





Figure 1. Wizard/Oz Combinations

2.1 Wizard of Oz

This is the traditional model where robot behavior is simulated,
usually by an experimenter [1]. As previously stated, this
approach is widely accepted by the field [2-4]. The evaluation
captures the influence of human behavior in the environment but
does not measure actual robot behavior, as influenced by the
environment. Realistic system behavior can be estimated but may
not be realized until years of technology advances have occurred.

2.2 Oz of Wizard

Like its predecessor, such experiments can estimate realistic
system interaction. However, the risk of error is directly tied to
the simulation of the human. Human involvement is simulated
through detailed models or through controlled approximations,
depending on what barriers and resources are present. The latter
may be sufficient for gross estimation of system behavior. This, in
turn, can inform the next technology research iteration.

Oz of Wizard primarily applies to enabling technologies for HRI
research. This category includes, but is not limited to, vision and
learning algorithms, robot platforms with novel integration, and
architectures for cognitive modeling. Work in this area often
comes from or has a strong intersection with other technology-
focused research areas, such as computer vision, machine
learning, and artificial intelligence as well as broader robotics
research. Evaluation for such enabling technologies must
demonstrate feasibility for advancing human-robot interaction in
terms of both the validity of the proposed technology and its
suitability to enable new or better modalities for interaction.

Technological validity can often come from metrics used by the
intersecting research community. For example, such metrics can
be based on Receiver Operating Characteristic Curves [8, 9] for
recognition in vision or speech interfaces, mean squared error
from ground truth for prediction [10] and classification [11]
learning from demonstration, and properties from autonomously
learned POMDP models [12, 13]. However, satisfying
technological metrics alone does not constitute an HRI
contribution. For example, precise human pose tracking from

video [14] can be done in a manner that, in theory, supports
human-robot interaction, but is computationally too expensive and
time consuming for applicability in the near future. Thus, it is
critical for proposed Oz of Wizard papers describe a path to
feasibility where fundamental assumptions and limitations are
clearly stated and can be overcome in leading to systems suitable
for use in experimental HRI.

In the area of cognitive modeling, work by Trafton, et al [5] is an
excellent example of Oz of Wizard with moderately precise
human modeling. This work used ACT-R to emulate the through
processes of a young child for learning the game of Hide and
Seek. While only one child was observed, not enough for a valid
population sample, the level of modeling is not simplistic. The
resulting HRI evaluation focuses on the success of the robot to
interact with the human during a game. The work is clearly
focused on HRI technology advancement.

2.3 Oz with Wizard

When human participants are introduced into an Oz of Wizard
evaluation, but not measured precisely, the combination can be
called Oz with Wizard. We use “with” to express that the
measurement of Oz is not precise and or not measured at all. Oz
merely accompanies the Wizard'. Examples of evaluations in this
model are measurements of robot reliability and performance
during actual use. Such evaluations have validity on robot
behavior in a realistic environment but lack clarity on Oz.

Srinivasa, et al [15] describe a robotic home assistant which was
demonstrated around humans during a number of events,
including a large lab open house. Robot behavior was clearly
affected by the presence of humans but the evaluation is strictly
focused on robot-centric metrics. For example, the authors report

' We elected to use “with” after some debate. We wish to
emphasize the notion that this term implies being present, but on
a lesser footing. I.e., “the dog was with its owner”.



a failure rate of roughly 20 out of 220 when the robot attempted to
move a mug to the dishwasher.

2.4  Wizard with Oz

Many studies in the field of HRI fall into the next category,
Wizard with Oz. In this case, measurement of robot behavior, as
influenced by a realistic environment, is neglected in favor of
close measurement of the Oz. Examples include, but are not
limited to, quantitative laboratory studies with real robots and
context assessments preceding robot deployment.

In a study by Humphrey and Adams [16], twenty-four participants
were recruited to test various compass visualizations for remote
operation of a mobile robot. The authors used a simulated robot
and environment but did not control the robot behind the scenes.
The evaluation largely measured the human component of the
system through metrics including preference, situation awareness,
and workload. System behavior was examined with task
performance measures.

Yamaoka, et al [17] explored the question of how close should a
robot get to a user during social interaction. This study exposed
participants to a real robot during a simulated retail sales event
and obtained ratings on user comfort and robot likeability. In this
case, human behavior and the whole system is being measured but
there is still a large portion of Wizard being simulated due to the
environmental constraints placed on the experiment. Specifically,
the study was limited to a 3x3 m area with pristine conditions
(e.g., no additional customers, retail noise, clutter, etc).

Likewise, this category includes research where real robot
behavior is tested in a simulated environment. For example,
Hoffman and Breazeal’s [18] work on anticipation algorithms
collected data on human perception of robot behavior from 32
human participants. The experiment was run using a simulated
robot in a simulated environment but the robot behaviors were
real.

Context assessments preceding robot development and
deployment are included in this category since the researcher is
extensively measuring not just the human’s expectations and
perception of robot involvement but also the environment and
tasks that will directly affect robot behavior. Examples of this
include, but are not limited to, ethnographic studies (e.g., [19])
and surveys of human expectations (e.g., [20]).

2.5 Wizard and Oz

When both the Wizard and the Oz in an evaluation are real and
tested in the envisioned environment, the researcher has full
representation of both Wizard and Oz. This is the preferred
method for evaluating human-robot interaction and is manifested
as a real-world experiment where increasing levels of
environment realism leads to a greater distance from the origin.
The whole system is being influenced by the actual environment
and no simulated behaviors are required. The assumption that the
environment effects the robot and human independently can also
be relaxed and system behavior can be directly measured, rather
than estimated.

The work by Scholtz, et al [21] is a good example of Wizard and
Oz. This study involved eleven teams competing in an urban
search and rescue (USAR) competition. Robots were deployed in
a physical environment explicitly designed to emulate challenges
typically encountered by robots within an USAR setting. While

this was not a real-life field test it does capture a great deal of
environmental realism. The competitive nature of the event also
raises the human’s stress levels above a typical laboratory
experiment. The authors also collected data on the robot, human,
and system, thus leading to evaluation of both Wizard and Oz.

Field operational tests are the ideal. Such evaluations are
admittedly resource intensive but they permit a strong feedback
loop between technology development and evaluation. Successful
execution of a field test requires mature technology that works for
the user. Besides issues of abandonment, reliability, and
acceptance, technology maturation is also driven by the noise
present in real-life tasks and environments. This was especially
evident in Casper and Murphy’s [22] assessment of HRI during a
live USAR deployment. The seventeen findings from post-hoc
analysis detail a broad collection of issues related to HRI, ranging
from robot sensors to operator fatigue, group interaction,
acceptance, and the impact of the environment.

As with before, this category is not limited to quantitative
evaluations. Mutlu and Forlizzi [23] conducted an ethnographic
analysis of a service robot deployment within a hospital
intermittently over 15 months. This research captured details
about HRI for an actual robot product within a real environment
and workflow. The result is a comprehensive assessment of the
system as a whole.

2.6 Wizard nor Oz

This is the case where all aspects of the system are simulated
(neither Wizard nor Oz are real). This is the least desirable
approach in that there is limited basis in reality for all of the
components. Good work can still be accomplished in this category
but the onus on authors is heavier. Assessment of scientific
advancement can be more challenging if human, robot, and
environment models are not precise or grounded in empirical data
already collected in other experiments.

While intelligent transportation is not traditionally viewed as HRI,
we point to the work done by Krishnan, et al [24] on a simulated
rear-end collision-warning system as an example of good work in
this category. The team compiled a model using inputs drawn
from a wide range of data to provide a highly realistic prediction
of system performance along various design parameters. Inputs
included data drawn from literature on human response time,
braking rates, traffic mix, and vehicle mass. The team even
acquired traffic speed data from a local municipality.

3. SELECTING A TECHNIQUE

In arguing for the acceptance of this range of methodologies, it is
important to discuss the selection process in designing an
appropriate experiment. In some cases, choices will be dictated
by the availability of either technology or appropriate safety and
feasibility constraints (as discussed in Section 1.3). However, in
many other cases, multiple methodological approaches will be
feasible. In these cases, researchers today often make these
decisions based on expediency and cost. We argue that the choice
of a methodology should rather be guided by an informed decision
that weighs the costs of a study with the potential applicability of
the proposed research. We motivate this discussion with examples
drawn from our own work, as the decision process behind
methodological choices can only be assumed from most published
work in HRL.



3.1 A Clear Example of Wizard of Oz

In recent work, Bainbridge, et al [25] were interested in
understanding the impact that embodiment has on how a user will
respond to potentially difficult or unusual requests from a robot.
Their application domain was socially assistive robotics [26], in
which, for example, a robot might encourage a stroke victim to
perform a series of difficult rehabilitation exercises. The focus
here was on the human user's response, not on the development of
unique technology or an autonomous capability of the robot, and
on typical adults without disability, thus providing a baseline for
future work.

To study the effect of embodiment, they placed subjects in an
office environment and asked them to follow the directions of a
robot on where to move piles of books. In some cases, the books
were moved to a shelf (a typical task) while in others the robot
indicated that expensive textbooks should be thrown into the trash
(an unusual task). The robot would either be present in the room
or displayed live on video feed on a large flat-panel display. A
great deal of effort was expended in providing appropriate
controls to mitigate the differences between a 2-D projection and
a 3-D figure, between a system that made noise in the room and a
remote system that broadcast audio, and the interactivity that
might be present on either system.

After careful thought, a Wizard of Oz methodology was selected.
This allowed for precise control of the interactivity and reliability
of the robot (either physical or virtual) while maintaining a focus
on human responses. This methodology was costly; more than 60
subjects were recruited, and data recording, coding, and analysis
required more than three months. In the end, the study provided
evidence that humans were more willing to perform the unusual
task with a real robot than with a virtual character. Although the
robot design and the task design do not match the application
domain, the results still offer a strong argument as to why robots
might be more valuable in assistive technology than virtual
characters (even characters with the fidelity of a live broadcast).

3.2 Strictly Oz of Wizard

In work by Jenkins et al. [9, 27, 28], the objective was to develop
state estimation systems, from monocular vision, to enable
socially interactive robots to perceive non-verbal human cues,
namely human pose and gestures. By enabling perception of non-
verbal cues, humans could interact with robots more of a peer-to-
peer manner, where less direct control of the robot is necessary.
While the purpose of this work was to support HRI, this effort
was clearly Oz of Wizard in using simplified models of human
subjects, such as limitations on the type of movements that could
be performed and the user's rough body proportions. These
assumptions were made to demonstrate the feasibility of the state
estimation systems through an experimental prototype. Further,
this work emphasized aspects that would allow the proposed
methods to run fast enough for online and onboard computation,
and thus within plausibility for application to HRI in the
foreseeable future.

The Oz of Wizard approach has been used to make additional
advances on this enabling technology. Recent work indicates that
sensing, not necessarily algorithms for computational perception,
play more of a role in estimating non-verbal cues [28, 29]. This
work replaced the monocular color camera with an infrared-based
depth camera. As a result, a system capable of interactively
following a person and recognizing gestures was created that

worked with common “off-the-shelf” algorithms for perception,
such as Support Vector Machines for person detection and Hidden
Markov Models for gesture recognition.

3.3  Mixing Wizard and Oz

We seek in this section to provide an example that both mixes
some of the combinations of Wizard and Oz components and one
which changes over time as an experiment becomes more mature.

In a series of studies, Gold and Scassellati [30-32] developed a
computational model of language acquisition that allowed a robot
to learn the meaning of pronouns (such as “I”, “you”, “here”, and
“there”) by listening to conversations between competent adult
speakers. The goal of this work was both to provide an algorithm
for acquiring these words from real-world discourse and to
provide a possible model of how human children perform this
word-learning task.

The first published work in this line of research [30] focused on
the technology development for an algorithm that could learn that
“I” referred to the speaker and “you” referred to the addressee
when other fixed words in the vocabulary (e.g., “ball”) were
known and could be correctly identified within a scene. While the
primary effort was on the technology development, it was
important to establish that the algorithm could be successful on
the kind of utterances that people generate. Because only a proof-
of-concept was required, the authors elected to use an often-used
database of parent-to-child utterenaces [34] as the input to their
algorithm. From the transcripts of these conversations, the authors
manually provided the system with information about the
environment that matched what they could be inferred from the
conversation (including, for example, who had the ball). In this
respect, although the human utterances were taken from actual
parent-child conversations, the system used only a simplification
of real human-human conversations and with a limited
environment. In the classification presented here, this study used
an Oz with Wizard method, as the technology was novel but the
human interaction simulated.

As the technology was refined, [31, 33, 35] the nature of the
experiments shifted away from studies with pre-canned human
data and toward experiments that allowed the robot to learn
directly from overheard conversations in the real world. For
example, in [33] the robot was able to learn the meanings of the
words “I”, “you”, “am” and “are” from listening to an exchange
between two students playing catch in front of the robot. Most
interesting from this study was that the robot was able to learn
these words successfully only when it overheard conversations
between two other people, not from conversations involving only
one user speaking directly to the robot. (When speaking only to
the robot, it is difficult to determine what the word “you” really
means, as it always refers to the robot!) This finding matches
results from developmental psychology in which second-born
children learn pronouns more quickly than first-born children,
presumably because there are more conversations for the second
child to overhear (analysis of this is presented in [35]). While the
sampling employed only a few pairs of subjects recorded for only
a few minutes at a time, the results demonstrated novel
technology deployment on real user interactions in the real world,
thus qualifying it as Wizard and Oz. The final results from this
study were both a technological advance in machine perception
and a greater understanding of the nature of human input that
allows for language learning.



4. DISCUSSION

As stated above, the acceptance of the Wizard of Oz model within
the HRI community suggests that the inverse model, Oz of
Wizard, should also be viewed as an appropriate HRI
methodology. The simulation of human behavior, as influenced by
the environment, is a powerful approach for advancing research
on the technology side of HRI and should not be downplayed by
the community.

We acknowledge there is risk to endorsing Oz of Wizard and
Wizard nor Oz methodologies with simplified human models.
Solid and constructive peer review combined with evaluation of
the work in the spirit of the proposed guidelines can foster both a
successful model for reporting results and greater understanding
and mutual benefit within the entire field of HRI research. Such
understanding is critical in establishing a common foundation to
move the HRI community forward. The risk engendered by the
assumption that human behavior follows some simplified
behavioral model is no greater than the risk engendered by the
assumption that future technology development can be accurately
predicted.

We suggest that researchers using simplified human models self-
assess their work before submitting such work for publication. If
it is hard to justify such models using the proposed guidelines,
then we strongly recommend incorporation of more Oz into the
work prior to submission. This can be through: (a) obtaining
better human models, (b) utilization of an Oz with Wizard
approach, or (c) moving fully into Wizard and Oz.

Through definition of Wizard of Oz and Oz of Wizard
methodologies, we also see a manner in which to assess the
quality of other types of HRI research. The fundamental aspect of
this framework is the influence of the environment and the
researcher’s use of simulation through software, physical setting,
and/or task. This is a logical factor to take into account when
categorizing HRI research since robotics is “in the world”.

In closing, the complex nature of robotics is what makes HRI
different and exciting when compared to human-computer
interaction and related fields. This added complexity comes from
the inherently broader set of disciplines required for successful
deployment of HRI in the real world. It is important for the HRI
research community to accept this interdisciplinary nature as a
valued asset rather than a weakness. As such, we must be open
and accepting of quality research done on the interaction
technology side of the human-robot system.
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