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Abstract

Recent advances in video generation models have sparked interest in world models
capable of simulating realistic environments. While navigation has been well-
explored, physically meaningful interactions that mimic real-world forces remain
largely understudied. In this work, we investigate using physical forces as a control
signal for video generation and propose force prompts which enable users to interact
with images through both localized point forces, such as poking a plant, and global
wind force fields, such as wind blowing on fabric. We demonstrate that these force
prompts can enable videos to respond realistically to physical control signals by
leveraging the visual and motion prior in the original pretrained model, without
using any 3D asset or physics simulator at inference. The primary challenge
of force prompting is the difficulty in obtaining high quality paired force-video
training data, both in the real world due to the difficulty of obtaining force signals,
and in synthetic data due to limitations in the visual quality and domain diversity of
physics simulators. Our key finding is that video generation models can generalize
remarkably well when adapted to follow physical force conditioning from videos
synthesized by Blender, even with limited demonstrations of few objects (e.g.,
flying flags, rolling balls). Our method can generate videos which simulate forces
across diverse geometries, settings, and materials. We also try to understand the
source of this generalization and perform ablations on the training data that reveal
two key elements: visual diversity and the use of specific text keywords during
training. Our approach is trained on only around 15k training examples for a single
day on four A100 GPUs, and outperforms existing methods on force adherence and
physics realism, bringing world models closer to real-world physics interactions.
We release all datasets, code, model weights, and interactive video demos at our
project page, https://force-prompting.github.io/.

1 Introduction

Humans develop an intuitive understanding of how objects respond to forces since infancy (Wilkening
and Cacchione, 2010; Ullman et al., 2017): a gentle poke causes a plant to sway, while a breeze
creates rippling patterns across fabric. Do video generation models, which encode powerful visual
and motion priors through internet-scale pretraining, possess a similar level of intuitive physics
understanding? And if so, how to elicit their capabilities to interact with force inputs? A positive
answer to these questions would provide a more flexible and expressive interface for video content
creation, enable interactive video generation with user input (e.g., generating a video game), and
eventually lead to an intuitive world model for intelligent agents to plan and make decisions with.
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2) Video generation model generalizes force conditioning

1) Train a force conditioned video model with limited synthetic paired data 
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Figure 1: Force prompting allows users to apply either global or local forces to objects in an image
and then generate the resultant video. Despite being trained on a limited set of synthetic videos (15k
for global force and 23k for local force), we observe significant generalization to different settings,
materials, objects, geometries, affordances, and some initial hints at mass understanding. Trajectory
visualization or alpha overlay are incorporated to better illustrate movement for some examples.

We introduce Force Prompting, a step towards incorporating force-based control (direction and
magnitude) into video generation models. We explore two distinct categories of force prompts: local
force prompts, such as instantaneous pokes or pulls applied to specific regions, and global force
prompts, such as sustained directional wind that affects the entire scene uniformly. Crucially, as
manually collecting force annotations from natural videos is both costly and difficult, we instead
leverage physics simulators (e.g., Blender) to hand-craft perfectly annotated training data. With
our data creation pipeline, we specify a collection of objects along with the force conditions, and
simulate the resulting dynamics to obtain the paired training videos. We hypothesize that such
sim2real generalization is feasible because state-of-the-art video generation models already encode
strong priors about visual dynamics, and our paired force-video data serves the role of eliciting their
understanding of the physics-based control signals.

We implement Force Prompting by introducing additional force control as local or global vector
fields on a video generation model (Yang et al., 2024) conditioned on initial frame and text. We also
curate an evaluation benchmark of diverse objects and motion types to evaluate global and local force
prompts. As illustrated in Figure 1, our main finding is that despite the synthetic visual appearance
and few objects (flying flags and rolling balls) in our training data, video generation models can
indeed learn to execute fine-grained force prompts, and exhibit surprisingly strong generalization
behavior across diverse settings, object shapes and materials, geometry, and affordances. Through
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