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RatChat!

Rat: http://www.pitt.edu/~neurosci/merineylab/merineypersonnel.htm
Pioneer robot: http://www.itee.uq.edu.au/~milford/



Robot Navigation

• Robot’s Task: build up a map of the world, 
and determine location, allowing the robot 
to navigate through the world
– SLAM – Simultaneous Localisation and 

Mapping (Grid, Landmark, Topological, 
Combination)

• Rodent navigation
– Place fields (patterns of neural activity) in 

rodent hippocampus correspond to locations 
(modulated by activity of the rodent and visual 
stimulus)

RatSLAM
• Pose Cell Representation

– Activity packet – position and orientation
– Structure extends in X, Y and 
– Activity modulated by visual stimulus and 

movement

• Local View (Vision)
– 12x8 greyscale
– Unique local views associated with active 

pose cells
– When a local view is recognised, activity is 

injected into the pose cells

• RatSLAM Architecture
– Association between unique local views 

and activity packet
– Movement of the robot provides the initial 

movement of the activity packet in the 
pose cells

External Vision 
Sense

Internal Odometry 
Sense

Local View 
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Pose Cells 
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Path Integration 
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RatSLAM
• Robot World

– Halls and open plan offices
• Features of the environment include floor, 

walls, desks, chairs, filing cabinets

– Real
• 2 main rooms at either end of the floor, 

with the linking halls and several other 
rooms

– Simulated
• Halls and 2 rooms – main room on the 

right, and smaller room in the bottom 
middle

• Constructed from digital photos of the real 
world

• Quick and easy way to obtain robot 
representations

Computational Models of Human 
and Artificial Languages

• Useful for showing features necessary for the 
evolution of language
– Internal to language agent
– External in environment
– Structure of society

• Has been used for studying the evolution of 
various aspects of language:
– Lexicons 

(Phases of the moon - Hutchins and Hazlehurst)
– Categories 

(Mushrooms - Cangelosi and Harnad)
– Grammars 

(Symbolic grammars - Batali)

Thought Language



Symbol Grounding Problem 
(Harnad)

• How to ground the meaning of words

• Use of robots in language research
– SONY AIBO (Steels & Kaplan
– Toco (Roy)
– Robot arm – spheres + cubes (Marocco, Cangelosi & 

Nolfi)
– Lego vehicles (Vogt)

• RatChat: mobile robots

Ontology

• A description of concepts and 
relationships between concepts
– What concepts and relationships exist?
– Which are easy/hard to evolve/learn?

• RatChat Ontology
– A spatial ontology about locations and 

navigating between locations
• Names for Places
• Categories of Locations
• Relationships between places



RatChat

• Robot navigation and the evolution of artificial languages
• Using mobile robots with internal spatial representations 

to investigate the grounding of language and spatial 
ontology

• Language Agents: Listener and Speaker Networks 
(Recurrent Neural Networks)

RatChat!

Listener and Speaker adapted from Figure 2 of Elman, J. L. (1990). 
Finding structure in time. Cognitive Science, 14, 179-211.

Evolving Simple Languages
• Input – every 100th pattern from a run of 10000

1. Vision 
– scenes of 12x8 greyscale

2. Pose cell 
– reduced resolution pose cells

3. Processed Pose cell 
– processed using a Self Organising Map based technique

Results presented in: Schulz, R., Stockwell, P., Wakabayashi, M., & Wiles, J. (2006). Towards a spatial language for mobile robots. In A. Cangelosi, A. D. M. 
Smith & K. Smith (Eds.), The 6th International Conference on the Evolution of Language (Evolang6). Singapore: World Scientific Press.

Route of Robot



Evolving Simple Languages

• Signal Representation
– 3 syllables of 10 output units with the most active 2 set to 1

• Definition of Understanding 
– how closely the output of the listener for this word matches the

input to the speaker compared to the output of the listener for 
other words

• Simulations
– Language speakers evolved using a simple (1+1) evolutionary 

strategy for 100 generations
– At each generation a listener and speaker were trained on the 

language; If the trained network understands the mutant 
language better than the current trained network understands the
champion language, the mutant becomes the champion

Evolving Simple Languages

1. Vision
– Results 53.4 / 10024.2

Average Number of Patterns 
Correctly Categorized

Average Number of Unique 
Words for 100 Patterns

Images associated with 3 words from a language evolved using vision

‘puqefu’

‘kufufu’

‘fufupu’



Evolving Simple Languages

2. Pose Cells
– Results

Spread of patterns - ‘cuhucu’ Single pattern - ‘jaruhu’ Cluster of patterns - ‘curucu’

Map of simulated world

22.6 / 10023.2

Average Number of Patterns 
Correctly Categorized 

Average Number of Unique 
Words for 100 Patterns

Evolving Simple Languages

3. Processed Pose Cell
– Results

Map of simulated world

58.7 / 10010.9

Average Number of Patterns 
Correctly Categorized

Average Number of Unique 
Words for 100 Patterns

Spread of patterns - ‘suyune’ Single pattern - ‘vunine’ Cluster of patterns - ‘niniyu’



Evolving Simple Languages

• Discussion
– Different types of words made up the 

languages
• Single
• Cluster
• Spread

– Representations matter
• Expressivity
• Ability to categorise patterns
• Structure of language

Robot Representations

1. Pose cells – Raw

2. Pose cells – Summed

• Inputs 
– Obtained from a run of the robot of one circuit of the simulation 

world, after stable pose cell representations were achieved
Route of Robot

3. Pose cells – Memory window

4. Vision



Robot Representations
• Targets

– One-hot code relating to the position of the robot in the world, where the 
world is divided into squares of 4m2 (18 squares visited by the robot)

• Task
– Train a simple network to associate the inputs with the target, 

determining how well the network learns and generalises to the entire 
set of inputs
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Time StepRoute of Robot Showing Target Language Based on Position

Robot 
Representations

• Results 
– Output of networks for entire set of >3500 patterns when trained on 25

2. Pose Cells – Summed 
(61.19% Correct)

3. Pose Cells – Memory Window 
(64.50% Correct)

4. Vision 
(22.63% Correct)

1. Pose Cells – Raw
(31.37% Correct)



Robot 
Representations

• Results 
– Output of networks for entire set of >3500 patterns when trained on 25

2. Pose Cells – Summed 
(61.19% Correct)

3. Pose Cells – Memory Window 
(64.50% Correct)

4. Vision 
(22.63% Correct)

1. Pose Cells – Raw
(31.37% Correct)

Robot Representations

• Conclusions
– Raw pose cell representation allows clusters of 

patterns of less than 4m2 (about 1m2)
– Summed pose cell representation increases the 

similarity between patterns with the same X, Y or 
theta values

– Memory window representation increases the 
distance at which patterns are similar to each other

– Vision does not directly indicate position, making this 
task difficult



Language Agents

• Agents: simple recurrent neural networks for speakers and listeners

• Meaning Space: 25 units, one active unit, with other input units inactive, 
plus a spread of activation around the active unit

• Signal Space: output of the speaker agents over three successive time 
steps (a selected number of active outputs)

Listener and Speaker adapted from Figure 2 of Elman, J. L. (1990). 
Finding structure in time. Cognitive Science, 14, 179-211.

Language Agents

• Task: speakers evolve a language for a 
set number of meanings, train the 
speakers and listeners on the language

• Simulations: 
– signal space representation

• 10 units with 1, 2 and 5 units active

– meaning space spread of activation
• One-hot encoding, 5-spread and 9-spread 

activation



Language Agents

• Results: Signal Space

– Expressive languages are easier to evolve when there is a 
spread of activation across the syllables of the language

– Only 5 speaker networks with one output unit active had 
evolved expressive languages within 10000 generations

– Networks with 5 output units found expressive languages more 
quickly than those with 2 output units

716.51460.6one hot encoding

1702.06991.45-spread activation

870.65536.09-spread activation

10 units with 5 active10 units with 2 activeMeaning Representation

Signal Representation

Generations to find a language with a unique utterance for each input pattern

Language Agents

• Results: Meaning Space
Training Listeners

Similarity of Words in Example Languages

1 hot encoding 5-spread activation 9-spread activation

Training Speakers



Language Agents

• Conclusions
– Expressive languages are easier to evolve 

when the signal space is represented by non-
orthogonal symbols

– Languages are easier to learn when meaning 
patterns are non-orthogonal and allow 
generalizations to be made across the 
meanings

Representation Matters

• The nature of the representation of meaning 
space, signal space and language agents affect 
the languages that can evolve 
– Expressivity
– Categorisation
– Generalisation
– Ontology
– How easily the language can evolve 
– How easily the language can be learned



• Thanks to:
– Janet Wiles and the RatChat team, consisting of Paul Stockwell 

and Mark Wakabayashi
– Gordon Wyeth and the RatSLAM team, consisting of Michael 

Milford, David Prasser, and Shervin Emami
• For more information:

– http://www.itee.uq.edu.au/~ruth/ 
– Schulz, R., Stockwell, P., Wakabayashi, M., & Wiles, J. (in 

press). Generalization in languages evolved for mobile robots. 
Paper to be presented at ALIFE X: 10th International Conference 
on the Simulation and Synthesis of Living Systems, 
Bloomington, IN USA.

– Schulz, R., Stockwell, P., Wakabayashi, M., & Wiles, J. (2006). 
Towards a spatial language for mobile robots. In A. Cangelosi, 
A. D. M. Smith & K. Smith (Eds.), The 6th International 
Conference on the Evolution of Language (Evolang6). 
Singapore: World Scientific Press.


