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2) The Model 

• We used a Sequence-to-Sequence architecture  

(Seq2Seq; Sutskever et al. 2014). 
 Models string-to-string mappings  

where the input and output 

have independent lengths.  

 

 Performs well at other morphological  

tasks (Cotterell et al. 2016)  

and correlates well with human behavior  

(Kirov 2017; Kirov & Cotterell 2018). 

 

 

• The model used Long Short-Term Memory (LSTM; Hochreiter 

and Schmidhuber 1997).   
 Allows a model to keep track of which features of the input string are 

most helpful for predicting long-term patterns in the output. 

 Prevents vanishing gradients (Bengio et al. 1994) and increases models’ 

representational power (Levy et al. 2018). 

• We also included simulations with and without Dropout to test 

its effect on the model’s generalization (Srivastava et al. 2014). 
 When using dropout, a random subset of the  

network’s units won’t activate, regardless of 

their input. 

 

 This causes the model to find a  

more general solution. 

1) Introduction 

• The debate between connectionist and symbolic theories of 

grammar has largely revolved around morphology (Rumelhart 

and McClelland 1986; Pinker and Prince 1988). 

• This includes reduplication, with many claiming that  

connectionist models without explicit, algebraic variables cannot 

represent reduplicative patterns. 
 Example of reduplication from Karao (from Ŝtekaurer et al. 2012):  

    manbakal                  manbabakal 

  ‘fight each other (2 people)’     ‘fight each other (>2 people)’  

 Example of reduplication using algebraic variables (where α stands for 

the reduplicated stem): 

       α             αα 

• Marcus et al. (1999) showed that simple, variable-free networks 

could not generalize reduplication, whereas infants could.  
 See Gasser (1993), Berent (2013), and Tupper and Shahriari (2016) for 

more discussion on this. 

• Here we apply a state-of-the-art neural network with no explicit 

variables to the problem of reduplication and show that it  

succeeds where simpler neural networks failed.        

3) Simulation Design 

• Berent (2013) describes three different scopes of generalization 

for reduplication-like patterns: 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

• To test our model’s scope of generalization, we used  

randomly-produced toy languages and withheld data from  

training that represented each of the three scopes.  
 Each language had an inventory of 40 segments, with the withheld  

segments being randomly chosen in each simulation (except for the 

novel-feature-value simulations, in which [n] was always withheld).  

4) Results 

• The model successfully learned how to map stems in the training 

data to their reduplicated forms for all of the simulations. 

• Dropout increased the model’s scope of generalization from  

novel syllables to novel segments. 

5) Discussion 

• Without dropout, the model could generalize to novel syllables.  

• Dropout increased the model’s scope of generalization, but  

regardless of dropout, generalizing to novel feature values seems to 

be out of the model’s reach. 
 But do humans generalize to novel feature values? This is unclear, based on 

the data presented by Marcus et al. (1999) and Berent (2013).  
• These results suggest that variables may not be necessary to model 

human generalization of reduplication. 
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