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hat is Semantic Cognition?

ets of relationships between objects and
haracteristics

HAS
Quillian’s Model
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uillian’s Model

ierarchical

Economic storage

eImmediate generalizations
eRepresents semantic dementia well
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uillian's Model

eaknesses:
Predicts that verifying specific properties
is faster than general ones

Doesn't specify when new superordinate
categories should be introduced
Sometimes general properties don't apply
to the specific item (e.g., most plants
have leaves, but pine trees have
needles)




raded Category Membership

Humans perform semantic tasks more
based on typicality and similarity

e EX: subjects verify
o 'robin is a bird’, faster than ‘chicken is a
bird'.
o ‘chicken is an animal’ faster than ‘chicken is
a bird'.
e This is because category verification
occurs by comparing representations




raded Category Membership

ternative models try to capture the notion
at category membership is graded on
eature values or proximity in
multidimensional space. Examples:

e A Bayesian model (by J.R. Anderson)
based on probabilistic relationship
between categories and properties

A model where category membership on
summed similarity to known exemplars (D.
. Medin & M.M. Shaffer)




melhart's Model: Parallel
istributed Processing (PDP)

e PDP model is a

pe of neural

network that =0
distributes o
representations of L&
things and

processing across

any units




1.0 1
09 -
08 4
0.7 -
06 1
0.5 A
0.4 -
0.3 7
0.2 7
0.1 1
0.0 7

-50 <40 30 -20 -0 00 10 20 30 40 50
Net input

& = Skl = 3)

weight changes
At the output layer: Awy, = £6,3;,
At the prior layer: Awyy = 8,3,




>

aptures Quillian’s hierarchical
representation, while performing similar to
human child development and performance
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P: Human Learning

Humans are able to learn new to categorize new
information quickly

The PDP is able to learn accurate semantics for a new
entity "Sparrow” by only allowing weights into the
representation layer to change. Entities like "Canary”
and "Robin” shared characteristics aide in this process.
The PDP model does not allow quick learning for new
entities that are dissimilar to any previous entities, as
it results in CATASTROPHIC INTERFERENCE
McClelland, McNaughton, & O'Reilly propose a
complementary learning system theory to address this
issue.
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P: Semantic Dementia

Perturb the inputs into the

representation layer using random noise.

e Distinctive characteristics are lost faster
than shared characteristics

e More general characteristics replace

distinctive ones, even when the general

characteristics shouldn't apply




Activation




sic Level

We tend to identify objects primarily at

the basic, intermediate level

e We learn words like 'tree’, 'bird’, and ‘dog’
earlier than 'plant’ or 'animal’, or ‘canary,
‘pine’, or ‘poodle’, partly because we hear
these more

e To address this, make basic level objects

more frequent in training data







o o

uofeAnoy uopeAnoy




DP: Coherent Covariation and
usality

Different properties help distinguish between objects
in different domains

o (e.g. size plays bigger role when distinguishing
between flowers and trees than when distinguishing
between birds and fish)

e The PDP network shows similar learning ability by the
covariance within the representation layer.

o Size (IS large vs IS small) affects the representation
more in plants than it does in animals

e This coherent covariation helps capture knowledge
about causality (e.g. hollow bones and having wings
cause an animal to be able to fly)




DP: Coherent Covariation and
usality

Still does not utilize the same
mechanism as causality.

Coherent Covariance can overgeneralize
o (e.g. canaries and daisies are both yellow,
but that doesn't imply daisies have wings)

Further research into the model in order
to incorporate logical relationships

between characteristics
o building representations from sequences of
events
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herbivore
rodent

pet
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athering Data

Participants were given 30 entities with
the task of identifying all words that
come to mind associated to it

e 541 Concepts




lustering

Trends using Hierarchical Clustering Analysis

o Creature categories pattern together

o Fruits and vegetables pattern together

o Fruits and vegetables can pattern with either
creatures or nonliving things

Nonliving foods (like cake) can be patterned with
living things

Musical instruments can be patterned with living
things




nsory/Functional Dichotomy

The brain separates processing of sensory

and functional characteristics

e Sensory inputs can be broken down into
the visual cortex and auditory cortex

e Rumelhart's model is a single system




mantic Dementia

Deterioration of the living
things domain

o General trend in case
studies that the domain of
living things is affected
over nonliving things

o Statistical probability
supports this because of a
multitude of shared
features

Does not address the distinct
feature deterioration patterns
f semantic dementia

-

Domain Category distinguishing features
Nonliving Appliance 49.1(17.5)
Nonliving Miscellancous nonliving thing 47.8(17.7)

Nonaving
Nonliving
Nonliving
Nonliving
Nonliving
Nonliving
Nonaving
Nonliving
Nonliving
Nonliving
Nonliving
Nonliving
Nonaving
Nonliving
Nonliving
Nonliving
Nonliving
Nonliving
Fruit/'vegetable
Fruit/'vegetable
Fruit/'vegetable
Creature

Creature
Creature
Creature
Fruit/'vegetable
Creature
Creature
Nonliving
Creature
Creature
Creature
Creature
Creature
Creature

Foods
Building
Machine
Tool
Fashion accessory
Shelter
Clothing
House
Contamer
Vehick
Automobile
Fumiture
Utensail
Weapon
Root/tuber
Vegetable
Plant
Inscct
Musical instruments
Mammal
Rodent
Animal
Fruit

Pet
Camivore
Gun
Scavenger
Predator
Reptile
Fish

Bird
Herbivore

454(12.3)
45.3(12.9)
43.3(14.2)
404 (18.2)
36.8(17.1)
35.8(19.7)
35.6(17.4)
35.2(19.8)
34.5(18.4)
33.7(16.3)
33.7(17.1)
33.1(15.4)
304(17.4)
29.3(15.4)
28.6(22.7)
28.3(18.0)
28.0(17.0)
26.4(12.9)
25.3(15.8)
25.1(16.0)
21.6(15.2)
21.0(14.4)
20.7(12.5)
20.7(15.2)
20.1(11.9)
19.7 (12.5)
19.7 (12.8)
19.4 (10.0)
17.8(7.8)
16.0(15.7)
16.0(11.9)
15.7(12.7)

Note. Standard deviations are in parentheses.
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