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AlphaGo (SiIVer et al., 2016)
v Representation learning
v' Monte Carlo tree search

Google Home

v Speech recognition & synthesis

https://www.engadget.com/2018/06/12/google-
home-handles-three-requests-at-once/
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Self-driving car (Google and so on)

v’ Pedestrian detection
v' Semantic segmentation

Google

A

Japenese English Spanish Detect language =

1

Google Translate

v Neural machine translation

https://translate.google.com/
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End-to-End learning 6
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Deep learning/Encoder-decoder
— archltecture with end-to-end Iearnmg

- |A group of people
shopping at an

2 e [~ RNN | |outdoor market. S
i Q There are many ®
vegetables at the
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Image captioning Machine translatio
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Labeled data/

Perfect simulation environment

Playing video games
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(a) Crawling of simulation model (kgr7s = 9.0) and a real silkkworm
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(b) Inching of simulation model (kgrrs = 40.0) and a real inchworm

Ishige M, Umedachil T, Taniguchi T, Kawahara Y. Learning Oscillator-Based Gait Controller for
String-Form Soft Robots Using Parameter-Exploring Policy Gradients. In2018 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS) 2018 Oct 1 (pp. 6445-6452)



Future human-robot communication

Can we really achieve symbolic/linguistic communication
between human users and autonomous robots in our future
soclety?
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ADVANCED ROBOTICS, 2016 @ nsll . Taylor & Francis
H Taylor & Francis Group

http://dx.doi.org/10.1080/01691864.2016.1164622

SURVEY PAPER

Symbol emergence in robotics: a survey SEIRORT IR

Tadahiro Taniguchi®, Takayuki Nagai®, Tomoaki NakamuraP®, Naoto Iwahashi€, Tetsuya Ogata? and Hideki Asoh®

Mlcro macro loop
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communication

Learnlng Interaction strategy
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communication
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agage iti ' Learning motor skills
and mental development and segmentation of
time-series information

Tadahiro Taniguchi, Takayuki Nagai, Tomoaki Nakamura, Naoto lwahashi, Tetsuya
Ogata, and Hideki Asoh, Symbol Emergence in Robotics: A Survey
Advanced Robotics, .(2016)D0I:10.1080/01691864.2016.1164622



Development though a self-organizational learning
process based on real-world sensorimotor information

High-level
Planning
capabilities
Perceptual
categories Cognitive
capability
[ Agent Motor
St (robot/human) tion at skills
Sensor (motor)

Low-level



Development though a self-organizational learning
process based on real-world sensorimotor information

High-level
/\/ Syntax

v’ Lexicon :
v’ Phonetics Planning
v’ Semantics capability

( Pragmatics - Cognitive
Perceptyal capability
e e categories
Motor
skills

Low-level



Development though a self-organizational learning
process based on real-world sensorimotor information
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v'Bottom-up organization of a variety of mutually dependent
cognitive functions based on sensorimotor information n
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Automatic speech recognition (ASR) and synthesis
technologies (TTS) benefitted from transcribed data

N r\ ("\

Recognition result Speech SyntheSIS
7}(9//7] ,

Speech Recognition "8ty



However, children DO NEVER have
transcried daﬁ

Internal
representations

Speech Recognition IL Speech signals
———————— — ==~ = —,Children are performing
| Speech signals Il unsupervised learning for spoken

~ word/sentence production w/o
transcribed data.




Hierarchical Dirichlet process hidden language model
V (HDP-HLM) [Taniguchi+ 16]

Language model
(Word bigram
model with
letter bigram
model)

Word sequence

Phoneme sequence

@ @ ’ ‘ ‘ ----- ‘/‘{ @ Acoustic model

Observation Ds1 (phoneme model)

A probabilistic qeneratlve model for time-series data

having double articulation structure
Tadahiro Taniguchi, Shogo Nagasaka, Ryo Nakashima, Nonparametric Bayesian Double Articulation Analyzer for
Direct Language Acquisition from Continuous Speech Signals, IEEE Transactions on Cognitive and Developmental
Systems.(2016)




Online spatial concept acquisition method
SPCOSLAM [Taniguchi+ 2017]

(includina word discovery task)
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Akira Taniguchi, Yoshinobu Hagiwara, Tadahiro Taniguchi and Tetsunari Inamura, Online Spatial Concept and
Lexical Acquisition with Simultaneous Localization and Mapping, IEEE IROS 2017 p. 811-818 .(2017) oral




Spatial concept Is multimodal

Position
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Where is the
space?

| How do they
“This is the third table” call the space?
Word “A meeting space”

o
Visual

Information

Sound, smell;,

“Under the air conditioner”

How does the
space look
like>




Graphical model of SpCoSLAM
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Symbol Emergence In Robotic
Future Human-Machine
Collaboration
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Building an integrative cognitive system that can learn
and adapt in the real-world environment

Intention state

Probabilistic generative models
pproach?)

Higher net
(r=70)

Lower net
(=5)

Input/output net 4

(1=1) /
Propnooeptnon % Vsuon
module }{l} / module

Proprioceptive Prsq = Vision

State l Sml
Se nse Predict

Target

joint Preq P Encoder | Visq \7' Object

angle read ing direction

Body-Environment

[Ogata+, Tani+, and so on] [Nagai+, Taniguchi+, and so on]

Tani, J. (2014). Self-organization and compositionality in cognitive brains: A neurorobotics study. Proceedings
the IEEE, 102(4), 586-605.

Takaya Araki, Tomoaki Nakamura, Takayuki Nagai, Shogo Nagasaka, Tadahiro Taniguchi, Naoto Iwahashi.
Online Learning of Concepts and Words Using Multimodal LDA and Hierarchical Pitman-Yor Language Model.
IEEE/RSJ International Conference on Intelligent Robots and Systems 2012 (IROS 2012), 1623-1630 .(2012)




O CNN, DNN, LSTM, MTRNN
O Discriminative model

(in many cases)
O Supervised learning

(in many cases)

O LDA, HMM, GMM, SLAM
O Generative models
O Unsupervised learning




Convergence of probabilistic generative
models and neural networks

[0 Bayesian neural networks

O Auto-Encoding Variational Bayes (e.g, variational
autoencoder) [Kingma+ 13]

O Generative adversarial networks [Goodfellow+ 14]

| A ///// N _ZIN
\ N ) [Kingma+ 133) ? [Goodfellow+ 14]

Integrating NNs and probabilistic generative models in various ways is
crucially important in symbol emergence in robotics

Kingma, D. P., & Welling, M. (2013). Auto-Encoding Variational Bayes, (MI), arXiv
Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., Bengio, Y. (2014).
Generative Adversarial Nets. Advances in Neural Information Processing Systems 27, 2672-2680.



Challenges related to computational
models for symbol emergence in robotics

_____________________________________________

/@ Practical scalability in development

— Reducing cost, e.g., development, coding, learning
and inference, to develop a large cognitive systems
using probabilistic programming language.

_____________________________________________

& Feature extractions/ representation learning

— Making use of NN.

— Combining NN (e.g., VAE) with probabilistic models
®Flexible and efficient inference

— Amortized Inference and black-box VI

Deep probabilistic models

-_— e e e e o - -



SERKET: An Architecture for Connecting Stochastic
Models to Realize a Large-Scale Cognitive Model
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} frontiers

SERKET: An Architecture for
Connecting Stochastic Models to
Realize a Large-Scale Cognitive
Model

Tomoaki Nakamura ', Takayuki Nagai' and Tadahiro Taniguchi?®

1. Belief propagation

2. SIR

3. MH

O Connecting ‘€ognitive modules developed as probabilistic generative models and
letting them work together as a single unsupervised learning system.

O Having inter-module communication of probabilistic information and
guaranteeing theoretical consistency.

O Providing a cognitive module as a ROS model. This kind of idea allow us

distributed development of probabilistic model-based cognitive systems.
Nakamura T, Nagai T and Taniguchi T (2018) SERKET: An Architecture for Connecting Stochastic Models to
Realize a Large-Scale Cognitive Model. Front. Neurorobot. 12:25. doi: 10.3389/fnbot.2018.00025



@ frontiers ORIGINAL RESEARCH

published: 26 June 2018

in Neurorobotics doi: 10.3389/inbot.2018.00025
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SERKET: An Architecture for
Connecting Stochastic Models to

Realize a Large-Scale Cognitive
Model

Tomoaki Nakamura™, Takayuki Nagai’ and Tadahiro Taniguchi?

" Department of Mechanical Engineering and Intelligent Systems, University of Electro-Communications, Tokyo, Japan,
2 Department of Information Science and Engineering, Ritsumeikan University, Shiga, Japan

To realize human-like robot intelligence, a large-scale cognitive architecture is required for
robots to understand their environment through a variety of sensors with which they are
equipped. In this paper, we propose a novel framework named Serket that enables the
construction of a large-scale generative model and its inferences easily by connecting
sub-modules to allow the robots to acquire various capabilities through interaction with
their environment and others. We consider that large-scale cognitive models can be
constructed by connecting smaller fundamental models hierarchically while maintaining
Nakamura T, Nagai T and Taniguchi T (2018) SERKET: An Architecture for Connecting Stochastic Models to
Realize a Large-Scale Cognitive Model. Front. Neurorobot. 12:25. doi: 10.3389/fnbot.2018.00025



Pixyz: A library for developing
deep generative models [Suzuki+]

Model API (Pixyzmodek| o0-al)
Loss API (Pixyzlosses) L) = ~Eq(aix) _'°g%
https://github.com/masa-su/pixyz Distibution APl fryzstiouion) | {G15) = PP
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Pixyz

O SerketdZ X5 EFINENE LS REE
RETILELUT, BBAES 1)L Z1E
LU, HELTWII\WITIT IR
N X dh ? =Project Neuro-Serket??

“\ Dr. Masahiro Suzuki
O7/Rw REEIH T DIMIRRENS AT L% (Matsuo lab. Tokyo U.)
JIVFE—HIVEBERMETILTEETENDIN

https://weblab.t.u-tokyo.ac.jp/en/members/
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Service Robotics Category
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Awards

Future Convenience Store Partner Robot (Real) Partner Robot (Virtual)
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Finally we received
four awards in WRS




e A, AlL 0 — o
MBREERE - I\FY WV IEFIV(RPM)
SIEM M DEIRB]EE/RCAICE)FT
O CAEIEE, K, HAFRENWIN-WIin-Win(TRSRIFTNIETELRD TR,

O Z0EHICIIHRENDKRED LBEHNHNNE.

(REDENSOHENECEA LU CRIBEZIRADRSE, ENEHEE
UIZWEIEH A EDMNIARESRERTRS (TFAVFEDTITINRE)

y . HORTPRA > FORIEfRR P -
CNETEABNNMEIEOE i L L \HUZRPMOD : annﬁE*?d
ODZJ—}/—I—S,r\/ |\ EENFHPICLDIE—SAEIL }\j'y:\y O:ET)[,
| ERRHE) OBBICESP0RATRS > k2 o FHEOREHN ’ 2 - OM
ONIVERSITY o Panasonic (20%)
1.6M 5% waama | T | dmams 20%
(20%) N\ j T
s, B UTHBEO W TR EIZESE -ELTXHLS, 8M
\]8PI\¢ 64M de:si:t;m: " JPY 80M
(80%) R (80%)
Lose-Lose-Lose!!! ;(
CAH] CA% CAH] CA%&

v FREEB(ICE S TIIRERE, DREEH L. I
v AEREZEBOTMDED, AEDESEB(L. FEZEL2ED. BN DEIRBHEILCA



AR F—LDEMEIL EEEAL

D /fj_y:\y Od)Alﬁaﬁﬁﬁ%’ Al | ARERROBACHERLTARTD
MR ZZES| T DEmIIL—T & S

LJTOD/J \%EIE \/J\ 5D 7_ 9: A% b RBLL L ) x S S ff_‘ 2
%Hﬁk N TH2T7 L AN ARSE Gl > |

x
—h
s ERtRZHig L TL\B. - - ,;,;g; ‘% %
— ~ “ —arn > (w200 3::]:[,}5 E ¥
O }_AE)I/T’]/ /Ob%[lﬁ%:/lj\:ﬁ - MRS — St ?UI: t
DIzHDEREIREEIEIH. : b ogizenes s =t
~ g LEEELE W =
O 2017 (FF— LN S3FERIR 2o e B
(NIPS, 1JCAI, ICRA) EE
et 201110

%ixm H&E | BI0RTHRA Y Ay bRIBE AE0ibiT o
B
i amODERT

O Ohama, I., Sato, 1., Kida, T., & Arimura, H. (2017). On the Model Shrinkage Effect of Gamma Process Edge Partition Models.

In Advances in Neural Information Processing Systems (pp. 396-404).
Ohama, I., Kida, T., & Arimura, H. (2017, August). Discovering relevance-dependent bicluster structure from relational data.

In Proceedings of the 26th International Joint Conference on Artificial Intelligence (pp. 2578-2584). AAAI Press.
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