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Whole brain Probabilistic Generative Model
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Taniguchi, T., Yamakawa, H., Nagai, T., Doya, K., Sakagami, M., Suzuki, M., Nakamura, T., & Taniguchi, A. (2022). Whole brain Probabilistic Generative
Model toward Realizing Cognitive Architecture for Developmental Robots. In Neural Networks. http://arxiv.org/abs/2103.08183
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Probabilistic generative model (PGM)
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[Taniguchi 2020] Tadahiro Taniguchi, Tomoaki Nakamura, Masahiro Suzuki, Ryo Kuniyasu, Kaede Hayashi, Akira Taniguchi, Takato Horii,
and Takayuki Nagai, “Neuro-SERKET: Development of Integrative Cognitive System through the Composition of Deep Probabilistic
Generative Models”, New Generation Computing, Jan. 2020.

[Doya 2007] Doya, K., Ishii, S., Pouget, A., Rao, R.P.N., Bayesian Brain: Probabilistic Approaches to Neural Coding. MIT Press. 2007.
[Friston 2012] Friston, Karl, and Ping Ao. "Free energy, value, and attractors.“ Computational and mathematical methods in medicine 2012.




Neuro-SERKET: Development of Integrative Cognitive System Through the
Composition of Deep Probabilistic Generative Models [Taniguchi+ 20]

1. Belief propagation
2. SIR

3. MH  somepsmans 25 1 %
HERIZBAFRIBEIC

O Connecting cognitive 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 to some extent.

O Neuro-SERKET supports deep generative models, i.e., VAE, as well.

Nakamura T, Nagai T and Taniguchi T, SERKET: An Architecture for Connecting Stochastic Models to Realize a Large-Scale Cognitive Model. Front.

Neurorobot. 12:25. (2018) doi: 10.3389/fnbot.2018.00025

Taniguchi, T., Nakamura, T., Suzuki, M. et al. Neuro-SERKET: Development of Integrative Cognitive System Through the Composition of Deep

Probabilistic Generative Models. New Gener. Comput. 38, 23-48 (2020). https://doi.org/10.1007/s00354-019-00084-w 9
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Fig. 4. Owerview ol the Serkel archileciure used lor the multimodal place
calegorizalion experiments,
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El Hafi, Lotfi & Zheng, Youwei & Shirouzu, Hiroshi & Nakamura, Tomoaki & Taniguchi, Tadahiro. (2023).
Serket-SDE: A Containerized Software Development Environment for the Symbol Emergence in Robotics
Toolkit. 1-6. 10.1109/S1155687.2023.10039424. 10
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53, BRARRBIFAFEALEBITR Z & D
BIE

Miyazawa, K., Aoki, T., Horii, T., & Nagai, T.: Integration of
Multiple Generative Modules for Robot Learning.
Workshop on Deep Probabilistic Generative Models for
Coghnitive Architecture in Robotics (in IR0S2019). (2019)
Miyazawa K, Horii T, Aoki T and Nagai T (2019)
Integrated Cognitive Architecture for Robot Learning of
Action and Language. Front. Robot. Al 6:131.
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GIPA: Generation-inference process allocation
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— Directed acyclic graphsTH 2 EMHE (L—7%1/EN7 W)
EARXNLGIPAD FE
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Hippocampal formation-inspired probabilistic generative model

HF-PGM : ‘B2EADOERNERTET IV
~BHMEY 2 —IVIBEDEF L LT~

Akira Taniguchi, Ayako Fukawa, Hiroshi Yamakawa, "Hippocampal formation-inspired probabilistic

generative model", Neural Networks, Vol.151, No. July, pp.317-335, 2022. DOI:
10.1016/j.neunet.2022.04.001

https://www.sciencedirect.com/science/article/pii/S0893608022001332
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Egocentric and allocentric representations of space in the rodent brain
lECA =TIt~ vy, MECHA 7 H+t> kY w7 CurrentOpinion in Neurobiology 2020

perirhinal cortex (PER) and postrhinal cortex (POR)
posterior parietal cortex (PPC) and retrosplenialcortex (RSC)
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BEEDBRAFENT —% (HF.bra)

A (B O 00— IRERE) O > R—F 2> B
(HCD)

(BIF)

(" cirut ) Circuit
Circuit Source of ID

Circuit ID
Names
Sub-Circuits

) Super Class
Uniform

Circuit

Transmitter

Modulation Type
T Projections
v

SEHNL
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Property only for Uniform Circuits
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https://docs.google.com/spreadsheets/d/1xf5tIj2qzHh9a52a2p9K5b8ggra825bvBdXKhghF2W4/edit#gid=0
https://wba-initiative.org/18424
https://wba-initiative.org/18424
https://wba-initiative.org/18094/
https://wba-initiative.org/18094/
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3. ERAR), BEKICFALERNERTT L ORE LAWK, ATLHMEFZEEEARS, Volm37,7NG. 103-0S-7a-05, f&A, 2023465,
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Proposed method

Combine RSSM and MCL to create a model that apprOXImater follows the HF-PG

l
l
l
l
l
l
l
l
l
l
l
l
l
l
=
l
l
l
l
l
I

RSSM MCL

Estimate self-location.

ﬁ_______________

Extract representation of placé.

Two different merging methods. (Modell , Model?2)
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MVisualize latent variables as a cell

latent variables like a place cell

latent variables difficult to interpret
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DEQ-MCL:
Discrete-Event Queue-based
Monte-Carlo Localization

This research outcomes will be presented at the following international conference:
*Akira Taniguchi, Ayako Fukawa, Hiroshi Yamakawa, "DEQ-MCL: Discrete-Event Queue-based
Monte-Carlo Localization", AROB-ISBC-SWARM 2024. (Accepted)




Abstraction as discrete-event queue

o V—RFEMMEREICL > TREZEEML L., BFENICEREL TUET I AT WS
- IRE, BE, KRKOBRHIPMBEAICHFSILINTWBR EEZ 5N T3 [Terada et al., 2017]
e (IFEEZEF 12—k (Phase precession queue assumption)
— Pentasynaptic/l— 7RI EZBIR T 5 2 — 2RO 1 AN TR S 78RR L. BEERY L I HE bR
TH T v TEINIREEEZRT F 12— (discrete-event queue) &AL T I ENTE 3,
— BE EMECORDpentasynaptic/L — 7' [\E
« MECII-DG-CA3-CA1-Sb-ParaSh-MECII.

23
Terada, S., Sakurai, Y., Nakahara, H., & Fujisawa, S. (2017). Temporal and Rate Coding for Discrete Event Sequences in the Hippocampus. Neuron, 94 ,1248-1262.e4.



Discrete-event queue-based Monte-Calro localization (DEQ-MCL)

v — MR E

BERNA XY hF 2 —

24

DEQ-MCLDE K1k

BE, RE. REZEDH-IRREDRIREER
D AEF*Fa—& L TERE
RAXTZAIILZDIRE L TRIFETE S

- TANLRY TICE R E TR ERAAGHE T
EXREHFRT7ILTY X L

Akira Taniguchi, Ayako Fukawa, Hiroshi Yamakawa, "DEQ-

MCL: Discrete-Event Queue-based Monte-Carlo Localization",
AROB-ISBC-SWARM 2024. (Accepted)
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Brain information flow (BIF) for DAA
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Speech regarding each object
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O Da“‘ v bAY TEBRBICKA] BIGTICBEI L 12— I(C
@JE’JC B9 52 & CIHMBE =139 5SpCoAE
Z£|Taniguchi 2022]
I:IIE E’Jc FHAFFERII R X —RIMEICE T B EEEIRY
SR C EHRIEDL D B

a* = argmax (IG(Z; X, | X,,) — 1 TravelCost(a))

a

Active SpCoSLAM (A : E=1741)
O SpCoSLAM % Active SLAMZ @& L #B % 7ERk L 72
5 IR IR & 8 5 Active Semantic mapping=F &

HRRFNEMRBEZ2ETLORLESTHBTZILIY XL
ELTRBRIZAMELRETL =0
Taniguchi, A., Tabuchi, Y., Ishikawa, T., Hafi, L. E., Hagiwara, Y., & Taniguchi, T. (2022).

Active Exploration based on Information Gain by Particle Filter for Efficient Spatial
Concept Formation. arXiv preprint arXiv:2211.10934.

Tomochika Ishikawa, Akira Taniguchi, Yoshinobu Hagiwara, Tadahiro Taniguchi, "Active
Semantic Mapping for Household Robots: Rapid Indoor Adaptation and Reduced User

Burden", IEEE International Conference on Systems, Man, and Cybernetics (SMC), Oct. 2023.
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Learning result

Camera
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