
A Framework for Inferring Belief States in Partially-Observable
Human-Robot Teams

Jack Kolb and Karen M. Feigh

Abstract— We propose a framework for robots to estimate the
belief state of a human teammate in real-time in 3D partially-
observable domains. Recent research has shown potential for
robots to use a predicted belief state – or team mental model – to
inform downstream planning and coordination tasks in human-
robot teams. However, no works have applied mental models
to realistic domains where the robot operates in 3D space
and does not have perfect observability over the environment.
Our framework leverages recent advancements in scene graph
construction towards addressing the open problem of estimating
a human user’s situation awareness. We aim to evaluate the
framework on a 3D simulation platform and a real-world robot.

I. INTRODUCTION

The cognitive engineering community holds that people
internally represent their environments via a structure termed
a mental model [11]. The mental model contains all task-
relevant information the person is aware of, such as the
locations of environment objects, their higher-level semantic
relationships, and the current task goals [2]. In human-human
teams, we estimate the mental model of our teammates
to inform our own actions, planning, and communication.
Practically, this team mental model facilitates important
aspects of team dynamics including theory of mind, implied
objectives, non-verbal coordination, and selective communi-
cation [8], [9], [14].

There is significant research interest in enabling robots
to apply mental models to human-robot teams. Central to
the mental model is a belief state, the core knowledge
representation of the world state, which is analogous to
level 1 situation awareness. Researchers have taken two
approaches to modeling a user teammate’s belief states
– latent representations through end-to-end deep learning
architectures that embed the belief state in a task-oriented
process, and explicit representations that aim to precisely
model the user’s awareness of environment objects [1], [6],
[13].

The two representation types present a tradeoff. Implicit
representations are tailored to specific inference goals and
can model abstract user preferences. However, the end-to-
end training makes it difficult to use the embedded belief
state for applications outside of the model’s intended ap-
plication. Alternatively, explicit representations can be used
to inform a range of downstream inference and reasoning
tasks, however are challenging to define, model, and reliably
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construct. While the literature has primarily found success in
using implicit representations [3], recent research has worked
towards defining and verifying frameworks for explicit rep-
resentations [1], [4], [12].

We propose a system for robots to leverage inferred
dynamic scene graphs as a knowledge representation for a
team mental model. Fig. 1 shows the system architecture and
target evaluation domains.

II. METHODS

We represent a belief state β as a dynamic scene graph
G containing a set of nodes N and edges E . G is a
directed acyclic graph with three node layers, corresponding
to buildings, rooms, and objects. Edges link objects to
rooms and rooms to buildings. Object nodes have properties
associated with their recognition by the robot’s perception
system, including point cloud information, object class, and
last-known pose. The graph is continuously updated as the
robot navigates a scene, by resolving conflicts in object
permanence and maintaining an up-to-date model of the
environment. The robot’s sensors produce visual, depth, and
pose observations Orobot that is used to maintain the robot’s
scene graph βrobot.

The team mental model uses two dynamic scene graphs
– the robot’s graph representing the true state of the en-
vironment from the robot’s perspective (βrobot), and the
teammate’s graph that represents what the robot thinks the
user teammate is aware of (βpred). The robot constructs the
teammate’s graph by projecting the portions of the robot’s
graph that the robot believes the user has observed.

Predicted observations Opred use two mechanisms:
1) When directly observing the teammate (e.g., the robot

is facing the teammate), the robot uses the teammate’s
pose and field of view to identify the subset of the
robot’s scene graph used to update the teammate’s
graph.

2) When observing the teammate between two points
(e.g., the robot last saw the teammate in another room),
the robot estimates the path taken by the teammate to
the current pose, and identifies the subset of the robot’s
scene graph that the teammate would have observed
along that path. There are several opportunities for
the robot to estimate the path, from classical A* to
generative models (e.g., a GAN) trained on prior user
behavior. We use A* in this initial implementation.

The resulting subgraph βpred represents the robot’s pre-
diction of the user teammate’s knowledge of environment
objects.



Fig. 1. Architecture of the proposed framework. A simulator or real-world robot obtains robot-centric camera, depth, and pose feeds, Orobot. A scene
graph constructor creates a belief state (dynamic scene graph) from the observations, βrobot. The belief state is then filtered by predicted observations of
the human teammate, Opred, which informs the teammate’s predicted belief state βpred.

III. IMPLEMENTATION

We are implementing the framework in two domains,
a 3D simulation platform and a real-world robot. While
a real-world domain more accurately represents conditions
that robots with team mental capabilities will be deployed
in, the simulation environment enables reliable testing and
extensive data collection. We are using VirtualHome [10] as
our simulation platform, which was chosen for its ease-of-
development, built-in navigation stack, and extensive library
of common household items. To keep the domain general-
purpose across a range of robot platforms, the framework
only requires two inputs: an RGBD camera stream, and the
robot’s pose.

To evaluate our framework we implemented a “clean up”
task where objects in the household are randomly scattered
from their known initial positions. The human and robot
agents must independently rearrange the objects back. While
many household tasks only require a single vantage point to
capture the majority of the scene (e.g., collaborative cooking
mostly occurs within a small area), clean-up is constrained
by partial observability as the teammates frequently move
in-and-out of sight. This characteristic encourages a strong
scene graph construction and presents opportunities for false
beliefs about the environment.

To construct the dynamic scene graph we are comparing
two scene graph generators: an off-the-shelf scene graph
generator (Hydra [7], with HRNet [15] as a semantic seg-
mentation network), and a custom generator that uses De-
tectron2 [16] for image segmentation. The resulting scene
graph is the robot’s belief state, which is then processed
using estimated observations of the other agent to obtain the
predicted teammate’s belief state. The system outputs the two
scene graphs for downstream use.

IV. CONCLUSION

If successful, this framework will have broad utility for
several areas of human-robot interaction and human-AI team-
ing – enabling robots to estimate the situation awareness of
user teammates, and directly inform theory of mind inference
tasks.

The human factors community defines situation awareness
as a task-oriented subsection of a mental model [5]. In this
model, situation awareness has three levels – an awareness

of the raw classes and locations of environment elements,
an awareness of the present contextual meaning of those
elements, and an awareness of how the environment is likely
to change in the near-future. The constructed dynamic scene
graph is a prediction of the user’s current belief state, which
is analogous to a prediction of the user’s level 1 situation
awareness. Downstream work can leverage this scene graph
to expand the scope of the robot’s predicted teammate
mental model, by predicting contextual relationships between
elements or using the graph’s history to inform future plans
[13].

Additionally, the dynamic scene graph dyad – the robot’s
belief and the predicted teammate’s belief – presents an
interesting opportunity for inference tasks reliant on a theory
of mind. A classic example of theory of mind is the false
belief task, where a robot observer predicts whether a user
is aware of an important environment feature that recently
changed. In this framework, downstream work can use the
overlaps and disparities between the two belief states to
identify potential false beliefs of the user teammate, note
areas of the environment where the user may know more
than the robot, and infer additional information about the
user such as their goals, intentions, and rationales.
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