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Abstract: Information compression is a part of many theories in cognitive science and 

neuroscience. However, implementations and algorithms that perform compression vary by 

input modality, cognitive process, and situation. We provide an overview of the algorithms 

and architectures that compress information under resource constraints. Considering more 

kinds of compression can expand under-standing of how learning systems discover 

generalizable patterns from experience. 

 

 

Dubova & Sloman ask how minds allocate more representational resources than 

necessary to encode past experiences in an excess-capacity system. In contrast, a 

constrained-capacity system compresses experiences, where compression is defined as 

constructing an internal representation that is simpler than the input experiences by 

discarding detail deemed irrelevant. A model that learns signal and discards noise 

can generalize beyond its past experiences. Excess capacity regimes do not need to 

discard any information, because they can memorize arbitrary input-output mappings. 

Yet, they still retain the ability to learn generalities, an ability commonly thought to 

depend on compression. 

 

The excess capacity framework productively explains how cognitive and neural systems 

need not be overly constrained to learn generalities. It generates novel research 

directions about how strongly to apply constraints of resource efficiency when 

developing models of neural and cognitive processes. Both resource constraints and 

abundance are important for network efficiency, robustness, control, and inference 

(Avena-Koenigsberger, Misic, & Sporns, 2018; Srivastava et al., 2020; Sterling & 

Laughlin, 2015; Noh, Zhou, et al., 2026; Noh, Cooper, et al., 2026). 

 

The excess-capacity framework generates novel directions for future research. How 

can an excess capacity learning system allocate sufficient representational resources? 

How can a single learning system dynamically transition between constrained 
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(compressed) and excess-capacity regimes in response to task demands? These are 

questions addressable by more full-featured theories of compression than considered 

by Dubova & Sloman. 

 

In the target article, compression is largely considered to fall under the constrained 

capacity systems and under lossy compression. For example, bottlenecking the 

representational architecture to constrain information flow produces compressed 

representations in the autoencoder family of neural networks (Hinton & Salakhutdinov, 

2006). In contrast, convolutional neural networks trained on visual classification 

tasks are considered to fall under the excess capacity regime. These networks can 

memorize arbitrary input-output mappings, yet still generalize (Zhang, Bengio, Hardt, 

Recht, & Vinyals, 2017; Zhang, Bengio, Hardt, Mozer, & Singer, 2020). 

 

The present focus on convolutional neural networks may understate how many 

learning systems are likely to operate in the excess capacity regime. While there is 

some empirical support suggesting the representations learned by convolutional 

neural networks are similar to neural representations (Serre, Wolf, Bileschi, 

Riesenhuber, & Poggio, 2007; Lindsay, 2021), there are open questions as to what a 

biologically plausible architecture and algorithm to form such representations would 

be (Kim, Ricci, & Serre, 2018; Bowers et al., 2023). Moreover, as the performance of 

these networks improves, the learned representations diverge from humans (Linsley et 

al., 2023). This opens the excess capacity framework to similar criticisms that such 

networks are simply not good models of human learning systems, because they can do 

things like memorize arbitrary mappings when most humans cannot. 

 

In any case, convolutional neural networks may perform some level of compression 

via fixed transforms as inputs are processed through deeper layers the neural 

networks. This complicates the understanding of compression as being characteristic of 

constrained capacity and distinct from excess-capacity regimes. While these networks are 

not explicitly designed to perform compression and do not have theoretical 

guarantees on the bounds of information retained or lost, they do lose information to 

form less detailed representations which are useful for downstream tasks such as 

classification or decision-making (Zhou et al., 2025). There is an overall 

dimensionality reduction of representations, suggesting compression (Recanatesi et 

al., 2019). It remains an open question how to establish what neural and cognitive 

processes explicitly compress information (Humphries, 2020). A brain region does 

not necessarily compress information because an experimenter can find compressible 

neural activity. The eye does not compress away sound just because it “filters” that 

kind of information. Learning systems that are not capable of representing some 

forms of information in the first place do not actively discard such information. This 

makes it challenging to infer compression from descriptive measures of dimensionality 

and complexity, because it hinges on unresolved questions about how a brain region or 

cognitive module represents information. To go beyond the focus on convolutional 

neural networks and whether they perform compression, one could expand what kinds 

of compression fall under the excess capacity system. 

 

Akin to memorization without loss of information, excess capacity systems could include 

systems capable of lossless compression. In the computer science of compression, deep neural 

networks can be trained to perform neural compression (Yang, Mandt, & Theis, 2023). 

Like the excess capacity regime, these large neural networks use the flexibility gained 

from a large number of parameters in order to optimize for a better probabilistic, 

predictive model of the data. In the brain, probabilistic generative models of data are 



 

thought to be learned by cortico-hippocampal systems (Spens & Burgess, 2024). 

Moreover, predictive representations like the successor and predecessor 

representations recode sensory information in terms of its predictions about past and 

future states (Yoo, Chrastil, & Bornstein, 2024). These compressed representations 

support generalization and can exist alongside more granular state representations. 

Excess capacity systems may accomplish generalization by lossless compression or 

representation learning. 

 

A natural question is how valid these systems and compression schemes are as models of 

human learning systems. There are several biologically plausible options. Dubova & 

Sloman describe a complementary learning systems model, C-HORSE, a biologically 

realistic model of hippocampal and cortical function (Schapiro, Turk-Browne, Botvinick, 

& Norman, 2017). They note parts of the model falling under the constrained or excess 

capacity regimes, depending on the learning environment. Beyond task settings, these 

neural networks use Hebbian learning which performs compression via dimensionality 

reduction (R. C. O’Reilly, Munakata, Frank, Hazy, & Contributors, 2024). Hebbian 

plasticity adjusts weights to represent the largest principal components of experience, the 

dimensions that explains the most variance in the input data (Sanger, 1989). In the 

artificial neural network, the amount of dimensionality reduction is determined by 

different neural architectures and physiological operating ranges (R. O’Reilly, Munakata, 

& Mcclelland, 2000). Similarly, in the brain network, patterns of dimensionality 

expansion and reduction across cortical and hippocampal systems are shaped by distinct 

white matter architectures and the distribution of physiological resources (Zhou, Lynn, et 

al., 2022; Zhou, Kim, et al., 2022). Hence, a single learning system may transition 

between constrained and excess capacity by differentially activating different subsystems 

with specialized connectivity and physiological operating ranges implementing a 

hierarchy of compression. 

 

The varieties of compression point to the importance for many theories and 

frameworks that depend on compression as a computation to consider its myriad 

algorithmic and implementational instantiations. Together, this overview and expansion of 

the excess-capacity framework indicate that both compression and generalization 

could be multiply realizable. 
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