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1. TNFE CTOEY BAEN
2. BRAE L TORERNERET L (PGM) #EE : GIPA
3. HF-PGM : BBz SE L -ERNERET IV
1. BEAOKEIZINFER
2. HF-PGM®D 7 2 7 4 hIILETIL
4, BEEEBOENHETZIE S ERIERTET IV
1. BERE - SEFOMEFAE
2. DAA-PGM®D 272 7 4 HILETIL
. &8

SEIDHFEFKDHIURL :

« Hippocampal formation-inspired probabilistic generative model
« https://www.sciencedirect.com/science/article/pii/S0893608022001332

« Brain-inspired probabilistic generative model for double articulation analysis of spoken language
« https://arxiv.org/abs/2207.02457 2
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S pCOS LAM [ Taniguchi 17]

TILFE—ZIERICEDLC /X T X M) v oA XET I ESimultaneous Localization And Mapping

(SLAM) . BEEBOFEEETIL
KEBIETA S OB - BIAES - EE&DOFRKE

SLAM

FE D R]EE

X

O\NE
(e r B

o ()G >(6)

SpCOSLAM

(Original algorithm)
N oo

Online learning experiment

(F) 10 FLR
* Modifications related to the weighting
* Fixed-lag Rejuvenation of it and Ct

*Re-segmentation

SpCoSLAM 2.0

(Improved algorithm)

Step 30

TILFE—KIL @
hrrad)tE—T 3>

[ WIS T & EfEE #5 (BFE) [ i S
ﬂ /kyouyuuseki/
(AR

W}\ o

=P nIL»n * BO %XE

[Taniguchi 17] Taniguchi, A., et al. : Online Spatial Concept and Lexical Acquisition with
Simultaneous Localization and Mapping, IEEE/RSJ IROS, pp. 811-818 (2017)

Step 15 | it Step 50 |
1 /nobasyanyanamae/ | 1 /yusekinikibashita/ /kibashita/
/bawakyoo/ /kyoyuseki/ /mi/
/yuseki/ /kyoyusekidayo/ /kyouyuseki/
2 /ikidomari/ 3 /namaewa/ 3 /dayo/ /idomari/
(fFElkEY) /enikimashita/ /ikidomari/ /miriiNgusupesu/
/gonobashiha/ /fokoga/ /koko/
/roboqtookiba/ 4  /robotokiba/ 6 /kochirawaagaro/ /wabotookiba/
| (mRy MEEE) /robotokibanya/ /botoki/ /robotookiba/
/rimasu/ /baninarimasu/ /kochiraga/
7
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« SpCoNavi : EXRERETIVICE DS ERGSH b DRRIKETIH
— Control as probabilistic inference (FEXHEEZRIC L 24IMH) ICE D CEBEDOHEX
Y5
— EEREGDS 2 A= T FIINERTENEHTH D EHET

/robotookiba/

“kyouiNkenkyuushitsuniigte”
(Go to the faculty lab.)

OK! I goto
/kyoiNkeNk
iyushitsu/!!

U, = argmaXP(T\ylzT,xo,@G)
ul.T

- AF vy FAEENICERSLEGROBE - B2 EH
« TN ELTHNEOEERZEET 2HEN G, ADEFEGSHLBNME TO
FES = arh Al
Akira Taniguchi, Yoshinobu Hagiwara, Tadahiro Taniguchi, and Tetsunari Inamura, "Spatial Concept-Based NaviMh Human Speech Instructions via 3
Probabilistic Inference on Bayesian Generative Model." Advanced Robotics, Vol. 34, No.19, pp.1213-1228, Sep, 2020.




Spatial Concept-based Topometric Semantic Mapping for
Hierarchical Path-planning from Speech Instructions

living room

in front of the TV kitchen

bedroom "

entrance == :

doorway A7) ‘!

] :

_% book shelf

- 4 study room :
Semantic level . E"’*ﬁ

Metric level

cooking place

Go to the kitchen

through the bedroom.

Hierarchical spatial representation provides
a mutually understandable form for humans
and robots to render language-based
navigation tasks feasible.
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(Preprint)
https://arxiv.org/abs/2203.10820
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S C A — « Spatial Concept Formation with
p OAL . Information Gain-based Active Exploration
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Fo4vFE
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https://arxiv.org/abs/2211.10934
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| Processing (offline) _ .

Experiment
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MFEXNE T T IIL(WB-PGM)

Whole brain Probabilistic Generative Model
e PGMICK BT —F T 7 F ¥ BRDIZDD/I—ZART T 47
w3 [Taniguchi et. al., 2021]
- BB
— LB A& (AGl) DR
— ANDOMICE, MERLAZDBMN T —FT7F v DER
— FEEXEMERTETILERBW-HENERMY AT LDOEE

« Research Question
— FOEOBFAMEY 2 —IILEEETEIREAN?
- I EDLDIHEIEEEINNITLI LD ?
e UTo2o0770 —T%’:%ﬂ%kéff’)‘tf% Z & T,
INHDEEMICER

1. BICAVRNAT sntm ABL XL oFRIgeE=EY) HI 7= (2
A%@Pﬁ #77+v#b$3:t
77 a—F & L’CPGI\/I’E%JL.:. Lt%)m

Lb SEDOFEENR L.

Taniguchi, T., Yamakawa, H., Nagai, T., Doya, K., Sakagami, M., Suzuki, M., Nakamura, T., & Taniguchi, A.
(2021). Whole brain Probabilistic Generative Model toward Realizing Cognitive Architecture for
Developmental Robots. In arXiv [cs.Al]. http://arxiv.org/abs/2103.08183 (Neural Networksst & H)
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FERPERETILE 1T ?
Probabilistic generative model (PGM)

« T—ARNWERINIBEXFETILILI-DHD
« EXDIEHERETAIETT —XOBEANLRHEEEZEHZ S
« U774 HINETIIZEL > TETI

« U774 HIETI

- BHEOIRFRERE 7 7 7BETKRIER

-/ —F I HERETH
- Ty REFEIR

Y|

\ N )

\(a} ANY
Rk ET L

o=y
®

— (b] \Y
HEm T T L

(c)
M7 (VAE)

Bisx AR TED
£ RRETIL
x; ~ p(x;10) = po(x;)

Vi ~pilx;,0) = pe(yilx;)

HRET I
q(x;1yi, @) = qp(x;|y)

© O

Observation Latent variable

Genarative Inference
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« U T AANLETINILE - THELZSRS

[CRIRILTE S

« PGMALZHEEL LT
(Neuro-SERKET 7 L — L7 — 7
[ Taniguchi 2020] )

> ©INPGM ~

- HENH Y FE. BENG LFE, T

T RNTCPGMO ETERTE S
o MRERE
NTW5B
— N A ZXPfER [Doya 2007]

- BHIXILFXF—REB/FAFSIREG
[Friston 2012]

— HREEF /L (World model)

\/

5
=]

DEHLETLER - BwmmRs

Thomas Bayes
Probabllistlc modellng and
Inference

(Multimodal unsupervised learning)

Relnforcement

Unsupervised
learning learning

Supervised learning

Control as Inference
SL: P(y|x) Many modern RL algorithms can be
considered as a probabilistic

Obg.
@@@ inference of future action sequence | @ i ; j \
Obs Lat. —

Agent
: Intelligence '
Inp

‘C’) 02 03‘ 0 (r bo/huma)
T\ Tf\ 1\ T\ U
i e

/\&
Output Inference >\‘ /\‘ / Posterior distribution can be calculated.
1 '—) bj —) 53 —)' 1 P(x y)
) P(y|x) = -
ol ZxP(0y)

(b) graphical model with optimality variables

THAOBKREERTA ML

[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]

MLDA
(@D P2 ——@2<(0
D<@ A Mol ..? frontiers
62/ INn Neurorobotics
—p@< (@
@« SERKET: An Architecture for
MIDA /Z Connecting Stochastic Models to
MLDA &1// Realize a Large-Scale Cognitive
(@) Model
odule 2 i: ‘:- 4 Tomoaki Nakamura'*, Takayuki Nagai' and Tadahiro Taniguchi?
- (A) @
Speech recognition \.T/ MLDA . .
- _. 1. Belief propagation
Language model [-@( /4@ (@(_‘@ ‘ 2 SIR p p g
/ AHE)—) .
7l BN N o e = . _
G @355 & 3. MH BRI AT LA
< @)E (=) T — Ll | —
7w SIEEMICFEFATRE(C
(b) '

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 16
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GIPA: Generation-inference process allocation

BRI DS 2B E X £ T T L DE M DOMKIFEI R~
Z {8

PGM®D &%

— Directed acyclic graphsTH 2 E MW (L—7%1/EN7H W)

EARILGIPAD FIE
1.

2.

Architecture of the
Brain

AT S

Brain Reference Architecture

SCID 1‘

Ty HERETIVEHRETIVICHITS (Table 12 %4
HAELT3)

REFZIER (AL) DR[ZE

(BRA)

) )

Table 1: Counter stream pathways in neocortex

Pathways

Feedforward

Feedback

Direction

[From  the

higher area)

outside
world to the internal
state (from lower to

From the internal
state to the outside
world (from higher to
lower area)

Laminar on cortical Layer 3, and Layer 4  Layer 2
microcircuits (Markov

et al.; 2014, 2013)

Meaning of signals Observation Prediction

(Yamakawa, 2020)

Graphical model rep-

resentation of PGM

inference process

generative process

methcjfi [ (1\[

=il

Probabilistic Generative Model
(PGM)

WB-PGMz&m3 & V)

J

*1 SCID: Structure-constrained

Interface decomposition

*2 GIPA: Generation-inference
Process Allocation

——> Next-time

At  generation

t—t+1
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GIPA: Generation-inference process allocation

e 1., Ty TVEERETINEHERBET LIZNDITS
(32 - Eime L7T)
— Amortized (variational) inference
s ARRET I EIIRICHBET ILOERBEEZTERTE 5
o HEZHE T JL % Neural network7: & DB Tl

« Auto-Encoding Variational Bayes (AEVB)
— Variational Auto-Encoder (VAE) A" ZERAY

. N " N
ERETIL (el —0 - _ poon|.
x; ~ p(x;16) = po(x) ; : O O
i~ p(yl |xi’ 0) = Do (yl |xl) / IK Observation Latent variable
HmET L N N e S
Q(xib’i: ¢) = q(.b (xllyl) Genarative Inference

(@) (b) (c)

Kingma, D. P, &Welling, M. (2014). Stochastic gradient VB and the variational auto-encoder. In Second International Conference
on Learning Representations, ICLR.
Murphy, K. P. (2012). Machine learning: a probabilistic perspective. Cambridge, MA: MIT Press.
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GIPA: Generation-inference process allocation
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Hippocampal formation-inspired probabilistic generative model

HF-PGM : BEFOERNERET IV

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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BEHEMOLIEZ A SMEM. ZRFECERRRE Lo ZRTIRISE LS BEH 5 FBAMAVLEZ B S 07718
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RIgH 4 (path integration: PI)
BOCDEHERE EDENERZHEE L CECNEZTET H4EE
BOMUBHED-HDHED—D :

51AT: s il
https://cbs.riken.ip/ip/public/tsunagaru/fujisawa/02 &"5’—"

mIZFEE (Place cells) : IRIEDEFEDIGATIC WD & T (ICHENT S
T -oHEEDEE CREINT
mig AR (Grid cells) : HATARE & RERICEIY D IRIB DIFTE DIHFTIC
W2 EXITHRNT D
T > B0 NEIR A K E (medial entorhinal cortex: MEC) TH R &
N7z
BEFEDOETICEAL EINTWVS
mEA Ak (Head-direction cells) : 57T ICBfR 7% < EAEFE D A A
IZEWTWS & X ICETRENT 5
m Xt — F#ifa(Speed cells) : EEDBINRE (MKTFE L 7258 &R T

- 247
Casali and Jeffery
(2015)

Grieves et al. (2016)

Hok et al. (2005) Kropff et al. (2008)

Zhou et al. (2005)

(2015) 0'Mara (2015)
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* Landmark SLAM; 3
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+ Visual SLAM BEDIDET

s EUHRGE-DIAASRE LY
+  GraphSLAM: ZHIOEEHMGQ TSI THRE
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BEADOBIF [Fukawa et al., 2020]
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Fukawa, A., Aizawa, T., Yamakawa, H., & Yairi,

Brain Sciences, 10 .
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l. E. (2020). Identifying core regions for path integration on medial entorhinal cortex of hippocampal formation.
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Region-of-interest, input/output, and top-level function

 Region-of-interest

— LEC, MEC, CA1, CA3, DG, Sb, ParaShb f1E#R 7 0 — (Brain Information Flow: BIF)

— ROlL: Bﬁ?%?%%ﬁiﬁ PreSb, PO R’ PER’ S: Speed cells, HD: Head direction cells, B: Border cells. G: Grid cells, P: Place cells medial septum )
RSC LEC Hippocampus MEC
I I
« Input/output | S I =
— Input: POR, PER, and RSC . S (T
— Output: the predicted values of POR ! T —— L HER
< dista P proximal P —, Vb sHDBG )
and PER at the next time step ! R N
Sh Sh ) SHDBG
« Top-level function ‘“ S I |
— (i) Self-localization (path integration l Parasb
and observational correction) -
— (ii) Place categorization by integrating t
. . . . RSC
allocentric and egocentric information =
PER < — > POR - ")
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Symbol

Function of components on HCD

C

HDC

({ze})
Xm
({z¢})

Zm

XI
({xt—1 })
(frtz

({yt})

Place category (internal representa-
tion of visual spatial information)

Position distribution (cluster infor-
mation regarding positions)
Place category at the previous time

Position distribution at the previous
time
Integrated semantic memory and
episodic memory of information from
X and Z
Integrated semantic memory
Self-position information, predictive
distribution
Self-posture information (position
and orientation), observation likeli-
hood
Predictive representation of X (Pre-
diction at future time regarding
movement /speed amount or posture)
Abstraction of information from
yPER  (transmission of prediction,
generation of prediction signal)
Abstraction of information from
(Observation transmission)
Predictive representation of Z (Pre-
diction at future time from the dif-
ference between C’ and C')
Self-posture information

Allocentric visual information (distal
distance/landmarks, absolute object
positions)

Egocentric visual information (proxi-
mal distance/landmarks, relative ob-
ject positions, object category, land-
scape information)

Rotational speed movement
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Predictive coding

_ DG/CA3
* Variables
— X;: Self-position CA1/Sh
— X';: Predicted self-position
— 1, Cluster information regarding positions
. ) ParaSb
— H;: Integrated higher-level internal
— representation
- . . MEC
— g;: Prediction at future time regarding
— movement/speed amount or posture
, RSC
— y.: Input/output variables
— u;: Rotational speed movement
POR
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RDBRAER T —% (HE.bra

A <] C D E F G H 1 J K
Source of |Circuit 1D Names Sub-Circuits Super Uniform | Transmitter | Modulation Size |Projections Interpretation(@&f) Projections in Use(1)
1D Class Type
collection |HPF Hippocampal Hipp; LEC; MEC; FALSE ~ PERI (origin LEC_deep_uc1) PERI (GIPA:G)
and egocentric information
DHBA Hipp Hippocampus - — ©
Al = ~ —I— :? ~ 0
1 . = 8
DHBA CA1 cornu Ammon H | $I§ _ MEC_III [Moser, 2010]; Ensemble activity in CA3, but not in 4& S'EE’\J e N I\ E
m ﬁ j D MEC V [[Moser_ 201011‘ CA1, is sensitive to the content of a B j // \ / .
- scene of place in the environment;
BI F :fEdI'al seprom [ROIE' 5015313 CA3 supports the retrieval of ( H C D !
_(—) ucleus acumens [Rolls, ). memories about where an objects s
PFC.L2 [Verwer, 1997], in a scene [Robertson, 1998}
PFC.L3 [Verwer, 1997], [Rolis, 1998] or where a reward could
S [Llorens-Martin, 2014 be found in the environment [Brun
2002]
[Bubb, CA1_distal | CA1, distal TRUE ~ ~ |Excitatory S_proximal [Knierim, 2014] Non-spatial semantic memory Place category (internal representation of |S_proximal (GIPA:G)
20171 LEC_deep [Knierim, 2014] [author, year] visual spatial information)
MEC_IIl [Moser, 2010},
( Circui \ S_distal [Knierim, 2014] Place cells [Brun, 2002] Position distribution (cluster information  |S_distal (GIPA:G)
ireuit Circuit MEC_deep [Knierim, 2014] [O'Keefe, 1976] regarding positions)
ircui CAT1 [Llorens-Martin, 2014]
Circuit Source of ID CA3 [Liorens-Martin, 2014]
Circuit ID MEC_II [Liorens-Martin, 2014];
- CA1_distal [Knierim, 2015] Pattern completion, information HA{Il}  |Integrated semantic memory and episodic |CA1_distal (GIPA'G)
Circuit Names CA1_proximal [Knierim, 2015] integration [Kesner, 2007 J{Rolls memory of information from
Sub-Circuits g:xfsngorens-Manin 2014][Knierim, |2007] XandZ
k ) Super Class b CA3 [Knierim, 2015}
/ n 3 DG [Llorens-Martin, 2014]
Circuit Uniform 5 CA2 [Llorens-Martin, 2014] Pattern separation [Kesner, 200 H*{DG} |Integrated semantic memory CA3 (GIPAG)
Transmitter c CA3 [Llorens-Martin, 2014]; liRolis, 2007]
5 DG [Knierim, 2015];
Modulation Type =
-}
Projections 5 - -
s > NIAS .
I > = % :E\ *4 .
! Circuit ID 5
A - - NYATAN 7] —> — 7/ ( )._\\ g :a\ ~
Here is a List of the 7 R R =
Te;—ﬁinm Terminal target circuit IDs g ° H X 9/ /H|l\:l } ff\’ T 7— ’\/, B RA 7_ 0) =] l/_l 7 — 1
aQ
[sensor] [actuator] o v ~ > ,f$,f J / )\ laﬁ
: 7IVE L OBEP DIk
Vavasw — E}j XY\AEJ \\/¢%\ﬂ: __\\/\
5 e« B1MA WBAL 7 F v —~BHABEEDIMBIE I8 -
Uniform circuit —»  Connection I\ 172 N Wl Ll 73 |t
I PR R — B RE DA R B IEEEZ Hig L T

S
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https://docs.google.com/spreadsheets/d/1xf5tIj2qzHh9a52a2p9K5b8ggra825bvBdXKhghF2W4/edit#gid=0
https://wba-initiative.org/18424
https://wba-initiative.org/18094/

N f J/ N — . "
MDOHCDHZ — AT20HippocampalFormation.hcd
IHF Ny 2L .
AZ AL AD Az aF A AH Al Al AK AL A AN Al AR ] AR AZ
| Circuit ID = | Label (1) | Output Circuits | Output Input Circuit {1} | Circuit Summary (1) Region (Process(1) Dutput Semantics (1) Comments {1) FTV | FTV |Confirmor |Output Process Confirmed | Confirmation Confirmation Summary {1)
(1) Circuit Category depth| line [{1} Semantics Synthesizab | date (1) comments (1)
Validation 1) (1) 1) Generativity | ility (1)
il il
o i) )
Hipp - | Hipp Hipp { Hipp ) inRQ ~ |iComposad by sub-process) Recalled integrated semantic 1 10 Yuta Probably ~ | Synthesiza - 20221918 Confirmation Summary:
— Input Circuits - information Aghinars peneratabis ble - Qutput Semantics is Probably
: T peneratable W)
_ Output Chcuils — - Process is Synthesizabls
- Comment :
-’-"_ DG+CAZ = | HYDGH DG+CAZ [ HMDG ) inRD = | O {DG+CA3Z) is generated from O {DG+ZAZ) - Recalled 2 ] fuia Generatable - |Synthesza - 20zzMe Confirmation Summary:
-- Input Circuits -- [LEC_ 1} and mixed-centric integrated semantic Achinars ble - Qutput Semantics is
- [MEC_I=31) informaticn ErmiEle }
— Output Circuits — -émess s Synthesizable
C=P{HMDE} | Z{II}, ¥4{11}) - amment
DG - |HyDGy  |caz LEC_N DG [ HYDGE ) [U] inRO = |0 {DG) is genersted from }: Cue information for (GIPA:G) 3 12| Yusa Generatable - |Leaf - 20zzaiz0 Confirmation Summary:
MEC_II -~ Input Circuits -- [LEC_II=ZM1} and replaying the integrated semantic Ashinars process - Qutput Semantics is
LEC_II [MEC_II=XM11) memary stored within CA3 we Generatatiz )
MEC Il synthesis - Process is Leaf process wio
—~ Output Circuits — O=P(HMDG] | ZMI, XA L=
CAJ;
Cal - | B CA1_distal; DG Cad { HM G U] inRO: * | © {CA3) is generated from 0 {CA3) Recalled mixed-centric | (GIPAG) 3 13[Yuta Generatable - |Leaf - 20220921 Confirmation Summary:
CA1_proximal; LEC_lI -~ Input Circuits -- [DG)=HMDG]), (LEC_lI)=Z*{Il} and |integrated semantic information Achihara process - Qutput Semantics i
MEG_II DG [MEC_I=X1} wo e et )
LEC Il synthesis - Process is Leaf process wio
= e rrm AL e synthesis
MEC_II O=P[HMDG] | HHDG], 2, X7 N omarent
- Output Circuits —
CA1_distal:
CA1_procamal;
r | Hipp for - Hipp for LEC [ )} inRO * | (Compeos=ed by sub-process) Recslled egocentric integrated (GIPAG) 2 14| Yuta Generatable - | Synthesiza - 20220922 Confirmation Summary:
LEC -- Input Circuits -- semantic informaticn (including Aghinars ble - Qutput Semantics is
- place-category-related information G:EHE'EH:'C'C. r—
- Output Circuits — and visual spatial information)) - C“':Eﬁ 5 Syninesizane
- Comment :
CAl_distal ~|C S_proximal; CA3 CA1_distal ( C inRQ * | D(CA1_distal) is generated from D(CA1_distal): Extracted (GIPA:G-4t) 3 15] Yuia Generatable - |Leaf v 2022923 Confirmation Summary:
LEC deep_ucl; |[x LEC_ Il {CA3) and IILEC_IINy egocentric componenis of Achinars process - Qutput Semantics is
)] integrated semantic information ""° _— Generatable .
~ Input Circuits - synthesis - Process is Leaf process wia
synthesis
EEFE o - Comment :
— OUtput Circuits —
S_proximal;
LEC_deep_uct;
i | 5_proxima - | C' LEC_deep_ucl; |[x= CA1_distal S_proximal { C') [U] inRg ~ | ©{5_proximal) is generated from Stored egocentric components of | (GIFA:G) 3 16 Yuta Generatable - |Leaf - 202224 Cenfirmation Summary:
| -- Input Circuits -- [C&1_distal) integrated semantic information Ashinars process - Qutput Semantics is
CA1_distal (previous time) wo Generatable )
— Outout Circuits — synthesiz - Process is Leaf process wio
- synthesiz
| LEC_deep_uci; - Comment :
r | Hipp for - Hipp for MEC ( ) inRg * | iComposed by sub-process) Recalled allocentric integrated 2 17 Yuta Generstable ~ |Synthesiza - 2022925 Confirmation Summary:
MEC - Input Circuits - semnantic information (including Azhinars ble - Qutput Semantics is
- position-distribution-ralated Gsnerara:-e:l thesizah
- Output Circuits — information, self-posturs Cxﬁ_?:ms.""n neslzazE
information and cluster information '
regarding positiol

Al
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https://wba-initiative.org/18424/
https://wba-initiative.org/18094/
https://wba-initiative.org/20266/

HCDODOBERERFIE

L
-

1S S &

oAk

Region

Depth =0 Depth =1 Depth=2 | Depth =2 | Degth=4 Depth=5 Depth=8
Category
Input/Ou |A35 { y*{A25}) (Undefined interface process) Muttimods| information related to | Confirmation Summa =
tput - Input Circuits - egocentric seff-state sggregated |- Output Sem eneratable
HIF from the neocertex (e.g.. proximal |- Process is Synihesizable
LEC_deep_uct |- Commant -
- Qutput Circuits -
InputiOu A35_uct { yMA35} ) [U] (Undefined interiace process) The prediction part of multimodal | Confirmation Summary: -
tput — Input Gincuits — egosantric related information for |- Output Semantics is Generatable
= providing to LEC 1 - Prosass is Leaf procass wio
- Output Circuits — synth
LEC_II: - Comment
InputiOu A35_uc2 { y“{A35} ) [U] (Undefined interface process) The observation part of muitimodal | Gonfirmation Summary: -
tput — Input Gircuits — agosantric related information for |- Output Seman: Generatable
- providing to LEC II Process is Leaf process wio
- Output Circuits — synthy
LEC_IIl - Comment
Input/Ou | VISpor { y*{POR} } (Undefined interface process) Multimodal information related to | Gonfirmation Summary: -
tput — Input Circuits — ric self-state aggregated |- Output Semar eneratable
HIF from the neocortex (e.g., distal - Process is Synthesizable
MEC_deeg_uct distance/landmarks, absolute - Commant :
— Output Gircuits — object positions,
Input/Ou ViSpar_uct { y\POR} ) [U] (Undefined interface process) Confirmation Summary: -
tput - Input Circuits - - Output Seman Generatable
- - Process is Leaf process wio
— Output Gircuits — synthes
MEC_II: - Comment
Input/Ou ViSpor_uc2 { y\POR} ) [U] (Undefined interface process) The sbservation part of multimodal | Confirmation Summary: -
tput - Input Circuits - allacentric related information for |- Output Seman Generatable
- providing to MEC | - Frooass is Leaf process wio
— Output Gircuits — synthes
MEC_| - Comment
Input RSC_uet { utw ) [U] (Undefined interface process) Salf rotational speed information | Confirmation Summarny: -
- Input Circuits. (ralsted o head direction) Output Semantics is Generatable
-- Output Circuits —
MEC_| - Comment
ROI HIP (HF ) (Gomposed by sub-prosess) Top Level Functions for HF: Confirmation Summary: -
- Input Circuits - Selflocalization, (i) Place - Ouiput Semantics is Generatable
- categorization by integrating - Frocess is Possibly
— Output Gircuits — allocentric and egocentric synthesizable [W]
A3E; information - Comment : Output Semantics™
ViSpor: EREAFRTE
inROI Hipp ( Hipp ) (Composed by sub-process) Recalled integrated semantic Canfirmation Summary:
- Input Cincuits — information - Dutput Semantics is Probably
- generatable [
- Output Circuits - - Process is Synthesizable
- Comment
inROI DG+CA3 (HADG} ) O (DE+CAT) - Recalied Confirmation Summary: - d
- Input Circuits - mixed-centric integrated seman! Output S s Generatable
- information
~ Output Circuits - ‘
inROI G [ HYDG}) [U] © (DG} is genarated from Canfirmation Summary: L
— Input Circuits — LEC_I=ZAI} and replaying the integrated semantic |- Outp man Generatable
LEC Il MEC_II=X {1} memory stored within CAZ - Process is Leaf process wio
MEC_lI s
— Output Circuits — O=P{HADE] | ZHIIL, XM
CAZ
inROI | ST — " |
e — ——
falc} - Process is Leaf process wio
LEC_Il synihesis
MEC_lI - Commant
— Output Circuits —
CA1_distal
CA1_proximal;
inROI Hipp far LEC ( ) (Compaesed by sub-process) lled egocentric integrated Canfirmation Summary: -
— Input Gincuits — semantic information (including - Qutput S=mantics is Generatable
= place-category-related information |- Process is Synthesizable
~ Output Circuits - wvisual spatial information)) - Comment
inROI CA1_distal ( C O[CA1_distal)is generated from | O(CA1_distal Canfirmation Summary: -
(CA3) and iy egooantric co - Qutput Semantics is Generatable
integrated sema: - Prooess is Leaf process wio
synihesis
- Comment
— Output Circuits —
5_proximal:
LEC_deep_ucl;
inROI S_proximal ( C' ) [U] O[S_proximal} is generated from | Stored egocentric compone Canfirmation Summary: -
— Input Circuits — (CAT_distal) integrated semantic informat - Qutput Semantics is Generatable
CA1_distal (previous time) - Prooess is Leaf process wio
— Output Gircuits — synihesis
LEC_deep_uct: - Comment

- B E {ADFunction Tree Viewer®—Zp

HOE< T4 RERIE:

ZDAVR—F 2 kD Output SemanticsHY, IHES
NI-EIRNSDANZEFERT SOV HKR—F
R MDProcessIZ&EH>THERRLIDZMNENZE

ST

Summary

- O N T

Jo %

g

Process

Output Semantics

DG { HYDG} F V]
— Imput Circuits --
LEC I

O (DG

(LEC_I=ZMII} and
(MEC_II=XAI]

is generated from

o ({DG)

: Cue information for
replaying the integrated semantic
memory stored within CA3

MEC_II =
— Output Circuits — O=P{HMDG} | ZMI, XM -
CA3;

)

0 7

Al
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(LECH) O - ~I(MEC_I)

O = P(HDG‘ZH,XH)

Lo L'—“—ulf—v Ly / ;fJ
DG i HMDG] ) [U] (D) is generated from 0 (DG) : Cue information for

- Ilnput Circuits -- I =ZMI} and replaying the integrated semantic
LEC I (M C. [1)=Xx{11} memoaory stored within CA3
MEC I

- i_/
-- Qutput Circuits - O=P{HMDG} | Z+1}, X1 w
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HCDOHEERFIE : T O AEMKIE

Region Depth =0 Depth = 1 ‘ Depth = 2 | Depth Depth=4 Depth=5 | Depth=8 |

Catey c i3
ategary o ' Y,
InputiOu |35 { y*{A35}) (Undefined interface process) Multimodsl information relsted to | Cenfirmation Summary: - - 5 -
tput — Input Circuts —- i e sggregated |- O emantics is Generatsbie m
HIP f F

ex (e.g.. proximal |- is Synthesizable

LEC_d=ep_uct distanca/landmarks, relative object |- Comment -

- Qutout Circuits - positions, chject catagory, — ~ o -~ — £ O Ng
AR —Ry = ] ik -7 |:| 3
Input/Ou A385_uct ( yMA35}) U] (Undefined interface process) | Tha prediction part of multimodal | Canfirmation Summary: = S : — ~ A ~— ~

tout ~ Input Gircuts — egoseniric related information for |- Output Semanties is Generatable

. - providing 1o LEC I - Frocess is Leaf process wio
° - Output Circuits — symthesis L > A
LEC_II: - Comment \ l / / \ ~ / [ ~
InputiOu | = A35_uck (381 (] (Undefined interface provess) | The coservation gart of multmedal| Genfirmation Sammary: - - E
tput ~Input Cireuits — agossntric related nformation for |- Output Semanties i Generstsbia J: -t' IE, -t % b\ z b\ é 1@
f providing 1o LEC I - Procsss is Lesf process wio o )C- ) ; —
- Qutout Circuits — symthess

vl

LEC_IIl - Comment
Input/Ou |VISpar { y*{POR} } (Undefined interface process) Multimodal information related to | Cenfirmation Summary: -
tput — Input Cirauits - allocentric self-state aggregated |- Output Semantics is Generatable
- HIP from the neocortex (e.g., distal - Process is Synthesizable
N MEC_deep_uct distance/landmarks, absolute - Comment -
— Output Gircuits — object positions
Input/Qu |= VISpor_uet [ y\{POR} ) [U] (Undafinad interface process) The prediction part of multimodal | Confirmation SL'Hma - -
tput ~ Input Circuits — sllacentric relsted information for |- Output Ser Generatabie ~
6 - providing to F ooess is LEaH: cess wio /'
HA{DG}EHA I s Al 29
Input/Qu \J\Epnr ue2 y'\{P"‘R} ) (Undafinad interface process) The observation m.a'E of multi 'n_cda Confirmation Summary: - - - -‘—/
_ tput - Ir'p\.l Circuits - :':::;ej:;c::ea d information fo F C;SS emar EC;eE'\:.:\al:e / \ III c 3 4
~ Output Girouits — synthesis — H » - <
MEC_IlI; - Comment I:l . 7 ' |:| v
Input RSC_1 (utw ) [U] (Undafinad interface process) Salf rotational speed information Confirmation Summary: - - - — / \
- Input Circuits — (ralated to head direction) o;. put Seman Generstable —" -
E£(+35 Z|Zﬁ|ﬁ-§'%) (H™)
= " 1}
'n;.é’é‘T.“‘c o ?’Ec::-;. = A &
ROI HIF { HF ) (Gomposed by sub-process) Level Functions for HF: Confirmation Summany: R
— Input Circuits -- Selflocalization, (i) Place - Output Semantics is Generatakie N N~
5 - estegorization by integrating - Propess is Possibly Q o snmsee
aa it R el ‘i‘ﬂﬂmam.ﬁm ¥ N = {
VISp: SRR I ‘ ‘ i
inROI Hiep { Hira ) (Composed by sub-procsss) Recalled integrated semantic Confirmation Summary: - B B
- Circuits — m - E F -
Tme— rremsten i DG+CA3( ) 0 (DG+CA3) is generated from 0 (DG+CA3) - Recalled
=EeliEe o= . ' P p ' " '
~Comment: | -- Input Circuits -- ILEC_I=ZMIl} and mixed-centric integrated semantic
inROI DE+CA3 (HDE) ) enerated from [ © (DG+CAZ) - Recalled N fi - N N M T . .
= et Tt - ens miad-oenic graed semante _ |I~MEC_||JI—K“{||} P rocess A information
~ Output Ci SERN . »
o O=P(HDG} | Z*I. X1 - 'Dl..ltpl.lt Circuits -- HA{DG },
inROI - - G ( HYDG} ) [U] 3} is generated from ue information for Summary: -
- Cinguits — = rat tie |- ous rstable = A 1 M
T e g oy Pl e g O=P{ Haqmy | 211}, X1
SE);;:I;LxCI:ms— oer | 2 ) — ( HMDG} ) [U] O (DG} is generated from
inROI CA3 (H }I ] Dng‘f gm-a:EeE fram - i Cg‘\:e::;»:a?c”:?;:f:?;c VCc'rrlr'nra'mr SL"nmarlGEwE'ataha = — |n pUt Circu it,S — | I:L E C_l |:|=Z"‘{| |} an d
anc IMEC, i -Pr ooess wio p M
i =% }
. =l HADG) | HADE). 271} - Comment I_El::—ll l |__MEC_”_] x ” DG
MEC_II rocess H
CA1_prozimal; " ' A _ 1 n
inROI Higp for LEC { ) (Composed by sub-process) Recalied sgocentne megraied | O = O L tput C ircuits — Cl— Pl:H "'{D G} | Z"‘{l l] . X {l |}}
— Input Gincuits — semantic information (including
B —~ Output Circuits - and visual spatial information)) - Comment CM »
e Rl ot N e R CA3 (HAIIG ) [U] 0 (CA3) is generated from
| S — Input Circuits - I(DG)=HHDGY, I(LEC_IN=Z+{II}
18 [o%:] - Comment ~ N -
L DG and I{(MEC_II=x{I}
=) I
Lo canp et LEC_II
ROt ’ it G oy e rte semnisormeton |- Otk Semanton  Generatase | MEC I O=P(H || } | HMDG], .21},
16 CA1_distal (previous time) - Process is Leaf process wio _ . . . e
L. daepuat: ot -- Output Circuits - XA
o 2 S N . CA1 distal Process H'
»: MFunction Tree Vi D—H =
Y == unction lree viewer =]
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HF_PGM (’%%‘%H}i) @§€§74 7_—\'7 Medial septum

Symbol Function of components on HCD
C Place category (internal representa-

Recurrent state Simultaneous i e

mation regarding positions)

Space mOdeI Iocalization and e Place category at the previous time

r Position distribution at the previous
time

m a p p i n g HY Integrated semantic memory and

episodic memory of information from

X and Z

HPEC Integrated semantic memory

x Self-position information, predictive

({z¢}) distribution

X Self-posture information (position

({z¢}) and orientation), observation likeli-
hood

g Predictive representation of X (Pre-
diction at future time regarding
movement /speed amount or posture)

Zn Abstraction of information from
Yy (transmission of prediction,
generation of prediction signal)

Zm Abstraction of information from

ER (Observation transmission)
l Predictive representation of Z (Pre-

diction at future time from the dif-
ference between C’ and C)
X Self-posture information

({ze1})

Y Allocentric visual information (distal

({ve}) distance/landmarks, absolute object
positions)

yPER Egocentric visual information (proxi-
mal distance/landmarks, relative ob-
ject positions, object category, land-
scape information)

Rotational speed moven'?ﬁnt

({ue})
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Brain—inspired probabilistic generative model for
double articulation analysis of spoken language

Eilf"lnzln CI>....Eiikfafiﬁﬁ1§§$1?f‘Eiﬂffi‘tJ
BSE7—F7 7 F + DsEt

= xRET  (IAEEX)

A% (IHER)

IS (WBAI/E K /EHT)

AO BAk (THEEK) ‘

Akira Taniguchi, Maoko Muro, Hiroshi Yamakawa, Tadahiro Taniguchi, "Brain-inspired probabilistic generative model for
double articulation analysis of spoken language®, IEEE International Conference on Development and Learning, 2022.
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NPB-DAA : Nonparametric Bayesian
Double Articulation Analyzer [3]
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Previous study: Extended NPB-DAA
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[4]Okuda, Yasuaki, Ryo Ozaki, and Tadahiro Taniguchi. "Double Articulation Analyzer with Prosody for Unsupervised Word and Phoneme Discovery." arXiv preprint

arXiv:2103.08199 (2021).
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Brain information flow (BIF)
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