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Cognitive Development in Human Infants

Cognitive Development in Robots

[Ugur, Sahin, Nagai, & Oztop, TAMD 2015]
[Nagai, Kawai, & Asada, ICDL-EpiRob 2011;
Kawai, Nagai, & Asada, IROS 2012]

[Nagai, Nakatani, & Asada, EpiRob 2010]

[Horii, Nagai, & Asada, ICDL-EpiRob 2013]

[Nagai, Hosoda, Morita, & Asada,
Connection Science 2003]

Cognitive development

Development as a Continuous Process
Language use
Tool use
Cooperation
Object
manipulation
Goal-directed
action

Self-other
cognition

Imitation
Joint
attention

Cognitive development

Development as a Continuous Process
Language use
Tool use
Cooperation
Object
manipulation

What is the root for cognitive
development?
Imitation
(i.e., innate
Goal-directed
action

abilities of infants)
Self-other
cognition

Joint
attention

Our Theory [Nagai & Asada, 2015]
Predictive learning of sensorimotor information (i.e.,
minimizing prediction error ei(t+1)) leads to cognitive development.
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Our Theory [Nagai & Asada, 2015]
Predictive learning of sensorimotor information (i.e.,
minimizing prediction error ei(t+1)) leads to cognitive development.
(1) Update the predictor through
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Increasing Interest in Predictive Learning
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Predictive coding under the free-energy principle
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This paper considers prediction and perceptual categorization as an inference problem that is solved
by the brain. We assume that the brain models the world as a hierarchy or cascade of dynamical
systems that encode causal structure in the sensorium. Perception is equated with the optimization or
inversion of these internal models, to explain sensory data. Given a model of how sensory data are
generated, we can invoke a generic approach to model inversion, based on a free energy bound on the
model’s evidence. The ensuing free-energy formulation furnishes equations that prescribe the
process of recognition, i.e. the dynamics of neuronal activity that represent the causes of sensory
input. Here, we focus on a very general model, whose hierarchical and dynamical structure enables
simulated brains to recognize and predict trajectories or sequences of sensory states. We first review
hierarchical dynamical models and their inversion. We then show that the brain has the necessary
infrastructure to implement this inversion and illustrate this point using synthetic birds that can
recognize and categorize birdsongs.
Keywords: generative models; predictive coding; hierarchical; birdsong

1. INTRODUCTION
This paper reviews generic models of our sensorium
and a Bayesian scheme for their inversion. We then
show that the brain has the necessary anatomical and
physiological equipment to invert these models, given
sensory data. Critically, the scheme lends itself to a
relatively simple neural network implementation that
shares many features with real cortical hierarchies in
the brain. The basic idea that the brain tries to infer the
causes of sensations dates back to Helmholtz (e.g.
Helmholtz 1860/1962; Barlow 1961; Neisser 1967;
Ballard et al. 1983; Mumford 1992; Kawato et al. 1993;
Dayan et al. 1995; Rao & Ballard 1998), with a recent
emphasis on hierarchical inference and empirical Bayes
(Friston 2003, 2005; Friston et al. 2006). Here, we
generalize this idea to cover dynamics in the world and
consider how neural networks could be configured to
invert hierarchical dynamical models and deconvolve
sensory causes from sensory input.
This paper comprises four sections. In §1, we
introduce hierarchical dynamical models and their
inversion. These models cover most of the models
encountered in the statistical literature. An important
aspect of these models is their formulation in generalized
coordinates of motion, which lends them a hierarchal
form in both structure and dynamics. These hierarchies
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Three Case Studies
1.! Development of self-other cognition
and imitation based on
predictive learning
[Nagai, Kawai, & Asada, ICDL-EpiRob 2011]

2.! Emergence of prosocial behaviors
through minimization of
prediction error
Baraglia, Nagai, & Asada, ICDL-EpiRob 2014]

3.! Autism spectrum disorder induced by
atypical tolerance for prediction error
Qin, Nagai, Kumagaya, Ayaya, & Asada, ICDL-EpiRob 2014]

Young Infants Cannot Recognize
Self in Mirror

(Adapted from “The Baby Human 2” Discovery Channel)

Self-Other Cognition Based on
Predictive Learning
•! Spatiotemporal predictability of sensorimotor
information discriminates the self from others.
–! Self = higher predictability, others = lower predictability
–! Perceptual and motor development leads to the emergence of
mirror neuron systems.
(3) Matured perception
! self-other correspondence
Self

(2)

Probability

(1) Immature perception & action
! self-other assimilation

Others

Spatial
predictability

Temporal
predictability

[Nagai et al., ICDL-EpiRob 2011; Kawai et al., IROS 2012]

Computational Model for Self-Other Cognition
 Early Stage of Development 

Visual input

No differentiation
between Self and Others

Motor output
[Nagai et al., ICDL-EpiRob 2011; Kawai et al., IROS 2012]

Computational Model for Self-Other Cognition
 Later Stage of Development 

Visual input

Others’
motion

Self ’s
motion

MNS = Motor output
[Nagai et al., ICDL-EpiRob 2011; Kawai et al., IROS 2012]

Result 1: Self-Other Differentiation and MNS
•! Self-other differentiation
in visual space

•! MNS acquired in
sensorimotor mapping
Motor command

Others’ motion

Self

Self ’s motion

Others

high

low

[Nagai et al., ICDL-EpiRob 2011; Kawai et al., IROS 2012]

Result 2: Imitation Using Acquired MNS
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Three Case Studies
1.! Development of self-other cognition
and imitation based on
predictive learning
[Nagai, Kawai, & Asada, ICDL-EpiRob 2011]

2.! Emergence of prosocial behaviors
through minimization of
prediction error
Baraglia, Nagai, & Asada, ICDL-EpiRob 2014]

3.! Autism spectrum disorder induced by
atypical tolerance for prediction error
Qin, Nagai, Kumagaya, Ayaya, & Asada, ICDL-EpiRob 2014]

Infants Help Others Even Without Reward

[Warneken & Tomasello, 2006]

Two Theories for Prosocial Behaviors
[Paulus, 2014]

•! Emotion-sharing theory
–! Understand other person as an
intentional agent [Batson, 1991]
–! Be motivated to help other based on
empathic concern for other’s needs
[Davidov et al., 2013]

–! Self-other differentiation

•! Goal-alignment theory

[Warneken & Tomasello, 2006]

–! Understand other’s goal, but not his/her
intention [Barresi & Moore, 1996]
–! Take over other’s goal as if it were
infant’s own
–! No self-other discrimination

Prosocial Behavior Based on
Minimization of Prediction Error
1.! Update the predictor by
minimizing a prediction error
ei(t+1) through the robot’s
own experiences
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[Baraglia, Nagai, & Asada, ICDL-EpiRob 2014]

Prosocial Behavior Based on
Minimization of Prediction Error
1.! Update the predictor by
minimizing a prediction error
ei(t+1) through the robot’s
own experiences
2.! Estimate ei(t+1) while
observing others’ action si(t)
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Prosocial Behavior Based on
Minimization of Prediction Error
1.! Update the predictor by
minimizing a prediction error
ei(t+1) through the robot’s
own experiences
2.! Estimate ei(t+1) while
observing others’ action si(t)
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3.! Execute an action âj(t+1) to
minimize ei(t+1) if

ei(t+1)
ei(t+1) > threshold
!!Help others
s (t+1)
i

[Baraglia, Nagai, & Asada, ICDL-EpiRob 2014]

Result: Emergence of Prosocial Behavior

[Baraglia, Nagai, & Asada, ICDL-EpiRob 2014]

Three Case Studies
1.! Development of self-other cognition
and imitation based on
predictive learning
[Nagai, Kawai, & Asada, ICDL-EpiRob 2011]
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through minimization of
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Autism Spectrum Disorder (ASD)
•! Difficulties in social interaction
[Baron-Cohen, 1995; Charman et al., 1997; 
Mundy et al., 1986]

–! Less eye contact
–! Difficulties in reading emotion
–! Lack of theory of mind, etc.

Social

•! Atypical perception and
atypical information processing

Perception

[O’Neill & Jones,1997; Happé & Frith, 2006;
Ayaya & Kumagaya, 2008]

–! Hyperesthesia/hypoesthesia
–! Local processing bias, etc.

Atypical Perception in ASD

[Qin et al., ICDL-EpiRob 2014; Nagai et al., in prep.]

Our Hypothesis about Mechanism of ASD
[Nagai & Asada, 2015]

•! Atypical tolerances for prediction errors may produce
different internal models of ASD from TD’s models.
Typically developing people
Proper tolerance for
prediction error

People with ASD
Atypical tolerance for
prediction error

(smaller tolerance ! hyperesthesia)

Sensorimotor signals

(larger tolerance ! hypoesthesia)
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Our Theory [Nagai & Asada, 2015]
Predictive learning of sensorimotor information (i.e.,
minimizing prediction error ei(t+1)) leads to cognitive development.
(1) Update the predictor through
sensorimotor experiences

(2) Execute a predicted action in
response to others’ action
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Three Case Studies
1.! Development of self-other cognition
imitation based on predictive learning
[Nagai, Kawai, & Asada, ICDL-EpiRob 2011]

2.! Emergence of prosocial behaviors
through minimization of
prediction error
Baraglia, Nagai, & Asada, ICDL-EpiRob 2014]

3.! Autism spectrum disorder induced by
atypical tolerance for prediction error
Qin, Nagai, Kumagaya, Ayaya, & Asada, ICDL-EpiRob 2014]
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