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Highlights 
A fundamental question in memory re-
search is how episodic memory (EM) 
supports understanding of real-world 
events. 

Progress in this area requires computa-
tional models that can help us to make 
sense of the complex ways in which 
EM interacts with semantic memory 
and working memory when processing 
naturalistic stimuli. 

Memory-augmented large language 
models (MA-LLMs) could potentially 
Cognitive neuroscience research has made tremendous progress over the past 
decade in addressing how episodic memory (EM; memory for unique past expe-
riences) supports our ability to understand real-world events. Despite this prog-
ress, we still lack a computational modeling framework that is able to generate 
precise predictions regarding how EM will be used when processing high-
dimensional naturalistic stimuli. Recent work in machine learning that augments 
large language models (LLMs) with external memory could potentially accom-
plish this, but current popular approaches are misaligned with human memory 
in various ways. This review surveys these differences, suggests criteria for 
benchmark tasks to promote alignment with human EM, and ends with potential 
methods to evaluate predictions from memory-augmented models using neuro-
imaging techniques. 
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play this role because they possess rich 
semantic knowledge that allows them 
to respond appropriately to naturalistic 
inputs, and they also have an external 
memory system akin to EM. 

This review evaluates how well these 
models capture key properties of 
human EM (relating to dynamic memory 
updating, event segmentation, selective 
encoding and retrieval, temporal conti-
guity, and competition at retrieval) and 
describes ways in which they could be 
better aligned with human data, thereby 
improving their suitability as cognitive 
models.
Understanding the role of episodic memory in real-world prediction 
Most of our knowledge about episodic memory (EM; memory for unique past experiences, see 
Glossary) has come from laboratory studies that directly ask participants about the past. How-
ever, over the years there has been a growing appreciation of the myriad ways in which EM is 
used outside of this question-answering scenario. Notably, laboratory studies of incidental learn-
ing of item sequences [1,2] and eye-movement control [3–5] have shown that, when stimuli re-
peat, we can draw upon our EMs of prior encounters with these stimuli to generate predictions 
about what will happen next. Another important insight is that, in real-world scenarios, the contri-
bution of EM to prediction is inextricably intertwined with the contributions of semantic memory 
and working memory. While EM supports rapid memorization of rich, contextualized (who, 
what, where) details from unique, personally experienced events, semantic memory gradually in-
tegrates across multiple events to represent the shared structure of those events [6], and working 
memory supports the maintenance and manipulation of information over short timescales. Con-
sider a situation where you are at a restaurant with a friend: your prediction about what your friend 
will order will depend on interactions between semantic memory (what they usually order), EM 
(your recollection of what they ordered last time), and working memory (they just told you they 
want to try something different). 

Cognitive neuroscience research has made tremendous progress over the past decade in char-
acterizing how interactions between memory systems support real-world prediction. This prog-
ress has been driven by studies that have measured brain activity while participants process 
naturalistic stimuli such as movies and verbal narratives (e.g., [7]). Some of these studies have 
asked participants to explicitly recall naturalistic materials (e.g., TV episodes [8]), whereas others 
have looked at activity related to EM encoding and/or retrieval during comprehension of narra-
tives [9–15]. These studies have revealed several important properties of how EM works in the 
context of naturalistic stimuli, for example the role of event boundaries in shaping EM encoding 
and retrieval (discussed below). 
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Glossary 
Context window: a  window  of  
contiguous text inputs that an LLM has 
access to when interpreting the current 
word .
Episodic memory (EM): a memory 
system that binds together the features 
of a unique experience (episode) in a 
lasting way such that the contents of that 
episode (i.e., what happened) can be 
retrieved later together with contextual 
features (e.g., where and when the 
episode took place). In humans, 
episodic memory depends on neural 
processes in the hippocampal formation 
and the surrounding medial temporal 
lobe. 
Large language model (LLM): a 
neural network trained on a large body of 
text to predict held-out words from text 
passages. 
Memory-augmented large 
language model (MA-LLM): an LLM 
augmented with a memory store that 
allows the LLM to retrieve information 
from outside the context window. 
Semantic memory: a  memory  system  
that stores knowledge acquired by 
integrating across multiple experiences, 
where this integration makes it possible 
to identify common, generalizable 
structure. In humans, semantic memory 
largely relies on neural processes in 
neocorte x.
Working memory: a memory system 
that supports the maintenance and 
manipulation of information over short 
timescales. Working memory is limited in 
capacity but can dynamically interact 
with other memory systems; for 
instance, when episodic memories are 
retrieved, they are loaded into working 
memory. In humans, working memory 
has been linked to neural processes in 
prefrontal cortex, but other brain regions 
have also been implicated in working 
memory processes.
Despite this progress, the complexity of these interactions between memory systems poses a 
strong challenge for understanding real-world memory. Computational models can play a useful 
role in taming this complexity. Toward this end, researchers have started to use simple neural net-
work models to explore how interactions between memory systems can support adaptive behav-
ior (e.g., [16,17]); however, these small-scale models lack the rich semantic knowledge that 
people have, which limits their ability to make predictions about specific real-world situations. 
We describe below how memory-augmented LLMs (MA-LLMs) may provide a solution to 
this problem – like other types of LLMs, MA-LLMs possess rich, context-sensitive semantic 
knowledge stored in their weights (akin to human semantic memory) and they can maintain 
and manipulate recently presented information (akin to human working memory), allowing them 
to process naturalistic inputs. In addition to these core LLM features, MA-LLMs possess an ad-
ditional memory system that can support recall of unique events (akin to human EM; for reviews, 
see [18,19]). To a first approximation, MA-LLMs appear to have the right 'pieces' to serve as cog-
nitive models of how memory systems interact to support real-world prediction. However, 
given that MA-LLMs were not designed with the goal of fitting human data, it stands to reason 
that the properties of MA-LLMs may be misaligned with those of human EM [20]. In this review 
we compare the properties of extant MA-LLMs to human EM, with the primary goal of identify-
ing ways to make MA-LLMs more human-like, so they will be more effective as cognitive 
models. In addition, to the extent that human memory includes useful features that are not 
presently incorporated in MA-LLMs, improving alignment to human EM may further serve to 
advance artificial intelligence (AI). 

The role of external memory in extending LLMs 
LLMs are neural networks that are trained to predict missing words over large amounts of training 
text; in so doing, LLMs acquire a wealth of semantic knowledge based on how naturalistic text 
typically unfolds [21]. Standard (non-memory-augmented) LLMs excel at capturing the statistics 
of human language (e.g., [22]; for a review, see [23]), but memorization of once-presented infor-
mation across long timescales (as tested, e.g., in [24]) poses more of a challenge. In this section 
we explain why this is the case and how this has led to the development of MA-LLMs. 

One way that LLMs learn is by incrementally adjusting their synaptic weights over the course of 
training. Because of the incremental nature of training, standard LLMs are only likely to memorize 
information that is repeated across the training set [25–27]. Although training with a higher learn-
ing rate could lead to better acquisition of information that is only presented once, this comes at 
the risk of catastrophic interference (i.e., rapid forgetting of prior knowledge [28,29]). 

In addition to storing knowledge in their weights, the transformer architecture used by most 
modern LLMs [30] allows them to maintain a window of text called the context window (for 
alternatives to the transformer architecture, see [31,32]). Through a process known as self-
attention (Box 1), transformer-based LLMs are able to use the knowledge stored in their weights 
to flexibly combine information in the context window, yielding a context-sensitive representation 
of the current item that supports more accurate prediction [22]. Representing information 'in 
context' has been shown to support improved generalization, beyond what is observed based 
on incremental weight adjustment alone [33]. Importantly, the context window provides a way 
of remembering information that was only presented once, provided that it fits in the window. 
In recent years, researchers have sought to vastly expand the size of the context window 
(e.g., 128k tokens for GPT-4-128L), effectively pushing its function outside of the domain of work-
ing memory (limited-time storage of recent information) into the domain traditionally associated 
with EM (storage of much larger numbers of memories across much longer timescales; see 
Box 1 for further discussion of how in-context memory relates to working memory and EM).
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Box 1. Relating in-context memory to human memory systems 

The transformer architecture used by most modern LLMs relies on a computation called self-attention [30,109] whereby 
each token (stimulus) processed by the network generates three distinct vectors: a query, a key, and a value (Figure IA). 
The query generated by the current input is compared against the keys associated with stimuli presented earlier in the con-
text window – these query–key match scores are used to compute a weighted combination of the values associated with 
the keys (i.e., the better the query matches the key, the more the value associated with that key is included in the weighted 
average). The process is called self-attention because the model 'attends' to relevant parts of the context to interpret its 
current input. From a cognitive modeling perspective, if we assume that the contents of the context window are active 
in mind (because they were recently presented), self-attention can be viewed as an implementation of working memory 
manipulation (i.e., flexibly recombining current thoughts). In long-context models, it is not plausible to assert that the entire 
context window is actively represented because the size of the context window in these models exceeds the known (limited) 
capacity of human working memory. One possible response is to argue that the self-attention computation does 'double 
duty' as an implementation of working memory (when applied to proximal parts of the window) and also something more like 
EM (when applied to distal parts of the window). That is, if one views the keys and values in the distal part of the context win-
dow as being latent (i.e., not currently active) memories, the self-attention computation can be viewed as an implementation 
of retrieval from long-term storage, whereby stored memory traces are made active according to how well they match the 
current query (Figure IB). Indeed, this query–key–value structure is a central part of both older 'global match' models of 
EM [110] and more recent theoretical models of long-term memory [111], and multiple recent papers have discussed how 
the hippocampus could implement self-attention (e.g., [112,113]). Using the exact same self-attention computation to model 
working memory and EM has simplicity in its favor; however, this approach lacks flexibility relative to the MA-LLMs discussed 
elsewhere in the paper, which use a separate system for EM, and thus are better positioned to account for the many func-
tional dissociations that have been observed between working memory and EM in humans (e.g., [114]). 
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Weighted 
output 

My cat is cute, it likes ... 

Attention 
weights 

(A) (B) 
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output 

Latent
(becomes active)Active 
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... tuxedo cat ... looking for a pet at the shelter... 
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Figure I. Self-attention across the context window. 
However, this long-context approach has faced practical issues relating to the high computa-
tional costs of scaling the self-attention computation as the context window increases in size [34].

The aforementioned limitations of learning by adjusting weights and of long-context models raise 
the question of whether there is a better way to support lasting one-shot memorization. In this re-
gard we can look to humans, who solve this by having a separate system for EM (hippocampus). 
According to the influential complementary learning systems framework, the hippocampus uses 
relatively distinct internal representations that allow it to do one-shot memorization without suffer-
ing catastrophic interference, whereas neocortex uses more overlapping representations that fa-
cilitate the gradual acquisition of semantic knowledge across multiple experiences [35]. LLMs can 
also use this solution by adding a memory system that rapidly stores information in a latent and 
lasting form (like the hippocampus in humans) and is separate from both the context window 
(which can be limited in size, like working memory in humans) and the weights of the main LLM
Trends in Cognitive Sciences, Month 2025, Vol. xx, No. xx 3
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(which are updated incrementally, like neocortex in humans). In this architecture, latent informa-
tion in EM can be rendered active by retrieving it into the context window, where the retrieved in-
formation is then processed by the main LLM. This arrangement preserves the separation 
between EM and working memory that is present in humans, and stands in contrast to long-
context models where the context window serves the functions associated with both EM and 
working memory. Given the strong computational benefits of using a separate EM system 
(one-shot memorization without catastrophic interference, while avoiding the computational 
costs associated with long-context models), recent machine learning research has adopted 
this solution as a natural way to extend LLMs [18,19,36]. 

Memory architecture in MA-LLMs 
Memory-augmented LLMs take many forms (see [18,19,37] for reviews), but the main premise is 
to allow LLMs to access and use relevant stored pieces of information from outside the context 
window during ongoing text generation. Retrieval-augmented generation (RAG) is a popular 
MA-LLM variant where relevant information from an external datastore is retrieved and subse-
quently leveraged by the LLM to improve response generation (Box 2). 

An important property of RAG is that information can be directly added to its datastore without 
processing it through the main LLM. By contrast, other forms of MA-LLMs require the information 
to be processed through the main LLM in order to be stored. As described in Box 1, LLMs that 
use the transformer architecture [30] generate keys and values for each item (e.g., word) they pro-
cess – some MA-LLMs [38,39] simply take chunks of keys and values that were generated when 
an item was 'in context' and store them in EM. Later, those stored chunks of keys and values are 
retrieved according to some retrieval rule; once retrieved, the keys are treated similarly to the keys 
from the current context (i.e., the query generated by the current token is matched to the retrieved 
keys as well as to the keys corresponding to tokens presently in the context window). Essentially, 
the difference between RAG and these other models corresponds to the difference between stor-
ing the verbatim stimulus (what RAG does) versus storing an internal representation of the stim-
ulus (the keys and values). The latter approach aligns better with human EM, insofar as humans 
store internal representations rather than verbatim input. 

Comparing human EM to memory in MA-LLMs 
External memory in MA-LLMs is aligned with human EM in several important ways: storage is la-
tent and effectively unbounded; one exposure is sufficient for storage, and EMs are blended with 
semantic knowledge to generate predictions [40] – in MA-LLMs, this is accomplished by feeding 
retrieved EMs into the core LLM (where semantic knowledge resides), which then generates the
Box 2. Retrieval-augmented generation 

RAG refers to a class of MA-LLM models that are composed of a datastore, a retriever, and an LLM text generator [18,37]. 
The datastore is often a large set of external documents that are useful for the downstream task (usually question answer-
ing). The retriever can vary depending on the model, but popular information retrievers include BM-25 (a sparse retriever 
that identifies relevant memory chunks based on word co-occurrences [115]) and dense retrievers such as Contriever 
[116] that map retrieval queries and text documents to a latent semantic vector space for later retrieval (where retrieval 
is a function of vector similarity between queries and text documents). The top k relevant documents are retrieved (where 
k is usually greater than 1) and these retrieved documents are fed into the LLM; a common approach ('in-context RAG') is 
to simply concatenate the retrieved documents to the input context of the model for text generation [72]. With this ap-
proach, the retrieved information is treated in the same way as other, recently presented information (akin to how humans 
load retrieved EMs into working memory). In-context RAG is therefore an easily adaptable and deployable method that 
uses off-the-shelf information retrieval systems and off-the-shelf language models without need for any additional 
pretraining/fine-tuning or modifications to the underlying retriever and LLM architectures. Other forms of RAG train re-
trievers and LLM components jointly [63,64] or sequentially [65], which could potentially allow the models to do a better 
job of using the retrieved information.
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model’s prediction. In this section we describe other foundational properties of human EM and 
evaluate how well they align with the properties of external memory in MA-LLMs.

Dynamic memory updating 
In humans, new experiences leave lasting EM traces – we are constantly adding memories. Im-
portantly, a large body of evidence suggests that memories can be altered after having been 
added (Box 3). Episodic memories are instantiated in the brain as sparse distributed patterns 
[41] that are stored by graded adjustments to synaptic weights; this arrangement allows nuanced 
updating of both the strength and content of memories. Although MA-LLMs are capable of 
adding new EMs, it is not common to update these memories once they have been added. En-
hancing memory-augmented models by allowing models to forget irrelevant (or outdated) EMs 
and change stored EMs is an active area of research [42–44]. The Titans model [45] is particularly 
promising in this regard because it learns to store new EMs (key–value pairs) in a weight matrix 
that is continually updated as new information comes in (see also [46]), as opposed to storing 
them in an all-or-none fashion. 

Importantly, in addition to dynamic updates to EM itself, EM is used to update semantic memory 
through a process of consolidation; in the brain, this process involves replay of hippocampal EMs 
which drive learning in the neocortex as it extracts shared structure across replayed EMs 
[35,40,47–49]. Although replay has been used in modern neural networks to support updating 
of knowledge stored in the network’s weights [50,51], it is still not common in MA-LLMs to replay 
stored EMs to update weights in the main LLM (although there are some exceptions; 
e.g., [52,53]). 

Event segmentation 
People segment continuous real-world experience into discrete events (e.g., a conversation or a 
work meeting); this process of event segmentation is automatic and people produce reliable 
judgments for when one meaningful event ends and another begins [54]. These moments of tran-
sition between events (event boundaries) are reflected in the brain as shifts in stable patterns of 
neural activity throughout the neocortex [9,55]. Current mathematical models of event segmenta-
tion posit that event boundaries correspond to moments when one's inference about the under-
lying (latent) cause of one's experiences changes [56,57]; these moments often (but not always) 
correspond to spikes in prediction error [58–60]. Importantly, event boundaries have been shown
Box 3. The malleability of human memory 

Evidence suggests that human memories can be modified in a wide range of ways after they are initially formed. Some of 
these alterations involve adjusting the strength of memories, thereby making them more or less accessible. One theory 
posits that these changes can occur as a result of competition during retrieval, such that the winning (best-matching) 
memory is strengthened and other memories that come to mind to a moderate degree (but not as much as the winning 
memory) are weakened [117] – these changes can be seen as sculpting the landscape of memory storage to make it less 
likely that people will confuse these memories in the future. In addition to altering the strength of memories, studies of 
memory reconsolidation suggest that it is possible to retrospectively adjust the content of memories (e.g., updating them 
based on new information) or even delete them outright [118] – these changes can be useful in keeping the memory sys-
tem in sync with a changing world [119]. A unifying feature of all of these ideas about memory alterations is the central role 
of reactivation in memory updating (i.e., memories are only updated in strength or content to the extent that they are ac-
tivated during retrieval). Another important feature of human memory is that alterations can take place in both the hippo-
campal representations associated with memories (e.g., competition between memories can make these hippocampal 
representations more distinct [117,120–122]) as well as in the content (represented in neocortex) associated with the 
memories [123]. A recent paper [112] argues that this distinction between hippocampal and neocortical representations 
corresponds to the key–value distinction described earlier, where the hippocampus stores keys that are optimized for dis-
criminability; these hippocampal keys support retrieval via associative connections to value representations stored in neo-
cortex. In this framework, altering the hippocampal keys makes it possible to change the retrievability of memories (e.g., to 
minimize competition) without affecting the content of the memories once they are retrieved [112].
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to play a fundamental role in organizing EM. For example, a recent study showed that people can 
'skip ahead' to the next event boundary when trying to sequentially scan through their memories 
([61]; for a review of how event boundaries influence memory, see [62]).

In contrast to the dynamic event segmentation used by humans, MA-LLMs generally store their 
memories in fixed-size chunks [63–65]  (Figure 1, Key Figure). A notable exception is the EM-
LLM model [66], which segments the ongoing stream of tokens into events based on surprise 
and then stores these event chunks in EM. Results from this model show a strong functional ben-
efit of event segmentation; to explain this benefit, the authors argue that dividing the timeseries of 
inputs into chunks of related information helps to minimize retrieval of irrelevant information. 

Selective encoding and retrieval 
In humans, encoding and retrieval occur selectively (i.e., they occur more strongly in some cir-
cumstances than others). For example, one study [13] found that participants showed stronger
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Figure 1. (A) Illustration of a common approach to augment LLMs with memory retrieval. Typical aspects of MA-LLMs include memories composed of uniform-length 
chunks that are not updated after initial storage, and simultaneous retrieval of multiple memories at once [64,72]. (B) By contrast, human memory is dynamic; episodic 
memories are constantly being added, forgotten, and updated [123] through nuanced adjustments to synaptic weights, and replay of episodic memories is used to 
train semantic memory through a process of consolidation. Continuous input is segmented into distinct events [124], and encoding and retrieval occur selectively – EM 
retrieval is more likely to occur when there are 'gaps' in understanding to fill [13], and some moments, such as boundaries between events, tend to be associated with 
stronger encoding and retrieval than others [10,15,67]. Memory retrieval is competitive, meaning that (most of the time) only the single best-matching memory is 
retrieved (e.g., [125]). Another key property, not pictured here, is that EM for the content of events is stored together with a representation of temporal context (what 
came before the event; e.g., [77]) that supports temporal contiguity effects in retrieval (i.e., successive recalls tend to come from nearby timepoints).

Key figure 

Contrasting episodic memory (EM) in memory-augmented large language models (MA-LLMs) and 
humans 
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neural correlates of EM retrieval when there were momentary 'gaps' in their understanding of a 
movie (because the first part of the movie was viewed 24 h previously) versus when the exact 
same movie was viewed continuously. A recent paper [16] provided a normative account for 
this finding, arguing that EM retrieval was suppressed in the continuous-viewing condition be-
cause the information needed to make accurate predictions was already active in working mem-
ory, and consequently the benefits of EM retrieval were small relative to the potential risks of EM 
retrieval (in particular, retrieving the wrong memory, which could lead to inaccurate predictions). 
Relatedly, event boundaries have been found to be important points for EM retrieval [15,67]. 
This fits with the idea that, within a typical event (e.g., a familiar train ride), it is possible to predict 
what will happen next based on semantic memory, so the incremental benefits of EM retrieval are 
low [16]; however, when the event ends, there is a spike in uncertainty (when the train arrives in 
the city, there are many places you could go) [68,69] that can potentially be resolved by retrieving 
a relevant EM (e.g., remembering that, the last time you went into the city with this friend, they 
wanted to go ice skating).

Neural studies have also found that event boundaries are important points for encoding 
[9,15,70,71]. This result can be explained normatively, based on the idea that memories encoded 
at the end of an event have more complete information than memories encoded midway through; 
encoding mid-event can therefore lead to redundant memory 'clutter' that makes it harder to re-
trieve the most informative memory [16]. This prediction was supported by subsequent empirical 
work demonstrating that, during novel movie watching, neural correlates of mid-event encoding 
were associated with worse subsequent recall of those events [10]. 

In contrast to the selectivity exhibited by humans, MA-LLMs are typically unselective in how they 
encode and retrieve EMs. Models that store key–value pairs in EM typically store all of these pairs 
(e.g., [38,66]), and retrieval from EM typically occurs in a rote fashion (e.g., once every k tokens 
[72]). One exception is FLARE [73], a model that selectively triggers memory retrieval only when 
its prediction of the upcoming sentence without memory retrieval (i.e., using semantic memory) 
is uncertain. The authors observe a strong functional benefit of this selectivity, and their explana-
tion of these benefits aligns closely with the aforementioned normative analysis of retrieval selec-
tivity [16]: suppressing retrieval when the model is certain reduces retrieval of irrelevant memories 
that (if retrieved) would degrade prediction. 

Temporal contiguity 
Humans show temporal contiguity effects (i.e., successive recalls tend to come from nearby 
timepoints [74]). This has been explained using models that compute a drifting temporal context 
representation composed of a running average of recently presented items [75–77]. This tempo-
ral context representation is bound to item representations in EM. When an item is retrieved, the 
associated temporal context representation is also retrieved; cueing with this just-retrieved tem-
poral context representation favors retrieval of items that were studied close in time to the just-
retrieved item. Importantly, these contiguity effects have been shown to be scale-invariant 
(i.e., they apply across multiple timescales [75]). 

MA-LLMs generally do not show temporal contiguity in the EMs they retrieve. One exception is 
the EM-LLM model [66], which directly imposes a simple form of local (not scale-invariant) conti-
guity on recalls from EM (see also [78]). Notably, a recent paper [79] found that standard (non-
memory-augmented) LLMs will, in some circumstances, learn on their own to show temporal 
contiguity effects in how they process stimuli within the context window; an important question 
for future research is whether similar 'emergent temporal contiguity' effects could arise in how 
MA-LLMs retrieve EMs.
Trends in Cognitive Sciences, Month 2025, Vol. xx, No. xx 7
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Competition at retrieval 
Behavioral data suggest that humans show a strong amount of competition at retrieval, such that 
only the single best-matching memory comes to mind (or else no memory is retrieved). This limit 
on retrieval bandwidth is illustrated by classic work on cue overload [80] and the fan effect [81], 
showing that learning multiple associates to a cue impairs retrieval. Importantly, recent studies 
[82,83] have shown that activation can spread to a larger number of associates outside con-
scious processing, suggesting that the narrow retrieval bandwidth observed during conscious 
memory retrieval is likely to be a functional optimization rather than an architectural limitation of 
the memory system. Speculatively, this type of bandwidth limitation could serve as a useful con-
straint in situations where the number of relevant EMs is typically small (1 or 0). Like people, MA-
LLMs limit the number of retrieved EMs; however, unlike people, MA-LLMs are typically parame-
terized to allow retrieval of more than one EM at a time [64]. To some extent, MA-LLMs – like 
people – can mitigate the costs of retrieving irrelevant EMs through some type of post-retrieval 
filtering [84–86], but it is unlikely that this approach will be completely effective (especially when 
incorrect information is similar to, and thus confusable with, the sought-after information [87]). 

Aligning MA-LLM benchmarks with real-world memory demands 
In machine learning, model development is heavily motivated by existing benchmark tasks. We 
focus here on how the properties of these common benchmark tasks differ from the demands 
of real-world memory use, and how this may account for some of the architectural differences 
described in the previous section. 

Existing applications of MA-LLMs have mostly focused on question-answering (QA) tasks that 
measure the ability of a model to retrieve relevant information from its datastore (e.g., [27,88]). 
In QA tasks, the training and evaluation sets usually contain well-defined queries and answers, 
making it explicit when models should retrieve information (i.e., when they are prompted with 
the question) and also what information is relevant (i.e., the questions contain sufficient diagnostic 
information to uniquely implicate the sought-after memory). In addition, the correct answer is 
almost always stored in memory, often in multiple places. 

In contrast to these machine learning benchmarks that use well-specified prompts, information in 
real life is continuously revealed and people need to decide when to retrieve (if at all) from memory. 
In many situations the information revealed thus far may not be sufficient to specify which mem-
ories are relevant; and there may not even be a relevant stored memory. Consequently, retrieval in 
real-world circumstances can carry a substantial risk (if a person or model tries to retrieve with an 
insufficiently specific cue, they could end up retrieving the wrong memory, and responding with 
the best-matching memory can lead to errors if there is no relevant memory in the first place). 

These challenges of real-world human EM use may account for many of the properties of human 
EM reviewed above. For example, selective retrieval policies can mitigate the risks of retrieving 
based  on  an  insufficiently specific cue. Retrieval timing can be framed as a speed–accuracy 
tradeoff: waiting to observe more information before retrieving can help to specify which memo-
ries, if any, are relevant – but, at the same time, waiting too long also has costs (because you de-
prive yourself of the benefits of retrieval) [16]. Learning a policy for when to retrieve that balances 
the costs and benefits of waiting can lead to improved performance. Selectivity at encoding may 
also help: less encoding leads to less clutter, and thus less potential to retrieve the wrong 
memory. Furthermore, competition at retrieval can help if relevant memories are scarce and 
many similar lures are present (by limiting the number of irrelevant and confusable memories 
that come to mind), and temporal contiguity can help to keep retrieval focused on details from 
relevant events [89].
8 Trends in Cognitive Sciences, Month 2025, Vol. xx, No. xx
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The above discussion implies that use of benchmark tasks that do a better job of capturing real-
world memory task demands will foster the development of more human-like MA-LLMs – an ex-
ample of a task that better instantiates these properties is provided in Box 4.  Other  new  ap-
proaches to benchmarking EM are also promising: for example, one new benchmark probes 
temporal context memory by asking the model to identify which of two passages from a book 
was presented first [90], and another tests the ability of models to accurately bind together and 
recall details from episodic events contained in artificially generated book chapters [91]; a further 
approach is to evaluate how well MA-LLM agents perform complex tasks that require memory 
(e.g., web shopping, multi-session conversations [92–94]). 

Evaluating memory-augmented LLMs as cognitive models 
The use of human-like tasks (such as that shown in Box 4) can encourage the development of 
human-like models, but – ultimately – the measure of whether a model is 'human-like' is how 
well it can explain experimental data from humans. One way to evaluate this is to use an encoding
Box 4. Creating a task that encompasses real-life memory challenges 

Human memory in real life faces several challenges that promote the use of selective encoding and retrieval policies. To capture these challenges, a task should have the 
following properties. 

(i) Information is presented continuously, such that the models need to decide when it is best to store and retrieve memories depending on what has been shown thus far. 
(ii) It is not safe to assume that relevant information has been stored in memory. 
(iii) When relevant information is presented, it only appears once (mirroring how, in the real world, information is often only presented once), and it is similar to other, 

irrelevant information, creating the potential for confusion. 

Figure I shows an example of a task that would fulfill these criteria. During the encoding phase, a model is given a single exposure to (each of) a very large number of TV 
scripts for shows that came out after the weights of the model were trained (thereby ensuring that the model is seeing the scripts for the first time). During the task phase, 
the model is shown summaries of TV episodes, one sentence at a time; some of these episodes will have been included in the encoding phase but others will be new (not 
shown during the encoding phase or during the initial model training). The model has the option after each sentence to say 'continue' (i.e., view another sentence of the 
summary) or else it can 'take over' and summarize the rest of the episode. After taking over, points are awarded for recalling accurate details (not already presented in the 
summary) and deducted for recalling inaccurate details; if the model refrains from taking over then no points are awarded or deducted. The fact that summaries are 
presented incrementally, coupled with the existence of many similar scripts in memory, creates a strong risk of retrieving wrong information; high-scoring models will 
need to balance the need to wait for more information (to ensure that the correct memory is adequately specified) against the opportunity costs of waiting. Likewise, 
high-scoring models will need to avoid responding based on memory when no relevant memory was stored. To focus on the specific contributions of EM as opposed 
to prior semantic knowledge found in the base LLM, the performance of the memory-augmented model can be compared to the performance of a model that was not 
shown any scripts during the encoding phase. 
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Figure I. An example of a task that reflects real-world memory challenges.
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model approach, where MA-LLMs are evaluated based on how well their internal representations 
(embeddings) predict ongoing brain activity (Figure 2).

Another approach to evaluating MA-LLMs (apart from using encoding models) is to look at how 
well they can predict the timing of EM encoding and retrieval. Cognitive neuroscience researchers 
have identified several different neural correlates of when encoding and retrieval are taking place. 
For example, with invasive electrocorticography, it is possible to use time-lagged mutual informa-
tion analysis to detect moments of information flow from neocortex to hippocampus (indicating 
EM encoding) and information flow from hippocampus to neocortex (indicating EM retrieval) 
[15]; with fMRI, inter-subject correlations in activity timeseries between hippocampus and 
default-mode cortical regions during movie watching and story listening have been linked to ep-
isodic retrieval [12,13], and increases in hippocampal activity have been linked to episodic 
encoding [9,70,71]. One could use an MA-LLM to predict the specific moments in a text narrative 
when EM encoding and/or retrieval should take place (e.g., at event boundaries), and then use 
the aforementioned neural measures to test these predictions. 

A third approach to evaluating MA-LLMs is to see how well different MA-LLMs predict behavior. 
For example, if two individuals engage in repeated bouts of conversation (separated in time from 
one another), the present conversation will likely be influenced by memories from earlier conver-
sations; different techniques for memory augmentation can therefore be evaluated on how well
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she said “Right, okay. Well then let’s go home.” And that 
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was born in a small village called Bor in South Sudan... 
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Figure 2. Testing memory-augmented large language models (MA-LLMs) using encoding models. One way to evaluate the fit of LLMs to brain data is to use 
an encoding model approach. This approach involves learning a mapping from features derived from an LLM (e.g., embeddings from one of the LLM’s hidden layers) to 
brain activity (e.g., fMRI voxels; A); once learned, this mapping can be used to predict held-out data, and the fit to this held-out data can be compared across different 
encoding models that make use of different feature sets [126,127]. This encoding model approach has been used to answer a wide range of cognitive questions, including 
the extent to which a particular brain region is predicting upcoming stimuli [22,128] and the size of the temporal window that a given brain region is integrating over 
[129,130], and it can easily be adapted to quantify the benefits of memory augmentation (vs. no memory augmentation). (B) Illustration of an MA-LLM that stores chunks 
of text and then retrieves those chunks in response to a later part of the narrative. Predictions of brain activity generated using embeddings from the MA-LLM can be com-
pared to predictions of brain activity generated using embeddings from a closely matched, non-memory-augmented LLM (C); this approach could also be used to address 
more fine-grained questions (e.g., arbitrating between two distinct MA-LLMs that make different predictions about what information will be retrieved). Abbreviation: EM, 
episodic memory. 
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Outstanding questions 
How well can MA-LLMs explain the in-
fluence of semantic memory on EM 
during encoding and retrieval? At 
encoding, new learning is improved 
by the presence of relevant prior 
knowledge; at retrieval, interactions 
between prior knowledge and EM 
have been shown to lead to errors in 
reconstructing past events. Any suc-
cessful model of human memory will 
need to account for these positive 
and negative effects of prior knowl-
edge on memory accuracy. 

How can we better capture the 
influence of EM on semantic memory? 
In MA-LLMs, EM is often used to sup-
plement the knowledge of a 'frozen', 
pretrained LLM, whereas – in the 
brain – EM is used to train semantic 
memory through a process of consoli-
dation. Incorporating consolidation 
into MA-LLMs could help us to better 
understand how these systems mutu-
ally shape each other, and how the 
brain deals with potential redundan-
cies, conflicts, or synergies between 
knowledge stored in these systems. 

How well can MA-LLMs explain the dy-
namic interactions that occur between 
EM and working memory? Recent 
work has demonstrated that informa-
tion is shuttled back and forth between 
an actively represented state (in work-
ing memory) and latent representation 
in EM depending on task demands. 
Data exploring these interactions can 
provide a rich source of constraints for 
bringing MA-LLMs closer to humans. 

How can we leverage our knowledge of 
the biology of EM in humans to make 
MA-LLMs more human-like? Extant 
computational models of hippocampal 
contributions to EM posit a far more de-
tailed set of pathways and mechanisms 
than the simple storage and retrieval 
systems used in MA-LLMs. Incorporat-
ing some of this hippocampal function-
they are able to leverage these episodic memories (in tandem with the current conversational 
context) to predict what the participants will say next. 

Concluding remarks 
In this review we have focused on identifying fundamental architectural properties of human EM 
that are not yet widely incorporated in MA-LLMs; we have discussed how to construct tasks 
that more closely approximate the challenges faced by human EM, and we have described gen-
eral approaches to testing the fit between MA-LLMs and data from humans. Bringing MA-LLMs 
into closer alignment with human EM could substantially advance the cognitive modeling of mem-
ory, making it possible – for the first time – to predict human EM use in response to a novel nat-
uralistic stimulus. There are also potential benefits for AI in better aligning MA-LLMs with human 
EM: as discussed earlier in the paper, models that incorporate key properties of human EM such 
as retrieval selectivity [73] and event segmentation [66] show improved performance on machine 
learning benchmarks (see also [42,78,95]). 

As with all cognitive modeling endeavors, further progress will depend on identifying specific sources 
of experimental data that can be used to constrain model development. In the Outstanding 
questions we list several domains that we think will be useful. One important source of constraints 
will be findings that shed light on interactions between EM and other memory systems. With regard 
to semantic memory, it will be useful to account for data on how prior knowledge benefits new learn-
ing [96,97], how offline replay of EMs updates semantic memory [98], and how semantic memory 
can blend together with episodic memory to yield constructive memory errors during retrieval 
([99]; a recent model that addresses this last point is described in [40]); it will also be useful to account 
for how information is adaptively swapped between EM and working memory to support task per-
formance [100–103]. In addition, MA-LLMs will likely benefit from incorporating the biological fea-
tures of the hippocampus that support its ability to efficiently store and retrieve memories, many 
of which have been incorporated in other computational models [104–106]. Lastly, another frontier 
for constraining MA-LLMs is to consider input modalities other than text. Some newer models can 
process multimodal sensory input [107], and providing multimodal input to MA-LLMs [108]  will  ex-
tend the range of findings these models can address (e.g., relating to how visual changes can 
drive event segmentation and shape memory [58]). Going forward, we expect that appropriately 
leveraging these and other sources of data will further improve the fit between human EM and 
MA-LLMs, with strong benefits both for cognitive modeling and AI. 
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