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Abstract—From learning assistance to companionship, so-
cially aware and socially assistive robotics is promising for
enhancing many aspects of daily life. However, socially aware
robots face many challenges preventing their widespread public
adoption. Two such major challenges are (1) lack in behavior
adaptation to new environments, contexts and users, and (2)
insufficient capability for privacy protection. The commonly
employed centralized learning paradigm, whereby training data
is gathered and centralized in a single location (i.e., machine /
server) and the centralized entity trains and hosts the model,
contributes to these limitations by preventing online learning of
new experiences and requiring storage of privacy-sensitive data.
In this work, we propose a decentralized learning paradigm
that aims to improve the personalization capability of social
robots while also paving the way towards privacy preservation.
First, we present a new framework by capitalising on two
machine learning approaches, Federated Learning and Con-
tinual Learning, to capture interaction dynamics distributed
physically across robots and temporally across repeated robot
encounters. Second, we introduce four criteria (adaptation qual-
ity, adaptation time, knowledge sharing, and model overhead)
that should be balanced within our decentralized robot learning
framework. Third, we develop a new algorithm - Elastic
Transfer — that leverages importance-based regularization to
preserve relevant parameters across robots and interactions
with multiple humans (users). We show that decentralized
learning is a viable alternative to centralized learning in a proof-
of-concept Socially-Aware Navigation domain, and demonstrate
the efficacy of Elastic Transfer across our proposed evaluation
criteria.

I. INTRODUCTION

As robot systems improve, they are moving from lab-
oratory environments into our daily lives. The homes of
tomorrow may enlist Jibo, “the world’s first family robot”, to
lend support with cooking, family photos, and entertainment
[1]. In the classroom, humanoid robots like Pepper may
provide emotionally intelligent tutoring to students who need
learning assistance [2]. Yet, several key barriers remain
before social robots such as these can become fully integrated
into daily life.

One barrier to widespread social robot adoption is person-
alization. Whereas robots of today are designed for single
encounters based on pre-configured abilities, future systems
require adaptation over repeated long-term interactions [3].
Pioneering studies in longitudinal HRI research have re-
ported that robots who tailor their behavior towards users’
personality, preferences, and interaction style foster more
engagement and long-term acceptance [4]. A further barrier
to social robot adoption is the lack of privacy protections.
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Because robots will support humans with sensitive activities
such as learning and eldercare, data protection must be
considered from the ground up. However, existing systems
do not emphasize privacy, thus reducing user trust in the
system and limiting widespread adoption [5].

An underlying cause of these barriers is the centralized
machine learning (ML) process robots use to develop intelli-
gent behaviors. Centralized ML works by (1) gathering user
data in a single location such as a server and (2) training
a model to perform a new function (i.e. classifying user
emotions) using the full dataset. However, this process limits
robots’ ability to personalize to new users, because doing so
would require uploading raw user data, retraining the model,
and redistributing the model to all devices. Moreover, in a
social robotics scenario, storing user data on a server imposes
privacy vulnerabilities. Instead, by leveraging decentralized
learning, whereby robots leave raw data on robot devices
and learn by collaboratively exchanging model information,
it may be possible to support personalization while also
protecting privacy.

In this work, we introduce a decentralized learning ap-
proach for socially aware robotics (FCL4SR henceforth) by
capitalising on two machine learning approaches, Federated
Learning (FL) and Continual Learning (CL) [6], to model
interactions that are distributed physically across robots and
temporally across repeated interactions. We outline four
criteria that should be satisfied for FCL4SR settings, includ-
ing adaptation quality, adaptation time, effective knowledge
sharing, and minimal overhead. As a proof-of-concept, we
compare a range of existing Federated Continual Learning
(FCL) methods on a socially-assistive navigation bench-
mark with respect to these four criteria. We also develop
a new regularization-based algorithm, Elastic Transfer, that
improves performance with respect to three of the proposed
criteria. This new method improves performance by penal-
izing changes to parameters that were important in earlier
local tasks as well as tasks encountered by other clients by
unifying existing FL. and CL approaches [7], [8]. In summary,
this work provides three key contributions by:

1) Formulating socially aware robotics as a decentral-

ized learning problem. To our knowledge, this is the
first work to formulate socially aware robotics as a
decentralized learning problem that combines both FL
and CL. We provide a flexible extension to previous
CL for socially aware robotics settings (FCL4SR)
that supports personalization to new individuals and
groups.

2) Developing a decentralized learning evaluation

framework. We outline which tradeoffs should be bal-
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