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1. Hidden layer necessary for word-nonword discrimination, but not for priming
2. Coding in networks without a hidden layer: essentially based on the presence 
of letters but where letter contributions are modulated using the interaction 
between within-word position and within-slot location. This modulation allows 
networks to factor in some information about letter position, which is sufficient to 
segregate most (95%) anagrams. 

With a hidden layer Without a hidden layer

Network topology 1179  outputs

91 hidden units

260 inputs

1179 outputs

260 inputs

Relative-position priming
2 factors manipulated
(1) order (2 levels) 

forward (for ABLE : ABL, BLE, ABE, ALE)
backward (for ABLE : LBA, ELB, EBA, ELA)

(2) contiguity (2 levels)
contiguous  (for ABLE : ABL, BLE, LBA, ELB)
non-contiguous (for ABLE : ABE, ALE, EBA, ELA)

Transposed-letter priming
2 factors manipulated
(1) origin of central, or inner, letters (2 levels) 

same word (for ABLE : ABLE, ALBE)
different word (for ABLE : AITE, ATIE)

(2) order (2 levels)
forward (for ABLE : ABLE, AITE)
backward(for ABLE : ALBE, AITE) 

Accuracy (all words, anagrams) 100%,    100% 98.6%,    95%

Model size 
and complexity

91 hidden units
132 219 connection weights

0 hidden unit
307 719 connection weights

Coding & 
segregating anagrams

Holographic overlap coding 

Small changes of the inputs result in small 
differences in hidden layer representations

Differences in patterns of hidden layer 
activations are monotonically related to 

differences in identity and position of 
input letters.

(Hannagan, Dandurand, & Grainger, in press) Significant interaction between Location 
and Position (p < 0.001)

Task: Learn to map letters presented in all 7 positions of an alphabetic array (i.e., location-invariance) to 1179 English words of four letters (e.g., #ABLE##### where # are blank slots)
Coding: Local (sparse) – inputs: 26 binary letter values per slot position – outputs: one unit per word   Model: feedforward neural network (backpropagation learning with momentum)
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Lexical decision

Conclusions

Condition Examples Success criterion

word #ABLE#####
######WITH
###DOOR###

Output unit of target word (only) 
activated above threshold (0.9)

Nonword
(random 
strings)

#JKTS#####
######HIQL
###BXGA###

All output units activated below 
threshold (0.9)

Letters only #AAAA####
#####HHHH#
#LLLL#####

All output units activated below 
threshold (0.9)

Feedforward model comparison
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