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Press, Oxford. 2016
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CLARION

Hybrid cognitive architecture

- Symbolic representations
- Connectionist representations

Four sub-systems

- ACS - Action-centred subsystem

- NACS - Non-action-centred subsystem
- MBS - Mativational subsystem

- MCS - meta-cognitive subsystem

ACS |

NACS

action—centered
explicit representation

non-action—centered
explicit representation

T

L

action—centered implicit
representsation

non-action—centered
implicit representation

=

He~

goal structure

reinforcement '—

drives

MS

goal setting

filtering

selection
regulation

MCS



All four subsystems have two levels of
knowledge representation

- Implicit connectionist bottom level
- Explicit symbolic top level

- Implicit and explicit levels interact and
cooperate both in action selection and in
learning

Able to learn with or without a priori domain-
specific knowledge

Able to learn continuously from on-going
experience
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Action-centred Subsystem [ACS)

- Controls actions

External physical movements

Internal mental operations

CLARION
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CLARION

Action-centred Subsystem [ACS)

Given some observational state, i.e. a set of
sensory features x

* The bottom level evaluates the desirability [“quality”)
of all possible actions

O, ap), Q(x, ay), ..., O, a,)

* The top level identifies possible actions from a rule
network
based on the input x sent up from the bottom level

(b, by, ..., b,)
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CLARION

Action-centred Subsystem [ACS)

- The bottom-level actions a; and top-level actions b,
are compared and the most appropriate top-level
action b is selected

— Action b is performed and the outcome is observed

* The next state y and (possibly] a reinforcement r are
determined

* The Q values at the bottom level are updated using the
(-Learning-Backpropagation algorithm

* The top-level rules are also updated using the Rule-
Extraction-Refinement algorithm

— This process continues indefinitely
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CLARION

Action-centred Subsystem [ACS)

- The bottom level comprises several modules of small
neural networks

* Each adapted to a distinct sensory modality or task

* These modules can be developed by the system

- based on experience (i.e. though ontogenesis)
through trial-and-error exploration

- orthey can be specified a priori and hard-wired into the
cognitive architecture (i.e. as the system phylogeny)
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CLARION

Action-centred Subsystem [ACS)

- Inthe top level, explicit symbolic conceptual
knowledge is captured in the form of symbolic rules

- Explicit knowledge can be learned in several ways

* Independent experiential hypothesis-testing learning

* Mediation of implicit knowledge: bottom-up learning ...
Autonomous Generation of Explicit Conceptual
Structures
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CLARION
Action-centred Subsystem [ACS)

- The implicit bottom level & the explicit top level
representations
interact to effect bottom-up learning

- If an action selected by the bottom level is successful

* the system extracts an explicit rule that corresponds
to the sensory features and the selected action

e adds the rule to its top level rule network
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CLARION

Action-centred Subsystem [ACS)

- The system subsequently verifies the extracted rule
by considering the outcome of applying the rule

* |fthe outcome is successful, the rule is generalized
(made more universal and applicable to other
situations)

* |fthe outcome is unsuccessful, the rule is refined
(made more specific and exclusive of the current
situation)

- I.e. autonomous generation of explicit conceptual
structures by exploiting implicit knowledge acquired
by trial-and-error learning
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CLARION

Action-centred Subsystem [ACS)

- Assimilation of externally-given conceptual
structures

* Internalizing externally-provided knowledge in the
form of explicit rule-based conceptual structures
with existing conceptual structures at the top-level

* Assimilating these into the bottom level implicit
representation ... top-down learning
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CLARION

Non-Action-centred Subsystem [NACS) acs| MG
= action—centered non-action—centered
. . , explicit representation explicit representation
- Maintains the system’s general knowledge y I
o . . . aclion—ccntgred implicit 'rlonfaytion—cenlercq —_—
* Implicit knowledge in connectionist form — represenisation implicit representation
- Associative memory networks [mapping input to output) =
I ) I )
e Explicit knowledge in symbolic form
. " reinforcement
- A network of nodes goal structure ——
goal setting
- Each node corresponds to an entity-specific chunk drives ] filtering
oc rives selection
comprising o regulation
» an entity identifier (e.g. table_1) — e

»  avector of feature dimensions / feature value
pairs (e.g. (size, large] ... (colour, white),
(number_of_legs, 4])



CLARION

Non-Action-centred Subsystem [NACS)

- Maintains the system’s general knowledge

* The feature values are represented by nodes in the bottom
level associative memory

e Chunks are linked through association rules

- Both bottom-up and top-down learning can take place

*  Extract explicit knowledge in the top level from the implicit
knowledge in the bottom level

* Assimilate explicit knowledge of the top level into implicit
knowledge in the bottom level

ACS |

NACS

action—centered
explicit representation

non-action—centered
explicit representation

T

L

action—centered implicit
representsation

implicit representation

goal structure

reinforcement '—

non-action—centered E——

drives

goal setting

filtering

selection

MS

regulation

MCS



CLARION

Motivational Subsystems [MS)]

- Provides

The drives that determines what the agent does

Evaluates the feedback
(were the outcomes of an action satisfactory or not)
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CLARION

Motivational Subsystems [MS)]

- Provides the ACS with goals derived from

* Low-level drives concerning physiological needs (e.g.
need for food, need for water, need to avoid danger,
need to avoid boredom, ...)

e High-level drives (e.g., desire for social approval, desire
for following social norms, desire for reciprocation,
desire for imitation of other peoplg, ... )

- Primary hard-wired drives (cf. Maslow’s hierarchy of
needs)

- Secondary derived drives (changeable, acquired mostly
in the process of satisfying primary drives)
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Maslow’s Hierarchy of Needs

morality,
creativity,
spontaneity,
problem solving,
lack of prejudice,

acceptance of facts

Self-actualization

self-esteem,
confidence, achievement,
Esteem respect of others, respect by others

. friendship, family, sexual intimac
Love/Belonging / - 1amiy g \

security of body, of employment, of resources,
of morality, of the family, of health, of property

Safety

Physiological

https://commons.wikimedia.org/wiki/File:Maslow%27s hierarchy of needs.svg
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CLARION

Meta-cognitive Subsystem (MCS]

Monitors, regulates, and modify the overall behaviour
of the cognitive system to improve cognitive
performance

* By setting goals for the action-centred subsystem

* By setting essential parameter values the action-
centred and non-action-centred subsystems

* For example, setting reinforcement functions

e (an be achieved by setting drive states in the
motivational subsystem

Also comprises a top level (explicit) and bottom level

(implicit)
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I. Kotseruba and J. Tsotsos. 40 years of cognitive architectures:
core cognitive abilities and practical applications. Artificial
Intelligence Review, Vol. 53, No. 1, pp. 17-94, 2020.

K. Kawamura, S. M. Gordon, P. Ratanaswasd, E. Erdemir, and J. F. Hall.
Implementation of cognitive control for a humanoid robot. International
Journal of Humanoid Robotics, 5(4):547-586, 2008.
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I. Kotseruba and J. Tsotsos. 40 years of cognitive architectures:
core cognitive abilities and practical applications. Artificial
Intelligence Review, Vol. 53, No. 1, pp. 17-94, 2020.
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ISAC
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ISAC

Cognitive behaviour is achieved through the interaction
of several agents

- The CEA is responsible for cognitive control

- Invokes the skills required to perform some given
task on the basis of the current focus of attention
and past experiences

- The goals are provided by the
Intention Agent

- Decision-making is modulated by the
Affect Agent
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Normally, the First-order Response Agent (FRA)
produces reactive responses to sensory triggers
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First-order Response Agent (FRA)
is also responsible for executing tasks
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When a task is assigned by a human,

the FRA retrieves the skill from procedural memory ISAC
in LTM that corresponds to the skill described in the
task information N\
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It then places it in the WMS as chunks along with

the current percept |SAC

\
\ Goals & |
rv 'A| Attention Motivation |
Perceptual Network . I
: Age Intention
I Agent |
I | Cognitive 1
| | Control & [
Reflection
! |
! Affect |
I Central Agent |
I Executive |
Agent N—
' ZANEEN
( Activator Agents : D :
Arm Agent | Internal |
Rehearsal
Head Agent | System I
C] Hand Agent |
‘ /
Long-Term
Memory




The Activator Agent then executes it, suspending

execution whenever a reactive response is required
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If the FRA finds no matching skill for the task, the

Central Executive Agent takes over
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Recalls from episodic memory past experiences and
behaviours that contain information similar to the |SAC
current task
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Select a behaviour-percept pair,

based on the current percept in the SES, |SAC
its relevance, and the likelihood of successful

execution as determined by internal simulation
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This is then placed in working memory and the

Activator Agent executes the action

Perceptual
Agents

ﬁCi>

Activator Agents 7

Arm Agent

Head Agent

ISAC

First-Order
Response
Agent

Hand Agent

)

y ' A| Attention
Network

Long-Term
Memory

Cognitive
Control &
Reflection

Central
Executive
Agent

Internal
Rehearsal
System

Goals &
Motivation

Intention
Agent

frd

Affect
Agent

=

Semantic
Memory

Episodic
Memory

-

M - e e e - - ———————



Reading

D. Vernon, Artificial Cognitive Systems - A Primer, MIT Press, 2014; Chapter 3, Sections 3.4, 3.5, pp. /5-83.

D. Vernon, C. von Hofsten, and L. Fadiga, A Roadmap for Cognitive Development in Humanoid Robots, Cognitive Systems
Monographs (COSMQOS), Springer, 2010; Appendix A:

A.3.6 (CLARION]

D. Vernon, "Cognitive Architectures", in Cognitive Robotics, A. Cangelosi and M. Asada (Eds.]), MIT Press, Chapter 10, 2022,
Section 10.6.2.



Further Reading

K. Kawamura, S. M. Gordon, P. Ratanaswasd, E. Erdemir, and J. F. Hall. Implementation of cognitive control for a humanoid robot.
International Journal of Humanoid Robotics, 5(4):547-586, 2008.

R. Sun. The CLARION Cognitive Architecture: Toward a Comprehensive Theory of the Mind. The Oxford Handbook of Cognitive
Science, S. Chipman (Ed.), 2017.

R. Sun. The importance of cognitive architectures: an analysis based on CLARION. Journal of Experimental & Theoretical Artificial
Intelligence 19(2), 159-193, 2007.



Recommended Videos

These and other short videos on cognitive architectures can be found at the
2021 TransAIR Workshop on Cognitive Architectures for Robot Agents

https://transair-bridge.org/workshop-2021/

Current Capabilities, Future Enhancements,
and Prospects for Collaborative Development

TransAIR
Virtual Workshop

2nd-28th March 202

Yiannis Aloimonos, University of Minoru Asada, Osaka University: Tamim Asfour, Karlsruhe Institute of Angelo Cangelosi, University of

Maryland: Minimalist Cognitive Affective Architecture: Pain, Technology: ArmarX - A Robot Manchester: Developmental Robotics

Architectures (Video) Empathy, and Ethics (Video) Cognitive Architecture (Video) - Language Learning, Trust and
Theory of Mind (Video)

Yiannis Demiris, Imperial College Kazuhiko Kawamura, Vanderbilt Jeffrey Krichmar, University of Sean Kugele, University of Memphis:

London: Cognitive Architectures for University: Cognitive Robotics and California: Neurorobotics: The LIDA Cognitive Architecture - An

Assistive Robot Agents (Video) Control (Video) Connecting the Brain, Body and Introduction with Robotics
Environment (Video) Applications (Video)

John E. Laird, University of Michigan: ~ Tomaso Poggio, Massachusetts Helge Ritter, Bielefeld University: Matthias Scheutz, Tufts University:
The Soar Cognitive Architecture: Institute of Technology: Circuits for Collaborating on Architectures: The DIARC Architecture for
Current and Future Capabilities Intelligence (Video) and ives (Video) ive Robots
(Video) (Video)

Alessandra Sciutti, Istituto Italianodi  Ron Sun, Rensselaer Polytechnic Agnieszka Wykowska, Istituto Italiano
Tecnologia: A Social Perspective on Institute: Clarion: A comp i di Tecnologi isms of Human
gniti i (Video) i it hi ition in ion (Video)

Video)



