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中文摘要 

透過時空重用增加有效採樣數量對於實時光線追踪的降噪至關重要。現有的

方法通常假設輸入是由固定的每像素樣本數生成的，並在時間重用當中使用指數

移動平均來合併顏色。然而，當每像素樣本數變化時，這些方法無法有效利用由高

樣本數生成的顏色。在這項研究中，我們提出了一種新方法，稱為「雙歷史方法」，

以增強現有的時空濾波器，提升其處理可變樣本數輸入的能力。我們使用這種方法

改進了變異數引導的時空濾波（SVGF）算法，並通過簡單的注視點渲染管線評估其

性能。 
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Abstract

Spatio-temporal reusing samples is critical to reducing noise for realtime ray-

tracing. Existing methods usually assume inputs are generated by constant sample-

per-pixel and use exponential moving averages to aggregate colors for temporal

reuse. However, when sample-per-pixel vary, these approaches fail to effectively

utilize colors generated by high sample counts. In this study, we proposed a novel

method termed the ”Two-history Approach” to augment existing spatio-temporal

denoisers, enhancing their ability to handle inputs with variable sample count. We

adapt the SVGF algorithm using our approach and evaluate its performance with a

simple foveated rendering pipeline.

i
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Chapter 1

Introduction

Monte Carlo base path-tracing (or ray-tracing) integrates illuminance by randomly

sampling different directions from each hit point. Compared with rasterisation

based method, path-tracing can handle complex reflection and refraction in a more

physically accurate way. Although path-tracing can provide renders with better

quality, usually a large number of samples per pixel (spp) is required to converge

to a stable result, which is difficult to reach realtime.

Hardware supports accelerate path-tracing a lots, however even with a modern

GPU, we can still only trace several paths per-pixel at interactive frame rate. To

address the limitation, previous research has developed many denoising algorithms

tailored for scenarios with very few samples per pixel. Most of these denoisers

reuse samples both spatially and temporally, i.e. spatio-temporal filtering, to

increase effective sample counts.

Figure 1.1 illustrate a high-level common structure of spatio-temporal filters.

In a spatio-temporal filter, we usually apply temporal filter before spatial filter.

In temporal filters, a re-projection step (usually backward projection) is required

to map current samples to history samples. To stabilize the temporal filter faster,

it’s common to feedback spatial filtered results into temporal filter as history. For

spatial filter with multiple iterations, we may feedback result filtered by only first

few layers of the iterations to prevent over-blurring.

1
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Figure 1.1: Common structure of spatio-temporal filters.

Although many powerful filters has been developed, when it comes to head-

mounted devices such as a VR headset, realtime path-tracing are still challenging

because rendering stereo view requires higher resolution and higher frame rates

are required to prevent motion sickness. Fortunately, head-mounted devices are

suitable for near distance eye-tracking, which makes foveated rendering an attrac-

tive solution. Foveated rendering spends more computing resources at foveal the

area, where the user’s gaze is focused, while conserving resources in the peripheral

areas. This strategy works because human visual system only has higher resolution

in a pretty small area around visual center. When applying to path-tracing, since

path-tracing naturally support controlling sample count for each pixel by a sample

map, a simplest foveated path-tracing algorithm would be taking more samples in

the foveal region by manipulating the sample map.

However we found some problems might emerge when trying to combine

foveated rendering (or other method that varies sample counts) with existing

denoisers that contain spatio-temporal reuse. Ideally, to minimize variance of

accumulated color, we should weight the colors by number of samples they took.

But many denoisers for realtime path-tracing assumes constant spp and accumulate

colors by exponential moving average without considering number of samples each

color took, i.e:

x′
t = βx′

t−1 + (1 − β)xt =
∑t

i=1 βt−ixi∑t
i=1 βt−i

(1.1)

where β is the decay rate.

One may ask why not just multiply the weights by number of samples? Indeed
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we can account number of sample by modifying the formula to:

x′
t =

∑t
i=1 βt−ixi · ni∑t

i=1 βt−i · ni

(1.2)

where ni is the sample count at frame i. However, we found this method yields

two problems:

1. Sometimes it is worse than original method.

2. Temporal bias between different pixels may differ.

Below we will see examples of the two problems. For convenience, we call

formula (1.1) the unweighted method, and formula (1.2) the weighed method in

this paper.

Figure 1.2 shows an example that weighted method can be worse than un-

weighted method. Consider β = 0.5 and the pixel has 1 frame of history (excluding

current frame). In the first frame, the pixel was in peripheral area, taking 1 sample

to generate the color. In the second frame, the pixel entered foveal area, taking

2 samples to generate the color. The un-normalized weights of unweighted and

weighted method at frame i are denoted as wi and w̃i respectively. As we can see

in the figure, wi is proportional to sample count ni, which produces result with

minimal variance, while w̃i is not.

Figure 1.2: Example of weighted method being worse then unweighted method.

The second problem emerges when illuminance changes fast and ni changes

differently between pixels. Figure 1.3 shows an example that foveal area darken
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faster than peripheral area. In the example, the scene is darkening, and the foveal

area was moving from bottom-left to upper-right. Pixels in foveal area has larger

weights for recent frames, while pixels in peripheral rely more on old frames.

Figure 1.3: Example of difference of temporal bias.

In this paper, we aim to avoid the problems of weighted method by falling back

to unweighted method whenever weighted method performs bad. We maintain

separate histories for both unweighted and weighted method and blend them

adaptively using information derived from sample counts and estimated gradient.
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Chapter 2

Related Works

2.1 Spatio-temporal Reuse

Although hardware support for ray-tracing has became more common in recent

years, we can still only trace a few or even only 1 sample per pixel to achieve

realtime. Thus many denoisers for very-few-sample path-tracing has emerged. In

this paper we only focus on those with spatio-temporal reuse.

Schied et al. [1] proposed Spatio-temporal Variance-Guided Filtering (SVGF)

for denoising 1-spp path-traced results. SVGF uses variance estimated in temporal

filtering pass to guide parameters of spatial filter. In the temporal filtering part,

simple exponential moving average x′
t = (1−α) ·xt−1 +α ·xt is used to invalidate

old samples. For spatial filter, they use the edge avoiding À-trous wavelet transform

developed by Dammertz et al. [2] to form hierarchical filters.

To achieve temporal stability, a small α is required (α = 0.05 was chosen by

[1]). However, small α may yields temporal over-blurring or delay. To reduce

temporal over-blurring, Schield et al. [3] proposed A-SVGF that adaptively change

α base on per-pixel gradient estimation. The larger the gradient is, the faster the

algorithm invalidate old samples (i.e. larger α).

Bitterli et al. [4] proposed ReSTIR, a resampling based algorithm to path-

tracing direct lighting with millions of light sources. The algorithm was later

5
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extended to world-space reuse [5; 6], volume rendering [7], and full path-tracing

[8] (ReSTIR-PT).

ReSTIR also reuse sample both spatially and temporally to reduce noise. Simi-

lar to SVGF, they invalidated old samples by exponentially decay but in the sense

of probability. Some other algorithms in the ReSTIR family like [6] determine

whether to drop old samples by spatially down-sampled re-tracing, which is similar

to A-SVGF.

All the methods mentioned above, either explicitly or implicitly, assume that

the number of samples per pixel remains constant over screen space. Although

algorithms like ReSTIR take multiple samples per pixel into consideration, they are

similar to the weighted method mentioned in introduction section, which means

changing sample count arbitrary for each pixel may cause inconsistent temporal

bias.

The concept of spatio-temporal filtering can also be found in neural network

based works. Kuznetsov et al. [9] introduced a CNN based method to do adaptive

sampling and denoising using two networks. CNN naturally has functionality

of spatial filtering but lack of temporal information. To enable temporal reuse,

Chaitanya et al. [10] proposed to add recurrent links. Recurrent structures makes

the network being able to retrieve temporal information. However, when the camera

moves fast, we may need larger networks to gather information from re-projected

position, which make it difficult to reduce model size. Hasselgren et al. [11]

optimized this by explicitly implementing re-projection.

2.2 Foveated Rendering

To make ray-tracing realtime on head-mounted devices, Weier et al. [12] use

both foveated rendering and temporal re-projection to reduce required number of

samples by . Kim et al. [13] combined selective adaptive super sampling developed

by Jin et al. [14] with temporal reuse and foveated rendering to produce image with
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up to effective 36 spp in foveal area and gradually reduce to 1 spp in peripheral.

Although these ray-tracing algorithms already combines foveated rendering

and temporal reuse, they focus on reducing number of samples base on gaze and

re-projected information. While our work aim to improve image quality without

controlling sampling method.

Foveated rendering is a large topic, we only list a few of the works that are

more relative to our research. For more about foveated rendering, Wang et al. [15]

has made an exhaustive survey.

2.3 Temporal Gradients

Temporal gradients have been used to guide various spatio-temporal filtering

algorithms.

Schield et al. [3], which is also mentioned in section 2.1, proposed a method

to estimate temporal gradients for path-traced inputs. By apply their gradient

estimation method on SVGF [1] and RAE [16] with additional temporal filter, they

developed A-SVGF and A-RAE. In both of the applications, gradients are used

to control decay rate of exponential moving average. To estimate gradients with

higher coherence between consequent frames, they calculate additional samples

using forward-projected random seed from previous frame. Since generating

additional samples is costly, they calculate gradient sparsely and then reconstruct it

to dense gradient map.

Although [3] works well, their implementation is somehow complex, posing

difficulty to integrate with existing rendering pipelines. However such complexity

is required because over estimating gradient is fatal to the applications. Whenever

we drop old samples by applying an α larger than necessary due to noise, the old

samples can never be restored.

Mueller et al. [17] takes the concept of guiding temporal reuse by gradient to

adaptive shading (non ray-traced). They approximate gradient to estimate when
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will color change being large enough to be sensitive and re-shade only if that

happens.

In this paper we also use temporal gradient to guide our denoiser. Similar to

[17], we use gradient to estimate whether color changes are large enough to be

sensible. Although we are handling path-traced input, our method won’t invalidate

more old samples forever due to over estimating gradient like [3], so we choose to

apply a more simpler gradient estimation algorithm.

2.4 SVGF

In this section we briefly introduce the SVGF algorithm developed by Schied et al.

[1] which is the example we will use in chapter 4. Figure 2.1 shows the high-level

structure of SVGF.

Figure 2.1: High-level structure of SVGF

To prevent blurring textures, they first remove textures by dividing the texture

colors and re-apply (multiply) them after spatio-temporal filtering.

In the temporal filter pass, they use exponential moving average to integrate

colors, i.e.:

x′
t = βt−ix′

i−1 + (1 − β)xt

Here we re-describe the formula using β = (1 − α).

Since a large β is used (0.95 by the original paper) to increase temporal stability,

the resulting x′
t might rely too much on the first frame after dis-occlusion, which

yields larger variance. To deal with this problem, they use simple average in the
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first few frames. Thus we may re-write the formula in a more general form:

x′
t = βi

t−ix′
i−1 + (1 − βi)xt

That is, each frame may has it’s own β value. To do simple average in the first few

frame, they let βi = max
(

i−1
i

, β0
)
, where β0 is the chosen base decay rate.

The spatial filter consist of multiple iterations basis on à-trous wavelet trans-

form. Each iteration increase the effective footprint (area of reuse) width by an

order. Figure 2.2 shows an 1-d example of the hierarchy.

Figure 2.2: An 1-d example of à-trous wavelet transform.

The algorithms guides spatial filter using temporal variance estimation cal-

culated in temporal filter pass. The larger the temporal variance is, the more

aggressive the spatial filter would be. To estimate the temporal variance, the raw

moments of illuminance are calculated in temporal filter pass using exponential

moving average. Formally,

µ1(t) = βµ1(t − 1) + (1 − β)xi

µ2(t) = βµ2(t − 1) + (1 − β)x2
i

, where the decay rate β is recommended to be a smaller value so as to response

faster to illumination changes. Then the variance estimation would be µ2 − µ2
1.

Similar to filtering illuminance temporally, the accumulated moments might be

too noisy when history is short. So they filter the moments spatially with a 7x7

bilateral filter when the history is short (< 4 frames).
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After re-applying texture, the color would be tone-mapped to low dynamic

range. Finally, a temporal anti-aliasing (TAA) [18; 19] pass is used to clean-up

remaining noise.
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Chapter 3

Two-history Approach

3.1 Overview

Figure 3.1: Overview of our method

Given a spatio-temporal filter, our method duplicate the temporal filter and

one iteration of spatial filter to maintain two histories Iu and Iw, produced by

unweighted and weighted method respectively. The accumulation results will be

blended together by linear interpolation Ib = lerp(Iw, Iu, r), where lerp is a linear

interpolation function that lerp(a, b, r) = (1 − r) · a + r · b. The blending ratio r is

computed separately for each pixel of each frame.

The idea of our approach is to rely more on unweighted method whenever any

11
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of the two problems might appear in weighted method, i.e. when (1) weighted

method might be noisier than unweighted method, or (2) temporal bias of weighted

method is significant.

We conceptually blend the histories in two phases to deal with the two problems

respectively. In the first phase, we find a optimal blending factor p that minimize

variance of blended result:

Iopt = lerp(Iw, Iu, p). (3.1)

In the second phase, we blend Iopt with Iu using linear interpolation, formally:

Ib = lerp(Iopt, Iu, q), (3.2)

where q is correlated to magnitude of luminance change.

Then equation 3.1 and 3.2 can be combined together:

Ib = lerp(Iw, Iu, lerp(q, 1, p))

⇒ r = lerp(q, 1, p)

In section 3.2 and 3.3 we will explain details of each phase of blending with

only considering temporal filters. In 3.4, we will put spatial filter into the pipeline

and discuss why we put the blending pass after first iteration of spatial filter.

3.2 First Phase of Blending

The purpose of first phase of blending is to prevent using Iw when it is noisier than

Iu as shown by the sample in figure 1.2. Instead of using Iu directly when Iw is

bad, we found that blending them together with correct ratio may further reduce

noise. Figure 3.2 shows an example that blended result may has smaller variance.

To decide the best blending ratio p, we have to solve the following minimization

problem:

minimize
p

Var[lerp(Iw, Iu, p)]

subject to 0 ≤ p ≤ 1
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Figure 3.2: Blended result may has smaller variance. p = 0.0 (red) means fully

relying on Iw and p = 1.0 means fully relying on Iu.

Note that the variance comes from random sampling and does not effected by

illuminance change over time.

In the rest of this section, we describe how we solve the problem. Readers less

interested in the proof may skip to equation 3.3 for the final formula.

To simplify the proof, only a single pixel without camera motion is considered.

We start from formalizing the accumulated colors as random variables. For each

frame i, let Xi be the random variable of taking one sample, ni be the number of

samples to take, and X̄i be the random variable of averaging ni samples taken from

Xi. Then the accumulated colors Iu and Iw can be written as:

Iu =
∑t

i=1 BiX̄i∑t
i=1 Bi

=
∑t

i=1 BiX̄i

Wu

Iw =
∑t

i=1 BiniX̄i∑t
i=1 Bini

=
∑t

i=1 BiniX̄i

Ww

where t is the number of frames after dis-occlusion and Bi = ∏t
j=i+1 βj is the

product of decay rates applied to color of frame i. Wu = ∑t
i Bi and Ww = ∑t

i Bini

are un-normalized total weight of unweighted and weighted history respectively.

Next, we find the unconstrained extreme value by taking derivative. Below we
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denote Vi = Var[Xi].

d

dp
Var[lerp(Iw, Iu, p)] = 0

⇒ d

dp

t∑
i=1

(
(1 − p)Bini

Ww

+ p
Bi

Wu

)2 1
ni

Vi = 0

⇒ 2
t∑

i=1

(
(1 − p)Bini

Ww

+ p
Bi

Wu

)(
Bi

Wu

− Bini

Ww

) 1
ni

Vi = 0

⇒
t∑

i=1
(Wu(1 − p)Bini + WwpBi) (WwBi − WuBini)

1
ni

Vi = 0

⇒ p = W 2
u

∑t
i=1 B2

i niVi − WwWu
∑t

i=1 B2
i Vi

W 2
u

∑t
i=1 B2

i niVi − 2WwWu
∑t

i=1 B2
i Vi + W 2

w

∑t
i=1 B2

i n−1
i Vi

To simplify the formula, we define Sk = ∑t
i=1 B2

i nk
i Vi, then the formula can

be written as:

p = W 2
u S1 − WwWuS0

W 2
u S1 − 2WwWuS0 + W 2

wS−1

In order to get the exact solution, we have to know Vi for each frame i. Since

it’s difficult to know exact value of Vi in most of the cases, we may instead use an

estimator Ṽi to approximate it. In this paper, we let Ṽi be constant for simplicity

and efficiency, i.e. Ṽi = Ṽj for all i, j. With this assumption the equation can be

rewritten to:

p = W 2
u S̃1 − WwWuS̃0

W 2
u S̃1 − 2WwWuS̃0 + W 2

wS̃−1

where S̃k =
t∑

i=1
B2

i nk
i

To prove the extreme value is actually a minimum, we show that Var[lerp(Iw, Iu, p)]
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is a quadratic function of p with the coefficient of p2 being non-negative.

Var[lerp(Iw, Iu, p)] =
t∑

i=1

(
(1 − p)Bini

Ww

+ p
Bi

Wu

)2 1
ni

Vi

=
t∑

i=1

(
Bini

Ww

+ p
(

Bi

Wu

− Bini

Ww

))2 1
ni

Vi

Then the coefficient of p2 would be
∑t

i=1

(
Bi

Wu
− Bini

Ww

)2 1
n
Vi. By definition, both

ni and Vi must be non-negative, thus the coefficient of p2 is also non-negative.

Finally, combining with constrained solutions, we get the final formula of

blending ratio:

p = clamp
(

W 2
u S̃1 − WwWuS̃0

W 2
u S̃1 − 2WwWuS̃0 + W 2

wS̃−1
, 0, 1

)
(3.3)

From the perspective of implementation, all of Wu, Ww and S̃k can be cal-

culated through temporal accumulation. When combining these components

into p, we can rearrange the terms by letting C = Wu(WuS̃1 − WwS̃0) and

D = Ww(WuS̃0 −WwS̃−1) to reduce the number of multiplication operations. The

formula after rearranging would be p = C
C−D

.

3.3 Second Phase of Blending

In the second phase of blending, we try to rely less on Iw when temporal bias

difference between pixels might be significant. Since difference in temporal bias

can only be perceived if illuminance changes, we use more Iu when illuminance

change is larger.

The blending formula is then designed as follow:

Ib = (1 − q)Iopt + qIu

q = clamp
(

S · lum(abs(g))
σ̃

, 0, 1
)

where g is the approximated temporal gradient, abs(·) calculates element-wise

absolute value, S is a scaling factor, lum(·) is a function mapping RGB color to
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luminance, and σ̃ is the estimated standard deviation. We will explain the details

below.

We start from approximating temporal gradient to estimate how fast the illu-

mination change. To calculate gradient estimation g, we temporally accumulate

xi −xi−1 using exponential moving average, and then apply an edge aware bilateral

filter that is similar to a single layer of spatio-filter in SVGF. Since the gradients

may have negative elements, we take the element-wise absolute value of gradients.

Then to squash three channels into one, we apply the luminance function lum,

which is a linear function mapping high dynamic range RGB colors to relative

luminance.

Then to normalize the luminance change, we divide lum(abs(g)) by σ̃. σ̃ is the

weighted standard deviation of lum(xi) calculated by exponential moving average,

formally:

σ̃ =

√√√√∑t
i=1 lum(xi)2Bi∑t

i=1 Bi

−
(∑t

i=1 lum(xi)Bi∑t
i=1 Bi

)2

where Bi =
t∏

j=i+1
βj

Note that unlike the variance in first phase of blending which estimate variance of

random variable Xi, this standard deviation is calculated from actual colors xi we

have generated.

The normalization factor has these good properties:

• When we scale the inputs xi,
lum(abs(g))

σ̃
remains unchanged, which is an

essential property of relative change.

• The noisier the input is, the larger the σ̃ would be. This property make Ib

tends to use Iopt (which might be less noisier) when the input is more noisy.

The parameter S is a scaling factor that can be controlled by developers. If

we know the scene won’t have significant luminance change (including those of

glossy reflection), than we can set S to a smaller value to better reducing noise.
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Conversely, if the scene may has drastic luminance change, than we can set S to a

larger value to against temporal bias difference. We found that S = 1 make a good

balance among the scenes we tested.

Lastly, we clamp the value to [0, 1] range, then we get the final blending ratio q.

3.4 Combine with Spatial Filters

Previously we have only considered temporal filters in sections. In this section we

will discuss how to put spatial filter into the pipeline.

The most intuitive way might be concatenating spatial filter after the blending

pass directly. However, we can also run the spatial filter for two histories separately

and then blend the histories after spatial filter. If the spatial filter consist of

multiple iterations, it’s also possible to place blending pass after arbitrary number

of iterations of spatial filter.

Here we choose to place blending after the first iteration and put at least one

iteration of spatial filter after blending if possible. We will discuss the reasons

bellow.

Why don’t we place the blending pass before the first iteration? As de-

scribed in introduction, spatio-temporal filters usually feedback color denoised by

some layers of spatial filters, so as to expand the reusing area when the history

length growth and also stabilize the temporal filter faster. If we apply blending

before any spatio-filtering, then it’s not possible to feedback spatially filtered result

into the two histories because blending breaks the properties of unweighted and

weighted history. To maintain the properties of each history while feeding back

result filtered by at least one iteration of spatial filter, the blending pass should be

placed after some layers of spatial filter.

Why don’t we place the blending pass after more iterations? Since we

need to duplicate all layers of spatial filters before blending, the more iterations of

spatial filter are before blending, the more computing time would be spent. Thus
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Figure 3.3: Blending before spatial filter.

we put the blending pass as early as possible.

Figure 3.4: Blending after more iterations.

Why at least one iteration after blending is recommended? This is because

our gradient estimation is noisy and the blended output may reflect such noise. We

observe that one iteration of spatial filter is usually enough for easing out noise

inherits from gradients. If a better gradient estimation method is used (such as

method in [3]), then we might not need the additional layer after blending.
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Experiments

4.1 Experiment Design

Figure 4.1: The rendering pipeline for experiments. We omit moment filtering,

texture removal, and texture re-applying in this graph.

We modify SVGF by our two-history method and combine it with a simple

foveated rendering algorithm. Figure 4.1 shows the pipeline structure.

The temporal filter and the first iteration of spatial filter are duplicated to main-

tain weighted history. Since SVGF has an additional spatial filter for moments, we

also run that filter separately for unweighted and weighted histories. Improvement

in temporal filter would be less significant after spatial-filtering due to blurring, so

we use only 2 iterations instead of 4 that recommended by the original paper. The

19
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final TAA pass is also stripped for simplicity.

We render the images at 1280x720 resolution and set the foveal area to be

inside a circle of 200px radius around gaze point. 8 spp are taken in foveal area

and 1 spp is taken in peripheral area. The gaze point is simulated by moving along

a Lissajous curve, as shown in Figure 4.2.

Figure 4.2: Foveated rendering settings

Two different metrics are used to measure the image quality for HDR images

and tone-mapped images respectively. For HDR image, we use relative Mean

Square Error (relMSE) 1
|P |
∑|P |

t=1
(yi−ri)
(ϵ+r2

i ) to measure the error. For tone-mapped

images, we use SSIM [20]. Reference images are generated by 128 sample-per-

pixel path-tracing, denoised by un-modified SVGF with decay rate and number of

spatial iterations set to the same as in foveated rendering pipeline.

Our implementation is based on the Falcor framework [21] (v5.2). The path-

tracing pass and the tone-mapping pass in our pipeline remain default configuration

provided by the Falcor framework.

The scenes we use for experiments are donated by [22], [23], [24], [25], and

[26].

4.2 Image Quality

First we measure the average relMSE and SSIM of whole frames in the whole

animations. Table 4.2 shows the metrics for unweighted, weighted, and two-history

method. Table 4.3 shows results relative to unweighted method.
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VeachAjar VeachAjarAnimated BistroExterior

BistroInterior BistroInterior Wine SunTemple

EmeraldSquare Day EmeraldSquare Dusk ZeroDay 1

ZeroDay 7 ZeroDay 7 Colored

Table 4.1: Scenes for experiments
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relMSE SSIM

Scene Unweighted Weighted Two-history Unweighted Weighted Two-history

VeachAjar 4.435e-2 4.137e-2 4.213e-2 0.9038 0.9222 0.9180

VeachAjarAnimated 3.559e-2 3.716e-2 3.457e-2 0.9135 0.9257 0.9229

BistroExterior 1.507e-1 1.505e-1 1.492e-1 0.9264 0.9297 0.9315

BistroInterior 2.128e+2 2.098e+2 2.111e+2 0.8271 0.8281 0.8295

BistroInterior Wine 1.683e+0 1.678e+0 1.678e+0 0.9180 0.9219 0.9234

SunTemple 1.246e+0 1.199e+0 1.212e+0 0.8592 0.8718 0.8728

EmeraldSquare Day 1.690e+0 1.642e+0 1.668e+0 0.8563 0.8589 0.8605

EmeraldSquare Dusk 1.580e-4 1.617e-4 1.558e-4 0.9832 0.9837 0.9838

ZeroDay 1 1.491e-2 1.473e-2 1.311e-2 0.9660 0.9649 0.9675

ZeroDay 7 9.159e-3 1.250e-2 9.181e-3 0.9631 0.9610 0.9640

ZeroDay 7 Colored 1.542e-2 2.161e-2 1.540e-2 0.9502 0.9488 0.9518

Table 4.2: Average relMSE and SSIM. Best results among the three methods are

colored green.

relMSE SSIM

Scene Weighted Two-history Weighted Two-history

VeachAjar -6.722% -5.015% +2.0355% +1.5710%

VeachAjarAnimated +4.409% -2.862% +1.3420% +1.0317%

BistroExterior -0.196% -1.014% +0.3485% +0.5418%

BistroInterior -1.419% -0.797% +0.1120% +0.2893%

BistroInterior Wine -0.333% -0.308% +0.4294% +0.5926%

SunTemple -3.759% -2.724% +1.4693% +1.5802%

EmeraldSquare Day -2.813% -1.266% +0.2990% +0.4823%

EmeraldSquare Dusk +2.397% -1.379% +0.0455% +0.0574%

ZeroDay 1 -1.196% -12.114% -0.1138% +0.1495%

ZeroDay 7 +36.487% +0.238% -0.2114% +0.0936%

ZeroDay 7 Colored +40.137% -0.125% -0.1533% +0.1664%

Table 4.3: Average relMSE and SSIM relative to unweighted method. Improve-

ments are colored green and worsen results are colored red.
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By comparing scenes VeachAjar (static) and VeachAjarAnimated, we found

that weighted method has lower error in static scenes and higher error in animated

scene. This is because that animated scene has drastic illuminance change which

makes temporal bias difference significant. When weighted method performs better

than unweighted method (e.g. scene VeachAjar), two-history method also performs

better than unweighted method. When weighted method performs worse than

unweighted method, two-history method can prevent most of the deterioration (e.g.

ZeroDay 7) and sometimes has better overall quality than unweighted method (e.g.

ZeroDay 7 Colored).

In figure 4.3 and 4.4, we plot relMSE and SSIM over time to take a closer look.

We can see that our method is always closer to the better one among unweighted

and weighted method. For the VeachAjar scene (figure 4.3), weighted method has

better overall quality in most of the time, and our method has quality similar to

weighted method. In the VeacAjarAnimated scene (figure 4.4), the scene darkens

drastically from frame 200 to frame 250, which makes weighted method suffered

from temporal bias difference. We can see the quality of weighted method becomes

significantly worse than unweighted method in that duration, while our method

stick with unweighted method to keep its quality.

Figure 4.3: RelMSE and SSIM over time of the VeachAjar scene.
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Figure 4.4: RelMSE and SSIM over time of the VeachAjarAnimated scene.

Since quality in foveal area is more important in foveated rendering, we also

measure the performance for foveal area, shown in table 4.4 and table 4.5. We can

see that weighted method usually performs bad in foveal area, even in static scenes

like VeachAjar. This is because weighted method usually has variance larger than

unweighted method has when recent frames have larger sample counts. In contrast,

our method produces smaller error than unweighted method in all of the scenes we

have tested. Although the SSIM values of our method decreases in many of the

scenes, their magnitudes of difference are small enough to be ignored.

In Figure 4.5, weighted method looks noisier than unweighted method, while

our method avoids noisier output by weighted method and rely more on unweighted

method. This shows effect of first phase of blending.

In Figure 4.6, the weighted method suffer from temporal bias difference. The

shown scene was darkening because the door was closing, and the foveal area

(green circle) has moved from bottom-right to top-left. For weighted method,

pixels passed through by foveal area darkens faster then other pixels, leaving a

darker area behinds the foveal area. In such situation, our method rely more on

unweighted history, avoiding temporal bias difference successfully, showing effects

of second phase of blending.
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relMSE SSIM

Scene Unweighted Weighted Two-history Unweighted Weighted Two-history

VeachAjar 7.639e-3 1.076e-2 7.540e-3 0.9517 0.9039 0.9519

VeachAjarAnimated 6.272e-3 2.378e-2 6.223e-3 0.9541 0.9048 0.9542

BistroExterior 2.618e-2 3.532e-2 2.591e-2 0.9666 0.9359 0.9666

BistroInterior 7.221e+1 4.989e+1 6.156e+1 0.8361 0.8094 0.8360

BistroInterior Wine 2.438e-1 2.461e-1 2.385e-1 0.9500 0.9183 0.9500

SunTemple 2.181e-1 2.798e-1 2.180e-1 0.8981 0.8418 0.8981

EmeraldSquare Day 6.582e-1 2.088e-1 4.815e-1 0.9313 0.9058 0.9314

EmeraldSquare Dusk 3.576e-5 6.161e-5 3.484e-5 0.9911 0.9900 0.9912

ZeroDay 1 4.377e-3 9.542e-3 4.290e-3 0.9817 0.9640 0.9817

ZeroDay 7 2.919e-3 8.988e-3 2.870e-3 0.9830 0.9675 0.9830

ZeroDay 7 Colored 5.900e-3 1.563e-2 5.720e-3 0.9754 0.9565 0.9753

Table 4.4: Average relMSE and SSIM in the foveal area. Best results among the

three methods are colored green.

relMSE SSIM

Scene Weighted Two-history Weighted Two-history

VeachAjar +40.837% -1.287% -3.5940% +0.0116%

VeachAjarAnimated +279.064% -0.790% -3.9232% +0.0078%

BistroExterior +34.906% -1.025% -2.7954% -0.0034%

BistroInterior -30.906% -14.741% -2.8883% -0.0147%

BistroInterior Wine +0.955% -2.143% -2.7475% -0.0054%

SunTemple +28.294% -0.012% -5.3940% -0.0060%

EmeraldSquare Day -68.272% -26.852% -2.3976% +0.0084%

EmeraldSquare Dusk +72.301% -2.559% -0.1615% +0.0145%

ZeroDay 1 +118.000% -1.987% -2.0680% -0.0025%

ZeroDay 7 +207.912% -1.670% -1.7441% -0.0024%

ZeroDay 7 Colored +164.914% -3.043% -2.0783% -0.0017%

Table 4.5: Average relMSE and SSIM in the foveal area relative to unweighted

method. Improvements are colored green and worsen results are colored red.
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Figure 4.5: When weighted method is noisier than unweighted method.

Figure 4.6: When difference in temporal bias is significant

4.3 Runtime

The two-history SVGF takes extra time to maintain additional history and calculate

Wu, Ww, Sk and gradient. Such extra execution time is proportional to frame

resolution. Table 4.6 compares the execution times at different resolutions. Usually

the total time cost by two-history method is no more than twice the time cost by
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original (unweighted) method, and the ratio of extra time cost may decrease if we

use more layers of spatio filters.

Although our modification costs additional time, foveated rendering has po-

tential to saves much more GPU time than the extra cost due to our modification.

So for scenes requiring larger number of samples to produce good visual effect, it

might still be worthy to add foveated rendering combined with our method.

Resolution Pixel Count Time (unweighted) Time (Two-history)

1280 x 720 921,600 1.336 ms 2.528 ms

1600 x 900 1,440,000 2.088 ms 4.153 ms

1920 x 1080 2,073,600 3.038 ms 5.572 ms

Table 4.6: Execution time at different resolution

Process Original SVGF Two-history SVGF

LinearZAndNormal 0.065 ms 0.065 ms

TemporalFilter 0.245 ms 0.471 ms

FilterGradients - 0.299 ms

FilterMoments 0.145 ms 0.250 ms

SpatioFilter 0.650 ms 1.079 ms

Two-history - 0.130 ms

FinalModulate 0.105 ms 0.106 ms

Others 0.126 ms 0.129 ms

Total time 1.336 ms 2.528 ms

Table 4.7: Runtime breakdown
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Figure 4.7: GPU time of filtering 720p image on RTX 3070ti GPU

4.4 Memory Usage

Since we maintain additional history and parameters, we also cost extra memory.

Here are the extra fields we need for each pixel:

f l o a t 3 c u r W e i g h t e d I l l u m i n a t i o n , p r e v W e i g h t e d I l l u m i n a t i o n

f l o a t 2 c u r T o t a l W e i g h t s , p r e v T o t a l W e i g h t s

f l o a t 3 c u r G r a d i e n t , p r e v G r a d i e n t

f l o a t 3 curSampleCountPowerSums , prevSampleCountPowerSums

By float we means 32-bit floating point. The appended number means the

dimension of vector.

In total, we need 88 bytes/pixel extra memory. Table 4.8 shows required

memory at different resolutions. For desktop computers that have stronger GPUs,

such memory cost may not be a problem. For VR devices however, as they have

lesser GPU resource and higher resolution is required, such extra memory cost

might be too costly.
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Resolution Memory

1280 x 720 81.1 MB

1920 x 1080 182.5 MB

3840 x 2160 729.9 MB

2064 x 2208 x 2 (Quest 3) 802.1 MB

Table 4.8: Extra memory cost for different resolutions
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Limitation and Future Work

For areas that sample counts rarely change, our method has nearly no effect.

However, we still need to spend extra time to maintain two-history for those area.

We leave reducing runtime for those area as future work.

Another limitations is that extra memory cost of our modification might be too

expensive for VR devices. Further optimization like compressing the fields, or

down-sampling gradient textures might mitigate the problem.

In the first phase of blending, we use a trivial variance estimator that only

output a constant value, which might be too simple and may failed to provided

best blending ratio especially when the luminance changes. There exists many

techniques to estimate variance developed by adaptive sampling works. Choosing

a proper estimator may improve the quality of our approach.

In the experiments part, we only test our method on SVGF combined with

simple foveated rendering. We believe our approach is general enough to apply on

other denoisers with spatio-temporal reusing such as ReSTIR, and also combine

with other adaptive sampling algorithms.

Another issue of our experiment is absence of user study. Although we have

measured the quality with some metrics, whether the improvement is worthy to

spend extra execution time and memory depends on user experiments.

Finally, we think an interesting extension would be maintaining two histories

30
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using other different strategies. For example, by assigning different decay rates to

the histories, we may adaptively adjust the decay rate by controlling the blending

ratio. Previous works like A-SVGF [3] trying to change decay rate adaptively base

on temporal gradient requires complicated method to estimate accurate gradients.

This because over estimating gradient would invalidate old samples forever, effect-

ing image quality in future frames. However, by maintaining two histories and

blending between them, noise in gradients won’t effect future frames, implying

that using simpler gradient estimation method is possible.
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Chapter 6

Conclusion

In this paper we observed that many previous spatio-temporal filters use exponential

moving average for temporal accumulation, which failed to put weight in colors

generated by high sample count when combining with adaptive sampling methods

such as foveated rendering.

To utilize colors generated by more samples, we introduced the ”Two-history

Approach” which maintains both unweighted and weighted histories and blends

them adaptively. When artifacts from weighted method are less significant, our

method utilize it to reduce noise. When artifacts from weighted method are more

significant, our method produce results similar to unweighted method.

Our modification cost roughly equal or less than twice of the time cost by

unmodified filter, which might be not significant compared to the runtime saved by

foveated rendering. Also additional 88 bytes per pixel memory cost is required,

which is fine for desktops with stronger GPUs but might be a burden for VR

devices.
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