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ABSTRACT
This paper presents a novel algorithm for detecting contingent
reactions to robot behavior in noisy real-world environments with
naive users. Prior work has established that one way to detect con-
tingency is by calculating a difference metric between sensor data
before and after a robot probe of the environment. Our algorithm,
CIRCLE (Contingency for Interactive Real-time CLassification of
Engagement) provides a new approach to calculating this differ-
ence and detecting contingency, improving the running time for the
difference calculation from 2.5 seconds to approximately 0.001 sec-
onds on an 1100-sample vector, and effectively enabling real-time
detection of contingent events. We show accuracy comparable to
the best offline results for detecting contingency in this way (89.5%
vs 91% in prior work), and demonstrate the utility of the real-time
contingency detection in a field study of a survey-administering
robot in a noisy open-world environment with naïve users, showing
that the robot can decrease the number of requests it makes (from
38 to 13) while more efficiently collecting survey responses (30%
response rate rather than 26.3%).

CCS CONCEPTS
• Human-centered computing → Empirical studies in HCI;
Empirical studies in interaction design; • Computing methodolo-
gies→ Intelligent agents; • Computer systems organization
→ Robotic autonomy;
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1 INTRODUCTION
Social robots deployed “in the wild”, especially in open-world en-
vironments, may need to be able to model and understand the
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(a) The robot greeting a member of the
research team in the lab area.

(b) The robot greeting a member of
the research team in the public area.

Figure 1: The robot was deployed in two different locations:
a quiet lab environment and a busy public area.

bi-directional relationship between their actuators and perceptual
data in real time, without a priori information about what those
changes may look like. Whether the robot looks around when a
loud noise is heard, or waves and waits to see if anyone responds,
these contingent relationships between robot behavior and the con-
tinuous numerical data of it’s sensor inputs form one possible basis
for rich, lively, and productive human-robot interaction (HRI).

In this work, we operationalize contingency as a correlation be-
tween robot behavior and changes in the environment as measured
by the robot’s sensors.We focus on the casewhere the robot tests the
environment by engaging in a behavior and waiting for a change. In
this work we present a new variance-based real-time algorithm for
detecting contingent changes in sensor data, CIRCLE (Contingency
for Interactive Real-time CLassification of Engagement) and evalu-
ate its performance and running time using in-lab acted data. We
then test CIRCLE in an open-world deployment where it enables a
robot to be appropriately proactive when conducting a survey.

We show that the CIRCLE algorithm results in runtime and
accuracy improvements over a previous graph-based approach
[17] from approximately quadratic to approximately linear time
in the sample rate. In practice, this enables real-time use of the
model: the running time for an 1100-sample vector, comparing an
8 second window of data before the robot’s test to the 3 second
window of data after, decreases from 2.5 seconds to approximately
0.001 seconds. We also demonstrate using ROC curves that the
new approach has equal or greater discriminative power than the
prior approach. We collect acted data in-lab and in the field, and
live-annotate natural reactions to the robot in the field, and show
that on these annotated datasets, CIRCLE gives 89.5% accuracy
on lab data, 78.1% accuracy on acted data in the field, and 81.0%
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accuracy on natural data in the field, giving similar results to the
91% accuracy of offline algorithm presented in [17] and improving
on the 77% accuracy of the real time algorithm presented by [8].

We test the CIRCLE algorithm in a field study in the public area of
an academic building, a high-noise and high-traffic environment, in
a survey-collecting task. Using the CIRCLE algorithm, the robot is
able to use short probes of the environment to choose appropriate
times to make a longer speech requesting that people fill out a
survey. We show that not only does CIRCLE match the accuracy
of the cross-validation on training data when deployed in the field,
but it also improves the robot’s ability to engage with users. The
robot using CIRCLE is more efficient at collecting responses by
making less requests (made 13 requests and received 4 responses)
than a baseline of the robot requesting at regular intervals (made 38
requests and received 10 responses), and spends less time speaking
(13 requests in 2 hours rather than 38), thus causing less disruption.

2 RELATEDWORK
Contingency is a fundamental characteristic of social human-human
interaction and is an important dimension of adaptation throughout
development [1, 6, 29]. As early as infancy, babies use contingency
to detect responsive social agents [4, 30]. In addition, contingency
learning allows people to obtain desirable outcomes or avoid un-
pleasant ones. For instance, a salesperson handing out flyers/sample
products does not approach every person that walks by but instead
uses various contingency cues to determine who to approach and
initiate interaction. Thus contingency is one of the social intelli-
gence skills that a robot must exhibit in order to be seamlessly
integrated and accepted into society [2, 7, 31].

Not onlymust robots be able to detect contingent events, but they
must do so in increasingly noisy and unpredictable environments,
such as large public spaces. Tasks in these spaces may include adver-
tising and providing route guidance to shoppers [14, 15], delivering
snacks [18], distributing flyers to pedestrians [26], waiting and
bartending in restaurants [3, 16], transporting goods and samples
between departments in hospitals [20, 27], and more. These sce-
narios require the robot to understand and react to changes in the
environment, especially human social behaviors. A part of this un-
derstanding includes being able to distinguish between contingent
and non-contingent behavior, to predict who might be interested in
interacting with the robot and who is unavailable or uninterested.

Most prior HRI research has also defined contingency as a change
in a human interaction partner’s behavior within a specific time
window. They have investigated contingency by determining which
mode(s) of communication and expected timingwindow contributes
to a contingent response [5, 11]. Others have approached contin-
gency as an engagement recognition problem. Yamaoka et al. [32]
explored the effects of different levels of contingency with respect
to the complexity of the robot’s capabilities. Similarly, Pourmehr
et al. [24] and Satake et al. [25] identified the most engaging person
in a crowd for the robot to interact with and Nigam and Riek [23]
classified whether it was appropriate for a robot to interrupt hu-
mans depending on the social context. We use a similar multi-modal
approach, but provide a more general framework for detecting con-
tingent responses.

Prior work in HRI on modeling contingency has used a single cue
or combination of various cues including motion, body pose, audio,
and gaze [8, 10, 17, 19, 22, 24, 28]. Most of this work was framed
around the scenario that the robot initiates a contingent behavior
and then detects if there is a contingent response from a human.
Some of this work has focused on recognizing high-level features,
such as body pose [24] and gaze [28]. However, these features can
be computationally expensive and unreliable, and require the robot
designer to correctly anticipate the range of responses to the robot
that might occur. Using low-level features, Lee et al. [17] used an
approach that detected a significant change between the time before
and after the robot sends a signal/probe by generating graphs and
analyzing the distance metric from the pre-probe samples to the
distance metric from both the pre- and post-probe. A limitation of
this approach is that it is computationally intensive and thus not
feasible in a real-time interactive setting. Chu et al. [8] proposed
an alternative by using a Support Vector Machine (SVM) classifier
trained with positive and negative examples of contingency and
achieved an average accuracy of 67% during real-time. Our work
provides a generic approach that is feature-agnostic bymodeling the
changes in sensor data within a specific time window of the robot’s
behavior. Furthermore, the CIRCLE algorithm is computationally
inexpensive, enabling the robot to detect unanticipated changes in
noisy, high-frequency sensor data.

3 METHODOLOGY
Defining contingency as a correlation between robot behavior and
sensor data, we present CIRCLE, a real-time algorithm for contin-
gency detection over arbitrary sensor data that is parameterized
using data from in-lab and in-the-field acted data, then evaluated
in a field study in an open environment.

3.1 Model
As in prior work [8, 17], the basic approach to detecting contingency
is for the robot to probe the environment with a behavior, then
evaluate whether a change has occurred in some feature calculated
from sensor data. To determine whether a change has occurred,
the CIRCLE algorithm evaluates the relationship between the self-
similarity of the signal during a period of time prior to a probe, and
the cross-similarity of the signal after the probe to the signal before
the probe. In order to enable real-time detection, we use ratio of
the individual variances to the combined variance as a dissimilarity
measure. This metric can be calculated in real time, in contrast
to prior work that also calculated a change metrics, but with a
graph-based model that could not be calculated in real time [17].
The change value is calculated as follows:

c(fpre , fpost ) =max(σpre/σjoint ,σpost /σjoint ) (1)
For multi-dimensional features, we calculate c̄ , the mean of the
change values for each dimension.

CIRCLE (Algorithm 1) uses this change value in order to probe
the environment and determine whether an event has occurred.
The algorithm monitors the features at all times, and compares
the change ct after a probe at time t to the change values at each
timestep within a window w steps into the past. If the change
value is more than n standard deviations away from the mean of
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Figure 2: The approach of the CIRCLE algorithm: the
changes in pre- and post-timestep data from multiple sen-
sors (light and dark grey boxes) while the robot is not in-
teracting with the environment is synthesized into a single
comparison value (H), which is compared against the change
in the data before and after the probe (bottom box).

the historical change values, then we consider an event to have
occurred. The use of the change history allows the algorithm to
adjust to periods of time with more changes in the features, such
as during a class change in an academic building, when people
pass into and out of the robot’s view frequently. This approach is
summarized in Figure 2.

In order to parameterize this algorithm for a specific application
and environment, values must be chosen for the following:

• ∆1 and ∆2, the pre- and post-probe time windows
• w , the length of the history against which we compare (mea-
sured in minutes in this work)

• n, the number of standard deviations above the mean for
which we consider a change to have occurred

• k , the number of features that need to be positive for a change
to be counted as contingent

Additionally, features must be chosen that are informative relative
to the types of contingent responses expected from humans in the
environment. The value for ∆2 is set to two seconds for the in-lab
comparison to the prior work, which used a window of that length,
but was set to one second for all subsequent iterations, based on
results from the social science literature which indicate that a con-
tingent response between people will occur within this time period
[21]. For all other parameters, this work takes an iterative approach
to selecting features and determining the parameter values, first
using acted data collected in a lab environment, then acted data
in the deployment environment, and finally using the behavior of
naive users in the real-world environment.

3.2 In-Lab Evaluation with Acted Data
In order to evaluate potential features for inclusion in the field
study, and to evaluate the running time of CIRCLE, we compared
the ROC results to the highest-accuracy of the similar prior ap-
proaches: a graph-based approach that was evaluated on an in-lab
dataset [17]. This prior approach took a bag-of-samples approach
to comparing pre- and post-probe features, modeling the pre- and
post-probe samples as graphs with edges corresponding to the dis-
tance between the multi-dimensional data points, and calculating

Algorithm 1 CIRCLE: Contingency for Interactive Real-time CLas-
sification of Engagement

for Each feature f ∈ F do
Ht = {c̄(f(t−(∆1+∆2),t−∆2), f(t−∆2,t )), t ∈ [t − (w + 1), t − 1]}
Calculate µ0.2(Ht ), the 20% trimmed mean
Calculate σ0.2(Ht ), the 20% trimmed variance

end for
Engage in probe behavior
Wait for ∆2 seconds
ktest = 0
for Each feature F do
ct ′ = c(f(t ′−(∆1+∆2),t ′−∆2), f(t ′−∆2,t ′) (Equation 1)
if ct > µ0.2(Ht ) + n ∗ σ0.2(Ht ) then

Increment ktest
end if

end for
Return ktest > k

a change metric based on the total distance between the nearest
neighbors within and between the pre- and post-probe samples.
In this section, we collect a similar dataset, and compare the prior
approach to CIRCLE across features and sample sizes, using the
area under the ROC curve of the change metric returned by the
prior approach and CIRCLE.

Three actors who are members of our research team performed
a set of ongoing actions in front of the robot, and either reacted
(contingent) or ignored the robot (non-contingent) when it engaged
in a probe behavior. The scenarios included: walking across the
robot’s visual field; walking across the robot’s visual field while
talking on the phone; standing in front of the robot while facing
the robot; and standing in front of the robot while facing the robot
and occupied with a task such as interacting with a phone.

This labeled data was used to evaluate potential features, includ-
ing high-level features such as the position of objects and detected
faces in the environment, low-level visual features, and audio fea-
tures such as band energy and overall intensity. Using the area
under ROC curves as we varied the thresholds on these features, we
observed that the features most informative to the variance-based
approach were those that could be calculated at a high frequency
(at least 10-30Hz). From this set of features, a subset was selected
that had good performance and could be calculated in real time:
foreground object movement [13, 33, 34]; audio band energy in five
bands, concentrated in the voice frequency range (<300Hz, 300-
1200Hz, 1200-2100Hz, 2100-3000Hz, >3000Hz); spectral flatness of
the audio signal; and audio intensity. Finally, because two of the
three motion-based features were discarded, we added three addi-
tional low-level high-frequency motion features based on sparse
optical flow [9]: average optical flow magnitude; the first difference
of optical flow magnitude; and average optical flow angle.

The audio features were calculated for each of the four audio
channels available through the Kinect sensor at 100Hz, and the
visual features were calculated in each of four vertical segments in
the robot’s visual field. In addition to the segment averages, flow
features were included representing the magnitude, first difference
of magnitude, and angle of the vector sum of the optical flow of all
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Feature TPR FPR Acc. n w ∆1 ∆2

Net OF (1st Diff.) 0.59 0.29 64.7% 1 5 2 4
Net OF (Angle) 0.47 0.18 64.7% -0.3 5 8 3
Net OF (Magni-
tude)

0.65 0.24 70.6% -0.3 10 8 1

Audio (Bands) 0.82 0.35 73.5% -0.4 10 8 2
Audio (Intensity) 0.71 0.18 76.5% 0.8 5 2 1
Audio (Flatness) 0.53 0.18 67.6% 0.1 10 1 4
Motion 0.35 0.06 64.7% -0.1 1 1 3
OF (Magnitude) 0.94 0.76 58.8% -0.4 10 4 2
OF (1st Diff.) 0.65 0.47 58.8% -0.1 5 1 2
OF (Angle) 0.53 0.18 67.6% -0.5 1 8 4
All (untuned) 0.65 0.0 82.4% 2.8 10 2 3
All (tuned) 0.82 0.12 85.3%

Table 1: Parameters for natural data, and their performance
when trained and tested on the full dataset (14 positive and
14 negative examples, sampled from 14 positive and 116 neg-
ative examples). OF: Optical Flow.

tracked points in the environment (in this feature, equal motion
in opposite directions cancels out, thus measuring the net motion
rather than the average quantity of motion).

The algorithm running time was calculated between the graph-
based algorithm and the proposed algorithm was conducted with
varying the sum of the pre- and post-probe windows from about
2 seconds total to about 11 seconds total, for each feature, as well
as an additional feature composed of the concatenation of all of
the features, sub-sampled to the audio feature rate of 100Hz. The
change values obtained from the algorithms were compared using
the area under the ROC curve (AUC) on a feature-by-feature basis.

3.3 Parameterization and Cross-Environment
Comparison

With the final feature set, a matching set of examples were col-
lected in-lab and in the field by one of the three previous actors,
allowing for the comparison of parameter values and performance
in the two environments, and to evaluate performance with real-
istic background noise and movement. A naturalistic dataset was
collected by triggering the robot’s probe behavior and coding the
example as positive if any people in the robot’s visual field reacted
to the robot, and negative if no people reacted. Labels for the in-lab
data were obtained from the behavior the actor was requested to
produce (contingent or non-contingent); labels for the field data
were obtained from a live coder observing in-person from nearby.

The deployment location was in the entry area of an academic
building containing offices, classrooms, study areas, and a cafe.
The robot was deployed near the high-traffic areas close to the
entrance of the building, but not directly in the path of traffic. The
number of people moving through the environment varies, with
a comparatively high volume of foot traffic at the beginning and
end of the business day and during class changes in the middle of
the day, and a comparatively low volume of foot traffic early in the
morning, during class times, and in the evening.

Feature TPR FPR Acc. n w ∆1 ∆2

Net OF (1st Diff.) 0.615 0.385 61.5% 6 1 8 4
Net OF (Angle) 0.538 0 76.9% -0.5 1 8 4
Net OF (Magni-
tude)

0.615 0.231 69.2% -0.5 1 8 1

Audio (Bands) 0.923 0.615 65.4% -0.5 1 1 2
Audio (Intensity) 0.846 0.538 65.4% -0.1 5 4 2
Audio (Flatness) 0.615 0.231 69.2% 0 5 8 4
Motion 0.462 0.154 65.4% -0.5 5 8 3
OF (Magnitude) 0.462 0.154 65.4% -0.2 10 4 1
OF (1st Diff.) 0.615 0.231 69.2% 0 5 2 2
OF (Angle) 0.615 0.231 69.2% -0.3 5 1 1
All (untuned) 0.923 0.462 73.1% 0.1 1 2 2
All (tuned) 0.846 0.154 84.6%

Table 2: Parameters for acted data in the field, and their per-
formancewhen trained and tested on the full dataset (13 pos-
itive and 13 negative examples). OF: Optical Flow.

Feature TPR FPR Acc. n w ∆1 ∆2

Net OF (1st Diff.) 1 0.643 67.9% 0.4 10 8 4
Net OF (Angle) 0.643 0.143 75.0% 0 5 8 4
Net OF (Magni-
tude)

0.714 0.357 67.9% 2 10 2 3

Audio (Bands) 0.714 0.143 78.6% 1.9 10 4 4
Audio (Intensity) 0.571 0.286 64.3% 5.6 5 8 2
Audio (Flatness) 0.714 0.214 75.0% 0.2 1 4 1
Motion 1 0.571 71.4% -0.2 5 1 1
OF (Magnitude) 0.357 0.071 64.3% 0 10 4 1
OF (1st Diff.) 0.714 0.286 71.4% 1.6 10 1 3
OF (Angle) 0.714 0.214 75.0% 2.2 1 2 3
All (untuned) 1 0.286 85.7% 1.6 10 8 3
All (tuned) 0.929 0.143 89.3%

Table 3: Parameters for acted data in the lab, and their per-
formancewhen trained and tested on the full dataset (14 pos-
itive and 14 negative examples). OF: Optical Flow.

The actions were repeated in the lab and in the final deploy-
ment location with one of the three previous actors, using only
the CIRCLE algorithm. Because of the improvement in running
time, CIRCLE enabled us to compare 48 different combinations of
parameters every second. Pre- and post- probe data were collected
with ∆1 ∈ {1.0, 2.0, 4.0, 8.0} and ∆2 ∈ {1.0, 2.0, 3.0, 4.0} to enable
evaluation of the algorithm performance relative to varying sizes of
these windows. The values of µ0.2(Ht ) and σ0.2(Ht )were calculated
with a a one-minute, five-minute, and ten-minute history window,
and a time step of 1 second, for every combination of pre- and post-
probe windows (48 different combinations per second). In order
to simulate the real-world case where the robot would experience
a mix of contingent and non-contingent behavior in the history
window, the examples were collected at regular intervals over ap-
proximately two hours, alternating between positive and negative
examples, meaning that the 10-minute history had on average one
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positive contingency example, and the 5-minute history had 0.5.
The history collection was paused during the probes and calculated
using a 20% trimmed mean to increase stability and reduce noise.
A total of 28 examples were collected in lab and 26 examples in
the field, balanced between positive and negative examples. The
naturalistic data were collected over approximately 6 hours in the
field, and included 14 positive and 116 negative examples, as most
people passing through the space did not react to the robot.

The parameters were tuned by selecting the combination (out of
48 possibilities) of ∆1, ∆2, andw resulting in the largest area under
the ROC curve with varying n. Then n was chosen to maximize
the accuracy of the model (equivalent to maximizing TPR-FPR,
since the datasets were balanced). In the tuned model, this process
was repeated to maximize accuracy for each feature, then k was
chosen to maximize overall accuracy, in the untuned model, this
process was repeated for each possible value of k , and the values of
k andn resulting in maximum accuracy were chosen. The algorithm
performance was evaluated using 100 rounds of randomized 3-fold
cross-validation, holding the proportion of positive to negative
examples in the training and testing sets equal.

3.4 Parameterization
The parameterization of the models produced by the algorithm
can be found in Tables 1, 2 and 3. These values were used to pa-
rameterize two versions of the model: a tuned version where the
parameters were set for each feature individually, and an un-tuned
version where the overall best set of parameters was chosen. The
true positive rate (TPR), false positive rate (FPR), and overall accu-
racy for the given parameters when testing on the full dataset used
to parameterize the model are also reported to provide a sense of
the relative discriminative power of each feature on the full dataset.
Cross-validated results are reported in Section 4.2. In the lab envi-
ronment, the strongest feature is the audio band energies and audio
flatness; in the field with acted data, the best individual feature is
the net angle of sparse optical flow; and on the natural data, the
best individual feature is the audio intensity. The values ofw , ∆1
and ∆2 vary substantially for each feature from environment to
environment; to test the performance of these parameters between
environments, we evaluated the performance of the algorithmwhen
parameterized in one environment and tested in another. As seen
in Table 4, we found that there was poor transfer between environ-
ments, especially between the lab and field environments, with the
lab-trained model mostly failing to label any in-the-field examples
as positive and the field-trained models failing to label any in-the-
lab examples as negative. There was better transfer between the
acted and natural data in the field, but the natural data transferred
better to the acted data than vice versa.

3.5 Field Study
In order to validate the use of the algorithm and verify the value
of contingency detection to open-world HRI, we conducted a user
study in the field location described in Section 3.3 over two days,
in which the goal of the robot’s behavior was to collect survey
responses while causing minimal interruption to the people who

use the space to study. The algorithm was tested on Poli, an ap-
proximately 1.5m tall mobile manipulation platform with a non-
holonomic base, 6-degree of freedom arm, and pan-tilt head. The
two embedded onboard computers were used for robot control
and calculation of audio features, while an offboard computer1,
connected over a wired ethernet connection, was used to calculate
visual features.

The robot was stationed in the same location as the data col-
lections, alongside a table with a laptop running survey software.
Based on the results of the cross-validation, the un-tuned parameter
set from the natural in-the-field dataset was used (second-to-last
line of Table 1): k = 2,n = 2.8,w = 10,∆1 = 2.0 and ∆2 = 3.0. The
algorithm was integrated into the robots behavior as follows:

(1) The robot probed the environment by waving and greeting.
(2) If a contingent event was detected using Algorithm 1, the

robot made a request to complete a survey.
(3) The robot waited three minutes after making a survey re-

quest, to allow time for the survey to be completed.
(4) If no contingent event was detected, the robot stored the ex-

ample and waited 45 seconds before probing again (resulting
in a time between probes of about one minute).

This contingent behavior was compared to a baseline condition
where the robot always made a survey request after the greeting.
Each condition lasted for one hour and were counterbalanced. The
sessions conducted on the first day was during the late afternoon
and the next day’s session was in the late morning. All of the
sessions have one class change except the non-contingent condition
on the second day that had two class changes.

To evaluate the efficiency of the contingency algorithm, we
tracked the number of survey requests and the number of survey re-
sponses. The survey included questions about the robot’s behavior,
including the Perceived Sociability and Social Presence subscales of
the UTAUT questionnaire [12] and two interaction-specific items
on a 5 point Likert-type scale ranging from 1 to 5 (strongly disagree
to strongly agree): The robot knew when to respond to people. and The
robot knew how to behave in this location. However, we found that
few users completed the entire survey, and so focused on whether
or not the user started the survey as an outcome measure, rather
than analyzing the specific responses. Instead, a sign was posted
indicating that photography was permitted, and we measured the
number of photos taken by users passing through the environment
as a measure of engagement.

During all of the sessions, an observer from the research team
observed the interactions from a nearby location and maintained
a timestamped log of the robot’s behavior (greeting and survey
requests) and people’s response to the robot. In the condition with
the contingent robot, the live coder also recorded if the robot’s
decision to make a survey request is correct (i.e., number of true
negatives, true positives, false negatives, and false positives). A
contingent responses is defined as a change in the person’s behavior
such as the person stops his current task (e.g., walking, interacting
with phone, talking to friends) to greet the robot, take a photo,
and/or complete the survey.

1The offboard computer was used to enable monitoring of the interaction and to
prevent version conflicts in libraries used in both the robot control stack and CIRCLE;
all features used in this work could be calculated by the onboard computers alone.
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Figure 3: Comparison of running time

4 RESULTS
In this section, we present results for each of the three phases of
this work: a comparison against prior work using in-lab acted data;
testing accuracy on acted in-lab data, acted in-the-field data, and
natural in-the-field data; and the results of the field study.

4.1 Algorithm Comparison on In-Lab Acted
Data

The proposed CIRCLE algorithm has a substantial improvement in
running time over the graph based approach of Lee et al. [17]. Intu-
itively, the graph based approach requires calculating the pairwise
distances between every timepoint in the pre-probe and post-probe
sensor data, giving it more-or-less quadratic running time in the
dimensionality of the feature. The proposed algorithm, in contrast,
uses the variance, which can be calculated in linear time on the
dimensionality of the feature, and in fact, can be calculated online
as new sensor samples are measured, although this latter improve-
ment was not implemented in this work. Figure 3 shows the running
time comparison of the two approaches, with the proposed met-
ric shown in blue, based on the number of samples in the input
(the product of the time-length of the sample and the sample size;
the clusters represent different combinations of time windows and
sample rates. In practice, CIRCLE can be calculated at more than
400Hz, for the largest feature size included in this data, which was
an amalgamation of all other features and had a total size of around
1100 samples (8 seconds before the probe and 3 seconds after, at
100 Hz). The graph-based approach, in contrast, required up to 3
seconds to calculate the change metric on the same feature set.

Face and object tracking were not high-enough frequency to
discriminate in most cases, so they were not analyzed. For the
remaining features, AUC was calculated relative to an absolute
threshold on the feature. The moving window history was not used
due to the graph-based algorithm being too slow to calculate the
history in real time. The variance-based approach performed bet-
ter than the graph-based approach on three of the four remaining
features and similarly on the fourth, with an AUC of 0.596 (ver-
sus 0.550) for the motion feature, an AUC of 0.655 (versus 0.669)
for audio flatness, an AUC of 0.692 (versus 0.473) for band ener-
gies, and an AUC of 0.628 (versus 0.385) for audio intensity. The
corresponding ROC curves can be seen in Figure 4.

(a) Audio intensity (b) Band energies for five frequency bands

(c) Spectral flatness (d) Pixel-level motion feature

Figure 4: Feature comparison, showing the new variance-
based approach improving in discriminative power over the
graph-based approach.

Figure 5: Accuracy after 100 rounds of randomly-sampled 3-
fold cross-validation, sampling positive and negative exam-
ples separately to ensure equal proportions in the training
and testing sets.

4.2 CIRCLE Algorithm Performance
In order to characterize the performance of our algorithm on the
labeled data, we performed a cross-validation. The 3-fold cross
validation was performed with pseudo-random sampling, with pos-
itive and negative examples sampled separately to ensure equal
proportions in the training and testing sets. The cross-validation
sample for negative examples in the natural dataset was further sub-
sampled to create a balanced dataset. The results of 100 iterations
of cross-validation are shown in Figures 5 and 6. The parameter
sets that were not tuned on a per-feature basis performed better
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Lab Field (Acted) Field (Natural)

Lab 0.93/0.14 0.0/0.0 0.05/0.0
Field (Acted) 1.0/1.0 0.85/0.23 0.47/0.56
Field (Natural) 1.0/1.0 0.62/0.38 0.82/0.46

Table 4: Result of testing parameters trained on one envi-
ronment in another (True Positive Rate/False Positive Rate).
Row is training environment, column is testing environ-
ment. The full natural dataset of 116 negative and 14 posi-
tive examples was used for testing.

Figure 6: Difference between true positive and false posi-
tive rate after 100 rounds of randomly-sampled 3-fold cross-
validation, sampling positive and negative examples sepa-
rately to ensure equal proportions in the training and test-
ing sets.

in the cross validation: the lab data had a mean accuracy of 89.5%
(SD = 3.9%), while the acted in-the-field data had a mean accuracy
of 78.1% (SD = 4.5%) and the natural data had a mean accuracy
of 81.0% (SD = 4.5%). In contrast, the tuned parameter sets had
accuracy of 69.8% (SD = 11.4%) for lab data, 60.9% (SD = 9.8%) for
acted in-the-field data, and 66.6% (SD = 10.3%) for natural data.
The difference between the true positive and false positive rates
followed the same pattern. For the un-tuned parameter sets these
differences were 0.79 (SD = 0.078), 0.562 (SD = 0.089) and 0.621
(SD = 0.090) for the lab data, acted in-the-field data, and natural
data, respectively. For the tuned parameter sets these values de-
creased to 0.395 (SD = 0.23) for lab data, 0.218 (SD = 0.20) for
acted in-the-field data, and 0.332 (SD = 0.21) for natural data.

4.3 Field Study
Overall, the field results in Table 5 show that the contingent robot
is better at collecting surveys. It made a total of 13 survey requests
and received four submissions which is a success rate of 30.8%
whereas in the non-contingent conditions, the success rate was
26.3%. In the Non-Contingent condition, the robot made requests
after every probe where the majority were unsuccessful, whereas
the contingent robot was much more constrained in only making
requests when a likely responder was there and especially on the
second day, this led to much higher success rate. We excluded two
cases where a person walked up to the laptop and completed the
survey without interacting with the robot first. We also did not

Day Cond. Probes Requests Submitted % Photos

1 C 28 6 1 16.7 2
1 NC 19 19 6 31.6 1
2 NC 19 19 4 21.1 3
2 C 37 7 3 42.9 5

Table 5: Results of the field test showing success rate of sur-
vey requests and photo sessions. Each condition session was
one hour long. C: using CIRCLE; NC: not using CIRCLE.

Day Cond. TN TP FN FP Accuracy (%)

1 C 18 3 3 4 75.0
2 C 27 3 2 5 81.1

Table 6: Contingency detection field test results showing ac-
curacy of CIRCLE algorithm. TN: True Negative; TP: True
Positive; FN: False Negative; FP: False Positive.

analyzed the survey responses as the focus of the study was to
evaluate the CIRCLE algorithm.

There were also times where a person was not within the robot’s
field of view but close enough to hear the robot’s request so he came
to interact with the robot and took the survey. Since the survey was
in regards to the robot, people tried interacting in various ways
with the robot as they assessed each of the questions. A solo person
tended to be shy and stayed at a further distance from the robot
whereas a group was more engaging and stood closer to the robot.

Moreover, the number of photo sessions are shown in Table 5.
This included both single and group photos taken with the robot. If
multiple people took photos at once, it was recorded as one photo.
The contingent robot may be more engaging as shown with the
higher number of photos taken on the second day. The low number
of photos taken on the first day may have been due to the time of
day that the study took place. It was late evening so people were
probably tired and rushed to leave. Since the photos were recorded
based on sessions, it is possible that multiple people were taking
photos at the same time.

To understand how the CIRCLE algorithm performed, the human
observer noted when the probe was sent and if the detection was
correct. Table 6 shows the count of true negatives, true positives,
false negatives, and false positives. The accuracy of the CIRCLE
algorithm is 75.0% on the first day and 81.1% on the second day
which is consistent with results from the lab data and acted data in
the field. The algorithm performed well at detecting true negative
scenarios which is important for this type of open-world environ-
ment where people are busy and moving fast. One of the challenges
of this type of open-world environment is that it is characterized by
periods of comparatively high and low traffic times. The contingent
algorithm enabled the robot to probe the environment more often
during the high traffic times, better handling the fast movement
of people during those times. Conversely, during times of low traf-
fic, the contingent robot’s ability to reliably detect true negatives
prevents it from making unnecessary requests.
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5 DISCUSSION
In this work we developed an algorithm for detecting contingent
changes in a robot’s sensor data after a robot behavior. We vali-
dated the algorithm not only on acted in-lab data, but also in an
open-world environment with high levels of background activity, in-
cluding both noise and motion. Using a variance-based approach to
detecting changes in noisy, computationally-inexpensive, low-level
features, our algorithm brings together the high accuracy of a prior
approach using a distance metric on a graph representation of the
sensor data, with the real-time running time of a SVM-based prior
approach. Overall, our algorithm can detect contingent changes
in real-time with an accuracy of 89.5% on acted data in a quiet lab
setting (comparable to the datasets used in prior work), 78.1% on
acted data in the field, and 81.0% on natural data collected from
naive users in the field and labeled online.

We also tested the parameters trained in one environment on
the others, and found that there was poor transfer, especially be-
tween the lab and field environments, likely due to the substantial
difference in the amount of noise in the two environments. The
transfer from acted data in the field to natural data was slightly bet-
ter, but there was better transfer from the natural data to acted data
than vice versa. This suggests that it is necessary for researchers
interested in detecting contingency in open-world environments to
collect data in the field to get good accuracy. We demonstrate that
our approach can be used across environments, including not only
low-noise environments such as a lab, but also noisy open-world
environments. To parameterize the algorithm, a balanced dataset
of around 26-30 examples was needed, which could be collected in
approximately 90 minutes for the acted data, and approximately
twice as long for natural data, due to the strong bias towards nega-
tive examples. Future work will integrate this tuning process, by
having a human in the loop for the first hours of deployment, then
using the responses of users to the survey to autonomously obtain
additional positive examples.

Lastly, we validated the CIRCLE algorithm by conducting a user
study in the entry area of an academic building. Our results showed
that the contingency detection algorithm enabled the robot to en-
gage in requests to users that were timed to achieve a higher success
rate for getting people to complete the surveys in comparison to
the baseline. Additionally, the algorithm was successful at detecting
true negatives in the contingent responses, avoiding bothering peo-
ple in the environment by making requests when they were busy.
Furthermore, this success was achieved without limiting the noise
in the environment, or hand-coding a range of specific behaviors
for the robot to detect, but by using noisy, low-level features to
search for generic changes in the robot’s environment. Our data
show that most people passing through the environment are too
busy or uninterested in interacting with the robot, demonstrating
that this open-ended ability to detect relevant changes in the robot’s
sensor data is a critical skill for robots in the field.

The field study also demonstrated the need for the robot to both
understand and produce contingent behavior. Natural interactions
are continuous and ongoing, and after people responded to the
robot’s behavior, they expected the robot to respond in turn. Ad-
ditionally, in some cases, the human would attempt to initiate the
interaction, by waving or greeting the robot. We observed that

these potential interaction partners would only wait a few seconds
for the robot to respond before leaving. Future work will model the
human’s contingent experiences as well as the robots, to enable
rich, ongoing interactions.

Our work does contingency detection without the use of exter-
nal sensors; although this is more feasible than instrumenting the
environment, and allows the algorithm to be deployed on a mobile
robot, we found that the robot had a very short window for interac-
tion: many people would pass through the robot’s entire visual field
in only 1-2 seconds. Because the robot was monitoring for changes
in visual as well as audio features, people entering and leaving the
robot’s visual field were a major source of noise. Additionally, the
history needed to be re-initialized whenever the robot turned its
head. Future work might map the 2-D visual sensor data into the 3-
D world to mitigate some of these issues. The timing of the robot’s
probes could also be improved: because probes were conducted
at regular intervals, the robot might miss good opportunities to
probe for contingency (when a human was in front of the robot and
indicating interest). Future work will use this model of contingency
not only to detect contingent reactions to the robot’s behavior but
also to inform the robot’s behavior and ensure that humans in the
environment have a contingent experience. A limitation of this
work is that the labels were not able to be validated by a second
coder, due to IRB restrictions against collecting video. However, the
autonomous survey collection study demonstrates that the model
obtained was useful, and future work will use a second live coder
and synchronization software to obtain this validation. This work
focused on the signal processing problem of contingency detection,
and therefore limited the robot to simple behavior. Another direc-
tion for future work is to make use of the CIRCLE algorithm in the
context of ongoing behavior, and to address the challenge of doing
contingency detection on a mobile robot, where the baseline rate
of visual and auditory change is high.

6 CONCLUSION
Contingency forms an important element of human-robot interac-
tion; people expect that a robot will know when they are reacting
to it, and that it will react in turn. Furthermore, due to its important
role in the rhythm of interaction, contingency must be detected in
real time. Our algorithm provides a means by which a robot can
detect contingent reactions to its behavior with high accuracy in
real time, not only in low-noise environments such as a lab, but also
in high-noise environments such as public spaces. We demonstrate
the utility of the CIRCLE algorithm in a field study in a public
space, where humans in a noisy environment are completely un-
constrained in their reactions to the robot, and show that using
CIRCLE the robot is able to collect survey responses as effectively
as if it were asking constantly, without the disruption to co-present
humans that constant speech represents.
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