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ABSTRACT
This paper investigates the potential usefulness of viewing
the system of human, robot, and environment as an “infor-
mation pipeline” from environment to user and back again.
Information theory provides tools for analyzing and max-
imizing the information rate of each stage of this pipeline,
and could thus encompass several common HRI goals: “situ-
ational awareness” [6], which can be seen as maximizing the
information content of the human’s model of the situation;
efficient robotic control, which can be seen as finding a good
codebook and high throughput for the Human-Robot chan-
nel; and artificial intelligence, which can be assessed by how
much it reduces the traffic on all four channels. Analysis of
the information content of the four channels suggests that
human to robot communication tends to be the bottleneck,
suggesting the need for greater onboard intelligence and a
command interface that can adapt to the situation.

Categories and Subject Descriptors
H.1.1 [Models and Principles]: Systems and Information
Theory; H.1.2 [Models and Principles]: User/Machine
Systems; I.2.9 [Artificial Intelligence]: Robotics

General Terms
Theory, Human Factors

Keywords
conceptual/foundational, information theory, human-robot
interaction

1. INTRODUCTION
The three commonalities that human-robot interaction

(HRI) researchers can agree on at the moment is that they
study humans, robots, and interaction. This last necessi-
tates, and indeed consists of, the transfer of information
between human and robot. The robot may communicate
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with the human through a GUI on a monitor, natural lan-
guage, a literal wink and a nod, or even a physical design
that conveys certain affordances; the human may commu-
nicate through a mouse, keyboard, natural language, facial
gestures, or even by simply being passively observed. In
all cases, human-robot interaction consists of the transfer
of information. This paper is meant to explore the idea of
treating HRI as the study of a loop of information between
environment, robot, and human (Figure 1). Though sev-
eral subfields that contribute to HRI, including psychology,
HCI, machine learning, and signal processing, have previ-
ously examined the usefulness of information theory in their
respective domains (as shall be discussed in more detail be-
low), this paper is, to the author’s knowledge, the first ex-
ploration of the usefulness of information theory for under-
standing HRI.

Information theory is often used to understand the digital
representation of sensory information, particularly in quan-
tifying how much information is lost in its digitization, com-
pression, and processing. The actions of the robot on the
environment can themselves be characterized as containing a
certain amount of information; a robot’s action is like a mes-
sage from the robot to the physical world, with inevitable
noise resulting from imperfect control. These additional
channels of information between the robot and a physical
environment distinguish HRI from human computer inter-
action (HCI). Though HCI, psychology, machine learning,
and signal processing have all at one point or another used
information theory as a tool of analysis, they have never all
contributed to the same model. It may make sense, then,
to consider whether information theory can act as a lin-
gua franca for discussing findings from these disparate fields
when tackling HRI problems.

By framing human-robot interaction and robot-environment
interaction as channels of information, HRI researchers might
quantitatively answer questions such as: How much informa-
tion is being lost on the way to the human from the environ-
ment? How efficiently and robustly can the human act on
the environment through the robot? How much processing
must the robot itself provide to make up the difference be-
tween what is commanded and what must be physically per-
formed? How should the interface be designed to maximally
reduce the possibility of error, given a rate of commands
from the user?

The current paper is not meant to be a complete theory of
HRI from an information theoretic perspective. Rather, it
is an attempt to gather various information theory findings
in one place, and ask whether something might be gained



Robotic actuation: ~500bps
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User commands:  ~10 bps
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Figure 1: The information pipeline of HRI. Sensory throughput to the robot is typically higher than the
bitrate of information conveyed to the human, and the bitrate of the human’s commands is smaller than the
possibilities afforded by the robot. (Figures assume a color camera sensor, several degrees of freedom, and
robot control via either speech, keyboard, mouse, or joystick.)

by considering these findings as parts of a whole. The anal-
ysis in this particular paper only goes as far as to consider
which information channels tend to be larger than others,
and the consequences of certain information channels being
downstream from others. The hope is that other researchers
might be interested in considering HRI from an information
theoretic perspective, and do more with it.

The next section will analyze the information content of
the four channels of the loop in more detail, and will pro-
vide examples of how much information can be transferred
by various input devices, sensors, and human cognitive abil-
ities. Section 3 will present an analysis of the overall flow of
information when the four channels are combined. Section
4 will consider what artificial intelligence can contribute to
each of the channels. Section 5 will mention some possible
uses of information theory in HRI.

2. THE FOUR CHANNELS
Figure 1 shows how information flows in a typical human-

robot interaction. There are four main channels to con-
sider in which information might be lost, distorted, or trans-
formed.

2.1 Environment to Robot
The first channel of information is from the environment

to the robot. A robot’s sensors and sensory programs limit
the amount of information that the robot can pull from the
environment; they determine the resolution, field-of-view,
and quantization of visual information, the sampling rate,
frequency response, number of channels of auditory infor-
mation, and so on.

In choosing the type and placement of sensors on a robot,
it is useful to consider the mutual information between their
signals. High mutual information indicates that there is re-
dundancy between sensor inputs, and that the sensors might
be better placed in a different configuration to maximize the
informational throughput. On the other hand, high mutual
information can be desirable if the purpose of multiple sen-
sors is redundancy. In this case, one might calculate the
expected information conveyed by the sensors, taking into
account the possibility of sensor failure. It is also possible
to weight the value of bits from different sensors, if they are
thought to be of different value to the human operator.

Example: Camera placement. Suppose a small robot
can be equipped with two color cameras, which can either
be placed binocularly in the front of the robot, or placed

one in the front, one rear-facing in the back. Placing the
second camera in the front grants depth perception, which
grants dR extra bits of information, where d is the quan-
tized per-pixel depth information and R is the resolution in
pixels; the rest of the information is essentially mutual in-
formation with the first camera. On the other hand, placing
the camera in the back grants essentially 3cR additional bits
of information, where c is the per-color bit depth (probably
a byte) with essentially no mutual information between the
two cameras. In general, c ≈ d and a rear-facing camera
conveys more information. However, if bits of depth infor-
mation are considered to be wd times more valuable than
bits of rear-facing camera information, then the designer
must decide whether wddR > 3cR. Finally, if there is a Pf

probability that the other camera fails during the mission,
then the expected utility of the information from the front-
facing second camera is (1 − Pf )wddR + Pf3cR versus 3cR
for the rear-facing camera.

The value of some channels of sensory information relative
to others need not be completely ad hoc; it is possible in
some cases to directly calculate the utility of information.
A discussion of calculating the value of side information in
decision-making can be found in [5].

2.2 Robot to Human
Every robot must interact with a human in some way, be it

through a GUI, speech, or gestures. Each of these channels
presents limits on the maximum information that can be
conveyed: a screen cannot be too cluttered, speech can only
proceed at a certain rate, and gestures typically either only
convey a bit of information (on/off) or rely on reference to
the environment to convey information.

Example: Information rate of speech. Comfortable
listening speed for speech is 150-160 words per minute [32],
though this can be increased to 210 words per minute with
no loss in comprehension [22]. Using Shannon’s entropy esti-
mate of 11.82 bits per word in English [29], the information
rate for this channel is 41 bits per second for rapidly spoken
English.

Notice that because it is typical for remotely controlled
robots to display their sensory information directly to the
user, the bits used to convey or store this information may
be much greater than their entropy relative to the task. For
example, a .WAV file containing three spoken words may
be roughly 1 second long, which at 44.1 KHz and 16 bit
sampling requires 705,600 bits; yet by Shannon’s estimate,



each word should only require 11.82 bits in the most effi-
cient encoding. Thus it is useful here to distinguish the bits
the robot uses to encode the environment from the human’s
encoding, which may be different. Generating more bits
from the sensors is not necessarily more helpful if it does
not increase the robot’s or the human’s understanding of
the environment.

To that end, we can distinguish between representation
length and task entropy. The representation length is the
number of bits the robot uses to represent the environment;
for example, the robot may encode a visual scene using three
bytes per color pixel. The task entropy is a measure of
the length of the most efficient encoding the robot could
have of its environment, given its task. The latter depends
only on the probabilities of the high-level events involved;
it can be calculated using the standard entropy equation,
H =

P
i −pi log pi, which is the average length of the most

efficient encoding of the desired information.
Example: Coffee cam bot. Suppose there is a robot

equipped with a video camera that exists solely to check
whether the coffee in the next room is ready. The robot
checks with its camera whether the coffee is ready, then an-
nounces its decision from the next room. Though the cam-
era may encode 640 × 480 × 3 × 10fps = 9216000 bytes of
information per second, the task entropy is only at most
2 ∗ −0.5 log 0.5 = 1 bit of information, namely whether the
coffee is actually ready or not; this is the only bit (literally)
of task relevant information that the robot pulls from the
environment. If the coffee is more likely to be ready than
not, the task entropy may be even smaller; for instance,
a 75% chance of coffee would result in a −0.75 log 0.75 −
0.25 log 0.25 = 0.81 bit entropy, such that the robot could
record a coffee history over n checks using only about 0.81n
bits using an efficient code. Increasing the resolution of the
robot’s camera would increase the representation length, but
would not affect the task entropy; rather, the visual image
can be seen as a very redundant code for what is essentially
a 1-bit message.

Having a larger than theoretically optimal representation
length can be useful, however, because it can reduce hu-
man perceptual error. Though a single pixel on the screen
is theoretically capable of sending 256 different messages,
in practice this would be an absurd method of conveying
information to a human, and some redundancy in the dis-
play is necessary to make a workable system. However, the
original sensory signal is not necessarily the most error-free
representation of the data, and the classic method of send-
ing multiple independent messages can reduce the chance of
human error. In general, in choosing a representation, the
distribution of human errors should be taken into account
as well.

Example: Measure twice, cut once. Suppose a sur-
veyor robot takes a measurement of the distance to a distant
hill, and sends this message to a human operator by means
of a GUI. By displaying this information as a number, the
human error is distributed by an order of magnitude because
of the possibility of omitting or inserting a digit, or moving
a decimal point. A bar graph display, on the other hand,
limits the human error to a small normal distribution about
the true measurement. Displaying both representations de-
creases the overall probability of error to the product of the
two error probabilities, and reduces the variance accordingly
as well. Multiple measurements from nearby locations, or

further alternative display methods with independent prob-
abilities of error, can drive the probability of human error
down to negligible levels, just as redundancy works in the
classic noisy 1-bit channel [5].

2.2.1 Limitations of human short term memory
It is tempting to use the fact that humans can remember

about 7 digits in the short term [20] to calculate a human
short term memory capacity of roughly 7 × log2 10 = 23
bits, and go on to reason that it should be possible to re-
member 23 boolean values in short term memory. This is
not correct; as Miller’s classic article points out [20], the
number of items that people can remember does not appear
to vary much with the information content of each item.
Letters, digits, words, and binary values all appear to be
remembered with roughly the same ease [11]. It has been
suggested that this is because short-term memory is actu-
ally dictated by a short-term “phonological loop” in which
humans can remember about 2 seconds of audio, regardless
of content [2]. (This is possibly an argument for robots to
report on their environments using “telegraphic” speech that
omits articles and makes use of abbreviations.)

What is limited by information content is the number
of different perceptual stimuli that humans can remember
in short term memory with sufficient accuracy to classify a
new stimulus. For example, it is possible to remember the
positions of 9-10 points on a line distinctly enough to classify
a new point correctly from among these alternatives; Miller
calculates the human channel capacity of points presented
on a line to be 3.25 bits, corresponding to 9.5 possible posi-
tions [20]. Some other interesting human channel capacities
cited by Miller include 2.5 bits for pitch, 2.3 bits for loud-
ness, 2.6 bits for area, 3 bits for angle, 3.1 bits for hue, and
2.2 bits for curvature [20]. Multidimensional stimuli increase
the overall channel capacity, but with diminishing returns;
for example, an early study showed that varying six different
acoustic variables such as frequency, loudness, and duration
resulted in a channel capacity of 7.2 bits, or about 150 differ-
ent distinguishable sounds [24], though linearly adding the
capacities would have resulted in at least 12 bits.

Example: Reporting battery levels via pitch. A
group of mobile robots could report their battery levels to
a human operator using pitch, where a high tone indicates
a full battery and a low tone indicates low battery. Re-
calling the battery reports just delivered from a group of
robots, a human operator will be able to distinguish be-
tween 22.5 ≈ 5 qualitatively different battery levels from a
maximum of about 7 robots, for a total of 2.5 × 7 = 17.5
bits of information.

Example: A faltering robotic smile. At 2.2 bits of
memory for curvature, a human can remember about 5 dif-
ferent curves of a humanoid robot’s mouth. Thus, a human
interacting with a robot can remember roughly two different
levels of smile, two different levels of frown, and a neutral
position, but any further subtlety in the robot’s smile will
be lost on the user.

2.2.2 Situational Awareness
In introducing the notion of “situational awareness,” End-

sley points out that situational awareness is not increased
by merely providing more information to the human, but by



increasing the human’s ability to form a model of what is go-
ing on and predict what will happen [6]. Such a view would
seem at first to reject the idea that information alone can
measure situational awareness, or that aiming to increase
information is a desirable goal.

Appealing to the idea of a mental model suggests that
it is perhaps not the information content of the information
delivered to the human that should be measured, but the in-
formation content of the human’s mental model. This could
in theory be measured by asking human users to describe
or draw their mental models of the robot’s situation, then
calculate the number of bits implied by the users’ levels of
detail and accuracy. The ability to predict future events
can also be measured quantitatively in some cases, and the
extent to which the human is correct can suggest a kind
of Kullback-Liebler distance [5] between the human’s model
and the true distribution of events.

Such measures would probably make the choice of how
to represent task entropy much easier – it could be opera-
tionally defined as the entropy of the human’s description of
the state of the environment, which is likely to be described
in terms of the task.

2.3 Human to Robot
When considering various forms of robot control, it can

be useful to consider the rate at which the human can out-
put information. If the input device conveys less information
content than the robot’s actions, the robot may need to per-
form additional onboard processing; but more information
content can command a steep learning curve for the human.
On the other hand, with the rise in popularity of video games
has come a very large increase in the information capacity
of input device channels.

Example: Atari joystick to NES controller to WASD
keys and mouse. Before the rise of the Nintendo NES in
the mid 80’s, joysticks typically contained four digital sen-
sors corresponding to the up, down, left, or right directions,
so that moving a joystick in a diagonal direction activated
at most two of these sensors. With a single fire button and
at most 8 directions, these controllers could convey at most
log 8 + 1 = 4 bits per sample cycle. The NES kept the 4
digital directional sensors, but placed them under a direc-
tional pad to be operated by the left thumb, allowing the
right thumb to operate two buttons that could be pressed
simultaneously or one of two buttons in the center of the
controller that for practical purposes had to be hit sepa-
rately, for a total of 3 + log(22 + 2) = 5.6 bits per sam-
ple. Today, “first-person shooter” games assign the 4 direc-
tional buttons to the middle three fingers of the left hand
operating the W, A, S, and D keys of the keyboard, leav-
ing the pinky to hold Shift or Control for special actions,
the thumb able to hit the space bar, the unused directional
finger free to hit one of about 6 number keys for weapon
changes, and the right hand free to manipulate the mouse
for aiming and the two mouse buttons for firing, for a total
of 3 + log 3 + 1 + log 6 + 2q + 2 = 10.2 + M bits per sample,
where M is the per-sample information conveyed by mouse
movement (see below).

Because processor speeds have far exceeded human reac-
tion time, it makes more sense to calculate the number of
samples using reaction time instead of the actual sampling
rate of the input device to determine the true number of
bits conveyed by the user. Reaction time is roughly 200 ms

for a basic response to a visual stimulus [33], but may be
more to formulate a complex multi-button reaction of the
kind described here.

Human factors play a large role in the information through-
put of devices that require pointing, such as mice, trackballs,
and analog joysticks; the rate at which targets can accurately
be selected is based on their distance from each other, D,
and their size W . Fitts’s law [7] is a mathematical model of
pointing that can be used to calculate this throughput; ISO
Standard 9241-9 [12] gives

Thoroughput =
IDe

MT
(1)

where

IDe = log2(
D
W

+ 1) (2)

and MT is the movement time; the quantity is given in
bits. One study reported a throughput of 4.9 bits per sec-
ond (bps) for a mouse, 3.0 bps for a trackball, 1.8 bps for a
joystick, and 2.9 bps for a touchpad [18]. These figures are
much smaller than the limits imposed by the hardware be-
cause of the error introduced by reaching movements, which
increases according to Fitts’s law with the size of the move-
ment.

Spoken language is another possible means of delivering
commands to a robot. A typical dictation rate is about 105
words per minute [17], which with no errors would result in
about 1.75 log V bits per second, where V is the vocabulary
size. However, speech recognition can have a high error rate,
and the actual throughput of information can drop by a
factor of 5 when phrase repetition is taken into account [14].

Various groups have also experimented with adding recog-
nition for prosody, or the pitch contours of speech, an infor-
mation signal that people produce naturally to convey affect,
mood, and relative interest [21]. According to the TOBI
model of prosody [3], words can be stressed with either high
(H*) or low (L*) tones, or can contain two-part changing
tones that can be stressed either on the low or high tone
(L*+H versus L+H*, etc.; asterisk indicates stress). Al-
lowing a word to contain one of these six patterns, or no
detectable stress at all, increases the information content by
up to 2.8 bits per word, or 7 bits per second at a natural
speaking rate. However, the more complex tones of TOBI
are still controversial and difficult to detect automatically
[15], and so the bit rate for prosody may be closer to 4 bits
per second.

2.4 Robot to Environment
Finally, when acting on user commands, the robot per-

forms some kind of physical action in the environment, which
can be seen as either a path through physical space or a
path through multidimensional joint space. The informa-
tion content of this path is the information content of the
action, which is determined in a large part by the number
of degrees of freedom (DOF) of the robot.

Example: Analog servos. The throughput for an indi-
vidual DC motor or servo varies, but an analog servo typi-
cally updates its position at 30Hz, while a digital servo up-
dates its position at 300 Hz. Though servo angle can vary
continuously, transit time to the target position effectively
limits the bandwidth of the information conveyed by each
servo motor. A typical transit time for an analog servo is



roughly 0.2 sec/60 degrees, meaning that an analog servo
can only effectively update is position by about 10 degrees
in either direction per signal. Since noise can result in servo
positions being off by a few degrees, a quantization of the
servo position might assign about three degrees to each po-
sition, resulting in 3 bits per signal or a maximum bitrate
of around 90 bps.

For many robots, the number of DOF in the robot’s end-
effectors is larger than the number of DOF in the user’s
input device, or the number of DOF the user can effectively
control. In this case, there are three options: the subspace
of available actions can be reduced to match the DOF of the
input device; more information can be acquired from the
user over time by making the commands less than real-time;
or the missing information can be supplied by the environ-
ment itself, with the robot’s onboard intelligence converting
the sensory information into path information.

Example: Robonaut. Robonaut is a humanoid robot
built for remote teleoperation in space, consisting of two
seven degree of freedom arms, two five finger hands with a
total of 12 joints, a two degree of freedom neck with multiple
cameras, and a three degree of freedom waist [4]. Though
Robonaut’s input devices include wearable gloves and posi-
tion trackers for the arms, neck, and waist of the operator,
in practice the human operator cannot effectively control
such a high-information signal in real-time. As a result, all
three strategies mentioned above are used to augment the
information content of the human’s signal: primitives for
hand motions reduce the space of possible motor actions of
the robot’s hand; the human can issue verbal “freeze” and
“thaw” commands to various joints so that the robot parts
can be controlled in serial over time; and work continues on
finding ways to extract the necessary information for motor
tasks from the sensory and motor inputs [23].

3. THE INFORMATION PIPELINE
When a human-controlled robot must respond to an event

in the environment, the information travels through a loop
from environment to robot to human and back again (Figure
1). The information from the environment first passes to the
robot through the sensors, then from the robot to the human
via an interface. The human then reacts by sending some
command (or no command at all, which is still informative)
to the robot, and the robot performs some action on the
environment. The final action of the robot is ultimately
some noisy function of the event that prompted the human
to act.

With this loop and the preceding analysis of the four chan-
nels in mind, there are a few observations that can be made.

3.1 The Human to Robot Bottleneck
If at any point in the loop, one of the channels has a

limited throughput, then the information content of all the
subsequent channels is limited as well. For example, if the
robot cannot perceive more than 3MB/s of information from
the environment, it cannot possibly pass on more informa-
tion than this to the human. If the human’s commands have
a throughput of no more than 4 bps, then the robot’s actions
are similarly constrained to no more than 24 = 16 possibil-
ities for every second the user spends sending commands.
Which channel is the usual bottleneck?

Modern robots meant for human control typically use video
input, which in color at 320 × 240 resolution is about 230 KB

per frame, or on the order of 2-6 MB per second depending
on frame rate. The user’s input devices possess a throughput
that is magnitudes smaller, on the order of bits per second
once user accuracy is taken into account. Thus, under al-
most all circumstances, the human’s commands will contain
less information than this sensory input.

The robot to human channel lies somewhere between these,
depending on how one wishes to quantify the task relevant
information. The raw video data can be displayed on a
GUI, but the genuinely new information that updates the
human’s mental model of the situation is undoubtedly more
compressible than this. However, the updates to the hu-
man’s mental model of the situation should generally con-
tain more information than the human’s signal to the robot,
because the human’s commands typically only manipulate
the robot, which is only one element of the environment
among many which the human must represent. Thus, even
if the human possesses a highly compressed model of the
situation, the human to robot commands will contain less
information than the channel to the human.

Given that even a single analog servo can sample infor-
mation at a rate much faster than most human input de-
vices can accurately supply it (see above), it is probably fair
to say that the transmission bottleneck will usually be in
the Human to Robot channel. Though human control may
appear to be able to control servos with a high degree of
accuracy, such control generally requires feedback from the
robot, which reduces the human’s throughput relative to the
amount of information actually being provided.

This is not to say that the Human to Robot channel pro-
vides the least useful information, or that it is most in need
of augmentation – but it is the speed bottleneck in the in-
formation transmission loop, and therefore most in need of
well-chosen codes. These commands must somehow span the
space of the robot’s actions using as few bits as possible. As
a result, efficiency can be improved by using commands that
access multiple motors and initiate sequences of actions that
tend to co-occur, instead of relying on low-level commands
that are essentially “uncompressed.”

3.2 Processing Cannot Increase Information
The data processing theorem [5] states that any deter-

ministic function of a random variable cannot contain more
information than the random variable itself. This has im-
portant implications for the HRI information pipeline, be-
cause the robot is essentially only performing deterministic
functions on the input from the environment and the user,
and the human user’s responses are presumably also more or
less deterministic functions of the communications from the
robot and the human’s goal. That is to say, the robot’s final
action a is a function of the human’s command c and the
robot’s sensor input s, while the human’s command is itself
a function of the information i the human received, which
in turn was a function of the robot’s sensor input, and the
human’s goal g: a = a(s, h(i(s), g)). There are some inter-
esting implications that follow from the fact that there are
only two real random variables here, s and g, but several
composed deterministic functions.

First, no amount of processing of the robot’s sensor sig-
nals can increase the information available to the human, be-
yond what was in the signals themselves. At best, the robot
might change information from a modality that is difficult
to process to one that is more lucid (for example, display-



ing range-finding information as a bar instead of a number),
but no amount of “data mining” can present a pattern to the
human that was not there to be seen in the first place.

Second, the amount of information in the signal from the
environment strictly decreases as it passes through the loop.
If the robot has access to the human’s goal ahead of time,
or knows it from a previous communication, the human es-
sentially contributes processing power and algorithms, but
not new information.

Third, a robot that acts on its sensory information au-
tonomously is inherently more expressive than one that is
restricted to human control, assuming it already has ac-
cess to the human’s goal. In terms of information content,
H(a(s, g)) ≥ H(a(s, h(i(s), g))). Greater information con-
tent of the robot’s actions would mean that it would be able
to use its native motor speeds and resolutions faster and
more accurately, allowing it to follow paths of motion that
would be impossible under human control.

4. THE ROLE OF ROBOTIC INTELLIGENCE
As we have seen, human attention and short term memory

place a bottleneck on the amount of information that can be
successfully transmitted to the human, while input devices
and the speed of speech typically limit the rate at which
information can be transmitted to the robot. Obviously,
any interaction that can be handled autonomously by the
robot, without consulting the human, reduces the reliance
on these information bottlenecks. Thus, while Figure 1 may
appear to assume a paradigm of teleoperation, it in fact is an
argument against teleoperation and for increased autonomy,
given the small throughput of the human-to-robot channel.
However, even when a human is involved in the loop, robotic
intelligence can serve to improve the effectiveness of all four
information channels.

Maximizing environment-to-robot throughput: Ex-
ploration. The environment-to-robot channel typically pulls
sensory signals from the environment at a steady rate; how-
ever, the information content of these signals can be quite
small if the robot is not doing anything on its own. Video
and other sensor signals from a motionless robot are highly
correlated from one moment to the next, whereas a robot
that is actively exploring its environment produces more in-
formation. In the presence of a task, information can be de-
fined relative to the task’s goals (the aforementioned “task
entropy”), and the robot can act to maximize information
gain relative to the task. In the absence of a task, the robot
can still act to increase its overall sensory information by ex-
ploring areas of the environment with high uncertainty. The
use of information content to guide exploration is explored
in [30].

Maximizing robot-to-human throughput: Finding
efficient representations of sensor information. To
the extent that the robot can combine sensory information
over time and find interesting patterns, it can reduce the
attentional and short term memory load on the human. Ex-
amples include creating mosaics of the environment from
individual video frames [27], Simultaneous Localization and
Mapping [30], and identifying and storing key frames of hu-
man actions in the video sequence [1].

Maximizing human-to-robot throughput: Learn-
ing and offering efficient commands. Commands can
be delivered much more quickly when they are delivered at a
high level of abstraction; “get the chair and bring it here” is

much more succinct than specifying the sequence of move-
ments necessary to carry out this plan in detail. To that
end, robotic intelligence can make human-robot communi-
cation more efficient by providing methods for on-the-fly vo-
cabulary acquisition [10], learning to imitate actions [28],
and interpreting natural language [13]. Another possibility
for non-verbal interfaces is for the robot to offer high-level
commands based on predictions of the user’s intentions –
for instance, offering a limited-time hotkey to zoom in on a
particular object that the robot judges to be novel.

Maximizing robot-to-environment throughput: Mo-
tor control. The traditional scope of robotics still applies
to human-robot interaction, and efficient path planning, in-
verse kinematics, and control are necessary to handle the
extra degrees of freedom beyond what the human operator
can efficiently control.

5. WHAT MIGHT INFORMATION THEORY
GET US?

So far, a case has been presented for the idea that infor-
mation theory can describe many aspects of HRI and the
various roles of AI in HRI, but it has not yet been shown
that information theory itself is useful. Here are some ways
in which the information theory framework may prove to be
useful.

Metrics. Calculating the information throughput of a
particular sensor configuration, algorithm, or interface gives
a way of evaluating different methods or algorithms before
moving to the human studies phase.

Theoretical bounds. Calculating the theoretical capac-
ity of a particular channel can inspire more creative ways to
make full use of it.

Finding the bottleneck. When building a complete
HRI system, finding the channel with the smallest informa-
tion rate can help focus on the weak points of a system, while
avoiding overengineering of others. High resolution sensors
and extra DOF on a robot may go to waste if the human in
the equation cannot take advantage of them.

Applicability of AI results. Several popular artificial
intelligence algorithms, such as decision trees [26] and expec-
tation maximization [19], operate by calculating the repre-
sentation length (or equivalently, the posterior probability)
of the data under different models of the world, and choos-
ing the model that minimizes representation length (maxi-
mizes posterior probability). Being explicit about the rele-
vant information in a robotics problem makes it easier for AI
specialists to apply these abstract techniques to real-world
robotics problems, and analyze the effects of choices else-
where in the pipeline.

Mathematical theorem mining. Information theory
has been around longer than HRI, and has a much deeper
trove of theorems than can be explored here.

6. CONCLUSIONS
This paper has argued that many problems of HRI can be

viewed as problems of sending efficient and error-resistant
signals between environment, robot, and human. Informa-
tion theory provides a way to quantify how changes to a
robot’s configuration, algorithms, or interface can affect this
flow of information. For designers of whole systems, think-
ing about HRI as an information pipeline can focus design
attention on the parts of the system where bottlenecks arise,



and allow informed decisions about which methods to use in
combination with each other. For designers of particular
parts of the HRI interaction, information theory provides
a way of quantifying the success of one’s own piece of the
puzzle, and communicating that success to people in other
subfields. For the AI researcher, the information pipeline
model encourages the application of information theoretic
machine learning techniques on not just the data from the
environment, but all four channels of information. For the
theoretician, information theory opens up HRI as a fertile
ground for the application of theorems hitherto unknown to
HRI researchers, with the potential for surprising empirical
predictions.

For each channel in Figure 1, quantitative results can be
obtained about the total information throughput, and these
suggest ways to improve the interaction. “Situational aware-
ness” can be increased by increasing the information ob-
tained from the sensors, either by adding more sensors or by
reducing mutual information between existing sensors, but
also by finding concise and task-relevant representations of
the data, then communicating these in a manner that takes
into account human perceptual error and short term mem-
ory constraints. Information throughput from the human
to the robot can be increased by choosing interfaces with
high information throughput, and using AI techniques to
generate efficient, high-level commands that are specific to
the situation. Information throughput of the robot to envi-
ronment channel can be maximized by the application of AI
and vision techniques that use information from the environ-
ment to expand high-level human commands into complex
activities in the real world, allowing the use of more DOF
than would be possible if the human had to control the robot
directly. Artificial intelligence, which subsumes machine vi-
sion, machine learning, control, and other subfields, can play
a role in increasing the amount of task-relevant information
that passes over each channel while reducing the overall load
on the human-robot channels.

The success of this formulation of HRI will depend on
whether task entropy can be quantified and agreed upon for
particular tasks. Increasing information without regard to
task is unlikely to be useful; random numbers, for instance,
possess a large amount of information, but randomly inject-
ing them into communication will not achieve anything. In-
stead, information flowing to the human should be quantified
relative to the events of interest to the operator – the loca-
tions of obstacles and goals, the state of the robot, and so on
– and it is these high-level events, rather than the low-level
sensory information, that should be the focus of information
theoretic analysis. Nor is this to say that robots should only
communicate to their users in abstract paraphrases of the
situation. A direct video feed is a useful way of including
the redundancy necessary for the robot-human channel to
be error resistant. But it is just one way of introducing such
redundancy, and it may not be the best way. Separation of
source and channel is potentially a useful way of thinking
about the distinction between the information the robot is
conveying to the human, versus the means by which it is
presented.

This formulation of HRI does not say much about impor-
tant work on the psychological perception of robots [9, 25,
31], nor anthropological studies of how robots are used in the
home [8]. It is therefore not a complete description of HRI,
nor is it intended to be. However, these studies can inform

the information pipeline model by revealing what informa-
tion naive users may be getting from or giving to the robot
regardless of the designer’s intentions. For example, prosody
may exist as a side channel in natural language interactions
regardless of whether the robot designer makes use of it. A
field study may reveal that operators are actually using the
sound of the robot’s motors to make certain decisions, a side
channel of information that may make some GUI elements
redundant. An impression of a robot as dangerous or un-
approachable may kill certain channels of communication.
Theoretical analysis cannot replace field studies, but it can
make use of them and, in some cases, motivate or justify
them.

One weakness of an information theoretic model is that
the analysis gets somewhat murky on the human end of the
pipeline. Several psychological effects, such as the process-
ing cost of goal switching, the improved performance that
results from practice, the results of comfort and stress, and
even the varying levels of situational awareness produced
by different systems, are not quantitatively understood well
enough to make theoretical predictions about how they im-
pact information throughput. However, information theory
does provide another means of measuring these effects, by
focusing on the very quantifiable information throughput of
the human rather than the debatable mental models that
produce it. In some cases, information throughput may be
more relevant than simple response time, since response time
cannot be fairly compared across input and output methods;
in other cases, it may be more accurate than Likert scales,
since human subjective judgments can be very unreliable
when made about the subject’s own performance [16].

Several subfields of HRI have at one point had a love af-
fair with information theory: psychology, machine learning,
HCI. In each case, the fields at some point moved on to a
framework that was more specific to their field. But it may
be worth reconsidering these older viewpoints when analyz-
ing how different parts of the HRI framework interact, since
information theory and HRI are both, at their cores, about
effective communication.
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