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Memory	retrieval	



Memory	retrieval	–	without	cues	



Memory	retrieval	–	with	cues	



Free Recall 
1.  Boy 
2.  Mountain 
3.   Job 
4.    Violin 
5.    Water 
6.  Plane 
7.  Monastery 
8.  Conference 
9.  Goal 
10. Building 
11.  Bicycle 
12. Telephone 
13. Suit 
14. Defeat 
15. Table 
16. Engineer 



Primacy and recency in free recall  

Howard & Kahana 1999 
Serial position 



Free	recall	task	

Recall	as	many	
words	as	possible	
in	any	order.	

Author	
Valley	
Bubble	
Creature	

..	

..	
Iron	
	



Free recall VS Recognition 

Free recall 

Recognition 

Fig: Standing (1973), Q J Exp Psy. Free Recall: Binet & Henri (1894), Murdock (1960) J Exp Psy 







Retrieval from long-term memory – power law 

1
2C V≈



 Neural network models of long-term 
memory (‘Hopfield model’) 

 
 Memories are represented as attractors (stable states) of 
network dynamics.  
Ø  Attractor = internal representation (memory) of a stimulus  
Ø  Each attractor: a subset of neurons that has elevated 

persistent activity.  
Ø  Synaptic changes => Changes in attractor landscape =  

changes in memory  
Ø  Convergence to an attractor = recall of item from memory 



Associative memory model 
(Hopfield 1982) 
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Associative memory model 
(Hopfield 1982) 
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Associative memory model 
(Hopfield 1982) 
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Associative memory model 
(Hopfield 1982) 

 

max 0.14P N≈

Capacity:  

Amit et al, Phys. Rev. 1985 



Hopfield model with sparse coding 
(Tsodyks, Feigelman 1988) 
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Hopfield model with sparse coding 
(Tsodyks, Feigelman 1988) 
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Hopfield model with sparse coding 
(Tsodyks, Feigelman 1988) 
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Cue-triggered retrieval 



Associative retrieval – attractor neural network model 
*) Attractor neural network with sparse coding 
     (f*N neurons on average encode each item) 
*) Periodic modulation of feedback inhibition 
*) Adaptation (Single neuron / Synaptic) 
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Hebbian learning: 



The model – simulations 



Transitions are determined by largest intersections 

# of neurons in intersections 



Associative model of free recall 
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Associative model of free recall 
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Associative model of free recall 
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Associative model of free recall 
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Associative model of free recall 
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Similarities as overlaps between neuronal representation  

# of neurons in the intersections between two patterns ,
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Similarities as overlaps between neuronal representation  
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Associative retrieval: graph representation 

1 2
2 6
6 4

→

→

→

→K K

1 2 3 

4 5 6 

7 8 9 

? 



Associative retrieval: graph representation 
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Romani et al, 2013 



Random asymmetric matrix of similarities:  
exact solution of the model 
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Random asymmetric matrix of similarities:  
exact solution of the model 
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Random asymmetric matrix of similarities:  
exact solution of the model 
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Random asymmetric matrix of similarities:  
exact solution of the model 
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Power law scaling 
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Power law retrieval capacity 
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Power law retrieval capacity 
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Normalized probability distribution 



Normalized probability distribution 
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Bennet Murdock 
(Toronto) 

 



Retrieval capacity: longer lists 

Courtesy of B. Murdock 



Retrieval capacity: longer lists 



Retrieval capacity: longer lists 

0.41k L: 1.08( )Var k L:



Conclusions from the simplified 
model 

•  Accounts for power law scaling of retrieval 
capacity 

•  Predicts nontrivial scaling of the variance 
of the number of retrieved words 

•  No free parameters! (All subjects, all 
memory items are equivalent). 



Simulations 

2Nwr L< >≈

2
Nwr Lπ< >≈



‘Easy’ vs ‘difficult’ words 

Katkov et al, 2015 



Free recall data set 

170 subjects 
 
112 trials/ 6 sessions 
for each subject 
 
16 words in each 
presented list, no list 
repetitions. 
 
Immediate recall 

Mike Kahana 
Upenn 



Retrieval capacity: analytical solution 

2Nwr L< >≈

Romani et al 2013 
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Distribution of recall performance  
across trials  

 



Distribution of recall performance 
across trials  

 



Distribution of recall performance:  
data vs model 



Recency (working memory) 
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Distribution of recall performance:  
data vs model 

Without recency 



Prediction for L=32 experiment 



Distribution of recall performance:  
data vs model 



Perfect trials and perfect 
participants 

Romani, Katkov and 
Tsodyks, 2016 



Learning to remember:  
perfect trials and perfect 

participants  
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Three exceptional perfect participants 



Three exceptional perfect participants 



Three exceptional perfect participants 



Recall strategies 

•  Forward chaining 
•  Chunking4:      4-4-4-4 
•  Chunking34:    3-3-3-3-4 



Single trial measure  
of strategy application 
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Single trial measure  
of strategy application 



Perfect vs non-perfect participants: 
perfect trials 
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Recall strategies and recall speed: 
trials with  max 1p =

Recall position 



Recall strategies and recall speed: 
trials with  max 1p =



Chunking and working memory capacity  
(if time permits)	

ü  Each memory item is stored at an excitatory  
     neural cluster with  
     short-term plasticity in recurrent connections; 
  
ü All excitatory neural clusters are connected  
    to an inhibitory neuron pool;  
 
ü  The inhibitory neuron pool feedback to all excitatory clusters,  
     inducing competition among  excitatory clusters.  
 

Mongillo et al, 2008; Mi, Tsodyks, submitted 



Chunking and working memory 
capacity 

 



Chunking and working memory 
capacity 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Emergence of chunking 



Failure of chunking 


