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Open Question: Unified Principle of Cognitive Development?

* What neural mechanisms underlie human cognitive development?
« Can they account for both the continuity and diversity in cognitive development?

typical development

-~ (e.g., alTl‘i{rIl spectrum disorder)

y



Predictive Coding: A Unified Theory of Human Brain

[Friston et al., 2006; Friston, 2010; Clark, 2013]

e The human brain perceives the world (i.e., perceptual inference) and acts on the world (i.e., active
inference) so as to minimize prediction errors.
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Optical lllusion Generated by Predictive Brain

Which square looks brighter, A or B?

Perception (recognition)

A<B

Sensation (physical stimuli)

A=B




Development from
Non-Social to Social Cognition




Mirror Neurons and Mirror Neuron Systems [rizzolatti et al., 1996; 2001]

[Rizzolatti et al., 1996]

Originally found in monkey's premotor cortex
Discharge both:

— when executing own actions
— when observing the same action performed by other individuals

Emergence of social behaviors based on non-social experiences
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Predictive Learning for Action Production and Perception

[Copete, Nagai, & Asada, ICDL-EpiRob 2016]

vision tactile  proprioception
Xpre(t —T + 1), ..., Xpre(t)

Deep
autoencoder
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| vision tactile  proprioception

Action production:

* Predictive learning (i.e.,
minimizing ||xin — Xpre||)
to associate visual, tactile,
and proprioceptive signals




Predictive Learning for Action Production and Perception
[Copete, Nagai, & Asada, ICDL-EpiRob 2016]

Action production:

* Predictive learning (i.e.,
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Exp: Prediction Accuracy Improved by Action Generation
[Copete, Nagai, & Asada, ICDL-EpiRob 2016]
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Development of Emotion Estimation and Imitation
[Horii, Nagai, & Asada, Paladyn 2016; IEEE TCDS 2018]

* The internal representation learned through prediction error minimization of multimodal sensory signals
enables robots to estimate and imitate others’ emotion.

Multimodal deep belief network
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Exp 1: Developmental Differentiation of Emotion

[Horii, Nagai, & Asada, IEEE TCDS 2018]
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Exp 2: Emotion Estimation Facilitated by Mental Simulation

[Horii, Nagai, & Asada, Paladyn 2016]

Training: given all signals

emotion

vision (face) (hand) auditory

Testing: given only auditory
—> imaginary visual prediction
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Diversity Between
Typical and Atypical Development




Predictive Coding Account for Autism Spectrum Disorder

« Aberrant precisions of top-down predictions (i.e., hypo-priors) may cause atypical cognitive abilities in
autism spectrum disorder (ASD). [Brock, 2012]
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Recurrent Neural Network of Bayesian-Based Predictive Coding
[Oliva, Philippsen, & Nagai, ICDL-EpiRob 2019]

output . - _
(prediction) Bayesian-based S-CTRNN

— To learn to predict the mean p;,.; and variance

Heer 041 0f the sensory signal at the next time step

based on the current signal u?°” and o,

[Murata etal., 2013]
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* Our hypothesis
— Not only hypo-priors but also hyper-priors may

: i a account for diverse characteristics of ASD

Hyper-prior Normal prior Hypo-prior




Predictive Learning of Representational Drawing
[Philippsen & Nagai, IEEE TCDS, in press]

output * How aberrant precisions of predictions H affect the
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Exp 1: Influence of Aberrant Prediction on Drawing Performance
[Philippsen & Nagai, IEEE TCDS, in press]

* Influences of prediction precisions H

H=0.001 H
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— Hyper-priors (H <« 1): misinterpretation of intended
patterns, abstract drawing

— Normal priors (H =~ 1): successful completion of
missing parts
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Exp 2: Influence of Aberrant Prediction on Internal Model
[Philippsen & Nagai, IEEE TCDS, in press]

* Influences of prediction precisions H
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Hallucination Machine (suzukietal. 2017]
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Deep-Dreamed Images

* To produce visual phenomena that are qualitatively
similar to classical psychedelics by applying Deep Dream
to panoramic videos

° Deep Dream [Mordvintsev et al., 2015]

— To clamp the node activity at a specific layer in a DCNN and
then invert the information flow, so that an input image is
changed until the network settles into a stable state

More
Categorical

More
Detailed

Veridical Perception Simple Hallucinations Complex Hallucinations







Predictive Coding Account for Cognitive Development
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Conclusion

* Predictive coding as a principle that accounts for the continuity and the diverity in cognitive development
— Minimization of prediction errors
— Bayesian influence for perception

* Hypo- and hyper-priors as two potential causes for cognitive difficulties in ASD
— Hypo-priors: high sensitivity to sensory signals, weak generalization ability

— Hyper-priors: strong reliance on own belie, poor adaptability
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