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Abstract— When we collaborate with each other, we infer
each others’ intentions not only from our physical actions
that change the physical state of the world, but also from
our physiological signals like gaze, heart rate, and galvanic
skin response, that reveal our internal state without actively changing the environment. However, traditional humanrobot collaboration paradigms that formulate interaction as
a physical dynamical system often fail to exploit the rich
vein of information that physiological signals can convey.
A key challenge, however, is in building coherent Bayesian
models of physiological signals: how our natural gaze wanders
depends not just on the task, but also on a myriad of other
distractors and features. In this work, we first demonstrate
how human physical actions are often uninformative of their
true internal state. Through eye tracking and physiological
signals, we investigate different modalities for human internal
state elicitation, and we describe how these can be integrated
into our general formalism to facilitate the robot’s inference
process.

I. I NTRODUCTION
The success of the team in a collaboration setting often
depends on the ability of team members to coordinate
their actions by reasoning over each others’ beliefs and
actions. We want to enable robot teammates with this very
capability in human-robot teams, e.g., service robots interacting with users at home, manufacturing robots sharing
the same physical space with human mechanics and
autonomous cars interacting with drivers and pedestrians.
Towards this direction, Nikolaidis et al. [1] have modeled humans and robots as equal partners, by treating
the interaction as an underactuated dynamical system,
wherein the human state is a latent variable. The robot
builds online a model of human adaptation that depicts
how the robot’s own actions affect future human actions,
and adapts its own actions in return. The model requires
reasoning over the human internal state, through observation of the human actions.
However, the human actions are often ambiguous,
which can affect negatively the robot inference. Additionally, they may not be informative of internal states, such
as fatigue and object-perception, which are indicative of
future performance. On the other hand, there has been
substantial work [2]–[4] on inferring these internal states
from other modalities, such as gaze, or physiological
signals (e.g., skin conductance, heart rate and EEG)
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Fig. 1: The robot maximizes the performance of the
∗
human-robot team by executing the optimal policy πR .

This work explores how robotic systems can take advantage of the signals through different modalities of communication that exist when people perform their tasks, and
how these can be integrated into the general formalism
of mutual adaptation.
We start with a general formulation of the problem, and
depict the assumptions that lead to the human-robot mutual adaptive behaviors. We then instantiate the mutualformalism in a shared-autonomy setting, where human
and robot provide inputs through a joystick interface. We
show an example of the case where human actions are
uninformative of their intent, which in turn affect robot’s
own actions. We then discuss alternative modalities for
human internal state inference.
II. P ROBLEM F ORMULATION
Human-robot collaboration can be formulated as a two
player game with partial information. We let x t be the
world state that captures the information that human and
robot use at time t to take actions a tR , a tH in a collaborative
task. Over the course of a task of total time duration T ,
robot and human receive an accumulated reward:
T
X
t =1

R R (x t , a tR , a tH ),

T
X

R H (x t , a tR , a tH )

t =1
R

We assume a robot policy π , which maps world states
to actions. The human chooses their own actions based on
a human policy πH (Fig. 1). If the robot could control both
its own and the human actions, it would simply compute
the policies that maximize its own reward.
However, the human is not another actuator that the
robot can control. Instead, the robot can only estimate
the human decision making process from observation and
make predictions about future human behavior, which in
turn will affect the reward that the robot will receive.
Therefore, the optimal policy for the robot is computed
by taking the expectation over human policies πH .

IV. M UTUAL -A DAPTATION IN S HARED -AUTONOMY
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Solving this optimization is challenging: First, the human reward R H may be unknown to the robot in advance.
Second, even if the robot knows R H , it may be unable
to predict accurately the human actions, since human
behavior is characterized by bounded rationality [5]. Third,
even if the human acts always rationally, exhaustively
searching for the equilibria is computationally intractable
in most cases [6]. Finally, even if R H ≡ R R , most real-world
problems have multiple equilibria, and in the absence of
a signaling mechanism, it is impossible to know which
ones the agents will choose.
III. M UTUAL -A DAPTATION F ORMALISM
The mutual-adaptation formalism [1] treats the interaction as an underactuated dynamical system; it recognizes
that the human policy can change based on the robot
actions.
We let a history of world states and robot actions h t :
h t = (x 0 , a 0R , ..., x t , a tR )
Given this history, we specify the human policy
πH (x t ; y t ) as a function of the current world state x t
and the human internal state y t . The human internal
state changes stochastically based on a transition function
P (y t +1 |y t , h t ). This allows the robot to reason over how its
own actions affect future human actions, and takes that
into account into its own decision making.
The internal state y t of a new human worker is typically
unknown in advance to the robot and it cannot be fully
observed. Therefore, we treat y as a latent variable in
a partially observable stochastic process, in particular a
mixed-observability Markov decision process, which has
been shown to achieve significant computational efficiency [7]. The robot retains a probability distribution, or
belief, on the human internal state y, which it updates
through bayesian inference:
b 0 (y t +1 ) = P (a H |y t +1 )

X
yt

P (y t +1 |y t , h t )b(y t )

(2)

The observation function P (a H |y t +1 ) is given by the human policy πH , while the dynamics function P (y t +1 |y t , h t )
depicts how the human internal state evolves over time
based on the robot’s own actions.
Solving for the robot optimal policy allows the robot
to take information seeking actions to infer online the
parameter y. As a result, human and robot mutually adapt
to each other; the robot builds online a model of how the
human adapts to the robot by inferring their internal state
y, and adapts its own actions in return.
This history h t can grow arbitrarily large, making optimizing for the robot actions computationally intractable.
Using insights from work on bounded-rationality in behavioral economics, we use a bounded-memory assumption and limit the history length to the last k observations.

Shared autonomy combines direct teleoperation with
autonomous assistance. In this setting, the robot infers
a distribution over goals based on the user input, and
assists the user for that distribution [8]. Mutual adaptation
additionally allows the robot to reason over how the user
goal may change, as the user adapts themselves to the
robot. We instantiate the mutual adaptation formalism in
the shared-autonomy setting [9], using as human state
variables y = (m H , α), the human goal m H and the human
adaptability α, that is the probability that they switch from
their current goal m H to a new goal demonstrated by the
robot within the recent history of interactions h k .
For example, we assume a table-clearing task (Fig. 2),
where the robot clears two bottles, one after the other, off
the table and places them in a bin. The human goal is to
go for the left bottle first (m 0H ≡ m L ). However, the robot
considers in its reward function R R the right bottle m R as
better goal, for instance because it is heavier and it should
be placed in the green bin first. The reward function
additionally encodes a penalty for disagreement between
human and robot goals. This disagreement reflects the
loss of trust occurred when the robot does not follow the
human preference.
Solving for the robot policy in this setting results in
some very interesting behaviors; if the human user is
inferred to be non-adaptable, they will be expected to
insist on their goal and the cost for disagreement will
outweigh the benefit of reaching the optimal goal. On
the other hand, if the human user is inferred to be
adaptable, the robot will intelligently disagree with the
person, expecting them to adapt and follow the robot
towards the optimal goal.
Fig. 2 shows these behaviors for a non-adaptable and
an adaptable user. The robot starts by moving straight
(information-seeking action), observing whether the human changes their inputs to follow the robot (adaptable
user), or insists on pushing the joystick to the left (nonadaptable). If the human is adaptable (bottom-row), the
robot will guide them towards a better way of doing the
task. If the human is non-adaptable (top-row), the robot
follows the human preference towards the left-bottle, in
order to retain their trust. The same behaviors, as well
as the robot inference on the human goal and human
adaptability for each time-step are shown in more detail
in Fig. 3 (Users 1,2).
V. A MBIGUOUS A CTIONS IN S HARED -AUTONOMY
In Eq. 2, the robot uses the human actions a H to
infer the human internal state y through the observation
function P (a H |y t +1 ). In the shared-autonomy setting, the
human actions are the human joystick inputs. However,
there are cases that these inputs are not informative
on the human internal state, impeding the robot inference. For instance, in the table-clearing setting of
Fig. 2, we let the human action “move-forward,” and
we assume that the human is equally likely to take this

Fig. 2: Two different users control an assistive arm through joystick inputs. The plot indicates the robot belief (y-axis)
on user’s adaptability (x-axis). The robot starts by moving straight towards both bottles, in order to infer the user
adaptability. Top, left to right: A non-adaptable user insists on moving the joystick to the left and the robot adapts to
the user to retain their trust. Bottom, left to right: The user changes their inputs to align them with the robot actions.
The robot infers that the user is adaptable and guides them towards the optimal goal (right bottle).

action whether they go to the left or right goal, so that
P (move-forward|m L ) = P (move-forward|m R ). This implies
that the “move-forward” action provides no-information
about the human goal. In turn, this impedes the robot
inference on human adaptability. Fig. 3, User 3 illustrates
this case. We assume that User 3 is non-adaptable, but
wants the robot to move all the way forward first, before
moving to the left. As the user moves the joystick forward
and the robot moves to the right, the probability of the
human having adapted to the robot accumulates, and at
T = 3 the robot infers that m R is more likely than m L . On
the other hand, the robot belief on human adaptability
remains uniform, since the robot has not received any
informative observations on the human goal. At T = 5,
the human moves the joystick to the left, and the robot
infers that the human goal is m L and that the human
is non-adaptable, but it is too late; the robot is close
to the optimal goal m R and it will proceed towards that
goal instead. This example illustrates the need for using
alternative signals to improve the inference process.
VI. G ENERALIZING TO D IFFERENT M ODALITIES
In order to make inferences on each others’ beliefs,
we as humans employ several modalities, such as speech,
gaze, or gesture. Since the actions can be ambiguous and
are not informative of human states such as perception,
fatigue, or stress level, we propose generalizing Eq. 2 to
include measurements from indirect signals as well. More
specifically, we define a vector of measurements o that
the robot receives at a given time-step, and we update
the belief, so that:
b 0 (y t +1 ) = P (ot +1 |y t +1 )

X
yt

P (y t +1 |y t , h t )b(y t )

(3)

In the following, we provide specific examples of such
measurement, focusing on non-intrusive methods, i.e.,
by recording and analyzing gaze behavior, by measuring
changes in the heart rate and galvanic skin response.
A. Inferring the user’s actions and state based on gaze
Among the various modalities we humans employ to
infer what is on an other’s mind, gaze is one of the most
information-rich cues. We can address another person by
establishing gaze contact, direct other’s attention towards
a specific location or towards an object by eye-pointing
and even communicate emotions. With gaze we put our
statements in a context. Despite the scope of interaction
itself, our gaze behavior is strongly related to the way
we perceive personality [10]. For example, our memory
of a person will be much stronger if the person’s gaze is
directed toward oneself, or individuals who make direct
eye contact are perceived as more trustworthy and more
attractive than individuals who do not make eye contact
(e.g., [11]). Making interaction with robots feel more
natural is above all a question of how these social cues
are understood and in turn employed by the robot.
With recent advances in eye-tracking technology (such
as small, light-weighted devices) and analytical approaches, new means have become available to study
human eye movements in scenarios beyond screen-based
settings. The so-called pervasive eye-tracking technology
is not only a promising technology in general humancomputer-interaction scenarios, but also gives us insight
on how humans employ their gaze to interact and communicate with each other in different environments.
By combining eye-tracking technology with machine
learning, various work has be done to identify user’s
activity based on eye movements in post-experimental
analysis, e.g. [12], [13], or in an online-fashion such as
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Fig. 3: Sample runs on a shared autonomy scenario with two goals G L ,G R and three different human users. All users
start with the preference m L (associated with the left goal). The human and robot actions are {move-left, move-right,
move-forward}. For all users, the upper row plots the robot trajectory (red dots), the human input (green arrow) and
the robot action (gray arrow) over time. The middle row plots the estimate of α over time, where α ∈ {0, 0.25, 0.5, 0.75, 1}.
Each graph plots the probability of α versus α. The lower row plots m ∈ {m L , m R } versus the probability of m. Columns
indicate successive time-steps. User 1 insists on their initial strategy throughout the task and the robot complies,
whereas User 2 adapts to the robot and ends up following m R . User 3 is non-adaptable and they want to go forward
first before going to the left goal. Because the forward input leads to both goals with equal probability, the robot
belief over their adaptability α does not change. When the robot finally infers that they are non-adaptable, the robot
is already close to the optimal goal, and will move towards that goal.

for driver activity recognition during conditionally autonomous driving, e.g., [14]. In the latter work, driver
observation by means of eye tracking is used in real-time
to trigger assistive systems, providing thus the basis for
situation awareness and take-over readiness of the driver.
This can be also applicable during the interaction of an
autonomous vehicle with a human-driven vehicle [15].
Furthermore, eye movements have been analyzed in a
variety of domains regarding their relationship to expertise
(e.g., [16], [17]), or to predict actions (e.g., [18]).
Despite the gaze information itself, the pupillary signal
is a further important information carrier. The size of
the human pupil regulates to the amount of light that
enters the eye. An increase in luminance, therefore, results
in a fast constriction of the pupil. The pupillary light
reflex (PLR) [19] regulates the light influx. On the other
hand, there is a well-studied correlation between pupillary
dilation and cognitive factors such as workload [20], [21],
fatigue [22], surprise [23], attention [24], and emotional
arousal [25]. Thus, pupil dilation constitutes a proxy for
indirect measurement of these cognitive factors, which
would otherwise only be accessible by means of costly and
intrusive measurements such as EEG. The main challenge
when using pupillary information is the noise in the pupillary signal, which arises due to changes in the illumination
or inaccuracies of the eye recording system. However, it
has been previously shown that this signal can be used
to complement gaze information even under mesopic
conditions, such as in [26]–[28] to detect workload or
stress. Besides gaze and pupil size, tracking the eyes of a
user can allow us to access additional eye-related features,
such as blinks and the vergence angle. It was shown that a
combining of these multiple indicators can leads to better
indicator of fatigue, which provides a stable prediction of
across subjects [29].
B. Physiological signals
Physiological signals such as heart rate and galvanic
skin conductance are meanwhile well studied and have
therefore been measured in a variety of use-cases to
derive information about a subject. More specifically, since
the latter two signals are considered as strong indicators
of cognitive load and stress, they have been analyzed
in several applications to understand user behavior in
complex tasks, e.g. [30], [31]. Although these signals are
still measured by employing ECG and skin conductance
electrodes, novel image-based approaches promise to
capture the same information in the most non-intrusive
way [32]–[34].
However, in contrast to the eye-tracking signal, which
has a negligibly small delay in the order of few ms,
the detection of changes in the vital parameters heart
rate and galvanic skin response is only possible with a
relatively long delay (approximately 1 − 4 seconds). Thus,
these signals can be used as input and predictors for
triggering actions in real-time human robot collaborative
scenarios only to a limited extent.

C. Aggregation of physiological signals with gaze to infer
the user’s state
To leverage the user’s state in collaborative scenarios,
signals from different sensors need to be processed in
an online fashion and aggregated according to their reliability. The reliability of a sensor, however, depends not
only on the type of the sensor but also on the subject.
For example, eye-tracking signal is sensitive to makeup and changing illumination, while skin conductance
and heart rate are vulnerable to loosened or detached
electrodes. Deriving a binary decision about a user’s state
from raw sensor data is a challenging problem of its own
and requires device specific filtering, synchronization and
processing. We will treat this necessary preprocessing step
as abstract and focus on a recently introduced method
in [28], an Optimal Aggregation Scheme (OAS), to derive
the latent user’s state based on the readily preprocessed
binary decision label. From a theoretical viewpoint the
problem can be formalized as follows. We assume y =
(y s , y a ), where y s the component of the human state that
can be inferred through the responses o 1 , ..., o n ∈ {1, ..., k}
from n signal sources, and y a the component that can be
inferred through the human actions.
Given the responses of n sources on the occurrence of
a discrete event y s ∈ {1, ..., k}, and assuming independence
between the signals given the event, we have:
Y
p(o 1 , ..., o n |y s ) = p(o j |y s )
j

The belief update of Eq. 3 becomes:
Y
X
b 0 (y t +1 ) = p(o j |y s )P (a tH+1 |y ta+1 ) P (y t +1 |y t , h t )b(y t )
yt

j

(4)
Now, if we want to compute the most probable value of
the human state y s , we have:
Q
s
s
j p(o j |y = k)p(y = k)
s
arg max p(y = k|o 1 , ...., o n ) = arg max
k
k
p(o 1 , ..., o n )
´
³ Y
Y
s
∝ arg max
p(o j = k|y = k)
p(o j 6= k|y s = k)
k

j =1,..,n
o j =k

j =1,..,n
o j 6=k

· p(y s = k)
Note that since p(o 1 , ..., o n ) is independent of k it does
not influence the choice of the most probable k.
In the case of binary states and responses (y s , o j ∈ {0, 1}),
if we know the true reliability of each signal source –
in terms of its true positive rate t pr and true negative
rate t nr – we can aggregate the source responses in a
probabilistically optimal way as follows:
p(y s = 1|o 1 , ...., o n ) ∝

³ Y

t pr j

j =1,..,n
o j =1

Y

´
f nr j p(y s = 1)

j =1,..,n
o j =0

and analogously
p(y s = 0|o 1 , ...., o n ) ∝

³ Y
j =1,..,n
o j =0

t nr j

Y
j =1,..,n
o j =1

´
f pr j p(y s = 0)

The above aggregation follows the Naive Bayes principle, and, if the sensors’ responses are indeed independent
given the event, it is optimal for the choice of the most
probable event in a probabilistic sense. In practice, in the
presence of multiple sensors, a sum of logarithms would
be used to avoid computational arithmetic underflow.
The presented aggregation scheme can be used on
top of complex and computationally intensive algorithms,
such as the Expectation Maximization approach – which,
in turn, can be run in the background to produce estimations of the true positive and true negative rates from
sampled data. The real-time aggregation of responses is
provided by the above scheme.
Just recently, this aggregation scheme was employed
in a driving scenario [28] to derive hazard perception
based on the gaze information, the pupil signal, heart rate
measurements, and the galvanic skin response, showing a
significant improvement of both prediction quality and
robustness over the best predicting single source [35].
VII. D ISCUSSION
Overall, we believe that eye tracking and physiological
signals can improve significantly the robot inference process when human actions are uninformative of the human internal state. However, there are several challenges,
including: (1) building coherent observation models for
gaze, (2) understanding gaze in a manipulation scenario,
specifically how humans often signal their next action
even before they complete their previous action, and (3)
building generative models that enable robots to participate in gaze signaling. In future work, we will employ
head-mounted eye-tracking technology and physiological
signals to detect user’s states that should be avoided in
shared autonomy settings, such as increased stress level
or confusion of the user. Furthermore, we will exploit the
potential of gaze tracking for action disambiguation in
user studies.
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