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Abstract— Robots often need to convey information to human
users. For example, robots can leverage visual, auditory, and
haptic interfaces to display their intent or express their internal
state. In some scenarios there are socially agreed upon conven-
tions for what these signals mean: e.g., a red light indicates an
autonomous car is slowing down. But as robots develop new
capabilities and seek to convey more complex data, the meaning
behind their signals is not always mutually understood: one
user might think a flashing light indicates the autonomous car
is an aggressive driver, while another user might think the same
signal means the autonomous car is defensive. In this paper we
enable robots to adapt their interfaces to the current user so
that the human’s personalized interpretation is aligned with the
robot’s meaning. We start with an information theoretic end-
to-end approach, which automatically tunes the interface policy
to optimize the correlation between human and robot. But to
ensure that this learning policy is intuitive — and to accelerate
how quickly the interface adapts to the human — we recognize
that humans have priors over how interfaces should function.
For instance, humans expect interface signals to be proportional
and convex. Our approach biases the robot’s interface towards
these priors, resulting in signals that are adapted to the current
user while still following social expectations. Our simulations
and user study results across 15 participants suggest that these
priors improve robot-to-human communication. See videos
here: https://youtu.be/Re3OLg57hp8

I. INTRODUCTION

Consider a robot communicating with a human. For ex-
ample, in Figure 1 a human driver is attempting to pass an
autonomous car. The human does not know the autonomous
car’s driving style — is the autonomous car an aggressive
driver (that will merge in front of the human) or a defensive
driver (that will stay in its lane to give the human space)?
To communicate the robot uses an interface. In Figure 1
the autonomous car’s interface is an LED light mounted on
its roof that signals the robot’s driving style. This light can
vary from fully on (an orange light) to fully off (a black
light). Importantly, there are multiple ways humans might
interpret these signals: perhaps for one human an orange light
means the robot is aggressive, while for another human the
same signal indicates the robot is defensive. To successfully
communicate, here the robot must adapt its interface signals
to align with the current human’s interpretation (e.g., switch
between using orange or black for aggressive driving).

More generally, our work focuses on learning a mapping
from the information the robot wants to convey to the signals
the robot uses to convey that information. In some scenarios
this mapping is pre-established and mutually understood —
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Fig. 1. A human is attempting to pass an autonomous car. The autonomous
car communicates its policy (i.e., its driving style) using an LED mounted on
the top of the car. Different users will interpret these LED signals in different
ways. Although the interface does not know a priori how any specific human
will interpret its signals, we recognize that there are underlying patterns all
users expect interfaces to follow. Here the interface signals should recognize
that there are two intuitive options that interpolate between (at one extreme)
defensive driving and (at the other extreme) aggressive driving.

e.g., a red tail light communicates that a car is slowing down.
But we explore settings where humans interact with robotic
interfaces (e.g., visual, auditory, haptic), and the meaning
behind the interface’s signals is not clear. Existing works
address this challenge in two ways. On the one hand, some
methods [1]–[6] assume the robot has a model of either the
human or the task, and fine-tune the interface’s signals based
on that model. But these methods require domain-specific
knowledge and can result in mappings that are only able
to convey a single task. On the other hand, approaches like
[7] and [8] learn interface signals from scratch by gathering
data from the operator across multiple interactions. This
removes the need to know the human’s task — but learning
an interface end-to-end is time-consuming, and the learned
mappings can turn out to be complex and unintuitive.

In this paper we bridge the gap between these approaches.
We seek to learn a task-invariant interface which can (a) com-
municate information without needing to know the human’s
intent while also (b) adapting rapidly and intuitively to the
current user. To achieve this goal, our hypothesis is that:

Although different humans may have different
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interpretations of the same signal, there are underlying
patterns all users expect interfaces to follow.

Consider our running example from Figure 1. We naturally
expect one extreme of the LED light to indicate the robot is
aggressive, the other extreme to indicate it is defense, and the
intermediate signals should interpolate between aggressive
and defensive driving. In what follows, we encode this
idea as priors over the space of interface mappings. We
then derive an information theoretic approach that adapts
signals to the current user while ensuring that the interface
satisfies the given priors. This leads to interfaces that are self-
adjusting: these interfaces tune their own signals to help the
human correctly interpret the robot’s information. Returning
to Figure 1, under our approach the robot adapts to use the
orange light to convey aggressive driving with one human,
and the black light to convey the same data to another user.

Overall, we make the following contributions:

Communication as Optimization. We formulate an opti-
mization problem for identifying the interface signals in task-
agnostic settings. Under this formulation the robot learns an
interface mapping that (a) maximizes the correlation between
the human’s behavior and the information the robot is trying
to convey, while also (b) conforming to user-friendly priors.

Incorporating User-Friendly Priors. We propose intuitive
priors that humans expect interfaces to follow (such as pro-
portionality and convexity). The interface biases its signals
towards these priors through a real-time learning approach
that personalizes to the current human’s behavior.

Comparisons in Simulation and User Studies. We compare
our resulting framework against state-of-the-art baselines and
ablations of our own approach. Across a 15 person user
study we find that participants prefer working with interfaces
that leverage our approach, and that these interfaces learn to
communicate the robot’s information in ways that objectively
improve the human’s task performance.

II. RELATED WORK

Prior research explores how robots can use interfaces
to communicate information to human partners. In settings
such as robotic surgery [9], [10] or collaborative assembly
[11], [12], these interfaces are typically pre-defined and
held constant across all users. Here the human must adapt
to the interface (i.e., the human must learn what meaning
the robot ascribes to each signal). Often these pre-defined
interfaces are intuitive — and require little human adaptation
— because they build upon socially accepted conventions.
For instance, in [13]–[16] the robot communicates data to a
human collaborator using signals that are unambiguous (e.g.,
an arrow pointing to the robot’s goal).

However, when humans interact with learning systems or
interfaces that integrate novel types of auditory, visual, and
haptic feedback, it is not always obvious what the robot is
attempting to convey [17]–[20]. Within these contexts the
interface should also adapt to the human, and change the
meaning of its signals to match the human’s interpretations.

In what follows we survey two fundamental approaches for
adapting and personalizing the robot’s interface.

Model-Based Interface Adaptation. One group of related
works automatically tunes the interface’s signals based on
either (a) models of the human user or (b) the human’s
task performance. For example, in machine teaching a robot
attempts to convey its latent state to a human: the robot has a
model of how the human interprets its actions, and the robot
reasons over this model to select communicative actions
[3]–[5]. When the human model changes — e.g., the robot
recognizes that the human is confused by complex signals
— the robot autonomously adapts its signals to align with
the new model [6]. In practice, however, the effectiveness of
these machine teaching approaches is limited by the accuracy
of their human models. If a user deviates from the robot’s
expectations, the robot may unintentionally send signals that
convey the incorrect information. To address this challenge
recent methods treat the human as a black box, and optimize
the interface signals based on task performance [1], [2]. Here
the robot trades-off between exploration and exploitation: the
robot applies a set of signals, measures the human’s achieved
reward, and then decides whether to use those signals again
or try different signal mappings. But not only is this process
potentially inefficient and time consuming, it can also lead to
interfaces that over-fit to a given task. Consider our driving
example: if the interface tunes its mapping to help the human
pass an autonomous car, that same interface may fail when
the human is trying to merge behind the autonomous car.

End-to-End Interface Adaptation. A second body of re-
search — including our prior work [8] — takes the opposite
approach. Instead of relying on a human model or given task,
these methods use end-to-end structures to learn the interface
mapping from scratch. The advantage of these approaches
is that the learned signals are task-invariant and highly
customized to the current user. But the downside is that end-
to-end learning is data intensive: the robot requires many
interactions with the current user to adapt its signals, and
the resulting mappings may not be intuitive or user-friendly.
In this paper we seek to address this challenge by combining
end-to-end learning with priors over the space of interface
mappings. Existing research in cognitive science suggests
that humans have common biases in their communication
[21], [22], and recent robotics research has applied similar
priors to different problem settings [7]. Our hypothesis is that
incorporating these priors will accelerate the robot’s adapta-
tion, leading to more effective communication interfaces than
purely model-based or end-to-end approaches.

III. PROBLEM STATEMENT

We consider scenarios in which a robotic interface is trying
to communicate hidden information to a human operator.
For instance, in our running example an autonomous vehicle
seeks to convey its driving style to a nearby human-driven
car. The interface has access to the hidden information (e.g.,
the robot knows whether it is an aggressive or defensive
driver), and the human needs this hidden information to



perform their task correctly (e.g., the human must determine
the robot’s driving style to safely pass). Within this context,
we specifically focus on settings where there are not obvious
or mutually agreed upon signals for the robot to convey its
hidden information. Our fundamental challenge is determin-
ing how — in the absence of established conventions — a
robotic interface should adapt its signals over time to convey
information to humans. Below we formalize this problem in
terms of the interface and human policies.
Repeated Interaction. We assume that the human works
with the robotic interface multiple times. At the start of each
interaction the robot observes the hidden information θ ∈ Θ
(e.g., a vector of parameters capturing the autonomous car’s
current driving style). This hidden information can change
between interactions, but we assume that θ remains constant
within an interaction. Every interaction lasts for a total of T
timesteps. Over the course of this interaction the interface
displays signals to the human, and the human uses these
signals to infer θ and complete their task (e.g., safely driving
around the autonomous car).
Interface. Let st be the system state at timestep t. Within
our running example the system state is the position of both
the autonomous car and the human-driven car. The robotic
interface observes state s and hidden information θ, and then
chooses signals x ∈ X according to its policy:

x ∼ πR (◦ | s, θ) (1)

where xt is the signal that the interface outputs at timestep
t. This formulation is not tied to a specific type of signal:
here x could be a visual display, an auditory pattern, or a
haptic rendering. We emphasize that the robotic interface is
collaborating with the human, and seeks to render signals
that are intuitive and meaningful for the human.
Human. The human operator cannot directly observe the
hidden information θ. Instead, the human sees the interface
signals x and the system state s, and then interprets these
signals to determine what actions they should take (e.g., the
human driver accelerating or changing lanes). Let at be the
human’s action at timestep t, where this action is sampled
from the human’s policy:

a ∼ πH (◦ | s, x) (2)

The human’s actions and the robot’s actions cause the system
state to transition. The state dynamics are:

st+1 = f(st, at, ut) (3)

where u is the robot’s action (e.g., the autonomous car
accelerating or changing lanes). In some of our experiments
the robot does not take actions and u = 0.
Reward. The human has in mind a task that they want to
complete. This task directly or indirectly depends on the
hidden information θ; returning to our driving example, the
human driver wants to safely pass the autonomous car, and
θ captures how the autonomous car will drive and change
lanes. We therefore formulate the human’s objective as a
reward function R(st, θ). From the human’s perspective,

inferring θ is important so that the human can maximize
their reward and successfully complete their task. But —
from the robot’s perspective — we do not assume access to
this reward function. Put another way, the robot knows that
it should communicate θ to the human, but the robot has no
knowledge about how the human will use this information to
complete the task (or even what task the human is attempting
to complete). Accordingly, over repeated interactions we seek
to learn a task-agnostic interface policy πR that efficiently
communicates θ to the human. The robot does not initially
know how the human will interpret its signals (i.e., the robot
does not know the human’s policy πH), and so the robot
must adapt its signals so that those signals are interpretable
and meaningful for the current user.

IV. USING USER-FRIENDLY PRIORS TO
ACCELERATE SIGNAL ADAPTATION

The interface is not sure how the human will interpret its
signals. Here we apply our hypothesis that — even though
different humans interpret the same signals in different ways
— there exist underlying patterns that all users expect signals
to follow. Returning to our example where the autonomous
car displays its driving style with an LED light: we do
not know if the human will interpret an orange light as
an aggressive or defensive driver. But we can expect the
human to interpret these signals in a proportional and convex
manner: i.e., one extreme of the LED light indicates the robot
is aggressive, and the other extreme indicates it is defensive,
and the intermediate signals linearly interpolate between
aggressive and defensive driving. We encode this expectation
as a prior over the space of interface policies πR. By itself,
this prior is still not sufficient for the interface to identify the
correct πR for the current user. However, we will leverage
this prior to narrow down the range of mappings the interface
explores and ultimately accelerate the co-adaptation between
the learning interface and human operator. In Section IV-A
we review a task-agnostic method to learn interfaces over
repeated interaction. Then in Section IV-B we theoretically
derive how priors can be incorporated to accelerate human-
robot co-adaptation. Finally, in Section IV-C we formulate
intuitive priors that humans might expect their interfaces to
follow (e.g., proportional and convex signals).

A. Correlating Hidden Information and Human Actions

We seek a task-agnostic interface policy πR that maps
hidden information θ to signals x in a way that the human
can interpret. More specifically, the human’s actions a should
be correlated with the hidden information θ that the interface
is trying to convey. Building on our preliminary work [8],
we formalize this objective as maximizing the conditional
mutual information between θ and a:

I(a ; θ | s) = H(a | s)−H(a | θ, s) (4)

Within this definition H(Y | Z) denotes the conditional
entropy of variable Y given Z. In practice, if the conditional
mutual information I(a ; θ | s) increases it means that —
at state s — observing θ tells us what action a the human



will take (i.e., variables a and θ are correlated). Consider our
driving example. When I(a ; θ | s) is maximized the human
driver chooses different actions a for different types of
autonomous cars θ: e.g., if the autonomous car is aggressive
the human drives more slowly, and if the autonomous car
is defensive the human can safely pass. It is still up to the
human to decide what actions to take to complete their task
successfully. But optimizing for Equation (4) ensures that
the interface provides an interpretable connection between
the hidden information and the human operator.

In practice it is intractable to evaluate Equation (4) in
continuous S, A, X , and Θ spaces [23]. Our preliminary
work [8] therefore introduces three neural network models
to approximately optimize I(a ; θ | s). The first two models
match the interface and human policies from Equation (1)
and Equation (2). Let Rψ : S × Θ → X be the interface
policy (i.e., an instantiation of πR) with weights ψ, and let
Hϕ : S × X → A be the interface’s model of the human
policy πH with weights ϕ. We emphasize that the interface
does not have access to the human’s actual policy. Instead —
as we will show in Section IV-B — the interface learns the
weights ϕ so that Hϕ matches the observed human behaviors.
Our final model is a decoder that inputs a sequence of
k system states and human actions, and then attempts to
recover the hidden information θ. We define this decoder as
∆σ : Sk×Ak → Θ with weights σ. In what follows we will
identify the rules for training these three models and learning
the weights ψ, ϕ, and σ. For clarity, we note that Section IV-
A has summarized our prior work [8], but the theoretical and
experimental findings from the remaining sections are novel
contributions of this paper.

B. Learning Interface Policies that Incorporate Priors

Maximizing correlation offers a first-pass solution for
learning an interpretable interface policy. However, this exist-
ing approach does not take advantage of our hypothesis that
there are user-friendly priors operators expect their interfaces
to follow. For example, if we optimize for Equation (4) alone
the autonomous car could learn to use an orange LED light
to convey aggressive driving, a partially illumined LED light
for defensive driving, and then turn the light off for balanced
aggressive-defensive driving. Although users might adapt to
this interface given enough time, it is not intuitive: it would
better align with our expectations for the extremes of the
signal to capture the extremes of the robot’s behavior.

We here encode these types of expectations as a prior
P0(x | s, θ). This prior captures how the human might expect
the robotic interface to map hidden information to signals x.
From an information theoretic perspective, the correlation
between a and θ with the prior P0 is greater than or equal
to the correlation between a and θ without this prior:

I(a ; θ | s, P0) ≥ I(a ; θ | s) (5)

Equation (5) follows directly from the properties of mutual
information given that both the robotic interface and human
operator observe the prior P0 [24]. Comparing Equation (5)
to Equation (4), we see that incorporating priors theoretically

increases the correlation between human actions and hidden
information. To now reformulate I(a ; θ | s, P0) as an
optimization problem over the space of interface policies,
we introduce the objective:

argmax
πR

[
I(a ; θ | s)−DKL(πR∥P0)

]
(6)

where DKL(πR∥P0) is the Kullback-Leibler divergence be-
tween the interface distribution πR and the prior distribution
P0. Maximizing the right side of Equation (6) corresponds to
increasing correlation between the human’s actions and the
hidden information while minimizing the divergence of the
interface policy πR from the human’s expectations P0. Re-
writing this optimization problem in terms of the interface
and human policies, we reach:

argmax
πR

∫
x,s,θ

(∫
a

(
p(a, s, x, θ) log T

)
+ πR logP0

)
(7)

In the above we abbreviate πR(x | s, θ) as πR and πH(a |
s, x) as πH. Term T is defined as:

T =

∫
x′
πHπR

(∫
x′
πHπR

∫
θ′
πRp(θ

′)

)−1

(8)

Intuitively, Equations (7) and (8) capture our objectives of (a)
maximizing correlation between human and interface while
(b) biasing the interface towards the prior, and then express
these objectives in terms of the interface and human policies.

To tractably solve Equations (7) and (8) we return to our
neural networks Rψ , Hϕ, and ∆σ from Section IV-A. Let
D = {(s1, a1, x1, θ1), . . . , (sn, an, xn, θn) be a dataset of n
past tuples. The interface continually collects these tuples
over repeated interactions as it collaborates with the current
user. We will leverage dataset D to adjust our models in
a way that approximately maximizes I(a ; θ | s, P0). More
specifically, we train Rψ , Hϕ, and ∆σ to minimize three
loss functions that approximate Equations (7) and (8).

Prior Loss. To approximate the πR logP0 term that appears
Equation (7), we introduce the prior loss LP :

LP (ψ) =
∑
D

∥x̂−Rψ(s, θ)∥2, x̂ ∼ P0(◦ | s, θ) (9)

Minimizing Equation (9) modifies the deterministic interface
policy to match the prior (i.e., the interface outputs signals
x that are likely under the human’s prior expectations). We
note that minimizing the loss LP is analogous to maximizing
the original term πR logP0.

Policy Loss. To approximate the numerator of T in Equa-
tion (8) we introduce the policy loss. Intuitively, the numera-
tor
∫
πH ·πR is the probability of a human’s observed action

given s and θ. Hence, the policy loss Lπ is:

Lπ(ϕ) =
∑

(s,a,θ)∈D

∥∥∥a−Hϕ (s,Rψ (s, θ))
∥∥∥2 (10)

For any (s, a, θ) tuple in our dataset, Equation (10) asserts
that the human model should map the interface’s signal to



the actual human behavior a. This drives the human model
Hϕ towards the actual human policy πH. Minimizing Lπ is
analogous to maximizing

∫
πH ·πR and increasing the value

of T . We note that we do not use this loss function to update
the weights of the interface policy Rψ — only the human
model weights are adjusted.

Decoder Loss. To approximate the denominator of T in
Equation (8) we introduce the decoder loss L∆. This method
approximates

∫
πHπR

∫
πRp(θ

′) by generating a collection
of counterfactual state-action pairs starting at a (s, θ) pair
that is sampled from our dataset D:

τ (s, θ) = {(s, a)0, . . . , (s, a)k}
at = Hϕ

(
st,Rψ

(
st, θ

))
, st+1 = f

(
st, at

) (11)

Within Equation (11) we apply the learned interface and
human policies to predict the counterfactual human action,
and then transition to the next state using the known system
dynamics f . The resulting trajectory τ rolls-out a hypothet-
ical interaction between the interface and human. We then
decode this trajectory of states and human actions to attempt
to recover the θ the interface was trying to convey:

L∆ (ψ, σ) =
∑

(s,θ)∈D

∥∥∥θ −∆σ (τ (s, θ))
∥∥∥2 (12)

Equation (12) is minimized when the interface signals cause
the human to take unique actions for specific hidden infor-
mation; this is equivalent to minimizing the denominator of
T , where a given human action a should be likely for one
choice of θ and unlikely for other choices of θ. We note
that back-propagating the derivative of Equation (12) through
the network is only possible because we have generated a
simulated interaction with Equation (11).

Overall Loss. Putting these three loss functions together to
approximate Equations (7) and (8), we reach the overall loss
function L used to train our models:

L (ψ, ϕ, σ) = λ1LP (ψ) + λ2Lπ (ϕ) + λ3L∆ (ψ, σ) (13)

where λ1, λ2, and λ3 are design parameters in [0,∞). In
practice, the robot updates Rψ , Hϕ, and ∆σ online in order
to minimize L. The interface then applies the learned policy
Rψ to choose the signals it displays to the human. Increasing
the value of λ1 relative to λ2 and λ3 places more weight on
the interface prior, causing the learned interface policy to
remain similar to the mutually understood prior P0.

C. User-Friendly Interface Priors

In Section IV-B we presented an information theoretic
approach to learn interface policies that are interpretable for
the current user and biased towards a given prior. However,
it is still not clear what these priors should be. Put another
way, what distribution(s) should the interface use for P0 in
Equation (9)? Below we propose two user-friendly properties
that can be leveraged to derive interface priors. Our approach
is not tied to these specific priors — the method that we have
developed can be applied to any prior distribution provided

by the designer. However, our experiments will focus on the
two priors described below: proportionality and convexity.

Proportionality. Consider our running example in which an
autonomous car is trying to signal its driving style to a nearby
human. If the autonomous car slightly modifies its driving
style θ (e.g., becomes incrementally more aggressive), the
change in signal x should also be small. Conversely, when
the autonomous significantly alters θ (e.g., switches from
aggressive to defensive driving), then the change in signals
x should also be significant. We formalize this intuition by
asserting that the change in signals x are proportional to the
change in hidden information θ:

x1 ∼ πR (◦ | s, θ1) , x2 ∼ πR (◦ | s, θ2)
∥x1 − x2∥2 ∝ ∥θ1 − θ2∥2

(14)

To enforce this proportionality, we choose LP (ψ) as:∑
(s,θ1,θ2)∈D

∥∥∥Rψ (s, θ1)−Rψ (s, θ2)
∥∥∥2eγ∥θ1−θ2∥2

(15)

where γ is a hyperparameter that tunes the sensitivity to
changes in θ. This choice of LP scales the difference in sig-
nals proportionally to the difference in hidden information.

Convexity. Returning to our running example, at one ex-
treme of θ the autonomous car is fully aggressive, and at the
other extreme of θ the autonomous car is fully defensive.
Our intuition is that these opposite values of θ should
correspond to opposite signals x; e.g. if the LED light is
fully illuminated to signal an aggressive car, then it is turned
off to signal the defensive car. We formalize this user-friendly
prior by making the space of signals convex in magnitude.
Let g(s, θ) = ∥Rψ(s, θ)∥ be the magnitude of the signals
output by the interface policy at a given state s. To make
g(s, θ) a convex function of θ (i.e., larger θ correspond to
larger x) we select the prior loss LP (ψ) to be:

LP (ψ) =
∑

(s,θ)∈D

∥∥∥Rψ (s, θ) +Rψ (s,−θ)
∥∥∥2 (16)

This choice of LP together with Equation (12) ensures that
g(s, θ) forms a convex set where the global minimum occurs
at θ = 0. Put another way, the smallest signal occurs at
θ = 0 and the signal x increases in magnitude as θ increases
in magnitude. Looking at Equation (16), we also notice that
opposite values of θ correspond to opposite signals x.

Summary. To summarize our proposed approach, we use the
combined loss function in Equation (13) to tractably approx-
imate Equation (6). Optimizing this loss function produces
interface policies that (a) maximize the correlation between
human actions and θ, and (b) minimize the divergence from
human-friendly priors (e.g., proportionality or convexity). In
practice, the interface is initialized with a policy consistent
with the prior and then starts collaborating with the human.
As the interface gathers data from the human operator, it
updates the dataset D and retrains the interface policy online
to minimize the loss L across D. This leads to an interface
that adapts its signals over time to establish correlation
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Fig. 2. Results from the Treasure (left) and Highway (right) simulations. Treasure: The human starts in state s0 and tries to reach a hidden state θ that
only the robot knows. The results shown here are averaged across 5 simulations of 1000 interactions in a 3D environment. These results are consistent
from 2D to 8D environments. Ours-C outperforms all other baselines in terms of average error (p < 0.001). Highway: The human (teal) tries to pass
the autonomous vehicle (grey) without a collision. Here the results are averaged over 10 simulations of 350 interactions. Ours-C significantly outperforms
baselines and Ours-P (p < 0.001). We note that the combination of Proportionality and Convexity are not shown: we found that these two priors conflict
with one another during learning. Intuitively, this occurs because Convexity attempts to spread signals out, while Proportionality groups signals together.

with the current user, while also maintaining the intuitive
properties that humans expect interfaces to follow.

V. SIMULATIONS

We first compare our proposed approach for adapting
interface signals to state-of-the-art baselines [8], [25] and
ablations of our method across controlled simulations. We
consider two different environments — Treasure and High-
way — described later in this section. In each environment,
the interface knows the hidden information θ (e.g., location
of the treasure) and must generate signals to communicate
this hidden information to a simulated human. The simulated
humans are adaptive agents that change how they interpret
the signals between interactions. Accordingly, the interface
must adapt its signals to align with the simulated human
in order to accurately convey θ. Code for implementing
these simulations can be found here: https://github.com/
VT-Collab/interfaces-human-priors.

Interface Algorithms. We compare the following methods
for adapting interface signals:

• Bayes: The interface generates signals according to
x = A

[
s θ

]T
, where A is a matrix found using

Bayesian Optimization [1], [25]. The interface adjusts
A to maximize the total observed reward.

• Prop: The interface generates signals only according to
the Proportionality prior from Section IV-C

• Conv: The interface generates signals only according to
the Convexity prior from Section IV-C

• LIMIT: The interface generates signals to maximize the
correlation between human and robot using an existing
end-to-end approach [8].

• Ours-P: The interface generates signals according to
our proposed approach with the Proportionality prior.

• Ours-C: The interface generates signals according to
our proposed approach with the Convexity prior.

Note that — unlike the other methods — Bayes has access
to the human’s reward function and uses it to optimize the

robot’s interface. This gives Bayes more domain knowledge
than the alternative approaches.

Simulated Human. We pair each algorithm with a simulated
agent. These simulated agents are multi-layer perceptrons
consistent with Equation (2): M : X × S 7→ A. Hence
the simulated agents learns an mapping from the interface’s
signals x and system state s to human actions a. To enforce
human-like biases in signal interpretation, we pretrain the
human with corresponding interface structures (Bayes, Con-
vexity, etc.). This process is separate from the testing regime;
simulated humans are not tested with the interfaces that they
were pretrained with.

Treasure. In this environment the simulated human is nav-
igating a continuous space in Rn, and is attempting to
reach the treasure at s = θ within 10 timesteps. The
human state s and treasure location θ are randomly sampled
from U([−10, 10]n) at the start of each interaction. The
human cannot observe θ and must rely on the n-dimensional
interface signals to infer the hidden location and choose
goal-directed actions. We test the interface algorithms in
environments ranging from two to eight dimensions. The left
side of Figure 2 shows the performance of each algorithm in
a 3D environment (n = 3). We measure performance as the
error between θ and the final human state at the end of an
interaction. The results indicate that our proposed approach
with Convexity prior (Ours-C) better communicates the
hidden goal location than the alternatives (p < 0.001).

Highway. In this environment the simulated human is driv-
ing along a two-lane one-way highway. In front of the
human is an autonomous vehicle that the human must avoid.
The autonomous vehicle’s policy is parameterized by θ and
chosen from several discrete policies:

(a) The autonomous car will always stay in the right lane
(b) The autonomous car will always stay in the left lane
(c) The autonomous car will merge into the lane of the

human at the previous timestep

https://github.com/VT-Collab/interfaces-human-priors
https://github.com/VT-Collab/interfaces-human-priors


(d) The autonomous car will merge into the opposite lane
of the human at the previous timestep

The autonomous car’s driving style (e.g., policy parameters
θ) is sampled before the start of an interaction. Every
interaction lasts for 10 timesteps. At each time step, the
autonomous vehicle attempts to signal its policy using a 1D
interface with signals x ∈ R. The human needs to infer
the next action of the autonomous vehicle from its signals
and then choose an action that avoids collision. The right
side of Figure 2 shows the average collision rate for each
interaction. Once again, we find that Ours-C outperforms all
other interface algorithms, achieving a lower mean collision
rate (p < 0.001).

We hypothesize that the performance gap between Ours-C
and other algorithms is due to the symmetries that Convexity
imposes on the signal manifold: observing signals for a
particular θ reveals what signals for opposite θ may look
like. The same is not true for Proportionality: although the
difference between signals should be proportional to the
difference between hidden information, there are not intrinsic
symmetries about the signal manifold.

VI. USER STUDY

Our controlled simulations suggest that incorporating a
convexity prior over the space of interface mappings acceler-
ates adaptation. To evaluate how Ours-C performs with real
users, we next conducted an in-person study with a robotic
interface. This study took place using the same environments
from Section V. In each task the interface knew the hidden
information θ (e.g., the policy of an autonomous vehicle),
and selected signals to convey θ to the actual human.

Independent Variables. We compared three algorithms for
generating signals: Bayes, LIMIT, and Ours-C. As de-
scribed in Section V, Bayes observes the human’s reward
at the end of each interaction and updates its mapping from
(s, θ) to signals to maximize this reward. LIMIT learns
signals end-to-end to maximize the correlation between θ
and the human actions. Finally, Ours-C uses our proposed
approach to optimize for correlation while also minimizing
deviation from the convexity prior in Section IV-C.

Experimental Setup. We divided the study into two tasks:
Treasure and Highway. These tasks were identical to their
simulated counterparts. A collection of monochromatic bars
of varying color were used to communicate the interface’s
signals to the human, similar to the interface shown in Figure
1. This signal was one-dimensional for the Highway task and
two-dimensional for the Treasure task.

Participants and Procedure. We recruited 15 participants
(2 female, age 25.9±5.2 years) from the Virginia Tech com-
munity. All participants provided informed written consent
as per the university guidelines (IRB #20-755).

Each participant completed the tasks three times: once for
each method tested. Both the order of methods tested and the
order of tasks completed were counterbalanced. Participants
were never told which algorithm they were working with.

Dependent Measures — Objective. We recorded the states,
signals, actions, and hidden information during each interac-
tion. To assess user performance in the Treasure task, we
calculate the final state error of each interaction ∥sT−θ∥2. A
lower final state error indicates that the user correctly inferred
the hidden information (the position of the treasure) from the
interface’s signals. To assess the performance in the High-
way task, we determine the collision rate of an interaction:∑

(1[stR = stH]) /T . A lower collision rate indicates that the
human is able to avoid the autonomous vehicle more often
by inferring the robot’s policy from the interface signals.

Dependent Measures — Subjective. After each task and
algorithm, participants completed a 7-point Likert scale sur-
vey. This survey measured the user’s subjective preferences
along three multi-item scales. We asked users:

1) If they felt like their performance improved over time,
2) If they thought that the interface’s signals were intuitive,
3) If the interface’s signals were consistent.

Altogether, these questions gauged how well users thought
they collaborated with the interface.

Hypotheses. We had two hypotheses for the user study:

H1. Users will perform the task better when
receiving signals from an interface that adapts with
Ours-C than with either Bayes or LIMIT.

H2. Users will subjectively prefer interfaces that
adapt using Ours-C.

Results. The objective results of our user study are sum-
marized in Figure 3. To address H1, we measured the final
state error for Treasure and the collision rate for Highway.
For both metrics, lower values indicate better performance.
An effective interface will help the human in navigating to
the position of the treasure or minimizing their collision
with the autonomous car. One-way ANOVA tests showed
that participants had significantly lower error when working
with interfaces generated by Ours-C in both the Treasure
(F (3, 627) = 9.361, p < 0.001) and Highway (F (3, 837) =
2.971, p → 0.05) environments. These results indicate that
interfaces generated with Ours-C provided more helpful
signals than the Bayes and LIMIT baselines.

Regarding H2, we present the subjective results from our
Likert-scale survey in Figure 4. A one-way ANOVA analysis
of the users’ responses showed a significant difference in the
perceived Consistency of the interface signals in the Treasure
task (F (2, 39) = 3.919, p < 0.05). Although we did not see
a significant difference in user ratings for the other items,
overall, users stated that they preferred interfaces generated
with Ours-C in both tasks. Compared to the baselines, the
signals generated by Ours-C were more consistent with
user expectations — generating opposite signals for opposite
values of θ by optimizing Equation (16).

Summary. In this study we evaluated the Bayes, LIMIT,
and Ours-C algorithms with real users. Our experimental
results indicate that interfaces generated using Ours-C are
more effective in conveying the hidden information, leading
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Fig. 4. Participants subjectively preferred Ours-C to the alternatives. Users
indicated that interfaces generated using the convexity prior (Ours-C) are
more consistent and intuitive. Furthermore, participants generally felt like
they improved more over time with Ours-C.

to a greater improvement in user performance than the base-
lines. Users also subjectively preferred interfaces generated
with Ours-C stating they are more intuitive, consistent, and
helpful in improving their performance over time.

VII. CONCLUSION

In this paper we studied settings where a robotic inter-
face is attempting to convey information to a human, and
there are no pre-existing conventions for how the human
should interpret the interface’s signals. Although different
humans may interpret the same signal in different ways,
we hypothesized that all humans have underlying patterns
they expect the interface to follow (i.e., priors over the
space of signal mappings). We leveraged this insight to
propose an information theoretic approach that maximizes
the correlation between interface and human while biasing
the interface towards user-friendly priors. In practice, this
resulted in self-adjusting interfaces that adapted their own
signals to better convey information to the human. When
compared to model-based and end-to-end baselines across
simulations and a user study with 15 participants, we found
that incorporating priors accelerated adaptation and improved
communication from robot to human.
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[22] A. Ćwiek, S. Fuchs, C. Draxler, E. L. Asu, D. Dediu, K. Hiovain,
S. Kawahara, S. Koutalidis, M. Krifka, P. Lippus, et al., “The
bouba/kiki effect is robust across cultures and writing systems,”
Philosophical Transactions of the Royal Society B, 2022.

[23] J. Song and S. Ermon, “Understanding the limitations of variational
mutual information estimators,” in International Conference on Learn-
ing Representations, 2019.

[24] T. M. Cover and J. A. Thomas, Elements of Information Theory. John
Wiley & Sons, 2012.

[25] F. Nogueira, “Bayesian Optimization: Open source constrained
global optimization tool for Python,” 2014–. [Online]. Available:
https://github.com/fmfn/BayesianOptimization

https://github.com/fmfn/BayesianOptimization

	I Introduction
	II Related Work
	III Problem Statement
	IV Using User-Friendly Priors to  Accelerate Signal Adaptation
	IV-A Correlating Hidden Information and Human Actions
	IV-B Learning Interface Policies that Incorporate Priors
	IV-C User-Friendly Interface Priors

	V Simulations
	VI User Study
	VII Conclusion
	References

