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Real-time neural super-sampling rendering based on
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Abstract: Objective The complexity of modern real-time rendering algorithms, such as ray tracing, is often closely
related to the number of pixels on the target screen. However, with the increasing resolution and refresh rates of external
displays and head-mounted displays, as well as the proposal of graphics algorithms that achieve more realistic visual
effects, the computational cost of real-time rendering programs has increased. As a result, many users must balance render-
ing resolution, real-time performance, and rendering quality, even with the support of new parallel computing hardware.

Although many video super-resolution methods now produce excellent reconstruction results, these methods cannot be
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directly applied to real-time rendering super-resolution. First, most of these methods require a network submodule to esti-
mate the optical flow map between two adjacent frames, which inevitably increases the algorithm’ s time complexity and
reconstruction error. In real-time rendering, the algorithm can directly obtain almost complete motion vector maps from the
modern graphics rendering pipeline, effectively avoiding the time overhead and cumulative errors of generating optical flow
maps. Second, the latest video super-resolution algorithms emphasize the importance of bidirectional propagation of video
frame features for reconstruction quality. However, in real-time rendering, the algorithm cannot obtain feature information
of future frames, making bidirectional propagation of frame features impossible. Lastly, real-time rendering pipelines often
generate images that record scene geometry information, and failing to effectively utilize this data limits the final reconstruc-
tion results. Method In response to the above issues, this method proposes a real-time neural super-sampling method based
on a frame cyclic structure. First, it can make full use of the low-resolution scene geometry data generated in the real-time
rendering pipeline to enhance the three-dimensional spatial information perception of the super-sampling network. Second,
the frame cyclic framework is integrated into the super-sampling method. Temporal stability is achieved by introducing the
features of the previous frame’s reconstruction results to improve the current frame ’s reconstruction. Finally, a reweighting
network and an attention network are embedded in the feature extraction module to enhance the effectiveness of the
extracted features. Additionally, this method presents a real-time rendering pipeline oriented to neural super-sampling,
which can deploy the super-sampling network onto the graphics computing pipeline and integrate it with the real-time ren-
dering pipeline. To further ensure the real-time performance of the real-time rendering pipeline, we performed lightweight
processing on the proposed real-time neural supersampling method at different levels and compared the changes in various
image evaluation metrics and real-time performance of the network before and after lightweighting in subsequent experi-
ments. No public and universal dataset in the field of neural supersampling is available. Thus, we use Unity3D for the col-
lection of the dataset. For low-resolution data, we set the output resolution to 320 X 180 pixels and disable anti-aliasing.
For high-resolution data, we set the output resolution to 5 120 X 2 880 pixels with 8 X MSAA anti-aliasing enabled, then
downsample it to 1 280 x 720 pixels and apply a sharpening operation with a 3 X 3 convolution kernel to the downsampled
result to further improve the quality of the test data. Result Compared with NSRR, a benchmark method that also achieves
good real-time performance, the proposed method shows a slight improvement in speed while increasing the peak signal-to-
noise ratio by an average of 0. 4 dB. Meanwhile, the structural similarity index is increased by an average of 0. 015, and
the learned perceptual image patch similarity is decreased by an average of 0. 028. After being deployed to the real-time
rendering pipeline, the method maintains real-time performance through lightweight pruning, and its performance remains
superior to that of the non-real-time deployed NSRR in most scenarios. Subsequent experiments also demonstrate that the
lightweight network can operate on the graphics computing pipeline and meet real-time requirements at various resolutions,
as validated by experimental data. Additionally, through ablation experiments on the three submodules of the network, this
method validates the effectiveness of each submodule in reconstructing the current frame. Moreover, the image evaluation
metrics show a minimal decline when the scene normals are sufficiently simple or the camera movement amplitude is too
large. Conclusion First, compared with previous super-resolution and super-sampling methods, the proposed neural super-
sampling network model not only achieves better performance but also demonstrates superior real-time performance. Sec-
ond, the constructed neural super-sampling rendering pipeline can operate on the graphics pipeline and meet real-time
requirements at different resolutions. In the future, the regions of rendered images prone to artifacts can be further opti-
mized by starting from the generation principles of rendered images. For instance, for dynamic shadows and specular reflec-
tions, ordinary motion vector maps cannot capture their changing trends as objects and light sources move. Thus, the ren-
dering pipeline may need to be customized further to output vector maps that describe such changes to address this issue.

Key words: real-time rendering; frame-recurrent neural network ; super-sampling; super-resolution (SR) ; convolutional

neural network (CNN)
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Fig. 1 Reconstruction network with frame recurrent structure
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Fig. 3 Demonstration of dataset use cases ((a) color map; (b) depth map; (¢) normal map; (d) motion map; (e) reference map)
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Fig. 4 Real-time neural supersampling on render pipeline
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Fig. 5 Diagram of data transformation
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11 PSNR A1 SSIM , LPIPS B 45 A A HR AL 5 ) Ja 2 1
0, LPIPS P {EL BRI 227 19 i LGB AR 0, e =z, W)
ZESK

R 1—F 3 5 HA L A T Rk 34
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Table 1 PSNR results of super-resolution using different methods in different 3D scenes

/dB

Jrik J R AT S ] St DU S 11 TR
VESPCN 21.2316 24.196 3 23.1957 23.950 8 24.584 4
EDSR 21.659 8 24.829 6 23.474 9 24.5140 24.984 2
TecoGAN 21.6825 24.8270 23.5350 24.434 8 25.007 3
RBPN 21.8120 25.069 0 23.594 3 24.456 4 25.1772
NSRR 21.3819 243720 23.482 1 24.046 8 25.009 7
FRNSRR(A<3X) 21.837 4 24.879 4 23.6453 24.5551 25.386 0
FRNSRR-64 21.830 8 24.669 5 23.584 9 24.260 7 25.279 5
FRNSRR-32 21.5475 24.288 9 23.2417 23.967 9 24.8337

T L R RIZ AR B R 25 B AL AL S AR
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Table 2 SSIM results of super-resolution using different methods in different 3D scenes

Trik J B ERTE Sl ) BREH i
VESPCN 0.721 9 0.777 5 0.7957 0.7822 0.7747
EDSR 0.756 6 0.814 1 0.8256 0.8180 0.809 0
TecoGAN 0.741 8 0.799 3 0.8102 0.807 0 0.793 4
RBPN 0.770 4 0.8279 0.836 4 0.824 4 0.8249
NSRR 0.770 0 0.829 2 0.840 1 0.8257 0.8252
FRNSRR(A3C) 0.788 9 0.844 7 0.8518 0.841 0 0.843 4
FRNSRR-64 0.779 6 0.828 6 0.843 8 0.8303 0.8340
FRNSRR-32 0.767 8 0.8180 0.8349 0.8188 0.8218

VE L R R 2 TR 0 R 7m 2 S B Al AR EE R
R3 AREFTEEAR=4H= TERZL RN LPIPS f51R
Table 3 LPIPS results of super-resolution using different methods in different 3D scenes

ik P 1 F S L WA 11 g1
VESPCN 0.297 4 0.2332 0.2259 0.292 1 0.258 3
EDSR 0.224 6 0.158 6 0.1530 0.205 3 0.187 4
TecoGAN 0.192 8 0.1332 0.1372 0.186 8 0.1553
RBPN 0.196 0 0.144 6 0.128 6 0.1816 0.157 4
NSRR 0.2262 0.160 3 0.159 4 0.216 5 0.170 3
FRNSRR(4* %) 0.189 9 0.1378 0.136 1 0.1810 0.147 8
FRNSRR-64 0.209 9 0.1619 0.147 3 0.200 6 0.164 5
FRNSRR-32 0.2357 0.179 1 0.1727 0.228 1 0.1840
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%4 PyTorch LRREFFEMRESEK/NFNEZITH E]
Table 4 Model parameter sizes and running time of

different methods on PyTorch

i ZHUM IBAT I ) /ms
VESPCN 0.878 16.27
EDSR 1517 24.46
TecoGAN 3.834 34.83
RBPN 15.304 1293.23
NSRR 0.805 26.42
A 4.544 23.06

TE L R RIZe TR B s B Al OIS 2R

R5 HBHEBRIEPyTorch EHIHEIERTE

Table 5 Running time of each module

Bt FFE BRI 6] /ms
FeatureExtraction 0.87
Warping 3.21
LR Reweighting 1.64
SR Attention 1.68
Reconstruction 15.66
Js8an 23.06

IR B 7 1 o AT LAFR B 8 9 2% 9 2B 2 Sentis
Ji B TR R A TR A AN IR R B, LA S
Bt} Sentis H T4 45 FUA A BT R B A8 1 1 EL
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P 6 X ANT] 5 vk B A At SR A TR BE X L, A3

%6 REHETE Sentis LM BRI

Table 6 Running time of different methods on Sentis

WiReS = BEAF (8] /ms
VESPCN 26.57
EDSR 61.55
NSRR 63.44
FRNSRR(Z3C) 53.31
FRNSRR-64 23.46
FRNSRR-32 12.43

TE L R os el

Sie G AW 5P 1 il — AT . R U 2
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Table 7 Running time of different methods at different resolutions on Sentis
/ms
‘ ARG %
Jrik
1280 x 720 1 600 x 900 1920 x 1080 2560 x 1440
FRNSRR 53.31 88.65 125.49 205.67
FRNSRR-64 23.64 32.81 48.64 82.72
FRNSRR-32 12.43 19.62 28.40 49.68

T L P SRR 25 8 B A2 2R
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Fig. 7 SSIM indicator box chart for scene testing
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Table 8 Verify the effectiveness of the frame-recurrent
PSNR/dB
ITARE 54 - —
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Fig. 8 Ablation experiment based on frame-recurrent
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Table 9 Verify the effectiveness of the normal map

F10 IWIEFE 1AL (SR attention) I F R 1E
Table 10 Verify the effectiveness of SR attention

PSNR/dB
AR B, WE 1
PER e M i mn

-Normal 21.6519 24.4627 23.6551 24.1594 25.1923
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Fig. 9  Ablation experiment based on normal map
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