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Abstract

Creating physically-grounded human-Al collaboration re-
mains challenging because of continuous state-action spaces,
constrained physical transitions, and diverse human behav-
iors. Successful collaboration in physical environments re-
quires an agent to generalize their learned policies across
three key collaboration modes: coordination, where agents
must coordinate subtasks or movements and avoid collision;
awareness, where agents need to recognize when another
agent needs help and offer assistance; and action consistency,
where agents must align their actions toward the same goals
when engaging in joint actions. We designed Moving Out,
a physical human-Al collaboration environment to illustrate
these challenges and collaboration modes. We observe that
existing Al agents often fail to assist appropriately, align ac-
tions, or generalize to unseen physical settings. Our find-
ings suggest future research directions in physical reasoning,
behavior adaptation, and reliable and scalable evaluation of
human-AI collaboration.

Challenges in Physically-grounded
Human-AI Collaboration

Humans can quickly adapt their actions to the physical at-
tributes (e.g., sizes, shapes, weights, etc.) and constraints
(e.g., force application, narrow paths, etc.) in an environ-
ment when collaborating with others. This ability is cru-
cial for embodied tasks such as assembly and household
chores, where human-AlI collaboration must account for the
increased complexity of the continuous state-action space
and dynamics caused by physical constraints. However, ex-
isting works (Carroll et al. 2019; Papoudakis et al. 2021;
Ng, Liu, and Kennedy 2023; Bard et al. 2020) only focus
on human-Al collaboration in discrete or task-level settings,
which simplifies interaction dynamics and overlooks the
complexities of real-world cooperation. For example, while
physical constraints, e.g., narrow passages, restrict move-
ment and require precise coordination, there are still a large
number of rotations and ways to hold objects that can lead
to successful collaborations. Minor variations in human ac-
tions, e.g., lifting angles or applying force, can significantly
affect collaboration outcomes.
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Figure 1: The Moving Out Environment.

To study how these physical challenges can affect human-
Al collaboration, we designed Moving Out, a task environ-
ment inspired by the game Moving Out (SMG Studio 2020).
It is built on top of a 2D physics engine with dynamic phys-
ical interactions and diverse collaboration scenarios. As in
Fig. 1, it requires two agents to collaboratively move all ob-
jects to the goal region (i.e., blue squares) while navigating
around obstacles (i.e., walls). The movable objects have dif-
ferent shapes and sizes. A single agent can move small items
quickly, but as the object size increases, the agent needs
to work together to move an object effectively. Successful
collaboration in this kind of physical environment requires
an agent to generalize their learned policies across physical
properties and constraints.

Potential Physical Collaboration Modes

The continuous space and physical constraints introduce
new ways of collaboration. We illustrate the potential modes
in Fig. 2 using Moving Out examples. For instance, when
organizing a target area, objects must be placed based on
their physical properties like size and shape, requiring agents
to reason about spatial arrangements. To capture these col-
laboration modes, we categorize them into three key as-
pects: coordination, where agents must synchronize actions
to achieve shared goals; awareness, which involves under-
standing the physical environment and partners’ intentions;
and action consistency, ensuring that movements and forces
applied are aligned for smooth cooperation.

Coordination means that agents work together to com-
plete tasks more efficiently, even if one agent could do
it alone. For example, in narrow spaces, passing objects
may be the only viable option to avoid congestion and en-
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Figure 2: Illustration of various physical collaboration
modes using Moving Out, including organizing objects in
a limited space (e.g., goal region), recognizing when help is
needed, avoiding collisions, passing objects, moving items
together, and aligning actions.

sure smooth movement. However, when space is sufficient,
agents have more flexibility. They can choose to pass objects
or transport items themselves. Both can be viable strategies.
Al must learn to decide when to coordinate based on human
actions.

Awareness focuses on whether and how an agent recog-
nizes the need to assist its partner. Sometimes, there’s no
clear best strategy. Agents must decide whether to move
small items alone or go to help with the other agent for larger
ones. It requires dynamic adjustment of strategies rather than
following a fixed action sequence. In human-AI collabora-
tion, this is even more important because humans may have
diverse strategies, e.g., starting with small items and then
waiting for help with heavy ones, or vice versa. An Al agent
with strong awareness can observe behavior cues and adapt
its actions to align with human strategies.

Action Consistency checks whether agents align their ac-
tions when working toward the same goal. For example, two
agents must continuously align their forces to move and ro-
tate large objects through narrow openings or around obsta-
cles. Minor deviations in force or direction can cause items
to get stuck or result in wasted effort. By maintaining con-
sistent actions , agents demonstrate a better understanding of
physical teamwork. Failure to understand physics can lead to
mistakes that are costly to recover, e.g., dropping a rectan-
gular object around a narrow opening of the walls.

Observations from Human-Human
vs. Human-AI Rollouts

We tested Moving Out in human-human and human-AlI col-
laboration to show the improvements needed in Al agents to
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engage in physically-grounded collaborations.

Adaptive Human-Human Strategies

While humans do not work together smoothly at the be-
ginning, they adapt quickly. They can learn to adapt to the
new physical configurations created by their partner based
on their partner’s past behavior. For example, if one player
places an item in the middle of the path, the other may rec-
ognize this as a request to pass the object. Humans also
learn through try-and-error when dealing with physical con-
straints. The first time they attempt to pass through a narrow
space, they may get stuck due to improper angles or posi-
tioning against the walls. They quickly adjust their position
or angle until they succeed. In future attempts, they remem-
ber the correct positioning and apply it smoothly. Al will
similarly need to adapt to new physical configurations made
by partners and physical constraints.

Failure Cases in Human-AI Collaboration

Failure Case 1 Failure Case 2

Figure 3: Failure case study: 1) Not responding when assis-
tance is needed, and 2) Inability to grasp large items upon
approach.

Existing Al agents such as state-of-the-art behavior
cloning agents (e.g., diffusion policy (Chi et al. 2023))
show significant difficulty in collaborating in a physically-
grounded environment. Fig. 3 presents two common failure
cases. In Case 1, the red agent (Al) fails to recognize that the
blue agent (Human) needs help to move the medium square
and instead chooses to move a smaller item first. This fail-
ure is a result of increased behavior diversity in continuous
state-action space. A small variation in human action during
the test time can create trajectories that are unseen by Al in
training, making it hard for the Al to recognize when the
human needs assistance. In Case 2, the Al fails to grasp the
object. While the Al has learned to grasp squares and circles
in training, it does not know the right positions and angles
to pick up a hexagon. This shows that the Al does not gen-
eralize the understanding of physical attributes (e.g., similar
shapes) from one to another.

Conclusion and Future Directions

In this paper, we discuss several challenges for Al agents
to successfully collaborate with humans in physically



grounded environments. We show that in a simulated phys-
ical environment, Moving Out, current embodied Al agents
frequently struggle to offer assistance in time, adapt to un-
seen situations, and effectively generalize learned skills to
diverse and dynamic physical constraints. Addressing these
issues is critical for achieving reliable human-Al collabora-
tion in real-world physical tasks.

Providing Al models with the capability to better reason
about physical constraints and possible outcomes of collab-
orative actions is the first step to improving their effective-
ness in physically-grounded collaborative tasks. However,
repeated and reliable evaluation with real humans is chal-
lenging given the variable human behavior and the high
costs associated with repeated human experiments. Future
directions also include developing automated methods can
efficiently and consistently evaluate physically grounded
human-Al interactions. Additionally, methods to augment
behavior data, utilize agents’ prior experiences to better an-
ticipate and model human behaviors, or reason about physi-
cal properties and dynamics of objects will also be important
to improve Al models’ adaptability to diverse human behav-
iors in physically grounded settings.
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