
Learning User Preferences for Complex Cobotic Tasks: Meta-Behaviors
and Human Groups

Elena M. Vella1, Airlie Chapman1, Nir Lipovetzky 2

Abstract— In complex tasks (beyond a single targeted con-
troller) requiring robots to collaborate with multiple human
users, two challenges arise: complex tasks are often composed
of multiple behaviors which can only be evaluated as a collective
(a meta-behavior) and user preferences often differ between
individuals, yet successful interactions are expected across
groups. To address these challenges, we formulate a set-wise
preference learning problem, and validate a cost function that
captures human group preferences for complex collaborative
robotic tasks (cobotics). We develop a sparse optimization
formulation to introduce a distinctiveness metric that aggre-
gates individuals with similar preference profiles. Analysis of
anonymized unlabelled preferences provides further insight
into group preferences. Identification of the mode average
most-preferred meta-behavior and minimum covariance bound
allows us to analyze group cohesion. A user study with 43
participants is used to validate group preference profiles.

Index Terms— Human-Robot Interaction, Control Design,
Machine Learning Algorithms

I. INTRODUCTION

The maturity of robotic systems has advanced to a point
where humans and robots are able to work in close proximity.
This has led to an increased prevalence of cobotic (collab-
orative robot) applications in industrial and social settings.
Cobotic applications are characterized by interactions where
humans and robots work together in teams to successfully
complete the relevant task [1]. In this context, robots must
be able to perform complex tasks alongside humans, where
it is required of the robots to be able to execute coordinated
motions beyond a single targeted controller, or behavior. To
ensure successful group collaboration for complex tasks, a
meta-behavior consisting of a set of dynamic motions for
a complex task is required [2]. The intricate challenges of
group collaboration in dynamic tasks involve negotiation,
coordination, conflict, and social behavior. The inherent sub-
jectivity of user criteria for cobotics, leads to user preferences
being unavoidable in control parameterization design. It is
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pivotal to design cost functions that embody the subjective
criteria of group preferences, that enable multiple human
users and robots to collaborate.

To address the challenge of modeling user preference
bias, it is necessary to establish an empirical measurement
to design a cost function that is representative of human
preferences. The idea of learning cost or reward functions
from user-expressed preferences have been studied in the
machine learning community at large [3]. The two primary
approaches to preference learning are instance preference
learning ordinal regression [4], [5] and collections of com-
parisons commonly seen as pairwise comparisons [6], [7].
In our work, we extend this to set-wise comparisons or
comparing meta-behavior preferences. Mindful of the in-
herent subjectivity in user opinions, we capture individuals’
preferences, such that the user provides a ranking, as opposed
to absolute values. Inspired by the algorithm presented in [8],
we use preferential reasoning to understand the influence of
complex tasks achieved by a meta-behavior on human user’s
preferences.

In complex situations where multiple users engage with
the robotic system, often the cost function represents a single
user preference [9], resulting in poor performance over the
group. We propose a cost function constructed to accurately
represent a group’s favored preferences, also referred to as
a group preference profile. This is done by extending the
concept of individual preferences to group preferences [10],
thus providing a way of understanding how to aggregate
individuals with similar preference profiles. We extend our
analysis to consider the impact of conflicting preferences’ in
a group and how this affects the overall groups preference
dynamic.

In this work, we seek to address, in complex cobotic tasks,
how to design and interpret a group of human preference
profiles to meta-behaviors. Our contributions extend concepts
developed in [8], [10]–[12] to group based measurements for
preferences. We apply a set-wise preference learning tech-
nique within a convex optimization framework. We consider
a human group’s preferences from two perspectives. First,
we describe a population’s distinctiveness by aggregating
individuals with similar preferences. Secondly, we examine
group cohesion via the notion of a preference average,
and covariance bounds for the group’s preference profiles.
Finally, a user study of 43 individuals is conducted to verify
user group preference profiles to meta-behaviors.

The remainder of this paper elaborates on our analytical
approach to modeling human preferences and interpreting
group preferences regarding meta-behaviors. We formulate
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the problem as a set-wise preference learning system and
introduce a method to numerically represent preferences as
vectors embedded in a feature space. We go on to introduce
a preference model in §III and then extend the preference
model to a group in §IV, where distinctiveness and group
cohesion metrics are defined. An overview of the user study
and results are discussed in §V, with concluding remarks in
§VI.

II. PROBLEM FORMULATION

We formulate a set-wise preference learning problem to
study how a human user’s preferences and more generally,
the preferences of a population, are captured through a cost
function from set-wise comparisons. We seek to design a
control system that is robust to the subjective criteria of
an individual and a population by accurately representing
preferred preferences to meta-behaviors.

Notation: For x ∈ Rq , we define the 1-norm of a vector
∥x∥1 =

∑n
i=1 |xi| and the 2-norm of a vector ∥x∥2 =∑n

i=1 |xi|2. The indicator function IA(·) for a set A ∈ R is
defined as IA(x) = 1 if x ∈ A and otherwise equal to 0. The
identity matrix I is a diagonal matrix with 1 on the dominant
axis and 0 elsewhere. A pair of elements (x1

i , x
2
i ) appears

uniquely in set S, if and only if x1
i is preferred to x2

i for all
possible set combinations i = 1, ..., p. A graph G = (V, S)
is defined by a vertex set V of cardinality n and an ordered
edge set E ⊆ V × V of cardinality m. If an edge exists
from vertex vj to vertex vi it is expressed as (vj , vi) ∈ E. A
directed acyclic graph is a graph with no directed cycles. We
denote the standard normal cumulative density function as
Φ(x). The function evaluates the probability that the value
of a random variable Y ∼ N (0, 1) is less than or equal
to x ∈ (−∞,∞). Similarly, the normal cumulative density
function Φµ,σ(x) describes the probability that the value of
the random variable X ∼ N (µ, σ2) is less than or equal to
x, denoted by p(X ≤ x). The cumulative density functions
are related by p(X ≤ x) = Φµ,σ(x) = Φ (x− µ) /σ; the
inverse mapping is given by

Φ−1 (p(X < x)) =
x− µ

σ
. (1)

A. Set-wise Preferences

The fundamental concept behind preference learning is
a collection of empirical comparisons. In this work we
question an individual, by comparing set-wise comparisons
to meta-behaviors and performing a relative ranking, by a
cost function, to find a user’s preference profile.

Given a set of behaviors B, of size m. A set of behaviors
v = (w1, w2, . . . , wm) ⊆ Bm is termed a meta-behavior.
Consider a set of meta-behaviors B ⊆ Bm, we wish to
collect a set of Sb set-wise comparison preferences EB =
{(v1i , v2i )|v1i , v2i ∈ B, i ∈ {1, ...,mb}}, where mb is the
number of comparison preference elements. Preference com-
parisons are ranked relative to the response from a question,
asking individuals to rank instances of meta-behaviors. An
example question takes the form of “Comparing these meta-
behaviors, which do you prefer more?”

Given each human has different preferences, we record a
comparison set-wise preference ranking for each individual.
We consider for the ith comparison set, the preferred collec-
tion of meta-behaviors as v1i = (w1

i1, w
1
i2, ..., w

1
im) ordered

as the first set and the collection of non-preferred meta-
behaviors as v2i = (w2

i1, w
2
i2, ..., w

2
im) ordered as the second.

B. Set-wise Graph Interpretation

We may visualize an individual’s set-wise comparison
preferences using a preference graph. Consistent preferences
may be depicted as acyclic graphs, yielding a partial order
over preferences, while inconsistent preferences generate a
cyclic graph.

For the kth individual, the directed preference graph Gk =
(Vk, Ek) is defined by a vertex set Vk ⊆ B containing the
compared collection of meta-behaviors v1, v2 ∈ EB, and an
ordered edge set Ek ⊆ Vk × Vk ⊆ EB indicating preferences
among pairs of vertices. Here, a directed edge (vi, vj) ∈
Ek from vertex vi to vertex vj indicates the collection of
meta-behaviors vi is preferred to meta-behaviors vj . Note
there is at most one edge between each vertex in a pair, i.e.
we do not consider self-contradictions. We assume that each
preference is labeled as belonging to a given individual when
constructing the individual’s directed preference graph.

We extend this concept to an anonymous (unlabeled)
group preference graph G = (V , E ,W ), in a situation
where anonymized unlabeled preferences are collated from
a general group of people, such that individual’s preferences
cannot be distinguished between. The graph G has a vertex
set V =

⋃P
p=1 Vp, the ordered set of edges E ⊆ EB, and

the associated edge weight set W , for the pth comparison
preference, the total number of preferences P = mb × q.
The group graph is formed by enumerating each set-wise
preference, aij =

∑P
p=1 IEB ((vi, vj))) for all vi, vj ∈ V .

The edge set E contains the edge (vi, vj) if aij − aji > 0
(i.e. vi is more preferred to vj) or aij = aji ̸= 0 and i < j
(i.e. vi and vj are equally preferred). The weights capture
the preference variation of individuals in the group. The as-
sociated edge weight element of W is wij = aij/(aij +aji)
for the comparison of meta-behaviors (vi, vj). Each vertex
in the graph has a directed edge, the head is mapped to a
preferred preference. The directed weighted edges describe
the expectation of the preference ranking by the majority of
individuals between vertices. In §III and §IV we will use the
preference graph G or G to extract a convex set of preferences
for an ordinal optimization problem [13].

C. Human Comparator, Feature Embedding, and Classifiers

The subjectivity of an individual’s preference is inevitable.
To evaluate meta-behaviors effectively, we model each hu-
man’s set-wise preferences to reflect an underlying cost
function fk. Fig. 1 is a basic input-output model, of the
human comparator ranking meta-behaviors.

To address the challenge of human bias it is necessary
to establish an empirical measurement for the cost function
that is representative of human preferences, which can be
generalized to find the best measure from the comparison set.
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In an ordinal regression problem, the challenge arises of how
to appropriately represent a cost function and generalize the
expressed preferences for a given set of objectives preference
data of an ordinal scale e.g ”Strongly Agree”, ”Agree”,...
”Strongly Disagree”. A collection of comparisons, on the
other hand, develops a ranking cost function over the in-
stances [14].

A key benefit of comparison studies over numerical or
ordinal-ranking is individuals are less susceptible to ranking
bias at the time of the event, this is known as batch effects
in psychology [15]. For the remainder of the paper, we will
refer to the preference learning technique for collections
of comparisons, as preference learning. For a preference
learning model, we may interpret and design the human as a
comparator, a memoryless non-linear system. Such that when
a human is given a set of behaviors, they output an ordered
ranking of those behaviors.

Fig. 1: Human modeled as a comparator, where fk is the
internal cost function.

A limiting factor to the approach of preference learning is
we cannot infer preferences that are not in the set Vk of the
preference graph. To overcome this challenge we propose to
map each behavior to a point x in a feature space X . There
is an array of options for feature classification, to name a few
support vector machine (SVM)-based classifier [16], extreme
gradient boosting (XGBoost) classifier [17], and decision tree
ensemble classifier [18]. Additionally, manual feature vector
extraction for preference learning has been performed in [19].

In this work, we describe the compact feature vector as
x ∈ X which has a mapping h : B → X from the behavior
set to a q-dimensional feature space X ⊆ Rq .

III. DEVELOPING PREFERENCE PROFILES

To interpret individual set-wise comparisons meaningfully
and effectively, we embed set-wise comparisons into a fea-
ture vector space. We amalgamate and build on concepts
developed in [8] and [19] on preference learning. In the
following sections, we propose a convex optimization set-
wise preference learning problem with a global extremum.
This allows us to successfully identify an optimally-preferred
point for an individual from Gk and h(·) and later extend this
notion to a group.

A. Cost Model For Preference Synthesis

Each element of a preference comparison pair (v1i , v
2
i ) ∈

Ek where v1i = (w1
i1, ..., w

1
im) and v2i = (w2

i1, ..., w
2
im) is

embedded and mapped by x1
i = (h(w2

i1), ..., h(w
2
im)) ∈ Xm

and x2
i = (h(w2

i1), ..., h(w
2
im)) ∈ Xm, respectively.

Set-wise preferences imply the existence of an underlying
cost function fk : Xm → R such that

fk(x
1
i ) ≤ fk(x

2
i ) ⇔ (v1i , v

2
i ) ∈ Ek. (2)

Restricting to length m = 1 meta-behaviors, i.e., a
pairwise comparison preference, consider the quadratic cost
function fk : X → R proposed in [8] fk(x) = ∥x − xk∥2,
where xk is a vector in X corresponding to an optimal
preference for individual k.

We may estimate this function by considering the pref-
erence set as analogous to a set of affine classifications. In
feature vector space, the preference set corresponds to a set
of hyperplanes separating the pairs of behavior points with
maximal distance to each point.

Firstly, we consider the ith preference pair (x1
i , x

2
i ) ∈ X×

X , (2) is equivalent to the halfspace

gi(x) = aTi x− bi ≤ 0 , (3)

where ai = x2
i − x1

i and bi = aTi (x
1
i + x2

i )/2. The
closed halfspace indicates that gi(x) ≤ 0 (the region of
the feature space containing preferred behaviors) is convex
but not affine. The two sets of points (preferred and non-
preferred behaviors) can be linearly discriminated using a
constant threshold. Geometrically this threshold corresponds
to a hyperplane when g(x) = 0 formed by points yielding
a constant-valued inner product with the vector ai. The
hyperplane divides X into two half-spaces, we interpret the
two half-spaces as the preferred region g(x) ≤ 0 and not
preferred region g(x) > 0 of the space. In Fig. 2 the dashed
lines correspond to the hyperplanes for the three preference
pairs (x1

i1, x
2
i1), (x

1
i2, x

2
i2) and (x1

i3, x
2
i3), respectively.

We now extend the notion of a hyperplane created from
a pairwise preference comparison to a set of preference
comparisons. This is analogous to the human observing a
task composed of meta-behaviors, instead of the individual
observing individual behaviors that composed together make
up the task.

Proposition 1: For the ith meta-behavior preference pair
(x1

i , x
2
i ) ∈ Xm × Xm where x1

i = (x1
i1, x

2
i2, ..., x

1
im) and

x2
i = (x2

i1, x
2
i2, ..., x

2
im). For the set quadratic cost function

fk : Xm → R for individual k

fk(x) =

m∑
j=1

∥xj − xk∥22 (4)

then the preference inequality f(x1
i ) ≤ f(x2

i ) is equivalent
to the halfspace constraint

gi(x) = aTi x− bi ≤ 0 , (5)

where ai =
∑m

j=1

(
x2
ij − x1

ij

)
and bi =

1
2

∑m
j=1

(
x2
ij − x1

ij

)T (
x1
ij + x2

ij

)
.

Proof: : The preference inequality is

m∑
j=1

||x1
ij − x||22 ≤

m∑
j=1

||x2
ij − x||22
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Fig. 2: The hyperplanes for three pairwise preference
(x1

ij , x
2
ij) for j ∈ {1, 2, 3} (dashed lines). The hyperplane

for a length three set-wise preference x1
i = (x1

i1, x
1
i2, x

1
i3)

and x2
i = (x2

i1, x
2
i2, x

2
i3) (solid line).

with

0 ≥
m∑
j=1

(
∥∥x1

ij

∥∥2
2
− 2xTx1

ij + ∥x∥22)

− (
∥∥x2

ij

∥∥2
2
− 2xTx2

ij + ∥x∥22)

= 2xT
m∑
j=1

(x2
ij − x1

ij) +

m∑
j=1

(
∥∥x1

ij

∥∥2
2
−
∥∥x2

ij

∥∥2
2
)

= 2xT
m∑
j=1

(x2
ij − x1

ij)−
m∑
j=1

(x2
ij − x1

ij)
T (x1

ij + x2
ij).

The result follows.
Further, the set-wise halfspace (5) can be constructed using

the pairwise halfspace (3). For the preference pair (x1
ij , x

2
ij)

if its halfspace (3) is aTijx− bij < 0, the set-wise halfspace
(5) has parameters ai =

∑m
j=1 aij and bi =

∑m
j=1 bij .

The set-wise preference halfspace (5) for a length three
meta-behavior preferences with x1

i = (x1
i1, x

1
i2, x

1
i3) and

x2
i = (x2

i1, x
2
i2, x

2
i3) is depicted in Fig. 2.

B. Preference Polytope

Geometrically, the kth individual’s preference set can be
described by a set of halfspaces (5) in feature vector space,
with the ith hyperspace associated with the sets of prefer-
ences (v1i , v

2
i ) ∈ Ek. Each preference comparison reduces the

halfspace of X , further constraining x. The intersection of the
closed halfspaces defines a preference polytope, a region in
feature vector space associated with the greatest preference.
The intersection satisfies the system of linear inequalities
created by the preferences and can be represented by the
polytope Pk =

{
x ∈ X |aTi x ≤ bi,∀(v1i , v2i ) ∈ Ek

}
. An ex-

ample preference polytope, is formed from the intersection of
eight preference comparisons. The corresponding preferred
halfspaces are given by the shaded interior region in Fig. 3.

The preference polytope can be unbounded for small
|Ek| and poorly distributed preference comparisons. The

preference polytope can also be empty for cyclic preference
graphs and poorly selected embeddings.

The closed region of the polytope Pk can be used to deter-
mine preferred meta-behaviors; this process is often termed
preference learning [3]. The polytope Pk can be built itera-
tively, with new set-wise preference comparisons presented
to the individual over time. Given the polytope Pk(t) at
sample time t, the addition of the ith preference at time t+1
forms the new polytope Pk(t+1) = Pk(t)

⋂
{x|gi(x) ≤ 0}.

The strategic presentation of comparisons to the participant
can rapidly reduce the volume of Pk(t) over time.

C. Locating the extremum point - Chebyshev Center

As we have insufficient information within a bounded Pk

to find xk in (4), we may substitute an alternative point in
X . When presented with a bounded preference polytope Pk,
we can define a virtual point xc, that is maximally preferred
within the polytope. We assert that the Chebyshev center
is a suitable candidate for a hypothetical most-preferred
preference point, as the Chebyshev center finds a globally
optimal point in Pk. Feature vectors can then be compared
to see which is closer to that point, which we denote as
the favored features [19]. Finding the Chebyshev center is a
convex optimization problem, hence we can find the global
optimum of the affine set.

The Chebyshev center of Pk can be described geometri-
cally as the center of the largest inscribed ball in Pk, also
referred to as the in-center point. A visual interpretation of
this is depicted in Fig. 3. Let the Chebyshev center xc lie at
the center of the largest possible ball Br = {xc+u | ∥u∥2 ≤
r}, inside Pk. We may obtain Br by maximising r. For
a weaker constraint, let Br lie in the half-space ∥u∥2 ≤
r =⇒ aTi (xc + u) ≤ bi. The corresponding largest
possible ball is given by sup{aTi u|∥u∥2 ≤ r} = r∥ai∥2.
Therefore, the Chebyshev center lies within the Pk if and
only if aTi xc + r∥ai∥2 ≤ bi,∀(v1i , v2i ) ∈ Ek. Given the ball
radius r ≥ 0, the Chebyshev center xc can be found by
solving the optimization

(xc, r) = argmax
x,r

r, (6)

s.t. aTi x+ r∥ai∥2 ≤ bi,∀(v1i , v2i ) ∈ Ek.

The optimization is a linear program with many algorithms
that can reliably and efficiently solve the problem [20].
The resulting xc can then be used as a proxy to compare
individuals’ preferences.

IV. GROUP PREFERENCE PROFILES

We extend the preference collection from an individual
to a group. The preferences of a group of individuals are
analyzed and a sparse optimization formulation is devel-
oped to introduce a distinctiveness metric that aggregates
individuals with similar preference profiles and considers
the effect of self-contradictory responses. We go on to
consider anonymized unlabeled set-wise preferences, where
we observe properties of the entire group’s preferences.
Assuming that the individual’s maximal preference point
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Fig. 3: The Chebyshev center xc with radius r of the
preference polytope P .

is drawn from a normal distribution, this provides further
insight into the group’s cohesion; via identification of the
mode average most-preferred meta-behavior and minimum
covariance bound.

A. Labeled Set-Wise Preferences

Aggregating individuals with similar preference profiles,
from multiple individuals’ respective preferences, we may
devise a measure of the individuals’ distinctiveness. The
extremum preference value for individual k is denoted as
x + zk where x is assumed to be a global reference
preference measure and zk the perturbation of individual
k away from this reference. If the magnitude of zk were
small for all individuals, the group would exhibit similar
preference behaviors. An individual with large zk would, in
turn, have distinctive preference behaviors compared to the
group as a whole. Examining the preferences across each
individual k, the selection problem for their ith preference
selection will generate the hyperspace

(
aki

)T (
x+ zk

)
≤ bki .

An optimization problem can then be posed to find x with
small

∥∥zk∥∥
1

across all members using

(x, z) = argminx,z=[z1,...,zn]

n∑
k=1

∥∥zk∥∥
1
, (7)

s.t.
(
aki

)T (
x+ zk

)
≤ bki ,∀(v1i , v2i ) ∈ Ek.

The accumulative 1-norm is used here to minimize z due
to its sparsifying properties as it promotes sparse solutions
with small or even zero

∥∥zk∥∥
1

[20]. When
∥∥zk∥∥

1
= 0,

the reference preference measure x will satisfy all of the
selection preferences for individual k. This subset of individ-
uals will share a non-trivial intersection of their preference
polytopes and an additional Chebyshev center selection could
be performed to select a preference reference xc with the
characteristics described in §III-C.

B. Unlabeled Set-Wise Preferences

We seek to determine a metric to analyse the cohesion of
the group, via a preference average and a covariance bounds

Fig. 4: Participant Chebyshev centers xc compared with the
aggregated preference optimum x.

for a group’s preference profiles; for the case where a pref-
erence may be expressed multiple times with contradictory
responses.

Consider the selection of the perturbation z for each
individual from a normal distribution Z ∼ N (0,Σ), where
Σ is a symmetric positive definite matrix. From (5), the ith

selection problem can subsequently be posed as a preferential
selection of one choice over the other when the random
variable Xi = gi(x+z) = aTi (x+ z)−bi is non-positive; the
corresponding distribution is N (µ = aTi x−bi, σ

2 = aTi Σai).
By applying the inverse distribution mapping (1), the prob-
ability of a positive preference selection pi = p(Xi ≤ 0) is
then −Φ−1(pi)σ = µ. Assuming that the covariance of Z is
bounded as 0 ⪯ Σ ⪯ α2I , then σ ≤ α ∥ai∥2. For pi ≥ 0.5
then Φ−1(pi) ≥ 0 and

−α ∥ai∥2 Φ
−1(pi) ≤ aTi x− bi ≤ 0. (8)

Similarly, for pi < 0.5 then

0 ≤ aTi x− bi ≤ −α ∥ai∥2 Φ
−1(pi), (9)

such that each preference constrains x to lie in what can be
interpreted geometrically as a slab, i.e., a set of the form {x ∈
Rq|α ≤ aTx ≤ β} for scalars α ≤ β. With the data sampled
from a finite population, the probability pi is calculated based
on a confidence interval [pi − δ, pi + δ] projected onto the
unit interval [0, 1] as ∆ = [max(0, pi − δ),min(1, pi + δ)]).
Here, 2δ is the width of the confidence interval band and is
based on the margin of error calculated from a number of
samples. Applying the central limit theorem for the binomial
distribution is one approach to calculate the width with
δ = Z

√
1/4ns where Z is the Z-score associated with a

confidence interval and ns is the number of samples of the
ith preference [21].

We assume that gi(x) is constructed so that Xi ≤ 0 for
most of the group (i.e., pi ≥ 0.5), for example as per §II-B
for G = (V , E ,W ) with pi = wi ∈ W . Using the constraints
(8) and (9) over ∆, we may find the average preference
measure x and minimum covariance bound α for the group
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as

(x, α) = argmin
x,α

α (10)

s.t. aTi x− α ∥ai∥2 max(0,−Φ−1(pi − δ)) ≤ bi,

aTi x+ α ∥ai∥2 Φ
−1(min(1, pi + δ)) ≥ bi,

∀(v1i , v2i ) ∈ E , pi = wi ∈ W.

For the ith preference, the (positive) upper bound on the
covariance α constrains the width of the slab containing x.
Similarly, the closer pi is to 0.5 (i.e. a split decision on the
ith preference among individuals), the narrower the slab.

V. USER STUDY HUMAN PREFERENCES AS A TRUST
MEASURE

To understand the comparison of higher-dimensional ob-
jects, a user study experiment was performed by human
observers. The working example focuses on swarm meta-
behavior measured against a human’s perception of what they
are more trusting of.

There has been much discussion of the nature of hu-
man trust in robotic systems [22], [23] within a human-
automation interaction paradigm. Trusted interactions emerge
when humans delegate partial or full responsibility for a task
to an autonomous system [24]. For a human to delegate
autonomy to the robotic system, they must have sufficient
trust in the system regarding proper task execution and safety,
among other factors [25]. While previous investigations
have focused predominantly on human interactions with
industrial machines [23], in recent years a wider variety
of collaborative human-robot interaction (HRI) scenarios
have been investigated [25], [26]). Trust measures may be
explicit or implicit, with the former type more objective and
feature-specific (e.g. gaze, social cues, gestures). Implicit
trust measures are more subjective, involving the beliefs
and preconceptions of the individual in question [27]. Task-
specific models that make use of either type of measure for
absolute trust may not be able to robustly handle variations
in how individuals express trust [26].

It is evident there is a gap in the flexibility of trust
models and measures, to extend and develop the notion of
human-robot trust it is required to have a stronger correlation
for analysing trust. To address this, we consider human
preferences and use preference learning techniques [11] for
trust.

A user study experiment was conducted involving a swarm
of ground-based robotic vehicles (unicycles) [28]. A unicycle
model was designed to describe individual agent dynamics
and a higher-level distributed multi-agent controller was
employed to execute the desired swarm behaviors, to create
a swarm meta-behaviors.

The executed swarm behaviors using the robotic platform
for experimental purposes include: 1) cyclic pursuit, where
agents traverse a circle [29], 2) herding, requiring agents
to move from one location to another while maintaining
collective cohesion [30], 3) leader following, where a leader
moves and is shadowed by all other agents [2], 4) square
formation, the agents distribute to the vertices of a square

(a) Cyclic Pursuit (b) Herding

(c) Follow the Leader (d) Square Formation

(e) Line Formation

Fig. 5: Swarm behavior trajectory traces.

shape [2], 5) line formation, agents evenly distribute to form
a line [2]. The respective trajectories are depicted in Fig. 5.
A total of forty-three participants participated in an online
survey watching a collection of filmed swarm behaviors and
recording their most preferred (trusted) meta-behaviors.

The notion of trust is nebulous, and potentially influ-
enced by several characteristics. Any measure of trust will
inherently prioritize certain characteristics and omit others,
prescribing a model of trust that may not fully align with
a participant’s idiosyncratic evaluation of trust. Thus, the
reliability of such a trust score representing the participant’s
absolute trust may not be certain. For these reasons, we have
considered recording trust preferences. We have assumed that
participants can infer and express their own trust preferences
when presented with a pair of swarm behaviors. We have not
considered cases when a participant cannot express a trust
preference due to swarm behaviors having indistinguishable
trustworthiness, or due to the participant rejecting the notion
of trust as applicable to a swarm in general.

In the first section of the survey, participants were
prompted to consider everyday devices they use and why
they trust that item to perform its task reliably, safely,
and consistently. It was our aim to prime the user with
a self-association of trust that would help the participant
answer the following questions [31]. It is imperative to
highlight trust was not defined for each participant as it is
a subjective matter we desired the individuals’ interpretation
of the meaning of trust. Participants watched a video of the
unicycle swarm performing the behavior leader follower. A
modified version of the Trust Perception Scale-HRI (TPS-
HRI) [25], substituting the word ‘swarm’ for ‘robot’ fourteen
questions relating to trust in the swarm were queried to the
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participant. The TPS-HRI trust survey was chosen because it
covered the three aspects of automation trust (performance,
process, purpose [32]) comprehensively.

In the second section of the survey, participants were
presented with videos of the swarm meta-behaviors, pre-
ferred trust preferences were recorded for each individual
when questioned ‘Comparing the sets-wise swarm behaviors,
which do you trust more?’. Participants were not provided
with an elucidation on the notion of trust, this was so that
participants’ trust preferences would be based exclusively on
their observations of the swarm meta-behaviors seen in the
videos and reduce batch effects.

A. Results

To visualize and analyze the preference consistency of
each participant, the collected data from the online survey
was used to create individual and a weighted group prefer-
ence graph, illustrated in Fig. 8(a). Participants with contra-
dictory responses represented as inconsistencies (cycles) in
the graph were not considered.

The objective trust function was determined for each
individual and the associated trust optimum (Chebyshev
center) and respective preference polytope. In Fig. 4 we
can observe the bounded preference polytopes of a subset
of individuals and their associated xc.1 Individual xc’s have
been aggregated to find the population trust optimum point
x from (7). For a subset of twelve individuals, we form their
individual preference polytopes and compare their optimum
trust points (Chebyshev centers) xc, (note some individuals
have the same preference polytope, as they have the same
responses to the survey).

We observe from the subset of participants, that the group
trust extremum point, falls within the subset of individuals’
optimum trust points, and is an appropriate group trust point
candidate. The distinctiveness

∥∥zk∥∥
1

value and TPS-HRI
trust score have been shown for the same subset of twelve
individuals in Fig. 6. We observe there is a clear distinc-
tiveness threshold value of

∥∥zk∥∥
1
= 0.035. Participants with

a distinctiveness value
∥∥zk∥∥

1
≤ 0.035 fall within a trust

score bounds of [42%, 56.5%], may be interpreted to convey
preferences accordant with the general group’s preferences.
In contradiction, participants with distinctiveness

∥∥zk∥∥
1
>

0.035 have preferences that oppose that of the general
consensus of the group.

In Fig. 7 we extrapolate the notion of distinctiveness and
trust bounds from Fig. 6 to the whole group. We may infer
participants with a low distinctiveness value favor similar
trust preferences to an average person in the group. Therefore
we may generalize that participants with low distinctiveness
would share similar preferences and be suitable to group to-
gether when selecting teams for human-swarm collaborative
tasks.

A length one set-wise preference graph G = (V , E ,W )
illustrative of the partial ordering over swarm behaviors can
be retrieved from the accumulation of unlabeled preference

1For visualization purposes only two dimensions of X are depicted.

Fig. 6: Participant distinctiveness.

Fig. 7: Trust scores for participants as measured using TPS-
HRI; the shaded region contains participants with distinc-
tiveness

∥∥zk∥∥
2
≤ 0.035.

data. The edge-weightings from the population preference
graph, may be used to derive the group’s mean trust measure
µ = x and minimum covariance bound σ ≤ α from (10).

An evaluation of the performance of unlabeled length
two set-wise preference data against the theoretical bounds
is drawn in Table I. The mean µ is compared against the
accumulated Chebyshev center xc of the unweighted set-
wise preference graph (V , E). In Table II, of the individual
participants, 54.05% have a Chebyshev center xc that lies
within the upper bound of one standard deviation α of the
mean and 97.39% lie within two standard deviations 2α. The
data correlates strongly with the theoretical bounds p(−s <
∥X − µ∥2 /σ < s) = Φ(s) − Φ(−s) for s ∈ {1, 2}. The
unlabelled aggregated set-wise preference data is accordant
with the presented group trust model in Fig. 8(b). The
distance between the mean µ and the group’s optimal trust
point x is comparatively small, ∥µ− xc∥2 ≤ 0.1α. We may
infer that the true value of xk can be accurately depicted by
the group set-wise preference graph G and optimal solution
of (10). We are able to therefore examine the cohesiveness
of a group based on set-wise preference similarity.
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(a) (b)

Fig. 8: a) A participant’s acyclic set-wise preference graph;
b) Weighted group set-wise preference graph (the gradient
bar indicates the preference likelihood for the group).

TABLE I: Set-Wise Group Trust Statistical Information
Aggregate x̄c Mean,µ Covariance Bound, ᾱ

(-0.4130, 0.2203) (-0.4166, 0.2217) 0.3203

TABLE II: Set-Wise Group Trust Preference Distribution
s p(−s < ∥xc − µ∥2 /ᾱ < s) Φ(s)− Φ(−s)
1 0.5405 0.6812
2 0.9739 0.9545

VI. CONCLUSIONS

In this work, we present a set-wise preference learning
method for inferring the underlying cost structure to describe
a group of human preference profiles. In particular, given
a set of meta-behavior, we produce a partial order over
the meta-behaviors, to infer the corresponding cost function.
This work extends previous single-user preference models to
group user models.

An example application has been provided for compar-
ing swarm meta-behaviors. Individual and group preference
models were verified through data collected from the on-
line survey. A distinctiveness metric has been developed to
describe the measure of an individuals set-wise preferences
against a group of users. Accumulating and aggregating all
unlabelled preferences from the online survey group, the
weighted group preference graph was able to be created.
The preference weights are applied to a sparse optimization
problem to determine the group’s cohesion. It is proposed
that user profiles may be grouped by low distinctiveness and
make the appropriate collective for complex cobotic tasks.

Future work includes exploring a sequential estimator that
refines the estimate of the optimum point x as preferences are
gathered over time. This would be coupled with the strategic
selection of future preference pairs to present to the user, to
optimise the exploration space.
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