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Short abstract 

How do humans learn from experience? Traditionally, cognitive scientists have assumed 

that discovering generalizable patterns requires that humans compress rich and noisy 

experiences. However, recent computer science results suggest otherwise—systems can 

learn by ‘overfitting’ and expanding all the details of their experiences. We offer a new 

perspective on learning based on a cognitive system’s representational capacity, which can 

be constrained (forcing the system to compress details of past experiences), sufficient (to 

memorize past experiences), or excess (allowing the system to expand on the details of past 

experiences). This framework has implications for understanding learning across cognitive, 

clinical, and developmental contexts. 
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Long abstract 

We introduce a new framework for understanding how cognitive systems (e.g., humans) 

learn from experience, based on the concept of representational capacity—the relative 

amount of representational resources devoted to encoding past experiences. Most paradigms 

in cognitive science have operated under the assumption that these resources are 

constrained, forcing cognitive systems to compress rich and noisy experiences to effectively 

generalize to new situations. We leverage recent advances in computer science to outline the 

implications of learning with excess capacity, or applying even more representational 

resources than needed to perfectly memorize all the details of one’s past experiences. In 

particular, we review evidence suggesting that excess capacity systems can exhibit many of 

the characteristics of human learning, such as the simultaneous ability to memorize 

individual experiences and generalize knowledge to new situations. We define and 

differentiate between constrained (not enough), sufficient (just enough), and excess (more 

than enough to perfectly capture all the details of one’s past experiences) capacity. We 

derive empirical properties of learning in each of these capacity regimes, and compare these 

predictions to effects documented for human learning. We highlight the broad implications 

of this framework for advancing theoretical and empirical work across cognitive, clinical, 

and developmental psychology. 

keywords: cognition, computer science, representational capacity, complexity, 

generalization, learning, memory, overparameterized learning 

The code for reproducing the figures is available here: 

https://colab.research.google.com/drive/157VWxBxALXL0TY1lL3WVrIgwrkpjBt8o?usp=

drive_link   
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1. Introduction 

Many theories of human cognition posit that we construct internal representations that are 

“simpler” than the experiences we learn from. Arguments for learning with such constrained 

representational capacity are based on hypothesized biological and cognitive limitations as well 

as computational results, which suggest that constructing representations that discard the noisy 

details of individual experiences is necessary for effectively generalizing what one has learned to 

new situations (see Table 1; McClelland et al., 1995; Chater & Vitányi, 2003; Sherry & Schacter, 

1987; Frankland et al., 2021). The premise of learning by compressing one’s experiences is so 

ingrained in current cognitive theorizing that to date there is no systematic framework to test 

whether it holds in the context of a given cognitive process or situation.  

 

This paper introduces such a framework. It articulates four distinct learning regimes based on the 

effective representational capacity used to learn from past experiences. We use our proposed 

capacity framework to derive a novel cognitive principle—learning with excess, rather than 

constrained, representational capacity—which we argue holds promise for understanding how 

humans learn about the world. The paper provides groundwork for future empirical study of 

whether and when minds may learn by allocating more representational resources than are 

required to encode past experiences. 

 

The remainder of this section lays the conceptual and mathematical groundwork for the capacity 

framework, under which constrained capacity learning is conceptualized as one of multiple 

possible learning regimes. Using this framework, we characterize the excess capacity learning 

regime, in which systems construct representations that are more complex, or “richer,” than the 

experiences themselves. In Section 2, we situate existing cognitive models in relation to these 

capacity regimes and highlight that the excess capacity regime remains relatively underexplored 

in cognitive science. In Section 3, we review recent research in computer science that shows that 

constrained capacity is not required for a system to generalize successfully: Instead, learning 

with excess representational capacity often results in even more successful generalization. In 

Section 4, we synthesize this and other related literature to identify behavioral patterns that can 

be used to empirically diagnose the representational capacity regime of a cognitive system or 

process. We provide examples of findings from human perceptual learning and categorization 
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that are consistent with excess capacity learning. In Section 5, we explore broader classes of 

phenomena in cognitive science that might benefit from the proposed capacity framework, 

emphasizing how the capacity framework is a fruitful paradigm for understanding human 

learning in domains including cognition, development, psychopathology, and others. In Section 

6, we address common questions and criticisms. Finally, Section 7 discusses the limitations and 

future directions of this work. 

 

Table 1. Sample quotes from the psychological literature illustrative of the paradigm of learning 

with constrained representational capacity, presented in chronological order. The right column 

introduces the key revisions of these ideas based on the excess capacity learning perspective 

developed in this article.  

Author Quote Excess Capacity Learning 

perspective 

Mach, discussing 

the principle of 

the economy of 

thought in 

“Knowledge and 

Error” (1905) 

The mind feels relieved whenever the new 

and unknown is recognized as a 

combination of the known, or the 

seemingly different is revealed as the 

same, or the number of sufficient leading 

ideas is reduced and they are arranged 

according to the principles of 

permanence and sufficient differentiation. 

Fully capturing the details of 

unique new experiences, or 

expanding the number of 

ideas rather than reducing 

them to a few familiar ones, 

can also support successful 

learning. 

Koffka, 

describing Law of 

Pragnanz in 

“Principles of 

Gestalt 

Psychology”, p. 

110 (1935)  

[...] psychological organization will 

always be as “good” as the prevailing 

conditions allow. In this definition the 

term “good”... embraces such properties 

as regularity, symmetry, simplicity and 

others. 

“Good” (i.e., effective for an 

individual’s goals) 

psychological organization 

may break the simplicity 

requirement. 

Sherry & Schacter ... preservation of the invariances and Preservation of invariances 
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(1987), discussing 

the evolutionary 

account of 

multiple memory 

systems  

variances among experiences are 

mutually incompatible tasks that can be 

best handled – and perhaps only handled 

– by functionally separate systems. 

(i.e., generalizable patterns) 

and variances (i.e., the unique 

details of each experience) 

can be handled by a single 

system.  

McClelland & 

Goddard (1996), 

discussing the 

complementary 

learning systems 

approach 

… there is a trade-off between the need 

for information-preserving, structure 

extracting encoding of cortical traces and 

the need for effective storage and recall 

of arbitrary traces… 

The needs for storage of 

arbitrary traces and extracting 

structure in them are not 

necessarily at odds.  

Chater (1999) The simplicity principle is normatively 

justified—patterns that support simple 

representations provide good 

explanations and predictions on the basis 

of which the agent can make decisions 

and actions. 

Complex representations can 

also lead to successful 

predictions that guide an 

agent’s decisions and actions. 

Gigerenzer (2008) Good decisions in a partly uncertain 

world require ignoring part of the 

available information (e.g., to foster 

robustness). 

Robust learned patterns and 

good decisions can be attained 

even on the basis of all 

situational information.   

Sherman & Turk-

Browne (2020) 

Encoding individual experiences 

(episodic memory) and extracting 

regularities across experiences 

(statistical learning) require 

fundamentally different kinds of learning, 

yet both have been linked to the same 

brain region, the hippocampus. 

Encoding individual 

experiences and extracting 

regularities across experiences 

do not require fundamentally 

different learning 

mechanisms. 
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Frankland et al., 

(2021) 

… the tradeoff between accuracy and 

generalization… aligns closely with the 

bias-variance tradeoff widely discussed 

in machine learning... Here, we draw 

upon information theory to formulate this 

in terms of a tradeoff between decoding 

error and generalization error. We 

provide an analysis of this tradeoff, 

showing that increases in 

representational efficiency, that minimize 

generalization error, come at the expense 

of decoding error (i.e., diminished 

accuracy in identifying a specific item). 

There is no fundamental 

tradeoff between accuracy of 

decoding and generalization.  

 

 

Glossary. 

 Definition Computer science analogue 

Cognitive system A system that learns to associate 

situations and outcomes. Could refer to an 

agent (e.g., human, animal, or robot) or a 

cognitive process (e.g., episodic 

memory).  

Model 𝑦 = 𝑓(𝑥, 𝜃) (e.g., 𝑦 =

 𝜃1𝑥1 +  𝜃2𝑥2) 

Situations The contexts in which the system 

anticipates outcomes (e.g., visual and 

auditory cues when driving; experimental 

stimuli in a category learning 

experiment). 

Inputs 𝑥 

 

Experiences The previous situations and associated Data points (𝑥, 𝑦) 
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outcomes from which the system learns 

(e.g., visual and auditory cues paired with 

the consequences of driving maneuvers; 

previously viewed stimuli and their 

categories). 

Representations Transformations of situational 

information used to anticipate outcomes 

(e.g., a perception of “good” or “bad” 

driving conditions; weighted average of 

stimulus features). 

Features of inputs (e.g., 

 [𝜃1𝑥1 , 𝜃2𝑥2]) 

Learned patterns Outcomes anticipated on the basis of 

representations of possible situations. 

Predictions 𝑓(𝑥, 𝜃) (e.g., 

 𝜃1𝑥1 +  𝜃2𝑥2) 

Representational 

resources 

Biological, cognitive, or computational 

resources that contribute to the system’s 

expressivity.  

Computational resources such 

as compute time and disk 

space 

Expressivity The amount of representations the system 

entertains to possibly express 

relationships between situations and their 

corresponding outcomes. 

Number of parameters1 (see 

other measures in Appendix 

A) 

Capacity The system’s expressivity relative to 

experiences it learns from. Captures the 

representational resources available to the 

system after it accounts for its 

experiences. 

Ratio between number of 

parameters and number of 

data points (see other 

measures in Appendix A) 

 

                                                
1For general statistical models, expressivity is not necessarily a function of the number of parameters, and 

also depends on the model structure (f). However, in the polynomial regression examples we use as 

illustrations of the computational principles, expressivity is a direct function of the number of parameters 

(coefficients). See further discussion in Appendix A.  
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1.1. The capacity framework 

Here, we define the core concepts of our proposed capacity framework, the result of the translation of 

existing results in computer science into the cognitive scientific ontology. For interested readers, 

Section 1.2 provides the technical details underlying the existing research in computer science, and 

Section 1.3 outlines how the capacity regimes can be operationalized for computational and cognitive 

systems. We refer the reader to the Glossary for an exhaustive list of definitions and the terms we use 

to refer to and disambiguate between aspects of natural and artificial learning systems. 

 

Consider a scenario where a cognitive system aims to learn from a set of past experiences. The 

system seeks to choose, as a basis for future behavior, one of a set of possible representations that 

best captures task-relevant structure from these experiences. For example, when making a category 

judgment, humans may systematically transform information about the features of a stimulus 

(situation) to anticipate its category (outcome). Similarly, when driving, adults use auditory and 

visual cues (situation) to anticipate the consequences of driving maneuvers (outcome) to decide on 

the speed and direction of the car. The transformations the system will apply (representation of the 

situation) depend on its past experiences in such tasks, from which the system acquires knowledge 

about which situational information is relevant to the outcomes and in what ways. 

 

The size of the set of representations the system considers depends on its ability to extract and 

transform features of its past experiences. We use the terms expressivity and capacity to refer to the 

representational resources the system has available to construct descriptions of these experiences, in 

an absolute sense and relative to its amount of experiences, respectively. Expressive learning systems 

entertain a large number of possible representations, and can, in principle, faithfully describe a wide 

variety of possible past experiences. The capacity of a learning system is its expressivity relative to 

its amount of past experiences. Systems with more capacity can retain more detail and nuance of 

their experiences. A system’s capacity can increase as a result of either increasing expressivity or of a 

decreasing number of experiences it learns from. The exact nature of this relationship depends on 

factors like the architecture of the learning system and the structure of its experiences. 

We distinguish between the following capacity regimes, which are illustrated in Figure 1: 

1. Constrained capacity systems are not expressive enough to memorize their past experiences 

and so must compress these experiences, effectively discarding details deemed irrelevant. 
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2. Sufficient capacity systems are exactly as expressive as necessary to perfectly memorize their 

past experiences. 

3. Excess capacity systems have more representational resources than necessary to memorize 

their past experiences. These systems have the capacity to extract detailed feature 

information and transform this information in many and sometimes convoluted ways. The 

representations of excess capacity systems tend to be more complex, i.e., “richer,” than the 

experiences themselves. 

 

Figure 1. The relationship between expressivity and capacity in cognitive systems, illustrated 

through an analogy to painting. (a) Three cognitive systems with varying levels of expressivity 

process the same set of experiences under three distinct levels of expressivity. The resulting 
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representations can range from a simplified sketch of the experience (constrained capacity), an exact 

replication (sufficient capacity), to an enriched depiction with additional nuances (excess capacity). 

(b) A single cognitive system with fixed expressivity can encounter experiences that vary in number 

and complexity, leading the same system to learn in different capacity regimes. A rich, complex set 

of experiences (realist painting) may be simplified in the resulting representation (constrained 

capacity), a less detailed expressionist painting may be replicated exactly (sufficient capacity), and a 

simple minimalist sketch may be transformed into a more detailed and realistic representation (excess 

capacity). Copyright disclaimer: This image includes a portion of Pablo Picasso’s The Bull (1945). 

It is used here under the doctrine of fair use for educational and scholarly purposes, to illustrate 

research ideas unrelated to the original artwork. No commercial use is intended, and these images are 

presented solely to enrich the academic discussion.  

 

Constrained and sufficient capacity systems construct representations under constraints that are 

specified in advance of their experience (c.f., restriction biases in Section 1.2). Excess capacity 

systems, on the other hand, can represent their experiences in any of multiple ways that achieve 

memorization. Therefore, in order to select an ultimate solution, excess capacity learning requires a 

way of determining how (with the hindsight of its experience) the system will select between equally 

high-fidelity representations (Belkin, 2021; Belkin et al., 2019). As the research reviewed in Section 

3 will show, excess capacity systems are often  equipped with an intuitive, situation-independent 

decision heuristic that results in the selection of generalizing representations (c.f., soft inductive bias 

in Section 1.2). Our use of the term “excess capacity learning” refers to the combination of excess 

representational capacity with such a decision heuristic. 

 

Box 1. Variable vs. constant capacity 

Whether a system is characterized by constrained, sufficient, or excess capacity is conditional on 

its amount of past experiences: An excess capacity system may have more than enough expressivity to 

memorize a few experiences, but exhibit constrained capacity when the amount of experiences it 

acquires exceeds what it has the representational resources to express. 

In addition to its capacity regime, a system is also characterized by whether and how its 

expressivity (the amount of representational resources it applies in the context of a given task) adjusts 

to changes in its experience. Systems with fixed expressivity can exhibit variable capacity, i.e., their 
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capacity depends on the amount of their experience (Figure 1b). Some systems, however, adjust their 

expressivity to the amount of their past experiences. Such systems can exhibit constant capacity (which 

may be constantly constrained, sufficient, or excess). In the context of artificial learning systems, 

common constant capacity systems include non-parametric models, such as Gaussian process 

regression models. Gaussian process regression models express patterns in their experiences as 

multivariate Gaussian distributions; the dimensionality (and in turn, expressivity) of these distributions 

is a direct and increasing function of the number of observed data points.2 

In the context of cognitive models, a popular constant (sufficient) capacity model is the 

exemplar model of categorization. Like Gaussian process regression models, exemplar models 

represent new experiences as a weighted average of all past experiences. These models perfectly 

memorize only those data points they’ve encountered (exhibiting sufficient capacity for a given set of 

data points), but increase the amount of representational resources they employ as they acquire more 

data (exhibiting constant sufficient capacity). We discuss these models further in Section 6.12. 

It is perhaps unrealistic to assume that natural cognitive systems adjust their representational 

resources to their experiences. Such scaling is in many cases computationally infeasible (the demands 

on such resources can grow quadratically or even cubically with the number of experiences; see 

footnote 2). Recognizing this limitation resonates with established cognitive traditions such as bounded 

rationality (Simon, 1991) and resource-rational analysis (Lieder & Griffiths, 2020). In this article, we 

maintain the premise of fixed representational resources, but extend this paradigm to include the 

possibility of fixed excess capacity—a regime in which systems operate with more representational 

resources than necessary for the task at hand, but are constrained in the sense that they cannot adjust 

these resources. 

Unless otherwise specified, we generally assume the systems we refer to are operating with 

constant expressivity (variable capacity). This makes our discussion most relevant to systems whose 

representational resources in a given task do not adjust3, e.g., human learners who allocate a fixed 

amount of memory to a category learning task. However, many of the behavioral signatures we discuss 

in Section 4 apply equally to constant capacity systems (see further discussion therein). 

                                                
2More concretely, Gaussian process regression models demand more representational (in this case, 

computational) resources as the number of observations increases: The amount of compute time and 

memory required to build the set of its possible representations on the basis of n data points can be of 

O(n3) and O(n2), respectively. 
3See in Section 5.3 possible application of the framework to systems with changing representational 

resources. 
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The context of statistical models fitting data is a natural application of the capacity framework. A 

statistical model fit to a set of provided data points is an example of a cognitive system seeking 

patterns in its experiences. Understanding the phenomena that are present in statistical model 

fitting can yield insights into how cognitive systems learn from their experiences. 

 

There is an emerging literature in computer science studying the effect a model’s degree of 

freedom has on its behavior. This includes literature on “the theory of overparameterized 

machine learning” (Dar et al., 2021), “benign overfitting” (Bartlett et al., 2021), and “double 

descent” (Belkin et al., 2019). Throughout, we leverage these literatures to generate an 

understanding of the effects of capacity on a system’s learning properties. These literatures draw 

on various operationalizations of a model’s degree of freedom, that range from the number of 

parameters a model has (Belkin et al., 2020; Bartlett et al., 2021; Hastie et al., 2022) to the 

balance between the individual and aggregate size of ensembled decision trees (Belkin et al., 

2020), among others. Appendix A provides a non-exhaustive list of measures from the computer 

science literature capturing a model’s degree of freedom both in an absolute sense and relative to 

a given set of training data points (of expressivity and capacity, respectively). 

 

Constrained capacity in the context of statistical models is due to a priori constraints on the 

model’s expressions. These are known as restriction biases (Wilson, 2025), and arise from fixed 

aspects of the model’s specification or architecture. Excess capacity models, on the other hand, 

can express a wide variety of possible data patterns. Preferences over representations emerge 

from algorithmic components of the learning process, which are often designed to satisfy the 

system’s primary objective of fitting the available data points. In the context of statistical model 

fitting, such a decision heuristic is referred to as a soft inductive bias (Wilson, 2025). Unlike 

constrained capacity systems, excess capacity systems prioritize construction of a complete 

account of the available data points ahead of attention to their implicit preference for some 

solution properties over others. 

 

In Sections 3 and 4, we will draw insights from formal investigations of the effects of the 

capacity of a statistical model to illustrate the ways and extent to which it can generalize to 

1.2. The capacity framework: The computer scientist’s perspective 
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unseen data points (Section 3) and derive empirical properties of learning in different capacity 

regimes (Section 4). 

 

1.3. Diagnosing the capacity regime: Models 

Here, we describe methods to assess the capacity regime of both statistical and cognitive models. 

In Section 2, we use the criteria discussed here to identify the capacity regime of some existing 

cognitive models. 

 

While we discuss methods for diagnosing a model’s capacity, cognitive scientists are often 

interested in the learning processes of natural cognitive systems, such as humans or animals. For 

these natural cognitive systems, we often don’t have direct access to their experiences and 

whether these experiences were perfectly memorized in a given context. In Section 4, we discuss 

some ways in which memorization has been behaviorally assessed in humans. However, the lack 

of valid indicators of memorization in natural systems necessitates the development of additional 

empirical criteria to assess natural systems’ capacity. In Section 4, we translate the extant 

computer science literature on the signatures of learning in different capacity regimes into 

behaviors that could be—and in many cases are—exhibited by natural systems.  

 

As a toy example of measuring a model’s capacity, refer to Figure 3, which shows the 

predictions of polynomial regression models fit to twenty-one data points. Here, the expressivity 

of the model increases with the number of parameters (coefficients) it has: Each additional 

parameter provides the model with an additional degree of freedom, expanding the set of patterns 

it can express. Constrained capacity polynomial regression models have fewer parameters (are of 

lower polynomial order) than the number of data points they are fit to, while excess capacity 

polynomial regression models have more parameters (are of higher polynomial order) than the 

number of data points. 

 

To unpack this further, observe that the degree-one model shown in Figure 3a cannot express 

enough patterns to fully account for the data it sees, and so has constrained capacity: It is only 

guaranteed to perfectly memorize up to two arbitrary data points. The degree-twenty model 

shown in Figure 3b can perfectly memorize exactly twenty-one data points (once it encounters an 
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additional data point, it may be forced to tolerate some error), and so has sufficient capacity. The 

degree-one-thousand model can express more than enough patterns to fully memorize the data it 

sees, and so has excess capacity: It has multiple different expressions that could fit the data 

points perfectly. Figure 3c shows one of these possible expressions (the so-called “minimum-

norm” solution; see additional discussion in Section 3). 

 

In this example, each model’s degree of expressivity is transparent (is directly related to the 

number of parameters it has). However, the relationship between the number of parameters and 

expressivity of a model is not so transparent in non-linear models. Parameter dependencies arise 

when parameters interact to produce outputs from inputs. Measures of expressivity and capacity 

for such cases are summarized in Appendix A. 

 

For many cognitive models, these measures cannot be computed in practice. However, as we 

show in Section 2, one could directly identify if a cognitive model was operating with 

constrained capacity based on whether it perfectly memorized its experiences in the studied 

context. 

 

2. The capacity framework reveals a gap in existing cognitive models 

Figure 2 shows some existing cognitive model classes along with their corresponding capacity 

regimes. This figure highlights that in the cognitive science literature to date, successful learning 

has been predominantly viewed as a constrained capacity process, where cognitive systems’ 

representations compress their experiences within a given context or task (Doroudi & Rastegar, 

2023). This reflects the conventional wisdom that successfully generalizing to new situations 

requires discarding the details of individual experiences (Bates & Jacobs, 2020; Chater & 

Vitányi, 2003; Hampton, 1993; Landauer & Dumais, 1997; McClelland et al., 1995; Todd & 

Gigerenzer, 2012). Moreover, constrained capacity models are thought to reflect bottlenecks 

induced by limited biological and cognitive resources (Just & Varma, 2007; Lieder & Griffiths, 

2020; Miller, 1956; Peterson & Peterson, 1959; Russell & Subramanian, 1994; Shiffrin & 

Nosofsky, 1994; Waugh & Norman, 1965). 
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On the other extreme, some cognitive models do not include any capacity limitations, proposing 

that a learner applies the same relative amount of representational resources regardless of their 

amount of experiences (Gershman & Daw, 2017; Nosofsky, 1988; Schulz, 2017). For example, 

the classic exemplar model posits that a cognitive system can perfectly memorize infinitely many 

experiences and use them to make predictions in new situations. In our discussion of the 

empirical signatures of learning in different capacity regimes in Sections 3, 4, and 5, we do not 

explicitly consider models that operate under the assumption of potentially infinite resources (see 

Box 1). We will return to a more detailed discussion of these models in Section 6.  

 

Excess capacity models, which posit that a cognitive system applies more representational 

resources than needed to perfectly memorize their experiences, have been recently explored in 

computer science. Despite their growing popularity in computer science, excess capacity models 

are still underexplored as models of cognition. Notable exceptions include the work of Hasson et 

al. (2020), who advocate for an excess capacity interpretation of learning in neural systems, and 

applications of state-of-the-art convolutional neural networks as models of object recognition 

(Schrimpf et al., 2018; Yamins & DiCarlo, 2016). A key conceptual reason for the limited 

adoption of excess capacity models in cognitive science is the intuition that models capable of 

memorizing all experiences cannot simultaneously account for humans’ ability to generalize 

from them (Table 1). 

 

3. Decoupling memorization and generalization  

A key challenge in cognitive science is understanding how cognitive systems learn from limited 

experiences and generalize this knowledge to novel situations. The ability to generalize has been 

commonly associated with constrained capacity and specifically the process of discarding the 

details of individual experiences (or “forgetting” of these details; Table 1). This is the idea we 

aim to challenge in this section. To understand the effects of capacity on generalization, we look 

to work examining statistical models with different numbers of flexible parameters available to 

fit a set of provided data points.  
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Figure 2. Example cognitive model classes and their corresponding capacity regimes. See 

Appendix B for details on how the capacity regime of each model was inferred. These 

assignments are provisional and may not encompass all applications of a given model class. 

 

3.1. Bias-variance tradeoff 

Statistical theory has long provided a compelling normative rationale for constrained capacity 

models of learning. These models, which avoid overfitting by focusing on fewer features and 

avoiding complex transformations, were thought to lead to better generalization performance 

(Hastie et al., 2009). This belief is grounded in the concepts of bias and variance: Bias refers to 

the error introduced by approximating a rich dataset with a simplified model, while variance 

refers to the error introduced by the model’s sensitivity to noisy fluctuations in the data. 

Constrained capacity models typically exhibit higher bias (“oversimplify” their experiences), but 

benefit from lower variance, meaning they are less likely to overfit to noise in any particular 

sample of data. 

 

Even in the presence of noise, constrained capacity models exhibit low variance and so often 

reliably capture generalizable patterns in data. Conversely, conventional wisdom holds that 

excess capacity models, which are more expressive and have more parameters, tend to have 
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lower bias but higher variance, i.e., are more prone to overfitting noise and therefore exhibit 

large generalization error. This trade-off between bias and variance has normatively grounded 

many “constrained capacity” accounts of the human ability to generalize. For example, in 

introducing the adaptive heuristic paradigm, Gigerenzer & Brighton (2009) note “heuristics 

succeed... because they avoid overfitting the observations; ... by betting on lower variance rather 

than lower bias” (see Appendix B for further discussion of the heuristics paradigm, a constrained 

capacity account of human decision-making). 

 

The bias-variance trade-off is illustrated in Figures 3a and 3b, which show how the 

generalization ability of the class of polynomial regression models discussed in Section 1.3 

changes as a function of the degree of the corresponding polynomial representation (i.e., the 

model’s expressivity).4 Figure 3a shows the predictions of a degree-one polynomial regression 

model. As discussed in Section 1.3, this model is constrained in the sense that it is not expressive 

enough (i.e., does not have enough parameters) to memorize the training data. Figure 3b shows 

the predictions of a degree-twenty polynomial regression model. As discussed in Section 1.3, this 

model has sufficient capacity: It is exactly expressive enough to perfectly memorize the training 

data. The dangers of overfitting can be seen by comparing Figure 3a to Figure 3b. Figure 3a 

shows that the predictions of the constrained capacity model capture an average trend in the data. 

As a consequence, models trained on twenty new data points drawn from the same distribution 

would make similar predictions on unseen inputs (have low variance; Somepalli et al., 2022). On 

the other hand, notice the erratic predictions of the model in Figure 3b in areas it has not seen. 

The sufficient capacity model shown in Figure 3b exhibits high dependence on the particular 

experiences it learns from (high variance): Were we to resample twenty new data points on 

which to train a new degree-twenty model, the new model’s predictions would look very 

different from those shown in Figure 3b. Here, there is a trade-off between fitting the noise in the 

training data, and identifying a pattern in the data. 

                                                
4This example was adapted from Nakkiran et al. (2021). 
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Figure 3. Polynomial regression models fit to data generated from a degree-three polynomial. 

Points: Training data points. Values on the y-axis are an additive combination of a degree-three 

polynomial function of values on the x-axis and Gaussian-distributed noise; in particular, y = x - 

0.5x3 + ε where ε∼N(0,0.3). Green line: Mean of the data-generating function. Magenta line: 

Predictions of the polynomial regression model with degree indicated by the corresponding 

caption and parameter values fit to the data points. Example is adapted from Nakkiran et al. 

(2021). The code for reproducing the figure is available at 

https://colab.research.google.com/drive/157VWxBxALXL0TY1lL3WVrIgwrkpjBt8o?usp=drive

_link 

 

3.2. Double descent of generalization error 

Figure 3c shows the predictions of a degree-one-thousand polynomial regression model. This 

model has excess capacity: It is more than expressive enough (in this case, by virtue of having 

more than enough flexible parameters) to memorize the training data. Traditional statistical 

intuition would lead one to expect this to result in even more erratic predictions than those made 

by the degree-twenty model. Yet Figure 3c shows the opposite: While the degree-one-thousand 

model does fit the noise in the data, it does so in such a way that nevertheless appears to track the 
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underlying pattern in the data.5 Like the constrained capacity model shown in Figure 3a, this 

model exhibits low variance in the sense that excess capacity models trained on twenty new data 

points drawn from the same distribution would make similar predictions on unseen inputs 

(Somepalli et al., 2022). 

 

This illustrates the phenomenon that learning with excess capacity facilitates successful 

generalization, known as “benign overfitting” (Belkin, 2021; Dar et al., 2021b): In the 

constrained capacity regime, generalization error decreases and then increases as the model’s 

expressivity causes it to overfit its data points, consistent with the bias-variance tradeoff. As the 

model’s expressivity increases to the point that it is able to perfectly reconstruct its training 

data—i.e., it transitions to the excess capacity regime—generalization error again decreases, 

resulting in the so-called “double descent” of generalization error (Figure 4, Belkin, 2021). 

 

In Figure 3, the best generalizing model would be the correct model—in this case, a degree-three 

polynomial. Under our definition, this is considered a constrained capacity model since it cannot 

perfectly fit all 20 training datapoints. This correct model would correspond to the dip in the U-

curve of generalization error in the constrained capacity regime (see Figure 4). In other words, 

successful generalization can be achieved by building an internal model that faithfully captures 

the data-generating process. However, rarely do cognitive systems know the structure of the true 

data-generating process, and in such cases excess capacity models can be more successful at 

recovering generalizable patterns in the data than constrained and sufficient capacity alternatives 

(Dar et al., 2021; Hastie et al., 2022; N. Mallinar et al., 2022). 

                                                
5Importantly, note that all three models are fit to the same twenty-one data points. With reference to 

discussion in Section 1, the cognitive systems (here, regression models) are each endowed with the same 

amount of experiences, but vary in terms of the expressivity they have to transform these experiences. 
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Figure 4. Conceptual illustration of the key learning properties in different capacity regimes. 

Memorization error (error when recalling one’s past experiences; grey dashed line) decreases 

with increase in system’s expressivity, eventually reaching zero for the sufficient and excess 

capacity regimes. Generalization error (error when making predictions in new situations; black 

solid line) follows a double-descent curve. In the constrained capacity regime, generalization 

error exhibits the U-curve characteristic of the bias-variance tradeoff: The solution that 

generalizes the best is the one that achieves the best balance between being expressive enough to 

capture important patterns in the data (reducing bias) and not being too expressive as to overfit 

the noise in the data (reducing variance). Generalization error peaks at the sufficient capacity 

regime which fits the data perfectly but very unreliably. Then, in the excess capacity regime, 

generalization error decreases with increasing expressivity (second descent). Systems with 

enough excess capacity identify solutions that exhibit both low bias and high stability of learned 

patterns (or low variance; green dashed line). 
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3.3. Why do excess capacity models generalize? 

Understanding the mechanisms of the double descent phenomenon is an open area of inquiry. 

Notice that there are several versions of the degree-one-thousand model that could perfectly fit 

all twenty-one data points shown in Figure 3. As we discuss in Section 1.2, the model chooses 

one of these solutions according to an emergent decision heuristic.  

 

Figures 5 and 6 visualize how the capacity of a system affects the process by which it chooses an 

ultimate solution. As shown in Figure 5, the constrained capacity system’s initial solution set 

(which implies the set of possibly learned patterns) perfectly corresponds to only some of the 

experiences the system could have. The system chooses the solution that corresponds most 

closely to its experiences. If the restriction biases imposed on the system are helpful, its solution 

set corresponds more closely to these and future experiences. The sufficient capacity system’s 

solution set perfectly corresponds to all possible experiences, and each set of experiences 

corresponds to a unique solution. Like the constrained capacity system, the sufficient capacity 

system chooses the solution that corresponds most closely (in its case, perfectly) to its 

experiences. The excess capacity system’s solution set perfectly corresponds to all possible 

experiences, and each set of experiences corresponds to possibly multiple solutions. Unlike with 

the sufficient capacity system, the excess capacity system’s decision-making process must, in 

addition to identifying the solutions that perfectly correspond to its experiences, incorporate a 

mechanism (soft inductive bias) to choose among these solutions. 

 

In constrained capacity models, a preference for “simpler” solutions arises from the restriction 

biases imposed on the model: Complex solutions are simply not entertained by the model. In 

excess capacity models, a similar preference arises from the system’s soft inductive biases: The 

preference for more stable learned patterns is an unintended consequence of architectural and 

algorithmic components of the learning process which are often designed to satisfy the system’s 

primary objective of fitting the available data points (Belkin, 2021; Belkin et al., 2019; Geiger et 

al., 2019; Spigler et al., 2019; Wilson, 2025; Yang et al., 2020). 
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Figure 5. Visualization of how the capacity of a system (the relative size of the set of solutions it 

entertains) affects the process by which it chooses an ultimate solution. Constrained: In the case of 

constrained capacity, the patterns the system could possibly learn are less complex than the experiences 

they could possibly have. Most possible experiences do not correspond exactly to a member of the space 

of possibly learned patterns. The system maps its actual experiences (magenta dot) to the possibly learned 

pattern it most resembles, and selects the unique solution that produces that pattern. Constrained (helpful 

restriction bias): Restriction biases (Wilson, 2025) constrain the solution set and affect the 

correspondence between the space of possibly learned patterns and the system’s actual experiences. 

Helpful restriction biases do so in a way that the system can learn patterns in its actual experiences. 

Sufficient: In the case of sufficient capacity, possibly learned patterns are just as complex as possible 

experiences. Every set of possible experiences corresponds exactly to a possibly learned pattern. Excess: 

In the case of excess capacity, possibly learned patterns are more complex than possible experiences. 

Every set of possible experiences corresponds exactly to multiple possibly learned patterns. The system’s 

soft inductive biases (Wilson, 2025) guide how it selects amongst the solutions that produce patterns 

corresponding to its actual experiences (magenta elliptic curve). Shades of green in the space of possibly 

learned patterns indicate that the system’s soft inductive biases are more likely to guide it towards some 

solutions than others. Benign overfitting refers to the case when the solution to which the system is guided 

by its soft inductive biases generalizes well. 
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Figure 6. Visualization of how a system’s ability to memorize and generalize arises from restriction 

or soft inductive biases. The system’s capacity (the relative size of the set of solutions it entertains) is 

represented by the size of the magenta circles. The solution selected by each system is represented by 

the magenta points. Each system chooses a “best-fitting solution” as close as possible to the set of 

solutions that memorize. Restriction biases control the distance of the best-fitting solution to the set 

of solutions that generalize. Constrained capacity systems do not have the capacity to memorize, but 

can generalize with helpful restriction biases (e.g., imposition of a cubic form to fit the data shown in 

Figure 3). Sufficient capacity systems always memorize, and can generalize with helpful restriction 

biases (e.g., exemplar models that accurately predict category membership by representing new 

exemplars as weighted averages of past exemplars; see discussion in Section 6.12). Excess capacity 

systems always memorize, and can generalize with helpful soft inductive biases: These systems 

entertain a solution set large enough to encompass multiple solutions that memorize and that 

generalize. The magenta path indicates how the excess capacity system’s soft inductive biases can 

guide its search within the space of solutions that memorize towards solutions that also generalize 

(region of overlap between the blue and green shapes). 
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Soft inductive biases emerge from components of learning processes frequently encountered in 

standard modeling practice. For example, common optimization procedures like (sometimes 

stochastic) gradient descent result in an implicit preference for solutions that do not assign 

excessive influence to individual features (Chizat et al., 2019; Du et al., 2019; Gunasekar et al., 

2018), are not too influenced by the idiosyncrasies of a particular set of training data points (so-

called “flat minima”; Blanc et al., 2020; Feng & Tu, 2021; Jastrzebski et al., 2020; Z. Li et al., 

2021; C. Y. Liu & Flanigan, 2023; L. Wu et al., 2022; L. Wu & Ma, 2018; Z. Zhu et al., 2019), 

or collapse high-dimensional inputs into evenly-spaced partitions of possible outcomes (so-called 

“neural collapse”; Papyan et al., 2020; Farrell et al., 2022, 2023). 

 

In the case of the polynomial regression model shown in Figure 3c, the chosen solution is the so-

called minimum norm solution: the solution with the smallest parameter values among those that 

provide a complete account of the available data points.6 The selection of the minimum norm 

solution (as opposed to other solutions that provide a complete account of the available data 

points) is a consequence of a straightforward adaptation of standard ordinary least squares to the 

overparameterized regime (Bartlett et al., 2021).7 

  

4. Diagnosing the capacity regime: Humans 

Diagnosing the capacity regime of a natural cognitive system involves a capacity analysis: an 

assessment of the degree to which the system exhibits properties characteristic of that capacity 

regime. In this section we derive some of the empirical properties of learning in different 

capacity regimes from the computer science literature and present findings from the 

psychological literature that illustrate each property.  

 

In the constrained and sufficient capacity regimes, complexity of the system’s representations 

tends to imply instability of its learned patterns: More complex representations tend to comprise 

patterns that are highly dependent on the specific experiences the system happens to learn from. 

                                                
6More specifically, the chosen solution Θ = argmin {||Θ||2 : XTXΘ = XTy} where ||Θ||2 is the L2 

(Euclidean) norm of the vector of coefficients Θ. 

 7The minimum norm solution arises when the pseudo inverse replaces the inverse in the solution to the 

normal equations, i.e., when the solution Θ = (XTX)+XTy and (XTX)+ is the pseudo inverse of the normal 

matrix. 
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A key principle of learning in the excess capacity regime is a reversal of this relationship. Excess 

capacity systems first apply their representational resources to construct representations of 

sufficient complexity to account for their past experiences, and then apply any excess 

representational resources to impose structure on the patterns implied by these representations. 

The tendency to produce complex representations alongside stable learned patterns is the primary 

characteristic property of excess capacity systems: Constrained capacity systems tend to produce 

simple representations and stable learned patterns, while sufficient capacity systems tend to 

produce complex representations and unstable learned patterns. 

 

In addition to this principle, other properties associated with learning in different capacity 

regimes can help cognitive scientists diagnose the capacity regime of a cognitive system. We 

distinguish between 1) representational, 2) temporal, and 3) contextual properties. 

Representational properties reflect characteristics of the solutions selected by the system to 

capture the relationship between situations and outcomes. As mentioned above, while the 

solutions selected by excess capacity systems internally represent their past experiences in 

complex ways, these complex representations form the basis of learned patterns in outcomes and 

behavior that exhibit stability and smoothness. Temporal properties describe how the system’s 

learned patterns evolve as the system accumulates experiences. Contextual properties capture 

how features of the environment affect the system’s learned patterns.  

 

These additional properties tie back to whether and when the cognitive system faces a tradeoff 

between the complexity of representation and the stability of its learned patterns. 

Representational properties show how the complexity of the representation can be decoupled 

from the stability of learned patterns if the system learns with excess representational capacity. 

Temporal properties characterize how the stability of learned patterns changes in excess capacity 

systems as the amount of their experiences grows. Contextual properties characterize the kinds of 

environments in which the trade-off between complexity and stability reemerges and can no 

longer be avoided by excess capacity learners.  

 

Figure 7 lists a set of properties (left), the capacity regimes these properties are associated with 

(middle), and empirical predictions that could be used to test these properties in cognitive 
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psychology experiments (right). These properties are jointly diagnostic: The presence or absence 

of no single property can on its own definitively indicate a system’s capacity regime; rather, 

diagnosing a system’s capacity regime requires assessing which combination of properties a 

system exhibits. These properties are also provisional: Given the dynamic nature of research in 

computer science, we expect this list to evolve and be updated as new insights emerge. 

 

For each property, we provide example models and studies from cognitive psychology that 

illustrate these properties in the context of human learning. Our goal is not to present decisive 

evidence or adjudicate between competing explanations, but to demonstrate how diverse findings 

can be interpreted through the capacity framework. Our main focus will be on highlighting 

evidence that points at the possibility of excess capacity learning in humans, as this regime has 

so far been largely overlooked. We present these examples as illustrative case studies rather than 

confirmatory tests, showing how the capacity framework can help to organize existing findings 

and predict as-yet unobserved behavioral phenomena. 

 

 

Figure 7. Examples of the learning properties (left), the capacity regimes that they are associated 

with (middle: C—constrained, S—sufficient, E—excess), and the empirical predictions these 

properties lead to (right). 
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4.1 Ability to memorize individual experiences 

Like sufficient capacity systems and unlike constrained capacity systems, excess capacity 

systems can by definition perfectly memorize their past experiences.   

 

Examples from psychology. Like constrained capacity systems, in many contexts humans 

forget information, which can serve adaptive cognitive functions (Nørby, 2015). In other 

contexts, humans frequently exhibit a remarkable ability to memorize. Results from a variety of 

domains indicate that people store nearly all their past experiences to inform their predictions 

and behavior when encountering novel situations. In many tasks, people’s responses to 

previously-seen visual stimuli tend to be faster and more accurate (Kolers, 1976; Shepard, 1967). 

Research on visual object perception shows that humans are often able to encode nearly all the 

visual items they encounter in high detail. For instance, Brady et al. (2008) asked participants to 

view 2500 images of individual objects for three seconds each. When asked to discriminate 

between these observed images and similar new images, participants were able to correctly 

identify the observed instance in over 80% of cases. Some of the most successful cognitive 

models of many cognitive processes (e.g., category learning, motor learning, dynamic decision 

making) are premised on the idea that people retain all past experiences for later comparison 

(i.e., exemplar/instance-based models; see discussion in Section 6.12).  

 

4.2 Unnecessarily detailed and complex representations 

Excess capacity systems, by definition, allocate excessive representational resources to transform 

the situations they encounter in various ways. Excess capacity systems expand the information 

they intake in varied and sometimes convoluted ways, often constructing representations for 

which many features of situations each contribute a little (Belkin, Ma, et al., 2018; Bartlett et al., 

2020; Oneto et al., 2023). While constrained capacity systems discard details of their 

experiences, excess capacity cognitive systems retain all information about their experiences, 

constructing representations on the basis of all details, whether relevant or not. 

 

Examples from psychology. Although much research emphasizes compression or abstraction as 

key principles of human learning (Bates & Jacobs, 2020), other work consistently finds that 

humans can retain incredibly rich details of their experiences, including details deemed irrelevant 
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or superficial. For example, items that are shown in the same context as previous items (e.g., an 

image shown in the same location across presentations) are more quickly and accurately 

recognized, suggesting that humans represent contextual details even when they are irrelevant to 

performance on the given task (Jacoby, 1983; Jacoby & Brooks, 1984; Kristjánsson & Campana, 

2010; Schacter, 1987; Tenpenny, 1995). Further evidence shows that humans often come up with 

unnecessarily complex rules to make judgments. For instance, in one series of studies on 

category identification, adult participants were asked to identify whether a presented shape is a 

“triangle”. While being aware of the explicit definition of a “triangle” (“a polygon with three 

sides having three vertices”), participants relied on unnecessary cues like the relative lengths of 

the sides of the triangles, to the detriment of their accuracy and speed. Similarly, when asked to 

identify even numbers, the participants relied on unnecessary cues like whether the number was 

a multiple of 10 (Lupyan, 2013). Thus, humans sometimes retain a surprising amount of 

irrelevant information about their experiences, and often employ complex solutions even when 

simple rules are readily available. Although these studies do not constitute diagnostic evidence 

for excess capacity learning, such findings challenge the idea that human learning is fully 

captured by parsimonious compression or abstraction of past experiences, and can inspire ways 

in which this can be further empirically tested in future work.  

 

4.3 Learned patterns are summaries of past experiences 

While excess capacity systems may internally represent situations in unnecessarily detailed and 

complex ways (see Section 4.2), the predictions of outcomes that arise from these representations 

can exhibit a surprising degree of structure: As with constrained capacity systems, the learned 

patterns produced by excess capacity systems often exhibit a surprising degree of smoothness: 

The similarity of new situations predicts the similarity of the system’s predictions and behaviors 

upon encountering those situations (Curth et al., 2024; Gamba et al., 2023). In other words, these 

systems make predictions that summarize the outcomes they’ve experienced in similar situations. 

As the amount of excess representational resources a system has increases, the patterns the 

system learns become smoother (Bubeck & Sellke, 2023; Curth et al., 2024; Gamba et al., 2022; 

H. Liu et al., 2022; Rosca et al., 2020; Somepalli et al., 2022). It has been shown that smooth 

learned patterns can facilitate successful and robust generalization (Englesson & Azizpour, 2021; 

Weng et al., 2018). 
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Examples from psychology. Like constrained and excess capacity systems, people have been 

shown to construct summaries (e.g., an “average”) of their experiences (Bowman et al., 2020; 

Brady et al., 2018; Murphy, 2004; Schlichting et al., 2015; Tompary & Thompson-Schill, 2021). 

For example, after learning a new category, humans discriminate an average category member—

even if it has never been observed—faster and categorize it more accurately than any other new 

instance of the category (Posner & Keele, 1968, 1970). When asked to memorize a list of words 

(e.g., “bed”, “rest”, “awake”), participants construct false memories of thematically associated 

words (e.g., “sleep”; Roediger & McDermott, 1995). Humans have also been shown to distort 

their perception of an item to reflect properties of the prototypical member of the category it 

belongs to (e.g., achromatic bananas are perceived slightly yellow; Hansen et al., 2006; Bates & 

Jacobs, 2020; Dubova & Goldstone, 2021; Goldstone, 1994; Hansen et al., 2006; Harnad, 2003; 

Kuhl et al., 1992). As a result, many cognitive models conceptualize (perceptual, categorical, or 

language) learning as the compression of many and high-dimensional experiences into lower-

dimensional patterns or summary representations (Bates & Jacobs, 2020; Landauer & Dumais, 

1997; Sims, 2018; J. D. Smith & Minda, 1998).  

 

4.4 More experiences can hurt generalization 

Acquiring more experiences provides the cognitive system with more information about the 

world. Under constrained capacity, more experiences typically lead to better generalization, as 

the cognitive system can use the additional experiences to refine its understanding. However, the 

situation is more nuanced for excess capacity systems. While receiving more information still 

improves their ability to extract patterns from their experiences, the advantage of learning from 

more experiences can be offset by a critical trade-off: The system uses its excess capacity to 

account for these additional experiences, diminishing the resources available to construct and 

effectively adjudicate between multiple solutions that account for these experiences. As a result, 

the mechanisms that enable robust generalization under excess capacity (see Section 3) may 

weaken as more experiences are incorporated. 

 

To see this, recall that whether a system is learning with constrained or excess capacity is 

relative to the amount of experiences it learns from. Consider an excess capacity model with 

enough parameters to memorize n data points. When fit to n-2 data points, this model has some 
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excess capacity. When fit to n-1 data points, the same model now has less excess capacity. By 

using its representational resources to fit the new data points, the model has fewer resources to 

spare to impose the smoothness constraints that aid generalization.  

 

Therefore, excess capacity learning can lead to a seemingly paradoxical phenomenon where new 

experiences lead to decreased generalization performance (Dar & Baraniuk, 2022; Nakkiran et 

al., 2021). Recall from Section 3 that benign overfitting occurs when the system has the excess 

capacity to both interpolate the data and impose a helpful soft inductive bias. Reductions in this 

excess capacity relative to experience can degrade generalization performance. The same system 

may therefore exhibit more or less benign overfitting depending on the amount of excess 

capacity that remains available after accounting for new experiences. 

 

Examples from psychology. Although evidence on the effect of the amount of experiences on 

generalization is limited, some evidence from the perceptual learning literature suggests humans 

may sometimes exhibit learning dynamics consistent with excess capacity systems: Some studies 

report that an increased amount of perceptual training in humans leads to perceptual 

deterioration. For example, extensive training in a visual texture discrimination task has been 

shown to decrease participants’ performance. This perceptual deterioration is due to changes in 

the visual cortex and not to general fatigue (indicated by its persistence when training sessions 

are separated by hours, identification in a trained location in the visual field, and transfer 

between the eyes; Censor et al., 2006; Censor & Sagi, 2008, 2009; Mednick et al., 2005; Ofen et 

al., 2007). Such findings illustrate how increasing experience may sometimes impair 

generalization. Future work could investigate the occurrence of analogous deterioration effects in 

other areas of cognitive psychology.  

 

4.5 More experiences lead learned patterns to exhibit less smoothness 

As discussed in Section 4.4, acquiring more experiences decreases a system’s excess capacity. 

To the extent that the system’s excess capacity creates smooth learned patterns (Section 4.3), 

more experiences can result in learned patterns that are poorer and less stable summaries of past 

experiences. In these cases, the system’s predictions and behaviors in new situations are more 

https://doi.org/10.1017/S0140525X2610510X Published online by Cambridge University Press

https://www.zotero.org/google-docs/?lnPxse
https://www.zotero.org/google-docs/?lnPxse
https://www.zotero.org/google-docs/?j3o9Yx
https://www.zotero.org/google-docs/?j3o9Yx
https://doi.org/10.1017/S0140525X2610510X


distinct—in other words, as the system acquires more experiences, it can better distinguish 

between new situations. 

 

What about past experiences? Excess capacity systems identify patterns in their past 

experiences, and then use their excess representational resources to choose which pattern 

produces predictions that summarize these experiences best. What types of summaries do excess 

capacity systems prefer? To the best of the authors’ reading, the existing computer science 

literature pertaining to this question is incomplete or contradictory. Existing work shows that it 

likely depends on the specific modeling paradigm (Gamba et al., 2023). Summaries can exhibit 

one of two high-level characteristics: If old experiences are treated as the rule, predictions 

conform around them (Curth et al., 2022; Gamba et al., 2023). In this case, predictions in new 

situations become better local summaries of past experiences, and so the similarity of two 

situations affects the similarity of the system’s predictions: The system’s predictions in new 

situations are summaries of only very similar past experiences. If old experiences are treated as 

exceptions (Gu et al., 2024), the system learns patterns that capture the overall trend in their 

experiences, and then adds “spikes” to account for these exceptions (Bartlett et al., 2021; Wyner 

et al., 2017; see Figure 8). In this case, predictions in new situations become better global 

summaries of all past experiences, and so whether a situation was encountered in the past or will 

be encountered in the future affects the similarity of the system’s predictions: The system has 

retained outcomes from all its past experiences, but predicts a summary of these outcomes 

(which is relatively invariant to characteristics of the situation) when encountering new 

situations.  

 

In the latter case, learning on the basis of more experiences (i.e., with less excess capacity) will 

diminish the system’s ability to identify old experiences as exceptions. Figure 8 shows how the 

amount of experiences can affect the smoothness of the pattern the model learns. These figures 

show the same degree-one-thousand polynomial fit to 20 and 650 data points, respectively. The 

model learning from 20 data points (Figure 8a) makes similar predictions on similar unobserved 

data points, which can result in sharp differences between the predictions for unobserved inputs 

and previously-observed data points. The model learning from 650 data points (Figure 8b) makes 

https://doi.org/10.1017/S0140525X2610510X Published online by Cambridge University Press

https://www.zotero.org/google-docs/?S1L9pk
https://www.zotero.org/google-docs/?jmD2C2
https://www.zotero.org/google-docs/?jmD2C2
https://doi.org/10.1017/S0140525X2610510X


more distinct predictions on unobserved data points, but cannot distinguish between old and new 

experiences as well as the model in Figure 8a. 

 

 

Figure 8. The predictions of a one-thousand-degree polynomial regression model when learning 

from (a) fewer (21) vs. (b) more (650) data points. The model learns with a higher degree of 

excess capacity in the setting shown in panel (a) than in the setting shown in panel (b). Values on 

the y-axis are generated as y = x - 0.5x3 + ε where ε∼N(0,0.3). In panel (a), the model assigns 

highly distinctive responses to the training data (spikes), while producing relatively smooth 

predictions for nearby unseen points. In contrast, in panel (b) the model does not capture the 

training data with distinctive spikes and instead generates more differentiated responses for 

similar new inputs.  

 

Examples from psychology. As with excess capacity systems, human participants’ ability to 

distinguish similar new experiences from each other has been shown to increase with the number 

of items they encounter in a given task. For example, studies have shown an increase in 

participants’ ability to accurately perceive differences between new items with training, a 

phenomenon known as perceptual differentiation (E. J. Gibson, 1969; J. J. Gibson & Gibson, 

1955). Some work on human category learning and recognition memory has also pointed to 

differences in people’s ability to distinguish between old and new situations as a function of the 

number of experiences they encounter. Recall that if the excess capacity system treats old 

experiences as exceptions, as it acquires new experiences, it will begin to treat old and new 
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experiences more similarly (Figure 8). This may lead to recognition errors where participants 

falsely recognize new items as old.8 Existing studies report that humans’ ability to distinguish 

old from new experiences decreases when they learn from more experiences. For example, 

Koutstaal & Schacter (1997) show that adults that are shown more examples from a category 

(e.g., 18 vs. 6 images from the category “cats”) are more prone to falsely recognizing lures from 

that category as images they have seen before. As another example, Homa et al. (2019) presented 

a category learning and recognition task to two groups of participants. For one group of 

participants, the same training instances repeated between the training blocks, whereas for the 

other group the training instances never repeated, resulting in a much larger set of items 

experienced over training. When asked to distinguish old from new items after training, the 

group with fewer experiences was able to successfully identify old items while the group with 

more experiences was not (Homa et al., 2019; Hu & Nosofsky, 2022). These findings illustrate 

how increasing experience can simultaneously refine discrimination among new stimuli while 

increasing confusion between old and new situations, a pattern consistent with the predictions of 

excess capacity learning. 

 

4.6 Sensitivity to noisy environments 

The stability of the patterns learned by constrained capacity systems is relatively unaffected by 

the degree of noise in their experiences (Bartlett & Kulkarni, 1998; Gamba et al., 2022; Hastie et 

al., 2022; Nakkiran et al., 2021; Orvieto et al., 2023), whereas the patterns learned by excess 

capacity systems can be highly affected by noisy experiences (Gamba et al., 2022; Hastie et al., 

2022; Nakkiran et al., 2021; Orvieto et al., 2023; B. Wu et al., 2021; Zhang et al., 2021). By 

definition, excess capacity models do not tolerate any error in their account of past experiences. 

Noisy experiences—experiences with significant outcome variability for a given situation—

directly impact the system’s chosen representation, as it modifies its representation to 

incorporate all deviations from the underlying trend. Consider the constrained capacity (orange 

line; one-degree polynomial) and excess capacity (magenta line; degree-one-thousand 

polynomial) models shown in Figure 9: Figure 9a shows the models fit to data points generated 

                                                
8Note that this assumes that recognition is based on similarity to past experiences (e.g., the probability of 

recalling having seen a “probe” increases with how similar the probe is to items stored in memory). This 

assumption is common in the literature (Nosofsky, 1988; Schacter et al., 1999). 
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in a low-noise environment, while Figure 9b shows the models fit to data points generated in a 

high-noise environment. The constrained capacity model’s predictions are not affected by the 

level of noise, while the predictions of the excess capacity model, which modifies its solution to 

incorporate each data point, is affected by the noise in the data.  

 

 

Figure 9. The predictions of a one-degree (orange) and one-thousand-degree (magenta) 

polynomial regression model when learning in a (a) low-noise vs. (b) high-noise environment. 

Values on the y-axis are generated as y = x - 0.5x3 + ε where ε∼N(0,0.3) in the low-noise 

environment and ε∼N(0,0.8) in the high-noise environment. The excess capacity model is 

sensitive to the level of noise (compare the magenta lines between panels a and b), while the 

constrained capacity model is not (compare the orange lines between panels a and b).  

 

Examples from psychology. Some work has investigated the impact of noise on human learning 

in the context of visual categorization tasks using a prototype distortion paradigm (a 

categorization task for which categories are constructed by distorting a corresponding 

“prototypical” visual stimulus which is unseen by participants). Researchers manipulate the 

degree of distortion (variability with respect to the prototype, i.e., amount of noise) and examine 

the effect of this manipulation on participants’ ability to categorize new, similar stimuli. Like 

sufficient and excess capacity systems, participants in these experiments seem to exhibit 

sensitivity to noise: Increasing the amount of noise in the training stimuli tends to hinder their 
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generalization performance (Bowman & Zeithamova, 2020, 2023; Hu & Nosofsky, 2024). These 

studies illustrate how manipulations of stimulus variability can be used to empirically test 

capacity-specific predictions on learner’s sensitivity to noise.   

 

5. Broad implications of the capacity framework 

In this section, we discuss broad areas and phenomena that could benefit from applying the 

capacity framework, and the idea of excess capacity learning in particular. Our aim is not to 

provide an exhaustive overview of these domains, but rather to point to promising directions 

where the ideas may be productively applied. Ultimately, the value of these applications can only 

be fully assessed by experts working in these fields. 

 

5.1 Functional relationship between episodic memory and generalization  

As discussed in Sections 4.1 and 4.3, excess capacity systems are capable of both memorizing 

individual experiences and identifying generalizable patterns in these experiences. In cognitive 

science and neuroscience, these two phenomena are often considered mutually exclusive (see 

Table 1 for example quotes) and existing cognitive models often treat them as occurring via 

separate processes (so-called “dual-process architectures”;  Ashby et al., 1998; Briscoe & 

Feldman, 2011; Erickson & Kruschke, 1998; Hahn & Chater, 1998; Juslin et al., 2008; Kumaran 

et al., 2016; McClelland et al., 1995; Nosofsky et al., 1994). Notable examples of such dual-

process accounts are the theories of multiple memory systems (MMS) (Sherry & Schacter, 1987) 

and complementary learning systems (CLS) (Kumaran et al., 2016; McClelland et al., 1995). 

According to MMS theory, the human brain must have evolved at least two separate memory 

systems: the episodic memory system is responsible for memorizing unique experiences and the 

pattern-learning system is responsible for acquiring generalizable knowledge. CLS theory also 

posits two learning systems in the human brain: the hippocampus responsible for fast, episodic 

learning (memorization) and the neocortex responsible for slower, statistical learning 

(generalization) (this theory was later extended to reflect subprocesses within the hippocampus: 

e.g., Schapiro et al., 2017).  
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The capacity framework suggests that achieving both memorization and generalization does not 

require two systems: A single excess capacity system, under the right conditions, can do both.9 

This presents a challenge to the normative rationale for many dual-process accounts, which often 

operate under the assumption of a computational trade-off between memorization and 

generalization.  

 

The functional separation between memorizing individual episodes and generalizing from them 

has historically been motivated by catastrophic forgetting exhibited by artificial learning systems 

(McClelland et al., 1995; Kumaran et al., 2016). Early connectionist models trained sequentially 

on interfering sets of associations exhibited rapid and near-complete loss of previously learned 

information when new associations were introduced. To many, this phenomenon suggests the 

existence of inherent computational limitations that prevent a system that rapidly acquires novel 

episodes from gradually extracting structure in these episodes. Since humans typically do not 

show such drastic interference, this phenomenon was interpreted as evidence that human 

cognition bypasses the supposed computational limitations by learning via multiple systems. 

 

Hewson et al. (2024) present an example use case of the capacity framework by replicating the 

original demonstrations of catastrophic forgetting in connectionist models, and then showing that 

increasing the capacity of the connectionist model makes it more capable of retaining what it has 

learned, despite acquiring interfering associations. More specifically, Hewson et al. (2024) 

trained simple multi-layer perceptrons on a sequence of data points inspired by tasks designed by 

McCloskey and Cohen (1989) in which participants were asked to memorize arbitrary word pair 

associations. McCloskey and Cohen (1989) observed that, unlike many connectionist models, the 

human participants did not exhibit catastrophic interference: After a word was used in a new 

association, they were still able to reproduce its previously-learned association. By varying the 

number of hidden neurons, Hewson et al. (2024) explored neural networks of constrained, 

sufficient, and excess capacity. The study found that models with constrained and sufficient 

                                                
9Note that this idea has also been discussed in the context of exemplar and Gaussian process regression 

models of cognition (Gershman & Daw, 2017; Medin & Schaffer, 1978; Nosofsky, 2011; Schulz, 2017) 

which simultaneously memorize individual experiences and generalize. 
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capacity suffer from catastrophic forgetting the most, while learning with excess capacity made 

the models more robust to catastrophic forgetting in the presence of interfering associations. 

 

While episodic memory and generalization can in principle be achieved by a single learning 

system, natural brains may nevertheless implement these functions through distinct mechanisms. 

This is consistent with extensive neural, behavioral, and clinical support for dual-process 

accounts. Specifically, researchers have documented various tradeoffs between representing 

individual episodes and generalized structure among them. For example, human and animal 

behavior can become increasingly governed by “gist”-like representations relative to episodic 

detail following sleep or over the course of learning (e.g., Tompary & Davachi, 2017; Richards 

et al., 2014; Zeng et al., 2021; Graves, Antony & Turk-Browne, 2020), or items that allow for 

better statistical prediction of the future are less likely to be memorized (e.g., Sherman & Turk-

Browne, 2020). 

 

The capacity framework developed here provides a new lens through which such findings can be 

interpreted. While human and animal brains may rely on distinct interacting systems, a capacity-

based analysis offers a useful and generative tool for identifying when such trade-offs are 

expected to arise. In particular, the framework predicts that systems operating without excess 

capacity will exhibit trade-offs between episodic memory and generalization (see Section 3.1). 

Alternatively, similar temporal trade-offs may emerge when a single learning system 

dynamically transitions between capacity regimes in response to task demands. For example, as 

the number of stimuli increases or task structure becomes more complex, a system may shift 

from learning with excess or sufficient capacity, characterized by the ability to encode individual 

episodes, toward constrained capacity, characterized by increasingly “gist”-like representations. 

In this way, the capacity framework helps clarify which trade-offs are expected in different 

computational regimes and learning conditions, opening a broader explanatory space beyond 

one- versus two-system accounts. 

 

5.2 Clinical dissociations 

As we discussed in Section 5.1, the frequent human ability to simultaneously memorize and 

generalize has historically inspired dual-process accounts of learning. However, influential 
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bodies of research have reported dissociations in people’s abilities to memorize experiences and 

identify generalizable patterns in them: systematic contexts in which people can either memorize 

or generalize, but not both. Here, we briefly describe these findings and show how they could 

potentially be leveraged to diagnose the capacity regimes that characterize learning in specific 

populations or in specific contexts.  

 

Knowlton et al. (1994, 1996) and Squire & Knowlton (1995) report that when learning new 

categories of visual stimuli, amnesic patients are worse at recognizing individual training stimuli 

than neurotypical participants (i.e., have less ability to memorize individual experiences), but are 

often just as good at identifying the rule that determines the category of new items (i.e., have 

equal ability to generalize; see an overview of such findings in Ashby & Rosedahl, 2017). 

Knowlton et al. (1996) report the opposite pattern of behavioral dissociations for Parkinson’s 

disease patients: These patients sometimes exhibit an ability to memorize individual training 

stimuli on par with neurotypical participants, but perform much worse at generalizing to new 

items (although later in training these patients often catch up to a generalization performance 

matching that of neurotypical and amnesic participants). Knowlton et al. (1996) explained these 

dissociations by invoking a dual memory systems account (see related discussion in Section 5.1: 

They claimed that amnesic patients’ declarative memory system (responsible for memorization) 

is damaged while their pattern-learning system (responsible for generalization) remains intact, 

and that patients with Parkinson’s disease have an intact declarative memory system and 

damaged pattern-learning system. Nosofsky & Zaki (1998) reevaluated these phenomena 

through a one-system model by suggesting that amnesiacs are less accurate in discriminating 

between similar items in memory.10 

 

We suggest that the capacity analysis could be usefully applied to better understand these 

dissociation cases. Amnesic patients’ impaired ability to memorize their experiences and 

successful ability to generalize from them is consistent with constrained capacity learning. The 

successful ability of patients with Parkinson’s disease to memorize their experiences and 

                                                
10As reported in Squire & Knowlton (1995), Nosofsky & Zaki (1998)’s account was not able to 

accommodate the case when categorization performance on par with neurotypical patients is 

accompanied by a complete inability to memorize individual items. 
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impaired ability to generalize from them is consistent with sufficient capacity learning. 

Neurotypical participants’ ability to both memorize and generalize is consistent with excess 

capacity learning. This account can additionally explain the observation that the ability of 

patients with Parkinson’s disease to generalize increases over the course of training: Being 

exposed to more experiences may cause a system with constant expressivity to transition from 

sufficient to constrained capacity, which is associated with more successful generalization. 

Mapping these clinical profiles onto capacity regimes not only systematizes existing findings but 

also generates new predictions about the representational, temporal, and contextual properties 

each group should exhibit (Figure 7). These interpretations are merely illustrative, and future 

empirical work will be required to evaluate the usefulness of applying the capacity framework to 

clinical phenomena. 

 

5.3 Developmental effects 

Human cognitive development is another promising area for applying the capacity framework. A 

large literature has documented developmental changes in human abilities to memorize and 

generalize. We conjecture that some of these patterns can be explained by a changing amount of 

representational resources and experiences across the course of development, which result in 

transitions between capacity regimes. We note that human development involves asynchronous 

changes in many processes, such as executive control, attention, motor abilities and others, 

which, in turn, shape the very experiences learners draw on (Forest et al., 2023; Smith et al., 

2018; Thelen & Smith, 1994). Changes in a system’s amount of representational resources and 

experiences should be considered only one component of a more complicated developmental 

story.  

 

5.3.1 U-shaped development 

One broad phenomenon that could be interpreted within the capacity framework is U-shaped 

development: A systematic disruption of competence that has been observed in a variety of 

domains. U-shaped development is characterized by an initial ability to learn generalizable rules 

and exceptions (e.g., grammatical rules in the context of language acquisition and their 

exceptions), followed by abrupt failures due to overapplication of the rules and forgetting of 

previously-learned exceptions (e.g., using “go-goed” after having correctly used “went”; Kuczaj 
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II, 1977; Bowerman, 1982; Bybee & Slobin, 1982; Marcus et al., 1992; also see Chapter 3 in 

Braginsky, 2022), and finally a subsequent improvement as the appropriate scope of the rule is 

learned. The phenomenon has received substantial attention in developmental psychology, with 

seminal models suggesting that U-shaped development is connected to changes in the ability to 

retrieve exceptions from memory (the so-called “rule-plus-exceptions” theory; MacWhinney, 

1978; Pinker, 2015), decreases in the proportion of exceptions in a child’s experience across the 

course of early development (Rumelhart & McClelland, 1985), or the asynchronous development 

of multiple processes that together support a given behavior (Gershkoff-Stowe & Thelen, 2004). 

 

Within the capacity framework, the abrupt overgeneralization of rules could indicate that a 

system has temporarily transitioned from an excess to constrained capacity regime. This could 

happen due to asynchronous growth in the system’s representational resources and the amount of 

experiences they learn from. This could occur in cases where the amount of experiences the 

system tries to accommodate grows faster than their expressivity. For example, a child may 

encounter new words more quickly than their representational expressivity increases. During 

such periods, the system’s capacity may be temporarily overwhelmed by the increasing number 

and complexity of new experiences. This period of constrained capacity would be characterized 

by learning patterns—overgeneralization of rules—and failure to recall exceptions. As the rate of 

new experiences slows down and the system’s expressivity continues to increase, the system may 

transition back to an excess capacity regime, where they can once again apply general rules and 

recall exceptions to the rules. In the context of language acquisition, this account would predict 

that, during the temporary constrained capacity stage, overregularization is correlated with 

vocabulary growth (as reported in Braginsky, 2022). Interestingly, this explanation of U-shaped 

development predicts a brief stage where the system operates with sufficient capacity, 

characterized by an ability to recall exceptions and inability to retain the general rule. Although 

we are not aware of direct evidence of this intermediate stage in the context of human 

development, it offers a potentially valuable avenue for exploration. 

 

5.3.2 Representational change across development 

If human representational resources indeed increase across development, then behavior across 

the course of development on tasks in which participants are presented with a fixed set of items 
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(e.g., learning from visual or auditory stimuli presented in the lab) should exhibit predictable 

dissociations, as participants transition from constrained to sufficient to excess capacity for these 

tasks. In early development, constrained capacity may enable generalization without consistent 

memory for episodes; later, a brief period of sufficient capacity would enable stronger episodic 

memory but potentially hinder generalization; in later stages of development, excess capacity 

would enable both strong episodic memory and generalization. A recent review of behavior 

across the course of development in statistical learning tasks provides evidence for this 

trajectory, suggesting that infants first acquire “fuzzy” representations which capture general 

trends without stable episodic memory; later, episodic memory develops and primarily drives 

behavior in children; finally, adults succeed at both episodic recall and generalization (Forest et 

al., 2023). Similarly, studies probing simultaneous episodic recall and generalization often show 

that the ability to successfully generalize develops earlier, while episodic memory is still fragile. 

Over time, behavior becomes more reliant on stable episodic memory, eventually resulting in the 

simultaneous ability to memorize and generalize characteristic of adult behavior and excess 

capacity learning (Bauer, 2007; Newcombe & Nguyen, 2024; Ngo et al., 2021).  

 

5.4 Changes in representations over the course of training 

Empirical results on the effects of the amount of training on the characteristics of learned 

representations could also present a fruitful playground for theorizing within a capacity 

framework. For example, as participants are exposed to more examples of category members in 

category learning tasks, their predictions of the category membership of new items has been 

shown to shift from reflecting global to local summaries of previously-seen items from each 

category (i.e., from reflecting a summary of the entire category to a summary of only a few, very 

similar experiences; Smith & Minda, 1998). To explain this phenomenon, extant models have 

posited additional components that explicitly correspond to changes in the locality of the 

system’s summary representations: Nosofsky (1987) developed an exemplar model (see Box 1) 

postulating that the size of the neighborhood from which experiences influence predictions in 

new situations decreases over the course of training; Griffiths et al. (2007) developed a 

hierarchical Dirichlet process model which forms increasingly refined category representations 

over time. Within the capacity framework, this change in the locality of the summaries reflected 

in the system’s learned patterns could be accounted for differently: As discussed in Section 4.5, 
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the smoothness of the patterns learned by excess capacity systems decreases as the system 

acquires more experiences, resulting in predictions that reflect more local experiences.  

 

6. Responses to criticisms & common questions 

6.1 Is the capacity framework falsifiable? 

The key goal of the capacity framework is to expand the theoretical repertoire of cognitive 

science by providing an organizing construct for theorizing about, understanding, and 

empirically investigating the role of representational resources on learning. As with other 

theoretical frameworks, its empirical evaluation can proceed only indirectly through specific 

models and hypotheses derived from it (Lakatos, 1976); see Hewson et al. (2024) for an example 

of such model testing. Therefore, the framework generates falsifiable predictions only in the 

context of these specific models and hypotheses: for example, once a cognitive system is 

hypothesized to operate within a particular capacity regime, the framework predicts the co-

occurrence of specific learning properties (see Section 4), which can be operationalized and 

measured in psychological experiments. In Section 4, we discussed examples of experimental 

paradigms that can test the properties predicted by each capacity regime. 

 

Although the capacity analysis predicts the co-occurrence of particular learning properties, these 

properties can also be explained by alternative models (Stanford, 2023). For example, as 

discussed in Section 5.1, the phenomenon of simultaneous memorization and generalization can 

also be explained by dual-process accounts. While the capacity framework does not necessarily 

provide a privileged explanation for observed phenomena, it guides theory development by 

specifying when and why different learning properties should co-occur and how they are 

expected to change across learning conditions.  

 

We adopt the view that theoretical frameworks in science are evaluated not by a single decisive 

empirical test but by their ability to organize existing findings, anticipate unobserved 

phenomena, and usefully guide model development. In this sense, frameworks differ in their 

explanatory and predictive utility. We propose the capacity framework as a contribution of this 

kind (see Section 6.2). Therefore, systematic failure of the predicted relationships described in 
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Section 4 would count as evidence against the framework, undermining its usefulness as a tool 

for theoretical and empirical progress.  

  

6.2 How can the capacity framework be useful? 

The capacity framework is valuable because once a cognitive system is hypothesized or 

identified to belong to a particular capacity regime—whether constrained, sufficient, or excess—

it enables precise predictions about properties of the system’s learning process. For example, as 

described in Section 5, overgeneralization is expected under constrained capacity, while rich 

representations of rules and retention of exceptions arise under excess capacity. Observing the 

co-occurrence of several such properties allows researchers to infer the system’s capacity 

regime, and once identified, the framework can predict additional properties (e.g., whether the 

learning success will be affected by noise). Moreover, the capacity framework provides cognitive 

scientists with a tool to create new explanations and anticipate properties of learning based on a 

body of research in another discipline. The framework establishes a connection to an active area 

of research in computer science, which will enable cognitive scientists to revise the framework to 

integrate theoretical insights and new regime-specific properties as they are uncovered in 

computer science.   

 

6.3 Does the capacity framework apply only to certain modeling paradigms (e.g., 

connectionism)? 

One concern might be that the properties discussed in Sections 3 and 4 characterize only models 

that share a particular structure. For instance, some might wonder whether the ability to both 

memorize and learn summarizing patterns is unique to large neural networks. 

 

Although the properties of excess capacity learning are an active area of research with many 

unanswered questions, the available evidence from computer science suggests that the capacity 

framework and the properties that we outlined for different regimes are not specific to any single 

modeling paradigm. Rather, they appear to be general consequences of learning in a particular 

capacity regime. For example, the phenomenon of double descent in generalization error has 

been demonstrated in a variety of learning algorithms and across modeling frameworks, such as 

decision trees, regression models, and neural networks (Belkin, 2021; Belkin et al., 2019). The 
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generality of the phenomena indicates that the insights drawn from the capacity framework can 

be applied broadly to different types of learning systems, making the framework applicable 

across diverse cognitive areas of study. 

 

6.4 Do excess capacity systems adhere to the principle of parsimony? 

The principle of parsimony, or the preference to form simpler representations of experiences, has 

been extremely influential in cognitive science. The principle that cognitive systems prefer 

simpler representations of their experiences is often based on the idea that these representations 

result in better generalization (see Section 3.1). The principle of parsimony has been backed up 

by extensive evidence in domains that range from human perceptual organization (Pomerantz & 

Kubovy, 1986) to explanatory preferences (Lombrozo, 2007), and has been proposed as a 

fundamental cognitive principle (Chater, 1999). Without undermining these contributions, we 

contextualize excess capacity learning within this literature. We suggest that excess capacity 

learning prompts us to revise what parsimony is and whether it is necessary for learning from 

experience.  

 

At an initial glance, it might appear that the paradigm of excess capacity learning undermines the 

principle of parsimony: Excess capacity models learn and generalize very well (Section 3.2), and 

might even account for some reported properties of human learning (Section 4), yet by very 

different means than those that motivate the parsimony principle. Excess capacity systems learn 

by finding detailed solutions that account for every experience (Section 4.2), and are by 

definition more flexible, or complex, than the data themselves. These systems can fit any pattern 

that comes their way.11 The paradigm of excess capacity learning illustrates that there are many 

ways to learn successfully, with or without an explicit preference for parsimonious 

representations.  

 

However, even though excess capacity systems do not have an explicit preference for 

parsimonious representations, the soft inductive biases that arise in such systems often result in 

solutions that are consistent with some notions of parsimony (see Section 1.2 and 3.3). This has 

prompted computer scientists to propose new notions and metrics to capture the form of 

                                                
11Given the amount of experiences does not exhaust the system’s excess capacity.  
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parsimony that arises in excess capacity learning (Curth et al., 2024; Dwivedi et al., 2023; 

Dziugaite et al., 2020; Hodgkinson et al., 2023). These discussions enrich our understanding of 

what parsimony is and whether it is important for successfully learning from experience, both in 

cognitive science and in science more broadly (see Bunge, 1963; Dubova et al., 2025 for further 

discussion of the parsimony principle in scientific practice). 

 

6.5 When is overfitting benign? 

Excess capacity systems can often both generalize (Section 3) and recover stable patterns in their 

experiences (Section 4.3). These properties characterize the statistical phenomenon of “benign 

overfitting” (Bartlett et al., 2020; Belkin, 2021; Belkin et al., 2019; Bubeck & Sellke, 2023; 

Hastie et al., 2022). However, overparameterization can also lead to unstable predictive patterns 

and unreliable generalization (“catastrophic overfitting”) (Belkin et al., 2019; Dar et al., 2021; 

Hastie et al., 2022; Mallinar et al., 2022). This leads to the crucial question of when learning with 

excess capacity leads to high generalization ability, and whether these contexts align with those 

in which humans also successfully generalize (DeLosh et al., 1997; Kane & Broomell, 2020; Zhu 

et al., 2009). 

 

Some recent work has begun to elucidate the conditions under which one should expect benign 

overfitting to occur. For example, there is some evidence that the occurrence of benign 

overfitting depends on the presence of model misspecification (Dar et al., 2021b; Gu et al., 2024; 

Hastie et al., 2022), the amount of noise (Gu et al., 2024; Hastie et al., 2022; Ju et al., 2023; 

Nakkiran et al., 2021), and the number of task-relevant features in the experiences (Bartlett et al., 

2020). Further exploration of the excess capacity learning regime should entail developing a 

better understanding of whether the conditions that predict benign vs. catastrophic overfitting can 

also predict people’s ability to generalize in a given context. 
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Box 2. Benign overfitting vs. adversarial robustness 

The presence of benign vs. catastrophic overfitting is closely related to adversarial 

robustness. Here, adversarial examples are identified by a so-called “adversary” to maximize 

the likelihood that a model—often a neural network—makes an incorrect prediction (Szegedy 

et al., 2014). For example, changing only some pixels of an image of a dog can cause a 

Convolutional Neural Network (CNN) to incorrectly identify the image as an ostrich (Szegedy 

et al., 2014). There is mixed evidence about whether excess capacity promotes (Chen et al., 

2024) or detracts from (Hao & Zhang, 2024) a model’s robustness to such adversarial attacks, 

and the research into the factors that affect the relationship between capacity and adversarial 

robustness is ongoing (Ribeiro & Schön, 2023). 

Importantly, adversarial examples are not representative in the same way as situations 

on which generalization is typically assessed, in the sense that they are selected according to 

the adversary’s criterion rather than to represent the naturally expected distribution of 

situations. While a simultaneous ability to generalize to representative examples and potential 

vulnerability to adversarial examples may not at first glance appear to have analogues in the 

context of human learning, this phenomenon is in some sense both unsurprising and has been 

discussed in connection to well-known behavioral phenomena. An excess capacity system that 

tries to account for any degree of imperfection in its experiences will reproduce these 

imperfections when encountering very similar situations (Belkin, Hsu, et al., 2018; Belkin, 

2021). Cognitively, this can be thought of as “over-adjusting” one’s predictions and behaviors 

to reflect unrepresentative (“fluke”) outcomes. One line of research is examining whether 

humans misclassify the same adversarial images as CNNs do, especially under time pressure or 

when the correct answer is not provided (Elsayed et al., 2018; Veerabadran et al., 2023; Z. 

Zhou & Firestone, 2019). Separately, there is a debate over whether visual illusions exhibited 

by humans (e.g., seeing static objects as moving) can be interpreted as analogous to adversarial 

sensitivity (e.g., Kriegeskorte, 2015; Wichmann & Geirhos, 2023). The degree of adversarial 

sensitivity exhibited by humans remains relatively underexplored—perhaps due to difficulty 

defining and measuring it in behavioral studies, or due to the lack of (e.g., gradient) 

information that would enable efficient search for such examples in humans.  

https://doi.org/10.1017/S0140525X2610510X Published online by Cambridge University Press

https://www.zotero.org/google-docs/?VZuDFV
https://www.zotero.org/google-docs/?VZuDFV
https://www.zotero.org/google-docs/?N5wsdx
https://www.zotero.org/google-docs/?N5wsdx
https://www.zotero.org/google-docs/?iB7qgK
https://www.zotero.org/google-docs/?V6cXFa
https://www.zotero.org/google-docs/?4cs4Ph
https://www.zotero.org/google-docs/?4cs4Ph
https://www.zotero.org/google-docs/?YTAWtN
https://www.zotero.org/google-docs/?YTAWtN
https://www.zotero.org/google-docs/?uALWiU
https://doi.org/10.1017/S0140525X2610510X


6.6 Does excess capacity learning lead to good extrapolation (and does it matter)?  

Extrapolation, loosely defined as successful generalization beyond the boundaries of past 

experiences or in substantively new situations, is an important component of ecologically 

adaptive behavior in cognitive systems. It has been argued that humans not only use their past 

experiences to generalize within the same environment, but to also successfully navigate new, 

substantively different environments (Gigerenzer & Brighton, 2009), often doing so from only a 

few examples (Lake et al., 2017).  

 

An emerging literature has begun to investigate whether and when excess capacity models are 

able to extrapolate. Most of the results we have discussed so far assume that the data points the 

model will encounter in the future are qualitatively similar to those it has encountered in the past 

(e.g., as in Figure 3). This assumption can be relaxed in a variety of ways. For example, the 

model may extrapolate the patterns it learns to data points that are outside the ranges of what it 

has seen before. Even for this relatively slight relaxation of the usual setting, the evidence on the 

effectiveness of excess capacity models is mixed: Some work suggests that excess capacity can 

facilitate this type of extrapolation (Byrd & Lipton, 2019; Tripuraneni et al., 2021) and other 

work shows that it hinders it (Hasson et al., 2020). A more challenging setting is where the 

appropriate pattern to learn itself changes because of changes in the underlying environmental 

mechanics or because the model is applied to a novel task. Some work has suggested that models 

with higher capacity perform better in such cases (Hao et al., 2024; Hendrycks et al., 2021; 

Hendrycks & Dietterich, 2019; Yang et al., 2020). This relative performance depends on several 

factors, including the similarity between and relative variance of past and future tasks (Dar & 

Baraniuk, 2022; Lampinen & Ganguli, 2018; Mallinar et al., 2024). In general, excess capacity 

models can cope with environmental change much better if given the opportunity to relearn in 

the novel environment, i.e., to “fine-tune” their solutions to the new environment (Dar & 

Baraniuk, 2022; Huang et al., 2022; Ju et al., 2023). 

 

However, the usefulness of the excess capacity systems for cognitive science may not hinge on 

their ability to extrapolate: Although there is a seeming consensus that extrapolation is an 

important human capability, this notion has also been challenged from many perspectives. For 

example, in many cases, humans seem to project trends they extracted from experiences in past 
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contexts to future contexts in ways that can be incorrect or maladaptive (DeLosh et al., 1997; Li 

et al., 2022). Some also argue that what appears to be successful extrapolation is actually yet 

another instance of successful interpolation (in other words, that there’s “nothing new under the 

sun”). For example, Hasson et al. (2020) argued that our real-life experiences are so rich and 

varied that we are hardly ever encountering substantively new contexts. On the other hand, some 

work suggests that the ability to extrapolate is required to generalize in even apparently similar 

situations: From a statistical perspective, it has been shown that a model that generalizes beyond 

even a few data points is essentially always extrapolating if these data points lie in a sufficiently 

high dimensional space, i.e., are characterized by many features (Balestriero et al., 2021). 

 

6.7 Do excess capacity systems confabulate?  

Confabulation, or the generation of false information, is a phenomenon exhibited by both 

artificial and natural cognitive systems. For example, Large Language Models (LLMs) 

sometimes generate entirely fabricated references. Recent work has proposed that confabulation 

in LLMs may be inevitable (Xu et al., 2024) or even functionally beneficial (Sui et al., 2024). 

Humans can similarly generate false memories of past events (i.e., be led to believe they 

experienced events that never occurred; Loftus et al., 2014; Loftus & Pickrell, 1995) or of 

experimental stimuli (e.g., falsing recalling words or images that are semantically related to 

studied items; Koutstaal & Schacter, 1997; Roediger & McDermott, 1995). 

 

Confabulation is not unique to excess capacity systems (in particular, LLMs are constrained 

capacity systems; see Appendix B and Section 6.9). As we discuss in Section 4.6, sufficient and 

excess capacity systems that commit to memorizing their experiences are bound to make errors 

when data are noisy. However, the properties of the representation the system ultimately selects 

(e.g., whether it overfits to or abstracts from noisy experiences) may influence the form that 

confabulation takes. Understanding whether and how confabulation differs across capacity 

regimes is an exciting direction for future research. 
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6.8 What about biological constraints? 

The biological pressure to conserve metabolic resources has been leveraged as an argument 

against cognitive models that posit high capacity (Laughlin, 2001). In response, we offer three 

considerations: 1) learning with excess capacity does not necessarily imply a high demand on 

metabolic resources, and may in fact offer evolutionary advantages in generalization and 

learning efficiency, 2) the concept of the brain as an extremely high-capacity organ is already 

widely explored in neuroscience, and 3) excess capacity learning is a paradigm that can be 

realized in systems with very different biological and physical properties, and so need not reflect 

the constraints of a specific biological entity, such as a number of neurons or synapses in a brain.  

 

First, excess capacity learning offers advantages that could have contributed to its evolution in 

biological systems. As discussed in Section 3, excess capacity learning can facilitate 

generalization, which may enhance the adaptability of cognitive systems across diverse 

environments (Hasson et al., 2020). Moreover, excess capacity learning is often associated with 

more efficient convergence on good solutions. Specifically, excess capacity systems are 

sometimes faster and more likely to converge on globally optimal solutions, instead of getting 

trapped in local minima (Arora et al., 2018; Bartlett et al., 2021; Simsek et al., 2021). Rather than 

placing a higher demand on metabolic resources, this ability to learn better solutions more 

efficiently could result in savings of metabolic resources, suggesting that excess capacity 

learning could have been selected for during evolution.  

 

Second, the enormous representational capacity of nervous systems (e.g., the human brain) is not 

a novel idea in neuroscience. Existing evidence suggests that neural circuits may redundantly 

code and expand information (Spanne & Jörntell, 2015). For example, Olshausen & Field (2004) 

report that “in cat V1 there is an approximate 25:1 expansion ratio in terms of the number of 

axons projecting from layers 2/3 on to higher areas relative to the number of inputs from the 

lateral geniculate nucleus”. Hasson et al. (2020) offer extensive evolutionary arguments for the 

plausibility of excess capacity learning, showing that it might be consistent with the amount of 

representational resources that brains possess. 
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Third, excess capacity learning can be realized in different ways and so does not depend on a 

specific biological implementation, such as the number of neurons or synapses in the human 

brain. Our framework can be applied to cognitive systems broadly considered, including 

individual cells (França et al., 2024; Lyon & Cheng, 2023; Shomar et al., 2022), embodied 

minds, machines, and social and human-machine systems (Dubova et al., 2022). The amount of 

representational resources multi-agent systems possess is an open question and likely exceeds 

that of individual natural and artificial learners.  

 

6.9 What capacity regime characterizes modern state-of-the-art neural network models? 

Modern state-of-the-art neural networks span a range of capacity regimes. Here, we discuss 

Convolutional Neural Networks (CNNs) and Large Language Models (LLMs), both of which 

have been widely used in cognitive science and illustrate different ends of the capacity spectrum 

(see additional discussion in Appendix B). CNNs have been increasingly used in cognitive 

neuroscience as models of human and primate object recognition (e.g., Schrimpf et al., 2018). 

Many CNNs, such as Inception and AlexNet, have been shown to operate in the excess capacity 

regime. These models can perfectly fit even randomly labeled versions of their training datasets, 

and still achieve high generalization on structured inputs (Zhang et al., 2016). This ability to 

simultaneously memorize any dataset of a given size and generalize is characteristic of excess 

capacity learning. 

 

LLMs have been recently used to model various aspects of human behavior. Despite having a 

huge number of parameters, based on existing evidence LLMs such as GPT variants are better 

understood as operating in the constrained capacity regime. These models are trained on massive 

datasets that appear to exhaust their expressivity. Estimates suggest that these models memorize 

only a small fraction (0.2%–1.5%) of their training data, with fine-tuning raising that percentage 

in some cases (Carlini et al., 2022; Nasr et al., 2025). Although evidence pertaining to the 

capacity regime of state-of-the-art LLMs is limited, based on current findings that production 

models are unable to fully memorize their training data, we provisionally classify LLMs as 

falling in the constrained regime. Importantly, language models do not have to be trained on vast 

amounts of language data, which has resulted in proposals to train them on much smaller, 

developmentally plausible, datasets (e.g., the BabyLM challenge; Warstadt et al., 2023; Hu et al., 
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2024). Given the multitude of LLMs and their applications, we acknowledge the possibility that 

some LLMs may be learning with excess representational capacity.  

 

6.10 What capacity regime characterizes multi-process models? 

In Sections 1-4, we have used the capacity framework to characterize individual learning 

systems, meaning that a single functional component is assumed to do all the work. However, 

many influential theories in cognitive science posit that cognitive functions are supported by 

multiple (often, two) interacting systems (Minda et al., 2024). These include the multiple 

memory systems theory (Sherry & Schacter, 1987), the complementary learning systems 

framework (McClelland et al., 1995), the rules-plus-exceptions models (MacWhinney, 1978; 

Nosofsky et al., 1994), and dual-process theories of decision making (Kahneman, 2011; Frank et 

al., 2009; Sanfey & Chang, 2008), among others. In Section 5.1, we discuss how the capacity 

framework invites a reassessment of whether positing multiple systems, as opposed to a single 

excess capacity system, is required to explain behaviors previously thought to be functionally 

incompatible (such as memorization and generalization).  

 

Here, we reflect on whether and how the capacity framework can be applied in the context of the 

multi-process architectures. We propose two main directions in which the capacity framework 

may be informative: 

1. Assessing the capacity of the multi-process system as a whole. One approach is to treat 

multi-process architectures as single (composite) cognitive systems. For example, in the 

CLS model discussed earlier (see 5.1), the hippocampus and neocortex could be jointly 

considered an excess capacity system which is, thanks to the combined expressivity of 

the subsystems, capable of both memorizing individual episodes and generalizing across 

them. While such assessments are possible in principle, it is unclear whether doing so 

would meaningfully inform predictions about the behavior of multi-process systems. 

Specifically, the validity of diagnosing the capacity of the multi-process system as a 

whole (i.e., of assessing whether the properties outlined in Section 4 accurately 

characterize its behavior) hinges on how the subsystems interact (for example, whether 

they share representational resources and information or instead compete for these 

resources). For example, the CLS model involves two systems that cooperate and share 
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information. In contrast, in the COVIS model of category learning (Ashby et al., 1998), 

explicit and implicit systems process experiences in parallel and compete to determine 

behavior. In this latter case, it may be more meaningful to separately analyze the capacity 

of each of the two subsystems, rather than treating the model as a single composite 

system. 

2. Assessing the capacity of individual processes. As alluded to with the example of the 

COVIS model, one can also analyze the capacity regime of each of the subprocesses 

separately. For example, in the CLS model, the neocortex might be thought of as a 

constrained capacity process because it abstracts regularities across many experiences but 

cannot retain all their details. In contrast, the hippocampus resembles a sufficient capacity 

process, capable of rapidly storing individual experiences in non-overlapping traces. This 

use of the framework could help modelers anticipate the cognitive properties associated 

with each subsystem individually and predict what properties might be lost if one of the 

subsystems was lesioned. Such predictions would still need to be contextualized in details 

of how the processes interact with each other in the full model architecture. 

 

6.11 What capacity regime characterizes cognitive neuroscience models?  

In Sections 1-4, we focused primarily on cognitive models which abstract away from the 

underlying neural architecture. However, there is a rich modeling tradition in cognitive 

neuroscience that aims to capture both behavioral phenomena and the details of their underlying 

neural mechanisms. These models often simulate hundreds of interconnected neurons across 

multiple brain areas and have been instrumental in advancing our understanding of learning, 

generalization, memory, cognitive control, and other processes (O’Reilly & Munakata, 2000). 

 

Characterizing the capacity regime of these cognitive neuroscience models is non-trivial and has 

to be approached with a degree of nuance that is outside the scope of this paper. Many of these 

models include multiple interconnected processes or regions and specific architectural decisions 

that make it difficult to know where they fall on the capacity spectrum. The complex interactions 

between regions corresponding to different learning systems make it unclear how to apply the 

diagnostic criteria outlined in Section 4. We discussed this issue in Section 6.10. Here, we 

consider one prominent cognitive neuroscience model, C-HORSE as an example. 
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The C-HORSE model (Norman & O’Reilly, 2003; O’Reilly & Rudy, 2001; Ketz et al., 2013; 

Schapiro et al., 2017) formalizes hippocampal learning in two anatomical pathways. The 

trisynaptic pathway encodes individual experiences and the monosynaptic pathway constructs 

overlapping representations of these experiences. The monosynaptic pathway by itself resembles 

a constrained capacity learning system that compresses the details of its experiences. Moreover, 

in some applications of the C-HORSE model, the trisynaptic pathway has enough capacity to 

form a distinct representation of each experience, thus resembling a sufficient or excess capacity 

system (Zheng et al., 2022; Sučević & Schapiro, 2023). Like the models discussed in Section 

6.10, since C-HORSE is characterized by both pathways interacting with each other to support 

behavior, the model as a whole functionally resembles learning with excess capacity in some 

applications.  

 

Importantly, this characterization is not guaranteed and depends on specific applications of the 

model: targeted computational assessments, using the criteria described in Section 1.3 and 

Appendix A, are required to measure the capacity of individual subprocesses and the full model. 

This example highlights the potential and open challenges in applying the capacity framework to 

interpret complex multi-process models, such as those developed in cognitive neuroscience (see 

Section 6.10). 

 

6.12 What capacity regime characterizes episodic and instance-based models?  

Box 1 discussed systems for which the amount of representational resources scales with the 

number of experiences the system aims to capture. Many episodic and instance-based models, 

such as exemplar and Gaussian process regression models, fall under this constant capacity 

regime (Figure 2). These models posit that the system maintains the same level of detail when 

representing past experiences regardless of the number of these experiences. 

 

In the context of categorization, the exemplar model suggests that cognitive systems store each 

encountered instance of a category in memory as a so-called exemplar (Medin & Schaffer, 1978; 

Nosofsky, 1988, 2011). When encountering a new item, the system predicts its category by 

potentially using all these stored exemplars. In the context of reinforcement learning, the 

episodic reinforcement learning model suggests that cognitive systems store each past episode as 
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a detailed memory trace (Gershman & Daw, 2017). Unlike many other reinforcement learning 

models, which assume that information from past experiences is discarded, the episodic 

reinforcement learning model posits that future decisions are influenced by information from all 

past experiences, proportional to their similarity to the current situation. The amount of 

representational resources the system uses therefore scales with the amount of experience. 

Similarly, in the context of function learning and search tasks, Gaussian process regression 

models posit that cognitive systems model relationships between situations and outcomes by 

mapping past experiences onto a function space whose complexity grows with the number of 

experiences (Schulz, 2017; Schulz et al., 2019; Wilson et al., 2015; C. M. Wu et al., 2018)12. 

Overall, such constant capacity models which posit that humans retain all past experiences to 

guide future behavior have been successful in describing human learning in domains ranging 

from skill automatization (Logan, 1988), visuomotor learning (Gorman & Goldstone, 2022) to 

dynamic decision-making (Gonzalez et al., 2003; Gonzalez & Dutt, 2011). 

 

What distinguishes constant capacity models is their assumption that representational resources 

are not a fixed, invariant characteristic of a cognitive system but instead dynamically expand in 

response to the number of experiences encountered. Despite this contrast with the models 

discussed so far, which assume that representational resources are finite, our framework can still 

characterize many of the properties of constant capacity learning: Each of these models operates 

within a constant capacity regime—whether constrained, sufficient, or excess (see more in 

Appendix B). Thus, the properties discussed in Section 4 are also applicable to these systems 

(except for temporal properties in Sections 4.4 and 4.5, which specifically invoke the dependence 

of the system’s capacity on the amount of its experiences). 

 

7. Excess capacity learning: Limitations and future directions 

In this article, we introduce the capacity framework, which conceptualizes learning as a function 

of the representational resources a cognitive system devotes to capturing past experiences. We 

distinguish four capacity regimes—constrained, sufficient, excess, and constant—and note that 

cognitive science has predominantly viewed human learning as a constrained capacity process. 

                                                
12There is a connection between exemplar models and Gaussian process regression; see Ashby & Alfonso-

Reese (1995) and Jäkel et al. (2007, 2008, 2009). 

https://doi.org/10.1017/S0140525X2610510X Published online by Cambridge University Press

https://www.zotero.org/google-docs/?VjfFlJ
https://www.zotero.org/google-docs/?EXTnJC
https://www.zotero.org/google-docs/?os2YHt
https://www.zotero.org/google-docs/?yKvOvL
https://www.zotero.org/google-docs/?ryF4XJ
https://www.zotero.org/google-docs/?9bsQE2
https://www.zotero.org/google-docs/?9bsQE2
https://www.zotero.org/google-docs/?9bsQE2
https://www.zotero.org/google-docs/?9bsQE2
https://www.zotero.org/google-docs/?9bsQE2
https://www.zotero.org/google-docs/?9bsQE2
https://doi.org/10.1017/S0140525X2610510X


We highlight excess capacity learning, or learning with more representational resources than are 

necessary to memorize past experiences, as a new possibility for cognitive theorizing. Whether 

human or animal minds actually operate with excess representational capacity, how capacity 

should be measured, and which empirical phenomena provide evidence for each regime remain 

central open questions that we hope will motivate future research and debate. By clarifying 

distinctions among capacity regimes, outlining computational and empirical approaches to 

diagnosing them, and identifying domains across cognitive, psychological, and neural sciences 

where these ideas may be applied, we hope that the framework supports systematic empirical 

progress in cognitive sciences. 

 

Alongside these open questions, we also point to current limitations of the framework. Many 

reported properties of learning are not yet captured through the capacity analysis, particularly 

those involving temporal dynamics of memorizing, learning, and forgetting. For example, it has 

been observed that humans and animals may memorize individual experiences first and acquire 

generalizable patterns later (McClelland et al., 1995; Richards et al., 2014; Tompary & Davachi, 

2017; Graves, Antony & Turk-Browne, 2020). Moreover, sleep plays a significant role in 

supporting successful learning and generalization: It has been argued that sleep is essential for 

acquiring generalizable patterns, and sleep has been shown to negate the perceptual deterioration 

discussed in Section 4.4. While the capacity framework considers only the temporal effects of 

acquisition of new experiences, other recent computer science results could apply to these 

phenomena. For example, grokking is a related phenomenon showing that the generalization 

performance of a model may improve with training time, even after the model has perfectly 

accounted for all the training data points (Nanda et al., 2023; Papyan et al., 2020; Power et al., 

2022). These computational findings point to promising directions for extending the framework 

to account for temporal aspects of learning. 

 

Beyond the broad directions for future research outlined in Section 5, we identify three 

additional directions for progress within the capacity framework. These include, but are not 

limited to: 1) clarifying and further identifying the learning properties associated with each 

capacity regime; 2) determining the capacity regimes underlying putatively distinct cognitive 

processes, such as long-term memory, visual perception, attention, and reinforcement learning; 
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and 3) investigating the realization and feasibility of excess capacity learning in specific 

biological and artificial systems. We discuss these directions in turn. 

 

First, the empirical blueprint of learning with excess capacity outlined in Section 4 is based on 

the recent literature in computer science. Many aspects of the mechanisms driving and behaviors 

exhibited by excess capacity systems remain open research questions. We see further exploration 

of the empirical properties of learning with excess capacity, including the extent of generality of 

these properties, as a key step for progress in this paradigm. There remains much work to be 

done uncovering key properties of excess capacity learning, such as the dynamics of learning and 

forgetting, properties of the resulting representations, and these systems’ ability to extrapolate 

beyond the boundaries of past experiences. 

 

Second, our proposed taxonomy of the capacity regimes provides cognitive scientists with a 

theoretical framework useful for investigating and understanding specific cognitive processes, or 

specific stages of a cognitive process13. These processes include reinforcement learning, 

perceptual learning, and long-term memory. Identification of the capacity regime of a given 

cognitive process, based on empirical observations of the properties we outline in Section 4, can 

help scientists make other empirically testable predictions that reflect behavior in that capacity 

regime. 

 

Third, future research would need to establish the connection between the behavioral signatures 

of excess capacity learning and the way such learning might be realized in specific biological or 

artificial systems, such as the human brain, robot, or a multi-agent system. Progress on this front 

can be accomplished by conducting thorough theoretical examinations of the feasibility of excess 

capacity learning in specific target contexts (Van Rooij, 2008) and by explicitly constructing 

biologically- and cognitively-plausible excess capacity models. 

 

Cognitive science benefits from diverse perspectives on cognitive systems (Dale et al., 2022). 

Conceptualizing cognition as an excess, rather than constrained, capacity process has so far been 

                                                
13Recent work in theoretical neuroscience suggests that compression and expansion might each be at play 

at different stages of information processing in the brain (Farrell et al., 2022; D. Zhou et al., 2022). 
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largely unexplored and at times even discouraged. Exploring excess capacity learning as a 

genuine possibility for many domains of cognitive science opens new directions of inquiry. 

Beyond introducing another mode of learning, it allows us to consider cognition as operating 

along a continuum of capacity regimes, with the cognitive system flexibly navigating between 

them. The capacity framework invites a reconceptualization of existing models and lays the 

groundwork for the development of new formal and empirical approaches to cognition that have 

yet to be imagined. 
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