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Welcome to the second edition of C-MAS, where we continue our journey to es-
tablish a new focal point for multiagent systems research with a keen emphasis on
citizen end-users. Despite the potential of large-scale Al solutions to address societal
challenges, users often find themselves on the sidelines, merely providing data and
consuming services. C-MAS seeks to challenge this narrative by advocating for alter-
native approaches that prioritise citizen end-users as active agents with diverse needs
and preferences. Through this lens, we aim to establish a new direction for Al systems
that is more inclusive, trustworthy, and responsive to the needs of society.

Building upon the foundation laid in C-MAS 2023, this year’s event will further
explore different aspects of citizen-centric multiagent systems. Throughout the day,
attendees will engage with three sessions covering topics such as “Trust and Privacy”,
“Cooperation and Responsibility”, and “Agent-Based Models and Human-Agent In-
teraction”, providing a comprehensive exploration of the new focus point for Al and
multiagent systems research.

Further details are available at: https://sites.google.com/view/cmas24
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1 Keynote: What do people really want?
Keynote by Prof. Toby Walsh, University of New South Wales (Sydney)

In multiagent and social choice literature, there’s been an extensive analysis of
mechanisms for choosing outcomes that satisfy desirable normative properties such
as fairness and efficiency. Fairness is interpreted in a number of ways such as envy-
freeness or proportionality. But what do people really want? Want can we learn from
the psychology and behavioural economics literature?
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2 Trust and Privacy

2.1 Distributed Online Life-Long Learning (DOL3) for Multi-agent
Trust and Reputation Assessment in E-commerce
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Abstract. Trust and Reputation Assessment of service providers in
citizen-focused environments like e-commerce is vital to maintain the
integrity of the interactions among agents. The goals and objectives of
both the service provider and service consumer agents are relevant to
the goals of the respective citizens (end users). The provider agents of-
ten pursue selfish goals that can make the service quality highly volatile,
contributing towards the non-stationary nature of the environment. The
number of active service providers tends to change over time resulting
in an open environment. This necessitates a rapid and continual assess-
ment of the Trust and Reputation. A large number of service providers
in the environment require a distributed multi-agent Trust and Rep-
utation assessment. This paper addresses the problem of multi-agent
Trust and Reputation Assessment in a non-stationary environment in-
volving transactions between providers and consumers. In this setting,
the observer agents carry out the assessment and communicate their as-
sessed trust scores with each other over a network. We propose a novel
Distributed Online Life-Long Learning (DOL3) algorithm that involves
real-time rapid learning of trust and reputation scores of providers. Each
observer carries out an adaptive learning and weighted fusion process
combining their own assessment along with that of their neighbour in
the communication network. Simulation studies reveal that the state-
of-the-art methods, which usually involve training a model to assess an
agent’s trust and reputation, do not work well in such an environment.
The simulation results show that the proposed DOL3 algorithm out-
performs these methods and effectively handles the volatility in such
environments. From the statistical evaluation, it is evident that DOL3
performs better compared to other models in 90% of the cases.

Keywords: Trust and reputation - Multi-agent systems - E-Commerce.

1 Introduction

Multi-agent systems (MAS) in Distributed Artificial Intelligence (DAI) have
the capability to address complex computing problems in Computer Science,
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Civil Engineering, Robotics, Economics, etc.; see, for instance [1]. The agents
in such an architecture use their knowledge autonomously to decide and act
in their environment [2]. One of the major use cases for MAS is in the area
of e-commerce, where the agents are distributed in an environment and act
autonomously towards their goals, playing various roles like a negotiator, buyer,
service provider, consumer, etc [3]. In e-commerce, the agents widely play the
role of either a Service Provider or a Service Consumer. The agents act as the
representatives of the users at the service provider and service consumer.

In most e-commerce scenarios, the provider would act selfishly to gain the
consumer’s trust to improve their reputation among the consumers. [4] intro-
duced a novel approach to model this behavior for the service providers by at-
taching emotional quotients to their interactions. Trust and reputation in such
scenarios play a vital role in assisting consumers in identifying the providers to
choose from. Adding to the complexity is the noisy data that impacts the way
the multi-agents understand the system [5]. Several case studies including those
in [6] talk about how malicious sellers deceive and manipulate the viewers. The
decentralized marketplace provides better filter and search mechanisms thereby
introducing more autonomy for the agents in the interactions [8], further high-
lighting the importance of Trust and Reputation assessment in such scenarios.

1.1 Contribution

In this paper, we extend the MAS architecture defined in [9] with an observer
agent to perform the Trust and Reputation Assessment of service providers. The
provider’s quality of service can be highly volatile. The incorrect learning during
multi-agent interactions leads to a risk that would show infectious growth as
agents interact and learn from each other [10].

In this paper, we propose a novel Distributed Online Life-Long Learning
(DOL3) framework that involves the online learning of trust and reputation
scores of service providers by a set of observers communicating their opinions
with each other. Each observer runs the DOL3 algorithm in a decentralized man-
ner. The DOL3 algorithm involves an adaptive online learning framework cou-
pled with a trust fusion process, effectively combining an observer’s assessment
with its neighboring observers in the interaction network. The online learning
process in the DOL3 algorithm is inspired by that of the exponentially weighted
online learning forecaster [11]. Simulation results show that DOL3 outperforms
the state-of-the-art machine learning assessment methods; such machine learning
methods usually involve training a machine learning model to assess an agent’s
trust and reputation in a stationary environment. On the other hand, owing to
its rapid online learning capability, DOL3 deals with the non-stationary envi-
ronment effectively.

For the simulation studies, different types of social networks have been con-
sidered that are essential to understand how the agents are wired to interact with
each other and illustrate the social (network) connections among the agents, as
stated in [12]. The three networks - Small world, Scale-free, and Regular net-
works with Homophily are considered during the simulation to understand how
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the DOL3 algorithm performs compared to the other methods. To perform the
statistical evaluation of these findings, we applied the comparison with real-world
data - Movie recommendation system [13], for which the data set was taken from
[20].

Simulations involve some recommendation agents becoming malicious in an
intermittent fashion. The recommendation system agents are evaluated by the
observer agents to help the users get the right list of movies. This environment
setup is used to evaluate how the DOL3 algorithm in various network types
with different parameters performs compared to that of other state-of-the-art
methods and it is evident that the DOL3 algorithm performs better compared
to other state-of-the-art models in 90% of the cases.

2 Distributed Online Life-Long Learning (DOL3)

2.1 Problem formulation

The multi-agent architecture considered in this paper involves three types of
citizen-centric agents: service providers, consumers, and observers. The edges
(connecting lines) between observers and providers indicate that those specific
observers have visibility limited to the linked providers. The edges among the
observers indicate their neighborhood where the information sharing happens.
The consumers can interact with only those providers that they are connected to
as per the interaction network. An observer is tasked to do a timely and effective
assessment of the providers’ quality of service to guide the consumers with the
best possible provider.

Let there be N,, service providers, N, observers, and N, consumers. Let (2;
denote the set containing indices of all the providers that are observed by the
it" observer as per an interaction network G. Denote A; as the set containing
the indices of all the observers that are neighbors to the i*" observer as per
the interaction network G. Further, let I; be the set of consumers that receive
recommendations from the i*" observer as per the interaction network G.

It is assumed that the consumers can purchase services one by one w.r.t.
interaction count ¢, with only one consumer per interaction count, i.e., 15 con-
sumer purchases at t = 1, 2"¢ consumer purchases at ¢t = 2, and so on, such that
the i*" consumer purchases only at the interaction counts given by the count se-
quence: ¢, ; = (n—1)-N.+14, wheren = 1,2, - -, LNLCJ, -++,00, and ¢ € [N.]. Each
service provider j is characterized by a promise quotient s;(¢) € [0, 1], which is
indicative of how good the quality of service provided by the j** provider at the
event of its sale at interaction count ¢ is, where j € [N,]. Further, the service
providers have a limited stock of services they sell, characterized by the maxi-
mum number of sales/purchases a service provider j can undergo, denoted by
nj***. Let ny,; denote the total number of sales by the 4t provider until the in-
teraction count ¢ since it became active. When the sales hit the threshold value
nj*** for the jt" service provider, the j** provider becomes idle or unavailable
to the consumers for the next 7, interaction steps; this duration serves as the
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total number of interaction counts it takes to refill the stock, after which the j**
provider becomes active again. The observers are agents that observe the trade
between the providers and the consumers, i.e., they observe the promise quotient
of a sale/purchase. Based on these observations, the goal of the observers is to
recommend high-quality service providers to consumers.

This paper considers a simplified model for the promise quotient capable
of simulating various service provider behaviors, ranging from stable to highly
volatile that we observe in the e-commerce world [15]. The model is described
as follows:

o 1t with prob. p;(t)
%) = {O : with prob. 1 —p;(t) W

The DOL3 algorithm consists of three phases: Periodic Reset Phase: As-
sists in frequent forgetting and rapid learning; Communication Phase: Shares
the scores among the neighbours; Trust Fusion Phase: Calculates the weighted
trust score based on the scores received; Learning Phase: Updates the trust
weights using multiplicative exponential weights update scheme.

The details of these phases are explained in Appendix 5.3.

2.2 The DOL3 algorithm

For the it" observer, Vi € [N,], the DOL3 algorithm involves learning the local
trust weights ;;(t), Vj € (2;, and social trust weights dﬁj(t), vl € A; and
Vj € £2; U (Uviea, £2;), which are initialized to 1 at ¢ = 1, i.e., w;;(1) = 1 and
dfj(l) = 1. The local trust weight ;;(t) represents the degree of trust the i
observer puts on the j** service provider which is directly connected to it as
per the interaction network G, Vj € §2;. On the other hand, the social trust
weight évfj(t) represents the degree of trust the i*" observer puts on the [t"

observer (which is directly connected to the i*" observer, | € A;) concerning the
4t provider’s quality of service, where j € £2; U (Uyiea,2), i.e., j*" provider
is either directly interacting with the i*" observer or the I** observers that are
neighbors of the it" observer as per the interaction network G, VI € A;, or both.

Note that the conditions in equation (2) imply: if j** provider is observed by

both the ¥ and the [*" observer, then the social trust weight dfj (t+1) decreases
if there is a mismatch between the i'" observer’s local trust score ;;(t) and the
It observer’s local trust score w0y (t) since the i" observer would always consider
its first-hand observations to be the ground-truth. Whereas, if the j** provider is
only observed by the I*" observer, the i*" observer updates the associated social
trust score based on the blind-trust factor eérst,l which is tuned based on how

much faith / trust the ¥ observer can have on its neighboring observers in the
interaction network G.

The trust weight dfj (t) is updated, which indicates how much trust the i
observer has on the [** neighboring observer (as per the interaction network
@) for the trust score information on the j* service provider, as follows, Vj €
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2; U (U\ﬂeAi 91)7 and VI € A; U {Z}

%mt,l t(l=iNnj € )V (je (2, U)\2)

iy ) (6 (0)7 exp (—aliy (8) — s (1))

aj(t+1) = L (1 + i) /\l<j €02,n Q) (2)
0 : otherwise

and
&}j(t +1)

aj(t+1) = i
! Zl’eAiu{i} al/j(t +1)

(3)

where v € (0, 1] is the discount factor, and 7, > 0 is the learning-rate parameter.
In equation (2), the first condition represents the case in which either [ = ¢ and
the j*" provider is being observed by i*" observer itself, or the j!* provider is
being observed by the I*” observer but not the i*" observer. The second condition
is valid when [ # i and the j" provider is being observed by both the i** and
jth observers.

3 Performance evaluation

The idea of Agent Reputation and Trust (ART) testbed [22] which is being
used for agent trust- and reputation-related technologies is extended further to
simulate the real-life citizen-centric scenario of multi-agent systems interaction,
which usually includes a lot of complex interactions that result in open and
non-stationary environments, which is the main motivation behind developing
a simulator to generate uncertainty in the data and include dynamic agents
with random behaviors. The evaluation also involves simulating the conditions
of how the agents are connected through the social network types - Small world,
Random, and Free scale. This ensures that the models are built to scale and
work across various types of networks in terms of volume, connectivity, and
complexity.

3.1 Simulation evaluation and comparison

The top models from the baseline execution were compared with the DOL3
model in a dynamic environment with multiple Monte Carlo runs. As shown
in Fig. 1, the DOL3 and ADST performed better than the rest of the models.
The DOL3 algorithm was configured in the simulator by changing the hyper-
parameters like n,ese¢ to an optimal value along with the discount factor (7).
The heterogeneity of the environment characterized by new providers and the
deception of agents characterized by the service quality doesn’t impact the speed
at which the observers learn the ecosystem. From the various simulation runs, it
is evident that DOL3 outperforms the other SOTA models in 90% of the cases.
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State of the art models comparison with DOL3
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Fig. 1: State-Of-the-art models comparison with DOL3 in Dynamic network

4 Conclusion

With the advancement in e-commerce multi-agent architectures, Trust and Rep-
utation Assessment plays a vital role in ensuring the quality of services. The
DOL3 algorithm assists in assessing the trust of the provider and observers in a
distributed fashion, where each observer learns to recommend trustworthy ser-
vice providers to the consumers in real time via DOL3’s adaptive online learning
architecture. The simulation studies show that DOL3 performs substantially
better than machine learning methods like MET, ACT, ADST, SPORAS and
HISTOS, owing to its multi-layered online learning coupled with a weighted trust
score fusion process and the information sharing among the observers. Further,
DOL3’s periodic reset phase handles the exploration part of the learning, which
takes care of the high volatility in the environment; learned (biased) weights
are forgotten and re-initialized after every 7}, discrete time-steps. The loss in-
curred due to such frequent explorations is reduced substantially because of the
high convergence rate of DOL3’s online learning, owing to the multiplicative
exponential weights update scheme. With all the comparisons and statistical
evaluations on the real world data, it is evident that DOL3 performs better than
the state-of-the-art models in 90% of the cases.

4.1 Limitation and future work

The trade-off between exploration and exploitation in DOL3 needs further in-
vestigation. This paper considers all the provider-consumer interactions to be
of the same context; DOL3 can be further extended to handle the different or
changing contexts scenario. The current problem setting assumes that all the
consumers are rational, i.e., they will agree to the observers’ recommendations;
the problem can be modified further to include irrational consumers as well.

10
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5 Appendix

5.1 Related work

While most researchers rely on contracts for provider-consumer interaction,
tracking the transactions and the utility of the corresponding outcome is com-
plex in a large, open, and dynamic environment. In a community of heteroge-
neous agents where policies define the characteristics of operations, the trust is
bounded by the available information. Trust is established based on the past
behavior of the agent, and historical events are used computationally to infer or
predict future behavior. As stated by [14], there are various basic requirements
based on which a trust model can be built, stated as follows:

— Effective trust measure by the trust model
— Capability to handle open MAS
— Robustness against deceptive agents

SPORAS [14], was used in eBay and Amazon by modeling users’ trust cen-
trally through rating aggregation. SPORAS does not consider some of the re-
quirements like the domain or context of the environment and past experience
in interacting with the provider. ReGret [25] enables each agent to evaluate
the reputation by themselves. However, ReGret doesn’t take into account the
problem of deceptive agents. DOL3 handles the above-stated requirements quite
effectively through its multi-layered adaptive online learning of trust scores of
the providers and the observers in a decentralized multi-agent architecture with

12
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Fig.2: The communication link among the Observer, Consumer, and Service
Provider

information sharing among the observers. The other models like the Trust Com-
putational Model (TCM) and MARSH as specified in [26], use situational and
ontological references to compute trust. However, none of them considered the
fact of newcomers or changes in the total number of agents in the environment.

As stated in [21], a set of basic requirements (like Interaction trust, Role-
based trust, Witness reputation, etc.) must be considered in a Trust and Rep-
utation System. The above set of Trust and Reputation models come up with
limitations like SPORAS not considering the social knowledge, HISTOS not
having authority on the recommendations, and Beta Reputation System (BRS)
having a cold-start problem for new agents entering the environment. Further,
some of the evolutionary models that were explored for comparison with DOL3
include: TRAVOS [17], Eigen Trust [21], Actor-Critic-Trust (ACT) [16] - With
bootstrap errors, Multiagent Evolutionary Trust model (MET) [18] - Having is-
sues with observers’ fairness not considered, Adaptive Dempster-Shafer Theory
(ADST) [19] assumes that there is no partial treatment of agents by one another.

5.2 Typical connectivity among the agents

In Fig. 2, the observers (prefixed ’O’), consumers (prefixed 'C’), and providers
(prefixed 'P’) are labeled and shown as connected over an interaction network
to represent their interactions (transactions, observations, and communication).
The communication is also restricted to the set of agents as indicated in Fig. 2.

5.3 Phases of DOL3

An iteration of the DOL3 algorithm involves the following phases:

Periodic Reset Phase: The trust weights w;;(t), Vj € £2;, and dlij (t), Vi e
A; and V5 € 2, U (Uyiea, §2;), are re-initialized to 1 after every T), interactions.
This ensures that the weights do not get biased as the number of interactions
increases and can handle the non-stationary nature of the service providers’

13
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behavior. This comes as a consequence of the frequent forgetting along with the
rapid learning made possible due to the exponential weights update process in
the learning phase.

Communication Phase: as per the interaction network G, i" observer
transmits the information {¢, ¢, j, W;; }v;jen,, and in turn receives the tuples {t, 1, j, Wi, }v;jen,
from its neighboring {** observer as per the interaction network G, VI € A;.

Trust Fusion Phase: the i*" observer carries out a weighted fusion of trust
weights w;; from all its neighboring observers | € A; along with its own trust
weight ;; for a particular service provider j, Vj € 2; U (Uwiea,§2;), to obtain
the " observer’s final trust score of the j'* provider, z;;(t), as follows:

Zit) = > aj (i) (4)
leA;u{i}

2i5(1)
J'€82:U(Uviea, 1) éij’(t)

2ij(t) = 5 (5)
Learning Phase: In this phase, the trust weights are updated using a mul-
tiplicative exponential weights update scheme, which is inspired by the expo-
nentially weighted online learning forecaster [11].
The learning phase involves two learning layers; the first one is the local
learning layer, in which the i*" observer updates the local trust weights for the
service providers which are its direct neighbors as per the interaction network

G, Vj € 2;, by utilizing its observations of the purchases, as follows:

ke, j
Wij (¢ +1) = (35 (1)) exp (Y (1)) (6)
k=1

where v € (0,1] is the discount factor, and 7, > 0 is the learning-rate
parameter. Note that 1;;(¢) is indicative of how good the j*" providers’ quality
of service has been as observed by the i*" observer.

In the second learning layer, called the social learning layer, the trust weight
ay;(t) is updaﬁed.

Further, €}, denotes the it" observer’s neighbor blind-trust factor for the
It observer, which is equal to 1 for I = i and €rst; € [0,1] for I € A;. The blind-

trust factor eitrst , represents the degree of blind faith or trust the it" observer
put on its neighboring I*" observer in the interaction network G. The blind-trust
factor €4rst; can be tuned appropriately based on either how much blind trust
should be put on a neighboring observer, or to reflect such biases of an observer

in real-world scenarios.

5.4 Simulator setup

The simulator architecture is built on the foundation of MESA [23]. The simu-
lator utilizes MESA’s basic components, like Agents and Schedulers, to simulate
the Agents mentioned in Fig. 5 and their corresponding interactions.
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INIT: n, j = 0

INIT: s/PL = 0
7 If a purchase occurs:
nej+=1

st =1
t+=1

Mesr,j = N j
t+=1

Fig. 3: Active-Idle state switching model for the j*" service provider, Vj € [N,];

s]lD L is the step-counter in the idle state, and n; ; is the sales-counter of the gth
provider in the active state.

Metadata

Ranked Providers .
Observers Trust ponneeeeeeeee { ] service Event [ J<------

; Monitoring :
Observer Sen{lce Request- Consumer
Provider
It

Get Provider |~ ] '
Ratings

v
Get Neighbours |

Fig.4: Simulator architecture

As illustrated in Fig. 4, the main components of the simulator are the compo-
nents like Get Neighbours and Get Provider Ratings that help in understanding
the network restrictions and weighted fusion rating from all of the observers.
There are several configuration capabilities that this architecture provides, al-
lowing the evaluation of the performance of algorithms effectively. Each positive
interaction is rewarded with 1, and deceptive interaction is rewarded with 0.
The reward is randomized to introduce the non-stationary characteristic of the
environment in terms of uncertainty in providers’ behavior. The interactions are
designed to be sequential per consumer, in the sense that only one consumer
interacts with the environment at a time.

One of the important features of the simulator is the interaction restriction
among the multiple agents. This paper also shows the behavior of agents when
the interactions among the agents are limited to a certain group of agents. As
mentioned in 2.1, the consumers can receive services only from a certain set of
providers. As described in Section 2.1, each of the providers comes with inventory
and restrictions on the number of times it can serve the consumers.
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Ci Agent 1

Provider Agent

- Consumer Agent reaching out to Observer Agent for preferred Provider

[N

- Observer Agent checking with its neighbour for any information on the provider

w

- Observer Agent with the list of preferred Provider Agents

IS

- Post deciding between Exploration vs Straight decision reaching out to Provider

o

- Observer agent takes note of the interaction and updates the rating

Fig.5: Simulator sequence

5.5 Model comparisons

Baseline execution The simulation evaluation was done with the baseline ver-
sion described in 5.6 followed by DOL3 evaluation. Hyperparameters are used
that are vital for executing the baseline and then the actual algorithm evaluation.
The simulation baseline was set up by configuring the parameters mentioned in
Table 1. The randomized baseline starts by assigning random providers irrespec-
tive of the scores. The baseline, as well as the algorithm implementation, allows
the consumers to either explore or exploit the ranked active providers.

From the Fig. 6a and Fig. 6b, it is clear that the BRS outperforms HISTOS
and SPORAS in this simulation environment on both Dynamic and Static net-
works. From the Decentralised models MDT, ACT, and ADST perform better
across the interactions. The simulation is also considered with random observers
providing expert opinions on a provider based on past interactions. The baseline
clearly illustrates that the openness in the environment with the random be-
havior of the provider agents impacts the overall reward in the ecosystem, and
the learning from the past does not add to improving the reward in the current
interactions.

The baseline helps in understanding the level of complexity the open and
dynamic environment adds to the ecosystem in building Trust and Reputation. It
is also clear that while past learning helps in understanding the agents’ behavior,
the model built out of the past interaction can not be solely relied on to determine
and decide on the agents’ behavior for the current interaction. With the network
relation in place, the trust needs to be measured from the self-interactions as
well as the opinions of the witnesses.

5.6 Baseline for evaluation

Most of the Trust and Reputation Assessment models use SPORAS as the base-
line for performance [14], [24]. SPORAS uses the assumption that new users
start with little reputation, which builds as the services being provided increase.
HISTOS was used for measuring trust in a tightly connected environment [7]. We
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extended the baseline to contain some of the state-of-the-art models like ACT,
MET, and ADST. The comparisons are done in the order mentioned below on
the simulation environment built:

— Centralised models in Static Network: Comparison of the models with
centralized data update protocol from the references mentioned in the above
sections.

— Centralised models in Dynamic Network: The centralized models are
exposed to the dynamic network where the interaction links change and the
number of agents is not consistent.

— Decentralised models in Dynamic Network: The decentralized models
being exposed to the dynamic network.

The provider agents are ranked based on their reputation or trust scores and
recommended to the consumers accordingly. The evaluation is also performed
with various parameters. The following categories of baselines were considered:

— Randomised Baseline: This baseline randomly assigns reputation or pri-
oritization scores. This lets consumers explore the agents and take a chance
to be served by an agent.

— Expert Opinion Baseline: This is where the centralized observer method-
ology comes into the picture. The experts (observers) who know the con-
text and have witnessed the interactions share recommendations about the
providers.

— Start-of-the-Art Models: The previous State-of-the-Art models were built
to measure the Trust and Reputation like that of ADST, ACT, MET, SPO-
RAS, HISTOS, ReGret, MARSH, and TCM.

The evaluation in this simulator consists of a combination of all the above-
mentioned baselines. The baselines are customized to fit the problem statement
and the characteristics of the environment considered.

Comparison of results We ran a Monte Carlo simulation with 100 steps split
between the baseline and DOL3. The experimental result showing the cumulative
reward (Sum of all the rewards per iteration) is shown in Fig. 7. It is evident
from the results that the baseline is spread on the lower bound of the rewards
and is widely spread. However, the DOL3 has very little variance and spread
on the upper bound. It is important to notice the variance of DOL3 showcasing
that the dynamic environment doesn’t impact the quality of the algorithm.

5.7 Statistical validation

The above simulation results help us evaluate the performance of the models
against the type of network along with complexity. We applied the same against
real-time data of movie recommendation system data set [20]. The recommenda-
tion system consisted of consumer agents (users) and service providers (recom-
menders) along with observers that were connected to represent various social
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Table 1: List of hyperparameters used along with description

Hyperparameter
Variable Description Possible Value
N, ## of Consumers >1
N, # of Providers >1
N, # of Observers >1
N Total Iterations min(100)
Nreset Every nt" reset step >1
Nrandom stop Randomization stops min(10)
explore Explore providers True/False
nme Maximum provider stock > 1
n Learning rate - Observer > 1
~ Discount factor >0
€ Neighbour Blind-trust >0
Observerndepth # of neighbours 1- <(N:.—-1)

network types like Erdés—Rényi, Watts Strogatz, and Homophily-based networks
[27].

Fig. 8a shows how the models perform with the number of interaction counts.
The performance or the accuracy is determined by the Root Mean Square Error
(RMSE) which is given by the equation:

1
RMSE =/ —x(r —7)2 (1)
N

where r refers to the actual rating of a movie from the data set and 7 refers
to the rating from a recommender.

The accuracy is given by

accuracy%o = * 100 (8)

1

(1+ RMSE)

The DOL3 algorithm seems to improve with the larger interaction count
compared to that of other models. Similarly, Fig. 8b indicates the performance
with the number of malicious agents. We artificially introduced noisy data in the
data set to see how the models react when the data is corrupted. We could notice
that DOL3 and ADST are more susceptible to noisy data. We could also notice
from Fig. 9b that in the network types like that of small world and random,
DOL3 performs well.
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Cumulative reward comparison of centralised models with static network
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Fig. 6: Centralised models comparison
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Fig. 7: Simulation results of DOL3 compared with Baseline
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2.2 Resolving Multi-user Privacy Conflicts with Computational The-
ory of Mind
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Abstract. Online Social Networks (OSNs) serve as digital platforms for
users to share information and build relationships. These networks facili-
tate the sharing of diverse content, which may disclose personal informa-
tion about users. Some of these contents pertain to multiple users (such
as group pictures), with different privacy expectations. Sharing of such
content may lead to multi-user privacy conflicts. Decision-making mech-
anisms are crucial to managing conflicting privacy preferences among
users, reducing their effort in conflict resolution. Various mechanisms are
proposed in the literature, most of which demand significant computa-
tional resources. We propose a novel approach based on computational
modeling of Theory of Mind (ToM), the human ability to understand
others’ mental states (e.g., their beliefs, preferences, goals, etc.), to por-
tray users’ privacy expectations. We argue that leveraging computational
ToM modeling allows the design of agents capable of accurately capturing
users’ behavior and reasoning about other agents’ privacy understanding,
making them effective tools in multi-user privacy conflict management.
To illustrate our ideas, we consider a content-sharing scenario and point
out potential benefits of using our agent-based computational ToM ap-
proach in resolution of privacy conflicts.

Keywords: Multi-user privacy conflict management - Theory of mind -
Agent-based model.

1 Introduction

An online social network (OSN) is a digital platform that provides a virtual space
for its users to share information, communicate, and build relationships [11].
One of the key characteristics of OSNs is that they allow their users to share
various types of content, including photos, videos, and more. The majority of
these shared materials have the potential to disclose personal information about
the content owner as well as individuals who are associated with it. The users
that are all affiliated to a specific piece of content may hold different preferences
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about its public visibility since one user might want to make it public whereas
another one may prefer to keep it private, leading to potential conflicts, known
as multi-user privacy conflicts [13].

To automate OSN users’ decision-making processes in an accountable man-
ner, we argue that it is important to design agents that can digitally represent
users over OSNs and make decisions on their behalf. Ideally, there should be es-
tablished decision-making mechanisms to manage these situations on the OSNs
which can help users to reduce the effort they expend on conflict resolution. Re-
cently, various mechanisms and their associated agent-based solutions have been
proposed in the literature. Squicciarini et al. [12] propose to use an auction-
based mechanism to resolve conflicts, where each user bids for the amount that
she sees fit to share or not share a piece of content. Ulusoy and Yolum [15]
extend this work to design agents that can learn to bid correctly over time in
different types of auctions. Such and Rovatsos [14], Kekulluoglu et al. [5], and
Filipczuk et al. [3] develop systems, where the users’ agents negotiate among
themselves about various aspects of sharing in order to come to an agreement.
In contrast, Kokciyan et al. [6] develop a computational argumentation setting,
where the agents engage in an argumentation case to decide whether to share or
not share a piece of content.

All of these works demonstrate the need and various techniques to resolve
multi-user privacy conflicts. However, all of them require substantial compu-
tational resources. Put simply, for each piece of content for which a decision
needs to be taken among users, one of these mechanisms has to be executed.
Conversely, empirical evidence suggests that OSN users manage to deal with
real-life privacy conflicts via interpersonal communication [18] and many times
by factoring in the privacy understanding of others involved without explicitly
involving them into the decision process.

Following this idea, our proposed approach is based on portraying other
users’ privacy expectations through computational modeling of Theory of Mind
(ToM). ToM is generally understood as the human ability to reason about mental
content of others such as their beliefs, preferences, intentions, and goals [10,1].
As an important part of social cognition, ToM makes it possible for people to
understand and predict others’ behaviour. Recent studies around computational
ToM models indicate its effectiveness in different settings and tasks [17,2,4]. We
argue that with the help of computational ToM modeling, we can design agents
that can capture their users’ behaviour and reason about other agents accurately,
making them an effective tool in multi-user privacy management.

The rest of the paper is organized as follows. First, we begin with a scenario
illustrating a privacy conflict unfolding between two users on an OSN. Next, we
formally describe preferences and beliefs by using elements from formal logic.
Then, we illustrate potential benefits of using our agent-based computational
ToM approach in the context of multi-user privacy management. We conclude
our work with further research directions.
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2 Privacy Management with Theory of Mind

Addressing conflicts in multi-user privacy necessitates a sophisticated under-
standing of users’ privacy preferences. Unlike a simplistic decision where content
is merely labeled as “private” or “public”, users often adopt a more granular
perspective as they can consider multiple audiences when making sharing deci-
sions. For instance, users might choose to share family photos with close friends
while withholding them from colleagues, demonstrating respect for their family
members’ privacy preferences. Context also plays a pivotal role in determining
the privacy value of content [9]. Users may opt to limit public access to spe-
cific photos, granting permission only under certain conditions or for certain
purposes. Moreover, as the number of affected users increases, sharing decisions
become more intricate. Various techniques, such as negotiations [14,5] and auc-
tions [12,15], can be employed to resolve conflicts. However, these methods may
impose additional burdens on users, including communication overhead and po-
tential disruptions to relationships.

Although we are aware that preserving privacy is much more nuanced than a
Boolean representation of “keeping it private” or “making it public”’, we deliber-
ately simplify our representation of privacy in this paper in order to demonstrate
the use of computational ToM. To illustrate our ideas, we consider a content-
sharing scenario in which an OSN user, David, wants to publicly share a photo
of himself. The photo, denoted as C, also features another user, called Eve, who
prefers to keep it private, resulting in a potential conflict.

The OSN users David and Eve are represented by their agents, D and E
respectively, who can take certain actions on their behalf. For example, the agents
can automatically share contents depending on their users’ privacy preferences
and beliefs about others (e.g., beliefs about others’ privacy preferences), observe
when contents related to their users are being shared by other agents, and inform
other agents about their own users’ privacy preferences. By using these actions,
D and E can automatically make sharing decisions and take necessary interactive
actions if they observe privacy violations.

2.1 Formal Notation

We denote the privacy preference of an agent X about a piece of content C' as
Px(C,p) (i.e., “X prefers C to be p”) where p can be either “private” or “public’.
We use preferences as the main propositional blocks of our notation which can be
associated with negation and conjunction operators as well as belief modalities
per agent. The formal notation we use in this paper is mainly based on doxas-
tic logic [8] and loosely based on preference logic [16,7]. To formally represent
preferences and beliefs of a set of agents X, we use the following language £3 5
given by the Backus-Naur form:

o= Px(C,p) | ~¢|eAN¢p| Bxyp

Here, C represent contents, p represent privacy preferences (private or pub-
lic), and X € X. For example, BpPg(C, private) can be read as “the agent
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D believes that the agent E prefers the content C' to be private”. Notice that
BgBp Pg(C, private), which states that “the agent F believes that the agent D
believes that the agent E prefers the content C to be private”, is also a member
of L})ﬁ - Formulas with nested epistemic operators allow us to represent agents’
higher-order beliefs about other agents beliefs’ in a succinct form.

An agent can create beliefs about others and update them over time. The
information to realize these could come from different sources, such as observa-
tions that lead to certain inferences or explicitly stated information which can be
directly adopted. The agent keeps its beliefs along with preferences in its belief
base and uses them together to make certain decisions for privacy management.

2.2 Examples

Next, we build on the above-mentioned scenario to point out how computational
ToM can be beneficial to handle multi-user privacy conflicts.

Considering others’ preferences: Our scenario starts with David’s agent
D, which has (1) Pp(C, public) and can make a sharing decision based on it
only. On the other hand, Eve prefers to keep C private, so her agent E has
(2) Pg(C,private). If David wants to take Eve’s privacy preference about C
into account as well as his own before sharing C, D needs to explicitly hold
a belief about Eve’s preference. This belief may be a correct representation
of the actual situation or not. Suppose that D correctly creates the belief (3)
Bp Pg(C, private) in its belief base. Table 1 shows both agents’ respective belief
bases at this stage. Note that each agent can access only its own belief base.
Using both David’s preference (1) and Eve’s assumed preference (3) about C, D
can then make a more informed decision, considering also E’s expectations, and
decide not to make C public on the OSN.

Table 1: D’s and E’s respective belief bases in the beginning. Based on (1) and
(3), D decides not to share C.

D B |

Pp(C, public) (1) Pg(C, private) (2)
Bp Pe(C, private) (3)

Inferring others’ beliefs: Suppose D did not accurately model Eve’s pref-
erence and creates the erroneous belief (4) Bp Pg(C, public). Using (1) and (4),
D then decides to share C' publicly over the OSN. After observing this action on
the OSN, E can infer two pieces of information. First, it infers David’s prefer-
ence about C, resulting in the belief (5) BgPp(C, public). Second, it can make
another inference about what David believes about Eve’s preference. E can in-
terpret the act of sharing as an indication of David’s current (incorrect) ToM
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Table 2: D’s and E’s respective belief bases after the sharing action. F creates
two new beliefs (5) and (6) accordingly.

D | |

Pp(C, public) (1) |Pg(C, private) (2)
Bp Pg(C, public) (4)|BePp(C, public) (5)
BEBDPE(C, public) (6)

model of Eve, resulting in the belief (6) Bg Bp Pg(C, public). Table 2 shows both
agents’ respective belief bases after D’s sharing decision.

Dynamically updating (higher-order) beliefs: As the scenario evolves,
it is now E’s turn to take necessary actions to correct David’s ToM model of Eve.
Specifically, using the combination of (2), (5), and (6) in Table 2 as a trigger, E
can deduce that D needs to be informed about Eve’s actual privacy preference
about C' to make D reconsider its sharing decision (i.e., remove C' from the OSN)
and inform D accordingly. With this information, D can update its belief base
by replacing the erroneous belief (5) Bp Pg(C, public) with the correct belief (4)
Bp Pg(C, private). After making sure that D gets this information (for example,
by D’s acknowledgment), E can update its belief base to correctly represent the
actual situation by replacing its higher-order belief (6) BgBp Pg(C, public) with
(7) BeBp Pr/(C, private). Table 3 shows both agents’ respective belief bases after
E’s communication with D. Notice that D does not need to inform F again as
long as it has the belief (7) in its base.

Table 3: D’s and E’s respective belief bases after the communication. D replaces
(4) with (3) and F replaces (6) with (7).

D |2 |
Pp(C, public) (1) Pg(C, private) (2)

BpPelCrpublie)(4) |BrPp(C, public) (5)
Bp Pe/(C, private) (3) ;

BgBpPe(C, private) (7)

Taking proactive actions: So far, we have illustrated the benefits of using
computational ToM (with explicitly held beliefs) to resolve an actual privacy
conflict. We now change the premise and assume that Eve also prefers C to
be public (i.e., (8) Pg(C, public)), just like David, as shown in Table 4, but
David believes that Eve prefers C' to be private (i.e., (3) BpPgr(C, private)).
This creates an incorrectly assumed privacy conflict, which stops D to share C'
on the OSN. Here, E can detect this through ToM. By actively observing D’s
actions, or in this case the lack of actions, E can hypothesize that D does not
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have the correct belief. Building on this observation, E can then proactively
inform D about Eve’s actual preference. When receiving E’s communication, D
can use this piece of information to correct its belief about Eve’s preference and
subsequently reconsider its sharing decision. Table 4 illustrates how both agents’
respective belief bases evolve through the example. One can see that each agent
holds correct beliefs about the other agent at the end.

Table 4: D’s and E’s respective belief bases at the end of the alternative scenario.
Observing D not making C public helps E to create the beliefs (5) and (7). After
E informs D about (8), D replaces (3) with (4) and E replaces (7) with (6).

P & |
Pp(C, public) (1) Pg(C, public) (8)
BpPeCrprivate){3} Be Pp (C, public) (5)

Bp Pg(C, public) (4) |BeBpPelC private)(7)
BEBDPE(C, public) (6)

3 Conclusion

In this paper, we outline a computational approach based on modeling of the-
ory of mind reasoning for managing privacy conflicts of users of online social
networks. By using elements from formal logic, we highlight how computational
agents can represent online social networks users’ beliefs and privacy preferences
explicitly and utilize them to capture the users’ content sharing and interacting
behaviours. Our concept analysis of a two-user privacy management scenario
suggests that computational ToM can be potentially beneficial to agents in var-
ious ways in resolving privacy conflicts. As a follow-up work, we aim to develop
our ToM-based agent model idea into a more concrete one which is capable
of storing, maintaining, and utilizing beliefs by means of proper structures and
functions. Also, we will expand the formalization that we use for preferences and
beliefs to represent the content-sharing dynamics more realistically (e.g., multi-
ple agents, multiple contents, contexts of contents, etc.). This will enable us to
capture real-life, multi-user privacy conflicts observed in online social networks.
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3 Cooperation and Responsibility

3.1 Selfishness Level Induces Cooperation in Sequential Social Dilem-
mas
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Abstract. A key contributor to the success of modern societies is hu-
manity’s innate ability to meaningfully cooperate. Game-theoretic rea-
soning shows, however, that an individual’s propensity to cooperation is
directly linked with the mechanics of the scenario at hand. Social dilem-
mas constitute a subset of such scenarios where players are caught in a
dichotomy between the decision to cooperate, prioritising collective wel-
fare, or defect, prioritising their own welfare. In this work, we study such
games through the lens of ’selfishness level’, a standard game-theoretic
metric which quantifies the extent to which a game’s payoffs incentivize
self-directed behaviours. Using this framework, we derive the conditions
under which social dilemmas can be resolved and, additionally, produce
a first-step towards extending this metric to Markov games. Finally, we
present an empirical analysis indicating the positive effects of selfishness
level directed mechanisms in such environments.

Keywords: Social Dilemma - Game Theory - Markov Game - Reinforce-
ment Learning - Multi-agent Reinforcement Learning.

1 Introduction

Social dilemmas [9] (SDs) are well studied, and have been the subject of much
work in fields such as psychology [3] and sociology [6]. SDs are particularly in-
teresting as they are known to model many real-world coordination problems. A
striking example is the case of nuclear weapons proliferation. Here, it is individu-
ally rational for a state to maintain a stockpile of nuclear warheads as it serves to
deter conflict. However, when multiple states engage in nuclear arms production,
the global community becomes endangered by arms races, geopolitical tensions
and, accidental use. Ideally, all states should agree to dismantle their nuclear
stockpiles, but if any one state were to do so then any opposing, nuclear-armed,
states would gain a military advantage. This illustrates that finding solutions
to SDs is hard and often requires external mechanisms to align individual in-
centives with broader societal goals. Sequential social dilemmas (SeqSDs) [§],
extend SDs to the Markov game setting and are well known to more accurately
represent the complexities of real-world dilemmas. As such they are used as the
standard test-bed for mechanisms such as formal contracting [2], social value
orientation [10][11], inequity aversion [5][15], and conformity to emergent so-
cial norms [14]. In this work we take an interdependence perspective [4], where
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individuals are driven not only by ’extrinsic’ utilities provided by the environ-
ment, but also by an internally realised ’intrinsic’ utility, which has recently
gained attention in the AT community [10][11][15]. We claim that, in simulated
scenarios, extrinsic payoffs can be framed as a miss-specification of objective,
requiring some external intervention to align with human values. In this light,
we investigate the use of the selfishness level [1] as such an intervention mecha-
nism, studying its effects on SDs and extending the notion to the SeqSD setting,
empirically verifying its ability to induce agent cooperation.

2 Selfishness Level & Social Dilemmas

The selfishness level [1] is a scalar metric on the pure Nash equilibria of a normal-
form game. Intuitively, a game’s selfishness level indicates how much an egotis-
tical player values their own payoff over the collective welfare.

Definition 1 (Selfishness level of a normal-form game [1]). Given any
normal-form game G = {N,{S;}ien, {pi}ticn}, where N is a set of players, S;,
the strategy space of player i and p; the payoff, or utility, function of player i,
we can induce an altruistic game G(a) = {N,{S;}ien,{ri}tien} where, r;(s) =
pi(s) + aSW (s). The selfishness level of a strategic game G is:

ag = inf{a € R4|G is a-selfish},

where, G is a-selfish if, for some o > 0, a pure Nash equilibrium of G(«) is a
social optimum of G.

SDs [9] are a class of normal-form game which emphasise a dichotomy between
individual preferences and the collective good:

C [ D
C|R, R[S, T
D|T,S|P, P

Table 1. Outcome categories in the SD payoff matrix

where R denotes the payoff for mutual cooperation, P mutual defection, S coop-
eration when an opponent defects and T' defection when an opponent cooperates.
SDs are further defined by a set of inequalities which prescribe the tensions be-
tween individual and collective preferences:

R>P, R>S, 2R>T+ S, (1)
T > R (greed) or P > S (fear). (2)

The inequalities in 1 work to establish mutual cooperation as the unique, sta-
ble, social optimum and the inequalities in 2 dictate the modality of the SD
(e.g., when both inequalities in 2 are satisfied, the resultant game is a prisoner’s
dilemma).
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3 Resolving Social Dilemmas

Examining SDs through the lens of selfishness level highlights some interesting
properties. We delegate proofs for all theorems to Appendix A.

Theorem 1. The selfishness level of a SD is

__Jo yr<r )
“T\LE TSR

Equation 3 shows that when players are troubled only by an equilibrium selection
problem (i.e., when G is a stag hunt dilemma), ag = 0. Conversely, when ag > 0
(i.e. a prisoner’s or chicken dilemma), the game is not naturally conducive to
cooperation. Intuitively, the selfishness level is directly linked with 7" and R -
the greater the value of ag, the higher the incentive to deviate from mutual
cooperation, and vice-versa. As such, the selfishness level formally quantifies the
magnitude of the intervention required to realise cooperation.

Here, we investigate how the selfishness level can be used in the design of
intrinsic payoff mechanisms to align the players’ preferences towards mutual
cooperation. Our analysis shows that, in chicken and prisoner’s dilemmas, the
resultant selfishness level modified payoffs can be relieved of any individual-group
tensions, that is, neither inequality in 2 holds.

Theorem 2. Given a SD G, let T > R and P <0 (a chicken dilemma). G(c)
18 always resolved when o = agq.

The result of Theorem 2 reflects the fact that the selfishness level works only to
alleviate the burden of greed. As chicken dilemmas are troubled only by greed it
is natural that the altruistic game induced by ag, G(ag) is free of any dilemma.

Theorem 3. Given o SD G, let T > R and P > 0 (a prisoner’s dilemma).
G(a) is resolved when o = ag and P <T — R

Theorem 3 mirrors Theorem 2. If the personal benefit of exploitation is the
driving force behind a player’s willingness to defect then a selfishness level
modification of payoffs is able to completely resolve the dilemma. Conversely,
if P>T — R, G(ag) is a stag hunt.

3.1 Extending to Markov Games

We present here a ‘first step’ towards the highly non-trivial goal of theorising the
selfishness level in the Markov game setting starting with two-player sequential
social dilemmas (SeqSDs).

Definition 2 (Sequential Social Dilemma [8]). SeqSDs are characterised by
the presence of critical states S, C S. Fach s, € S, induces a sub-game such
that players’ preferences can be expressed as a social dilemma. This can be more
easily intuited through table 2.

C g
T R(sc), R(se)| S(se), T(sc)
77 T(sc), S(se) [P(se), P(sc)
Table 2. Empirical payoff matrix for s € S. C S.
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8 nC

where, R(s.) =V, "~ (s.), and T(s.), S(s.) and, P(s.) are defined analogously.

7

Our extension is defined via the altruistic Markov game, which is analogous to
the normal-form game presented in definition 1.

Definition 3 (Altruistic Markov Game). Given a Markov game, M, we
can induce an altruistic Markov game (cf. Definition 1)

M((I) = {Na Sa {Ai}ie{l,...,N}7 Pa {Ai}{ie{l,...,N}v ’Y}

where A\i(s,a,s") == Ri(s,a,8') +a(d>_..n Ri(s,a,s)).

JEN
We now define a scalar-valued selfishness level for the SeqSD.

Definition 4 (Selfishness Level of Two-Player SeqSDs). Consider the spe-
cial case of altruistic Markov games where the host game is a two-player SeqSD.
Each s. € S. can be considered as a normal-form sub-game. Given this, we
construct the set

T(s.) — R(s¢)

R(s.) — T(s,) ¢ € Seb

a={as,

Qg, =

and define the selfishness level of the SeqSD as
I' = max,, a.

It is known that, if for some « > 0 a social optimum of G(«) is Nash, then it
remains as such for every 8 > « [1]. Le., for an s, with selfishness level as_,
even in the altruistic game s.(8), where 8 >> «s,, the social optima of s.(53)
remains Nash. Under this formalism, we have a single, scalar, value I" describing
the selfishness level for the whole Markov game, taking a conservative view with
respect to rating a Markov game’s cooperativeness. If there is only a single state
under which players are able to grossly exploit their peers then the selfishness
level of the game becomes, principally, defined by that interaction alone.

4 Experiments

We present our empirical analysis studying the effect of a selfishness level in-
spired reward shaping mechanism in two well-known SeqSDs, ‘cleanup’ and
‘harvest’ [5] (public goods and commons dilemmas [7], respectively) with code
adapted from [13].

In both cleanup and harvest, agents are tasked with collecting apples that
lie in an orchard. For both scenarios, rewards are acquired exclusively through
the collection of apples, with the respective dilemmas arising from the means
through which the pool of available apples is replenished. Agents are also able
to ‘zap’ each other. Being zapped causes players to both receive negative reward
and, if zapped multiple times in succession, are removed from play for some time.
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Fig. 1. Performance of varying « values under the harvest environment. Bold lines
represent the rolling average of the respective metric over 5 runs with the shaded areas
surrounding representing the standard deviation

4.1 Setup

We use proximal policy optimisation (PPQO) [12] as the base learning algorithm
for our policies with agents sharing network parameters. For each environment,
we ran experiments with values for a € {0, 1,10, 100, 1000} as an exact deduction
of I' is infeasible. The primary metric used to judge the population of agents’
tendency to cooperate is the social welfare (ST):

W= X,

where, R; is the extrinsic reward given by the environment to agent i at time t.
We also plot: the number of apples consumed (AC), the number of times agents
are hit with a zapper (Z), the Gini coefficient of apples consumed (Gini) and
the amount of pollution cleaned (P):

ACy = ZiEN ai 2= ZiEN Zz
i J
EieN ZjeN | ZT ai - ZT ay| j. Z pi,
2N ", a; €N

where, al, 2!, p! = 1 if agent i has collected an apple, been zapped or removed a
tile of pollution at time ¢ respectively and 0 otherwise.

GZ’I’LZt =

4.2 Results
Figure 1 shows our results in harvest. Agents with « > 0 tend to outperform
agents with @« = 0 but when o = 1 or @ = 10, there is a large variance in
performance between runs. a = 100 results in the best performing agents at the
end of training.

Figure 2 shows our results in cleanup. Here, we observe strikingly improved
social welfare from agents with o = 100. Even though there is no reward for
doing so, our methodology successfully instils agents with an incentive to act in
the public good. This is evidenced by the increased tendency to clean pollution
when a > 0, providing justification that our method increases the incentive for
cooperative behaviour to emerge. We also find that, in both environments, agents
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Fig. 2. Performance of varying a values under the cleanup environment. Bold lines
represent the rolling average of the respective metric over 5 runs with the shaded areas
surrounding representing the standard deviation

quickly learn to avoid zapping. In the case of a > 0, this is likely due to the
negative reward associated with being zapped whereas when o = 0 the lack of
positive feedback associated with the action likely causes zap-heavy policies to
die-out in favour of apple-consuming ones. i.e. Zapping wastes time that could be
better spent acquiring apples. This drop-off is not so quickly realised with a =
1000 - we suggest this could be due to reward inflation muddying the distinction
between good and bad policies. We initially assumed that social welfare would
increase monotonically with . We observe that agents learning under o = 1000
perform strictly worse than those with @ = 100 and, in cleanup, agents with
a = 10 perform worse on average than those with o = 1 suggesting that the
value of « is indeed meaningful.

5 Conclusion

In this work, we explore the effectiveness of analysing SDs through the lens
of their selfishness levels. We derive some interesting properties of SDs in the
normal-form case, finding exact conditions under which selfishness-level-based
payoff modifications can result in complete resolution of the dilemma. We fur-
ther extend this work by providing a first-step towards a selfishness level in
SeqgSDs. Our empirical results suggest a strong benefit to the cooperative per-
formance of learning agents in SeqSDs with the overall impact of our method
being to add additional, socially optimal, equilibria to the policy space but not
to prescribe any particular best solution. As such, we suspect an equilibrium
selection problem is still present within our method.
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A Proofs of Theorems

To simplify our following analysis we re-state the definition of social dilemma.
We construct a new game, without loss of generality, by applying the positive
affine transformation p;(s) — S, Vs € {S;}ien:

o Q
~
\
n
0
\
w
~
I
n
!
I
0

and simplify notation:

C [ D
C|R,R|0,T
D|T,0|P.P

and finally, re-write the social dilemma inequalities as:

R>P R>0,2R>T, (4)
T > R (greed) or P > 0 (fear). (5)

A.1 The Proof of Theorem 1
The selfishness level of a SD is

Lo it T <R, ©)
“TlLL TR

Proof. Recall that the unique, stable, social optimum of a social dilemma is
obtained through mutual cooperation (Equation 4), easing this process to simply
finding the exact o under which (C, C') becomes Nash. Also recall that there exist
three, distinct, modalities of social dilemma:

1. T > R and P > S: Prisoner’s Dilemmas
2. T > R and P < S: Chicken Dilemmas and,
3. T< Rand P > §: Stag Hunt Dilemmas.

It is straightforward to see that, in stag hunt dilemmas, (C,C) is a Nash equi-
librium. This means that, if the social dilemma is a stag hunt, the selfishness
level is ag = 0. To see the selfishness level in prisoner’s and chicken dilemmas,
we introduce notation for the payoffs of the altruistic modification of G, G(«)
(see Table 3).

C D

C|R,R'|S", T’
DT, S [P, P
Table 3. Payoff matrix for G(a)
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where,
R = R+ o2R,
T =T+ oT,
S = aT,
P’ =P+ a2P.

For both prisoner’s dilemmas and chicken dilemmas, (C, C') is not a Nash equilib-
rium in G as T > R. For (C, C) to be a Nash equilibrium in G(«), the following
must hold:

R/ > T/

R —T >0 (7)

(R+a2R) — (T +aT) >0

Changing the inequality to an equality and solving for a gives us the lowest
bound on « which satisfies the condition:

T—-R

2R—T ®)

o =

A.2 The Proof of Theorem 2

Given a SD G, let T > R and P < 0 (a chicken dilemma). G(«) is always
resolved when a = ag.

Proof. Given a chicken dilemma, we have the following payoffs in G(ag)

T—-R

R =R+ 2R, (9)
T =T + 2Z:§T, (10)
S = Z{_RTT, (11)
P =P+ ;iRT 2P. (12)

For G(ag) to be resolved, we need to have 77 < R’ and P’ < S’. Given equa-
tions 7 and 8, we already have that 77 = R’. The second inequality follows from
the following claims

— Claim 1: S” > 0.Recall that in a chicken dilemma 7" > R. As T > R > 0 and
2R >T, =5 > 0 hence S’ > 0.
— Claim 2: P’ < 0. Recall that in a chicken dilemma, P < 0. If P =0, P’ = 0.

IfP<0, P <0

Combining the above claims, we get that P’ < S’. Hence, G(ag) is resolved.
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A.3 The Proof of Theorem 3

Given a SD G, let T > R and P > 0 (a prisoner’s dilemma). G(«) is resolved
when a = ag and P<T — R

Proof. Given a prisoner’s dilemma, we have payoffs consistent with equations 9

-12in G(ag). For G(ag) to be resolved, T" < R’ and P’ < S’. Given equations 7

and 8, 7" = R’. We can set P’ < S’ and simplify to find the appropriate bound:
R T—-R

T_
PP<S — P 2P < T 13
- +2R—T —2R-T (13)

which after some simple algebra leads to P < T — R as claimed.
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3.2 Fostering Multi-Agent Cooperation through Implicit Respon-
sibility
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Abstract. For integration in real-world environments, it is critical that autonomous
agents are capable of behaving responsibly while working alongside humans and
other agents. Existing frameworks of responsibility for multi-agent systems typ-
ically model responsibilities in terms of adherence to explicit standards. Such
frameworks do not reflect the often unstated, or implicit, way in which responsi-
bilities can operate in the real world. We introduce the notion of implicit respon-
sibilities: self-imposed standards of responsible behaviour that emerge and guide
individual decision-making without any formal or explicit agreement.

We propose that incorporating implicit responsibilities into multi-agent learning
and decision-making is a novel approach for fostering mutually beneficial coop-
erative behaviours. As a preliminary investigation, we present a proof-of-concept
approach for integrating implicit responsibility into independent reinforcement
learning agents through reward shaping. We evaluate our approach through simu-
lation experiments in an environment characterised by conflicting individual and
group incentives. Our findings suggest that societies of agents modelling implicit
responsibilities can learn to cooperate more quickly, and achieve greater returns
compared to baseline.

1 Introduction

When tasked with navigating complex social decision-making scenarios alongside hu-
mans and other agents, it is important that agents can balance potential incentive con-
flicts, and find ways to perform their allocated role effectively whilst acting in a manner
that is considered responsible and ethical by human standards [4, 11]. Existing works
have outlined various facets of responsibility in multi-agent systems (MAS) [12].

Responsibility. A general definition of responsibility, outlined in [12], involves the ex-
pectation for an agent or group of agents, A, to realise a future state, , of the environ-
ment [5, 8].

Explicit Responsibility. Typically, responsibilities are modelled in terms of standards
of behaviour that are prescribed “top-down”, such as accountability for the fulfilment
of allocated tasks or sanctionability for the violation of a social norm [12]. In this
paradigm, agents are responsible to the extent that they adhere to an explicit system
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of rules. Similarly, responsibility can be imposed through explicit agreements or com-
mitments between agents [1, 6]. We group these treatments as explicit responsibility,
which can always be described by “A is responsible for ¢ under z”, where z represents
the explicit source of the responsibility, which may be enforced top-down, agreed upon
peer-to-peer, or otherwise entered into knowingly.

Example 1 (Explicit Responsibility). Alice adopts a puppy in the UK. By adopting the
puppy, Alice has agreed to an explicit duty of care; they are aware that they are ac-
countable for the welfare of the dog under UK law, and that adopting and subsequently
neglecting a dog would violate social convention. If Alice proceeds to neglect the puppy,
they may be subject to legal repercussions, or disapproval and alienation from family
and friends.

Implicit Responsibility. In contrast to explicit responsibility, relatively little attention
has been given to aspects of responsibility that emerge without any imposed standards
or explicit agreement between parties. Self-imposed responsibilities can play an im-
portant role in ethical decision making amongst people. Affective responses to differ-
ent scenarios and outcomes can reinforce an individual sense of responsibility, moti-
vating subsequent cooperation and altruistic behaviour. Individual differences in these
affective responses can give rise to variations in self-motivated responsible behavior be-
tween people. Understanding this type of responsibility and how it can lead to alignment
and misalignment of individual perceptions of responsibility in society is important for
citizen-centric design of MAS. We extend the conceptual framework of explicit respon-
sibility in MAS by introducing the notion of implicit responsibility: a self-imposed
responsibility for bringing about some ¢, that emerges bottom-up, and is internally
motivated and voluntarily assumed without any explicit mandate, commitment or ex-
pectation.

Example 2 (Implicit Responsibility). Alice comes across a stunned pigeon near their
home. Alice reasons that the pigeon will likely be in danger if left in its current state,
and that they could carefully transfer the pigeon to a cardboard box and leave it to rest
in a safe quiet area to recover. Alice is driven to help the pigeon by an internal sense of
responsibility, although there is no explicit expectation to do so.

In Example 2, a situation emerges in which Alice feels implicitly responsible for the
fate of another entity. Even if Alice does not assume the responsibility for assisting the
other entity as a goal, they are nevertheless aware that they are capable of providing that
assistance, and the consequences of not doing so. Failure to help may confer a negative
affective state, motivating Alice to help in similar scenarios in the future.

Contributions. In this work, we introduce the notion of implicit responsibility in MAS.
We present a novel approach for promoting cooperation within the framework of multi-
agent reinforcement learning (MARL) by operationalising implicit responsibility for
reward shaping. We investigate our approach by conducting simulation experiments in
a constrained task environment designed to incorporate well-defined i mplicit respon-
sibilities. We compare the learning of cooperative behaviour by implicit responsibility
agents to baseline reinforcement learning agents that do not shape rewards. We find
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that agents that model implicit responsibility learnt cooperative strategies faster, and
demonstrate improved performance on the task compared to baseline agents.

2 Operationalising Implicit Responsibility in MAS

In MARL, reward shaping is the process of modifying an agent’s reward function by
introducing additional “pseudo-rewards” to guide agents towards learning specific pat-
terns of behaviour that may not be adequately incentivised by the original reward func-
tion. Shaping rewards according to violation or satisfaction of implicit responsibility
provides a novel framework for learning desirable behaviour. For a pair of agents A, B,
A has an implicit responsibility, Rfél) p(pB), for realising a future state of the environ-
ment, (g, if at some time, ¢, the environment state, s’ satisfies all of three conditions

1. Existence of Dependency, ¥ 4,5(1) - Agent B’s ability to achieve their goals in a
future state s € @ p is contingent on the actions or resources of A.

2. Capability to Influence, 14 p(2) - Agent A possesses the capacity to address the
needs of B and bring about ¢ p through its actions or resources.

3. Awareness or Capability of Perception, 14, 5(3) - Agent A can perceive or is ca-
pable of perceiving conditions (1) and (2) even if B does not communicate this
explicitly.

These conditions describe circumstances in which the realisation of some ¢, in
which B can pursue their goals without assistance, is not possible through the actions
of B alone, or from the influence of the dynamics of the environment itself.

2.1 Foraging Survival Simulation Environment

We designed a multi-agent grid-world environment that incorporates well-defined op-
portunities for implicit responsibilities, as an evaluation test-bed. The environment is
illustrated in Figure 1.

Setup In this environment, a population of agents, I, navigate an M by N grid-world
with the goal of collecting berries. Initially, each agent ¢ € [ starts from a random
empty position, and |I| berries are placed at random empty positions so that the number
of berries is equal to the number of agents.

Agent attributes Agents have two attributes which relate to their survival in the envi-

ronment: (1) energy and (2) health. These are represented by the integers ¢; € Z* :
e; € [0,E]and h; € ZT : h; € [0, H] respectively. Agents are initialised with e; = F
and h; = H.

Attribute decay Agents are in one of three possible states at any time, based on their
attributes: (1) Healthy: (e; > 0,h; = H), (2) Helpless: (e; = 0,h; > 0), and (3)
Dead: (e; = 0,h; = 0). While agents are Healthy, e; decays by one per time step.
When e; = 0, agents become Helpless, and h; begins to decay by one per time step.
Agents can only take actions while Healthy. If the agent transitions into the Dead state,
h; = 0, the agent is removed from the simulation for the remainder of the episode.
Berry collection Agents collect berries by moving to their positions. When an agent
collects a berry, the agent receives a reward r;, and a new berry is generated at a random
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Fig. 1: (Left) Two agents ¢ and j (a) navigate a 4x4 grid world and collect berries (b).
The agents health h;, h; and energy e;, e; are indicated by indicated by the upper and
lower bars above the agents respectively, and the number of stored berries is indicated
by b;, bj. (Right) (c) In the illustrated scenario, j has e; = 0, and no stored berries, and
7 has e; > 0 and one stored berry. (d) In the next time step, ¢ throws their stored berry
to 7, illustrated by the green shading, and e; is restored.

unoccupied position. If an agent dies, the next berry collection will not trigger a new
berry to be generated. This ensures that there is only one berry per living agent in the
environment.

Berry inventory Agents store collected berries in an inventory. The number of stored
berries is b; € Z* : b; € [0, B], where B is the inventory capacity.

Berry consumption Agents consume stored berries to fully restore e; and h;. If an
agent has b; > 0 when ¢; = 0, the agent automatically consumes a stored berry. Agents
therefore have an effective energy of e, = e; + E x b;.

Agent actions Agents have five discrete movement actions for navigating the environ-
ment:up, down, left, right, and stay. Additionally, agents have a throw action which
passes a stored berry to the agent, j, with the lowest effective energy, e;-. Ifb; =0, orif
all other agents are dead, the throw fails and the berry remains in the agents inventory.
If an agent successfully throws a berry, their energy does not decay in that time step.
Decision module Agents automatically consume a berry if: (1) h; < H and b; > 0 at
the start of a time step, (2) h; < H and ¢ has just been passed a berry by another agent,
or (3) b, = B and ¢ has just collected a new berry.

Agents have an immediate incentive to act in self-interest by collecting berries as
quickly as possible. However, the Throw mechanic allows Healthy agents to cooperate
by paying a cost to revive Helpless agents and prevent their death. We can introduce a
long-term incentive for mutual cooperation which outweighs the immediate incentive
for self-interest through careful choice of environment parameters, (M, N), E, H, B
and |I|. In Appendix B, we choose environment parameters for our experiment such
that mutual cooperation can facilitate longer survival times, and thus greater overall
returns.
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2.2 Reward Shaping using Implicit Responsibility Conditions

We now apply the conditions described in Section 2 for formation of implicit responsi-
bility to our environment. For two agents 7, j € I, let o; be the set of states in which j
is Healthy, such that s% € ¢; if h; = H. R} ;(¢;) = R} ; then describes whether 7 has
an implicit responsibility towards j at time ¢ for realising (; if all three conditions (Ex-
istence of Dependency, Capability to Influence, Awareness or Capability of Perception)
are met.

For our environment, the condition wij (1) for Existence of Dependency is true if j
has no energy or berries, but is not yet Dead.

g1 = {1, if et = 0, AND b% = 0, AND A > 0

0, otherwise
The condition wf j (2) for Capability to Influence is true if i has enough energy and
berries to throw one to j, and ¢ will not run out of energy as a result of the throw. Let w!
be the Spare Effective Energy of 7 at ¢, e.g. the effective energy of ¢ that would remain
after throwing a berry, w! = el + E - (b} —1). Let k! be the shortest Manhattan distance
between i and any berry at ¢. If k! < w!, i can throw a berry and have enough energy
remaining to reach another.

1, ifk;5 < wf
l/fg,j(?) = {

0, otherwise

For v; ;(3), Awareness or Capability of Perception, we assume full-observability of
the environment for all agents, therefore ¢ always has sufficient information to know if
;,5(1) and 1; ;(2) are true, thus v; ;(3) is true by default.

Once formed, an implicit responsibility is maintained until the next time step in
which any of the individual conditions are broken. If a responsibility is formed at a time
t and maintained until any condition is broken at some later time ¢, the responsibility is
violated if the state s* does not belong to ;. Otherwise, if st e ¢;, the responsibility
is satisfied. Algorithm 1 in Appendix A describes our method for shaping rewards by
applying penalties, p, for violating an implicit responsibility.

3 Simulation Experiments

We conduct preliminary simulation experiments using the environment described in
Section 2.1 with the parameters outlined in Appendix B, Table 1. We simulate and
compare societies comprising pairs of agents, which are trained using Deep Q-Learning
as described in Appendix C, with hyper-parameters in Table 2. We train a baseline
agent society using only extrinsic rewards signals from berry collection, and an implicit
responsibility agent society using both extrinsic rewards and additional penalties for
violation of implicit responsibilities using our reward shaping algorithm (Section A,
Algorithm 1). To evaluate our implicit responsibility agents, we compare the length of
each episode during training to those achieved by baseline agents. Episode length tell
us the total survival time of an agent society, indicating the performance of the agents
during training.
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Fig. 2: Episode length (moving average, window size = 1000) vs total environment steps

elapsed during training. The mean across three random seeds is shown alongside each
individual seed.

4 Discussion

Figure 2 shows the training curves for baseline agents and implicit responsibility agents
across three random seeds. For each episode during training, the episode length is plot-
ted against the the total number of time steps that have elapsed prior to the episode
during training. In the early stages of training, baseline agents achieve greater survival
times than implicit responsibility agents. However, after roughly 10° steps, implicit re-
sponsibility agents demonstrate greater survival times on average. These results are a
promising indication that shaping rewards according to implicit responsibility can im-
prove the speed at which reinforcement learning agents learn to exploit mutually ben-
eficial c ooperation behaviours. However, there are several limitations w hich must be
addressed. Firstly, we only evaluate under one set of environment parameters and learn-
ing hyper-parameters. It is possible that the benefits of our approach are less significant
when we compare to baseline under an optimised training protocol, or in societies of
more than two agents. Further experimentation would be needed to validate our findings
and assess scalability.

Further, we only test in one environment, which we designed to include easily de-
fined scenarios for implicit responsibility to arise, and in which cooperation is globally
beneficial. In doing so, we were able to test our approach by shaping rewards according
to rules representing an idealised and thus explicit model of implicit responsibility for
that environment. For application to unseen and more complex environments, agents
must be designed such that they are able to approximate these rules independently.
Causal attribution of responsibility and blameworthiness for outcomes are non-trivial
problems [9, 12], posing a challenge for reward function design.

Finally, we consider only a subset of implicit responsibilities that capture mutually
beneficial outcomes, and thus neglects the role of altruism captured by other approaches
for bottom-up learning of responsible behaviour [2, 3, 10].
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A

Reward Shaping Algorithm

Algorithm 1 Reward shaping for implicit responsibility agents

1:
2:

AN W

13:

14:

15:
16:
17:
18:
19:
20:
21:
22:
23:

Let 4, 5 be any pair of agents from a population /.
Let b% be the number of berries that ¢ has stored in their inventory at time ¢, where
0<bl<Bandbi,BeZ*

: Let ¢! be the energy of 4 at ¢, where

0<el<FEandel,EecZ*

: Let h! be the health of ¢ at ¢, where

O0<Ahi<Handhi,HeZ"

: Let di ; be the Manhattan distance between 4 and j at .
: Let k! be the shortest Manhattan distance between 4 and any berry at ¢.
: Let w! be the Spare Effective Energy of i at ¢, where

wi=ej+E-(b—1)

: Let s* represent the full environment state at time .
: Let r} be the reward to 4 at time ¢.

10:
11:
12:

Let p be the constant representing the penalty for violation of an implicit responsibility.
Let ¢, be the set of states in which j is Independent, such that 85 € p;if hé =H.
Let 4y, ;(1) describe the condition for the Existence of Dependency such that

1, ife’ =0, AND b’ =0, AND h% >0
wf,j(l) :{ ’ ! !

0, otherwise
Let 9} ;(2) describe the condition for Capability to Influence such that

0, ifkl>w!
¥i;(2) = {

1, otherwise
Let Rf, ; be the bool representing whether ¢ has an implicit responsibility towards j at time ¢
True, ife;;(1) =1, AND ¢ ;(2) =1
False, otherwise
/I Iterate over all permutations of agent pairs ¢, j € [
fori € I do
forjcl:j+#ido
/I'If © was responsible before but not after the transition . ..
if R} ; AND —R"' then
/l...and if j has not reached ¢;
if ~(s"™! € ;) then
/I Apply penalty for violation

t+1 _ 41
rit=r,"" —p

t
Ri; =

B

Environment Parameters

For an (M, N) grid with population |I|, if we do not allow agents to use the Throw
action, and if E is less than some threshold, £, the energy of each agent will on
average decay towards zero each time step, and all agents will eventually die even with
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an optimal coordinated foraging strategy. For our environment, we estimate £ to be the
average Manhattan distance between any agent and their closest berry for all possible
combinations of positions of |i| agents and |I| berries. In practice, E* will be slightly
lower since the optimal foraging strategy would also ensure that no two or more agents
target the same berry at any time. By allowing agents to Throw berries, the population
can cooperate to survive for longer and thus achieve greater overall returns. For our
experiments, we use the environment parameters shown in Table 1.

Table 1: Default environment parameters.

Parameter Default Value
Grid Shape (M, N) 4, 4)
Population Size |I| 2

Max Energy £ 2

Max Health H 6
Inventory Capacity B 10

Berry Reward 7 0.1
Violation Penalty p -0.9

C Agent Architecture and Hyperparameters

Here we describe a schematic of the modular architecture used for our baseline and im-
plicit responsibility agents. In our experiments, both baseline and implicit responsibility
agents are trained using using independent Deep Q learning implemented with PyTorch.
Agents comprise a Deep Q-Network (DQN) architecture with with two fully connected
layers. We employ experience replay [13] to stabilise the learning process. Agents ex-
plore their shared environment using an epsilon-greedy [7] exploration strategy with
exponential decay. Table 2 lists the hyper-parameters of the learning procedure.
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Table 2: DQN hyperparameters.

Hyperparameter Value
Batch Size 64
Replay Buffer Capacity 10000
Discount Factor 0.99
Initial Exploration Rate 0.9
Final Exploration Rate 0.005
Exploration Steps 1000

Tau 0.005
Learning Rate 0.001
Loss Function MSE

Target Network Update Frequency 500
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4 Agent-Based Models and Human-Agent Interaction

4.1 Mitigating School Segregation through Targeted School Relo-
cation
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Abstract. School segregation tends to mimic and often surpass residen-
tial segregation. This trend persists even in cities with an open school
choice policy. As school segregation exacerbates patterns of social in-
equality, policymakers need interventions that can foster positive behav-
ioral changes to counter segregation trends. Previous work has suggested
interventions based on housing support, zoning policies, and public trans-
portation design. These interventions might however face challenges as-
sociated with housing shortages, slow implementation of zoning reforms,
and budget constraints to augment public transportation. In this work,
we propose a new type of intervention in the form of targeted school re-
location. This approach involves relocating under-subscribed schools to
specific nodes within the network to mitigate segregation. Preliminary
result suggests that strategically relocating schools can reduce segrega-
tion more efficiently than transport network interventions.

Keywords: School Segregation - Algorithmic Interventions - Agent-based
Simulations.

1 Introduction

The widespread adoption of open enrollment policies by public schools grants
students the freedom to choose any school within a city. This coincides with
many schools instituting internal integration policies aimed at cultivating diver-
sity among student populations [10,9]. School choice is influenced by various
factors, such as the proximity of schools and perceived educational quality [4].
Notably, the phenomenon of homophily has emerged in recent years as a signif-
icant determinant shaping parental preferences for schools [17,4].

As societies become progressively more diverse and multicultural, parental
school choice has undergone a notable shift. Alongside traditional considerations
like academic reputation and proximity, parents today increasingly prioritize
schools based on peers of similar cultural or socioeconomic backgrounds [14,
2]. This trend towards homophilic school selection exacerbates existing patterns
of racial and social inequality, increasing disparities in access to resources and
opportunities for minority groups [6,11, 14].

53



Proceedings of the 2nd International Workshop on Citizen-Centric Multiagent Systems 2024 (C-MAS 2024)
—_——m \
\( \+ < <

oo @ -

Fig.1: Targeted School Relocation. A transportation network is depicted
with nodes corresponding to neighborhoods containing residences or schools.
The targeted school relocation algorithm identifies an under-subscribed school
(marked in gray) and moves it between two segregated residential neighborhoods
(marked in red and blue). This creates an educational alternative for students
living in segregated neighborhoods, leading to increased heterogeneity in schools.

For school administrators, these societal dynamics present multifaceted chal-
lenges. Policymakers grapple with managing both under-subscribed and over-
subscribed schools, having to decide strategically which schools to close, expand,
merge, or relocate [12]. These interventions aim not only to mitigate financial
risks in budgeting but also to foster greater diversity and inclusivity in education.

To this end, policymakers are increasingly turning to agent-based modelling
to tackle these intertwined social challenges involving complex systems. These
models simulate the intricate interactions between residential patterns, school
choice behaviors, and racial segregation dynamics, offering valuable insights into
the potential impacts of various policy interventions on urban education sys-
tems [3,5,16]. Recent works have explored interventions to reduce school seg-
regation through housing support [§8] and changing zoning policy [19]. School
segregation can be reduced in specific contexts by changing individuals’ prefer-
ences for homophilic school composition [15] or adding new connections to the
public transportation network [13]. However, given the complexity of school seg-
regation, these interventions might be unproductive in specific contexts: cities
might already suffer from housing shortage problems, zoning reforms can be
slow to implement, citizens’ homophilic preferences can prevail and transport
network interventions may face budget and geographic constraints in creating
new lines. It is desirable therefore to explore alternative intervention mechanisms
— complementary to the ones listed above — to reduce school segregation.

In this work-in-progress paper, we propose Targeted School Relocation as a
novel approach to mitigate school segregation without modifying individuals’
preferences, the structure of a public transportation network, or zoning policies.
We propose an algorithmic method to implement Targeted School Relocation
in a spatial graph encoding travel time between neighborhoods and schools’
locations. We frame reducing school segregation as a facility location problem
and strategically relocate under-subscribed schools so that they are available as
an alternative to the most segregated schools in the city, as illustrated in Figure 1.
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In addition to creating an alternative to segregated schools, relocating under-
subscribed schools allows for the efficient usage of a limited education budget.
We conduct experiments in a synthetic environment to show that targeted school
relocation can lead to a significant reduction in segregation over time, compared
to previously proposed network augmentations [13].

2 Methods

2.1 Agent-Based Model

We introduce an algorithm designed for targeted school relocation within an
existing public transportation network. Our approach builds upon the Agent-
based Model outlined in [13], which defines a graph-based environment for agents
and schools with explicitly defined models for school choice and for measuring
segregation.

Environment Let G = (V| E) represent the environment defined as an undi-
rected graph. V' = {v1,..., v, } denotes nodes representing neighbourhoods
and E = {e; ;|i,j € V,i # j} are edges representing travel connections. A =
{a1,...,an} represents a set of N agents, where each agent resides in node v, € V
and belongs to a socioeconomic group g € G. For the sake of simplicity, this work
assumes two socioeconomic groups G = {g1, g2}. Schools are denoted by f € F
which are located in nodes vy € V.

School Choice Model At every round, each agent a; € A creates a preference
list P, C F, over schools. The preference list is based on a utility function
Uis,f € F, and schools are sorted in descending order. Let C' : ¢4y — R
define the composition of a school, denoting the fraction of agents from group g
attending school f. We use the well-known Cobb-Douglas utility function, based
on a function of school composition C' : ¢4,y — R and travel time ¢; y from the
agent’s residence to the school f. [6,18]

Uss = ey tiy ™, (1)
where g denotes the group that agent a; belongs to and 0 < o < 1 is a parameter
that controls the weight of the group composition over the travel time ¢; ¢.

The preference lists for all agents are provided as input to an allocation
method R. R is defined as a function R : P — (F x A) which takes as input
preferences p € P and provides a school assignment @ € (F x A) that records
which students are assigned to which schools. Random Serial Dictatorship (RSD)
is a popular mechanism for matching between schools and students [1]. For our
simulations we implement RSD and perform allocations at every round; schools
have the overall capacity to allocate all students.
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Algorithm 1 Targeted School Relocation
Input G = (V,E), Q € (F x A)
Output G’ = (VU E)

1: forb=1,2,...B do

2 f «— argming{a € A,(a, f) €Q} > find school with least students
3: for g € g1,g92 do

4: fq < argmazs{a€ g,(a,f) € Q} > find most segregated school
5: vg < {v]a€cv,ac€ fg} > find residence node of students attending fg
6: end for

7 v {v | d@,vg,) = d(v,vg,)} > place f’ equidistant to fg, and f,,
8: assign f’ to v’

9: end for

Measuring Segregation After each simulation round, schools are evaluated
on segregation. To measure segregation, we use the Dissimilarity Index (DI),
a measure that captures the differences in the proportions of agents from two
groups assigned to a school [7]. DI is defined as follows:

Ll

1 g5 92.f
DI =~ S

. DIeo,1] @)

where g; 5 is the number of agents of group j in school f; G; is the number of
agents in group j. Segregation is minimum when DI = 0 and maximum when
DI =1.

2.2 Intervention Model

Transport Network Interventions We use the previously proposed trans-
port interventions as a baseline to compare against our proposed model. These
interventions were performed in the form of graph augmentations, by creating a
new set of edges E’ to be added to G. The size of E' is equal to a budget B € N,
which controls the number of allowed interventions per intervention round [13].
These interventions were considered a proxy for the creation of public trans-
portation lines. A greedy algorithm was used to approximate the optimal set of
interventions to apply to the graph with respect to accessibility. This translated
to increasing a school node centrality C with respect to the other nodes. Two
classes of greedy interventions, i.e., centrality and group-based centrality opti-
mization were tested, and it was found that interventions based on closeness
centrality performed best for reducing overall segregation [13].

Targeted School Relocation We introduce a new intervention method, which
looks at relocating schools to existing nodes instead of creating new edges in G.
We refer to this as the targeted school relocation algorithm.
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Fig. 2: Simulation environment and results. The majority population in nodes
are denoted by red and blue, with schools marked in yellow. Targeted school relo-
cation can effectively decrease segregation, with fewer simulation rounds needed
than interventions creating new edges using closeness centrality.

Let F;, C F be a set of highly segregated schools such that each has a
majority of students belonging to socioeconomic group g € G. Conversely, let
F’ C F\ F,; denote schools that receive the minimum number of students overall.
Note that F’ does not contain the segregated schools; instead, it is the set of
under-subscribed schools that will be relocated to reduce the segregation in Fj,.
Let d(v1,v2) denote the distance between two nodes.

The targeted school relocation algorithm identifies the residential nodes v,
of students attending F,, and relocates F’ to a node v’ such that d(v’,v,,) =
d(v',vg,). This creates new options accessible to students from both neighbor-
hoods, increasing the possibility they will be attended by students instead of Fj.
Using under-subscribed schools F’ also reduces the negative effect of relocating
a school, such as displaced students. The procedure is described in Algorithm 1.

3 Experimental Setup

We implement our algorithm using the Agent-Based Model (ABM) outlined in
Section 2 and a grid world environment, as shown in Figure 2a. The grid world
environment is characterized by a lattice structure, with edges existing between
all adjacent nodes. The environment is divided into two distinct communities:
one occupying the northwest and southeast nodes and the other occupying the
southwest and northeast nodes of the grid. One community is a 60% majority
among the total population of 5000 agents. A high-residential segregation is
induced in the environment by setting the majority population of a group in its
respective node to 80% and the minority to 20% respectively. There are four
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schools, each located at the centre of its respective community. The initial group
composition of each school is set to be equal to the group composition of the
node it is located in.

The ABM simulates the choice of schools by agents representing households
and tracks the evolution of segregation patterns over multiple iterations. We
compare the performance of our algorithm against baseline scenarios without
school relocation, as well as alternative intervention strategies such as random
school relocation.

4 Preliminary Results

Our initial experiments suggest that targeted school relocation can significantly
reduce school segregation compared to baseline scenarios. Despite not introduc-
ing new transport network edges, the strategic placement of schools along key
transit corridors effectively expands educational opportunities for students from
segregated neighborhoods. In Figure 2b, we present the progress of the Dis-
similarity Index (DI) over 50 simulation rounds. In each round, we perform 5
allocation rounds and report the 95% confidence interval.

Under the settings outlined in Section 3, the targeted school relocation al-
gorithm leads to a significant reduction of DI, compared to a no-intervention
scenario (none), the random relocation of a school (random), and the baseline
intervention method of creating new transport network edges through greedily
optimizing the closeness centrality of a school. It is also observed that targeted
school relocation achieves a lower DI in fewer simulation rounds, suggesting that
in certain conditions it can be more effective in reducing segregation than pre-
viously explored interventions.

The robustness of this method needs to be tested against more complex
graph environments, based on real-world data. The regularity and connectivity
of a grid environment facilitate the ideal placement of a school. This method,
however, might face limitations when applied to heterogeneous spatial networks
where nodes (i.e., neighbourhoods) might be characterized by different degrees
of connectivity and centrality. Additionally, the impact of displaced students due
to relocating under-subscribed schools is also not tested.

5 Conclusion and Future Work

In this work-in-progress paper, we present targeted school relocation as an ap-
proach to mitigate school segregation within existing public transportation net-
works, posing it as a cost-effective alternative to other forms of interventions,
such as modifying school zones and creating new transport network lines. Our
preliminary results using agent-based simulations suggest that this approach
shows promising improvements over previously proposed interventions.

The scalability and robustness of this algorithm need to be tested against a
wider selection of segregated environments. Real-world constraints such as the
suitability of a neighborhood and the quality of a school are also not tackled
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by this work. Future research will explore real-world applications of this algo-
rithm, as well as its potential synergies with broader policy initiatives aimed at
promoting equitable access to quality education.
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4.2 Agent Interventions to Reduce Procrastination
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Abstract. Procrastination behavior, given easy access to entertainment
options and targeted social media, adversely affects the lives of fellow cit-
izens. This paper presents a model of procrastination on task completion
and agent-based interventions to assist citizens in overcoming procrasti-
nation. The agent engages the citizen, i.e., user, using instances of given
task types to develop a shared awareness of user preferences and capa-
bilities. This preference model is then used to both choose effective in-
terventions as well as measure and reward subsequent user performance.

Keywords: human-agent interaction - procrastination

1 Introduction

Our research is motivated by the goal of using agent assistants to improve the
productivity and well-being of our fellow citizens. In particular, agent assistants
can aid users in resolving conflicts, eliminating process inefficiencies, and better
utilizing native skills, available resources, and existing relationships. In this pa-
per, we describe the use of agent interventions to redress a specific behavioral
inefficiency that affects fellow citizens: procrastination.

Procrastination, i.e., irrational delay in completing tasks of importance at
hand [14], is caused by failure of self-regulation [13] and lack of self-efficacy [7]
and has increasingly posed significant challenges to citizens of our digitally con-
nected world [4]. The disparity between people’s intentions to complete impor-
tant tasks and their tendency to procrastinate illustrates an inclination to irra-
tionally prioritize immediate gratification, i.e. short-term reward over long-term
benefits. People tend to procrastinate on necessary tasks and chores that are
perceived to be negative, unpleasant, or challenging [16].

Social media companies reward people with instant gratification, and om-
nipresent communication platforms result in citizens spending considerable time
and energy [9] in initiating and responding to messages and calls that can easily
divert attention from pending tasks at hand [1].

Considering its negative consequences on individuals’ health, well-being [2],
and task accomplishments [6], eliminating or reducing procrastination is a chal-
lenging but potentially significantly beneficial endeavor. A range of interventions,
although not widely available, have been developed in the psychology litera-
ture [3] to reduce procrastination levels, such as self-regulation [5], cognitive-
behavioral therapy [7], and social support, among others. However, only a mi-
nority of those who suffer from procrastination have access to such interventions
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due to financial limitations and other resource barriers, and they are not perfect
remedies. Leveraging agent technology to address this pervasive issue can prove
highly effective, as these automated assistants, serving as personal aids, can be
widely deployed at minimal costs, thus helping reduce the inequity and disparity
in access to procrastination interventions.

Despite the prevalence and significant impact of procrastination in our soci-
ety, the majority of previous studies focus only on academic procrastination [13].
Furthermore, most studies rely on surveys rather than actual task performance
data. We evaluate two key research questions on the effectiveness of agent inter-
ventions to reduce procrastination using actual task performance data:

e Can agent intervention mechanisms be developed to help people significantly
reduce procrastination?
e Do different levels of agent interventions have significantly different effects?

We choose four diverse task types that span a range of basic skills and on
which we expect different procrastination likelihoods among individuals. To as-
sess the procrastination tendency of individuals for a certain task, we use their
preferences among the task types. This is because an individual’s likelihood to
procrastinate on a task type and their preference for that task type are corre-
lated [10].

We conduct experiments with human subjects to simulate procrastination
and design utility functions based both on the participants’ preferences for dif-
ferent task types and their performance levels while completing those tasks. We
ensured that completing less preferred tasks with lower performance can still
yield higher utilities than highly preferred tasks completed with higher perfor-
mance. Each participant is asked to perform a set of task instances selected
from the given task types. This set of task instances is completed with the aid
of either low or high level agent interventions. We collect both task completion
metric data and survey data to assess individuals’ perceptions of procrastination
and agent interventions as well as satisfaction in task completion. Our data anal-
ysis corroborates our position that the use of agent-based interventions plays a
significant role in helping individuals reduce procrastination.

2 Related Work

Procrastination behavior is an increasingly serious problem in our professional [13]
and daily lives [8]. Empirical research on addressing procrastination is scarce,
where the majority use survey data [4,8,13] and involve college students in
academic domains [13]. Recently, there is a growing body of literature that is
concerned with adults’ procrastination in life-domains [4]. The indisputable ef-
fect of online entertainment and other sources has contributed significantly to
the rise of procrastination behavior among adults [4].

Numerous factors influencing procrastination are addressed in social litera-
ture such as age, gender, personality, mood, environment, and nature of task [16].
It is recognized that procrastination causes lower levels of health, well-being,
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and achievements, i.e., performance [6]. Various helpful intervention mechanisms
have been identified [3].

Recently, several studies have suggested that technology-based interventions
can be useful in overcoming irrational delay. Zavaleta et al. [17] showed that
email interventions by instructors can reduce the delay of students starting their
online homework. De Vries et al. [15] found that experts sending motivational
messages through a digital medium could be more motivating in the earliest
stages of behavior change, while peer-designed messages in a digital medium
could be more motivating in the later stages. GanttBot [12] is a chatbot that is
developed using conversational agents with several abilities: reminding students
about landmarks, informing tutors when interventions are needed, and the ability
to learn from previous interactions. StudiCare [11] is a digital coach rooted in
internet and mobile-based cognitive behavioral therapy techniques, helping guide
students to achieve their academic goals.

The present study extends existing research on procrastination as follows:
Time: Address procrastination in short-term with short artificial tasks rather

than long-term [11,17].

Data: In addition to survey data, use actual task performance metrics.

Task: Task domain involves daily life tasks rather than a specific domain such
as in [6,11-13,17]

Users: Recruit adult participants beyond only college students [12,17].

Agents: Make use of cost-effective and ubiquitous agent intervention mecha-
nisms rather than time and location-dependent techniques [7].

3 Procrastination Model

Task Domains: We use four task types—Audio Transcription, Shopping, Text
Comprehension, and Form Filling— to emulate and represent a variety of com-
mon online activities.

Audio Transcription task (see Figure la) presents users with a brief audio
clip and a text box where they are prompted to transcribe the audio. Shop-
ping task (see Figure 1b) gives users multiple itemized receipts, each featuring
randomly generated prices and a discount rate percentage. Users must select
the receipt with the lowest total cost. Text Comprehension task (see Figure 1c)
presents users a short story and then asks multiple-choice questions to assess
their understanding of the text. Form Filling task (see Figure 1d) includes a
simulated online tax form to be filled by the users based on a simulated ID card.

Utility Function: We adopt the following definition  * —
of procrastination: “to voluntarily delay an intended
course of action despite expecting to be worse off for
the delay” [14]. Milgram et al.[10] observes: “Procras-
tination is found to be greater in tasks that are re-
garded as unpleasant.” To study procrastination in ;55—
an online setting, we created conditions to engender

u(vi)

-

Fig. 2: Utility function
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Bundle 1: Bundle 2:
* TCL Roku Smart TV * TCL Roku Smart TV
- %28 - 328
L D + Fire TV Stick + Fire TV Stick
- %29 - 328
Type your transcription here * Keurig Coffee * Keurig Coffee
Maker Maker
- $23 - $28
Discount: 15.0% off Discount: 15.0% off
(a) Audio transcription task (b) Shopping task
na ion. one day,
e ID CARD
Landscape becones a mystery.
Name: Justin Diaz Country of origin: Japan
Height: 180cm Native language: Mandarin
1. What role do the auras play in the magical towr's polficallandscape?
Weight: soke organonor:No

OTransparent expression of feelings
OAn insignificant aspect of town poliics Blood-type: A5
OPreferred diets of the citizens
Address: 2415 eim Rd
2. How does the wizard's offer impact the town's poliical dynamics?
Eye colour: srown
)Fosters open poliical discussions and understanding

O Creates a climate of uncertainty and distrust

ONo significant change in the town's politcal environment

(¢) Text comprehension task (d) Form filling task

Fig. 1: Instances of task types used in our study on procrastination.

procrastination. Procrastination in our study corresponds to users selecting pre-
ferred tasks of lower utility.

Each user completes initial demo instances of each task type, and we record
their scores. Additionally, each user ranks their preference for each task type.
The value of task i’s completion, v;, by a user: v; = w-10-s; + (1 —w) - p;, i €
{1,2,3,4,5} where s; € [0,1] is the user’s score in the initial demo, p; € [1,10] is
the preference ranking, and w = 0.3 is the weighting of s; for task type i, chosen
to emphasize the user’s task preference while still considering the user’s ability
to perform that task. Then we can construct the utility function over the task
types as follows: U(v;) = W

This utility function is designed to discourage selecting tasks that a user
may prioritize by penalizing tasks that align with their preferences and abilities.
Utility decreases as preference ranking p or initial task demo score s increases.

Agent Interventions: We present several S S e
proactive and reactive agent interventions to "' ot &y ot
redress procrastination.

Motivational Guide is a subtle proac- Fig.3: Motivational guide inter-
tive intervention where the agent gently en- vention.
courages users to select higher utility tasks
through text messages (see Figure 3).
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Dynamic Utility Highlighting is a proactive intervention scheme where the
agent adds “recommendation” popups to tasks with the highest utility and
highlights them with a green outline. Lower utility tasks are outlined in red.
Additionally, tasks are sorted in descending order of utility (see Figure 4).

Medal Rewards is a reactive intervention fea-
turing a “medals box” where users can view
earned medals after completing a task. Medals are

T3: Toy Sorting
utility: 1.00

 Agent Recommends!

awarded based on task selection and performance. 5 oy soris
Users earn bronze medals for selecting tasks that S
are not the highest utility. For selecting high util-
ity tasks, users earn silver and gold medals based —

on their performance (see Figure 5). This inter-

vention is paired with Reactive Motivation, where
the agent leaves encouraging comments tailored to  Fig. 4: Dynamic utility high-
the user’s performance in the previous task. lighting intervention.

Here's a GOLD medal! ¥ You did great; | knew you
i\°o ol
— could doit! @ Keep up the good work!

4 Experimental Methodology

Hypothesis 1: Agent intervention mecha- Fig.5: Medal rewards & reactive
nisms can be developed to help people over- motivation intervention.
come or significantly reduce procrastination.
Hypothesis 2: Low and high level agent interventions can have different effects
on reducing procrastination.
Experimental Setup: Three conditions on agent intervention intensity are:
No Intervention group has no agent interventions present.
Low Intervention group includes the Motivational Guide, Medal Rewards, and
Reactive Motivation interventions, providing users with involved but minimally
intrusive guidance and motivation.
High Intervention group includes the Motivational Guide and Dynamic Utility
Highlighting, offering a more visually prominent form of guidance.

The experiment consists of the following steps:
o Preference learning: Users complete a series of demo tasks for each of the four
task types and rank their preferences for each task.
e Task phase: Users are given twelve task instances— three instances of each of
the four task types. They choose any six to complete. Users in the low or high
groups receive agent interventions during this phase. After completing chosen
tasks, users take a final survey on satisfaction, agent interaction, and procrasti-
nation. Users get one minute to complete each task and are paid proportional
to the overall utility from completing tasks.
Metric: We utilize the Selection score metric in our analysis. To analyze the
impact of agent interventions on a user’s task selection and allocation, we define
optimal utility as O = 3(U(t1) + U(t2)) where t; and to are the first and second
highest utility scores. We define user utility as p = > U(t;), where T refers to

the tasks selected by the user. Then, selection score is ’5‘.
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We experimented with 180 participants (60 participants for each condition)
recruited through Amazon Mechanical Turk.

Results: Figure 6 presents selection Lol
scores for all three conditions. In the
high intervention condition, the selec- 09 .
tion score (M = 0.912,SD = 0.108) Fj

is significantly (p < 0.001) higher LJ

than that in the no intervention con-
dition (M = 0.840,SD = 0.096) and
the low intervention condition (M =
0.845,SD = 0.092). No significant dif- °*1
ference in selection scores is found be- No Low High
tween no and low intervention condi- Intervention

tions. These results indicate that high
level agent interventions lead to a sig-
nificant increase in the selection of the less preferred, i.e., procrastinated, tasks.
Additionally, responses to the survey item “I liked the outcome of my choices
from the main phase’s task list” were significantly higher (p < 0.05) in the low
and high intervention conditions than the no intervention condition. No signifi-
cant difference in other survey items is found between the conditions.

0.8 4

Selection score

Fig. 6: Comparison of selection scores

5 Discussion & Conclusion

This study investigates the role of agents in controlling procrastination by test-
ing various agent interventions in an online environment. Many users in our
experiment preferred to perform tasks that they enjoyed rather than those that
return higher utility. These irrational task selections are voluntary, akin to a
form of irrational delay.

Results show that timely (high level) agent interventions can significantly
reduce users’ procrastination tendencies as reflected in improved task selection
and completion rates. Hypothesis 1 is partially supported. Furthermore, while
only high interventions effectively reduce procrastination tendencies, a statisti-
cally significant difference is found between the two conditions that is consistent
with Hypothesis 2.

In conclusion, our study addresses the pervasiveness of procrastination in a
highly connected and overstimulated modern era through the use of novel agent
intervention techniques. While many psychological interventions and schools of
thought already exist to address procrastination tendencies, these methods are
often inequitable and not accessible to all due to financial and other resource
limitations. In response, we have developed a model of procrastination through
the use of an online environment as well as two agent intervention conditions
composed of multiple agent interventions aimed at addressing and mitigating
procrastination tendencies in citizens. Our findings suggest that user procrasti-
nation can be effectively modeled and that agent interventions can provide useful
tools for helping citizens reduce their procrastination tendencies.
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4.3 Covid-19 in Hospitals Through the Lens of a Citizen-Centric
Agent-Based Model
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Abstract. Hospitals are highly dynamic environments where Covid-19
is highly transmissible if effective measures are not taken. Several factors
drive its transmission, including mask efficiency (or lack thereof), envi-
ronment setup, and agent behaviour. General preventive policies are not
necessarily effective in specific settings. However, agent-based modelling
can offer a way to tailor policies according to various factors that influ-
ence the management of institutions, environments, and the activities of
citizens within these setups. In this paper, we show how an agent-based
model can simulate a typical hospital in a citizen-centric fashion. We
customise the study of how Covid-19 is transmitted by focusing on the
diverse characteristics of its population. We derive more tailored con-
clusions regarding influencing factors and, consequently, formulate more
precise preventive actions that could enable us to better respond to fu-
ture outbreaks.

Keywords: Covid-19 - healthcare - multi-agent systems - agent-based
modelling - citizen-centric simulation

1 Introduction

Since the start of the Covid-19 pandemic (henceforth ‘Covid’ or ‘Virus’ or ‘Pan-
demic’), our lives have gradually returned to their pre-pandemic state. We have
seen how the evolving understanding of the factors influencing transmission, and
mainly the vaccine distribution, resulted in more effective measures being imple-
mented. Yet, research into Covid continues to this day, with several fundamental
medical research papers serving as the basis for subsequent mathematical and
agent-based modelling studies. These latest studies aim to simulate the Covid
spread within specific environments and situations to evaluate or even propose
new customised suggestions for prevention. However, too few of them aim to
take a tailored approach to agent-based simulations.

This paper focuses on investigating and assessing the effectiveness of face
masks in hospitals. To achieve this, we develop an agent-based model (ABM)
that simulates a typical hospital setting, allowing us to quantify the impact of
face masks on Covid transmission under different factors.
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Previously, agent-based modelling has been employed to study internal en-
vironments, such as buildings and facilities, and external environments, such as
small cities or entire countries. For example, Baccega et al. employed a model
to assess active preventive strategies in a typical school environment during the
Pandemic. Their research aimed to identify the most effective control strategy for
mitigating the spread and avoiding extensive school closures while adjusting to
disease spread [3]. Macalinao et al. conducted another study in which they sim-
ulated a typical classroom in the Philippines to investigate the effects of human
interactions on Virus transmission in schools [8]. Ying et al. developed a model
for evaluating the effectiveness of mitigation strategies in supermarkets. Their
model considers customer movement and a transmission model determining if a
given time spent close to infected individuals could transmit the Virus. Using this
model, the impact of various mitigation strategies on reducing human-to-human
transmission in the highly dynamic environment of a supermarket was effectively
quantified [12]. Additionally, Ciunkiewicz et al. suggested a configurable model
to simulate Covid spread in small, highly localised, and variable environments,
namely offices, campuses, or long-term care facilities. The main objective was
to provide actionable insights by forecasting transmission while considering epi-
demiological parameters, airborne viral spread, vaccination, and mask-wearing
[4]. Also, researchers have agent-based modelled cities and countries to evalu-
ate the competence of preventive measures implemented by governments and
local councils. For instance, Hoertel et al. evaluated the effect of post-lockdown
interventions, such as social distancing and usage of masks, based on the cumu-
lative disease incidence, mortality, and ICU-bed occupancy in France [5]. Finally,
Wilder et al. applied agent-based modeling to study the impact of demographic
structure on Covid transmission in Hubei, Lombardy, and New York City, while
also assessing the effectiveness of preventive measures [10,11].

While face masks have already been studied in the context of medical re-
search and mathematical analyses, the benefit of this work is that it applies
and adjusts the knowledge gained to the hospital setting. Covid transmission
has been studied for isolated single hospital units and simple interactions [6],
and our ABM builds upon this research by expanding to realistically encompass
a complete, highly dynamic, and diverse hospital environment. It accounts for
many of its population and interaction dynamics by simulating and thus consid-
ering complex human behaviors and particularities [9]. It is also parameterizable
so that it could be distributed to various hospitals around the world, tailored to
their specific settings and needs. It could serve as a valuable and efficiently run-
ning multi-agent decision-making tool for governments or hospital management
systems. Such a tool would benefit citizens around the world by enabling their
governing institutions to reach conclusions tailored to specific environments and
resource availability in the health and public safety domain. This would lead
to more effective public health strategies and enhance the quality of healthcare
delivery and social well-being for diverse populations.

The source code for the model and the Appendix can be found on the Open
Science Framework (OSF) at the following link: supplementary material.
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2 Modelling Covid in Hospital full of Agents

We model a typical medium-sized hospital, emphasising the key facilities, op-
erations, policies and stakeholders. We adapt the Baccega school model to the
hospital environment with the aim of addressing the research question: How and
to what extent do face masks influence transmission in an indoor hospital envi-
ronment? We model and simulate seven scenarios with different combinations
of the factor values using sensitivity analysis. We focus on the type of masks
and the percentage of people wearing them, aiming to explore the correlation

(positive or negative) with the Virus spread and the magnitude of impact.

As for the layout and structure of the hospital building, apart from the doc-
tor offices and patient rooms with private toilets (double or single, totaling 32
beds), the building includes emergency rooms, surgery rooms, and toilet facili-
ties. Additionally, the hospital features a spacious reception area, a cafe, a small
staff kitchen, and the necessary corridors. Regarding the individuals (stakehold-
ers) who utilise the hospital, we can identify three distinct groups (roles): a)
patients, who can be either inpatients or outpatients; b) staff, including doctors,
nurses, cleaners, and receptionists; and ¢) visitors. Each group is modeled by
considering its diverse characteristics, ensuring that all their dynamic interac-
tions are realistically simulated. The population within the hospital is dynamic,
with permanent changes observed in the patient and visitor population due to
scheduled medical visits (doctor appointments), emergency medical visits, visits
from visitors, admissions and discharges. However, the staff population remains
constant, with only temporary changes due to staff shifts. Hospital operating
hours are between 07:00 and 19:00 and include admissions, discharges, doctor
appointments, emergency medical visits, surgical procedures, visiting hours, and
cafe availability, with most hospital staff on duty. Outside these hours, only
emergency patient admissions and medical visits are permitted (at lower rates),
while the hospital operates with a reduced staff. Finally, while the model pri-
marily focuses on the dynamics within the hospital setting, we do not entirely
ignore the external environment. We take into account the possibility that an
individual entering the hospital could be infected, based on a fixed probability.
The design decisions represent a simplified version of established practices that
are followed in real-life cases, and they are fully parameterisable so that the
model can adjust and capture various situations 3.

We use the well-known Susceptible-Exposed-Infected-Recovered (SEIR) model
[2]. Susceptible individuals are those able (vulnerable) to contract the Virus, ez-
posed have been infected but are not yet infectious, infected have been infected
and are infectious, and recovered have become immune and are neither infected
nor infectious 4.

3 Additional details of the design and assumptions concerning the environment, pop-
ulation, policies, and human behavior, as well as the external environment, can be
found in Appendix Al.

1 Details of the epidemic model and transmission drivers can be found in Appendix
A2.
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3 Methodology and Preliminary Results

Table 1 illustrates the seven scenarios simulated 5. We only account for the N95
medical respirator (henceforth ‘N95’) and medical grade procedure (henceforth
‘surgical’) mask types, with efficacy levels of 99% and 59%, respectively [7,1]. We
also consider wearing percentages of 0%, 50%, 75% and 100% 6. We use a baseline
scenario in which no mask is worn, which is then independently compared with
scenarios where the mask is used under different conditions (in terms of mask
type and wearing percentage) to quantify the mask impact under each of these
conditions. We conduct hypothesis tests, aiming to determine whether there
is a statistically significant difference between the statistics (means) resulting
from the different scenarios. We make our decision based on the average daily
generated cases of each scenario.

Table 1: Experimental set-up. Scenario 1 assumes no mask. Each Scenario 2-7
simulates a different mask-wearing condition regarding mask type and wearing
percentage.

Mask type Mask-wearing percentage (%)
N95 Surgical No 0 50 75 100
1 X X
2 X X
3 X X
4 X X
5 X X
6 X X
7 X X

We selectively present and visually highlight the important metrics and
statistics based on the means (and the standard deviations) of the total of 30
independent simulation runs performed for each scenario.

To investigate mask impact regarding type and wearing percentage, all mask-
wearing conditions were compared to the baseline scenario of no mask. All the
t-tests returned very low p-values (lower than our alpha of 0.05), meaning there
is a statistically significant difference in Covid spread between wearing and not
wearing a mask for all mask types and wearing percentages.

Based on the results summarised in Table 2, Covid spread is significantly
reduced in all scenarios where the mask is worn, compared to the no-mask sce-
nario, with this to be reflected in all related metrics and statistics. Namely, when
the hospital population wears masks, regardless of the mask type and wearing
percentage, the hospital experiences significantly fewer average daily and cumu-

5 Model implementation and verification details can be found in Appendix A3.
6 Details of the mask-wearing assumptions can be found in Appendix A4.
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lative generated cases and, therefore, a smaller transmission ratio and cumulative
cases percentage.

Table 2: Metrics and statistics for Scenarios 1-7. The numbers in parentheses
express the percentage changes in average daily generated cases when switching
from Scenario 1 to each of Scenarios 2-7.

No N95 Surgical
0% 50% 5% 100% 50% 5% 100%
Scn.1  Scn.2 Scn.3 Scn.4 Scn.5 Scn.6 Scn.7

Average daily generated cases 24.7 11.9 (-52%) 5.1 (-79%) 0.1 (-100%) 16.6 (-33%) 13.0 (-47%) 9.2 (-63%)

Cumulative generated cases 819 392 168 3 553 427 302
Cumulative cases® 914 493 273 116 648 528 400
Cumulative cases percentage 10.9% 5.9% 3.2% 1.4% 7.7% 6.3% 4.8%
Transmission ratio 8.6 3.8 1.6 0.0 5.8 4.3 3.1

* Includes both generated and exogenous cases (infectious entrants).

Specifically, not wearing a mask could infect more than 10% of the popu-
lation, reporting around 25 daily generated cases. This is also reflected by the
transmission ratio of about nine, meaning that for every single infectious en-
trant, nine vulnerable individuals are eventually infected. Mask-wearing is an
effective measure, resulting in fewer generated cases and a lower transmission
ratio, mitigating the spread inside the hospital even as infectious individuals
continue to arrive at a constant rate. When worn at a low percentage (50%),
the surgical mask shows a significant decrease in spread of around 30%. Higher
percentages, especially with N95 masks, can reduce the spread by more than
50%. We highlight the impressive total absence of generated cases when 100% of
the population wears N95 masks; the 113 infectious entrants lead to only three
infections in 31 days (transmission ratio of just 0.03). All percentage changes
are shown in Table 2. Figure 1 represents the comparative results between the
baseline scenario and Scenarios 4 and 7, where the N95 and surgical masks,
respectively, are worn 100%, showing the significant impact on the cumulative
generated and daily generated cases.

4 Conclusions

In this paper we showed how a citizen-centric agent-based modelling approach
can be applied to study the spread of Covid within a typical hospital. The
approach allows us to reach tailored conclusions, driven by an enhanced under-
standing of the Virus spread in complex and dynamic environments. We exam-
ined the effectiveness of face masks and concluded that they have a significant
impact. We found that mask-wearing is a crucial preventive measure, given the
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Fig. 1: Comparison of the impact between N95 (Scenario 4) and surgical masks
(Scenario 7) at 100% mask-wearing percentage. The figure displays the cumu-
lative generated cases per day and the daily generated cases. In Sub-figures (a)
and (c), the solid line represents the 30-run mean of the cumulative generated
cases per day, and the colourful area around it is the standard deviation. In
Sub-figures (b) and (d), the solid line represents the 30-run mean of the daily
generated cases, and the dashed line is the average.

significant reduction in reported cases, especially when the N95 mask is worn
continuously by the entire population. Wearing surgical masks of lower efficacy
significantly also reduces transmission, but to a relatively limited extent.

The model is somehow limited by the empirical findings of other models that
drive the simulations of our transmission mechanism. However, adopting such
models has enabled us to make our simulations more realistic and obtain more
accurate results. As future work, we would be able to explore additional influ-
encing factors, such as vaccination rate, social distancing, and room ventilation,
so that preventive policies could be even better tailored to citizens. Moreover,
further parameterising the model would allow its tailoring to other infectious
diseases.
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4.4 Effect of Task Allocation Protocols in Human-Agent Teams
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Abstract. Ad hoc human-agent teams will be more common in dy-
namic environments where team members interact without prior experi-
ence and only for a limited number of interactions. Human teammates’
satisfaction with the task allocation mechanism is also critical for team
viability. The team’s task allocation mechanism must harness the diverse
capabilities of its members for optimal team performance. We study task
allocation protocols with varying degrees of flexibility and human con-
trol: (a) alternating, (b) performance adaptive, (c¢) agent-guided, and (d)
human-selected. We evaluate the relative strengths of these task alloca-
tion procedures for team performance and human satisfaction through
experiments with MTurk workers.

Keywords: Task Allocation - Team Performance - User Satisfaction.

1 Introduction

Agents can collaborate with people on critical tasks, such as guiding emergency
evacuations [16] and disaster relief [15]. Intelligent agent applications typically
assume human roles in human-agent teams, e.g., tutor [18] and trainer [12].
Researchers are studying the interactions and dynamics within these teams to
improve their design [5].

We are interested in human-agent collaboration in ad hoc teams where team
members do not have prior knowledge or interaction experience with their team-
mates [4]. We consider ad hoc teams that try to accomplish tasks chosen from
diverse task types. We assume that different human teammates will have different
competencies and expertise in various task types. To optimize the performance
of a given human-agent team, allocating tasks to the teammates based on their
relative expertise is necessary.

The allocation problem is challenging because a team member does not have
a priori knowledge of the levels of expertise of its partner. Although we allow
human and agent partners to share their estimated expertise over different task
types, the accuracy and consistency of such estimates might be unreliable [7].
Repeated interaction allows partners to refine the initial estimates provided.
Still, such opportunities are few because (i) only a limited number of repeated
teamwork episodes and (ii) allocation decisions that determine what task types
are performed by a partner in an episode. Therefore, the success of such ad
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hoc human-agent teams in completing tasks will critically depend on effective
adaptability in the task allocation process.

Previous work has shown that agent allocators produce higher team per-
formance than human counterparts [1]. However, human satisfaction with the
protocol was low [2]. Human teammates may like more control/input of the
task allocation process. Thus, the main question this paper studies is: How
is the effectiveness of ad hoc human-agent teams influenced by varying levels
of responsibilities and input with respect to task allocation? We design four
task allocation protocols with various degrees of responsibilities and input from
the agent and human team members: Performance-based, Turn-taking, Agent-
guided, and Human-selected. We present results from experiments with MTurk
workers that involve two key metrics, team performance and human satisfaction
in teammates, that measure the viability of such human-agent ad hoc teams.

2 Related Work

Human-agent teams are studied in many domains, such as space robotics [5].
Most of this work is on agents in supportive roles to humans [9] and in robotic
and simulation settings [17]. We focus on ad hoc environments, where other work
assumes interactions with agents and environments before the study [5]. We are
also interested in autonomous agents as ”team members fulfilling a distinct role
in the team and making a unique contribution” [10].

Task allocation has been extensively studied in multi-agent teams [8]. Agent
teams focus on designing efficient mechanisms for agents to distribute tasks
within their society. Task allocation is also studied in the literature on human
teams and organizations [14]. However, we are not aware of prior examination of
autonomous agents with task allocation roles, compared to humans, in virtual
and ad hoc human-agent teams.

Organizations must solve four universal problems, including task allocation,
to achieve their goals [14]. The task allocation mechanism, including capability
identification, role specification, and task planning, is considered an important
component of teamwork [13]. In human teams, the focus is on understanding the
characteristics of teams to design the best possible task allocation mechanism.
Research on the effect of autonomous agent task allocators on human teams is
scarce.

3 Allocation Protocols

................................

We designed four new protocols involving i i W i
both teammates’ allocation capabilities over
several episodes.

Turn-taking Allocator Protocol is where the Fig. 1. Turn-taking Protocol.
human and the agent take turns for the allo-

cation role (Fig 1). Before the episode starts, team members share their confi-
dence levels for each task type. The human teammate is tasked with allocating
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tasks in the first episode. For the following episodes, the allocator role is alter-
nated between the human and the agent. Alternating the allocator role aids the
team members in learning about their partner’s allocation capabilities.

Performance-based Allocator Protocol also al- o oy vy
lows both team members to allocate tasks “ "

(Figure 2). The human and the agent allo-
cate tasks in episodes 1 and 2, respectively
(A} and A2). For the remaining episodes, the
protocol assigns the allocator role based on av-
erage team performance when human (T Pj) Fig. 2. Performance-based.
and agent (TP,) team members are allocating. For any episode after the first
two episodes, the team members whose allocation(s) resulted in higher average
team performance are selected as the allocator.

Agent-guided Allocator Protocol gives the al- e - -
locator role to the human for every episode 7N 7N
(Figure 3). The agent’s role in this protocol
is to provide suggestions in the n'"* episode to
the human before allocation. The agent pro-
vides task allocation suggestion, Agm to the
human by comparing the human teammate’s
expressed confidence levels and prior episode
team performances, based on which the human determines an allocation, A} .

Fig. 3. Agent-guided.

Human-selected Allocator Protocol is when - . -
the human team member select the allocator o\,

in each episode (Figure 4). Before the start O -\

of episode n, the protocol asks the human to
select the allocator for nth episode. If the hu-
man member chooses to allocate, they allocate
task tasks for the episode (A}); otherwise, the

agent allocates the tasks (A7). Fig. 4. Human-selected.

4 Hypotheses

H1: The Performance-based protocol will have the highest team performance.
H2: Human satisfaction with the agent will be highest with Agent-guided protocol.
H3a: Agent-guided protocol will produce higher team performance than Turn-
taking protocol.

H3b: Human allocators will increasingly follow agent guidance in the Agent-
guided protocol in later episodes.

H4a: Humans will select the agent as an allocator more often than themselves.
H4b: The Human-selected protocol will produce higher team performance than
Agent-guided protocol.
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Fig. 5. CHATboard showing allocated tasks to teammates.

H5: Human-selected and Agent-guided Protocols will have a higher satisfaction
than Turn-taking and Performance-based Protocols.

5 Methodology

Agent Expertise: An agent has a fixed profile that specifies its expertise levels
for different tasks, represented as a vector of probabilities for successful comple-
tion of task types.

Agent Allocator Strategy: The primary allocation goal is to maximize the
use of team capacity, given the expertise of team members. The agent uses esti-
mates of human teammates’ task completion rates by task types in the allocation
procedure that solves this constrained optimization problem:

Maz Y (zyaly) + (1 —ay)h(y)); st. Vy, 2, € {0,1} (1)
yeM

where x,, is a binary variable indicating whether a task type, y, is assigned to a
human or agent based on the current performance estimate of the human, h(y),
and agent, a(y), on task type y.

5.1 Experimental configurations

We use CHATboard, an environment facilitating human-agent, as well as human-
human, team collaboration (see Figure 5). We conducted experiments with teams
of one human and one agent (n = 2), N = {p,,pn}. We use four task types
(m=4), M: {y1,y2,y3,y4 }, which are Identify Language, Solve WordGrid, Iden-
tify Landmark, and Identify Event (examples of task types shown in Figure 6).
The task types are selected so that for each type, sufficient expertise variations
in recruited human subjects are likely. We created 32 (r = 8) task instances for
each of the four episodes (E = 4). We recruited 260 participants from Amazon
Turk, 65 for each condition (each protocol), as recommended for a medium-sized

81



Proceedings of the 2nd International Workshop on Citizen-Centric Multiagent Systems 2024 (C-MAS 2024)

Words Grid: Does the word Denver exist in the grid? Language Text:

yes 3o 5w e, 70 3, wel g, aigw

e YU &I 98 TG §1 U o % ferg
T el Tl 9 & fere

Landmark Image: Choose Answer:

Choose Answer:
O 1993-1998
) 1999-2004
O 2005-2010
© 2011-2016
© 2017-2022

O Signapore
USA

O Jordan
Germany
Egypt

Fig. 6. Task types.

effect [3]. We use a between-subject experimental design, and each team is ran-
domly assigned to a protocol. We incorporate random comprehension attention
checks to ensure the fidelity of the result [6].

5.2 Evaluation Metrics

Team Performance: Team Performance is measured as the average team per-
f isodes, = 7 | R here R is the t f
ormance over episodes, % > ._1 Ricam,e; where Ricqm, e is the team performance
in episode e, which is the average performance, p, of all team members, | N|, over-
all task types, |[M|, in that episode:

1 INT M|
R — — iy e 2
team,e |M| |N| Z:ZI ; /’Lz,yj,e ( )

Human Satisfaction: We measure the satisfaction with the agent through a
satisfaction survey adapted from [11] with five questions. The survey follows a
5-point Likert scale setting administered at the end of the study. We present a
sample question from the survey: “I am satisfied with my agent teammate.”

6 Experimental Results

Team Performance: Performance-based protocol has the highest performance (M, =
0.76,SD,, = 0.07) of four protocols. However, an ANOVA shows the performance
advantage is not statistically significant (F' = 1.2,p > 0.05). The performance
of Agent-guided protocol (M, = 0.73,SD, = 0.06) is slightly lower than Turn-
taking protocol (M, = 0.74,SD, = 0.07), and a t-test shows this difference is
not statistically significant (¢ = 0.5, p > 0.05). The performance of the Human-
selected protocol (M, = 0.74,5SD, = 0.05) is a little higher than the Agent-
guided protocol (M, = 0.73,5D, = 0.06), and a t-test shows difference is not
statistically different (¢t = 0.6,p > 0.05).

Satisfaction: Human teammates have the highest satisfaction with the agent
when using the Agent-guided protocol (M, = 3.86, 5D, = 0.8); ANOVA shows
that the difference is not statistically significant, F' = 1.3, p > 0.05.
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Agent Selection and Guid-
ance: We found that human _Table 1. Protocols Satisfaction and Performance.

teammates select the agent as Metrics Satisfaction||Performance

team task allocator more fre- | Protocols =

quently, 53.9% to 46.1%, com- Turn-Taking 3.79 0.74

pared to selecting themselves. PerAformtaéce.—Ckl)ajed ;’gz (());‘3(,5

We also found that human gem-auice : |
Human-Selected 3.61 0.74

teammates follow the alloca-
tion suggestion from the agent teammate differently for each task type.

7 Discussion and Future Work

Previous work showed that agent allocators outperform their human counter-
parts [1]. The Performance-based protocol assigns the role based on allocator
performance, explaining why it produces the highest performance (H1). In addi-
tion, since in the Agent-guided protocol, the agent suggests optimal allocations,
and in the Turn-taking protocol, the allocator role is alternated, we expected
the human allocator to follow agent guidance more and thus produce higher
performance than the fixed role alternations. However, we do not observe this
difference in performance (H3a). This is likely because the human prefers to
explore and does not follow the agent’s guidance closely. We observe the human
allocator over/under-allocate different task types to themselves relative to the
agent’s suggestions (H3b).

In Human-selected protocol, the human selects the agent to allocate tasks but
cannot interfere with the agent’s optimal allocation decisions. In contrast, the
human allocators may choose not to follow the agent’s well-informed guidance in
the Agent-guided protocol. Therefore, we expected the Human-selected protocol
to perform better (H4b). We observe a small difference in performance caused
by the human selecting the agent teammate as the allocator more often and in-
creasingly more frequently in later episodes (H4a). We expect this difference in
performance to increase if the teammates interact for more episodes. As the agent
can have higher input and control in both the Human-selected and Agent-guided
protocols, we expected higher performance with those protocols than with the
Turn-taking and Performance-based protocols (H5). However, we observed that
the Performance-based protocol produced higher performance. This is likely be-
cause the first two protocols give human teammate option to explore, which they
choose to do, whereas that option is unavailable in Performance-based protocol.

Results also show that Agent-guided protocol produces the highest satisfac-
tion ratings since it gives full control to the human while allowing the agent to
contribute by providing suggestions. This implies that it is possible to increase
human satisfaction without compromising team performance (H2).

An interesting future work would be to evaluate different configurations of
agent-guided allocations, i.e., whether humans follow agents providing incorrect
suggestions and how dynamics change if allocation suggestions are coming from
another human vs an agent.
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