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Motivation & Research Question

Experimental Results

Training. Multiscale with small receptive field CNN with Diffusion objective.

How can we sample a collection of images, jointly 
and consistently, from a single-image prior? 
Concrete example include infinitely zoom-in as a 
sequence of images.

[1] Shahams et al., SinGAN, ICCV, 2019
[2] Kulikov et al., SinDDM, ICML, 2023
[3] Bar-Tal et al., MultiDiffusion, ICML, 2023
[4] Wang et al., Generative Powers of Ten, CVPR, 2024
[5] Geng et al., Factorized Diffusion, ECCV, 2024

References

<latexit sha1_base64="ISa9q4ghAlTwXh42YDCM++CHObs=">AAACDnicbVDLSgNBEOz1GeMrGm9eBoPgKeyKRC9KwIvHCOYBSQizk0kyZHZ2mekVw5J/8A+86g94E6/+gnc/xMkmB5NY0FBUddNF+ZEUBl3321lZXVvf2MxsZbd3dvf2cweHNRPGmvEqC2WoGz41XArFqyhQ8kakOQ18yev+8Hbi1x+5NiJUDziKeDugfSV6glG0UieXbyF/wgQ1FYqMiSHXxOvkCm7RTUGWiTcjhfIRpKh0cj+tbsjigCtkkhrT9NwI2wnVKJjk42wrNjyibEj7vGmpogE37SQNPyanVumSXqjtKCSp+vcioYExo8C3mwHFgVn0JuJ/XjPG3lU7ESqKkSs2fdSLJcGQTJogXaE5QzmyhDItbFbCBlRThravuS8obOCxrcVbLGGZ1M6LXqlYur8olG+m/UAGjuEEzsCDSyjDHVSgCgxG8AKv8OY8O+/Oh/M5XV1xZjd5mIPz9QtNJJxX</latexit>

train s = 1

<latexit sha1_base64="IIyVTz6Hk9KVQXiYLsbbQTTHvEg=">AAACDnicbVDLSgNBEOyNrxhf0XjzMhgET2E3SPSiBLx4jGAekIQwO5kkQ2Znl5leMSz5B//Aq/6AN/HqL3j3Q5w8DiaxoKGo6qaL8iMpDLrut5NaW9/Y3EpvZ3Z29/YPsodHNRPGmvEqC2WoGz41XArFqyhQ8kakOQ18yev+8Hbi1x+5NiJUDziKeDugfSV6glG0UiebayF/wgQ1FYqMiSHXpNjJ5t2COwVZJd6c5MvHMEWlk/1pdUMWB1whk9SYpudG2E6oRsEkH2daseERZUPa501LFQ24aSfT8GNyZpUu6YXajkIyVf9eJDQwZhT4djOgODDL3kT8z2vG2LtqJ0JFMXLFZo96sSQYkkkTpCs0ZyhHllCmhc1K2IBqytD2tfAFhQ08trV4yyWsklqx4JUKpfuLfPlm1g+k4QRO4Rw8uIQy3EEFqsBgBC/wCm/Os/PufDifs9WUM7/JwQKcr19OupxY</latexit>

train s = 2

<latexit sha1_base64="ABa/TQZfxpZQbk6q0PMEi1BpqBk=">AAACDnicbVDLSgNBEOyNrxhf0XjzMhgET2FXJXpRAl48RjAPSEKYnUySIbOzy0yvGJb8g3/gVX/Am3j1F7z7IU4eB5NY0FBUddNF+ZEUBl3320mtrK6tb6Q3M1vbO7t72f2DqgljzXiFhTLUdZ8aLoXiFRQoeT3SnAa+5DV/cDv2a49cGxGqBxxGvBXQnhJdwShaqZ3NNZE/YYKaCkVGxJBrct7O5t2COwFZJt6M5EuHMEG5nf1pdkIWB1whk9SYhudG2EqoRsEkH2WaseERZQPa4w1LFQ24aSWT8CNyYpUO6YbajkIyUf9eJDQwZhj4djOg2DeL3lj8z2vE2L1qJUJFMXLFpo+6sSQYknETpCM0ZyiHllCmhc1KWJ9qytD2NfcFhQ08srV4iyUsk+pZwSsWivcX+dLNtB9IwxEcwyl4cAkluIMyVIDBEF7gFd6cZ+fd+XA+p6spZ3aTgzk4X79QUJxZ</latexit>

train s = 3
<latexit sha1_base64="kpdD7UGuWVMImq3PKvZdGN6Vwp0=">AAACDnicbVDLSgNBEOyNrxhf0XjzMhgET2FXQvSiBLx4jGAekIQwO5kkQ2Znl5leMSz5B//Aq/6AN/HqL3j3Q5w8DiaxoKGo6qaL8iMpDLrut5NaW9/Y3EpvZ3Z29/YPsodHNRPGmvEqC2WoGz41XArFqyhQ8kakOQ18yev+8Hbi1x+5NiJUDziKeDugfSV6glG0UiebayF/wgQ1FYqMiSHXpNjJ5t2COwVZJd6c5MvHMEWlk/1pdUMWB1whk9SYpudG2E6oRsEkH2daseERZUPa501LFQ24aSfT8GNyZpUu6YXajkIyVf9eJDQwZhT4djOgODDL3kT8z2vG2LtqJ0JFMXLFZo96sSQYkkkTpCs0ZyhHllCmhc1K2IBqytD2tfAFhQ08trV4yyWsktpFwSsVSvfFfPlm1g+k4QRO4Rw8uIQy3EEFqsBgBC/wCm/Os/PufDifs9WUM7/JwQKcr19R5pxa</latexit>

train s = 4
<latexit sha1_base64="wXdqJvaRSGwIGoRaE2SsbNMV1/E=">AAACD3icbVDLSgNBEOz1GeMram5eBoPgKeyKqBcl4MVjBPOAJITZSccMmX0w0yvGJR/hH3jVH/AmXv0E736Ik8fBGAsaiqpuuig/VtKQ6345C4tLyyurmbXs+sbm1nZuZ7dqokQLrIhIRbruc4NKhlghSQrrsUYe+Aprfv9q5NfuURsZhbc0iLEV8LtQdqXgZKV2Lt8kfKDU8CBWyIbMsAt20s4V3KI7Bpsn3pQUSnkYo9zOfTc7kUgCDEkobkzDc2NqpVyTFAqH2WZiMOaiz++wYWnIAzStdJx+yA6t0mHdSNsJiY3V3xcpD4wZBL7dDDj1zF9vJP7nNRLqnrdSGcYJYSgmj7qJYhSxURWsIzUKUgNLuNDSZmWixzUXZAub+ULSBh7aWry/JcyT6nHROy2e3pwUSpeTfiAD+3AAR+DBGZTgGspQAQGP8Awv8Oo8OW/Ou/MxWV1wpjd7MAPn8wcdh5zI</latexit>

sample s = 4

<latexit sha1_base64="Gdn7Gh5Oke62YcDpNATZV894wPg=">AAACD3icbVDLSgNBEOz1/TZqbl4Gg+Ap7KpEL0rAi0cFo0ISwuyk1wyZfTDTK8ZlP8I/8Ko/4E28+gne/RAnj4MmFjQUVd10UX6ipCHX/XKmpmdm5+YXFpeWV1bX1gsbm9cmTrXAmohVrG99blDJCGskSeFtopGHvsIbv3vW92/uURsZR1fUS7AZ8rtIBlJwslKrUGwQPlBmeJgoZDkz7IQdtAolt+wOwCaJNyKlahEGuGgVvhvtWKQhRiQUN6buuQk1M65JCoX5UiM1mHDR5XdYtzTiIZpmNkifs12rtFkQazsRsYH6+yLjoTG90LebIaeOGff64n9ePaXguJnJKEkJIzF8FKSKUcz6VbC21ChI9SzhQkublYkO11yQLezPF5I2cG5r8cZLmCTX+2WvUq5cHpaqp8N+YAG2YQf2wIMjqMI5XEANBDzCM7zAq/PkvDnvzsdwdcoZ3WzBHzifPxvxnMc=</latexit>

sample s = 3

<latexit sha1_base64="3F7T7+V5WcpM3xHzC2rj0MukJsU=">AAACD3icbVDLSgNBEOz1GeMram5eBoPgKewGiV6UgBePCiYKSQizk04yZPbBTK8Yl3yEf+BVf8CbePUTvPshThIPJrGgoajqpovyYyUNue6Xs7C4tLyymlnLrm9sbm3ndnZrJkq0wKqIVKTvfG5QyRCrJEnhXayRB77CW79/MfJv71EbGYU3NIixGfBuKDtScLJSK5dvED5QangQK2RDZtgZK7VyBbfojsHmifdLCpU8jHHVyn032pFIAgxJKG5M3XNjaqZckxQKh9lGYjDmos+7WLc05AGaZjpOP2SHVmmzTqTthMTG6t+LlAfGDALfbgacembWG4n/efWEOqfNVIZxQhiKyaNOohhFbFQFa0uNgtTAEi60tFmZ6HHNBdnCpr6QtIGHthZvtoR5UisVvXKxfH1cqJxP+oEM7MMBHIEHJ1CBS7iCKgh4hGd4gVfnyXlz3p2PyeqC83uzB1NwPn8AGlucxg==</latexit>

sample s = 2

<latexit sha1_base64="YaxKY2MUPhGaLJvjBI+Mfo+zcD8=">AAACD3icbVDLSgNBEOyN7/f6uHkZDIKnsCuiXpSAF48KJhGSJcxOOjpk9sFMrxiXfIR/4FV/wJt49RO8+yFOHgeTWNBQVHXTRYWpkoY879spzMzOzS8sLi2vrK6tb7ibW1WTZFpgRSQq0bchN6hkjBWSpPA21cijUGEt7Fz0/doDaiOT+Ia6KQYRv4tlWwpOVmq6Ow3CR8oNj1KFrMcMO2N+0y16JW8ANk38ESmWd2CAq6b702glIoswJqG4MXXfSynIuSYpFPaWG5nBlIsOv8O6pTGP0AT5IH2P7VulxdqJthMTG6h/L3IeGdONQrsZcbo3k15f/M+rZ9Q+DXIZpxlhLIaP2plilLB+FawlNQpSXUu40NJmZeKeay7IFjb2haQN3LO1+JMlTJPqYck/Lh1fHxXL58N+YBF2YQ8OwIcTKMMlXEEFBDzBC7zCm/PsvDsfzudwteCMbrZhDM7XLxjFnMU=</latexit>

sample s = 1

<latexit sha1_base64="VW1izdUcdLOR2eFnASZw3Lsa64w=">AAACHHicbVDJSgNBEK1xjXGLy81LYxAUQphRiR6DXjxGMAtkQujp9JjGnoXuGjEM+RAv/ooXD4p48SD4N/YkOcRoQdOP96qoV8+LpdBo29/W3PzC4tJybiW/ura+sVnY2m7oKFGM11kkI9XyqOZShLyOAiVvxYrTwJO86d1dZnrznistovAGBzHvBPQ2FL5gFA3VLZy4AcW+56cPw27qepHs6UFgPuJinyMdHk7pWCK6RPCoWyjaZXtU5C9wJqBY3YVR1bqFT7cXsSTgITJJtW47doydlCoUTPJh3k00jym7o7e8bWBIA6476ei4ITkwTI/4kTIvRDJipydSGujMs+nMrOpZLSP/09oJ+uedVIRxgjxk40V+IglGJEuK9ITiDOXAAMqUMF4J61NFGZo88yYEZ/bkv6BxXHYq5cr1abF6MU4DcrAH+3AIDpxBFa6gBnVg8AjP8Apv1pP1Yr1bH+PWOWsyswO/yvr6AR5koqM=</latexit>

x✓(xt, s, t)

<latexit sha1_base64="8fkhD4/fGO9z9RJApn57yIdcCOE=">AAACBHicbVDLSsNAFL3xWeurPnZugkVwVRKR6koKblxWsA9oQ5lMJ+3QySTM3IgldOsfuNUfcCdu/Q/3foiTtAvbemDgcM693DPHjwXX6Djf1srq2vrGZmGruL2zu7dfOjhs6ihRlDVoJCLV9olmgkvWQI6CtWPFSOgL1vJHt5nfemRK80g+4DhmXkgGkgecEjRSp4vsCVOzICa9UtmpODnsZeLOSLl2DDnqvdJPtx/RJGQSqSBad1wnRi8lCjkVbFLsJprFhI7IgHUMlSRk2kvzyBP7zCh9O4iUeRLtXP27kZJQ63Hom8mQ4FAvepn4n9dJMLj2Ui7jBJmk00NBImyM7Oz/dp8rRlGMDSFUcZPVpkOiCEXT0twV5CZwVou7WMIyaV5U3Gqlen9Zrt1M+4ECnMApnIMLV1CDO6hDAyhE8AKv8GY9W+/Wh/U5HV2xZjtHMAfr6xeLcJn7</latexit>

real
<latexit sha1_base64="wTRHSlCSoxP5fJ3KMumL66XcUPI=">AAACB3icbVDLSgNBEOyNrxhf8XHzshgET2FXJHqSgBePEcwDkhhmJ51kyOyDmV4xLPkA/8Cr/oA38epnePdDnE1yMIkFDUVVN12UF0mhyXG+rczK6tr6RnYzt7W9s7uX3z+o6TBWHKs8lKFqeEyjFAFWSZDERqSQ+Z7Euje8Sf36IyotwuCeRhG2fdYPRE9wRkZ6aBE+UaKZH0nsjjv5glN0JrCXiTsjhfIRTFDp5H9a3ZDHPgbEJdO66ToRtROmSHCJ41wr1hgxPmR9bBoaMB91O5mkHtunRunavVCZCcieqH8vEuZrPfI9s+kzGuhFLxX/85ox9a7aiQiimDDg00e9WNoU2mkFdlco5CRHhjCuhMlq8wFTjJMpau4LCRM4rcVdLGGZ1M6LbqlYursolK+n/UAWjuEEzsCFSyjDLVSgChwUvMArvFnP1rv1YX1OVzPW7OYQ5mB9/QII2ptb</latexit>

sampled

<latexit sha1_base64="vmg7oOUcQboGo2MbiWV3f9SR5UQ="></latexit>

Scale-conditioned
diffusion denoiser

@ patch level

zoom 0 zoom 1 zoom 2 zoom 3

scale 0

scale 1

scale 2

Laplacian Decomp. Laplacian Recomp. Laplacian Recon.{x̂t,s}s

Random samples from a single imageSingle training image

Consistent Content Sampling from Internet-
scale Diffusion Prior. 
o MultiDiffusion [3], average the score prediction 

for spatial consistency
o Generative Power of Ten [4], Factorized 

Diffusion [5] both applying consistency over 
scales space.

Single Image Unconditional Synthesis. 
SinGAN [1], SinDDM[2], difficult to extend 
conditional SR for task like infinitely zoom-in

Single Image Unconditional Sampling. Iteratively done “laplacian recomposition”.

Zoom-in. Iteratively score averaging on the diagonals of the “zoom-scale” matrix

o Diffusion for its easiness applying consistency
o A new training-sampling scheme without 

conditional SR, possibilities for more tasks
o Each task is just a sampling algorithm

Zoom-in. Lack frequency details, partially due to sub-optimality in single image 
unconditional sampling, additionally many aspects of the algorithm could be improved,

Single Image Unconditional Sample. Some fine results, not yet as good as
conditional SR baselines. Could be (1) distribution shift, (2) Training, e.g., NN is not 
exactly doing overlapping patch samples, (3) Calibration in pyramid building, (4) 
inference time sampling sub-optimal
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We study this for single image diffusion prior.


