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Diversity in conditional image generation

Prompt: “Sunset scene with mountain”

Stanford University trangn@stanford.edu *



mailto:trangn@stanford.edu

Diversity in conditional image generation

Prompt: “Sunset scene with mountain” *SD: Stable Diffusion

SD 3.5

D21 ?
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Diversity in conditional image generation

Prompt: “Sunset scene with mountain” *SD: Stable Diffusion
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Diversity in conditional image generation

A very detailed prompt still offers many variations in objects, layout, lighting, ...!

Prompt: “A captivating sunset scene with mountains in spring
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Diversity in conditional image generation

Prompt: “Sunset scene with mountain”

1. Input prompt contains uncertainty that lead to
multiple plausible output images!
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Diversity in conditional image generation

Prompt: “Sunset scene with mountain” *SD: Stable Diffusion

...how about this?
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Diversity in conditional image generation

Prompt: “Sunset scene with mountain”

1. Input prompt contains uncertainty that lead to
multiple plausible output images!

2. Uncertainty extends beyond object and layout choices to include
commonsense and domain-specific knowledge understanding.
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Diversity in conditional image generation

Generation Mode

‘ Fast ‘

Image Dimensions
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Repeat the generation process multiple times
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Rainbow

“Sunset scene
with mountain”

:

}

RED NI

Diverse
output images

Rainbow generates diverse images at once, collectively reflect the input prompt.
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Rainbow

“Sunset scene
with mountain”
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condition representations

Rainbow decomposes the original condition into diverse representations.
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Rainbow

Generating diverse output images
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Diverse condition representations generate diverse output images.
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Rainbow

Generating diverse output images
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Diverse condition representations generate diverse output images.
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We formulate
the commonsense knowledge
using a latent graph
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R nb OW R . b l Some given context
ainbow employs
GFlowNets to sample /‘*\ |
multiple sub-graphs & 2 ? \2 5 :
that collectively W

a Qg represent a common
context!
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We formulate
the commonsense knowledge
using a latent graph

Reward-Maximization Reward-Matching
(Converge to a single mode) (Cover Multiple Modes)

GFlowNets algorithm

*GFlowNets: Generative Flow Networks
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Rainbow

Discovering diverse condition representations
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Input condition — Diverse subgraphs — Diverse condition representations
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Rainbow

Discovering diverse condition representations » Generating diverse output images
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Input condition — Rainbow — Diffusion model — Diverse output images
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Qualitative results - Diverse image generation

Rainbow generates diverse layouts, captures multiple seasons!

"Sunset scene with mountain" "Sunset scene with mountain in a specific season"

SD3.5 [62]

SD2-1 [62]
CADS[67]
PAG [84]

Rainbow (Ours)

Stanford University 18
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Qualitative results - Diverse image generation

...even in prompt that does not mention the “season” cue!

"A forest with animals"

Ra nbow
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Qualitative results - Diverse image generation

Rainbow can capture the vary ventricle size in MRIs of people in 60s!

(a) Actual samples from dataset (b) Generations by Ra nbow (c) Generations by baseline LDM

Figure 5: Comparison of MRI image generations for 65-year-old male individual. Compared to
actual samples from males aged 63-65, Rainbow captures greater diversity in details like ventricle
sizes, while the baseline LDM generates images with less variation.
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Qualitative results - Diverse image generation

Rainbow can generate diverse support devices!

(a) Generations by RadEdit (b) Generatlons by SD1.5 (c) Generatlons by Rainbow

Figure 6: Comparison of chest X-ray image generations for the prompt Chest X-ray with support
devices. Ranbow is able to provide high-quality images while generating a more diverse set of
medical devices compared to the baselines - (a) and (b).
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Quantitative Results - Diversity vs Quality

Rainbow generate diverse high-quality images!
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(a) Quantitative comparison on Natural Images
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(b) Quantitative comparison on Chest X-rays

Figure 4: Quantitative analysis on diversity and image quality of SD-based Ra nbow. Ra nbow
consistently outperforms SD baselines in diversity with higher Vendi Score (VS) across domains and
image quality with higher Inception Score (IS) in natural images and FID~! in chest X-rays.
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Chest X-ray with no significant findings Chest X-ray showing support devices|
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Latent graph interpretation

Chest X-ray showing atelectasis
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Chest X-ray showing pneumonia
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Set of edges can be interpret to meaningful features!
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Latent graph interpretation

Generations with added “support devices” edges introduce devices!
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Latent graph interpretation

Generations with added season edges introduce clear seasonal features!

S e T

Base prompt + Winter edges
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Thank You

Contact:
Ehsan Adeli ( )
Bailey Trang ( )
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