SUPPLEMENTAL MATERIALS		48
Supplemental materials
PUDDLE
Implementation
For the purposes of this study, we rebuilt the PUDDLE architecture (Monaghan & Christiansen, 2010) in the Julia 1.10 programming language (Bezanson et al., 2017) using the descriptions and source code provided by the original researchers. The model was developed using the same theory-driven testing methodology (Lane & Gobet, 2003, 2012) used to implement CIPAL. The code and tests for the architecture are available in our Open Science Framework repository (see src/PUDDLE and tests/PUDDLE at https://osf.io/fhrxg/).

Simulation procedure
Our simulations with PUDDLE followed the same procedure as CIPAL. We ran separate models for each corpus that met the inclusion criteria. This meant we ran 70 simulations in Study 1, and four in Study 2. At the start of each simulation, PUDDLE had an empty lexicon and no prior information about the phonotactics of the language. The models were trained with each corpus once, and the utterances were presented in developmental order. After every 50 utterances, we measured number of words on the CDI that PUDDLE had learned by searching the model’s lexicon for each item. PUDDLE did not learn from the CDI lists during this search process, so repeated testing did not affect the model’s performance. We also calculated the mean activity level for each of the CDI items that were represented with one chunk, the total number of chunks in the model’s lexicon, and the number of legal word beginnings and endings the model had discovered. Unlike previous studies with PUDDLE, we did not evaluate the model’s word segmentation performance using precision and recall (Caines et al., 2019; Monaghan & Christiansen, 2010), since the purpose of these simulations was to provide direct comparisons with CIPAL.


PARSER
Implementation
We reimplemented the PARSER architecture in the Julia 1.10 programming language (Bezanson et al., 2017) using the descriptions and examples provided by Perruchet and Vinter in their original work. The model was developed using the theory-driven testing methodology (Lane & Gobet, 2003, 2012), which involved constructing a comprehensive set of tests on the source code to ensure that the new implementation produced the expected behaviour. The code and tests are available in our Open Science Framework repository (see src/PARSER and tests/PARSER at https://osf.io/fhrxg/).

Simulation procedure
Throughout Section 2, PARSER started each simulation with an empty perception shaper. Each model was trained with the full exposure language, immediately followed by the test phase where further learning was prohibited. In this test phase, the trained model was presented with the test items of the study (e.g., words and nonwords in Study 3) and we measured the total number of chunks it used to represent each sequence. The hyperparameters in PARSER were always set to their default levels, as described by Perruchet and Vinter (1998): the chunks were assigned an initial weight of 1.0, they could only be accessed when this weight met the shaping threshold of 1.0, their weights were reinforced by 0.5 when they were used to shape perception, but the weights were also reduced with a forgetting rate of 0.05 and an interference penalty of 0.005. 
Unlike CIPAL, which uses a deterministic chunking algorithm, PARSER selects the size of the next percept by randomly generating a number between 1 and 3 at the start of each processing cycle. To account for this stochastic process, PARSER was tested on each of the 2000 exposure languages 20 times (i.e., 40,000 estimates per test item), with each presentation treated as a new simulation with an empty perception shaper. We did not average the data but analysed the results from each presentation to increase the statistical power of our analyses. This approach is similar to previous studies using PARSER, where the random variance associated with each presentation is often treated as analogous to the random variance typically observed in a sample of human participants (e.g., Giroux & Rey, 2009; Perruchet & Poulin-Charronnat, 2012; Perruchet & Vinter, 1998).

Dependent measures
For our simulations with PARSER, we measured the number of chunks the models needed to process the different test sequences. PARSER learns by clustering adjacent material in the input to form progressively larger chunks in a memory store called the perception shaper. The model then uses the largest chunks in the perception shaper to recode subsequent language input. Thus, we assume that the participants would show a preference for sequences that required fewer chunks to process. The same dependent measure was also used to assess CIPAL’s representational preferences, which allowed us to directly compare the two frameworks using the same languages and test materials.

Analysis procedure
Our analysis of the PARSER simulations followed the same procedure as CIPAL. Specifically, we used a series of Poisson regression models to assess the number of chunks PARSER needed to represent each of the test items. The results of these models are presented in Table 1, and additional plots and statistics are available in our analysis notebook (see notebook/data-analysis.html at https://osf.io/fhrxg/). It should be noted that each regression model was fit to at least 160,000 data points. At this level of statistical power, the models can reliably detect minute effect sizes with an alpha level below the standard 0.05 threshold. 

Table 1
The results from Poisson regression models fit to the number of chunks PARSER used to process the test items. Beta estimates represent log-odds ratios. N shows the total number of data points included in the analysis.
	
	β
	t
	p
	Hedge’s g

	Study 3 (N = 160,000)
	
	
	
	

	Words vs. Nonwords
	1.56
	443
	< .001
	9.20

	
	
	
	
	

	Study 4 (N = 160,000)
	
	
	
	

	Words vs. Part words
	1.32
	388
	< .001
	4.18

	
	
	
	
	

	Study 5 (N = 160,000)
	
	
	
	

	Words vs. Part words
	1.22
	376
	< .001
	3.46

	
	
	
	
	

	Study 6 (N = 720,000)
	
	
	
	

	Words vs. Part words
	1.08
	579
	< .001
	4.83

	
	
	
	
	

	Study 7 (N = 720,000)
	
	
	
	

	Words vs. Part words
	1.02
	533
	< .001
	4.52

	
	
	
	
	

	Study 8 (N = 800,000)
	
	
	
	

	Words vs. Phantom units
	1.08
	406
	< .001
	0.40

	Words vs. Part words
	1.15
	572
	< .001
	1.75

	
	
	
	
	

	Study 9a (N = 480,000)
	
	
	
	

	Words vs. Sub-lexical units
	0.44
	191
	< .001
	1.56

	Sub-lexical units vs. Part words
	0.20
	104
	< .001
	1.26

	
	
	
	
	

	Study 9b (N = 480,000)
	
	
	
	

	Words vs. Sub-lexical units
	1.37
	491
	< .001
	15.6

	Sub-lexical units vs. Part words
	0.007
	3.99
	< .001
	1.23
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