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Fig. 1. Visual and numerical comparisons with state-of-the-art shadow mapping methods, including Neural Shadow Mapping (NSM) [Datta et al. 2022] and
Moment Shadow Mapping (MSM-15) [Peters and Klein 2015]. We present two versions of our method (ours-basic and ours-enhanced), both consistently
outperforming previous state-of-the-art methods in both visual quality and numerical measures.

Existing neural shadow mapping methods [Datta et al. 2022] have shown to
be promising in generating high quality soft shadows. However, it demon-
strates limited generalizability to new scenes. In this paper, we present a
novel neural method, named kernel predicting neural shadow mapping to
address this issue. Specifically, we explicitly model soft shadow values as
pixelwise local filtering from nearby base shadow values (i.e., the classic
hard shadow values) in the screen space, where the local filter weights are
predicted through a trained neural network. We use dilated filters as the rep-
resentation of our local filters to maintain a balance between computational
efficiency and receptive field of a local filter. We further enhance shadow
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quality by replacing the classic shadow map algorithm [Williams 1978] with
moment shadow maps [Peters and Klein 2015] to generate the base shadows
values. With carefully designed filters, input features, and loss functions with
temporal regularization, our method runs in real-time framerates (i.e., >100
fps for 2048 × 1024 resolution), produces temporally-stable soft shadows
with good generalizability, and consistently beats state-of-the-art methods
in both visual qualities and numeric measures. Code and model weights are
available at https://github.com/Hoosus/KPNSM.
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1 Introduction
Shadows augment rendering with crucial lighting and spatial cues.
As tracing shadow rays can be expensive, modern graphics involves
shadow mapping as an essential category of techniques for fast
and realistic shadows. Long since its establishment [Williams 1978],
shadow mapping received improvements for anti-aliasing [Reeves
et al. 1987], soft shadows [Fernando 2005], efficient prefiltering
[Annen et al. 2007, 2008b; Donnelly and Lauritzen 2006; Peters and
Klein 2015] and shadow map cascading [Engel 2006; Zhang et al.
2006]. While staying intuitive and lightweight, these methods rely
on heuristic parameters and can easily cause artifacts such as limited
contact hardening or light leaking.
Recently, Datta et al. [2022] proposed neural shadow mapping

(NSM) that directly predicts soft shadows from a few carefully de-
signed screen-space features (i.e., G-buffers). Input features are se-
lected from feature combinations of view-space or emitter-space
depths, directions, normals, their dot-products, and emitter size. To
achieve efficient inference for real-time applications, a simplified
U-Net structure [Ronneberger et al. 2015] is used and is trained
through pairs of pre-generated screen-space features and ground
truth shadows. While it is able to produce more accurate shadows
than classic shadow map methods in complex scenes, its limited
generalization capability significantly restricts its practicality. In
particular, a dedicated network must be trained for each individual
scene.
To address this problem, we propose a novel shadow genera-

tion method named kernel predicting neural shadow mapping. Our
method is based on the assumption that soft shadow values can be
approximated as a weighted average of base shadow values (i.e., hard
shadows) of its screen-space neighboring pixels [MohammadBagher
et al. 2010; Zheng and Saito 2011]. Instead of directly predicting
soft shadow values as done in NSM [Datta et al. 2022], we predict
screen-space kernel weights and then compute the soft shadow val-
ues through filtering using the predicted pixelwise kernel weights.
To maintain a balance between computational efficiency and repre-
sentation capacity, we choose to use dilated filters [Dammertz et al.
2010] as the representation of our filtering kernels. Kernel predicting
can provide better regularization than predicting values, leading
to less approximation errors and better generalizability [Bako et al.
2017].

We train a U-Net based network to predict the locally optimal ker-
nel weights. We generally follow NSM [Datta et al. 2022] to design
the input screen-space features, network structures, and loss func-
tions to enforce a real-time inference speed, with a fewmodifications
that could further improve shadow quality and temporal consistency.
In addition, by combining our method with moment shadow maps
(MSM) [Peters and Klein 2015], i.e., applying screen-space filter-
ing on MSM generated shadows instead of on hard shadows, the
shadow quality can be further improved with very small overhead.
Our method is temporally stable, robust in handling unseen scenes,
and runs in real-time. Experiments demonstrate that its rendering
quality is superior to state-of-the-art classic and neural shadow map
methods [Datta et al. 2022; Peters and Klein 2015] in terms of both
visual qualities and quantitative measures.

2 Related Works
The original shadow mapping method [Williams 1978] contains
two rendering passes. The first pass renders the scene from the
light’s perspective, and generates an emitter-space depth map which
stores the closest depth value as seen from the light. In the second
pass, we render the scene as usual and determine whether each
pixel is in shadow by testing whether the queried depth (i.e., its
distance from the rendered pixel to the light) is larger than the
stored depth. As the most widely used real-time shadow rendering
method, shadow mapping is able to generate hard shadows under
point and directional lights in a very efficient way.
Filtering-based methods filter depth-based visibility to reduce

aliasing. Percentage closer filtering (PCF) [Reeves et al. 1987] sam-
ples the depths within a fixed-size neighborhood window around
the current pixel in the shadow map and computes the averaged
shadow test, i.e., the percentage of sampled depths which are smaller
than the queried depth. Another class of methods are based on pre-
filtered depth statistics, including variance shadow maps [Donnelly
and Lauritzen 2006], convolution shadow maps [Annen et al. 2007],
exponential shadow maps [Annen et al. 2008b], and moment shadow
maps (MSM) [Peters and Klein 2015]. Instead of heavily sampling on
the depth map, those methods rely on depth statistics to compute
an approximation of the averaged shadow test. Thanks to the use of
hardware texture operations like mipmapping and anisotropic fil-
tering, those computations can be made very efficient which mostly
require only one texture lookup.

Dozens of works of shadow map variants have been proposed to
approximately render soft shadows. Percentage closer soft shadows
(PCSS) [Fernando 2005] extends PCF by automatically determining
the filtering kernel size through blocker search and penumbra size
estimation. By incorporating blocker search and acceleration struc-
tures such as mipmapping or summed-area table (SAT) for real-time
area queries, pre-filtering methods have also been extended to soft
shadows [Annen et al. 2008a; Dong and Yang 2010; Peters et al.
2016].

While the main stream of shadow map variants perform filtering
in the emitter space, some opt for filtering in the screen space [Mo-
hammadBagher et al. 2010; Robison and Shirley 2009; Zheng and
Saito 2011]. The screen space methods can generate soft shadows
of similar quality as the emitter space PCSS method, and can better
utilize image-space parallelization.

Note that all those shadow map variants are proposed before the
era of deep learning. The used filtering kernels and their sizes are
manually designed (or derived) through simple geometric assump-
tions between emitter, blocker, and receiver, i.e., they are usually
assumed to be parallel. However, such assumptions can hardly be
satisfied in real complex scenes, leading to inaccurate shadows.
Recently, Datta et al. [2022] proposed the first neural method

for soft shadow generation, named neural shadow mapping (NSM).
They directly predict soft shadows from a few carefully designed
screen-space features (i.e., G-buffers), which are selected from fea-
ture combinations of view-space or emitter-space depths, directions,
normals, dot-products, and emitter size. While it is able to pro-
duce more accurate shadows than classic shadow map methods in
complex scenes, it has limited capacity of generalization to unseen
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Fig. 2. Screen space shadow filtering.We assume that soft shadow value
at every pixel can be well approximated by a local filtering in screen space
on the hard shadow values.

scenes. In contrast, while our method is also a machine-learning
based approach for computing shadows, we predict filtering kernels
instead of shadow values. The design of filter kernel prediction pro-
vides us with the following advantages. First, the filtered shadow
values will be bounded by the values of nearby hard shadows by
definition, improving the stability of training. Second, our method
leads to smaller approximation errors, as demonstrated by the ex-
periments. Third, our method has better generalizability so that it
performs better when being trained on multiple scenes or when
being tested on unseen scenes.

3 Screen-Space Shadow Filtering
The goal of our method is to compute approximated soft shadows
from an area light source in an efficient way. As illustrated in Fig. 2,
our basic assumption is that the soft shadow value 𝑒𝑖 at every pixel
𝑖 in screen space can be well approximated by a local filtering on
the hard shadow values generated by the classic shadow mapping
algorithm [Williams 1978]:

𝑒𝑖 =
∑︁

𝑗∈𝑁 (𝑖 )
𝑤𝑖 𝑗𝑠 𝑗 , (1)

where 𝑗 iterates over all pixels in the local neighborhood 𝑁 (𝑖), 𝑠 𝑗 de-
notes the binary hard shadow value, and𝑤𝑖 𝑗 denotes the normalized
filtering weights, i.e., satisfying

∑
𝑗 𝑤𝑖 𝑗 = 1.

We opt for filtering shadows in the screen space instead of in the
emitter space. This is because the crucial steps in our neural net-
work computations, i.e., image (layer) convolutions, would be more
natural and efficient to be performed in the screen space, avoiding
the need of complicated coordinate transformations between the
two spaces. Note that the idea of screen space filtering has already
been explored by existing works on screen-space percentage-closer
soft shadows [MohammadBagher et al. 2010; Zheng and Saito 2011].
Different from those works which utilize manually designed pixel-
wise anisotropic bilateral filters, we allow arbitrary kernel weights
which are predicted through supervised training and can be much
closer to the optimal values.

Dilated Filters. Now we discuss the appropriate representation of
our shadow filters. On the one hand, the representation of the filter
should be as compact as possible in order to restrict the computation
cost within a reasonable range. On the other hand, the receptive field

dilation=20 dilation=21 dilation=22

Fig. 3. Illustration of dilated filters.A dilated filter [Dammertz et al. 2010]
is a multi-pass filter with doubling strides, which provides large receptive
field with a small number of parameters.

of the filter (or the size of the filter) should be as large as possible in
order to scale well for shadows with a large penumbra.
To make a balance between the compactness and capability of

the shadow filters, we resort to dilated filters [Dammertz et al. 2010]
as our representation. Dilated filters, also known as À-trous filters,
are composed of a series of small kernels, applied sequentially with
doubling strides. This multi-pass design ensures coverage of a large
filter region, while keeping a small computational budget with only
a few small filters per pixel. Please see an illustration in Fig. 3.

In our method, we use 4 5-by-5 kernels with dilations of 1, 2 and
4 and 8, respectively. It achieves a square receptive field of 61-by-61
pixels. In total, each pixelwise dilated filter contains 4 × 5 × 5 = 100
adjustable parameters. In contrast, a naive dense filter with the same
receptive field contains a much larger amount of parameters, i.e.,
61 × 61 = 3721 parameters.

4 Method
As illustrated in Fig 4, our rendering method consists of 4 steps:

(1) Pre-processing. Following the classic shadow mapping algo-
rithm [Williams 1978], we render the scene from the light’s
perspective and record the emitter-space depth map in the
first pass, and then render the scene from the viewpoint to
record the hard shadow image in the second pass. We refer to
the generated hard shadow image as the base shadow image,
which will be used for filtering later.

(2) Input features gathering. During rendering in the second
pass, besides recording the hard shadow image, we will also
collect a few screen-space feature maps as G-buffers, which
will be later used as inputs to the neural network.

(3) Kernel Prediction. After that, we feed the screen-space fea-
tures into our kernel predicting network which is composed
of a modified U-Net [Ronneberger et al. 2015] to predict pixel-
wise dilated filters.

(4) Post-processing filtering. Finally, we obtain soft shadow
values by filtering the hard shadow image with the predicted
dilate filters in the screen-space using Eq. 1.

The above 4 steps would be performed one time for each light source
if we have multiple light sources.
In the rest of this section, we will introduce the details of the

input features in Section 4.1, and describe the network structure and
the loss function to train the network in Section 4.2. In section 4.3,
we will also show that we could use more sophisticated shadow
mapping variants such as moment shadow maps [Peters and Klein
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Fig. 4. Pipeline of our method.

2015] to generate the base shadow to enhance the shadow quality
of final results.

4.1 Input features gathering
Generally, we follow NSM [Datta et al. 2022] to construct our inputs
to the network with a few modifications. Specifically, similar to
NSM, we also include the following 4 feature maps:

• a cosine feature map 𝑐𝑒 , which are dot products of receiver
normals and emitter directions;

• a ratio map 𝑐𝑣/𝑑 , which are dot products of receiver normals
and viewing directions, divided by the distance from the
viewpoint to the receiver point;

• a ratio map 𝑧𝑏/𝑧 and a difference map 𝑧 − 𝑧𝑏 , where 𝑧 and
𝑧𝑏 are distances from the emitter to the receiver and to the
blocker, respectively.

Besides, we also include 4 additional feature maps as input:
• the two depth maps 𝑧 (distance from the emitter to the re-
ceiver) and 𝑧𝑏 (distance from the emitter to the blocker);

• Since the size of penumbra could be a useful hint for the size
of the filter, we separately create a penumbra width map 𝑝

that are estimated from light radius and depth information
and use it as a input feature map. This is different from NSM
which adds the light radius to the cosine feature map 𝑐𝑒 .

• the rendered hard shadow image 𝑠 .
In total, the input to our network contains all the above 8 feature
maps, i.e., 𝐼 = {𝑐𝑒 , 𝑐𝑣/𝑑, 𝑧, 𝑧𝑏 , 𝑧𝑏/𝑧, 𝑧 − 𝑧𝑏 , 𝑝, 𝑠}. All the input feature
maps can be assembled in the second pass which renders the scene
from the viewpoint. All the features can be obtained by simple
computations and queries with respect to depths, normals, and
viewing and emitter directions. Below, we explain how to compute
the estimated penumbra width map 𝑝 .

By assuming that the blocker, the receiver and the light source are
parallel, we follow PCSS [Fernando 2005] to estimate the emitter-
space penumbra width as:

𝑝𝑝𝑐𝑠𝑠 =
𝑧 − 𝑧𝑏

𝑧𝑏
· 𝑅𝑒 , (2)

where 𝑧 and 𝑧𝑏 are distances from the emitter to the receiver and to
the blocker, respectively, and 𝑅𝑒 is the light radius. By transforming
𝑝𝑝𝑐𝑠𝑠 to the screen-space, i.e., by first projecting the penumbra area
to the local tangent plane and then projecting it to screen-space, we
obtain the screen-space penumbra width as:

𝑝 =

√︄����𝑐𝑣𝑐𝑒
���� · 𝑝𝑝𝑐𝑠𝑠 = √︄����𝑐𝑣𝑐𝑒

���� · 𝑧 − 𝑧𝑏

𝑧𝑏
· 𝑅𝑒 . (3)

Note that this input is only non-zero in shadowed regions.

4.2 Kernel predicting networks
Similar to NSM, we use a modified U-Net [Ronneberger et al. 2015]
N to predict our dilated shadow filters. The kernel predicting pro-
cess can be formulated as:

𝑊 = N(𝐼 ), (4)

where 𝐼 are the input features defined in Sec. 4.1, and𝑊 = {𝑤𝑖 𝑗 }
denote the predicted filter weight map.

4.2.1 Compact network structure. Our U-Net structure has 4 down-
sampling layers. Each downsampling layer has 64, 64, 128, and 256
channels after it, respectively. The features are downsampled with
maxpooling and upsampled using the transposed convolutions. We
change skip connections from concatenation to addition to reduce
memory consumption and computation. To further improve its
performance on high-resolution inputs, we replace the outer down-
sampling and upsampling layers with pixel-shuffle downsampling
and bilinear upsampling layers, respectively. Since the kernel predic-
tion is smooth, this brings us considerable speedup with only little
amount of quality loss. In total, our network has 1.81M trainable
parameters.

4.2.2 Loss functions. Following NSM [Datta et al. 2022], to en-
courage visually convincing and temporally consistent shadow, our
training loss is defined as a weighted combination of an L1 loss L1,
a VGG loss L𝑉𝐺𝐺 and a temporal loss L𝑡 :

L = L1 + 𝛽𝑣L𝑉𝐺𝐺 + 𝛽𝑡L𝑡 (𝑉 ,𝑉 ′), (5)
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where the balancing weights are empirically set as 𝛽𝑣 = 0.1 and
𝛽𝑡 = 1.0, respectively. The L1 loss measures the L1 difference be-
tween our produced soft shadow image and the ground truth image,
and the VGG loss measures the L2 difference between their VGG fea-
ture maps. The temporal loss is included to reduce flickering when
moving the camera or the light. Different from NSM’s temporal loss
which directly measures pixelwise differences between current view
and perturbed view, we align the two views through a warping W
derived from the motion vector before computing their differences:

L𝑡 (𝑉 ,𝑉 ′) = L1 (𝑉 ,W(𝑉 ′)) + 𝛽𝑣L𝑉𝐺𝐺 (𝑉 ,W(𝑉 ′)), (6)

where 𝑉 ′ denotes a perturbed view. We align the two views with
motion vector W and mask out pixels that fail the reprojection
tests.

4.3 Enhancement with Moment Shadow Map
Up to this point, we have used the hard shadow image generated
by the classic shadow mapping algorithm [Williams 1978] as our
base shadow image and compute our soft shadows by filtering on
it. In fact, instead of using the hard shadow image, we could filter
on higher quality shadow images generated by some more sophisti-
cated shadow mapping variants, which we refer to as base shadow
generator. We have selected moment shadow maps (MSM) [Peters
and Klein 2015] with bilinear filtering as our base shadow generator.
This is because MSM produces soft shadows with the best quality
among those filtering based shadow map variants and only incurs a
little overhead.
Our rendering pipeline only needs a few minor modifications

in the pre-processing step and the post-processing filtering step.
The input features gathering step and the kernel prediction step
are not changed. In particular, in the pre-processing step, we run
MSM [Peters and Klein 2015] instead of the classic shadow mapping
algorithm, and we record the shadow image generated by MSM
instead of the hard shadow image as the base shadow image. Note
that the input feature maps in the second step will also use this
new base shadow image instead of the hard shadow image. In the
post-processing filtering step, similarly, we simply filter on the new
base shadow image instead of filtering on the hard shadow image
to compute the final soft shadow outputs.

Results demonstrate that this enhancement strategy with MSM is
rather effective, leading to significantly lower errors. We believe it
is probably due to two reasons. First, since MSM has utilized more
emitter-space information while we mainly make use of screen
space features, combining them is probably helpful. Second, the
shadow results of MSM is smoother and has less artifact than the
hard shadow image generated by classic shadow map, thus it is a
better choice as a filtering input.

Note that this is another key difference between our method and
NSM [Datta et al. 2022]. Thanks to our kernel predicting scheme,
our method can be combined with any sophisticated and efficient
shadow generator to further enhance the shadow quality. In contrast,
NSM uses a value predicting scheme and does not hold this desired
property.
In our implementation, we always use an MSM implementation

with 4 order depth moments and bilinear interpolation as our base
shadow generator.

Grand Room Staircase

Kitchen Classroom Living Room

Fig. 5. Preview of our training scenes.

5 Dataset and Implementation
Dataset. We have gathered a dataset of 5 scenes from the rendering
resources website [Bitterli 2016] for training. Fig. 5 shows the 5
scenes.
We generate 6000 rendering settings for each scene. Each ren-

dering setting contains a randomly sampled camera position, a
randomly sampled light position, and a randomly selected light ra-
dius. The camera position and the light position are not allowed to
be too close to scene geometries in order to avoid degenerated cases.
For each rendering setting, we collect a pair of input feature maps
and a ground truth soft shadow image. As in NSM [Datta et al. 2022],
we generate ground truth shadows using hardware ray tracing and
screen-space multi-sampling anti-aliasing (MSAA) while leaving
the inputs aliased, letting the network learn to produce anti-aliased
outputs. For each rendering setting, we also generate a perturbed
rendering setting where the positions of the camera and the light
are both slightly changed. The perturbed setting is used to compute
the temporal loss.
Implementation. Our method is implemented with a mixed use

of Falcor renderer [Kallweit et al. 2022], PyTorch, and TensorRT1.
Specifically, the rendering part is implemented inside the Falcor
renderer. In the first rendering pass when we render the scene from
the light’s perspective, we use cubemaps for generating the emitter-
space depth maps to ensure coverage of the entire scene. We also
generate extra depth moment textures and performGaussian blur on
them when moment shadow maps are selected as the base shadow
generator. In the second rendering pass when we render the scene
from the viewpoint, all input feature maps are computed through
shaders and stored in GPU buffers, which will be fed into the kernel
predicting network later.
Our kernel predicting network is trained using PyTorch with

Adam optimizer [Kingma and Ba 2017]. The learning rate is ini-
tially set to 10−3, and is reduced by 10x after 20000 and 40000
iterations. After training, we export the models to TensorRT for
accelerated inference. Besides, we use half precision during infer-
ence for further acceleration. During training, the dilated filters
are implemented using the unfold operations in Pytorch. During

1https://developer.nvidia.com/tensorrt
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inference, we implement dilated filtering with compute shaders for
optimal performance.

6 Results and Ablations
We test our method on a PC equipped with an AMD Ryzen 9 7950X
CPU and an NVIDIA RTX 4090 GPU. All scenes are always rendered
with a resolution of 2048 × 1024. The emitter-space depth maps (i.e.,
shadow maps) always use a resolution of 6 × 2048 × 2048.

6.1 Comparisons and Results
We validate two versions of our method: a basic version that uses
the classic shadow mapping as the base shadow generator, which
we refer to as ours-basic, and an enhanced version that uses moment
shadow map as the base shadow generator, which we refer to as
ours-enhanced.

We compare our method against three state-of-the-art works, in-
cluding neural shadow mapping (NSM) [Datta et al. 2022], moment
shadow maps (MSM) [Peters and Klein 2015] and percentage-closer
soft shadows (PCSS) [Fernando 2005]. Since the official implemen-
tation of NSM is unavailable, we reimplement it by ourselves. For
fair comparisons, we employ a larger multi-layer decoder in the
NSM implementation to ensure it has an equal or larger number
of parameters than ours. We have also provided two versions of
NSMs: NSM-joint which is trained using all 5 training scenes, and
NSM-single which is trained separately using each scene. In contrast,
both versions of our method are trained using all 5 scenes. For mo-
ment shadow maps being compared, we use a parameter setting of
order 4, a 15× 15 filtering window and a fixed 𝜎 = 3.0. Note that the
MSM that serves as the base shadow generator of our method uses
a more simplified setting. For PCSS, we use 64 samples for blocker
search and 128 samples for shadow estimation. A collection of visual
comparisons are presented in Figure 6. Additionally, we report the
averaged statistics over all tested scenes, including rendering errors
measured in MSE and SSIM, along with the running time in Table 1.
From the results we observe that both versions of our method

consistently outperform other methods across all metrics, producing
accurate hard and soft shadows without noticeable artifacts. In
contrast, NSM exhibits incorrect predictions in certain regions and
suffers from aliasing artifacts near short seams. MSM suffers from
improper blurring and light leakage, while PCSS is prone to incorrect
blurring and aliasing. Besides nice rendering quality, our method
runs in real-time, i.e., achieving >100 fps for a rendering resolution
of 2048 × 1024. For rendering a frame of a typical indoor scene,
ours-enhanced takes 0.9ms for two rasterization passes, 6.4ms for
network inference and 1.6ms for post-processing filtering, which is
8.9ms in total.
To demonstrate the generalizability of our method, we test our

method on five unseen scenes. We provide visual results and quan-
titative error numbers in Fig. 7. In general, our method generates
the best results in terms of both visual quality and error numbers.
In contrast, NSM and MSM exhibit more frequent incorrect shad-
ows or artifacts. Take the pink room scene as example (Fig. 7 top),
NSM produces artifacts in the top-right corner and MSM generates
overblurred shadows on the shelf, while our method is able to deal
with both cases well. Our superior generalizability comes from extra

Table 1. Statistics of our method and other comparing methods. We report
averaged rendering errors measured in MSE and SSIM of the 5 scenes in the
training dataset for all methods. The averaged running time for rendering a
single frame is also reported.

Ours Ours NSM NSM MSM-15 PCSSbasic enhanced single joint
MSE(×10−4) 14.59 9.67 45.88 64.38 65.49 28.58

SSIM 0.973 0.979 0.906 0.915 0.892 0.960
time 8.8ms 8.9ms 5.0ms 3.7ms 9.0ms

Table 2. Ablations on varying number of layers and varying number of
filters in a dilated filter. We also provide the size of the receptive field for
each configuration of the dilated filter.

MSE(
×10−4

) number of filters to receptive field
3 to 29 4 to 61 5 to 125

number
of layers

3 10.24 9.72 10.76
4 10.10 9.67 9.94
5 10.19 10.20 9.81

Table 3. Ablations on the temporal loss.

Temporal error
(
×10−2

)
Ours basic Ours enhanced

w/ temporal loss 3.72 3.68
w/o temporal loss 4.01 3.91

regularization from the kernel prediction strategy, as the final soft
shadows are always bounded by local hard shadows. The kernel
prediction strategy is also less sensitive to domain gap than direct
prediction of final values.
Furthermore, we compare our method with hardware ray trac-

ing. Two variants of hardware ray tracing are compared, including
one without denoising and one with denoising (i.e., SVGF) [Schied
et al. 2017]. The comparison is performed in an equal-time setting
and the results are given in Fig. 8. We also provide numerical er-
ror numbers measured in MSE and Perception-based Image Quality
Evaluator (PIQE) [N et al. 2015]. Generally, our results have the best
visual quality. Although the ray-traced results have lower MSE error
numbers, they are visually and perceptually worse due to noticeable
noises and visible temporal flickering. While SVGF reduces ray trac-
ing noises effectively, it introduces additional biases and blurring,
resulting in lower quality than our method across both metrics.

6.2 Analysis and Ablation Studies
6.2.1 Varying sizes of light sources. In Fig. 9, we further test our
method in rendering the same scene with varying sizes of light
sources. Our method generates more accurate and visually convinc-
ing shadows across different emitter sizes with smooth transitions,
whereas NSM produces perceptually inferior results with much
larger errors. Again, the results verify the superior robustness of
our kernel prediction over NSM’s value prediction.
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Ours Enhanced Ours        
basicReference

Ours 
enhanced

NSM         
joint

NSM        
single MSM-15

Staircase

Kitchen

Grand Room

Living Room

Classroom

PCSS
RayTracing  

?spp
SVGF              
5spp

MSE / SSIM 21.15 / 0.9652 13.55 / 0.9720 86.19 / 0.8994 35.20 / 0.9411 107.2 / 0.8751
(x10-4)

44.58 / 0.9552 ? ?

MSE / SSIM 20.17 / 0.9560 14.39 / 0.9602 34.41 / 0.8953 62.93 / 0.8401 61.74 / 0.8865
(x10-4)

34.44 / 0.9417 ? ?

MSE / SSIM 7.61 / 0.9859 5.56 / 0.9878 23.95 / 0.9592 13.36 / 0.9799 34.41 / 0.9347
(x10-4)

16.25 / 0.9741 ? ?

MSE / SSIM 15.09 / 0.9795 11.40 / 0.9807 52.66 / 0.9372 49.68 / 0.9483 79.06 / 0.8812
(x10-4)

25.84 / 0.9678 ? ?

MSE / SSIM 24.65 / 0.9754 7.61 / 0.9870 106.9 / 0.9191 105.3 / 0.8878 55.80 / 0.9150
(x10-4)

45.01 / 0.9623 ? ?

Fig. 6. Comparing our method with other state-of-the-art techniques. Ours-basic and Ours-enhanced are variants of our models that use either classic shadow
mapping or moment shadow map as the base shadow generator. NSM-joint and NSM-single are variants of Neural Shadow Mapping [Datta et al. 2022] trained
on all five scenes or on a single scene. MSM-15 is 4-order moment shadow map with 15 × 15 prefiltering kernel and 𝜎 = 3.0.
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Ours Enhanced (Shadow) Ours        
basicReference

Ours 
enhanced

NSM         
joint MSM-15

Dining Room

Bedroom

MSE / SSIM 7.97 / 0.9671 5.78 / 0.9921 32.92 / 0.9672 40.29 / 0.9249
(x10-4)

MSE / SSIM 21.51 / 0.9762 13.78 / 0.9798 49.00 / 0.9179 33.19 / 0.9504
(x10-4)

MSE / SSIM 21.59 / 0.9740 12.66 / 0.9802 46.65 / 0.9304 63.42 / 0.8969
(x10-4)

Ours Enhanced (Color)

Pink Room

PCSS

12.73 / 0.9842

24.83 / 0.99714

30.64 / 0.9663

Bathroom

BathRoom2

MSE / SSIM 18.06 / 0.9751 12.48 / 0.9793 63.78 / 0.9361 47.11 / 0.9195
(x10-4)

MSE / SSIM 9.83 / 0.9890 4.52 / 0.9926 148.4 / 0.9360 28.43 / 0.9524
(x10-4)

29.78 / 0.9658

16.23 / 0.9846

Fig. 7. Evaluation on five unseen scenes. Neural Shadow Mapping (NSM-joint) [Datta et al. 2022] and our variants (Ours-basic and Ours-enhanced) are trained
on 5 training scenes and tested in new scenes. We also include results from 4-order moment shadow map (MSM-15) and PCSS for comparison.

6.2.2 Base shadow generator. Our method can accept shadows
generated by any base shadowing technique. So far, we have re-
ferred to two shadow generators: classic shadow mapping and mo-
ment shadow mapping with bilinear interpolation. In the last col-
umn of Fig. 9, we explore another promising option: PCF with
hardware-accelerated bilinear interpolation. However, it performs
worse than moment shadow mapping, likely because it suffers more
from shadow map aliasing.

6.2.3 Network structure. We study the impact of the number of
dilated kernels and network layers in Table 2. Both factors directly
affect the receptive field size: one at the network level and the other
at the filter level. We observe that a small network receptive field
can negatively impact accuracy and that the receptive fields of the

network and filter should be balanced for optimal results. Our choice
of a 4-layer network with 4 filters achieves the best performance
among all tested configurations.

6.2.4 Temporal Loss. To demonstrate the effectiveness of our tem-
poral loss in Eq. 6, we collect additional video sequences and assess
the temporal consistency between frames. Specifically, we measure
the temporal error, which is defined as the average Euclidean color
difference between consecutive frames after warping by the motion
vector:

𝐸𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙 =

√√√√
1

(𝑇 − 1)𝐻𝑊

𝑇−1∑︁
𝑡=1

𝐻−1∑︁
𝑖=0

𝑊 −1∑︁
𝑗=0

(
𝑒𝑡
𝑖, 𝑗

−W(𝑒𝑡−1)𝑖, 𝑗
)2
,

(7)
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Table 4. Ablations on the choices of how to consider the penumbra width in input features. The results demonstrate that our choice of using the screen-space
penumbra width as an input feature map is superior to other choices in both versions of our method (ours basic and ours enhanced).

Ours 𝑅𝑒 𝑐𝑒 + 𝑅𝑒 𝑝𝑝𝑐𝑠𝑠 Ours 𝑅𝑒 𝑐𝑒 + 𝑅𝑒 𝑝𝑝𝑐𝑠𝑠
basic basic basic basic enhanced enhanced enhanced enhanced

MSE
(
×10−4

)
14.59 15.23 15.18 14.80 9.67 10.63 10.04 9.68

SSIM 0.9735 0.9722 0.9722 0.9729 0.9787 0.9751 0.9766 0.9787
Reference   

MSE / PIQE↓
RT 40spp      
??.??/??.?

Ours enhanced           
22.62 / ??.?

(x10-4)

SVGF 30spp      
??.??/??.?

Reference   
MSE / PIQE↓

RT 40spp      
31.75 / 61.76

Ours enhanced           
50.91 / 49.06

(x10-4)

SVGF 30spp      
60.02 / 57.86

Reference   
MSE / PIQE↓

RT 40 spps          
31.75 / 61.76

Ours enhanced           
50.91 / 49.06

(x10-4)

SVGF 30 spps      
60.02 / 57.86

Ours basic          
55.89 / 50.34

PCSS               
110.91 / 44.83

(x10-4)

Ours basic           
55.89 / 50.34

Fig. 8. Equal-time comparison with hardware ray tracing. Ours-basic and
Ours-enhanced are variants of our models that use classic shadow mapping
and moment shadow maps as the base shadow generators, respectively.
RT (40 spps) and SVGF (30 spps) are ray tracing results where the latter is
denoised with SVGF [Schied et al. 2017].

where 𝑇 is the number of frames in the video and 𝑒𝑡 is the soft
shadow at frame 𝑡 . We align the previous frame 𝑒𝑡−1 to current
frame with motion vector W before computing the error and mask
out pixels that failed the reprojection tests.
We provide quantitative results in Table 3. The results confirm

the effectiveness of our temporal loss in improving the temporal
stability of predicted shadows.

6.2.5 Penumbra width as an input feature. The penumbra width is
surely a crucial factor that affects the softness of the shadow and
definitely should be fed into the kernel prediction network in some
way. Our choice is to directly use the screen-space penumbra width
𝑝 (Eq. 3) as an input feature map. We compare our choice to several
other alternatives:

• 𝑅𝑒 : using emitter radius as an input feature;
• 𝑐𝑒 + 𝑅𝑒 : adding emitter radius to the cosine feature map 𝑐𝑒 as
done in NSM [Datta et al. 2022].

• 𝑝𝑝𝑐𝑠𝑠 : using emitter-space penumbra width as an input fea-
ture.

As shown in Table 4, our choice of considering the penumbra
width is superior than other alternatives in terms of MSE and SSIM
error numbers for both versions of our method. The results also
verify that using estimated penumbra width is a better choice than

using emitter size, and using screen-space penumbra width is a
better choice than using the emitter-space one.

7 Conclusion and Future Directions
In this paper, we have presented kernel predicting neural shadow
mapping. We assume that soft shadows can be approximated by
pixelwise local filtering from the base shadow image in the screen
space, where the local filter weights are predicted through a trained
neural network. We use dilated filters as the representation of our
local filters to maintain a balance between computational efficiency
and representation capacity. We further enhance shadow quality by
using moment shadow maps instead of the classic shadow map as
our base shadow generator. With carefully designed filters, input fea-
tures, and loss functions with temporal regularization, our method
generates high-quality and temporally-stable results in real-time
framerates. Our results are consistently superior to state-of-the-art
methods in both visual qualities and numeric measures.

In the future, our method could be further improved and extended
in several ways. First, similar to existing shadow mapping meth-
ods, since our main algorithm needs to be carried out once per
light source, our computational cost is proportional to the num-
ber of lights. It is worthwhile to investigate more sophisticated
solutions whose time complexity is independent of the number
of lights. Second, existing screen-space works [MohammadBagher
et al. 2010; Zheng and Saito 2011] already find the anisotropic prop-
erties of shadows and have utilize manually designed anisotropic
bilateral filters to deal with it. While our method is able to model
such anisotropy in an implicit way through supervised training,
how to explicitly introducing such anisotropy into the shadow filter
deserves future works. Last but not least, it would be also interest-
ing to extend our work to real-time indirect illumination such as
reflective shadow maps [Dachsbacher and Stamminger 2005].
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