Introduction Baseline: The Chosen One? Results

This project explores novel methods for generating “A photo of a 50 years old man with curly hair...”
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temporally consistent image generation.

Our goal: Develop approaches that enhance storyline
fidelity while ensuring visual consistency in character
representation.

Method 1: Dynamic Base Prompt-to-Prompt

Sequential image

generation conditioned &
Evaluation i i a
on IOFIOOF frames, with P,P,...P —NESEM— P2P,P2P,...P2P. — UCICI— |, ...] T e =
storyllne prompts \ K S R
P2P style prompts Images wah I . ™
Metrics: formatted for Vethod 2
- Human Surve CLIP Model .
i consistency. €tho
Text-Image
H . > 1 =
Allgnmentt How well 5 Ita;‘t:r::;er:\':m Directional
generated images S 2 . CLIP similarity
match input prompts. £ 2 acrose these s | (oPenailclip-vit : : cep s
- 08 images” Inrgespateliid) Method 2: Prior-Caption Diffusion
Character
Consistency: Stability o “Rate how | o
of character features £ % a°°‘:;?;§';’ the (ogé',:ziiﬁ:i;r.sit- teratlve. |mag.e
across frames. E B | ieprezenisthe | basehswhie) generation guided by Caption CLIP Score Metric Human Survey
< ” .
P prompt Ca ptlons extra Cted P a LDM I E D C 0.85 4 Prior—Late‘nt Diffusion 5 1 Bazeline
EvaluatiOn MEthOdS: from prior images k ; k k _ 0807 Bas.eline >4_Prior-Latva.rthiﬁusion
o : . Prompt Image
CLIP Models: Compute quantitative values using a vision P C g M -
(Text-2-Image and Image-2-Image CLIP scores?). ca ptioning3 + -1 . Y g I
Image2Caption R ) 5
Ianguage mOdeI = Prompt-to-Prompt Prompt-to-Prompt
Human Surveys: Gather subjective ratings for pipeline. 3
perceptual quality. 24150 24175 25.'00 25.12|5)rorii.lt5§imi2|:;i7t3 26?00 26.125 26:50 2j0 215 3.'0Prompt3s.:fi3m“arity4.10 4.'5 5.'0
User Input to Story Prompts Method 3: Prior-Latent Diffusion References
0 1. Radford, Alec, et al. "Learning transferable visual models from natural
P e LDM | language supervision."
a Leverages ControlNet? to condition > X t I X 2. Avrahami, Y.; Zada, D.; Fried, O.; Aberman, K. The Chosen One: Consistent
. . romp mage Characters in Text-to-Image Diffusion Models. IEEE Trans. Pattern Anal.
U > N (LM p P > SUbS.equent generatlo.ns dlreCtly on lLGtentSI Mach. Intell. 2024, 46, 1234-1246.
ser Prompt — — P P,...P ---
P 12 n DFEVIOUSW generated IMages and the 3. Li,Junnan, et al. "Blip: Bootstrapping language-image pre-training for
Story prompts current story prompt. unified vision-language understanding and generation." International
ControlNet conference on machine learning. PMLR, 2022.
Ik_l 4. Zhang, Lvmin, Anyi Rao, and Maneesh Agrawala. "Adding conditional
control to text-to-image diffusion models."




