Forget Superresolution, Sample Adaptively (when Path Tracing)

MARTIN BALINT, Max Planck Institute for Informatics, Germany
CORENTIN SALAUN, Max Planck Institute for Informatics, Germany
HANS-PETER SEIDEL, Max Planck Institute for Informatics, Germany
KAROL MYSZKOWSKI, Max Planck Institute for Informatics, Germany

Sparse Adaptive Sampling and Reconstruction (0.25 spp / 50% superresolution) Sample density Sparse input
[ - < > = T

=

Sample density

Ours Adaptive

Ours Adaptive DLSS NPPD Reference

Fig. 1. Sparse adaptive sampling at 0.25 spp. Our method learns to predict a sample density map (left, blue means fewer samples, red means more) that
concentrates the limited rendering budget on perceptually important regions. Compared to state-of-the-art methods, DLSS 4 Ray Reconstruction [NVIDIA
2025] and NPPD [Balint et al. 2023], our method recovers many more details. In the first (blue) inset, our method tracks the shadow boundary and achieves a
sharp reconstruction, whereas others miss it entirely. In the second (green) inset, we recover the metallic appearance of the character’s suit, even in motion,
whereas others produce a flat look. In the third (orange) inset, our method recovers the specular highlight on a disoccluded piece of railing, whereas others

offer little lighting detail due to the complex geometry and camera motion.

Real-time path tracing increasingly operates under extremely low sampling
budgets, often below one sample per pixel, as rendering complexity, resolu-
tion, and frame-rate requirements continue to rise. Superresolution is widely
used in production because it reduces path-tracing cost by tracing rays on a
coarser image grid and reconstructing missing details. This creates a uniform
tradeoff between cost and spatial detail: every image region receives the
same reduced ray budget, although path-tracing noise, reconstruction diffi-
culty, and perceptual importance vary strongly across the image. Adaptive
sampling offers a compelling alternative, but existing end-to-end approaches
rely on approximations that break down in sparse regimes. We introduce
an end-to-end adaptive sampling and denoising pipeline explicitly designed
for the sub-1-spp regime. Our method uses a stochastic formulation of sam-
ple placement that enables gradient estimation despite discrete sampling
decisions, allowing stable training of a neural sampler at low sampling bud-
gets. To better align optimization with human perception, we propose a
tone-mapping-aware training pipeline that integrates differentiable filmic
operators and a state-of-the-art perceptual loss, preventing oversampling
of regions with low visual impact. In addition, we introduce a gather-based
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pyramidal denoising filter and a learnable generalization of albedo demodula-
tion tailored to sparse sampling. Our results show consistent improvements
over uniform sparse sampling, with notably better reconstruction of percep-
tually critical details such as specular highlights and shadow boundaries,
and demonstrate that adaptive sampling remains effective in the sub-1-spp
regime.
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1 Introduction

Real-time physically based rendering is fundamentally limited by
the number of light paths that can be computed within tight time
budgets. At high display resolutions and frame rates, especially on
complex scenes, this budget may fall short of even a single sample
per pixel (spp). Recent hardware advances have made real-time path
tracing increasingly practical [Ouyang et al. 2021], yet per-sample
complexity will continue to rise as rendering pipelines adopt neural
materials [Zeltner et al. 2024], sophisticated light transport, and
volumetric effects. As a result, sparse sampling budgets are likely
here to stay.

Superresolution has become commonplace in production game
engines. Rendering at reduced internal resolution and upscaling the
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result is well-suited to rasterization, which relies on a fixed pixel grid.
Optionally, learned denoisers are paired with superresolution and
used to help resolve simpler Monte Carlo rendered effects. However,
as rendering moves toward full path tracing, spatial adaptation
is becoming increasingly important. Monte Carlo noise, denoiser
reconstruction quality, and the perceptual visibility of artifacts all
vary across the image depending on content, yet superresolution
sacrifices spatial detail uniformly.

Luckily, with full path tracing, we are free to place samples any-
where in the image. A jointly trained sampler and denoiser can,
in theory, learn to navigate the interdependencies between noise,
reconstruction, and perception, concentrating samples where they
matter most for the final image. Our goal is to build the first end-
to-end adaptive sampling and denoising pipeline for the sub-1-spp
regime.

The first challenge is building differentiable sparse adaptive sam-
pling: we need to backpropagate gradients from the rendered image
to the sampler network. Unfortunately, choosing which pixels to
sample is a discrete operation, making gradient computation non-
trivial. Prior work overcomes this issue by relying on approxima-
tions or surrogate gradients that hold reasonably well at moder-
ate sample counts but break down as the sampling rate decreases.
Such approaches limit effective adaptive sampling to budgets above
2 spp [Fan et al. 2025]. We introduce a formulation that chooses
sampled pixels stochastically, letting us derive expected gradients
from per-pixel statistics. We efficiently approximate these gradients,
enabling end-to-end training of the sampler network. Our approach
remains robust with as few as one sample per hundred pixels in the
sparsest regions.

Second, effectively redistributing a limited sampling budget re-
quires a carefully designed optimization objective. Minimizing per-
pixel error alone is not well aligned with human perception of image
distortions and often leads to suboptimal visual results. Ideally, the
method should learn to prioritize reconstruction in the most per-
ceptually critical regions. Unfortunately, loss formulations used by
prior works are not well-aligned with perceptual sensitivity, result-
ing in apparent over- and undersampling artifacts across the image.
The issue is amplified in the sub-1-spp regime, where deviations
from reference images are necessarily larger, making it harder for
losses to reliably judge which distortions are most noticeable. To
this end, we propose a tone-mapping-aware pipeline that includes
the state-of-the-art perceptual loss, MILO [Cogalan et al. 2025].

Third, sparse inputs require architectural changes to the denoiser
itself. We introduce a gather-based pyramidal filter that remains
stable when most pixels lack samples, and a learnable demodulation
mechanism that preserves texture detail without relying on renderer-
provided albedo decomposition.

Finally, we demonstrate that stable and consistent adaptive sam-
pling strategies can be learned even at very low budgets, including
the sub-1-spp regime highlighted by the teaser example (Fig. 1). Our
adaptive sampling provides notably better quality metrics, in addi-
tion to resolving small-but-difficult details such as shadow bound-
aries and specular highlights. We further show how adaptive sam-
pling benefits from the more precise sample placement afforded
by higher resolutions, pointing toward a promising direction for
real-time path tracing research.
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We summarize our contributions as follows:

o A stochastic formulation for differentiable sparse adaptive
sampling, enabling stable end-to-end training at sub-1-spp
budgets.

e A tone-mapping-aware training pipeline with a family of
differentiable filmic curves, allowing the use of state-of-the-
art perceptual losses.

o A denoising filter adapted to sparse renderings.

o The dataset and code for our method are available on our
project website.!

2 Related Work

Adaptive sampling. Adaptive sampling plays a crucial role in
Monte Carlo rendering, where noise in the produced images is
not uniformly distributed across the entire image. Samples from
some pixels may exhibit larger variance than others, meaning the
number of samples required to achieve satisfactory quality across the
image may vary [Mitchell 1987]. Adaptive sampling addresses this
challenge by adjusting the sample count for each pixel to equalize
per-pixel error, ultimately leading to higher overall image quality
within the same rendering time.

We group adaptive sampling techniques into two main categories:
iterative and prediction-based sampling. In iterative methods, the
image is rendered in multiple passes, typically starting with a uni-
form pass and then updating the sample distribution in subsequent
passes based on gathered statistics [Bolin and Meyer 1998; Firmino
et al. 2023]. On the other hand, prediction-based sampling uses guid-
ing information available prior to rendering to estimate the sample
budget for each pixel in a single pass. These methods often rely on
neural networks for their robust predictive capabilities. In this work,
we focus on this second class of adaptive sampling.

When using both neural sampling and denoising, optimizing each
component separately using simple heuristics yields limited results.
Therefore, adapting the sampler network to a given denoiser is
crucial for achieving high-quality results with fewer samples. For
instance, Vogels et al. [2018] proposed training an error predictor
network to estimate regions with higher error and then using it
as a sampling map for adaptive sampling. Kuznetsov et al. [2018]
suggested directly applying backpropagation of the denoising error
through the rendering process, using a finite-difference gradient
approximation of the rounded sample count for low-sample-count
adaptive sampling. This method was later extended with temporal
processing by Hasselgren et al. [2020], guiding sampling using the
previous denoised frame, further reducing rendering costs. Salehi
et al. [2022] proposed removing the renderer from the training pro-
cess by generating path tracing samples from approximate analytic
distributions. This method relies on the convergence of the Monte
Carlo estimator to a Gaussian distribution as the sample count in-
creases, thanks to the Central Limit Theorem. Unfortunately, Monte
Carlo estimators do not follow such an analytic distribution at low
sample counts. The method closest to our work, Scardigli et al.
[2023], uses reinforcement learning to optimize the sampler net-
work via a critic network trained to predict the denoiser’s expected
loss for a given sampling map.
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Fig. 2. Overview of our pipeline.
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Given GBu er features and temporal data from the previous frame, the sampler network predicts a continuous sample
density map. A er stochastic discretization (Section 4), the renderer traces the requested samples, producing a sparse, noisy image. The denoiser network,

which shares latent features with the sampler, predicts weights for our pyramidal gather filter (Section 6). The denoised HDR output is tone-mapped for
display and fed back to the sampler in the next frame, closing our perceptual feedback loop (Section 5).

DenoisingDenoising is a crucial step in rendering pipelines uti-
lizing Monte Carlo-based light transport algorithms. Its main goal is
to eliminate the noise inherent in Monte Carlo processes, allowing
for the generation of high-quality images even with limited sam-
pling budgets. Early denoising methods involved local blurring of
noisy input images with non-linear Iters [Lee and Redner 1990;
Mitchell 1987; Overbeck et.£009; Rushmeier and Ward 1994; Xu

be sampled, but on a coarser grid. The approach is widely used in
real-time pipelines, notably in production methods such as DLSS,
FSR, and XeSS. Early learning-based methods include, for example,
the Laplacian pyramid network of Lai et g2017]. Later work incor-

porates temporal information and auxiliary bu ers for real-time use
[Xiao et al 2020; Zhong et aP023], while generative methods at-
tempt to hallucinate high-frequency details beyond the input signal

and Pattanaik 2005]. Subsequent advancements incorporated auxil-[Ge et al. 2018].

iary features such as surface normals, albedo, depth, and estimated Rendering at reduced resolution, followed by superresolution,
variance to adapt Iters locally, producing more accurate images o ers a simple alternative to adaptive sampling but lacks spatial
[Bitterli et al. 2016; Li et al2012; McCool 1999; Rousselle eRall 3]. selectivity. All regions receive the same e ective sampling rate,
Recently, the advent of deep learning and corresponding hardware regardless of their rendering complexity. In contrast to adaptive
development has spurred the creation of deep learning-based de- sampling, this prevents allocating additional samples to di cult

noisers [Bako et a2017; Chaitanya et a22017; Kalantari et aR015],
leading to signi cant improvements in denoising quality. These
approaches range from trainable models for directly predicting the
output image from noisy input [Xiao et aR020; Zhang and Yuan
2024] to kernel prediction techniques that learn per-pixel kernel
parameters [Gharbi et aR019; Hofmann et aR023; Lee et aP024;
Zhang et al 2024]. Most recently, multiscale kernel prediction and
Itering have shown signi cant improvements in interactive denois-
ing [Balint et al. 2023; I3 k et al. 2021].

Most denoising methods assume a uniform distribution of sam-

regions such as re ections, shadows, or high-frequency lighting
e ects while oversampling simpler areas. In this work, we show
that superresolution may be better suited to rasterization pipelines
with uniform per-pixel cost than to Monte Carlo path tracing, par-
ticularly in scenarios where noise and information content vary
signi cantly across the image, and e cient reconstruction at low
sampling budgets relies on highly targeted sampling strategies.
Superresolution has also been successfully combined with denois-
ing for path-traced rendering [Kazmierczyk et.&025; Thomas et al
2022]. The additional denoising stage enables more faithful recon-

ples across the screen space, often assuming samples in every imagestruction of ne details than superresolution alone, particularly in

pixel. However, in the context of adaptive sampling and real-time

rendering, it may not always be feasible or desirable to adhere to

such constraints. Using a denoiser optimized for a uniform sample
distribution in adaptive sampling methods can result in poor out-

regions a ected by Monte Carlo noise.

Tone-mapping for neural trainingdost learning-based denoising
and adaptive sampling methods optimize losses de ned in linear

comes, especially with deep learning methods. Consequently, recent HDR space, typically using relative-error metrics such as SMAPE
work has explored denoisers that are aware of adaptive sampling or logarithmic! 1 losses [Balint et al2023; Kuznetsov et &£2018;

[Firmino et al. 2023; Salehi et al. 2022].

SuperresolutiorBuperresolution is an alternative method to im-

Salehi et al2022; Vogels et a2018]. These losses do not account for
perceptual adaptation or downstream tone-mapping and therefore
misrepresent which errors are actually visible. As a result, computa-

prove performance by rendering at a reduced resolution and upscal- tion is often wasted in very dark or very bright regions where large

ing the result to full resolution. This guarantees that all pixels can

linear errors are perceptually negligible. Some approaches instead
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