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Fig. 1. We introduce ReSTCV, a novel framework that integrates Spatio-Temporal Control Variates (STCV) into ReSTIR for high-quality real-time path
tracing. Standard ReSTIR PT often suffers from noticeable color noise, as it estimates pixel color from a single representative sample stored in a reservoir.
Our STCV formulation mitigates this by accumulating path contributions across space and time as control variates, and constructing new estimators that
leverage spatio-temporal coherence. By combining STCV with efficient ReSTIR-based estimation, our full ReSTCV algorithm significantly reduces variance
and suppresses color noise, producing clean results that closely match the reference images.

Real-time path tracing demands high visual quality under extremely tight
sampling budgets, often relying on reservoir-based spatio-temporal impor-
tance resampling (ReSTIR) to maximize sample quality. However, ReSTIR
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typically estimates the pixel integral using a single representative sam-
ple selected via a scalar target function (e.g., luminance). This inevitably
leads to color noise in scenes with complex chromatic lighting or materials.
In this work, we present Reservoir-based Spatio-Temporal Control Variates
(ReSTCV), a novel framework that addresses this problem by integrating
Spatio-Temporal Control Variates (STCV) into ReSTIR. We revisit image-space
control variates—originally an offline technique—and adapt them for real-
time rendering by spatio-temporal sample reuse. This unified approach
combines the benefits of both techniques, enabling us to suppress color
noise while maintaining the efficiency of ReSTIR. Our method introduces
minimal computational overhead and requires only minor modifications to
existing ReSTIR pipelines. We demonstrate that ReSTCV produces signifi-
cantly cleaner images with stable colors across a variety of dynamic scenes,
marking the first practical application of spatio-temporal control variates in
real-time path tracing.

CCS Concepts: • Computing methodologies→ Ray tracing.

Additional Key Words and Phrases: real-time rendering, control variates,
resampled importance sampling, ReSTIR
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1 Introduction
Real-time path tracing has become increasingly practical with mod-
ern GPU hardware, enabling physically based lighting effects such
as soft shadows and global illumination at real-time or interactive
frame rates. However, strict performance constraints impose ex-
tremely limited sampling budgets, often allowing only a few path
samples per pixel per frame. Under these constraints, effectively
reusing path samples is critical for achieving high image quality.
Consequently, modern real-time rendering systems rely heavily
on spatio-temporal reuse, exploiting correlations across pixels and
frames to amortize expensive light transport computation (e.g., in
temporal anti-aliasing [Yang et al. 2020] and spatio-temporal denois-
ing [Schied et al. 2017]). Designing principled path reuse strategies
that reduce variance without introducing bias or excessive overhead
remains a central challenge.

Reservoir-based spatio-temporal importance resampling (ReSTIR)
[Bitterli et al. 2020; Lin et al. 2022] has emerged as a powerful
framework for sample reuse in real-time path tracing. By repeatedly
resampling candidates across space and time, ReSTIR efficiently
reallocates samples toward important path contributions without
introducing bias. However, ReSTIR’s streaming formulation still
shades each pixel from a single representative sample. When scalar
path luminance is used as the target function for resampling, ReSTIR
fits the distribution well, but the final vector-valued pixel estimate
can remain dominated by the selected candidate. This creates a
gap between the scalar intensity distribution and the per-channel
color distribution, retaining per-channel variance and often appear-
ing as visible color noise in scenes with chromatic light variation
or complex surface materials. Moreover, the spatial and temporal
correlations introduced by sample reuse can amplify this effect,
producing visible “color-clumping” artifacts that persist even when
overall variance is reduced (see §4).
Meanwhile, image-space control variates [Rousselle et al. 2016]

offer a principled variance reduction technique by reusing correlated
estimates from neighboring pixels or prior frames. By estimating the
differences of path integrals between nearby pixels rather than com-
puting their values directly, control variates can significantly reduce
variance where strong spatial or temporal coherence exists. While
effective in offline re-rendering and gradient-domain rendering,
their application in real-time rendering has been under-explored.
Traditional image-space control variate techniques rely on accurate
auxiliary estimates and low-variance difference estimators; these
assumptions are difficult to fulfill given limited sample budgets in
real-time rendering.
In this work, we introduce ReSTCV, a reservoir-based spatio-

temporal control variates framework tailored for real-time path trac-
ing. Our method addresses two key challenges. First, it exploits

spatio-temporal reuse to construct auxiliary estimates from neigh-
boring pixels and previous frames, yielding stable control variates
even under strict sampling budgets. Second, it leverages ReSTIR’s
reuse structure to estimate pixel differences efficiently.

By integrating control variates with ReSTIR, we retain ReSTIR’s
efficient reuse structure and sample distribution while replacing
single-sample shading with accumulated path contributions from
control variates. This substantially strengthens the final estima-
tor, reducing variance that in ReSTIR often appears as color noise
while preserving unbiasedness. Importantly, our method introduces
negligible computational overhead compared to standard ReSTIR,
requiring only a few localized code changes (see highlighted pseu-
docode in Listing 1).

We demonstrate that our method consistently reduces variance—
leading to significantly less noticeable color noise—across a wide
range of dynamic scenes and lighting conditions, as shown in Fig. 1.
To the best of our knowledge, our work presents the first practical
realization of image-space control variates in real-time path tracing,
enabling principled variance reduction beyond ReSTIR alone. Our
main contributions are:

• Spatio-Temporal Control Variates (STCV), a novel formula-
tion that extends image-space control variates to the spatio-
temporal domain for real-time path tracing (§5.1).
• A ReSTIR-based estimator that leverages reservoir samples
to efficiently estimate pixel differences with significantly re-
duced variance (§5.2).
• ReSTCV , a practical algorithm that integrates STCV and Re-
STIR into a unified framework with minimal overhead (§5.3).

2 Related Work
Control variates for rendering. Control variates are a fundamental

variance reduction technique in Monte Carlo integration. They op-
erate by subtracting a correlated auxiliary function with a known
integral from the original integrand to reduce variance. Effective
auxiliary functions can be constructed analytically from lighting
distributions [Belcour et al. 2018; Szécsi et al. 2004] or estimated
empirically from existing samples via regression [Crespo et al. 2021;
Salaün et al. 2022; Vévoda et al. 2018]. More recently, neural net-
works have been employed to learn accurate auxiliary functions
online [Müller et al. 2020]. When multiple control variates are avail-
able, their contributions can be optimally weighted, resulting in a
formulation equivalent to multiple importance sampling with re-
laxed constraints [Hua et al. 2023; Kondapaneni et al. 2019]. Ratio
control variates [Lu et al. 2025] divide the target integrand by the
auxiliary function instead of subtracting it, providing better variance
reduction for vector-valued functions.

Image-space control variates (ICV) [Rousselle et al. 2016] general-
ize this concept by exploiting spatial coherence in the image domain.
By treating correlated estimates from neighboring pixels as control
variates, ICV significantly reduces variance in applications such
as re-rendering and gradient-domain rendering. Recently, Nicolet
et al. [2023] propose recursive control variates for inverse rendering,
which leverages rendering results from previous optimization steps.
Xu et al. [2024] apply ICV to edited dynamic scenes and provide
more accurate difference estimation by explicitly modeling residual
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transport between frames. Yang and Moon [2025] extend ICV to
utilize path tracing via common random numbers. Our method also
builds upon the ICV framework but adapts it for spatio-temporal
reuse in the context of real-time rendering, specifically addressing
the challenges of low sample counts.

Gradient-domain rendering. Gradient-domain rendering [Hua et al.
2019] reduces variance by estimating finite differences (gradients)
between correlated pixel integrals and reconstructing the final im-
age via a Poisson solver. Gradient-domain metropolis light transport
(GMLT) [Lehtinen et al. 2013] pioneered this approach using image-
space gradients for rendering, while Kettunen et al. [2015] later
adapted it to path tracing. Temporal gradient-domain path trac-
ing [Manzi et al. 2016] further extends this to the temporal domain
to enforce temporal coherence and reduce flickering in animations.
Subsequent research has improved sampling efficiency through path
reuse [Bauszat et al. 2017], adaptive sampling [Liang et al. 2024], bet-
ter reconstruction methods [Josse et al. 2025; Tong and Hachisuka
2024], or reconstruction quality via unbiased generalized formu-
lations [Yan et al. 2025]. Our approach shares the core insight of
estimating pixel differences to reduce variance. However, rather
than relying on standard gradient sampling, we leverage ReSTIR to
efficiently compute low-variance difference estimates suitable for
real-time rendering.

RIS and ReSTIR. ReSTIR [Bitterli et al. 2020; Wyman et al. 2023]
enables efficient real-time direct illumination by resampling light
candidates across space and time using weighted reservoirs, a tech-
nique rooted in resampled importance sampling (RIS) [Talbot 2005].
ReSTIR GI [Ouyang et al. 2021] extends this framework to handle
global illumination. Generalized resampled importance sampling
(GRIS) [Lin et al. 2022] formalizes these ideas and unifies the theo-
retical foundation of ReSTIR-style estimators.
A fundamental characteristic of ReSTIR is its reuse of raw path

samples rather than pixel colors (i.e., final shading results by accu-
mulating path contributions). To improve the efficiency of sample
reuse, Wyman and Panteleev [2022] propose decoupling shading
from resampling by reusing candidate samples from intermediate
passes (rather than the final candidate only) for shading. Other ap-
proaches aggregate shading results across pixels [Lee and Chang
2025; Tokuyoshi 2024], though often at the cost of introducing bias.

3 Preliminaries

3.1 Image-space Control Variates
Based on the path integral formulation [Veach 1997], the color of
pixel 𝑖 is expressed as an integral of the path contribution function
𝑓𝑖 (·) over the path space Ω𝑖 :

𝐹𝑖 =

∫
Ω𝑖

𝑓𝑖 (𝑥) d𝑥, (1)

where 𝑥 is a light path and Ω𝑖 contains all light paths connecting to
pixel 𝑖 . We can estimate this integral using Monte Carlo integration
with a single path sample 𝑋𝑖 drawn according to a given probability
density function 𝑝𝑖 as ⟨𝐹𝑖 ⟩ = 𝑓𝑖 (𝑋𝑖 )/𝑝𝑖 (𝑋𝑖 ).
Control variates can reduce the variance of this estimator by

introducing a correlated auxiliary function ℎ𝑖 whose integral over

Ω𝑖 , i.e., 𝐻𝑖 =
∫
Ω𝑖

ℎ𝑖 (𝑥) d𝑥 , is known. Consequently, the original
estimator becomes

⟨𝐹𝑖 ⟩ = 𝛼𝑖𝐻𝑖 + ⟨𝐹𝑖 − 𝛼𝑖𝐻𝑖 ⟩, (2)

where 𝛼𝑖 is a coefficient determined to reflect the correlation be-
tween the original path contribution 𝑓𝑖 and the auxiliary function
ℎ𝑖 , and ⟨𝐹𝑖 − 𝛼𝑖𝐻𝑖 ⟩ is a new estimator indicating their difference.
Assuming that 𝑓𝑖 and ℎ𝑖 are correlated, this difference estimator
should have lower variance than the original estimator ⟨𝐹𝑖 ⟩.
Image-space control variates (ICV) [Rousselle et al. 2016] lever-

age the observation that neighboring pixels can serve as effective
auxiliary functions due to local similarity in pixel color estimates.
By generalizing control variates to functions whose integrals are
unknown but for which low-variance estimates are available, image-
space control variates construct estimators from a set of neighboring
pixels N𝑖 (which includes the pixel 𝑖 itself):

⟨𝐹𝑖 ⟩ =
∑

𝑗∈N𝑖 𝑞 𝑗 ⟨𝐹𝑖 ⟩←𝑗∑
𝑗∈N𝑖 𝑞 𝑗

, where ⟨𝐹𝑖 ⟩←𝑗 = 𝛼𝑖 𝑗 ⟨𝐹 𝑗 ⟩ + ⟨𝐹𝑖 − 𝛼𝑖 𝑗𝐹 𝑗 ⟩,

(3)
and 𝑞 𝑗 denotes the weights for combining estimates from corre-
sponding neighboring pixels. The overall variance can be effectively
reduced due to the appropriate combination of multiple estimators
and the iterative aggregation from spatial neighbors.

3.2 Difference Estimation
Estimating the difference ⟨𝐹𝑖 − 𝛼𝑖 𝑗𝐹 𝑗 ⟩ is well studied in gradient-
domain rendering [Kettunen et al. 2015; Lehtinen et al. 2013; Manzi
et al. 2016]. It relies on a bijective shift mapping 𝑇𝑖→𝑗 between
domains (or their subsets) Ω𝑖 and Ω 𝑗 . By evaluating corresponding
samples connected through the shift mapping, the variance of the
difference estimator can be reduced. Using multiple importance
sampling (MIS), the difference estimator can be formulated as

⟨𝐹𝑖 − 𝛼𝑖 𝑗𝐹 𝑗 ⟩ =
𝜔𝑖 𝑗 (𝑋𝑖 )
𝑝𝑖 (𝑋𝑖 )

(
𝑓𝑖 (𝑋𝑖 ) − 𝛼𝑖 𝑗 𝑓𝑗 (𝑇𝑖→𝑗 (𝑋𝑖 ))

)
−
𝜔 𝑗𝑖 (𝑋 𝑗 )
𝑝 𝑗 (𝑋 𝑗 )

(
𝛼𝑖 𝑗 𝑓𝑗 (𝑋 𝑗 ) − 𝑓𝑖 (𝑇𝑗→𝑖 (𝑋 𝑗 ))

)
, (4)

where 𝑋𝑖 ∈ Ω𝑖 and 𝑋 𝑗 ∈ Ω 𝑗 are path samples drawn according to
the probability density functions 𝑝𝑖 and 𝑝 𝑗 , respectively. We use the
traditional balance heuristic for the MIS weights:

𝜔𝑖 𝑗 (𝑥) =
𝑝𝑖 (𝑥)

𝑝𝑖 (𝑥) + 𝑝 𝑗 (𝑇𝑖→𝑗 (𝑥)) |𝜕𝑇𝑖→𝑗/𝜕𝑥 |
, (5)

where |𝜕𝑇𝑖→𝑗/𝜕𝑥 | is the Jacobian determinant of the shift mapping.
Note that the MIS weights are critical to ensure unbiasedness, since
samples from the target domain𝑇𝑖→𝑗 (Ω𝑖 ) of the shift mapping may
not fully cover Ω 𝑗 [Kettunen et al. 2015].

3.3 ReSTIR
Reservoir-based spatio-temporal importance resampling (ReSTIR)
[Bitterli et al. 2020] is an emerging technique in real-time path
tracing, enabling high-quality rendering at real-time or interactive
frame rates. It builds on reservoir sampling [Chao 1982] to efficiently
reuse samples across space and time, significantly reducing the
number of samples needed per pixel while maintaining low variance.
In the following, we briefly review the basic concepts of ReSTIR.
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Please refer to the ReSTIR course notes [Wyman et al. 2023] for
more details.
For each pixel 𝑖 , its associated reservoir maintains a represen-

tative sample 𝑌𝑖 and its unbiased contribution weight (UCW)𝑊𝑌𝑖 ,
satisfying E[𝑓𝑖 (𝑌𝑖 )𝑊𝑌𝑖 ] = 𝐹𝑖 . Note that the UCW𝑊𝑌𝑖 is analogous
to the reciprocal PDF 1

𝑝𝑖 (𝑌𝑖 ) in standard Monte Carlo integration.
Additionally, each reservoir also tracks a confidence weight 𝑀𝑖 ,
which is primarily used for modulating the MIS weight, reducing
the influence of low-confidence reservoirs to mitigate variance and
bias in the final estimate.
At a high level, the ReSTIR algorithm operates in the following

stages for each frame:
(1) Initial sampling: Generates several independent samples
{𝑋𝑖,𝑘 } for each pixel 𝑖 and performs resampled importance
sampling (RIS) [Talbot 2005], which becomes the initial state
of a reservoir.

(2) Temporal reuse: Combines the current pixel’s reservoir with
the reservoir from the corresponding reprojected pixel in the
previous frame (usually based on its motion vector). The reser-
voir is updated via a resampling operation, which stochasti-
cally selects a new representative sample from the candidate
pool represented by the two reservoirs.

(3) Spatial reuse: Performs a similar resampling operation, up-
dating the current pixel’s reservoir with the reservoirs from
a set of randomly selected neighboring pixels as candidates.

(4) Shading: Computes the final pixel color using the represen-
tative sample stored in the reservoir as ⟨𝐹𝑖 ⟩ = 𝑓𝑖 (𝑌𝑖 )𝑊𝑌𝑖 .

Mathematically, the resampling operation involved in spatio-
temporal reuse is formulated using generalized resampled impor-
tance sampling (GRIS) [Lin et al. 2022]. Assuming that we update the
reservoir of pixel 𝑖 by merging the neighboring reservoirs {𝑌𝑗 }, first
we need to apply the shift mappings𝑇𝑗→𝑖 to map these samples from
different domains to the canonical domain Ω𝑖 . Then, we compute the
resampling weight𝑤 𝑗 for each shifted sample𝑌 ′

𝑗
= 𝑇𝑗→𝑖 (𝑌𝑗 ). Lastly,

we select a new representative sample 𝑍 from the candidates with
probability proportional to the resampling weights, store it in the
reservoir of pixel 𝑖 , and update its UCW using𝑊𝑍 =

∑
𝑗 𝑤 𝑗/𝑝 (𝑍 ).

4 Motivation
ReSTIR [Bitterli et al. 2020] provides an efficient mechanism for
reusing samples across pixels and frames via importance resam-
pling [Lin et al. 2022; Talbot 2005]. However, the final shading stage
still relies on a single representative sample rather than a spatio-
temporally accumulated pixel color estimate. ReSTIR effectively
aggregates multiple samples into one representative sample; as the
iteration increases, the distribution of the representative sample is
near the normalized target function, i.e., 𝑌 ∼ 𝑝 (𝑌 )∫

𝑝 (𝑥 ) d𝑥 , which gives

the final color estimate as ⟨𝐹 ⟩ = 𝑓 (𝑌 )𝑊𝑌 . In practice, the target
function 𝑝 is typically the scalar luminance of the path contribution.
Therefore, the reservoir may be viewed as having two parts: the
accumulated UCW𝑊𝑌 fits the target luminance intensity 𝐼 with
⟨𝐼 ⟩ = 𝑝 (𝑌 )𝑊𝑌 , while the representative sample 𝑌 controls the spec-
trum through 𝑓 (𝑌 )

𝑝 (𝑌 ) . Consequently, the final color can remain highly
sensitive to the specific choice of 𝑌 , particularly when the spectral

content (encoded in the vector-valued 𝑓 ) varies strongly across sam-
ples. This creates a gap between the scalar luminance estimation
and the per-channel color distribution: even when the resampling
process fits the target luminance correctly, a single retained sample
may still be a poor proxy for the pixel’s expected color, increasing
per-channel variance and leading to high-frequency color noise.
Fig. 2 illustrates this with a white diffuse plane illuminated by

monochromatic red and green lights. Although ReSTIR correctly
balances sampling probabilities between the two sources, the final
1-spp estimate is inevitably either purely red or purely green, rather
than the correct yellow mixture, leading to significant color noise
(see Fig. 2b).

Simply expanding the scalar distribution or UCW to the full spec-
trum distribution is difficult within the ReSTIR framework, since
they serve as a probability distribution, and estimating each channel
separately requires 3 times more sampling budget, which is prohibi-
tive in real-time rendering. One mitigation strategy is to leverage
additional samples evaluated during reuse, such as reusing discarded
candidates for shading [Wyman and Panteleev 2022]. While decou-
pling shading from resampling helps, the pool of available samples
remains small. In practice, these extra samples are often not enough
to recover the correct color mixture reliably (see Fig. 2c).
Conversely, techniques like denoising [Bako and Vogels 2017;

Schied et al. 2017] directly reuse accumulated contributions from
neighbors. This effectively accumulates path contributions, reduc-
ing noise even with low sample counts, but often introduces bias.
Image-space control variates (ICV) [Rousselle et al. 2016] offer a
principled, unbiased alternative. By using neighboring pixel esti-
mates as control variates, ICV estimates the difference between
pixels—which typically has low variance—allowing efficient accu-
mulation across the image (see Fig. 2d). However, standard ICV
and its subsequent variants [Yang and Moon 2025] are typically
designed for offline rendering, which relies on multiple rounds of
iterative estimation and high initial sample counts for obtaining
reliable auxiliary and difference estimates, making them impractical
for real-time rendering.
These observations motivate a hybrid approach combining the

strengths of ReSTIR and ICV. In this work, we generalize ICV to the
spatio-temporal domain, enabling stable aggregation across pixels
and frames without running expensive iterative estimation. We also
leverage ReSTIR to efficiently estimate auxiliary functions and pixel
differences, reducing variance without additional path tracing costs.
By integrating both techniques into a unified framework, we achieve
effective variance reduction at real-time frame rates (see Fig. 2e).

5 Our Method
In this section, we present our spatio-temporal control variates
framework and its integration with ReSTIR. We start by extending
image-space control variates [Rousselle et al. 2016] to the spatio-
temporal domain, introducing the Spatio-Temporal Control Variates
(STCV) framework that progressively accumulates pixel color esti-
mates across space and time (§5.1). To efficiently compute the new
STCV estimators, we show how ReSTIR can be generalized to esti-
mate pixel differences (§5.2). We then describe a practical algorithm,
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(a) Scene setup
MAPE:

(b) ReSTIR
0.664

(c) Decoupled
0.422

(d) ICV
0.249

(e) Ours (ReSTCV)
0.216

(f) Reference

Fig. 2. An example comparing existing methods with ours at 1 spp. (a) Scene
setup: a white diffuse plane illuminated by red and green lights. Each light
sample is either green or red, but the final color in the center region should
appear yellow. (b) ReSTIR selects a single representative sample per pixel,
producing severe color noise at a low sample count. (c)Decoupled shading
reuses discarded samples during resampling for shading, which marginally
reduces color noise. (d) Image-space control variates reuse accumulated
path contributions and estimate color more accurately but suffer from noisy
base estimates due to the low sample count (as shown in the top region
near the lights). (e) Our method (ReSTCV) integrates ICV with ReSTIR
and reuses more samples effectively, leading to significantly reduced noise.
(f) Reference image computed by path tracing with a high sample count.

Reservoir-based Spatio-Temporal Control Variates (ReSTCV), that in-
tegrates STCV and ReSTIR into a unified framework with minimal
computational overhead (§5.3).

5.1 Spatio-Temporal Control Variates
The original image-space control variates formulation primarily
focuses on offline rendering for static scenes or re-rendering for
slightly edited scenes (e.g., changing material parameters). To adapt
this technique to real-time rendering with extremely low sample
counts per frame, we introduce Spatio-Temporal Control Variates
(STCV) by accumulating control variate estimates both spatially and
temporally.

5.1.1 Initial sampling. For each pixel 𝑖 , we first sample a path 𝑋𝑖
according to the probability density function 𝑝𝑖 , and compute the
initial color estimation for pixel 𝑖 , denoted as ⟨𝐹𝑖 ⟩init.

5.1.2 Temporal control variates. To obtain a better estimate of pixel
colors, we use motion vectors to find the reprojected pixel 𝑗 in the
previous frame, and then reuse its color estimation ⟨𝐹 𝑗 ⟩ as a control
variate, combining it with the initial estimation ⟨𝐹𝑖 ⟩init as

⟨𝐹𝑖 ⟩ =
𝑞 𝑗 ⟨𝐹𝑖 ⟩←𝑗 + 𝑞init⟨𝐹𝑖 ⟩init

𝑞 𝑗 + 𝑞init
, (6)

where 𝑞 𝑗 and 𝑞init denote the compositing weights, and the “from- 𝑗”
estimator that leverages sample reuse and control variates is defined

as

⟨𝐹𝑖 ⟩←𝑗 = 𝛼𝑖 𝑗 ⟨𝐹 𝑗 ⟩ + ⟨𝐹𝑖 − 𝛼𝑖 𝑗𝐹 𝑗 ⟩. (7)

Note that we will skip this step if we fail to reproject the pixel to
the previous frame.

5.1.3 Spatial control variates. Next, we apply spatial reuse of esti-
mators using nearby pixels as control variates:

⟨𝐹𝑖 ⟩ =
∑

𝑗∈N𝑖 𝑞 𝑗 ⟨𝐹𝑖 ⟩←𝑗∑
𝑗∈N𝑖 𝑞 𝑗

, (8)

where ⟨𝐹𝑖 ⟩←𝑗 is the “from- 𝑗” estimator defined in Eq. 7, 𝑞 𝑗 denotes
its corresponding compositing weight, and N𝑖 is the union of pixel
𝑖 itself and a set of randomly selected neighboring pixels.

5.1.4 Compositing weights. As discussed in the ICV work [Rous-
selle et al. 2016], the optimal compositing weights in Eqs. 6 and 8
should minimize the variance of the composite estimator ⟨𝐹𝑖 ⟩. This
requires access to the variance and covariance of all estimators
involved, which is expensive to estimate and thus impractical for
real-time rendering. Instead, we propose a simple heuristic that
weights each estimator using its confidence weight, which is in-
spired by ReSTIR techniques [Bitterli et al. 2020; Lin et al. 2022] and
will be discussed in more detail in §5.3.

5.1.5 Coefficient 𝛼𝑖 𝑗 . The optimal control variate coefficient 𝛼𝑖 𝑗 for
the CV estimator ⟨𝐹𝑖 ⟩←𝑗 is: 𝛼𝑖 𝑗 = Cov(⟨𝐹𝑖 ⟩, ⟨𝐹 𝑗 ⟩) /Var(⟨𝐹 𝑗 ⟩) [Rous-
selle et al. 2016]. Since it relies on the variance and covariance of
the base estimators, which is challenging to estimate accurately and
efficiently in real-time rendering, we use the following heuristic to
determine the coefficient 𝛼𝑖 𝑗 :

𝛼𝑖 𝑗 = min(𝜌𝑖/𝜌 𝑗 , 2.0), (9)

where 𝜌𝑖 and 𝜌 𝑗 are the average material reflectances at the primary
hit points of light paths 𝑋𝑖 and 𝑋 𝑗 (connecting through pixel 𝑖 and
pixel 𝑗 ), respectively. Although a constant coefficient already pro-
vides good results, we found this heuristic effective because it serves
as a good approximation to the optimal coefficient when neighbor-
ing pixels share the same incident radiance distribution but have
different BRDFs (especially albedo variations), resembling albedo
decomposition in denoising. Specifically, the average reflectance 𝜌𝑖
is computed by integrating the corresponding BRDF values over the
hemisphere, which we approximate using closed-form expressions
for microfacet BRDF models [Haines and Akenine-Möller 2019]. We
clamp the reflectance ratio within 2.0 to avoid instability due to bad
shift mappings. Note that the coefficient 𝛼𝑖 𝑗 is vector-valued.

5.1.6 Direct estimation. These estimators in Eqs. 6–8 under our
spatio-temporal control variates formulation can be directly com-
puted using standard Monte Carlo integration as shown in Eqs. 4.
However, under the low sample counts of real-time rendering (usu-
ally 1 spp per frame), the difference term may still be very noisy
even when the accumulated control variate estimate becomes stable.
To address this issue, we further introduce a ReSTIR-based approach
that uses reservoir samples to evaluate the difference term more
effectively, as presented in the next subsection.
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(a) Reference
MAPE:

(b) Reflectance ratio
0.243

(c) Constant
0.344

Fig. 3. Illustration of the coefficient 𝛼𝑖 𝑗 used in ReSTCV on VeachAjar
(door and floor crop). Setting 𝛼𝑖 𝑗 to the reflectance ratio according to Eq. 9
reduces color noise compared with the constant choice 𝛼𝑖 𝑗 = 1. Scene asset:
VeachAjar (Benedikt Bitterli, CC0 1.0).

5.2 Efficient Difference Estimation using ReSTIR
In our spatio-temporal control variates formulation, the pixel color
estimate is a linear combination of “from- 𝑗” estimators1, whose
dominant source of variance is the difference estimator ⟨𝐹𝑖 − 𝛼𝑖 𝑗𝐹 𝑗 ⟩
(see the analysis in § S.1 of the supplementary document). In princi-
ple, the optimal sampling distribution for this estimator should be
constructed from the difference integrand itself rather than from
ReSTIR’s luminance target. Nevertheless, the ReSTIR-induced distri-
bution is already much better than naive random sampling because
it provides a good proxy for important path regions, and high-
intensity contributions often correlate with large differences. We
therefore retain the original ReSTIR structure and reuse its reser-
voirs directly, avoiding a substantially more complex scheme that
would require dedicated candidate samples or reservoirs for every
difference-estimation pair together with shift mapping for the dif-
ference term. We now show how to extend ReSTIR to efficiently
estimate ⟨𝐹𝑖 − 𝛼𝑖 𝑗𝐹 𝑗 ⟩.

As previously discussed in §3.3, each pixel 𝑖 maintains a reservoir
(𝑌𝑖 ,𝑊𝑌𝑖 , 𝑀𝑖 ), which is a tuple consisting of a representative sample
𝑌𝑖 , its unbiased contribution weight𝑊𝑌𝑖 , and its confidence weight
𝑀𝑖 . Given a pair of pixels 𝑖 and 𝑗 , as well as their corresponding
reservoirs, we modify the standard difference estimator (Eq. 4) by
reusing the reservoir information:

⟨𝐹𝑖 − 𝛼𝐹 𝑗 ⟩ = 𝜔̂𝑖 𝑗 (𝑌𝑖 )𝑊𝑌𝑖 (𝑓𝑖 (𝑌𝑖 ) − 𝛼𝑖 𝑗 𝑓𝑗 (𝑇𝑖→𝑗 (𝑌𝑖 )))
− 𝜔̂ 𝑗𝑖 (𝑌𝑗 )𝑊𝑌𝑗

(𝛼𝑖 𝑗 𝑓𝑗 (𝑌𝑗 ) − 𝑓𝑖 (𝑇𝑗→𝑖 (𝑌𝑗 ))), (10)

where the MIS weight is defined as

𝜔̂𝑖 𝑗 (𝑥) =
𝑀𝑖𝑝𝑖 (𝑥)

𝑀𝑖𝑝𝑖 (𝑥) +𝑀𝑗𝑝 𝑗 (𝑇𝑖→𝑗 (𝑥)) |𝜕𝑇𝑖→𝑗/𝜕𝑥 |
. (11)

Compared to the standard difference estimator (Eqs. 4 and 5), our
ReSTIR-based estimator has the following differences:

(1) We reuse the selected samples 𝑌𝑖 and 𝑌𝑗 stored in the reser-
voirs, instead of sampling new paths. The shift mappings are
computed using the reservoir samples 𝑌𝑖 and 𝑌𝑗 .

(2) We use the unbiased contribution weights𝑊𝑌𝑖 and𝑊𝑌𝑗
in-

stead of the reciprocal PDFs.

1For temporal control variates (Eq. 6), the initial estimate ⟨𝐹𝑖 ⟩init can essentially be
interpreted as ⟨𝐹𝑖 ⟩←𝑖 .

� �
1 class Reservoir:

2 Y = None # Selected sample Y

3 W_Y = 0 # Unbiased contribution weight of Y

4 W = 0 # Sum of weights

5 M = 0 # Effective sample count

6 F = 0 # Pixel color estimate as control variates

7 def Update(Y_j , w_j , M_j): # RIS

8 W += w_j

9 M += M_j

10 if rand() < (w_j / W):

11 Y = Y_j

12

13 def ReusePass(i: int , pixels: list[int]) -> Reservoir:

14 r = Reservoir ()

15 for j in pixels:

16 Z_i = ShiftMapping(r[j].Y, i)

17 # Compute the inverse shift mapping from i to j

18 Z_j = ShiftMapping(r[i].Y, j)

19 # Compute the pixel difference (Eq. 10)

20 diff = EstimateDifference(r[i], r[j], Z_i , Z_j)

21 F_from_j = alpha_ij * r[j].F + diff # Eq. 7

22 r.F += F_from_j * r[j].M # Eqs. 6, 8

23 # Compute the resampling weight

24 w = ResamplingWeight(r[i], r[j], Z_i , Z_j)

25 # Update the reservoir

26 r.Update(Z_i , w, r[j].M)

27 if r.Y is not None:

28 r.W_Y = r.W / p_hat(r.Y)

29 r.F /= r.M

30 return r

31

32 # Run the following program per frame for each pixel i

33 def ReSTCV(i: int)-> float3:

34 # 1. Initial sampling

35 X_i , w_i , f_i, p_i = SamplePath(i)

36 r[i] = Reservoir(X_i , w_i , 1, f_i/p_i)

37 # 2: Temporal reuse

38 j = CorrespondingPixelInPreviousFrame(i)

39 r[i] = ReusePass(i, [i,j]) if j is not None

40 # 3: Spatial reuse

41 neighbors = GetNeighborPixels(i) # Returns a list

42 r[i] = ReusePass(i, [i] + neighbors)

43 # 4: Final shading

44 return r[i].F

45 return shading(r[i].Y) * r[i].W_Y
� �

Listing 1: Pseudocode of our ReSTCV algorithm. The highlighted lines show
the modifications compared to the original ReSTIR: blue lines are added
while red ones are removed.

(3) For MIS weights, we use the product of the confidence weight
𝑀 and the target distribution function 𝑝 , following the robust
MIS weights used in GRIS [Lin et al. 2022].

Since our MIS weight 𝜔̂𝑖 𝑗 satisfies the unbiased condition, our
new ReSTIR-based estimator remains unbiased, which is verified in
§6.1. In practice, its variance is substantially lower than that of the
standard difference estimator because the reused reservoir samples
are drawn from a much better distribution.

5.3 Practical Algorithm
Wenowpresent a practical algorithm, Reservoir-based Spatio-Temporal
Control Variates (ReSTCV), that integrates our spatio-temporal con-
trol variates and ReSTIR. Our algorithm is illustrated in Listing 1,
which modifies the original ReSTIR with a few lines of code (high-
lighted in blue and red). The modifications can be summarized as
follows:
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(1) For each reservoir, we store an additional value 𝐹𝑖 , indicating
the color estimate of pixel 𝑖 (Line 6). This value is updated
during the spatio-temporal reuse steps according to Eqs. 6
and 8 (Lines 22 and 29).

(2) At every reuse step, we estimate the pixel difference using our
new ReSTIR-based estimator (Lines 19–22). This adds negli-
gible computational overhead since we reuse the reservoir
samples and shift mappings, which are already computed for
the original ReSTIR.

(3) We no longer compute the final shading using the reservoir
sample, but instead directly use the stored pixel color estimate
𝐹𝑖 (Lines 44–45).

The implementation of our method incurs minimal computational
overhead while delivering significant variance reduction, especially
in reducing color noise. This variance reduction comes from two
sources. First, ReSTIR’s sample reuse lowers the variance of pixel-
difference estimation. Second, when ReSTIR fails to reuse samples
(e.g., due to invalid shift mappings), the variance remains controlled
by the correlation between the accumulated control-variate estimate
and the ReSTIR-based single-sample contribution.
We now discuss some implementation details of our method.

Sample rejection. Similar to the original ReSTIR, when merging
reservoirs during spatial or temporal reuse, wewill reject bad sample
candidates when their geometry properties (e.g., normal and depth)
deviate too much from the target sample.

Compositing weights. We use the following heuristic to compute
the compositing weights𝑞 used in Eqs. 6 and 8: The weight𝑞 𝑗 for the
estimator ⟨𝐹𝑖 ⟩←𝑗 from pixel 𝑗 is simply the confidence weight𝑀𝑗

stored in the reservoir, and we set 𝑞init = 1 for the initial estimator
⟨𝐹𝑖 ⟩init. Following GRIS [Lin et al. 2022], the confidence weight𝑀𝑗

is capped at 20 to balance noise and correlation.

Direct illumination. Following the original ReSTIR PT implemen-
tation [Lin et al. 2022], direct illumination (DI) and indirect illu-
mination are handled separately. ReSTIR DI uses a proxy target
distribution during resampling, which does not provide the accu-
rate direct illumination required by control variates. Additionally,
the shift mappings employed in ReSTIR DI [Bitterli et al. 2020] are
typically simple (e.g., reusing the UV coordinates of light samples),
leading to high variance in difference estimation when the material
is highly glossy. To address these issues, we construct an intermedi-
ate auxiliary function ¤𝐷𝑖 , which computes the DI contribution with
the proxy target distribution and spectral illumination, and omits
the glossy component of the BRDF term. Then, we use ReSTCV to
estimate ⟨ ¤𝐷𝑖 ⟩, which has much lower variance without the high-
frequency glossy component. The final DI estimate is computed
using another level of control variates as ⟨𝐷𝑖 ⟩ = ⟨ ¤𝐷𝑖 ⟩ + ⟨𝐷𝑖 − ¤𝐷𝑖 ⟩.
This approach preserves the efficiency of ReSTIR DI while reducing
noise through spatio-temporal control variates. For more details,
please refer to § S.2 of the supplementary document.

Codebase. We build our ReSTCV algorithm2 upon the public im-
plementation of ReSTIR PT [Lin et al. 2022] in the Falcor real-time

2Code repository available at: https://github.com/Hercier/ReSTCV.

Reference ReSTCV

STCV
Ref.
MSE

ReSTCV
5.464

STCV
16.100

Fig. 4. Validation of the difference estimator on VeachAjar. ReSTCV better
matches the high-spp reference and lowers the MSE over the whole image.
VeachAjar (Benedikt Bitterli, CC0 1.0).

rendering framework [Kallweit et al. 2022]. Unless otherwise speci-
fied, we use the same parameter settings as ReSTIR PT.

6 Results
We evaluate our method on various dynamic scenes adapted from
the Computer Graphics Archive [McGuire 2017] and the Open Re-
search Content Archive (ORCA) [Games 2017; Lumberyard 2017;
Winkelmann 2019]. We render each scene in real-time at 1920×1080
on a workstation equipped with an RTX 5080 GPU and a Ryzen 9
9950X CPU. Please refer to the supplementary video for animations.
We compare our STCV and ReSTCV algorithms with standard

path tracing and ReSTIR PT [Lin et al. 2022]. For direct illumination,
we use 32 light samples for next event estimation and 5 neighboring
pixels for spatial reuse; for indirect illumination, we use 3 neigh-
boring pixels. Unless otherwise noted, all relMSE and MAPE values
are computed over the full image. Under equal-time comparisons,
standard path tracing corresponds to 5 spp.
As shown in Fig. 5, ReSTCV provides the best overall noise re-

duction and color stability in our comparisons against standard PT,
ReSTIR PT, and STCV alone. STCV performs well in scenes with
relatively simple lighting conditions, such as LivingRoom. However,
in scenes with complex indirect illumination (VeachAjar) or many
lights (ZeroDay), STCV cannot obtain sufficiently informative dif-
ference estimates from random sampling, limiting its reuse quality.
ReSTIR PT, on the other hand, suffers from noticeable color noise
caused by multiple colored light sources and color bleeding from in-
direct illumination. ReSTCV alleviates these issues by accumulating
neighboring contributions through control variates while preserving
accurate pixel-difference estimation from ReSTIR samples, resulting
in overall variance reduction.
Figure 6 isolates direct illumination. ReSTCV still mixes contri-

butions from multiple colored lights effectively, while preserving
better sample distribution than STCV alone. However, since the
scalar auxiliary functions used in ReSTIR do not incorporate full

SIGGRAPH Conference Papers ’26, July 19–23, 2026, Los Angeles, CA, USA.
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(3) STCV(1) ReSTCV (5) ReSTCV(2) PT

(a) LivingRoom

(4) ReSTIR PT (6) Reference

0.261 / 0.232 0.163 / 0.1540.421 / 0.365 relMSE / MAPE: 0.419 / 0.225
26.92 ms 27.35 ms25.85 ms 27.98 msTime:

relMSE / MAPE:
24.24 ms 26.37 ms27.43 ms 24.14 msTime:

(b) VeachAjar 6.741 / 0.549 1.655 / 0.2778.979 / 1.332 1.767 / 0.343

relMSE / MAPE:
42.73 ms 44.07 ms51.33 ms 46.50 msTime:

(c) SunTemple 15.53 / 0.797 4.046 / 0.37821.26 / 0.844 4.024 / 0.480

relMSE / MAPE:
47.14 ms 47.89 ms55.02 ms 51.95 msTime:

(d) ZeroDay 0.871 / 0.824 0.681 / 0.5311.264 / 0.775 1.996 / 0.622

Fig. 5. Equal-time comparison with standard path tracing (PT), our STCV baseline, and ReSTIR PT [Lin et al. 2022]. ReSTIR PT reduces variance but often
exhibits color noise, while STCV alone struggles with complex indirect illumination. ReSTCV combines both to reduce variance and improve color stability.
LivingRoom (© 2012 Jay, CC BY 3.0), VeachAjar (Benedikt Bitterli, CC0 1.0), SunTemple (© Epic Games, CC BY-NC-SA 4.0), and ZeroDay (© Mike Winkelmann
(Beeple), CC BY 4.0).
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(2) STCV(1) ReSTCV (4) ReSTCV

(a) BistroCity, direct illumination only.

(3) ReSTIR DI (5) Reference

0.0038 / 0.400 0.0008 / 0.167relMSE / MAPE: 0.0018 / 0.281
6.22 ms 7.53 ms9.38 msTime:

(b) Fireplace, direct illumination only. 0.144 / 0.395 0.085 / 0.172relMSE / MAPE: 0.458 / 0.426
3.99 ms 4.02 ms4.12 msTime:

Fig. 6. Equal-time direct-illumination comparison between ReSTCV, our STCV baseline, and ReSTIR DI [Bitterli et al. 2020]. ReSTCV reduces visible color
noise and improves stability in these examples. Amazon Lumberyard Bistro (© Amazon Lumberyard, CC BY 4.0) and Fireplace Room (© Wig42, CC BY 3.0).

spectral BRDF information, color noise still remains in certain cases,
as visible in the BistroCity scene.
In Fig. 7, we compare with a variant of ReSTIR PT equipped

with decoupled shading [Wyman and Panteleev 2022]. Decoupled
shading reuses the path contributions evaluated from neighbor-
ing candidate samples, which is equivalent to our method using a
zero-valued neighboring integrand (both ⟨𝐹 𝑗 ⟩ and 𝑓𝑗 (𝑥) are 0) with
ReSTIR samples. Without spatiotemporal accumulation, it therefore
exhibits higher levels of color noise. This approach does not benefit
from temporal accumulation and therefore exhibits higher levels of
color noise.

In the following, we validate our method through several focused
validation and ablation experiments. For additional ablation studies,
please refer to § S.3 of the supplementary document.

Ablation on coefficient 𝛼𝑖 𝑗 . We investigate the impact of the con-
trol variate coefficient 𝛼𝑖 𝑗 on the rendering quality, as shown in
Fig. 3. We compare our proposed heuristic (Eq. 9), which adapts 𝛼𝑖 𝑗
based on the ratio of material reflectances, with a baseline where 𝛼𝑖 𝑗
is fixed to 1. In general, our heuristic (Fig. 3b) effectively suppresses
color noise by adjusting 𝛼𝑖 𝑗 to better correlate the estimators of the
current and neighboring pixels, resulting in a cleaner image with a
lower error compared to the constant baseline (Fig. 3c).

6.1 Difference-estimator validation
We directly validate the difference estimator (with the coefficient
𝛼𝑖 𝑗 ) on VeachAjar and visualize the vector-valued difference in
Fig. 4 with an equal-time 1spp comparison. For convenience, we use
4-connected neighbors for both STCV and ReSTCV. Although Re-
STIR samples are not explicitly optimized for difference estimation,
ReSTCV still produces a more accurate difference estimate than
STCV, with more valid samples contributing to the estimation.

Unbiasedness validation. We verify the unbiasedness of ReSTCV
by repeatedly executing our method on static scenes and accumulat-
ing the frames. Fig. 8 shows the convergence curves of our method
and ReSTIR PT using a 65536 spp reference image. The overall con-
vergence behavior indicates that our method does not introduce bias,
although the final convergence rate could be affected by residual
noise in the reference.

7 Conclusion
In this work, we introduced reservoir-based spatio-temporal control
variates (ReSTCV) for real-time rendering. By combining ReSTIR-
style sample reuse with accumulated path contributions from con-
trol variates linked by a ReSTIR-based pixel-difference estimator,
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(2) ReSTIR PT(1) ReSTCV

(a) CornellBox

(3) Decoupled

0.240 / 0.446relMSE / MAPE:

(4) ReSTCV (5) Reference

0.052 / 0.1390.108 / 0.276

Fig. 7. Equal-time comparison of ReSTCV against ReSTIR PT [Lin et al. 2022] and decoupled shading [Wyman and Panteleev 2022] on indirect illumination
only. Decoupled shading ignores temporal color history and therefore exhibits higher noise. ReSTCV accumulates color estimates over time, improving stability
in these cases.

ReSTCV reduces overall variance with only minor changes to stan-
dard ReSTIR and modest overhead. Across our examples, this mani-
fests as substantially more stable colors. Our results show consistent
variance reduction over prior work across a wide range of dynamic
scenes. Overall, this work shows that control variates can be effec-
tively adapted to real-time path tracing by aligning their design with
ReSTIR. We believe our work enables new possibilities for unifying
rendering techniques that exploit correlated samples.

Limitations and future work. Our method focuses on reducing
the gap between ReSTIR’s scalar intensity distribution and the per-
channel color distribution. In weakly chromatic or largely achro-
matic scenes, baseline ReSTIR already aligns well with intensity, so
this gap can be smaller. For further variance reduction, it would be
interesting to explore more optimal, variance-aware strategies for
combining estimators, since our current heuristic based on sample
counts and pairwise MIS does not explicitly minimize variance or

Fig. 8. Relative mean squared error curves with respect to sample count.

account for covariance. Additionally, our current target distribution
for estimating pixel differences still follows the path contribution.
Ideally, ReSTIR’s resampling process would directly target the dis-
tribution of pixel differences, which could further reduce variance.
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