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SUMMARY

There is a long history of interplay between the brain sciences and AI in the area of schema theory. Schemas 
are typically defined as abstract mental structures representing prior knowledge, experiences, and concepts 
that capture how events unfold in different contexts and that alter how we learn new information. Classical 
models have treated schemas as being distinct from both detail-rich episodic memories and general seman-

tic knowledge. Motivated by learning phenomena in modern generative AI, we propose that earlier connec-

tionist theories that did not articulate any strict division between schemas and other declarative memories 
should be revived. According to this perspective, schemas are not a distinct set of mnemonic objects in 
the brain; rather, they are a conceptual tool that scientists use to describe how existing knowledge can exist 
along a spectrum of abstraction.

INTRODUCTION TO SCHEMA THEORY

Schema theory has a long and influential history across psychol-

ogy, cognitive science, and neuroscience. 1–9 It also played a 

pivotal role in early artificial intelligence (AI) research, 10,11 

providing a foundational formalism for structured knowledge 

representation through frame-based architectures 10 and script 

theory. 11 The concept of schemas was originally introduced by 

Piaget 1 in his work on cognitive development. For Piaget, sche-

mas were frameworks for knowledge—cognitive structures that 

allow individuals to organize and interpret information as they 

develop.

He proposed that learning occurs through two complementary 

processes of structural adaptation. 1,12 The process of assimila-

tion refers to situations in which new experiences or knowledge 

are re-interpreted to fit existing schemas. For example, a child 

with a schema for ‘‘dogs’’ may refer to any furry four-legged 

creature as a dog. In contrast, accommodation refers to situa-

tions in which existing schemas must be modified to account 

for novel information that violates current structural expecta-

tions. For example, a child learning that furry four-legged crea-

tures that meow are not dogs, but cats, will modify their schema 

of furry four-legged animals. This dynamic adaptation of sche-

mas remains a cornerstone of developmental psychology. 13 It 

also relates to more recent theories that frame schemas’ impact 

on new information based on a spectrum of expertise. 8

Shortly after Piaget’s developmental work, Frederic Bartlett 2 

extended the concept of schemas into the domain of memory 

research. He shifted the focus from structural growth to the re-

constructive nature of recall, demonstrating that the pre-existing

frameworks can distort the storage and retrieval of specific 

episodic details. Specifically, his experiments on story recall 

showed that participants unconsciously reshaped narratives to 

fit their cultural and cognitive expectations, often omitting or 

altering details that did not align with their schemas. For 

example, people of a European background who read an indig-

enous North American text would recall that the characters went 

‘‘fishing’’ or ‘‘sailing’’ even though text stated that they went 

‘‘seal hunting.’’ Bartlett concluded from these studies that 

memory recall is, in part, a reconstructive process that depends 

on individual’s schemas and not an exact recall of past informa-

tion. This idea foreshadowed later discussions on memory 

distortion, constructive retrieval, and the role of schemas in 

shaping perception and recall. 14

By the late 20th century, schema theory was formalized in 

cognitive science through models of structured knowledge rep-

resentation. Schank and Abelson 11 introduced script theory, a 

specialized form of schemas that encode typical event se-

quences in human cognition. For example, we have a ‘‘restau-

rant script’’ that allows us to know how a visit to a restaurant 

will unfold. This script would include typical objects, roles, and 

scenes for different events such as being seated, ordering, 

eating, and paying. Schank and Abelson used script theory to 

guide the development of AI systems, such as the Script Applier 

Mechanism (SAM), designed to understand and recall stories. 15 

For example, SAM could read a news story about a man ordering 

food and infer that he probably paid at the end—even if that step 

was never mentioned. Psychological research has generally 

supported aspects of Schank and Abelson’s script theory; for 

instance, people tend to recall events from a story based on their
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familiar order according to typical scripts rather than the order in 

which the events necessarily occurred. 16

Later, in 1980, Rumelhart proposed that schemas are ‘‘hierar-

chical knowledge structures’’ that organize all levels of under-

standing, allowing for generalization and inference. 3 According 

to Rumelhart’s conception, schemas provide ‘‘slots’’ or ‘‘vari-

ables’’ that specify the components or attributes of a given 

concept and ‘‘values’’ or ‘‘fillers’’ that provide specific information 

for an instantiation of that concept. For instance, we may have a 

schema for houses that would contain variables such as ‘‘number 

of bedrooms,’’ ‘‘neighborhood,’’ or ‘‘type of heating,’’ which can 

be readily filled when encountering a new house. According to 

Rumelrhart’s framework, new information is ‘‘integrated’’ into a 

schema when we map a given value to a given variable.

Dedre Gentner’s later work on structure-mapping theory 17 

advanced a complementary view of how structured knowledge 

emerges through experience. Instead of treating schemas as 

static templates, she proposed that cognition operates through 

processes of relational alignment and abstraction, whereby 

structural correspondences between familiar and novel domains 

support understanding and transfer. 18 Through repeated 

analogical comparisons, individuals form relational schemas 

that generalize across contexts—a process she termed ‘‘pro-

gressive alignment.’’ 19

Combining Piaget’s 12 theories with later conceptions of sche-

mas like those of Rumelhart, 3 we can identify three distinct pro-

cesses that schema theory would describe when we store or

interpret new information. These three processes depend on 

how well new information matches existing schemas (Figure 1).

• In cases of high fit, we get integration; new information is 

rapidly and accurately stored using an existing schema.

• In cases of medium fit, we get assimilation; new informa-

tion is rapidly stored using an existing schema but is modi-

fied to fit it.

• In cases of low fit, we get accommodation; the existing 

schema is updated, or a new schema is created, in order 

to account for the new information, requiring more time 

and computation.

Modern schema theory is as diverse as these classic works, 

though within modern theories, there are consistent ideas 

related to abstraction, novelty, distributed memory traces, and 

consolidation. 8,9,20–26 Additionally, modern theory tends to place 

more emphasis on the neurobiology of schema-related 

learning. 8,21,24 In what follows, though, we will use these three 

processes derived from more classical theories (integration, 

assimilation, and accommodation) to form the foundation of 

our analysis of how schema theory manifests in both neurosci-

ence and modern AI research.

NEUROSCIENCE OF SCHEMAS

Given that schemas capture existing abstract knowledge formed 

through repeated experiences, they are deeply intertwined with

Figure 1. Schematic representation of cognitive processing based on schema theory

New information can be integrated through three main processes depending on its complexity and novelty: (1) integration occurs when incoming data fit smoothly 
into an existing schema without requiring changes; (2) assimilation requires adjusting the new data to match the closest existing schema; and (3) accommodation 
involves creating a new schema when the information cannot fit into any existing structure. The requirement for additional computation and learning increases 
from integration to accommodation.
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both episodic and semantic memories. 2,23 Episodic mem-

ories are typically understood as detail rich, ‘‘autonoetic’’ mem-

ories that enable ‘‘mental time travel.’’ 27 But, episodic memories 

themselves can be encoded and stored with varying levels of 

detail. 25 Even if we can mentally return to some event, we may 

not be able to remember every detail, and some aspects of the 

experience will be filled in with the ‘‘gist’’ of what occurred 

(though a true episodic memory will, by definition, always include 

some degree of subjective detail 27 ). Interestingly, the gradient of 

how ‘‘gist-like’’ an episodic memory is reflects anatomical differ-

entiation along the hippocampal long axis: the posterior hippo-

campus and associated sensory cortices support fine-grained, 

perceptually rich memories, while anterior hippocampus and 

associative cortical areas are implicated in more schematized, 

gist-like representations of past experiences. 28,29 Like schemas, 

semantic memories are typically understood to be general 

knowledge that is wholly abstracted from any specific experi-

ences, yet evidence shows that semantic knowledge can also 

be contextual to some degree. 30 Moreover, semantic memory 

is typically understood as referencing specific facts, as opposed 

to schemas, which capture highly general relations. 23 These in-

sights point to the possibility that fully disentangling episodic 

and semantic memories from schemas may be impossible, 

even at the level of physiology. 31 Supporting this, declarative 

memories, in general, seem to implicate a series of connected 

networks in the temporal lobes and prefrontal cortex (PFC). 32 

Naturally, then, the physiological basis for how schemas 

impact new learning seems to depend on a similar array of 

distributed networks. When incoming information aligns well 

with existing schemas, leading to integration, evidence suggests 

that the PFC exhibits enhanced activity and strong functional 

coupling with multiple cortical regions. 33–37 This interaction 

facilitates rapid integration of new information and may involve 

local synaptic plasticity within cortical circuits. 38–40 Through 

this interplay between the PFC and the rest of the brain, 

schema-consistent information can be incorporated directly 

into cortical representations, reducing reliance on encoding 

detailed episodic memory and bypassing prolonged hippocam-

pal consolidation. 4,8,34,39,41,42

In cases of assimilation, when new inputs partially align with 

existing schemas, encoding is still facilitated but often biased. 

Incoming details are adjusted to conform to prior expectations, 

leading to distortions and less accurate recall. 43 More accurate 

recall of schema-inconsistent details appears to require 

enhanced PFC coupling with temporal and parietal regions to 

overcome the incongruence and store the memory accu-

rately. 42,44,45 Interestingly, interfering with ongoing PFC pro-

cessing can sometimes prevent such distortions of information 

during assimilation. 46

In contrast, accommodation, which involves learning highly 

novel, schema-inconsistent or -unrelated information, strongly 

engages the hippocampus and medial temporal lobe (MTL) 

systems. 22,39,40,47 The engagement of the MTL likely reflects in-

teractions between the hippocampus and neuromodulatory sys-

tems in the midbrain and brainstem, most notably, dopaminergic 

and adrenergic pathways. 48,49 Exposure to novel information 

may trigger a neuromodulatory state that promotes the forma-

tion of entirely new episodic memories in the hippocampus

and related structures. 8,49 Over a prolonged consolidation 

period, and the formation of multiple novel episodic memories, 

a new schema can be formed or existing schemas can be up-

dated to accommodate this new information. 4,50,51 Paradoxi-

cally, this process may enable individuals to remember wholly 

novel or highly schema-inconsistent information more effectively 

than slightly schema-consistent information. 43,48,52

Together, these schema-guided processes of memory forma-

tion may support the construction and maintenance of abstract, 

compositional knowledge structures that can enable flexible 

behavior and planning. Such organization of experience allows 

the brain to reuse and recombine learned components when fac-

ing new situations, a principle that closely mirrors hierarchical 

strategies in reinforcement learning. 53–57 But, where do episodic 

memories, semantic memories, and schemas start and end? To 

what extent are these concepts referring to wholly distinct pro-

cesses in the brain? Understanding these correspondences 

opens the door for computational and AI systems to be related 

to schema theory.

COMPUTATIONAL MODELS OF SCHEMAS

In early symbolic AI (AI based on logical symbol systems), sche-

mas were formalized as frame-based structures, with clearly 

defined slots and default values to be filled with contextual infor-

mation, allowing for flexible yet structured reasoning. 10 This 

concept was expanded to include the structure of events with 

‘‘scripts,’’ i.e., frame-like structures that provided the scaffolding 

that involved a stereotyped sequence of actions or events in a 

particular context, such as going to a restaurant or visiting a doc-

tor. 11 While these symbolic representations were highly influen-

tial in cognitive science and early AI, they ultimately struggled to 

scale to the complexity and variability of real-world inputs.

Like symbolic AI practitioners, connectionist researchers also 

placed emphasis on schemas, but they tended to take a different 

tack. Rumelhart very specifically highlighted schemas as critical 

to understanding human cognition, arguing that knowledge is 

organized into flexible, interconnected mental frameworks via 

schemas. 3,58,59 His work emphasized that the frameworks that 

schemas provide are crucial for making sense of the world, un-

derstanding language, remembering experiences, and acquiring 

new knowledge, but this early work was largely couched at 

higher level.

Later connectionist models from the 1980s, inspired by Ru-

melhart, re-imagined schemas as emergent phenomena in 

distributed neural systems. Most notably, harmony theory pro-

posed that sub-symbolic cognitive systems could represent 

knowledge through patterns of activation across interconnected 

units. According to this perspective, schemas emerge as stable 

attractor states in a neural network’s dynamics. 60,61 Knowledge 

atoms, small units of information, are activated through spread-

ing activation, and schemas correspond to coherent, high-‘‘har-

mony’’ configurations that integrate these atoms. More 

concretely, harmony theory essentially proposed that schemas 

were high-probability activity patterns in a distributed neural 

network and that new information was either integrated, assim-

ilated, or accommodated based on how well it matched these 

existing high-probability activity patterns.
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Similar to harmony theory, adaptive resonance theory pro-

vided a powerful sub-symbolic account of knowledge acquisi-

tion—and, implicitly, schemas—not as a result of pre-defined 

symbolic structures but rather as emergent categories or proto-

types that a network can learn through unsupervised or super-

vised interactions with the environment. 62,63

Bridging symbolic and connectionist paradigms, Gary 

Drescher’s constructivist approach 64 offered a computational 

realization of Piaget’s notions of assimilation and accommo-

dation, 65 proposing that schemas can be incrementally 

constructed through sensorimotor experience and internal simu-

lation. Drescher’s work proposed how abstract knowledge 

structures could arise from low-level interactions with the envi-

ronment, a perspective that presaged later cognitive accounts 

of self-organizing schema representations. 64

These classical works laid the foundation for later conceptual-

izations of schemas that built on the neuroscience of memory 

consolidation. Complementary learning systems (CLS) theory 

proposed that learning about the patterns in episodes of experi-

ence requires an interaction between a fast-learning episodic 

system (i.e., the hippocampus) and a slow-learning neural 

network that stores semantic knowledge via gradual integration 

of information (i.e., the neocortex). 66 CLS was later updated to 

account for humans’ and animals’ ability to weight experiences 

based on their goals and to incorporate information into neocor-

tical traces rapidly through schematic integration. 67 Recent 

computational work has advanced the CLS framework by 

demonstrating that a rapidly learning ‘‘hippocampus’’ can act 

as a teacher for a ‘‘neocortical’’ generative model, allowing the 

system to reconstruct specific episodes or generate entirely 

new gist-like samples from learned distributions. 9 These ideas 

provided the background for other more recent approaches in 

AI that seek to address problems of continual learning, specif-

ically the challenge of catastrophic forgetting, where new infor-

mation overwrites previously learned skills. For instance, recent 

work in reinforcement learning uses predictive structures to sta-

bilize agents in non-stationary environments, ensuring that up-

dating for a new task does not overwrite the internal models of 

past experiences. 68 Furthermore, the emergent ‘‘schematiza-

tion’’ seen in modern generative models has been proposed as 

a biological-inspired solution: by consolidating sequential expe-

riences into a deep generative network, AI systems can move 

beyond simple storage toward generative reconstruction. 9 This 

allows for the flexible reuse of abstract components across 

different contexts, mirroring the way human memory construc-

tion supports prediction and planning.

Notably, though, many of the connectionist approaches, 

including harmony theory, CLS, and more modern models of 

schemas are very unclear as to how schemas fundamentally differ 

from semantic memory: both are often treated as abstract repre-

sentations formed via gradual, interleaved training across multiple 

episodes of experience. 9,26,61,67 We believe that this lack of 

distinction between different forms of declarative memory may 

be a feature of connectionist theories and not a bug. Specifically, 

we believe that when we consider large language models (LLMs), 

which arguably have nothing but a large semantic knowledge 

store, we can see many parallels to the phenomena of schema-

based learning. Below, we argue that these advances invite a

reconsideration of schemas not as distinct cognitive constructs 

but as the end of a spectrum of abstraction in memory, aligning 

closely with the vision of early connectionist theories. 61,62

EVIDENCE FOR SCHEMAS IN LLMs

Large-scale, modern AI models, such as LLMs, are not explicitly 

designed to have schemas. Rather, they are designed to be flex-

ible sequence processing models, with the ability to identify how 

different contexts impact the interpretation of items in a 

sequence. 69,70 Thus, these models are very different from both 

early symbolic AI models and more recent graph-based models 

that use explicit, frame-based or graph-based representations to 

structure and store new knowledge. 10,15,71 Moreover, unlike 

some of the early connectionist systems, 61,72 LLMs are not 

generally framed as models of schematic knowledge represen-

tation. Yet, LLMs often display many learning behaviors that 

are reminiscent of the functional hallmarks of schema-driven 

learning, i.e., integration, assimilation, and accommodation. 

LLMs can identify schemas within data though, 73–75 and, as 

we argue below, they seem to possess mnemonic schemas 

similar to those that humans possess, at least, in terms of how 

they impact new learning.

When new information provided to an LLM aligns well with the 

data encountered during pretraining, LLMs can rapidly learn the 

new information, even small or any updates to their synaptic 

weight parameters. 76,77 This process is often referred to as 

‘‘in-context-learning,’’ and it results from changes to the internal 

activation vectors that mimic the process of learning but with no 

parameter changes. 78,79 (It should be noted that LLMs will not 

store that information permanently unless they update their pa-

rameters.) Evidence suggests that in-context learning is a result 

of the models using previously learned statistical and semantic 

relationships to interpret new data, 80,81 and this can even be 

framed as a form of implicit Bayesian inference. 78,82 Notably, 

in-context learning is similar to integration via schemas as 

observed in humans, because it provides LLMs with the ability 

to rapidly encode new information using existing knowledge 

when they are commensurate. Additionally, similar to schema-

based learning, in-context learning does not work when new in-

formation conflicts with previously learned information. 83 This 

process, sometimes referred to as ‘‘knowledge conflict,’’ can 

lead to ‘‘confirmation bias,’’ wherein the model only keeps those 

parts of the new information that match its previous data, 84 or 

‘‘hallucinations,’’ where the model invents new information that 

better matches its previous data. 85 Arguably, the adaptation of 

new information to match existing knowledge is similar to the 

process of assimilation in schema-based learning in humans.

When in-context learning is not sufficient, training modern 

LLMs on new information involves actual changes to the model’s 

synaptic weight parameters, a process known as ‘‘fine-tun-

ing.’’ 77,86,87 Similar to accommodation, fine-tuning can be used 

to modify existing stored information in order to create scaffolds 

for new behaviors. But, as with accommodation in humans, fine-

tuning can modify existing knowledge or even overwrite it. 88,89 

Altogether, these observations suggest that LLMs have 

something akin to schemas, even if they are not storing infor-

mation in exactly the same way that our brains do. Moreover,
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these schema-like behaviors in LLMs echo earlier connectionist 

accounts, such as harmony theory, which proposed that sche-

mas could emerge naturally in sub-symbolic systems as high-

probability activation states. 61 Indeed, given that LLMs are pre-

trained to predict high-probability words in sentences, it is 

perhaps not surprising that their internal systems develop 

something like the schemas of harmony theory. Another way 

of phrasing this is that in LLMs, schemas exist and correspond 

to activation patterns in the neural network that map to high-

probability sequences.

To summarize, large-scale AI models are not built with sche-

mas by design; they have neither explicit frame-like nor graph-

like structures for storing information. Yet, these models exhibit 

the hallmarks of schemas:

• When new information matches pre-existing knowledge, 

they can rapidly and accurately store the new information 

(integration).

• When new information only partially matches existing 

knowledge, they can rapidly store new information, but 

they often distort it (assimilation).

• When new information doesn’t match existing knowledge, 

they require more extensive training to learn it, and this 

changes how they process future information (accommo-

dation).

LESSONS TO BE DRAWN IN NEUROSCIENCE

What does the presence of schema-like information storage in 

LLMs tell us? The apparent presence of schema-like effects in 

modern AI models with no explicit, built-in schemas suggests 

the original ideas of harmony theory and adaptive resonance 

theory were closer to the mark than other computational theories 

of schematic storage. 61,63 It is not unreasonable, then, to take a

few lessons from the conception of schemas that harmony the-

ory initially proposed (Figure 2):

• When new information is well aligned to existing high-

probability activation patterns (based on strong synaptic 

connections), learning can occur with almost no changes 

to synapses (integration).

• When new information partially aligns with existing high-

probability activation patterns, learning can occur with 

few changes to synapses, but this could distort the new in-

formation when it is recalled (assimilation).

• When new information doesn’t match existing high-proba-

bility activation patterns, learning requires large updates to 

synapses, potentially involving changes to existing high-

probability patterns or construction of new high-probabil-

ity activation patterns altogether (accommodation).

However, none of this is unique to schemas, per se. Any mem-

ory stored in a distributed, parallel processing system will exhibit 

similar behaviors to these. 60,61 As such, if we take this concep-

tion of schemas seriously, then schemas are probably not really 

distinct from other forms of memory—rather, they are part of a 

spectrum of mnemonic abstraction (Figure 3). At one end of 

this spectrum are highly detailed episodic memories that will 

depend significantly on the posterior hippocampus and its con-

nections to sensory regions of the brain. 25 As mnemonic struc-

tures become more abstract, shifting from less-detailed autobio-

graphical memory, to general semantic knowledge, and 

eventually to schematic knowledge, the underlying physiological 

substrates will shift, but the core principle of how existing con-

nections and activity patterns impact new learning will remain 

the same.

Therefore, we believe that the distinction between ‘‘schema-

tized’’ and ‘‘detailed’’ memories likely just relates to how abstract 

the information encoded by the relevant activation patterns is.

Figure 2. Schema theory mechanisms in neural networks

When new inputs are fully consistent with existing high-probability patterns (integration), activation flows along already strong synapses without significant 
change. With minor inconsistencies relative to existing patterns (assimilation), inputs can still be mapped onto existing connections, though false recall may 
occur, e.g., a neuron that wasn’t originally active during storage could get activated at recall (blue neuron). Greater mismatches require accommodation (change), 
where specific synaptic weights are updated (shown in orange) to incorporate the new information. When violations of existing high-probability patterns are too 
extensive (accommodation), the system engages in more widespread updating of synaptic connections to support a reorganized representation.

ll

Neuron 114, June 3, 2026 5

Perspective

Please cite this article in press as: Samiei et al., The schema spectrum: Emergent structures and levels of abstraction in AI and the brain, Neuron 
(2026), https://doi.org/10.1016/j.neuron.2026.05.007



Data showing that schematic processing depends on the ante-

rior axis of the medial temporal lobes and the PFC may simply 

reflect the fact that these brain regions tend to be concerned 

with more abstract representations of the world, not that they 

support a fundamentally different form of memory structure. 

Moreover, the data showing that the hippocampus is particularly 

important when new information clashes with existing schemas 

may reflect the hippocampus’ capacity for large amounts of 

rapid synaptic plasticity 90 and the requirement for the brain to 

update synapses when new information does not match existing 

high-probability activation patterns. The importance of neuro-

modulators in this process likely reflects both their role in detect-

ing novelty and the importance of reinforcement learning for 

shaping activation patterns in the brain more generally. 53 Given 

these considerations, we suggest two implications for neuro-

science.

The first implication is that ‘‘schemas’’ are conceptual tools 

that we scientists use to better understand processes in the brain 

that are otherwise hard to describe with language. In other words, 

there is no hard dividing line between ‘‘schemas’’ and other forms 

of memory, since all memory is likely to be a result of high-prob-

ability activation patterns. Schemas are distinct only so far as 

they engage with a very abstract representational space. Put 

differently, other forms of declarative memory are also likely to 

be captured by high-probability activation patterns, but they 

will be concerned with less abstract spaces. Indeed, even low-

level sensory information can be shaped by previous experience, 

depending on how well it matches that previous experience. 91 It 

may simply be a quirk of scientific nomenclature and the history of 

schema theory (which is rooted in more abstract psychological 

studies) that we often don’t consider how low-level, detailed 

memories can impact new learning in similar ways to ‘‘schemas.’’ 

The second implication is that experiments on how schemas 

impact memory consolidation should not assume that there is 

any anatomical or physiological dividing line that can neatly distin-

guish ‘‘schematized’’ and ‘‘non-schematized’’ memories. In line 

with this, an interesting shift in the memory consolidation literature 

in recent years has been a growing recognition that there is not a 

simple breakdown whereby episodic memories exist in the hippo-

campus and schematized memories exist in the neocortex. 25,41 

Rather, when new information is stored, the role of the hippocam-

pus likely has more to do with whether the new information 

matches existing synaptic connections, regardless of whether

those connections encode abstract or detailed information. If there 

is a match, then learning can proceed rapidly with few changes to 

the networks in the brain, and thereby, there is less need for hippo-

campal involvement at encoding. 8 According to this perspective, 

the process of schematization of memories 4,24,33 may actually 

have less to do with transferring memories to the neocortex and 

more to do with learning abstract relationships that can be inferred 

only by averaging over many unique experiences. 50

Altogether, this perspective invites a shift in how we concep-

tualize and discuss ‘‘schemas’’ within neuroscience. It suggests 

that we should be cautious of any model whereby schemas are 

viewed as distinct from other forms of memory and knowledge in 

the brain. Instead, it brings us to a perspective, closer to har-

mony theory and adaptive resonance theory, in which schemas 

are viewed as conceptual tools that we scientists apply to help 

us account for the ways in which previous, abstract knowledge 

stored in a neural network can impact the storage of new infor-

mation. Schemas may simply be at the far end of a spectrum 

of abstraction that includes other forms of declarative memory.

CONCLUSION

The perspective we have articulated here is not entirely novel. The 

view that we arrive at from examining LLMs, where schema-like 

processes during new learning appear to exist despite no explicit 

attempt to build schemas, suggests that something akin to older 

connectionist theories of schemas (e.g., harmony theory) may 

be correct. Second, other authors have pointed out that schemas 

likely exist in a spectrum. For example, Alonso et al. 8 argued that 

the ways in which schemas can impact downstream learning is 

related to the degree of expertise of an individual—the role of 

the hippocampus and PFC will depend on just how naive or expert 

a subject is on that particular area of knowledge. Similarly, Tarder-

Stoll et al. 25 argued that memories can exist along a spectrum of 

how much they contain gist elements and how much reconstruc-

tion of the memory is involved at recall—they propose that this 

spectrum relates to a broader anatomical spectrum along the 

posterior (more detailed) to anterior (more gist-like) axis. Finally, 

the idea that memory consolidation strengthens repeated, over-

lapping memory traces and that this process helps to produce 

ever more abstract understanding is well aligned with the ideas 

we articulated above and has been proposed by several prior 

studies. 23,51,92

Figure 3. Spectrum of declarative memory types across levels of abstraction

We propose that different forms of declarative memories are best viewed not as being wholly distinct but as sitting along a spectrum of abstraction, with schemas 
occupying one extreme
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For neuroscience, the experimental implications of this 

perspective mostly relate to the need to think about how previous 

memories impact new learning more broadly, with abstraction as 

a continuous spectrum rather than a hard line. For example, 

perhaps experiments need to not assume that subjects will have 

a ‘‘schema’’ and instead investigate simply how detailed versus 

abstract their memories seem to be. 93 We may predict that sub-

jects who extract more gist and more abstract relations will 

show more ‘‘schematic’’ processing, i.e., a higher reliance on 

anterior hippocampus at some degrees of abstraction, and even 

more reliance on PFC at very high degrees of abstraction. 25,41,94 

For AI systems, an interesting conclusion may be that current 

models have schemas, but they may not use them effectively. In 

particular, schemas, thanks to their abstraction, should help with 

learning tasks at multiple levels of abstraction (related to con-

cepts in hierarchical reinforcement learning 95 ). Recent work at-

tempts to leverage the internal ‘‘schemas’’ of transformer 

models precisely to achieve this form of hierarchical behavioral 

control. 96 As well, the perspective we argued for here suggests 

that achieving more human-like memory systems in AI may not 

require having separate memory modules for each type of 

declarative memory. 97 Related to this, perhaps the best way to 

think about building in episodic memory into AI systems may 

not be to use a completely separate ‘‘bank’’ of non-parametric 

memory 98–100 but to consider methods for rapidly wiring new 

synaptic connections when novel, detail-rich information is 

received. Such mechanisms could help AI systems to learn 

continuously from new experiences while forming meaningful 

semantic connections across the existing ones.

Altogether, neuroscientists and AI researchers can and should 

continue to think about schema theory to help guide our ideation 

and research. However, we should avoid the temptation to think 

of schemas as distinct, explicit structures in either natural or arti-

ficial brains. Schemas may simply be part of a larger mnemonic 

spectrum.
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Greene, R.W., and Morris, R.G.M. (2016). Locus coeruleus and dopami-

nergic consolidation of everyday memory. Nature 537, 357–362. https:// 
doi.org/10.1038/nature19325.

53. Bein, O., and Niv, Y. (2025). Schemas, reinforcement learning and the 
medial prefrontal cortex. Nat. Rev. Neurosci. 26, 141–157. https://doi. 
org/10.1038/s41583-024-00893-z.

54. Botvinick, M.M., Niv, Y., and Barto, A.G. (2009). Hierarchically organized 
behavior and its neural foundations: A reinforcement learning perspec-

tive. Cognition 113, 262–280. https://doi.org/10.1016/j.cognition.2008. 
08.011.

55. Collins, A.G.E., and Frank, M.J. (2013). Cognitive control over learning: 
Creating, clustering, and generalizing task-set structure. Psychol. Rev. 
120, 190–229. https://doi.org/10.1037/a0030852.

56. Frank, M.J., and Badre, D. (2012). Mechanisms of hierarchical reinforce-

ment learning in corticostriatal circuits 1: computational analysis. Cereb. 
Cortex 22, 509–526. https://doi.org/10.1093/cercor/bhr114.

57. Badre, D., and Nee, D.E. (2018). Frontal cortex and the hierarchical con-

trol of behavior. Trends Cognit. Sci. 22, 170–188. https://doi.org/10. 
1016/j.tics.2017.11.005.

58. Rumelhart, D., and Ortony, A. (1977). The representation of knowledge in 
memory. In Schooling and the Acquisition of Knowledge (Lawrence Erl-

baum Associates), pp. 99–135.

59. Rumelhart, D.E., and Norman, D.A. (1976). Accretion, Tuning and Re-

structuring: Three Modes of Learning. Tech. Rep. 7602 (Center for Hu-

man Information Processing and University of California). https://apps. 
dtic.mil/sti/tr/pdf/ADA030406.pdf.

ll

8 Neuron 114, June 3, 2026

Perspective

Please cite this article in press as: Samiei et al., The schema spectrum: Emergent structures and levels of abstraction in AI and the brain, Neuron 
(2026), https://doi.org/10.1016/j.neuron.2026.05.007

https://doi.org/10.1152/physrev.00005.2025
https://doi.org/10.1101/2024.11.04.621950
https://doi.org/10.1101/2024.11.04.621950
https://doi.org/10.1146/annurev.psych.53.100901.135114
https://doi.org/10.1016/j.tics.2013.03.005
https://doi.org/10.1016/j.cobeha.2017.07.016
https://doi.org/10.3758/s13423-020-01792-x
https://doi.org/10.3758/s13423-020-01792-x
https://doi.org/10.3389/fnbeh.2013.00027
https://doi.org/10.1038/35036213
https://doi.org/10.1038/35036213
https://doi.org/10.1038/s41467-022-33517-0
https://doi.org/10.1523/JNEUROSCI.2373-21.2022
https://doi.org/10.1523/JNEUROSCI.2373-21.2022
https://doi.org/10.1523/JNEUROSCI.2674-10.2010
https://doi.org/10.1523/JNEUROSCI.2674-10.2010
https://doi.org/10.1016/j.tics.2010.08.002
https://doi.org/10.1016/j.tics.2010.08.002
https://doi.org/10.1016/j.neuroimage.2015.05.086
https://doi.org/10.1016/j.neuroimage.2015.05.086
https://doi.org/10.1126/science.1205274
https://doi.org/10.1126/science.1205274
https://doi.org/10.1016/j.nlm.2018.02.017
https://doi.org/10.1016/j.nlm.2018.02.017
https://doi.org/10.1016/j.neuropsychologia.2013.05.027
https://doi.org/10.1016/j.neuropsychologia.2013.05.027
https://doi.org/10.1016/j.neulet.2018.05.006
https://doi.org/10.1523/JNEUROSCI.3603-16.2017
https://doi.org/10.1037/xge0000498
https://doi.org/10.1038/s41598-023-34822-4
https://doi.org/10.1038/s41598-023-34822-4
https://doi.org/10.1016/j.neuropsychologia.2016.09.023
https://doi.org/10.1016/j.neuropsychologia.2016.09.023
https://doi.org/10.1016/j.cortex.2016.12.015
https://doi.org/10.1523/JNEUROSCI.1677-07.2007
https://doi.org/10.1016/j.neuron.2005.05.002
https://doi.org/10.1016/j.tins.2018.10.002
https://doi.org/10.1016/j.tins.2018.10.002
https://doi.org/10.1038/nn.3736
https://doi.org/10.1038/nn.3736
https://doi.org/10.1016/j.tics.2011.06.004
https://doi.org/10.1016/j.tics.2011.06.004
https://doi.org/10.1038/nature19325
https://doi.org/10.1038/nature19325
https://doi.org/10.1038/s41583-024-00893-z
https://doi.org/10.1038/s41583-024-00893-z
https://doi.org/10.1016/j.cognition.2008.08.011
https://doi.org/10.1016/j.cognition.2008.08.011
https://doi.org/10.1037/a0030852
https://doi.org/10.1093/cercor/bhr114
https://doi.org/10.1016/j.tics.2017.11.005
https://doi.org/10.1016/j.tics.2017.11.005
http://refhub.elsevier.com/S0896-6273(26)00378-8/sref58
http://refhub.elsevier.com/S0896-6273(26)00378-8/sref58
http://refhub.elsevier.com/S0896-6273(26)00378-8/sref58
https://apps.dtic.mil/sti/tr/pdf/ADA030406.pdf
https://apps.dtic.mil/sti/tr/pdf/ADA030406.pdf


60. Rumelhart, D.E., and McClelland, J.L. (1986). Parallel Distributed Pro-

cessing: Explorations in the Microstructure of Cognition, Volume 1: Foun-

dations (MIT Press).

61. Smolensky, P. (1986). Information processing in dynamical systems: 
Foundations of harmony theory. In Parallel Distributed Processing, Vol-

ume 1: Explorations in the Microstructure of Cognition: Foundations, 
D.E. Rumelhart and J.L. McClelland, eds. (MIT Press), pp. 194–281. 
https://doi.org/10.7551/mitpress/5236.003.0009.

62. Carpenter, G.A., and Grossberg, S. (1987). A massively parallel architec-

ture for a self-organizing neural pattern recognition machine. Comput. 
Vis. Graph Image Process 37, 54–115. https://doi.org/10.1016/S0734-

189X(87)80014-2.

63. Grossberg, S. (1987). Competitive learning: From interactive activation to 
adaptive resonance. Cogn. Sci. 11, 23–63. https://doi.org/10.1016/ 
S0364-0213(87)80025-3.

64. Drescher, G.L. (1991). Made-Up Minds: A Constructivist Approach to 
Artificial Intelligence (MIT Press). https://doi.org/10.7551/mitpress/ 
4378.001.0001.

65. Drescher, G.L. (1987). A Mechanism for Early Piagetian Learning. In Pro-

ceedings of the Sixth National Conference on Artificial Intelligence - Vol-

ume 1. AAAI’87 (AAAI Press), pp. 290–294. https://cdn.aaai.org/AAAI/ 
1987/AAAI87-052.pdf.

66. McClelland, J.L., McNaughton, B.L., and O’Reilly, R.C. (1995). Why there 
are complementary learning systems in the hippocampus and neocortex: 
Insights from the successes and failures of connectionist models of 
learning and memory. Psychol. Rev. 102, 419–457. https://doi.org/10. 
1037/0033-295X.102.3.419.

67. Kumaran, D., Hassabis, D., and McClelland, J.L. (2016). What learning 
systems do intelligent agents need? complementary learning systems 
theory updated. Trends Cognit. Sci. 20, 512–534. https://doi.org/10. 
1016/j.tics.2016.05.004.

68. Anand, N., and Precup, D. (2023). Prediction and control in continual rein-

forcement learning. Adv. Neural Inf. Process. Syst. 36, 63779–63817. 
https://doi.org/10.5555/3666122.3668908.

69. Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, 
A.N., Kaiser, Ł., and Polosukhin, I. (2017). Attention is all you need. In Pro-

ceedings of the 31st International Conference on Neural Information 
Processing Systems (NIPS’17) (Curran Associates Inc), pp. 6000–6010.

70. Yao, S., Yu, D., Zhao, J., Shafran, I., Griffiths, T.L., Cao, Y., and Narasim-

han, K. (2023). Tree of Thoughts: Deliberate Problem Solving with Large 
Language Models. In Advances in Neural Information Processing Sys-

tems, A. Oh, T. Naumann, A. Globerson, K. Saenko, M. Hardt, and S. Lev-

ine, eds. (Curran Associates, Inc.), pp. 11809–11822.

71. Battaglia, P.W., Hamrick, J.B., Bapst, V., Sanchez-Gonzalez, A., Zam-

baldi, V., Malinowski, M., Tacchetti, A., Raposo, D., Santoro, A., Faulk-

ner, R., et al. (2018). Relational inductive biases, deep learning, and graph 
networks. Preprint at arXiv. https://arxiv.org/abs/1806.01261.

72. Hinton, G.E. (1986). Learning distributed representations of concepts. In 
Proceedings of the Eighth Annual Conference of the Cognitive Science 
Society, pp. 1–12. https://escholarship.org/uc/item/79w838g1.

73. Sadruddin, S., D’Souza, J., Poupaki, E., Watkins, A., Babaei Giglou, H., 
Rula, A., Karasulu, B., Auer, S., Mackus, A., and Kessels, E. (2025). 
Llms4schemadiscovery: A human-in-the-loop workflow for scientific 
schema mining with large language models. In European Semantic 
Web Conference (Springer), pp. 244–261.

74. Parciak, M., Vandevoort, B., Neven, F., Peeters, L.M., and Vansummeren, 
S. (2024). Schema matching with large language models: an experimental 
study. Preprint at arXiv. https://doi.org/10.48550/arXiv.2407.11852.

75. Dagdelen, J., Dunn, A., Lee, S., Walker, N., Rosen, A.S., Ceder, G., Pers-

son, K.A., and Jain, A. (2024). Structured information extraction from sci-

entific text with large language models. Nat. Commun. 15, 1418.

76. Brown, T., Mann, B., Ryder, N., Subbiah, M., Kaplan, J.D., Dhariwal, P., 
Neelakantan, A., Shyam, P., Sastry, G., Askell, A., et al. (2020). Language 
models are few-shot learners. Adv. Neural Inf. Process. Syst. 33, 1877– 
1901. https://arxiv.org/abs/2005.14165.

77. Wei, J., Tay, Y., Bommasani, R., Raffel, C., Zoph, B., Borgeaud, S., Yo-

gatama, D., Bosma, M., Zhou, D., Metzler, D., et al. (2022). Emergent abil-

ities of large language models. Transactions on Machine Learning 
Research. https://openreview.net/pdf?id=yzkSU5zdwD.
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