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Abstract— This paper explores how learning can be employed
at different levels of the robot intelligence. It discusses
psychomotor learning where machine learning is used to perform
motor tasks; followed up by cognitive learning where machine
learning is used to give robots the ability to learn understand the
environment and human; and finally followed up by affective
learning where robots can learn how to improve their social
interaction with their human counterparts. Further, it discusses
why learning is important for care robots and how it can make
robots more acceptable to humans.

I. INTRODUCTION
One of the dreams of social robotics is to give robots the
ability to develop new skills and to acquire new knowledge and
skills from experience by time in the same way humans do
when growing up. Human’s ability to learn has been addressed
for a very long time in the field of life sciences and particularly
in its disciplines of neuroscience and psychology. Humans as
well as other organisms possess the ability to learn from
experiences and by that to adapt to their social or physical
environment and to ensure their own survival. Since the time
of Jean Piaget, the field of Developmental Psychology has
focused on understanding how humans learn from contact with
the environment as well as from their parents and society[1].
Especially in early-age, humans go through several stages of
development where they learn different skills and behaviours
and develop their own personalities. Seeing such learning and
adaptation capabilities in robots has always been fascinating to
many. Learning can make robots better understand their
environment and their human counterparts. It can help them to
gradually improve their execution of physical and cognitive
tasks. Additionally, it can help robots improve their (social)
interaction skills with humans. This paper explores the idea of
learning in robots, discussing in the first four sections how
human learning works and how it can be implemented on
different level of robot intelligence to improve its capabilities,
followed up by a discussion about why robot really need
learning and how to make it acceptable by humans.
II. DIFFERENT LEVELS OF LEARNING
In life sciences, a distinction of three categories of learning
can be made, namely psychomotor, cognitive and affective
learning [2]. Through psychomotor learning, humans learn to
perform motor skills such as walking, dancing, swimming, and
driving; through cognitive learning human are able to learn
cognitive skills such as problem solving, language acquisition,
learning concepts; while through affective learning humans
learn emotional judgements towards persons, objects and
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events which is the basis of social skills. The inspiration by
human (and other organisms) capabilities of learning led to the
development of many life sciences inspired computational
approaches for learning leading to the emergence of a domain
we nowadays know as Machine Learning [3].
III. PSYCHOMOTOR LEARNING
The problem of teaching robots to perform tasks such as
walking or grasping among other more complicated tasks,
such as opening a bottle of water, has had a few different
solutions. Early methods of teaching a robot have been to
either program the action on the robot, or use reinforcement
learning or genetic algorithms to let the robot learn the action
on its own. However, programming can be very time
consuming and much work is needed to program the complex
motions that are involved in a task while keeping some room
for error adjustments and generalizations adds many more
hurdles. Using reinforcement learning techniques, while
theoretically robust, is not ideal due to the suboptimal
conditions in which the robot has to learn actions with very
little information. The most popular method for the past two
decades has been learning by imitation: observing the action
in question by an able and similar agent and imitating it. This
method has vastly overshadowed the other methods. The
potential of imitation learning for robots was quickly realized
soon after its introduction[4][5]. Since then, imitation methods
have been implemented by modelling brain functions or
techniques observed in humans and animals when learning
from their peers to teach robots tasks such as limb control
[6][7][8].There are also methods that use more abstract and
primitive concepts of imitation that may be more suitable to
the computational nature of robots and may take advantage of
the extra sensory capabilities of robotic systems [9][10][11].
The way humans interact when teaching has also been taken
into account in the research to allow humans to use more
natural ways of teaching robots and reduce the need to follow
specific
instruction
in
order
to
train
robots
[12][13][14][15][16]. There is also the daunting task of
teaching robots how to manipulate objects. This involves two
main concepts: learning object affordances (functionalities),
and learning how to do the specific manipulations on the
objects. There are algorithms to tackle both of these issues
involving observation of humans using objects or by physical
experience of the robot itself using the object in order to get
the affordances[17][18][19][20][21], and using imitation
techniques after watching humans manipulating objects in
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order to learn how to do it themselves as described in [22] and
[23] among many others.
IV. COGNITIVE LEARNING
Machine learning has been used to enable computers (and
hence robots) to also emulate human cognitive abilities such
as speech recognition, image recognition, emotion
recognition, and behavior analysis. In speech recognition,
there has been significant success using hidden Markov
models (HMM) on appropriate features of processed speech
waveforms [27]. The feature extraction itself has had many
innovations to provide robustness from noise and variations of
speech between speakers[28][27]. A more hot-topic is natural
language processing, which gives the ability to understand
speech, a very important ability for successful HCI [27].
Image
recognition
algorithms
used
for
object
recognition/tracking, and even face recognition have also
become very usable in the past decades due to innovations in
the learning algorithms themselves, innovations in image
processing techniques and feature extraction, and even
innovations in hardware architectures (GPUs used for parallel
image processing) [29][24]. Image analysis has also been used
for emotion recognition by extracting features from an image
of a face such as eyebrow positions, eyes open/closed, mouth
corners stretched, and others (FACS) and analyzing them to
determine the emotion of a person from a facial image [30].
Emotion recognition as a whole does not have only the facial
image modality, there have been works to enable emotion
recognition using modalities such as vocal features (dynamics
of tone, pitch, etc.), language usage, and even the dynamics of
how the person moves[31][25]. Machine learning has also
been used to analyze the behavior of a person (or groups) to
understand habits and general dynamics of the behaviors
which enable machines to predict or expect certain behaviors
much like a person might expect certain behaviors from
someone else[32] [33][34][35][36][26].
V. AFFECTIVE LEARNING
Recent developments in neuroscience suggest that
emotions are at the core of every rational decision making [37].
They assist the decision-making process of humans by
highlighting actions based on their future positive or negative
consequences. Thus, based on these emotional judgments
humans decide which actions to take and which not. Next to
emotions as judgement, experienced emotions can also trigger
the so-called action tendencies [38], where certain emotions
push us towards performing certain actions. Furthermore,
emotion regulation process might also trigger actions if they
serve the goal of inhibiting or intensifying an experienced
emotions [39]. One might feel the tendency to take revenge at
a moment of anger. However, if taking revenge would result in
a more regrettable future consequences (e.g. losing the job)
than when not taking revenge, the emotion regulation process
would attempt to inhibit the felt emotion. The possession of
such emotional intelligence is what enables humans to interact
socially with each other. However, such social behaviour
would have never been achieved without certain mechanisms
of learning. Humans learn from previous life-experiences
whether certain event is desirable or not [40]. Previous physical

and emotional rewards and punishments determine how we
would feel toward an event [41]. Emotions also influence the
way information is stored in our episodic memory [42]. We
might remember emotionally loaded events more clearly than
the ones that are not. Similarly, it is more likely that we
remember events that are coherent to the emotion we are
experiencing at a moment than the ones that are not.
All the aspects mentioned in the story above show that
emotional intelligence involve different affective and cognitive
components of the human brain. In the fields of robots and
virtual humans, different biology-inspired computational
cognitive and affective systems have been developed with each
of them covering certain aspects of emotions. Systems such as
ALMA [43] and EVA [44] have focused on the relationship
between emotions, mood, and personality, and on how to
simulate the interaction between these three components. Other
systems such as FLAME [45] and ParleE [46] have focused on
appraisal models, where emotions are automatically elicited
based on the perceived events or actions and their contextual
information. EMA [47] and Silicon Coppelia [48] have focused
on the regulation of emotions. In the second version of EVA,
Kasap and colleagues have focused on the simulation of
episodic memory and its interaction with emotions and mood
[49], [50]. Conscientia [51], TAMER [52] and MAMID [53]
have focused on the influence of emotions on the decision
making and learning from previous experiences. Although the
discussed approaches clearly define the concept of emotions
and attempt to implement certain aspects of it, it should
understood that other implementations of decision-making that
employ learning also implement certain aspects of emotions,
even though they do not mention it. The whole philosophy
behind rewards and punishments in basic reinforcementlearning techniques in AI can be considered as inspired by the
human affective system and the use of these techniques in
developing statistical dialogue management can be compared
to the use of emotions. These kind of systems have often been
implemented using probabilistic techniques such as (fully
observable) Markov Decision Process (MDP) or a Partially
Observable Markov Decision Process (POMDP)[54]. Learning
is then used to dynamically optimize the dialogue by allowing
change of the dialogue strategies based on some kinds of
reward. Using reinforcement learning the system learns the
optimal strategy[55]. In most cases, such systems employ
designer-defined rewards, where high rewards are assigned to
the achievement of tasks or the satisfaction of agent goals and
low rewards (punishments) when a task is failed or a goal is
violated[56].
VI. THE NEED FOR LEARNING
As illustrated in this paper, a lot of work has been
conducted in employing learning in the field of robotics and
other related fields such as virtual humans, natural language
and dialogue management. These advancements in learning
have also contributed to the development of many robotics
solutions that have been introduced to the care sector in the last
decades. Leaning is also used in projects that aim at developing
robots that would care for humans, help them in performing
tasks and assist them at home. By learning, robots can learn to
understand their human counterparts better and to perform
certain tasks better. However, to achieve robustness, robot
developers have often limited the learning capabilities of

robots focusing more on simple but robust solution resulting in
predictable robot behaviour. Furthermore, in contrary to the
field of virtual humans, the field of robotics has been for the
most of times avoiding the use of learning in social interaction
with the human. On the other hand, it is understandable why
some of these topics have been avoided. Unpredictability if
gone wrong can cause disappointment for many end-users.
However, too much predictability also can make robots quite
boring and not so much engaging. Human-like behaviour
needs a certain level of predictability.
When robots start to show intelligence, human become less
tolerant towards its mistakes and would not always accept
errors. However, a good implementation of learning would still
make robots engaging, even if it makes mistakes. The trick of
making learning robots more acceptable is by making humans
see the robots more as infants. Cynthia Breazeal, who has been
working on social robotics for the last two decades, has shown
that robots are more likely to be liked and accepted by humans
when they are modelled as infants [57]. Humans do not easily
accept robots that look and behave like all knowing superior
intelligent beings and especially when these robots cannot
achieve what is expected from them due to the current
technological limitations [58][59]. Humans are more likely to
forgive infant-like robots for mistakes made because of
technological limitations than by robots pretending to be more
intelligent and developed.
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CONCLUSION
The paper have shown how different levels of learning can
be used in making robots behave more intelligently. It started
with psychomotor learning, followed up by cognitive learning
and then affective learning. It has also discussed on how
learning can make robots more engaging if the robot is
perceived as an infant. A lot of work still has to be conducted
in this approach and we see the direction of having robots as
infants as the way to go.
ACKNOWLEDGMENT

[1]
[2]

[3]

[4]
[5]
[6]

[7]

[18]

[19]

[20]

[21]

The research has been funded by the European research
project CaMeLi (AAL-2012-5)

[22]

REFERENCES

[23]

S. Wood, Mastering the world of psychology. Upper Saddle River,
NJ: Pearson Allyn & Bacon, 2011.
L. W. Anderson and L. A. Sosniak, “Bloom‘s taxonomy: A fortyyear retrospective,” Ninety-third Yearb. Natl. Soc. Study Educ.,
1994.
S. J. Russell and P. Norvig, Artificial Intelligence: A Modern
Approach, 3rd ed. Upper Sandle River, New Jersey, USA:
Prentice Hall, 2010.
P. Bakker and Y. Kuniyoshi, “Robot see, robot do: An overview
of robot imitation,” AISB96 Work. Learn. Robot. …, 1996.
S. Schaal, “Is imitation learning the route to humanoid robots?,”
Trends Cogn. Sci., vol. 3, no. 6, pp. 233–242, Jun. 1999.
A. Billard, “Learning Motor Skills By Imitation: a Biologically
Inspired Robotic Model,” Cybern. Syst., vol. 32, no. 1–2, pp. 155–
193, Jan. 2001.
Y. Demiris and M. Johnson, “Distributed, predictive perception of
actions: a biologically inspired robotics architecture for imitation
and learning,” Conn. Sci., no. June 2014, pp. 37–41, 2003.

[24]
[25]

[26]

[27]

[28]
[29]

W. Erlhagen, a. Mukovskiy, E. Bicho, G. Panin, C. Kiss, a. Knoll,
H. van Schie, and H. Bekkering, “Goal-directed imitation for
robots: A bio-inspired approach to action understanding and skill
learning,” Rob. Auton. Syst., vol. 54, no. 5, pp. 353–360, May
2006.
S. Calinon and a. Billard, “Stochastic gesture production and
recognition model for a humanoid robot,” 2004 IEEE/RSJ Int.
Conf. Intell. Robot. Syst. (IEEE Cat. No.04CH37566), vol. 3, pp.
2769–2774, 2004.
J. Nakanishi, J. Morimoto, G. Endo, G. Cheng, S. Schaal, and M.
Kawato, “Learning from demonstration and adaptation of biped
locomotion,” Rob. Auton. Syst., vol. 47, pp. 79–91, 2004.
S. Calinon, F. Guenter, and A. Billard, “On learning, representing,
and generalizing a task in a humanoid robot.,” IEEE Trans. Syst.
Man. Cybern. B. Cybern., vol. 37, no. 2, pp. 286–98, Apr. 2007.
A. L. Thomaz and C. Breazeal, “Reinforcement learning with
human teachers: Evidence of feedback and guidance with
implications for learning performance,” in AAAI, 2006, vol. 6, pp.
1000–1005.
C. Breazeal, M. Berlin, A. Brooks, J. Gray, and A. L. Thomaz,
“Using perspective taking to learn from ambiguous
demonstrations,” Rob. Auton. Syst., vol. 54, no. 5, pp. 385–393,
May 2006.
S. Calinon and A. Billard, “Incremental learning of gestures by
imitation in a humanoid robot,” IEEE Int. Conf. Human-robot
Interact., pp. 255–262, 2007.
E. Kim, D. Leyzberg, K. Tsui, and B. Scassellati, “How people
talk when teaching a robot,” Human-Robot …, pp. 23–30, 2009.
Y. Nagai, C. Muhl, and K. J. Rohlfing, “Toward designing a robot
that learns actions from parental demonstrations,” 2008 IEEE Int.
Conf. Robot. Autom., pp. 3545–3550, May 2008.
A. Stoytchev, “Toward learning the binding affordances of
objects: A behavior-grounded approach,” Proc. AAAI Symp. Dev.,
2005.
M. Lopes, F. S. Melo, and L. Montesano, “Affordance-based
imitation learning in robots,” 2007 IEEE/RSJ Int. Conf. Intell.
Robot. Syst., pp. 1015–1021, Oct. 2007.
L. Montesano, M. Lopes, A. Bernardino, and J. Santos-Victor,
“Learning Object Affordances: From Sensory--Motor
Coordination to Imitation,” IEEE Trans. Robot., vol. 24, no. 1, pp.
15–26, Feb. 2008.
R. Detry, E. Baseski, M. Popovic, Y. Touati, N. Kruger, O.
Kroemer, J. Peters, and J. Piater, “Learning object-specific grasp
affordance densities,” IEEE 8th Int. Conf. Dev. Learn. 2009, pp.
1–7, 2009.
H. Kjellström, J. Romero, and D. Kragić, “Visual object-action
recognition: Inferring object affordances from human
demonstration,” Comput. Vis. Image Underst., vol. 115, no. 1, pp.
81–90, Jan. 2011.
R. Dillmann, “Teaching and learning of robot tasks via
observation of human performance,” Rob. Auton. Syst., vol. 47,
pp. 109–116, 2004.
P. Pastor, M. Kalakrishnan, S. Chitta, E. Theodorou, and S.
Schaal, “Skill learning and task outcome prediction for
manipulation,” … (ICRA), 2011 IEEE …, pp. 3828–3834, 2011.
M. Sonka, V. Hlavac, and R. Boyle, Image Processing, Analysis,
and Machine Vision. Australia: Cengage Learning, 2014.
R. A. Calvo and S. D’Mello, “Affect Detection: An
Interdisciplinary Review of Models, Methods, and Their
Applications,” IEEE Trans. Affect. Comput., vol. 1, no. 1, pp. 18–
37, Jan. 2010.
A. Vinciarelli, M. Pantic, and A. Pentland, “Social Signals , their
Function , and Automatic Analysis : A Survey,” Managing, pp.
61–68, 2008.
D. Jurafsky and J. H. Martin, Speech and language processing : an
introduction to natural language processing, computational
linguistics, and speech recognition. Upper Saddle River, N.J:
Pearson Prentice Hall, 2009.
L. Rabiner and R. Schafer, Theory and Applications of Digital
Speech Processing, 1st ed. Prentice Hall, 2011.
I. Park, N. Singhal, M. Lee, S. Cho, and C. Kim, “Design and
performance evaluation of image processing algorithms on
GPUs,” IEEE Trans. Parallel Distrib. Syst., vol. 22, no. 1, pp. 91–
104, 2011.

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]
[38]
[39]
[40]
[41]

[42]
[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

M. Pantic and M. S. Bartlett, “Machine Analysis of Facial
Expressions,” in Face Recognition, K. Delac and M. Grgic, Eds.
Vienna, Austria: I-Tech Education and Publishing, 2007, pp. 377–
416.
G. Castellano, L. Kessous, and G. Caridakis, “Emotion
Recognition through Multiple Modalities: Face, Body Gesture,
Speech,” in Affect and Emotion in Human-Computer Interaction,
vol. 4868, C. Peter and R. Beale, Eds. Berlin, Heidelberg: Springer
Berlin Heidelberg, 2008.
M. Valera and S. Velastin, “Intelligent distributed surveillance
systems: a review,” IEEE Proc. inVision, Image Signal Process.,
no. 20041147, pp. 192–204, 2005.
A. Artikis and G. Paliouras, “Behaviour Recognition using the
Event Calculus,” in Artificial Intelligence Applications and
Innovations III, vol. 296, Boston, MA: Springer US, 2009.
M. C. González, C. a Hidalgo, and A.-L. Barabási,
“Understanding individual human mobility patterns.,” Nature, vol.
453, no. 7196, pp. 779–82, Jun. 2008.
N. Eagle and A. S. Pentland, “Eigenbehaviors: identifying
structure in routine,” Behav. Ecol. Sociobiol., vol. 63, no. 7, pp.
1057–1066, Apr. 2009.
C. Song, Z. Qu, N. Blumm, and A.-L. Barabási, “Limits of
predictability in human mobility.,” Science, vol. 327, no. 5968, pp.
1018–21, Feb. 2010.
G. Loewenstein and J. S. Lerner, “The role of affect in decision
making,” Handb. Affect. Sci., vol. 619, p. 642, 2003.
N. H. Frijda and W. G. Parrott, “Basic Emotions or UrEmotions?,” Emot. Rev., vol. 3, no. 4, pp. 406–415, Sep. 2011.
K. N. Ochsner and J. J. Gross, “The Cognitive Control of
Emotion,” Trends Cogn. Sci., vol. 9, no. 5, pp. 242–249, 2005.
A. R. Damasio, DESCARTES’ ERROR: Emotion, Reason, and the
Human Brain. 1995.
W. G. Parrott, “The Nature of Emotion,” in Blackwell Handbook
of Social Psychology: Intraindividual Processes, vol. 59, no. 2–3,
Blackwell Publishers Inc., 2007, pp. 375–390.
A. C. Holland and E. a Kensinger, “Emotion and autobiographical
memory.,” Phys. Life Rev., vol. 7, no. 1, pp. 88–131, Mar. 2010.
P. Gebhard, “ALMA: A Layered Model of Affect,” in
Proceedings of the Fourth International Joint Conference on
Autonomous Agents and Multiagent Systems - AAMAS ’05
(Utrecht, The Netherlands), 2005, pp. 29–36.
Z. Kasap, M. Ben Moussa, P. Chaudhuri, and N. MagnenatThalmann, “Making Them Remember—Emotional Virtual
Characters with Memory,” IEEE Comput. Graph. Appl., vol. 29,
no. 2, pp. 20–29, Mar. 2009.
M. S. El-Nasr, J. Yen, and T. R. Ioerger, “FLAME — Fuzzy
Logic Adaptive Model of Emotions,” Auton. Agent. Multi. Agent.
Syst., vol. 3, no. 3, pp. 219–257, Sep. 2000.
T. Bui, D. Heylen, and M. Poel, “Parlee: An adaptive plan based
event appraisal model of emotions,” KI 2002 Adv. Artif. Intell., pp.
1–9, 2002.
S. C. Marsella and J. Gratch, “EMA: A Process Model of
Appraisal Dynamics,” Cogn. Syst. Res., vol. 10, no. 1, pp. 70–90,
Mar. 2009.
M. Pontier and G. F. Siddiqui, “Silicon Coppélia: Integrating
Three Affect-Related Models for Establishing Richer Agent
Interaction,” in 2009 IEEE/WIC/ACM International Joint
Conference on Web Intelligence and Intelligent Agent Technology
(Milano, Italy), 2009, vol. 2, pp. 279–284.
Z. Kasap and N. Magnenat-Thalmann, “Towards Episodic
Memory-based Long-term Affective Interaction with a Humanlike Robot,” in Proceedings of 19th International Symposium in
Robot and Human Interactive Communication (RO-MAN 2010),
2010, pp. 452–457.
Z. Kasap and N. Magnenat-Thalmann, “Building long-term
relationships with virtual and robotic characters: the role of
remembering,” Vis. Comput., vol. 28, no. 1, pp. 87–97, Jan. 2012.
M. Ben Moussa and N. Magnenat-Thalmann, “Toward socially
responsible agents: integrating attachment and learning in
emotional decision-making,” Comput. Animat. Virtual Worlds,
vol. 24, no. 3–4, pp. 327–334, May 2013.
W. B. Knox, “Learning from Human-Generated Reward,” The
University of Texas at Austin, 2012.

[53]

[54]

[55]

[56]

[57]

[58]

[59]

E. Hudlicka, “Modeling the mechanisms of emotion effects on
cognition,” in Proceedings of the AAAI Fall Symposium on
Biologically Inspired Cognitive Architectures, 2008, pp. 82–86.
T. H. Bui, “Multimodal Dialogue Management - State of the art,”
Centre for Telematics and Information Technology University of
Twente, Enschede, Jan. 2006.
B. Thomson, “Dialogue System Theory,” in Statistical Methods
for Spoken Dialogue Management SE - 2, Springer London, 2013,
pp. 7–25.
N. Roy, J. Pineau, and S. Thrun, “Spoken dialogue management
using probabilistic reasoning,” in Proceedings of the 38th Annual
Meeting on Association for Computational Linguistics - ACL ’00,
2000, pp. 93–100.
C. Breazeal and B. Scassellati, “Infant-like Social Interactions
between a Robot and a Human Caregiver,” Adapt. Behav., vol. 8,
no. 1, pp. 49–74, Jan. 2000.
K. Zawieska, M. Ben Moussa, B. R. Duffy, and N. MagnenatThalmann, “The Role of Imagination in Human-Robot
Interaction,” in Proceedings of the Autonomous Social Robots and
Virtual Humans workshop in the 25th Annual Conference on
Computer Animation and Social Agents (CASA 2012), 2012.
M. Mori, K. MacDorman, and N. Kageki, “The Uncanny Valley
[From the Field],” IEEE Robot. Autom. Mag., vol. 19, no. 2, pp.
98–100, Jun. 2012.

