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Abstract 

Episodic memory involves remembering not only what happened but also where and when the event 

happened. This multi-component nature introduces different sources of interference which stem from 

previous experience. However, it is unclear how the contributions of these sources change across 

development and what may cause the changes. To address these questions, we tested 4-5-year-olds (N 

= 103), 7-8-year-olds (N = 82), and adults (N = 70) using item/source recognition memory tasks with 

various manipulations (i.e., list-length, list-strength, word-frequency), and decomposed sources of 

interference using a computational model. We find that interference stemming from other items on the 

study-list rapidly decreases with development, whereas interference from pre-experimental contexts 

gradually decreases but remains the major source of interference. The model further quantifies these 

changes indicating that the ability to discriminate items undergoes rapid development, whereas the ability 

to discriminate contexts undergoes protracted development. These results elucidate fundamental 

aspects of memory development.  
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Statement of Relevance  

Memory research has shown that memory interference stems from different aspects of our previous 

experience. However, even though children accumulate experience throughout development, and the 

potential for interference may increase, memory performance typically improves. What prevents 

interference from overwhelming memory as children acquire experience? We show that this change is 

linked to the ability to distinguish memory representations from each other, and that this ability develops 

at a faster rate than that of experience accumulation. We show that the ability to distinguish specific 

items from each other emerges early in development while the ability to distinguish different contexts 

undergoes more protracted development. Therefore, theoretically, this work substantially advances our 

understanding of different sources of interference in memory development, while also providing a method 

that decomposes the effects from experience and maturation, which can be used in cognitive 

development research more broadly. 
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Sources of Interference in Memory across Development 

Episodic memory involves remembering multiple components of an event such as what, where, and 

when an event happened (Tulving, 1972). For example, in a courtroom, the testimony becomes valid not 

when the eyewitness remembers the suspect’s face, but when she remembers the face within the 

context of a certain place and time. However, our ability to form episodic memories is not perfect and is 

prone to interference stemming from previous experiences. Therefore, when the witness provides the 

testimony, inaccuracies (or forgetting) can be driven by other similar faces they have encountered during 

the event, or from other similar places, times, and faces that they have experienced before the event. 

Identifying different sources of interference, and understanding their involvement in memory 

retrieval has been an important part of building theories of episodic memory (Anderson & Bower, 1972; 

Criss & Shiffrin, 2004; Dennis & Humphreys, 2001; Osth & Dennis, 2015). For example, suppose that 

you are trying to recognize whether you met your colleague Adam at the party yesterday (see Figure 1a). 

If you actually met him yesterday, there would be a corresponding trace in your memory, which will 

create a matching signal to the probe  (i.e., self-match). However, other non-target memories will 

produce  interference. First, you may be confused because you met other people at yesterday’s party. 

These memories will match the to-be-recognized cue in terms of context (i.e., yesterday’s party) but 

mismatch the item (i.e., Adam). This form of interference has been called item-noise (Gillund & Shiffrin, 

1984; Shiffrin & Steyvers, 1997). Additionally, you may also be confused because you met Adam at other 

places in the past. These memories match the item cue (i.e., Adam) but mismatch the relevant context 

(i.e., yesterday’s party). This form of interference has been called context-noise (Dennis & Humphreys, 

2001).  Finally, memories that do not match either the item or context also produce  interference 

(Murdock & Kahana, 1993a, 1993b; Osth & Dennis, 2015). This form of interference is called 

background-noise. 
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Figure 1. Sources of interference and how they are decomposed by the computational model. (a) 

Different sources of interference in episodic memory. (b) An illustration of the different components 

included in the lure and target distribution of the model, and how the model parameterized these 

components. The bottom section describes the equations that are involved in calculating the distributions 

in the item recognition task. In the item recognition task, the model assumes that participants use a 

generalized source cue that matches the source component in the memory storage with a mean value of 

one and a variance of zero. Therefore, for the item recognition task that is described above, all terms 

have an implicit source-match component that is not expressed in the equations. (images: Freepik.com) 

 

These sources of interference have been studied with different experimental manipulations. For 

example, item-noise has been measured by comparing memory tasks with different numbers of study 
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items by either adding more unique items (i.e., list-length manipulation; Gronlund & Elam, 1994) or 

repeating some of the items in the list to evaluate their impact on the non-repeated items (i.e., list-

strength manipulation; Ratcliff et al., 1990). Context-noise has been examined by manipulating the pre-

experimental frequency of items. For example, when using words as stimuli, low-frequency words and 

high-frequency words are compared with the assumption that less frequent words appear in fewer 

sentence or story contexts, and are thus expected to create less context-noise.  

Computational models of memory have been used to quantitatively decompose different sources 

of interference. For example, Osth and Dennis (2015) used a computational model to show that the 

composition of interference varies across different studies depending on the pre-experimental familiarity 

of the stimulus. For instance, unfamiliar stimuli (i.e., fractal-patterns) generate more item-noise than 

familiar stimuli (i.e., words) since unfamiliar stimuli are harder to distinguish from each other than familiar 

ones. Moreover, the model showed that frequently encountered stimuli (e.g., high-frequency words) 

create more context-noise than those that are less frequently encountered (e.g., low-frequency words) 

since more frequent stimuli appear in more contexts and generate more interference during retrieval.  

An important implication of these findings is that there are both costs and benefits of experience 

on memory performance. With more experience, more memory traces will be stored, and these traces 

may become sources of interference. On the other hand, with more experience the representation of the 

stimulus becomes more distinct and less confusing, which results in less interference.  

In a similar way, the accumulation of experience may also affect memory performance across 

development. As a child grows both the number of memory traces and the robustness of representations 

will tend to increase. Therefore, as young children have less experience than adults, the costs and 

benefits of experience may be relatively small for young children compared to adults. Moreover, since 

memory performance typically improves during childhood, the benefit of experience may outweigh the 

cost at some point in development.  

However, it is unclear how the costs and benefits of experience change across development, how 

different aspects of experience contribute, and what drives these changes. Previous studies show that 

(1) memory accuracy increases throughout early development (e.g., Ackerman, 1984; Bauer, 2007; 
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Cycowicz et al., 2001; Hayes et al., 2017; Mandler & Robinson, 1978) and (2) the ability to remember 

different components of an event (e.g., item, context) may have a different developmental trajectory (e.g., 

Lee et al., 2020; Ngo et al., 2019; Picard et al., 2012). For example, Picard et al. (2012) provided 

evidence that the ability to remember the content of the event (i.e., item) reaches adult-like performance 

much earlier (i.e., around 7yrs) than the ability to remember the context of the event, such as the time 

and space of the event. However, these studies have not fully considered the consequences of prior 

experience when testing memory performance, which makes it hard to evaluate the cost and benefit of 

experience in memory.   

To answer these questions, in the current study, we examined how the sources of interference 

change and affect memory across development.  We used item and source memory tasks - 

systematically manipulating different sources of interference in various ways (i.e., list-length, repetition of 

the items, and pre-experimental frequency/familiarity of the items), and compared the performance 

across three different age groups. Then, we investigated the mechanisms that drive these changes by 

using a computational model that can decompose different sources of interference in each age group 

and untangle the cost and benefits of experience affecting memory performance. 

Method 

Participants were tested using a memory task that was introduced as a ‘secret word game’. In each 

game, participants were presented with two speakers (one male and one female) each telling them 

secret words one at a time, and were asked to remember the secret words (item recognition) and the 

speaker who said the word (source recognition). There were three different within-subject conditions, 

which were designed to capture different sources of interference used in previous adult studies (Kinnell & 

Dennis, 2011, 2012; Osth et al., 2014). Item-noise was measured by repeating half of the items (i.e., 

mixed strength condition) and by including additional unique items (i.e., long condition), with performance 

in these conditions compared to a baseline condition. Context-noise was measured by using stimuli (i.e., 

words) of different normative frequencies (Dennis & Humphreys, 2001) as frequency information 

provides a proxy for how often the word was experienced pre-experimentally. The results were analyzed 

using a computational model (Osth, Fox, et al., 2018; Osth & Dennis, 2015). The model decomposes the 
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total memory interference into different kinds of interference (i.e., item-noise, context-noise, and 

background-noise), and estimates the ability to discriminate different elements of an event (i.e., benefit of 

experience), while considering the amount of prior experience the participant received before being 

tested (i.e., cost of experience). 

Participants. One hundred and three 4-5-year-olds (M = 4.82yrs, SD = .29, 47 females), 82 7-8-year-

olds (M = 7.74yrs, SD = 1.03, 44 females), and 70 adults (M = 19.16yrs, SD = 1.03, 46 females) 

participated in the experiment. The sample sizes for adults and 7-8-year-olds were determined by 

previous studies that used a similar design (Kinnell & Dennis, 2011; Osth et al., 2014). For 4-5-year-olds 

we aimed to collect approximately double the sample size of the adult sample as previous memory 

experiments suggested that the young children’s data may be noisier than that of adults’ (e.g., Yim et al., 

2013).  

Adults were undergraduate students attending the Ohio State University, who were participating 

for course credit, and children were recruited from local schools around Columbus, Ohio, USA. The 

research was approved by the Ohio State University Institutional Review Board. An additional 35 4-5-

year-olds and one 7-8-year-old were excluded from the sample due to having d’ below zero in more than 

two test conditions majorly due to not paying attention to the task.  
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Figure 2. Stimulus and experimental design. (a) An example of the video-clips used in the experiment, 

where a speaker presented each word one at a time. (b) Study phase of the recognition task. (c) Test 

phase of the recognition task, where an item recognition test was administered followed by a source 

recognition test contingent upon a ‘Yes’ response in the item recognition test. The figure depicts the 

procedure for adults where the cue word was presented auditorily by a pre-recorded voice. (d) Design of 

the three different conditions. 

 

 

Materials. One-hundred and fifty words were selected from Wordbank (Frank et al., 2017), where all 

words had the Proportion of Children Producing higher than .5 at the age of 30-month. There were 80 

low- and 80 high-frequency words, where for the low-frequency words the average count per million was 

11.4 in CHILDES (MacWhinney, 2000), and 4.51 in the TASA corpus (Touchstone Applied Science 

Associates, Inc.; Landauer & Dumais, 1997), and for the high-frequency words the average count per 

million was 104.68 in CHILDES, and 127.75 in TASA.  The mean age-of-acquisition (AOA) for the words 

was 4.59yrs (SD = 1.31yrs; Kuperman, Stadthagen-Gonzalez, & Brysbaert, 2012). There were significant 

correlations between the frequencies derived from the CHILDES corpus and TASA corpus (Spearman’s 
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⍴  = .84, p < .0001), between the CHILDES corpus and the AOA scores (⍴  = -.52, p < .0001), and 

between the TASA corpus and the AOA scores (⍴  = -.45, p < .0001). Eighteen video-clips were created 

for each word, where there were nine different female and male speakers pronouncing the word. Each 

speaker appeared on a unique background in order to aid participants to better discriminate between the 

different speakers (see Figure 2a).  

Procedure. The experiment had four blocks, where each block had a study phase followed by a 

retention-interval and a test phase. In the study phase, participants were told that they would be playing 

a secret word game, where they would see two speakers each presenting secret words one at a time, 

and their task would be to remember the secret words and the speaker who said it. Each trial started with 

a fixation (+++) for 500ms, followed by a blank screen for 500ms, and a video clip showing a speaker 

saying a word for approximately 2700ms (see Figure 2b). In all blocks, one of the speakers was female 

and the other was male. The video-clips were presented on one side of the screen throughout the 

experiment depending on the speaker’s sex (e.g., female speakers on the left side, male speaker on the 

right side), and the position was randomized across participants. During the retention interval, 

participants were presented with two groups of dots on each side of the screen and were told to choose 

the side that had more dots. After a 500ms fixation (+++) the adults were presented with the two groups 

of dots for 250ms followed by a random colour dot mask, which was presented until a response was 

made. For the children group, the dots were presented until a response was made without the mask. The 

number of dots varied between 10 and 40 while manipulating the ratio of the two numbers. On each trial, 

the ratio was randomly selected between the four ratio bins 1.2171-1.4089, 1.4089-1.6308, 1.6965-

1.9638, 2.6260-3.0397 for the children group, and 1.0991-1.1915, 1.1915-1.2917, 1.3302-1.4421, 

2.2906-2.4833 for the adult group, based on previous studies (Halberda & Feigenson, 2008). In the test 

phase, participants were auditorily presented with a cue word in a third person’s voice (or by the 

experimenter for the children groups so that they do not miss the cue word) and were asked if the word 

was a secret word (see Figure 2c). If the participant responded that the word was a secret word, they 

were additionally asked who said the secret word.  
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The four blocks had three different conditions (Baseline, Mixed-strength, and Long), where the 

Mixed condition repeated twice in order to match the total number of target items in other conditions (see 

Figure 2d).  These three different conditions have been extensively used in the adult literature (e.g., 

Dennis et al., 2008; Kinnell & Dennis, 2012; Osth et al., 2018). In the Baseline condition, eight different 

words were presented in the study phase, where half were delivered by a female speaker and the other 

half by a male speaker. Half of the words for each speaker were high-frequency words and the other half 

were low-frequency words. Ten trials were presented during the test phase, where eight were from the 

study phase (i.e., old items), and two were new words (i.e., lures). In the Mixed-strength condition, first, 

eight different words were presented in the study phase. Then half of them repeated two more times in a 

blocked fashion (i.e., strong items). The repeated words are named ‘strong’ items as they are 

strengthened with repetition, while the non-repeated words are named ‘weak’ items. During the test 

phase, the four weak items and four strong items which were presented during the study phase were 

randomly presented with two lures.  In the Long condition, 16 words were presented in the study phase.  

During the test phase, the first half of the items (8) during the study-phase were presented with two lures 

first, then the second half of the items (8) were tested with another two lures. As in the Baseline 

condition, the words in the Mixed-strength and Long conditions were balanced by frequency and the 

speaker’s sex. The length of the retention interval was 60sec for the Mixed strength and Long conditions 

and 89.6sec for the Baseline condition. The additional 29.6sec in the Baseline condition corresponds to 

the additional eight trials that the Mixed strength and Long conditions have during the study phase, and 

was added to equate the total length of the retention-interval (Kinnell & Dennis, 2011).  

Before the main experiment, there was a practice session where two words were presented 

during the study phase, where one was presented by a female speaker and another by a male speaker. 

Then during the test phase three words were presented, two from the study phase (old items), and a new 

word (lure item). For the children groups, participants repeated the identical practice session up to three 

times if they did not understand the task. All children understood the task within three practice sessions. 

The speakers and the words used in the practice session were not used in the main experiment.  
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Presentation of all stimuli was controlled using Matlab with Psychtoolbox-3 (Kleiner et al., 2007) 

equipped with a 22-inch monitor and individual headphones. Responses were collected using a 

computer mouse by clicking the corresponding image on the screen (or touching the touch-screen for the 

children groups). The combination of the word pairs and speakers, and the order of the conditions were 

randomized across participants. 

Results 

Behavioral data analysis 

Behavioral data were analyzed using a signal detection theory (SDT) model to account for 

decision biases which are usually reported in studies involving young children. We specifically used a 

hierarchical Bayesian version of the model (Lee & Wagenmakers, 2014) in order to avoid edge effects 

(i.e., statistical biases that occur for correcting hit rates and false alarm rates of 1 or 0 when 

calculating d-prime). Moreover, the Bayesian analysis produces Bayes factors, which unlike p-values 

used in frequentist analysis, allows us to evaluate both the null-hypothesis and the alternative 

hypothesis.  We used the interpretation of Bayes factors (BF10) by Jeffreys (1961), where a BF10 value 

between 1 and 3 is considered weak evidence, between 3 and 10 is considered substantial evidence, 

and above 10 is considered strong evidence for the alternative hypothesis. On the other hand, a BF10 

value between 1 and 1/3 is considered weak evidence, between 1/3 and 1/10 is considered substantial 

evidence, and below 1/10 is considered strong evidence for the null hypothesis. All models used for data 

analysis were implemented using STAN (Carpenter et al., 2017) with twelve chains, each with 60,000 

iterations (20,000 warm-up). The convergence of the chains was checked visually and convergence 

statistic R-hat values were all below 1.01. The full details of the hierarchical Bayesian SDT model and 

the results are reported in SOM-R section A, which includes all mean values, Bayesian 95% High 

Density Intervals (HDI), Bayes factors for individual analysis, analyses on hit rates and false alarm rates 

separately. Here we present the main findings for conciseness. Data from this study can be found on our 

Open Science Framework page (https://osf.io/2fg5w/). 

For the item recognition task, the overall accuracy increased across age groups shown by the 

group d’ parameter (μd) of the SDT model (see Figure 3a; BF10s > 1800).  Item-noise was measured in 
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two ways.  First, we compared the performance of weak items in the mixed-strength condition to the 

baseline condition (i.e., list-strength effect). If there is a significant amount of item-noise, weak items (i.e., 

items that were presented only once in the study list) will be affected by the interference caused by the 

strong items (i.e., items that were repeated three times in the study list). We also compared the 

performance of the items in the first-half of the list in the long condition to the baseline condition (i.e., list-

length effect). Only the items in the first-half are used since they are comparable to the items in the 

baseline conditions in terms of retention interval, and if there is a significant amount of item-noise, the 

items in the first-half will be affected by the interference caused by the items in the second-half.  Results 

showed a weak support for no list-length effects (see Fig. 3a; 4-5yrs: BF10 = .47; 7-8yrs: BF10 = .46; 

adults: BF10 = .36) and no list-strength effects (4-5yrs: BF10 = .39; 7-8yrs: BF10 = .45; adults: BF10 = .44). 

If context-noise exists, performance will be better for low-frequency words than high-frequency 

words. This is because low-frequency words would have been encountered in fewer contexts than high-

frequency words, and, therefore, create less interference1. Results showed an advantage for low-

frequency words (i.e., frequency effect) for the 7-year-olds and adults, and a tendency for 4-year-olds, 

which is replicating previous adult studies and providing evidence for context-noise (see Fig. 3b; 4-5yrs: 

BF10 = 2.14; 7-8yrs: BF10 = 9.28; adults: BF10 = 13.77). 

                                                
1 However, note that the magnitude of the frequency effect is not directly connected to the magnitude of the context 
noise.  Since context noise is a multiplication between the variance of the context mismatch parameter and the 
actual frequency count, the frequency difference between the high and low frequency words is the main driver of 
the magnitude of the frequency effect when the context noise is greater than zero. 
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Figure 3. Behavioral results for item recognition and source recognition. (a) Sensitivity (d’) estimated as a 

group-level hyper-parameter (μd) for item recognition by condition and age. (b) Sensitivity (d’) estimated 

as a group-level hyper-parameter (μd) for item recognition by word frequency and age. (c) Sensitivity (d’) 

estimated as a group-level hyper-parameter (μd) for source recognition across age and condition. (d) 

Sensitivity (d’) estimated as a group-level hyper-parameter (μd) for source recognition across age and 

frequency. Note that white dots and the black line inside the violin plots represent the median and 95% 

credible intervals of the posterior distribution. 

 

Source recognition performance was also analyzed using a hierarchical Bayesian signal detection 

theory model, where we only analyzed the trials with correct item recognition. Results showed an 

increase in performance across age groups (see Figure 3c; 4-5yrs-adults: BF10 = 1.97E11, 4-5yrs-7-8yrs: 

BF10 =  1.47, 7-8yrs-adults: BF10 = 31.09). We found only a numerical effect for frequency in all age 

groups (see Figure 3d; 4-5yrs: BF10 = .34; 7-5yrs: BF10 = .43; adults: BF10 = 1.23). There was also weak 

evidence for null list-length and list-strength effects (list-length: 4-5yrs: BF10 = .34; 7-8yrs: BF10 = 3.47; 

adults: BF10 = .43; list-strength: 4-5yrs: BF10 = .50; 7-8yrs: BF10 = .45; adults: BF10 = .94). 

In sum, the results from the item recognition task showed a similar pattern compared to previous 

studies, where memory accuracy increases across development (Ghetti & Angelini, 2008; Hayes et al., 

2017), and accuracy for low-frequency words were better than high-frequency words (Dennis & 

Humphreys, 2001; Glanzer et al., 1993; Glanzer & Bowles, 1976). Also, consistent with previous adult 

studies which used words as stimuli, there was no evidence for a strong list-length or list-strength effect 

(Kinnell & Dennis, 2011; Osth et al., 2014). Similarly, results from the source recognition task showed a 
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developmental increase in accuracy as in previous studies (e.g., Drummey & Newcombe, 2002) with a 

numerical advantage for low-frequency words and no list-strength effect.  

Although the results from the behavioral data provide some evidence for the existence of different 

sources of interference, it is not easy to directly compare the contribution of these sources across 

different age groups. Therefore, we further analyzed the data using a computational model that can 

quantitatively decompose the amount of different sources of interference. The results from the 

computational model will allow us to compare the amount of interference across age groups more 

directly and estimate specific mechanistic changes that underlie these performance differences.  

Computational modeling 

We modified a computational model by Osth and Dennis (2015), which is implemented in a 

hierarchical Bayesian framework (Kruschke, 2014). The model has been successful in capturing a 

number of different episodic recognition phenomena and is also capable of decomposing the total 

interference into different sources quantitatively in a way behavioral data does not on its own (Fox et al., 

2020; Osth, Fox, et al., 2018; Osth, Jansson, et al., 2018).  

Two main components of the model are worth highlighting before describing the model in greater  

detail. One is the discriminability of different representations. In the current version, the model represents 

item, source, and context components as a three-way binding (e.g.,Yim et al., 2018), and for each kind of 

representation there is a parameter responsible for how well the representations can be distinguished 

from each other. Higher discriminability between representations reduces interference and improves 

recognition. Another main component of the model is the number of memory traces experienced. Both 

the total number of memories and the number of memories corresponding to a particular word determine 

interference  (e.g., Figure 1a) as the number of memories is increased, there is more interference. These 

two features, along with the interaction of other components (e.g., learning rate, decision bias, and etc.), 

allow for the estimation of the noise that affects recognition performance. Additionally, they allow us to 

estimate (1) the cost of experience in memory performance by considering the number of items that one 

has experienced prior to the experiment and (2) the benefit of experience by parameterizing the 

discriminability of items and contexts. 

https://www.zotero.org/google-docs/?2RLaRW


 

16/47 

Here we describe the model on the conceptual level, while the mathematical details can be found 

in SOM-C. Following many other episodic memory models that explain recognition memory, the current 

model assumes that when a cue is presented at test, the cue is compared to all stored memories (i.e., 

global matching; Clark & Gronlund, 1996; Osth & Dennis, 2020). Then the summed similarity (i.e., 

memory strength) between the cue and all contents of memory is calculated. More specifically, the 

probe-memory similarity is calculated for each cue dimension (item, context, and source) and the product 

between them is calculated. As described in the Introduction, even if the cue was experienced in the 

past, the calculated similarity will be a sum of a matching signal (i.e., self-match) along with the different 

sources of noise from memories that do not match the presented cue (e.g., item-noise, context-noise, 

background-noise) to produce strength for targets. If the cue was not experienced, only noise is 

produced, resulting in the strength for lures. Strengths of targets and lures are combined with their 

expected strengths to produce a log-likelihood ratio that the cue is a target, as depicted in the top part of 

Figure 1b (Glanzer et al., 2009; Osth et al., 2017). When the log-likelihood ratio  is above a criterion the 

model elicits a “Yes” response. 

The crux of the model is that the signal and noise distributions are further parameterized into 

match and mismatch components (see Figure 1b bottom).  For example, item-noise is calculated as the 

product of the item-mismatch and context-match parameters. Additionally, we multiplied the number of 

items that were presented in the study list (l) minus one in order to incorporate item noise stemming from 

all mismatching items in the study list. For the components that involve items in the study (self-match and 

item noise), a learning rate (rweak or rstrong depending on the number of repetitions of the item in the study 

list) is multiplied and estimated by the model. Context-noise is the product of the item-match and context-

mismatch parameters multiplied by the number of times one has encountered the matching item (i.e., 

word) in their lifetime (n).  Finally, background noise is calculated by the product of item-mismatch and 

context-mismatch parameters multiplied by the number of words one has encountered in their lifetime 

(m). 

The constants n and m are important as they provide information about one’s prior experience to 

the model and incorporate the cost of experience in memory. The two constants were derived from 
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natural language corpora and empirical studies providing better constraints to capture the developmental 

differences compared to previous versions of the model. We used the empirical estimation that each 

individual experienced 10,950,000 words each year (Hart & Risley, 1995), and therefore, each 

participant’s m was derived by multiplying the individual’s exact age by 10,950,000. The number of times 

a word was experienced in the past (n) was approximated for each individual as well. We derived per-

million counts for each word using CHILDES for the children data (MacWhinney, 2000) and TASA for the 

adult data (Landauer & Dumais, 1997). Then raw frequency was calculated based on the estimated total 

number of words experienced (m) for each individual. Each age group was modelled separately and fit 

using differential evolution Markov chain Monte Carlo (Turner et al., 2013) with 21 chains of 10,000 

samples (25,000 burn-in, 20 thin) each. The convergences of the chains were checked visually and all 

chains showed R-hat values below 1.01. 

The match and mismatch components are the main parameters of the model, and each follows a 

normal distribution (see SOM-E for the description of all the parameters that were used in the model). To 

fix the scale of the model, we set the means of the distributions to 1.0 if they matched the cue and 0.0 if 

they mismatched, and estimate the variance of the mismatch parameters. Importantly, the variance of 

the mismatch parameters index the discriminability of the representations and will be interpreted as a 

proxy for the benefit of experience. A higher value of variance of the mismatch parameter indicates lower 

discriminability. Model code from this study can be found on our OSF page (https://osf.io/2fg5w/). 

 

Figure 4. Model simulations where recognition performance in terms of hit rates and false alarm rates 

are shown as a function of item noise and context noise. (a) recognition performance when item noise 
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was changed in the model (solid lines are hit rates and dashed lines are false alarm rates). As item 

noise is a multiplication between the length of the study list and the variance of the item mismatch 

parameter, we changed each component separately. (b) recognition performance when context noise 

was changed in the model (solid lines are hit rates and dotted lines are false alarm rates). As context 

noise is a multiplication of the frequency of the item (i.e., word) and the variance of the context 

mismatch parameter, we changed each component separately. Please see Supplementary Online 

Materials section G for additional simulations, where decision bias is also changed  in addition to item 

and context noise components.  

 

 

For an illustrative example of how the item-noise and context-noise affect recognition 

performance in the model, we present model simulations in Figure 4. We fixed all other parameters but 

changed the components of the item-noise or the components of the context-noise. In Figure 4a, we 

changed the length of the study list and the variance of the item mismatch parameter, as item noise is 

the multiplication between these two elements. Hit rates (HR) are presented in solid lines and false alarm 

rates (FAR) are presented in dashed lines. The simulation shows that performance decreases as both 

the length of the study list and the variance of the item mismatch parameter increases, where the 

performance decrease is manifest in both a decrease in HR and an increase in FAR. In Figure 4b, we 

manipulated word frequency and the variance of the context mismatch parameter, as context-noise is the 

multiplication between these two elements. The simulation shows that performance decreases as both 

the frequency and variance of the context mismatch parameter increases.  Also see SOM-R section G 

for additional simulations, which includes how the model behaves when the decision bias changes along 

with item- and context-noise. 
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Figure 5. Model fits across age groups and conditions. Overall, the blue violin plots represent model 

prediction (i.e., posterior predictive), whereas the black markers represent results from the experiment 

with error bars representing the standard error of the mean. (a) Model fit for the item recognition task. 

The first column shows hit rates for items presented once (circles), hit rates for items presented three 

times (stars; only in the MS condition), and false alarm rates (diamond) for the Baseline (BL), Mixed 

strength (MS), and Long (LG) conditions that are used to examine the list-length effect (LL) and list-

strength effect (LS). The second column shows the same data as the first column, except that they are 

arranged in high and low frequencies. (b) Model fit for the source recognition task. The first column 

shows accuracy for items presented once (circles) and items presented three times (stars) in each 

condition. The second column shows the same data as the first column, except that they are arranged in 

high and low frequencies. 

 

We used the model to estimate the different sources of interference across age and condition in 

the item recognition task (see Figure 5 for model fits). As can be seen in Figure 6, the overall amount of 
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interference decreases across age (see SOM-D for detail values). Most importantly, item-noise in all 

three conditions drastically drops between the ages of 4-5yrs and 7-8yrs, whereas context-noise 

continues to decrease between 7-8yrs and adulthood, and remains as the primary source of interference 

in adults. At the same time, the overall contribution of background noise is negligible throughout 

development.  

 

Figure 6. Sources of interference (noise) estimated by the model across age groups in the item 

recognition task. Item noise is estimated for each condition (i.e., Baseline, Long, and Mixed strength) and 

context noise is estimated for high and low frequency. Error bars represent 95% High-Density Intervals.  

 

Interference in the source recognition task shows a similar pattern as in item recognition, where 

item-noise rapidly decreases early in development and background noise is not a major source of 

interference (see Figure 7). However, unlike in item recognition, context-noise did not change across 

development. The constant context noise estimates across development could be explained by the fact 

that the source recognition task was only administered when the participants responded that they 

recognized the item in the item recognition task, which means that the participants already discriminated 

the experimental context from previous contexts. Therefore, the procedure may have filtered out the age 

difference of context noise. 

The modeling results can appear puzzling, as the model is showing that 4-5yrs have higher item-

noise, while the behavioral results show a null list-length and -strength effect.  However, it is worth noting 

that the model is measuring item-noise through both the list-length effect (i.e., performance difference 

between the baseline condition and the long condition) and the list-strength effect (i.e., performance 

difference between the baseline condition and the mixed strength effect) in both memory tasks. 

Moreover, the model separates other factors that may affect recognition memory performance (e.g., 
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context-noise) from the behavioral data when estimating item-noise. Therefore, the model is more 

sensitive in capturing item noise than merely comparing the behavioral results (e.g., d-prime) between 

different conditions. A way to examine the connection between the behavioral data and the model 

parameter is by looking into each participant’s (1) list-length, list-strength effect, and (2) the proportion of 

item-noise estimated by the model. When conducting a correlation analysis between these two 

components, there was only a statistically significant correlation between the 4-year-old’s proportion of 

item-noise and list-strength effect score (Spearman’s ⍴  = .755, p < .001), whereas other relations did not 

show a statistically significant effect (4yrs: list-length, ⍴  = .012, p = .91; 7yrs: list-length, ⍴  = -.075, p 

= .54, list-strength, ⍴  = .205, p = .07; adults: list-length, ⍴  = -.071, p = .56, list-strength, ⍴  = .087, p 

= .48). The results imply that the high item-noise in the 4-year-olds are stemming from the list-strength 

effect (see SOM-R section H for details).  

 

 
 

Figure 7. Sources of interference (noise) estimated by the model across age groups in the source 

recognition task. Item noise is estimated for each condition (i.e., Baseline, Long, and Mixed strength) and 

context noise is estimated for high and low frequency. Error bars represent 95% High-Density Intervals.  

 

 

Overall, interference decreased with age. The decrease occurred despite the fact that the number 

of memory traces across development increased in the model (i.e., the n and m constants), which will 

contribute to increasing memory interference (i.e., cost of experience in memory). To understand the 

underlying mechanism of this change, we investigated the mismatch parameters that are responsible for 

the discrimination of different representations and can serve as a proxy for the benefit of experience in 

memory. Figure 8 shows the posterior distribution of the group means of two parameters -- variance of 
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the item mismatch (σti) and context mismatch (σsu) parameters (posterior distributions of the other model 

parameters are presented in SOM-F). We evaluated the difference between parameters by examining 

whether the two HDI95% overlap, where a lower value of the mismatch parameters indicate a better 

discrimination (c.f., the parameters are log transformed for an easier visual comparison). First we see 

that the variance of the item mismatch parameter (log(σti)) decreases with development (see Figure 8a; 

4-5yrs: M = -4.41, HDI95% = [-5.02, -3.81], 7-8yrs: M = -9.27, HDI95% = [-10.48, -8.14], adults: M = -12.36, 

HDI95% = [-14.09, -10.90]). The result indicates that items become more distinct (i.e., less confusable) 

with development, despite the fact that vocabulary size increases. The variance of the context mismatch 

(log(σsu)) also decreases with development indicating that different contexts also become more distinct 

(i.e. less confusable) with development (see Fig. 8b; 4-5yrs: M = -3.39, HDI95% = [-3.65, -3.13], 7-8yrs: M 

= -3.93, HDI95% = [-4.05, -3.80], adults: M = -4.66, HDI95% = [-4.84, -4.48]). Regarding the overall 

decrease in interference across development, the results imply that even though memory traces 

accumulate with age, the ability to distinguish different representations develops at a faster rate and 

overcomes the interference that these accumulated traces generate.   

 

 

Figure 8. Item-mismatch and context-mismatch parameters across age groups.  (a) Log variance of the 

item-mismatch parameter σti. (b) Log variance of the context-mismatch parameter σsu. Note that the 

parameters are log transformed for an easier visual comparison. 

 

It is also notable that the developmental pattern of the context mismatch parameter differs from 

that of the item mismatch parameter. For the item-mismatch parameter, the value decreases more 
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rapidly early in development, while for the context mismatch parameter the decrease is more gradual and 

protracted across age. This asynchronous pattern, to an extent, underlies the drastic decrease in item 

noise between the age of 4-5yrs and 7-8yrs, while having a constantly decreasing context noise across 

development shown in Figures 5 and 6.  

General Discussion 

The current study examined how different sources of interference in memory change across 

development, and how prior experiences may contribute to these changes. We tested three different age 

groups using item/source recognition tasks with manipulations of list-length, list-strength, and word 

frequency, and decomposed different sources of interference using a computational model. Results 

showed that interference stemming from other items during study (i.e., item-noise) rapidly decreases 

between the ages of 4-5yrs and 7-8yrs, while interference stemming from other contexts outside of the 

experiment (i.e., context-noise) gradually decreases through to adulthood and remains as the major 

source of interference in recognition memory. The model accounts for this change through an early 

development in the ability to discriminate items and a more gradual development in the ability to 

discriminate between different contexts. 

In accordance with the fact that memory performance typically increases through development, 

the results show that the benefit of experience overrides the cost. The rapid decrease in item-noise from 

4-5yrs to 7-8yrs aligns well with previous literature suggesting that the representations of concepts are 

refined with learning and development (Keil, 1979; Mandler et al., 1991). As words are used as items in 

the current study, a better discrimination among different words can be explained by the extra exposure 

to language and formal education that the 7-8yrs start to receive (Hoff, 2014). The argument is 

additionally supported by the fact that the mean age-of-acquisition for the words used in the experiment 

was 4.59yr (SD = 1.31yrs; Kuperman et al., 2012), which is slightly lower than the average age of the 4-

5-year-olds group (i.e., 4.82yrs).  

On the other hand, context-noise, which is closely linked to the ability to discriminate between 

different contexts, decreases gradually over the course of development and remains as a major source 

of interference in adults. This accords with other studies that have found the ability to discriminate among 
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different contexts has a protracted development (Ghetti & Lee, 2011). However, previous studies mainly 

examined how well different contexts can be discriminated in the study without considering the effects of 

prior experience that the participants bring to the experiment (Drummey & Newcombe, 2002; Lloyd et al., 

2009; Yim et al., 2013). By contrast, the current study distinguished these two components by 

approximating the effect of prior experience and then using a computational model to estimate the ability 

to discriminate between different contexts.  

The increase in the ability to discriminate among different representations may be driven by at 

least two mechanisms. First, evidence shows that discrimination may be enhanced by refining the 

representations through learning (Keil, 1979), which we termed the benefit of experience. For example, 

previous studies show that children’s memories are better than adults’ when child-friendly items are used 

(Gross et al., 2016) or when they are tested in a domain in which they show expertise (Gobbo & Chi, 

1986). However, it is also possible that the change can be driven by maturation. For example, pattern 

separation, or the ability to dissociate highly similar memory representations, has been linked to the 

maturation of the hippocampus (Keresztes et al., 2018), with the hippocampus developing through to 

adulthood (De Master et al., 2014). The two mechanisms are not mutually exclusive, and the division of 

labor between the two requires further investigation. 

To capture how different sources of interference change across development, the current study 

utilized a computational model. Previous studies have been able to explain developmental changes with 

increases in discriminability (Hayes et al., 2017). However, studies are agnostic about the cognitive 

sources of development, such as whether changes are due to representations or retrieval mechanisms. 

Our model decomposed performance changes to measure how latent parameters (i.e., discriminability of 

different memory representations) developed, while considering the increase in prior experience with 

age. The results showing an asynchronous development of the item and context discrimination in 

recognition memory is an interesting finding and suggests that there are at least two representational 

changes involved in recognition memory development. Additionally, the current model explains memory 

development and the changes in representations that underlie development through a retrieval process 
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based on familiarity, which suggests that familiarity may be an important construct in understanding 

human memory (c.f., Geurten et al., 2020; Ghetti & Angelini, 2008; Hayes et al., 2017). 

Finally, the current study provides a basis for interesting future investigations. First, although we 

proposed a computational model that assumes representational change across development, we did not 

describe how it changes. As our results show that the process of making representations more 

distinguishable from each other is a crucial component in memory development, incorporating a 

mechanistic account of how different representations get refined in the model will provide a more 

complete understanding of how memory develops (e.g., Saxe et al., 2019). Second, the current study 

used a cross-sectional design, where the developmental changes can not be directly measured, and only 

be inferred. We, therefore, are planning to confirm the current findings using a longitudinal design. 

Embedded in the longitudinal design, we also plan to measure other cognitive abilities (e.g., executive 

function, vocabulary knowledge) that may aid us to better understand the mechanisms involved in 

memory development. Future studies should also investigate other age groups to fully understand the 

developmental trajectory of human memory as our current study only examines three age groups. 

Finally, improvements can be made to the measurement of previous exposure of an item rather than 

using normative frequency (e.g., TASA/CHILDES). For example, using experience sampling methods an 

individualized corpus can be constructed, and individualized frequency will provide better measures of 

previous exposure for each participant. Moreover, the recency of the item can be controlled as it will also 

affect memory performance (c.f., Yim, O’Brien, Stone, Osth, & Dennis, 2020). 

In conclusion, the current study presents evidence that different sources of interference change 

across development at a different rate, and that this difference stems from the fact that the ability to 

discriminate between different kinds of memory representations (i.e., item and context) develop  

asynchronously. While item-based interference (i.e., item-noise) decreases rapidly between the ages of 5 

and 7, context-based interference (i.e., context-noise) decreases gradually and continues to affect 

memory in adults. These findings advance our understanding of memory development by identifying its 

sources. Moreover, the novel computational model provides a way to decompose the effects stemming 
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from experience and from maturation, which can be further applied in cognitive development research 

more broadly. 
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Supplemental Online Materials-Reviewed 

 

A. Behavioural Results 

Group d-prime (μd) was analyzed using a hierarchical Bayesian signal detection model.The group 

parameters were derived by equation A1. 

(μd, μc) ~ Gaussian(0, .001) 
(λd, λc) ~ Gamma(.001, .001) 
d’i ~ Gaussian(μd, λd) 
ci ~ Gaussian(μc, λc) 

i=1,...,Ns 

(A1) 

where d’i and ci are each participant’s sensitivity and decision criterion respectively, μd, λd are mean and 

precision of the group sensitivity, and μc, λc are mean and precision of the group decision criterion. Ns is 

the total number of participants. For the source recognition task, male items were considered as old 

items whereas female items as new items for convenience. All Bayes factors used for comparison were 

calculated using the Savage-Dickey ratio (Wagenmakers et al., 2010) with the effect-size as a measure 

of difference and a Cauchy prior of scale 1.0.  

A.1. Group d-prime estimates 

 (A.1.1) Age effect in the item recognition task -- 4-5yrs-adults: BF10 > 1.43E307, 4-5yrs-7-8yrs: BF10 

= 3.05E18, 7-8yrs-adults: BF10 = 1881; 4-5yrs: M = 1.52, 95% Highest Density Interval (HDI95%) = 

[1.34, 1.71], 7-8yrs: M = 2.32, HDI95% = [2.12, 2.54]; adults: M = 3.37, HDI95% = [3.01, 3.77]. 

 (A.1.2) Item recognition list length and strength effects (see Fig. 3a) -- 4-5yrs: baseline (BL), M = 

1.56, HDI95% = [1.30, 1.83], mixed strength (MS), M = 1.57, HDI95% = [1.36, 1.79], long (LG), M = 1.64, 

HDI95% = [1.36, 1.95]; 7-8yrs: BL, M = 2.39, HDI95% = [2.04, 2.77], MS, M = 2.27, HDI95% = [2.00, 2.56], 

LG, M = 2.39, HDI95% = [2.03, 2.78]; adults: BL, M = 3.46, HDI95% = [2.89, 4.14], MS, M = 3.47, HDI95% 

= [2.95, 4.09], LG, M = 3.49, HDI95% = [2.87, 4.22].  

 (A.1.3) Item recognition frequency effect results (see Fig. 3b) -- 4-5yrs: low-freq. M = 1.70, HDI95% = 

[1.46, 1.95], high-freq. M = 1.36, HDI95% = [1.16, 1.58]; 7-8yrs: low-freq. M = 2.61, HDI95% = [2.34, 

2.91], high-freq. M = 2.05, HDI95% = [1.80, 2.31]; adults: low-freq. M = 4.43, HDI95% = [3.70, 5.38], high-

freq. M = 3.01, HDI95% = [2.60, 3.45].  
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 (A.1.4) Age effect in the source recognition task -- 4-5yrs-adults: BF10 = 1.97E11, 4-5yrs-7-8yrs: BF10 

=  1.47, 7-8yrs-adults: BF10 = 31.09; 4-5yrs: M = 1.90, HDI95% = [1.70, 1.97], 7-8yrs: M = 2.20, HDI95% 

= [1.98, 2.44]; adults: M = 2.78, HDI95% = [2.52, 3.07].  

 (A.1.5) Source recognition list-length and strength effects (see Fig. 3c) --  4-5yrs: BL, M = 1.95, 

HDI95% = [1.63, 2.31], MS, M = 2.05, HDI95% = [1.73, 2.42], LG, M = 1.78, HDI95% = [1.53, 2.05]; 7-8yrs: 

BL, M = 2.54, HDI95% = [2.19, 2.97], MS, M = 2.36, HDI95% = [1.92, 2.91], LG, M = 1.96, HDI95% = [1.66, 

2.28]; adults: BL, M = 3.07, HDI95% = [2.51, 3.79], MS, M = 3.20, HDI95% = [2.66, 3.96], LG, M = 2.66, 

HDI95% = [2.30, 3.11]. 

 (A.1.6) Source recognition frequency effect results (see Fig. 3d) -- 4-5yrs: low-freq. M = 1.96, 

HDI95% = [1.72, 2.23], high-freq. M = 1.85, HDI95% = [1.61, 2.12]; 7-8yrs: low-freq. M = 2.39, HDI95% = 

[2.07, 2.75], high-freq. M = 2.09, HDI95% = [1.82, 2.39]; adults: low-freq. M = 3.12, HDI95% = [2.72, 

3.62], high-freq. M = 2.58, HDI95% = [2.25, 2.98].    

A.2. Hit rate 

Hit rates from the item recognition task was analyzed using a hierarchical Bayesian binomial model. The 

group parameters were derived by equation (A2). 

ω ~ Beta(1, 1) 
κ ~ Gamma(.01, .01) 
θi ~ Beta(ω*κ+1, (1-ω)*κ+1) 
yij ~ Binomial(ni, θi) 

i=1,...,Ns 
j=1,...,Nit 

(A2) 

where yij is the accuracy for trial j of participant i, θi is the rate parameter for each participant i and, ω and 

κ are group accuracy rate and concentration respectively. Ns is the total number of participants and Nit is 

the total number of trials for each participant i. All Bayes factors used for comparison were calculated 

using the Savage-Dickey ratio (Wagenmakers et al., 2010) with the effect-size as a measure of 

difference and a Cauchy prior of scale 1.0.  

 (A.2.1) Age effect in the item recognition task -- 4-5yrs-adults: BF10 = 2.89; 4-5yrs-7-8yrs: BF10 = 

7.22; 7-8yrs-adults: BF10 = 3830678; 4-5yrs: M = 0.81, SD = 0.17; 7-8yr: M = 0.75, SD = 0.13; adults: 

M = 0.87, SD = 0.12.  
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 (A.2.2) Item recognition list length and strength effects -- (a) List length: 4-5yrs, BF10 = .17; 7-

8yrs, BF10 = 1.44; adults, BF10 = .58, (b) List strength: 4-5yrs, BF10 = .47; 7-8yrs, BF10 = 1.40; adults, 

BF10 = 1.37.   4-5yrs: baseline (BL), M = .80, SD = .21, mixed strength (MS), M = .81, SD = .20, long 

(LG), M = .81, SD = .23; 7-8yrs: BL, M = .78, SD = .18, MS, M = .74, SD = .18, LG, M = .74, SD = .18; 

adults: BL, M = .89, SD = .14, MS, M = .85, SD = .17, LG, M = .87, SD = .17.  

 (A.2.3) Item recognition frequency effect results -- 4-5yrs, BF10 = 53.61; 7-8yrs, BF10 = 3.66E13; 

adults, BF10 = 2.6E13. 4-5yrs: low-freq. M = .83, SD = .78, high-freq. M = .78, SD = .19; 7-8yrs: low-

freq. M = .82, SD = .13, high-freq. M = .68, SD = .17; adults: low-freq. M = .93, SD = .12, high-freq. M 

= .81, SD = .16. 

 

A.3. False alarm rate 

False alarm rates were also analyzed using a hierarchical Bayesian binomial model. 

 (A.3.1) Age effect in the item recognition task -- 4-5yrs-adults: BF10 = 9.6E23; 4-5yrs-7-8yrs: BF10 

= 4.2E14; 7-8yrs-adults: BF10 = 1.53; 4-5yrs: M = 0.36, SD = 0.33; 7-8yr: M = 0.07, SD = 0.13; adults: 

M = 0.04, SD = 0.10.  

 (A.3.2) Item recognition list length and strength effects -- (a) List length: 4-5yrs, BF10 = .41; 7-

8yrs, BF10 = .50; adults, BF10 = 2.7, (b) List strength: 4-5yrs, BF10 = .38; 7-8yrs, BF10 = .60; adults, 

BF10 = .66. 4-5yrs: baseline (BL), M = .34, SD = .41, mixed strength (MS), M = .37, SD = .36, long 

(LG), M = .37, SD = .41; 7-8yrs: BL, M = .07, SD = .19, MS, M = .08, SD = .17, LG, M = .05, SD = .15; 

adults: BL, M = .04, SD = .16, MS, M = .03, SD = .10, LG, M = .05, SD = .17.  

 (A.3.3) Item recognition frequency effect results -- 4-5yrs, BF10 = .51; 7-8yrs, BF10 = .79; adults, 

BF10 = 1.73. 4-5yrs: low-freq. M = .35, SD = .34, high-freq. M = .38, SD = .37; 7-8yrs: low-freq. M 

= .06, SD = .14, high-freq. M = .08, SD = .17; adults: low-freq. M = .03, SD = .12, high-freq. M = .04, 

SD = .12.  
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B. Source recognition task analyzed by Bayesian hierarchical binomial model 

In the main text, the source recognition task was analyzed using a Bayesian hierarchical signal detection 

model so that the results are comparable to the item recognition task. An alternative way to analyze this 

data is examining the raw accuracy (proportion of correct) instead of using the signal detection model. 

Here we present the results analyzing the proportion of correct in the source recognition task using a 

hierarchical Bayesian binomial model that was used for analyzing the hit rate and false alarm rate for the 

item recognition task. We only analyzed the trials with correct item recognition.   

Performance, measured by the group accuracy (ω), showed an increase across age groups (4yr-

adults: BF10 = 2.66e+9; 4yr-7yr: BF10 = 2.57; 7yr-adults: BF10 = 15.67; 4yrs: M = .87, HDI95% = [.82 .92], 

7yrs: M = .94, HDI95% = [.88 .99]; adults: M = .97, HDI95% = [.94 1.00]), but there was a null effect for 

frequency across age groups with an ambiguous effect for adults (4yrs: BF10 = .19, low-freq. M = .87, 

HDI95% = [.82 .92], high-freq. M = .85, HDI95% = [.80 .91]; 7yrs: BF10 = .30, low-freq. M = .94, HDI95% = 

[.88 .99], high-freq. M = .88, HDI95% = [.83 .90]; adults: BF10 = 1.01, low-freq. M = .97, HDI95% = [.94 .99], 

high-freq. M = .94, HDI95% = [.89 .99 ]).  We also find null effects for list length in 4-year-olds and adults, 

but a small effect for 7-year-olds (4yrs: BF10 = .21; 7yrs: BF10 = 2.71; adults: BF10 = .23), and null effects 

for strength (4yrs: BF10 = .25; 7yrs: BF10 = .46; adults: BF10 = .74; 4yrs: baseline (BL), M = .89, HDI95% = 

[.82 .98], mixed strength (MS), M = .88, HDI95% = [.82 .96], long (LG), M = .84, HDI95% = [.79 .90]; 7yrs: 

BL, M = .94, HDI95% = [.89 .99], MS, M = .93, HDI95% = [.86 1.00 ], LG, M = .88, HDI95% = [.82 .97]; adults: 

BL, M = .97, HDI95% = [.92 1.00], MS, M = .97, HDI95% = [.93 1.00], LG, M = .94, HDI95% = [.89 .99]). 
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C. Computational Model  

C.1. Description 

A similar description of the model is also presented in (Osth, Fox, et al., 2018).  Here, we describe the 

previous model with additional constraints, which was included in the current model in order to better 

capture the developmental changes. The model assumes that each dimension of an event is represented 

as a vector, and a memory trace of an event is the outer product of these vectors producing a tensor 

representation. The model also assumes that pre-experimentally formed traces (Mpre) exits, which also 

follows a tensor representation. Therefore, the sum of all memory traces (M) after the study phase of the 

experiment will be expressed as equation D1.  

M = ∑ r∙(I ⊗ C ⊗ S) + Mpre 
 

(C1) 

where r is a learning rate, I is the item (i.e., the word that was presented during study), C is the context 

(i.e., context of the study phase), and S is the source representation (i.e., either the female or male 

speaker).  The memory strength (s) at test is defined as a dot product between the cue at test and the 

memory representation M as in equation C2.  

s = (It’ ⊗ Cs’ ⊗ Sa’)∙M 
 

(C2) 

where (It’ ⊗ Cs’ ⊗ Sa’) is the cue presented at test. The model further decomposes the memory 

representation (M) into different parts such as pre-experimental memory traces and traces that were 

formed during the study phase (see equation C3).   
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s = (It’ ⊗ Cs’ ⊗ Sa’) ∙ [ r(It ⊗ Cs ⊗ Sa)  

                             +∑𝑖∈𝐴,𝑖≠𝑡  r(Ii ⊗ Cs ⊗ Sa)  

                             +∑𝑖∈𝐵,𝑖≠𝑡  r(Ii ⊗ Cs ⊗ Sb)  

                             +∑𝑢∈𝑃,𝑢≠𝑠  (It ⊗ Cu ⊗ Sa)  

                             +∑𝑢∈𝑃,𝑢≠𝑠  (It ⊗ Cu ⊗ Sb)  

                             +∑𝑢∈𝑃,𝑢≠𝑠  (It ⊗ Cu ⊗ Sc)  

                             +∑𝑢∈𝑃,𝑢≠𝑠,𝑧∉𝐿  (Iz ⊗ Cu ⊗ 

Sa)  

                             +∑𝑢∈𝑃,𝑢≠𝑠,𝑧∉𝐿  (Iz ⊗ Cu ⊗ 

Sb)  

                             +∑𝑢∈𝑃,𝑢≠𝑠,𝑧∉𝐿  (Iz ⊗ Cu ⊗ 

Sc) ] 
 

… Self Match 

… Item Noise (A) 

… Item Noise (B) 

… Context Noise (A) 

… Context Noise (B) 

… Context Noise (C) 

… Background Noise (A) 

… Background Noise (B) 

… Background Noise (C) 

(C3) 

where Self Match is the trace that exactly matches the cue at test, Item Noise (A) is the trace that does 

not match the item with the cue but was in the study list (context match) and matches the source (i.e., 

was presented with source A, for example the female speaker), Item Noise (B) is the trace that does not 

match the item with the cue but was in the study list (context match) and was presented with source B 

(e.g., male speaker). Context Noise (A), (B), (C) are the traces that match the item with the cue but not 

with the context, and matches either the source (source A), matches the other source in the study 

(source B), or a source that did not appear in experiment (source C).  Also note that learning r was 

applied separately for words that were presented once and words that were presented three times in the 

mixed condition.  

 

C.2. Source decomposition and model parameterization 

Using properties in linear algebra, equation C3 could be re-expressed by distributing the cue (It’ ⊗ Cs’ ⊗ 

Sa’) into each component and rearranging each term as below: 

s =  r (It’∙It)(Cs’∙Cs)(Sa’∙Sa)  

     +∑𝑖∈𝐴,𝑖≠𝑡  r(It’∙Ii)(Cs’∙Cs)(Sa’∙Sa)  

     +∑𝑖∈𝐵,𝑖≠𝑡  r(It’∙Ii)(Cs’∙Cs)(Sa’∙Sb)  

(C4) 
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     +∑𝑢∈𝑃,𝑢≠𝑠  (It’∙It )(Cs’∙Cu)(Sa’∙Sa)  

     +∑𝑢∈𝑃,𝑢≠𝑠  (It’∙It)(Cs’∙Cu)(Sa’∙Sb)  

     +∑𝑢∈𝑃,𝑢≠𝑠  (It’∙It)(Cs’∙Cu)(Sa’∙Sc)  

     +∑𝑢∈𝑃,𝑢≠𝑠,𝑧∉𝐿  (It’∙Iz)(Cs’∙Cu)(Sa’∙Sa)  

     +∑𝑢∈𝑃,𝑢≠𝑠,𝑧∉𝐿  (It’∙Iz)(Cs’∙Cu)(Sa’∙Sb)  

     +∑𝑢∈𝑃,𝑢≠𝑠,𝑧∉𝐿  (It’∙Iz)(Cs’∙Cu)(Sa’∙Sc) 

 

This method of re-expression provides a way to formulate the equation in terms of match and 

mis-match components. Therefore, in the model, each component is parameterized as a normal 

distribution with a certain mean and variance as follows: 

It’∙It ~ Normal(μtt, σtt)              … Item Match 
It’∙Ii ~ Normal(0, σtt)               … Item Mismatch 
Cs’∙Cs ~ Normal(μss, σss)        … Context Match 
Cs’∙Cu ~ Normal(0, σsu)          … Context Mismatch 
Sa’∙Sa  ~ Normal(μaa, σaa)       … Source Match 
Sa’∙Sb  ~ Normal(0, σab)         … Source Mismatch (B) 
Sa’∙Sc  ~ Normal(0, σac)         … Source Mismatch (C) 

 

The normal distribution is used for mathematical convenience since each term in equation C4 is a 

multiplication of three normal distributions, which becomes a modified Bessel function of the third kind, 

and the mean and variance of each term follows the below rule: 

E(X1, …., Xn) = ∏ E(Xi) 

Var(X1, …., Xn) = ∏ [ var(Xi) + E(Xi)2 ] - ∏ E(Xi)2 

 

Additionally, when the summation notations are specified for the current study, the equation could 

be re-express as C5. 

s =  r ∙ Normal(μtt, σtt) ∙ Normal(μss, σss) ∙ Normal(μaa, σaa)  
     + [(l/2) - 1] ∙ Normal(0, σtt) ∙ Normal(μss, σss) ∙ Normal(μaa, σaa)  
     + l/2 ∙ Normal(0, σtt) ∙ Normal(μss, σss) ∙ Normal(0, σab)  
     + na ∙ Normal(μtt, σtt) ∙ Normal(0, σsu) ∙ Normal(μaa, σaa)  
     + nb ∙ Normal(μtt, σtt) ∙ Normal(0, σsu) ∙ Normal(0, σab)  
     + nc ∙ Normal(μtt, σtt) ∙ Normal(0, σsu) ∙ Normal(0, σac) 
     + ma ∙ Normal(0, σtt) ∙ Normal(0, σsu) ∙ Normal(μaa, σaa)  
     + mb ∙ Normal(0, σtt) ∙ Normal(0, σsu) ∙ Normal(0, σab)  
     + mc ∙ Normal(0, σtt) ∙ Normal(0, σsu) ∙ Normal(0, σac) 

 

(C5) 

where the sum of ma, mb, and mc is the total number of words that a participant would have 

experienced (i.e., mtotal).  Following previous empirical literature (Hart & Risley, 1995), we approximated 
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that participants experience 10,950,000 words each year, and used the logged value for each 

participant’s mtotal. Therefore, mtotal = log(10,950,000 × ageyear). Further, we assumed that ma and mb each 

approximates to log(.1 × 10,950,000 × ageyear)  and mc to log(.8 × 10,950,000 × ageyear).  The sum of na, 

nb, and nc is the total number of times (or contexts) that the word was experienced (i.e., ntotal) prior to the 

experiment. ntotal was calculated by multiplying the per-million frequency for the specific word at the 

specific age group to the total number of words experienced divided by a million. Frequency information 

was extracted using the CHILDES corpus for the children groups and TASA corpus for adults.  

Therefore, ntotal  = log(word_frequencyper_million@year × 10.95 × ageyear).  na, nb, and nc was proportional as 

was for the mtotal case. Finally, l is the length of the list (i.e., 8 or 16 depending on the condition). 

 

C.3. Calculating memory strength 

For item recognition, memory strength is calculated by assuming that participants use a generic source 

cue that matches the source that was presented with the item during study with a mean of one and 

variance of zero. Therefore, the target distribution (i.e., when the items were studied item) and the noise 

distribution (i.e., when the items were not studied) in the SDT framework follows as below: 

μold  = r∙μtt∙μss 
 
μnew = 0 
 
 
σold

2  = r2∙[(σtt
2
 + μtt

2)∙(σss
2
 + μss

2) - (μtt
2∙μss

2)]   …. Self Match 
 

+ r2∙(l-1)∙[σti
2∙(σss

2
 + μss

2)]                      …. Item Noise 

+ nitem ∙ [σsu
2∙(σtt

2
 + μtt

2)]                        …. Context Noise 

+ mitem ∙ (σti
2∙σsu

2)                                 …. Background Noise 

 
σnew

2 = r2∙l∙[σti
2∙(σss

2
 + μss

2)]                           …. Item Noise 
   

+ nitem ∙ [σsu
2∙(σtt

2
 + μtt

2)]                        …. Context Noise 

+ mitem ∙ (σti
2∙σsu

2)                                 …. Background Noise 

 

 

(C6) 

where nitem = na + nb + nc and mitem = ma + mb + mc 

 



 

39/47 

For source recognition, memory strength is calculated by taking the difference between the 

strength when source A (e.g., female speaker) is cued and the strength when source B (e.g., male 

speaker) is cued. First, the mean and variance of the distribution when source A was cued when source 

A was actually studied (a|a) and when source B was cued when source A was studied (b|a) follows: 

μa|a  = r∙μtt∙μss∙μaa    
 
μb|a = 0 
 
 
σa|a

2 = r2∙[(σtt
2
 + μtt

2)∙(σss
2
 + μss

2)∙(σaa
2
 + μaa

2) - (μtt
2∙μss

2∙μaa
2)]  …. Self Match 

 
+ r2∙(l/2-1)∙[σti

2∙(σss
2
 + μss

2)∙(σaa
2
 + μaa

2)]                        …. Item Noise A 

+ r2∙(l/2)∙[σti
2∙(σss

2
 + μss

2)∙(σab
2)]                                    …. Item Noise B 

+ na ∙ [σsu
2∙(σtt

2
 + μtt

2)∙(σaa
2
 + μaa

2)]                                …. Context Noise 

A 

+ nb ∙ [σsu
2∙(σtt

2∙σab
2)]                                                   …. Context Noise 

B 

+ nc ∙ [σsu
2∙(σtt

2∙σac
2)]                                                   …. Context Noise C 

+ ma ∙ [(σti
2∙σsu

2)∙(σaa
2 + μaa

2)]                                 …. Background Noise 

A 

+ mb ∙ (σti
2∙σsu

2∙σab
2)                                              …. Background Noise B 

+ mc ∙ (σti
2∙σsu

2∙σac
2)                                              …. Background Noise C 

 
σb|a

2 = r2∙[(σtt
2
 + μtt

2)∙(σss
2
 + μss

2)∙(σab
2)]                              …. Self Match 

 
+ r2∙(l/2-1)∙[σti

2∙(σss
2
 + μss

2)∙(σba
2)]                          …. Item Noise A 

+ r2∙(l/2)∙[σti
2∙(σss

2
 + μss

2)∙(σbb
2)]                             …. Item Noise B 

+ na ∙ [σsu
2∙(σtt

2
 + μtt

2)∙(σba
2)]                                  …. Context Noise A 

+ nb ∙ [σsu
2∙(σtt

2
 + μtt

2)∙(σbb
2 + μbb

2)]                         …. Context Noise B 

+ nc ∙ [σsu
2∙(σtt

2
 + μtt

2)∙(σbc
2)]                                   …. Context Noise C 

+ ma ∙ (σti
2∙σsu

2∙σba
2)                                              …. Background Noise A 

+ mb ∙ [(σti
2∙σsu

2)∙(σbb
2 + μbb

2)]                                …. Background Noise B 

 

 

(C7) 
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+ mc ∙ (σti
2∙σsu

2∙σbc
2)                                              …. Background Noise C 

where we assume symmetry between source A and B and that μaa = μbb, σaa = σbb, σab = σba, σac = σbc.  

Then, the difference between the two distributions (i.e., a|a and b|a) becomes the following (see 

simulation results of this approximation in Osth, Fox, et al. (2018): 

μ(a|a)-(b|a)  = μa|a - μb|a  
 
σ2

(a|a)-(b|a)  = σ2
(a|a) + σ2

(b|a) 

 

 

(C8) 

C.4. Log-likelihood ratio transformation 

Using the distributions of the memory strengths in the previous section, we apply a likelihood ratio (λ) 

transformation (Glanzer et al., 2009; Osth et al., 2017) using discriminability (d) and relative variance of 

the target distribution (S) in SDT.  For item recognition the transformation follows: 

where 
di = μold / σnew 
 
Si = σold / σnew 

 

the means and standard deviations of λ are 

μλ_new = -[ (di
2/2)∙{(Si

2 + 3)/(4∙Si
2)} + log(Si) ] 

μλ_old  = di
2∙{(Si

2+1)/(2Si
2)} + μλ_new 

σλ_new = di∙{(Si
2+1)/(2Si

2)} 
σλ_old  = Si∙σλ_new 

 

 

(C9) 

 

For source recognition the transformation follows: 

where 
ds = (μA - μA) / σA 

 
the means and standard deviations of λ are 

μλ_A = ds
2 / 2 

μλ_B = -ds
2 / 2 

σλ_A , σλ_B = ds
2 

 

 

(C10) 

 

C.5. Model fitting procedures 

Additionally, we fix the following parameters for computational efficiency. We fixed the means of the 

match parameters (i.e., μtt, μss, μaa) to 1.0, and the variances of the match parameters to 0.0. Variance of 

between-source-option mismatch (i.e., μba, μab) were constrained to have the same value as μaa. Learning 
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rates for the weak items were fixed to 1.0 while learning rates for the strong items were free parameters. 

These values were derived from previous studies (Osth, Fox, et al., 2018; Osth & Dennis, 2015) where 

additional data was provided from the experiment such as reaction time and confidence judgement in 

that the model was more constrained to accurately estimate the parameters.   
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D. Modelling Results 

D.1. Noise estimated from the item recognition task  -- 4-5yrs: ItemNoise-Baseline, M = .11, 

HDI95% = [.05, .18], ItemNoise-Long, M = .22, HDI95% = [.10, .36], ItemNoise-MixedStrength, M = .27, 

HDI95% = [.12, .44], Context-Noise-Low-Freq., M = .26, HDI95% = [.19, .32], Context-Noise-High-Freq., 

M = .35, HDI95% = [.26, .44], Background-Noise, M = .008, HDI95% = [.004, .01]; 7-8yrs: ItemNoise-

Baseline, M = .001, HDI95% = [9.8E-5, .002], ItemNoise-Long, M = .002, HDI95% = [.0002, .004], 

ItemNoise-MixedStrength, M = .002, HDI95% = [.0003, .005], Context-Noise-Low-Freq., M = .16, HDI95% 

= [.14, .18], Context-Noise-High-Freq., M = .21, HDI95% = [.18, .24], Background-Noise, M = 3.9E-5, 

HDI95% = [4.6E-6, 8.4E-5]; adults: ItemNoise-Baseline, M = 5.1e-5, HDI95% = [2.5E-6, 1.3E-4], 

ItemNoise-Long, M = 1.0E-4, HDI95% = [5.0E-6, 2.6E-4], ItemNoise-MixedStrength, M = 1.3E-4, HDI95% 

= [6.8E-6, 3.3E-4], Context-Noise-Low-Freq., M = .07, HDI95% = [.06, .08], Context-Noise-High-Freq., 

M = .1, HDI95% = [.08 .12], Background-Noise, M = 1.1E-6, HDI95% = [4.9E-8, 2.6E-6]).  

D.2. Noise estimated from the source recognition task -- 4-5yrs: ItemNoise-Baseline, M = .06, 

HDI95% = [.03, .10], ItemNoise-Long, M = .13, HDI95% = [.06, .20], ItemNoise-MixedStrength, M = .27, 

HDI95% = [.11, .47], Context-Noise-Low-Freq., M = .20, HDI95% = [.15, .25], Context-Noise-High-Freq., 

M = .30, HDI95% = [.22, .37], Background-Noise, M = .007, HDI95% = [.004, .01]; 7-8yrs: ItemNoise-

Baseline, M = 6.2E-4, HDI95% = [6.3E-5, .001], ItemNoise-Long, M = .001, HDI95% = [1.3E-4, .003], 

ItemNoise-MixedStrength, M = .005, HDI95% = [4.6E-4, .01], Context-Noise-Low-Freq., M = .14, HDI95% 

= [.12, .16], Context-Noise-High-Freq., M = .21, HDI95% = [.18, .23], Background-Noise, M = 4.4E-5, 

HDI95% = [4.8E-6, 9.4E-5]; adults: ItemNoise-Baseline, M = 2.6e-5, HDI95% = [1.3E-6, 6.4E-5], 

ItemNoise-Long, M = 5.1E-5, HDI95% = [2.5E-6, 1.3E-4], ItemNoise-MixedStrength, M = 5.3E-5, HDI95% 

= [2.8E-6, 1.3E-4], Context-Noise-Low-Freq., M = .18, HDI95% = [.14, .23], Context-Noise-High-Freq., 

M = .29, HDI95% = [.22 .36], Background-Noise, M = 3.1E-6, HDI95% = [1.5E-7, 7.9E-6].   
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E. Model parameters 

Table E. Description and range of the free parameters used in the model. 

 

Parameter Range Description 

σti 0 : ∞ 
Variance of the item mismatch parameter, which is linked to 
how well one discriminates the cued item from other items in 
the study list. 

σsu 0 : ∞ 
Variance of the context mismatch parameter, which is linked 
to how well one discriminates the study context from other 
contexts that one has experienced in the past. 

σaa 0 : ∞ 
Variance of the source match parameter, which is linked to 
how well one discriminates the two sources in the current 
experiment. 

σac 0 : ∞ 

Variance of the source mismatch parameter, which is linked 
to how well one discriminates the two sources in the current 
experiment from other sources that one has experienced in 
the past.  

Φitem -∞ : ∞ 
Response criteria for the item recognition task, where a 
negative value represents ‘Yes’ bias and positive represents 
‘No’ bias. 

Φsource -∞ : ∞ 
Response criteria for the source recognition task, where a 
negative value represents ‘Female’ bias and positive 
represents ‘Male’ bias. 

rstrong 0 : ∞ Learning rate for items presented three times. 
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F. Estimated model parameter. 

 

Figure F. Estimated model parameters across age groups.  a, bias from the item recognition task (note 

that negative values represent Yes response and positive values represent No response). b, bias from 

the source recognition task (note that negative values represent female response and  positive values 

represent male response). c, logged learning rate for the items repeated three times. d, logged variance 

of the source-match parameter. e, logged variance of the source-mismatch parameter. Note that 

parameters that are ‘logged’ are log transformed for an easier visual comparison among the parameters. 

Also note that the variance of the item-mismatch parameter and the variance of the context-mismatch 

parameter are presented in the main text.  

 

We find that the model captures a slight ‘Yes’ response bias for 4-year-olds while a ‘No’ response 

bias for 7-year-olds and adults in the item recognition task (see Figure Fa; 4yrs: M = -.40, HDI95% = 

[-.60,-.22], 7yrs: M = .73, HDI95% = [.56, .90], adults: M = .80, HDI95% = [.54, 1.05], negative values 

represent Yes response and positive values represent No response). A bias was also shown in the 

source recognition task, where 4-year-olds had a slight female speaker bias while adults had a slight 

male speaker bias (see Figure Fb; 4yrs: M = -.22, HDI95% = [-.29, -.14], 7yrs: M = .01, HDI95% = [-.11, .13], 

adults: M = .39, HDI95% = [.23, .56], where negative values represent female response and positive 

values represent male response).  Logged learning rate for the items that were shown three times 

(log(rstrong)) also showed a developmental increase (see Figure Fc;  4yrs: M = -.96, HDI95% = [-1.05, -.87], 

7yrs: M = -.65, HDI95% = [-.74, -.57], adults: M = -.50, HDI95% = [-.59, -.42]). Additionally, the logged 
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variance of the source match parameter (log(σaa)), which is linked to how well one discriminates between 

the two sources in the experiment, shows a developmental decrease (Figure Fd; 4yrs: M = -2.84, HDI95% 

= [-3.23, -2.48], 7yrs: M = -2.02, HDI95% = [-2.20, -1.84], adults: M = -5.64, HDI95% = [-7.10, -4.34]). On the 

other hand, we see that the logged variance of the source mismatch parameter (log(σac)), which is linked 

to how well one discriminates between the sources from the experiment and the sources from prior 

experience, increases with development (Figure Fe; 4yrs: M = -9.60, HDI95% = [-12.44, -6.55], 7yrs: M = -

7.08, HDI95% = [-9.80, -4.41], adults: M = .72, HDI95% = [.49, .94]). The flipped pattern of the source 

mismatch parameter should be interpreted with caution since they are not constrained enough as the 

context mismatch parameter. The context mismatch parameter is constrained by how many times an 

item (i.e., words in the current experiment) has been experienced across development using empirical 

data. However, the assumptions regarding the source parameters are derived from previous adult 

studies and do not change across development in the model. Future studies will be required to 

understand these parameters more accurately.  
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G. Model simulation. 

 

Figure G. Model simulations where recognition performance in terms of hit rates and false alarm 

rates are shown as a function of item noise, context noise, and decision bias. (a) recognition 

performance when item noise was changed in the model (solid lines are hit rates and dotted lines 

are false alarm rates). As item noise is a multiplication between the length of the study list and the 

variance of the item mismatch parameter, we changed each component separately. (b) recognition 

performance when context noise was changed in the model (solid lines are hit rates and dotted 

lines are false alarm rates). As context noise is a multiplication of the frequency of the item (i.e., 

word) and the variance of the context mismatch parameter, we changed each component 

separately. Figure (a) and (b) presents simulation results where there is no decision bias involved. 

(c), (d) show simulation results of (a) and (b) respectively but when a Yes response bias is added. 

(e), (f) show simulation results of (a) and (b) but when a No response bias is added.  
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H. Relationship between item noise and the list-length, list-strength effects in the experiment 

 

 

Figure H. Relationship between individual proportion of item noise, the list-length effect score, and 

list-strength effect score across age groups. The proportion of item noise was calculated by 

dividing the item noise with the sum of item noise, context noise, and background noise. The 

individual list-length effect score was calculated by subtracting the d-prime value of the long 

condition from the d-prime value of the baseline condition. The individual list-strength effect score 

was calculated by subtracting the d-prime value of the mixed strength condition from the d-prime 

value of the baseline condition. Then, we calculated Spearman’s rho, where the results only 

showed a statistically significant effect of the relationship between the 4-year-olds’ proportion of 

item noise and list-strength effect score. The plots show the data divided into quartiles for better 

visualization.  (a) 4-year-olds’ proportion of item noise and list-length effect score (⍴  = .012, p 

= .91), (b) 7-year-olds’ proportion of item noise and list-length effect score (⍴  = -.075, p = .54), (c) 

adults’ proportion of item noise and list-length effect score (⍴  = -.071, p = .56), (d) 4-year-olds’ 

proportion of item noise and list-strength effect score (⍴  = .755, p < .001), (e) 7-year-olds’ 

proportion of item noise and list-strength effect score (⍴  = .205, p = .07), (f) adults’ proportion of 

item noise and list-strength effect score (⍴  = .087, p = .48). Error bars represent ±1 SEM.  


