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Blemished Subject-driven image generation
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Contribution

»>  Novel challenge: The first work to tackle the problem of blemished
subject-driven generation.

»  Proposed method: Introduce ArtiFade, which fine-tunes diffusion
models to align unblemished and blemished data.

> Benchmark: Establish a new benchmark for evaluating blemished
subject-driven generation.

»  Generalizability: Demonstrate strong generalizability, effective on
both in-distribution and out-of-distribution artifacts.
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2. Fine-tuning Step

Training dataset C Reconstruction Loss
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3. Inference Step

11



DciEicn) JNVEHEIN) > Experiments > > Appications

Experiments



| Motivaton > >  Method > Experiments > > Applications >

ArtiFade with Textual Inversion - Quantitative

1

I¢LP:= CLIP similarities between the generated images and the corresponding
unblemished subsets

IPINO .= DINO similarities between the generated images and the corresponding
unblemished subsets

TCLP.:= CLIP similarity between the generated images and the text prompt

CLIP — yCLIP CLIP
RCUP = [CLIP / [C

DINO = yDINO DINO
RPINO = [PINO / I8
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ArtiFade with Textual Inversion - Quantitative

In-distribution

Out-of-distribution

Method

WM-model on WM-ID-test
IDINOT RDINOT ICLIPT RCLIPT TCLIPT

TI (blemished)
Ours

0.217 0.852  0.576  0.909 0.263
0.337 1.300 0.649 1.020 0.282

Method

WM-model on WM-00D-test
IDINOT RDINOT ICLIPT RCLIPT TCLIPT

TI (blemished)
Ours

0.229 0.858  0.575  0.929 0.262
0.356 1.237 0.654 1.079 0.282
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ArtiFade with Textual Inversion - Qualitative (In-distribution)
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ArtiFade with Textual Inversion - Qualitative (Out-of-distribution)
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ArtiFade with DreamBooth - Quantitative

In-distribution

Applications

>

Method WM—-ID-test

IDINOT RDINGT ICLIPT RCLIPT TCLIPT
TT (blemished) 0.217 0.852 0.576 0.909 0.263
DB (blemished) 0503 0.874 0.738 0.939 0.272
Ouwurs (TI-based) 0.337 1.300 0.649 1.020 0.282
Ours (DB-based) 0.589 1.308 0.795 1.083 0.284
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ArtiFade with DreamBooth - Qualitative (In-distribution)
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ArtiFade with DreamBooth - Qualitative (Invisible artifacts)
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Ablation Study

Applications >

Meth0d|W'“’ W (@) | [PINO RDINO  [CLIP pCLIP pCLIP
Var, v 10.154 1412 0.566 0.984 0.265
Varg v v 0283 1.230 0.617 0978 0.277
Varc v 0.342 1.292 0.652 1.019 0.280
Ours v v' 10.337 1.300 0.649 1.020 0.282
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Applications

- stickers removal
& glass effect removal
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Input sample Ours Textual Inversion

22




istiion) Svetca) JNNehed)> >  Applications >

Input sample Ours Textual Inversion
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Thank you!
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