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Abstract 
Although the MINERVA 2 model provides a detailed account 
of many findings related to episodic memory, its assumption 
that primary (working) memory is a single vector of features is 
unrealistic because it fails to explain the feature-binding 
problem—how the features of multiple items or objects can be 
simultaneously maintained but still differentiated. For 
example, the model cannot explain how the features of “red 
circle” and “blue square” would be maintained in primary 
memory in a manner that allows the color features to be 
correctly associated with their respective shapes. Here we 
propose a more plausible, biologically inspired implementation 
of primary memory within MINERVA 2, evaluating its 
performance using serial-order memory tasks and 
contextualizing the model’s new assumptions within the 
broader cognitive science and neuroscience literatures. 

Keywords: episodic memory, MINERVA 2, serial-order 
memory; working memory 

Introduction 
In this paper, we introduce a new variant of MINERVA 2 
(Hintzman, 1976, 1984, 1986, 1987). This variant addresses 
a key limitation of the model—that its assumptions about 
primary or working memory are unrealistic because whatever 
percepts or concepts are active in primary memory are 
represented by a single pattern of features. Why is this 
assumption problematic? Consider a situation in which the 
model is being used to simulate the paired-associate learning 
of “red circle” and “blue square,” with the features 
representing both concepts being coactive in primary 
memory. In running such a simulation, the standard practice 
would be to allocate half of the primary memory features to 
represent one concept and the remaining features to represent 
the other (e.g., see Hintzman, 1986). This solution, however, 
begs the question of how the colors remain bound to their 
respective objects? In other words, there is no sense in which 
“red” is linked to “circle” or “blue” to “square,” so that the 
concepts might equally be said to represent “red square” and 
“blue circle.” The new variant of MINERVA 2 described 
below addresses this feature-binding problem by drawing 
inspiration from what is known about the electrophysiology 
of the brain to implement a quasi-biological version of the 
model. Before describing this updated version, however, it is 
first necessary to describe the standard model. 

Standard Version of MINERVA 2 
MINERVA 2 is a computational model of human memory 
that simulates judgments of recognition and frequency 
(Hintzman, 1987, 1988), as well as schema abstraction, 
associative recall, and categorization (Hintzman, 1986). The 
model has also been adapted to simulate word identification 
(e.g., Reichle & Perfetti, 2003), sentence processing 
(Jamieson & Mewhort, 2009), decision-making heuristics 
(Dougherty et al., 1999), and as will be reported below, 
findings related to serial-order memory. 

As Figure 1 shows, MINERVA 2 divides memory into two 
storage systems: primary memory (PM) and secondary 
memory (SM). By this portioning, PM represents the content 
of one’s conscious, immediate experience and is roughly 
equivalent to short-term (G. A. Miller, 1956) or working 
memory (Baddeley & Hitch, 1974), whereas SM is roughly 
equivalent to long-term memory. 

 

 
Figure 1. MINERVA 2 model. (A)-(D) Standard model; 

(E) neural network form; and (F) updated oscillator version. 
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In the model, experiences are represented by vectors of 
features that correspond to perceptual and conceptual 
primitives (e.g., colors, shapes, spatial relations, etc.). Each 
feature is assigned a value of +1, –1, or 0 to indicate its status 
(i.e., present, absent, or unknown, respectively). 

As Figure 1A shows, during each time step of learning, a 
vector of features representing the contents of PM is encoded 
(i.e., copied) into SM as a distinct memory trace. However, 
encoding is imperfect, with each PM feature having an 
independent probability, L, of being encoded into SM. And 
as Figure 1B shows, during each time step, each feature in 
SM also has an independent probability, F, of being 
forgotten. These two parameters thus mimic stochastic 
connectivity in the brain and explain inter-trial variability 
(Kahana et al., 2018). 

As Figure 1C-D show, PM can used as a probe to retrieve 
information from SM. This retrieval entails a global matching 
process in which each feature j of the probe, Pj, is compared 
in parallel to the features of each memory trace i, Ti,j, to 
determine their similarity, Si, as described by Equation 1. In 
Equation 1, NR, is the number of active (i.e., non-zero) 
features in either the probe or trace, such that similarity 
between the probe and a given trace can range from +1 
(identical) to –1 (completely dissimilar). 

 
(1) 𝑆! = ∑ 𝑃"𝑇!," 𝑁$⁄%

"&'  
 
The activation of each trace i, Ai, is then given by Equation 

2. The similarity value of each trace is cubed to increase the 
signal-to-noise ratio of those traces that are more similar to 
the probe. 

 
(2) 𝐴! = 𝑆!( 
 
Finally, the activated traces are used to generate an “echo” 

that contains two types of information. The first, echo 
intensity, I, is calculated by summing the activation values 
across the M traces (see Equation 3). The resulting quantity 
provides a measure of familiarity that has been used to 
simulate recognition and recency judgments (Hintzman, 
1987, 1988). 

 
(3) 𝐼 = 	∑ 𝐴!)

!&' 	
 
The second type of information, echo content, corresponds 

to a composite pattern of features where the value of each 
feature j of the echo content, Cj, is calculated by summing the 
products of each trace’s activation and its corresponding 
feature value across the M traces (see Equation 4). The 
resulting pattern of features is then “cleaned up” by 
normalizing each feature so that the value of each normalized 
feature, Nj, ranges between +1 and –1 (see Equation 5). The 
normalized echo content has been used to simulate 
associative recall and schema learning (Hintzman, 1986, 
1987). 

 
(4)  𝐶" = ∑ 𝐴!𝑇!,")
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(5) 𝑁" = 𝐶" 𝑚𝑎𝑥/0𝐶"01⁄  

Updated Version of MINERVA 2 
Our updated variant of MINERVA 2 adopts the assumption 
that PM can actively maintain multiple discrete percepts or 
concepts. By this new account, the contents of PM are 
represented by separate vectors whose feature values 
oscillate over time to support their encoding into SM. 

By this new account, the activity of the oscillators 
fluctuates between 0 and 1 using a biologically plausible 
frequency of 30 Hz (Miller et al., 2018) and a 5-ms phase 
shift (i.e., slightly out-of-phase). As described by Equation 6, 
oscillator activity, yk(t), is calculated every millisecond (t is 
the index of time) for each representation k in PM using the 
following parameter values: A = 0.5, B = 30, Ck = k + 5, and 
D = 0.5. Thus, across time, the features associated with each 
PM representation wax and wane, being concurrently active 
but separable because each corresponds to a separate pattern 
of features. 

 
(6) 𝑦*(𝑡) = 𝐴 sin 9 +,

'---
𝐵𝑡 − 𝐶*< + 𝐷 

During each simulated millisecond, each feature of each 
PM representation has an independent probability of being 
encoded, p(encode), into PM, as given by Equation 7.  

 
(7) 𝑝(𝑒𝑛𝑐𝑜𝑑𝑒) = 𝑦!(𝑡) × 𝐿 

The final assumption is that the experiencing of any new 
percept or concept causes a new PM trace to be recruited and 
“opened” to store the contents of that experience, and the 
previous memory trace to be “closed.” This opening and 
closing of SM traces is locked to attention shifts, which are 
in turn locked to stimulus onset.  Therefore, across time, as a 
new percept or concept is introduced and represented in PM, 
a new SM trace will be recruited and the features of any 
percepts or concepts that are currently active in PM will have 
some probability of being transferred or encoded into SM. 
And since PM capacity is limited to three representations, the 
introduction of a new percept or concept will randomly 
overwrite or replace one of the representations currently 
being maintained in PM. In the sections that follow, we 
evaluate the plausibility of these assumptions in a task 
domain that requires the coordination of primary and 
secondary memory—serial-order memory. 

Serial-order Memory 
Serial-order memory refers to the capacity to remember both 
individual experiences and the order in which they occurred 
(see Hurlstone et al., 2014). This capacity is one of the first 
to be studied in experimental psychology (Ebbinghaus, 
1885/1913; see Slamecka, 1985) and has often been studied 
using the list-recall paradigm. In this paradigm, participants 
see or hear a list of items (e.g., words or digits) that are 
presented sequentially with instructions to recall those items 
in their correct chronological order (Drewnowski & 

4333



Murdock, 1980). Different scoring procedures can then be 
used to quantify participant performance; for example, strict 
serial recall requires the items to be recalled in their correct 
temporal order, whereas lenient serial recall only requires 
items to be recalled in their correct relative order (e.g., with 
omission errors) and free recall allows items to be recalled in 
any order.  

 Existing accounts of serial-order memory generally 
require specialized mechanisms to represent the 
chronological order of items. Examples of these mechanisms 
include activation gradients where relative differences in the 
activation values of two or more representations can be used 
to infer their order (e.g., Henson et al., 1996; Page & Norris, 
1998), time tags that use the output of biological “clocks” 
(e.g., Burgess & Hitch, 1992) or beginning- and/or end-of-
list markers (e.g., Henson, 1998; Logan, 2021) to denote the 
relative order of two or more representations, and associative 
chaining to “link” representations in their correct 
chronological order (e.g., Estes, 1991; Lewandowsky & 
Murdock, 1989). The approach that will be adopted here is a 
reconstructive one (see Reichle, 1997) in which the contents 
of the memory traces themselves allow the chronological 
order of a list of items to be reconstructed during retrieval. 
How this is done will be described next. 

Simulation Method 
To evaluate how well our updated version of MINERVA 2 
explains serial-order memory, the model was used to simulate 
one of the classic experiments reported by Drewnowski and 
Murdock (1980). This experiment required participants to 
first listen to lists of 3-8 words presented at a fixed rate (667 
ms per word) and then recall the words in their correct order. 
Performance was scored using the three methods discussed 
earlier: strict serial recall, lenient serial recall, and free recall.  

During each simulated trial, each word was assumed to 
consist of 10 features, with each feature having an equal 
probably of being +1 or –1. (The features were completely 
orthogonal across words.) Each list of words also occurred in 
a unique context of 10 features, with each context feature also 
having an equal probability of being +1 or –1. 

At the start of the trial, the first item and list context would 
be presented (i.e., loaded into one of the PM vectors 
supported by an oscillator) for 667 ms. Concurrent with that, 
a new SM trace would “open” so that any active features in 
PM would have some independent probability of being 
encoded into SM (using Equations 6 & 7). The presentation 
of the next item would then cause it to be loaded into PM (i.e., 
a PM vector supported by another oscillator), closing the first 
SM trace and opening a second, thereby allowing any active 
PM features from either the first or second word to be 
encoded into SM. This process repeated with each new word 
presentation, but with the features of the fourth and 

 
1 Two grid searches of the parameter space were conducted to 

optimize learning rate (L), forgetting rate (F), and “goodness-of-
response” threshold (θ) for strict serial recall. Simulated serial 
position curves were fitted to the observed curves by minimizing 

subsequent words randomly displacing the features of one of 
the earlier words. 

At recall, the context features were used as the initial probe, 
with the features of whatever word might be recalled then 
being used as the next probe, and with the features of any 
subsequently recalled words being used as subsequent 
probes. (Recall is described by Equations 1-5, above.) Recall 
terminated with the first failure to recall a new word. 

Because features of multiple words might be generated in 
the normalized echo content during any given recall attempt, 
the following scoring procedure was used. First, the Pearson 
correlation was calculated between the pattern of recalled 
features (i.e., any features that were not used in the probe) in 
the normalized echo content and the feature patterns 
representing each of the words. Second, the word pattern 
providing the largest correlation was then selected as the 
word that was recalled. Finally, Drewnowski and Murdock’s 
(1980) methods were used for scoring strict serial recall, 
lenient serial recall, and free recall. 

The absolute value of any active PM feature that exceeded 
a “goodness-of-response” threshold, q, was then set equal to 
+1/–1, allowing those features to be used as the probe in the 
next recall attempt. The best-fitting values of this and other 
model parameters1 were then used to run simulations with 
1,000 simulated participants, as reported below. 

Simulation Results 
Figure 2 shows the mean proportion of correctly recalled 
words for (A) strict serial recall; (B) lenient serial recall; and 
(C) free recall, for lists of 3-8 words. These simulations 
replicated the classic primacy, recency, and list-length 
effects, each of which will be discussed in turn. 

 

 
Figure 2: Simulation results. 

root mean square error (RMSE). The best-fitting parameters from 
the second search (1,000 simulated subjects per condition) were L = 
.17, θ = .64, and F = .00, yielding an RMSE of .0984. 
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Primacy Effects As Figure 2 shows, the primacy effect, or 
more accurate recall of words from the beginning of a list, 
was especially pronounced in strict serial recall, where the 
decline was monotonic across lists, but was also evident in 
the other two tasks. Why? Because probing SM with list 
context tends to retrieve the first word from the list. Although 
all of the SM traces within a given list share the same 
contextual features, the normalized echo content generated 
by the context probe tends to correlate most strongly with the 
features of the first word because that word is encoded with 
context in the first SM trace, and because subsequent SM 
traces are “diluted” by features of subsequent words (which 
decreases the similarity of the probe to traces of those words 
by increasing the value of NR; see Equation 1). This account 
of primacy is broadly consistent with the divided attention 
theory of primacy, according to which the addition of items 
to PM overloads attention and impairs encoding quality in 
SM (see Azizian & Polich, 2007). 
    However, our account of primacy is also broadly consistent 
with an explanation that attributes primacy to the active 
rehearsal of the initial few words in PM, allowing those 
words to be better encoded into SM (see Kahana, 2012). 
Why? Because the first two list words are not at risk of being 
displaced from PM until its capacity is reached, affording 
them additional rehearsal time and thus encoding across 
multiple SM traces. Our model thus also aligns with evidence 
that faster word presentation rates tend to reduce rehearsal 
time and primacy (e.g., Glanzer & Cunitz, 1966), as shorter 
intervals between words allow fewer PM oscillations, 
decreasing the probability of the words being encoded into 
SM. Moreover, random item displacement in PM loosely 
aligns with the random order of rehearsal observed 
throughout list learning (Rundus, 1971). 
 
List-length Effects Figure 2 indicates that our model 
replicated the list-length effect, with recall accuracy 
declining for longer lists. Interestingly, the primacy slope was 
steeper in longer lists, with the recall of earlier items being 
impaired by the addition of later items. This interference 
occurs because the features of early words persist in PM, 
resulting in additional remote associations with later items 
and causing those words to be recalled prematurely, out of 
order. As such, there is more interference towards the middle 
of a list, and this interference is worse for longer lists. 

Because list-length effects reflect how increasing memory 
load affects the probability of making recall errors, a brief 
discussion of the nature of these errors is warranted. When 
recalling ordered lists of words, participants can make four 
different types of errors: (1) intrusion errors in which a word 
from a previous list is erroneously recalled in the current list; 
(2) repetition errors in which a word is recalled twice; (3) 
omission errors in which a response is not made; and (4) 
transposition errors in which the two words are recalled in 
their reverse order.  Because each trial of our simulations was 
completed using only a single list of words, intrusion errors 
were not possible. But the other three types of errors did 
occur. Repetition errors occurred whenever the normalized 

echo content failed to correspond to a new (i.e., not 
previously recalled) word, which would then terminate the 
trial, resulting in the omission of any remaining (i.e., 
unrecalled) words. Transposition errors also occurred due to 
the fact that, in our model, the associative strength between 
words in a list tended to decrease with increasing temporal 
distance; for example, in a 5-word list represented by the 
letters ABCDE, B and C would be strongly associated due to 
the fact that their features would be jointly encoded into two 
or more SM traces, whereas the features of B and E would be 
only weakly associated due to their features being jointly 
encoded in a maximum of one SM trace. Such transposition 
errors would obviously count against performance in strict 
serial recall but would allow one of the transposed words to 
be scored as correct in lenient serial recall, and both words to 
be scored as correct in free recall.  
 
Recency Effects Figure 2 shows that the model exhibited a 
robust recency effect, or enhanced recall of words near the 
end of a list, in both lenient serial and free recall. However, 
contrary to what was reported by Drewnowski and Murdock 
(1980), this recency effect was not more pronounced for free 
recall than lenient recall, a distinction often referred to as 
immediate recency and long-term recency, respectively 
(Howard & Kahana, 1999). Evidence suggests that 
immediate recency occurs in free recall when participants 
immediately “offload” end-of-list words from 
primary/working memory (e.g., Glanzer & Cunitz, 1966). 
Because our model lacks this “offloading” assumption, our 
simulations are more consistent with delayed free recall, 
where a delay that is introduced between list presentation and 
recall clears PM and attenuates the size of the recency effect. 
Any remaining long-term recency benefit is thought to reflect 
enhanced retrieval from SM (Davelaar et al., 2005). 
Consistent with this, our model’s decrease in end-of-list 
errors is likely due to reduced interference from earlier 
words. Further realism could still be added by incorporating 
an “offloading” assumption that can reproduce immediate 
recency, as other models have done previously (e.g., see 
Kahana, 1996; Reichle, 1997). 

Two other points also warrant mention: First, our simulated 
recency effects also exhibited an unexpected downward 
inflection at the end of the list, with recall being slightly 
better for the penultimate than final word. This may be an 
artifact of the scoring procedure, though the exact cause 
should be investigated in the future. And second, probing SM 
with the list context occasionally resulted in the more recent, 
end-of-list words being recalled first—behavior exhibited by 
our model and humans in free recall. However, because our 
free recall simulations did allow a second recall attempt (e.g., 
using context or a previously recalled word) the model could 
then attempt to recall words that might have been skipped, as 
humans can. 
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Discussion 
  

Biological Plausibility 
Although MINERVA 2 explains human memory at the 
abstract algorithm-representation level of analysis (Marr, 
1982/2010) and is agnostic about neural implementation, it 
possesses some degree of biological plausibility. For 
example, there have been several demonstrations of how the 
model might be implemented as a simple neural network 
(Reichle et al., 2022; see also Hintzman, 1990; Kelly et al., 
2017) using a single set of bidirectional connections between 
an input/output layer of feature nodes (i.e., PM) and a hidden 
layer of instance nodes (i.e., SM; see Figure 1E). During 
storage, feature nodes that “fire together” in PM “wire 
together” in SM via an instance node, consistent with Hebb’s 
(1949) cell assembly theory. Each experience is stored 
separately by recruiting a new instance node from the SM 
layer and adjusting its unused connection weights according 
to the activity of the corresponding feature nodes. 

Other models (e.g., Nadel et al., 2000; Norman & O’Reilly, 
2003) also use this new-node (i.e., multiple-trace) learning 
assumption to simulate the role of the hippocampus in 
episodic memory. Instance nodes in MINERVA 2 may 
conceptually correspond to neurons in the dentate gyrus 
region, which uses sparse representations to store patterns 
representing individual experiences. By this account, each 
instance node functions as an index, storing experiences 
efficiently by linking together features represented elsewhere 
in the brain (see Teyler & Rudy, 2007). 

PM Oscillations 
Although oscillatory frequency was set equal to a somewhat 
arbitrary but realistic value (30 Hz) in our model, it played no 
functional role because the encoding probability depends 
only on the area under the curve of the sine waves, which 
remains constant regardless of frequency. However, evidence 
suggests that oscillation frequency does play a functional role 
in PM maintenance (Miller et al., 2018). Electromagnetic 
field theories even suggest that oscillatory dynamics are 
central to consciousness and its contents (Hunt et al., 2024). 

Likewise, the phase shift plays no functional role in our 
model. However, evidence suggests that items periodically 
reactivate out-of-phase and in the same order they were 
presented in, implying that PM itself maintains serial order 
(Siegel et al., 2009). This evidence has been exploited by 
models (e.g., Jensen & Lisman, 2005) which assume a phase-
dependent code whereby the representations of items in a list 
are reactivated sequentially as gamma bursts “riding” larger 
theta waves. Future iterations could incorporate these serial-
order mechanisms into the PM component of our model. 

However, it is important to understand that our assumption 
about the way distinct representations are concurrently 
maintained in PM by oscillating out-of-phase provides one 
possible solution to the binding problem (see Figure 1F), and 
in that capacity, the assumption plays an important role. 

PM Indexing 
In MINERVA 2, each SM instance node may be 
conceptualized as corresponding to a hippocampal cell which 
acts as an index to efficiently combine cortical features into a 
single memory (see Introduction). Similarly, each PM 
oscillator node may correspond to a cell or group of cells in 
the prefrontal cortex which acts as an index to bind cortical 
features into a single item in experience (Cer & O’Reilly, 
2006; Fiebig et al., 2020; Jilk et al., 2008). This mapping 
makes sense as the prefrontal cortex and hippocampus both 
play integrative and supervisory roles from “atop” the 
cortical hierarchy (O’Reilly et al., 2024). The cooperation of 
these systems, as mapped onto our model, are what allow our 
model to perform the cognitive operations underlying serial-
order memory. 

However, it is important to note that neurons in the 
prefrontal cortex show “mixed selectivity” and participate in 
multiple, overlapping representations (Miller et al., 2018). 
Indexing thus might not be as orthogonal as our model 
suggests, making it useful to explore the consequences of 
representational overlap in future model implementations. 
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