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Alan Turing demonstrated in 1936 that a
machine performing a sequence of
simple computations could

Turing’s thesis, which claims that if
cognitive processes are

, then they could be carried
out by a Turing Machine



Alan Turing demonstrated in 1936 that a
machine performing a sequence of
simple computations could

The digital computer, designed by
John von Neumann in the 1940s,
became the model for this line of

thinking. Just as software runs on
hardware, cognition was thought
to operate on the brain’s physical
substrate.




“In this view, "mindware" is like software—dependent on the
physical brain but abstract enough to be understood in terms of

rather than biology. The key idea is that cognition
is a computational process, one that can be studied and
understood through the lens of formal systems and algorithmes,
rather than the specific biological details of the brain”.



Churchland and Sejnowski (1992) suggest that something is
when its inputs and outputs can be
understood as representing parts of a function that we care
about. For example, a pocket calculator computes because its
buttons and display can be interpreted as numbers, and its
internal processes match meaningful changes in arithmetic



Dave Chalmers adds that a device performs if its
physical state changes follow the steps of a formal set of rules.
This idea can even apply to natural systems. For instance, if an
animal's behavior changes based on how many predators it
detects, nature has, in a way, created a basic computer..
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Now ask yourself; does John
understand Chinese?




“If thoughts are composed out
of symbols, then from where to
those symbols get their
meanings?...

So the problem is this: once
we’ve stripped out meanings
from the foundations of our
mechanical account of
cognition,

?H



First, the thought experiment

— Searle clarifies his
view: “On the contrary, the brain is a machine
and the brain can think” and in his 1980 paper,
in response to the question ‘Could a machine
think?’ he writes “The answer is, obviously, yes.
We are precisely such machines.”

Second, the thought experiment does not show
that computers can’t think. As we saw from
Turing, since we human beings can carry out

computations, we are computers, and we can
think

Finally, the Chinese Room

; itis intended to show
that brains must be doing more than the “mere
shuffling of formal symbols” and that any
artificial thinking machine would have to
duplicate the specific neurophysiological
processes responsible for thought in the human
case
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Connectionism: A Brain model
of the Mind

Network models have a neuron-like structures
to perform computations,

GOFAI and classical Al models rely on serial
processing, handling one operation at a time.
The human brain, in contrast, works in parallel

gx)

intelligence emerges from the

. As Rumelhart
et al. (1986) put it, "The brain exemplifies the
fact that it is all right to be very stupid if you're
well connected.” (ceoi




Connectionist models are built from , each connected to
others.

These units can fire at different levels, much like biological neurons. Units are treated as
"on" if their activity level crosses a certain threshold and "off" if they don’t.

Connections between these units can be either or inhibitory, just like neurons.
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The hidden layer |where the system ) takes inputs from the previous layer (like
sensory data or other signals) and transforms them in a way that helps the model learn patterns.

Each "node" (or artificial neuron) in the hidden layer combines and adjusts the input signals using
weights, and then passes this processed information to the next layer.

The hidden layer’s job is
, helping the model make better predictions or decisions
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Learning in Connectionist Models

A defining feature of connectionist systems is their

by adjusting the weights of the connections
between units. This weight-changing process is what
enables the system to adapt based on experience. The
weights determine

, and through learning, the system adjusts these
weights to improve performance.
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Learning in Connectionist Models

A defining feature of connectionist systems is their

by adjusting the weights of the connections
between units. This weight-changing process is what
enables the system to adapt based on experience. The
weights determine

, and through learning, the system adjusts these
weights to improve performance.

Hebbian Learning Backpropagaﬁon
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strengthening of connections....
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Representation in Connectionist Systems

Unlike GOFAI, where knowledge is stored in
specific "boxes" or locations (e.g., beliefs,
desires), connectionist models rely on

Instead of being stored in a single place,
information is spread across many units in the
network, making it more flexible and efficient.
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Damage Resistance and

Because information is distributed across the
network, the system can cope with incomplete
or noisy data.

: instead,
performance degrades gradually, as is the case
in biological brains, where neurons die regularly
without catastrophic effects on cognition.
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Emergent Properties in Connectionist Models

—characteristics that arise from the system as a whole but are not
present in the individual units.
PULATIO
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For instance, in a well-designed connectionist network, properties like fault tolerance
and emerge from the interactions between units, even though these
abilities do not exist at the level of a single neuron-like unit.
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Are these systems truly intelligent?

s this intelligence fundamentally ?

How do we tell?
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Classical Computational frameworks provide a
powerful start for understanding the mind, but they
potentially falls short when we consider

and the intricacies of embodied thought.

Cognitive science is moving toward viewing the mind
as — not
a centralized, abstract system, but a fluid, distributed
one, constantly shaped by interactions with the
world.

As we integrate insights from connectionism and
, Wwe edge closer to

understanding human cognition as fine-grained,

multipurpose, and deeply embodied.






