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Interactive Relighting

Figure 1: We train a compact network to predict transport through the scene arriving at sensor locations using light-agnostic path data, allowing
us to relight complex scenes. Our model is interactive, has a modest memory footprint, generates high-quality and temporally coherent shading,
and is differentiable, admitting image-driven lighting parameter optimization through otherwise non-differentiable production renderers.
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Abstract

Within the CG animation production pipeline, the challenges artists tackle in Lighting can be immense. Even minor adjustments
require re-rendering massive scenes with slow offline renderers; global illumination has to be sampled and complex shaders
have to be evaluated, leading to iteration times of minutes to hours per frame. To accelerate this process, we introduce a novel
neural render proxy (NRP) that enables differentiable relighting of static scenes with fixed camera and materials at interactive
rates. Our main insight is the decoupling of traditional rendering into path sampling and emission computation. From a single,
light-agnostic render pass, we collect light transport data in the form of path samples. This enables rapidly sampling lighting
conditions on the fly, and training a scene-specific lightweight neural network that learns how light is transported from any
scene location to any image pixel. This approach is compatible with non-differentiable production renderers, induces minimal
memory requirements during inference, and scales only with resolution and the number of light sources and parameters, but
independently of scene and appearance complexity. Our evaluation demonstrates interactive frame rates for relighting (~30-60
Hz) while closely approximating the visual fidelity of ground-truth path tracing. In addition, the differentiable NRP enables fast,
gradient-based inverse workflows, allowing artists to efficiently solve for lighting parameters from intuitive image-space edits or
generative targets.

CCS Concepts
» Computing methodologies — Ray tracing; Machine learning;
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1. Introduction

High-fidelity lighting in production environments is inherently iter-
ative and slow. Fine-tuning lighting typically happens at the very
end of the production pipeline, i.e., once materials, camera and ge-
ometry are fixed. However, even minor edits at this stage require
iteration times of minutes to hours due to frame or sequence re-
renders. This bottleneck is compounded by the fact that current
production pipelines are effectively one-way streets: They gener-
ate images from scene parameters, but cannot translate intuitive,
image-space art direction back into the 3D scene. Since produc-
tion renderers are usually non-differentiable, artists are trapped in a
slow trial-and-error loop, as image-guided optimization of lighting
parameters is not readily supported.

Prior work on interactive relighting has largely relied on image-
space post-processing (e.g., compositing), generative image synthe-
sis methods, or interactive renderers. While compositing is an essen-
tial tool in production pipelines, it is fundamentally an image-space
operation, limiting the light edits it supports. Generative Al attempts
to bridge this gap in image space, but, while visually impressive,
struggles to faithfully represent physical interactions and lacks con-
trollability, limiting its use for lighting. Conversely, while modern
production relies on physically accurate path tracing [Phal8], inter-
active path tracing systems do not scale yet to the geometric and
material complexity of production scenes. Consequently, digital
lighting artists have no viable way to reconcile fast iteration with
the requirement for physically accurate, production-scale rendering.

We introduce neural render proxy (NRP), an approach to inter-
active lighting for static scenes with fixed views that bridges the
gap between high-fidelity path tracing and interactive scene- and
image-space light manipulation. Our key insight is that decoupling
the expensive light transport simulation from final pixel synthe-
sis allows us to cache complex physical interactions into a highly
compressed, relightable representation. By acting directly on path
vertices and throughput weights generated by an offline path tracer,
we train a compact multi-layer perceptron (MLP) that maps param-
eters of standard light sources, like sphere lights or quad lights, to
their effect in the image plane. This lightweight representation en-
ables interactive re-rendering with dynamic lighting configurations
at runtime, while faithfully synthesizing complex light transport and
scaling independently of scene geometry and material complexity.

To attain interactive relighting without exorbitant pre-
computation, our training scheme extracts rich supervision data
from a single, light-agnostic rendering pass. This distinguishes our
approach from prior image-based neural transport methods, which
explicitly require the generation of many different lighting configura-
tions in an expensive pre-pass [ZFT*21]. During training, we reuse
our light-agnostic sample data to create training examples on-the-
fly, massively reducing end-to-end turnaround times and memory
footprint. Our efficient training scheme takes between tens of min-
utes and a few hours depending on scene complexity, allowing it
to seamlessly integrate into standard overnight render cycles to be
ready for interactive editing the next morning. Once trained, NRP
compresses tens of gigabytes of raw path data into a few megabytes
of network weights, which can be quickly loaded into memory and
used for lighting at interactive frame rates (i.e., ~30-60 Hz), while
maintaining temporal consistency across continuous edits.
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In addition, our resulting neural model is differentiable and allows
us to back-propagate image-space losses to light parameters at inter-
active rates, enabling image-based light editing paradigms, including
“light painting” and art direction guided by modern generative image
synthesis tools.

In summary, our contributions are:

e An efficient framework for re-using paths from path tracers for
interactive relighting at production-quality accuracy.

e A neural render proxy that compresses the samples by several
orders of magnitude and enables inverse rendering applications.

e A suite of tools based on our neural render proxy that demonstrate
its applicability for art-directed and generative lighting.

2. Related Work

Neural image-based methods. Recent neural relighting meth-
ods leverage pretrained diffusion models for scene generalization,
with intrinsic decompositions into albedo, normal, and shading
or material property buffers [ZDG"24, LCY*24, LDHG*25] en-
abling finer relighting control. User control has been extended to
text-guided lighting [ZRA25], scribble-based guidance [CWP*25],
parametric light manipulation [MHT*25], and intrinsics-based re-
lighting [XGK*25]. Others condition on radiometric cues such
as radiance hints [ZDP*24], HDR environment maps [EDG"25,
JLL*24], or point lights [BFB*25]. Closer to our setting, Light-
Former [RHP*24] encodes virtual point lights into neural embed-
dings for real-time relighting of fully dynamic scenes, and Render-
Former [ZDP*25] uses transformers to render triangle meshes with
global illumination without per-scene training, though it is limited to
4,096 triangles and a single BRDF model. Neither method supports
volumetric transport, and neither has been applied to inverse lighting
optimization.

Earlier learning-based methods train on large datasets of images
rendered under many lighting configurations [RDL*15,ZFT*21];
more recent work improves generalization via self-supervised in-
verse rendering [CA25] or shadow-aware single-image relight-
ing [GRP22]. Despite their flexibility, most of these approaches
rely on generative priors that do not adhere to production art di-
rection and offer limited guarantees on the physical consistency of
complex transport effects (caustics, inter-reflections), and are incom-
patible with the physics-based light transport parametrizations of
production rendering workflows.

Interactive and accelerated rendering. Production path tracers
require minutes to hours per frame, making interactive lighting itera-
tion infeasible. Real-time denoising and upscaling techniques reduce
noise in low-sample renders but do not change the fundamental cost
of re-tracing paths when lights move. Spatiotemporal reservoir re-
sampling [BWP*20] improves light sampling efficiency for direct
illumination but still requires the full scene and renderer in the loop
for each configuration. Neural Radiance Caching (NRC) [MRNK21]
trains a small MLP online to predict radiance at path vertices, al-
lowing early path termination and accelerating convergence within
a running path tracer. Though conceptually related, NRC encodes
the current lighting implicitly in its weights rather than accepting
light parameters as input, so it cannot evaluate radiance under novel
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Figure 2: Our Pipeline. Training (left): We collect lighting agnostic paths from path tracing the scene before generating denoised image with
random lighting conditions to serve as training data. Our neural render proxy (NRP; middle) is a lightweight MLP with hashgrid positional
encoding that predicts light transport to a sensor pixel from an input light. To reduce training time and avoid spectral bias, we condition the
NRP on auxiliary features (albedo, depth and normals) at sensor image coordinates. At inference time (top right), we can relight the scene at
interactive rates by inserting virtual light sources into the scene. Since the NRP is also differentiable, we can optimize for lighting parameters
(bottom right) using gradient descent, driven by any number of image-space guidance approaches.

lighting without continued online training and provides no gradi-
ent path to light parameters for inverse optimization. Path guiding
methods [MGN17, HSRM25] improve sampling efficiency but like-
wise require full scene access and per-configuration re-tracing, and
are not differentiable. Our method decouples the renderer from in-
ference entirely: Once the neural proxy is trained from a single
light-agnostic rendering pass, the scene and renderer are no longer
needed for either interactive forward relighting or differentiable
inverse applications.

Differentiability and physically-based rendering. Production ren-
derers are typically non-differentiable, ruling out gradient-based
optimization of scene parameters from image-space objectives. Dif-
ferentiable renderers address this gap through specialized automatic
differentiation and just-in-time compilation [JSR*22, JSRV22],
which incorporate adjoint methods such as radiative backpropa-
gation [NDSRJ20] and path replay backpropagation [VSJ21]. Visi-
bility discontinuities are commonly treated through explicit bound-
ary sampling [LADL18], path-space boundary integrals [ZMY *20],
and warped-area reparameterization [BLD20, WMB™25]; these ap-
proaches require specialized boundary or auxiliary computations
that add significant overhead. Lipp et al. [LHEN*24] specialize ad-
joint light tracing for view-independent lighting design optimization
at interactive rates, but like all differentiable rendering methods
discussed above, require full scene access and ray tracing at each
gradient step, inheriting the computational challenges of forward
rendering on production-scale scenes.

Neural inverse rendering methods [BBJ*21,ZLW*21] and differ-
entiable Gaussian surfel approaches [JSL*25] are implicitly differ-
entiable but do not capture full physics-based volumetric transport.
Hadadan et al. [HLN*23] use a neural radiometric prior grounded
in the rendering equation for inverse global illumination, but their
method targets scene recovery rather than interactive relighting.

We are most closely inspired by methods that fit local neu-
ral surrogates (i.e., proxies) for small-step optimization to (non-
differentiable) path tracing output [FR24] or estimate higher-order
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gradients stochastically [WFR25]. During optimization, however,
the renderer and scene must remain in the loop: Each step re-renders
the scene (at low sample counts) to update the local surrogate before
taking a gradient step through it. Our method requires neither re-
loading the full scene nor re-tracing rays after training, compressing
tens of gigabytes of path data into a few megabytes of network
weights within a modest time budget. Variance-aware inverse ren-
dering [YPD*24] has recently been proposed to make the variance
of Monte Carlo estimators itself differentiable and optimizable with
respect to scene parameters. Our neural proxy avoids this problem
entirely by producing noise-free, deterministic derivatives via stan-
dard backpropagation. This comes at a cost: The proxy is specific
to a given scene and view, and introduces approximation bias from
MLP regression, which we quantify in Section 4.

Lighting estimation. Methods that estimate lighting from images
are commonly used for relighting and virtual object insertion. Early
approaches rely on regressing the lighting parameters [GSY*17],
and recent works use generative priors to recover high-fidelity
HDR environment maps: Diffusion models can estimate scene
lighting directly [LHG*25] or via high-frequency reflective prox-
ies [PCS*24, TWZ25], while other approaches use spatiotemporal
representations [SBD*25] or joint geometry-material-lighting re-
covery [WJZ*25]. Environment map optimization has also been
shown to benefit from diffusion-guided refinement [LGND*24].
UniLight proposes a lighting representation suitable for transferring
lighting conditions across images [ZGF*25]. Whether parametric or
map-based, these methods recover lighting from observations rather
than providing interactive control over individual light parameters
or inverse optimization from image-space objectives, which our
approach enables.

Traditional relighting. Precomputed radiance transfer (PRT)
projects light transport onto a compact basis for rapid relight-
ing [KSLO5], with recent neural extensions improving flexibil-
ity but remaining restricted to distant environment map illumina-
tion [RBRD22,RXL*23]. Instead of pre-integrating against a fixed
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basis, we cache raw transport structure (path vertices and throughput
weights), enabling relighting with arbitrary lights and materials not
expressible in any pre-integration basis, including local lights in
scenes with participating media (volumes).

Lighting design in computer cinematography. Interactive light-
ing in production has a long history predating modern path trac-
ing. Painting-based inverse systems trace back to Schoeneman et
al. [SDS™93], later generalized to nonlinear optimization over many
light parameters via black-box renderer evaluation [PBMF07]. Com-
plementary interfaces let artists directly manipulate shadows as
first-class primitives [PTGO02], and user studies have compared di-
rect, indirect, and painting paradigms [KP09]. In parallel, deep-
framebuffer relighting engines such as Lpics [PVL*05] and Light-
speed [RKKS*07] enabled interactive previews of production-scale
RenderMan scenes by caching first-hit surface response and re-
executing simplified light shaders on the GPU. These systems were
tied to the REYES era: direct illumination only, first-hit caches
rather than full transport, strictly forward, and a bake invalidated
by any change to camera, geometry, or shaders. Modern produc-
tions have largely moved to fully path-traced pipelines [Phal8] in
part to escape this baking overhead, at the cost of re-rendering per
edit. Our method revisits this spirit for the path-traced era: a single
light-agnostic pass yields a compact, differentiable proxy that cap-
tures multi-bounce transport and supports both interactive forward
relighting and gradient-based inverse design.

In summary, the methods above address complementary aspects
of lighting design but leave fundamental gaps. In production, artists
craft illumination by directly manipulating light parameters such as
positions, intensities, and shapes, retaining full creative control at the
cost of iteration speed. Research on accelerated rendering, efficient
sampling, and denoising continues to narrow this gap and is indis-
pensable, but the complexity of production scenes, with massive
geometric complexity, complex global illumination, and intricate
shading graphs, keeps physically grounded interactive editing out
of reach. Generative and image-based methods offer intuitive, high-
level control through prompts, scribbles, or reference images, but
without grounding in the physical transport of the scene. The out-
puts of generative methods do not decompose into parametric light
descriptions and cannot guarantee that a proposed edit is physically
realizable.

Our method bridges both: A single offline precomputation step
yields a compact, differentiable neural proxy that provides inter-
active forward relighting with full parametric control, while its
differentiability enables gradient-based translation of image-space
objectives into scene lighting parameters.

3. Method

The traditional offline rendering pipelines for relighting of static
scenes suffer from slow scene loading, long render times, and are
typically non-differentiable. We replace this with a differentiable
neural render proxy trained from data collected during a single
rendering process that can predict images for arbitrary lighting con-
figurations at interactive rates and is amenable to inverse rendering
applications.

We begin by showing that in the context of forward path tracing

def SAMPLEPATHS(pX, scene):
Ppx + []
fori=0...Nyp:
Ty + RGB(1,1,1)

def RENDER(pX, scene, virtLights): X0, ® < SampleCamera(pixel)

Ix < RGB(0,0,0) for j = 0...maxDepth:
fori=0... Nspp* xj41 < Intersect(scene, x;, )

Typ < RGB(1,1,1) o, fs, p < SampleBsdf(x;, |, —o)
X0, ® < SampleCamera(pixel) Tjiv1 < Tj- fs/p

for j = 0...maxDepth:
xjr1 < Intersect(scene, x;, ®)
for light € virtLights:
if hit = Intersect(light, x;,x;,1):
Ipx < Ipx + T - Le(light, hit)

Ppx-append( [ (Ty, xo), (T1,x1),-.-])

return Ppx

def GATHERLIGHT(virtLights, Ppy):

®, fs, p < SampleBsdf(x; |, —w) Ix < RGB(0,0,0)
Tip1 < Tj- fs/p for [(To,xo), (T1,x1),-..] € Ppx:
for j = 0...maxDepth:

return /px

for light € virtLights:

if hit = Intersect(light, x;,x;;1):
Ipx <= Ipx +Tj - Le(light, hit)
return l‘,\

(a) Standard path tracing interleaves (b) We decouple tracing rays (only
tracing rays and illumination compu- requiring scene information) and pro-
tation, requiring information about ducing the image (based on light pa-
scene and lights at the same time. rameters and pre-computed paths).

Figure 3: Classic path tracing vs. our decoupled approach

and virtual lights, rendering can be decoupled into path sampling,
which requires scene but not light information, and emission compu-
tation, which requires light but no scene information (Section 3.1).
This decoupling allows us to pre-compute path samples once, and
reuse them for fast relighting with arbitrary light configurations,
albeit at the cost of operating on large path sample dumps.

To reduce memory requirements and support differentiability, we
introduce our neural render proxy (Section 3.2), which encodes the
paths’ sample information in a compressed, continuous, and differ-
entiable representation, enabling applications such as art-directed
edits and generative relighting.

3.1. Decoupled Rendering

Virtual light sources are popular in production rendering because
they allow adding emission to a scene without introducing undesired
scattering effects—when a virtual light is intersected, its emission
is added to the image, but the ray continues unaltered. Since the
construction of paths is therefore unaffected by the placement of
light sources, we can re-order the computations carried out by a
path tracer without altering the result. Traditionally, path tracing
interleaves the intersection of virtual lights and the computation of
their emission with the path generation process (Figure 3a). In our
approach, we split the computation into two passes (Figure 3b):

The first pass (SAMPLEPATHS) samples paths and accumulates
path vertex positions and their corresponding throughput weights
for a given originating pixel. This pass absorbs the most expensive
components of the rendering process: the cost of loading the scene,
intersecting rays with its geometry, and evaluating shaders. Since
it does not require any information about the light sources, the
aggregated data can be reused to render various different lighting
configurations.

© 2026 The Author(s).
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Figure 4: Production scenes. Interactive relighting results created by artists using our neural render proxy on large-scale production scenes.
Each row shows three different light configurations for the same scene. Our method faithfully captures complex light transport effects including
fur (top), translucency (middle), and volumetric lighting (bottom). © Disney

The second pass (GATHERLIGHT) uses the path samples to test
each segment for intersection with virtual lights. When a light is
intersected, its emission is weighted by the throughput weight at
the current vertex and simply added to the image. Utilizing the high
memory bandwidths of GPUs, this relighting process can be car-
ried out at interactive rates without requiring advanced acceleration
structures. However, this pass requires storing large sample dumps
alongside each render, typically weighing dozens of gigabytes per
frame, which can quickly become prohibitive, e.g., when relighting
of entire animation sequences is desired.

Importance sampling To ensure that GATHERLIGHT can produce
unbiased renders for novel lighting configurations, SAMPLEPATHS
needs to sample all possible directions that could intersect a light.
Fortunately, illumination-unaware sampling techniques such as
BSDF sampling fulfill this requirement. Similarly, techniques such
as Russian roulette can be employed to reduce the number of path
samples, and hence the computational cost of GATHERLIGHT. How-
ever, our method does not benefit from illumination-aware tech-
niques such as next event estimation (NEE) or path guiding, as these
require knowledge of the light configuration at path generation time.
In practice, the noise of the generated image depends on the number
of segments that intersect with the virtual light. This means that
very small light sources as well as lights located in sparsely sampled
scene regions can be challenging for our approach. We discuss our
mitigation for this issue further in Section 4.4.

Volume rendering. Our method naturally extends to volumes that
can be rendered through analogous free-flight sampling techniques,
including both homogeneous and heterogeneous volumes with arbi-
trary phase functions, but excludes volumes with spectrally varying
densities. Free-flight sampling techniques, such as delta tracking
or analog decomposition tracking [KHLN17], distribute scattering

© 2026 The Author(s).
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distances according to transmittance, which cancels out changes
to the throughput weight that would otherwise be required when
intersecting an object within the volume. Since such methods do
not require light source locations, and all information about trans-
mittance is fully contained in the distribution of path segments,
GATHERLIGHT naturally extends to volumetric effects rendering
without any alterations.

3.2. Differentiable Neural Render Proxy

To reduce the storage requirements of our relighting approach, we
train a neural network to imitate the GATHERLIGHT function. Since
this function has dynamic inputs, i.e., the virtual lights and their
parameters, whose count and role depend on the number of light
sources and their respective types, we begin by decomposing the
function. By utilizing the linearity of light transport, we can split the
general GATHERLIGHT function into distinct GATHERype functions
for individual light source types (e.g., quad lights, sphere lights) and
factor out the intensity of the light source E(v),

GATHERLIGHT(V, Ppx) = Y, E(v) - GATHER ype(y) (v, Ppx)- (1)
veVy

Here, V is the list of all virtual light sources, with each entry
v € V containing all the parameters relevant for the respective
light type. Ppx is the list of all paths for a given pixel px as traced by
SAMPLEPATHS, where each entry p = [(To,x0), (T1,%1),--.] € Ppx
corresponds to one path generated by path tracing, with x; being the
path vertex at index i, and 7; its corresponding throughput weight.
We denote the computed pixel value from the path sample data by
Ipx = GATHERLIGHT(V, pr), and refer to it as the reconstruction
throughout the paper.

We then train one neural network for each type of light source on
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Figure 5: Qualitative image-based relighting comparison. Our relighting setting matches that of image-based relighting using generative
networks. Two leading approaches with similar input settings (image, auxiliary features, and lighting condition) are presented. Generative
models do not preserve scene geometry, do not adhere to material appearance behavior, and produce lighting that is plausible, but is not
physically reasonable. Our method produces high-quality and high-fidelity appearance in real-time. Note that the aspect ratio is different since

the generative models used consider squared images.

the pre-computed path sample dump to obtain
./\/type (px, pr, V) ~ GATHER[ype (V, pr ) . (2)

Inspired by denoising architectures, we have found that including
auxiliary pixel features Fpx, such as the albedo or normals at a
given pixel px, drastically improves the accuracy of the network
and accelerates its training convergence. The exact features and
encodings used by our model are discussed in Section 4.3.

Computing the final image given a set of light sources V is then
achieved by summing up the result of our neural network for each
light source and weighting by the emissive strengths E of the lights:

Ipx = ) E(v) Nigpe(n) (PX. Fpx, V). ®
vey

Scaling with parameters. The number of input parameters to our
neural networks greatly depends on the types of light sources to be
rendered. We have observed that our method works best for lights
with lower parameter counts, such as sphere lights (four parameters:
3D position, radius) or quad lights (eight parameters: 3D position,
3D normal, width and height). Generalizing to more complex types,
such as area lights of arbitrary shapes or textured lights, remains a
question for further investigation.

Differentiability. Replacing GATHERLIGHT by a neural network
not only drastically reduces the storage requirements (typically
from gigabytes to megabytes), but also converts an otherwise non-
differentiable function to a differentiable one. This makes our model
an effective surrogate for the full renderer, which we exploit for
applications such as art-directed edits to light configurations (see
Section 6.2) and harnessing generative models for automatic lighting
of scenes (see Section 6.3).

4. Implementation

We have implemented the neural render proxy described in Section 3
on top of PyTorch and t iny—cuda-nn [Miil21]. The overall pro-
cess is depicted in Figure 2.

4.1. Path data caching

We collect path data by rendering the scene offline once in a light-
agnostic pass as described in the SAMPLEPATHS step in Section 3.1:
Paths are traced from the camera following BSDF importance sam-
pling without NEE, applying throughput-based Russian roulette. For
production scenes we use Walt Disney Animation Studios’ CPU
production renderer Hyperion [BAC™ 18], while academic scenes
are rendered with Mitsuba 3 [JSR*22]. For each path vertex, we
store its 3D position and the throughput weight, along with the
direction for paths that escape the scene without hitting geome-
try. Importantly, this caching requires no intrusive or algorithmic
modifications to a standard Monte Carlo path tracer. In production
renderers, existing path recording structures such as those used for
path guiding [HSRM25] can be repurposed directly. In our experi-
ments with production scenes at a resolution of 960x402 with 512
samples per pixel (spp), rendering the path data took ~30 minutes
including scene loading, using 32 threads of an Intel Xeon Gold
6342 at 2.8 GHz. The memory footprint of these scenes during ren-
dering was between 14 and 28 GB of RAM. The complete details
are included in the appendix.

4.2. GPU-accelerated reconstruction

The GATHERLIGHT step described in Section 3.1 requires testing
millions of path segments for intersection, which can severely bot-
tleneck performance if implemented naively. We thus implement
a single fused Triton kernel [TKC19] that evaluates all segments
uniformly in one pass.

Memory layout and compression We pack the dataset into an in-
terleaved representation, storing geometry in half-precision (fp16)
and HDR color throughput in rgb9e5, a 32-bit shared-exponent
floating-point format that captures the full HDR range of path
throughputs while saving 8 bytes per segment compared to a stan-
dard £1oat 32 RGB triple. This layout lets the path data for a ren-
der of 960 x 402 at 512 spp or, equivalently, 1920 x 804 at 128 spp,

© 2026 The Author(s).
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Table 1: Reconstruction by spp (top) and inference performance by
network size (bottom) for the Kitchen scene (885 x 500 pixels).

Reconstruction 32spp 64spp 128 spp 256spp 512spp  Den.
Time (ms) 1.05 1.86 3.48 6.90 13.89 2.60
GPU Memory (GB) 1.22 2.42 4.82 9.63 19.25 —

Inference 16/4 32/4 64/4 128/8 256/8  512/8
Time (ms) 0.83 0.98 1.20 3.13 9.13 31.21
Model Size (MB) 5.6 5.6 5.7 6.1 7.4 133

both with up to 6 segments per path, fit comfortably in consumer
GPU memory.

4.3. Network architecture

Beyond the parameters of the light source, our networks accept nine
further inputs: the pixel coordinates px (2D) and pixel features Fpx
(albedo + depth + normal, 7D). The outputs of the networks are
the contribution of the light as described in Equation 2, which are
multiplied with the light emission E and summed up to give the final
pixel value I’\px‘

Encodings The pixel coordinates px are encoded by a two-
dimensional multi-resolution hashgrid [MESK22], which we have
found helps the network to learn sharper discontinuities in image
space (e.g., shadow edges). We have experimented with encodings
for the other inputs, but have found little benefit in them.

4.4. Training

For each training batch, we sample random light parameters for each
pixel px and construct the desired target pixel values via path data
gathering. We then compute the loss between the predicted output of
our network and the target output. With a standard configuration (a
680 x 680-pixel scene at 512 spp and a network of 8 layers with
256 neurons), we train our neural proxy for 100k iterations, taking
approximately 1 hour on an NVIDIA RTX 5090 (32 GB VRAM).
Robust training, however, requires careful design of the light pa-
rameter sampling strategy, the loss function, and the mitigation of
excessive noise in the training data. To address the latter, we denoise
pixels using an off-the-shelf interactive denoiser, as described below.

Denoising. While it is possible to reconstruct individual pixel val-
ues Ipx for any light configuration through gathering, we found
the noise of the reconstructed values for small light sources to be
prohibitive for effective network training. To combat this, we in-
corporate an interactive denoiser [Afr26] in our training pipeline.
This denoiser uses the same auxiliary features used by the network
itself (Section 4.3) to better preserve geometrical edges. However,
utilizing a denoiser forces us to use the same light parameters across
all pixels, which heavily limits lighting diversity in a single batch
and hinders the training process. To mitigate this, we keep a pool of
denoised images for various light configurations in memory, and for
each pixel sample uniformly from this pool. In all our experiments,
we use an image pool of size 300, and replace 2 images every 5
iterations of training. This replacement strategy ensures adequate
coverage of the domain of possible light configurations.

© 2026 The Author(s).
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Figure 6: Path-based training. PSNR (dB) in tonemapped space,
averaged across three scenes. Each bar is a network trained on N
images at S spp with NEE (N xS). Blue: increasing dataset size
at 1 spp. Orange: fixed budget of 1024 total samples per pixel,
redistributed across images. Dashed red line: our method, trained
on light-agnostic path data from a 64 spp render. Despite 16X
fewer sampled paths, our approach outperforms all image-based
configurations.

Sampling light positions. To pick a random light position for a
given pixel px, we use different strategies depending on the charac-
teristics of the scene. For smaller scenes, we uniformly pick among
our recorded path segments for that pixel, and then choose a random
point uniformly on that segment. This implicitly importance samples
positions that have higher contribution to the image (e.g., are closer
to the camera or strongly reflected by objects), and avoid positions
that do not contribute to any pixel in the image (e.g., lights within
closed objects). However, some of our tested production scenes are
gigantic in scale and only a tiny fraction is directly visible from the
camera. In such cases, segment-based sampling can produce subop-
timal training candidates, causing the network to allocate capacity
to regions where lights are unlikely to be placed during inference.
As a practical remedy for such scenes, we instead sample uniformly
within the bounding box of all positions visible from the camera.
More sophisticated sampling schemes could be explored in future
work.

Loss function We use the relative mean squared error loss of Miiller

et al. [MRNK21] to account for the high dynamic range of the data,

assigning equal importance to errors across dark and bright regions:
Ly (o —I)?

Lupr(l,1) = — Y P PX 4
upr(L,1) pr§sg([px)2+6 “

where ipx is the predicted value at pixel px, Ipx is the denoised
reconstructed value, € is a small constant (we always set it to 0.01)
and sg(-) is a stop-gradient operation.

5. Evaluation

We evaluated our system across several academic and produc-
tion scenes at different sampling rates to measure scalability. All
our trainings and experiments are conducted on an NVIDIA RTX
5090 (32 GB VRAM).
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Figure 7: Quality metrics vs. samples per pixel. Mean prediction
quality for network size 256 x 8 (blue) and denoised reconstruction
from the GATHERLIGHT pass (red), averaged across three scenes.
Higher spp improves both reconstruction and prediction quality.
Notably, at low spp the learned model can outperform the recon-
struction it was trained on. Unless stated otherwise, we use 512 spp
for training.

5.1. Path-based Sampling

Our method trains on path data from a light-agnostic rendering pass
from which arbitrary light configurations can be evaluated on-the-
fly. This allows the network to see a far greater variety of lighting
conditions than any pre-rendered image dataset of comparable size.
To validate this advantage, in Figure 6, we compare against an image-
based baseline where networks are trained on datasets of rendered
images with NEE and multiple importance sampling, using light
configurations sampled from the same distribution as our method.
We evaluate two settings: (1) a varying number of 1 spp images (64
to 1024), and (2) a constant rendering budget of 1024 total sampled
paths per pixel, distributed across different numbers of images (e.g.,
32 images at 32 spp, 512 images at 2 spp). Note that our path-based
approach uses 64 spp, so the constant-budget setting represents a
16 x higher render time.

We report the PSNR in tonemapped space, averaged across three
scenes and evaluated on 500 validation images whose light configu-
rations are sampled from the same distribution used during training.
Our method outperforms all image-based configurations by a sig-
nificant margin. Even with 1024 training images, the image-based
baseline remains 2.8 dB below ours. The constant-budget ablation
further shows that redistributing a larger rendering budget across
fewer, higher-quality images does not close the gap. This confirms
that the key advantage of our approach is not the total rendering cost,
but the ability to reuse path data across many light configurations
during training, providing the network with far richer supervision
over the light transport distribution of the scene than a fixed dataset
of images can offer.

Table 2: Component ablation study (averaged per scene group)

Configuration SMAPE | PSNR?T SSIM1T FLIP|
None 0.0533 352913 0.9488  0.1546
S Aux. 0.0290 39.9576  0.9848  0.1017
é Aux. + Den. 0.0296 39.9304 09851 0.1084
S Aux. +Enc. 0.0566  34.7786  0.8570  0.1232
Aux. + Enc. + Den. 0.0263 41.0686  0.9885  0.1014
—e— Prediction -~ Reconstruction (256spp)
Mitsuba Scenes Production Scenes
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_, 010 -
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N 165*3’ %\1@, ot e e 15@& E\T&
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Figure 8: Effect of network size on prediction quality (SMAPE).
Left: average over the three Mitsuba scenes; right: production scene
(Cave). The dashed line indicates the Monte Carlo reconstruction
at the same sample budget. Larger networks consistently improve
quality, with diminishing returns beyond 256 x 8.

5.2. Training & Network Architecture

Increasing spp for path data. We evaluate the effect of samples
per pixel (spp) in the training path data. Figure 7 shows prediction
quality and the denoised reconstruction from the GATHERLIGHT
pass across four metrics, averaged over three scenes. Increasing
spp improves both reconstruction and prediction quality. Notably,
at low spp (32 and 64), the network outperforms the denoised re-
construction. Since the denoiser operates independently per frame,
it introduces temporal flickering across light configurations. The
network, trained under many lighting conditions, learns a tempo-
rally smooth approximation of the scene’s light transport. At higher
spp, reconstruction noise diminishes and the denoised reference sur-
passes the network, whose finite capacity limits its ability to capture
all high-frequency detail.

Component ablation. Table 2 reports the effect of three compo-
nents, which is visualized in an example in the supplemental ma-
terial: auxiliary features (albedo, normals, depth), denoising the
reconstruction targets at training, and a hashgrid encoding for pixel
coordinates. Auxiliary features substantially improve all metrics by
providing geometric and material information complementary to
path throughput weights. The denoiser alone does not yield signifi-
cant gains, as the network already smooths noise through exposure
to many light configurations. The hashgrid encoding alone degrades
performance by enabling overfitting to high-frequency noise pat-
terns. However, combining the encoding with denoised targets re-
solves this: Clean supervision allows the encoding to faithfully cap-
ture spatial detail without noise overfitting. The full configuration
(Aux. + Enc. + Den.) achieves the best results across all metrics.

© 2026 The Author(s).
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Figure 9: Inverse optimization comparison. A light source is optimized from a random initial position to match a target appearance. Error
maps (middle) show the relative squared error of path-traced re-renders against the target. Our NRP approach converges to lower parameter
error in less time than traditional (Mitsuba) and neural (ZeroGrads) baselines (right). This comparison serves as validation: Baselines operate
at low spp for tractable runtimes, and their accuracy could improve with higher sample counts at proportionally longer optimization times.

Network size. Figure 8 shows the effect of network capacity on
prediction quality, evaluated on 2k random validation images for
both Mitsuba scenes (averaged over three scenes) and a production
scene. Increasing the network size consistently improves quality,
but with diminishing returns beyond 256 x 8 (8 layers of 256 neu-
rons). Conversely, the bottom of Table 1 shows that inference time
keeps growing with network size, even where prediction quality has
already plateaued. We therefore adopt 256 X 8 as a good compro-
mise between inference speed, memory footprint, and prediction
quality. These conclusions hold across scenes of varying complexity,
including those with caustics and volumes.

5.3. Light Optimization

We evaluate the differentiability of NRP by optimizing light param-
eters for sphere lights, i.e., center position ¢; € R, radius ri € Ry,
and color E; € ]R3>0, to match a target image.

Optimization formulation. For each pixel px, the predicted image
is computed as the sum of contributions from N lights:

N
Ipx = Z E; 'Mphere (px, Li, 1i), (5)
i=1
where /\/;phere is the pre-trained NRP for sphere lights. Here, /\/;phere
denotes a trained instance of ./\/type from Equation 2, specialized
to sphere lights. The loss is the mean squared error on Reinhard-
tonemapped values against the target Ijy:

I

LZL Z HT(IAPX)*T(ISx)HZ, where T (I)
|8| pxeS

and S is the set of evaluated pixels (the full image, or a stochastic
subset as described in Mini-batch SGD).

© 2026 The Author(s).
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Light parameters are reparameterized to unconstrained space:
position and radius via the logit function 6! (x) = log(x/(1 — x))
mapping from their respective bounded domains [€pin, fmax] and
[Fmin, rmax], and color via the inverse softplus log(e* — 1) mapping
from R+ . Optimization is performed with Adam in unconstrained
space and constrained values are recovered via the sigmoid and
softplus functions at each step. For multi-light scenes, gradients are
accumulated sequentially per light to bound GPU memory.

Comparison against baselines. In order to evaluate our method
in inverse rendering tasks for lighting, we compare it against Mit-
suba 3 [JSR*22], an academic differentiable renderer, and Zero-
Grads [FR24], a neural proxy method for black-box renderers. Note
that Mitsuba 3 is a general-purpose differentiable renderer with
gradients computed from the proper light transport of the scene.
This evaluation does not intend to claim a superiority over real
physically-based inverse renderers, but just to validate our method
as an alternative when these renderers are not available, like in the
context of complex production path tracers that drive our problem.

We perform 50 optimization runs per scene (Cornell Box, Bed-
room, and Kitchen) with a single light and randomly sampled initial
and target parameters. All methods run for 500 iterations with Adam
(Ir=0.05). Mitsuba uses a progressive spp schedule, starting at 8
spp for the first 100 iterations, increasing to 16 spp for iterations
100-299, and 32 spp for iterations 300—499, to reduce gradient vari-
ance as the optimization converges. ZeroGrads uses a fixed 8 spp
throughout, training its neural proxy on-the-fly with a proxy learning
rate of 0.001 and batch size 4. For both baselines, we use DrJIT’s
@dr . freeze decorator to eliminate JIT recompilation overhead
and report only the effective computation time.

Our method does not require samples per pixel as it uses a pre-
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Table 3: Cache optimization ablation: Mini-batch SGD. PSNR
(dB, higher is better) is computed on exposure-normalized Reinhard-
tonemapped images re-rendered with Mitsuba, averaged across three
scenes. Time is for 500 optimization iterations.

1 Light 3 Lights 5 Lights 20 Lights
Pix. frac. PSNR Time PSNR Time PSNR Time PSNR Time
Initial 143 — 149 — 158 — 192 —
100% 39.5 21Is 296 63s 32.1 138s 324 551s
50% 394 11s 299 33s 320 555 326 286s
25% 394 57s 299 17s 322 28s 32,5 149s
5% 39.1 1.7s 298 4.8s 324 79s 326 3ls
1% 39.0 09s 307 24s 320 39s 326 15s

0.1% 390 0.6s 313 15s 31.1 24s 31.8 O.ls

Figure 10: Multi-view lighting edits. By training an NRP for each
view, our method enables interactive and consistent lighting edits
across multiple views simultaneously.

trained NRP, whereas Mitsuba 3 requires progressively increasing
spp for variance reduction, and ZeroGrads requires additional hy-
perparameters for proxy learning. In contrast to our method, which
operates on a finite set of precached paths, ZeroGrads can be run in a
streaming fashion, progressively increasing accuracy at the expense
of additional computation. Being non-progressive is a deliberate
design choice in our approach that avoids loading bulky production
scenes; incorporating progressive streams remains a promising di-
rection for future work. Figure 9 shows convergence plots and error
maps for representative optimization runs.

Mini-batch Stochastic Gradient Descent (SGD). We ablate the
optimization of light parameters with our method under different
configurations. Note that due to our decomposition into individual
light sources (Equation 3), our method requires evaluating each
light individually and the evaluation time therefore scales linearly
with the number of light sources. To support scenarios with many
lights to some limited extent, we propose to evaluate the loss on
a random pixel subset S of size K = |o- H - W |, drawn uniformly
without replacement at each iteration. We ablate pixel fractions
o € {1.0,0.50,0.25, 0.05, 0.01, 0.001}, ranging from the full im-
age down to ~462 pixels per step for a 680 x 680 resolution, which
means a 1000x reduction in per-iteration computation. The stochas-
tic subset provides an unbiased estimate of the full-image gradient,

S. Sancho et al. / Neural Render Proxies for Interactive and Differentiable Lighting

analogous to mini-batch SGD where pixels play the role of data
samples. We run this ablation on N € {1,3,5,20} lights per scene
with 5 optimization runs per configuration, and show quantitative
results in Table 3. Our ablation shows good robustness of the opti-
mization at small pixel fractions, showing our method can still be
performant in (modest) many light scenarios.

6. Applications

Differentiable NRPs can be leveraged for many lighting paradigms.
We demonstrate three applications enabled by the compact, differen-
tiable nature of NRPs.

6.1. Interactive relighting

First, NRP is immediately applicable in relighting applications:
Given a lighting configuration, the NRP predicts the contribution of
each light source to the final image pixels. As demonstrated in our
experiments, the NRP network provides more accurate renderings
compared to generative image-based relighting networks (Figure 5).
NRPs scale gracefully to production scenes (Figure 4) with com-
plex geometry and radiometry. Our method supports relighting of
volumes with spectrally non-varying extinction coefficients, and
supports virtual spherical lights and virtual quad lights (Figure 13).

Second, since the NRP network is compact, unlike most neural
methods, separate NRPs for different views can be loaded simul-
taneously into memory. This is particularly useful in production
multi-view setups, where several cameras capture the same scene
from different viewpoints. Traditionally, every lighting edit would
need to be applied and re-rendered independently for each view.
With NRPs, however, each light edit can be applied interactively
and consistently across all views simultaneously (see Figure 10).
Similar applications for simultaneous lighting editing across entire
sequences are thinkable, but have not been explored in this work.

Third, our approach can be seamlessly combined with composit-
ing workflows; separate NRPs can be trained on separately rendered

Added Lights (NRP)

Original Scene

|V

Figure 11: Compositing Application. Our NRP can be seamlessly
combined with standard compositing workflows by training it for
specific layers. In this Arcade example, an NRP is trained on the
foreground layer only, allowing to relight it while leaving the back-
ground untouched. © Disney
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Art-directed Edits
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Generative Edits

Input Initial lighting

Optimized lighting

Figure 12: Controllable relighting using our optimization pipeline. Left two columns (Art-directed edits): Lighting parameters are
optimized to adhere to hand-drawn scribbles depicting desired illumination phenomena. Right two columns (Generative edits): We leverage
generative image models (Qwen-Image-Edit) to create relighting targets. In both cases, given an initial image and a target, we optimize through
our NRP to extract physically plausible lighting parameters that accurately reconstruct the prompted appearance. © Disney

layers of a scene, allowing us to edit the lighting of individual layers
without affecting other layers (Figure 11).

6.2. Art-directed edits

The differentiability of NRPs admits their use in optimization-based
lighting edits, such as image-space shading target matching (see
Figure 9) and art-directed “light scribbling” (see Figure 12, left).
In this workflow, artists paint color scribbles directly onto the ren-
dered image to indicate desired lighting changes, and the optimizer
adjusts the underlying light parameters to match them. Constraint
masks can be applied to preserve existing pixel values in regions
the artist does not wish to modify, ensuring that only the targeted
areas are affected. This combination of intuitive painting controls
and automatic parameter recovery enables rapid iterative workflows,
particularly suited for live sessions between lighting supervisors and
lighting artists.

6.3. Optimization with generative targets

Generative image models can produce compelling lighting varia-
tions, but their outputs are not guaranteed to be physically plausible
and do not provide the underlying light parameters needed for inte-
gration into a production pipeline. By using a generated image as an
optimization target, our method recovers a close physically plausible
lighting configuration along with its explicit parameters, bridging
the gap between generative creativity and physically-based render-
ing. Figure 12 (right) presents qualitative results demonstrating
this capability, utilizing target images generated by Qwen-Image-
Edit [WLZ*25].

7. Limitations and Future Work

While our model in principle generalizes to arbitrary types of light
sources, their respective parameter counts directly impact the train-

© 2026 The Author(s).
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Figure 13: Our formulation extends to dense participating media
(left) and alternative light parameterizations, such as quad lights
with adjustable size, position, and orientation (right).

ing convergence and accuracy of our neural render proxy. We there-
fore leave complex light sources, such as textured lights or area
lights of arbitrary shapes, as future work.

Another limitation is that our approach assumes that the light
transport between any objects remains constant after rendering.
Commonly used tools in the arsenal of lighters, like non-physical
light-attenuation between objects or light-exclusivity for certain ob-
jects, cannot be changed after the NRP was trained. While per-layer
NRPs can be used to somewhat mimic light-exclusivity, it comes at
the price of training multiple NRPs.

Additionally, our training relies on a light-agnostic path sampling
strategy. We currently employ material-based sampling, which pro-
duces training data with similar throughput weight to the camera.
However, this can lead to under-sampling in occluded regions where
a user might later wish to place a light source. For instance, in
Figure 14, the region inside the lamp shade is under-sampled since
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no NEE was used during path sample generation, which leads to
inaccurate predictions. Investigating different sampling strategies
during data generation that deliberately increase the sampling den-
sity of locations where a user might add light sources could yield
significant improvements in quality.

Finally, our training pipeline is constrained by the available GPU
memory, as all path-sample data is pre-loaded. While this enables on-
the-fly generation of denoised training targets, it limits the number of
samples and the quality of our training data. Future research could
investigate out-of-core training schedules that allow on-demand
loading of path data from disk during training, or partitioning of the
predicted image.

(a) NRP Prediction (b) Ground-truth Reconstruction

Figure 14: Limitations in narrow regions. When queried in under-
sampled spaces, our NRP can struggle to accurately model occlu-
sions. As shown here, placing the light source inside the narrow
cavity of the lamp results in incorrect light propagation.

8. Conclusion

Interactive, physically grounded lighting design on production
scenes has been limited by the cost of path tracing, trapping artists in
a slow cycle of parameter adjustment and re-rendering. The neural
render proxy removes this bottleneck: A single light-agnostic ren-
dering pass produces a compact, differentiable model that enables
real-time forward relighting with full parametric precision, indepen-
dent of scene complexity. Its differentiability further unlocks a new
mode of creative control that production pipelines have traditionally
lacked: Image-space objectives from art direction, paint-overs, or
generative models are translated via gradient descent into the light-
ing parameters that produce them. Production scenes thus become
interactively relightable and inversely designable through a single
representation, with every edit grounded in a physical, editable, and
reusable set of light configurations.
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