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SUMMARY

There is a long history of interplay between the brain sciences and Al in the area of schema the-
ory. Schemas are typically defined as abstract mental structures that capture how events unfold
across contexts. Evidence suggests that the brain relies on schemas to interpret and encode
new information. Classical models have treated schemas as high-level abstract structures, dis-
tinct from detail-rich episodic memories. There are two assumptions buried within this classical
approach: (1) that schemas are explicitly represented in the brain, and (2) that schemas are
categorically different from episodic memories. Motivated by recent advances in generative Al,
we challenge these two assumptions. First, we propose that schemas may not exist as explicit
entities in the brain, but rather, they serve as a conceptual framework for describing how ex-
isting knowledge stored in distributed networks can impact downstream information processing
and learning. Second, we suggest that schematization exists along a continuum, with memories
and knowledge varying gradually in their level of abstraction and specificity. This perspective
motivates new experimental approaches for probing memory schematization, and offers fresh
avenues for leveraging schema theory in Al.
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Introduction to Schema Theory

Schema theory has a long and influential history across psychology, cognitive science, and neu-
roscience™. It also played a pivotal role in early artificial intelligence (Al) research”®. The
concept of schemas was originally introduced by Piaget™ in his work on cognitive development.
For Piaget, schemas 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™. The process of assimilation refers to situations where 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, accom-
modation refers to situations where existing schemas need to be modified to account for novel
information. For example, a child learning that furry four-legged creatures that meow are not
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dogs, but cats, will modify their schema of furry four-legged animals. The dynamic adaptation of
schemas remains a cornerstone of developmental psychology°.

Frederic Bartlett? extended the concept of schemas into the domain of memory research. In
his classic studies on recall, Bartlett demonstrated that individuals reconstruct memories based
on pre-existing knowledge frameworks rather than retrieving exact replicas of past experiences.
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 indigenous
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 our schemas, and not an exact recall of
past information. This idea foreshadowed later discussions on memory distortion, constructive
retrieval, and the role of schemas in shaping perception and recall™.

By the late 20th century, schema theory was formalized in cognitive science through models
of structured knowledge representation. Roger Schank and Robert Abelson® introduced script
theory, a specialized form of schemas that encode typical event sequences in human cognition.
For example, we have a “restaurant 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 Al systems, such as the Script Applier Mechanism (SAM), designed to under-
stand and recall stories"?. 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, e.g. people
tend to recall events from a story based on their familiar order according to typical scripts, rather
than the order in which the events necessarily occurreds.

Around the same time, Rumelhart# proposed that schemas are “hierarchical knowledge
structures” that organize all levels of understanding, allowing for generalization and inference.
According to Rumelhart’s conception, schemas provide “slots” or “variables” that specify the
components or attributes of a given concept, and “values” or “fillers” that provide specific infor-
mation for an instantiation of that concept. For instance, we may have a schema for houses
that would contain variables such as “number of bedrooms”, “neighbourhood”, or “type of heat-
ing”, which can be readily filled when encountering a new house. According to Rumlerhart’s
framework, new information is “integrated” into a schema when we map a given value to a
given variable like this. Dedre Gentner’s later work on structure-mapping theory®® 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'®. Through repeated analogical com-
parisons, individuals form relational schemas that generalize across contexts—a process she
termed progressive alignment'”

Combining Piaget®s theories with later conceptions of schemas like those of Rumelhart#,
we can identify three distinct processes that schema theory would describe when we store or
interpret new information. These three processes depend on how well new information matches
existing schemas (Fig. [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 information is rapidly stored using an
existing schema, but it is modified to fit it.
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Figure 1: Schematic representation of cognitive processing based on schema theory. New in-
formation can be integrated through three main processes depending on its complexity: (1)
Integration occurs when incoming data fits 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. Complexity and the requirement for additional computation and learning
increases from integration to accommodation.

* 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.

In what follows, we will use these three processes (integration, assimilation, and accommoda-
tion) to form the foundation for our analysis of how schema theory manifests in both neuroscience
and modern Al research.

Neuroscience of Schemas

Given that schemas are cognitive structures formed through repeated experiences, they are
deeply intertwined with episodic memory systems?18, Episodic memories themselves can be
encoded and stored with varying levels of detail, a gradient that reflects anatomical differentia-
tion along the hippocampal long axis: posterior hippocampus 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™®2%, This continuum
of schematization highlights the difficulty of clearly distinguishing a highly abstracted episodic
memory from a schema proper. Schemas are further supported by prefrontal cortex (PFC)
systems that integrate across episodes to extract common structure. PFC-mediated top-down
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control modulates both the encoding and retrieval of new information based on schema fit, the
degree to which new inputs align with existing knowledge frameworks=",

When incoming information aligns well with existing schemas, evidence suggests that the
PFC exhibits enhanced activity and strong functional coupling with multiple cortical regions®22-22,
This interaction facilitates rapid integration of new information and may involve local synaptic
plasticity within PFC circuits?®8. 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 hippocampal
consolidation®=232729:30,

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®*'. More accurate recall of schema-inconsistent
details appears to require enhanced PFC coupling with temporal and parietal regions to to over-
come the incongruency and store the memory accurately®0233 Interestingly, interfering with
ongoing PFC processing can sometimes prevent such distortions of information during assimi-
lation®,

In contrast, accommodation, which involves learning highly novel, schema-inconsistent or
unrelated information, strongly engages the hippocampus and medial temporal lobe (MTL) sys-
tems278587 The engagement of the MTL likely reflects interactions between the hippocampus
and neuromodulatory systems in the midbrain and brainstem, most notably dopaminergic and
adrenergic pathways®®<%, Exposure to novel information may trigger a neuromodulatory state
that promotes the formation of entirely new episodic memories in the hippocampus and related
structures®?. Over a prolonged consolidation period, and the formation of multiple novel episodic
memories, a new schema can be formed or existing schemas can be updated to accommodate
this new information=4Y, Paradoxically, this process may enable individuals to remember wholly
novel or highly schema-inconsistent information more effectively than slightly schema-consistent
information=1:38:41,

Together, these schema-guided processes of memory formation may support the construc-
tion and maintenance of abstract, compositional knowledge structures that can enable flexible
behavior and planning. Such organization of experience allows the brain to reuse and recom-
bine learned components when facing new situations, a principle that closely mirrors hierarchical
strategies in reinforcement learning*2™4®, Understanding these correspondences opens the door
for computational and Al systems to integrate schema-like mechanisms, potentially enhancing
data efficiency, transfer, and adaptive decision-making.

Computational Models of Schemas

In early symbolic Al, schemas were formalized as frame-based structures, with clearly defined
slots and default values to be filled with contextual information, allowing for flexible yet structured
reasoning“*”. This concept was expanded on 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 doctor®.
While these symbolic representations were highly influential in cognitive science and early Al,
they ultimately struggled to scale to the complexity and variability of real-world inputs.

Like symbolic Al practitioners, connectionist researchers also placed emphasis on schemas.
But, they tended to take a different tact. David Rumelhart very specifically highlighted schemas
as critical to understanding human cognition, arguing that knowledge is organized into flexible,
interconnected mental frameworks via schemas®4%49, His work emphasized that the frameworks
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that schemas provide are crucial for making sense of the world, understanding language, remem-
bering experiences, and acquiring new knowledge. But, this early work was largely couched at
higher-level.

Later connectionist models from the 1980s, inspired by Rumelhart, re-imagined schemas as
emergent phenomena in distributed neural systems. Most notably, Harmony Theory proposed
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®?. In this approach, knowledge atoms, small units of
information, are activated through spreading activation, and schemas correspond to coherent,
high-“harmony” configurations that integrate these atoms.

Likewise, Adaptive Resonance Theory, provided a powerful sub-symbolic account of knowl-
edge acquisition, and implicitly schemas, not as a result of pre-defined symbolic structures but
rather emergent categories or prototypes that a network can learn through unsupervised or su-
pervised interactions with the environment>12,

Bridging symbolic and connectionist paradigms, Gary Drescher’s constructivist approach®3
offered a computational realization of Piaget’s notions of assimilation and accommodation®*,
proposing that schemas can be incrementally constructed through sensorimotor experience and
internal simulation. Drescher’s work proposed how abstract knowledge structures could arise
from low-level interactions with the environment, a perspective that presaged later cognitive ac-
counts of self-organizing schema representations®3.

These classical works laid the foundation for later conceptualizations of schemas that built on
the neuroscience of schematic memory processing. Complementary Learning Systems (CLS)
theory, proposed that learning about the patterns in episodes of experience requires an interac-
tion between a fast-learning episodic system (i.e. the hippocampus) and a slow-learning neural
network that stored semantic knowledge via gradual integration of information (i.e. the neocor-
tex)=°. CLS was later updated to account for people and animal’s abilities to weight different
experiences depending on their goals, and to incorporate information into neocortical traces
rapidly through schematic integration®®. These ideas provided the background for other more
recent approaches in Al that seek to address problems of continual learning more broadly®~.

Schemas are fundamentally about how past experience informs the way we store new in-
formation and turn it into knowledge. It is therefore also worth noting other computational ap-
proaches that model knowledge explicitly via graph-like structures that encode probabilistic rela-
tionships among events, objects, and agents, often learned from data using neural-symbolic
methods or graph neural networks=%!. Such hybridization of symbolic, sub-symbolic, and
graph-based approaches reflects an attempt to marry the insights from the older symbolic ap-
proaches to schemas with the more flexible, data-driven approaches provided by connectionist
models®2.

However, the field of Al has moved at a very fast pace, and many of the earlier ideas about
how to incorporate insights regarding memory storage have been superseded by developments
in large, pretrained models. We argue that these advances invite a reconsideration of schemas
not as discrete cognitive constructs, but as an emergent principle of abstraction in neural sys-
tems, aligning closely with the vision of early connectionist theories®%>1.

Evidence for Schemas in Modern Al Systems
Large-scale, modern Al models, such as large language language models (LLMs), are not archi-
tecturally designed to represent schemas explicitly. Rather, they are designed to be flexible se-

quence processing models, with the ability to identify how different contexts impact the interpre-
tation of items in a sequence®*®*, Thus, these models are very different from both early symbolic
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Al models and more recent graph-based models that use explicit, frame-based or graph-based
representations to structure and store new knowledge'#4/=8_Moreover, unlike some of the early
connectionist systems=%¢2 || Ms are not generally framed as models of schematic knowledge
representation. Yet, LLMs often display many behaviours that are reminiscent of the functional
hallmarks of schema-driven learning, i.e. integration, assimilation, and accommodation.

When new information provided to an LLM aligns well with the data encountered during pre-
training, LLMs can rapidly learn the new information, even without any updates to their synaptic
weight parameters®®’. 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®®, Evidence suggests that in-context learning is a result of the models
using previously learned statistical and semantic relationships to interpret new data”>!, and this
can even be framed as a form of implicit Bayesian inference’#”®, Notably, in-context learning is
similar to integration via schemas as observed in humans, because it provides LLMs with the
ability to encode new information using existing knowledge when they are commensurate. As
well, similar to schema-based learning, in-context learning does not work when new information
conflicts with previously learned information’#. This process, sometimes referred to as “knowl-
edge conflict”, can lead to “confirmation bias”, wherein the model only keeps those parts of the
new information that match its previous data’”®, or “hallucinations”, where the model invents new
information that better matches its previous data’”®. 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 in-
volves actual changes to the model’'s synaptic weight parameters, a process known as “fine-
tuning”®47278 Similar to accommodation, fine-tuning can be used to modify existing stored infor-
mation in order to create scaffolds for new behaviours. But, as with accommodation in humans,
fine-tuning can modify existing knowledge or even overwrite it’?,

Altogether, these observations suggest that LLMs have something akin to schemas, even if
they are not storing information in the same way that our brains do. Moreover, these schema-
like behaviours in LLMs echo earlier connectionist accounts, such as Harmony Theory, which
proposed that schemas could emerge naturally in sub-symbolic systems as high-probability ac-
tivation states®’. Indeed, given that LLMs are pretrained 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
they correspond to activation patterns in the neural network that map to high-probability se-
quences.

To summarize, large-scale Al models are not built with schemas 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 info, 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 (accommoda-
tion)
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Increasing violation of existing schema '

Integration Assimilation Accom. (change) Accom. (new schema)
e Strong synapse Weak synapse ems==s Updated synapse
. Neuron activated by inputs O Inactive neuron O Neuron activated by false recall

Figure 2: Schema theory mechanisms in neural networks. When new inputs are fully consis-
tent 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. Greater mismatches require accommodation (change), where specific synaptic weights
are updated (shown in orange) to incorporate the new information. When violations of exist-
ing high-probability patterns are too extensive (accommodation), the system engages in more
widespread updating of synaptic connections to support a reorganized representation.

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 Al models with no explicit, built-in schemas suggests
the original ideas of Harmony Theory were closer to the mark than other theories of schematic
storage®. It is not unreasonable, then, to take a few lessons from the conception of schemas
that Harmony Theory initially proposed (Fig. [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 learn-
ing can occur with few changes to synapses, but this could distort the information that is
recalled (assimilation).

» When new information doesn’t match existing high-probability activation patterns learn-
ing requires large updates to synapses, potentially involving changes to existing high-
probability patterns or construction of new high-probability activation patterns altogether
(accommodation).

If we take this conception of schemas into account, then schemas are probably not specific
structures in the brain, but simply high-probability activation patterns in the abstract latent space
of the brain’s neural networks. As such, the distinction between “schematized” and “detailed”
memories likely just relates to how abstract the information encoded by the relevant activation
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patterns is. Data showing that schematic processing depends on the anterior axis of the me-
dial temporal lobes and the PFC may simply reflect the fact that these brain regions tend to be
concerned with more abstract representations. Moreover, the data showing that the hippocam-
pus is particularly important when new information clashes with existing schemas may reflect
the hippocampus’ capacity for large amounts of rapid synaptic plasticity®’, and the requirement
for the brain to update synapses when new information doesn’t match existing high-probability
activation patterns. The importance of neuromodulators in this process likely reflects both their
role in detecting novelty, and potentially, the importance of reinforcement learning for shaping
activation patterns in the brain“.

Given these considerations, we suggest two key implications for neuroscience. The first 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. Put another way, there may not
be actual schemas in the brain, per se, but rather, different configurations of distributed repre-
sentations that can be more or less probable depending on how past experience with higher-
order patterns in our lives shaped our synaptic connectivity. The second is that there is likely
a spectrum of “schematization” in the brain, related to abstraction. In other words, there is no
hard dividing line between “schematized” and “non-schematized” memories, since schemas are
merely high-probability activation patterns in abstract representational space. High-probability
patterns can also exist in less abstract, more sensory representational space. Indeed, even
low-level sensory information can be shaped by previous experience, depending on how well
it matches that previous experience®!. But, it is simply a quirk of scientific nomenclature and
the history of schema theory (which is rooted in more abstract psychological studies) that we
don’t consider these lower-level sensory impacts to be a reflection of “schemas”. Moreover,
there is probably a continuous spectrum between detailed, sensory related activation patterns
and more abstract, schematic activation patterns, which maps to the posterior-to-anterior axis in
the human brain. This implies that episodic memories and schematized memories may not be
wholly distinguishable. 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 relationship whereby
new, episodic memories exist in the hippocampus and old, schematized memories exist in the
neocortex=>. Rather, when new information is stored, the role of the hippocampus likely has
more to do with whether the new information matches existing synaptic connections. If it does,
then learning can proceed rapidly with few changes to the networks in the brain, and thereby,
less need for hippocampal involvement at encoding. According to this perspective, the process
of “schematization” of memories®42%2 may actually have less to do with “transferring” memories
to the neocortex, and more to do with learning abstract relationships in stored data by building
high-probability activation patterns related to these relationships.

Altogether, this perspective invites a shift in how we conceptualize and discuss “schemas”
within neuroscience. It suggests that we should be cautious of any model whereby schemas are
an explicit, distinct knowledge structure in the brain. Instead, it brings us to a perspective, closer
to Harmony Theory, which views schemas as a conceptual tool 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 information.

Conclusion

These considerations suggest two sets of practical implications, one for neuroscience and one for
Al design. For neuroscience, if schemas are better understood as high-probability activation pat-
terns in distributed representations, rather than discrete symbolic structures, experimental work
should focus on population-level activity patterns that capture abstract patterns, rather than any

8

305

306

307

308



specific brain regions or cells that encode schemas®. Notably, this shift aligns with recent analy-
ses using representational similarity and manifold geometry to study memory coding=>¢4, More-
over, the notion of a continuum of schematization implies that episodic and schematic memories
are not categorically distinct but rather vary along gradients of abstraction, possibly mapping
onto the posterior-to-anterior cortical axis and hippocampal—cortical interactions®<%, Sensory
systems should also be considered part of this spectrum, since prior experience shapes even
low-level perception across visual and auditory modalities®”. This perspective re-frames memory
consolidation as a process of matching new information to existing high-probability structures,
rather than a simple temporal transfer from hippocampus to neocortex. Experimentalists should
then seek to understand how the brain identifies when an activation pattern is low-probability,
given current connections, and how that in turn could lead to greater engagement of the hip-
pocampus.

For Al, lessons from schema theory help explain the recent shift away from explicitly defined
symbolic schemas toward architectures in which schemas emerge implicitly as distributed prob-
abilistic priors. This transition is exemplified by stochastic latent world models such as PlaNet®®
and Dreamer®?, which demonstrate how abstraction and generalization can arise from prob-
abilistic dynamics in latent space rather than through hand-coded symbolic structures. Sitill,
schema theory in neuroscience and cognitive psychology has important implications for improv-
ing the storage of new memories in Al systems. Specifically, Al systems could take inspiration
from the brain and engage in a post encoding process of “schematization’{l, whereby more and
more abstract patterns get identified in new data through a process of replay and consolidation
that occurs using internally generated “offline” activity®?. As these schematization become more
elaborate, they support faster learning and more effective recall of information ﬂ

Such mechanisms could help Al systems to learn continuously from new experiences while
forming meaningful semantic connections across the existing ones. Altogether, neuroscientists
and Al researchers can and should continue to rely on schema theory to help guide our ideation
and research, but we should avoid the temptation to think of schemas as distinct, explicit struc-
tures in either natural or artificial brains.
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'The “post-encoding process of schematization” refers to what the brain does after it initially forms a memory:
it reorganizes that memory so it fits into broader, more abstract knowledge structures (schemas). This is not just
storing the memory—it’s transforming it. In Al, this process can be seen as learning adaptive abstractions.

2“Internally generated offline activity” refers to neural or computational activity that happens when a system is not
interacting with the external environment, but is instead replaying, simulating, or reorganizing information internally.
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