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Understanding the complexity of computational models through optimization and 

sloppy parameter analyses: The case of the Connectionist Dual-Process model. Perry, Evertz, 

Zorzi, & Ziegler (2023) 

Supplementary Materials 

 

Dynamics used in CDP++.parser model (Perry et al., 2013). 

 

Individual nodes in the model (e.g., features, letters, words, phonemes, word stress) activate 

each other across time in ‘cycles’ (i.e., time steps). This starts when letter features of letter 

feature nodes are turned on, which is done by setting their activation to 1.0. When one node 

then activates another, the interactive-activation equations described initially in McClelland 

and Rumelhart (1981) are used to calculate the activation rate. Activation change occurring 

from one cycle to the next can be represented as: 

 

ai(t + ∆t) = ai(t) + (εi(t) × Global Activation Rate) 

 

where ai is a units activation, εi(t) is the net input into the unit (between 1 and zero), and the 

Global Activation Rate is a parameter which controls the slope of the function. 

 

The net input of a node is based on excitatory and inhibitory connections into the unit and 

uses the equation: 

 

𝜀𝑖(𝑡) = ∑ ∝𝑖𝑗

𝑗

𝑒𝑗(𝑡) −  ∑ 𝛾𝑖𝑘

𝑘

𝑖𝑘 (𝑡) 

 

In this equation, the first half represents the excitatory component and the second half the 

inhibitory component, with ej(t) representing the activation produced by an excitatory node j, 

and αij a weight constant associated with a link from node i to node j. In the inhibitory part of 

the net input ik represents the activation from an inhibitory unit, and γik is a weight constant 

associated with a link from node i to node k. The constants used between nodes were 

parameters that were optimized and were always identical between representational levels. 

 

After the net input is calculated, it is transformed into a value between 0 and 1 using the 

following equations: 

 

εi(t) = ni(t)(1 - ai(t)) 

 

when the netinput ni is above or equal to 0, and 

 

εi(t) = ni(t)(ai(t)) 

 

when it is below zero. 

 

With the nodes (words) in the orthographic and phonological lexicons, a resting level 

parameter is used that is dependent on the log word frequency of the word multiplied by a 

parameter that scales all words between zero for the highest frequency word and a greater 

number for the lowest frequency word (e.g., 0 to .5). This number is calculated for each word 
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and subtracted from the net input of each node in the lexicons each time the activation 

function is calculated.  

 

There are two places in the model where the dynamics described above differ: with the 

graphemic parser and with the generation of the phonology from the two-layer associative 

(TLA) network.  

 

In terms of the graphemic parser, it becomes active (turned on) and starts selecting letters 

from the letter level once a letter has reached a given level of activation (the grapheme 

parsing letter threshold parameter). It selects letters and puts them into the input of the two-

layer associative network after a given amount of cycles for each letter. The letters selected 

are considered fully activated (i.e., given the value of 1.0), and the actual letter selected from 

each position of the letter level is the letter (node) with the highest activation. We assumed 

the amount of time it takes to select a letter is continuous rather an integer. However, because 

the model works in time cycles, letters were only selected when the cycle number was greater 

than the time it takes to select a letter multiplied by the number of letters that had been 

previously selected plus 1. For example, if the parameter value was 7.3, the times for 

selection for the first 4 letters would be: 7.3, 14.6, 21.9, and 29.2. However, because a letter 

can only be selected on a given time cycle, it means the letters would be selected and put in 

the graphemic buffer on the 8th, 15th, 22nd, and 30th cycle. Thus, the number of cycles that 

each letter takes to be selected is not necessarily identical and may differ by 1 (in this case, 8, 

7, 7, and 8 cycles). Single letters may be combined into graphemes with more than one letter 

by the parser. This is done as a statistical process that may revise previous selections (see 

Perry et al., 2013).  

 

The output of the TLA network for a phoneme i is simply the sum of the activation of the 

input units (j) multiplied by a weight between the input node (grapheme) and its activation a 

(which can only be 0 or 1 due to the way the parser works where graphemes are assumed to 

be fully activated). The formula used is thus: 

𝑛𝑒𝑡𝑖 = ∑ 𝑤𝑖𝑗𝑎𝑗

𝑗

 

The net input is then transformed via a sigmoid function that changes its weight to between 0 

and 1 using the following equation: 

𝑂𝑖 =
1

1 + 𝑒−(𝑛𝑒𝑡𝑖−1)𝜏 
 

where 𝜏 is a temperature parameter determining the slope of the function that was equal to 3 

in all simulations (as it has been in all other simulations using CDP). As in Zorzi et al. 

(1998), in the simulations reported here, values less than 0.05 are set to 0, so no input really 

means no output. 

For more details of the model see Perry et al. (2007; 2010; 2013) and Coltheart et al. (2001). 
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Parameter Reconstruction 

 Parameter reconstruction typically examines whether a model can reproduce results 

that it is has produced, and the extent to which the parameters change when this is done. 

Here, parameter reconstruction was done by taking the results of the most optimized model 

from models using both types of cost function. This was done for each of the 7 datasets used. 

One hundred new models then had their parameters optimized on each of those results in the 

same way as the models were optimized on the real datasets.  

In terms of overall fit, the results showed that CDP was able to replicate the results 

well. With the models that used a correlation cost function, the correlations were high (mean: 

.97; median: .97; max: .998; min: .93). With the models that used a MSE cost function, the 

MSE values were low (mean: 8.41; median: 6.22; max: 64.14; min: .22). Alternatively, some 

of the correlations were weak, with a number of poorly fit models (mean = .88; median: .91; 

max: .996; min .31). Whilst we explored removing poorly fitting datasets, no criteria we used 

changed the histograms meaningfully, so all values were left in.  

 The results of the SDs and histograms of the reconstructed data appear below (Figure 

S3). As can be seen, the results were very similar to the models optimized on the actual data 

(Figure 2 in the main text) in terms of the distributions found.  

Parameter Rankings 

 

Kardynska et al. (2016) devised a measure of parameter importance that was 

motivated by studies in parameter sensitivities (e.g., Stumpf et al., 2011). The parameter 

ranking of Kardynska et al. incorporates the relative contribution of each bare parameter, but 

also the relative widths of the sloppy and stiff principal axis. The parameter ranking is used to 

determine which model parameters may be of particular importance to the model. 

Mathematically, the ranking is 

 

 𝑅𝑗 = ∑ 𝑎𝑏𝑠
𝑣𝑗,𝑖

𝑤𝑖
𝑖  

 

where the ranking, Rj, is defined for the j-th model parameter with the sum taken over the 

principal axes, i,…,N (eigenvectors of hessian). Vji is the element of the i-th eigenvector 

corresponding to the j-th parameter and w is the width of the i-th principal axis as defined 

earlier in Equation 10 in the main text. For each finite difference Hessian computed across 

the data sets, the eigenvectors are calculated, and the parameter ranking is applied to 

highlight which parameters may be of particular importance. 

 

To obtain an additional point of comparison, we use one further parameter ranking 

that provides a measure describing the magnitude of influence of each parameter to the 

curvature of the cost function. The following parameter ranking was used by Elevitch and 

Johnson (2020) to rank parameter importance in predictive mechanistic models and is defined 

as the sum of the absolute value of the product of the eigenvalues with each eigenvector.  

Mathematically that is: 

 

Γ𝑖  = ‖Λ𝐸𝑖
𝑇‖  

 

where Γi is the parameter ranking for parameter i, Λ is the diagonal matrix of eigenvalues 

λi,…,N, Ei is the i-th column of the eigenvector matrix E and ‖𝑥‖ is the L1-norm. The L1-norm 
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is a mathematical operator which sums over the absolute values of each vector element, i, 

inside the brackets. We note that both described parameter rankings, and whilst they are not 

the same, they are similarly defined and produce very similar rankings. Given this, only the 

first ranking measure was used.  
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Table S1. Pearson correlation coefficients (r) calculated between the results of CDP using 

models selected based on being optimum on a minimum MSE score and the items of different 

experiments. 

Dataset model 

optimized on 

Overall 

Mean 

Seidenberg 

NWs 

Chateau Spieler 

Young 

Spieler 

Old 

Treiman Waters Yap 

Seidenberg NWs .37 .38 .47 .31 .40 .33 .16 .53 

Chateau .45 .29 .55 .44 .48 .42 .33 .62 

Spieler Young .32 .25 .17 .43 .41 .31 .30 .40 

Spieler Old .39 .39 .42 .38 .41 .33 .29 .54 

Treiman .35 .17 .29 .44 .47 .38 .29 .42 

Waters .32 .19 .21 .42 .42 .32 .29 .40 

Yap .43 .40 .45 .44 .47 .37 .25 .61 

Max .45 .40 .55 .44 .48 .42 .33 .62 

Min .32 .17 .17 .31 .40 .31 .16 .40 

Median .37 .29 .42 .43 .42 .33 .29 .53 

Mean .38 .30 .36 .41 .44 .35 .27 .50 

Note: Seidenberg NWs = Seidenberg et al. (1994), Chateau = Chateau & Jared (2003), 

Spieler Young/Spieler Old = Experiments 1 and 2 from Spieler and Balota (1997/1998), 

Treiman = Treiman et al. (1995), Waters = Seidenberg & Waters (1989), Yap = Yap & 

Balota (2009). 
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Table S2. Standard Deviation rates (%) CDP produced when optimized on the items from 

different databases when predicting word pronunciations from different databases (i.e., the 

number of times the model produced the phonology of a word/nonword that people would be 

very unlikely to produce). 

Correlation Cost Function Models 

Dataset model 

optimized on 

Overall 

Mean 

Seidenberg 

NWs 

Chateau Spieler 

Young 

Spieler 

Old 

Treiman Waters Yap 

Seidenberg NWs 1.05 2.21 0.89 0.60 0.60 0.83 0.75 0.52 

Chateau 0.80 0.17 1.44 0.87 0.87 1.21 0.75 0.30 

Spieler Young 1.16 0.34 2.44 0.63 0.63 1.43 0.75 1.92 

Spieler Old 1.26 0.34 2.89 0.80 0.80 1.36 0.90 1.74 

Treiman 1.74 0.34 3.55 1.20 1.20 1.96 1.28 2.67 

Waters 1.60 1.19 3.11 1.00 1.00 1.36 1.28 2.29 

Yap 0.80 0.68 1.00 0.77 0.77 1.13 0.90 0.33 

Max 1.74 2.21 3.55 1.20 1.20 1.96 1.28 2.67 

Min 0.80 0.17 0.89 0.60 0.60 0.83 0.75 0.30 

Median 1.16 0.34 2.44 0.80 0.80 1.36 0.90 1.74 

Mean 1.18 0.75 2.19 0.84 0.84 1.32 0.95 1.40 

MSE Cost Function Models 

Seidenberg NWs 1.05 2.21 1.78 0.63 0.63 0.75 0.53 0.79 

Chateau 1.04 0.17 1.89 1.00 1.00 1.51 1.20 0.49 

Spieler Young 1.43 2.04 2.22 0.80 0.80 1.51 1.28 1.34 

Spieler Old 1.01 0.00 0.89 1.23 1.23 1.73 1.35 0.61 

Treiman 1.37 1.70 1.55 1.20 1.20 2.03 1.35 0.55 

Waters 1.13 0.17 3.00 0.67 0.67 1.36 1.05 1.00 

Yap 0.86 1.19 1.00 0.80 0.80 0.98 0.68 0.55 

Max 1.43 2.21 3.00 1.23 1.23 2.03 1.35 1.34 

Min 0.86 0.00 0.89 0.63 0.63 0.75 0.53 0.49 

Median 1.05 1.19 1.78 0.80 0.80 1.51 1.20 0.61 

Mean 1.13 1.07 1.76 0.91 0.91 1.41 1.06 0.76 

N. Words  588 901 2998 2998 1327 1329 6714 

Note: Seidenberg NWs = Seidenberg et al. (1994), Chateau = Chateau & Jared (2003), 

Spieler Young/Old = Spieler and Balota (1997/1998), Treiman = Treiman et al. (1995), 

Waters = Seidenberg & Waters (1989), Yap = Yap & Balota (2009). 

 

 

  



 Sloppy parameters 7 
 

Table S3. Pearson correlation coefficients (r) calculated between the results of CDP 

optimized using a correlation and MSE cost function on items from different databases; (b) r 

scores for the reaction times of the items in the databases predicted using regression 

equations; and (c) the difference in the size of the correlations between CDP and the 

regression equations 

  Datasets tested 

Regression/Dataset model 

optimized on 

   Mean    Chateau Spieler 

Young 

Spieler 

Old 

Treiman Waters Yap 

Regression        

Chateau .43 .50 .43 .43 .44 .49 .32 

Spieler Young .44 .44 .49 .41 .43 .45 .40 

Spieler Old .33 .31 .33 .36 .33 .34 .33 

Treiman .33 .34 .35 .30 .41 .32 .24 

Waters .30 .30 .29 .30 .25 .32 .31 

Yap .40 .24 .36 .48 .38 .46 .48 

    Mean .37 .35 .37 .38 .37 .40 .35 

CDP 

(Correlation cost func) 
       

Chateau .45 .57 .37 .45 .43 .29 .59 

Spieler Young .44 .39 .48 .51 .39 .32 .56 

Spieler Old .44 .40 .46 .50 .40 .31 .57 

Treiman .41 .26 .45 .51 .46 .35 .40 

Waters .37 .19 .42 .43 .38 .38 .43 

Yap .47 .54 .44 .49 .41 .32 .63 

    Mean .43 .39 .44 .48 .41 .33 .53 

CDP (MSE cost func)        

Chateau .47 .56 .45 .48 .41 .33 .61 

Spieler Young .41 .36 .46 .44 .36 .32 .53 

Spieler Old .47 .55 .45 .49 .41 .32 .62 

Treiman .47 .51 .45 .50 .43 .30 .62 

Waters .39 .25 .44 .43 .36 .35 .51 

Yap .46 .52 .43 .49 .40 .29 .62 

    Mean .45 .46 .45 .47 .40 .32 .59 

Regression – CDP 

(Correlation cost func) 
       

Chateau -.02 -.07 .06 -.02 .01 .20 -.27 

Spieler Young -.01 .05 .01 -.10 .04 .13 -.16 

Spieler Old -.11 -.09 -.13 -.14 -.07 .03 -.24 

Treiman -.08 .08 -.10 -.21 -.05 -.03 -.16 

Waters -.08 .11 -.13 -.13 -.13 -.06 -.12 

Yap -.07 -.30 -.08 -.01 -.03 .14 -.15 

    Mean -.06 -.04 -.06 -.10 -.04 .07 -.18 

Regression – CDP  

(MSE cost func) 

       

Chateau -.04 -.06 -.02 -.05 .03 .16 -.29 

Spieler Young .02 .08 .03 -.03 .07 .13 -.13 

Spieler Old -.14 -.24 -.12 -.13 -.08 .02 -.29 

Treiman -.14 -.17 -.10 -.20 -.02 .02 -.38 

Waters -.09 .05 -.15 -.13 -.11 -.03 -.20 

Yap -.06 -.28 -.07 -.01 -.02 .17 -.14 

  Mean -.08 -.10 -.07 -.09 -.02 .08 -.24 

Note: Chateau = Chateau & Jared (2003), Spieler Young/Old  = Spieler and Balota 

(1997/1998), Treiman = Treiman et al. (1995), Waters = Seidenberg & Waters (1989), Yap = 

Yap & Balota (2009), Regression = r values from a four factor model for words (log 

frequency, neighborhood, letter length, consistency).
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Figure S1. CDP++.parser (Perry et al., 2013) and the parameters (P) used in this study 

 

Note: f = feature, l = letter, S = Stress, o = onset, v = vowel, c = coda, Lex = Lexicon, Phon = Phonological, TLA = two-layer associative, P = 

Parameter examined in this paper. Numbers correspond to the overall slot number within the Letter, Feature, and Stress nodes, or the particular 

slot within an onset, vowel, or coda grouping for the rest of the representations. The thick divisor in the Phoneme Output Buffer represents a 

syllable boundary. The grapheme and phoneme nodes in the TLA network are used as an example and do not correspond to the actual set of 

graphemes used in the network.  
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Figure S2. Histograms of the parameter distributions from 100 optimization runs on each dataset. The low and high values of the X axis are 

taken from the minimum and maximum values in Table 1. The largest value of the Y axis is taken from the bin with the highest count.
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Note: SeidNWs = Seidenberg et al. (1994), Chateau = Chateau & Jared (2003), Spieler Young/Old = Spieler & Balota (1997/ 1998), Treiman et 

al. (1995), Waters = Seidenberg & Waters (1989), Yap = Yap & Balota (2009). Ex = Excitatory, In = Inhibitory, LatIn = Lateral inhbition, Feat 

= Feature, Let = Letter, OL = Orthographic Lexicon, PL = Phonological Lexicon,  Phn = Phoneme, TLA = Two-later associative network, 

Let_Scan = Letter Scanning time, FreqMod = Frequency modifier, Min_Naming = minimum naming criterion, St = Stress, St_Over = stress 

naming criterion, Let_Over = Grapheme parsing letter threshold, DeadNode = Dead node level.
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Figure S3. Histograms of standard deviations from all of the parameters in the databases 

 

 

 

 

 

 

 

  

SD (Correlation cost function)            SD (MSE cost function)                  

C
o

u
n

t



 Sloppy parameters 12 
 

 

Figure S4. Normalized standard deviations and histograms for each parameter from 100 

optimization runs for the correlation and MSE cost function parameter regeneration runs in 

the parameter regeneration simulations.  The low and high values of the X axis are taken 

from the minimum and maximum values in Table 1. The largest value of the Y axis is taken 

from the bin with the highest count. The blue vertical line represents the initial parameter 

value. 
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Note: Normalization of the SDs was done by dividing parameter values by the low and high 

minimum and maximum values taken from Table 1. SeidenbergNWs = Seidenberg & Waters 

(1994), Chateau = Chateau & Jared (2003), Spieler Young/Old = Spieler & Balota 

(1997/1998), Waters = Seidenberg & Waters (1989), Yap = Yap & Balota (2009), Ex = 

Excitatory, In = Inhibitory, LatIn = Lateral inhbition, Feat = Feature, Let = Letter, OL = 
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Orthographic Lexicon, PL = Phonological Lexicon,  Phn = Phoneme, TLA = Two-later 

associative network, Let_Scan = Letter Scanning time, FreqMod = Frequency modifier, 

Min_Naming = minimum naming criterion, St = Stress, St_Over = minimum stress naming 

criterion, Let_Over = Grapheme parsing letter threshold, DeadNode = Dead node level. 
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Figure S5. Cost of deviations at different step sizes (Spots) for the Correlation and MSE cost 

function models. The left panels are box and whisker plots and the right panels have the 

individual data points 
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Further files 

 

Further data from this project is available from the first author on request 

(ConradPerry@gmail.com).  
 

 


