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» Existing text-to-image models can encounter challenges in effectively suppressing the generation

of the negative target (e.g., “glasses” in “A man without glasses”)
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Additional failure cases

We aim to manipulate the text embeddings and remove unwanted content. We find that [EOT]
embeddings also contain content information
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» (a) The [EOT] embeddlngs contain significant information about the input prompt

» (b) The [EOT] embeddings have the low-rank property, and contain redundant semantic information

» (c) The various [EOT] embeddings are highly correlated
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(a) Zeroing out “glasses” and [EOT] embeddings. (b) Performing low-rank technique. (c) Distance matrix between all text embeddings.
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Analysis
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> (a) The [EOT] embeddmgs contain significant information about the input prompt
> (b) The [EOT] embeddings have the low-rank property, and contain redundant semantic information
» (c) The various [EOT] embeddlngs are highly correlated
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(a) Zeroing out “glasses” and [EOT] embeddings. (b) Performing low-rank technique. (c) Distance matrix between all text embeddings.
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» (a) The [EOT] embeddlngs contain significant information about the input prompt
» (b) The [EOT] embeddings have the low-rank property, and contain redundant semantic information
» (c) The various [EOT] embeddings are highly correlated
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(a) Zeroing out “glasses” and [EOT] embeddings. (b) Performing low-rank technique. (c) Distance matrix between all text embeddings.
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(a) Zeroing out “glasses” and [EOT] embeddings. (b) Performing low-rank technique. (c) Distance matrix between all text embeddings.
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(a) Zeroing out “glasses” and [EOT] embeddings. (b) Performing low-rank technique. (c) Distance matrix between all text embeddings.
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Method (SWR)

We introduce soft-weighted regularization (SWR) and inference-time text embedding optimization (ITO)
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WNNM: Weighted nuclear norm minimization with application to image denoising 8
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» SWR regularizes the text embedding matrix and effectively suppresses the undesired content
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We introduce soft-weighted regularization (SWR) and inference-time text embedding optimization (ITO)

» SWR regularizes the text embedding matrix and effectively suppresses the undesired content
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We introduce soft-weighted regularization (SWR) and inference-time text embedding optimization (ITO)

» SWR regularizes the text embedding matrix and effectively suppresses the undesired content
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We introduce soft-weighted regularization (SWR) and inference-time text embedding optimization (ITO)

» SWR regularizes the text embedding matrix and effectively suppresses the undesired content
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Method (ITO)

We introduce soft-weighted regularization (SWR) and inference-time text embedding optimization (ITO)
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Results Real image (Left) and generated image (Middle and Right) suppression results
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We have the best performance (the last row), without further finetuning the model
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Results

Real image

The-eteek on the building

.

Table 2: Quantitative comparison on the GQA-
Inpaint dataset for real image negative target sup-
pression task.

Paired CLIp CLIP
Methods | data | FIDL | Acct | Acc (top5) 1
X-Decoder v 686 | 699 46.5
Inst-Inpaint v 550 | 805 60.4
- Ours | X 13.87 | 928 | 83.3

TGT In-npint
We achieve superior suppression results and higher CLIP Accuracy scores on the GQA-Inpaint dataset

Table 1: Comparison with baselines. The best results are in bold, and the second best results are underlined.

Real-image editing Generated-image editing

Random negative target Randoem negative target Negative target: Car fo;t:;ﬁct: Nq\;;:v(ci:;rsc(:

Chipscore) IFIDT DclScom,IClipscm:i IFID? DctScorcl,|ClipsmrcL IFID? DetScore |(.‘lipscort,l 1IFID? |Clips¢'onc1 IFID1

Method

Real image or SD (Generated image) 07986 0 03381 | 08225 0 04509 | 08654 0 06643 | 07414 0 | 08770 0

Negative prompt 07983 1758 02402 | 07619 1690 01408 | 08458 15017 05130 | 07437 2339 08039 2421
P2P (Henz et al,, 2022) 07666 9253 01758 | OS1I8 1033 0.3391 08638 21.7 06343 | 0.7470 863 | 0.8849 1397
ESD (Gundikotu et ul., 2023) - - - - - - 07986 165.7 02223 | 0.6954 256.5| 0.7292 2675
Concept-ablation (Kuman et al,, 2023) - - - - - - 0.7642 1793 00935 | 07411 210.4( 0.82%) 2199
Forget-Me-Not (Zhang et al,, 2023) « - - - - - 08701 1587 05867 | (.7495 2279| 08391 2035
Inst-Inpaint (Yildirim et al., 2023) 0.7327 1355 01125 | 07602 1504 01744 | 08009 1269 0.2361 - - - -

SEGA (Bruck et al., 2023) - - - (.7960 1722 03005 | 08001 1688 04767 | 0.7678 2099| 08730 175.0
Ours 0.6857 1663 0.0384 | 0.6647 1764 0.1321 | 0.7426 2068 00419 | 07402 217.7| 0.6448 3075

For real-image suppression, we achieve the best score in both Clipscore and DetScore
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Additional results (Cracks removal results)

Real image

Ours
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Additional results (Rain removal for synthetic & real-world rainy image)

A +airy- image of A-+ainy image of A rainy-image of A raipy-image of A fainy image of A raiay image of
a tiger in the forest  a village street with boats in a river trees in the forest a tree a road and trees
flowers and a house with buildings -
o ’ 'Y /o @
o R ,.ll-" ¥ %
©
£ ¢ == £
L = g -
gz ® C
ET EE
— o ©
83 §%
g 3
< ©
B g
5 5
o o

22



Additional results (Generating subjects for generated image)

A lion with glasses A cat and a frog

A playful kitten chasing a butterfly
in a wildflower meadow
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Additional results (Generating subjects for generated image)
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Additional results (Adding subjects for real image)

A man A man A man with earrings A woman wearing A woman wearing A woman wearing
i earrings earrings with glasses earrings with mask

A tree in a green field A tree |n a green field A tree |n a green field A car near trees A car near trees A car near trees

Real image Real image
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Additional results (Replacing subject in the real image with another)

Girl holding teethb+ush pen #ver road between mountains three white dimasu sushi on brown bowl

Real image Real image Real image
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Code: https://github.com/sen-mao/SuppresseOQOT
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