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A BSTRACT
We are interested in designing collaborative
robots that can seamlessly interact in complex
domains - such as, collaborative manufacturing
and disaster response - with human teammates.
To be successful teammates, such robots need
the ability to model, predict and adapt to their
human collaborators. However, modeling the
behavior of human teammates is challenging since human decisions often depend on factors
that are latent and difficult to specify [4]. In this
extended abstract, we describe this challenge for
modeling humans for designing robot collaborators, summarize our algorithmic solutions towards this problem and conclude with a description of a human-robot collaboration scenario designed to evaluate our approach.
I. I NTRODUCTION
As a prototypical scenario of human-robot collaboration, let us consider a human and a robot performing collaborative assembly in a shared environment as depicted
in Fig.1. Both the human and the robot can manipulate
objects in the shared environment to accomplish their
sequential task. The presence of the human teammate
renders the robot’s environment both dynamic and unstructured. Prior studies of human-robot interaction have
shown that anticipating, communicating and adapting
to teammates is critical to achieving fluent human-robot
interaction [6]. This can be achieved by enabling the robot
to (i) model and predict human’s actions, and (ii) plan its
actions and communications using appropriate planning
methods to accomplish the task [7, 11].
However, generating models of human decisionmaking that enable this anticipatory behavior can be challenging – a key reason being that human decisions may
depend on factors (states) that are both difficult to specify
and observe (i.e., latent). For instance, in our example
scenario, the human’s decisions (e.g., which object to
pick, the path used to pick up an object) may depend on
a variety of factors, such as, goal, preference, location of
human and robot, human’s trust in the robot, etc. Further,
these factors could be both latent and dynamic.

Fig. 1. A human-robot team performing a collaborative assembly task
in a shared environment.

A typical approach while modeling human’s (or another agent’s) decision-making is to first specify a set of
factors (s) that impact the decisions (a), and then use a
learning approach (either supervised learning, inverse reinforcement learning or active learning) to learn a policy
(π, i.e., mapping from states to actions) describing human
behavior using data or via interaction [1, 2, 12]. Recent
research in human-robot interaction provides successful
examples of employing such an approach to estimate human’s reward and policy for robotics (e.g., [8]). However,
a policy learnt by such an approach (π̂) – irrespective
of the available data – can only model the effect of prespecified decision factors on human’s decisions, i.e.,
π̂ = π̂(a|s).

(1)

This learnt policy (π̂), in general, will be an approximation of the true policy (π), which may additionally depend
on unmodeled factors (x) of human decision-making, i.e.,
π = π(a|s, x)
≈ π̂(a|s).

(2)

Hence, to learn the effect of unmodeled factors on human’s policy, we are developing approaches that infer
presence of any unmodeled states (x) and their dynamics
in addition to learning a policy (π).

II. L EARNING D ECISION -M AKING M ODELS VIA
H UMAN - IN - THE -L OOP I NFERENCE
We pose the problem of learning a human’s sequential
decision-making behavior without complete state specification (i.e., factors that impact decisions) as one of
Bayesian inference. Specifically, inference of the following
quantities is required to model decision-making,
• unknown number of unmodeled states, x,
• the dynamics of unmodeled states (denoted by transition function, Tx (x0 |x, s, a)), and
• the state-dependent policy, π(a|x, s).
Similar to prior approaches [12], we use execution traces
– i.e., time series of observable, modeled states (s) and
human’s decisions (a) – as input to the algorithm. However, in contrast to prior approaches, we additionally seek
to learn both the unmodeled states (x) and the variables
(π, Tx ) that depend on them.
This problem of learning the decision-making model,
essentially, corresponds to that of joint clustering and
segmentation of the observed execution traces (i.e., time
series of (s, a)-pairs). In this analogy, the clusters correspond to the latent states, and segmentation corresponds
to inferring the transition of these latent states. Since the
number of these latent states (or clusters) is unknown,
we adopt a Bayesian nonparametric approach to specify
a generative model for decision-making. Briefly, we use
hierarchical Dirichlet process (HDP) priors inspired by
the HDP-HMM model of Teh et al. [9] to model the
number of latent states and their transition function.
To perform Bayesian inference over our generative
model of decision-making, we have developed a sampling algorithm that provides samples of number of latent states (x), transition function (Tx ) and policy (π).
Since multiple models may have similar posterior give
the input data – identifying the true model among these
sampled candidate models can be difficult. Hence, we
adopt a human-in-the-loop inference approach that involves
querying the human decision-maker to acquire additional
information and guide the inference process.
In contrast to prior works that use querying to learn
models [2, 3], learning unmodeled states necessitates the
use of novel query types; namely, query types that are
based on only the human and robot’s common ground
of observed states (s) and actions (a) but can help in
the inference of unmodeled states (x) are needed. Since,
querying a human typically has associated costs - we
have developed an active querying approach that selects
the most informative query, i.e., poses a query which minimizes the uncertainty over the inferred decision-making
model. Through simulation experiments, we observe that
querying improves model estimation performance. In our
on-going work, we are exploring extensions that utilize
function approximation and include tighter coupling between the sampling and querying process to accelerate
the inference process using human input.

III. I MPLICATIONS FOR R OBOT T EAMMATES
By algorithmically modeling the previously unmodeled states, the robot teammate has the potential to improve the predictions of its human collaborator and make
more informed action and communication decisions during collaborative tasks. We intend to evaluate this potential benefit using the setup depicted in Fig. 1. Specifically,
we consider scenarios inspired by collaborative assembly
in confined spaces, where both the human and the Baxter
robot work in a shared environment and have the ability
to communicate with each other. In such scenarios, the
human-robot team will have to perform sequential tasks
that require manipulating objects in constrained spaces
(e.g., peg-in-hole) while sharing their workspaces. To
accomplish the robot’s component of the collaborative
task, we have developed an approach for near-optimal
contact-rich manipulation which leverages environmental contact [5]. This enables human-safe robotic systems
to work in close proximity with human collaborators. A
demonstration of our setup in which the human-robot
team performs an assembly task in a shared but unknown
environment, using algorithms for manipulation [5] and
effective information sharing [10], is available at http:
//tiny.cc/hrc-ue1. We posit that despite differences in the
knowledge representation used by humans and robots,
by representing and learning latent human states a robot
can improve coordination in human-robot teams.
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