textures from inconsistent Al-generated target images, producing sharp results despite geometric misalignment and semantic
hallucinations. Unlike existing methods that produce blurry or ghosting artifacts, our approach recovers high-fidelity details (e.g., the sharp creases of double

eyelids) through joint uncertainty estimation and geometric alignment.

We propose a robust texture optimization framework that handles inconsis-
tent Al-generated targets by operating directly within non-differentiable
production pipelines. Standard optimization approaches struggle with in-
consistent targets, often producing blurry textures and ghosting artifacts.
Moreover, existing inverse rendering methods rely on differentiable ren-
derers, causing a rendering gap when assets are deployed in production
engines. To address the inconsistencies, we introduce a robust formulation
that jointly optimizes a deformation grid and an uncertainty map. This
formulation effectively decouples geometric misalignment from semantic
hallucinations. To avoid the rendering gap, we leverage finite-difference
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gradient estimation to operate entirely within standard rasterizers. Extensive
experiments demonstrate that our approach recovers sharp, high-fidelity
textures from inconsistent Al-generated targets, achieving higher visual
quality than existing methods. This makes our technique a practical tool
for film production, gaming, and virtual reality, where flexibility and visual
quality are paramount.
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1 Introduction

In recent years, the demand for photorealistic visual experiences
has driven the CG industry toward ultra-high-quality, intricately
detailed textures. While traditionally resource-intensive, this texture
creation paradigm is rapidly shifting with the advent of large-scale
diffusion models [Rombach et al. 2022]. These models enable the
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synthesis of high-fidelity textures from simple text prompts or ref-
erence images. However, realizing this potential within production
pipelines remains challenging.

The primary challenge arises from inconsistencies in Al-generated
multi-view images—geometric misalignment and semantic hallu-
cinations such as misplaced facial features (e.g., faces incorrectly
appearing in rear-facing views) or transient accessories (Figure 1).
Under these conditions, standard pixel-wise optimization produces
blurry textures and ghosting artifacts. In addition, practical deploy-
ment introduces a rendering gap between external optimization
frameworks and deployment environments. While PBR parame-
ters are theoretically portable, practical implementations of shading
models (e.g., Fresnel approximations, split-sum IBL integration) vary
across engines. When optimizing in an external differentiable ren-
derer [Jakob et al. 2022; Li et al. 2018; Munkberg et al. 2022], the
optimizer inevitably bakes renderer-specific biases into the texture
maps to minimize the reconstruction loss. Consequently, these over-
fitted textures degrade when imported into a different engine, failing
to reproduce the intended appearance.

In this paper, we propose a robust texture optimization framework
for inconsistent generative targets. To handle target inconsistencies,
we introduce two key components: (1) a per-view uncertainty map
that automatically identifies and down-weights unreliable pixels,
and (2) a per-view deformation grid that compensates for geometric
misalignments between rendered and target images. This interplay
between the two components is essential. If geometric alignment is
not applied, valid texture details displaced by geometric discrepan-
cies would be incorrectly rejected as outliers. Conversely, without
uncertainty-based rejection, the deformation grids would warp hal-
lucinated artifacts directly into the texture. A multi-phase optimiza-
tion strategy further stabilizes convergence by sequentially refining
textures, alignments, and appearance details. To enable practical
deployment, we implement this formulation directly within the
target engine’s shader programs via finite-difference gradient esti-
mation. This workflow ensures that the textures are optimized for
the specific lighting and shading of the final application.

We validate our framework through extensive experiments on
diverse Al-generated targets. Our results demonstrate that the pro-
posed joint optimization effectively eliminates the blurring and
ghosting artifacts, yielding production-ready assets with superior
perceptual quality.

Our contributions can be summarized as follows:

¢ Robust Optimization of Inconsistent Targets: A joint for-
mulation combining uncertainty estimation and deformation
grids, with a multi-phase optimization strategy that decouples
geometric misalignment from semantic hallucinations.

¢ In-Engine Texture Optimization: A fully shader-based,
finite-difference approach for real-time engines (e.g., Unity
and Unreal), enabling our robust formulation to operate with-
out differentiable pipelines or third-party libraries.

e Versatility and Efficiency: A highly practical framework
that supports arbitrary shading models and achieves rapid
optimization (within a minute), enabling fast iteration loops
in production workflows.

SIGGRAPH Conference Papers ’26, July 19-23, 2026, Los Angeles, CA, USA.

2 Related Work
2.1 Data-driven Inverse Rendering

Traditional inverse rendering approaches address intrinsic image de-
composition [Li and Snavely 2018], light source estimation [Li et al.
2020; Srinivasan et al. 2020], BRDF estimation [Deschaintre et al.
2018; Zhu et al. 2022], and relighting [Philip et al. 2021]. Recently,
data-driven techniques have been widely employed to address these
problems based on deep priors learned from large-scale datasets.
They typically rely on large, high-quality datasets, which reduce
measurement requirements and relax constraints on input images
such as HDR capture [Lin et al. 2025a] or controlled lighting condi-
tions [Fei et al. 2024a].

Since ground-truth labeling for real-world scenes is challenging
and time-consuming, some approaches tackle the problem by pro-
viding benchmarks or real-world datasets using carefully designed
hardware capture systems [Choi et al. 2025; Kuang et al. 2023; Liu
et al. 2023]. In contrast, several techniques address this limitation
by utilizing synthetic large-scale datasets [Li et al. 2025, 2021; Liang
et al. 2025; Roberts et al. 2021].

More recently, neural field representations have been extended for
inverse rendering with improved efficiency and quality. TensolR [Jin
et al. 2023] leverages tensor factorization to jointly estimate geom-
etry, materials, and illumination, while GS-IR [Liang et al. 2024]
adapts 3D Gaussian Splatting for physically-based material decom-
position. Concurrently, diffusion-based approaches have emerged
for per-pixel intrinsic estimation: Kocsis et al. [Kocsis et al. 2024]
fine-tune a diffusion model for single-image material prediction,
and Zeng et al. [Zeng et al. 2024b] present a unified framework
that bridges intrinsic decomposition and image synthesis through
diffusion priors.

However, these methods assume clean, consistent training data
and do not address the inconsistencies inherent in Al-generated
multi-view images.

2.2 Optimization-based Inverse Rendering

Numerous approaches have explored inverse rendering by estimat-
ing scene parameters from input images using differentiable render-
ing, which propagates gradients from image pixels back to scene
parameters. These gradients directly optimize geometry, lighting,
and materials, or can be transferred to neural networks. However,
this process relies heavily on primary rendering pipelines, requiring
all renderer modules to be implemented as differentiable.

One of the early texture optimization methods [Zhou and Koltun
2014] addresses texture misalignment by refining the 3D-to-2D map-
ping through camera pose and non-rigid image deformation in a
differentiable framework. Bi et al. [Bi et al. 2017] instead propose
a patch-based texture synthesis approach that improves robust-
ness to geometric and pose errors by reconstructing aligned target
images via bidirectional patch similarity. However, both methods
assume physically consistent multi-view observations, whereas our
approach additionally handles semantic hallucinations and geomet-
ric inconsistencies within a non-differentiable rendering pipeline.



Physically-based methods [Bangaru et al. 2020; Jakob et al. 2022;
Li et al. 2018] tackle global illumination with differentiable render-
ing frameworks. Differentiable path tracing [Yu et al. 2023] han-
dles multi-bounce lighting at scene level but often requires signif-
icant time and struggles with high-order discontinuities. Volume-
rendering techniques like NeRF [Mildenhall et al. 2021] represent
scenes as implicit volume functions with pre-calculated irradiance,
better suited for whole scenes than detailed objects. However, they
face challenges in disentangling geometry, materials, and illumi-
nation. PBR-NeRF [Wu et al. 2025] addresses this limitation by
using physics-based priors to jointly estimate these components
for improved relighting and material editing. In parallel, another
line of work focuses on accelerating NeRF through methods like
SNeRG [Hedman et al. 2021], Mobile-NeRF [Chen et al. 2023b],
and DIVeR [Wu et al. 2021], as well as reducing training time with
IBRNet [Wang et al. 2021], MVSNeRF [Chen et al. 2021], Frugal-
NeRF [Lin et al. 2025b] and others.

To address inefficiencies arising from repeatedly querying im-
plicit volumetric representations, various 3D Gaussian-based ap-
proaches [Fei et al. 2024b; Kerbl et al. 2023] have been proposed
recently. Since they reconstruct a scene as a collection of 3D Gaus-
sians by computing the corresponding intensity of an intersecting
ray like point-based rendering, they can be easily parallelized. There-
fore, training and rendering time reduce significantly compared with
NeRF-based approaches.

Most of those optimization-based inverse rendering methods re-
quire a differentiable renderer like nvDiffRast [Laine et al. 2020],
Mitsuba 3 renderer [Jakob et al. 2022] or others implemented on
PyTorch/Tensorflow. Although these frameworks provide useful
gradients, they may not match the exact shader implementations,
engine-specific optimizations, and asset workflows of production
renderers such as Unity, Unreal, V-Ray, or Arnold. Since the per-
formance of the primary renderer significantly impacts inverse
rendering, generating photorealistic images of detailed objects from
estimated scene parameters remains challenging due to the com-
plexity of inverse rendering methods. Fischer et al. [Fischer and
Ritschel 2023, 2024] approximate gradients via surrogate learning
for non-differentiable pipelines, but focus on path tracing rather
than production engine integration.

A few algorithms try to enable differentiation within standard
rasterization pipelines to tackle this problem. Deliot et al. [Deliot
et al. 2024] propose a stochastic gradient estimation method using
random perturbations, while Bangaru et al. [Bangaru et al. 2023]
introduce Slang.D to provide automatic differentiation via language
extensions. While these methods successfully enable gradient-based
optimization in real-time engines, they assume consistent target
images.

2.3 Texture Synthesis

Unlike the inverse rendering approaches estimating scene parame-
ters from images, there have recently been generative techniques
that deal with geometry and textures of an object by adopting emerg-
ing latent diffusion models [Rombach et al. 2022]. Fantasia3D [Chen
et al. 2023a] disentangles geometry and appearance using a hybrid
DMTet representation with PBR materials. DreamMat [Zhang et al.
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Fig. 2. Overview of our method. Our optimization estimates an uncertainty
map U to down-weight unreliable pixels and a deformation grid G to cor-
rect geometric misalignments. The weighted gradients update textures T
via finite-difference estimation. The entire pipeline runs within the game
engine’s shader programs.

2024a] extends this by using geometry- and light-aware diffusion
priors to generate high-quality PBR material maps. TexFusion [Cao
et al. 2023] synthesizes textures for given 3D geometries by perform-
ing denoising diffusion iterations in multi-view and aggregating
the trajectories on a latent texture map. TEXTure [Richardson et al.
2023] and Paint3D [Zeng et al. 2024a] use a pre-trained depth-to-
image diffusion model to paint a 3D model from different viewpoints.
Text2Tex [Chen et al. 2023c] also uses a pre-trained depth-aware
image diffusion model to synthesize high-resolution partial textures
from multiple viewpoints progressively. TexRO [Wu et al. 2024]
utilizes a viewpoint selection strategy to adaptively optimize UV tex-
ture of a known 3D mesh. TexPainter [Zhang et al. 2024b] employs
an optimization-based color fusion to keep multi-view consistency
based on Denoising Diffusion Implicit Models. While these meth-
ods attempt to enforce multi-view consistency during generation,
the resulting images still exhibit inconsistencies such as geometric
misalignment and hallucinated details.

Recent works further improve texture generation by enforcing
stronger multi-view consistency during diffusion [Yildirim et al.
2025] or by directly modeling textures in native 3D representations
without relying on multi-view fusion [Zeng et al. 2025]. While
these methods attempt to improve consistency across views or to
represent textures as a function over 3D space during generation,
fully resolving inconsistencies remains challenging due to geometric
inaccuracies and the inherent limitations of generative priors.

3  Method

Unlike conventional inverse rendering, our formulation explicitly
targets inconsistent generative supervision, where both geometric
and semantic inconsistencies are present. Figure 2 and Algorithm 1
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Algorithm 1 Texture Optimization

Require: Scene, initial textures {T}, target images {Ié’o,t} for view v
Ensure: Optimized textures {T}

1: for each iteration do

2: for each texture T; do

3: Generate random noise Z
4 for each view v do
5: I?,I? « Render(T;;v), Render(T; + €Z;v)
6: Update U” and G” using I° and I,
7 I3 0 — W (I3, G°)
8: Compute V), via (I{ = I?), (I’ = I3p), and U”
9: Render screen-to-UV mapping M, _,,
10: Accumulate V; from V,, using M,_,,
11: end for
12: Update texture T; using V;
13: end for
14: end for

illustrate our overall pipeline. The objective of our method is to
refine given textures to produce rendered images that closely match
a set of target images from various views while handling inherent
inconsistencies across the views. For each view v, we update the
uncertainty map U® and deformation grid G° to align the inconsis-
tent target It”gt with the current rendering I°. We then estimate the
screen-space gradient V,, by perturbing the texture with random
noise Z and measuring the response against the warped target Iy,
weighted by the uncertainty U®. Finally, these gradients are back-
projected to the UV texture space V, via the screen-to-UV mapping
M,_,; to update the texture.

3.1 Problem Formulation

Given a 3D mesh with initial textures {T} and a set of target images
{It”gt} captured from multiple viewpoints v, our goal is to optimize
the textures {T} such that the rendered images {I°} match the target
images. However, directly minimizing the pixel-wise difference is
insufficient when the target images lack consistency across views:
the optimization would attempt to encode conflicting information
into the textures, leading to blur and ghosting artifacts.

To address this, we jointly optimize three components: the texture
maps T, per-view deformation grids G that align target images to
the rendered images, and per-view uncertainty maps U® that down-
weight unreliable regions in the target images. The optimization
problem can be formulated as:

Ltotal = Z (Lphoto(Ts Gu’ UU) + Areg~£smouth(Gv)) > (1)
0
where £,p01, measures the photometric error and Lgpoorn regular-

izes the deformation grid to prevent grid distortions in textureless
regions.

3.2 Gradient Estimation via Finite-Differences

A core design principle is performing texture optimization entirely
within the target production pipeline. This eliminates the rendering
gap that occurs when textures optimized in external differentiable
renderers are imported into production engines, which often leads
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(a) Rendered

(b) Target (c) Uncertainty Map
Fig. 3. Estimated uncertainty visualization. (a) The rendered image with
optimized textures. (b) The target image from a diffusion model. (c) The
estimated uncertainty map visualized as a heatmap. The optimizer identifies
inconsistent regions (e.g., hallucinated details) and assigns high uncertainty
to prevent these artifacts from contaminating the texture.

to suboptimal results due to differences in rendering algorithms,
lighting models, and shader implementations. To enable gradient-
based optimization within non-differentiable rasterizers (e.g., Unity,
Unreal), we implement a pixel-parallel finite-difference method di-
rectly in shaders. Rather than perturbing each texel independently,
which would require an impractical number of renderings, we per-
turb all texels simultaneously with a random =+e per texel [Deliot
et al. 2024]. The gradients are then accumulated in UV space across
all views:

Vv, = Z M2, (V2), )]

where Mgﬁt maps screen space pixels to texture UV space for view
v, and V} is the per-pixel gradient estimated in screen space.

3.3 Robust Photometric Loss

Standard photometric losses (e.g., MSE) are highly sensitive to out-
liers and inconsistencies in the target images. To mitigate this, we
need a mechanism to automatically identify and down-weight unre-
liable pixels during optimization.

Let e, denote the pixel-wise error at pixel p for view v:

e =15 = W(I G )

where W(It”gt, G?) is the warped target image using the deformation
grid G°.

To handle outliers (e.g., hallucinations), we adopt a robust loss
formulation based on predictive uncertainty [Kendall and Gal 2017;
Martin-Brualla et al. 2021]. Let @ be a color space transformation
and s; = log((a;,’)z) be the predicted log-variance where o repre-
sents the estimated uncertainty of the observation at pixel p. The
photometric loss for a pixel p is defined as:

l[e(ep)II

1
Liphoto(p) = 200)? + ey + 35 4
where € is a fixed tiny constant to avoid division by zero.

The first term penalizes the pixel-wise error weighted by the
inverse variance, while the second term prevents the trivial solution
of predicting infinite uncertainty. We employ a weighted norm in the
numerator (||x||2, = ¥, w.x?) to selectively emphasize specific error
components depending on the texture type. For diffuse textures, we

define @ as the transformation to the YCoCg color space to explicitly



(b) Rendered

(a) Original Target (c) Warped Target

Fig. 4. Deformation grid visualization. (a) The original target image from
a diffusion model. (b) The current rendered image. (c) The target image
warped by the optimized deformation grid to align with the rendered image.

separate luminance and chromaticity components:
||(I)(e)| |\2;v = WY(eY)2 + WChruma(eCO)2 + WChroma(ng)Z- (5)

We set wy = 0.1 and Weprome = 1.0 to prioritize chromaticity
differences over luminance, which helps the optimization focus
on color fidelity rather than brightness variations. For non-color
textures (e.g., metallic or roughness), we use standard RGB Euclidean
distance (®(x) =x,w = 1).

This formulation enables adaptive outlier handling through the
estimated uncertainty. When the optimization encounters inconsis-
tent regions (e.g., hallucinated details in Al-generated images), the
uncertainty estimation increases oy, which reduces the influence of
these pixels on the texture update. Conversely, for reliable regions
with consistent appearance across views, Jg remains low, ensuring
that these pixels strongly guide the optimization. Figure 3 visual-
izes an example where the estimated uncertainty map correctly
identifies inconsistent regions in the target image.

3.4 Geometric Alignment via Deformation Grid

To handle misalignments between the rendered images and target
images, we introduce a per-view 2D deformation grid G that warps
the target image I, . Each grid is a low-resolution (e.g., 64x64) offset
field that warps the target image to better align with the rendered
image I°.

For each view v, the grid G” stores 2D displacement vectors.
Target image pixels are sampled using bilinear interpolation based
on these displacements:

W(Iﬁgt, G%)p = It”gt(p + interp(G?, p)). (6)

Gradients for the deformation grid are computed using finite-
differences at screen resolution. These high-resolution gradients are
then efficiently downsampled to the grid resolution (e.g., 64 X 64) via
GPU-accelerated mipmap generation. To prevent the grid from over-
fitting to background noise, we apply a depth mask during gradient
computation. Figure 4 illustrates how the optimized deformation
grid warps the target image to align with the rendered geometry.

Since the deformation grid optimization is an ill-posed prob-
lem, particularly in textureless regions, we enforce a smoothness
constraint using a standard Laplacian regularizer Lgpo0:n(G?) =
Y [|AG?||? to penalize high-frequency variations, preventing folds
and ensuring physically plausible deformations.
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3.5 Optimization Strategy

While our framework allows for the simultaneous optimization of
all variables (T, G, U), a naive joint optimization can lead to subopti-
mal convergence, particularly when the initial texture significantly
deviates from the target. In such cases, the photometric error is dom-
inated by texture appearance rather than geometric misalignment,
causing the grid optimization to converge to incorrect solutions.

To address this, we employ a multi-phase strategy that progres-
sively refines the results:

(1) Texture Warm-up: Optimize textures T and uncertainties
U with fixed identity grids G to generate anchor textures that
roughly capture the target appearance.

(2) Geometric Alignment: Fix textures T and uncertainties
U, optimize grids G to align target images to the rendered
images based on the anchor textures. Since the anchor tex-
tures already approximate the target appearance, this phase
effectively corrects geometric misalignments.

(3) Appearance Refinement: Finally, we refine the textures
T and uncertainties U using the aligned target images to
recover high-frequency details. The fixed grids G ensure that
the texture optimization focuses solely on appearance without
re-introducing alignment errors.

This phased approach is particularly beneficial when working
with Al-generated target images that exhibit significant inconsis-
tencies. When the target images are well aligned, single-phase joint
optimization can achieve comparable performance to the proposed
multi-phase strategy.

4 Experiments
4.1 Implementation Details

Our framework is implemented entirely in Unity, demonstrating
seamless integration into standard production pipelines. Since all
optimization steps are implemented in the fragment shader, this
method can be easily transferred to other engines that support
shader-based rendering (e.g., Unreal Engine).

Dataset construction. All 3D object examples used in our experi-
ments are exactly those shown in the figures; no additional undis-
closed data is used. Geometry is obtained from publicly available 3D
models. Initial textures are generated using DreamMat [Zhang et al.
2024a], except for human characters, where artist-provided textures
are used since DreamMat did not produce satisfactory results for
human faces. All assets are rendered in Unity, and the rendered
images are processed through a Stable Diffusion [Rombach et al.
2022] 1.5 img2img pipeline with the RealDream 12 checkpoint to
produce the target images.

We set both the rendering and target image to 1024x1024 resolu-
tion. For each iteration, we use randomly sampled 36 viewpoints
distributed uniformly around the object. All textures, including in-
termediate results, are stored and processed in 32-bit floating-point
format to offer sufficient precision for the texture perturbation, gra-
dient estimation and optimization. We employ different learning
rates for each component: 0.001 for texture optimization, 0.0001
for grid deformation, and 0.003 for uncertainty estimation. The
smoothness regularization weight A,y is set to 5. The perturbation
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magnitude € is set to 0.001 and we employ Adam for optimization.
The optimization typically completes 400 steps in approximately 1
minute for a single 2048x2048 texture using 36 views on an NVIDIA
RTX 4090 GPU; computation time scales linearly with the number
of textures and views. This optimization time is suitable for iterative
offline asset refinement workflows where artists repeatedly update
assets.

4.2 Qualitative Comparisons

We evaluate our method on challenging scenarios using Al-generated
multi-view images as targets, constructed as described in Section 4.1.
Importantly, our dataset includes cases with intentional inconsis-
tencies such as local shape deviations, appearing/disappearing ac-
cessories, and inconsistent surface details across views.

Our method consistently produces high-fidelity textures across
diverse geometries and materials, maintaining sharp details even
under significant target inconsistencies (Figure 10). We compare
our method against two categories of methods:

Text-driven generation. Fantasia3D [Chen et al. 2023a] and Dream-
Mat [Zhang et al. 2024a], which generate textures from scratch based
on text prompts. While not a direct inverse rendering comparison,
they serve as a reference for generative quality.

Inverse rendering. nvdiffrec [Munkberg et al. 2022] and Deliot
et al. [Deliot et al. 2024], which optimize textures using the same
target images as ours.

Figure 11 presents a visual comparison across various subjects.
All baselines except nvdiffrec were imported into Unity for fair
comparison. The nvdiffrec results were rendered using their own
differentiable renderer. Fantasia3D and DreamMat successfully
generate coherent textures but often struggle with human subjects
and generally lack photorealism compared to inverse rendering ap-
proaches. While nvdiffrec produces high-quality results within its
native framework, the quality degrades when assets are imported
into Unity due to the rendering gap-discrepancies in lighting mod-
els and shader implementations. In contrast, Deliot et al. maintains
quality as it optimizes directly in the target environment. nvdiffrec
shows some noise and Deliot et al. suffers from blurring and ghost-
ing artifacts due to inconsistencies in the target images. Our method,
however, produces clean and sharp textures, effectively handling
the inconsistencies through the uncertainty map and deformation
grid.

We provide additional results in the supplementary material, in-
cluding optimization on real photographs and application to Unity’s
High Definition Render Pipeline (HDRP). These results further val-
idate our method’s robustness and practical applicability across
different scenarios and rendering pipelines.

4.3 Quantitative Comparison

Quantitative evaluation of texture optimization from Al-generated
targets is inherently challenging due to the absence of ground-truth
images. To enable quantitative analysis, we design controlled ex-
periments using Synthetic Corruption. For all target images, two
types of corruption are applied to validate our key components:
(1) Random Elastic Deformation, applying random 2D geometric
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Table 1. Ablation study on synthetic corruption. Uncertainty estimation
alone outperforms all evaluated baselines, demonstrating its central role in
handling inconsistent targets. Multi-phase optimization further improves
performance by resolving the interference between geometric alignment
and appearance refinement.

Method PSNRT SSIM?T LPIPS |
nvdiffrec 30.7 0.917 0.086
Deliot et al. 32.5 0.932 0.074
Ours (Uncertainty only) 34.0 0.944 0.050
Ours (Deformation only) 30.7 0.927 0.064
Ours (Both, Single Phase) 31.7 0.937 0.050
Ours (Both, Multi-phase) 36.2 0.965 0.025

ﬂ .

B e et et

(a) Baseline (b) + Uncert. (c) + Deform. (d) Full (Ours)

Fig. 5. Visualization of the impact of each component on both synthetic
corruption (top) and real Al-generated targets (bottom). The baseline (a)
suffers from both blurring and baked-in artifacts. Using only uncertainty es-
timation (b) removes artifacts (occlusions in top, hallucinated highlights on
the eye in bottom) but the texture remains blurry due to geometric misalign-
ment. Using only grid deformation (c) sharpens features but accumulates
inconsistent artifacts from multi views. Our full method (d) combines both
components to achieve clean, sharp, and artifact-free optimization.

warping to simulate geometric misalignments, and (2) Random Oc-
clusion, drawing random colored boxes at arbitrary locations to
simulate semantic hallucinations. This setup allows us to measure
reconstruction accuracy against known ground truth.

Table 1 summarizes the quantitative results using PSNR, SSIM,
and LPIPS metrics. nvdiffrec is evaluated in its native differentiable
renderer, as importing its results into Unity would conflate opti-
mization quality with the rendering gap. nvdiffrec and Deliot et
al. suffer significantly from the corruptions, blurring the texture to
average out the errors. The key finding is that uncertainty estima-
tion is the primary driver of improvement: using uncertainty alone
achieves 34.0 dB, outperforming Deliot et al. (32.5 dB) by +1.5 dB.
This demonstrates that identifying and down-weighting unreliable
pixels is crucial for handling inconsistent targets. In contrast, adding
grid deformation alone does not improve quality (30.7 dB), and even
combining both components in single-phase optimization (jointly
optimizing all variables) degrades performance (31.7 dB) compared
to uncertainty alone (34.0 dB). This is because the initial texture
differs substantially from the target appearance, causing the de-
formation grid to establish incorrect correspondences. We observe
that this failure is not only reflected in quantitative metrics, but
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Fig. 6. Convergence comparison on synthetic corruption. Our multi-phase
approach initially matches the single-phase trajectory during Phase 1 (tex-
ture warm-up). After geometric alignment in Phase 2, Phase 3 achieves a
significant quality jump, surpassing all baselines. Note that nvdiffrec con-
verges faster initially but saturates at a lower PSNR and oscillates due to its
inability to handle target inconsistencies.

Table 2. Sensitivity analysis on hyperparameters. (Left) Robustness to per-
turbation magnitude €. The method remains stable across two orders of
magnitude. (Right) Impact of deformation grid resolution. The 64 x 64 grid
achieves the most balanced performance.

e  PSNRT SSIMT LPIPS|  GridSize PSNRT SSIMT LPIPS |

0.0005 36.0 0.962 0.025 16X16 36.3 0.959 0.034
0.001 36.2 0.965 0.025 32X32 36.7 0.964 0.029
0.002 36.1 0.966 0.026 64x64 36.2 0.965 0.025
0.01 36.1 0.966 0.027 128x128 35.8 0.963 0.023
0.05 36.1 0.966 0.027 256X256 353 0.960 0.029

Table 3. Sensitivity analysis on number of views. Quality improves consis-
tently with more views but saturates beyond 16 views.

Views  PSNRT SSIMT LPIPS| , Views A PSNRT SSIMT LPIPS |

1 20.4 0.675 0.298 8 27.2 0.890 0.100
2 24.0 0.797 0.191 16 32.7 0.939 0.035
4 25.6 0.856 0.134 32 35.7 0.963 0.025

also manifests as visible geometric drift and texture baking artifacts,
which we demonstrate in the accompanying video.

Our multi-phase strategy resolves this interference, achieving
36.2 dB (an additional +2.2 dB over uncertainty alone). Figure 6
validates this strategy: a distinct quality jump occurs immediately
after enabling geometric alignment (Phase 2), confirming that the
anchor textures from Phase 1 successfully prevent the incorrect
correspondences observed in single-phase optimization. Notably,
when applying our texture initialization strategy (see the supple-
mentary material) to provide a better starting point, single-phase
optimization achieves comparable results (36.9 dB/0.965/0.027) to
multi-phase (37.1 dB/0.964/0.024), confirming that single-phase op-
timization suffices when reliable initial textures are available. Note
that both grid deformation and uncertainty estimation are imple-
mented as simple shader passes (a few blits per iteration), adding
negligible computational overhead to the baseline optimization.
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Optimized Original

Standard

Standard (Spec.) Mobile

Fig. 7. Comparison of results across three Unity shaders (left to right):
Standard, Standard (Specular Setup), and Mobile/Bumped Diffuse.

Original Target

Optimized

Fig. 8. Our optimization method can also be applied to custom shaders.
This is an example of applying a cartoon-like shader.

4.4 Sensitivity Analysis

Table 2 analyzes sensitivity to two hyperparameters: the perturba-
tion magnitude € and the resolution of the deformation grid. Our
method shows remarkable stability across two orders of magnitude:
PSNR varies by only 0.2 dB between € = 0.0005 and € = 0.05. Such
insensitivity to hyperparameter selection simplifies practical deploy-
ment. Regarding the deformation grid resolution, coarse grids (e.g.,
16 % 16) lack the flexibility to correct complex local misalignments,
resulting in higher perceptual error (LPIPS 0.034). Conversely, overly
fine grids (256 x 256) tend to overfit to high-frequency noise or arti-
facts, leading to unstable convergence and a drop in PSNR. We found
that a resolution of 64 X 64 provides the optimal balance, achieving
the highest structural similarity (SSIM 0.965) and low perceptual
error.

We also analyze the impact of the number of views (See Table 3).
Quality improves consistently as views increase but saturates be-
yond 16 views (32.7 dB vs. 35.7 dB at 32 views), suggesting that 32
views provide a practical trade-off between quality and computation.

4.5 Shader Variation

To verify that our optimization is not limited to a single shader, we
tested four different shaders available in Unity: Standard, Standard
(Specular Setup), Mobile/Bumped Diffuse, and a custom shader. As
a custom shader, we chose a cartoon-like shader to show that it
can be applied to completely different types of shaders. Figure 7
and 8 show that our method successfully optimizes in all four cases,
though the final image fidelity depends on each shader’s ability to
represent the surface.

SIGGRAPH Conference Papers "26, July 19-23, 2026, Los Angeles, CA, USA.
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Render in Unity Optimized

Optimized”

Fig. 9. Comparison with nvdiffrec [Munkberg et al. 2022] that uses a differ-
entiable renderer. Top: the ground-truth target from the Mold Gold Cape
dataset (left), nvdiffrec-generated geometry (center), and the renderer’s na-
tive result (right). Bottom: the rendering result in Unity (left), our in-engine
texture optimization (center), and an outcome of using higher-resolution
target images for the texture optimization (right).

4.6 Comparison with Analytical Gradients

We conduct a comparative analysis between our numerical finite-
difference approach and the analytical differentiation used in stan-
dard differentiable renderers like nvdiffrec [Munkberg et al. 2022],
evaluating them in terms of gradient accuracy and computational
efficiency.

A primary concern with finite-differences is approximation error.
To quantify this, we implemented our finite-difference approach
within nvdiffrec’s framework. With geometry and lighting fixed,
nvdiffrec’s analytical gradients achieved 24.3 dB PSNR while our
finite-difference method achieved 24.1 dB. The marginal difference
(< 0.2 dB) confirms that numerical gradients are a viable alternative
to analytical gradients.

Beyond comparable accuracy, our per-texel formulation also of-
fers practical flexibility: since our approach computes gradients
per-texel without batching constraints, it naturally supports higher-
resolution target images, yielding sharper details (Figure 9, Opti-
mized*).

5 Limitations and Future Work

Although our method provides high-quality results in diverse sce-
narios, several challenges remain. First, assets with complex trans-
parency or fine geometric details, such as hair strands and alpha-
heavy assets, remain challenging. Second, while our uncertainty
map effectively handles semantic hallucinations, extreme cases
where the majority of target pixels are unreliable can still degrade
optimization quality. Third, our method provides only partial illumi-
nation decoupling: generative targets may contain view-consistent
but physically incorrect lighting patterns (e.g., specular highlights
fixed across views), which can be partially baked into the recovered

SIGGRAPH Conference Papers "26, July 19-23, 2026, Los Angeles, CA, USA.

textures. This is due to ambiguity in the input, where reflectance
and illumination cannot be fully separated, although the effect is
reduced when the targets have sufficient lighting variation.

There are several interesting directions for future work. While we
currently target rasterization-based engines (e.g., Unity, Unreal), ex-
tending our method to ray-tracing pipelines could improve fidelity
for complex light interactions such as caustics and global illumi-
nation. Additionally, while we prioritize preserving artist-created
geometry in this work, extending to joint optimization of shape
and environment maps would broaden the applicability of our ap-
proach. Finally, another exciting avenue is tighter integration with
generative models. Instead of treating image generation and texture
optimization as separate stages, a unified pipeline that iteratively
refines both prompts and the texture parameters could yield even
higher fidelity and consistency.

6 Conclusion

In this paper, we present a robust texture optimization framework
that integrates seamlessly into existing non-differentiable render-
ing pipelines while handling the inherent inconsistencies of Al-
generated target images. By combining per-view deformation grids
and uncertainty-aware optimization, our approach effectively decou-
ples geometric misalignment from semantic hallucinations, recover-
ing sharp textures where previous methods produce blur and ghost-
ing artifacts. The entire optimization runs directly within shader
programs, avoiding the constraints of specialized differentiable ren-
derers and maintaining compatibility with widely used engines such
as Unity and Unreal.

Experimental results across diverse scenarios demonstrate that
our method outperforms existing approaches in both visual quality
and robustness. Overall, our framework addresses the growing need
for practical tools that bridge generative Al and production render-
ing pipelines. By enabling artists to leverage Al-generated imagery
without sacrificing fidelity or workflow efficiency, our approach
provides a robust and efficient solution for studios, game devel-
opers, and researchers seeking to integrate emerging generative
techniques into their existing infrastructure.
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Fig. 10. Texture optimization results on diverse objects. For each example, we show two rendered views and the optimized PBR texture maps (albedo, roughness,
metallic). Our method successfully handles a wide range of materials demonstrating strong generalization across object categories.
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Fantasia3D nvdiffrec in Unity Deliot et al.

Fig. 11. Comparison against text-driven generation approaches (Fantasia3D [Chen et al. 2023a], DreamMat [Zhang et al. 2024a]) and inverse rendering
methods (nvdiffrec [Munkberg et al. 2022], Deliot et al. [Deliot et al. 2024]). Fantasia3D and DreamMat produce coherent textures but lack photorealism,
especially for human faces. nvdiffrec shows results rendered in its native framework, while nvdiffrec in Unity denotes the same assets imported into Unity,
illustrating the rendering gap. nvdiffrec achieves high quality in its native renderer but exhibits noise and the quality degrades when imported into Unity.
Deliot et al. optimizes directly in Unity but suffers from blurring and ghosting artifacts due to target inconsistencies. Our method produces clean, sharp
textures by handling inconsistencies through uncertainty estimation and deformation grids.
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