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Fig. 1. Optimization results where we use a gradient-based optimizer that infers the scene parameters (i.e., textures within the yellow box) from its initial (a
reddish one) so that the rendered image with the inferred textures is close to the target image. We compare the images rendered using the parameters inferred
by the inverse rendering optimization without and with image denoising, i.e., the baseline and two denoisers (a cross-bilateral filter and our denoiser). Adopting
an existing denoiser (i.e., the cross-bilateral filter) allows faster convergence than the baseline without image denoising, but the optimization goes into an
undesirable local minimum, i.e., over-blurred textures. On the other hand, our image denoiser makes the scene inference robust by guiding the optimizer to

preserve the texture details.

Physically based differentiable rendering allows an accurate light transport
simulation to be differentiated with respect to the rendering input, i.e., scene
parameters, and it enables inferring scene parameters from target images,
e.g., photos or synthetic images, via an iterative optimization. However,
this inverse Monte Carlo rendering inherits the fundamental problem of
the Monte Carlo integration, i.e., noise, resulting in a slow optimization
convergence. An appealing approach to addressing such noise is exploiting
an image denoiser to improve optimization convergence. Unfortunately, the
direct adoption of existing image denoisers designed for ordinary rendering
scenarios can drive the optimization into undesirable local minima due to
denoising bias. It motivates us to reformulate a new image denoiser spe-
cialized for inverse rendering. Unlike existing image denoisers, we conduct
our denoising by considering the target images, i.e., specific information
in inverse rendering. For our target-aware denoising, we determine our
denoising weights via a linear regression technique using the target. We
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demonstrate that our denoiser enables inverse rendering optimization to
infer scene parameters robustly through a diverse set of tests.

CCS Concepts: « Computing methodologies — Rendering,.

Additional Key Words and Phrases: linear regression, image denoising, dif-
ferentiable rendering, inverse rendering
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1 INTRODUCTION

Monte Carlo rendering, such as path tracing [Kajiya 1986], has be-
come a standard solution for scenarios where photorealistic images
are necessary since it enables an accurate simulation of various ren-
dering effects from 3D virtual scenes. Recent breakthroughs [Li et al.
2018; Zhang et al. 2020, 2019] have shown that this physically based
rendering can be differentiable with respect to its input, allowing for
obtaining the derivatives of a rendered image with respect to scene
parameters. This makes it possible to infer the parameters through
a gradient-based optimization with a loss function, which measures
a discrepancy between a rendered image and a target image, since
the gradient of the loss with respect to scene parameters can be
computed.
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Such differentiable rendering provides a systematic and general
way to create 3D content [Kato et al. 2020], but it shares the problem
of Monte Carlo rendering, i.e., noise from random sampling, leading
to noise in the gradients generated by differentiable rendering. We
can reduce the noise by increasing the sample size for rendering, but
unfortunately, taking a large sample size per optimization step is
not practical as inverse rendering optimization usually takes many
iteration steps [Balint et al. 2023; Chang et al. 2023; Hasselgren et al.
2022; Nicolet et al. 2023; Wang et al. 2023].

An attractive approach for reducing noise in the gradients is
to adopt image denoising as a post-sampling process so that the
gradients can be computed from denoised images instead of noisy
images. For example, one can exploit an existing denoiser (e.g., a
cross-bilateral filter [Li et al. 2012; Sen and Darabi 2012]) designed
for ordinary forward rendering so that inverse rendering optimiza-
tion exploits the gradients with reduced noise. Nonetheless, this
direct use of an existing denoiser can let optimization reach an unde-
sirable local minimum due to its inevitable side effect (i.e., denoising
bias), as shown in Fig. 1.

In this paper, we present a reformulated image denoiser that
aims to enhance the convergence of inverse rendering optimization
while ameliorating the side effect of image denoising. We devise our
denoiser using inverse rendering-specific information, i.e., a target
image, instead of exploiting conventional information (G-buffers),
i.e., a popular choice of existing denoisers. Our main contributions
are as follows.

e We incorporate the inverse rendering-specific information, the
target image, into image denoising for the first time to make
inverse rendering optimization with denoising robust.

e We present a new linear regression using the target image to ful-
fill our high-level idea of adjusting denoising weights according
to the pixel colors in the target image.

We demonstrate that our target-aware denoising can improve the
convergence of inverse rendering optimization while preventing
the optimization from converging to an undesirable local minimum
through various tests.

2 RELATED WORK

Differentiable Monte Carlo rendering has received substantial at-
tention recently as it allows for inferring various scene parameters
through simulating light transport equations [Kato et al. 2020]. This
section discusses previous studies related to our denoising.

Physically based differentiable rendering. Iterative optimization
(e.g., stochastic gradient descent) for inverse rendering requires the
differentiation of the light transport integrals with respect to scene
parameters to be optimized. A major technical challenge is to dif-
ferentiate light transport equations, including discontinuous terms
(e.g., the visibility term), efficiently and accurately. Li et al. [2018]
proposed a boundary sampling on silhouette edges and computed
unbiasedly estimated derivatives for path tracing. Later, the repa-
rameterizations of the light transport equation [Bangaru et al. 2020;
Loubet et al. 2019] were proposed to estimate the derivatives more
efficiently. In addition, differentiation techniques for more advanced
light transport forms have been proposed, e.g., the differentiable
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radiative transfer equations for volumes [Nimier-David et al. 2022;
Zhang et al. 2019, 2021] and the derivative estimation for the path
integral form [Xu et al. 2023; Yu et al. 2022; Zhang et al. 2020].

Computing the gradient of a loss function with respect to scene
parameters via backpropagation is often much more efficient than its
counterpart (i.e., forward differentiation) for inverse rendering with
a scalar loss function, and this backward differentiation was per-
formed efficiently via splitting the differentiable rendering into two
disjoint parts (i.e., the primal and adjoint rendering phases) [Nimier-
David et al. 2020; Vicini et al. 2021]. We refer to a recent survey [Zelt-
ner et al. 2021] that provides an in-depth discussion of various
sampling and optimization techniques.

The differentiable rendering frameworks mentioned above rely
on Monte Carlo sampling. Thus, those deliver noisy gradient esti-
mates to an iterative optimizer unless we use a large sample size
(and thus significant optimization times). Our image denoiser is a
post-sampling process to reduce noise in the gradient estimates,
which does not alter their sampling. In this paper, we show that
our denoising can improve the convergence speed of inverse ren-
dering optimization by plugging our method into a well-known
differentiable rendering framework [Jakob et al. 2022; Vicini et al.
2021].

Variance reduction using spatio-temporal coherence. Variance re-
duction techniques allow noise reduction in the gradient of a loss
function with respect to scene parameters without simply taking
more samples. A recent approach was to use correlated sampling to
reduce the gradient noise using temporal coherence across iterations
in gradient descents. For example, Wang et al. [2023] and Chang
et al. [2023] adapted path-reusing techniques (e.g., ReSTIR [Bitterli
et al. 2020; Lin et al. 2022]) for inverse rendering optimization, and
Nicolet et al. [2023] devised a recursive version of the image-space
control variate [Rousselle et al. 2016] to reduce noise in the gra-
dients using temporal coherence. Also, Balint et al. [2023] reused
the gradients temporally using the finite differences in adjacent
gradient steps.

An alternative approach for variance reduction is to adopt an
image denoiser so that the gradient estimates can be computed from
denoised images (not from noisy rendered images). For example,
Hasselgren et al. [2022] showed that adopting an image denoiser
for inverse rendering can be beneficial, especially with the small
number of samples per gradient iteration.

Inspired by this observation, we investigate a robust way of ex-
ploiting image denoising for inverse rendering. However, unlike
adopting existing denoisers, we reformulate image denoising using
problem-specific information, i.e., a target image. We also show
that our denoising is compatible with the existing variance reduc-
tion techniques using temporal coherence (e.g., [Chang et al. 2023;
Nicolet et al. 2023]).

3 PROBLEM SPECIFICATION

Let us consider a loss function £ that inverse rendering optimization
aims to minimize:

_ 1 e
L= —lIf () =1l (1)
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(c) Baseline (d) Cross-bilateral (e) Ours

Fig. 2. Optimization results where we infer the textures (within the red box)
from the initial guess (a constant texture (a)) so that rendering results using
the inferred textures match the user-provided target image (b). We test a
gradient-based optimizer that uses noisy gradients without denoising (the
baseline (c)) and less noisy gradients with image denoising (a cross-bilateral
filter (d) and ours (e)). Once their texture inferences are complete, we render
the scene with their inferred parameters using a large sample count for
the visualization. The baseline (c) does not effectively reduce the £L; errors
(i.e., a similar error with the starting point (a)). The cross-bilateral filter (d)
reduces the error much more than the baseline, but its output is severely
blurred. On the other hand, ours (e) enables the optimizer to infer more
accurate textures while keeping the details.

where f () is the rendered image with scene parameters 7 and I is a
user-provided target image. m is the number of elements in the color
images f () and I, i.e., the pixel count X 3. We refer to the f(x) as
an accurate image, e.g., a rendered image using unbiased rendering
with an infinite sample size, which is unknown in practice. We set
the order p to one (and thus £; loss) unless otherwise mentioned.
When a rendering function f becomes differentiable with respect
to the parameters 7, one can seek the optimal parameters 7oy, that
minimize the loss £ via a gradient-based optimization since the
gradient of the loss £ with respect to the parameters can be obtained
via a chain rule:
oL oL 9df(n) 2)
ot~ af(r) om (
Such gradient-based optimization allows us to take any rendering
function that is differentiable concerning the parameters. Still, we
limit the choice of the rendering function to a physically based
differentiable rendering. Specifically, one can replace the unknown
image f () (in Eq. 1) with a noisy estimate f () rendered with a
small number of samples, i.e., L=m! ||f(7r) —I||?, and perform

the gradient-based optimization with the noisy image f(r):

oL _ oL 9f(m) )
o of(x) om ’
The two derivatives, 9.£/ af () and af () /o, can be computed
independently through two separate sampling processes [Nimier-
David et al. 2020; Vicini et al. 2021].

While this general approach with differentiable Monte Carlo ren-
dering provides a systematic means to optimize scene parameters,
noise in the gradient 3£ /dx can slow the convergence toward the
optimal parameters. A tempting approach for mitigating this prob-
lem is to reduce the noise in the image-space gradient a.£/df ()

Target-Aware Image Denoising for Inverse Monte Carlo Rendering + 124:3

via image denoising so that the parameter-space gradient 9.£/dr
can have reduced noise.

Specifically, let us consider an image denoiser that produces a
denoised image f (r) from a noisy image f () and set an alternative
loss £L=m™! ||f(7r) - I||§ with the denoised image f(n), which is a
less noisy estimate of the unknown £ (Eq. 1). It results in a different
chain rule:

oL oL of(maf(r) oL af(x) dg(x)
on  of(m)af(x) O  of(x) 99(n) om

where g() is an auxiliary input that a denoiser can take, e.g., G-
buffers. Note that the second term on the right side of Eq. 4 becomes
nonzero when the auxiliary input g(7) depends on the learnable
parameters . An example is when we infer G-buffers (e.g., albedos)
while employing an existing denoiser using such buffers simultane-
ously.

Nonetheless, we observed that including the second term can
result in more noisy estimation results than the ones without the
term when adopting existing G-buffer-based denoisers. Please see
the supplemental report for this analysis. Therefore, we shall use
only the first term for G-buffer-based denoisers unless otherwise
mentioned. On the other hand, in Sec. 4, we will design our denois-
ing without taking the learnable parameters as input to avoid this
approximation of the chain rule.

One may consider any image denoiser that is differentiable with
respect to its noisy input, but it can be preferable to use a simple
denoiser for efficient computation of its denoising output f ()
and derivatives 8f (m)/ af () since such computation should be
conducted per optimization step.

As an example of such simple denoisers, we can think of using a
cross-bilateral filter that produces a denoised color fc(n) at pixel ¢
by weight-averaging noisy colors fl () of pixel i within a denoising
window Q¢ (e.g., 31 X 31 window) centered at pixel c:

femy= 3 (wekhim) 1 3 wib. ®)

€0, €0
cb
ilc’
the center pixel c, is computed as

©)

The denoising weight w¢’, assigned to a neighboring pixel i from

lgi=gel® o= pel® limi—nel®  (di = do)?
2(b7)2 2(br)2 2(b")? 2(b4)2
(6)
where b4, bP, b", and b? are the bandwidth terms for the pixel
positions (q; and q.), albedos (p; and p.), normals (n; and n.), and
normalized depths (d; and d.) of pixel i and pixel c.

Adopting this cross-bilateral filter for inverse rendering is straight-
forward as differentiating this simple filter (Eqs. 5 and 6) with respect
to its input f(or) is trivial and it does not modify the underlying
sampling processes, i.e., computing f(;r) and 6f(7r)/87r.

w

Challenges of image denoising and our motivation. Fig. 2 shows
the results of a gradient-based optimization without and with image
denoising, i.e., using the noisy gradient a.£/dx (Eq. 3) or the less
noisy gradient 3.£/ar (Eq. 4). For the test of the cross-bilateral filter
(Egs. 5 and 6), we set the b7 to one-third of the half-width of the
Qc, and the other terms for G-buffers are b” = 0.05, b™ = p? =0.1.

ACM Trans. Graph., Vol. 43, No. 4, Article 124. Publication date: July 2024.
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T f(m) f(m)
__________ i L ________| Ourdenoiser ________’_ Loss
Rendering (Egs. 11 and 12) ¢
o o — £
oL oL oL —> Forward
on af(m) 9f(m) —> Backward

Fig. 3. The overview of an inverse rendering framework with our denoising.
In the forward phase, denoted by green arrows, our denoiser takes a noisy
image f(]r) rendered using scene parameters 7 and generates a denoised
image f (;r) via our target-aware weighting (Eq. 11) to compute the loss £ =
m~1 ||f(rr) - I||§~ During the backward phase, marked by red arrows, the
gradient of the loss with respect to the noisy image, aﬁ/af(n), is computed
by locally averaging the 8£/af () with our weighting (Eq. 12). Finally,
we multiply the 8.f/af(n) by the 8f(7r)/87r (in Eq. 4), and then pass the
resulting gradient 8.£/dx to a gradient-based optimizer for updating the
scene parameters 7.

While the baseline without denoising computes its gradient 8.£ /o
using an unbiased image f (), it shows a slow convergence (e.g., see
the £L; errors of the baseline and the initial in Fig. 2). Using the cross-
bilateral filter improves the convergence speed of the baseline, but
it infers undesirable parameters, i.e., blurred textures. It motivates
us to design a new image denoiser specialized for inverse rendering
instead of the straightforward option of taking an existing denoiser,
which will be presented in the subsequent section.

4 TARGET-AWARE IMAGE DENOISING

This section proposes how to compute the less noisy gradient 9. /dr
(Eq. 4) with our image denoising. Fig. 3 shows the overview of an
inverse rendering framework with a plug-in module, our denoising.

Our key idea is to replace conventional weighting (e.g., G-buffer-
based weighting in Eq. 6) with a new weighting formed by con-
sidering the target image I. To fullfil this idea, we incorporate the
inverse rendering-specific information I into our weighting via local
regression [Loader 2006; Moon et al. 2014]. Specifically, we locally
approximate the unknown image f () with a linear function of the
pixel colors in the target image I (i.e., a Taylor polynomial of degree
one):

fitn) = fe(n) + f{ () (i = L), (7

where f7 () is the first derivative of the unknown image f () with
respect to the target I at a center pixel c. For brevity, we shall treat
the colors, e.g., f;(7) and fc(7), as 1D values since we can apply
our denoising to each color channel independently.

The unknowns f; () and f{ (x) in Eq. 7 can be estimated using a
weighted least-squares objective function:

[zz] = argmin Z Wile

ac,fe i€Q.

i —ae- e, ®

where the outputs ¢, and ﬁc are the estimates of the unknowns
fe(rr) and f/ () in Eq. 7, respectively. The weight w;|. controls the

relative importance of the squared error || f,-(]r) —ae — Pe(l; = 1)||?
at pixel i, and we define the weight using the target I:

Il log, (I; + 1) — log, (I + 1)||°

2(b1)? ’ ©)

Wilc = exp |—
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where the bandwidth b/ is set to 0.1. We exploit the log transfor-
mation for robust weighting since the target colors, I; and I, are in
HDR space. We then compute the optimal coefficients &, and ﬁc via
the closed-form solution (i.e., normal equation) [Loader 2006]:

[Zc] = (xXTwx)"'xTwy, (10)

Cc

where the i-th row in the design matrix X of size |Q| X 2 is set to
[1,I; — I;] and the i-th element in the diagonal matrix W of size
[Qcl X [Qc] is set to w;|¢ in Eq. 9. Also, the column vector Y of
size | Q| is set by the noisy input f; (7). Once we solve the normal
equation (Eq. 10) per pixel ¢, we set our denoising output to dc, i.e.,
fc(n') = d.. We then compute the loss L= m_1||f(7t) - I|I§ and
its gradient with respect to the denoising output, oL/ 8f () (see
Fig. 3).

oL o oL o/
of(m)”  af () of (=)
requires to calculate the derivatives of the f () with respect to its
noisy input f (), 0 f (m)/o f () (see Eq. 4). To make this differentia-
tion trivial, let us represent our denoising as a linear smoother:

,and it

Our next task is to compute the

fo(m) = ée = el (XTWX)TIXTWY = Z Liefi(n), (1)

i€Q.

T:
1

of the noisy input values f,—(ﬂ), like the cross-bilateral filter (Eq. 5).
However, the difference is that the problem-specific information, the
target I, controls our weighting l;|, unlike the existing weighting
(Eq. 6). Also, our weighting is independent of scene parameters r;
oL 3f(m) 3g(n)

of () 99(m) om
the right side in Eq. 4 without approximation.

Let us represent the 9.£ /9 fl (7r) at pixel i using the linear smoother
(Eq. 11) into

where e [1,0]. Note that our denoising is a linear combination

thus, we can safely ignore the second term

of _ oL af(r) _
ofi(m)  af (n) ofi(n)

ile

(12)
where the weight /;| assigned to pixel i from pixel c locally averages
the 0.£/df.(r). Note that the lj)c is used twice when applying a
denoiser into inverse rendering, one for the denoised image f (m)
(Eq. 11) and another for the gradient L/ af () (Eq. 12). Therefore,
the weighting should mitigate blurring details in the two inputs, the
noisy input ();,(7[) in Eq. 11) and the derivative input (.£/d ﬁ;(]‘[)
in Eq. 12), to alleviate the bias of the £/f; () (Eq. 12). We will
analyze our denoising bias in the subsequent sections.

Our final step is to compute the oL /or (in Fig. 3) and pass it to a
gradient-based optimizer for updating scene parameters 7. To this
end, we multiply the computed Lo f (m) (Eq. 12) by the 9 f (7))o
(in Eq. 4), which is independent of image denoising. This process is
conducted per gradient step.

oL ofe(n) _ 5 oL
ceQ; 3fc(7f) afi(”) cen; 6ﬁ(n)



4.1 Bias analysis of our denoised image

Let us suppose the unknown function f () is twice differentiable,
allowing for expressing the Taylor polynomial of degree two:

ﬁ(n)zﬁ(n>+ﬂ(n><n—z¢>+“ -2 13

Then, our denoising bias E[ fc(n)] — fe(r) can be derived as

Elfe(m)] = fo(m) = Y LycElfi(m)] = fo(x)

i€eQ.

= D lefilm) = felm). (14)

i€eQ.

Note that the [; is independent of the noisy input f (m) and is
fixed unless we change the target image I during optimization, i.e.,
E[l;|c] = lijc. Plugging the Taylor expansion (Eq. 13) into this exact
bias equation (Eq. 14) leads to an approximate bias:

Elfe(m)] = fo(m) = fo(m) D lje+ () Y lje(li = L)

i€Q, i€Qe
(ﬁ) Z ll|C(Il Ic)z fe(m). (15)
i€eQ.

As we choose a linear regression for our denoising, ;e ljjc =1
and Y;eq, lijc(Ii — Ic) = 0 [Loader 2006]. Hence, our denoising bias
can be compactly represented into

B0 - o = 0 S -0t

i€Q,

which provides an intuition on our denoising bias that is not related
to the first derivative f7 () as we produce a denoising output that
linearly correlates with the target, i.e., a linear function of the target.
Also, the temporal change of our denoising bias during optimiza-
tion depends only on the second derivative f’ (1) as our denoising
weight [ is fixed over time. Additionally, our denoising bias de-
creases when the optimized scene parameters 7 become close to the
ideal ones 7oy, that match the unknown image f () to the target I,

ie., f(mopt) = L.

Importance of the linear regression. A different way to fulfill our
high-level idea, i.e., exploiting the target image, is to use the target-
based weighting wj|. (Eq. 9) directly without the linear regres-
sion, i.e., fe () = Yieq, (Wi|cfi(7))/Licq, Wilc- It corresponds to a
zeroth-order regression that approximates the unknown f () with
constant models, as discussed in [Bitterli et al. 2016]. Unlike the
linear regression, its bias depends on the first derivatives (and also
the second derivatives) since constant functions cannot approxi-
mate linear functions without errors. Fig. 4 shows the comparisons
between the constant and linear models, which take advantage of
the target image I differently. As shown in the figure, our chosen
design, the linear regression, makes the optimization more accurate
thanks to its smaller bias than the alternative.
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CURTAIN 0.00797 £
(a) Initial (b) Target
0.00669 0.00226 0.00129
(c) Baseline (d) Ours (constant) (e) Ours (linear)

Fig. 4. Texture optimization results of our denoiser that approximates the
unknown image as either constant (d) or linear functions (e) of the target
image (b). Both options, which fulfill our high-level idea of adjusting the
denoising weights by taking account of the target, produce better results
than the baseline (c) without denoising. Nevertheless, it is noticeable that
our chosen option (e), the linear approximation, provides more accurate
inferences than the constant approximation (d), thanks to its smaller de-
noising bias.

4.2 Bias analysis of our image-space gradient

The bias of our image-space gradient af:/af(n) at pixel i, ie,
0L /af; () in Eq. 12, can be represented into

oL | oL Y. oL ofe(m)| oL
ofimy| i) L | ofe(n) ofi(m) | 0fi(m)

B oL

-2t afc(n)] e onn 7

Note that one can derive the bias of other denoisers with a linear
smoother form (e.g., the cross-bilateral filter) analogously.

The equation above indicates that the denoising weight [;, con-
structed for a denoising output f (), also affects the bias of the
derivative 9.£/ ﬁ () as it is the weighted average of the L/ afc ()
of pixel ¢ (c € Q;). Hence, it is desirable to keep the details in the
aﬁ/afc(n) so that the bias (Eq. 17) becomes small.

An existing denoiser can effectively estimate the unknown image
f () when considering rendering-specific features (i.e., G-buffers).
However, its weighting can become less effective (i.e., a large de-
noising bias) for the gradient L/ af () when the G-buffers do
not capture the details in the L/ af (7). Note that the 9.£ /3 f ()
can inherit high-frequency information from the target I due to
L=m! ||f(7r) - I||§. On the other hand, our weighting, which
takes advantage of the target image, enables us to conduct an edge-
avoiding smoothing for the image-space gradient oL/ 8f (), as
shown in Fig. 5.

5 RESULTS AND DISCUSSION

In this section, we verify our denoising by applying our denoising
to the path replay backpropagation framework [Vicini et al. 2021]

ACM Trans. Graph., Vol. 43, No. 4, Article 124. Publication date: July 2024.
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VEACH-AJAR (a) Target
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(b) Initial (©) N0i§y image (d)~Base~Iine
f(m) OL/0f(m)

Image-space gradients

(e) Cross-bilateral
0L /df(r)

(f) Ours
L/ (m)

(9) Reference

oL/0f()

Fig. 5. Comparisons of the image-space gradients, i.e., aj/af(n) for the baseline (d) and a[/af(n) for the denoisers ((e) and (f)), for the first optimization
iteration with the initial scene parameters 7 (a constant texture (b)) and the target I (the landscape texture (a)). We visualize their gradients when we use
the £L; (in the top row) or Ly loss (in the bottom). To visualize the gradients clearly, we multiply those by m (in Eq. 1). We use 16 samples to generate
the noisy image f(7r) (c), and the baseline and two denoisers produce their gradients using the image f(;r) without denoising and with denoising (the
cross-bilateral filter and ours), respectively. We use 131K samples for the reference gradient 9.£/9f () (g). While the cross-bilateral (e) reduces noise in its
gradient compared to the baseline (d), it blurs the details severely. Note that G-buffers used for its weighting cannot capture the high-frequency information
in the reference (g) since the details come from the target (a) (not from the current scene parameters (b)). This excessive blur can drive the optimization
incorrectly (Fig. 2 (d)). On the other hand, our method (f) keeps the details better than the cross-bilateral filter while producing much less noise than the

baseline. It results in a more accurate scene inference (Fig. 2 (e)).

in Mitsuba 3 [Jakob et al. 2022]. This general differentiable frame-
work enables various scene optimizations, including volumes via
the differentiable ratio tracking [Nimier-David et al. 2022] and ge-
ometries via the reparameterization [Loubet et al. 2019]. We have
used Adam [Kingma and Ba 2014] as the optimizer when inferring
materials and volumes, and used its variant [Nicolet et al. 2021] for
optimizing geometries. We have conducted all tests using an Nvidia
RTX 3090 GPU.

5.1 Applications

In Fig. 7, we apply our denoising for various inverse rendering tasks
and compare optimization results without and with our denois-
ing. The baseline without denoising uses the noisy gradient oL |on
(Eq. 3), and ours employs the less noisy gradient 0. /dr (Eq. 4). We
conduct same-time comparisons with the baseline. Specifically, the
standalone time of our method (Egs. 11 and 12) is less than 0.01
seconds per iteration, given a 1K X 1K image. This overhead can
be considered small but nonzero; thus, we allocate slightly more
iterations to the baseline.

Materials. For the CURTAIN and VEACH-AJAR scenes, we optimize
the albedo textures from the initial parameters (a reddish one for
the CURTAIN and a constant (set by 0.5) for the VEACH-AJAR). We
set the sample count for the rendering to 128 for the CURTAIN and
16 for the VEACH-AJAR, respectively. As shown in Fig. 7, the training
convergence speed of the baseline is very slow (see Fig. 7 (e)), and
it makes their output (Fig. 7 (b)) far from the target (Fig. 7 (d)). Our
method helps the optimization produce a more accurate inference
of the material parameters than the baseline, e.g., 11.46X lower £
error for the VEACH-AJAR scene.

Volumes. For the JANGA and DUST DEVIL scenes in the third and
fourth rows of Fig. 7, we infer heterogeneous volumes with spatially
varying coefficients (albedos and densities). We use 4 samples for
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the JANGA scene and 16 samples for the DusT DEVIL, respectively.
The optimization without denoising (i.e., the baseline in Fig. 7 (b))
shows an effective error reduction compared to the starting point
(i-e., the initial in Fig. 7 (a)) but still misses some fine details in the
target. Our denoising makes this optimization more effective while
restoring the details, resulting in much lower £; errors, e.g., the
3.96X smaller error for the JANGA scene.

Geometries. In the fifth and sixth rows of Fig. 7 (the BunNY and
NEFERTITI scenes), we iteratively optimize the geometries from
an initial guess (a sphere in Fig. 7 (a)). We measure the Hausdorff
distances between inferred geometries and the target geometries
to compare the accuracy of the geometries inferred by the baseline
and ours. We set the sample size to 4. The baseline misses the high-
frequency details in the targets, but our denoising enables us to
recover such details more accurately than the baseline.

5.2 Comparisons and analysis

Comparisons with other denoisers. The alternative to our approach
is adopting an existing denoiser without any problem-specific adap-
tation. The two classical denoisers related to our method are the
cross-bilateral filter (Eqs. 5 and 6) and a linear regression with G-
buffers [Moon et al. 2014]. The G-buffer-based linear regression
approximates the unknown with a linear function of their features
(G-buffers). It relies on the local regression theory like ours. Thus,
we can estimate its linear function (and its denoised image) using
the normal equation (Eq. 10), i.e., the same process as ours but with
different features (G-buffers for the existing approach and the target
for ours). Also, we assign the weight in its least-squares objective
function (e.g., w;| in Eq. 8) by the cross-bilateral weight wf‘l; (Eq. 6).

We also test a neural denoiser, the Open Image Denoise (OIDN) [Afra
2023]. A subtlety for using such a neural denoiser in inverse ren-
dering is that its full pipeline should be differentiable, i.e., from a
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£, (time () 0.05555 ( - ) 0.02342 (79.01) 0.03720 (79.38) 0.03280 (79.52) 0.02285 (79.40) 0.01927 (77.78)
Relative £; (time (s)) 0.23980 ( - ) 0.04899 (78.05) 0.02404 (78.04) 0.02296 (78.20) 0.11770 (78.47) 0.01847 (76.28)
£, (time (s)) 0.00797 (- ) 0.00669 (2761.39) 0.00218 (2707.32) 0.00211 (2689.06) 0.00201 (2689.31) 0.00129 (2639.26)
Relative £ (time (s)) 0.12802 (- ) 0.00232 (2716.41) 0.00582 (2689.26) 0.00558 (2714.81) 0.00466 (2677.97) 0.00179 (2637.33)
(a) Target (b) Initial (c) Baseline (d) Cross-bilateral (e) Reg. (G-buffers) (f) OIDN (9) Ours

Fig. 6. Equal-time comparisons of optimization results with different denoising methods. Directly adopting the existing denoisers in inverse rendering leads to
undesirable local minima, e.g., over-blurred artifacts by the cross-bilateral (d), regression with G-buffers (e), and OIDN (f). On the other hand, our method (g)
helps the inverse rendering optimization infer more accurate results while preserving the details.

noisy input f () to a denoised output f (). Particularly, a neural
denoiser in rendering usually takes a tone-mapped image for robust
training, and this tone mapping also needs to be differentiable. To
this end, we chose the log transformation [Bako et al. 2017] and
trained the OIDN network using the publicly released code. For
the training, we generated 1163 noisy/reference image pairs (also
G-buffers) using public scenes [Bitterli 2016]. Then, we froze the
trained network while optimizing scene parameters rather than
fine-tuning the network, as suggested in [Hasselgren et al. 2022].
In Fig. 6, we infer the roughness for the TIRE scene and albedo tex-
tures for the CURTAIN scene, using either the £; or relative £ loss.
The direct adoption of the existing denoisers drives inverse render-
ing optimization into undesirable local minima, e.g., blurred details.
In particular, the cross-bilateral and G-buffer-based regression pro-
duce higher errors than the baseline for the TIRE scene when using
the £ loss. Also, the previous denoisers do not improve the scene
optimization for the CURTAIN scene when using the relative £ loss,
i.e., higher errors than the baseline. On the other hand, adjusting
denoising weights by considering the target image allows a robust
use of image denoising for the inverse rendering tasks, as shown
in Fig. 6 (g). Our supplemental report includes additional results,

e.g., comparisons with the cross-bilateral filter for the BunnY and
NEFERTITI scenes and analysis of our method with and without
G-buffers.

Our denoising with path-reusing techniques. In Fig. 8, we test a
combination of our denoising and path-reusing techniques to see
if such a combination can further enhance inverse rendering opti-
mization. For the JANGA scene, we test the recursive control variates
(R-CV) [Nicolet et al. 2023] that produces an improved image esti-
mate f (r) with reduced noise due to their temporal reusing. Note
that this combination does not require a change in our denoising
since it simply provides a less noisy input (i.e., their output) to our
denoising. The combined method, i.e., ours + R-CV in Fig. 8, outper-
forms either R-CV or ours since this combination allows the use of
both temporal coherence by R-CV and spatial coherence by ours for
a more effective variance reduction in the gradient Lo f (7).

Another interesting combination is to exploit our method within
the parameter-space ReSTIR (P-ReSTIR) framework [Chang et al.
2023]. Specifically, we pass our image-space gradient 9.£ /3 f () toP-
ReSTIR instead of its original input, the noisy gradient a.£ /df (). As
P-ReSTIR uses the relative L3 error [Chang et al. 2023], we exploit

ACM Trans. Graph., Vol. 43, No. 4, Article 124. Publication date: July 2024.
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their loss to conduct a fair comparison. Note that our denoising
process is identical unless an inverse rendering optimization does
not include a target image. As can be seen in Fig. 8, this combination,
ours + P-ReSTIR, lets the optimization produce a more accurate
inference than the optimization with either P-ReSTIR or ours.

Analysis of our denoising with different sample counts and band-
widths. Table 1 shows our inference errors when varying the band-
width ! (in Eq. 9) from 0.05 to 0.4 for the CURTAIN scene. The
differences in the errors of the baseline and ours decrease as the
samples per pixel (spp) increase since noise in the rendered im-
age f () (i.e., our input) becomes smaller with larger sample sizes.
Nonetheless, utilizing our denoising in an inverse rendering frame-
work can be a practical option for reducing the required number of
samples (and thus optimization times). For example, our errors with
4 spp are smaller than the baseline error with 256 spp for the scene.

Also, as shown in Table 1, the accuracy of our inference remains
mostly the same across the bandwidth, and it indicates that our
method is robust against the selection of the global bandwidth (i.e.,
the same value for all pixels). Nonetheless, it would be interesting to
adjust the bandwidth per pixel, i.e., a widely adopted optimization
for image denoising [Zwicker et al. 2015]. We leave this per-pixel
bandwidth selection as future work.

Analysis of different regression orders. We approximate the un-
known image f(x) locally with the Taylor polynomial of degree
one (i.e., the linear function in Eq. 7). However, setting the order to a
higher one may be tempting. To analyze our method with different
regression orders, we have conducted the same optimization for the
Tire and CURTAIN scenes in Fig. 6 but with different orders (cubic
and quintic) and observed that the errors of these higher-order re-
gressions are similar to the ones with the chosen linear order, as
shown in Table 2. Nonetheless, it does not indicate that the order
selection is unnecessary. Adjusting the regression order per pixel to
minimize denoising errors can be technically desirable [Moon et al.
2016], and we leave this per-pixel order selection for future work.

Bias analysis of the Ly loss. In Fig. 9, we compare the biases of
the image-space gradients of the baseline and our method when
using the £; loss. Note that the baseline produces unbiased gradient
estimates for an L loss (e.g., the relative £ loss), but their noise
results in biased estimates for a non-£L3 loss (e.g., the £; loss) [Nico-
let et al. 2023]. As shown in Fig. 9, our denoiser produces gradient
estimates with a much smaller bias than the baseline, thanks to our
noise reduction in the gradient estimates.

Our limitation. A limitation of our method is that we can only
reduce noise in the image-space gradient 8.£/df () (in Eq. 3) since
our technique is an image-space denoiser. As a result, noise in the
a9 f (r) /o (in Eq. 4), which is not affected by image denoising, can
hamper the convergence of inverse rendering optimization with
our denoising. Fig. 10 shows the two references without denois-
ing, which use a large number of samples (e.g., 1K) only for the
a[:/af(n) and for both the a[j/af(n) and 3f(n)/87r. Our method
enables reducing the difference in the numerical accuracy between
the baseline with small samples and the first reference (Fig. 10 (d))
without allocating more samples. Nonetheless, there is a noticeable
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Table 1. L errors in our inference with various bandwidths for the CURTAIN.

Bandwidth
spp _ 0.05 0.1 0.2 04

4 0.00232  0.00224 0.00223 0.00233 0.01639
8 0.00195 0.00192  0.00193  0.00193  0.01641
16  0.00171 0.00170 0.00172  0.00173  0.01537
32 0.00154 0.00155 0.00156 0.00157  0.01389
64  0.00140 0.00142 0.00144 0.00146 0.01149
128 0.00127 0.00129 0.00132 0.00133  0.00669
256 0.00116 0.00118 0.00120 0.00121  0.00359

Baseline

Table 2. L errors in our inference with different Taylor polynomial orders.

Order
Scene 1 3 5

TiRE 0.01927 0.01895 0.01913
CurTAIN  0.00129 0.00129  0.00130

gap between ours and the second reference (Fig. 10 (f)). As an option
for reducing the gap, we would like to investigate target-aware de-
noising in parameter space. While we show that a regression-based
denoiser using the target image can become a practical option for
improving inverse rendering tasks, it would be interesting to devise
a neural network that fulfills our high-level idea, i.e., target-aware
denoising. We leave these investigations to future work.

6 CONCLUSION

This paper proposes an image denoiser that alleviates the gradient
noise while preventing our denoising from driving inverse rendering
optimization to undesirable local minima. Reducing noise in ren-
dered images via image denoising has been extensively explored in
ordinary rendering scenarios. Hence, exploiting an existing denoiser
for inverse rendering is a natural and appealing option. Nonetheless,
such a direct adoption of existing denoisers for inverse rendering
can have a side effect, e.g., over-blurred scene parameters. We have
explored a robust use of image denoising and devised a denoiser
whose weights are adjusted using a target image. While we have
designed a simple but effective way for considering the target image,
i.e., a linear regression using the image, we believe that our high-
level idea of incorporating the problem-specific information into
image denoising would inspire various ways of taking advantage of
the target image to improve inverse rendering optimization further.
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Fig. 7. Same-time comparisons with the baseline that does not use image denoising. We visualize the optimized scene parameters of the baseline (b) and
ours (c) by rendering the inferred scenes with a large sample count, i.e., f (7r) with the two resulting parameters 7, one from the baseline and another from
ours. Also, we plot the training errors of the methods in (e), £ for the baseline and £ for ours. Our image denoising makes the scene inferences more accurate
than the baseline for various inverse rendering tasks, e.g., material estimation in the first two rows, inference of volume parameters in the third and fourth
rows, and geometry optimization in the last two rows. We use the L errors to compute the numerical accuracy in inferred materials and volumes (in the first
four rows) and measure the Hausdorff distance between the inferred and target geometries (in the last two rows).
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Fig. 8. Combination results with path-reusing techniques, the recursive control variates (R-CV) for the JANGA scene and the parameter-space ReSTIR (P-ReSTIR)
for the TiRE scene. We visualize the inference results and error maps (£ errors for the JANGA and relative L, errors for the Tire). Exploiting our denoising or a
path-reusing technique lowers the inference errors compared to the baseline. Combining the two kinds of variance reduction techniques, i.e., a path-reusing
technique together with our denoising, enables us to infer the scene parameters more accurately than the optimizations with ours or path-reusing alone.
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Fig. 9. Comparisons of the biases in the estimated image-space gradients with and without our method when using the £; loss. We generate 10K image-space
gradients of the baseline and our method while varying the random seed, using the scene setting for the VEACH-AJAR scene in Fig. 5. We then average the
gradients from each method ((a) for the baseline and (b) for our technique). We also generate the reference gradients (c) using a large sample count. Noticeably,
the squared bias of our gradient (e) is smaller than the baseline (d), thanks to our noise reduction. For clear visualization, we multiply the gradients by m (in

Eq. 1).
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Fig. 10. A limitation of our denoising. We vary the number of samples per pixel (spp) for computing the image-space gradient (aj/af(n) for the baseline and
a[j/af(n) for our denoiser) and the 8f(7r)/87r. Our method with 128 / 128 samples (c) shows a much smaller numerical error than the baseline with the
same samples (b) and a similar error to the baseline with 1K / 128 samples (i.e., reference (d)). Nonetheless, our error (0.00129) is still noticeably higher than
the error (0.00106) of another reference with 1K / 1K samples (f).
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