ViPaint: Image Inpalntlng with Pre-Trained Diffusion Models via Variational Inference

Sakshi Agarwal, Gabriel Hope, Jimin Heo, Erik B. Sudderth Results * Latent Diffusion Prior

Accenture, Swarthmore College, Univ. California Irvine, Univ. California Irvine True Masked VIPaint ReSample

Goal: Leverage
diffusion models for
realistic iImage

« ReSample gives

Key takeaway: Hierarchical Latent Posterior plurry, inconsistent

inpainting. outputs
Instead of optimizing a single image or fine-tuning the prior diffusion model over . VIPaint better
Challenges for the a dataset, we infer a Markov posterior over latent variables for each observation. preserves global @ |
] structure, gives g
state-of-the-art: realistic images. O |
e e e c
 unstable / unreliable Optimization: Loss = Reconstruction loss Hierarchical loss ImageNet,LSUN é”
S o5S— ———————

[ worst
[1 average

0.40 - [ best
0.35 -
. - - . VIPaint worst: 0.297
0.30
VIPaint average: 0.235
st [0 I WL O] e 9

0.20 - I

IS 1 1 I Y Y
Blended RePaint DPS REDDiff CoPaint VIPaint

Here, LPIPs is estimated as the mean score of 1000 inpaintings with respect to the true image, averaged across the test set.
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Image Inpainting by applying VIPaint to pre-trained Stable
Diffusion 3.5, versus a baseline model retrained via ControlNet.
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@ Forward: Add noise  Reverse: Denoise to reconstruct image
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VIPalnt captures multi-modal posteriors
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Optimize VLB : L(0,1)(20) = 5 Ecn(0,1),t~ut(1,7) [Hf — €g(2t, t)\@] , €y = denoiser

Inference : Given partial observation y = x G) m, we want to recover true x

po(z | y) = /pe(ZT | y)pe(z | 20,Y) Hpe (2¢-1 | 2¢,y) dz.

t=1 Inpainting 1 Inpainting 2 Expected reconstruction by time

5 Sample completions of VIPaint for a test images. We see that VIPaint yields coherent samples while capturing uncertainty in the missing pixels.
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» Existing variational approach (REDdiff [Mardani ICLR23]) optimizes a single image (the mean of a low-

variance Gaussian) that reconstructs y while simgltaneou§!y h.aving high probability underlthe.prio.r. | Res U Its . Pixe I_ b g Sed D iﬁus iO n Prio r

*ControlNet [Zhang ICCV2023] fine-tunes DMs with conditioning (e.g. masks/edges) to guide inpainting.
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VIPaint: B T o S . .
Posterior : q/l(x 7 ‘ y) — p(g(x ‘ ZT) H q/I(ZS(l) ‘ ZS(l 1)) q/l(ZT )’ E’ VIPaint diversity for ImageNet256 with LDM prior using different class conditioning. VIPaint follows the input label and ensures consistency.
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Optimize VLB : .L(/l) | | } Conclusion : viraint provides stable and diverse inpaintings (and generalizes
Reconstruction + o Hierarchical + S to other inverse problems, see paper) by modeling a hierarchical latent posterior.
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