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Models of learning vs communication

Transmission chain Dyadic interaction
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Learning vs communication

Dyadic interaction Transmission chain with dyadic interaction
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How do learning and
communication shape the
structure of semantic
categories?



Previous work

ltural
6). The cult
Cornish, H., & Kirby, . (eznoln)ded, CORTIALIONS
: (0] ! . 0) ’
Carr. J. W., Sm'ﬂl’rch;{ured languages |1n1 ?7@55-12371

EVoltion Ofi?‘ive Science. doi:10.1

world. COgn

COGNITI VE
A Multidi

Coenitive Scjec,

©Pyright © 591
Cognitiye 3
ISSN: 0364.9 13 print/ [55)
Dy

0.1111/¢,,

6709 onjip,
25.1237]

“Schoot ufl’/'i/o.mp/(l: 2
Py hology,

Receiveq S October 201s; Tecejy

Abstrace
Language ™Maps signapg o1
First, the Space of Meaningg jg discretized
ignals

part,

€ been
s these

subtle
anguages«may evolye
I(e}worzér

- Catey
leaming:

Lorizatjon, nication;
Language e

Commy,
n Symbolism,

Volution; Sound

1 lntroducn‘on

0 Meanings g,

employeq by

ciplinary Journa|

(2016) 13,

The Authopy, Cognitive Sejeng, Published by, iy, Periodicals, 1y behalf of
Science Sociey,

- N

SV of Edinbuygy,
TSILY o Stiring

AP 15 gy, 2016

rough  the use of tyq distineg types
into Categorjeg that gre shareq by

4 are Composi;
05e partg

of Structure,
all users of the Jan.
the ldnguage onal: Tpe m

Cture that lacks rd composilionaliry
s a solutioy, to jo, from [,

int Pressureg aming apq
Composirionali. Culturg] evolution; Tterateq



http://dx.doi.org/10.1111/cogs.12371

Discrete meaning space

0@!@

egewawu egewawa egewuwu
mega megawawa megawuwu wulagi

%@%3&?

gamenewawu gJgamenewawa Jgamenewuwu gamene




Open-ended meaning space
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Conclusions

Experiment 1 showed that cultural evolution can deliver languages that categorize the
meaning space under pressure from learnability.

This happens by losing categories and structuring the space in such a way that is easy to
learn.

Experiment 2 combined a pressure for learnability and a pressure for expressivity
derived from a genuine communicative task. This gave rise to languages that use both
categorization and string-internal structure to be both learnable and expressive.



Ongoing work



Informativeness

Natural category systems “provide maximum information with the least
cognitive effort” (Rosch, 1999).

Regier et al. formalize informativeness as “communicative cost”. The most
informative category system is one that minimizes communicative cost.
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Negative logarithm of average within-
category similarity, summed for all
possible targets.
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Three predictions

Maximize number of categories The use of a single category has the highest cost and is therefore the least
informative system; placing every item in its own category reduces the cost to 0 (maximum informativeness).

Maximize dimensionality Representing 64 items using three dimensions is more informative than representing 64
items using one dimension (for a given number of categories).

Maximize convexity A convex category system is always better than or equal to a non-convex system in terms of
minimizing communicative cost. Convex category structures are optimal.
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Except: The learnability tradeoftf

Maximize number of categories But: Learning an infinite number of
categories is not possible given finite time and cognitive resources.

Maximize dimensionality But: Representing categories using infinite feature
dimensions would be impossible to process.

However:

Maximize convexity Convexity leads to systems that are both more
informative and potentially easier to learn.

Thus, the property of convexity seems to be particularly interesting
(Gardenfors, 2000, 2014).
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Squares and Stripes: Three category systems

Angle-only Size-only Angle & Size

Easy to learn but low informativeness Informative but hard to learn



Results (so far...)
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Results: Angle only
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Next steps

Why do people find the size-only condition so hard —is it just something
weird with these stims?

What happens when the task is iterated in a transmission chain?
Prediction: Everyone shifts to the angle-only system because it's easiest
Prediction: lots of noise

Prediction: loss of categories

What happens when you introduce a communicative task?

Prediction: Everyone shifts to the angle & size system because it's the
most informative.
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