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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 [KMA*15] and Area ReSTIR [ZLK*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
reconstruct 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 [Kaj86] 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 [LKL*13; KMA*15], recovered by


https://orcid.org/0009-0000-8518-5486
https://orcid.org/0000-0002-5206-9603
https://orcid.org/0000-0002-5139-6418
https://orcid.org/0000-0002-5133-4292
https://orcid.org/0000-0002-5735-0998
https://orcid.org/0000-0003-4759-0514

20f11 Wang, Yu-Chen et al. / Gradient-domain ReSTIR Path Tracing

solving a screened Poisson problem, show significantly reduced
medium and high frequency noise compared to path tracing.

Reservoir-based spatiotemporal importance resampling (Re-
STIR) [BWP*20; LKB*22; ZL.K*24] 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 [KHL19].

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 [ZLK*24]
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. [LKL*13] introduces gradient-domain rendering
and shift mappings in the context of Metropolis Light Transport
(MLT) [VG97]. 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. [KMA*15] 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. [MKD*16] 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. [MKA*15] to bidirectional path tracing, HUA et al.
[HGNH17] and GRUSON et al. [GHV*18] to photon density esti-
mation, SUN et al. [SSC*17] to vertex connection and merging, and
PETITJEAN et al. [PBE18] spectral rendering. FANG et al. [FH24]
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. [KHL19] and GUO et al. [GLL*19] 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 [KHL19]. BACK et al.
[BHHM?20] trained a neural network to combine independent im-
ages and existing gradient-domain reconstructions for improved
results. Recently, YAN et al. [YZYX24] 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 [NVI25].
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Table 1: List of symbols commonly used in the paper. to capture image-space high frequencies. These pixel value differ-
ences between the corresponding pixeladj are
Symbol De nition Z z
f Path contribution bjj = fi(X) dx f;(X) dx: 1)
F Pixeli's intensity W Wi
X ) _ Iz;gh_tr?at_h | The variance of a Monte Carlo difference estimate is determined
W Pa.‘t space assoaate' W't pixe by the variance of each estimator and tloeivariance In gradient-
bij Value difference between pixelsand . . . . .
T Shift mapping of a light path domaln_ rgn_der!_ng, _dlfferencésj are evaluated bghift mappings
T Shift mapping forpaired-pixelsample deterministic buectlon_§ij fr<_)m W to W to correlate the two inte-
- — - - grals' samples. The pixel difference becomes
p Candidate distribution fdith candidate path in ReSTIR z
m Resampling MIS weight folth sample ReSTIR _ Ti; _
p Target function for ReSTIR bij = W i) f5(Tij () K3 dx: @)
w Resampling weight folith candidate path in ReSTIR
W Unbiased contribution weight for samptén ReSTIR Here, X'is traditionally called thebase pathand Tjj(X) the offset
y Chosen sample with ReSTIR path and Tj;=Tx is the Jacobian determinant of the shift map-
Gij paired-pixelsample contribution function ping. In pra})cticejl'ij is only apartial bijecéion, a bijection betwe_en
Wij MIS weight used in gradient-domain rendering a subset® W and another subs&V;~ Wj. Not all paths in
Wij MIS weight forpaired-pixelsamples W can be shifted tdV;, 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),
2.2. ReSTIR Jeme pling (MIS)
TALBOT et al. [TCEO5] introduces resampled importance sampling Dj=  wj( fi f(Tij(x) % dx
(RIS) to pick one or more samples from many, proportionally to a ZW (3)
. . g . _ ﬂT _
desired density. Building upon RIS, BrERLI et al.'s [2020] Re- wi(® i (i) = dx
STIR DI reuses light samples across frames and pixels for real-time W, X

direct illumination. QIYANG et al. [OLK*21] extend this method

to rough global illumination by treating path suf xes as virtual wherew;; (X) are the MIS weights. A common choice is the balance

heuristic [KMA*15],

point lights.
LIN et al. [LKB*22] introducesgeneralized resampled impor- wij (X) = pi() o 4)
tance sampling(GRIS) to enable unbiased spatiotemporal path P+ pj(Tij(¥) &

reuse withshift mappingsTheir ReSTIR PT allows unbiased and )

ef cient path reuse on glossy materials4ENG etal.'s [2024] Area ~ Wherepi and pj are the sampling PDFs foM and W, respec-
ReSTIR improves temporal reuse on high-frequency pixels with tively. Our method essentially importance samples Equation 3 with
fractional motion vectors. We build on ReSTIR PT witl&ANG ReSTIR.

et al.'s area reservoirs.

Spatiotemporal sample reuse introduces correlations between3 2. Spatiotemporal Importance Resampling (ReSTIR)

nearby pixels. 8wHNEY et al. [SLK*24] decreases the correla- R

tions by Markov chain mutations. BTTUNEN et al. [KLR*23] The one-sample Monte Carlo estimator estimates  f(x) dx
reuse parts of paths rather than full paths with their conditional PY drawing a samplewith probability densityp(x) and evaluating
ReSTIR. ZHANG et al. [ZLK*24] accelerates depth of eld ren- _ f(x)

dering with ReSTIR. GANG et al. [CSN*23] and NG et al. hFivc = mi (5)
[WWW2z23] apply ReSTIR to differentiable and inverse rendering.

These developments are orthogonal to our work. This estimate has the lower variance, the bgt{ej approximates

f(x), modulo a constant multiplier. Unfortunately, building ef -
cient path samplers with(x) / f(X) is impractical.

3. Preliminaries

In this section, we outline the necessary preliminaries, but refer 32 1. Resampled Importance Sampling

readers to WMAN et al. [WKL*23] and HuA et al. [HGP*19] for
details. TALBOT et al.'s [2005] RIS draws samplepproximatelypropor-

tional to some target functiop, dften chosemp(x) = f(x), giving
a way to approximate the ideal distribution. RIS rst drabiscan-
3.1. Gradient-Domain Path Tracing didate samplesq;:::;xm with PDFspq;:::; pm and computes a

Given a scene, gradient-domain path tracing [KMA*15] renders resampling weight for each sample,

horizontal and vertical (discrete) gradient images, i.e., pixel dif- p(x)
: R M W= my (%) ®)
ferences between adjacent pixels, in addition to the primal image, 1= mix o)
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Here,m(x) is the resampling MIS weight, e.g., the balance heuris-
tic [VG95]. RIS then picks samplg from the candidates propor-
tionally to thew;. This gives a one-sample estimator

hFiris= f(Y)W; )
with theunbiased contribution weighftyCW) [LKB*22]

W= =~ 4 w: (8)

The RIS estimator converges faspar-sampleat the cost of sam-

pling, storing, and picking from thigl candidates. A common strat-

egy was to use a cheaper target function [TCEOQ5].

Figure 2: (a) Gradient after ReSTIR (Section 4.1) reuses single
paths spatiotemporally with ReSTIR and shifts each pixel's nal
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
nal paired-pixel sample for a gradient computation.

Weighted reservoir samplingha82] allows implementing RIS
in a streaming manner [BWP*20]. feservoirstores the currently
chosen samplg and the sum of resampling weights streamed
into it so far. FinallyW, (Equation 8) is stored witf.

3.2.2. Generalized RIS

LiN et al. [LKB*22] extend resampling, enabling integral estima-
tion by reusing samples across domains. Suppose we want to esti-

mate integraF over some domailVwith samples from domains 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 [ZLK*24] pass to generate the primal image and the tradi-
wi = m(Ti(x)) BOT ()W m : ) tional Ifl and L2 Poissqn r(_aconstruc_:tign method to reconstruct the
X rendering output. We will discuss this in more detail in Section 5.

with shift mappings |T: W ! W. Then it computes the resampling
weightw; for each shifted sample as

Shifted sample3|(x) are streamed to a new reservoirith these

resampling weights. Because generalized resampling accepts sam4 1. Gradient after ReSTIR

ples from other domains and Equation 9 ugésin place of the ] ]

often unknowM 1=p|(x), it can be applied iteratively, borrowing Anail've approach we caﬁradlent aft_er ReSTIReuses single paths
samples from neighbor pixels and prior frames. This iterative ap- SPatiotemporally with primal-domain ReSTIR (e.gHANG et al.
plication of (generalized) RIS de nes reservoir-based spatiotem- [ZLK*24]), and evaluates gradients by shift mapping the ReSTIR
poral importance resampling (i.e., ReSTIR). After iterative reuse, Paths to adjacent pixels. We illustrate this in Figure 2 (left).

ReSTIR estimateE using Equation 7 with the storgaandW. We rst do exactly as ReSTIR: initial sampling is followed by
temporal reuse, spatial reuse, and primal color evaluation via
4. Our Method hRi = (%) Wy; (10)

We now introduce a technique that enables ReSTIR for gradient- yyhereyiis ReSTIR's chosen path, am; is the unbiased contri-
domain path tracing, i.e., estimating pixel differences via spa- pytion weight.

tiotemporal reuse. Because gradient-domain rendering and ReSTIR ) ) o
leverage correlations in different ways, we use two types of shift ~ Next, we compute the differencé; for the adjacent pixelg
mappings: one to maintain path correlations for difference evalua- by shiftingyi to pixel j with the shift mappingTij and estimate
tion (Equation 3), another for spatiotemporal sample reuse (Equa-©ne-sidecbixel value differences
ton ) i = wi() GGD GO 0 wgr ()

In Section 4.1, we present a naive approdsatadient after Re- ] R R 7 a
STIR which shifts paths from primal-domain ReSTIR [LKB*22;  sybtracting the corresponding one-sided estimators gives the full
ZLK*24] to other pixels for gradient evaluation. We discuss why difference (see Equation 3), since
this leads to high variance. 0. 0.

) _ _ _ ) Dj = E Oji h Dji : (12)
In Section 4.2 we introduc&radient with ReSTIRNnd discuss

why it exhibits less variance. In Section 4.3 we show how we ap-  Thjs subtraction is required, since as noted in Section Bil,

tion 4.4 we discuss positivization to further reduce variance. cover the full difference.

Since resampling loses access to exact PDFs, we replace the bal-
Y The PDF after resampling is intractable. ance heuristic (Equation 4) with the generalized balance heuristic
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f(x) #Sample Selected
— f1(%) 00 Gradient after ReSTI
2 f2(X) 150 Gradient with ReSTI
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X Figure 4. When we shift a gradient-domain samifek) to an-
other domain, rstly we shifi to the corresponding pixel in the
target pixel pair. Then we use the Inner Shift in the new gradient-
domainX °to obtain the shifted sample in target domain.

Figure 3: Importance of Gradient with ReSTIReft: Functions
f1(X) and $(x), de ned over{ 2;2], agree ngar the origin but dif-

fer signi cantly in other regions. We estimaté2 fi(x)  fa(x) dx

with both Gradient after ReSTIR and Gradient with ReSRight:

We repeat each algorithm 500 times and show the histogram of x-
values selected by each method. Gradient after ReSTIR selects samg.2.1. Paired-Pixel Samples
ples based on either fx) or f,(x), which leads to over-sampling
near the peak, while under-sampling regions whég€x) fao(x)j

is high. In contrast, Gradient with ReSTIR prioritizes sample se-
lection based on the difference betweeg(xf and %(x), enabling
more ef cient estimation of the difference integral.

Given a pixel pair(i; j) associated with path spac@ai;W;), let

Tij andTj; be shift maps fronW to Wj andW; to W, respectively.
Similar to Equation 51 in previous ReSTIR works [LKB*22], we
rewrite Equation 3 by merging the two integrals into a single one
over an extendegaired-pixeldomain:X := (W f 0g)[ (W,

f10):
z
i= w;i (X K) Gij (X;K) d(X;K); 14
(LKB*22]), Dij « ij (%K) Gij (X k) d(X;K) (14)
) Bi (%) where the variable of integratigix; k) involves a base patkand
Wij () = — - i (13) anindicatok 2 f 0; 1g encoding the domain in whictresides (i.e.,
FOY+ BT () & k= 0 andk = 1 indicate, respectively 2 W andx2 W;). Addi-
where, as usual, the corresponding term is dropped if the shift map-t'ona”y’
ing is unde ned. : (T Tk ifk= O
P Gk = 09 HLONIT k=00 g
Gradient after ReSTIR straightforward to implement, but can fi(Ti(3) jTi=myg  fj(x) ifk=1

suffer from high variance since primal-domain ReSTIR only looks whereT;; shifts path betweenand j and we call itinner Shift It

at the path contrib_utions in a _single pixel, neglecting t_he a<_:tua| can be any shift mapping designed in previous works [LKB*22:
change between pixels. Thus, it often poorly samples pixel differ- KMA*15] to shift a path between two pixels. The MIS weight
ences, and every shift mapping failure potentially causes an outlier. (X K) is given by

ij\ 7

In Figure 3, we employsradient after ReSTIk a toy example L
to estimate the integral df,(X)  f2(X). This approach overlooks wij (X K) 1= wij (X) !f k=0; (16)
the difference betweefy(x) and f»(X), selecting samples that are wiji(x) ifk=1;
signi cant for either f1(X) or fy(x) rather than those for which
f1(x)  f2(X) has high contribution. We should prioritize sampling
in regions critical for estimating thg ~ f,. Our Gradient with Re-
STIR achieves this.

with wij from Equation 4.

4.2.2. Estimating Pixel Difference withpaired-pixelsample

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

4.2. Gradient with ReSTIR Suppose we havd candidatgaired-pixelsamples (x;; k.)gf‘i 1

introduce a newGradient with ReSTIRnhethod to choose samples  denoted ag(i; j) and the associatepaired-pixel domain isX.
based on the integrand differences between two pixels. To cap-We rstly shift all paired-pixelsamples toX with shift mapping
ture the difference between two pixels, we store and reuse sam-T; := X; !X .WecallT Outer Shiftand will discuss it later. We
ples based on a pixel pa(r; j) instead of a single pixel in primal  then select gaired-pixelsample(y ;k ) from all candidate sam-
rendering. In Section 4.2.1, we introduce the sample we reused inples. Following GRIS theory[LKB*22], our pixel difference esti-
our method. We call ipaired-pixelsample. In what follows, we in- mator takes the form of:

troduce our formulation for estimating pixel differences shown in

Section 4.2.2. We then design a shift mapping required by ReSTIR

to reusepaired-pixelsamples spatialtemporally in Section 4.2.3. hDiji = Wy wij(y k) Gij(y k) - a7)
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