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Abstract

Agent behavior simulation empowers robotics, gaming, movies, and VR appli-1

cations, but building such simulators often requires laborious effort of manually2

crafting the agent’s decision process and motion patterns. Recent advances in3

visual tracking and motion capture have enabled learning agent behavior from4

real-world data, but these methods are limited to a few scenarios due to the de-5

pendence on specialized sensors (e.g., synchronized multi-camera systems). In a6

step towards scalable and realistic behavior simulators, we present Agent-to-Sim7

(ATS), a framework for learning simulatable 3D agents in a 3D environment from8

casually-captured monocular videos. To deal with partial views, our framework9

fuses observations in a canonical space for both the agent and the scene, resulting10

in a dense 4D spatiotemporal reconstruction. We then learn an interactive behavior11

generator by querying paired data of agents’ perception and actions from the 4D12

reconstruction. ATS enables real-to-sim transfer of agents in their familiar envi-13

ronments given longitudinal video recordings captured with a smartphone over a14

month. We show results on pets (e.g., cat, dog, bunny) and a person, and analyse15

how the observer’s motion and 3D scene affect an agent’s behavior.16

1 Introduction17

Plausible paths

Past Tajectory
Consider the scene of the cat in the living room: where will the cat go18

and how will it move? Since we have seen cats interact with the en-19

vironment and other people many times, we know that cats like to go20

to the couch, often move slowly, and follow humans around, but run21

away if people come too close. Such a predictive model of a phys-22

ical agent is what enables plausible behavior simulation, which is23

essential for embodied intelligence, immersive virtual environments24

and robot planning in safety-critical scenarios [9, 31, 41, 45, 54].25

The key challenge with behavior simulation is how to generate plausible and interactive behavior26

(with respect to the scene and other agents). On one hand, prior works [2, 6, 46] utilize trajectory27

computed by path-planning algorithms or hand-designed logic from game simulators [13, 58]. While28

these approaches benefit from high-quality trajectory data paired with perfect object and scene29

geometries, it is laborious to manually craft simulators that suit the needs of each type of application,30

and the data distribution is fundamentally different from the real world, leading to unnatural motion31

and interactions. On the other hand, vision-based motion capture enables learning plausible behavior32

directly from data for certain scenarios, such as autonomous driving [9], human body motion [21, 36],33

and interaction with objects/scenes [14, 24]. However, due to the dependence on specialized sensor34

(synchronized multi-camera systems, IMUs, pre-scanned objects), such systems does not scale well35

to the full spectrum of natural behavior one may care about, such as behavior of animals, casual36

events, and long-term activities.37
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Figure 1: Learning agent behavior from longitudinal casual video recordings. We answer the
following question: can we simulate the behavior of an agent, by learning from casually-captured
videos of the same agent recorded across a long period of time (e.g., a month)? A) We first reconstruct
videos in 4D (3D & time), which includes the scene, the trajectory of the agent, and the trajectory of
the observer (i.e., camera held by observer). Such individual 4D reconstruction are registered across
time, resulting in a complete 4D reconstructions. B) Then we learn a representation of the agent that
allows for interactive behavior simulation. The behavior model explicitly reasons about goals, paths,
and full body movements conditioned on the agent’s ego-perception and past trajectory. Such agent
representation allows us to simulate novel scenarios through conditioning. For example, conditioned
different observer trajectories, the cat agent choose to walk to the carpet, stays still while quivering
his tail, or hide under the tray stand. Please see videos and results of other agents in the supplement.

Recent advances in differentiable rendering [10, 12, 23, 38, 42, 52, 59, 65] and monocular MoCap [28,38

43, 69, 70] provide a pathway to obtain high-quality models of scenes and agents from monocular39

videos alone. Despite the potential of covering diverse data of agent behavior that match the real-40

world distributions, none of the existing works brings a solution of reconstructing dense 3D structures41

of both the agent and scene, which is crucial for learning agent behavior grounded in real world42

environments. To address this, we present ATS (Agent-to-Sim), a framework for learning simulatable43

agent from casual videos captured over a long time horizon (e.g. 1 month), as shown in Fig. 1.44

The crucial technical challenge is the presence of partial visibility – in each video captured from45

an observer’s viewpoint, only parts of the agent and the environment are visible. How do we infer46

the states of agent and the environment that are not visible? To build a dense 4D spatiotemporal47

reconstruction, our key insight is to leverage the observations from multiple videos by fusing them48

in a canonical 3D space. We introduce a novel coarse-to-fine registration approach that re-purposes49

“foundational” visual features [40] as a neural localizer, which “registers” the camera with respect50

to a canonical structure. This enables capturing interactive behavior data in a casual setup (e.g.,51

with a smartphone), and provides paired training data of perception and action of an agent that is52

grounded in a natural environment (Fig. 2). To learn an interactive behavior model, we condition the53

action of an agent on their ego-perception, and leverage diffusion models [18, 53] to account for the54

multimodal nature of goals and planned trajectories. The resulting framework, ATS, can simulate55

interactive behaviors like those described at the start: agents like pets that leap onto furniture, dart56

quickly across the room, timidly approach nearby users, and run away if approached too quickly. Our57

contributions are summerized as follows:58

1. Agent-to-Sim (ATS) Framework. We introduce a real-to-sim framework, ATS, to learn59

simulators of interactive agent behavior from casually-captured videos. ATS learns plausible60

agent behavior that matches the real-world, and is scalable to diverse scenarios, such as61

animal behavior and casual events.62

2. Environment-Interactive Behavior Simulation. ATS learns behavior that is interactive63

to the environment, including both the observer and 3D scene. We show the first result64

of generating plausible behavior of animals that are reactive to observer’s motion, and are65

aware of the 3D scene.66
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