Supplementary Materials 
Section 1. Alternative memory measures (d-prime and a-prime) 
To ensure that our findings generalize when using different theoretical approaches to memory data, we also report exploratory measures of d-prime and a-prime for all analyses using p(WM) or p(LTM) measures, in the main manuscript. We summarise memory performance by set size in Experiment 1 in Table S1, and by serial position for Experiment 2, in Table S2, including accuracy (proportion correct), p(WM) and p(LTM) values, d-prime, a-prime, and associated ratio and loss measures, as relevant. D-prime and a-prime values were calculated using the dprime function in the R package ‘psycho’ (Makowski, 2018). We applied the Hautus (1995) adjustments for extreme values, and detail corrections for negative d-prime values and infinite d-prime ratios in Tables S1 and S2 below. 
Section 2. LTM/WM ratio measure 
We used a similar approach to Forsberg et al. (2021). For this measure, we ignored the memory confidence (i.e., whether a response was sure, believe, or guess) and just considered whether the correct half of the response scale was used. The p(WM) estimates were obtained using correct detection of an old item (i.e., a hit, h) and erroneous detection of a new item as old (i.e., a false alarm, f). The model to estimate p(WM) is derived from Pashler (1988) as applied to the present memory test situation by Cowan et al. (2013, “reverse-Pashler” formula), except that we have redefined hits and false alarms as above, differing from Pasher and Cowan et al, to align with conventional terminology in recognition memory analyses. We assume that participants respond correctly when the probed item is in WM and otherwise guess that the item is new with a certain rate (g). The rate of correct detection of old items, h, equals the sum of the probability that the probe item is in WM and the probability that the items is not in WM but that a correct “old” guess g is given: 
h=p(WM) + [1- p(WM)](g)
When the item is new then there is no match with studied information, so performance depends on the guessing rate alone. Here, an incorrect response (f) is made at the rate, f=g.  
Combining these formulas, it can be shown that

A comparable formula can be used with LTM data (hits, hl for correctly detected old items and false alarms, fl for incorrect responses that a novel item was old) to yield the proportion of items in LTM: 

In the calculation for WM, it is assumed that g depends on the set size, but g drops out of the final formula. In the calculation for LTM, it is assumed that if the participant does not remember the probe item, then there is no information about the WM set size, so g does not vary with the WM set size. Multiplying p(WM) and p(LTM) by the set size yields an estimate of the number of items from an array available at those test stages. 
Section 3. Hierarchical Working Memory capacity (k) estimation 
We calculated a separate estimate of the number of items that each participant could maintain in WM (k) out of all items presented per set size (i.e., N of 2, 4, or 6 items). We used formulas for calculating k based on the “reverse-Pashler” method of Cowan et al. (2013), but modified to incorporate separate uninformed guessing rates (u) for each encoding set size, based on Rhodes et al. (2018). Under this method, it is assumed that in a set size of N items, a participant can successfully encode k of these items into WM. When an old item is presented as a recognition probe, the probability that it is in the participant’s WM is k/N. If k  N, then the participant will have a perfect detection rate for all old items. If the test probe is an old item that is not held in the participant’s WM (as may occur when k < N), or if the test probe is a new item, the participant can still guess that the probe is “old.” Letting cr denote the correct rejection rate for new items and f the false alarm rate, then k = N x (cr – f)/cr, and u = cr. 
Models were implemented under a hierarchical Bayesian framework (e.g., Morey, 2011), such that group-level estimates of k and u at each set size constrained individual-level estimates of these parameters through hierarchical shrinkage (see Kruschke, 2015). The hierarchical Bayesian method is suitable for modeling variability in cognitive processes across individuals and provides a principled method of handling non-sensical negative estimates of k that can arise in non-hierarchical formulas when the false alarm rate exceeds the correct rejection rate (as discussed below). Our models used a within-subject parameterization of k and u. Specifically, a separate group-level ks and us was estimated for a given s set size, but the estimation method was based on a single hierarchical model (per experiment) incorporating data from all set sizes simultaneously. This mitigates the need to correct for multiple comparisons, as corrections for multiplicity are an inherent feature of hierarchical Bayesian models (Gelman et al., 2012; Kruschke & Liddell, 2018). An individual-level estimate of each parameter for the ith participant is denoted ksi and usi. 
Hyperpriors on group-level means were chosen to be weakly informative but sufficient for regularizing the posterior distribution. For each ks, hyperpriors were placed on a latent variable s, which could take any numeric value, including negative values that are non-sensical on k (i.e., one could not have a negative WM capacity). By modeling s on an unbounded scale, we controlled negative estimates of k via a mass-at-chance transformation (Rouder et al., 2007). That is, for a given participant i, the resultant ksi = maximum(si, 0). Each s was modeled as arising from a normally distributed prior distribution with parameters (s) and (s) corresponding to the mean and precision (the inverse of the variance) of this distribution, respectively. For each (s), we specified a Normal(3, 1/100) prior, placing our prior belief about the mean capacity at 3 items (e.g., Adam et al., 2017; Cowan, 2001) but with a large variance component (i.e., small precision) to ensure that this prior was only weakly informative. For each (s), we employed an inverse power function (1/power(s_SD, 2)), allowing us to place a Gamma(1.01005, 0.1005012) prior directly on the standard deviation, as this prior has been shown to minimize bias on individual-level estimates due to shrinkage in hierarchical models (Kruschke, 2015). For the uninformed guessing rate (u), the natural scale of this parameter is between 0 and 1, but we used an unbounded scale in modeling group- and individual-level estimates of each us with a logit transform to constrain each usi to the unit interval. Each us was modeled as arising from a normally distributed prior distribution with prior specifications of (us) ~ Normal(0, 1/100) and (us) = (1/ power(us_SD, 2)), with the same Gamma prior on the standard deviation term as specified previously.
Models were estimated using the R2jags package in R (R Core Team, 2020; Su & Yajima, 2015), which communicates with JAGS (Plummer, 2003). Posterior summaries of model parameters were obtained from four independent Markov chain Monte Carlo (MCMC) chains, each with a burn-in period of 5,000 iterations and a sampling period of 145,000 iterations, with thinning set to 30 to reduce computing resource consumption. Thus, the final number of retained iterations across the four MCMC chains was 19,333. Convergence across the chains was assessed with the Gelman-Rubin R̂ statistic and was considered satisfactory when R̂ < 1.05. For all parameters at both the group- and individual-level in both experiments, R̂ ≤ 1.003, providing confidence that the 4 MCMC chains converged on a stable posterior distribution.
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Table S1. Experiment 1: Memory performance by Set Size.
	Set Size
	Accuracy
	p
	d-prime
	a-prime

	Working Memory
	
	
	

	[bookmark: _Hlk57195804]2 items
	.97 (.18)
	.95 (.07)
	1.25 (0.14)
	0.98 (.03)

	4 items
	.92 (.27)
	.89 (.13)
	1.12 (0.21)
	0.96 (.06)

	6 items
	.88 (.33)
	.84 (.16)
	1.00 (0.25)
	0.93 (.06)

	Long-Term Memory 
	
	

	2 items
	.65 (.48)
	.51 (.23)
	0.49 (.25)
	.77 (.10)

	4 items
	.59 (.49)
	.44 (.20)
	0.42 (.21)
	.75 (.09)

	6 items
	.55 (.50)
	.39 (.20)
	0.37 (.20)
	.72 (.10)

	Novel items
	.73 (.44)
	-
	-
	-

	Ratio 
	
	
	
	

	2 items
	-
	.53 (.23)
	0.39 (.18)
	.79 (.09)

	4 items
	-
	.49 (.21)
	0.37 (.16)
	.78 (.09)

	6 items
	-
	.47 (.24)
	0.37 (.19)
	.78 (.09)


Note. Values in Parenthesis represent Standard Deviations. For WM accuracy, values represent the combination of both same and different items presented with each set size. For p values, we report the adjusted values, such that values equivalent to WM k < 1 were replaced with the corresponding p(WM) for k = 1, and values of p(LTM) × Set Size ≤ 0 were replaced with zero, and 1 p(WM) and 2 p(LTM) values were adjusted accordingly. For LTM d-prime, 3 negative values were adjusted to 0. For the d-prime ratio measure, one participant was excluded due to an infinite ratio for one set size.  



Table S2. Experiment 2: Memory performance by Serial Position 
	Serial Position
	Accuracy
	p
	d-prime*
	a-prime

	Working Memory
	
	
	

	1
	.82 (.39)
	.78 (.25)
	0.87 (.31)
	.89 (.10)

	2
	.81 (.39)
	.78 (.23)
	0.87 (.29)
	.89 (.09)

	3
	.82 (.39)
	.79 (.22)
	0.88 (.29)
	.90 (.09)

	4
	.83 (.37)
	.81 (.24)
	0.90 (.30)
	.90 (.11)

	5
	.87 (.33)
	.86 (.21)
	0.95 (.27)
	.92 (.07)

	6
	.95 (.21)
	.94 (.14)
	1.06 (.22)
	.94 (.06)

	Novel items
	.85 (.36)
	
	-
	-

	Long-Term Memory 
	
	

	1
	.66 (.47)
	.50 (.27)
	0.44 (.25)
	.74 (.13)

	2
	.62 (.47)
	.44 (.26)
	0.39 (.24)
	.72 (.13)

	3
	.60 (.48)
	.40 (.24)
	0.35 (.23)
	.70 (.13)

	4
	.60 (.49)
	.40 (.26)
	0.36 (.24)
	.70 (.13)

	5
	.60 (.49)
	.41 (.24)
	0.35 (.22)
	.71 (.11)

	6
	.65 (.48)
	.48 (.25)
	0.42 (.23)
	.74 (.11)

	Novel items
	.68 (.47)
	
	
	

	Ratio 
	
	
	
	

	1
	-
	.70 (.48)
	0.53 (.36)
	.83 (.15)

	2
	-
	.62 (.43)
	0.51 (.39)
	.81 (.16)

	3
	-
	.53 (.32)
	0.41 (.27)
	.79 (.15)

	4
	-
	.55 (.47)
	0.45 (.46)
	.80 (.27)

	5
	-
	.50 (.34)
	0.43 (.62)
	.77 (.13)

	6
	-
	.51 (.26)
	0.41 (.20)
	.78 (.12)

	Loss 
	
	
	
	

	1
	-
	.29 (.31)
	0.45 (.30)
	.15 (.13)

	2
	-
	.34 (.32)
	0.48 (.32)
	.17 (.14)

	3
	-
	.38 (.26)
	0.54 (.26)
	.19 (.12)

	4
	-
	.41 (.32)
	0.55 (.32)
	.20 (.15)

	5
	-
	.45 (.27)
	0.61 (.27)
	.21 (.11)

	6
	-
	.47 (.25)
	0.64 (.25)
	.21 (.11)

	
	
	
	
	


Note. Values in Parenthesis represent Standard Deviations. For WM accuracy, values represent the combination of both same and different items presented with each set size. For p values, we report the adjusted values, such that values equivalent to WM k < 1 were replaced with the corresponding p(WM) for k = 1, and values of p(LTM) × Set Size ≤ 0 were replaced with zero, and 15 p(WM) and 29 p(LTM) values were adjusted accordingly. For WM d-prime, 4 negative values were adjusted to 0. For LTM d-prime, 42 negative values from 29 participants were adjusted to 0. For the d-prime ratio measure, five participant were excluded due to an infinite ratio for one serial position. 

2

