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Figure 1: Our ReSTIR G-PT reconstructs the image from Monte Carlo estimates of pixel colors and discrete image gradients, i.e., finite
differences between adjacent pixels. Reusing both colors and gradients between pixels and frames, our method improves upon both gradient-
domain path tracing [V A*15] and Area ReSTIR [7].K*24]. Here, we show an equal-time comparison (30 ms) in Aachen Toys with a moving
camera. Gradient-domain path tracing produces noisy images due to the low sample budget and lack of spatiotemporal reuse. Area ReSTIR
shows high-frequency noise due to not evaluating gradients, which efficiently capture high image frequencies. Our method produces cleaner
images under Ly and Ly screened Poisson reconstruction. We leave advanced real-time image reconstruction from gradients as future work.

Abstract

Gradient-domain rendering accelerates realistic image synthesis by also estimating pixel color differences, which helps re-
construct high frequencies in the image domain. Converged images still require many samples per pixel even with denoising,
and to this date, no real-time gradient-domain rendering methods have been proposed. We enable gradient-domain methods in
real-time rendering by spatiotemporal sample reuse with a novel path space extension in gradient image rendering.

We further explore this concept by implementing ReSTIR G-PT, ReSTIR gradient-domain path tracing, and find that relative
sparsity of the gradient image allows highly selective spatial reuse and real-time frame rates. Our method outperforms the
baseline methods visually and statistically.

CCS Concepts
* Computing methodologies — Ray tracing;

1. Introduction rendering methods like path tracing [K2j86] can suffer from slow
convergence.

Provided a fully described 3D scene, physically-based rendering

concerns with synthesizing physically accurate images of the scene.
For scenes exhibiting complex light transport, such as environmen-
tal illumination, soft shadows, and inter-reflections, conventional
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One approach to accelerate convergence in offline rendering
is to also estimate change between pixels. The final images of
this gradient-domain rendering [1.1<1.713; KM A*15], recovered by
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solving a screened Poisson problem, show significantly reduced
medium and high frequency noise compared to path tracing.

Reservoir-based spatiotemporal importance resampling (Re-
STIR) [ R ; ] has recently been introduced
to accelerate interactive real-time situations, but has only been ap-
plied in the primal-domain. By chaining sample reuse from frame
to frame and pixel to pixel, ReSTIR techniques can generate un-
biased low-noise renderings of new frames with significantly less
work than conventional methods that sample each pixel and frame
from scratch.

Although both ReSTIR and gradient-domain rendering can out-
perform conventional rendering methods like path tracing, these
two families of techniques have largely been orthogonal to each
other: prior ReSTIR methods operate in the primal domain, and
gradient-domain rendering techniques perform little, if any, sam-
ple reuse, and require many samples per pixel for high-quality im-
ages. A successful merge could allow realizing the cleaner images
of gradient-domain rendering at real-time render budgets.

When later joined with real-time neural reconstruction in poten-
tial future work, this combination should excel at improved image
clarity for light phenomena not present in the guide buffers. We
leave this as an underlying motivation, and concentrate to merging
ReSTIR with gradient-domain rendering. We show our results with
the outdated L and L, reconstructions that vastly underestimate
the realistically realizable image quality [ 1.

Previous ReSTIR methods produce pixel color estimates with
single light paths. Estimating change, i.e., pixel differences or dis-
crete image gradients, requires pairs of correlated paths; subtract-
ing them produces low-variance difference estimates.

Combining ReSTIR with gradients turns out to be non-trivial.
Should we evaluate gradients for ReSTIR paths, or run ReSTIR on
path pairs corresponding to gradients? The answer turns out to be
the latter. The gradient signal can be negative, but ReSTIR’s target
function can not; we solve this by positivization. Unbiased gradi-
ent estimation requires subtracting rwo difference integrals, one for
each pixel, with shift mappings to the other; ReSTIR evaluates a
single integral. We apply ReSTIR to a path space extension that
joins two pixels into one domain. The gradient signal also turns out
to be much more sensitive to sub-pixel precise temporal reuse than
the primal signal; we adapt Area ReSTIR’s fractional reservoirs to
pixel pairs with pixel-pair motion vectors. The sparse nature of im-
age gradients further allows selective spatial reuse of gradients, re-
moving most of its cost. These observations together allow efficient
real-time gradient-domain rendering with ReSTIR.

Concretely, we make the following technical contributions:

e We introduce a scheme to spatiotemporally reuse light path pairs
while maintaining their correlation (Section 4.2);

e [ everaging this new reuse, we develop a new ReSTIR algorithm
that operates in the gradient domain (Section 4.3); We develop
our temporal reuse method based on Area ReSTIR [ ]
with our fractional pixel pair motion vectors and introduce a new
method to selectively reuse samples spatially.

e We further improve the effectiveness of our ReSTIR algorithm
via positivization (Section 4.4).

We demonstrate the effectiveness of our technique by comparing
with several state-of-the-art methods in Section 5.

2. Related Work

In the following, we position our work within prior gradient-
domain and ReSTIR literature.

2.1. Gradient-domain rendering

LEHTINEN et al. [ ] introduces gradient-domain rendering
and shift mappings in the context of Metropolis Light Transport
(MLT) [ ]. They guide Markov chains with a mix of discrete
gradient and primal signals to simultaneously produce gradient im-
ages Igx and Igy and a standard primal image I.o1or- They reconstruct
the final image by solving a screened Poisson equation, with an L,
reconstruction being unbiased, but L; often giving higher quality.
They argue that gradient-domain rendering is beneficial due to the
interplay of MLT’s adaptivity and the sparsity of the gradient signal
in the path space.

KETTUNEN et al. [ ] introduces gradient-domain path
tracing, showing gradient-domain rendering generalizes across ren-
dering algorithms and is beneficial even without MLT’s adaptivity.
They trace the benefit to the interplay of the spectrum of natural
images, the discrete gradient operator, and the screened Poisson
solution. We present a ReSTIR version of gradient-domain path
tracing.

MANZI et al. [ ] evaluate finite differences between
frames and reconstruct predefined animations in overlapping ten-
frame blocks with a three-dimensional spatiotemporal screened
Poisson solver; we target zero-latency interaction and thus use Re-
STIR, rather than temporal finite differences, for taking advantage
of other frames.

Others further generalize gradient-domain rendering, e.g.,
MANZI et al. [ ] to bidirectional path tracing, HUA et al.
[ ] and GRUSON et al. [ ] to photon density esti-
mation, SUN etal. [ ] to vertex connection and merging, and
PETITIEAN et al. [ ] spectral rendering. FANG et al. [ ]
apply a basis expansion to primary hit BRDFs and solve each com-
ponent separately. Our work is largely orthogonal to these develop-
ments.

KETTUNEN et al. [ 1 and GUO et al. [ ] intro-
duced deep convolutional neural networks for gradient-domain re-
construction, with the same network size and architecture training
well for both gradient and primal-domain [ 1. BACK et al.
[ ] trained a neural network to combine independent im-
ages and existing gradient-domain reconstructions for improved
results. Recently, YAN et al. [ ] introduced a non-neural
filtering-based reconstruction that can be competitive with neural
approaches. These methods reconstruct gradient-domain render-
ings but are too slow for real-time.

Our work focuses strictly on sampling, but we are motivated by
the hope that future gradient-domain reconstructions could run in
around 3 ms like modern primal-domain denoisers [ 1.
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Table 1: List of symbols commonly used in the paper.

Symbol Definition
f Path contribution
F; Pixel i’s intensity
x Light path
Q; Path space associated with pixel i
Ajj Value difference between pixels i and j
T Shift mapping of a light path
T* Shift mapping for paired-pixel sample
Di Candidate distribution for /th candidate path in ReSTIR
m; Resampling MIS weight for /th sample ReSTIR
p Target function for ReSTIR
wy Resampling weight for /th candidate path in ReSTIR
Wy Unbiased contribution weight for sample x in ReSTIR
y Chosen sample with ReSTIR
Gij paired-pixel sample contribution function
;; MIS weight used in gradient-domain rendering
(J),?‘j MIS weight for paired-pixel samples

2.2. ReSTIR

TALBOT etal. [ ] introduces resampled importance sampling
(RIS) to pick one or more samples from many, proportionally to a
desired density. Building upon RIS, BITTERLI et al.’s [2020] Re-
STIR DI reuses light samples across frames and pixels for real-time
direct illumination. OUYANG et al. [ ] extend this method
to rough global illumination by treating path suffixes as virtual
point lights.

LIN et al. [ ] introduces generalized resampled impor-
tance sampling (GRIS) to enable unbiased spatiotemporal path
reuse with shift mappings. Their ReSTIR PT allows unbiased and
efficient path reuse on glossy materials. ZHANG et al.’s [2024] Area
ReSTIR improves temporal reuse on high-frequency pixels with
fractional motion vectors. We build on ReSTIR PT with ZHANG
et al.’s area reservoirs.

Spatiotemporal sample reuse introduces correlations between
nearby pixels. SAWHNEY et al. [ ] decreases the correla-
tions by Markov chain mutations. KETTUNEN et al. [ ]
reuse parts of paths rather than full paths with their conditional
ReSTIR. ZHANG et al. [ ] accelerates depth of field ren-
dering with ReSTIR. CHANG et al. [ ] and WANG et al.
[ ] apply ReSTIR to differentiable and inverse rendering.
These developments are orthogonal to our work.

3. Preliminaries

In this section, we outline the necessary preliminaries, but refer
readers to WYMAN et al. [ ] and HUA et al. [ ] for
details.

3.1. Gradient-Domain Path Tracing

Given a scene, gradient-domain path tracing [ ] renders
horizontal and vertical (discrete) gradient images, i.e., pixel dif-
ferences between adjacent pixels, in addition to the primal image,
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to capture image-space high frequencies. These pixel value differ-
ences between the corresponding pixels i and j are

b= [ 0= [ fi0d (1)

The variance of a Monte Carlo difference estimate is determined
by the variance of each estimator and their covariance. In gradient-
domain rendering, differences A;; are evaluated by shift mappings,
deterministic bijections T;; from Q; to ; to correlate the two inte-
grals’ samples. The pixel difference becomes

Aij = /Q[ (fi(f) _fj(nj(f))‘aaj;;j

) dx. 2)

Here, % is traditionally called the base path and Tj;(X) the offset
path, and |0T;;/9%| is the Jacobian determinant of the shift map-
ping. In practice, T;; is only a partial bijection, a bijection between
a subset ©;" C Q; and another subset ;" C ;. Not all paths in
Q; can be shifted to Q;, and vice versa. To compute unbiased gra-
dients, symmetric gradient estimation is used; both pixels sample
base paths and shift them to the other pixel, and results are com-
bined via multiple importance sampling (MIS),
o

Jar

where ®; (%) are the MIS weights. A common choice is the balance
heuristic [ IR

s %

./gj_ 0ji(%) (fj(x) — (Ta(®) ‘%

3

pi(¥)
7 )
Pil8) + (T3 (9) | 5

(.l)ij(f) =

where p; and p; are the sampling PDFs for Q; and Q;, respec-
tively. Our method essentially importance samples Equation 3 with
ReSTIR.

3.2. Spatiotemporal Importance Resampling (ReSTIR)

The one-sample Monte Carlo estimator estimates F = [q, f(x)dx
by drawing a sample x with probability density p(x) and evaluating

&)

This estimate has the lower variance, the better p(x) approximates
f(x), modulo a constant multiplier. Unfortunately, building effi-
cient path samplers with p(x) o< f(x) is impractical.

3.2.1. Resampled Importance Sampling

TALBOT et al.’s [2005] RIS draws samples approximately propor-
tional to some target function p, often chosen p(x) = f(x), giving
a way to approximate the ideal distribution. RIS first draws M can-
didate samples x,...,xy with PDFs p;,..., pys and computes a
resampling weight for each sample,

plar) ©)

wy :ml(xl)pl(x;)
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Here, m;(x;) is the resampling MIS weight, e.g., the balance heuris-

tic [ ]. RIS then picks sample y from the candidates propor-
tionally to the w;. This gives a one-sample estimator
(F)ris = f(y)Wy, ™
with the unbiased contribution weight (UCW) [ ]
1 M
Wy=——Y . ®)
ey ]:Zl

The RIS estimator converges faster per-sample, at the cost of sam-
pling, storing, and picking from the M candidates. A common strat-
egy was to use a cheaper target function [ ].

Weighted reservoir sampling | ] allows implementing RIS
in a streaming manner [ 1. A reservoir stores the currently
chosen sample y and the sum of resampling weights w; streamed
into it so far. Finally, W, (Equation 8) is stored with y.

3.2.2. Generalized RIS

LIN et al. [ ] extend resampling, enabling integral estima-
tion by reusing samples across domains. Suppose we want to esti-
mate integral F over some domain Q with samples from domains
Q1,...,Qu. GRIS first maps the samples into our target domain Q
with shift mappings T; : €; — Q. Then it computes the resampling
weight w; for each shifted sample as

T
8x1

Shifted samples 7;(x;) are streamed to a new reservoir r with these
resampling weights. Because generalized resampling accepts sam-
ples from other domains and Equation 9 uses Wy, in place of the
often unknown' 1/p;(x;), it can be applied iteratively, borrowing
samples from neighbor pixels and prior frames. This iterative ap-
plication of (generalized) RIS defines reservoir-based spatiotem-
poral importance resampling (i.e., ReSTIR). After iterative reuse,
ReSTIR estimates F using Equation 7 with the stored y and W,

wy = my(Ty(x1)) p(Ti (%)) Wy, )

4. Our Method

We now introduce a technique that enables ReSTIR for gradient-
domain path tracing, i.e., estimating pixel differences via spa-
tiotemporal reuse. Because gradient-domain rendering and ReSTIR
leverage correlations in different ways, we use two types of shift
mappings: one to maintain path correlations for difference evalua-
tion (Equation 3), another for spatiotemporal sample reuse (Equa-
tion 9).

In Section 4.1, we present a naive approach, Gradient after Re-
STIR, which shifts paths from primal-domain ReSTIR [ ;
] to other pixels for gradient evaluation. We discuss why

this leads to high variance.

In Section 4.2 we introduce Gradient with ReSTIR and discuss
why it exhibits less variance. In Section 4.3 we show how we ap-
ply Gradient with ReSTIR to compute image gradients, and in Sec-
tion 4.4 we discuss positivization to further reduce variance.

T The PDF after resampling is intractable.

Shift to reuse

D

Ao O

Shift to compute
pixel difference

Figure 2: (a) Gradient after ReSTIR (Section 4.1) reuses single
paths spatiotemporally with ReSTIR and shifts each pixel’s final
path to adjacent pixels to form paired-pixel samples for gradi-
ent computation. (b) Gradient with ReSTIR (Section 4.2) reuses
paired-pixel samples spatiotemporally with ReSTIR and uses the
final paired-pixel sample for a gradient computation.

Our method helps improve the quality of gradient images in
real-time rendering. However, gradient-domain rendering also re-
quires a primal rendering and a reconstruction pass. In the ren-
dering pipeline with our method, we use a separate Area Re-
STIR [ ] pass to generate the primal image and the tradi-
tional L1 and L2 Poisson reconstruction method to reconstruct the
rendering output. We will discuss this in more detail in Section 5.

4.1. Gradient after ReSTIR

A naive approach we call Gradient after ReSTIR reuses single paths
spatiotemporally with primal-domain ReSTIR (e.g., ZHANG et al.
[ 1), and evaluates gradients by shift mapping the ReSTIR
paths to adjacent pixels. We illustrate this in Figure 2 (left).

We first do exactly as ReSTIR: initial sampling is followed by
temporal reuse, spatial reuse, and primal color evaluation via

(Fi) = fi(5i) Wy, (10
where y; is ReSTIR’s chosen path, and Wy, is the unbiased contri-
bution weight.

Next, we compute the differences A;; for the adjacent pixels j
by shifting y; to pixel j with the shift mapping 7;; and estimate
one-sided pixel value differences
aT,/

(Af)) = o) (fi(}_’i) = fi(Tij(31)) ‘ oy

)Wy—,.. (11)

Subtracting the corresponding one-sided estimators gives the full
difference (see Equation 3), since

Aij =E [(Af;) — (A%)] - (12)

This subtraction is required, since as noted in Section 3.1, T;;
may be a partial bijection, and paths from only one pixel do not
cover the full difference.

Since resampling loses access to exact PDFs, we replace the bal-
ance heuristic (Equation 4) with the generalized balance heuristic
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Figure 3: Importance of Gradient with ReSTIR. Left: Functions
f1(x) and f>(x), defined over [—2,2), agree near the origin but dif-
fer significantly in other regions. We estimate jiz fi(x) = falx) dx
with both Gradient after ReSTIR and Gradient with ReSTIR. Right:
We repeat each algorithm 500 times and show the histogram of x-
values selected by each method. Gradient after ReSTIR selects sam-
ples based on either f1(x) or f(x), which leads to over-sampling
near the peak, while under-sampling regions where |f(x) — f2(x)|
is high. In contrast, Gradient with ReSTIR prioritizes sample se-
lection based on the difference between fi(x) and f»(x), enabling
more efficient estimation of the difference integral.

({ D,
(%) = A)

- (13)
pilR) + pj (T (%)) | 2

where, as usual, the corresponding term is dropped if the shift map-
ping is undefined.

Gradient after ReSTIR is straightforward to implement, but can
suffer from high variance since primal-domain ReSTIR only looks
at the path contributions in a single pixel, neglecting the actual
change between pixels. Thus, it often poorly samples pixel differ-
ences, and every shift mapping failure potentially causes an outlier.

In Figure 3, we employ Gradient after ReSTIR in a toy example
to estimate the integral of fj(x) — f>(x). This approach overlooks
the difference between f](x) and f>(x), selecting samples that are
significant for either fj(x) or f»(x) rather than those for which
f1(x) — f2(x) has high contribution. We should prioritize sampling
in regions critical for estimating the f] — f>. Our Gradient with Re-
STIR achieves this.

4.2. Gradient with ReSTIR

To specifically reduce variance in pixel difference estimation, we
introduce a new Gradient with ReSTIR method to choose samples
based on the integrand differences between two pixels. To cap-
ture the difference between two pixels, we store and reuse sam-
ples based on a pixel pair (i, j) instead of a single pixel in primal
rendering. In Section 4.2.1, we introduce the sample we reused in
our method. We call it paired-pixel sample. In what follows, we in-
troduce our formulation for estimating pixel differences shown in
Section 4.2.2. We then design a shift mapping required by ReSTIR
to reuse paired-pixel samples spatialtemporally in Section 4.2.3.
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Figure 4: When we shift a gradient-domain sample (%,k) to an-
other domain, firstly we shift X to the corresponding pixel in the
target pixel pair. Then we use the Inner Shift in the new gradient-
domain X' to obtain the shifted sample in target domain.

4.2.1. Paired-Pixel Samples

Given a pixel pair (i, j) associated with path spaces (€;,Q;), let
T;; and T}; be shift maps from €; to Q; and Q; to €;, respectively.
Similar to Equation 51 in previous ReSTIR works [ 1, we
rewrite Equation 3 by merging the two integrals into a single one
over an extended paired-pixel domain: X := (Q; x {0}) U (Q; x

{1}):
A= /X O (%,k) Gi; (5, k) d(%,), (14)

where the variable of integration (¥,k) involves a base path X and
an indicator k € {0, 1} encoding the domain in which % resides (i.e.,
k=0 and k = 1 indicate, respectively, X € €; and X € Q). Addi-
tionally,

Gij(%k) := {fi(’f) — fi(T3j(%)) [PTisfos|  if k=0,
o [i(Tji(%)) [oTi/oz|— f5 (%) if k=1,

where T;; shifts path between i and j and we call it Inner Shift. It
can be any shift mapping designed in previous works [ ;

] to shift a path between two pixels. The MIS weight
(%, k) is given by

15s)

(L)ik'()fk)‘* (D,'j()f) if k=0, (16)
VT | wp(®) ifk=1,

with w;; from Equation 4.

4.2.2. Estimating Pixel Difference with paired-pixel sample

Now we discuss our formulation to estimate pixel difference with
paired-pixel sample from different pixel pairs.

Suppose we have M candidate paired-pixel samples { (%, k;) }2,
and they are sampled from X,..., ). The target pixel pair is
denoted as (i,j) and the associated paired-pixel domain is X.
We firstly shift all paired-pixel samples to X’ with shift mapping
T .= X; — X. We call T* Outer Shift and will discuss it later. We
then select a paired-pixel sample (7*,k*) from all candidate sam-
ples. Following GRIS theory[ ], our pixel difference esti-
mator takes the form of:

(Aij) = Wi (0557, k%) Gy (77, k7)) - an
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W(y+ x+) is the unbiased contribution weight. It takes the form of:

1 M
e 2wl k). (18)
pOy*.k*) 1:2‘1
where w; is the resampling weight in GRIS described in Sec-
tion 3.2. Since the target function p has to be non-negative, we
initially present the theory with

W(y* ,k*) =

plx,k) = 0ff(T"(%,6)) | Gij (T" (%)) | (19)
and resampling weights
- _ . aT*
wi (%, k) = my (%, kp) P, k)W, k) G| (20)

In Section 4.4, we robustify our method with positivization, sepa-
rating the positive and negative parts into different reservoirs.

By reusing paired-pixel samples and weighting them with the
sampled difference shown in Equation 19, we can sample cor-
related paths with high pixel difference values. Shown in Fig-
ure 3, Gradient with ReSTIR selects samples in the two small peaks,
where f(x) and f>(x) differ the most, leading to cleaner pixel dif-
ference estimation.

4.2.3. Gradient-Domain Shift Mapping

As discussed in previous sections, to reuse paired-pixel samples
spatialtemporally, it requires an Quter Shift T* to shift paired-pixel
samples from other pixel pairs to the current pixel pair. We now
introduce our Outer Shift. It takes form of

T™(%,k) = (¢(%),v(k)), @n
where 7 shifts the base path and 7 shifts the base path indicator k.

Let X and X’ be associated with the pixel pairs (i, j) and (i, j'),
respectively. As illustrated in Figure 4, to shift a sample (%,k) € X
to the other paired-pixel domain X', we first shift the base path
indicator k with an identity shift y(k) = k. Then we shift the light
path ¥ to the corresponding pixel among (i’, j'), resulting in a new
path ' and obtain the shifted sample (¥',k) in the target domain
X'

Evaluating Equation 20 requires computing the Jacobian of the
Outer Shift T*. We recall that, given a sample (&, k), we shift our
indicator k£ with an identity shift. Therefore, it is easy to verify that
the Jacobian of our Outer Shift simply equals that of the shift map-
ping T we use to shift the base path X of the current paired-pixel
sample:

aT* at
== 2
‘mmﬁ % @2
where the Jacobian |9t/0z] is that of shift mapping between two pix-
els derived in prior works [ e 1.

4.3. Gradient-Domain Rendering with Gradient with ReSTIR

In Section 4.2, we introduce Gradient with ReSTIR to com-
pute pixel value differences with ReSTIR. In what follows, we
adopt Gradient with ReSTIR to compute pixel difference be-
tween neighbour pixel pairs in [ ] and introduce the first
gradient-domain method in real-time rendering. Specifically, in

Section 4.3.1, we will discuss reusing paired-pixel samples tempo-
rally with Area ReSTIR [ ] and a new method to compute
a pixel pair’s motion vector. In Section 4.3.2, we will introduce a
new strategy to reuse paired-pixel samples adaptively to make our
method efficient in real-time rendering.

4.3.1. Temporal Reuse

! %, Fractional motion
1\ vector

Projected pixel area

Figure 5: (a) shows point-based ReSTIR. It fixes the primary in-
tersection x| and reuses the rest of the paths. In image gradient
computation, both primary intersections in a paired-pixel sample
may be different from these in another paired-pixel sample, which
greatly downgrade the reuse quality. (b) shows area-based ReSTIR,
it reuses fractional motion vector to find closer temporal neighbor
and improve the sample reuse quality.

We first discuss temporal reuse in our gradient image rendering.
In primal rendering, there are mainly two ways to reuse paths from
past frames. LIN et al. [ ] fix the primary intersection x;
of a path X and reuse the rest of the path. Area ReSTIR [ ]
expands the path reuse to pixel area and it works better in high-
frequency areas (e.g, Normal map, complex textures).

We observe that the integrand of the image gradient in Equa-
tion 3 changes rapidly between different pixel pairs. Shown in Fig-
ure 5, both pixels have different geometry properties from other
pixels, which leads to large differences in image gradient. There-
fore, we rely on Area ReSTIR to find temporal neighbors. Follow-
ing Area ReSTIR, given a pixel pair (i, j), we first project it back
to the last frame with a fractional motion vector 8. We then search
a sample for the pixel pair (i + 9, j 4 0) in the past frame and shift
it back to the current frame.

Unlike primal rendering, the G-buffer does not provide a mo-
tion vector for a pixel pair (i, j). We therefore design a new way to
compute the fractional motion vector for a pixel pair. We pick the
pixel with the smaller depth as the pivot and use its fractional mo-
tion vector for the entire pair. Anchoring on the nearer pixel helps
preserve the correct depth ordering—since, under camera motion,
the farther pixel may become occluded by the closer one. Once the
pair’s motion vector is established, we apply temporal reuse using
Area ReSTIR [ ] as discussed above.

4.3.2. Adaptive Spatial Reuse

Now we introduce a novel method to find and reuse paired-pixel
samples spatially. In previous primal ReSTIR works [ ;
], given a pixel i, ReSTIR randomly chooses a pixel in a

© 2026 Eurographics - The European Association
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Temporal Only Temporal + Randofn spatial reuse | Temporal + Our spatial reuse

Figure 6: We employ Gradient with ReSTIR with different spa-
tial reuse variants to render gradient images of a dark-white grid.
The image gradient is very different between interior pixel pair and
edge pixel pair, so it is not good to reuse samples between them.
The previous random spatial neighbor search fails to find suitable
spatial neighbors, and it wastes a lot of time on interior pixel pair
where the magnitude of image gradients is small. Our adaptive and
edge-aligned spatial neighbor search enables efficient paired-pixel
samples reuse in gradient-domain rendering’s image gradient esti-
mation.

screen-space neighborhood and reuses its path. Because of geome-
try and material similarities between neighboring pixels, the paths
from spatial neighbors can further reduce the noise of rendering
results.

Unlike primal rendering, our paired-pixel sample is based on
two pixels, and the image gradient can be sparse in a neighbor-
hood. Shown in Figure 6, most of the pixel pairs in a black-white
grid have zero gradient; we call these pixel pairs interior pixel pair.
Only pixel pairs on the edge of grids have large image gradients, we
call these pixel pairs edge pixel pair. Because of the sparse distri-
bution of image gradient, the spatial neighbor search used in primal
rendering is not practical in gradient-domain spatial reuse.

We introduce our novel spatial reuse for paired-pixel samples.
It includes two key ideas. (1). Adaptively decide whether to do
spatial reuse based on the G-Buffer. (2). Edge aligned spatial
neighbor search and reuse. Firstly, we introduce adaptive gradient-
domain spatial reuse. Shown in Figure 6, we calculate gradi-
ent images of a white-black grid. We find that the magnitude
of pixel difference between interior pixel pair (shown as blue
dots) is small and it is relatively easy to sample. Due to per-
formance consideration, we omit the spatial reuse between inte-
rior pixel pair by looking at G-Buffer before spatial reuse and
only conduct spatial reuse for edge pixel pair (shown as orange
dot in Figure 6). In our experiments, for a pixel pair (i, ), if
|albedo(i) — albedo(j)|> 0.1, Dot(normal(i),normal(j)) > 0.9, or
|depth(i) — depth(j)| /depth(i) > 0.1, we will consider (i, ) as an
edge pixel pair.

Now we discuss how we find a spatial neighbor for an edge pixel

pair. Shown in Figure 6, the pixel difference is very different in
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interior pixel pair and edge pixel pair, so it is bad to reuse paired-
pixel samples from interior pixel pair to edge pixel pair. For a pixel
pair (i, j), we randomly generate at most N neighbor pixel pairs in
the current pixel pair’s neighborhood and check if they are similar
to the current edge pixel pair by looking at albedo, depth and nor-
mal in the G-Buffer. We find that it is very efficient even when N
is large (We choose N = 256 for experiments, which takes 0.1ms
on spatial neighbor search in our experiment setup). We provide an
ablation study of spatial reuse in Figure 10.

After spatial neighbor look-up, we shift the paired-pixel sample
associated with it to the current paired-pixel domain with paired-
pixel shift mapping we introduce in Section 4.2.3 and resample it
with GRIS, same as previous primal ReSTIR works [ 1.

4.4. Positivization

In gradient-domain rendering, the image gradient is a real-valued
function. To use Gradient with ReSTIR, we use the paired-pixel
sample contribution function G;;(X, k) as the target function. To re-
duce the sign noise introduced by sign changes during image gra-
dient estimation, we apply positivization to estimate the gradient.
Positivization splits a real-valued function f(x) into a positive part
and a negative part and estimates them separately:

f(x) = max (f(x),0) — max(—f(x),0). (23)

Following this, our integral for pixel value difference for a pixel
pair (i, j) introduced in Equation 14 becomes:

dy= [ R AE0~ [ p-Eh AR, @)

where
ﬁ+()f7k) := max (0);}()?7 k) G,’j (J@k) 70) 25)
p—(%,k) := max (—wj;(%,k) Gjj (£,k) ,0) . (26)

Our implementation has two reservoirs ry and r— for each pixel
pair with target functions p (¥,k) and p— (%, k), respectively, to es-
timate the two integrals in Equation 24. When generating initial
candidate samples, r+ and r— will share the same set of candi-
dates. We add each initial candidate paired-pixel (%;,k;), to both
IeServoirs.

We are estimating the image gradient with positivization, and a
gradient sample that has a positive contribution may have a neg-
ative contribution after a shift mapping. Previously, CHANG et al.
[ ] has proposed to reuse samples across signs. That is, to
generate new r4 or r— for a pixel pair, they try to reuse the samples
from both r+ and r— from other pixel pairs. In practice, we find
that reuse across signs does not perform better than reusing sam-
ples within the same sign, but it takes longer. To make our method
more efficient, we choose not to use samples across signs. When we
generate new 4, we only reuse samples from 4 from other pixel
pairs, and the same for r—. We provide an ablation study Figure 9
in the result section.

5. Results

We adopt ReSTIR for image gradient estimation, enabling
gradient-domain rendering in real-time rendering. To demonstrate
the efficiency of our method, we compare it with three baselines:
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Ours Reference

Classroom

Veach-Ajar

Ours B.1: Grad a

Figure 7: Gradient image comparison. To make the results equal-time (30 ms), we run our method at 1 spp, gradient-domain path trac-
ing [ ] at 3 spp, and average the gradients of two instances of Gradient after ReSTIR. Our method tends to produce highest-quality

gradients.

B.1 Gradient after ReSTIR: The method we describe in Sec-
tion 4.1. This method is a gradient-domain method, so it re-
quires a primal pass and a gradient pass to produce render-
ing outputs. We use the Area ReSTIR [ ] in the primal
pass. We then use the primal paths generated in the primal
pass to compute the image gradients by shifting them to the
neighboring pixels, as we describe in Section 4.1. To achieve
equal-time comparison, we run multiple independent copies of
this method, averaging the results.

B.2 Gradient-PT: KETTUNEN et al.’s [2015] gradient-domain
path tracer. For fair comparison, we use LIN etal. [ I’s
hybrid shift mapping to shift paths between pixels. We use
the standard PT in the primal pass and gradient-domain path
tracing in the gradient pass, the same as in the original pa-
per [ ]. To achieve equal-time comparison, we run
multiple spps and report the results.

B.3 Area ReSTIR: ZHANG et al.’s [2024] recent Area ReSTIR;
Since this is not a gradient-domain method, we achieve equal-
time comparisons by running multiple independent copies of
Area ReSTIR, averaging the results.

Like B.1, our method also has a primal and a gradient pass. We
use Area ReSTIR [ ] in the primal pass. We then use the
Gradient with ReSTIR in Section 4.2 to compute the image gradi-
ents. We set the number of initial candidates to 1 and the number
of spatial neighbors to 1 for Gradient with ReSTIR.

In the primal Area ReSTIR we are using in B.1, B.3, and our
method, we set the number of initial candidates to 1 and the number
of spatial neighbors to 2.

Reconstruction Gradient-domain rendering requires a reconstruc-
tion step to produce the final rendering result. We use L1 and L2
Poisson reconstructions for rendering output generation. They take

300ms and 11ms, respectively. Please note that modern neural de-
noisers (e.g. DLSS [ ]) can be more efficient and may take as
low as 3ms. We expect future neural gradient-domain reconstruc-
tion methods to have similar efficiency. In our experiments, we in-
clude the L2 reconstruction time in all gradient domain rendering
methods when we conduct an equal-time comparison with B.3.

We implemented our method and all baselines using the Falcor
framework [ ]. All methods share the same interfaces for
lighting, geometry and materials. We run experiments on a PC with
an Nvidia GeForce RTX 5090 GPU and AMD Ryzen 5900X CPU.
All results are rendered in 1920x1080 resolution under a moving
camera.

5.1. Evaluations and Ablations

Gradient Image Comparisons We compare gradient images be-
tween our method, Gradient after ReSTIR (B.1) and Gradient-PT
(B.2). We show the gradient image comparisons in Figure 7. We
present with Classroom and Veach-Ajar. Gradient-PT (B.2) pro-
duces noisy gradient images because of low sampling budget and
no spatial-temporal reuse. Gradient after ReSTIR (B.1) improves
the quality of the gradient image by reusing paths in primal render-
ing. However, it fails to obtain high-contribution paths in the gra-
dient domain since its target function p is associated with the pri-
mal image. Our method improves the quality of the gradient image
by reusing paired-pixel samples and directly estimating the image
gradient. It generally produces cleaner gradient images than other
methods.

Reconstructed Image Comparisons In this paper, we introduce
methods to reuse samples in the gradient domain. We find that with
our method, we can have cleaner gradient images, and this leads to
better reconstructed rendering output. To compare the final render-
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B.3: Area ReSTIR

Ours B.1: Grad after ReSTIR

B.2: Gradient-PT

0:036)
(=0

Veach-Ajar

Kitchen

Figure 8: Comparison to the most relevant baselines. To make results equal-time (30 ms), we average one instance of our method, two
instances of Gradient after ReSTIR, four instances of Area ReSTIR [71.K*24], and run Gradient-PT [KMA*15] at 3 spp. For gradient-
domain methods, we average the primal and gradient images before reconstruction and show L and Ly reconstruction results. We show the
error of Ly and Ly reconstruction for ours, B.2 and B.1 in the first and second row, respectively. B.3 is a primal rendering method; we show
the error of B.3 in the second row only. Gradient-PT performs badly due to a lack of spatiotemporal reuse. Area ReSTIR [71.K 2] shows
high-frequency noise due to not evaluating gradients. Gradient after ReSTIR evaluates gradients based on primal-domain ReSTIR, which
results in unoptimal sampling distributions and turns ineffective shift mappings into gradient outliers. Our method typically produces cleaner
results, though Ly and Ly should be replaced with fast neural reconstructions.

ing output with baselines, we report results from L1 and L2 Poisson
reconstructions for all gradient domain methods. We show Class-
room, Veach-Ajar and Kitchen in the paper and the result is in Fig-
ure 7. For more results, please refer to the supplemental materials.

Positivization helps reduce sign variance in image gradients es-
timation and produces cleaner rendering outputs. In Figure 9,
we compare our method with and without positivization. For our
method without positivization, we use Equation 19 as the target
function and keep one reservoir only for each pair of pixels. We
keep two reservoirs for one pair of pixels when positivization is
turnt on. Although this costs more memory and computation time,
it still outperforms our method without positivization.

We compare our method with different spatial reuse methods in
Figure 10. When we turn off spatial reuse, the results have artifacts
caused by gradient image noise due to the lack of spatial reuse.
Dense spatial reuse randomly selects spatial neighbors for all pixel
pairs. It is slow and does not find helpful spatial neighbors. Our
spatial reuse reduces gradient noise in edge pixel pairs and leads to
cleaner rendering output.

© 2026 Eurographics - The European Association
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In Figure 11, we compare the denoised Area ReSTIR [Z1.1<*24]
and the rendering output of our method with a neural reconstruction
method. We apply NGPT [[<1H1.19] to both methods. With the help
of gradient images, our method preserves more geometric details
than the primal Area ReSTIR.

In gradient-domain rendering, it requires a primal and a gradi-
ent pass to produce the outputs. In Figure 12, we compare differ-
ent combinations of primal and gradient image rendering settings
on Veach-Ajar. Noise in both the primal images and the gradient
images leads to artifacts in the final rendering output. Thanks to
sample reuse, our method provides clean rendering output.

6. Discussion and Conclusion

Limitations and future work In this paper, we introduce the first
gradient-domain method in real-time rendering. Our method is im-
plemented in a real-time rendering framework, and it is non-trivial
to apply it in offline rendering. We view this as an interesting future
work.
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Ref. With positivization

Without pos

Figure 9: Ablation on gradient positivization. The metal rack is
lit by two lights, creating both positive and negative gradient con-
tributions. Positivization reduces sign variance, leading to signifi-
cantly improved image quality at increased frame time (39.8 ms vs.
29.9 ms).

Ref.

MSE(x10~%): 22 4.7 3.9
Time: 31.3 ms 44.8 ms 28.7 ms

Figure 10: Ablation on spatial reuse of gradient samples at 1 spp.
Our adaptive variant skips spatial gradient reuse on flat areas, as
these gradients are often already handled well by the inner shift
and temporal gradient reuse, decreasing runtime cost by roughly
30%. Based on a G-buffer, selective reuse also selects reuse inputs
from similar pixel-pairs, often improving gradient quality despite
the lower cost.

In our work, we assume the transformation of all objects is affine.
Improving our method to better handle dynamic scenes with com-
plex deformations is an interesting topic for future research. The
video our method produces has some temporal turbulence in the
high-frequency area due to the lack of temporal gradients. Extend-
ing our method to compute the temporal gradient will be an in-
teresting research topic. Additionally, extending our technique to
reuse antithetic samples used in differentiable rendering [ ;

] is worth exploring.

Conclusion In this paper, we introduce a first gradient-domain
real-time rendering method by reusing paired-pixel samples with
ReSTIR. To make our method more efficient, we introduce an adap-
tive and edge-aligned spatial reuse. We further reduce the sign noise
by adopting positivization. Finally, we evaluate our methods by
comparing with several primal- and gradient-domain baselines in
equal-time settings.

Wang, Yu-Chen et al. / Gradient-Domain ReSTIR Path Tracing

Area
ReSTIR
4
-
MSE(x1073): 1.6 1.9

Figure 11: Equal-time comparison between denoised Area Re-
STIR [ ] and our method with neural reconstruction. We use
the primal version of NGPT [ ] to denoise Area ReSTIR. The
gradient images in our method help capture geometric details in
the scene, thereby improving the rendering quality.
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