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Memory and Categorization: Single or Multiple Systems? 

The memories acquired through experience underlie a large number of cognitive 

processes. Formal theories of memory provide insights into the processes of knowledge storage 

and retrieval, and potentially, further insights into other cognitive processes. There has been 

particular interest in the relationship between episodic memory, or event memory, and the 

processes of categorization that allow differentiation of events and objects into types. It is 

reasonable to believe that similar processes may be involved. Memory storage and perceptual 

categorization involve knowledge structures derived from experience. Furthermore, probing 

memory to judge whether an event has been experienced could be similar to probing memory to 

judge whether a new event or object belongs to a particular category. Theoretically, the story is 

not as straightforward. Within cognitive science many theories are dichotomously divided into 

rivalries—typically, along the lines of positing the number of distinct cognitive systems or 

processes required to explain phenomena (Garcia-Marques and Ferreira, 2011). Episodic 

memory and categorization share theoretical divisions in their own fields, and researchers with 

competing theories typically search for phenomena accountable in one and not the other. Yet, 

rival theories are found that can account for known data or require mild adjustments in light of 

new findings. This leads to empirical indeterminacy. A preference for model simplification leads 

to a reliance on heuristics, such as “parsimony is good,” or “ad hoc generalizations are bad.” On 

the other hand, theorizing can also lead to increasingly complex theories or the fractionation of 

theories into smaller, more specialized accounts of various phenomena. Newell (1973) criticized 

increasing complexity for splitting scientific progress down many paths rather than accumulating 

progress. Newell further suggested that positing fewer processes across many tasks could remedy 

this problem and lead to better scientific explanations. While this paper does not attempt to 
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develop a grand unifying account of cognition, it follows the suggestion while examining the 

relationships between memory and categorization. It explores the similarities and differences in 

the representations and processes that support memory and categorization. It closely investigates 

the neural and behavioral data that may bridge theoretical models to the implementation within 

the brain, in similar fashion to Love (in press). The goal is to highlight insights gained from 

assuming single or multiple systems and processes in order to uncover prospects for unifying 

memory and categorization or determining that they should remain as separate distinct processes. 

Models as Bridges 

Searching for commonalities between two distinct fields of study, such as recognition and 

categorization, is important for theory development (Newell, 1973; Estes, 1994). This task is 

made difficult by competing theories within each field, each with their own levels of explanation, 

goals, questions, and experimental paradigms.  Before making broader connections, it is 

important to examine both recognition and categorization separately. This paper takes an 

approach inspired by model-based cognitive neuroscience (Forstmann, Wagenmakers, & 

Eichele, 2011; Love, in press). The general idea is to take models at an algorithmic level as ideal 

principled starting points for building and bridging theories to other levels of explanation. The 

levels of explanation as inspired by Marr (1982) include implementational, algorithmic, and 

computational levels of explanation. Implementational models describe how brains implement 

the higher level algorithmic or process models which are in turn explained at a higher 

computational level that specifies the general problem brains solve. Bridges between levels are 

important, as there are many risks involved in single-level theorizing. That is not to say that 

building bridges between levels does not carry any risk, but bridges, particularly between 

mechanistic levels that include algorithm and implementation, may help solve long running 
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debates between competing models. The following will give a brief outline of some of the 

challenges faced at each level and in methods of bridging. Issues with computational and 

implementational levels will be presented first, and conclude with an argument that algorithmic 

levels are a reasonable starting point for examining candidate models for making connections 

between recognition and categorization.  

Computational Level of Cognition: Top Down 

Computational models are not concerned with mechanism, and presumably provide 

process free descriptions of cognition. The goal at this level is to describe the problem that a 

system solves, typically by providing a rational problem description (Anderson, 1991).With this 

intention, models provide optimal problem descriptions with normative mathematical 

formalisms. Anderson (1991) supported this level of theorizing as ideal because non-arbitrary 

theories can be derived by focusing on the environment and optimality. That being the case, 

many researchers have expressed doubt since computational models disregard many important 

theoretical constraints such as physiology, development, and biases (Bowers, & Davis 2012; 

Jones & Love, 2011). Subsequently, computational models are sophisticated but suffer from 

lacks of constraint and arbitrariness. As a result, computational bridges to process models or the 

brain are under the assumption of the same rational model, and it follows that people perform 

approximate inferences through capacity constraints, such as in Bayesian models (Sanborn, 

Griffiths, & Navarro, 2010). The consequence of this strong assumption from an under-

constrained theory is that it misses individual differences, many of the ways people are 

suboptimal, and many other facets that go beyond capacity limitations (Love, in press). Starting 

from the problem does not appear to be as good of a starting place for bridges as some claim. 
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Implementational Level of Cognition: Bottom Up 

Just as it would be difficult to understand what a computer does by looking at its circuits, 

explanations from neural activity alone have many limitations. Single-level theorizing from the 

brain is not common, for the value of neuroscience comes from connecting higher levels of 

explanations down to the brain (Love & Gureckis, 2007). Neural activity provides constraints 

and limitations for theories, but the theories need to exist outside of the circuitry. Currently, there 

has been no good reasons for theories to originate from this level.  

Algorithmic level: Moving all around 

The previous descriptions of other levels does not suggest that the algorithmic level is 

problem free. Similarly to the previous levels, algorithmic models are not well suited to single 

level theorizing. On their own these models are largely arbitrary with no apparent rationale or 

purpose (Chater & Oaksford, 1999). For example, there are a large number of sorting algorithms 

that all complete the same task, but it is not easy to deduce which particular algorithm a 

computer performs.  This problem influenced the notion that computational theories were the 

best non-arbitrary starting point and justify the behavior of mechanisms. Yet, algorithmic 

theories are not completely arbitrary, they make commitments to mental representations and 

processes that can be compared to behavior. They can further be bridged to the implementational 

level to help explain how the brain supports cognition as well as guide analysis of neural data. 

This in turn helps us select among competing models if we assume that continuity across levels 

of analysis is preferable to discontinuity (Mack, Preston, & Love, 2013). Additionally, there is 

something to learn from similarities between different models. Together models and brains help 

point out which aspects of mechanism are consistent with computational accounts, in which 

discrepancies across levels help develop explanations (Sakamoto, Jones, & Love, 2008). This is 
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again the approach of this paper, to first examine the most well supported process models in 

memory and categorization which will provide a lens for examining neural data, particularly for 

categorization. The approach will focus primarily on algorithmic and implementational levels, 

starting with recognition memory and then examining categorization to find plausible 

connections between the two.  

Recognition Memory  

Process models of memory provide theories on how the brain represents memories that 

support many cognitive processes. While the exact nature of these representations cannot be 

directly observed, research suggests memories can be encoded as various attributes (Estes, 

1994). Indeed extensive neuroscience evidence points to the hippocampus and the ventromedial 

temporal lobe as critical for the encoding and recall of episodic traces (Shastri, 2001). Laboratory 

studies examine how people store and retrieve memories typically by having participants 

experience events, such as lists of words or objects, which form the traces of memory. Retrieval 

is studied by asking participants to either recall items from the list or to judge whether an item 

was present or absent from the list. These two tasks, recall and recognition respectively have 

been shown to dissociate in that recall is a slow, deliberate, and effortful process for retrieving 

specific details. Recognizing past experience on the other hand does not appear to require 

episodic detail and is performed quickly with high accuracy. The speed and accuracy of 

recognition led to the notion that this process is driven by something akin to a feeling of 

familiarity rather than direct access to episodic details. It is like the feeling of recognizing 

someone on the street, but being unable to recall the specific details of where one met them. The 

behavioral dissociations led to a dichotomy among theories of recognition. The question was 

whether recognition memory can be accounted for solely as a familiarity process, or if episodic 
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recollection played a complimentary role. For example, if someone on the street is familiar, 

confidence in the judgment could be enhanced by recalling the specific episode of meeting. 

Whether recognition requires one or two processes has indeed been a contentious issue within 

the literature (Malmberg, 2008; Yonelinas, 2002). This is an important issue for two reasons. 

First, a strong theoretical understanding will help us later relate the most promising ideas in 

memory to categorization. Second, the issues here similarly apply to an analogous dichotomy in 

single and dual process models of categorization. The goal here is to posit as few processes as 

necessary across various cognitive tasks in a parsimonious fashion without ignoring cognitive 

neuroscience evidence that may suggest otherwise.  

Measurement Models of Recognition Memory  

Many dual and single process theories of recognition memory assume a recognition process 

driven by a continuous random variable often regarded as a signal of familiarity. Therefore, we 

can begin by examining single process models that focus solely on this parameter. At the highest 

level of explanation we find measurement models, such as those based on signal detection 

theory. They are deemed higher because the models take a process free approach with no 

assumptions about how brains acquire, store, and retrieve memories thereby superseding models 

that offer algorithmic specifications of how familiarity is generated. Signal detection models 

approach the recognition process as a discrimination between familiarity signals generated from 

relevant past experience plus noise versus signals from noise alone generated from familiarity 

signals of other task irrelevant memories. The assumption is that recent items studied in a 

particular context will on average have a greater level of familiarity than non-studied items. This 

can be plotted as two separate but potentially overlapping normal distributions over the possible 

familiarity values a test item might produce (Fig. 1). The amount of overlap between 
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distributions determines their confusability as measured by d’. For example, if a participant 

studied colored blocks, they wouldn’t likely mistake a new test item with a block if it took a non-

confusable form such as a word. The goal then is to set a criterion value along the familiarity 

axis which allows decisions to be made. If a test item generates a familiarity value above the 

criterion then the item is judged as an old studied item. If the value falls below the familiarity 

criterion then the item is judged as a new unstudied item. Criterion values intersecting either 

distribution allow for errors in judgment. If an old item’s familiarity falls below the criterion 

people judge the word as new and result in a miss, and if a new item’s familiarity falls above the 

criterion people judge the word as old and result in a false alarm.  

 

Figure 1: Distributions of old and new items over familiarity. Responses are marked from each distribution in 

relation to a criterion.  

Signal detection models of recognition memory have been successful for measuring 

accuracy, and they have been extended to many other phenomena (for review see Malmberg, 

2008). Additionally, dynamic random walk models were developed to account for accuracy and 

reaction times (Ratcliff, 1978). Incidentally, Ratcliff’s random walk model was similarly 

motivated and influenced by the concerns of Newell (1973). The purpose was to explain an 

underlying retrieval process for memory that generalizes over many experimental paradigms. 

While influential, the literature of the time focused primarily on accuracy, and so the model was 
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somewhat ignored (Malmberg, 2008). Returning to the subject at hand, while the described 

measurement models have found many successes, a general problem with measurement models 

is that they make few testable predictions. It was not long before several successful process 

models developed to describe how explicit representations and processes in memory can 

generate a single global value of familiarity for recognition decisions.  

Single Process Models of Recognition Memory 

The first generation of global memory models shared signal detection theory’s assumption 

that recognition was a judgment based on single familiarity parameter. Additionally, behavioral 

studies demonstrated that a major factor of recognition performance was based on the similarity 

between test items and items in memory (Juola, Fischler, Wood, & Atkinson, 1971; Ratcliff, 

1978). Novel test items that were synonyms, homophonic, or items that shared semantic, visual, 

or phonemic similarities affected recognition performance. Therefore, similarity between test 

items and memory traces were candidates for generating familiarity cues. Early global matching 

models took this approach such as TODAM (Murdock, 1982), SAM (Gillund & Shiffrin, 1984), 

and MINERVA 2 (Hintzman, 1984). Therefore, these models fell under a sub category of 

process models superseded by signal detection models. The general format of the models involve 

taking available cues at test to form a single probe to compare to memory. For recognition, the 

probes are not used to access particular memories, but to generate some form of familiarity, or 

memory strength. For example, the SAM model had a separate process for recall, but the global 

matching process was deemed sufficient alone for accounting for recognition data of the time 

(Gillund & Shiffrin, 1984). These models may share general qualities, but they have differences 

in their detailed instantiations. A major distinction between models concerned the storage of 

memory traces. SAM and MINERVA 2 store events as separate distinct memory traces. Probes 
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are compared to each trace, presumably in parallel, to generate a familiarity value from the sum 

of all activated traces. TODAM uses a different approach of distributed storage, where separate 

events rather than forming separate traces, are brought together into a single memory trace. 

Probes are then compared to the composite to generate a familiarity value. Other differences 

exist between the models, but a detailed description of each is beyond the purposes of this paper. 

The following will offer a taste of how a single model, SAM, produces familiarity values in a 

recognition task. In the SAM model, a probe of memory has item and context based cues. For 

some probe or memory cue Qi, for each of N memory traces Ij, there exists a memory strength 

between probe and trace S(Qi, Ik). If we assume a single item recognition memory task then the 

cue Qi consists of context C and test item Ij. This assumption allows for a simple sum of the 

product of the separate activations of each part of the cue to arrive at a familiarity value.  

                               𝐹𝐹�𝐶𝐶, 𝐼𝐼𝑗𝑗� =  �𝑆𝑆(𝐶𝐶, 𝐼𝐼𝑘𝑘)𝑊𝑊𝑐𝑐

𝑁𝑁

𝑘𝑘=1

𝑆𝑆(𝐼𝐼𝑗𝑗 , 𝐼𝐼𝑘𝑘)𝑊𝑊𝑗𝑗                          (1) 

This can be further simplified by setting the attentional weights W to one. The weights represent 

something akin to the amount of attention one places on particular trace comparisons. The model 

can be further simplified by considering a limited memory set consisting only of studied items. 

In principle all memory traces could be active, but their absence is assumed because most 

memories likely contribute insignificant amounts of activation. The model will differentiate new 

and old test items because the old items have a tendency for higher activation strengths due to a 

matching trace in memory. Old-new decisions depend on whether this activation level is above a 

threshold as in signal detection models. While relatively simple, these models could account for 

a wide range of behavioral data such as word frequency, list length, and presentation time while 

maintaining few assumptions (Gillund & Shiffrin, 1984). Soon after new experimental findings 

challenged the possibilities of single process models of recognition. These issues led to the 
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debate that recognition required dual process models driven by familiarity and recall in 

recognition tasks.  

Evidence in Favor of Dual Processes 

In a recognition memory task, Jones and Heit (1993) found that if a study list contains 

many related words, such as types of fish, then this increases frequency judgments for new 

unstudied but semantically related words. This result alone supports global memory models, but 

they then found that repeated presentation of a single study word like tuna did not lead to 

increased frequency judgments of new related words, which one would expect from a global 

familiarity process. Jones and Heit argued that familiarity appears to affect judgments, but these 

findings may require an additional recall process similar to one suggested by Gillund and 

Shiffrin (1984), where indeterminate familiarity values may lead to a recall process to find a 

match to the probe. Further studies examined the idea of familiarity as a fast process supported 

by a secondary slower process of recall (Hintzman & Curran, 1994). In this study, participants 

were required to make responses within a specified period of time. Frequency judgments were 

supported by the notion of a fast familiarity process. More interestingly, old item test words, like 

cat, and similar new item test words, cats, are both more likely to be considered old under 

speeded responses. As the participants are given more time to respond, then similar new words 

are more likely to be recognized as new than earlier in processing. This appears to support a 

slower more deliberate recall like process that proceeds familiarity. Other researchers were 

particularly interested in measuring the contributions of separate processes during recognition 

(Jacoby, 1991). Jacoby argued that recall and familiarity are qualitatively different, the former 

being a more automatic process while the latter is a more intentional process. Jacoby found that 
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dividing attention during testing of superficially processed study items negatively affects recall, 

but familiarity judgments remain relatively intact. 

Another series of challenges for single process models came from Gardiner (1988) who re-

introduced a remember know paradigm (RK) to recognition memory, influenced by Tulving 

(1985). In RK tasks, researchers measure the conscious awareness of subjects, that is, whether 

they report that they remember an item (recall) or know an item (familiarity). At study Gardiner 

(1988) manipulated the strength at which items were encoded in memory by having participants 

generate a semantically related word with study items (strong encoding) or generate words that 

rhyme with study items (weak encoding). He found that performance on familiarity judgments 

were not affected by encoding, on the other hand, strong encoding increased performance only 

for test items that were reported as explicitly recalled demonstrating further dissociations that 

suggest dual processes in recognition tasks.  

A major blow to single process accounts came from Yonelinas (1999) who was able to 

disconfirm models grounded in signal detection theory. The evidence came from examining 

ROC curves in recognition tasks. He demonstrated that signal detection theory predicts 

symmetrical ROC curves as well as linear z-score transformations. The problem is that 

behavioral data rarely matches this prediction (Fig. 2). Additional studies with amnesics with 

impaired recall were shown to produce ROC curves that suggest a single process of familiarity 

compared to controls as would be expected in a dual process account with disabled recollection 

(for review see Yonelinas, 2002). Hirshman et al. (2002) ran studies examining induced amnesia 

through midazolam, which is known for creating recall deficits. They found a number of findings 

consistent with dual process theories. First, controls had an overall increase in performance with 

increased study time compared the midazolam group that showed no change in performance  
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Figure 2. The top panels demonstrate symmetrical and linear curves compared to simulated ROC that demonstrate 
behavioral data may not always take the form from SDT 
 
 
given amount of study. This suggests given more time controls were able to encode and 

explicitly recall more study items. Second, the control group demonstrated an advantage in 

recognizing low frequency words that was not present in the midazolam group. This suggests the 

low frequency advantage comes from recall.  Next, the midazolam group performed similarly to 

controls on low frequency foils, as would be expected if a participant relied on familiarity alone 

because low frequency words are generally less familiar than high frequency words. Finally, the 

midazolam group had the same rate of remember judgments for both high and low frequency 

words compared to the control group that had higher rates of know judgments for low frequency 

words, further suggesting a recall process.  

Given the findings there were some attempts at exploring the possible processes that might 

underlie dual-process accounts. For example, Rotello and Heit (1999) examined a popular recall 
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to reject hypothesis. They did not find much support for that particular strategy, but still 

acknowledged that many other possibilities remained, such as exhaustive search or recall to 

accept. Some process models were developed such as SAC (Reder et al. 2000), but this model 

admittedly had difficulty with some ROC curves as well as with foils judged with high 

confidence recall. Overall though, dual process theories did not inspire many process models and 

further suffered from lacking descriptions and circularity (Malmberg, 2008). Furthermore, even 

against the evidence, global memory models remained popular and in time a major shift in 

models led to single-process models that could account for the data that was at first troubling.    

Differentiation Models 

 Another challenging set of data is worth noting with the introduction of the next 

generation of single-process models. Glanzer and Adams (1985) demonstrated mirror effects in 

recognition memory across many experimental conditions. Mirror effects are when increases in 

hit rates are accompanied by a decrease in false alarms, and from a single experimental 

manipulation one finds decreases in hit rates with an increase in false alarms. This can be caused 

by word frequency, age, or study time. If one were to study items longer it is not surprising that 

the hit rate would increase, but why should false alarms decrease? Study time of list items 

shouldn’t have an effect on unstudied items because they do not receive any additional encoding. 

One solution was to introduce changing criterions of familiarity rather than fixed criterions. This 

is the only solution if one assumes that the distribution of noise remains unchanged. The problem 

is that this approach is unprincipled and no better than curve-fitting (Criss, 2006). Early models 

either ignored the mirror effect or used some form of criterion shift to explain the data. A 

different class of models developed that led a paradigm shift in recognition memory that could 

account for findings such as these.  Of major note were the Subjective Likelihood Model (SLiM) 
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(McClelland & Chappell, 1998) and the Retrieving Effectively from Memory model (REM) 

(Shiffrin & Steyvers, 1997). These models differ, but share important assumptions, and for 

brevity the following will describe a brief version of the REM model.  

In the REM model (Shiffrin & Steyvers, 1997) study items are vectors of features of some 

length M with values drawn from a geometric distribution from the parameter g. This allows for 

items to contain an assortment of more or less common or rare features, where the increasing 

rarity of a feature decreases the likelihood it will be present in trace. This allows for probe trace 

matches of rare features that provide more evidence than a common feature. The probability of 

an item taking a feature value v is therefore: 

                             𝑃𝑃(𝑣𝑣) = 𝑔𝑔(1 − 𝑔𝑔)𝑣𝑣−1                      (2) 

Given an item at study, memory traces are similarly represented as a vector of features but 

they are treated at first as containing no information. Given the encoding conditions during 

study, any given feature from the item has some probability u of being selected to update the 

memory trace. Updating is prone to error, and so there is some probability c that the correct 

feature will be stored in the trace, otherwise a random feature value is stored. This noisy 

updating of a memory trace allows for the key assumption of differentiation. If encoding is 

strong, such as extended study time, the memory trace can become more accurate. That is, more 

features may be sampled from the test item and there are more chances to correctly copy any 

given feature. With less time, it is more likely that a memory trace will be less complete or 

accurate than with longer study times or other encoding conditions.  Foils will therefore be likely 

to better match weak traces, and the more accurate the memory trace the more it differentiates 

itself from other items thereby lowering the similarity between foils. From this assumption the 
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issues with changing criterion disappears. Phenomena like mirror effects are a natural 

consequence of the encoding process and storage of traces.  

When given a test item, a retrieval process begins based on a Bayesian decision rule that 

accounts for positive and negative evidence as well as environmental expectations. Typically the 

memory set is reduced to include only members of the study list, as described in the SAM model. 

The likelihood that some item j matches a memory trace i is computed as follows: 

                        𝜆𝜆(𝑖𝑖,𝑗𝑗) = (1 − 𝑐𝑐)𝑛𝑛𝑛𝑛(𝑖𝑖,𝑗𝑗) ��
𝑐𝑐 + (1 − 𝑐𝑐)𝑔𝑔(1 − 𝑔𝑔)𝑣𝑣−1

𝑔𝑔(1 − 𝑔𝑔)𝑣𝑣−1 �
𝑛𝑛𝑛𝑛(𝑣𝑣,𝑖𝑖,𝑗𝑗)∞

𝑣𝑣=1

                 (3) 

The number of mismatching features present in both probe and trace equals nq. The number of 

matching features in both equals nm. Features without stored values are not considered. The 

decision is based the average of the likelihood ratios: 

                          𝜙𝜙𝑗𝑗,𝑘𝑘 =
1
𝑁𝑁
�𝜆𝜆(𝑖𝑖,𝑗𝑗)

𝑁𝑁

𝑖𝑖=1

                              (4) 

N represents the number of memory traces, restricted typically to the study list. If Φ is above 

some set familiarity criterion, then the test item is judged old, and judged new otherwise.  

Differentiation models such as REM ushered in a new era of success for single process 

models. These models could account for list length, list strength, and mirror effects easily from 

few assumptions and strong constraints. Similarly the models have been extended to account for 

ROC curves as well as simulated amnesia (for review see Malmberg 2007). Furthermore, Cox 

and Shiffrin (2012) have successfully developed a dynamic model of recognition memory with 

many of the same principles as REM to account for reaction time data. This model assumes a 

sampling process similar to REM, but one that takes place over time. Instead of using a single 

familiarity value from matches in memory, the dynamic nature of the model allows for 

familiarity to change over time as the probe is simultaneously updated from sampling and 
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compared to memory. This allows recognition decisions to be based on the changes in familiarity 

generated over time rather than a single familiarity value, further solving issues found in 

criterion setting as well as mixed item lists. Overall the general framework has been very 

successful, it accounts for much of the data from a simple model, and examining the neural data 

provides no principled reason for not using a single familiarity process, at least for single item 

recognition memory (Malmberg, 2007). Differentiation models make a good candidate for a 

bridge between recognition and categorization.  

Categorization  

The goal of this section is examine process models of categorization and find overarching 

relationships between recognition and categorization. Both are fundamental aspects of cognition. 

The previous section laid out a clear foundation for key processes in recognition. While the recall 

versus familiarity debate continues, for the time being there appears to be principled reasons to 

focus solely on recognition as a single process driven by familiarity. As for the overarching 

similarity between recognition and categorization, we can note that these two processes involve 

inferences based on observations and prior knowledge. In recognition, experiences are stored as 

traces and people infer whether new events match events from prior experience stored in 

memory. In categorization, experience helps people learn to differentiate events or objects into 

classes. A simple example, people have many experiences with feathered flying creatures, and 

they learn to group them into the concept of birds. People then infer whether a novel experience 

belongs to a particular class learned from prior experience, and stored in memory. It’s even 

possible to view recognition as a categorization judgment where one infers whether a novel 

experience belongs in the class of observed or unobserved events (Estes, 1994). The important 

question is about the nature of the relationship that exists between these cognitive capabilities.  
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Starting with recognition, there are three core concepts that we can relate to categorization: 

similarity matching, memory strength, and memory traces. There are a number of ways these 

concepts could be related. First, it is possible that the two are completely unrelated independent 

phenomena. From this position one expects unrelated representations and processes that do not 

allow behavioral predictions from one to the other (Heit, Rotello, & Hayes, 2012). Another 

possibility is that similarities between recognition and categorization are informative, but we can 

remain agnostic about common or shared processes, an approach similar to one taken by Medin, 

Goldstone, and Markman (1995). Categorization and recognition could also be interdependent, 

similar to the way that dual process models of recognition consider familiarity and recall as 

interdependent. Finally, it is possible that the processes of interest share common mechanisms, 

and more so, the lines may be blurry and the divisions between the two are a matter of 

explanatory convenience.  

 Returning back to the relating concepts, similarity matching is of particular interest. 

Similarity has long been argued to be a fundamental cognitive process to the extent that Shepard 

(1987) equated similarity and generalization as the basis for a universal law of cognition. A 

similarity matching process is a likely candidate for a shared common process, but that ignores 

the real possibility that it is an analogous relationship. Regardless, it is a notion that is 

fundamental to both recognition and categorization, and from a theoretical standpoint we can 

certainly gain from comparing between fields. When it comes to categorization models alone, the 

notion of memory strength and traces have been a contentious issue in the literature. The debate 

revolves, like recognition in the previous section, on whether categorization can be explained by 

a single or dual\multi system model. In categorization, the question is on the nature of category 

representations in memory. To understand the debate it helps to re-examine another basic point 
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on categorization. Categories are abstractions in that they allow collections of things to be 

considered as the same kind of thing by abstracting away the differences between any two 

objects or events. It is intuitive to imagine that category representations can be stored as a single 

summary representation separate from the episodic traces that help one learn the category.  This 

intuition led to the early popularity of prototype models, that assume just that, people form 

abstract summary representations that are compared to novel instances to make category 

judgments based on their similarity. The popularity of prototype models began to wane when 

researchers considered whether an abstraction was necessarily a single summary representation. 

This led to the second class of models known as exemplar models. These models posit that 

category judgments are based on comparing a novel instance to all exemplary traces in memory. 

For example if presented with some novel object, people compare it to all traces in memory and 

if the probe of memory is relatively more similar to episodic dog traces as opposed to say, cat 

traces, or any other category, then the object is judged to be a dog. Exemplar models inherently 

share similarities with recognition in regards to storage and judgment. This makes it a better 

candidate for relating recognition and categorization than models that posit separate systems due 

to the shared or interrelated processes falling naturally into place (Fig. 3).  

 

 
Figure 3. Simplifications of model relationships to memory traces. Exemplar models directly access memory traces, 
while prototype models rely on summary representations with possible extensions to episodic recall of exemplar 
labels represented as a dotted line.  
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This does not assume that this is indeed the correct answer, and the following will take the 

approach of examining the best well specified and validated models before examining the 

bridges between neural data.   

Prototype Models of Categorization 

 As noted prototype models developed out of an intuitive appeal to abstract summary 

representations which was reasonable given some influential pieces of research. Rosch and 

Mervis (1975) gave a highly influential account of the notion of family resemblance. That is, a 

category prototype in memory is a summary with the highest similarity or family resemblance to 

all other category members. Furthermore, prototypes appeared to easily explain typicality 

gradients, that is, certain members of categories can be more or less typical. For example, a robin 

is more typical of birds than say an ostrich. The typicality judgments arise from the similarity of 

the item, say a robin, to the summary of birds in general. Another source of influence came from 

the work of Posner and Keele (1968). They created prototypical dot patterns to generate training 

exemplars with various levels of distortion. During category learning, participants were never 

shown the generating prototype yet they often categorize it correctly. Furthermore, performance 

on prototypes remained high over large periods of time while other items declined in 

performance. Additionally, the amount of distortion influenced decisions. The lower the 

distortion between novel item and prototype, the more likely participants labeled the item as 

coming from the generating prototype category. These results and others led to prototype 

models, and a basic modern version (Minda & Smith, 2011) will follow.  

In this formulation of the model there are only two categories to be learned, A and B. The 

model consist of two steps that consist of comparing a test item xi to some prototype Pk, and a 

category judgment. Study items and prototypes are given values along N dimensions, for 
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example, a large green square has three dimensions of size, color, and shape. The values allow 

plotting items and prototypes in some multi-dimensional psychological space. Distances between 

item i and prototype P are computed using a Minkowski power model: 

                                 𝑑𝑑𝑖𝑖𝑖𝑖 = ��𝑤𝑤𝑘𝑘|𝑥𝑥𝑖𝑖𝑘𝑘 − 𝑃𝑃𝑘𝑘|𝑟𝑟
𝑁𝑁

𝑘𝑘=1

�

1/𝑟𝑟

                        (5) 

The value of r reflects whether the distance is computed as either a city-block metric (r = 1) or a 

Euclidean distance (r = 2) depending on whether the stimuli are based on separable or integral 

dimensions. The attentional weights w allow for particular dimensions to have differing effects 

on judgments. For example, if shape were predictive of a category, but color less so, one would 

be wise to attend to more to shape when making judgments and therefore weight the dimension 

of shape more heavily. The distance diP can then converted into a similarity value (ηiP) with a 

sensitivity parameter c that determines the rate similarity declines with distance (Shepard, 1987). 

                                                 𝜂𝜂𝑖𝑖𝑖𝑖 = 𝑒𝑒−𝑐𝑐𝑑𝑑𝑖𝑖𝑖𝑖                                      (6) 

Given the simplification earlier of two prototypes under consideration, A and B, the model 

judges category membership using a probabilistic choice rule that outputs the probability that an 

item is a member of either category. For example, the probability that the model will respond 

category A (RA) given the stimulus (Si) is computed as follows: 

                                 𝑃𝑃(𝑅𝑅𝐴𝐴|𝑆𝑆𝑖𝑖) =  
𝜂𝜂𝑖𝑖𝑖𝑖𝐴𝐴

𝜂𝜂𝑖𝑖𝑖𝑖𝐴𝐴 + 𝜂𝜂𝑖𝑖𝑖𝑖𝐵𝐵
                           (7) 

This standard formulation of the prototype model has been successful accounting for behavioral 

evidence in categorization tasks. There have been a number of extensions, but the most important 

to note is a mixed model that includes episodic memories. It shares similarities with dual process 

recognition in that prototype comparisons take place in addition to the possibility of explicitly 
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recalling a particular episode’s category label, much like familiarity plus explicit trace recall. 

This model is formulated following Minda & Smith (2001):  

                                  𝑃𝑃(𝑅𝑅𝐴𝐴|𝑆𝑆𝑖𝑖) =  
𝑔𝑔
2

+ 𝑠𝑠 + 𝑝𝑝 �
𝜂𝜂𝑖𝑖𝑖𝑖𝐴𝐴

𝜂𝜂𝑖𝑖𝑖𝑖𝐴𝐴 + 𝜂𝜂𝑖𝑖𝑖𝑖𝐵𝐵
�                         (8) 

This model bases categorization decisions on the additive similarity of an item to a 

prototype, on a random guessing parameter g, or recalling a specific exemplar label s. The new 

values g, s, and p represent the proportion of times that each strategy is used. These parameters 

are an attempt to track changes in various possible psychological processes and heuristics. Minda 

and Smith (2001) argue that the mixture model is more intuitive and reasonable than the 

complexity and implausibility of exemplar models. Yet, exemplar models are still the generally 

preferred model in the literature, and the following will cover the basic formulation of this 

competing model.  

Exemplar Models of Categorization 

 While prototype models gained early popularity, over time it waned in favor of the 

generalized context model (GCM) (Nosofsky, 1986). The GCM was inspired by the Medin and 

Schaffer (1978) context model. The context model examined whether ill-defined concepts 

necessarily required positing two separate systems for specific item memory and category 

summaries. The original model was capable of explaining categorization with minimum 

assumptions of processes. This model was quite simple and only considered separable binary 

dimensions. The GCM model expanded on this view to encompass integral and separable 

dimensions for discrete or continuous variables based on a stronger theoretical foundation 

(Nosofsky, 1986). Prototype models and the GCM share many of the same formal assumptions, 

but as explained, the GCM model bases categorization judgments by comparing probes to all 

exemplars in memory rather than a summary representation. This is achieved by representing 
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exemplars as points in a multidimensional space. If needed, similarity scaling studies are used to 

derive multidimensional scaling (MDS) solutions from participant’s similarity responses 

(Shepard, 1987; Nosofsky, 1992). Similar to the representation of a prototype and item in a 

space, the GCM model places all exemplary traces as points in the psychological space. 

Distances are then used to determine inter-item similarity. An important assumption also found 

in prototype models are attentional weights. This idea had origins in the context model (Medin & 

Schaffer, 1978) where weights allow similarity to depend on context. In the GCM, the weights 

allow for the psychological space to be modified. Along any dimension, exemplars can be 

compacted or stretched along a space depending on the saliency of the dimension. For example, 

suppose the important dimensions of a category are color and size. If color was more predictive 

of category membership than the weights would stretch the space increasing the relevance of 

distance and thereby influencing similarity. Dimensions that are less important collapse the space 

along the relevant dimensions bringing points closer together thereby making distance less 

relevant. The model further assumes that traces have a memory strength that may be influenced 

by experimental frequency, recency, or particular types of feedback. Similarity will therefore be 

driven by traces that are the most similar and those with high memory strength. Distances in the 

space as well as similarity calculations are the same in both prototype and exemplar models (5, 

6) with the difference that distances are computed between items i and j rather than prototypes 

for M dimensions: 

                                  𝑑𝑑𝑖𝑖𝑗𝑗 = �� 𝑤𝑤𝑗𝑗𝑛𝑛�𝑥𝑥𝑖𝑖𝑘𝑘 − 𝑥𝑥𝑗𝑗𝑛𝑛�
𝑟𝑟

𝑀𝑀

𝑛𝑛=1

�

1/𝑟𝑟

                             (9) 

Similarity is computed in the same manner as prototype models with the addition here of p which 

is typically set to one resulting in an exponential relation of similarity: 
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                                                                        𝑠𝑠𝑖𝑖𝑗𝑗 = 𝑒𝑒−𝑐𝑐𝑑𝑑𝑖𝑖𝑗𝑗
𝑝𝑝

                                         (10) 

Probability judgments are taken relative to other competing categories, and so the model 

calculates the likelihood of one category over the sum of all categories as follows: 

                                 𝑃𝑃(𝐽𝐽|𝑖𝑖) =  
𝑏𝑏𝐽𝐽�∑ 𝑉𝑉𝑗𝑗𝐽𝐽𝑠𝑠𝑖𝑖𝑗𝑗𝑛𝑛

𝑗𝑗=1 �𝛾𝛾

∑ 𝑏𝑏𝑘𝑘[∑ 𝑉𝑉𝑘𝑘𝑘𝑘𝑠𝑠𝑖𝑖𝑘𝑘𝑛𝑛
𝑘𝑘=1 ]𝛾𝛾𝑘𝑘𝑁𝑁

𝑘𝑘=1
                          (11) 

Calculating the probability of a category decision J in the GCM is taken by summing the 

similarity between a test item i and all exemplar members j of J modified by the response bias to 

respond J (bJ) and the individual memory strengths of exemplars VjJ. The parameter 𝛾𝛾 allows for 

the decision to be more or less deterministic. When 𝛾𝛾 equals one, this represents a probabilistic 

choice.  The larger the value of 𝛾𝛾 the more likely the model chooses deterministically the 

category with the highest probability.  

Exemplars Models versus Prototype Models  

 Exemplar models, like prototype models can adequately fit and explain much of the 

behavioral data. The models share a number of similarities, and they perform similarly when 

fitting the models. There are a number of debates back on forth over which models give the best 

fits. The general consensus is in favor of exemplar models, but this is a case where better model 

fits are not going to rule out one model over the other. This close competition between models 

requires a different approach than observing the details of experimental evidence. This requires a 

closer look at the neural data that was not required in the recognition memory review. Indeed, the 

general consensus for the neural data of recognition as mentioned is that there is no clear way as 

of yet for localizing recall and familiarity signals or for finding patterns of activation that clearly 

distinguish the two (Malmberg, 2008). The recognition debates were not about closely 

competing models, rather it was search for models that could explain critical phenomena. The 
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similar performance between exemplar and prototype models has spawned a larger debate in the 

neuroscience literature. The following will explore the neurological data, which is important for 

the overall relations between recognition and categorization. It is important because recognition 

judgments are naturally integrated into exemplar models. If prototype models or other multi 

system models are correct, then distinct systems complicate the notion of shared underlying 

representations.  

The Cognitive Neuroscience of Categorization 

Exemplar models faced some push back from the cognitive neuroscience literature. 

Researchers had begun to suggest that early theories of category learning did not recommend 

brain mechanisms that support them, and there was growing consensus that categorization is 

supported by qualitatively distinct memory systems (Ashby & O’Brien, 2005; Ashby & Maddox, 

2005). Ashby and O’Brien (2005) broke various categorization tasks into four separate memory 

systems supported by disassociations in brain activity (Fig 4). 

Figure 4. Types of categorization and the brain regions that may support them. (Ashby & O’Brien, 2005) 
 
Of particular interest is the reported findings on episodic memory, as that is most relevant for 

connections between recognition. Ashby and O’Brien (2005) report overwhelming evidence 

supporting that the medial temporal lobes, particularly hippocampal and parahippocampal 

structures are associated with episodic memory. They argue that category structures that involve 
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explicit memorization are likely mediated by these systems, such as tasks involving explicit 

recall of category labels. They do not imply that this includes the processes put forth by 

exemplar models, further noting that at the time there is little evidence that categories depend on 

episodic memory. Rather, the evidence is only implied by exemplar models. The primary 

evidence supporting the notion that episodic memory is not involved in categorization learning 

comes largely from studies with amnesics. First, amnesics appear to perform equivalently to 

controls in rule-based category learning (Leng & Parkin, 1988). Rule based categories are those 

where people may discover a simple categorization rule during learning and consciously form a 

rule. For example one might notice that green objects define one category and red objects define 

the other. With the rule in mind, one doesn’t need to store exemplars but can just apply the rule 

to new objects. Rule based categories are thought to be mediated through the basal ganglia and 

prefrontal cortex (PFC) (Ashby & O’Brien, 2005). These areas are commonly associated with 

working memory, and evidence demonstrates that PFC damage hinders working memory as well 

as rule-based category learning (Robinson, Heaton, Lehman, & Stilson, 1980). This suggests that 

amnesics rely on working memory for rule-based tasks and are not impaired by their deficits in 

episodic memory. Additionally, similar tasks with non-brain damaged patients report related 

activations in the PFC (Konishi et al. 1999).  Next, a number of disassociations were found 

between categorization and recognition in amnesics (Knowlton & Squire, 1993; Squire & 

Knowlton, 1995). These studies found that amnesics performed similarly to controls in a 

categorization prototype distortion task, but they performed significantly worse in being able to 

recognize items as old or new. This disassociation suggests that people form an abstract 

prototype summary implicitly that is qualitatively different from the exemplars stored in episodic 

memory. Ashby and O’Brien (2005) further argued that prototype distortion tasks are likely 
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mediated through the perceptual representation memory system (PRS) in that there may not be 

prototypes, but simply responses to the stimulation of the same visual cortical units. The closer a 

distortion is to the prototype the more stimulation in PRS. There is further evidence of 

experiments involving information integration that is separate from rules or explicit recall. This 

refers to people learning categories over time and with extensive practice. These categories lead 

to people lacking explicit knowledge about how they know the category. For example 

radiologists are experts at noticing patterns representing tumors, but they may find it difficult to 

express explicitly how they make their decisions. This suggests that information integration 

learning tasks are accomplished through implicit procedural memory located in the basal ganglia 

(Ashby & O’Brien, 2005). Furthermore, amnesics were found to perform normally in these tasks 

(Filoteo, Maddox, & Davis, 2001). Finally, if amnesic patients have deficits in episodic memory, 

it would be expected that they perform poorly on unstructured categories that may require 

explicit memories of category labels attached to individual episodic memories, and these results 

were confirmed (Kolodny, 1994).  

The amount of evidence is impressive, so much so that many researchers particularly in 

cognitive neuroscience don’t even consider it a debate anymore. Further, the evidence was 

argued as definitive proof against exemplar models of categorization. But unlike the similar 

challenges to single process models of recognition, exemplar models did not require a new 

paradigm. Much of the behavioral data can be explained and does not fully discount exemplar 

models and their relationship to episodic traces. Furthermore, assumptions about the explanatory 

power and analyses of the neural data were challenged as well.  
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Exemplar Based Cognitive Neuroscience 

 Before much of the evidence presented in the previous section was found, there were 

early efforts of combining exemplar models with recognition memory (Nosofsky, 1988). As 

noted before, if exemplars are stored in memory as distinct traces, then it is possible that 

recognition judgments could be based on related processes. The idea is simple, while 

categorization judgments are based on the summed similarity of a particular category over total 

summed similarity, recognition judgments may be based on the summed similarity of all stored 

items such as in the previously presented single process models of recognition. This summed 

similarity could be viewed as the overall familiarity and computed in the same way that 

exemplar models sum similarity of all categories: 

                                              𝐹𝐹𝑖𝑖 = �𝑏𝑏𝑘𝑘 ��𝑉𝑉𝑘𝑘𝑘𝑘𝑠𝑠𝑖𝑖𝑘𝑘

𝑛𝑛

𝑘𝑘=1

�
𝛾𝛾

                            (12)
𝑘𝑘𝑁𝑁

𝑘𝑘=1

 

Fi is the familiarity value, and the sums and notation are derived from equation 11. Nosofky 

(1988) was able to use a version of this recognition equation in order to account for some of the 

early disassociations between recognition and categorization, one being an experiment run by 

Hayes-Roth and Hayes-Roth (1977).   They found that unseen category prototypes received the 

highest classification ratings, while frequently presented exemplars received the highest 

recognition ratings suggesting separate types of learned information. Nosofky (1988) was able to 

demonstrate that through a single parameter these dissociations could be accounted for. The 

model predicts that high frequency test items will have high overall familiarity among all 

memory traces, as one would expect. For unseen category prototypes, the judgment is based on 

similarity relative to other categories, and this allows for their stronger relative category 

similarity than the high frequency items.  This account demonstrates that these dissociations do 
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not necessarily suggest the presence of separate systems. The difference between categorization 

and recognition could be in the form of a rule change of either examining relative similarity for 

categorization versus total similarity for recognition. The crux of the argument again is the 

dissociations come from different decision rules from the same underlying system. This 

argument sets the stage for many of the single process accounts of findings in the previous 

section.  

Another challenge came from the mentioned amnesic data which led to the argument that 

categorization was associated with an implicit memory system, and that episodic recognition was 

associated with a declarative memory system (Knowlton & Squire 1993; Squire & Knowlton, 

1995). Similar to the previous exemplar account, Nosofsky and Zaki (1998) were able to 

demonstrate that rather than separate systems, there might be a parameter difference within a 

single system that can explain the data. They noted that amnesics with impaired episodic 

memory may have more difficulty discriminating individual exemplars from other exemplars. In 

terms of the model, amnesics may have a change in the sensitivity parameter that affects 

recognition, but the loss in sensitivity for individual items doesn’t affect the ability to categorize. 

For example, imagine there are two categories of blocks of all different shapes, and the blocks 

were categorized by color (red or blue). Lower sensitivity could be thought of as blurring the 

details of the blocks, making them difficult to recognize, and yet the blurred details still allow 

one to distinguish red from blue blocks overall.  

The results from Nosofsky and Zaki (1998) were enough to show that the amnesic data 

was not enough to outright dismiss exemplar models, and that further research was required. 

There remained a challenge though of one individual, E.P., from the Knowlton and Squire (1995) 

data who demonstrated near normal categorization, but recognition memory was at chance. Other 
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amnesics did not show this extreme level of recognition deficits. While these results may indeed 

suggest separate memory systems, Palmeri and Flanery (1999) were able to demonstrate through 

simulated profound amnesia that even if there is no exposure to exemplars in study, it is possible 

to notice that similar items likely belong to a category. That is, one can learn about categories 

without any training, especially if category members are similar to each other and non-members 

are neither similar to the category or themselves as was the case in the Squire and Knowlton 

study (1995). Similar debates continued with new amnesic data (Reed et al., 1999) and 

successful accounts of demonstrating task differences accounting for data under single system 

exemplar accounts (Zaki, Nosofsky, Jessup, & Unverzagt, 2003; Zaki, 2004). 

Concerning various other neural data, Love and Gureckis (2007) pointed out that many 

efforts localizing brain regions for dissociations focus on location rather than focusing on what 

they are localizing. Further arguing that formal models and parameter associations are a better 

starting point for localization efforts than experimental paradigms or traditional psychological 

theories. This is in response to the typical efforts of dissociation in the neural data as evidence 

for increasingly more systems. The direct challenge for a model based approach comes from the 

brain imaging studies that show distinct brain regions activate for recognition and categorization 

tasks. Using models as lenses on neural data, recent efforts have re-explored dissociations by 

taking the approach of model-based cognitive neuroscience. From this view, brain measures may 

be related to model parameters, and similarly brain dynamics can be related to model dynamics 

(Palmeri, 2014). This approach was used to examine dissociations such as those found by Reber, 

Stark, and Squire (1998). The exemplar approach is to view task differences as representing 

parameter changes, similar to the original claim in Nosofsky and Zaki (1998). The key was to 

then map parameters to the brain, and examine whether different brain activations necessarily 
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imply different systems, or whether they reflect parameter changes. It is reasonable to imagine 

that parameter changes could lead to differences in brain activity, and Nosofsky, Little, and 

James (2012) argued just that. Differences in activation do not require explanations that posit 

qualitatively different systems, it is also possible they reflect parameter settings under a single 

underlying system.  

Gureckis, James, and Nosofsky (2011) under this approach were able to show that the 

Reber et al. (2003) experiments varied instructions that may affect patterns of activity rather than 

providing evidence for separate systems. Reber et al. (2003) manipulated study conditions as 

either implicit or explicit encoding of the same study stimuli. The problem is that the study 

instructions were different between the two tasks. Gureckis, James, and Nosofsky (2011) ran a 

similar experiment controlling the training instructions and found results that suggested 

differences in activation may be better explained as resulting from encoding due to training 

instructions rather than differences from explicit or implicit conditions. This is line with the idea 

that activity may arise from task differences and they further found no clear evidence of activity 

supporting implicit learning as arising from a distinct brain region. This fits with the exemplar 

approach that no such distinction exists in categorization. Further studies similarly demonstrated 

that holding stimulus conditions and hypothesized parameter settings constant further reveals 

largely overlapping memory systems for both categorization and recognition (Nosofsky, Little, 

& James 2012). This provides further evidence that previous studies demonstrating neural 

evidence against exemplar models instead reflected parameter changes which is consistent with a 

single system exemplar view of categorization.  

Further extensions of a model-based approach pitted exemplar and prototype models 

against neural data (Mack, Preston, & Love, 2013). The behavioral data showed that both models 



Lewis 32 
 

had similar fits, as had often been the case in the literature. Interestingly though, they argued that 

the summed similarity from exemplar models versus prototype models creates a signature, or 

representational match, that differs between the two models. They examined patterns of brain 

activity to find which patterns better predict values of representational match. They found that 

the brain patterns were more consistent with exemplar models when compared to prototype 

models.  The resulting research in response to early dissociation data and localist arguments not 

only were accounted for by exemplar models through mapping parameter changes, the recent 

evidence from model-based cognitive neuroscience approach is beginning to confirm that 

activity is related to said parameter changes. Exemplar models are more consistent with patterns 

of brain activation when comparing latent model signatures with prototype models of 

categorization. It appears there are strong principled reasons backed by evidence for continuing 

an exemplar based account of recognition and categorization. Modeling work has continued 

successfully to incorporate the two through memory strength and similarity over exemplary 

traces. Recently, there have been developments on the dynamics of categorization and 

recognition in an Exemplar-Based Random-Walk model (EBRW) (Nosofsky & Palmeri, 2014). 

The model has been able to account for a number of phenomena recognition and categorization 

phenomena in many experimental paradigms as well as accounting for automaticity and 

perceptual expertise. 

While the previous arguments for evidence supporting an exemplar view, there are a 

number of final caveats worth noting. Poldrack and Foerde (2008) noted that exemplar rebuttals 

to the neuroscientific evidence provided useful debate such as the need for stronger experimental 

controls, and the limits of dissociation as evidence for multiple systems. On the other hand, they 

also argue that there are broader results from neuroscience, and other noted limitations of the 
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modeling approach. One point is that in accounting for double dissociations modelers argue that 

the results arise from deficits in other systems that are separate from memory, such as response 

selection (Nosofsky & Zaki, 1998) or in perceptual systems (Kinder & Shanks. 2003). Poldrack 

and Foerde (2008) argued that proposing deficits over systems is a problem for parsimonious 

arguments, for this is similar to proposing extra systems, just not memory systems. They also 

showed from imaging results that predicted regions in double dissociations are easily explained 

by multiple memory systems and that it is difficult to argue that they originate outside of 

memory systems. Though it could still be argued that neural systems are fractured and still 

underlie a single psychological process. Furthermore, Poldrack and Foerde (2008) argued against 

the notion that every dissociation leads to new systems and that the neruropsycholgoical 

approach is not conservative in their creation of systems. They countered that this is not true, and 

that only minor additions have appeared in the past fifteen years remaining constant for the most 

part. The constraints come from neuropsychology and neurobiology, a constraint that they view 

as more stringent than the addition of additional parameters to account for double dissociations 

without external constraints. These are important considerations for exemplar approaches, and 

only through more research and useful debate may underlying structure and phenomena become 

clear.  

Conclusion  

 This paper brought up a lot of important debates between and within categorization and 

recognition memory. While the debates will continue, the most promising models do provide 

threads that can be woven together into single accounts. There have been a number of challenges 

to this view, and the debates help refine theories from both sides. The paper was able to conclude 

that exemplary accounts of both recognition and categorization are feasible given the evidence 
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and wide range of accounted for phenomena. The approach provides a parsimonious account that 

meets the need for broader ranging theories. Further connections have also begun to take place 

between categorization, memory, and reasoning that will continue to enlighten our 

understandings (Hayes, Heit, & Rotello 2014; Hemmer & Persuad, 2014; Vlach & Kalish, 2014). 

Still, there are a number of interesting developments in neuroscience that continue to pose 

challenges to single-systems accounts. This evidence alone though only makes sense in light of a 

psychological theory, and the best approach may to examine neural data from a formal view. 

There is a certain weakness to the rebuttals to single-system models if one does not provide a 

rigorous counter model that could explain as wide of phenomena. Neurobiological and 

neuropsychological evidence will continue to inform the debates as research continues and 

methods become more sophisticated technologically and experimentally. The debates will 

continue, but various theoretical accounts can help provide insights as the story unfolds.   
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