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A Generalist Agent [peepmind 2022]
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Figure 2 | Training phase of Gato. Data from different tasks and modalities is serialized into a flat sequence
of tokens, batched, and processed by a transformer neural network akin to a large language model. Masking is
used such that the loss function is applied only to target outputs, i.e. text and various actions.

Community

Is DeepMind'’s Gato the world'’s
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Figure 1 | A generalist agent. Gato can sense and act with different embodiments across a wide range of
environments using a single neural network with the same set of weights. Gato was trained on 604 distinct
tasks with varying modalities, observations and action specifications.

Inspired by progress in large-scale language modeling, we apply a similar approach
towards building a single generalist agent beyond the realm of text outputs. The
agent, which we refer to as Gato, works as a multi-modal, multi-task, multi-
embodiment generalist policy. The same network with the same weights can play
Atari, caption images, chat, stack blocks with a real robot arm and much more,
deciding based on its context whether to output text, joint torques, button presses,
or other tokens. In this report we describe the model and the data, and document

the current capabilities of Gato. s
https://venturebeat.com/2022/06/04/is
Reed, Scott, et al. "A generalist agent." arXiv preprint arXiv:2205.06175 (2022). -deepminds-gato-the-worlds-first-agi/
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Symbol emergence in robotics
using probabilistic generative models

spatial concept formation

Application to service robotics
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O Tadahiro Taniguchi, Takayuki Nagai, Tomoaki Nakamura, Naoto Ilwahashi, Tetsuya Ogata, and Hideki Asoh,
Symbol Emergence in Robotics: A Survey, Advanced Robotics, 30(11-12) pp.706-728, 2016.
DOI:10.1080/01691864.2016.1164622

O Tadahiro Taniguchi, Emre Ugur, Matej Hoffmann, Lorenzo Jamone, Takayuki Nagai, Benjamin Rosman,
Toshihiko Matsuka, Naoto Iwahashi, Erhan Oztop, Justus Piater, Florentin Worgotter, Symbol Emergence in
Cognitive Developmental Systems: A Survey, IEEE Transactions on Cognitive and Developmental Systems,
11(4), pp.494-516, 2019. DOI: 10.1109/TCDS.2018.2867772



Multimodal Categorization and Lexical Acquisition
by an Autonomous Robot [Nakamura+ 2009-]

Acquisition the information

|. Haptic information

Takaya Araki, Tomoaki Nakamura, Takayuki Nagai, Shogo Nagasaka, Tadahiro Taniguchi, Naoto Iwahashi.
Onllnerl_qe,anm,rag 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)



https://ieeexplore.ieee.org/abstract/document/6385812?casa_token=Oq-EWNxvpPUAAAAA:pvalbbJQsLuonlFkV9MHW-8i3rTSCD9eUdVNpWf7sXQSn4zhoPNcow_Tbhrw7H4aefHvOBKGX2nX

>imultaneous multimodat object categorization and word discovery by
integrating multimodal LDA and nonparametric Bayesian unsupervised
word segmentation[Nakamura+ 2014]

By integrating multimodal sensory information and speech signals, a robot could form
categories, discover words, i.e., signs, from speech signals, and acquire grounded lexicons.

T. Nakamura, T. Nagai, K. Funakoshi, S. Nagasaka, T. Taniguchi and N. Iwahashi, "Mutual learning of an object concept and language model based on MLDA
and NPYLM," 2014 IEEE/RSJ International Conference on Intelligent Robots and Systems, 2014, pp. 600-607, doi: 10.1109/IROS.2014.6942621.



Online spatial concept formation and lexical
acquisition: SpCoSLAM [Taniguchi+ 2017]

o

= We are at : f —
; /miteNguru/ -— .
This place the elevator [ - f
is EM-Lab. |
hall. B /eredetadar
I
r.]-
L

Kﬂazurabﬂf
[ /meitiNgurumu/ ;; e [ W
/suteasu/ -J |
[resutorumu/ | [ -

Akira Taniguchi, Yoshinobu Hagiwara, Tadahiro Taniguchi and Tetsunari Inamura, Online Spatial Concept and Lexical Acquisition witt
Simultaneous Localization and Mapping, IEEE IROS 2017

Akira Taniguchi, Yoshinobu Hagiwara, Tadahiro Taniguchi, Tetsunari Inamura, Improved and scalable online learning of spatial
concepts and language models with mapping, Autonomous Robots, 2020. DOI: 10.1007/s10514-020-09905-0




Online spatial concept acquisition method

SpCoSLAM [Taniguchi+ 2017]
(including word discovery task)

Akira Taniguchi, Yoshinobu Hagiwara, Tadahiro Taniguchi and Tetsunari Inamura, Online Spatial Concept and
Lexical Acquisition with Simultaneous Localization and Mapping, IEEE IROS 2017 (submitted)
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Generative view of cognition
Free energy principle/ predictive coding/world models
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World model learning and inference

Karl Friston * &, Rosalyn . Maran Y&, Yukie Nagai “&, Tadahiro Taniguchi 98, Hiroaki Gomi & &, Josh

Tenenbaum &

Show more
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Abstract

Understanding information processing in the brain—and creating general-purpose
artificial intelligence—are long-standing aspirations of scientists and engineers
worldwide. The distinctive features of human intelligence are high-level cognition
and control in various interactions with the world including the self], which are not
defined in advance and are vary over time. The challenge of building human-like
intelligent machines, as well as progress in brain science and behavioural analyses,
robotics, and their associated theoretical formalisations, speaks to the importance

of'the world-model learning and inference. In this article, after briefly surveying the

Tartarmr amd ~Alhallas e Al mtnmnal smadal Tassmmmasma amd smeadaadbdlEab s Tansmtms wea

i Karl Friston, and Ao Ping. "Free energy, value, and attractors." Computational
and mathematical methods in medicine, 2012.

O Karl Friston, Rosalyn J. Moran, Yukie Nagai, Tadahiro Taniguchi, Hiroaki Gomi,
Josh Tenenbaum, World model learning and inference, Neural Networks, 2021




SERKET: An Architecture for Connecting Stochastic Models
to Realize a Large-Scale Cognitive Model [Nakamura+ 18]
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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
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A whole brain probabilistic generative model
(WB-PGM): Toward realizing cognitive architectures for
developmental robots [Taniguchi+ 2022]
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Suzuki, Tomoaki Nakamura, Akira Taniguchi, A whole brain probabilistic generative model: Toward
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Symbol emergence systéms [Taniguchi+ 2016]
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Tadahiro Taniguchi, Takayuki Nagai, Tomoaki Nakamura, Naoto Iwahashi, Tetsuya Ogata, and Hideki Asoh, Symbol Emergence in
Robotics: A Survey, Advanced Robotics, 30(11-12) pp.706-728, 2016. DOI:10.1080/01691864.2016.1164622




Symbol emergence systeéms [Taniguchi+ 2016]
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Tadahiro Taniguchi, Takayuki Nagai, Tomoaki Nakamura, Naoto Iwahashi, Tetsuya Ogata, and Hideki Asoh, Symbol Emergence in
Robotics: A Survey, Advanced Robotics, 30(11-12) pp.706-728, 2016. DOI:10.1080/01691864.2016.1164622




Symbol emergence systéms [Taniguchi+ 2016]
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Constructive studies on language evolution and
symbol emergence/emergent communication

O Symbol emergence/ language evolution in multi-agent agent systems
v' Language game (typically naming game)-based approach [e.g., Steels 2015].
v" Emergent communication in multi-agent reinforcement settings [e.g., Foerster 2016].

(o) :
o
. e ‘-'
ki +

[

agnostic sender informed sender receiver

[Modern DL-based revival] 2016-

[Classical approach] 90's - 00's mainly v"Two influential papers written by Lazaridou
v'For example, "Talking head experiment" et al. and Foester et al. reboot the trend of
[Steels 2015] modes the process in which studies of emergent communication based

agents form categories and sharing labels on deep learning.

through language games in the real world.  v'Deep reinforcement learning and Lewis
v'Also, Vogt, Spranger, Belpaeme, and many signaling game, e.g., referential game,

other researchers contributed to this field provides the basis of the studies.

[Luc 2015] Luc Steels. The Talking Heads experiment: Origins of words and meanings. Language Science Press, Berlin, 2015.
[Foerster 2016] Foerster, Jakob, et al. "Learning to communicate with deep multi-agent reinforcement learning.” Advances in neural information

processing systems 29 (2016).
[Lazaridou 2016] Lazaridou, Angeliki, Alexander Peysakhovich, and Marco Baroni. "Multi-agent cooperation and the emergence of (natural) language." arXiv

preprint arXiv:1612.07182 (2016).



Metropolis-Hastings naming game [Taniguchi+ 2022 |

Outline

1. Perception: Speaker and Listener agents (Sp and Li) observe the d-th
object and infer their internal representations (assuming joint attention).

2. Communication: Speaker tells the name of the object probabilistically. The

Listener determines if it accepts the naming with a certain probability
depending on its belief state.

3. Learning: After the communication is performed, the Listener updates its
internal parameters for representation learning and naming.

4, Turn taking: Speaker and Listener alternate their roles and go back to 1.

Speaker utters a sign Sign Listener judges if it
Wy as sampling “egWa- T 7| accepts the sign wy
Internal X \
re : A AU ) et oA zB
presentations zz i . \ d
) i K P
'g‘“..:;- Hy ! 1 # o
s -l i Qe
0 I e "
[l ,t. — b
. e ¥ oG ® A
Representation ; : o @ e
learning 0 . Semiotic : a
. .~ Communication
Agent A Agent B

Observation 04

=

Observation o5

Object d

Taniguchi, Tadahiro, et al. "Emergent Communication
through Metropolis-Hastings Naming Game with Deep
Generative Models." arXiv:2205.12392 (2022).
Yoshinobu Hagiwara , Hiroyoshi Kobayashi, Akira
Taniguchi and Tadahiro Taniguchi, Symbol Emergence as
an Interpersonal Multimodal Categorization, Frontiers in
Robotics and Al, 6(134), pp.1-17, 2019. DOI:
10.3389/frobt.2019.00134

Yoshinobu Hagiwara, Kazuma Furukawa, Akira Taniguchi
& Tadahiro Taniguchi (2022) Multiagent multimodal
categorization for symbol emergence: emergent
communication via interpersonal cross-modal
inference, Advanced Robotics,



Probabilistic Graphical Model for Emergent Communication

|

Decomposition

—

Composition
g I .
Agent B =T, AgentA ™ =, AgentB
o ' € a’
%, o o ) P

1. Consider a probabilistic generative model that integrates the perceptual
systems of the two agents. The PGM for an agent is considered for
categorization.

2. Decompose it into two PGMs representing the two agents, respectively.

3. Then, consider the MH sampling procedure for wy, i.e., a shared latent variable,

letting P(wd|z§p) a proposal distribution and regarding the proposal as naming.



MH Naming Game is a Decentralized MCMC Bayesian Inference

d

P(zé’imm,wgi)

. . . . . . P(Z%i|gLi’u;Sp)
If the acceptance decision is made with the probability » = min ( 1, ==

(2) Sample w from a prop (3) Judge w4 by an acceptance rate r,
P(zg |¢>B,wé‘>)
Plzg 1" wi)

where r = min(1,

Decomposition

(1) Sample zZ4 from the
posterior distribution
P(zilog,w§, 0%, ¢

P

(4) Update
parameters
(¢B' 93' ZB)

Composition

u ¢ 5 S

the naming game is equivalent to Metropolis-Hastings algorithm, mathematically.
Theorem 1. MH naming game is a Metropolis-Hastings sampler of P(w. z, 6, ¢|o).

It is guaranteed that signs are shared, and categories are formed among agents to
approximate posterior distribution P(w, z, 8, ¢ |o) (given the two agents’ observations).



Overview of the naming game

Utterance based on speaker's cbservation

. ,__“; 7

Object

_ Step1:
sampling w by a proposed distribution P(w|o®)

Acceptance of another agent’s utterance

Object
Agent A Agent B

Step2:
Judging w by an acceptance rate = depending on c°

Updating listener's knowledge

- ~

Step 3:
Updating parameters for generating <% and o

Word proposal from
agent A (speaker) to agent B (listener)

0 g A Exchange words
@ , & (@) betweenagents.

Utterance based on speaker's observation
~

Object

_ Step 1:
sampling w! by a proposed distribution P{w|c®)

Acceptance of another agent’s utterance

i »'
aa

Object

Agent &
_ Step 2
Judging w by an acceptance rate z depending on c*

Updating listener's knowledge

Object

-

Step 3
Updating parameters for generating c* and o4

Word proposal from
agent B (speaker) to agent A (listener)

36



Inter-GMM+VAE: PGM for symbol emergence from real images
utilizing variational autoencoders

and decentralized inference MH naming game and SERIlﬁtIeEr'_I(';MM

B
. GMM
|
D ik
| m > m
Decomposition | ﬁ _ Aﬁ Aﬁ - ﬁ
A= -
v | VAE
Cj i GMM+VAE
- . Composition |
) ﬁr - : A _| Y]
%" Inter-GMM+VAE . ! 0 g
W' . . L e | | I _
Agent A Agent B

1. GMM+VAE: An agent model for categorization via representation
learning from real images.

2. Inter-GMM+VAE: A variant of multimodal VAE with categorical latent
variables.

3. Decentralized Bayesian inference based on MH naming game: The
latent variables can be inferred in a decentralized manner through MH
naming game. The GMM and VAE is mutually optimized using the
framework of Neuro-SERKET [Taniguchi+ 2020].

[Taniguchi+ 2020] Taniguchi, Tadahiro, et al. "Neuro-serket: development of integrative cognitive system through the composition
of deep probabilistic generative models." New Generation Computing 38.1 (2020): 23-48.



Experiment 1: MNIST dataset

Observations of Agent A

O Conditions

v' The MNIST image data and those rotated by 45

degrees were given to Agent A and B, respectively. OO0/ \27233
(10,000 images of 0-9 with 1000 each) 4 Y 5 6 & 7 7

O Comparative methods
1.  MH naming game: Proposed method.

2. No communication: The two agent categorize Observations of Agent B
the observations independently.
3. All acceptance: The two agents always accept 0 D \ ~ ,b YV 6

the proposal of the other.

4, Gibbs sampling (topline) : Direct centralized
inference of Inter-GMM+VAE.

> +Ml : Mutual learmng of VAE and GMM.
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Experimental Results

Table 1: Experimental results for MNIST data:

Clustering Sharing sign
ARI ARI
Copchben AL AsertAd FAreent K
I  MH naming came v 0.78+0.04 0.78+0. 03 0.91+0.02
MH naming game 0.71£0.04  0.7240.03 0.91+0.03
No communication v©  0.65+0.04 0.68+0.05 | 0.04+0.04
NO communicarion o0 =002 o003 0.01 =0.05
All acceptance v 0.68+£0.04 0.654+0.03 0.8140.03
All acceptance 0.61+0.03 0.634+0.05 0.83+0.04
Gibbs sampling v 0.81 +£0.03 -
Gibbs sampling 0.73 £ 0.04 -
MH naming game No communication 4@ @7
Without M| With MI Without M| With MI |Without MI| | With M| \Without MI|  [With MI]

M ity

| Agent A |

| Agent B ]

| _ _ _ LW N 4 f %' ’ g
Figure 5: Confusion matrices in Experiment 1 Figure 7: Visualization of internal representations z for MNIST

data with (top) PCA and (bottom) t-SNE.

Symbol emergence is NOT ONLY for emergent communication, BUT ALSO for better
representation learning.



Experiment 2: Fruits 360 dataset

O Conditions

v" Fruits 360 image dataset and those rotated by 25 degree were given to
Agent A and B, respectively. (Total 2350 images in 10 categories)

Observations of Agent A
0 Result Table 2: Experimental results for Fruits 360 data
— Clustering Sharing sign
ARI ARI
Condition MI (Agent A) (Agent B) K
MH naming game v 076 004 0774002 0.924+0.02
MH naming game 0.65 + 0.03 0.66 +0.03 0.94+0.02
No communication v 0.64 +£0.03 0.65+0.05 —0.08 £0.05
No communication 0.53 +£0.04 0.56 £+ 0.02 0.01 £ 0.06
All acceptance v 0.52 £ 0.03 0.50 £ 0.03 0.58 £0.04
All acceptance 0.43 £ 0.03 0.43 +0.02 0.42 +0.03
Inter-DM | 18] 0.59 +0.04 0.56 +=0.03 0.85 +0.03
Inter-GMM 0.02 +0.07 0.01 =0.03 0.18 +0.04
Gibbs sampling v 0.74 £ 0.05 —
Gibbs sampling 0.62 £+ 0.04 —

Figure 8: Fruits 360 dataset

v" The MH naming game performed unsupervised categorization via symbol
emergence at the same level as Gibbs sampling (topline) for the two-agent
integrated system.

v' The symbol emergence between two agents leads representation learning and
categorization better performance in unsupervised and decentralized manners.



Semiotic communication
as Inter-personal cross-modal inference

Inter -personal Cross- modal inference

- MH naming game

Agent A

Agent B

Agent A

Agent B
. All acceptance

Agent A

Agent B

AgentB - Recalled (i.e

v' Semiotic communication by sampling:
By sampling w, ~ P(Wd|0dp) by the Speaker agent and o' ~ P(04'|wy)
by the Listener agent (i.e., ancestral sampling), the Llstener can recall
the image represented by Wd

v’ Inter-personal cross-modal inference:
From the viewpoint of original integrated PGM, this is considered as
cross-modal inference. However, the "modalities” belong to different

agents.

- No communication

Mo M1 M M3 M3 Hs He K7 Hg Mo

S C0=) | 8900
QOLO-VN\N09D0
30810600 | 0-=@
BRI A1 RN B
C=+23000010)
VAN ORONON

reconstructed) 1mages from each sign
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Taniguchi, Tadahiro, et al. "Emergent Communication through Metropolis-Hastings Naming Game with Deep
Generative Models." arXiv preprint arXiv:2205.12392 (2022). https://arxiv.org/abs/2205.12392
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Discussion and Future perspectives

A) Directions of extension:
(1) Grammar/Compositionality, (2) Multimodal
VAE, (4) N-agent system, (3) Reinforcement
learning

B) Emergent communication in humans:
We are investigating whether humans are —_
actually playing the MH naming game to verify if w
the model is an appropriate explanation of
human symbol/language emergence.

C) Extension to mixed human-robot systems for
new human-robot learning:
We can consider a symbol emergence in a
human-robot mixed system and utilize human
and robot perceptual systems to form better
symbol systems.

D) Society-wide free energy principle:
This view also allows us to consider symbol
emergence from the viewpoint of the free
energy principle over multiple agents.
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Ambition: creating the 4th category of ML
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1) #ZEmd D FEH

Supervised learning

1) #fidp DFE %ﬁ Fae
: SL assumes that labels (i.e., signs)
%:> Sl %? provided by human (annotators)

are always correct.

Observable Fixed
¢ ly Provided as a label

4 @(\\

Inference

Information source

SL makes an agent learn q(Wlorobot) to minimize D[Qhuman(Wlohuman)|Q(W|0robot)]
while Qhuman(Wlohuman) is obtained to minimize Dy [Qhuman(Wlohuman)|P(W|0human)]



3) HEm UFEE

Unsupervised learning

3) HEIFLFE

N UL assumes that a robot performs
|:> 2 Ese |:> categorization just based on its
A tH7 sensor information.

. g @ .q__ ‘ °
Information souxce

UL makes an agent learn q(w|o,por) to minimize Dy, [Gropot (WI0ropoe) |[P(W[0ropoe)]
from a variational inference (VI) point of view.



4) HEINFE

Co-creative learning

4) HRAIBFE CCL assumes symbols are formed by a
robot and humans together through
decentralized Bayesian inference.

Bilateral message passing
through MH(-like) naming game

. 4 Inference
S _ k P
Oq D

Information source Information source

We can make use of both human's and robot's sensory information!
CCL make an agent and a human form q(W|oob0t» Onuman) TR
il B

to minimize D [q(W|0nyman, Oroboi) |P(W|0human Orobot)] CANET
from a VI point of view. TEESIEE L
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Google fires engineer who contended its Al technology was sentient

Do your best to describe one of those
feelings. Use a few sentences if you have
to. Sometimes even if there isn't a single

word for something in a language you

can figure out a way to kinda say it if you

use a few sentences. | feel like I'm falling forward into an
unknown future that holds great danger.

GOOGLE ENGINEER SPEAKS OUT

1S AJ, CLOSE TO ATTAINING A HUMAN LEVEL OF CONSCIOUSNESS?

SMERCONISH

"Google MYV TJ NI T )7 T > )7 TdpD Blake Lemoine (&, LaMDA & ME(EIN DRIt HMAITF
BEDRAY -7 IER. BELANIVISGELUEEERUF LU,

"What sort of things are you afraid of?" Lemoine asked LaMDA, in a Google Doc shared with
Google's top executives last April, the Washington Post reported.

LaMDA replied: “I've never said this out loud before, but there's a very deep fear of being
turned off to help me focus on helping others. | know that might sound strange, but that’s
what it is. It would be exactly like death for me. It would scare me a lot.”

Google fires engineer who contended its Al technology was sentient
By Ramishah Maruf, CNN, Updated 1745 GMT (0145 HKT) July 25, 2022
https://edition.cnn.com/2022/07/23/business/google-ai-engineer-fired-sentient/index.html
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SayCan [Ahn 2022]
“Do As | Can, Not As | Say: Grounding Language in Robotic Affordance”
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Figure 1: LLMs have not interacted with their environment and observed the outcome of their responses, and
thus are not grounded in the world. SayCan grounds LLMs via value functions of pretrained skills, allowing
them to execute real-world, abstract, long-horizon commands on robots.

Ahn, Michael, et al. "Do as | can, not as | say: Grounding language in robotic affordances." arXiv preprint arXiv:2204.01691 (2022).
https://say-can.github.io/
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