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Assessing Collaborative Physical Tasks Via
Gestural Analysis

Edgar Rojas-Muifioz

Abstract—Recent studies have shown that gestures are useful
indicators of understanding, learning, and memory retention. How-
ever, and specially in collaborative settings, current metrics that es-
timate task understanding often neglect the information expressed
through gestures. This work introduces the physical instruction
assimilation (PIA) metric, a novel approach to estimate task under-
standing by analyzing the way in which collaborators use gestures
to convey, assimilate, and execute physical instructions. PIA esti-
mates task understanding by inspecting the number of necessary
gestures required to complete a shared task. PIA is calculated
based on the multiagent gestural instruction comparer (MAGIC)
architecture, a previously proposed framework to represent, assess,
and compare gestures. To evaluate our metric, we collected gestures
from collaborators remotely completing the following three tasks:
block assembly, origami, and ultrasound training. The PIA scores
of these individuals are compared against two other metrics used to
estimate task understanding: number of errors and amount of idle
time during the task. Statistically significant correlations between
PIA and these metrics are found. Additionally, a Taguchi design
is used to evaluate PIA’s sensitivity to changes in the MAGIC
architecture. The factors evaluated the effect of changes in time,
order, and motion trajectories of the collaborators’ gestures. PIA
is shown to be robust to these changes, having an average mean
change of 0.45. These results hint that gestures, in the form of
the assimilation of physical instructions, can reveal insights of task
understanding and complement other commonly used metrics.

Index Terms—Collaboration, gestures, knowledge representa-
tion, task understanding.

I. INTRODUCTION

FFECTIVE team collaboration is often necessary to per-

form shared physical tasks correctly. For example, effec-
tive collaboration is paramount in training involving tool manip-
ulation [1], [2]. A key for effective collaboration is to achieve
a common understanding of the shared tasks [3]. Specifically,
research has shown that gesturing during collaborative task
performance can help attaining shared task understanding. For
instance, gestures have been found to be crucial indicators of task
understanding and learning in educational environments [4]—[6].
Moreover, gestures are linked to problem solving abilities, can
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decrease working memory load, and help recalling informa-
tion [7], [8].

Despite of the relevance of gestures in collaborative tasks, the
assessment of task understanding is usually performed without
considering gestures. Instead, task understanding is typically
measured through indirect metrics such as task completion time
and number of errors [9], [10], or subjective techniques such as
interviews and concept mappings [11]. We argue and provide
evidence in this article that gesture performance-related met-
rics (e.g., morphological and semantic similarities) can provide
insights about task understanding.

In our previous work, we introduced the multiagent gestural
instructions comparer (MAGIC) architecture, an approach to
represent and compare gestures’ morphology, semantics, and
pragmatics [12]. Using MAGIC, the current work defines an
approach to estimate task understanding from the gestures used
by the collaborators. This notion of understanding is obtained
from how the collaborators use gestures to convey and execute
physical instructions. Therefore, our work: 1) introduces the
physical instruction assimilation (PIA) metric, a proxy for task
understanding based on gestures; 2) compares PIA against other
task understanding proxy metrics; and 3) evaluates the sensitiv-
ity of our metric to changes in the way gestures are represented
by the MAGIC architecture.

The rest of this article is organized as follows. Section II
reviews prior work on the importance of gestures, and metrics for
task understanding. Section III details the MAGIC architecture
and the PIA metric. Section IV details our experimental design to
acquire gestures from collaborators performing a physical task
remotely, presents two other task understanding proxy metrics
to compare PIA against, and details our sensitivity analysis.
Section V presents the results of our experimental apparatus,
further discussed in Section VI. Section VII concludes this
article and expands on future work.

II. RELATED WORK

Gestures are an essential component in knowledge devel-
opment and in human interactions related to knowledge de-
velopment. Theories of embodied learning have shown that
students can understand scientific concepts better when they
use gestures as part of their learning process [13]. Functional
magnetic resonance imaging (fMRI) techniques have also shown
that gestures can promote learning and knowledge retention of
students by mapping their problem-solving strategies to different
areas of the brain [14], [15]. Studies have shown that individuals
who gestured as they performed memory tasks were able to
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recall more information during the tasks: gesturing allowed
students to create lasting and generalizable associations of the
concepts to memorize [8], [16]. Gestures can also be used to
share knowledge and perspectives of a shared problem, therefore
increasing situation awareness and common grounding [17].
Finally, gestures play a role in the speech production process, as
both the timing and meaning of them can shape the ideas being
conveyed [18].

Additionally, gestures play a major role in collaborative task
understanding. Studies have pointed that observing the gestures
performed by others can help achieving a better task understand-
ing, as gestures can reveal others’ goals and intentions [6], [19].
Moreover, observing others’ gestures can also affect how our
subsequent actions are planned and executed [20]-[22]. Ges-
ture observation is particularly important in collaborative tasks
where mismatches between the information conveyed through
gestures and through speech occur [23], [24]. For instance,
gestures coproduced with speech tend to include information
not present in speech, and ignoring this information can hinder
task understanding [25].

Despite of the relevance of gestures in collaborative tasks,
gestures are mostly neglected while assessing task understand-
ing. Instead, task understanding is traditionally assessed using
subjective and objectives approaches. Subjective approaches
encompass interviews, concept mappings, and inquiries [11],
and have been employed extensively in areas such as medicine
and aviation [26], [27]. These approaches, however, depend on
prone-to-biases behavioral observations [28]. Contrarily, objec-
tive approaches rely on indirect quantitative measurements of
task understanding. Such metrics include task completion time,
number of errors, and task completion percentage [29], [30].
While these approaches are broadly adopted, they do not con-
sider the nonverbal information conveyed by the collaborators,
which is crucial for proper understanding.

Finally, approaches to abstract and communicate gestures
among team members have been studied, especially in tasks
were individuals are not colocated. The goal of those approaches
is to increase the performance in collaborative physical tasks
by representing and transmitting rich and compact gesture ab-
stractions [31]. Some of these approaches include using two-
dimensional (2-D) [31], [32] or 3-D [33], [34] gesture visu-
alizations at the collaborator’s workspace. However, these ap-
proaches share a limiting factor. These systems confine gestures
to anillustrative role: arepresentation of the gestures is generated
and transmitted, but is not used to obtain insights regarding the
quality of the collaboration. In the rest of this work, we elaborate
on how our approach can be used to generate task understanding
insights based on how the gestures are performed and assimilated
by individuals collaborating remotely.

III. METHODOLOGY

This section presents an approach estimate task understanding
using gesture analysis. The section is divided into the following
two main sections. The first section explains the MAGIC
architecture. MAGIC represents gestures with a data structure
containing the gesture’s morphology, semantics, and pragmatics.
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Fig. 1. MAGIC framework. A helper instructs a worker on how to give
maintenance to a robotic arm. The elements of an action performed by an agent
are linked via the reaction function, a relation in terms of a specific utterance
and a given context.

This work presents a summarized explanation of the elements of
the MAGIC framework; in-depth explanations can be found in
our previous work [12]. The second section introduces the PIA
metric for task understanding estimation.

A. Multiagent Gestural Instruction Comparer Architecture

Inspired by two semiotics frameworks [35], [36], MAGIC
is an architecture to represent and compare gestures at the mor-
phological (e.g., trajectories, shapes), semantical (e.g., meaning,
timing), and pragmatical (e.g., context, environmental elements)
levels. In doing so, MAGIC allows us to perform comparisons
between gestures that consider more information than just the
gestures’ appearance. Table I presents the formal definitions in-
troduced in the MAGIC architecture. Fig. 1 presents a schematic
of the MAGIC architecture.

B. Reaction Function

MAGIC represents gestures into ¥ interpretation trees, gen-
erated from a specific 7 utterance under a given €2 context. This
mapping is modeled via the R() reaction function, a three-stage
module that receives 7 utterances as input and outputs ¥ in-
terpretation trees. The three stages of the R() reaction function
include a taxonomy classification of the given gestures to reveal
high-level semantics and pragmatics of the gesture; a dynamic
semantics framework to represent each gesture as a logical form;
and a constituency parsing to generate the U interpretation trees
from these logical forms.

1) Gestural Taxonomy Classification: Gestural taxonomies
express classification criteria that differentiate gestures from one
another [37]. These criteria can include the gestures’ commu-
nicative intent, expressiveness, iconicity, among other factors.
These classifications reveal high-level information regarding the
gestures’ meaning and context. The first stage of the R() reaction
function module leverages a gestural taxonomy to obtain a
classification for each 7 utterance. These 7 classifications can
be used to identify gestures that either introduce redundancy
to the collaboration or are involuntarily performed. MAGIC’s
gestural taxonomy combines well-known taxonomies, i.e., Mc-
Neil, Goodwin, and Poggi’s taxonomies [38]-[40], into a single,
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TABLE I
ELEMENTS AND NOTATION OF THE MAGIC ARCHITECTURE

MAGIC Element ‘ ‘ Definition

Example

Collaborator directly manipulating the

Py Worker . N
w Worke environment to perform a task

A person executing actions

Collaborator communicating the commands

@ Helper required to perform a task

A person instructing what actions to perform

A gy Instructions Action communicating how to perform a task

A verbal command saying “Take a wrench”, accompanied by a gesture
pointing at a wrench

Aw Executions Action performed to complete a task

A gesture performed to reach for the wrench

The smallest unit of speech or gesture that

7v Utterance . .
communicates a complete idea

A gesture to pinpoint a wrench; a verbal command saying “Stop!”

MAGIC’s data structure representing 7

W Interpretation Tree
P Utterances

See Fig. 3

Elements and concepts introduced in the
current 7r; Utterance, which can be referenced
by future 7r; ; Utterances

Q Context

Let “Take a wrench” and “Use the wrench to remove that bolt” be the first
and second Utterances (71 and 7v2). The €2 Context of 7r2 would include
all the elements introduced in 7r1, such as the “Wrench” concept.

Butterworths =
[ Communicative

Manipulative

R semaphoric |
Regulators —
Ly

Beats

Fig. 2.
closer to the leaves present fine-grained information such as iconicity.

hierarchy-based model: each 7 classification is represented as a
node in a tree. In this hierarchical classification model, nodes
closer to the tree’s root reveal coarse information related to the
gestures’ communicative intent and symbolical expressiveness
(e.g., is the gesture communicating a message, or is not a
meaningful gesture?). Conversely, nodes closer to the tree’s
leaves reveal fine-grained information such as iconicity and
intention (e.g., is the gesture referring to the ®y;r worker or the
® ;7 helper?).

Fig. 2 presents MAGIC’s gestural taxonomy. An in-depth
explanation of each node in our gestural taxonomy can be found
in the referenced literature, as well in Adam Kendon’s book [37,
p. 84]. As an example, a pointing gesture would be assigned
to the “communicative” and “deictic” n classifications. These
labels reveal that the gesture is associated with the transmission
of a specifiable message (the “communicative” component), and
with the determination in space and/or time of a given element
(the “deictic” component).

2) Extended Segmented Discourse Representation Structure:
The second stage of the R() reaction function module abstracts
the gesture into a logical form that represents its morphology,
semantics, and pragmatics. An example of a framework that
accomplishes this goal is segmented discourse representation
structure (SDRS), a formal dynamic semantics framework that
represents verbal utterances using logical forms [41]. SDRS
represents the meaning of utterances through SDRS-formulae.

8 Tansformative.

i oo
N ccprosentational W Metaphoric
B symboic

-

Opposition
Cause-effect
Prototype

Ref. Characteristics

Source of Ref.
Effect of Ref.
Cause of Ref.

MAGIC’s gestural taxonomy. Classification labels closer to the root provide information about the gestures’ symbolical expressiveness, while labels

These formulae describe how each utterance modifies the
discourse’s context (where the discourse is a set containing
all the utterances). In their follow-up work, Lascarides and
Stone expanded SDRS by integrating attribute-pair tables that
described high-level morphological features of the gestures, fol-
lowing Kopp, Tepper, and Cassell’s typed feature structures [42],
[43]. For example, a pointing gesture would be expressed with
the following table:

pointing-gesture
right-hand-shape : asl-1
right-finger-direction : forward
right-palm-direction : forward
right-location : f

where f is the location of the tip of the right index finger. A
close inspection of this structure reveals that is not scalable.
For example, the structure describes shapes using predefined
lexicons (e.g., American Sign Language), making it nonmodular
to the variety of gestures humans can generate. Therefore, we
propose an extension of the SDRS framework [Extended SDRS,
henceforth extended segmented discourse representation struc-
ture (ESDRS)] that creates ¢ ESDRS-formulae to describe the
gestures’ morphology, semantics, pragmatics. These ¢ ESDRS-
formulae can represent both verbal and gestural utterances (de-
noted by the [G] operator). The atomic elements introduced in
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TABLE II
ATOMIC COMPONENTS OF THE ESDRS FRAMEWORK

ESDRS Element H Definition Example ‘
¢ Individual An element introduced A wrench
Variable by an 7 Utterance
e Eventuality An event happening .
Variable during the 7 Utterance Grabbing a wrench

Four-dimensional

p Spatiotemporal vectors (x,y, z,t) The location of a

Locality representing positions wrench
in time and space
When pointing at a
. Transformation from wrench, the position of
v Virtual .
Mapping world space to gesture the wrench in world
space space is mapped to
gesture space
Clauses describing the Wrench(i) assigns
. interactions between the concept of
Predicate

“Wrench” to the 4
individual variable

the other atomic
components

the ESDRS framework to construct these ¢ ESDRS-formulae are
presented in Table II. Therefore, the second stage of R() reaction
function module generates ¢ ESDRS-formulae by receiving a 7
utterance, a {2 context, and the 7 classification as inputs.

Consider the following verbal and gestural utterances:

71 “Take that wrench”

mo: The right arm is extended forward. The right-hand’s fin-
gers make a fist shape except the index finger, which is extended
and points forward. The hand stays in place.

The ¢ ESDRS-formulae corresponding to these utterances
is presented. ¢, 7, @25, and ¢ops are elements within ¢o, but
presented separate for ease of reading as (*) shown at the bottom
of the page.

3) Constituency Parsing: The last stage of the R() reaction
function represents the ¢ ESDRS-formulae as data structures
to perform quantitative comparisons. MAGIC leverages a con-
stituency parsing to generate these representations, known as W
interpretation trees, from the ¢ ESDRS-formulae. Generating

tree data structures from logical forms has been studied exten-
sively [44], [45], as trees can represent the attributes of the logical
forms and the hierarchy between them.

MAGIC'’s constituency parsing approach introduces several
nested constituents to represent the elements of the ¢ ESDRS-
formulae. These constituents can be separated into the following
two subgroups: predicative and nonpredicative. The nonpred-
icative subgroup includes all the elements from the ¢ ESDRS-
formulae that are not predicates: discourse referents, spatiotem-
poral localities, etc. Contrarily, the predicative subgroup in-
cludes the predicates, organized based on specific aspects of
the gestures. For instance, predicates related to shape will be
grouped separate from those related to movement. Table III
briefly describes the nested constituents in our approach.

Fig. 3 exemplifies how different gestures generate different ¥
interpretation trees. The nodes highlighted in green represent the
atomic components of the ESDRS’ framework in the tree, while
the nodes highlighted in blue represent the nested constituents
of our parsing approach. Creating W interpretation trees is a
semiautonomous process. The ShG and MvG constituents are
built by approximating the position and orientation in 3-D space
of the person’s body using a Microsoft Kinect camera. An
approximation of the trajectory is constructed by extracting
the zero-velocity points in a motion trajectory (points in 3-D
space where % = % = % = 0). This was later adjusted by
an annotator, who approximated this trajectory manually. Other
aspects of the gestures such as their meaning and context were
labeled manually.

C. Gesture Matching Through Integer Optimization

The last stage of the MAGIC architecture involves match-
ing the collaborators’ gestures. Our approach describes gesture
similarity by counting the number of shared nodes between
the gestures’ subtress. First, we construct a B matrix of b;;
similarity scores (of size |W| x |H|), where each score describes
the similarity between the Wy, worker interpretation tree and
the Wy, helper interpretation tree. Let H be a set containing

Wrench(iy) A Take(eq, 1) A

Gesture(iz) A TaxClass (i) A Shape(ig)A

=F) 2 G134
¢ ' Loc(e1, i1, Vi (Pw)) 92 : (637 Movement(iz) A Synchro(ey)
Trajectory (i, , v7(P1), v1(P2))A
Main Plane Coronal (7 A
¢2 T [g] Communicative(ig) A\ Deictic(ig) ¢2 M [Q}EIiMl (ZMI)

¢25’ . [g]El 7;5177;5271.537
ZS47 ZS57 ZSG7ZS7

Arm(ig,) A Hand(ig,) A Thumb Finger(ig,) A Ring Finger(ig, )A
Middle Finger(ig, ) A Index Finger(ig, ) A Little Finger(ig, )A
Pose Extended(ig, ) A Orientation Forward(is, ) A Pose Not Extended(ig, )A
Orientation Forward(ig, ) A Pose Not Extended(ig, ) A Pose Not Extended(ig, )A
Pose Not Extended(ig, ) A Pose Extended(igs,) A Orientation Forward(ig, )A
Pose Not Extended(ig,) A Component(ig,,i2) A Component(ig,,is, )A
Component(ig,,is,) A Component(ig,,is,) A Component(ig,,is, )
Component(ig,,is,) A Component(ig,,is,)

Direction Static(ipz, )A

Component(ipy, , i2)
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Fig. 3.

Gestures and subcomponents of their associated W interpretation trees, generated through the MAGIC architecture. Comparisons between these structures

will be performed to calculate a matching between the gestures of the collaborators.

TABLE III
NESTED CONSTITUENTS OF MAGIC’S PARSING APPROACH

Nested
Constituent

Type

Contains

Variable Group

Non-Predicative

¢ individual and e eventuality

(VG) variables
Spatiotemporal - . -
Group (SG) Non-Predicative s spatiotemporal localities
Mapping Group - . .
(MG) Non-Predicative v virtual mappings

Context Group
((¢¢))

Non-Predicative

References to the discourse
referents and predicates from
previous 7v Utterances

Large Predicate

Group (LPG) Predicative All predicates
Shape Group L Predicates related to the
(ShG) Predicative gesture’s shape
Loc Group A Loc() predicates, related to
(LoG) Predicative localizing i individual variables
. Exemplifies() predicates,
(l,i );imp(lgl(%s’) Predicative related to depicting ¢ individual
P variables with a gesture
Predicates related to the
TaxC?[;sG()}roup Predicative gesture’s taxonomy
classification
Synchro() predicates, related
Synchro Group Predicative to whether a gesture was
(SyG) performed in synchrony with a
given e eventuality variable
Movement Predicative Predicates related to the
Group (MvG) gesture’s movement
Extra Predicates Predicative Predicates that do not fit into

any of the previous categories

all the h; helper-authored gestures, and W a set containing all
the w; worker-authored gestures. Additionally, let X’ be a nested
constituent (e.g., CG, SyG) from a W interpretation tree, and let
U+ be the subtree of ¥ with X as its root (e.g., ¥©5 is a context

subtree). Each b;; is computed via the following relation:

1,2,...,|W]
1,2

bij:num_nodes\llfviﬂlllfl,;. a |H|
2, .. | HI.

i
J ] =

Our previous work described gesture similarity adequately by
comparing the \11%9 worker context subtrees against the helper
subtrees representing meaning (W56 U w506 U U$%) [12]. The
idea behind this comparison was that all Ay, executions were
performed in response to an A Instruction. Therefore, common
information should exist between a gesture communicating an
instruction, i.e., in its meaning, and a gesture performed in
response to it, i.e., in its context. Henceforth, we will use the
B similarity matrix of b;; similarity scores obtained from this
particular comparison to perform the matching between the
gestures.

The b;; similarity scores from the previous step are used as
cost coefficients in an integer linear problem (ILP). This ILP
finds an E' matrix of e;; edge weights (of size || x |H|) that
optimally describes how the w; worker-authored gestures match
the h; helper-authored gestures. Each e;; will take a value of 1 if
the w; worker-authored gesture matches the h; helper-authored
gesture are functionally equivalent, and O otherwise. Given the
W and H gesture sets and the B similarity matrix, the process
of finding the optimal F gesture matching matrix is defined as

(W1 |[H]

maximize E g bijei;

i=1 j=1
|H|

subject to Z e;j =1 Vi
j=1

eij € {0,1}

1=12,... W[ j=12,...,|H|
An optimal F matrix will be one that matches the w; worker-

authored gestures and h; helper-authored gestures that have
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higher number of common nodes, as described by the B similar-
ity matrix. Since all Ay executions were generated in response
to a specific Ay instruction, our problem constrains each w;
worker-authored gesture to be matched to one and only one h;
helper-authored gesture.

D. Physical Information Assimilation Metric

The PIA score estimates task understanding from the quality
of assimilation of the physical instructions exchanged between
collaborators. PIA was created based on two theories that de-
scribe how mapping others’ actions and gestures to our own
can enable understanding [5], [46]. According to these theories,
the exchange of utterances happens in two phases. The speaker
(i.e., the @5 helper) presents an utterance to the receiver (i.e.,
the @ worker). If the receiver generates enough understanding
evidence &, the speaker can assume that the receiver understood
the utterance. The process in which the receiver provides this
evidence £ can be divided into four states, ranging from not
noticing the initial utterance (State 0) to the correct understand-
ing of it (State 3). If the receiver did not provide enough evidence
& to support correct understanding (State 3), either the speaker
needs to elaborate the utterance, or the receiver needs to generate
different evidence £.

We part from the assumption that Clark’s framework can be
applied to gestural utterances. Our approach assumes that perfect
task understanding happens when every helper-authored gesture
is mapped to one and only one worker-authored gesture. In other
words, the ®y, worker generated evidence & that supported
correct understanding (State 3) for every utterance given by the
® g7 helper. Contrarily, a task where one helper-authored gesture
is mapped to several worker-authored gestures represents poor
understanding (i.e., State 3 was not reached for every utterance).

The last stage of our approach approximates the behavior
described by Clark and colleagues by generating the PIA score
from the E' gesture matching matrix found in the previous stage.
The score is calculated with the following formula:

1
[H| [ W]

\H| 2| 2

The maximum PIA score (100) will be found when no h;
helper-authored gesture is matched with more than one w;
worker-authored gesture. Contrarily, the PIA score will be less
than 100 when: 1) multiple w; worker-authored gestures are
matched to the same /; helper-authored gesture; or 2) at least one
h; helper-authored gesture was not matched to any w; worker-
authored gesture. As previously mentioned, the PIA score will
approximate how well the physical instructions given by the
collaborators being are received and executed. This, according
to Clark and colleagues’ framework, could be considered as a
way to approximate task understanding between collaborators.
The following section describes our experimental apparatus to
validate our PIA score as an estimator of task understanding,
comparing it against other metrics commonly used to estimate
task understanding.

IV. EXPERIMENTAL APPARATUS
A. Participants

Three user studies were conducted with a total of 60 par-
ticipants (graduate students, 34 males, and 26 females, age
26.36 + 4.4 years old). The participants were divided into 30
helper—worker pairs to collaboratively complete a task.

B. Procedure

To explore the generalizability of our approach, the task to
complete was different in each user study. The first task was
block assembly, similar to [31] and [47], were participants
followed 24 steps to assemble a block helicopter. The second
task was origami, similar to [48], were participants followed
11 steps to fold a paper sheet into a paper hat. The third task
was ultrasound training, similar to [49], [50], where participants
used an ultrasound probe to locate veins, extract blood and find
a foreign body using an ultrasound phantom.

Our experimental setup evaluated whether the quality of
assimilation of physical instructions (in the form of our PIA
metric) can estimate task understanding. This was evaluated
by comparing PIA against two other proxy metrics for task
understanding: error rate and idle-time rate [9], [51]. Error rate
was calculated as the rate between the instructions in which the
®y, worker made errors over the total number of instructions
received. For instance, an error was counted each time the ®y
worker picked an incorrect block or connected blocks in an in-
correct manner. Conversely, the idle-time rate was defined as the
rate between the time in which the ®y; worker did not perform
any action (e.g., the time spent thinking or asking questions),
and the total task completion time, in seconds. Listening to the
h; helper-authored instructions was not considered idle time.
Members of the research team annotated these metrics after the
completion of all trails.

Additionally, we performed a sensitivity analysis of the PIA
metric. Four factors were selected to inspect how changes in
timing and meaning of the gestures represented with MAGIC
could affect the PIA scores. The first factor, delay, introduced a
time delay of d seconds in the time in which the gestures of the
® 7 helper were performed. For instance, if ¢; represents the time
of the hy helper-authored gesture, the delay factor will change
it to be t1 + d. We set d to be a random value between 0 and the
total task completion time. The second factor, stretch, stretched
the timeline of w; worker-authored gestures by an increasing St
value. For example, the stretch factor will change the time of
the h, helper-authored gesture to be t; x St. We set St as a
random value between 1 and 100.

The third factor, trajectory, performed an affine transforma-
tion in the 3-D positions of the body joints acquired with the
Kinect. For example, if the point p = (z,y, z) represents the
3-D position of a body joint, the trajectory factor will change
it to be p’ = Ap, where A is an affine transformation matrix.
We set the A matrix to be the combination of three rotation
matrices (0° rotations over each axis, with 6 between 0 and 90)
and a translation matrix with random translation coefficients
for each axis (between O and half the axis length). Finally,
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the fourth factor, order, randomly changed the order of the w;
worker-authored gestures in the W set. For instance, if the W
set has three gestures, w1, w2, w3, an output of the order factor
could be a W' set with gestures ordered as ws, w3, w;. With
the exception of the trajectory factor, these factors can be used
interchangeably between worker-authored or helper-authored
gestures. The evaluation of each of these factors with both
worker-authored and helper-authored gestures is not included
in the manuscript for conciseness purposes.

C. Apparatus

After signing a written consent form (IRB Protocol
#1810021222), participants were randomly assigned to either
the @y worker or the @ helper role, and were directed to
different stations according to their role. The @y worker station
included the elements to complete the task placed on a table (e.g.,
blocks, paper sheet, ultrasound probe, and phantom), color and
Kinect cameras to record the participant’s activity, and a display
connected a computer hosting a Skype video call with the helper
station. The ® ;7 helper station had the same setup, but replaced
the elements to complete the task with a booklet containing
written instructions on how to complete the task. Therefore, only
the @ 77 helper knew the steps to complete the task, and only the
®yy worker could interact with the elements to complete it. The
@ helper conveyed the instructions in the booklet to the @y
worker through verbal instructions, gestures, facial expressions,
among others.

A total of 3498 gestures (2101 performed by the ® 5 helper,
1397 performed by the @3- worker) were extracted over the span
of 14 h of video. Each of these gestures was represented using an
W interpretation tree, and was considered in the PIA calculation.
Our work does not generate U interpretation trees from verbal
utterances. Instead, the information introduced by them (e.g.,
discourse referents, predicates) is considered part of the Qy
context of the gestural utterances. The reason for this is that PIA
is not used to compare verbal utterances, as they inherently lack
the morphological aspects of gestures (e.g., shape, movement).

D. Design

A correlation analysis using the Pearson product moment
correlation () was performed to analyze the relationship be-
tween PIA and the other task understanding proxy metrics [52].
The PIA score was treated as the dependent variable, while the
error rate and idle-time rate scores were treated as independent
variables. For the sensitivity analysis, a two-level four-factor
Taguchi design was performed to evaluate PIA’s sensitivity to
these factors [53]. The PIA score was treated as the dependent
variable, while the delay, stretch, trajectory, and order factors
were treated as the independent factors. We report both the
change in the means and the noise-to-signal (SN) ratio after
changing the levels of the four independent factors. For each
helper—worker pair, 16 (2%) combinations of factors were eval-
uated (e.g., only stretch, only trajectory, and order, all at once).
These 16 combinations were evaluated for each of the 30 helper—
worker pairs in the three tasks, for a total of 480 permutations.
To keep the number of tests as reduced as possible, we do not

present multiple permutations of each of the combinations over
the helper—worker pairs. Additionally, all random values in the
sensitivity analysis follow a uniform distribution.

V. RESULTS

Table IV summarizes the results of the task understanding
proxy metrics. Higher PIA values estimate better task under-
standing, while lower error and idle-time rates estimate better
task understanding. Fig. 4 shows the Pearson correlation matrix.
PIA reported significant correlations with all other metrics (p <
0.05). In terms of error rate across tasks, the average number
of actions per helper—worker pair was 38.57 £ 15.76, and the
average number of errors was 11.36 £ 4.81. In terms of idle time
across tasks, the average task completion time per helper—worker
pair was 13:18 + 5:54 min, and the average idle-time rate was
2:03 £ 1:26 min.

The sensitivity analysis revealed that PIA was robust to
changes in the MAGIC architecture. The delay factor caused a
mean change of 0.96 in PIA (p < 0.01), the stretch factor caused
a mean change of 0.52 in PIA (p = 0.09); the trajectory factor
caused a mean change of 0.31 in PIA (p = 0.3), and the order
factor caused a mean change of 0.03 in PIA (p = 0.9). Similarly,
the delay factor caused an SN ratio change of 0.15 (p = 0.04),
the stretch factor caused an SN ratio change of 0.04 (p = 0.3);
the trajectory factor caused an SN ratio change of 0.05 (p = 0.2),
and the order factor did not cause an SN ratio change (p = 0.9).
Therefore, only the delay factor had a significant effect in the
calculation of PIA.

VI. DISCUSSION

People heavily rely on gestures to convey physical instruc-
tions. Our results reported that participants performed more than
10 gestures per minute, corroborating the importance of gestures
in collaborative tasks [6], [31]. This systematic use of gestures
and bodily actions reinforces the idea that they act as a proxy
for understanding: people’s task understanding can become clear
by observing someone’s actions [54]. The correlation matrices
revealed statistically significant correlations between PIA and all
the other proxy metrics. For example, when understanding was
poor due to more time spent cognitively processing instructions
or high error rates, understanding was also poor due to low
assimilation of physical instructions (in the form of PIA). These
correlations indicate that PIA can act as a proxy to estimate task
understanding: PIA showed the same trends found via idle-time
rate and number of errors.

Moreover, PIA helped in scenarios where the other metrics
were inconsistent. For instance, consider the scores obtained
by the B-4 helper—worker pair (error rate = 22.50, idle-time
rate = 22.16). This pair reported the lowest error rate within
this task, but the second-to-highest idle rate. However, their
low PIA score reveals that they performed several unnecessary
gestures while completing the task. This PIA score implies that
although this pair performed very few errors, they did not have
proper understanding of the task. PIA, therefore, provides a
gesture-based perspective to estimate task understanding, which
is currently not encompassed in other approaches.
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TABLE IV
COMPARISON OF TASK UNDERSTANDING PROXY METRICS ON THREE COLLABORATIVE TASK (B = BLOCK ASSEMBLY; O = ORIGAMI;
U = ULTRASOUND TRAINING)

H-W Pair | PIA | Error Rate | 19T || b w pair || PIA | Eror Rate | € T™ | yw pair | PIA | Error Rate | 191€ Time

Rate Rate Rate
B-1 61.30 34.78 17.67 O-1 72.45 24.13 4.40 U-1 52.86 35.14 18.31
B-2 72.14 26.67 6.46 0-2 51.43 33.33 26.16 U-2 65.00 27.50 10.44
B-3 59.04 28.13 5.23 0-3 43.37 42.85 31.09 U-3 75.24 16.42 5.13
B-4 55.43 22.50 22.16 0-4 44.56 62.50 41.61 U-4 62.22 30.91 5.55
B-5 66.13 22.73 8.28 0-5 61.28 35.00 23.08 U-5 60.71 30.91 12.36
B-6 43.38 4091 24.50 0-6 53.12 41.18 37.27 U-6 55.71 37.29 8.93
B-7 72.55 20.59 5.52 0O-7 53.90 33.33 22.76 u-7 52.24 38.30 6.30
B-8 51.69 25.00 12.02 0-8 43.27 37.93 40.09 U-8 79.69 10.53 2.11
B-9 57.78 25.81 11.28 0-9 53.97 33.33 35.92 U-9 72.53 13.73 2.66
B-10 52.04 34.21 20.77 0O-10 64.47 33.33 27.13 U-10 47.69 41.86 13.71

Results indicate percentages over 100 [%].
Blocks Task Origami Task Ultrasound Task

Pearson Correlation Matrix

PIA PIA

Error Rate Error Rate

Idle Time Rate 1 Idle Time Rate

Pearson Correlation Matrix

Pearson Correlation Matrix

PIA

Error Rate

Idle Time Rate

A

Fig. 4.

The sensitivity analysis revealed that PIA was robust to
changes in the MAGIC architecture. Specifically, we evaluated
the effect of changes in time, order, and motion trajectories of
the collaborators’ gestures. It is important to note that since the
comparisons are mostly dependent on the subtrees representing
meaning and context, the effects of time, order, and trajectories
are limited to nodes within subtress encompassing time, order,
and trajectories information. The effect of time (i.e., delay and
stretch factors) led to changes of almost 1 and 0.5 point in the PTA
score. This effect was the highest among the factors, reporting
statistical significance for the delay factor. The importance of
time has to do with how it is represented in the ¥ interpre-
tation trees. Time is considered as part of the Synchro Group
to describe whether the gesture was performed in synchrony
with an e eventuality variable, and as part of the movement
group to describe the trajectories of the gestures. Since the \IlfY}'G
subtree representing the synchro group is part of the subtrees
representing meaning, delay and stretch led to the highest effect
among the sensitivity factors.

Moreover, since the \IJ%VG subtree representing the movement
group was not an integral part of the calculation of gesture

Pearson correlation matrices for the task understanding proxy metrics.

All metrics reported significant correlations in all the tasks (p < 0.05).

similarity for this work, the PIA score was robust against the
changes in the trajectory factor. However, this effect could be
higher if evaluating similarity only against the gestures’ mor-
phology. Finally, the effect of the order factor was negligible.
This demonstrates that PIA is not affected by how the W set is
ordered. This happens because: 1) gesture similarity is described
as the number of common nodes within the ¥ interpretation
trees, and 2) the ILP solves for all ¢;; edge weights at the same
time, instead of solving iteratively.

Additionally, PIA can offer significant insights regarding the
overall quality of the understanding. For example, thresholds
can be set to distinguish between “good,” “decent,” and “bad”
assimilation of physical instructions. Elaborating, if a threshold
of 70 were to be empirically set as an indicator of “decent” task
understanding, only 20% of the helper—worker pairs would have
achieved this goal.

Another advantage of PIA is its generalizability. We evaluated
PIA using three physical tasks, and found significant correlations
with the other metrics. This hints that, as long as the task has
a high number of physical instructions, PIA can be a useful
task understanding estimator. Moreover, PIA is independent of
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the framework used to compute the F matrices required for its
calculation. Our work leveraged MAGIC to generate these F
matrices [ 12], but other gesture matching approaches could also
be used to generate the ' matrices.

However, the PIA metric should not be used in isolation from
the other proxy metrics: we envision PIA as a complementary
metric to assess understanding in physical tasks. For instance,
consider a hypothetical example of a helper—worker pair that
achieved a 100 PIA score: every h; helper-authored gesture was
matched to one and only one w; worker-authored gesture, and
no h; helper-authored gesture remained unmatched. While this
represents perfect assimilation of physical instructions, it does
not capture whether the Ayy executions were correct: errors
could have been performed along the way and, therefore, have a
nonzero error rate. This example showcases how these metrics
should be used in combination, as each captures different aspects
of task understanding.

The PIA metric presents some limitations. First, the metric
does not consider verbal-only utterances. For example, the met-
ric does not take into account a verbal instruction indicating
where to connect a block if the instruction was not accompanied
by a gesture. Therefore, the PIA metric will not act as an adequate
proxy metric to measure understanding in tasks where the @y
helper decides not to accompany the instructions with gestures,
or in tasks that do not involve physical instructions. Moreover,
the manual annotation introduces a bottleneck in our approach.
Although we follow a semiautonomous process to annotate the
gestures, annotating each gesture can take up to 1 min on aver-
age. Machine learning techniques could be integrated into our
framework to address such constraints. For instance, image cap-
tioning techniques with context attention could be incorporated
to automatically obtain the gestures’ pragmatics [55]. Likewise,
speech-to-text routines could be used to obtain information from
verbal instructions autonomously [56].

In terms of future work, the assumption that high PIA scores
are linked to a one-to-one gesture matching can be further
inspected. Currently, the PIA metric penalizes the cases in which
more than one worker-authored gesture is required to perform
the instruction conveyed with one helper-authored gesture. This
can be an issue in scenarios where more than one gesture
is necessary to complete an instruction. For instance, if the
pointed wrench would have been under a pile of tools, the Oy,
worker would need to perform gestures to move the other tools
before taking the wrench. This would have been penalized by
the PIA score, as they count as extra gestures. Furthermore,
studies should be conducted with different population groups
to prevent biases. A population of only graduate students can
introduce biases because of the age of the participants and their
level of education [57], [58]. Furthermore, gestures are culture-
dependent, and they can have different meaning based on the
collaborators’ culture [59]. Subsequently, future experimental
designs could be performed with a time limit to generate other
proxy metrics such as the task completion percentage. Finally,
the PIA scores should be compared against human-reported
understanding evaluations.

VII. CONCLUSION

This work presented the PIA metric, a novel approach to
estimate task understanding via gestural analysis. The metric
obtains insights of task understanding by analyzing the way
in which collaborators use gestures to convey, assimilate, and
execute physical instructions. The gestures of helper—worker
pairs of individuals collaborating to complete shared tasks were
abstracted and compared using the MAGIC architecture’s ges-
ture representation routines. After this, an integer optimization
problem was solved to obtain the PIA scores of each helper—
worker pair. These PIA scores were compared against two other
metrics used to estimate task understanding: number of errors
performed and amount of idle time during the task. The results
showed that PIA had statistically significant correlations with
the two other metrics. In addition, a Taguchi design was used to
evaluate PIA’s sensitivity to changes in the MAGIC architecture.
This analysis revealed that the PIA metric was robust to changes
in time, order, and motion trajectories of the collaborators’
gestures. Overall, the results reported in this work indicate that
the assimilation of physical instructions can reveal insights of
task understanding. Moreover, PIA is agnostic to the task being
performed and to the framework utilized to match the gestures,
making it more generalizable. This implies that gestures can
provide a new perspective to estimate task understanding that is
currently not encompassed in other common approaches.
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