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Abstract— In this work, we incorporate trust into the interaction dynamics for multi-agent systems in order to analyze
the effects of trust on human-robot teams. We extend previous
work by moving away from a “self-centered” trust model and
introduce a so-called “team-oriented” trust model in which
each agent increases its trust for its neighbors only if they
are collectively contributing to the team’s overall goal. The
coupling of the trust dynamics and the agents’ state dynamics
is shown to give rise to an intricate relationship that has
the potential to make the team’s performance deteriorate
under certain circumstances. We derive conditions under which
the multi-agent system is guaranteed to achieve a collective
objective and provide simulations to corroborate the theoretical
findings.

I. I NTRODUCTION
The area of multi-agent robotics has grown in popularity
in the last decade, as the idea of deploying many simple
robots as opposed to one more complex robot has farreaching benefits and applications. One main benefit of
multi-agent systems is that they are robust to failures; that is,
if one robot fails, there is an abundance of robots remaining
to complete the task. Additionally, these robots can often
be made smaller, less complex, and thus ultimately less
expensive at an individual module level than one large,
complex robot. Many applications for multi-agent systems
have been alluded to in the literature, including space
exploration [1], military missions [2], and search and rescue
[3], to name a few.
Robots are becoming more increasingly embedded into
our everyday lives, and therefore humans and robots working together is becoming a reality, as can already be seen in
industrial applications such as manufacturing [4] and in selfdriving cars, for instance. Unsurprisingly, the area of humanrobot interaction (HRI) has gained significant attention since
the development of these new technologies. Research in this
area spans from the analysis of HRI through user-studies
[5] to the design of robots that allow humans to be more
comfortable around them [6] to the development of metrics
for analyzing human-robot systems [7].
In human-robot interactions, it has been shown that human trust in its robotic partner plays an important role because a lack of trust may make people less willing to accept
information provided by the robot and thus will not benefit
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from the advantages that are typically present in a robotic
system [8]. Successful HRI relies on creating appropriate
levels of trust, which has been shown to be challenging to
ensure [9] and much attention has been made to determining
the factors that affect trust in HRI [10].Although the research
in this area has mostly focused on one human-one robot
interaction scenarios, one can imagine that humans will soon
need to also interact with swarms of robots and thus be
embedded into these aforementioned multi-agent systems.
Human-swarm interaction (HSI) is becoming increasingly
important and is accordingly receiving greater attention in
the past decade (see [11] for a survey of the literature),
and while studies have shown experimentally what these
interactions might look like for specific applications or using
specific interaction modalities, e.g. [12], [13], we are far
from an all-encompassing theory of HSI. And, in order to
make progress towards this theory, work must be done on
modeling factors that affect the interactions that occur when
humans are injected into multi-robot teams.
As trust has been shown to play a large role in humanrobot interactions, it is clear that this importance extends
to human-swarm interactions [14], [15]. To this point, however, the work done on analyzing trust in human-swarm
interactions has been limited and in the work that does exist,
the human is often viewed as an operator. For example,
in [16], trust is used to schedule the attention of a human
operator between multiple robots and in [17], trust is used
to blend commands from a human operator with those
from an autonomous controller when teleoperating mobile
robots. Instead of viewing the human as an operator, we
are interested in human-robot teaming where the human is
considered an agent, just like the robots in the team, and
where there may in fact be multiple humans.
Trust within groups of people has been widely studied
in the psychology and sociology fields. It has been argued
that trust is important for the performance of teams within
organizations [18], it helps save on transaction costs, and
has economic implications [19]. In [20], trust is described as “the degree to which an individual believes that
a relationship partner will assist in attaining a specific
interdependent goal.” In this regard, the purpose of our
work is to develop a model for the evolution of trust in
human-swarm interaction scenarios and incorporate these
trust metrics into the standard multi-agent control algorithms
to analyze the effect that trust may have on the performance
of human-robot teams.
In [21], we made a first attempt to derive a mathematical model of this trust notion by letting an agent’s trust
evolve according to how much it benefits from the direct

interactions with its neighbors. However, as will be shown
through an illustrative example, the lack of a direct benefit
to an agent does not necessarily imply that its neighbors are
not contributing to the overall team objective. Hence, this
(partial) knowledge may not always allow an agent to make
a correct assessment of the trustworthiness of its neighbors
and we therefore refer to this trust model as “self-centered”.
In this work, we aim to remedy this by proposing a
revised trust model that allows human agents to collect
further information about each of its neighbors, i.e., their
interactions with their respective neighbors, and we call
this “team-oriented” trust. In particular, we show that this
information is sufficient in allowing an agent to properly
evaluate whether its neighbors are contributing to the overall
team goal and thus modify its trust accordingly.
The outline of the paper is as follows. In Section II, we
introduce the necessary background literature and preliminaries regarding graph theoretic multi-agent networks and
summarize our previous work on trust-based interactions to
motivate the new trust modeling. In Section III, the teamoriented trust model is introduced and the corresponding
invariance and convergence results are given in Section IV
and Section V, respectively. In Section VI, we present simulations that illustrate the findings and concluding remarks
and future directions are given in Section VII.
II. P RELIMINARIES
A. Graph Theoretic Multi-Agent Network Modeling
In this paper we focus on multi-agent networks that
are defined in a graph theoretic manner, as is often done
in the literature, e.g. [22], [23]. We use a static, undirected interaction graph G = (V, E), where the vertex set
V = {v1 , . . . , vN } contains the nodes or agents in the graph
and the static edge set E ⊆ V × V is a set of unordered
pairs of agents representing links over which agents can
exchange information. If (vi , vj ) ∈ E, then agents i and j
can share information with each other. Because the network
is undirected, (vi , vj ) = (vj , vi ).
We denote agent i’s neighborhood set as Ni , which is
defined to be the set of agents with whom agent i can
share information, i.e. Ni = {j|(vi , vj ) ∈ E}. In addition,
we denote with |Ni | the cardinality of the neighborhood of
agent i, that is the number of neighbors agent i has. A graph
G is said to be connected if, given any two vertices vi and
vj , there is a path along edges from vi to vj . A graph is
said to be complete if, given any two vertices vi and vj ,
there exists an edge between them, that is (vi , vj ) ∈ E.
B. Self-Centered Trust Modeling: An Illustrative Example
In [21], we presented a trust model where agent i’s trust
in its neighbors evolves according to
τ̇i = −

X ∂Fij (kxi − xj k) T
ẋj ,
∂xj

(1)

j∈Ni

where Fij (kxi −xj k) is the inter-agent performance cost that
agents i and j collectively aim to minimize. This is a selfcentered trust notion in that agent i only cares about whether
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Fig. 1. N = 3 line graph with circles representing the initial positions
of the agents.

its neighbors are helping to decrease the portions of the cost
that are pertinent to agent i. However, an agent could be
instantaneously contributing to decreasing the overall team
cost, F (x), but not necessarily contributing to decreasing
agent i’s portion of the cost at a particular point in time, and
this trust model could potentially deem it untrustworthy.
For example, suppose the goal of the agents was to meet,
or in other words achievePconsensus, by minimizing the
performance cost F (x) = (vi ,vj )∈E Fij (kxi −xj k), where
Fij (kxi − xj k) =

1
kxi − xj k2
2

(2)

and suppose the initial configuration of the agents is as in
Fig. 1, where the lines between agents represent links indicating edges in the graph. Letting xi be the 1-dimensional
position of agent i, the initial states are given by x1 (0) = 0,
x2 (0) = 5, and x3 (0) = 15. Assume that all of the trust
values initially start positive, at τi (0) = 1.
As in [21], the states evolve according to a weighted
gradient-descent scheme where the trust values are the
weights, which, for the cost in (2), is given by
ẋi = τi

X

(xj − xi )

j∈Ni

Because agent 2 is further from agent 3 than to agent 1,
it will initially move to the right (and away from agent 1).
Agent 1 will see this as agent 2 not contributing to minimizing their inter-agent cost F12 , and thus agent 1’s trust
toward agent 2 will decrease, according to the self-centered
trust model in (1). However, agent 2 is indeed contributing
to minimizing the overall cost, F (x) by moving closer to
agent 3. The limitation with the old trust model is that agent
1 does not take into account (or simply it is not aware of)
what is going on in agent 2’s neighborhood.
Since the goal is, however, to minimize the overall
team cost F (x), we need a new trust model that resolves
this issue. Instead of using a self-centered trust model,
we propose that each agent should look at its neighbors’
overall contributions to decreases in the cost when updating
their trust values, which will give us a “team-oriented”
trust model. This requires that agents have 2-hop information, meaning they need information from their neighbors’
neighbors to calculate trust. Because we claim that these
dynamics represent those of humans, this requirement is
reasonable in the sense that humans have less restrictive
perception of the environment than robots. We will present
this modified trust model in Section III.

III. T EAM -O RIENTED T RUST M ODELING
For the purposes of this model, we assume that all of
the agents are “human-like” in that they all are capable of
reasoning about trust and thus incorporate a trust metric into
their dynamics. Let there be N agents, where xi ∈ Rd is
the state of agent i, which could be a position or an opinion
for example, and τi ∈ R is the trust that agent i has for its
neighbors. If we stack the agents’ states into a vector, we can
represent the collective state as x = [xT1 , xT2 , . . . , xTN ]T ∈
RN d and the collective trust as τ = [τ1 , . . . , τN ]T ∈ RN .
In this work, we consider scenarios in which the desired
network performance is specified by the performance cost
function F : RN d → R, defined by
X
F (x) =
Fij (kxi − xj k)
(3)
(vi ,vj )∈E

where Fij (kxi − xj k) is the symmetric, pairwise performance cost, as is often done in the multi-agent network
literature, for example, for formation control [24]. The
goal of the team of agents is to achieve a configuration
that minimizes F (x). As is the case for many multi-robot
applications, F (x) is not necessarily convex and in general,
we can only expect to find local minima.
As motivated by the DeGroot model [25] and done in our
previous work in [21], we let the state dynamics of agent i
evolve by weighting the standard gradient-descent approach
by the trust that agent i has for its neighbors, that is
X ∂Fij (kxi − xj k)
.
(4)
ẋi = −τi
∂xi
j∈Ni

Note that we do not claim that human behavior is exactly
modeled in this way, but that in a human-swarm system, the
human would be willing to follow these dynamics. However,
because of human cognition, the human may lose (or gain)
faith in the system, causing the trust to decrease (or increase)
and thus the human behavior to change accordingly.
However, the difference between the model in [21] and
the one we introduce here is reflected in the trust dynamics,
as discussed in Section II. In this work we focus on
“neighborhood” trust, meaning that agent i trusts all of
its neighbors the same amount. Because we are concerned
with how much each neighbor contributes to decreasing the
overall cost, we note that the change in cost is given by
N

j∈Ni

k∈Nj

where we added a scale factor of 1/|Nj | to the contribution
by neighbor j, where |Nj | is the neighborhood cardinality of
agent j. This essentially “averages” out the contributions of
agent j so that one agent does not have more of an influence
on the change in trust just because it has more neighbors.
At this point, as done in [21], we could also define
a pairwise trust value, τij and similarly define the trust
dynamics for it in a straightforward manner. We focus on the
neighborhood trust model in this work to avoid redundancy
and refer the reader to [21] for further details.
IV. I NVARIANCE R ESULT
If we define τ̂ to be the total trust in the system, that is
τ̂ = 1T τ =

and therefore the direct contribution of agent i to the decre(x) T
ase in cost, due to the movement of agent i, is − ∂F
ẋi .
∂xi
Thus, the higher this term is, the more that agent i is
contributing to the team goal, and thus the more that its
neighbors should trust it.
To reflect this, we let the evolution of trust for agent i
be the sum of its neighbors’ contributions to the decrease
in cost,
X 1 ∂F (x) T
τ̇i = −
ẋj
(5)
|Nj | ∂xj

N
X

τi ,

(7)

i=1

then, similar to the self-centered trust modeling presented
in [21], as a result of the coupled dynamics we get an
invariance result relating the total trust to the performance
of the system.
Theorem 1: Consider an N agent system with a static,
connected interaction graph G, where the agents’ state
dynamics are given by (4) and the trust dynamics are given
by (6). Consider a performance cost F (x) and the total
trust τ̂ as defined in (3) and (7), respectively. Then, the
following invariance holds
d
(F (x) + τ̂ ) = 0.
dt
Proof: To prove this result let us notice that
τ̂˙ =

N
X

τ̇i = −

i=1

N X
X
i=1 j∈Ni

T

1 ∂F (x)
ẋj
|Nj | ∂xj

T

(x)
where the term |N1j | ∂F
ẋj has no dependence on i
∂xj
and appears in the summation once for every time that
agent j is a neighbor of an agent i, or exactly |Nj | times.
Consequently, the dynamics for τ̂ can be written as

T

dF (x) X ∂F (x)
=
ẋi
dt
∂xi
i=1

j∈Ni

or alternatively,


T 
X 1
X ∂Fkj (kxk − xj k)

 ẋj 
τ̇i = −

 (6)
|Nj |
∂xj

τ̂˙ = −

N
T
X
∂F (x)

∂xi

i=1

ẋi .

(8)

Furthermore, if we write F (x) from (3) in a slightly
different manner, that is,
F (x) =

N
1X X
Fij (kxi − xj k),
2 i=1
j∈Ni

then the time derivative is given by
N
d
1X X
F (x) =
dt
2 i=1

j∈Ni

∂Fij T
∂Fij T
ẋi +
ẋj
∂xi
∂xj

!
,

which, since the performance costs are symmetric, i.e.
Fij = Fji , and the network is undirected, simplifies to
N X
X
d
∂Fij T
F (x) =
ẋi .
dt
∂xi
i=1

(9)

j∈Ni

and by substituting
X ∂Fij
∂F (x)
=
∂xi
∂xi
j∈Ni

d
into the expression for τ̂˙ in (8), we get dt
F (x) = −τ̂˙ and
thus the desired result is obtained.
Therefore, in order to achieve the desired performance,
i.e. minimize the cost F (x), we must have the total trust
in the system increase. In fact, the two are intimately
linked, meaning that decreases in total trust correspond to
increases in the cost, or decreased performance. This is
consistent with the organizational psychology literature in
which studies have shown a positive correlation between
trust and performance in teams within organizations [18].

V. C ONVERGENCE P ROPERTIES
One of the results that was shown in [21] was that, for two
agents executing rendezvous, we know under what specific
conditions on the initial trust that the agents will converge
and diverge. However, for the self-centered trust model, it
was not possible to show general convergence guarantees. In
fact, the two agent scenario is a special case in that it results
in the self-centered trust model being identical to the teamoriented trust model because there is only one edge in the
graph. With the new, team-oriented trust model, however,
we can give explicit conditions under which the system
will achieve the goal of minimizing the performance cost.
In order to show the convergence results, we first discuss
monotonicity properties of the trust values.
Lemma 1: Consider an N agent system where the
agents’ state dynamics are given in (4) and the trust
dynamics are given in (6). Assume that the static interaction graph G is connected and that τi (0) > 0,
for all i ∈ {1, . . . , N }. Then τi is non-decreasing and
τi (t) ≥ τi (0), for all i ∈ {1, . . . , N } and for all t > 0.
Proof: We can rewrite (4) for agent j as
ẋj = −τj

∂F (x)
∂xj

and substitute this into (5) to get the following expression
for the trust dynamics,
τ̇i =

X τj ∂F (x) T ∂F (x)
|Nj | ∂xj
∂xj

j∈Ni

or, equivalently,
τ̇i =

X τj
∂F (x)
|Nj |
∂xj

2

.

j∈Ni

Since τj (0) > 0, for all j ∈ {1, . . . , N }, τ̇i ≥ 0, for all
i ∈ {1, . . . , N }, and it follows that τi is non-decreasing and
τi (t) ≥ τi (0) > 0, for all i ∈ {1, . . . , N }, for all t > 0.

This tells us that if the initial trust values are all positive,
they will stay positive over the duration of the evolution
of the dynamics and also finite due to the invariance in
Theorem 1. Similarly, if all of the trust values are initially
negative, they will remain negative, as shown in the following lemma.
Lemma 2: Consider an N agent system where the
agents’ state dynamics and trust dynamics are given
in (4) and (6), respectively. Assume that the static interaction graph G is connected and τi (0) < 0, for all
i ∈ {1, . . . , N }. Then τi is non-increasing and τi (t) ≤ τi (0),
for all i ∈ {1, . . . , N } and for all t > 0.
Proof: This proof follows directly from the proof of
Lemma 1 by simply flipping the inequalities.
We are now ready to discuss convergence results of the
collaborative objective for the multi-agent system.
Theorem 2: Consider an N agent system where the
agents’ state dynamics are given in (4) and the trust
dynamics are given in (6). Assume the underlying static
interaction graph G is connected and τi (0) > 0, for all
i ∈ {1, . . . , N }. Consider a performance cost F (x) and
the total trust τ as defined in (3) and (7), respectively. Then
x(t) asymptotically converges to a local minimum of the
performance cost F (x).
Proof: The collective agent dynamics are given by
ẋ(t) = −B(τ (t))

∂F (x(t))
∂x

(10)

where
"
#
T
T
T T
∂F (x)
∂F (x) ∂F (x)
∂F (x)
=
,
,...,
∂x
∂x1
∂x2
∂xN
and B(τ (t)) = diag(τ (t)) ⊗ Id where diag(τ (t)) ∈ RN ×N
is a diagonal matrix with τi (t) as its i’th diagonal element,
Id is the d × d identity matrix, and ⊗ is the Kronecker
product.
Taking the time derivative of the performance cost F (x)
yields
T

T

dF (x)
∂F (x)
∂F (x)
∂F (x)
=
ẋ = −
B(τ (t))
(11)
dt
∂x
∂x
∂x
and,
following
the
result
from
Lemma
1,
τi (t) ≥ τi (0) > 0, for all i ∈ 1, . . . , N . Therefore, B(τ (t))
has all positive elements on the diagonal and thus is
positive definite for all t, giving the desired result dF
dt < 0
∂F (x(t))
dF
for all
6= 0, and dt = 0 if and only if
∂x
∂F (x(t))
∂x

= 0. At this point, since the agents are moving
along the anti-gradient of the cost function and ẋ = 0 only
when ∂F∂x(x) = 0, it follows that x(t) converges to a local
minimum of F (x).
This result is straightforward in that the model was
designed so that trust will increase as long as all agents
are behaving correctly and as long as the trust values stay
positive, the state dynamics are designed such that the
agents will indeed behave correctly. We note that this result
follows from the ideal, nominal case in which every agent

has perfect information about its neighbors and that all
agents behave according to the state dynamics in (4). Future
work will include cases where agents do not have perfect
information about their neighbors’ states and when there
may be noisy measurements and possibly deceit.
The same type of analysis is done for a system where all
of the trust values are initially negative, showing that the
agents will not reach a configuration that corresponds to a
local minimum of the cost function F (x) and may actually
cause the agents’ state trajectories to diverge.
Theorem 3: Consider an N agent system where the
agents’ state dynamics are given in (4) and the trust dynamics are given in (6). Assume the static interaction graph G
is connected and τi (0) < 0, for all i ∈ 1, . . . , N . Consider a
performance cost F (x) and the total trust τ as defined in (3)
and (7), respectively. Then the agents’ states x(t) will not
converge to a local minimum of the performance cost F (x).
Proof: Following Lemma 2, we know that τi (t) < 0
for all t ≥ 0 and all i ∈ {1, . . . , N }. Hence, B(τ (t)) in
(10) is negative definite for all t ≥ 0 and from (11), we
∂F (x)
6= 0. And, because every
know that dF
dt > 0 for all
∂x
agent is updating its state in the direction corresponding to
an increase in F (x), two cases may arise according to the
particular nature of the cost function F (x) and the initial
configuration of the system, that is either the agents will
stop in a configuration corresponding to a local maximum
for which ∂F∂x(x) = 0, or the agents’ states will keep
updating indefinitely while the performance cost F (x) goes
to infinity. Clearly, in either of these two cases the agents
will not reach a local minimum of F (x).
These theorems allow us to predict the behavior of the
system when either all of the trust values are initially
positive or all of them are initially negative. This suggests
that trust systems should be initiated with positive trust in
order to guarantee that the desired performance is achieved.
Note that, if the initial trust values of the agents are mixed,
i.e., both positive and negative, then following the previous
analysis, we cannot make any claim about the definiteness
of the matrix B(τ (t)), and thus about the convergence
properties of the system.
VI. S IMULATIONS
As a case study of the gradient-descent multi-agent framework discussed in this paper, we consider the seminal swarm
aggregation work described in [26]. Swarm aggregation
has been widely investigated by the robotics and control
communities over the last two decades, e.g., [27], [28], and
is a basic behavior that many swarms in nature exhibit, such
as ant colonies, flocks of birds, and schools of fish. The
reader is referred to [29] for a comprehensive overview of
swarm stability and optimization.
As in [29], we consider the following performance cost,
F (x) =

N X
X
i=1 j∈Ni

Fij (x).

The pairwise performance cost Fij (x) is defined as
Fij (x) = Fa (kxi − xj k) − Fr (kxi − xj k),
where Fa (kxi − xj k) and Fr (kxi − xj k) are the pairwise
aggregate performance cost and repulsive performance cost,
respectively. In particular, the following have been used
Fa (kxi − xj k) = a

kxi − xj k2
2

and
Fr (kxi − xj k) = b log(kxi − xj k)
with a and b the aggregation and repulsion tuning parameters, respectively, which determines the size of the
aggregation area (see again [29] for further details).
For purposes of the simulations in this section, we
let the constants a = 1 and b = 2 and used 2dimensional agents, i.e. d = 2. We first simulated the
dynamics with N = 6 and all positive initial trust values. The interaction graph G = (V, E) is defined such
that E = EK \ {(v1 , v5 ), (v2 , v4 )} where EK is the edge set
associated with a complete graph, GK . The initial stacked
states are x(0) = [12, 2, 5, 1, 10, 3, −3, 5, 2, −1, 8, 7]T and
τ (0) = [1, 2, 0.5, 2, 6, 0.2]T . Because all of the trust values
are initially positive, this system converges to a minimum
of F (x), as proved in Theorem 2 and shown in Fig.2a.
We also simulated the dynamics with negative initial
trust values in order to illustrate the negative result of
Theorem 3. The same graph structure G and x(0) as in the
last example were used, but the trust values were set to be
τ (0) = [−1, −2, −0.5, −2, −6, −0.2]T . In Fig. 2b, we show
the evolution of the states for the first 20 time steps in the
simulation, where you can see that the agents are moving
away from each other, and they continue to do so for the
times not pictured. In fact, the agents do not ever reach
an equilibrium. Furthermore, the cost F (x) goes to infinity
over time and thus a local minimum is not reached.
VII. C ONCLUSIONS
In this work, we presented a trust model for multiagent systems that takes into account each agent’s overall
contribution to achieving the team’s goal. We showed that
by coupling the trust dynamics to the state dynamics, an invariance results stating that an increase in performance must
correspond to an increase in total trust in the system. We also
showed that under certain initial trust conditions, the system
is guaranteed to either have deteriorating performance or to
achieve the team performance goal.
This trust model and the presented coupled dynamics are
a stepping stone for many possible avenues for future work.
One such avenue is to explore what happens when agents
are malicious or misbehaving, as trust should be helpful in
detecting and/or recovering from these types of situations.
Another fruitful direction is to explore the effects of noise
or corruption on the measurements made by an agent in
calculating its change in trust. Each agent needs to obtain a
value for much how its neighbors are contributing to the
performance cost and this information may be noisy or
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Fig. 2. Pictured are the state trajectories resulting from the dynamics for the trust-based algorithm, where both (a) and (b) use the same initial state (x)
values, but different initial trust (τ ) values. The filled circles represent the initial states and the empty circles, only in (a), represent the states at the end
of the simulation. For (b), the agents continue to move away from one another and thus do not achieve the desired behavior.

may need to be estimated or communicated. Additionally, it
would be insightful to develop topological conditions under
which the team is guaranteed to achieve its performance
goal regardless of the signs of the initial trust values. Lastly,
we plan to explore heterogeneous dynamics in which robot
agents do not operate with a trust metric, but human agents
do, in order to capture the fact that humans and robots may
have different behaviors.
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