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Abstract: This paper adopts the Global Workspace Theory as a neuro-scientifically plausible theory for
developing conscious cognitive architecture. The Global Workspace Theory’s compatibility with the
working mechanisms underneath human brains is enhanced by the implementation of different cognitive
features based on this framework. Amongst the topics in the literature for intelligent systems, we start with
attention, memory and learning mechanisms, and corresponding experiments are summarized here. We also
discuss how other topics of cognitive robotics could be developed based on these three basic components,
and their correlations. This provides a foundation for future long-term development of cognitive
architectures of cognitive robots. The research in this paper follows the incremental research pathway for
the architecture implementation, which is consistent with the Biologically Inspired Cognitive Architecture
roadmap.
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1 Introduction

Artificial intelligence is the ambition of all
researchers to achieve human-level intelligence in
machines. Taking us humans as the best intelligence (as
we understand) on this planet, building machines
according to theories inspired by human brains becomes
a prevailing and powerful approach!™), which is called
the Biologically Inspired Cognitive Architecture (BICA)
challenge. In the work of Samsonovich'* a roadmap for
this challenge is explained. Sharing the same concern
and approach, machine consciousness aims to reproduce
consciousness-related cognitive activities from human

brains. This is motivated by the fact that consciousness
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is a key feature of human intelligence.
In this paper, the authors tend to introduce their
GWT-based

implementations. Through this, readers are expected

previous work on architecture
to understand the basic ideas behind authors’
incremental research. In Section 2, works incorporating
attention, episodic memory and continual learning
based on the adopted theory are summarized,
demonstrating their achievements with GWT-based
cognitive architecture. By this, we define how these
three mechanisms are implemented in the architecture.
After this, we discuss other key features of human
cognition and their relations to the three implemented

mechanisms in Section 3. The discussion shows that
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the authors’ research focuses are also consistent with
the roadmap for BICA in [4]. Finally, the significance
of building cognitive architectures based on GWT is
re-stressed, and the possible future work to
implement more cognitive features based on the

developed architecture is discussed.
2 Global workspace theory

The review paper conducted by Reggia" and the
chapter on Robots and Machine Consciousness edited
by Chella'® provide a general picture of the major
research questions in machine consciousness.
However, no conscious machine has been identified
so far in any attempted implementations. Huang et
al” summarized three reasons for this, including
individual-dependent definitions of consciousness,
isolated research focuses and vague validation criteria.
As suggested by them, work coping with any of these
three problems is appreciated for its contribution to
the research community. From the authors’
perspective of engineering, breaking the isolation
between different research focuses would shed light
on achieving human-level intelligence with the whole
cognitive system. For this purpose, Global Workspace
Theory (GWT)™! is adopted as the basis for a series
of works. This theory was proposed by [9-10] and a
prototype of GWT-based architecture is illustrated in
Fig. 1. From this structure, the whole brain consists of
different specialist modules running in parallel. These
specialists are domain-specific processors such as
vision, hearing, motor, language, desire and so on. To
coordinate the functioning of the whole brain, there is
a global workspace node. To gain access to this node,
all specialists forward domain signals and compete
with each other based on corresponding salience
values. At any time, only one domain-specific signal
can enter the workspace node. After that, this signal is
broadcast to all other specialist modules, making the
whole brain work on this stimulus and demonstrate

consciousness. Thus, instead of focusing on certain

mechanisms or functionalities that are correlated to
consciousness in human brains, GWT emphasizes
that consciousness towards a certain stimulus arises
only when the stimulus gains exclusive access to the
global workspace node and is broadcast to all

specialist modules.

Parallel Unconscious
Specialist Processes
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Global Workspace
Fig. 1 The prototype of GW model illustrated in [11]

This theory has been studied by many researchers
in neuroscience, psychology and computer science. With

different validated the
[12-15]

motivations, they either

plausibility of this theory to human brains or
testified to the feasibility of exploiting this theory in
computing systems for achieving human-level cognitive
agents''"'*"*]_ These studies strongly support the authors’
development of cognitive architecture based on the
theory. Though the general architecture is defined by GWT,
researchers are confronted with narrower challenges in
fleshing out the specialist modules. To do this, it is
always questioned what modules and corresponding
mechanisms should be implemented, as it is not feasible

to make a complete list of them in human brains.
3 Cognitive architecture development

In this paper, we present an incremental cognitive
architecture for consciousness based on the GW model.
This aims to build and integrate a series of modules
corresponding to basic functionalities contributing to
machine consciousness!'”. In particular, we first focus
on modelling the mechanisms of selective attention,
episodic memories, and continual learning within the
same GWT framework. In the sub-sections below, three
modelling and experimental works on the corresponding
topics are summarized and discussed, which are used as

building blocks of the incremental cognitive architecture.
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3.1 Attention and Consciousness

In [7], the cognitive architecture is adapted from
the prototype in Fig. 1 as illustrated in Fig. 2. Though
this implementation does not strictly observe the
definition of GWT, it focuses on the competing selection
of consciousness access. This work illustrates two
specialist modules, Vision and Hearing, competing with
each other to gain access to the global workspace. The
global workspace node here plays the role of signal
cache, storing and broadcasting the attended information

to other modules.

~ Global

Eye Module Top-down

attention

L gl
Action | Action Signal

local

image speaking
Fig. 2 The prototype of GW model implemented in [7]

The basic idea underneath this implementation is
that attention is closely related to consciousness. The
relation between these two concepts has been studied by
many scientists®*??. In addition, from GWT, the
attention mechanism fits the competing selection for
conscious activities. For validating the general idea of
GWT for conscious cognition, two attention-related

phenomena, attentional blink>>*

nesl

and lag-1 sparing
effect'™’, are replicated in the experiments. The

attentional phenomena are replicated with both
top-down and bottom-up attention streams. This work
shares the same concern with the BICA roadmap in [4]
on attention, awareness, and intentionality.
3.2 Episodic Memory and Consciousness

With the implemented attention mechanism within
the GWT-based cognitive architecture mentioned above,
updates of the structure are inevitable due to certain
limitations. Based on the previous implementation, two

updates are introduced in later work in [26].

Firstly, the whole architecture is reformed to be
more consistent with the definition of GWT as
illustrated in Fig. 3. The new model retains all the key
features of attentional phenomena studied in previous
work. The minor adaptation is that specialist modules
are categorized into three groups according to their
communication ways with the global workspace node as
illustrated by the arrow directions. Another update is the

[27]

incorporation of the episodic memory* "' module.
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Fig.3 The GWT-based cognitive architecture updated in
[26]

The motivation behind this is that the
implementation in [7] can only process the presented
information, which is the working style of many
On the other hand,

memory entitles the agent to respond and use past

artificial models and systems.

experience. For this purpose,
updated

incorporating episodic memory, the agent is capable of

episodic memory is
implemented in the architecture. By
referring to past experiences in memory and fulfilling
inference tasks on those recalled memory traces with

6] Same as the

pre-trained semantic knowledge
previous work, this implementation also falls into the
BICA roadmap in [4] on episodic memory.

The implemented agent shows ability to form
memory into both long-term and short-term based on the
strength of consciousness towards certain information.
During the interactions between the agent and the
environment, the goal motivation and the recalling
effect

of memory play the role of conscious
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enhancement to certain pieces of memory.
3.3 Continual Learning and Consciousness

This part focuses on the learning ability, which is a
basic component of conscious agents to develop
intelligence. In this implementation, which is again
based on the GWT framework, episodic memory and
semantic knowledge are not implemented as individual
modules anymore. The idea is that both of them could
be regarded as certain transformations of information
between different modules. For instance, the memory of
the visual experience is the transformation from a
speech cue to the corresponding experience episode.
Also, knowledge of the name of a visual object
transforms ~ visual  perception into  language
representation. Though they are both integrated into the
transformative processes between different modules, the
distinctions between these two cognitive mechanisms
are retained. Memory is only about the recall of
experience, while knowledge is a generalized usage of
experience. This transformative definition is inspired by
the work of Semantic Pointer Architecture (SPA)**,
The key idea of SPA is the transformation between
different modalities and levels of cognition, which is
illustrated in Fig. 4. The information transformation in
the architecture hinges on the conceptual semantic
pointer (SP) which is a low-dimension representation.
This SP is connected to other SP in various modalities.
Through the SP in perceptual modules, the conceptual
SP is associated with high-dimension representations
from the perceptual modules as well. For instance, In
Fig. 4, the concept DOG could be transformed into other
concepts in semantics and sensorimotor representations.
On the contrary, sensorimotor representations can be
transformed into semantic representations. Thus, three
kinds of transformation could be summarized in this
architecture, namely compression, decompression and
within-semantics. Amongst them, for our interest, the
compression and decompression transformations are
inspiring as they are quite compatible with our
definitions of memory and knowledge, though with

differences in implementation from SPA.

[“is a vertebrac”

“breathes”

“is a mammal”

Definition of
Vlsual SP| Tactile SP Auditory SP! Symbols
i LBITE O Neural pop. in hierarchy
O — Neural transformation

................ D Neural representation

Related 3 "D SP Semantic Pointer
Concept E

Perceptual Simulation
Fig. 4 Transformation diagram of concept DOG in

Semantic Point Architecture®

Inspired by SPA, modules in this model
communicate with others via transformations via the
Global Workspace.

knowledge are

In this case, memory and

implemented as transformations
between different modules, rather than individual
modules. In Fig. 5, we focus on the interactions
between modules vision, hearing, motor and speech
with the coordination of Global Workspace. In this
model, all modules are in bi-direction connected with
the global workspace node. By this, it emphasizes
that the information transformation between modules
is bi-direction. The implementations of vision and
hearing have been enriched compared to our previous
model in the subsection. A sophisticated visual

attention mechanism is incorporated.

Vision Hearing

® @

Fig. 5 The structure of the model

In addition, in the hearing module, the continual
learning scheme is integrated. By implementing the
continual learning scheme, the agent is expected to
react to not only the present stimuli but also the

stimuli in past. Moreover, continual learning

approaches aim to reduce the memory burden but

retain the learning performance of the Al system>’>],

During learning, the agent associates perceived visual

information with the language inputs, while
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dynamically maintaining its memory based on the
importance of knowledge.

In summary, motor and speech modules enable
the robotic agent to engage in physical interactions
with human peers. The vision part is implemented as
a receptor and pre-processor of visual stimuli, without
a learning process. The focus of our new model is on
learning associations from visual stimuli to auditory
ones. This is not only achieved by the continual
learning scheme of memory replay but also by the
attention mechanisms implemented before. The
attention mechanism within this Global Workspace
framework enables the agent also to automatically
filter the information to be learnt, demonstrating the
capability of autonomous learning™! in interaction at

a beginning stage of intelligence. This work suggests

the reciprocal relations between memory and learning.

Also, the association learning in this GWT framework

takes the conscious perception as a pre-requisite.

4 Discussion

In the first experimental study revisited in the last
section, the focus is on the GWT architecture at the
minimal level. The attention mechanism is employed to
support the competing selection process for certain
information to enter consciousness. Thus, it contributes
basically to grounding the research basis of GWT for the
later development of richer cognitive architectures. The
second study on episodic memory is initially motivated
by the limitation of the previous model concerning the
width of cognitive behaviors. The study by [34] also
indicates the relation between episodic memory and
consciousness from a psychological perspective.
Following this, the learning capability in a continuous
manner is another basic component of cognitive agents
to expand experience and knowledge. To summarize
these works together, they indicate that the cognitive
architecture based on consciousness should span along
both time and modality dimensions. In other words, a

conscious cognitive agent is expected to process

information of different modalities from past, current
and even future time.

However, the updated implementation of the
GWT-based architecture is still far from human-like
intelligence. All those mechanisms implemented so far
have significant space to improve. For the attention
mechanism, sophisticated top-down and bottom-up
attention streams are required for rich cognition. This
depends on different modules to modulate the
unconscious as well as conscious behaviors of the agent.
As for the memory part, the debate of semantic and
episodic memory is always there. Though it is open to
implementations, experiments with more complicated
data and the interactive environment for agents should
be studied to enhance the feasibility of the
transformative implementation presented in this paper.
In addition, the authors suggest a wider scope for
continual learning in this paper at the agent-system level.
It is proposed here two continual learning schemes
should be both emphasized. One is the continual
learning impacting the functionalities of only specialist
modules, which is called the accumulation of domain
knowledge. This is partially discussed in Section 2.3.
The other is continual learning of consciousness
interactions between different modules. Babies are
learning what reactions are expected from given stimuli
from the caregivers, thus adjusting their responding
strategies in different cognitive scenarios. For instance,
when a conversation is initialized by the human partner
with the robotic agent, an attention enhancement is
supposed to be imposed on the hearing module of the
agent. Also, this conscious enhancement could be
assigned to different modules in various contexts. A
good example is the eye gaze understanding emerging in
babies’ cognition during 8—12 months®*>%. To interpret
this with the architecture (e.g., Fig. 3), a top-down
attention mechanism is important to coordinate the
conscious activities between different specialist modules,
which has been explained in [7]. However, it is
impossible to manually design a fixed strategy to decide

which module should be enhanced and/or suppressed in
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certain cognitive scenarios when the cognitive
architecture becomes increasingly complicated. Thus, it
requires the agent to learn and adapt its top-down-
enhancement and suppression strategies through
continuous experiences. From the view of engineering,
this aspect of continual learning could also be
implemented within certain specialist modules to be
domain-specific knowledge accumulation. However, the
authors suggest its distinction in its impact on the
coordination of the whole architecture. On the other
hand, these two learning schemes should jointly
contribute to the general knowledge and learner critical
mass proposed in the BICA roadmap in [4].

This discussion of the implementations indicates
two principles for a pathway the cognitive architecture
would evolve for achieving the ultimate goal. Firstly, the
authors emphasize the substrates for high-level
intelligence to emerge more than the comprehensive and
complicated cognitive functionalities. It is believed that
implementing the primitive mechanisms for high-level
cognition in the architecture would eventually benefit
the growth of domain-specific functionalities. Secondly,
the implementation is going through a revision-update
cycle because of the difficulty in defining all necessary
modules and mechanisms for a human-like cognitive
agent. The later step in the incremental implementation
process is motivated by the limitations of the previous
model. This makes the work practical when there is
always a clear sub-goal to achieve and also feasible for

the implementation and validation of sub-tasks.

5 Future Work

5.1 Cognitive Modules

Future work is expected to extend the system with
more modules accounting for different functionalities of
human cognition. Apart from cognitive modules
implemented in the presented works, other sensorimotor
and high-level modules are also key to high-level
intelligence.

One sensorimotor module that could be further

implemented is tactile perception”’). Apart from visual
and hearing perceptions, tactile perception is another
modality important for information understanding,
which includes the detection of temperature, texture,
shape, force, friction, pain, and other related physical

[38-39] another

properties From perspective, one
application of tactile sensors in the robotic system is
used for preventing dangerous injuries during physical

human-robot interaction™”’

. Beyond the understanding
of stimuli, this use of tactile perception further
contributes to interactive intentions in that the robotic
agent can use this information to adjust actions towards
different stimuli. In the physiology of mankind, tactile is
the sensory effect regarded as one kind of homeostasis,
which is defined as the state of steady internal, physical,
chemical, and social conditions maintained by living
systems'*'), Thus, extension to other aspects of
homeostasis, such as internal physical and chemical
conditions is also within this direction. In human
physiology, emotions like anger and happiness, feelings
of thirst and hunger are all closely related to internal
conditions of the body"**. Though robotic agents do not
have the corresponding physiological system, those
features and mechanisms can still be implemented as
cognitive modules in robotic agents to facilitate
behaviors.

Also, the implementation of these would contribute
to other high-level modules, for instance, the goal
module illustrated in the architecture. For instance, the

avoidance of injuries!”

, the positive feedback from
human peers™! and so on could all be implemented
based on the simulation of the human physiological
system. Stimuli associated with positive emotions,
feelings or external responses would be considered as
strong candidates for the goal of the agent. In addition,
more high-level modules for cognition are expected for
a robotic agent. Specific modules to be implemented in
future work require broader and deeper research.
5.2 Attention Mechanisms

Though attention mechanisms are well defined by
relevant literature™,  the

reviewing presented
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implementations in this work could be improved. This
could be done from two aspects. Firstly, the bottom-up
stream of attention is modality-specific. The
implemented works show much effort in the design of
visual attention. However, the presented design based on
expertise rules is way not sufficient according to studies
on visual attention. As studies suggest, visual attention
is subject to many factors such as color, illumination,
size, novelty, curvature, optic flow, intersection, angular

(45461 Though implementing

coverage, contiguity, etc
more factors into the architecture can improve the
performance of the agent, it is highly unlikely to include
a sufficient set of them in this expertise-based way. An
alternative could be the connectionist approach.
Transformer, an artificial neural network model, learns
to prioritize important information in the given input!*’).
Though it lacks explainability compared to the expertise
approach, neural network implementation of the
bottom-up attention mechanism could be taken as an
integrated effect of countless factors. Another advantage
of the neural network model compared to the expertise
design that requires investigation into modality-specific
factors is that the developer does not need to research
bottom-up attention factors for different modalities.
Because of these, the neural network implementation of
the bottom-up attention is worth research. Secondly,
top-down attention, different from the bottom-up stream
that is purely externally driven factors, is based on the
combined effect of prior knowledge, plans, goals,
on™> The

implementation of more modules within the architecture

emotions and  so incremental
discussed in the future work of cognitive modules serves
as a pre-requisite for this. They would function as the
modulating factors of the top-down attention stream.
However, different from the bottom-up factors that
could be represented by a single neural network model,
the modules such as emotion, goal, knowledge and so
on are separate from each other in the modular design of
the architecture. Because of this, the weights of different
top-down factors and how they are integrated are the

problems to be resolved. For this, reinforcement

learning”*! might be a solution to model the evolution
process of the joint attention. Thus, this is also one of
the future research points.
5.3 Episodic and Semantic Memory

To investigate the neural network implementation
of contextual and temporal memory is key to validating
the definition of episodic memory as information

159 and Schapiro et al®¥

transformation. Norman et a
studied the feasibility of a hippocampal model for
episodic memory. One feature of the implemented
hippocampal model is the retrieval of memory with

1551 also

partial cues by recurrent connections. Wang
proposes a hierarchical neural network architecture for
episodic memory. This model applies also to episodic
memory retrieval with partial cues and accounts for the
temporal features of the memory. However, the
distinction between these works and the defined
episodic memory is that they take the episodes of
experience as a fusion of various information. In
contrast, the episodic memory defined in Section 3.3
emphasizes that episodic memory is the re-activation of
information in specific modalities, based on the
information transformation process between modalities.
The semantic knowledge mechanism defined in the
proposed architecture is generalized from the episodic
memory. For the implemented agent to accumulate
knowledge through interactive experience, it depends on
the implementation of the continual learning scheme.
Because of this, memory limitation is a common
obstacle in Al systems. For this, the selective policy for
memory replay is one of the key points”**"\. Although
the presented work adopted this generic idea, the
criterion based on whether the sample is learnt
knowledge is naive. With more modules implemented as
discussed for cognitive modules, the selective policy
should be refined. Another possible solution is the
generative model used for psudo-reply”®®!. Future work
should investigate the combined solution of selective
replay and generative reply of memory for learning. In
addition, the continual learning ability of human

cognition relies not only on memory replay but also on
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other neuronal characteristics like plasticity and

[59-60]

modularity . Thus, future work should take into

account different mechanisms for continual learning.

6 Conclusions

In this paper, the authors revisit GWT with their
implementations based on this theory. From this, the
plausibility of GWT-based cognitive architecture is
further enhanced. After this, the limitations of the latest
implementation are discussed. It is stressed that the
implemented cognitive architecture should be able to
continuously update both domain-specific knowledge
and consciousness interaction strategy between different
modules. It is worth emphasizing that these
implementations are all consistent with the BICA
roadmap™!. With the discussion of implementation, the
authors also summarize two principles of their work in
developing large-scale cognitive architectures. They are
substrate priority and revision-update cycle. These two
principles, to some extent, guarantee the feasibility of
implementations. Several directions for future work are
also elaborated, including richer cognitive modules,

advanced attention mechanisms, and improving memory

systems for higher-level intelligence.
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