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Final state prompt Pg;: two pieces of fish on a wooden cutting board

> Preservation of parts of the scene unrelated to the
transformation (i.e., background and other objects)
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> |ntroduction of new objects consistent with the
transformation (e.g., a knife and hands for cutting)
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Action prompt: an electric mixer is being used to make whipped cream Action prompt: a person is wrapping a tortilla on a plate
Final state prompt: whipped cream in a bowl Final state prompt: a plate with two burritos on it

Input 1mage Z Action target Z_ . Final state target Z,

Action prompt P,.: a person slicing an apple on a cutting board
Final state prompt Ps;: sliced apples on a cutting board next to a fork

> gction and state
generation
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& smoothie in a blender & smoothie in a glass ... with basil leaf on top

Input peeled & on choppmg board Q in a blender

Input image Z Action target Z_. Final state target Z,

> Dataset of 200K triplet images, mined from instructional
HowTo videos, for training and evaluation

[4] Radford et al. Learning transferable
visual models from natural language
supervision. ICML, 2021.

[5] Soucek et al. Multi-task learning of
object states and state-modifying
actions from web videos. TPAMI, 2024.

[6] BLIP-2: Bootstrapping
Language-lmage Pre-training with
Frozen Image Encoders and Large
Language Models. ICML, 2023.

[7] E. Heiden et al. Disect: A
differentiable simulation engine for
autonomous robotic cutting. Robotics:
Science and Systems, 2021.

. . User study: 10 people, 2000 images
> (GenHowTo: A text-conditioned generative model that Q1: Which image better

produces the action image or the final image from an represents the final state
initial image of an action described as of the same

object as in the first image?

T . . o : Q2: Which image better
> New quantitative evaluation, that uses classification to Sreserves the consistency

evaluate the state of generated images of the scene?
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> |ong term generation

Input prompt: banana slices on a“gl;;)ppin:g board


https://soczech.github.io/genhowto/
https://soczech.github.io/genhowto/

