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Real-Time Ray Tracing and Denoising

Context: Temporal Anti-Aliasing 

Many-Light Sampling with Temporal Feedback 

! Resampled importance sampling  

! Reservoir sampling  

Denoising 

! Bilateral, joint-bilateral filters 

! CNN-based denoising 
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Temporal Anti-Aliasing (TAA)

[Karis 2014, Salvi 2015, Yang et al. 2020…]
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[Yang et al. 2020]

•New pixels are jaggy 

•Smearing / temporal lag

Failure cases:

Temporal Anti-Aliasing (TAA)
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Review: Area Sampling Estimator

p

p0

<latexit sha1_base64="qBgTNzDork29FkonzInLNdCzUjk=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBFclaSIuiy6cVnBPqAJYTKdtEPnEWYmYgn9FTcuFHHrj7jzb5y0WWjrgYHDOfdyz5w4ZVQbz/t21tY3Nre2KzvV3b39g0P3qNbVMlOYdLBkUvVjpAmjgnQMNYz0U0UQjxnpxZPbwu89EqWpFA9mmpKQo5GgCcXIWClya4HkZISigCMzVjyXs2rk1r2GNwdcJX5J6qBEO3K/gqHEGSfCYIa0HvheasIcKUMxI7NqkGmSIjxBIzKwVCBOdJjPs8/gmVWGMJHKPmHgXP29kSOu9ZTHdrKIqJe9QvzPG2QmuQ5zKtLMEIEXh5KMQSNhUQQcUkWwYVNLEFbUZoV4jBTCxtZVlOAvf3mVdJsN/7LRvL+ot27KOirgBJyCc+CDK9ACd6ANOgCDJ/AMXsGbM3NenHfnYzG65pQ7x+APnM8fIL+UgA==</latexit>!o

<latexit sha1_base64="tGk12cEde/3QkqJjP8BpBRBO3Yo=">AAAB+nicbVDLSsNAFJ3UV62vVJduBovgqiRF1GXRjcsK9gFtCJPppB06k4SZG6XEfoobF4q49Uvc+TdO2iy09cDA4Zx7uWdOkAiuwXG+rdLa+sbmVnm7srO7t39gVw87Ok4VZW0ai1j1AqKZ4BFrAwfBeoliRAaCdYPJTe53H5jSPI7uYZowT5JRxENOCRjJt6sDGDMg/kASGCuZ8Zlv15y6MwdeJW5BaqhAy7e/BsOYppJFQAXRuu86CXgZUcCpYLPKINUsIXRCRqxvaEQk0142jz7Dp0YZ4jBW5kWA5+rvjYxIracyMJN5Qr3s5eJ/Xj+F8MrLeJSkwCK6OBSmAkOM8x7wkCtGQUwNIVRxkxXTMVGEgmmrYkpwl7+8SjqNuntRb9yd15rXRR1ldIxO0Bly0SVqolvUQm1E0SN6Rq/ozXqyXqx362MxWrKKnSP0B9bnD/CMlHM=</latexit>

✓i

<latexit sha1_base64="TAZZlab/bt6q4oDaFmCOBYD5U84=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSqlW9y2rt/qJSv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/pkGPLw==</latexit>

✓

<latexit sha1_base64="IT4IoduatdWOTISVEgMoE92z2qM=">AAAB+nicbVDLSgMxFM3UV62vqS7dBIvgqswUUZdFNy4r2Ae0w5BJM21oHkOSUcrYT3HjQhG3fok7/8ZMOwttPRA4nHMv9+RECaPaeN63U1pb39jcKm9Xdnb39g/c6mFHy1Rh0saSSdWLkCaMCtI21DDSSxRBPGKkG01ucr/7QJSmUtybaUICjkaCxhQjY6XQrQ4kJyMUDjgyY8UzOgvdmlf35oCrxC9IDRRohe7XYChxyokwmCGt+76XmCBDylDMyKwySDVJEJ6gEelbKhAnOsjm0Wfw1CpDGEtlnzBwrv7eyBDXesojO5kn1MteLv7n9VMTXwUZFUlqiMCLQ3HKoJEw7wEOqSLYsKklCCtqs0I8RgphY9uq2BL85S+vkk6j7l/UG3fnteZ1UUcZHIMTcAZ8cAma4Ba0QBtg8AiewSt4c56cF+fd+ViMlpxi5wj8gfP5A9w3lGY=</latexit>!i

<latexit sha1_base64="Zr1BQwShZ9Zexv1JjY8giajakUw="></latexit>

Lo(p,!o) ⇡
fr(p,!i ! !o)V (p, p0)Le cos ✓i cos ✓

p(light) p(p0) kp� p0k2
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Ideal: Product Sampling

What if: 

Estimator:

?
<latexit sha1_base64="YSkP7ZctG51erTi5zjOvv0tASHU="></latexit>

p(light) p(p0) / fr(p,!i ! !o)Le cos ✓i cos ✓

kp� p0k2

<latexit sha1_base64="kITQrFJEHWct9uJmqrUhqMgSnME="></latexit>

c =

Z

A

fr(p,!i ! !o)Le cos ✓i cos ✓

kp� p0k2 dA(p0)

<latexit sha1_base64="iXm9smKtWdYTECr8agaaXTq+Bd4="></latexit>

Lo(p,!o) ⇡
fr(p,!i ! !o)V (p, p0)Le cos ✓i cos ✓

p(light) p(p0) kp� p0k2

= c V (p, p0)
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Resampled Importance Sampling (RIS)

Generate M samples 

Define sample weights 

Choose a sample   from    with probability 

RIS estimator:

xi ⇠ p
<latexit sha1_base64="9SyCtd5bojuNeiDRNKTVOYLGAZo=">AAAB8XicbVBNSwMxEJ3Ur1q/qh69BIvgqexWQY8FLx4r2A9sl5JNs21okl2SrFiW/gsvHhTx6r/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61TJxqypo0FrHuhMQwwRVrWm4F6ySaERkK1g7HNzO//ci04bG6t5OEBZIMFY84JdZJD099jnuGS5z0yxWv6s2BV4mfkwrkaPTLX71BTFPJlKWCGNP1vcQGGdGWU8GmpV5qWELomAxZ11FFJDNBNr94is+cMsBRrF0pi+fq74mMSGMmMnSdktiRWfZm4n9eN7XRdZBxlaSWKbpYFKUC2xjP3scDrhm1YuIIoZq7WzEdEU2odSGVXAj+8surpFWr+hfV2t1lpd7I4yjCCZzCOfhwBXW4hQY0gYKCZ3iFN2TQC3pHH4vWAspnjuEP0OcPAQKQhQ==</latexit>

w(x) =
p̂(x)

p(x)
<latexit sha1_base64="HwgtWLzxBR8pDrrx+D8A1FkTqS8=">AAACB3icbVDLSgMxFM3UV62vUZeCBItQN2WmCroRCm5cVrAPaIeSSTNtaCYTkoxahtm58VfcuFDErb/gzr8x085CWw/cy+Gce0nu8QWjSjvOt1VYWl5ZXSuulzY2t7Z37N29lopiiUkTRyySHR8pwignTU01Ix0hCQp9Rtr++Crz23dEKhrxWz0RxAvRkNOAYqSN1LcP7ysPJ/AS9gKJcNIbIZ2I1EhpIrLet8tO1ZkCLhI3J2WQo9G3v3qDCMch4RozpFTXdYT2EiQ1xYykpV6siEB4jIakayhHIVFeMr0jhcdGGcAgkqa4hlP190aCQqUmoW8mQ6RHat7LxP+8bqyDCy+hXMSacDx7KIgZ1BHMQoEDKgnWbGIIwpKav0I8QiYRbaIrmRDc+ZMXSatWdU+rtZuzcr2Rx1EEB+AIVIALzkEdXIMGaAIMHsEzeAVv1pP1Yr1bH7PRgpXv7IM/sD5/AJuSmJE=</latexit>

z
<latexit sha1_base64="kkAs7kWIsdbTo5wvjTzaBtUwKnw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCF48t2FZoQ9lsJ+3azSbsboQa+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMTqPqAaBZfYMtwIvE8U0igQ2AnGNzO/84hK81jemUmCfkSHkoecUWOl5lO/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+Sdq3qXVRrzctKvZHHUYQTOIVz8OAK6nALDWgBA4RneIU358F5cd6dj0VrwclnjuEPnM8f7sWNEA==</latexit>

xi
<latexit sha1_base64="hYlvr8/fHUFGPA6ORRURmpWA+Lc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCF48V7Qe0oWy2m3bpZhN2J2IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GNzO//ci1EbF6wEnC/YgOlQgFo2il+6e+6JcrbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fjY/dUrOrDIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6K4bWfCZWkyBVbLApTSTAms7/JQGjOUE4soUwLeythI6opQ5tOyYbgLb+8Slq1qndRrd1dVuqNPI4inMApnIMHV1CHW2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gBmFI3q</latexit>

w(z)
PM

i=1 w(xi)
<latexit sha1_base64="1VMwaJU8Jj+I665YcI+ewCJ13y4=">AAACCXicbVDLSsNAFJ3UV62vqEs3g0VoNyWpgm6Eghs3QgX7gKaGyXTSDp1JwszEWkO2bvwVNy4UcesfuPNvnLZZaOuBC4dz7uXee7yIUaks69vILS2vrK7l1wsbm1vbO+buXlOGscCkgUMWiraHJGE0IA1FFSPtSBDEPUZa3vBi4rfuiJA0DG7UOCJdjvoB9SlGSkuuCR1fIJyMSg/lNHFkzN2Entvp7RUcle5dWk5ds2hVrCngIrEzUgQZ6q755fRCHHMSKMyQlB3bilQ3QUJRzEhacGJJIoSHqE86mgaIE9lNpp+k8EgrPeiHQleg4FT9PZEgLuWYe7qTIzWQ895E/M/rxMo/6yY0iGJFAjxb5McMqhBOYoE9KghWbKwJwoLqWyEeIB2N0uEVdAj2/MuLpFmt2MeV6vVJsVbP4siDA3AISsAGp6AGLkEdNAAGj+AZvII348l4Md6Nj1lrzshm9sEfGJ8/5AWZ2Q==</latexit>

f(z)

p̂(z)
·
 

1

M

MX

i=1

p̂(xi)

p(xi)

!

<latexit sha1_base64="uhpaUxbmUnYq7Tw5jZBrNhNfq+4="></latexit>

Target distribution 
(not necessarily 

normalized)
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RIS for Product Sampling

RIS generates a sample that is approximately from     
’s distribution 

Consider            and                with                  : p ⇠ Le
<latexit sha1_base64="Jnw3if0hEBIi8ChaqAFmToZdB0M=">AAAB8XicbVA9SwNBEJ2LXzF+RS1tFoNgFe6ioGXAxsIigvnA5Ah7m7lkyd7esbsnhCP/wsZCEVv/jZ3/xk1yhSY+GHi8N8PMvCARXBvX/XYKa+sbm1vF7dLO7t7+QfnwqKXjVDFssljEqhNQjYJLbBpuBHYShTQKBLaD8c3Mbz+h0jyWD2aSoB/RoeQhZ9RY6TEhPc0jctfHfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fziKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7H0y4AqZERNLKFPc3krYiCrKjA2pZEPwll9eJa1a1buo1u4vK/VGHkcRTuAUzsGDK6jDLTSgCQwkPMMrvDnaeXHenY9Fa8HJZ47hD5zPH7bVkFU=</latexit>

p̂ = fr Le
<latexit sha1_base64="96Cy+s4yArfm3DIhRxUBi7eByFo=">AAAB/XicbVDLSsNAFJ3UV62v+Ni5GSyCCylJFXQjFNy4cFHBPqApYTKdtEMnkzBzI9RQ/BU3LhRx63+482+ctllo64ELh3Pu5d57gkRwDY7zbRWWlldW14rrpY3Nre0de3evqeNUUdagsYhVOyCaCS5ZAzgI1k4UI1EgWCsYXk/81gNTmsfyHkYJ60akL3nIKQEj+faBNyCQJWN8hUNfYe8U3/rMt8tOxZkCLxI3J2WUo+7bX14vpmnEJFBBtO64TgLdjCjgVLBxyUs1Swgdkj7rGCpJxHQ3m14/xsdG6eEwVqYk4Kn6eyIjkdajKDCdEYGBnvcm4n9eJ4XwsptxmaTAJJ0tClOBIcaTKHCPK0ZBjAwhVHFzK6YDoggFE1jJhODOv7xImtWKe1ap3p2Xa/U8jiI6REfoBLnoAtXQDaqjBqLoET2jV/RmPVkv1rv1MWstWPnMPvoD6/MHngeUEg==</latexit>

f = fr Le V
<latexit sha1_base64="oI2GCnLELC70nXX4G46r7Vt9w1s=">AAAB/HicbVDLSsNAFL3xWeur2qWbwSK4kJJUQTdCwY0LFxXsA9oQJtNJO3QyCTMTIYT6K25cKOLWD3Hn3zhps9DWA5d7OOde5s7xY86Utu1va2V1bX1js7RV3t7Z3duvHBx2VJRIQtsk4pHs+VhRzgRta6Y57cWS4tDntOtPbnK/+0ilYpF40GlM3RCPBAsYwdpIXqUaoGsUeBINztCdR/PW8So1u27PgJaJU5AaFGh5la/BMCJJSIUmHCvVd+xYuxmWmhFOp+VBomiMyQSPaN9QgUOq3Gx2/BSdGGWIgkiaEhrN1N8bGQ6VSkPfTIZYj9Wil4v/ef1EB1duxkScaCrI/KEg4UhHKE8CDZmkRPPUEEwkM7ciMsYSE23yKpsQnMUvL5NOo+6c1xv3F7Vmq4ijBEdwDKfgwCU04RZa0AYCKTzDK7xZT9aL9W59zEdXrGKnCn9gff4AIr+Siw==</latexit>

p̂
<latexit sha1_base64="ArXaxddRX+VFHDfvJ5jZ6ACvt1M=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKexGQY8BLx4jmAckS5idTJIhs7PDTK8QlnyEFw+KePV7vPk3TpI9aGJBQ1HVTXdXpKWw6PvfXmFjc2t7p7hb2ts/ODwqH5+0bJIaxpsskYnpRNRyKRRvokDJO9pwGkeSt6PJ3dxvP3FjRaIecap5GNOREkPBKDqp3RtTzPSsX674VX8Bsk6CnFQgR6Nf/uoNEpbGXCGT1Npu4GsMM2pQMMlnpV5quaZsQke866iiMbdhtjh3Ri6cMiDDxLhSSBbq74mMxtZO48h1xhTHdtWbi/953RSHt2EmlE6RK7ZcNEwlwYTMfycDYThDOXWEMiPcrYSNqaEMXUIlF0Kw+vI6adWqwVW19nBdqTfyOIpwBudwCQHcQB3uoQFNYDCBZ3iFN097L96797FsLXj5zCn8gff5A6mYj9M=</latexit>

f

p̂
= V

<latexit sha1_base64="UawS7G1s3W8HQASmtwOAoL8oGw0=">AAAB/nicbVBNS8NAEJ34WetXVDx5WSyCp5JUQS9CwYvHCvYDmlI22027dLMJuxuhLAH/ihcPinj1d3jz37htc9DWBwOP92aYmRemnCnted/Oyura+sZmaau8vbO7t+8eHLZUkklCmyThieyEWFHOBG1qpjntpJLiOOS0HY5vp377kUrFEvGgJyntxXgoWMQI1lbqu8dBJDExUW6CEdYmzXN0g1p9t+JVvRnQMvELUoECjb77FQwSksVUaMKxUl3fS3XPYKkZ4TQvB5miKSZjPKRdSwWOqeqZ2fk5OrPKAEWJtCU0mqm/JwyOlZrEoe2MsR6pRW8q/ud1Mx1d9wwTaaapIPNFUcaRTtA0CzRgkhLNJ5ZgIpm9FZERtnlom1jZhuAvvrxMWrWqf1Gt3V9W6o0ijhKcwCmcgw9XUIc7aEATCBh4hld4c56cF+fd+Zi3rjjFzBH8gfP5AzzGlbE=</latexit>

<latexit sha1_base64="grjPn5htgQ+Qau0/8VSKWnpBaH4="></latexit>

w(x) =
p̂(x)

p(x)
/ frLe

Le
= fr

In RIS estimator,
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“Approximately”?

0.2 0.4 0.6 0.8 1.0

0.5

1.0

1.5

p / Le
<latexit sha1_base64="pzw/SKUamaVwL+H2ez576XldRmc=">AAAB9HicbVBNSwMxEM36WetX1aOXYBE8ld0q6LHgxYOHCvYD2qVk09k2NJvEJFsoS3+HFw+KePXHePPfmLZ70NYHA4/3ZpiZFynOjPX9b29tfWNza7uwU9zd2z84LB0dN41MNYUGlVzqdkQMcCagYZnl0FYaSBJxaEWj25nfGoM2TIpHO1EQJmQgWMwosU4KFe4qLZWV+L4HvVLZr/hz4FUS5KSMctR7pa9uX9I0AWEpJ8Z0Al/ZMCPaMsphWuymBhShIzKAjqOCJGDCbH70FJ87pY9jqV0Ji+fq74mMJMZMksh1JsQOzbI3E//zOqmNb8KMCZVaEHSxKE45dk/OEsB9poFaPnGEUM3crZgOiSbUupyKLoRg+eVV0qxWgstK9eGqXKvncRTQKTpDFyhA16iG7lAdNRBFT+gZvaI3b+y9eO/ex6J1zctnTtAfeJ8/QVCRzg==</latexit>

p̂ / fr Le
<latexit sha1_base64="gXZrug2s8htNapA5aCfy/nxu36w=">AAACA3icbVDLSgMxFM34rPU16k43wSK4kDJTBV0W3LhwUcE+oDMMmTTThmaSkGSEMhTc+CtuXCji1p9w59+YtrPQ1gOBwzn3cnNOLBnVxvO+naXlldW19dJGeXNre2fX3dtvaZEpTJpYMKE6MdKEUU6ahhpGOlIRlMaMtOPh9cRvPxClqeD3ZiRJmKI+pwnFyFgpcg+DATK5HMNAKiGNgEmkYHAGbyMSuRWv6k0BF4lfkAoo0Ijcr6AncJYSbjBDWnd9T5owR8pQzMi4HGSaSISHqE+6lnKUEh3m0wxjeGKVHkyEso8bOFV/b+Qo1XqUxnYyRWag572J+J/XzUxyFeaUy8wQjmeHkoxBm3VSCOxRRbBhI0sQVtT+FeIBUggbW1vZluDPR14krVrVP6/W7i4q9UZRRwkcgWNwCnxwCergBjRAE2DwCJ7BK3hznpwX5935mI0uOcXOAfgD5/MH5tqXEQ==</latexit>

M = 1
<latexit sha1_base64="A4LyVOvNb0i3MMVK0VhsQNvBmS4=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9CIUvHgRKtoPaEPZbCft0s0m7G6EEvoTvHhQxKu/yJv/xm2bg7Y+GHi8N8PMvCARXBvX/XZWVtfWNzYLW8Xtnd29/dLBYVPHqWLYYLGIVTugGgWX2DDcCGwnCmkUCGwFo5up33pCpXksH804QT+iA8lDzqix0sPdtdcrld2KOwNZJl5OypCj3it9dfsxSyOUhgmqdcdzE+NnVBnOBE6K3VRjQtmIDrBjqaQRaj+bnTohp1bpkzBWtqQhM/X3REYjrcdRYDsjaoZ60ZuK/3md1IRXfsZlkhqUbL4oTAUxMZn+TfpcITNibAllittbCRtSRZmx6RRtCN7iy8ukWa1455Xq/UW5Vs/jKMAxnMAZeHAJNbiFOjSAwQCe4RXeHOG8OO/Ox7x1xclnjuAPnM8fm/mNZQ==</latexit>

M = 1
<latexit sha1_base64="qsjQHt023rykPPt+Wx3P/HX3Nes=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4KkkV9CIUvHgRKtgPaEPZbDft0s0m7k6EUPonvHhQxKt/x5v/xm2bg7Y+GHi8N8PMvCCRwqDrfjsrq2vrG5uFreL2zu7efungsGniVDPeYLGMdTughkuheAMFSt5ONKdRIHkrGN1M/dYT10bE6gGzhPsRHSgRCkbRSu27665QIWa9UtmtuDOQZeLlpAw56r3SV7cfszTiCpmkxnQ8N0F/TDUKJvmk2E0NTygb0QHvWKpoxI0/nt07IadW6ZMw1rYUkpn6e2JMI2OyKLCdEcWhWfSm4n9eJ8Xwyh8LlaTIFZsvClNJMCbT50lfaM5QZpZQpoW9lbAh1ZShjahoQ/AWX14mzWrFO69U7y/KtXoeRwGO4QTOwINLqMEt1KEBDCQ8wyu8OY/Oi/PufMxbV5x85gj+wPn8AeZRj+w=</latexit>
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Interpreting the RIS Estimator

Estimator:
<latexit sha1_base64="frUUmvgEmyARjRFcHaVeyLzo5oE="></latexit>

f(z)

p̂(z)
·
 

1

M

MX

i=1

p̂(xi)

p(xi)

!
= V

 
1

M

MX

i=1

p̂(xi)

p(xi)

!

Thus:

<latexit sha1_base64="rx1mhXPmdF4GPgUFpRBHEKR/NzM="></latexit>

f(x) =
frLeV cos ✓i cos ✓

kp� p0k2

<latexit sha1_base64="b1Ej1/vgza0mFHLoXFtdXfWmRL8="></latexit>

1

M

MX

i=1

p̂(xi)

p(xi)
⇡

Z

A

fr(p,!i ! !o)Le cos ✓i cos ✓

kp� p0k2 dA(p0)

<latexit sha1_base64="FMeHqMhSTPtsm8J3ywIpeDiyg2A="></latexit>

p̂(x) =
frLe cos ✓i cos ✓

kp� p0k2



Erik Pitti (CC BY 2.0)
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Reservoir Sampling

Sample reservoir; 

int numConsidered = 0; 

while (moreSamples) { 

    sample = getNextSample(); 

    numConsidered += 1; 

    if (randomFloat() < 1 / numConsidered) 

        reservoir = sample; 

}
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Weighted Reservoir Sampling

Sample reservoir; 

float sumWeights = 0; 

while (moreSamples) { 

    sample, weight = getNextSample(); 

    sumWeights += weight; 

    if (randomFloat() < weight / sumWeights) 

        reservoir = sample; 

}
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Weighted Reservoir-Based RIS

For M samples 

!Generate sample 

! Compute weight 

! Update weight sum:  

! Randomly keep sample with prob.  

Evaluate estimator using the reservoir sample   :

xi ⇠ p
<latexit sha1_base64="9SyCtd5bojuNeiDRNKTVOYLGAZo=">AAAB8XicbVBNSwMxEJ3Ur1q/qh69BIvgqexWQY8FLx4r2A9sl5JNs21okl2SrFiW/gsvHhTx6r/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61TJxqypo0FrHuhMQwwRVrWm4F6ySaERkK1g7HNzO//ci04bG6t5OEBZIMFY84JdZJD099jnuGS5z0yxWv6s2BV4mfkwrkaPTLX71BTFPJlKWCGNP1vcQGGdGWU8GmpV5qWELomAxZ11FFJDNBNr94is+cMsBRrF0pi+fq74mMSGMmMnSdktiRWfZm4n9eN7XRdZBxlaSWKbpYFKUC2xjP3scDrhm1YuIIoZq7WzEdEU2odSGVXAj+8surpFWr+hfV2t1lpd7I4yjCCZzCOfhwBXW4hQY0gYKCZ3iFN2TQC3pHH4vWAspnjuEP0OcPAQKQhQ==</latexit>

w(xi) = p̂(xi)/p(xi)
<latexit sha1_base64="xz1Z2EGAD/dABytoIGtegckvXQc=">AAACB3icbZDLSgMxFIYz9VbrbdSlIMEi1E2dqYJuhIIblxXsBdphyKSZNjSTCUlGLUN3bnwVNy4UcesruPNtTKez0OoPgS//OYfk/IFgVGnH+bIKC4tLyyvF1dLa+sbmlr2901JxIjFp4pjFshMgRRjlpKmpZqQjJEFRwEg7GF1O6+1bIhWN+Y0eC+JFaMBpSDHSxvLt/bvKvU+P4AXsDZFOxWR2PYYiA98uO1UnE/wLbg5lkKvh25+9foyTiHCNGVKq6zpCeymSmmJGJqVeoohAeIQGpGuQo4goL832mMBD4/RhGEtzuIaZ+3MiRZFS4ygwnRHSQzVfm5r/1bqJDs+9lHKRaMLx7KEwYVDHcBoK7FNJsGZjAwhLav4K8RBJhLWJrmRCcOdX/gutWtU9qdauT8v1Rh5HEeyBA1ABLjgDdXAFGqAJMHgAT+AFvFqP1rP1Zr3PWgtWPrMLfsn6+AbfUJdw</latexit>

ws = ws + w(xi)
<latexit sha1_base64="+wQJxJn4ip/dxF9GXV99SWAwfMU=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSJUhJJUQTdCwY3LCvYBbQiT6aQdOnkwM7Etob/ixoUibv0Rd/6NkzYLbT1wL4dz7mXuHC/mTCrL+jbW1jc2t7YLO8Xdvf2DQ/Oo1JJRIghtkohHouNhSTkLaVMxxWknFhQHHqdtb3SX+e0nKiSLwkc1jakT4EHIfEaw0pJrlsauRLco6xdoXJm47Nw1y1bVmgOtEjsnZcjRcM2vXj8iSUBDRTiWsmtbsXJSLBQjnM6KvUTSGJMRHtCupiEOqHTS+e0zdKaVPvIjoStUaK7+3khxIOU08PRkgNVQLnuZ+J/XTZR/46QsjBNFQ7J4yE84UhHKgkB9JihRfKoJJoLpWxEZYoGJ0nEVdQj28pdXSatWtS+rtYercr2Rx1GAEziFCthwDXW4hwY0gcAEnuEV3oyZ8WK8Gx+L0TUj3zmGPzA+fwCsCpLz</latexit>

w(xi)/ws
<latexit sha1_base64="6efKFblHJlm3ddw+R+ka2Uci70c=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXmpSBT0WvHiMYD+gDWGz3bRLN5uwu7GW0L/hxYMiXv0z3vw3btsctPXBwOO9GWbmBQlnStv2t1VYW9/Y3Cpul3Z29/YPyodHLRWnktAmiXksOwFWlDNBm5ppTjuJpDgKOG0Ho9uZ336kUrFYPOhJQr0IDwQLGcHaSL1x9cln5+gCjX3llyt2zZ4DrRInJxXI4frlr14/JmlEhSYcK9V17ER7GZaaEU6npV6qaILJCA9o11CBI6q8bH7zFJ0ZpY/CWJoSGs3V3xMZjpSaRIHpjLAeqmVvJv7ndVMd3ngZE0mqqSCLRWHKkY7RLADUZ5ISzSeGYCKZuRWRIZaYaBNTyYTgLL+8Slr1mnNZq99fVRpuHkcRTuAUquDANTTgDlxoAoEEnuEV3qzUerHerY9Fa8HKZ47hD6zPH5A7kMQ=</latexit>

z
<latexit sha1_base64="kkAs7kWIsdbTo5wvjTzaBtUwKnw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCF48t2FZoQ9lsJ+3azSbsboQa+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMTqPqAaBZfYMtwIvE8U0igQ2AnGNzO/84hK81jemUmCfkSHkoecUWOl5lO/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+Sdq3qXVRrzctKvZHHUYQTOIVz8OAK6nALDWgBA4RneIU358F5cd6dj0VrwclnjuEPnM8f7sWNEA==</latexit>

f(z)

p̂(z)
·
✓
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M
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◆

<latexit sha1_base64="U6IINSaEtvro6NNAwIB7EBAI1kM="></latexit>
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Merging Reservoirs

struct Reservoir { 

    Sample sample; 

    float sumWeights; 

    int M; 

    void merge(Reservoir other) { 

        M += other.M; 

        pKeep = sumWeights / (sumWeights + other.sumWeights); 

        if (randomFloat() > pKeep) 

            sample = other.sample; 

        sumWeights += other.sumWeights; 

    } 

};
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Temporal Reuse



Spatio-Temporal Sample Reuse
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Sharing Samples Across Pixels

Keep a small number of independent reservoirs at 
each pixel 

At each pixel, choose   neighbor pixels 

!Merge reservoir with neighbor’s reservoir 

!Get equivalent of       samples 

Repeat   times 

!Get equivalent of        samples(!)

k
<latexit sha1_base64="bjgUhr9zNYDS+YOB6FfQxJitySA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipORmUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasJbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSrlW9q2qteV2pN/I4inAG53AJHtxAHe6hAS1ggPAMr/DmPDovzrvzsWwtOPnMKfyB8/kD2AmNAQ==</latexit>

kM
<latexit sha1_base64="FG7A1VUFGvemiU0S+9Da+9iaJfU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCFy9CRfsBbSib7aRdutmE3Y1QQn+CFw+KePUXefPfuG1z0NYHA4/3ZpiZFySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpn57SdUmsfy0UwS9CM6lDzkjBorPYzJXb9ccavuHGSVeDmpQI5Gv/zVG8QsjVAaJqjWXc9NjJ9RZTgTOC31Uo0JZWM6xK6lkkao/Wx+6pScWWVAwljZkobM1d8TGY20nkSB7YyoGellbyb+53VTE177GZdJalCyxaIwFcTEZPY3GXCFzIiJJZQpbm8lbEQVZcamU7IheMsvr5JWrepdVGv3l5V6I4+jCCdwCufgwRXU4RYa0AQGQ3iGV3hzhPPivDsfi9aCk88cwx84nz/IDI2C</latexit>

knM
<latexit sha1_base64="MOhibT1ZlyA4fxwuo7MI3wFdwmE=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCFy9CBfsBbSyb7aZdutmE3YlQQn+DFw+KePUHefPfuG1z0NYHA4/3ZpiZFyRSGHTdb6ewtr6xuVXcLu3s7u0flA+PWiZONeNNFstYdwJquBSKN1Gg5J1EcxoFkreD8c3Mbz9xbUSsHnCScD+iQyVCwShaqTl+VOSuX664VXcOskq8nFQgR6Nf/uoNYpZGXCGT1Jiu5yboZ1SjYJJPS73U8ISyMR3yrqWKRtz42fzYKTmzyoCEsbalkMzV3xMZjYyZRIHtjCiOzLI3E//zuimG134mVJIiV2yxKEwlwZjMPicDoTlDObGEMi3srYSNqKYMbT4lG4K3/PIqadWq3kW1dn9ZqTfyOIpwAqdwDh5cQR1uoQFNYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AEn4jmI=</latexit>

n
<latexit sha1_base64="1M+Vpe/Cq7Yv4wTBRdW12DEL7uQ=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDWz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20a1XvqlprXlfqjTyOIpzBOVyCBzdQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4A3JWNBA==</latexit>





ReSTIR + Denoising



ReSTIR + Denoising



Direct Lighting



Direct + Indirect Lighting
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ReSTIR GI

Sampling Reuse

Le

p

p1
p3

p4

p2
<latexit sha1_base64="rWuKu3qVv2cIPsoD0hqsJ5mHYao=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLgpssK9gGdoWTStA1NMiHJCGXob7hxoYhbf8adf2OmnYW2HggczrmXe3JixZmxvv/tbWxube/slvbK+weHR8eVk9OOSVJNaJskPNG9GBvKmaRtyyynPaUpFjGn3Xh6n/vdJ6oNS+SjnSkaCTyWbMQItk4KQ4HtRItMzQf1QaXq1/wF0DoJClKFAq1B5SscJiQVVFrCsTH9wFc2yrC2jHA6L4epoQqTKR7TvqMSC2qibJF5ji6dMkSjRLsnLVqovzcyLIyZidhN5hnNqpeL/3n91I7uooxJlVoqyfLQKOXIJigvAA2ZpsTymSOYaOayIjLBGhPraiq7EoLVL6+TTr0WXNfqDzfVRrOoowTncAFXEMAtNKAJLWgDAQXP8ApvXuq9eO/ex3J0wyt2zuAPvM8fRieR2g==</latexit>



Path Traced
(2spp) 18.9 ms

3.25 MSE

ReSTIR GI
(biased) 16.0 ms

0.0230 MSE (141x)

ReSTIR GI
(unbiased) 18.0 ms
0.0195 MSE (166x)

Reference

ReSTIR GI



ReSTIR GI
Path Traced

(1spp) 8.2 ms
0.449 MSE

ReSTIR GI
(biased) 8.8 ms

0.0260 MSE (17.3x)

ReSTIR GI
(unbiased) 9.6 ms

0.0306 MSE (14.7x)
Reference



Denoising



White Room, 4096 pixel samples
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White Room, 1 pixel sample
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White Room, 2 pixel samples
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White Room, 4 pixel samples
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White Room, 8 pixel samples
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White Room, 16 pixel samples
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White Room, 32 pixel samples
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White Room, 64 pixel samples
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White Room, 128 pixel samples
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White Room, 256 pixel samples
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White Room, 512 pixel samples
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White Room, 1024 pixel samples
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Zoom-in by Bookshelf
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1 sample 4 samples 16 samples

64 samples 256 samples 1024 samples
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Gaussian Filter

f(x, y) =
1

2⇡�2
e�

x2+y2

2�2

<latexit sha1_base64="DqT8r8HPDkjsU4nXh9x3nQW7w9A="></latexit>

Spatial Domain Frequency Domain



64 pixel samples
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19x19 Gaussian Blur
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White Room, 4096 pixel samples
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Separate Illumination & Reflection

Hemispherical directional reflectance: 

Recall the reflection equation: 

Ratio approximates incident radiance: 

Lo(!o) =

Z

H2

fr(!i ! !o)Li(!i) cos ✓i d!i
<latexit sha1_base64="c/MF6s294ajGN2SCvdUxNlUc8lk="></latexit>

⇢hd(!o) =

Z

H2

fr(!i ! !o) cos ✓i d!i
<latexit sha1_base64="GlcjIdGM4rbiql+vfecla+iHFWg="></latexit>

Lo(!o)

⇢hd(!o)
=

R
H2 fr(!i ! !o)Li(!i) cos ✓i d!iR

H2 fr(!i ! !o) cos ✓i d!i
⇡ avg Li

<latexit sha1_base64="afGKCWUOsfi5h7KOfPRKWjcaafk="></latexit>
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Hemi-Directional Reflectance (Albedo)



White Room, 64 pixel samples
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Final Image / Albedo ~ Illumination
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General Pipeline

Noisy image

Albedo/

*

Denoising

Denoised image

Albedo

Noisy 
Illumination

Denoised 
Illumination



Gaussian Blurred Illumination
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Blurred Illumination * Albedo
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White Room, 4096 pixel samples
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Ideal Denoising Filters (via Brute Force)
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Ideal Denoising Filters (via Brute Force)

Stanford cs348b, Spring 2022 Lecture 17

…

=[ ]f

Independent rendered images

Solve for filter using 
linear least squares



Ideal Denoising Filters (via Brute Force)
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…

≈



Ideal Denoising Filters (via Brute Force)
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Better Filter: Bilateral

[Durand and Dorsey 2002]

Gs(x, y) =
1

2⇡�2
e�

x2+y2

2�2

<latexit sha1_base64="zTpWljBxELIu5xjUBTK8KNcWv7o="></latexit>

Spatial kernel

Pixel intensity 
kernel

*⇥
<latexit sha1_base64="y3ZFcWqBEabekax7ttofWU1jMYg=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9FxE2/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxW1S/xsfu2UnFllQMJY21JI5urviYxGxkyiwHZGFEdm2ZuJ/3ndFMNrPxMqSZErtlgUppJgTGavk4HQnKGcWEKZFvZWwkZUU4Y2oJINwVt+eZW0alXvolq7v6zUb/I4inACp3AOHlxBHe6gAU1g8AjP8ApvTuy8OO/Ox6K14OQzx/AHzucPt3mPOA==</latexit>

Gp(x, y) =
1

2⇡�2
e�

d((0,0),(x,y))2

2�2

<latexit sha1_base64="ktSQL32fG0WAX17F5FpJrUw+cxQ="></latexit>

d(p, p0) = |I(p)� I(p0)|
<latexit sha1_base64="SqOzj2wESFXgEdD6VLIXlRq5+DE=">AAACG3icbVDLSgMxFL1TX7W+qq6Km2ARLWiZqYJuhKIb3VWwD2hLyWTSNjTzIMkIZdr/cOOvuHGhiCvBhX9jOp2Fth645HDOvdzcYwecSWWa30ZqYXFpeSW9mllb39jcym7v1KQfCkKrxOe+aNhYUs48WlVMcdoIBMWuzWndHlxP/PoDFZL53r0aBrTt4p7HuoxgpSU/mwMHjiCAY0AQoBwU9Hupa6TrNnYKcJKww9gddbJ5s2jGQPPESkgeElQ62c+W45PQpZ4iHEvZtMxAtSMsFCOcjjOtUNIAkwHu0aamHnapbEfxbWN0oBUHdX2hy1MoVn9PRNiVcujautPFqi9nvYn4n9cMVfeiHTEvCBX1yHRRN+RI+WgSFHKYoETxoSaYCKb/ikgfC0yUjjOjQ7BmT54ntVLROi2W7s7y5askjjTswb6O04JzKMMNVKAKBB7hGV7hzXgyXox342PamjKSmV34A+PrB7n0lNE=</latexit>

e.g.
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Better Filter: Bilateral

[Durand and Dorsey 2002]

⇥
<latexit sha1_base64="y3ZFcWqBEabekax7ttofWU1jMYg=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9FxE2/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxW1S/xsfu2UnFllQMJY21JI5urviYxGxkyiwHZGFEdm2ZuJ/3ndFMNrPxMqSZErtlgUppJgTGavk4HQnKGcWEKZFvZWwkZUU4Y2oJINwVt+eZW0alXvolq7v6zUb/I4inACp3AOHlxBHe6gAU1g8AjP8ApvTuy8OO/Ox6K14OQzx/AHzucPt3mPOA==</latexit> =
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Even Better Filter: Joint Bilateral

Include additional, non-visible features in the filter 

! Pixel depth 

! Surface normal 

! BRDF features—roughness, … 

!Object id
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Surface Normal
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Camera Space “z”



Given camera space    at a pixel, can approximate 
the local planar surface as: 

Where     and     are partial derivatives of   in terms 
of pixel coordinates        . 

Given a depth    at a nearby pixel, can compute 
distance from planar approximation,
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Approximating Local Planar Surface

z(�x,�y) ⇡ z +�x
@z

@x
+�y

@z

@y
<latexit sha1_base64="3qIE96fqoOnioQM00PoQ0D5jmAQ="></latexit>

@z

@x
<latexit sha1_base64="gvQwKkC/m9Ak4G4jbKMT2HCL5yQ=">AAACBnicbZDLSsNAFIZPvNZ6i7oUYbAIrkpSBV0W3bisYC/QhDKZTtqhkwszE7GGrNz4Km5cKOLWZ3Dn2zhpA2rrDwMf/zlnZs7vxZxJZVlfxsLi0vLKammtvL6xubVt7uy2ZJQIQpsk4pHoeFhSzkLaVExx2okFxYHHadsbXeb19i0VkkXhjRrH1A3wIGQ+I1hpq2ceOL7AJHViLBTDHN1nP3yX9cyKVbUmQvNgF1CBQo2e+en0I5IENFSEYym7thUrN80vJJxmZSeRNMZkhAe0qzHEAZVuOlkjQ0fa6SM/EvqECk3c3xMpDqQcB57uDLAaytlabv5X6ybKP3dTFsaJoiGZPuQnHKkI5ZmgPhOUKD7WgIlg+q+IDLHORenkyjoEe3bleWjVqvZJtXZ9WqlfFHGUYB8O4RhsOIM6XEEDmkDgAZ7gBV6NR+PZeDPep60LRjGzB39kfHwDDOCZfQ==</latexit>

@z

@y
<latexit sha1_base64="io3ApBJz3osAO3uvx7UBzSZp5DE=">AAACBnicbZDLSsNAFIZP6q3WW9SlCINFcFWSKuiy6MZlBXuBNpTJdNIOnVyYmQgxZOXGV3HjQhG3PoM738ZJG1Bbfxj4+M85M3N+N+JMKsv6MkpLyyura+X1ysbm1vaOubvXlmEsCG2RkIei62JJOQtoSzHFaTcSFPsupx13cpXXO3dUSBYGtyqJqOPjUcA8RrDS1sA87HsCk7QfYaEY5ug+++EkG5hVq2ZNhRbBLqAKhZoD87M/DEns00ARjqXs2VaknDS/kHCaVfqxpBEmEzyiPY0B9ql00ukaGTrWzhB5odAnUGjq/p5IsS9l4ru608dqLOdruflfrRcr78JJWRDFigZk9pAXc6RClGeChkxQoniiARPB9F8RGWOdi9LJVXQI9vzKi9Cu1+zTWv3mrNq4LOIowwEcwQnYcA4NuIYmtIDAAzzBC7waj8az8Wa8z1pLRjGzD39kfHwDDmWZfg==</latexit>

z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

(x, y)
<latexit sha1_base64="0vTkh04+2gV2qgylK6XjTp6kEx4=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBahgpSkFfRY9OKxgmkLbSib7aZdutmE3Y0YQn+DFw+KePUHefPfuG1z0NYHA4/3ZpiZ58ecKW3b31ZhbX1jc6u4XdrZ3ds/KB8etVWUSEJdEvFIdn2sKGeCupppTruxpDj0Oe34k9uZ33mkUrFIPOg0pl6IR4IFjGBtJLf6dJGeD8oVu2bPgVaJk5MK5GgNyl/9YUSSkApNOFaq59ix9jIsNSOcTkv9RNEYkwke0Z6hAodUedn82Ck6M8oQBZE0JTSaq78nMhwqlYa+6QyxHqtlbyb+5/USHVx7GRNxoqkgi0VBwpGO0OxzNGSSEs1TQzCRzNyKyBhLTLTJp2RCcJZfXiXtes1p1Or3l5XmTR5HEU7gFKrgwBU04Q5a4AIBBs/wCm+WsF6sd+tj0Vqw8plj+APr8wfy8o4e</latexit>

z0
<latexit sha1_base64="0+hiHkzNgfwYbaWXDBScVFznEcw=">AAAB6XicbVDLTgJBEOzFF+IL9ehlIjF6IrtookeiF49o5JEAIbPDLEyYnd3M9Jrghj/w4kFjvPpH3vwbB9iDgpV0UqnqTneXH0th0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPd8qnhUiheR4GSt2LNaehL3vRHN1O/+ci1EZF6wHHMuyEdKBEIRtFK90+nvWLJLbszkGXiZaQEGWq94lenH7Ek5AqZpMa0PTfGbko1Cib5pNBJDI8pG9EBb1uqaMhNN51dOiEnVumTINK2FJKZ+nsipaEx49C3nSHFoVn0puJ/XjvB4KqbChUnyBWbLwoSSTAi07dJX2jOUI4toUwLeythQ6opQxtOwYbgLb68TBqVsndertxdlKrXWRx5OIJjOAMPLqEKt1CDOjAI4Ble4c0ZOS/Ou/Mxb8052cwh/IHz+QNLGI0z</latexit>

z0 � z(�x,�y)
<latexit sha1_base64="OqvKDfeKxv/IVmcHB2Xzacb9K+0=">AAACA3icbZDLSgMxFIbPeK31NupON8EiVtAyUwVdFnXhsoK9QDuUTJppQzMXkow4LQU3voobF4q49SXc+Tam7Sy09YfAx3/O4eT8bsSZVJb1bczNLywuLWdWsqtr6xub5tZ2VYaxILRCQh6Kuosl5SygFcUUp/VIUOy7nNbc3tWoXrunQrIwuFNJRB0fdwLmMYKVtlrmbv8QnaB+vnlNucLo4RillBy1zJxVsMZCs2CnkINU5Zb51WyHJPZpoAjHUjZsK1LOAAvFCKfDbDOWNMKkhzu0oTHAPpXOYHzDEB1op428UOgXKDR2f08MsC9l4ru608eqK6drI/O/WiNW3oUzYEEUKxqQySIv5kiFaBQIajNBieKJBkwE039FpIsFJkrHltUh2NMnz0K1WLBPC8Xbs1zpMo0jA3uwD3mw4RxKcANlqACBR3iGV3gznowX4934mLTOGenMDvyR8fkDmXyVlQ==</latexit>
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dz/dx
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dz/dy



Stanford cs348b, Spring 2022 Lecture 17

Joint Bilateral Filter Function

Spatial: 

Intensity:  

Normal difference: 

Depth difference:

Gs(x, y) =
1

2⇡�2
e�

x2+y2

2�2

<latexit sha1_base64="zTpWljBxELIu5xjUBTK8KNcWv7o="></latexit>

Gn(x, y) = max (~n(x, y) · ~n(0, 0), 0)n
<latexit sha1_base64="3Mu+wPMduHuUlqflqm9brm+Ncz4="></latexit>

with

G = Gs Gp Gn Gz
<latexit sha1_base64="PqgxsQu1yAnJ03xW5Cg3V4yD/08=">AAACBXicbVC7SgNBFL3rM8bXqqUWg0GwkLAbBW2EoEUsI5gHJEuYnUySIbOzy8ysEJc0Nv6KjYUitv6DnX/jJLuFJl4YzuGce7lzjx9xprTjfFsLi0vLK6u5tfz6xubWtr2zW1dhLAmtkZCHsuljRTkTtKaZ5rQZSYoDn9OGP7ye+I17KhULxZ0eRdQLcF+wHiNYG6ljH1TQJap0FGqfGIhSECk8dOyCU3SmheaJm5ECZFXt2F/tbkjigApNOFaq5TqR9hIsNSOcjvPtWNEIkyHu05ahAgdUecn0ijE6MkoX9UJpntBoqv6eSHCg1CjwTWeA9UDNehPxP68V696FlzARxZoKki7qxRzpEE0iQV0mKdF8ZAgmkpm/IjLAEhNtgsubENzZk+dJvVR0T4ul27NC+SqLIwf7cAjH4MI5lOEGqlADAo/wDK/wZj1ZL9a79ZG2LljZzB78KevzB0+UlUY=</latexit>

ẑ(�x,�y) ⇡ z +�x
@z

@x
+�y

@z

@y
<latexit sha1_base64="m4rBQSKTN/zWXVQWRVQOo/6mTvA="></latexit>

Gz(x, y) =
1

2⇡�2
e�

(ẑ(x,y)�z(0,0))2

2�2

<latexit sha1_base64="Etvnn+aq2UzYMpCgF2+3bSEjkcc="></latexit>

Gp(x, y) =
1

2⇡�2
e�

d((0,0),(x,y))2

2�2

<latexit sha1_base64="ktSQL32fG0WAX17F5FpJrUw+cxQ="></latexit>
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About all those sigmas…

Pixel intensity contribution 
should be based on pixel’s variance 

Uniform variance: 

 

Non-uniform variance: 

Gp(x, y) =
1

2⇡�2
e�

d((0,0),(x,y))2

2�2

<latexit sha1_base64="ktSQL32fG0WAX17F5FpJrUw+cxQ="></latexit>

d(p, p0)2 =
max(0, (I(p)� I(p0))2 � 2�̄2)

✏+ k22�̄
<latexit sha1_base64="D57juF4IE5BmlikkiZjKE4fmZmU="></latexit>

d(p, p0)2 =
max(0, (I(p)� I(p0))2 � (Var[p] + min(Var[p],Var[p0]))

✏+ k2(Var[p] + Var[p0])
<latexit sha1_base64="hkbMFwwiNRt5y/vcloYSksavzb8="></latexit>
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Direct Illumination Sample Variance
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Indirect Illumination Sample Variance
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Filtered Direct Variance
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Filtered Indirect Variance
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Revised Pipeline

Noisy 
direct

Denoising

Denoised 
direct

/

*

/

*

+

Noisy 
indirect

Denoised 
indirect

Denoising

Albedo
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Multi-Level Filtering: À-Trous

Want wide filter kernels to eliminate noise 

! Recall Gaussian 19x19 was still blotchy 

Wide kernels are expensive… 

Multi-scale filtering:

[Dammertz et al. 2010]
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Direct Lighting
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Direct Lighting / Albedo
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One Iteration
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Two Iterations
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Three Iterations
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Filtered Direct Lighting
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Indirect Lighting (64 samples)
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Indirect Lighting / Albedo
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Filtered Indirect Lighting / Albedo
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Filtered Indirect Lighting
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64 samples per pixel, MSE = 0.005212
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64 denoised samples, MSE = 0.000327
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Reference (4096 samples)
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Close-ups

64 samples 4096 samples 64 samples, denoised
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Temporal Filtering

Spatiotemporal Variance-Guided Filtering [Schied et al. 2017]
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Summary

Estimate variance, then blur it 

! Using which filter? Blur how much? 

Choose additional features for joint filter 

!Which ones? Measure distance how? 
How much weight does each one get?  

Blur illumination using joint filter 

!Which filter? Blur how much? 

Multiply filtered illumination by albedo 
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Learning Filter Parameters

3-layer fully connected MLP 

Computes per-pixel filter parameters

[Kalantari et al. 2015]
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Deep Denoising (NVIDIA)

Interactive Reconstruction of Monte Carlo Image Sequences using a 
Recurrent Denoising Autoencoder

Features: illumination, normals, depth, roughness 

3.2M trainable parameters 

http://research.nvidia.com/sites/default/files/publications/dnn_denoise_author.pdf
http://research.nvidia.com/sites/default/files/publications/dnn_denoise_author.pdf
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Deep Denoising (Pixar/Disney)

Kernel-Predicting Convolutional Networks for  
Denoising Monte Carlo Renderings

Deep CNN, 8 layers, 100 5x5 kernels 

Features: illumination, normals, depth, and their 
variances

https://www.disneyresearch.com/publication/deep-learning-denoising/
https://www.disneyresearch.com/publication/deep-learning-denoising/


Stanford cs348b, Spring 2022 Lecture 17

Kernel Prediction

Network generates a stencil of 21x21 filter weights 
at each pixel 

!Normalized to sum to one (~softmax) 

!Weights are then applied to the noisy image 

Advantages: 

! Result always in convex hull of input 

! Better scale invariance (HDR) 

! 5-6x faster convergence than direct 
reconstruction
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Results
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64 samples per pixel, MSE 0.03366
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64 spp, CNN-denoised: MSE 0.005048



Stanford cs348b, Spring 2022 Lecture 17

Reference (16,384 samples)
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Zoom-ins: CNN denoising

64 samples 16,384 samples64 samples, denoised
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Zoom-ins: CNN denoising

16 samples 16,384 samples16 samples, denoised
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Denoising Samples, Not Pixels

Munkberg and Hasselgren. 2020. 
Neural Denoising with Layer Embeddings.
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