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•  bref historique du connexionnisme et de l’IA 
symbolique 

•  les années 80: la confronta&on ideologique: 
faux débat versus vraies ques&ons 

•  Les nouvelles pistes 
– composi&onalité et produit tensoriel 

–  recursivité et systeme dynamique 
–  (gradualité et modèles bayesiens) 



Symbols 



Cogni&on and symbols 

•  reasoning = computa&on in a formal calculus 
–  Euclides, Leibniz (universal language + reasoning calculus), Boole (formal system 

for logical and set theore&c reasoning), Frege (logisict programme for 
mathema&cs), Peano, Russell, etc  

•  Formal system: 
–  A finite set of symbols (i.e. the alphabet), that can be used for construc&ng 

formulas (i.e. finite strings of symbols). 
–  A grammar, which tells how well‐formed formulas (abbreviated wff) are 

constructed out of the symbols in the alphabet. It is usually required that there be 
a decision procedure for deciding whether a formula is well formed or not. 

–  A set of axioms or axiom schemata: each axiom must be a wff. 
–  A set of inference rules (going from wff to wff) 

•  Examples 
–  first order proposi&onal logic (A,B..C, ‐>) 
–  second order logic (A,B, C, Vα,  ‐>) 
–  predicate logic (P(x)) 



•  Thinking=computa&on over symbols  
–  computability theory (1930‐) Godel, Post, 

Kleene, Church, Turing, Markov 

•  Physical symbolic systems 
–  Finite state automaton, pushdown automaton, 

Turing machines computa&onal power 
–  Power of automata:  

•  Finite state automata 
•  Pushdown automata 
•  Turing machines with one tape,Turing machines 

with several tapes, lambda calculus (eg lisp), string 
rewri&ng system (eg produc&on), recursive 
func&ons  

–  Church thesis:  
•  Turing machines are on the top of the hierarchy 

Cogni&on and symbols (II) 



•  Language 
– Miller & Chomsky (1963) 

•  to each automaton, a class of 
languages 

•  human languages are 
between context free and 
recursively enumerable 

–  Symbolic AI 
•  prolog, expert systems 

–  SOAR, ACT* 

Cogni&on and symbols (III) 



symbolic processing 

•  Newell (1980) ar&culated the role of the 
mathema&cal theory of symbolic processing. 
– Cognition involves the manipulation of symbols – 

analogous to words, concepts, schema, etc. 

– What are symbols? 


•  Defini&on is hard to pin down. 
•  Roughly, it’s like the values of a categorical variable 
(male, female, red, blue, dog, cat). 

•  Operators on those symbols would then be things like 
“is‐a” “a‐kind‐of” “purpose” “shape” “part‐of” “object” 



Input:              Program: 

Output: 

• E.g. recognize a red apple 

Red(X)   
Round(X) … 

if (Orange(X) & Round(X) … ) then Orange(X) 
if (Red(X) & Round(X)  …) then Apple(X) 
… 

Apple(X) 

      Apple(X) 

Red(X)          &         Round(X)  … 

Graphical: 

Color(X) ‐> Red(X) or Orange(X)         Shape(X) ‐> Round(X)  or … 

input = symbol(s) ‐> algorithms who work on input ‐> output = more symbol(s) 



Connec&ons 



McCulloch & Piks (1943) 
•  Neural networks as compu1ng devices 

–  What logical operations could neurons compute?

•  Five assump1ons based on then‐current knowledge 
of neurons 
–  1. The activity of a neuron is “all-or-none” (binary coding)

–  2. Each neuron has a fixed threshold on the required 

number of synapses that need to be excited before the 
neuron itself will be excited.  Weights are identical.


–  3. Synaptic action causes a time delay before firing.

–  4. Inhibition is absolute.

–  5. The physical structure of a network of neurons doesn’t 

change with time; connections and their strengths are static.




McCulloch/Piks neurons 

•  McCulloch/Piks neurons can then be used to 
compute any (finite) logical func&on 

•  BUT, McCulloch/Piks networks can’t learn. 



Hebb (1949) 

•  The first rule for self‐organized 
learning 

•  Hebb recognized the existence of 
feedforward, long range lateral, and 
feedback connec&ons 

•  These cor&cal circuits admit self‐
sustaining ac&vity that reverberate 
in « cell assemblies »  

•  synapses are the fundamental 
computa&onal and learning unit 

•  ac0vity‐dependent synap0c 
plas0city as a basic opera&on 

Hebb, D. (1949). Organiza&on of Behavior: A 
Neuropsychological Theory (New York: John 
Wiley and Sons). 
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and long-range lateral connections within cortical areasTerrence J. Sejnowski*

as well as feedforward connections. He recognized thatHoward Hughes Medical Institute
single synapses were generally too weak in cortex toThe Salk Institute
cause a postsynaptic neuron to fire a spike and that10010 North Torrey Pines Road
patterns of converging synaptic inputs were required.La Jolla, C alifornia 92037
The Motivation for the Hebb SynapseDepartment of Biology
The central problem that concerned Hebb was the originUniversity of C alifornia, San Diego
of what he believed was relatively autonomous activityLa Jolla, C alifornia 92093
in the cerebrum: “... we know practically nothing about
what goes on between the arrival of the excitation at a
sensory projection area and its later departure from theIt has been 50 years since Donald Hebb published the
motor area of the cortex” (xvi). Hebb conjectured thatOrganization of B ehavior: A Neuropsychological Theory
cortical circuits admit self-sustaining activity that rever-in 1949. This book was written at a time when behavior-
berated in what he called “cell assemblies.” This ideaism was dominant in North American psychology. The
was inspired by evidence for recurrent connections be-approach that Hebb advocated, based on what was
tween neighboring cells in the cortex. Although rever-then known about the brain, was out of favor among
beratory activity lasting for up to half a second hadpsychologists who believed that only external sensory
been observed by Lorente de Nó, Hebb went furtherstimuli and motor responses ought to be included in
and suggested that such activity in one cortical circuitany explanation of behavior. Most neuroscientists have
could through converging projections activate other ar-heard about the “Hebb synapse,” but few know why he
eas of cortex and lead to a sequence of activations hepostulated this learning rule. This is a good time to take
called a “phase sequence.” Although these ideas remaina closer look at this book and let Hebb speak for himself.
highly speculative, they reflect recent issues such asHebb was on the faculty of the Psychology Depart-
spike timing and spike synchrony that today are at thement at Mc Gill University. One of his research interests
forefront of theoretical research on the cortical neuralwas the behavioral effects of brain lesions, and he had
code (Abbott and Sejnowski, 1999).collaborated with Wilder Penfield, a colleague at Mc Gill,

Hebb needed a way to sustain persistent reverbera-but he was more broadly interested in the development
tory activity (a “trace”) in cortical circuits. He proposedof behavior and learning, which he saw as intimately
that patterns of connections between neurons couldrelated. In 1949, much of what we now take for granted
sustain reverberatory activity if their strengths could beabout the organization of the nervous system and the
adjusted by an activity-dependent mechanism for syn-properties of neurons was not yet discovered. Hodgkin
aptic plasticity that he called a “Neurophysiological Pos-and Huxley’s landmark series of papers on the ionic tulate”:

basis of the action potential would appear in 1952; the
classic paper by F att and Katz on the quantal theory of
synaptic transmission would appear in the same year.
Not much was known about the localization of function
in the cortex outside primary sensory and motor areas,
and Lashley’s theory of equipotentiality of the cerebral
cortex was still influential.

Most of what was then known about cortical neurons
and circuits was based on static pictures of neurons
stained with the Golgi technique. Even though the “neu-
ron doctrine” went back to C ajal, conclusive evidence
that the neuron was indeed a functional unit awaited
the electron microscope in the 1950s and recordings
from single cortical neurons in the 1960s. In the introduc-
tion to his book, Hebb states that his theory “is evidently
a form of connectionism, one of the switchboard variety,
though it does not deal in direct connections between
the afferent and efferent pathways: not an ‘S–R’ psychol- Figure 1. Summary Diagram of C onnectivity between C ells in Visual
ogy, if R means a muscular response. The connections C ortex Taken from Figure 8 in Hebb (1949)
serve rather to establish autonomous central activities, C ells A and B in primary visual cortex (area 17) receive strong excita-
which then are the basis for further learning” (xix). One tion from a visual stimulus in their receptive fields (as do other cells

in the cross-hatched region). C ells C and D in extrastriate visualof the few figures in the book, reproduced in Figure 1,
cortex (area 18) provide feedback connections to area 17. C ell Edepicts the connections between area 17 (primary visual
does not receive strong visual input in its receptive field but doescortex) and area 18 (extrastriate visual cortex), and is
receive feedback input from horizontal connections within the cor-remarkably modern in including feedback projections tex. Hebb’s interpretation of this diagram anticipates the recently
discovered modulation of the primary receptive field responses in
area 17 from visual stimuli outside the classical receptive field.* E-mail: terry@salk.edu.



Learning in a Hebbian network 

•  “When an axon of cell A is near enough to 
excite a cell B and repeatedly or persistently 
takes part in firing it, some grown process or 
metabolic change takes place in one or both 
cells such that A’s efficiency, as one of the cells 
firing B, is increased.”


LT Poten&a&on (Bliss & Lomo, 1973; Kelso et al, 1986) 
LT Depression (Markram et al. 1997) 



The “Hebb rule”


•  Δwij=ηaiaj 
–  where a’s are ac&va&on values (‐1 or 1), and η  is a 
learning rate parameter. 

–  Equa&on is applied un&l weights “saturate” (typically at 1) 
and do not keep increasing as inputs are presented. 

•  Think of Hebbian learning as picking up on 
correlations between features in the environment

–  Features that co-occur will grow strong positive weights, 

those that do not occur together will have grow negative 
weights, random pairing produces zero weights


ai  aj 
wij 



The perceptron  
(Rosenblak, 1958, 1962) 

•  First model for learning with a teacher (supervized 
learning) 

•  McCulloch‐Piks neurons (linear‐threshold) with 
connec&ons that can be modified by learning 

Rosenblak, F. (1958). The perceptron: a probabilis&c model for informa&on 
storage and organiza&on in the brain. Psychological Review. 65(6), 386‐408. 

              1 if  Σ wi.xi  > 0 
y = 
             ‐1 otherwise {  i=0 

n 
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Perceptron Learning Rule 

•  Start with random connec&ons wi 

•  Error‐drivent learning rule (delta rule): 
 Δwi = η (t ‐ y) xi 
   t is the target value (given by the teacher) 
   y is the perceptron output 
   η Is a small constant (e.g. 0.1) called learning rate 

•  If the output is correct (t=y) the weights wi are not changed 
•  If the output is incorrect (t≠y) the weights wi are changed  
   such that the output of the perceptron for the new weights  
   is closer to t (error decreases). 
•  The algorithm converges to the correct classifica&on 

•  if the training data is linearly separable 
•  and η is sufficiently small  
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Example: learning the AND 

y 

x2 

x1 

1 

W = 0 

W = 0 

W = 0 

   AND 

A B  Output 

0 0     0 

0 1     0 

1 0     0 

1 1     1 
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Example: learning the AND 

y=0 

x2=1 

x1=1 

1 

W = 0 

W = 0 

W = 0 

   AND 

A B  Output 

0 0     0 

0 1     0 

1 0     0 

1 1     1 

t = 1 
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Example: learning the AND 

y=0 

x2=1 

x1=1 

1 

W = 0.25 

W = 0.25 

W = 0.25 

   AND 

A B  Output 

0 0     0 

0 1     0 

1 0     0 

1 1     1 

t = 1 

error = 1 
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Example: learning the AND 

y=1 

x2=0 

x1=1 

1 

W = 0.25 

W = 0.25 

W = 0.25 

   AND 

A B  Output 

0 0     0 

0 1     0 

1 0     0 

1 1     1 

t = 0 

error = ‐1 
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Example: learning the AND 

y=1 

x2=0 

x1=1 

1 

W = 0 

W = 0.25 

W = 0 

   AND 

A B  Output 

0 0     0 

0 1     0 

1 0     0 

1 1     1 

t = 0 

error = ‐1 
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Example: learning the AND 

y=1 

x2=1 

x1=0 

1 

W = 0 

W = 0.25 

W = 0 

   AND 

A B  Output 

0 0     0 

0 1     0 

1 0     0 

1 1     1 

t = 0 

error = ‐1 
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Example: learning the AND 

y=1 

x2=1 

x1=0 

1 

W = ‐0.25 

W = 0 

W = 0 

   AND 

A B  Output 

0 0     0 

0 1     0 

1 0     0 

1 1     1 

t = 0 

error = ‐1 
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Example: learning the AND 

y=1 

x2=1 

x1=0 

1 

W = ‐0.25 

W = 0 

W = 0 

   AND 

A B  Output 

0 0     0 

0 1     0 

1 0     0 

1 1     1 

t = 0 

error = ‐1 

… and so on and so forth …  
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Example: learning the AND 

y 

x2 

x1 

1 

W = ‐0.25 

W = 0.25 

W = 0.25 

   AND 

A B  Output 

0 0     0 

0 1     0 

1 0     0 

1 1     1 



Decision Boundary of a Perceptron 

•  Perceptron is doing something similar to linear discriminant analysis, binomial 
regression (or Bayes classifica&on when the distribu&ons are gaussian) 
•  Decision boundary is a hyperplane when more than 2 inputs 

‐ 

‐ ‐ 

+ 

x1 

x2 

x1 AND x2 

Linearly separable 

+ 

+ ‐ 

+ 

x1 

x2 

x1 OR x2 
+ 

‐ + 

+ 

x1 

x2 

x1  x2 

X1 

X2 
A 

B 

A 

A 

A 
A 

A A 

B 

B 
B 

B 
B 
B 

B 



Generaliza&on: Mul&ple outputs 

•  similar mul&nomial LDA or mul&nomial regression 



Minsky & Papert (1969) 

•  Presented a formal analysis of the proper&es 
of perceptrons and revealed several 
fundamental limita&ons.  

•  Limita&ons 
– Can’t learn nonlinearly separable problems like the 

XOR 

– More…




Decision Boundary of a Perceptron 
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+ ‐ 

‐ 

x1 

x2 
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Minsky & Papert cont. 

•  Limita&ons 
– So….can’t learn nonlinearly separable problems 

like the XOR 

– Although including “hidden layers” allows one to 

hand-design a network that can represent XOR and 
related problems, they showed that the perceptron 
learning rule can’t learn the required weights.


– They also showed that even those functions that 
can be learned by perceptron rule learning may 
require huge amounts of learning time 



Fallout of  
Minsky & Papert’s analysis 

•  This paper was nearly the death of this 
budding field.   

•  Subsequent research was largely done in 
“garages”. 
–  i.e., only in obscure academic circles. 



The revival: the 80s 

•  mul&layered feedforward networks 
– Generaliza&on of the Delta Rule: backpropaga&on 
of error 

–  learning of distributed representa&ons 
•  Symmetric recurrent networks 

– winner take all 
– autoassocia&on 
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The revival I: the Mul&‐Layer Perceptron 

input layer 

hidden layer 

output layer 
Ac&va&on func&ons 

step func0on 

sigmoid func0on 



The backpropaga&on learning rule (I) 

input layer 

hidden layer 

output layer 

o1   o2   o3 

t1   t2     t3 

ei =(ti‐oi) 
Δwij= oi(1‐oi) η ei.hj  

    e1 e2 e3  output 
target 

error 

weights: wij 

 h1   h2    h3                                                 hn hidden output 



The backpropaga&on learning rule (II) 

input layer 

hidden layer 

output layer 

e’j =Σi wij ei 
Δw’jk= hi(1‐hi) η e’j.xk  

 h1   h2    h3                                                 hn hidden output 

weights: w’jk 

input 
 x1   x2    x3                                                                              xp 

backpropaga&ng 
the error ei 
(through the 
weights wij)  
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Expressive Capabili&es of MLP 

Boolean func&ons 
•  Every boolean func&on can be represented by network 

with single hidden layer 
•  But might require exponen&al (in number of inputs) 

hidden units 

Con&nuous func&ons 
•  Every bounded con&nuous func&on can be approximated 

with arbitrarily small error, by network with one hidden 
layer [Cybenko 1989, Hornik 1989] 

•  Any func&on can be approximated to arbitrary accuracy by 
a network with two hidden layers [Cybenko 1988] 



Different Non‐Linearly 
Separable Problems 

Structure 
Types of 

Decision Regions 
Exclusive-OR 

Problem 
Classes with 

Meshed regions 
Most General 

Region Shapes 

Single-Layer 

Two-Layer 

Three-Layer 

Half Plane 
Bounded By 
Hyperplane 

Convex Open 
Or 

Closed Regions 

Arbitrary 
(Complexity 

Limited by No. 
of Nodes) 

A 

A B 

B 

A 

A B 

B 

A 

A B 

B 

B 
A 

B 
A 

B 
A 
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Example: Neural network for OCR 

•  feedforward 
network 

•  trained using Back‐ 
propaga&on  
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Example: ALVINN 

Drives 70 mph on a public highway 

30x32 pixels 
as inputs 

30 outputs 
for steering 

30x32 weights 
into one out of 
four hidden 
unit 

4 hidden 
units 



•  A very simple example: a winner‐take all 
network 

•  at each step:  
–  compute the total input for all units 
–  compute the output for all units 
–  iterate 

The revival II: Symmetric dynamical networks 

inhibitory weights 

excitatory weights 

inputs 



•  Boltzman machine (Hinton & Sejnovsky, 1983) 
–  neurons: binary (‐1, 1) 
–  network: symmetric weights 
–  update: stochas&c (1 with probability 1/ (1+e‐sum(inputs)) 
–  dynamics: global energy minimiza&on, basins of akrac&on 
–  learning rule: tries to reproduce the distribu&on of its 
inputs (stochas&cally learns the basins of akrac&on)  

•  Hopfield network (Hopfield 1982) 
–  determinis&c variant (‘temperature’=0) 
–  learning rule becomes Hebb Rule. 
–  performs pakern comple&on, content‐addressable 
memory 

The revival II: Symmetric dynamical networks 



•  Basic mechanisms 
–  feature discovery and 

compe&&ve learning 
–  dynamical system and 

harmony theory 
–  learning in Bolzmann 

machines 
–  internal representa&on 

through backpropaga&on 
•  Formal analysis 

–  linear algebra 
–  ac&va&on func&ons 
–  delta rule 

The revival III: McClelland & Rumelhart’s (1986) 
Parallel Distributed Processing 

•  Psychological Applica&ons 
–  schemata and sequen&al through 

processes 
–  speech percep&on (TRACE) 
–  blackboard model of reading 
–  learning and memory 
–  learning past tense of english verbs 
–  sentence processing: assigning roles 

to cons&tuents 
•  Biological mechanisms 

–  anatomy of cortex 
–  place recogni&on and goal loca&on 
–  neural plas&city and cri&cal period 
–  amnesia and distributed memory 



An example: early models of lexical access 

•  Morton (1969) Logogen theory 

•  Forster (1976) Serial search 

Morton, J. (1969). Interac&on of informa&on in word recogni&on. 
Psychological Review 76(2). 165‐178.  

Forster, K. I. (1976). Accessing the mental lexicon. In , New approaches to 
language mechanisms. Amsterdam: North‐Holland.  



a new PDP model 

•  Elman & McClelland (1986) 

Lexical access and the phonology of morphologically complex words 

Zuraw, Winter 2011  10 

6 TRACE model (McClelland & Elman 1986) 

Discussion here based mainly on McClelland, Mirman, & Holt 2006, because it’s more recent.  
 
(22) The model 

(McClelland & al. 2006, p. 365) 
 
• Connections with arrows are excitatory 
• Connections with circles are inhibitory (competing units) 
• Connections are all bidirectional ! interaction (recall Dell vs. Levelt for production). So 

let’s look at the evidence for that... 
 

© Matthew W. Crocker Introduction to Psycholinguistics

TRACE simulations

Simulation conducted with 230+38=268 words:

• Each input word was run for 90 cycles

• New phonemes introduced every 6 cycles

• Input for each successive phoneme active for 11 cycles

TRACE activations converted to fixation probabilities:

• Based on the Luce Choice Rule

• 1 cycle = 11ms of “real time”

• 200ms delay to launch saccade

21
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TRACE predictions, Allopenna et al. (1998)

Allopena et al (1998) 



The revival III: McClelland & Rumelhart’s (1986) 
Parallel Distributed Processing 

•  Cognition involves the spreading of activation, relaxation, 
statistical correlation.


•  Represents a method for how symbolic systems might be 
implemented

–  Hypothesized that apparently symbolic processing is an 

emergent property of subsymbolic operations.

•  Advantages


–  Fault tolerance & graceful degradation

–  Can be used to model learning

–  More naturally capture nonlinear relationships

–  Fuzzy information retrieval

–  bridges the gap with real neural processing




The cri1que: Pinker & Mehler (1988) 

•  Lachter & Bever: connec&onist theories are a 
return to associa&onism (Chomsky vs Skinner revisited)  

•  Pinker & Prince: connec&onist models of the 
capacity to derive the past tense of English verbs is 
inadequate 
–  rules: wug  wugged 

–  excep&ons: put ‐> put, go‐>went, dig‐>dug 

•  Fodor & Pylyshyn: connec&onnist theories are 
inadequate models of language and thought 



Fodor & Pylyshyn 
•  Posi&on of the problem: classical theories vs connec&onnism 

–  Agree:  
•  both classical theories & connec&onism are representa0onalists (they assign some 

‘meaning’ to the elements – symbols or nodes) 
–  Disagree 

•  classical theory encode structural rela&onships and processes (eg, cons&tuents, 
variables, rules) 

•  connec&onnists only encore causal rela&onships and processes (x causes y to fire)  

•  Arguments against connec&onnist systems: mental representa&on and 
processes are structure sensi&ve 
–  combinatorial seman&cs 

•  seman&cs of « J. loves M. » derived from seman&cs of « J. », « loves » and « M. » 
–  produc&vity 

•  the list of thoughts/sentences is not finite (I can construct new thoughts with old ones) 
–  systema&city 

•  I construct them in a systema&c way  
•  eg: « x loves M. » (where x can be any proper noun)  
•  eg: If I can think « J. loves M. », I can think « M. loves J. » 

–  recursivity & cons&tuent structure:  
•  If I can think « P. thinks that M. is nice » I can think « J thinks that P thinks that M is nice » 

‐> connec&onist systems have none of the above proper&es 



Fodor & Pylyshyn (cont) 
•  Objec&ons to symbolic/classical systems 

–  rapidity of cogni&ve processes/neural speed 
–  difficulty of pakern recogni&on/content based retrieval in 

conven&onal architectures 
–  commiked to rule vs excep&on dichotomy 
–  inadaquate for intui&ve /nonverbal behavior 
–  acutely sensi&ve to damage/noise (vs graceful degrada&on) 
–  storage in classical systems is passive 
–  inadaquate account of gradual/frequency based applica&on of rules 
–  inadequate account of nondeterminism 
–  no account of neuroscience 
 none of these arguments are valid or relevant 

•  CONCLUSIONS 
1.  current connec&onist theories are inadequate 
2.  if they were to be made adequate they  would be mere 

implementa&on of classical architecture 



Ques&ons 

•  les arguments de Fodor contre les modèles 
connec&onnistes sont ils valides 

•  les réponses de Fodor aux arguments des 
connec&onnistes sont elles per&nentes 

•  que penser de la première conclusion (les modèles 
connec&onnistes sont inadéquats comme modèles de 
la pensée et du langage) 

•  que penser de la seconde conclusion (les modèles 
connec&onnistes qui sont adéquats ne sont que des 
implémenta&ons des modèles classiques) 
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