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Abstract

How prior knowledge scaffolds memory - a “kind of naturalistic” approach

Jiawen Huang

In our daily life, we constantly use our structured knowledge built from repeated
experiences, often referred to as schemas, to provide a scaffold for perceiving, understanding,
and remembering what happens around us. This is a difficult process to study, because these
kinds of prior knowledge we use in daily life are typically complex and could take a long time to
develop. In this dissertation, I present findings from a few experiments that take a “kind of
naturalistic” approach, which allows me to capture some complexity of such knowledge, yet is
still feasible in a lab setting. In Chapter 1-3, I present behavioral and neuroimaging findings from
a board game paradigm. In Chapter 1, I show that the development of knowledge in the board
game increased predictive eye-movements during sequence encoding, which in turn improves
memory. In Chapter 2, [ show that there are two potentially distinct processes when people
remember something schema-consistent: probability given the context and prediction accuracy. I
show that both contribute to better memory, but through different mechanisms. In Chapter 3, 1
use functional magnetic resonance imaging (fMRI) to show that different default mode network
(DMN) regions respond to these two processes. In addition, I show differences in how the brain
makes memory- vs. schema-based predictions. In Chapter 4, I use fMRI to look at people using
the method of loci (MoL) to encode a list of words. I found that using MoL creates conjunctive
representations in DMN that are more than the sum of its parts. Overall, the dissertation
highlights the importance of prediction in the relationship between schemas and memory, and the

importance of DMN in this process.
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Introduction

When I see people dance Salsa, [ am able to recognize the moves being carried out,
predict the next part of music and what might happen next given the current position of the
dancers, and remember (and even try to carry out later) some of the moves. None of these was
possible a year ago when I did not know anything about Salsa. Prior knowledge like the dance
knowledge I acquired this past year, characterized by an associative network structure, basis on
multiple episodes, lack of unit detail, and adaptability, are referred to as schemas in the literature
(Ghosh & Gilboa, 2014). They play a huge role in how we remember events in our life. They
allow us to remember our daily experiences in great detail, such as events in a movie (Chen et
al., 2017), which is in sharp contrast to people’s ability to remember a simple list of unrelated
words, when people have much more limited capacity (Murdock, 1974).

In the 1970s, a lot of research looked at the behavioral mechanisms by which schemas
influence event perception and memory, discovering mechanisms through which schemas help
memory at encoding and retrieval (J. R. Anderson, 1981; R. C. Anderson & Pichert, 1978). More
recently, neuroscience research including animal models and human neuroimaging started
looking at the neural mechanisms of schemas and schema-facilitated memory. There are two
main types of paradigms that were commonly used - one where participants used their existing
schemas of the complex, dynamic world (Baldassano et al., 2018; Bower et al., 1979; Graesser &
Nakamura, 1982); the other where participants learned simple novel schemas such as speed of
little characters, or location-item pairings (Brod, 2021; van Buuren et al., 2014). Both paradigms
have their strengths and shortcomings - existing schemas of the world (like my dance schema)
are more naturalistic and closer to people’s experiences, but typically take a long time to
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develop, and are difficult to model. On the other hand, the simple schemas are easier to learn,
and can be easily modeled, yet the extent to which they make use of the same cognitive and
neural mechanisms as natural schemas, (since, for example, there are a very small number of
potential next stimuli) is unclear.

In this dissertation, I took advantage of recent research with naturalistic paradigms,
increased computational power, and novel neuroimaging analyses methods, and used a “kind of
naturalistic” approach that sits in the middle of the two types of paradigms and tries to capture
the advantages of both. I allow people to develop a relatively complex schema that is still
modellable, and look at how the development of these schemas facilitate memory for relatively
simple stimuli that could be remembered without a schema. I begin by looking at the behavioral
and neural mechanisms by which the knowledge of a board game influences how people
perceive, predict, and remember moves (or move sequences) in the game (Chapter 1-3). Then, I
pivot to how spatial scaffolds like a memory palace facilitate memory for word lists (Chapter 4).
Below, I review some past literature that inspired this dissertation.

Behavioral work on how schema and expertise facilitate memory

One of the pioneering studies in schema is (Bartlett, 1932), which presented stories from
a different culture to the participants. They found that participants’ recalls of unfamiliar details in
the story were changed to details consistent with their knowledge. This sparked interest in
research in schemas, which can be defined as adaptable knowledge structures reflecting
generalized information abstracted from multiple episodic experiences (Ghosh & Gilboa, 2014).
These early studies typically use common, existing schemas that people have developed over the

course of a lifetime, such as the process of eating at a restaurant, doing laundry, and look at how



they influence memory (Alba & Hasher, 1983; R. C. Anderson et al., 1983; R. C. Anderson &
Pichert, 1978; Bower et al., 1979; Lampinen et al., 2000).

Somewhat in parallel, another line of research looked at the effect of expertise, such as in
chess, on different aspects of cognition, including memory. The pioneering work started with
Chase & Simon, (1973) which looked at expertise in chess. They found that chess experts were
able to use their knowledge to divide a valid chess board into meaningful chunks, enabling them
to reconstruct the boards easily. However, for boards with random arrangement, experts did not
show much advantage over novices. Looking at expertise in a specific field allows researchers to
investigate how memory works when relevant schemas are absent, which is difficult to do with
the common schemas that most people have, like in previous research. However, a challenge of
studying expertise is the amount of time specific skills typically take to develop, and it is
difficult to see how the development of a schema influences memory. Another issue is that these
specific skills are usually highly complex, making them difficult to model. To address some of
these limitations in previous research, in Chapter 1, I took advantage of a board game paradigm
developed by van Opheusden et al. (2023), which is novel for participants, learnable in a short
scale of time, and has an ideal complexity that allows for large state space yet is still modellable.
I looked at how the development of expertise in the game changed how people remember move
sequences.

Schemas and expertise can act as a scaffold for memories through multiple mechanisms
that occur at different stages of remembering. During encoding, schemas allow us to create
meaningful representations of the stimuli by integrating it with the schema (Bransford &

Johnson, 1972; Chase & Simon, 1973; Shin et al., 2021). During retrieval, schemas allow us to



come up with possible outcomes in a given context, which could provide a cue, making the recall
task a task of recognition (R. C. Anderson & Pichert, 1978; Watkins & Gardiner, 1979).

An example of how people can strategically use a schema to create meaningful
representations of stimuli is an ancient mnemonic technique called the Method of Loci (MoL), or
memory palace. People good at this technique are memory “experts”, and can compete in
championships where they are able to remember a long list of up to over 100 words in a short
period of time. The technique involves building and consolidating a spatial layout (memory
palace) in the mind, with ordered locations (loci) in the memory palace that serve as a schematic
scaffold. During encoding, each item to be remembered is combined with each of the loci in
order by forming a meaningful connection between the two, such as imagining an event
involving that item occurring at that locus. During retrieval, people mentally retrace their steps
through the memory palace in order, using each locus as a cue to recall its associated item. In
some sense, MoL works because it allows people to remember word lists like events in real life,
by linking event details (words) to their schema (locus in the memory palace). It can therefore
provide a testbed for how schemas are used to facilitate memory in a “kind of naturalistic”
setting. Chapter 4 of this dissertation looks at the neural mechanisms of this process, how they
develop over time, and how they are linked to behavior.

The relationship between schema, prediction, and memory

In cognitive science, the idea of the brain as a “prediction machine” has been proposed
(Bar, 2009; Clark, 2013; Friston, 2010). For example, in language research, it has been proposed
that when we have a conversation with someone, we constantly try to predict and covertly
produce what our conversation partner is saying (Pickering & Gambi, 2018). It makes intuitive

sense to link schema to prediction, because predictions depend on some kind of past experience



(Cheung & Bar, 2012; Cowan et al., 2021). There is also evidence that experts automatically
make predictions in the field they have expertise in, such as in the context of basketball
(Didierjean & Marmeche, 2005; Gorman et al., 2011, 2012). Yet, the process by which the
development of schema influences prediction is unclear due to the typical complexity of expert
skills mentioned in the previous section. Another challenge is the methodological difficulty in
measuring prediction, which is often considered an implicit process and integral part of
perception (Pickering & Gambi, 2018; Skipper, 2015), and therefore explicitly asking for a
prediction might disrupt or alter these automatic processes. As a result, despite past research
linking expertise and schema to prediction, to our knowledge, no studies have shown when
prediction comes online and how it develops during schema development. In Chapter 1, |
measure participants’ gaze while watching a sequence of moves from the game, because gaze
has been found to be able to distinguish level of expertise in participants with machine learning
algorithms (Y. Liu et al., 2009). Specifically, I look at predictive eye-movements where
participants look at probable next moves while watching a sequence, and study how it develops
over the course of the development of the schema.

A popular view in the field of cognitive neuroscience about the relationship between
prediction and memory is that prediction errors are beneficial for episodic memory. Previous
work with animal models showed the crucial role of reward prediction error in learning, which
can be explained elegantly by the firing of dopamine neurons (Schultz, 1998). Human research
has provided support for this view, showing improved learning (Den Ouden et al., 2012) and
memory when there is a prediction error (Bein et al., 2021; Marvin & Shohamy, 2016; Quent et
al., 2022; Rouhani et al., 2018). Since schemas allow people to make automatic predictions about

the upcoming information (Gorman et al., 2012), and since prediction errors could be beneficial



for memory, one possible mechanism previously unexplored is that developing schemas and
expertise improve memory because they enable predictions of the upcoming stimuli given the
current context. In Chapter 1, I explore this hypothesis.

Despite the longstanding history of the idea of prediction, this term is a very broad term
that can refer to a lot of different processes across studies. Consider the following scenarios: 1. A
social scientist predicts societal changes (Grossmann et al., 2024). 2. Someone re-watches a
movie multiple times when they can perfectly anticipate what is going to happen (C. S. Lee et
al., 2021). 3. A rat presses a lever, an action that it had learnt to be associated with a reward
(Schultz, 1998). 4. While remembering a list of words, one of the words in the middle is in red,
when all the other words are in black. While some kind of predictive process can be said to be
happening in each scenario, the underlying processes are likely very different. In a recent opinion
piece, (Ortiz-Tudela, Nicholls, et al., 2023) proposed that predictions can vary in five different
dimensions - flow of information, mnemonic origin, specificity, complexity of reactivated
information, and temporal precision. With these distinctions in mind, and considering the
different ways memory can be tested (e.g., recognition (Bein et al., 2021); forced choice
questions (Quent et al., 2022); free recall (Lew & Howe, 2017), it is perhaps not surprising that
some previous studies have failed to find benefits of prediction error on memory (Holtje &
Mecklinger, 2022; Ortiz-Tudela et al., 2021; Poskanzer et al., 2025; Van Kesteren et al., 2013).

This idea that there is subtlety in what is considered a prediction is an important theme in
this current dissertation. Due to the challenges in measuring prediction mentioned above, when
studying the impact of prediction and prediction error on memory, prediction is often a process
that is implied rather than measured. For example, in Bein et al., (2021), participants learned

some sort of association, and were shown violation of these learned associations, which the



experimenters defined as prediction errors, implying that participants were making a prediction
and then experiencing a violation. In Sherman & Turk-Browne (2020), some image categories
were predictive of the next image categories while some were not, and the authors found
predictive hippocampal representation in these trials, and inferred that participants made
predictions. Another example is that research on schema often uses prediction error to describe
when something that is inconsistent with the schema is shown (e.g., when a pot is found on the
kitchen floor instead of kitchen counter, (Quent et al., 2022)). An important question is whether
these predictions are made ahead of time or if contextual violations are assessed after seeing an
outcome. In Chapter 2, in studying the effect of prediction and prediction error on memory, I
made a contrast between making a prediction and comparing what is predicted with the outcome
and simply responding to something that has high or low probability in a context without making
a prediction beforehand. In chapter 3, which uses the same game paradigm as Chapter 1 and 2, |
look at one of the five dimensions in the framework proposed by Ortiz-Tudela et al., (2023) -
mnemonic origin - comparing prediction based on general schema of the game vs. episodic
memory retrieval.
Neural mechanisms of schema-facilitated memory and prediction

Considering the importance of schema in cognition and memory, numerous neuroscience
research has looked at the neural mechanisms of schema (van Buuren et al., 2014; Van Kesteren
et al., 2013). This line of research highlights an important role of the medial prefrontal cortex
(mPFC) in representing schema and schema-facilitated memory (Bein & Niv, 2025; Gilboa &
Marlatte, 2017). Lesion studies with patients with damage to the ventromedial PFC showed
deficit in schema reinstatement (Ghosh et al., 2014). Van Kesteren et al., (2013) showed that

higher activation of the mPFC during encoding predicts correct memory for schema-consistent



image pairs. The mPFC is a part of the Default Mode Network (DMN), which was found to be
active when participants were laying still in the scanner (Seeley et al., 2007), and argued to be
involved in internal processing (Menon, 2023). However, this view has been challenged by
recent neuroimaging studies, where the DMN shows great involvement in remembering and
anticipating temporally-extended naturalistic stimuli like movies (Chen et al., 2017; C. S. Lee et
al., 2021) and narratives (Baldassano et al., 2018). In Baldassano et al., (2018), participants were
shown movie clips and audio narratives of people going through the script of a “restaurant”
(enter restaurant - seated at table - ordering food - food arrives) or “airport” (enter airport -
airport security - boarding - on plane). Although the lower level visual and auditory features of
the stimuli were very different, the DMN regions represented the stimuli from the same script
more similarly. In summary, past research with controlled, experimental paradigms and
naturalistic stimuli show the involvement of the DMN, specifically the mPFC, in schema-related
processing. Chapter 3 looked at how the DMN is involved in the encoding of move sequences in
the board game which sits in the middle of the experimental paradigms and naturalistic stimuli.
Chapter 4 looked at how the DMN, and specifically the mPFC, is involved in combining schema
(location in a memory palace) with a novel item in a creative, conjunctive, and schema-
consistent way.

The other key region of interest of the current research is the medial temporal lobe
(MTL). In the SLIMM model (schema-linked interactions between medial prefrontal and medial
temporal regions) proposed by van Kesteren et al., (2012), they argue that mPFC detects the
congruency between schema and the upcoming input, allowing for rapid neocortical learning and
suppressing the MTL. On the other hand, MTL captures novel experiences that cannot be linked

to a prior schema, and creates a new memory instance in the cortex, consistent with countless



studies highlighting MTL as a memory system (Scoville & Milner, 1957; Squire & Zola-
Morgan, 1991). However, a new perspective has been recently proposed regarding the role of
MTL as a more general process that is related to processing relational information, and thus
involved in not only memory, but also perception (Bonnen et al., 2021; Ruiz et al., 2020),
attention (Aly & Turk-Browne, 2016, 2017), decision making (Bakkour et al., 2019; Biderman et
al., 2020), and statistical learning (Schapiro et al., 2012). Some studies have also shown the
involvement of the MTL in making predictions about the future (Brown et al., 2016; Brunec &
Momennejad, 2022; Sherman & Turk-Browne, 2020). A common criticism of this new
perspective is to argue that these predictions are based on episodic memory, and are therefore
hippocampally-dependent because they rely on retrieval of a past episode rather than a prediction
about a novel episode. In Chapter 3, by asking participants to make predictions about novel and
previously seen boards (and therefore allowing them to make predictions based on schema and
episodic memory), I test whether the hippocampus is involved in schema-based prediction,

episodic memory-based prediction, or both.

Overview of the current research

In Chapter 1, I introduced a new paradigm to study schema and memory with the board
game developed by van Opheusden et al., (2023). The game, called four-in-a-row, is an
extension of tic-tac-toe, but played on a 4x9 board and the winning condition is to connect four
pieces in a row (horizontally, vertically, or diagonally). The game is novel for participants,
learnable in a short scale of time, and has an ideal complexity that allows for a large state space
yet is still modellable. In the first three chapters, schemas are operationalized as people’s

knowledge of the strategies of the game and probable moves in different contexts. We first had



participants remember sequences of moves from the game, without any information about the
nature of the stimuli, allowing us to measure a baseline of memory pattern without a schema.
They then learned the rules of the game, and played games themselves, before again performing
a memory task, and this process was of building expertise and testing memory was repeated
across 6 sessions for each participant. We found that participants’ memory improved over time,
and they became better at remembering moves that had high probability according to a gameplay
model (schema-consistent). With eye-tracking, we showed that participants spontaneously
started making predictions, looking at empty squares on the board that had a high probability,
and that this predictive behavior was associated with better memory. We found evidence for a
model where schema facilitates memory through enabling prediction of the future, and showed
the process by which this develops.

In Chapter 2, I continue using this paradigm to look at the influence of prediction on
memory. Chapter 1 showed that the paradigm allows us to measure participants’ prediction with
eye-tracking, and we developed a gameplay model that can output the probability of moves on a
given board. By using real-time eye-tracking, we use participants’ eye-movement (while looking
at the board before a move shows up) to present participants with moves that varied in how much
they were accurately predicted and how probable they were under our gameplay model. We were
given a unique opportunity to study whether prediction accuracy and probability, two highly
correlated properties of a stimulus, which had been treated synonymously (low probability =
prediction error) in the literature, are indeed the same process. We showed that prediction
accuracy and probability are two separate processes that both positively contribute to subsequent

memory, but through different mechanisms.
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In Chapter 3, [ used fMRI to look at the neural mechanisms of schema, prediction, and
memory using the four-in-a-row paradigm. Participants encoded and recalled sequences of
moves from the game, and then later in the experiment, were asked to make predictions about the
next move on a given board, which can be either from a previously seen sequence or a
completely new board. We showed that, consistent with Chapter 2, encoding and retrieving
probable vs. predicted moves are associated with distinct neural representations. Additionally,
predictions based on schema and episodic memory also showed different activation patterns,
especially in the retrosplenial cortex.

In Chapter 4, I train a group of novice participants to use the Method of Loci, and look at
the representation of the loci in their memory palace, words by themselves before they were
combined with the loci, and how they were combined when the loci were used to remember the
words. In this context, schemas are operationalized as the sequence of locations in their memory
palace. I show representation of locus and item during encoding the words with Method of Loci.
More importantly, I show that, in DMN regions, the locus and item patterns by themselves only
account for a small portion of the retrieval representation, it was the conjunctive representation
formed during encoding that was mostly strongly reinstated during retrieval. In mPFC, this
conjunctive representation also increased over the course of training, and tracked the amount of
novel elements participants added to the locus-item pair in their story.

Together, these “kind of naturalistic” paradigms generate important insights about how
schemas provide a scaffold for memory, both by enabling complex predictions and by forming
conjunctive representation. I also show the distinct mechanisms in responding to and making

different types of prediction.
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Chapter 1: Schema-based predictive eye movements support

sequential memory encoding

A version of this chapter was published as:
Huang, J., Velarde, 1., Ma, W. J., & Baldassano, C. (2023). Schema-based predictive eye

movements support sequential memory encoding. Elife, 12, e82599.
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1.1 Introduction

A key benefit of having a memory system is that it enables us to use the past to make
predictions about the future, which is adaptive for survival (Cowan et al., 2021). Prediction can
be defined as a top-down process in which people generate expectations about what they will
experience next, based on their previous experiences and the current context. A particularly
important source of prediction are schemas, which are adaptable knowledge structures reflecting
generalized information abstracted from multiple episodic experiences (Ghosh & Gilboa, 2014).
For example, we may have schemas about the kinds of objects that tend to occur at a beach, the
social norms for ordering food at different kinds of restaurants, or the typical stages of a chess
game.

Previous research has shown that having a detailed and robust schema yields
improvements in memory (Alba & Hasher, 1983). This memory improvement has been
attributed in part to processes during recall, since schemas provide cues that can be used to
retrieve episodic details that would otherwise be forgotten (R. C. Anderson & Pichert, 1978;
Watkins & Gardiner, 1979). Additionally, schemas could play a role during memory encoding,
by helping people represent information more meaningfully (Bransford & Johnson, 1972; Chase
& Simon, 1973).

One question that has been relatively unexplored in this literature is whether schemas
improve episodic memory by enabling sophisticated predictions during encoding. In the past 20
years, there has been a growing recognition of the importance of prediction on how we perceive,
understand, and interact with the world (Bar, 2009; Clark, 2013; Friston, 2010; Rao & Ballard,
1999). There is evidence that domain experts (i.e., people with a strong schema in a specific

field) automatically engage these predictive processes; for example, basketball experts shown a
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clip from a game tended to remember the final positions of the players as being ahead of their
actual positions (Gorman et al., 2012). These predictive processes are only possible with a pre-
existing schema and might partially explain the large literature showing selective memory
improvement for schema-consistent (i.e., predictable) information (J. R. Anderson, 1981) and
highly unexpected information (i.e., prediction errors, Bonasia et al., 2018; Quent et al., 2022)).

Previous prediction research has typically used two types of approaches. The first
approach uses people’s pre-existing real-world knowledge, such as the regularity of language
structure (Goldstein et al., 2022; Shain et al., 2020) or event sequences in a familiar setting
(Baldassano et al., 2018). Due to their complexity, however, it is difficult to build a ground-truth
model for these schemas. These types of knowledge are also learned slowly, making it difficult
to study their development in a lab setting. The second paradigm, commonly used in memory
research, teaches participants simple and novel sequences of discrete stimuli like abstract shapes
and pictures (e.g., Schapiro et al., 2012; Sherman & Turk-Browne, 2020). Due to their
simplicity, it is possible for participants to learn these sequences in a short period of time and
they are easy to model. However, the predictive processes examined in these studies might not
engage the same mechanisms as when predictions are based on more complex schemas that
generalize to new stimuli.

In this study, we investigate prediction as a potential mechanism for schema-related
memory improvement, in a domain that avoids the issues with overly simplistic or poorly
defined schemas. Specifically, we have participants remember sequences from a simple board
game recently developed (van Opheusden et al., 2023) called 4-in-a-row. In this two-player
game, a generalization of tic-tac-toe, players compete to be the first to connect 4 pieces in a row

on a 4x9 board. The schema of the game encompasses not just this rule (which is easily learned),
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but an understanding of what kinds of move sequences are typical, an emergent property of the
game rules that requires playing experience to learn. The game has a complexity far exceeding
typical tasks in previous schema and prediction research, yet it is possible to capture near-
optimal play with a linear model. The novelty and simplicity of the game ensure that participants
start the experiment without a schema but can acquire the schema over several hours of practice,
allowing us to tractably study how schema development is related to changes in prediction and
memory longitudinally in a lab setting. The fact that possible moves correspond to different
spatial locations allows us to use eye movements as an indication of people’s predictive
processes, as in previous paradigms with spatial actions (e.g., Tal et al., 2021).

Based on findings in previous schema research, we hypothesized that people’s memory
for move sequences would improve over training sessions, alongside improvements in schema,
operationalized as improved gameplay ability. Although previous research has sometimes found
novelty-driven memory improvements for schema-inconsistent information (Frank & Kafkas,
2021), studies of expert memory for complex memoranda such as chess boards have shown an
advantage for schema-consistent stimuli (e.g. board positions from actual chess games) (Gobet &
Waters, 2003). Thus, we hypothesized that the memory improvement resulting from the
development of schema in 4-in-a-row should similarly be specific to moves that are schema-
consistent. People’s schema quality should also be related to their memory performance, such
that people with stronger gameplay ability will have better sequence memory. If prediction is
indeed a potential mechanism for schema-related improvement, we would expect people’s eye
movements to become more anticipatory as they gain more experience playing the game and can
rely more on internal predictive models. The extent of predictive eye movements should also

mediate the relationship between schema quality and memory performance, providing a
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mechanism through which schematic knowledge can impact episodic memory. Here, we find

support for all these hypotheses.
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Figure 1.1 A schematic of the experimental method. a: task structure across 6 (non-consecutive)
days. b: memory task. In each of 30 trials, participants saw an initial board for 5 sec, and then a
move was added to the board every 5 sec. After viewing a sequence of 4-8 moves and
completing a distractor task, participants were shown the initial board and asked to reconstruct
the sequence by placing the pieces on the board. c: gameplay task. Participants played 40 games
against an adaptive-difficulty Al agent.

1.2 Methods

The study used a longitudinal design, in which participants completed 6 sessions over a
period of about one to two weeks (Figure 1.1a). The mean interval between sessions was 2.15
days. In sessions 1 to 5, participants completed 2 (practice) + 30 (formal) trials of the memory
task, followed by playing 40 games against an Al opponent. The gameplay task was designed to
both develop participants’ schema and measure their playing strength in each session. On day 6,
participants completed 30 trials of the memory task only. Both the memory task and the
gameplay were built on Psiturk (Gureckis et al., 2016) and hosted on Heroku
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(https://www.heroku.com/).
Participants

The first set of 19 participants (12 female, 6 male, and 2 non-binary) completed the task
online on their home computers (and were instructed to maximize their browser windows during
the task). The online study participants had a mean age of 20.95 years (SD = 2.84). Participants
were paid $70 upon completion of the study. A second set of 16 participants (9 female, 6 male,
and 1 declined to answer) performed an identical task in the lab while eye-tracking data was
collected. The eye-tracking study participants had a mean age of 21.81 years (SD = 3.21).
Participants were paid $100, plus up to $20 performance-based bonus. For both versions of the
study, we recruited participants via online ads and personal contacts. All participants were over
18 years of age with normal or corrected-to-normal vision, and gave informed consent for the
study. The experimental protocol was approved by the Institutional Review Board of Columbia
University (AAAS0252). One participant from the online study did not complete the last session
of the study, and we have included their data for the first five sessions. All the other participants
completed all six sessions of the study. Two in-person participants experienced technical issues
in one of their sessions, resulting in the loss of data from 1 game for one participant and 15
games for the other participant. The same technical issues during the eye-tracking study resulted
in a small number of trials being shown more than once to several participants; we included only
data from the first presentation of each trial in the dataset.
Experimental Design

The memory task (Figure 1.1b) required participants to watch a sequence of moves and
then recall the moves from memory. In each trial, participants saw an initial board for 5 sec.

Then one move was added to the board every 5 sec. After all moves in the sequence had been
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added, participants completed 14 seconds of simple distractor math problems asking them to
judge whether an equation is true or false. They had 6 seconds to respond to each question. After
the distractor, they were shown the initial board and instructed to reconstruct the sequence in the
right locations and in the right order. To account for motor mistakes, they could undo the most
recent move they placed.

The first two memory trials on each day were always practice trials that had 4-move
sequences, and participants were given feedback on whether a move they just placed was correct
or not during retrieval. Participants needed to get all moves correct in the practice trials to
proceed to the formal study. The practice trials made sure participants understood the task and
followed the instruction. No one was excluded from the study for failing to follow the
instructions. Participants then completed 30 trials of the main memory task where they did not
receive feedback during the retrieval.

The sequences of moves were generated using an Al agent from van Opheusden et al.
(2021) with an relatively weak Elo rating similar to participants’ average playing strengths
during their first session. We sampled from 180 unique games, each longer than 16 moves and
shorter than 36 moves (i.e., the game did not end with a draw). For each session, 30 game
segments with lengths ranging from 4 to 8 moves were extracted from unique games. To ensure
that meaningful schematic predictions were always possible, the first move of the sequence was
always after the fifth move of the game. For example, if a game was 30 moves long and the
sequence length was 4, the beginning of the sequence could be anywhere between the 5th move
and the 26th move of the game. Of the 30 sequences in each session, 10 sequences (2 of each
length) ended with one player winning (i.e., the last move created a four-in-a-row). This single

set of 30 sequences for this session was shown to all participants in a randomized order (with a
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different set for each session). The whole memory task takes about 50 minutes.

At the beginning of day 1, the participants were told that the stimuli were “circles
appearing on a grid”. After the memory tasks, they were told that the stimuli were actually drawn
from a game that they were about to play. They were then shown the rules of the game and
played 40 games against an Al agent (Figure 1.1c), which takes about 40 minutes. We used a
staircasing procedure, such that the agent became stronger if the participant won and weaker if
the participant lost. We used Elo rating to measure participants’ playing strength (Elo, 1978).
The ratings were computed using BayesElo (Hunter, 2004) to measure participants’ playing
strength in each session based on their performance against the Al agents. After they finished
playing the games, they were asked whether they had guessed the stimuli in the memory tasks
were from a game, and if so, whether they guessed the rules of the game. We did not include a
control group that completed six memory sessions without being told the rules of the game or
playing against the Al agent. Ensuring that participants never develop a game schema would be
difficult, since even without explicit instruction they could still learn the schema through implicit
statistical learning or by guessing the (simple) rules of the game. Due to these challenges, we
instead used the first-session performance of each participant as our no-schema control.

From Day 2 onwards, they were reminded of the rules of the 4-in-a-row game at the
beginning of the memory task. On Day 6, after completing the memory task, participants
completed a questionnaire asking them what strategies they used for the memory and whether
their strategies changed over the course of the training.

Gameplay model
The original model in van Opheusden et al., (2021) used a tree search model. However,

obtaining accurate move probabilities from this model would require extensive sampling.
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Instead, we used a feature-based myopic model of gameplay. We first defined features relevant
for gameplay, which represent the relationship between potential next move and the current
board state:
1. Distance of the move from the horizontal center
2. Distance of the move from the vertical center
3. How many 4-in-a-rows the move forms
4. How many 3-in-a-rows the move forms. There are 3 sub-categories based on
the type of 3-in-a-row formed: connected, disconnected, horizontally connected
that were not blocked on either side (force a win after opponent’s move, so it
might have a higher value)
5. How many 2-in-a-rows the move forms. There are 2 sub-categories based on
the type of 2-in-a-row formed: connected, disconnected
6. How many opponent’s 3-in-a-rows the move blocks
7. How many opponent’s 2-in-a-rows the move blocks. There are 2 sub-categories
based on the type of 2-in-a-row blocked: horizontally connected 2-in-a-row that
was not blocked in either direction (if not blocked, opponent can force a win, so it
might have a higher value), or other situations.
We then used a very strong Al agent to generate 800 games. This agent has an Elo of
365, a level similar to the best players in our study, so its move decisions can be considered an
approximation of the optimal strategy. To fit the model, for each board state in the 800 games,
we represented every possible move x; as a feature vector F based on the features described
above. Each move was assigned a value V that is a weighted combination of the features it

forms, with weights defined by a vector w:
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V(x;) = w-F(x;)

We then applied a softmax function to get the probability distribution over possible
moves, p(x;) = e"*) /¥, eV*)  We used Pytorch (Paszke et al., 2019) backpropagation to
learn the feature weights w that minimized the cross-entropy loss of the moves actually made by
the agent. We trained eight models using the data from 100 of the 800 games for each model, and
averaged the weight vectors across models to obtain a final weight vector w. Our analyses test
the hypothesis that, through repeated gameplay, the schemas of individual players should
converge to the move probabilities from this optimal model, and therefore these optimal move
probabilities should come to impact subsequent memory (and memory errors). An alternative
possibility could be that individuals develop schemas that are qualitatively distinct from the
optimal schema but still effective in amateur gameplay. We did not find empirical evidence for
this possibility in our dataset; during the gameplay sessions, participants tended to play moves
with relatively high probability under the optimal model (average move probability of 0.213
across participants, compared to a random-move baseline of 0.040) and we observed a strong
correlation between Elo and this move probability measure (r = .40, p <.001). Future work (with
more extensive gameplay sessions) could attempt to model unique feature weights for each
specific individual

We evaluated each move in the stimulus set with this model to determine the probability
of each move under a near-optimal strategy. Note that the stimuli were generated by a non-
optimal Al agent, and therefore move quality varies over a wide range; the moves participants
observe are often not the optimal move for a given board configuration. We also used this model
to measure the probability of the move participants recalled during retrieval when they made a

mistake.
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Eye-tracking

For the in-lab subset of participants, eye-tracking data was collected during the memory
task on each day. The design was otherwise identical to the online experiment. Participants were
seated 100 centimeters in front of a monitor, and placed their heads in a chin rest 45 centimeters
away from the eye-tracker. They were instructed to remain as still as possible while the eye-
tracker was running, and were told that they could take breaks during the experiment in between
trials. Before beginning the experiment and when the participants returned from their breaks, the
eye-tracker calibration and subsequent validation was done using a nine-point grid. We recorded
binocular eye movement using EyeLink 1000 plus at 1000 Hz recording frequency. Light levels
remained constant for the duration of the 50-min memory portion of the study. The stimuli were
displayed on a 24-inch LED monitor, with a resolution of 1920 by 1080 pixels and a refresh rate
of 60 Hz. The outputted EDF files were converted to asc files and parsed with PyGaze

(Dalmaijer et al., 2014)

Fixation maps were created for each 5-second period during which an initial board was
shown or a move was shown. To handle uncertainty in assigning gaze to squares, we performed a
soft assignment to board locations based on distance. For a fixation at position xr with duration

tr the square with center coordinate x; was assigned a fixation weight of

e~ llxr=xill2/25
tF "

Y, e—||xp—x,-||2/25

Here, distance is in the unit of pixels. Since the length of the square is 136 pixels, the
smoothing temperature of 25 is approximately 1/5 the length of a square, and therefore is only

relevant for fixations close to square boundaries. The weights for all fixations during the 5-
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second window were summed to obtain a final map of fixation weights for all board squares.

Eye movement regression model.

We modeled fixation maps as a linear combination of 6 potential strategies that could be
used during memory encoding. For each board, the regressors, described below, are length-36
vectors that correspond to the 36 tiles in the game.

1. The most recent move: has a value of 1 in the square that corresponds to the most

recent move, and Os elsewhere (all Os at the initial board). This regressor captures the

extent to which participants are looking at the move that just appeared on the board.

2. Pieces related to the most recent move: has a value of 1 in occupied squares that are

related to the most recent move (within 3 tiles from the most recent move in any

direction), and Os elsewhere. This regressor captures the behavior of looking at how a

move relates to previously-placed pieces (e.g., to detect whether it adds onto a line of

same-color pieces).

3. Anticipation of the upcoming move (prediction): for the unoccupied squares, is equal to

the probabilities of that square being the location of the next move, as calculated by the

near-optimal gameplay model. For occupied squares, has a constant value equal to the
mean value of the unoccupied squares. This regressor measures how well participants’
eye movements predict likely positions for the next move.

4. Piece relevance to the next move: for each occupied square, is the sum of the next-

move probabilities for all empty squares that are related to it (within three squares). For

unoccupied squares, its value is equal to the mean value of the occupied squares. This

regressor reflects the tendency to focus on squares that are likely to be related to the next
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move.

5. Observed previous moves: has a value of 1 for the moves seen earlier in the sequence

(excluding the most recent move), Os elsewhere. This reflects a strategy of reviewing

previous moves during memory encoding.

6. Occupied tiles: has values of 1s on occupied tiles and Os on unoccupied tiles. This

measures the preference for looking at occupied squares versus empty squares.

Each regressor and the eye movement fixation maps were z-scored within each board.

We concatenated each of these across all the boards that each participant saw during a
session and ran a multiple linear regression (with the fixation maps as the outcome variable, and
the six regressors as the predictor variables). The coefficient for each regressor reflects the extent
to which this participant used this eye movement strategy when encoding boards in this session.
We also ran this regression separately for each individual board (for each move shown during

encoding) to obtain trial-level estimates of eye movement strategy.

Regression Models

For each model, we started with the most complex frequentist model, including a subject
slope for all of the predictors. In case they did not converge, we used simpler models with either
fewer random slopes or just a random intercept. If this happens, we also checked whether the
effect hold with a more complex model using a Bayesian model. The reported effects with more
simpler frequentist models have been shown to hold with a more complex Bayesian model. If a
different result was obtained, we report the results of the more complex Bayesian model. For
frequentist models, we use Ime4 pacakge (Bates et al., 2015). For the Bayesian models, we used

the default settings of rstanarm package (Goodrich et al., 2022).
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Mediation analysis

The total effect was calculated by running a linear regression predicting recall accuracy
from Elo. Next, we calculated the effect of Elo on prediction coefficient, and the effect of Elo
and prediction coefficient on recall accuracy. The significance of the mediation was computed
with the package mediation (Tingley et al., 2014) that used a bootstrapping procedure.
Standardized indirect effects were computed for each of 10,000 bootstrapped samples, and the
95% confidence interval was computed by determining the indirect effects at the 2.5™ and 97.5"
percentiles.

Estimating trial-level prediction confidence and surprise

We constructed two trial-level measures of fixation statistics which allowed us to
describe eye movement strategies at a finer scale and in a model-free way (without assuming that
participants were making optimal predictions according to our schema model). The first is
prediction confidence, which measured the extent to which a participant spent time focused on
specific empty squares. High values of confidence indicate that a participant spent a large
fraction of the trial looking at only a small number of empty squares, indicating a strong
prediction about the upcoming move. We compute this as the expected information gain between
a uniform distribution over all empty squares and the fixation distribution. Given the fixation
time T (x;) for each square x;, we define P(empty) as the fraction of the 5-second window spent
fixating on empty squares, and P(x;) = T(x;)/P(empty) as the normalized fixation distribution
over empty squares. The information gain from a fixation is 0 for fixations on occupied squares,
and for fixations on empty squares reflects the entropy difference between a uniform distribution

and the fixation distribution. Therefore, we define:

Prediction confidence = P(empty) - (log(Nempty) — 2V P(x;) log P(xy))
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The second is prediction surprise, indicating the extent to which a participant failed to
look at the location where the next move was going to appear. High values of surprise indicate
that the move appeared in a location that the participant spent very little time looking. This is
defined as the negative log of the percentage of time participants looked at the correct upcoming
move position (Xpext)

Prediction surprise = — log(P (xnext))
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1.3 Results

1.3.1 Memory and gameplay improvement

Over 6 sessions (each separated by 2.15 days on average), participants performed two separate
tasks (Figure 1.1). In the memory task, participants were presented with a novel gameplay
sequence and asked to remember it. After a distractor task, they were shown the first board of the
sequence and they were given unlimited amount of time to reconstruct the rest of the sequence
from memory. In the first session, participants were not told that these stimuli came from a game,
and were only instructed to remember circles appearing on a grid. The first session therefore
provided a no-schema baseline, since participants could not use a game model to make predictions
about upcoming moves. In a post-task questionnaire, we confirmed that in session 1 most
participants did not suspect that the stimuli were from a game or guess the rules of the game (14
out of 19 in the online study, and 13 out of 16 in the in-person study). In a separate game play task
(occurring after the memory task on all but the last day), they were provided with the rules of the
game, and played the 4-in-a-row game against an Al opponent, staircased to match the skill level
of the player. Participants’ recall accuracy (combined across the online and in-lab data), calculated
as the percent of moves they recalled at the right location in the right order, improved across
training sessions, improving from 61.6% (SD = 18.1%) in session 1 to 69.5% (SD = 20.6%) in
session 6 (Figure 1.2a). At the same time, participants’ playing strength, measured with an Elo
rating (Elo, 1978), increased (Figure 1.2b). Elo ratings are computed based on how often people
win against opponents of varying skill levels, and we use Elo as a measure of schema quality — the
better a player is, the better knowledge they have about the move probabilities during near-optimal
gameplay. We fit mixed-effect models with a fixed effect of session and a random slope for

participant to predict recall accuracy and Elo. The fixed effect of session was significant in both
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models ((for memory, f = 0.015, ¢ = 3.215, p =.003; for Elo, f = 24.92, t = 5.102, p < .001),
demonstrating improvement in both recall accuracy and gameplay over time. We also found that
Elo rating in a session was correlated with memory performance in the following session, Pearson
r=.298, p <.001 (Figure 1.2c), showing that having a better schema for the game was associated
with better episodic memory for move sequences. To understand whether this relationship was
present within individual participants, we fit a linear mixed effect model to predict memory
performance from Elo with per-participant intercepts and slopes as random effects. We found that
the relationship between Elo and memory accuracy was not significant in this model (3 =0.012, t
= 1.196, p = .242), suggesting that this effect was primarily driven by individual differences
(people with better schema tend to have better memory) rather than across-session improvements

in Elo.
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Figure 1.2. Participants’ performance in memory and gameplay. a. On average, Participants
become better at remembering sequences over the course of the training (red line). In each session,
memory accuracy is much higher than the performance that would be achieved if people were
simply guessing according to the optimal gameplay model. b. On average, participants become
better at playing the game across sessions. Error bars represent the standard error of the mean. c.
There is a positive correlation between people’s playing strength and their recall accuracy (each
dot corresponds to one session of one participant).

Out of the 30 sequences shown to participants in each session, ten of them ended with one

player successfully getting four pieces in a row (more details in Method). After learning the rules
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of the game, this should be a salient event for our participants and could lead to changes in memory
performance. Indeed, we found that in sessions 2-6, memory for sequences that ended in a win
state was significantly better (t=6.67, p <.001). We did not observe this pattern in the first session
(before participants were taught the game rules), and actually found a marginally significant effect
in the opposite direction, with worse memory for winning sequences (t = -2.01, p = .052). This
result provides additional evidence that schema-related features of a sequence might play an
important role in memory performance.
1.3.2 Modeling schema-related memory improvement

To investigate how schema-consistency is related to memory for individual moves and
how this relationship evolves, we trained a model of the schema for the game on moves played
by a near-optimal Al agent. The model identifies the features each move forms (such as 3-in-a-
row, a line of three pieces of the same color) and assigns a value to each feature based on the
training data (described in more detail in the Method section). Given a current board position, the
model outputs a probability distribution over the next move that would likely be played by a
near-optimal player (Figure 1.3a). Using this model, we can measure the extent to which each
move shown to participants is likely (schema-consistent) vs unlikely (schema-inconsistent), and
how this is linked to recall accuracy. Here, schema-consistency is used as an objective, subject-
independent measure of how good a move is. Each subject will exhibit different degrees of
alignment to this “ground-truth” schema.

Separately for each session, we ran a mixed-effects logistic regression with subsequent
memory (right or wrong) as the outcome variable, with the probability of the move as the fixed
effect, and with a participant random intercept. As shown in Figure 1.3b, there was initially no

relationship between the probability of a move and the probability that the move will be

30



remembered in session 1 (B =-0.031, z=-1.813, p=.07), but in sessions 2 through 6, schema-
consistent moves were more likely to be remembered (all p <.001). This effect emerged over the
first four sessions of learning (Figure 1.3¢), and then dropped slightly in session 5 and 6.

To see whether this increase in the relationship between move probability and recall
accuracy over time is significant, we aggregated the data from all the sessions and ran a mixed-
effects logistic regression with subsequent memory as the outcome variable, with the probability
of the move, the session the move was in, and their interactions as fixed effects, and with a
participant random slope of session and move probability. We found a main effect of session on
memory (f=0.164, z=5.763, p <.001) but no main effect of move probability (f =-0.0046, z =
-0.249, p = .804). However, there was a significant interaction between move probability and
session on memory (B = 0.035, z=7.561, p <.001), indicating that participants became better at
remembering schema-consistent moves over the time.

In addition to recall accuracy, we looked at reaction time for placing moves at recall. We
only looked at moves that were correctly recalled in each session and removed outliers with
reaction times longer than 30 sec (0.6% of all the correct moves were removed this way). Similar
to accuracy, we found that reaction time during retrieval was initially not related to the
probability of the move ( =-30.5, t = 0.975, p = .329) but consistently faster for more schema-
consistent moves in session 2 through 6 (all p <.001, figure 1.3d). Running a mixed-effects
model as for the accuracy (using linear rather than logistic regression), we found a main effect of
session on reaction time (f = -156.3, t =-2.39, p = .017), such that participants were faster in
later training sessions. There was no main effect of move probability (f = - 46.1,t=-0.440,p =

.660) but a significant interaction between move probability and session on reaction time (f = -
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71.06, t=-2.593, p =.010), with faster responses when remembering more schema-consistent
moves.

If participants are using a schema as part of their recall process, we would expect a bias
toward schema-consistent moves when participants make mistakes during sequence
reconstruction. To test whether this is the case, we looked at the mistakes participants made in
each sequence reconstruction, measuring the fraction of the time that their answer was more
schema-consistent than the correct answer, indicating a bias toward schema-consistent moves
during recall. We only considered the first mistake, since after that mistake, the encoding and
retrieval boards are different, and therefore the likely moves are no longer comparable. As can be
seen in figure 1.3e, the proportion of schema-consistent mistakes increased over the first 4
training sessions. After that, there is a drop similar to the drop in accuracy in session 5 and 6. We
ran a mixed-effects model with a participant random slope, the proportion of schema-consistent
mistakes as the outcome variable, and session as a fixed-effect predictor, and found a significant
effect of session (f =0.032, t=5.413 p <.001).

Although an overall increase across sessions was observed in both schema-consistent
mistakes and the relationship between recall accuracy and move probability, these effects were
significantly weaker at session 5 (for schema-consistent mistakes, t =-2.51, p =.02; for the
relationship between recall accuracy and move probability, t = -3.24, p = .001), and numerically
weaker at session 6 (for schema consistent mistakes, t = -1.70, p = 0.099; for the relationship
between recall accuracy and move probability, t = -1.93, p = .053). One potential explanation for
this drop is that people developed new strategies in later sessions to remember schema-
inconsistent moves. As can be seen in figure 1.3b, the modeled recall accuracy for highly

schema-inconsistent moves (low x values) increased from session 4 to 5 while the recall
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accuracy for schema-consistent moves remained relatively stable. This is consistent with the
highest overall accuracy occurred in session 6 (Figure 1.2a), suggesting that this decrease in
slope does not come at a cost for memory accuracy. Note that reaction time did not show this

weakening relationship with move probability in session 5 and 6, as its slope continues to

decrease.
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Figure 1.3. The effect of schema consistency on memory and its development across training
sessions. a: an example of the model's evaluation of a board where the next player is black.
Based on features that would be generated by each possible next move (e.g., creating 3-in-a-
row), the model generates a probability distribution over potential next moves. We apply this
model to the stimuli in the memory task to estimate a probability for each move. b: the effect of
schema consistency of a move on the recall accuracy for the move. The x-axis is the log
probability of a move, which reflects schema consistency. The y-axis is the probability that a
participant will remember the move. In session 1, there is no relationship between probability of
moves and subsequent memory. In session 2-6, people are more likely to remember schema-
consistent moves. The histogram at the top and bottom of the figure is the frequency of moves
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with a certain log probabilities that are remembered and forgotten, respectively. c: relationship
between move probability and recall accuracy over the 6 sessions. (*** denotes p <.001). d:
relationship between move probability and reaction time at recall for correctly remembered
moves. (*** denotes p <.001). e: the proportion of times the first mistake in a sequence is a more
probable move than the actual move that was observed. Error bars represent standard error of
the mean.

The results demonstrate that the memory benefit from gameplay training is driven in part
by enhanced memory for schema-consistent moves. A possible alternative explanation of this
effect is that, rather than using generalized schematic knowledge, participants are in fact using
episodic memories of specific move sequences that they have seen in past gameplay sessions. To
test this possibility, we examined all the boards that participants saw during gameplay and the
moves played on these boards, and found repetition of exact move sequences to be very rare; out
of over 1000 moves across 6 sessions there were on average 1.0 repeats (SD = 1.67) that
participants experienced during gameplay and were later part of a memory sequence. Thus, mere
repetition of schema-consistent moves could not be driving the observed differences in memory.
Another potential explanation could be a change in participants’ strategy. In the beginning,
participants can only use their episodic memory, but over time participants could start to use a
purely schema-based strategy in which they simply place moves as if they are playing the game
from this board position. We simulated this strategy by drawing moves probabilistically from the
gameplay (schema) model for each initial board that participants saw during the memory task in
each session. We found that purely schema-based guessing can only achieve an average accuracy
of 13.39% across the 6 sessions (Figure 1.2a), which is much lower than participants’ average
recall accuracy of 65.91%. This low accuracy is due to the fact that, for most of the sequences,

there are multiple plausible moves that could be played and it is therefore difficult to guess the
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sequence without episodic knowledge. Therefore, the improvement in performance after learning

the schema is unlikely due to mere guessing of the boards.
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Figure 1.4. Using eye movements to reveal encoding strategies. left: a participant’s fixation
heatmaps over a 5 sec encoding period. right: the 6 regressors that we consider as potential
encoding strategies. 1: Participants could look at the last (most recent) move, which is what they
need to remember. 2: Participants could look at occupied tiles that might be relevant to the most
recent move, to try to see what features the move forms. 3: Participants could be anticipating the
upcoming move, meaning they will look at the empty squares on the board that are likely to be
the next move. 4: Participants could also look at current pieces that are relevant for predicting the
next move, i.e., pieces related to empty squares that are likely to be the next moves. 5: Participants
could be looking at moves that previously appeared, in order to rehearse the observed move
sequence. 6: Participants might have an overall tendency to look at occupied or unoccupied tiles.

1.3.3 Eye movements became more predictive over training

A potential driver of memory improvements could be a change in encoding strategy. In
particular, schemas allow people to make online predictions, which allows additional encoding
time if moves are successfully predicted or generates prediction errors otherwise, both of which
have been shown to be beneficial for memory (e.g., Quent et al., 2021). We used eye-tracking data

to understand how participants’ encoding strategies were related to schemas and later memory.
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We modeled fixations as a linear combination of six different possible strategies (Figure 1.4),
including a “prediction” strategy (regressor 3) in which fixation durations are related to the model-
derived probabilities for the next move. The coefficient for each fitted regressor reflects the extent
to which the strategy is used during encoding.

To look at whether the eye movements become more predictive over time, we first ran a
linear mixed-effects model with prediction coefficient as the outcome variable, session as the
predictor variable, and a participant random slope, to see if eye movements became more
predictive over time. There was a significant fixed effect of session, = 0.009, t =4.261, p <.001,

providing evidence that people’s eye movements became more predictive over training (Figure

1.5a).
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Figure 1.5 The relationship between prediction, playing strengths, and recall accuracy. a: the
extent to which eye movements on empty squares align with an optimal gameplay model
(prediction coefficient; see Figure 1.4) increases over training sessions. b: correlation between
Elo (playing strength) and prediction coefficient. ¢: correlation between prediction coefficient
and recall accuracy. d: mediation analysis: the effect of playing strength on recall accuracy is
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mediated by the amount of prediction participants made during encoding. The values on the
arrows represent regression coefficients for standardized measures of Elo, prediction coefficient,
and recall accuracy (* denotes p <.05, ** denotes p <.01). e: move-level analysis on the effect of
schema consistency on memory, predicting whether a move will be remembered based on the
probability of the move (brighter colors are more schema-consistent) and prediction coefficient
in previous move. Error bars represent standard error of the mean.

1.3.4 Better performance in better players is mediated by more schema-based predictions
We next sought to test whether this increase in predictive eye movements could serve as a
mechanism through which expertise improves memory performance. We found that, on a session-
by-session basis, more sophisticated gameplay (higher Elo) was associated with more prediction
in the next memory session (Pearson » = .33, p = .002), demonstrating that better players predict
more during encoding (Figure 1.5b). Memory sessions in which a player exhibited high levels of
predictive eye movements also showed better reconstruction accuracy (Pearson r = .40, p <.001),
despite there being no explicit demand to generate predictions during encoding (Figure 1.5¢). A
mediation analysis was performed to assess the mediating role of the prediction coefficient on the
link between Elo and recall accuracy (Figure 1.5d). The total effect of Elo on recall accuracy was
significant (f = 0.35, ¢ = 3.26, p = .002). The effect of Elo on prediction coefficient was also
significant, (f = 0.33, ¢ = 3.13. p = .002). The bootstrapped indirect effect was 0.10, 95% CI =
[0.03,0.19], p = .006, suggesting that improved memory for better players is partially mediated by
improved predictions during encoding. Significant mediation was not found for any of the other
regressors (all p > 0.3, except previously shown moves, p =.056), suggesting that better prediction
is uniquely important for driving the memory benefit from better gameplay. With the inclusion of
prediction coefficient, the impact of Elo on recall accuracy was reduced but remained significant
(B=0.24,t =2.26, p = .03), indicating that expertise also improves memory accuracy through
additional mechanisms (at encoding and/or retrieval). We again tested whether these effects were

present at the individual-participant level by running a linear mixed effect model with participant
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random intercepts and slopes. Due to model convergence issues, we employed a Bayesian version
of this model to regularize the coefficient estimates (see Methods). We found that the 95%
credibility interval for the fixed effect of Elo on prediction coefficient overlapped with 0 (p =
0.007, 95% CI = [-0.003, 0.016]). The 95% credibility interval for the fixed effect of prediction
coefficient on recall accuracy also overlapped with 0 (B =0.164, 95% CI=[-0.54, 0.87]). Together
with previous findings, these results suggest that the observed mediation effect is primarily driven
by individual differences rather than within-subject development over time.

The above analysis demonstrated that making more schema-consistent predictions is
correlated with better memory at the level of experimental sessions. We next constructed a logistic
regression model to predict subsequent memory at the scale of individual moves, as a function of
the move’s probability and the prediction coefficient during the five-second window before the
move appeared with a subject random slope for prediction coefficient (figure 5e¢). There was a
main effect of log probability of the move (f = 0.083, z = 5.882, p <.001), consistent with our
session-level results demonstrating a memory benefit for more likely moves. We also found a
significant effect of prediction coefficient (f = 0.508, z =3.187, p = .001). There is no interaction
between the move probability and prediction coefficient (8 = 0.024, z = 0.395, p = .693). This
result shows that making schema-consistent predictions before a move appears is correlated with

better memory for the move, independent of the schema-consistency of the move.

1.3.5 Model-free measures of prediction confidence and surprise

In addition to the prediction coefficient, which measured the extent to which eye
movements are consistent with next-move predictions from our gameplay model, we considered
two model-free aspects of eye movements on empty squares (Figure 1.6a). The first is prediction

confidence, measuring the extent to which a participant was attending to a specific empty square
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(vs. looking evenly at many empty squares or at occupied squares). We use this as a measure of
whether participants have a specific expectation about the next move position. The second
measure is surprise, which is the negative log of the proportion of fixation time spent looking at
the correct next move position. A high level of surprise indicates that a participant spent very
little time looking at the square where the next move ended up appearing, which indicates low
prediction accuracy. We then conducted a move-level logistic regression similar to the one
described above, to predict whether a move will be remembered or not based on both prediction
confidence and surprise while looking at the previous board (Figure 1.6b), with subject random
slope for both prediction confidence and surprise. We found main effects of both factors,
indicating that a) making confident predictions before a move is related to better memory for that
move (B=0.375,z=4.372, p <.001) and b) unexpected (surprising) moves are more poorly

remembered (B =-0.015, z=-2.448, p=.014).
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Figure 1.6. Model-free measure of prediction and their relationship with memory. a: example
fixation heatmaps (in red) of high and low prediction confidence and surprise. Confidence
measures the extent to which fixations were focused on a small number of unoccupied squares,
while surprise measures how well these fixations aligned with the actual next move (indicated
with an empty circle). b: recall accuracy was best when prediction confidence was high and
surprise was low. Error bars represent standard error of the mean.
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1.4 Discussion

The main goal of the current study was to look at how schema-based predictive processes
support sequential memory encoding. Participants learned a novel schema (likely move sequences
and board configurations in 4-in-a-row) with much higher complexity than most artificial schemas
learned in the lab. Developing a schema for moves in the game requires a significant amount of
playing experience (reflected in the slow improvement in Elo ratings we observed across sessions),
but can still be accomplished within a single experiment, unlike games like chess. We observed
schema-related effects on sequence memory, and found that these effects emerge over time as the
schema develops. We also investigated the role predictions during encoding played in the
relationship between schema and memory, finding that making schema-consistent predictions,
making confident predictions, and making accurate predictions were all related to successful recall

at the level of individual moves.

1.4.1 Schema-related memory effects and how they develop

Our behavioral findings showed that previously-studied schema effects from previous
studies extend to this more complex experimental paradigm, and demonstrated how these effects
developed over time. First, memory gradually improved as people’s schemas gradually
improved. People with a better schema had better memory, consistent with the literature on how
expertise influences memory (Chase & Simon, 1973; Gobet & Waters, 2003). Second, the
memory benefit over the training session was driven by improved recall for schema-consistent
information, consistent with schema literature (e.g., Anderson, 1981). Previous work has also
shown that in some situations, schema-inconsistent information is better remembered (Frank &
Kafkas, 2021), which we did not observe in this study. All the sequences we used were generated

by a gameplay agent, so highly schema-inconsistent moves were rare, and none of our stimuli
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exhibited the extreme kind of “contextual novelty” (Ranganath & Rainer, 2003; Stark et al.,
2018) that often drive these effects; for example, we never showed a move that broke the rules of
the game or played an expected sound. Future work could test whether highly schema-
inconsistent items exhibit memory benefits equal to or greater than highly schema-consistent
items. Third, participants’ mistakes became more schema-consistent across sessions. These
errors could reflect false memories for schema-consistent sequences that never occurred, similar
to false memories generated by naturalistic videos or stories conforming to schematic scripts
(Lampinen et al., 2000; Neuschatz et al., 2002). Alternatively, participants may be guessing
schema-consistent moves when they failed to encode or retrieve the sequence; in future work,
confidence responses could be used to distinguish between these possibilities. Note that some of
the overall accuracy increase in the memory task across sessions could be attributable to a
practice effect, but general practice-related improvement does not explain the schema-related
effects that we observed for individual trials.

Interestingly, the relationship between recall accuracy and memory is attenuated in the
last 2 sessions, driven by improved memory for schema-inconsistent moves. Expertise effects
that partially extend to non-schematic situations have been previously observed; although chess
experts’ memory advantage was primarily driven by very high accuracy for schema-consistent
(legitimate) boards in Gobet & Waters (2003), experts also exhibited memory for random boards
that was better than that of weaker players. One possibility is that experts may be able to devote
fewer attentional resources to schematic moves, freeing up additional resources to handle more
unusual moves. Participants in our study may have also developed an effortful strategy to
remember schema-inconsistent moves (such as switching to a shape-based encoding for these

moves), consistent with the longer reaction times observed for low-probability moves in later
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sessions.

There are other potential mechanisms for the schema-related memory improvement that
were not explored in the current study. For example, the ways in which moves are represented in
the brain may shift with schema learning, moving from a purely spatial system (e.g.,
remembering that a move occurred at row 3, column 2) to a more feature-based representation
(e.g., remembered a move as “blocking opponent’s 3-in-a-row”), which makes remembering
easier and more robust. Future neuroimaging work can use techniques such as representational
similarity analysis (Kriegeskorte et al., 2008) to model the representational geometry of

remembered board positions and track how it changes over sessions.

1.4.2 The development of predictions and their influences on memory

The eye-tracking study showed that participants spontaneously exhibited predictive eye
movements consistent with the game schema, without any explicit prediction demands. This is
consistent with earlier work showing automatic predictive representations in basketball experts
(Didierjean & Marmeche, 2005). We also found that schema-based predictions were associated
with improved memory (at the level of participants and the level of individual moves), and that
these encoding-time predictions provide a mechanism for the impact of schema quality on
memory performance. There are several reasons why within-participant increases in Elo across
sessions were not predictive of improvements in prediction and memory. First, our estimate of
Elo during each memory task was based on gameplay performance on the prior day, which may
not be a precise measure of the participant’s current schema. Second, the biggest increase in
prediction occurred between sessions one and two, but the session one memory-task data cannot
be included in this prediction model since participants have not yet played the game (and we

therefore cannot estimate their Elo). Third, we may simply be underpowered to detect within-
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participant effects, since we only collected data from six sessions for each subject. Despite the
lack of within-subject effect, the session-level analysis provided the novel insight that the
memory advantage for more-expert players may be driven by superior predictive processes
during encoding.

Despite the numerous studies looking at how item novelty impacts memory (A. Greve et
al., 2017; Quent et al., 2021; van Kesteren et al., 2012), relatively few studies have looked at the
impact of temporal schematic prediction on memory for upcoming items. In a recent study,
Sherman and Turk-Browne (2020) showed that making predictions does not benefit memory for
the upcoming item and impairs the encoding of the current item, which is inconsistent with our
findings. One possibility is that their study (in which participants implicitly learned arbitrary
statistical dependencies between image categories presented in a continuous stream) engages a
predictive process that relies on the hippocampus (Schapiro et al., 2017), creating interference
between prediction and encoding processes. On the other hand, the explicit schematic
predictions in our study that are based on rules and progression towards goal states might rely on
a different network such as the medial prefrontal cortex (Bonasia et al., 2018; Robin &
Moscovitch, 2017; van Kesteren et al., 2012).

Our eye movement data suggest that making high-confidence predictions is related to
better memory, even when that prediction is inaccurate. This is in line with the generation effect
(Potts & Shanks, 2014; Slamecka & Graf, 1978), which showed that people better remember
unfamiliar study materials (meaning of foreign words) if they make a guess before seeing the
correct answer. Potts and Shanks (2014) demonstrated a benefit even for minimal predictions,
when predictions are based on random guessing and are wrong almost all the time. In our study,

although participants never made explicit predictions, high confidence fixations (even to the
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wrong square) could benefit memory through a similar predictive process.

Memory is also best when predictions are most accurate (the observed move is the least
surprising, coming exactly where participants anticipated it to be). Surprise or atypicality has
sometimes been shown to improve memory, since it attracts attention and can result in stronger
encoding (Frank & Kafkas, 2021; Neuschatz et al., 2002; Quent et al., 2021). On the other hand,
unexpected events can sometimes be difficult to retrieve at recall, since they are less connected
to the schema (Bower et al., 1979; Frankenstein et al., 2020). It is possible that the degree of
surprise makes a difference; as discussed above, we never presented invalid moves or
unexpected categories of stimuli, which could have strongly driven attention. The type of task
used might also matter, as it has been previously shown that schema-inconsistent object-location
pairs are better recognized, but not better recalled when given only location as a cue (Lew &
Howe, 2017).

Previous research has found a relationship between pupil dilation and surprise (Antony et
al., 2021; Lavin et al., 2014; Preuschoff et al., 2011), but our study was not well-suited to measure
subtle changes in pupil diameter. Studies of pupil dilation generally require tight control over the
experimental stimuli, using either purely non-visual stimuli (Preuschoff et al., 2011), or by
presenting luminance-controlled stimuli at fixation (Lavin et al., 2014). In our study the luminance
at fixation is highly variable, since eye movements are not controlled and squares can be
unoccupied (grey) or occupied by white or black pieces. Future work could attempt to study pupil
dilation in this paradigm using models to control for local and global luminance (Antony et al.,
2021) or by modifying the stimuli to ensure that all board spaces are isoluminant.

To conclude, we showed that people spontaneously engage in more sophisticated

predictive processes as their schemas develop, which are beneficial for memory. The current
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study adds to the literature showing the adaptive values of making predictions for perception and
action, and extends its benefit into memory domain. It also provides a novel mechanism for the
benefit of schemas on memory. Our paradigm uses a complex temporal schema that is much
more complicated than most artificial schemas (e.g., Tompary et al., 2020; van Buuren et al.,
2014) but does not take years to develop, like a chess schema (e.g., Chase & Simon, 1973; Gobet
& Waters, 2003). This makes 4-in-a-row an exciting testbed for future studies of the cognitive

and neural mechanisms of schema development and its impact on episodic memory.
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Chapter 2: Accurate predictions facilitate robust memory encoding

independently from stimulus probability

A version of this chapter was published as:
Huang, J., Furness, E., Liu, Y., Kenmoe, M. J., Elias, R., Zeng, H. T., & Baldassano, C.
(2025). Accurate Predictions Facilitate Robust Memory Encoding Independently From Stimulus

Probability. Open Mind, 9, 940-958.
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2.1 Introduction

Our perception and memories of the world are scaffolded by our prior experiences. We
can use schemas, the structured knowledge built from these prior experiences, to make
predictions about upcoming events (Clark, 2013; Friston, 2010; Huang et al., 2023). For
example, we can predict what characters in a story might do next or whether an athlete is about
to score in a game. These predictions have important implications for how we remember events,
but the ways in which accurate or inaccurate predictions impact subsequent memory are still
controversial. While numerous research studies have shown that prediction errors lead to better
episodic memory(Antony et al., 2023; Bein et al., 2021; Jang et al., 2019; Quent et al., 2022;
Rouhani et al., 2018; Wahlheim et al., 2022), in part through enhanced encoding (Frank &
Kafkas, 2021; Neuschatz et al., 2002), previous work found that prediction accuracy was
associated with better memory (Huang et al., 2023), and learning new information is generally
easier when it is congruent with prior knowledge (Bein et al., 2015; Brod & Shing, 2019; Buuren
et al., 2014; Quent et al., 2022). In most memory paradigms, however, it is difficult to determine
whether making an accurate prediction has a causal effect on memory at all, since the accuracy
of predictions (made before the stimulus appears) is almost exactly confounded with the schema-
consistency of the stimulus (the probability of the stimulus occurring in the current context).
Probable stimuli are more likely to be predicted, and improbable stimuli tend to elicit prediction
errors (Quent et al., 2021; Schliephake et al., 2021).

Because these two concepts are so closely related, prior work has largely conflated
cognitive processes related to prediction with those related to probability, but in fact these may
engage quite different mechanisms occurring at different points in time. Before a stimulus is

presented, we can generate predictions about this stimulus based on what we have recently
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observed. These predictions will often be sparse and incomplete; for realistic events, there is
generally an enormous space of possible outcomes and only limited time and cognitive resources
available to make predictions. After experiencing the stimulus, we can assess the accuracy of our
prediction, and (whether we were right or wrong) we can try to make sense of the outcome by
using our schematic knowledge to link it to our prior observations. For example, even a chess
Grandmaster will sometimes commit a blunder in a game, especially under time pressure, failing
to predict an opponent's move but immediately recognizing the move as sensible after observing
it. An engaging narrative will often include events that we did not predict (Baldassano, 2023),
but that in retrospect can in fact be meaningfully integrated into our current event model, such as
when a character is revealed to be a villain and we can recognize in hindsight that this is
consistent with previously-unexplained events. This dissociation between pre-stimulus
predictions and the schema-consistency of the observed stimulus in fact plays a key role in some
cognitive theories of humor (Raskin, 1984), which propose that jokes intentionally cause
listeners to fail to predict a schema-consistent punchline.

In most lab-based paradigms, however, there are a very small number of possible
outcomes, and participants can predict all the outcomes that “make sense” (have high
probability). When memory differences are observed between predicted and unpredicted stimuli,
it is therefore unclear whether these differences are driven by the match between the stimulus
and the pre-stimulus predictions per se (prediction accuracy) or by post-presentation evaluations
of the match between the stimulus and the schema (stimulus probability). The current study
aimed at investigating the specific impact of accurate prediction on memory, separate from the
probability of the stimulus, and the potential mechanisms behind prediction- and probability-

related effects. These mechanisms could involve processes during encoding (Bransford &
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Johnson, 1972) that improve memory precision (Bellana et al., 2021), or reconstruction processes
that improve retrieval of specific kinds of information (R. C. Anderson & Pichert, 1978).
Schematic knowledge can serve as a probabilistic prior, biasing responses to be more schema-
consistent (Alba & Hasher, 1983; Bartlett, 1932; Bransford & Johnson, 1972; Cheng et al., 2016;
Graesser & Nakamura, 1982; Hemmer & Steyvers, 2009; Huttenlocher et al., 1991; Ramey et al.,
2022), or providing retrieval cues that can allow access to weak episodic memories (Qureshi et
al., 2014; Watkins & Gardiner, 1979). Recent work in visual scene perception has shown that
patterns of visual attention for a repeated image are driven differentially by episodic memory
versus schematic knowledge (Ramey et al., 2022), suggesting that eye movements in response to
a memory cue could index the degree to which a schema-based retrieval strategy is being used. If
prediction accuracy and stimulus probability influence memory differently, different strategies
might be used when people encode and recall moves that are probable compared to moves that
are predicted.

In this study, we used a paradigm recently developed (Huang et al., 2023), in conjunction
with real-time eye-tracking, to manipulate prediction accuracy separately from stimulus
probability and to determine when a schema-based strategy was used during retrieval. We used a
game called 4-in-a-row, an extension of tic-tac-toe, where two players compete to connect four
pieces in a row (in either horizontal, vertical, or diagonal direction) on a 4x9 board (van
Opheusden et al., 2023). In a previous study, it was found that participants spontaneously
engaged in predictive eye movements when trying to encode game sequences shown to them,
and that making predictions consistent with the gameplay model was associated with improved
subsequent memory. However, move predictions were much more likely to be accurate when the

move was probable (according to a model of likely moves during effective gameplay); we
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therefore could not determine whether generating an accurate prediction had a specific
consequence for memory, separate from the probability of the observed move. In the current
study, we adjusted the presented moves in real time, controlling both the probability of the move
and whether the specific predictions a participant was making for this move was accurate or not
(by analyzing eye-movement data in real time). We therefore independently manipulated
prediction accuracy and stimulus probability by showing moves that people were predicting vs.
not predicting, as well as moves that were probable vs. improbable. We hypothesized that both
prediction accuracy and stimulus probability separately contribute to better memory, as reflected
in higher accuracy, higher confidence, and faster reaction times.

We additionally developed a method for using eye-movements to detect the use of
schematic knowledge at retrieval, allowing us to study the mechanisms by which stimulus
probability and prediction accuracy influence recall. We hypothesized that probable moves
would be encoded through a lower-precision gist-like representation (Bellana et al., 2021),
requiring more reliance on schematic knowledge at retrieval. Current theories, however, provide
conflicting hypotheses about the effect of prediction accuracy on recall strategy. Stimuli that do
not generate a prediction error might be less salient, leading to a less robust episodic memory
trace requiring more schema-based reconstruction at retrieval. Alternatively, generating an
accurate representation of a stimulus before it appears could enhance the depth and quality of
encoding due to additional encoding time (Naim et al., 2020) or by eliciting a positive emotional
response (A. Y. Lee & Sternthal, 1999).

We conducted two experiments in which participants learned the rules of the 4-in-a-row
game and then attempted to remember moves that were generated by combining participants’ in-

the-moment eye-movement with probable move locations. Moves separately varied in their
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probability (their likelihood to occur during a 4-in-a-row game) and the degree to which they
were predicted by the participant (based on their eye movements). Across both experiments, we
found that prediction accuracy and move probability independently contributed to better
memory, but through different mechanisms: accurately-predicted moves were more precisely
encoded and could be recalled without relying on the game schema, while probable moves were

remembered through a schema-based recall process.

2.2 Method

Participants

For Exp. 1, we recruited participants through the Columbia University RecruitMe
platform. They were paid $30 for the completion of the experiment with up to $10 bonus based
on performance in both gameplay and memory task. The Experiment took about 2 hours in total
(1 hour gameplay + 1 hour memory task). For Exp. 2, we used the Columbia SONA platform to
recruit students seeking research participation credit as part of their introductory psychology
classes. We reduced the number of games played by the participants to ensure that the whole
experiment took less than the departmental limit of 1.5 hours for SONA participants. All
participants were over 18 years of age and gave informed consent for the experiment. The
experimental protocol was approved by the Institutional Review Board in a RO1 University
(AAAS0252).

There were 37 participants for the Exp. 1 (29 female, 9 male), all with normal or
corrected-to-normal vision. These participants had a mean age of 26.02 (SD=7.49). The racial
makeup of the group consisted of 6 who identified as mixed race, 14 as Asian, 4 as Black or
African American, and 13 as White, and 1 who declined to answer. The sample size for Exp. 1

was similar to the previous study with this paradigm, and was intended as a proof-of-concept that
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our paradigm could successfully manipulate prediction accuracy independently from move
probability. Exp. 2 was pre-registered as a higher-powered replication with 80-100 participants,
which was our estimate of how many participants we could collect from our University subject
pool over the course of a full semester. In Exp. 2, a total of 120 participants signed up, and 105
participants completed both the gameplay and memory portions of the experiment. We excluded
9 participants due to failure to follow instructions (N = 3) or extreme difficulty with eye-tracking
(N = 6), often due to participants wearing glasses; note that due to the rules for Columbia’s
SONA program, we were not allowed to apply pre-screening criteria for participants to select
only participants who did not require glasses to correct their vision. Data from one participant
were lost due to technical errors while running the experiment. The final sample consisted of 95
participants: 35 male, 52 female, and 8 whose demographic information was missing. These
participants had a mean age of 20.61 (SD=3.82). The racial makeup of this group consisted of 10
who identified as mixed race, 24 as Asian, 7 as Black or African American, 37 as White, and 6
as other.
Design & Procedure

The study was a two-part experiment. Participants first completed an online task where
they learned the rule of the 4-in-a-row game and played 40 games to get familiar with it. The
gameplay task was built on Psiturk (Gureckis et al., 2016) and hosted on Heroku
(https://www.heroku.com/). In the second part, they came into the lab and complete the eye-
tracking portion. Two experiments were conducted, and Exp. 2 design and analyses were pre-
registered in AsPredicted (https://aspredicted.org/jv8qv.pdf).

The procedure of the experiments can be seen in Figure 2.1. Participants played 80 (Exp.

1) or 40 (Exp. 2) games against an Al opponent taken from (van Opheusden et al., 2023). The
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gameplay was completed 1-7 days before the day of their scheduled in-person session. The game
is an extension of tic-tac-toe, in which two players take turns to add a move on a 4x9 board. The
first player to connect four pieces of theirs in a row (either horizontal, vertical, or diagonal) on
the board wins. Participants were told how to win the game, and then played games against an
adjustable Al opponent. When the participant won, the Al became stronger, and vice versa.
Participants and Als took turns moving first. They were told the current level of the opponent at
every game. They were told to achieve a target level that represents a strong player and (in Exp.

1 only) that their bonus depended on the level they reached.

a
Gameplay Task
X 80 games (study 1)
I I o | | Or
H___ H___ —_— ... — ..:.—— X 40 games (study 2)
I I i
Participant’s turn ~ Waiting for Al opponent  Participant’s turn Game over, black wins
b Memory Task

m ’ m
Next move color Initial board new move added s

" N W
indicator 10's (study 1) / 5 Initial board Participant
1s 8 s (study 2) response

X 8 moves/block - Distractor — X 8 moves/block X 10 blocks

(15 sec)

Next move color Initial board one move added
indicator 10's (study 1) / 5s
1s 8 s (study 2)

Encoding @ Retrieval @

"
Initial board Participant response

Figure 2.1: Experimental design. a. Online four-in-a-row gameplay task. Prior to coming to the
lab, participants played 80 (Exp. 1) or 40 games (Exp. 2) against Al opponents. The participant
and the Al took turns placing pieces on a 4x9 grid, with the goal of connecting four pieces in a
row (in any direction) to win the game. b. In-lab memory encoding and retrieval task. In each
block, participants first went through 8 encoding trials. Each trial indicated which player would
make the next move for 1 second, a trial-unique initial game board was shown for 10 (Exp. 1) or
8 (Exp. 2) seconds, and then the next move was added to the board and shown for 5 seconds.
Participants’ task was to remember the single move associated with each board. After seeing all
the eight boards and the individual moves associated with each board, participants completed a
15-second distractor task, in which participants judged whether a single digit number was odd
or even, participants were shown the initial boards again (in a random order), and recalled the
move shown for that board. After they selected the move, the board remained on the screen
until participants responded to a prompt underneath the board requiring them to rate their
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confidence in their response. Participants’” eye movements were tracked throughout both
encoding and retrieval.

For the eye-tracking portion of the experiment, participants came in to the lab and signed
the consent form. They were given the overall instruction that: “To give you an overview of the
task - in this experiment you will remember and recall moves appearing on 4-in-a-row boards.
This task is about 60 minutes and can be quite difficult, so you should try to use your knowledge
about the game to help you. The instructions for how to complete the tasks will be on the
screen.” Participants were seated 100 centimeters in front of a monitor and placed their heads in
a chin rest 45 centimeters away from the eye-tracker. They were instructed to remain as still as
possible while the eye-tracker was running and were told that they could take breaks during the
experiment in between blocks. Before beginning the experiment and when the participants
returned from their breaks, the eye-tracker calibration and subsequent validation were done using
a nine-point grid. We recorded right eye movement using EyeLink 1000 plus at 1000 Hz
recording frequency. Light levels remained constant for the duration of the 60 min memory
portion of the experiments. The stimuli were displayed on a 24-inch LED monitor, with a
resolution of 1920 by 1080 pixels and a refresh rate of 60 Hz. The outputted EDF files were
converted to asc files and parsed with PyGaze (Dalmaijer et al., 2014). The experiment was
programed with PsychoPy.

Each of the ten blocks in the memory task consisted of eight trials. For each trial,
participants first saw text for one second indicating which color player would be playing this
move. This is followed by an initial board for 10 (Exp. 1) or 8 (Exp. 2) seconds, taken from the
middle of a game between two Al players as in (Huang et al., 2023), and then the move was
added to the board and shown for 5 sec. The number of pieces on the board ranged from 4 to 31,

with a median of 13 and an average of 13.52 pieces (SD = 5.97). Participants were instructed to
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watch and remember single moves placed on different boards. In Exp. 2 they were additionally
explicitly instructed to try to guess the location of the move and move their eyes to that location
before it appeared. This instruction was designed to ensure that participants’ fixations on empty
squares indeed reflected their predictions. We additionally changed how moves were generated
in Exp. 2 to encourage participants to make more predictions with their knowledge of the game
(more details in “real time generation of the move” section in Methods). After all eight moves
were shown, there was a 15-second distractor task in which random one-digit numbers flashed at
the center of the screen every 1 sec and participants were instructed to a button every time an
even number appeared. The distractor task was designed to be relatively short because the task of
remembering eight moves is highly challenging even at short retention intervals. Participants
were then shown the eight initial boards again, one by one, in random order, and recalled the
move that was placed on each board by clicking on the corresponding location. After each recall,
they also rated their confidence about the move on a scale of 1 to 9 (with 9 being most confident)
by pressing the keyboard.

A persistent technical issue with the eye-tracker sometimes caused the experiment to
freeze at random points in the middle of the experiment during both experiments. In case this
happened, we continued the experiment from the next block and did not include data from that
block in that participant. As a result, 9 participants in Exp. 1 and 13 participants in Exp. 2 had
one or two out of the ten blocks missing from their data. The data in the intact blocks of these
participants were used for the analysis.

Fixation smoothing and gameplay model
We used the same approach for processing fixations and generating probabilities from the

gameplay model in our previous study (Huang et al., 2023). Fixation maps were created for each
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10- or 8-second period before a move was shown. To handle uncertainty in assigning gaze to
squares, we performed a soft assignment to board locations based on distance. For a fixation at
position x with duration ¢ the square with center coordinate x; was assigned a fixation weight

of

e~ llxr=xill2/25

tF "
Z] e—||xp—xj||2/25

Here, distance is in the unit of pixels. The length of the square is 180 pixels so the
smoothing on the scale of 25 pixels is only relevant for fixations close to square boundaries. The
weights for all fixations during the 10- or 8-second window were summed to obtain a final map
of fixation weights for all board squares.

The gameplay model is a linear myopic model based on features manually selected for
gameplay, trained on games played by strong Al with PyTorch (Paszke et al., 2019). The model
outputs a probability distribution of likely next moves. A full description and validation of this

model can be found in our previous study (Huang et al., 2023).

Real time generation of the move
To generate a distribution of a participant’s predictions (prediction distribution, Figure 2.2a,
bottom right) for a board, we obtained a fixation heatmap during the initial board period (10 or 8
sec depending on experiment). Then, the fixations on the empty squares were extracted and
normalized such that the fixations sum to one. Similarly, we generated a move probability
distribution (figure 2.2a, top left) using the gameplay model.

To produce an unpredicted / improbable condition, one or both of these distributions

could be inverted, such that the probability of a move P(m) became:
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Max(P(m)) — P(m)
io(Max(P(D)) = P(D)

where n is the number of empty squares on the board. This makes the most
probable/predicted moves the least likely to occur, while the rest of the moves (originally with
near-zero likelihood to occur) became roughly equally likely.

The final distribution for the next move was calculated by multiplying the two
distributions together and normalized such that the distributions sum to one.

Pprobability (m) X Pprediction (m)
Z?:o(Pprobability(i) X Pprediction(i))

P(m) =

Distributions corresponding to four conditions were generated: probable and predicted,
probable but unpredicted, improbable but predicted, and improbable and unpredicted. The move
shown to the participants was sampled according to its probability in one of these combined
distributions. In Exp. 1, each block contained two moves drawn from each of the four
distributions. One potential downside of this design is that this results in many improbable
moves, which may discourage participants from using their general knowledge about the game.
In Exp. 2, we instead sampled moves only from the two probable conditions, with half of the
moves predicted and half unpredicted. All of the distribution calculations were completed at the
end of the initial board presentation period of each individual trial, allowing the presented move

to be selected based on the computed distribution.
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Figure 2.2: Real-time generation of the moves. a: After the initial board was shown, two
distributions were produced: one based on gameplay model that computes the probability of
the move to be played by a strong player (yellow), and one based on the participant’s predictive
fixations during the initial board period (blue). Darker colors indicate higher values in the
squares. The move probability and prediction distributions or their inverses were then
combined to generate four possible distributions from which the presented move was drawn:
improbable and unpredicted (used in Exp. 1 only), improbable but predicted (Exp. 1 only),
probable but unpredicted (both experiments), and probable and predicted (both experiments).
A move was sampled from one of the distributions. b: Distribution of move probability and
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prediction accuracy in each of the four or two conditions in Exp. 1 and 2. After a move was
sampled, it was evaluated with the move probability distribution and the prediction
distribution. This generates a move probability and prediction accuracy for each move (in this
example, move probability is -2.4 and prediction accuracy is 0.11). Each point in the scatterplot
is a move, and the color of the points correspond to the distribution from which the move was
drawn. The ellipses represent the 3o confidence ellipses for each condition, with colors
corresponding to the conditions in (a), showing where most of the points in each condition are
located. The correlation between prediction accuracy and move probability is close to zero.

Key measures

For our main analyses, we ignored the binary condition labels under which moves were
generated and instead measured prediction accuracy and move probability values for each
specific move (Figure 2.2b). Move probability is the log probability according to the gameplay
model of the move that was shown. Prediction accuracy is the percent of fixations at empty
squares that were focused on the move that was shown. Both move probability and prediction
accuracy were z-scored within each Experiment, across all participants and all moves.

We also derived a model-based measure of schema-based eye movements at retrieval
(Figure 2.4a). The fixations during the retrieval period were extracted and converted to heatmaps
as described above. For each move, fixations on empty squares were extracted and normalized to
sum to 1. We then ran a linear regression with the extracted fixation heatmap as the outcome
variable, and two regressors: one consisting of the probability distribution over possible next
moves according to the gameplay model, and another that had a value of 0 everywhere except at
the square corresponding to the correct move, where its value was 1. The resulting coefficients
for these predictors were Wy, opeprop ad Weorrectmove-

Statistical models

We first z-scored all the variables (other than RT and confidence, which are more
intuitive in their raw form), such that the betas reported in the paper reflect the effect size in
terms of how many SD changes in outcome variable is related to changes in one SD of the

59



predictor variable. All statistical models were fit in R with the Ime4 Package (Bates et al., 2015).
We started with the most complex model with random subject effects for all regressors. In cases
where the models did not converge, we simplified the models to reduce the number of random
effect terms, until only random intercepts remained in the model.

For the mediation analysis, the significance of the mediation was computed with the
package mediation (Tingley et al., 2014) that uses a bootstrapping procedure. Standardized
indirect effects were computed for each of the 10,000 bootstrapped samples, and the 95% CI was
computed by determining the indirect effects at the 2.5th and 97.5th percentiles.

Pre-registration and data sharing

The experimental design and potential analysis were pre-registered in AsPredicted
(https://aspredicted.org/jv8qv.pdf) before we started data collection for Exp. 2. The results below
present a simplified version of the pre-registered analysis plan; see the supplementary material
for full results from the planned analyses in the pre-registration. We also conducted additional
exploratory analyses looking at how retrieval eye movements are related to the probability of the
selected move, to better understand what this measure means in terms of retrieval strategies. All

the data and the code can be found online.

2.3 Results

2.3.1 Manipulation check

In our previous study, it was found that experienced participants spent more time fixating
on empty squares where a move was likely to appear in typical play (based on a game model);
since the actual moves shown were drawn from this same distribution, this led to a substantial

correlation between prediction accuracy and move probability (r = .228, p <.001) (Huang et al.,
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2023). We also found this relationship in the current experiments; computing the mean
correlation between fixation on empty squares of the initial board and the probability of the
moves for each subject, a one-sample t-test across subjects showed that these correlations were
significantly above 0.(Exp. 1: Mean correlation = 0.273, t(36) = 25.92, p < 0.001, Cohen’s d =
4.20; Exp. 2: Mean correlation = 0.354, t(94) =43.91, p < 0.001, Cohen’s d = 4.51), meaning
people tend to make predictions on probable moves. Despite the correlation, our real-time
procedure for selecting moves allowed us to separately control the extent to which moves were
likely and were predicted. Figure 2.2b shows the distribution of move probability and prediction
accuracy for all the moves in the experiment, demonstrating that our conditions successfully
sampled from different portions of this space and decorrelated prediction accuracy from move
probability in both Exp. 1 (r =.074) and Exp. 2 (r =-.057). While these correlations are still
significantly different from 0 due to the very large number of moves in the experiments (p <
.001), they are much smaller than in our previous study (and have different signs in each
experiment), allowing us to more rigorously estimate the independent impact of move
probability and prediction accuracy on memory. Because moves are sampled probabilistically,
they vary within and across our four conditions in terms of both their probability to occur and the
degree to which the participant predicted them on this trial. For the rest of the paper, we focus on
move probability and prediction accuracy for each move as continuous-valued predictors rather
than treating each condition as a discrete category.
2.3.2 Move probability and prediction accuracy both improve subsequent memory
Although the task is difficult, requiring participants to remember 8 moves associated with
8 unique boards, overall performance was reasonably high with a mean accuracy of 0.49 (SD =

0.19) in Exp. 1, and 0.55 (SD = 0.15) in Exp. 2. This is much higher than the level of
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performance that would be achieved if participants were guessing randomly (Mean accuracy
4.95%). We also simulated the mean accuracy if participants used the gameplay model to guess
the next move, instead of their episodic memory, which gave us accuracy still lower than the
accuracy of the participants (Exp. 1: 25%; Exp. 2: 31%), suggesting that they indeed used
episodic memory to complete the task. The mean confidence (out of 9) is 5.65 (SD = 1.24) in
Exp. 1 and 6.11 (SD = 1.19) in Exp. 2. The mean reaction time is 8.3 sec (SD =3.33) in Exp. 1
and 7.34 (SD =2.35) in Exp. 2.

We first conducted a mixed-effects logistic regression to predict memory accuracy from
move probability, prediction accuracy, and their interactions with random subject-specific slopes
for move probability and prediction accuracy (Figure 2.3, top). In both experiments, memory
was better for moves that were probable (Exp. 1: beta = 0.233, z=4.64, p <.001; Exp. 2: beta =
0.379,z=10.07, p <.001) and for moves that were correctly predicted (Exp. 1: beta=0.289, z =
5.19, p <.001; Exp. 2: beta =0.334, z=11.47, p <.001). The interactions were not significant in
either Exp. (p > .30).

We next looked at the effects of both measures and their interactions on memory
confidence and reaction time (Figure 2.3, middle and bottom). Due to convergence issues, these
analyses were performed with linear mixed-effects models predicting confidence and reaction
times from move probability and prediction accuracy, with random intercepts only. In both
experiments, participants were more confident about their answers when the move probability
was higher (Exp. 1: beta = 0.09, t(2879.5) = 2.08, p = .04; Exp. 2: beta = 0.258, t(7164.5) = 7.90,
p <.001) and if the prediction accuracy was higher (Exp. 1: beta = 0.159, t(2881.2) =2.90, p =
.004; Exp. 2: beta=0.111, t(7168.0) = 4.04, p <.001). Both move probability and prediction

accuracy led to faster reaction times in Exp. 2 (move probability: beta = -0.268, t(7167.8) = -
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3.60, p <.001; prediction accuracy: beta =-0.170, t(7172.1) =-2.71, p = .007). Similar results
were found in Exp. 1 but the effects were not statistically significant (move probability: beta = -
0.200, t(2881.0) =-1.35, p = .18; prediction accuracy: beta =-0.362, t(2883.7) =-1.93, p = .054).
None of the interactions between move probability and prediction accuracy were significant (p >
.31). These findings provide strong evidence that both move probability and prediction accuracy
separately and causally contribute to stronger memories that are recalled faster and with more
confidence.

Since prediction errors could benefit memory through enhanced encoding when
remembering something schema-inconsistent (Quent et al., 2022), the relationship between
prediction accuracy and memory accuracy could be non-linear. To test this hypothesis in our
data, we conducted a mixed effect logistic regression predicting memory accuracy from move
probability and prediction accuracy with linear and quadratic terms for both effects, and a
random subject intercept. While the linear effects for both measures remained robust in both
experiments (all p <.001), quadratic effects were largely absent. The square of prediction
accuracy showed no effect on memory (p = .38 in Exp. 1 and p =.92 in Exp. 2). Move
probability squared did show a significant effect in Exp. 2 (beta =.05, z=1.99, p =.047) and
trended towards significance in Exp. 1 (beta =.03, z=1.71, p = .087), but this effect was weak
compared to the linear effect; critically, memory still improved monotonically with move

probability (with an attenuated slope for low-probability moves).
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Figure 2.3. Impact of move probability and trial-wise predictions on recall performance.
Regression analyses were used to model memory accuracy (top), memory confidence (middle),
and reaction time (bottom) as a function of both move probability and prediction accuracy in
Exp. 1 (a) and Exp. 2 (b). In both experiments, memory was significantly more accurate and
confident for more likely moves and when predictions were accurate. These two factors also
improved reaction times, though this effect was significant only in Exp. 2.
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2.3.3 Eye movements reveal multiple distinct retrieval strategies

We next sought to understand the strategies that participants are using at retrieval by
modeling their eye movements. It’s possible that participants could use their schematic
knowledge about likely moves for a particular recall board, either by generating plausible moves
for the given board then attempting to recognize which move was previously seen (Watkins &
Gardiner, 1979) or by simply biasing their guesses toward probable moves. Alternatively, if
participants formed a precise episodic memory for a move on a board, they could directly
retrieve this memory when the board is shown, without having to make use of schematic
knowledge. To use eye movements to detect when participants were using a schema-based
strategy at retrieval, we ran a linear regression to predict retrieval fixations on empty squares as a
combination of two regressors: (1) the move probability of each empty square (including the
correct next move) and (2) the correct next move (with a value of 0 in all other squares) (Figure
2.4a). The coefficient of the move probability regressor (Wy,ovepron) re€presents how often a
participant was fixating on likely moves during retrieval for this trial, indicating schema use.
Note that, because the correct move is included as a nuisance regressor, simply making fixations
on the correct move will not increase the value of Wy, opeprob-

Since we would expect participants to use their schema at retrieval more when they are
more uncertain, we validated that wy,,,,eprop reflects schema use by checking whether it was
associated with worse memory. We conducted three mixed effect regressions predicting
memory, reaction time, and confidence from Wy, ,yeprop- FOr memory accuracy, we conducted a
mixed effect logistic regression, with random slope of W, yyeprop- FOr reaction time, we

conducted a linear mixed effect regression, with subject random intercept. For confidence, we
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conducted a linear mixed effect regression, with subject random slope of Wy, opeprop- Overall, we
confirmed that larger Wy, opeprop Was associated with worse memory: more schematic eye
movements predicted lower memory accuracy (Exp. 1: beta =-0.67, z=-7.14, p <.001; Exp. 2:
beta =-1.18, z=-17.98, p <.001), higher reaction times both when considering all moves (Exp.
1: beta = 0.47, t(2896.2) = 2.76, p = .006; Exp. 2: beta = 0.36, t(7180.0) = 5.86, p <.001) or
when restricting to correct moves only (Exp. 1: beta =0.76, t(1419.9) = 4.87, p <.001; Exp. 2:
beta = 0.59, t(3945.0) = 6.09, p <.001), and lower confidence for all moves (Exp. 1: beta =-0.40,
t(26.0) =-5.11, p <.001; Exp. 2: beta =-0.38, 1(90.9) =-9.91, p <.001) or for correct moves
only (Exp. 1: beta=-0.17, t(1408.1) = -2.62, p = .009; Exp. 2: beta =-.11, (3937.8) =-2.62,p =
.009).

We further explored how the degree of schematic eye movements at retrieval
(Wmoveprrop) Was related to participants’ responses. One possibility is that schematic eye
movements at retrieval simply indicate that participants are preparing to make a schema-
consistent guess on that trial. If that is the case, we should see that participants select the most
probable moves at recall when w,,,,,eprop 1S high. Alternatively, schematic eye movements at
retrieval could indicate that participants were using their schema to generate potential moves in
hopes of being able to recognize the correct move from episodic memory, in which case
participants will be able to report the correct move even if it was not the most probable move for
this board position. We tested this prediction by measuring the relationship between schematic
eye movements at retrieval and the probability of the selected move, separately for correct and
incorrect trials. We conducted a linear mixed effect regression, predicting probability of selected
move from Wy, gpepron, With a random subject intercept. When a move was incorrectly recalled,

schematic eye movements strongly predicted the probability of the selected move (Exp. 1: beta =
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0.58, t(1487.3) = 22.79, p <.001, Exp. 2: beta = 0.28, t(3246.3) = 21.16, p <.001), suggesting
that on these trials schematic eye movements were used to guess a likely move in the absence of
episodic memory. When a move was correctly recalled, however, schematic eye movements
were not related to the probability of the selected move (Exp. 1: beta = .05, t(1407.9) =1.40, p =
0.162, Exp. 2: beta =-.003, t(3934.0) =-0.17, p = .865). This provides evidence that schemas can
be used strategically to retrieve episodic memories, rather than simply biasing guessing toward

probable outcomes.
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Figure 2.4. Modeling and predicting eye movements at retrieval. a: We predicted the
distribution of fixations on empty squares when boards were presented at retrieval, using two
regressors: the likelihood of each move according to our gameplay model, and the location of
the correct move that was shown during encoding. The coefficient of the move probability
regressor measures the extent to which schema-based eye movements were present at retrieval.
b: In both experiments, when we evoked a prediction error during encoding, we observed more
schema-driven eye movements at retrieval. In Exp. 1, moves that were more probable also
showed more schematic eye movements; in Exp. 2, this relationship only held for moves that
were accurately predicted.
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2.3.4 Prediction accuracy, but not probability, reduces schema use at retrieval

We next examined whether participants’ retrieval strategy (as measured through eye
movements) differed for probable versus improbable moves and for predicted versus unpredicted
moves. We conducted a linear mixed-effects regression with the schematic eye movement at
retrieval (Wy,opeprop) @S the outcome variable and prediction accuracy (from eye movement
before the move shows up), the probability of the move (according to the gameplay model), and
their interaction as predictors, with a random subject intercept. In Exp. 1, both move probability
and prediction accuracy significantly impacted schematic eye movement, but in the opposite
directions (Figure 2.4b). Higher move probability was associated with more schematic eye
movement (beta = 0.05, t(2890.0) = 3.30, p =.001), whereas low prediction accuracy was
associated with more schematic eye movement (beta = -1.94, t(2897.2) =-9.75, p <.001). The
interaction between move probability and prediction accuracy was not significant (beta = 0.01,
t(2893.3) = 0.657, p =.511). In Exp. 2, move probability had no main effect on schematic eye
movement (beta = -.003, t(7222.9) = -0.02, p = .811), while low prediction accuracy was
associated with more schematic eye movement (beta = -0.18, t(7237.4) = -15.40, p <.001).
There was a significant interaction between the two measures (beta = 0.04, t(7250.0) =2.99, p =
.003), such that more probable moves led to more schematic eye movement only if the prediction
was accurate. Note that the direction of these effects reveals an interesting dissociation between
prediction and probability: the moves which relied least on schematic retrieval were those that
were simultaneously predicted and also low probability, a combination that would be difficult to
observe without our independent manipulation of these two factors. For moves with large
prediction errors, the effect of move probability was inconsistent across experiments, with

Winoverrop INCreasing for higher probability moves only in Exp. 1.
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Since we found that prediction accuracy decreased Wy, ,peprop and that lower Wy, opeprob
predicted more accurate responses, we tested whether reduced schematic eye movements
mediated the memory benefits of accurate prediction. In both experiments, this mediation was
significant (Exp. 1: bootstrapped indirect effect = 0.023, 95% CI =[0.176, 0.03], p <.001; Exp.
2: bootstrapped indirect effect = 0.0341, 95% CI = [0.028, 0.04], p <.001). This suggests that
making accurate predictions during encoding is associated with the creation of precise episodic
memories, allowing participants to rely less on schema at retrieval. On the other hand, move
probability did not significantly reduce schematic eye movements in either Exp. (and in fact
increased them in Exp. 1), providing evidence that better memory for probable moves does not
rely on this same mechanism of facilitated episodic encoding.

One potential explanation of our prediction-related memory effect is that, when a move is
shown at a participant's gaze position, it increases the total encoding time for the move and
therefore improves memory simply through additional exposure. This would be consistent with
our finding that accurate predictions resulted in strong episodic memory. If memory is solely
driven by the total encoding time, we would expect that the time spent looking at the move after
it was shown should predict memory performance, potentially even more strongly than
prediction accuracy. We conducted a mixed effect logistic regression predicting memory from
fixation on the correct move during the encoding period after the move appeared, with a subject
random intercept. We found that longer fixations on the move were not significantly associated
with better memory in either experiment (p > .427). We additionally performed a Bayesian
analysis, comparing the logistic regression model with fixation duration (and a per-subject
random intercept) to a null model with only per-subject random intercepts. The Bayes factor for

the fixation-duration model was 0.181 in Exp. 1 and 0.055 in Exp. 2, providing moderate to
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strong evidence in favor of the null model. This suggests that there is something special about
pre-stimulus fixations to the correct move location in the prediction phase that drive subsequent

memory.

2.4 Discussion

When experiencing events that unfold over time in naturalistic settings (Chen et al., 2017;
H. Lee & Chen, 2021), our episodic memories are scaffolded by our knowledge of the world that
we have built through repeated experiences (Baldassano et al., 2018; Masis-Obando et al., 2021).
One core benefit of having a schema for an event is that it enables us to make predictions, which
can have important implications for memory (Antony et al., 2021; Rouhani et al., 2018). This
study aimed to measure the specific impact of successful and unsuccessful predictions on
subsequent memory by deconfounding prediction accuracy from stimulus probability. We
accomplished this using a novel paradigm in which we measured predictions using real-time eye-
tracking and generated stimuli that were consistent or inconsistent with these predictions.
Overall, the results support a model in which prediction accuracy and stimulus probability
contribute to better memory through different mechanisms; accurate prediction facilitates the
formation of a precise episodic memory that is recalled directly, while probable stimuli were
more likely to be reconstructed through a schema-based process at retrieval.
2.4.1 Accurate predictions facilitate memory

We found that confirming a participant’s prediction improved later memory, whether or
not the predicted stimulus was actually probable according to the gameplay model. Decades of
research studies have examined how schemas help memory (J. R. Anderson, 1981). For schema-

consistent information, like a pan on a stove, schemas not only facilitate rapid consolidation
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during encoding (Sommer et al., 2022), but also allow people to come up with guesses at
retrieval that could serve as cues for recognition (R. C. Anderson & Pichert, 1978; Watkins &
Gardiner, 1979). Recent work has argued for a central role of prediction in memory, showing
that merely making a schema-consistent prediction is associated with better memory (Huang et
al., 2023), and that how schema-inconsistent information is remembered depends on the strength
of expectation and prediction error (Quent et al., 2021). Our results show that schematic
knowledge can in fact improve memory through two separable mechanisms: by enhancing
precise memory encoding through more accurate predictions, and by steering retrieval processes
toward likely outcomes.

We found no evidence for improved memory from large prediction errors as reported in
previous studies (Antony et al., 2023; Bein et al., 2021; A. Greve et al., 2017; Rouhani et al.,
2018). One potential explanation for the lack of effect is the element of surprise in the study,
where participants’ predictions were violated about 50% of the time. It is possible that in
previous studies prediction errors benefit memory because they are rarer and more surprising.
However, in a recent study which found a significant benefit of incongruency on memory (Quent
et al., 2022), the amount of congruent and incongruent trials was balanced, and the lack of
prediction error effect is unlikely solely due to the prediction errors being more surprising in
previous studies. It is important to note, however, that many studies showing benefits of
prediction error use reward paradigms (Jang et al., 2019; Rouhani et al., 2018), in which
prediction errors provide a critical learning signal for improving mental models or action
policies. Prediction error in the current study does not provide any new information about
rewards or the rules of the game, and therefore may not trigger processes that enhanced memory

in these studies. Additionally, outside the context of reinforcement learning, the effects of
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prediction error on memory have been less clear. In research on schema, participants are often
shown object in a congruent or incongruent context (Quent et al., 2022; Van Kesteren et al.,
2013), where incongruent pairs are thought to generate prediction errors. Although some studies
have shown better memory for schema-incongruent pairs (Quent et al., 2022), many have found
the opposite result (Holtje & Mecklinger, 2022; Ortiz-Tudela, Nolden, et al., 2023; Poskanzer et
al., 2025; Van Kesteren et al., 2013). In addition, it is worth noting that research on both
reinforcement learning and schema tend to use recognition or forced-choice memory tests (A.
Greve et al., 2017, 2019), and research has shown better memory for unexpected items during
recognition, but not recall (Lew & Howe, 2017). This paper therefore supports the view that the
impact of prediction error on memory is more nuanced than previously assumed (Bein et al.,
2023), and further research is needed to find the contexts in which prediction error benefits
memory. One factor that could impact memory effects is the level of cortical hierarchy in the
brain in which prediction errors occur. Previous studies have demonstrated that information
accumulates at increasing timescales as it moves from sensory cortex into higher-level regions
like prefrontal cortex (Hasson et al., 2015), and that there is a corresponding increase in the
timescale of predictions (C. S. Lee et al., 2021; Tarder-Stoll et al., 2024). The current study relies
on predictions that likely rely on higher-order regions such as medial prefrontal cortex (Hasson
et al., 2015), and the effect of prediction error on memory might be different for lower-level
predictions such as perceptual oddballs (Strange & Dolan, 2001). An alternative account for the
observed benefit of prediction accuracy on memory is that this arises purely by increasing the
effective amount of encoding time for the move stimulus, which is well known to improve
memory in general (Murdock, 1974). It is possible that part of the mechanism through which

prediction improves memory is by effectively allowing additional "pre-stimulus encoding" of the
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move and relevant visual features if the stimulus can be accurately anticipated before it appears.
Prediction can also allow a participant to spend more time fixating on the move once it appears,
which could allow for more extensive encoding (through processes not related to prediction per
se). However, we found that this additional fixation time on the stimulus itself was not the route
by which prediction impacted memory in our study; the amount of time spent fixating on the
move after it appeared was not related to subsequent memory. This suggests that, if additional
encoding time is playing a role, it is only the early pre-activation of stimulus content generated
by predictive processes. We therefore argue that a generic encoding-time explanation fails to

account for the specific impact of pre-stimulus anticipation that we observed in our study.

2.4.2 Accurate predictions led to reduced reliance on schema at retrieval

Past literature has shown that eye-movements during retrieval represent meaningful
temporal contexts of the memory representation (Kragel & Voss, 2021). Using eye movements at
retrieval to detect when participants were using a schema-based reconstruction strategy, we
found that this strategy was used more often for moves that were poorly predicted during
encoding. We interpret the findings as evidence that that prediction confirmation leads to an
enhanced episodic encoding process (Ramey et al., 2022), perhaps through facilitated processing
of the expected stimulus (Sommer et al., 2022), such that they were recalled without having to
search through schema-consistent possible moves. In addition, the positive emotional response
evoked by correct predictions might make the stimulus more salient (A. Y. Lee & Sternthal,
1999). Another potential mechanism could be related to how predicted and probable information
were consolidated (Van Kesteren et al., 2013). Future research could further investigate how

memory encoding process and the resulting memory representation differs for predicted and
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unpredicted items, to better understand how accurate predictions facilitate precise episodic
memory.

The finding that accurate prediction promotes forming a robust episodic memory is
particularly relevant to theories of how people remember schema-consistent and schema-
inconsistent information. For example, the “Schema-Linked Interactions between Medial
prefrontal and Medial temporal lobe” model (van Kesteren et al., 2012) proposes that schema-
consistent information will be remembered through reactivation of the schema whereas schema-
inconsistent information will be remembered through retrieval of a specific instance memory.
Our results are partially consistent with this model, in this sense that moves with high probability
(consistent with the game schema) relied more on a generate-and-recognize strategy during recall
(Watkins & Gardiner, 1979), though this effect was found only for accurately predicted moves in
Exp. 2. This potentially saves attentional resources and allows them to focus on episodically
encoding improbable moves (which cannot be easily accessed via a schema-based strategy at
retrieval). This suggests that participants might create strong episodic memories only for
improbable moves that they know will be difficult to generate at retrieval. This strategy may be
especially useful when the task is more difficult, explaining why it is used more in Exp. 1 (which
requires memorization of many more low-probability moves). Our findings are also consistent
with prior work showing efficient encoding of schema-consistent information, but at the cost of
memory precision (Bellana et al., 2021).

However, we also showed that accurate predictions (which are more likely to occur for
schema-consistent moves) created strong episodic memories that could be retrieved without
engaging schematic processes. Our findings could potentially explain why Quent et al. (2022)

found that both schema-consistent and inconsistent items were associated with better
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recollection, if participants were able to make accurate predictions for the schema-consistent
items. Future studies should consider the impact of prediction confirmation when designing
experiments, since parameters such as the interval between context and item might facilitate or

inhibit predictions and impact schema effects on memory.

2.4.3 Methodological implications

Finally, this work developed two methodological advances that can provide new insights
in memory research and related fields. Although gaze-contingent paradigms have been used to
study vision (Rayner, 1975) and social cognition (Q. Wang et al., 2020; Wilms et al., 2010), and
eye-tracking methods have been used in memory research (Clewett et al., 2020; Ramey et al.,
2022; Wynn et al., 2019, 2020), adaptive paradigms with real-time eye-tracking have not
previously been applied to memory research. Our work demonstrates that it is possible to track
predictions over a large space of potential actions (on a 4x9 game board) to control when
prediction errors occur, isolating the impact of prediction errors from factors such as outcome
likelihood or reward magnitude. A common challenge in studying the impact of schematic
knowledge is that it is difficult to disentangle encoding-time and retrieval-time mechanisms,
motivating manipulations such as changing the schema between encoding and retrieval (R. C.
Anderson et al., 1983; Bransford & Johnson, 1972). Our study established a novel method of
disentangling these two kinds of processes, and also showed that eye movements during retrieval
can index not only episodic memory of the item (Wynn et al., 2019), but also the degree to which
schematic knowledge is being used to search for a memory. Both of these methods can be
applied to fields including attention, learning and decision making. For example, real-time eye-
tracking could be used to dissociate reward and prediction error in learning research (Rouhani et

al., 2018), and eye movements during decision making could potentially reveal what strategies
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(e.g., episodic memory, model-free learning, model-based learning) were used, in addition to
modeling the behavioral choice people made (Nicholas et al., 2022). Similarly, in studies of
visual search (Castelhano & Heaven, 2011; Wynn et al., 2020), our modeling approach could
provide insights into how different sources of information might be used.

To conclude, the current study used a complex board game in combination with real-time
eye-tracking to test how prediction accuracy and stimulus probability separately contribute to
memory. We found that both prediction accuracy and stimulus probability lead to better memory,
but through different mechanisms: prediction accuracy boosts the formation of episodic memory,
whereas stimulus probability benefits memory by through schema-based inference at retrieval.
This study is part of a recent movement to use games to study cognition (Allen et al., 2023),
since they probe more complex processes than traditional designs while still allowing for precise
quantitative modeling. There are especially exciting possibilities for studying schematic
prediction and memory with these paradigms, since both participants and computational models
can make meaningful predictions about upcoming moves, even for novel board positions. Since
moves correspond to spatial positions in 4-in-a-row, eye-tracking can provide new insight into
predictive processes and adaptive experimental designs. Future work in this field should continue
to explore the advantages of using game-based paradigms to study the perception and memory of

naturalistic sequences.
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Chapter 3: Distinct neural representation of different types of
predictions and prediction errors

3.1 Introduction

Events in daily life are often highly predictable. Many of our experiences, such as our
commute to work, occur repeatedly with the same structure across episodes. Even when we do
something that is not routine, such as going to a new restaurant, we typically have some prior
experience, or script for what we expect to happen at this kind of location. These routine and
scripts allow us to, consciously or unconsciously, make predictions about what might happen
next. Prediction is a top-down process by which prior experience at different timescales can
influence how incoming stimuli are processed. Prediction has been considered one of the crucial
functions of the brain (Bar, 2009; Clark, 2013; Friston, 2010), necessary for processing the
upcoming stream of sensory information. Predictions are observed across different levels of the
cortical hierarchy (Hasson et al., 2015; C. S. Lee et al., 2021), from the basic sensory prediction
that can be observed in mice (Finnie et al., 2021), to predictions based on memory during
repeatedly viewing the same stimuli multiple times (C. S. Lee et al., 2021), to novel information
that either fits or does not fit into the current context and the prior knowledge that we have
(Quent et al., 2021, 2022; van Kesteren et al., 2012).

As discussed in Chapter 2, a few past studies that used relatively simple paradigms have
found improved memory for schema-inconsistent information in some cases, and have attributed
it to a benefit from “prediction error” (e.g., Quent et al., 2021, 2022). In Huang et al. (2025), we

took one step at breaking down the idea of prediction, looking at the relationship between
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schema and prediction in a more subtle lens. Specifically, we challenged the idea in the literature
that schema-consistent information is always “predicted”” whereas schema-inconsistent
information is always a “prediction error” (e.g., Quent et al., 2021, 2022). By separating how
much the stimuli are probable given the context and how much the stimuli are predicted by the
participant before they appear (with real-time eye-tracking to manipulate prediction accuracy),
we showed that there were distinct (and additive) impacts of probability and prediction accuracy.
Contrary to a common view in the field about the mnemonic advantages of surprising stimuli
(Bein et al., 2021), both prediction and schema-consistency benefited rather than worsened
memory, though they were associated with different kinds of retrieval strategies. However, the
neural mechanisms engaged by prediction accuracy/error and schema-consistency/inconsistency,
and the extent to which they diverge or overlap, are not well understood.

In addition to making predictions based on general schematic knowledge, we can often
make predictions based on specific past episodes. These predictions based on past episodes are
the in fact a more common topic of investigation in past research (Bein et al., 2021; Lee et al.,
2021; Poskanzer et al., 2025; Tarder-Stoll et al., 2024), because it is relatively easy to create an
episodic memory and later evoke a prediction error by repeating this stimulus with a different
outcome. Recent work has provided evidence that different neural systems underlie schematic vs.
episodic predictions. For example, in Varga et al (2025), participants were shown videos of
everyday activities (such as using a washing machine) that that either had a typical ending
(schema-consistent, such as putting clothes into the machine) or an atypical ending (schema-
inconsistent, such as putting flowers into the machine). Participants were then shown the
beginnings of the same videos that ended the same or differently from the ones that they had

previously seen. Across three studies, the hippocampus showed higher activity when participants
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saw a video that was different from what they had seen previously, regardless of whether the
videos had typical endings or not. These results suggest that the hippocampus specifically
responds to mismatch or prediction errors that are based on episodic memory, rather than
schematic knowledge.

In the current study, we looked at the neural mechanisms of different processes that
might be happening under the general term “prediction”. We continued using the 4-in-a-row
game that was used in the two previous chapters as a useful tool for studying processes of
prediction. We had participants remember and recall sequences of moves in fMRI while having
their eye movements tracked with an eye-tracker. In Huang et al. (2023), we established that
participants spontaneously make predictions when encoding sequences, which can be indexed in
eye-movement, where they look at probable next moves. Like Huang et al. (2025), for each
move, we measured how probable it was according to the gameplay model and how accurately
predicted it was (with the eye-tracking data), and related that to the activity in the brain.
Additionally, we included a task where participants made predictions on boards that were either
shown previously in the sequence memory task or novel boards that were never shown. This
allowed us to create situations where participants could use memory to make a prediction vs.
situations where they could use only their schema to make a prediction, and we looked for
potential differences in the neural activities when predictions were based on schema vs. episodic
memory. We found that move probability and prediction accuracy are associated with distinct
activation patterns in the brain, both during encoding and retrieval of these moves, consistent
with our hypothesis that these are separable cognitive processes. Additionally, we found that
episodic memory-based predictions in the prediction task showed higher univariate activity than

schema-based prediction in the retrosplenial cortex. These results further support the idea that
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prediction encompasses many subtle processes that separately impact memory encoding and

retrieval.

3.2 Methods

Participants
The current dataset consists of 19 participants (8 males and 11 females), with a mean age of 25.8
years old (SD = 4.26). The racial makeup of the participants is 16 White, 2 Asian, and 1 Black.
Participants were paid $80 at the end of the experiment. For both versions of the study, we
recruited participants through personal contacts. All participants were over 18 years of age with
normal or corrected-to-normal vision (with contacts) and gave informed consent for the study.
The experimental protocol was approved by the Institutional Review Board of Columbia
University (AAAS0252).
Stimuli

In the sequence memory task, the sequences shown to the participants were taken from
the middle of a game between two Al players as in the previous chapters. In the prediction task,
six boards were taken from the first board of each sequence from the same run (and the correct
move is the same as the first move of the sequence). Six boards were new boards not shown to
the participants in the sequence memory task, taken from the middle or the end of a game with
two Als playing against each other.
Experimental design

Before coming into the scanning session, participants first completed a 1-hour gameplay,
where they played 80 games against an Al opponent staircased to be stronger when the

participant wins a game and weaker when the participant loses.
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On the day of the scan, participants were first given a practice run of the task outside of
the scanner on the laptop, which consists of three sequence memory blocks and one prediction
block. The goal of the practice is to familiarize participants with the task, the response, and make
sure that they understand the instructions. Participants in the experiment responded in the
scanner with one button box on each hand, each with four keys laid out in one line. In the
practice, participants learned the to use direction keys on the laptop with the same layout (6,7,8,9
as the direction key for left, up, down, right, respectively). The experiment starts with an
anatomical scan, during which eye-tracker calibration and subsequent validation were done using
a nine-point grid. Participants were also given the practice task again, just to familiarize
themselves with using the direction key on the button box.

Eye tracking data were collected using an Eyelink 1000 Plus infrared video-based system
by SR Research. The camera tracked the participant’s right eye at 1000 Hz in a head-stabilized
position. Participants were stabilized in the head coil and an MRI-compatible long-range enabled
Eyelink 1000 Plus system was positioned outside the scanner bore and beneath the MRI display

such that the participant’s eye could be tracked through the head coil-mounted mirror.
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Figure 3.1 Overview of the task structure. a. Encoding task. Participants were shown two
sequences of three moves, and their task was to remember the sequences. They were first shown
an initial board for 5 sec, then a move is added to the board every 5 sec (the two most recently
added moves were highlighted). b. Distractor. Participants were given a distractor task where
they saw numbers flashing on the screen for 1 sec, and they had to make a button press if they
saw an even number. c. Retrieval. Participants were shown the initial board of one of the
sequences, with a red square that was randomly placed on the board. They moved the red
square with four direction keys to recall each move in the sequence, and pressed a button at
each move location to confirm their choice. They provided a confidence judgment for each
move by using the arrow keys to select from 3 confidence levels. d. Prediction block. In each
trial, participants were shown a board for 5 sec. Their task was to make a prediction about the
upcoming move on this board, responding as in the prediction task. Half of the boards were the
initial boards of the sequences in the prior three encoding blocks of this run, and participants
were told that they could use their memory to make a prediction if they have seen the board
before. After they made a prediction, they were asked whether the board was old or new,
whether they used memory or guessing (schema) to make a prediction, and whether they felt
confident about their prediction. After they answered these questions, they were shown the
correct next move for that board. e. Overall task structure. There were 6 runs in total in fMRI,
each consisting of 3 blocks of sequence memory task (2 sequences per block) and 1 block of
prediction task.

Each run of the formal experiments (with fMRI) started with calibration and validation,

and consisted of three sequence memory blocks and one prediction block (Figure 3.1e). In each
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sequence memory block, participants remember two sequences of three moves each. Initially, an
initial board was shown to the participants for 5 sec. Then a new move was added to the board
every 5 sec. The newly added moves were highlighted (Figure 3.1a). After two sequences were
shown, participants complete a distractor task where they were asked to make a button press
when they see an even number by pressing the confirm key (Figure 3.2b). During retrieval
(Figure 3.1c), which came after the distractor task, participants were shown an initial board with
a red square on a random non-occupied square on the board, and participants’ task was to move
the red square to the location of the next move on this board by using four direction keys on the
button box. They then confirm their choice using the confirm key on their other hand. After that,
a prompt occurred on the bottom of the screen asking how confident they were about their
predictions, with three options (not confident, somewhat confident, confident). Participants can
choose from these three by moving a red triangle to the option they would like to choose with a
direction key and press the confirm key.

After three sequence memory blocks, participants were given the prediction task (Figure
3.1d). Participants were first shown an initial board for 5 sec, which is either the initial board of
one of the six sequences shown previously in the sequence memory task, or a new board that was
never shown to the participants. A red square showed up after the 5 sec, and participants move
the red square with the direction keys to make a prediction about the next move on the board.
They were told beforehand that if they saw a board which they have seen previously in the
sequence memory task, the correct move would be the same as in the memory task, and that they
should use their memory to make a prediction in these cases. After they made their prediction by
pressing the confirm key, a prompt showed up on the bottom of the screen to ask whether the

board is a new or old board (answer: new, unsure, old); whether they used episodic memory or
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their knowledge to make a prediction (answer: knowledge, both, memory); and whether they felt
confident about their prediction (not confident, somewhat confident, confident). They answer by
navigating the red triangle, as described in the previous paragraph.
Gameplay models and eye-movement measures

The gameplay model and the eye-tracking measures used in the current study were the
same as described in previous chapters.
MRI Acquisition

Whole-brain data were acquired on a 3 Tesla Siemens Magnetom Prisma scanner
equipped with a 64-channel head coil at Columbia University. Whole-brain, high-resolution (1.0
mm iso0) T1 structural scans were acquired with a magnetization-prepared rapid acquisition
gradient-echo sequence (MPRAGE) at the beginning of the scan session. Functional
measurements were collected using a multiband echo-planar imaging (EPI) sequence (repetition
time = 1.5s, echo time = 30ms, in-plane acceleration factor = 2, multiband acceleration factor =
3, voxel size = 2mm is0). Sixty-nine oblique axial slices were obtained in an interleaved order.
All slices were tilted approximately -20 degrees relative to the AC-PC line. There were 6
functional runs in each scan, consisting of 3 sequence memory tasks and 1 prediction task in

each run.

JSMRI preprocessing

Results included in this manuscript come from preprocessing performed using fMRIPrep
23.0.2 (Esteban et al. (2019); Esteban et al. (2018); RRID:SCR_016216), which is based on
Nipype 1.8.6 (Esteban et al., (2022); Gorgolewski et al., (2011); RRID:SCR_002502).

Anatomical data preprocessing
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A total of 1 T1-weighted (T1w) images were found within the input BIDS dataset.The
T1-weighted (T1w) image was corrected for intensity non-uniformity (INU) with
N4BiasFieldCorrection (Tustison et al., 2010), distributed with ANTs 2.3.3 (Avants et al., 2008,
RRID:SCR _004757), and used as T1w-reference throughout the workflow. The T1w-reference
was then skull-stripped with a Nipype implementation of the antsBrainExtraction.sh workflow
(from ANTs), using OASIS30ANTS as target template. Brain tissue segmentation of
cerebrospinal fluid (CSF), white-matter (WM) and gray-matter (GM) was performed on the
brain-extracted T1w using fast (FSL 6.0.5.1:57b01774, RRID:SCR_002823,(Zhang, Brady, and
Smith, 2001). Brain surfaces were reconstructed using recon-all (FreeSurfer 7.3.2,
RRID:SCR_001847, (Dale, Fischi, Sereno, 1999), and the brain mask estimated previously was
refined with a custom variation of the method to reconcile ANTs-derived and FreeSurfer-derived
segmentations of the cortical gray-matter of Mindboggle (RRID:SCR 002438, Klein et al.
2017). Volume-based spatial normalization to one standard space (MNI152NLin2009cAsym)
was performed through nonlinear registration with antsRegistration (ANTs 2.3.3), using brain-
extracted versions of both T1w reference and the T1w template. The following template was
were selected for spatial normalization and accessed with TemplateFlow (23.0.0, Ciric et al.,
2022): ICBM 152 Nonlinear Asymmetrical template version 2009¢ [Fonov et al., (2009),

RRID:SCR_008796; TemplateFlow ID: MNI152NLin2009cAsym].

Preprocessing of B0 inhomogeneity mappings
A total of 3 fieldmaps were found available within the input BIDS structure for this
particular subject. A deformation field to correct for susceptibility distortions was estimated

based on fMRIPrep’s fieldmap-less approach. The deformation field is that resulting from co-
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registering the EPI reference to the same-subject T1w-reference with its intensity inverted (Wang
et al., 2017; Huntenburg, 2014). Registration is performed with antsRegistration (ANTs 2.3.3),
and the process regularized by constraining deformation to be nonzero only along the phase-
encoding direction, and modulated with an average fieldmap template (Treiber et al., 2016).
Functional data preprocessing

For each of the 18 BOLD runs found per subject (across all tasks and sessions), the
following preprocessing was performed. First, a reference volume and its skull-stripped version
were generated using a custom methodology of fMRIPrep. Head-motion parameters with respect
to the BOLD reference (transformation matrices, and six corresponding rotation and translation
parameters) are estimated before any spatiotemporal filtering using mcflirt (FSL
6.0.5.1:57b01774, Jenkinson et al., 2002). The estimated fieldmap was then aligned with rigid-
registration to the target EPI (echo-planar imaging) reference run. The field coefficients were
mapped on to the reference EPI using the transform. The BOLD reference was then co-registered
to the T1w reference using bbregister (FreeSurfer) which implements boundary-based
registration (Greve & Fischl, 2009). Co-registration was configured with six degrees of freedom.
Several confounding time-series were calculated based on the preprocessed BOLD: framewise
displacement (FD), DVARS and three region-wise global signals. FD was computed using two
formulations following Power (absolute sum of relative motions, Power et al., (2014)) and
Jenkinson (relative root mean square displacement between affines, Jenkinson et al., (2002)). FD
and DVARS are calculated for each functional run, both using their implementations in Nipype
(following the definitions by Power et al., 2014). The three global signals are extracted within
the CSF, the WM, and the whole-brain masks. Additionally, a set of physiological regressors

were extracted to allow for component-based noise correction (CompCor, Behzadi et al., 2007).
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Principal components are estimated after high-pass filtering the preprocessed BOLD time-series
(using a discrete cosine filter with 128s cut-off) for the two CompCor variants: temporal
(tCompCor) and anatomical (aCompCor). tCompCor components are then calculated from the
top 2% variable voxels within the brain mask. For aCompCor, three probabilistic masks (CSF,
WM and combined CSF+WM) are generated in anatomical space. The implementation differs
from that of Behzadi et al. in that instead of eroding the masks by 2 pixels on BOLD space, a
mask of pixels that likely contain a volume fraction of GM is subtracted from the aCompCor
masks. This mask is obtained by dilating a GM mask extracted from the FreeSurfer’s aseg
segmentation, and it ensures components are not extracted from voxels containing a minimal
fraction of GM. Finally, these masks are resampled into BOLD space and binarized by
thresholding at 0.99 (as in the original implementation). Components are also calculated
separately within the WM and CSF masks. For each CompCor decomposition, the k components
with the largest singular values are retained, such that the retained components’ time series are
sufficient to explain 50 percent of variance across the nuisance mask (CSF, WM, combined, or
temporal). The remaining components are dropped from consideration. The head-motion
estimates calculated in the correction step were also placed within the corresponding confounds
file. The confound time series derived from head motion estimates and global signals were
expanded with the inclusion of temporal derivatives and quadratic terms for each (Satterthwaite
et al., 2013). Frames that exceeded a threshold of 0.5 mm FD or 1.5 standardized DVARS were
annotated as motion outliers. Additional nuisance timeseries are calculated by means of principal
components analysis of the signal found within a thin band (crown) of voxels around the edge of
the brain, as proposed by (Patriat Reynolds, and Birn, 2017). The BOLD time-series were

resampled into standard space, generating a preprocessed BOLD run in
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MNI152NLin2009cAsym space. First, a reference volume and its skull-stripped version were
generated using a custom methodology of fMRIPrep. The BOLD time-series were resampled
onto the following surfaces (FreeSurfer reconstruction nomenclature): fsaverage6. All
resamplings can be performed with a single interpolation step by composing all the pertinent
transformations (i.e. head-motion transform matrices, susceptibility distortion correction when
available, and co-registrations to anatomical and output spaces). Gridded (volumetric)
resamplings were performed using antsApplyTransforms (ANTs), configured with Lanczos
interpolation to minimize the smoothing effects of other kernels (Lanczos, 1964). Non-gridded
(surface) resamplings were performed using mri_vol2surf (FreeSurfer).

Many internal operations of fMRIPrep use Nilearn 0.9.1 (Abraham et al., 2014,
RRID:SCR_001362), mostly within the functional processing workflow. For more details of the
pipeline, see the section corresponding to workflows in fMRIPrep’s documentation.

ROI and searchlight definition

We used ROIs in the default mode network: angular gyrus, medial prefrontal, and
retrosplenial cortex. These ROIs were originally derived from a resting-state network atlas on the
fsaverage6 surface (Thomas Yeo et al., 2011).

Univariate analysis

Spatial smoothing was conducted on the surface post-fMRIPrep, averaging the signal
with the neighboring vertices. Whole-brain univariate analysis was conducted on each vertex for
each run on the data. Because each run includes encoding, retrieval, and prediction tasks, three
task regressors were used as a baseline for other regressors related to measures used in the study.
This makes sure the regressors of interest that we included account for more than just the task

activity. The parametric regressors, described below, were included in the ridge regression:
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Encoding (activity during the encoding period after a move shows up): move
probability and prediction accuracy at each move

Retrieval (activity during which participants were navigating the red square):
move probability and prediction accuracy of the correct move, eye-movement strategy
coefficients (looking at probable moves and looking at correct moves)

Prediction activity (during the 5 sec when participants were looking at the board
during the prediction task before the red square shows up): Three regressors
corresponding to participants answering old, new, and familiar in the recognition
question, and two regressors corresponding to whether episodic memory is used
(participants responded with “memory” or “both”) and whether schema is used
(participants responded with “guessing” or “both”) in the question about how the moves
were recalled.

The coefficient for each regressor is obtained through a ridge regression that include all

of the regressors for each run. The significance was calculated through one-sample t-test,

comparing the coefficient against zero in each run. For the ROI analysis, we obtained the activity

timecourse in the region by averaging across all the voxels in the ROI, and conduct the same

ridge regression. We averaged the coefficient of all the runs within a participant for each ROI,

and then One-sample t-test was conducted to determine the significance.

3.3 Results

After learning to play four-in-a-row and completing a practice run of the experimental

tasks, 19 participants were scanned while they viewed and recalled move sequences in the game.

In sequence memory block, participants were first shown two sequences to remember from the

&9



4-in-a-row game, with 3 moves in each sequence (figure 3.1a). After that, participants completed
a distractor task (figure 1b), followed by retrieval. At retrieval, participants were shown the
initial board, and were asked to recall the sequence. They were also asked to indicate their
confidence about their memory after placing each move (figure 3.1c). After three sequence
memory blocks, participants completed a prediction block. Participants were shown an initial
board, which comes either from the first board of a previous sequence, or from a novel board that
they have never seen before. Afterwards, they made a prediction on the board. They then
indicated whether the board they saw was old or new, whether they used episodic memory (as
opposed to using knowledge/schema of the game) to make a prediction, and how confident they
felt about their prediction. They were then shown the correct answer (figure 3.1d). Each
prediction block had 12 trials. In the scanner, participants completed 6 runs, each consisting of
three sequence memory blocks and one prediction block (figure 3.1e). Their eye movements
were monitored throughout the runs with an eye-tracker.

We first looked at participants’ memory for the sequences. Figure 3.2a shows the overall
sequence memory accuracies for each participant in the experiment. On average, participants
recalled 69% (SD = 18.9%) of the moves correctly and in the right order. As can be seen from
the figure, most participants achieved above 50% accuracy, demonstrating that participants were
able to remember the sequences from the game in the current set up. Like previous chapters, we
used a gameplay model to generate the probability distribution of potential next moves on the
board (figure 3.2c), and get a measure of the probability of the moves shown to the participants
(figure 3.2d, right). We conducted a mixed effect logistic regression, predicting whether a move

is recalled correctly from its probability, with a random subject intercept. We show that,
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replicating previous studies, more probable moves were more likely to be remembered (beta =
0.163,z=4.66, p <.001).

Next, we looked at the univariate activity when participants were encoding moves with
high vs. low probabilities. Whole brain voxel-wise univariate regression revealed that encoding
more probable moves are associated with higher activity, most predominantly, in the angular
gyrus. On the other hand, encoding improbable moves was associated with activity in the

primary and secondary visual cortex (figure 3.2d, left).
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Figure 3.2 Memory for the sequences and the relationship with move probability. a. Mean
memory accuracy of all the participants in the sequence memory task. b. The relationship
between move probability and subsequent memory. The histogram on the top and bottom of
the figure shows the distribution of individual move datapoints and the line shows the
predicted probability of remember the move with the model, with the error bar representing the
standard errors of the estimate. c. Illustration of the model used for generating the probability
distribution of the move given a board. These probabilities are on a logarithmic scale, with
higher values (more yellow colors) being more probable moves. d. The relationship between
univariate activity during encoding a move and the probability of the move (p<0.05,
uncorrected). The right panel illustrates an example of high and low probability moves, where
the hollow black circles represent the moves shown to participants.
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We subsequently looked at eye movements during encoding, measuring how accurately
each participant was able to predict each move by calculating the percentage of time spent on the
square where the move would occur divided by the total time spent looking at empty squares
(figure 3.3, top). The relationship between encoding univariate activity and prediction accuracy
was weaker than that of move probability, but as can be seen in the map, higher prediction

accuracy is associated with higher univariate activity in mPFC during encoding.

Fixation
on empty

squares onlz 0

o Prediction accuracy
(during encoding)

Figure 3.3 Measurement of prediction accuracy and its correlate with brain activity during
encoding. a. When participants were looking at a board, their eye-movements in the 5 sec
period were captured by the eye-tracker and converted into a heatmap. Examining fixation
times on empty squares, we calculated prediction accuracy as the percentage of the total time
looking at empty squares that was spent looking at the correct move. b. The correlation between
prediction accuracy (illustrated in the right, where given this board and the distribution of eye-
movement, if, for example, the top move was selected, it has a high prediction accuracy) and
univariate activity in the brain (p<0.10 uncorrected). Some activation of the medial prefrontal
cortex is observed, although it is less clear.

We now test these whole-brain results in the ROI analyses, looking at three ROIs in the
default mode network: AG, mPFC, retrosplenial cortex (figure 3.4a), and hippocampus. As can
be seen in the figure 4b, higher move probability is associated with significantly higher
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univariate activity in AG (t(18) = 2.20, p = .04); on the other hand, higher prediction accuracy is
associated with higher activity in mPFC, although it is only marginally significant (t(18) = 1.71,
p =.10). These results further support the idea demonstrated by the previous chapter that
remembering probable information in the context might be different from remembering
something that was accurately predicted. In retrosplenial cortex, both move probability and
prediction accuracy were associated with lower univariate activity (move probability: t(18) = -
2.51, p = .02; prediction accuracy: t(18) =-1.82, p =.078) In hippocampus, high move
probability, but not prediction accuracy, is associated with lower univariate activity, although it

is only marginally significant (t(18) =-1.70, p =.11).
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Figure 3.4. ROI analysis of coefficient of move probability and prediction accuracy in
predicting univariate activity in the brain. a. ROI definition. b. The regression coefficients of
move probability and prediction accuracy in each of the ROIs. AG and mPFC were differently
engaged when processing moves that were probable vs. accurately predicted. Error bars denote
95% confidence interval. * p <.05, ~p <.11.

We then related move probability and prediction accuracy to brain activity at retrieval,
using an approach analogous to the retrieval eye-movement analysis in the previous Chapter.
Specifically, we predicted univariate activity when participants were recalling a specific move

from the probability of the move and the prediction accuracy of the move (during encoding)
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(figure 3.5a, top). This generated partially overlapping but largely separated maps, such that
recalling a probable move engaged the dorsal attention network and recalling an accurately
predicted move engaged AG (figure 3.5a, bottom). We next looked at retrieval eye movements
as they indexed the strategy potentially used during retrieval. By predicting retrieval eye
movements from a move probability distribution and a correct move distribution (figure 3.5b,
top), we computed a measure of the extent to which people were using their schema and their
episodic memory when recalling a move. Here, we see that when the participants were looking at

the correct move, indicating retrieval from episodic memory, the dorsal attention network and
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retrosplenial cortex show higher activation.
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Figure 3.5 Analysis of retrieval activity. a. [llustration of the analysis conducted. We looked at
the move probability and prediction accuracy of the stimuli (a particular move) during
encoding, and use them to predict the univariate activity in the brain when participants were
recalling the move. b. Brain maps showing the coefficient of move probability and prediction
accuracy on retrieval univariate activity. When recalling a more probable move (left), higher
activities were shown most dominantly in the dorsal attention network, whereas when recalling
predicted moves (right), higher activities are shown in AG (p<0.05 uncorrected). The map in the
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middle shows the overlapping (green) and unique (yellow and blue) regions that respond
positively to high move probability and prediction accuracy during retrieval. c. Analysis of
retrieval eye-movement and its correlate to the brain. We looked at the time spent looking at
empty squares during retrieval period, and derive two potential strategies that could be used:
looking at probable moves to try to cue a memory, and looking at the correct move directly. The
usage of each strategy can be calculated by fitting a regression model to predict retrieval eye-
movement on empty squares from move probability distribution and the correct move
distribution (1 on the correct move and Os everywhere else). Higher coefficients of the correct
move regressor suggest greater use of episodic memory to directly retrieve the move, and was
associated with higher univariate activity in the dorsal attention network and retrosplenial
cortex (bottom).

Finally, we looked at the data from the prediction task. We first validated the task by
showing that participants could correctly distinguish old boards from new boards, indexed by the
d-prime when answering the question about whether the board is old or new (figure 3.6a). They
were following the instructions about using memory and schema to make a prediction, because
they were much more likely to say they used memory to make a prediction when the board is
objectively old (figure 3.6b). We then compared the univariate activity when participants used
memory to make a prediction and when participants used schema to make a prediction. Note that
this is done by constructing two regressors, one showing whether memory is used, and the other
whether schema is used. If participants indicated that they used both schema and memory, both
regressor would have a value of 1 on that trial. The contrast between the maps of episodic
memory-based prediction and schema-based prediction showed, most significantly, higher
activity in retrosplenial cortex when the prediction was episodic memory-based (figure 3.6c¢).
The ROI results further confirmed this finding (figure 3.6d) showing that there is a significant
difference between episodic memory-based prediction and schema-based prediction (t(18) =
4.77, p <.001). This result is consistent with the previous finding that if participants were
looking specifically at the correct move during retrieval, which indicates a more direct retrieval

process, they showed higher activity in retrosplenial cortex. In AG and hippocampus, higher
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activity was also observed when prediction is based on memory, but the differences between
memory- and schema-based predictions were not statistically significant (AG: t(18) = 1.38, p

= .184; hippocampus: t(18) = 1.15, p =.263).
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Figure 3.6. Behavioral and brain results of the prediction task (top). a. Recognition
performance on discriminating old vs. new boards. b. The percentage of times participants
reported using memory (reporting either using “memory” or “both”) to make a prediction
given the boards are objectively new or objectively old. c. Contrast in univariate activity when
memory was used to make a prediction and when schema is used to make a prediction.
Retrosplenial cortex showed the most obvious contrast in memory- vs. schema-based
predictions (p < .05, unthresholded). d.ROI version of the analysis, again supporting the
searchlight results of retrosplenial cortex showing higher activity for episodic memory-based
predictions. *** p <.001
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3.4 Discussion

The current study aimed at investigating the neural mechanism of prediction with the 4-
in-a-row game, with the subtle differences between different types of prediction in mind. In
particular, we were interested in two different distinctions in how memory was used to
understand a complex stimulus. The first, extending work in Huang et al. (2025), examined brain
responses to stimuli that were probable given the context and, separately, that were accurately
predicted before the stimulus showed up. The second, similar to Varga et al., (2025), looked at
how the brain makes predictions based on schema vs. episodic memory. We indeed found
distinct neural representations underlying both processes.

As discussed in Huang et al. (2025), probability and prediction accuracy have been
typically treated as synonymous, and they are indeed highly correlated with each other. In the
previous study, we made a specific attempt to separate move probability and prediction accuracy
with real-time eye-tracking, by showing moves where participants were not looking, but might
still be probable. This revealed that both move probability and prediction accuracy independently
contribute to better memory. While the current study did not intentionally separate move
probability from prediction accuracy with real-time eye-tracking, different patterns were shown
during encoding (and retrieving) moves that are probable vs. predicted. When encoding moves
that were probable, AG shows higher activity, whereas when encoding moves that are predicted,
mPFC showed higher activity. Both regions are part of the DMN, which are considered to be
dealing with internal processes (Menon, 2023), and usually “silenced” when participants are
completing a difficult task. However, these regions have also been implicated in encoding
memory for naturalistic stimuli (Chen et al., 2017), which are highly structured and could benefit

from prior knowledge (Baldassano et al., 2018). The finding that these regions are involved in
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the encoding of sequences might suggest that with the help with prior knowledge, encoding the
abstract sequences like in the current study became more like encoding a narrative.

Past research has pointed to mPFC as the key region for schema processing (Brod et al.,
2015; Masis-Obando et al., 2021; Preston & Eichenbaum, 2013; Raykov et al., 2021; van
Kesteren et al., 2012). For example, van Kesteren et al., (2012) showed that for schema-
consistent pairs, mPFC showed higher activity during encoding if the pair is subsequently
correctly remembered. The current study provides additional insight on the role of mPFC in
schema processing. Namely, mPFC might be specifically involved with processing the outcome
consistent with schema-based prediction during encoding. On the other hand, AG is more often
associated with semantic processing and language comprehension (Seghier, 2013). It makes
sense that a move that is more probable would involve the semantic processing in the brain,
because instead of remembering the move by its absolute position or nearby landmarks, a
probable move can be remembered as, for example, a move that blocks the opponent from
winning.

We additionally found that during retrieval, remembering probable and predicted moves
also showed different brain patterns. Recalling probable moves is associated with higher activity
in the dorsal attention networks, whereas recalling predicted moves involved temporal parietal
junction. In Huang et al., (2025), we showed that predicted moves were remembered more
directly, which leads to less reliance on schema during retrieval. That is, during retrieval,
participants could directly look at the correct move, instead of having to search through different
probable moves on the board to potentially help them remember. On the other hand, retrieving
probable moves involve more exploration and looking at other probable moves on the board,

suggesting a potential use of generate-recognize strategy (Watkins & Gardiner, 1979), where
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participants generate potential moves as cues for subsequent recognition. This might explain the
activation of the dorsal attention network, which is responsible for visual search (Leonards et al.,
2000) when recalling probable moves.

In a recent opinion paper, Ortiz-Tudela et al., (2023) proposed a framework to attempt to
categorize at predictions along five non-orthogonal dimensions — flow of information (sequential
or recursive), mnemonic origins (episodic or semantic/schematic), specificity (single potential
input or multiple inputs), complexity (low-level or high-level), and temporal precision (whether
the prediction includes precise timing about when the events would happen). This framework
provides a useful way to differentiate different predictive processes that could potentially explain
discrepancies in the previous studies of prediction error and memory. That is, prediction error
might influence memory in opposite ways depending on the types of predictions being
investigated. The second question of interest in the current study was in one of the dimensions
proposed by Ortiz-Tudela et al., (2023) — the differences in neural representation of memory- and
schema-based predictions.

Most of the past research on prediction has focused on predictions based on episodic
memory (Bein et al., 2021; Lee et al., 2021; Poskanzer et al., 2025; Tarder-Stoll et al., 2024), and
one common criticism of this approach is that these predictions are just episodic memory
retrieval rather than “true” prediction. The current study showed strong activation of
retrosplenial cortex when participants report making predictions based on memory, but not when
it is based on schema. Interestingly, activity in retrosplenial cortex was also correlated with the
extent to which participants look directly at the correct move during sequence retrieval, a
potential indication of strong episodic memory. This is consistent in some prior work showing

the role of retrosplenial cortex in prediction and episodic memory retrieval (See Alexander et al.,
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(2023), for a review) and that damage in retrosplenial cortex is could produce amnesia
(Aggleton, 2010). It is also important to note that retrosplenial cortex is strongly connected to the
hippocampus, a core memory region in the brain. This potentially suggests that episodic
memory-based prediction and schema-based prediction are indeed reliant on different processes,
where episodic memory-based prediction is more similar to episodic memory retrieval.
Hippocampus is a core region in the memory system, responsible for the encoding and
retrieval of novel information (Scoville & Milner, 1957). In the research of schema and memory,
hippocampus was associated with correctly remembering schema-inconsistent information (van
Kesteren et al., 2012; Van Kesteren et al., 2013). Consistent with these findings, we showed
lower hippocampal activity when encoding moves with higher probability. We found lower
activity in the hippocampus when participants made predictions based on schema, but not when
predictions are based on memory. However, the difference between the two was not significant.
One potential reason for the this might be limited power, since only 19 participants were
collected for the study. Additionally, previous studies demonstrating the non-mnemonic
functions typically used multivariate analysis, which could be a potential next step for the current
study. One study conceptually very similar to the current one is Varga et al. (2025), which
looked at hippocampal involvement in detecting prediction error, cleanly showing that the
hippocampus is only involved in reacting to prediction error when participants saw a different
ending of a video they have seen previously, regardless of whether the ending makes sense given
the context or not. Further analysis with the current study could look at the period when
participants were shown the correct answer at the prediction task, to see whether hippocampus

would be more activated in responding to errors when prediction was based on memory.
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The span over multiple timescales is one of the strengths of the idea of prediction as a
unifying principle of the brain with different functional specializations. However, this might also
raise potential concerns in the studies of prediction, especially in generalization across studies,
both in the behavioral domain and neuroimaging domain. For example, a common belief in the
field is that surprising events, or events that elicit prediction errors tend to be better remembered,
which is supported by some empirical evidence (e.g., Bein et al., 2021; Quent et al., 2022;
Wilcocks, 1928). However, some studies have also found the opposite results (Holtje &
Mecklinger, 2022; Huang et al., 2023, 2025; Ortiz-Tudela et al., 2021; Poskanzer et al., 2025).
These inconsistent finding are partially due to the distinct processes the term prediction might be
describing. A study showing that people remembered better a letter that has a color different
from other letters in the set (Wilcocks, 1928) can be considered as showing benefit of surprise /
prediction error on memory, but it is unclear whether the conclusions that prediction error is
good for memory can generalize to different contexts, such as remembering a weird move in a
game in a sequence of moves (Huang et al., 2023). Similarly, in the neural domain, a study
showing predictive representation in hippocampus when people are navigating a virtual
environment (Brown et al., 2016; Tarder-Stoll et al., 2024) does not mean that hippocampus is
involved in predictions based on lower-level sensory information or general knowledge of the
world. The current study provided evidence for distinct neural mechanisms underlying different
types of prediction, supporting the caution needed to generalize findings from work on
prediction, and providing a framework for categorizing prediction in future research.

To conclude, the current study provides evidence supporting the idea that the concept of
prediction needs to be scrutinized more carefully, and better categorization of what we mean by

prediction is necessary for generalizing and understanding this process in the brain. We showed
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that probability and prediction accuracy, which are highly correlated and have been considered
as synonyms in the literature on schema, are instantiated differently in the brain. Additionally,

memory- and schema-based prediction also showed different patterns in the brain.
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Chapter 4: Binding items to contexts through conjunctive neural

representations with the Method of Loci

A version of this paper was preprinted as:
Huang, J., Manglik, A., Dutra, N., Tarder-Stoll, H., Chamberlain, T., Ajemian, R., ... &
Baldassano, C. (2024). Binding items to contexts through conjunctive neural representations

with the Method of Loci. bioRxiv, 2024-12.
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4.1 Introduction

Decades of research on human memory have sought to probe the functional architecture
of the memory system by using memorization tasks with word lists and pictures (Howard &
Kahana, 2002; Polyn et al., 2009; Puff, 1979). Paradoxically, participants often struggle to recall
these kinds of simple items (Murdock, 1974), while showing impressive ability to remember
much more complex stimuli such as movie events (Chen et al., 2017). Stimuli drawn from
familiar real-world settings allow us to draw on schemas, our prior knowledge about the
structure of the world and how events unfold over time. This prior knowledge can scaffold
memory processes in various ways. Past behavioral and modeling research has studied how
schemas facilitate memory during the encoding process (Bartlett, 1932; Chandra et al., 2025;
Chase & Simon, 1973; Gasser & Davachi, 2023; Gobet & Waters, 2003; Huang et al., 2025;
Masis-Obando et al., 2024) and how schemas aid memory through providing a scaffold at
retrieval (J. R. Anderson, 1981; R. C. Anderson & Pichert, 1978; Huang et al., 2023; Watkins &
Gardiner, 1979). For this scaffolding to be effective, the details to be remembered need to be
“attached” to the schema; that is, there must be a meaningful relationship between the current
episode and schematic knowledge that is formed during encoding and accessible during retrieval.
Despite extensive past research, this crucial process of how event-specific details are combined
with schemas to form a robust memory representation remains relatively unexplored. The main
aim of the current study is to investigate the neural mechanism behind this binding of schemas
and event details.

Past research on associative memory has shown that effectively linking items to an
externally-presented context requires more than simply experiencing the item in that context; the

item must also interact with the context in a meaningful way (Eich, 1985; Murnane et al., 1999;
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Shin et al., 2021). This should also be true when the context arises internally through the
activation of structured knowledge, but it is difficult to study this process in realistic events.
Schemas and event details are often tightly intertwined (e.g., a metal detector is closely linked to
an airport schema), and this inherent integration makes it challenging to disentangle the details
from the schema and understand how they are combined in memory. Thus, even though recent
neuroimaging studies have highlighted the role of the Default Mode Network (DMN) regions in
representing schemas (Baldassano et al., 2018; De Soares et al., 2024; Gilboa & Marlatte, 2017,
Masis-Obando et al., 2021; van Kesteren et al., 2012; Van Kesteren et al., 2013), the neural
mechanisms underlying the interaction between schemas and details in an ongoing event are still
unclear.

We hypothesized that when schemas and event details are interactively combined
together, the resulting representation should be conjunctive (O’Reilly & Rudy, 2001), meaning
that the memory formed is more than a linear sum of its constituent components. For example,
when a chess grandmaster sees a chess board, they build a mental representation that is not
simply a list of the pieces and their positions, but also includes the relationships between the
pieces and the potential dangers and opportunities afforded by these relationships. Some
previous work with fMRI has shown signatures of conjunctive representations when perceiving
individual objects created from simple features (Erez et al., 2016; Liang et al., 2020), images of
human-object interaction (Baldassano et al., 2017), or scenes with different features of
environment, objects, and people (van den Honert et al., 2017). While these studies examined
conjunctive representations during perception, here we investigated the role of conjunctive
representations in linking contexts and items to form a robust episodic memory that can be

reinstated through schema-based retrieval.
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We developed a new paradigm for studying conjunctive representations based on an
ancient mnemonic technique called the Method of Loci (MoL, Figure 1a). The technique
involves building and consolidating a spatial layout (memory palace) in the mind, with ordered
locations (loci) in the memory palace that serve as a schematic scaffold. During encoding, each
item to be remembered is combined with each of the loci in order by forming a meaningful
connection between the two, such as imagining an event involving that item occuring at that
locus. During retrieval, people mentally retrace their steps through the memory palace in order,
using each locus as a cue to recall its associated item. A critical skill for using this technique is
the ability to create and elaborate on a relationship between the item and locus, since adding a
meaningful interaction is highly effective at improving associative memory (reviewed in
(Higbee, 1979) Mnemonists will in fact strategically choose loci with high "associability" (i.e.
that have a wide range of features, attributes, and associations) in order to facilitate the creation
of these interactions (Bellezza, 1996).

While some past behavioral and neuroimaging research has studied MoL, this work has
largely focused on the effectiveness and potential practical applications of the technique
(McCabe, 2015; Ondftej, 2025; Qureshi et al., 2014; Reggente et al., 2020; Twomey &
Kroneisen, 2021) and the activity pattern while the technique was used and how training changes
patterns and connectivity (C. Liu et al., 2022; Maguire et al., 2003; Wagner et al., 2021). In one
of the first neuroimaging works on MoL, (Maguire et al., 2003) showed increased hippocampal
activity while memory experts remembered information using MoL. More recent research has
focused on fMRI functional connectivity differences between experts and novices, finding that
connectivity in novices becomes more similar to experts’ after training (Wagner et al., 2021). In

the current study, we use MoL as a testbed for studying how novel information is encoded into a
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well-consolidated schematic map, by measuring the neural representations of each item and
locus on their own and then relating these to neural patterns found at encoding (when the item
and locus are being bound together) and retrieval.

We recruited participants for a 4-week MoL training program that drastically improved
their memory for word lists, and collected fMRI data in one session after week 2 and in two
sessions after week 4. In the scanner, participants described their loci and imagined words on the
screen. They also used the MoL technique to encode a list of words by combining each word
with a locus in their memory palace. Finally, they recalled the list of words by describing each
locus, item, and how they were combined together. We used multivariate analyses to investigate
how loci and items are represented separately (in locus description and item imagination) and
combined (in encoding and retrieval) during MoL. We hypothesized that the activity during
encoding and retrieval should be conjunctive, i.e. that it contains information that goes beyond a
linear combination of the locus and item. We measured the conjunctive representations in
multivariate neural activity patterns (the component of neural activity not predictable from the
locus pattern and item pattern) and also assessed the amount of conjunctivity in semantic space
(the degree to which the verbal descriptions given by the participants incorporated semantic
content beyond that of the locus alone and item alone). We hypothesized that the amount of
conjunctive representation in both neural and semantic spaces should increase over the course of
the training as participants developed expertise in the technique. Additionally, the two measures
of conjunctive representation should be related to each other, with the degree of neural
conjunctivity for a locus-item pair predicting the degree of semantic conjunctivity for that pair.
Another mechanism in the development of MoL skill might stem from improvements in the

ability to bring loci online during encoding and incorporate locus features into the memory trace,
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allowing memories to be more easily retrieved through a locus-based strategy. If this is the case,
we would expect that locus representations in retrieved memories would become stronger over
the course of the training. This hypothesis is also not mutually exclusive with greater
conjunctivity: retrieved locus-item representations could be made increasingly robust during
training by incorporating both strong locus patterns and conjunctive patterns specific to each
locus-item combination.

Past research on conjunctive representations has focused on the role of the hippocampus
in forming conjunctive representations to associate two novel, arbitrary, and independent events
in memory (Squire et al., 1989). However, forming conjunctive representations of real-life events
supported by schemas might require involvement of the cortex. Previous research has proposed
that remembering details consistent with a schema relies on cortical regions like medial
prefrontal cortex (Brod et al., 2015; Ghosh & Gilboa, 2014; Gilboa & Marlatte, 2017; Z.-X. Liu
et al., 2017; Preston & Eichenbaum, 2013; Raykov et al., 2020, 2021; Reagh & Ranganath, 2023;
Tse et al., 2007; van Kesteren et al., 2012; Van Kesteren et al., 2013; van Kesteren et al., 2020),
potentially because episodic memory can be consolidated rapidly through interaction with the
activated associative schema (Morris, 2006). The MoL provides a way to make any item schema-
consistent, by having participants imagine a situation or find a dimension in which the item is
connected to the locus (generating additional details as necessary to reinforce the schematic
relationship they identified). In addition, studies have found representations of naturalistic
schemas (Baldassano et al., 2018; De Soares et al., 2024; Reagh & Ranganath, 2023) in the
DMN. Thus, we hypothesized that we would find conjunctive representations of locus-item pairs
in DMN regions, including medial prefrontal cortex (mPFC), which has been shown to be most

sensitive to the top-down internal activation of naturalistic schemas (De Soares et al., 2024). In
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line with this prediction, we found that conjunctive representations were present through the
DMN (and beyond) — memory representations were in fact dominated by this conjunctive
information rather than pure locus or item representations. The amount of conjunctive
representation increased in the novices over the course of training, and was related to the amount
of additional creative details added to the story that go beyond descriptions of the locus and item
on their own. Overall, these findings point to a crucial role of the conjunctive representation in
the DMN for MoL, and the importance of DMN more broadly in forming conjunctive

associations that support robust memory.

4.2 Methods

Participants

26 novice participants passed our initial screening (see below), and were enrolled in a 4-
week training program that included three fMRI scanning sessions. One participant was removed
from the study for not demonstrating proper use of the MoL during training, resulting in a final
sample of N=25 (15 participants were female and 10 were male). The participants’ age range
from 18 to 48, with a mean age of 26.32 (SD = 7.46). The racial makeup of the participants were
16 White, 7 Asian, 1 Black or African American, and 1 mixed. Four of the participants were
Hispanic or Latino. All participants were proficient in English. Participants were compensated
$235 for the completion of the study.

The experimental protocol was approved by the Institutional Review Board of Columbia

University (AAAS0252).

Stimuli
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Participants self-generated 40 loci with the guidance of the coach, an expert user of MoLL
who led the training sessions. The loci were objects in a place familiar to the individual
participants (e.g., light switch or kitchen stove in their room). In the first two scans, in the locus
task, participants imagined and described these loci; in the encoding task, they used them to
remember 40 words. The locus for a given trial was always generated internally by the
participant based on their pre-practiced memory palace; they were not presented with the name /
image of the loci during any of the fMRI tasks.

Participants also learned a standardized memory palace with 20 loci. The standardized
memory palace consisted of five 2D virtual reality environments created in the game engine
Unity. For each of the five environments, four distinct locations were selected, resulting in a total
of 20 loci arranged in a fixed sequence. The order of the loci was the same for all participants.
The standardized memory palace was taught to the participants through video clips created by
rotating a virtual camera through the environments and stopping at each locus in the order. Each
locus was marked by a number (1 to 20) and an arrow pointing to it, along with a brief written
description (e.g., “You turn the corner into the tavern and see an elevated table”, where elevated
table is locus 1).

40 concrete nouns, 20 animate and 20 inanimate, were selected as the item stimuli used in
all the scans and screening. These words were used in the item and encoding tasks in the first
two scans, always appearing in a different random order. A subset of 20 words was selected and
used in the item and encoding task in the last scan. In the item task the order of these 20 words
was randomized, but in the encoding task, these words were presented to all the participants in
the same order.

Screening
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Participants signed up through Columbia’s RecruitMe website, and went through a
screening procedure, which consisted of a sequence of tasks similar to those used in the main
fMRI experiment. They first completed two runs of the Item task, where a word was presented
for 10 sec and participants reported whether the word was animate or inanimate during the final
5 sec of each trial. The purpose of including the item task was to better match the protocol used
in the scanner, where two item localizers were conducted before completing the encoding task.
Participants then completed an encoding task, where each word was presented for 12 sec and
they were instructed to remember the words in the right order. After that, participants attempted
to retrieve the words one by one, in order. Participants then completed the fMRI safety form and
a demographic form. Participants were selected based on availability for the 4-week memory
training, and demographics (to ensure diversity in age and gender). After the first cohort of
participants, we also selected participants based on memory performance in the screening part of
the task (recalling fewer than 20 words in the right order). After participants were selected, they
had a virtual meeting with the experimenter to complete the fMRI-related paperwork and
schedule the fMRI scans.

Training and scanning schedule

The experiment is conducted with groups of 3-5 people at a time. In the first two weeks,
participants had four 1.5 hour interactive lectures with the coach, where they were trained to use
the MoL by creating a personal memory palace with 40 anchors. After the training, they came in
for the first fMRI scan (W2 scan). After the fMRI scan, participants went home and completed
10 daily practices. The daily practices consisted of an encoding and retrieval task that lasted 15

minutes each. They also meet with the coach one-on-one for check-in/questions before the next
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scan. They then came in for two consecutive days for two fMRI scans (W4D1, W4D2). After the
W4D1 scan, they learned a standardized memory palace with 20 loci in it (as described above).
Locus task

Participants were instructed to describe each locus in detail, and to keep talking until
instructed to move to the next locus. Once the scan started, text appeared on the screen for 1 sec
instructing the participants to start describing the first locus in their memory palace, then a
fixation cross was shown on the center of the screen for 10 sec while participants gave their
verbal description. After that, text appeared on the center of the screen for 1 sec instructing the
participants to move to the next locus. This was repeated until all of the 40 or 20 loci were
described.
Item task

Participants were instructed to vividly imagine each word shown to them on the screen
and make a judgment of whether the word is animate or inanimate. They were also instructed to
not try to remember the words. Each word was shown to the participants for 10 sec, and 5 sec
after the word was presented a text prompt appeared under the word asking participants to press
button “1” if the word is animate and “2” if it is inanimate. After 10 sec, a fixation cross
appeared on the center of the screen for 1 sec, followed by the next word.
Encoding task

Participants were instructed to remember a list of words in order by using MoL. Each
word was shown on the screen for 12 sec, followed by a fixation cross of 1 sec after each word.
Retrieval task

After the scan started, participants were shown a fixation cross on the center of the

screen. They were given unlimited time to recall all the words in order. They were told to talk
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about each locus and the item in detail, as well as how they associated the locus to the item. The
recall was self-paced, but they were encouraged to spend at least 10 sec on each locus-item pair,
even if they could not recall the item associated with a locus.
Standardized memory palace learning and review

After the W4D1 scan, participants learned the 20 standardized loci by watching the
videos of the standardized memory palace loci six times. In the first two repetitions (loci
learning), participants were introduced to the loci one by one and had unlimited time to study
each locus. They were told to press a button when they were ready to move on to the next locus.
In the subsequent four repetitions (loci generation), participants viewed the video clips and text
descriptions again but were prompted to type the name of the upcoming locus (e.g., elevated
table) before advancing to the next one. After the six repetitions, participants were told to recall
the names of all twenty loci in order. Before the W4D2 scan, participants reviewed the
standardized memory palace by completing three rounds of loci generation. The experimenter
then asked participants to verbally describe the 20 loci in order to ensure they could report all 20
without errors.
Behavioral processing

For the locus and retrieval tasks, we used Open AI’s speech-to-text "Whisper" API
(Radford et al., 2023) to obtain a transcript. Using the transcript and the audio recordings, we
identified the locus described in each 10-sec time window in the locus task. For the retrieval task,
we identified the locus-item pair (or in case participants forgot the word, we identified the locus
spoken) and the start and end time when participants were describing each pair.

Participants wrote down their list of loci in order prior to the scan. Because participants

were relatively new to the technique and their memory palace, they sometimes made mistakes in
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transitioning between their loci during the tasks. The most common was to skip a locus in either
the locus, encoding, or retrieval task, and participants also occasionally misordered loci. To
accommodate these errors, we used results from the retrieval task to (retrospectively) determine
what locus was used at encoding. For example, consider the scenario where a participant’s loci
were swing-grass-slide, and they were asked to remember the words apple-dog-pencil; in this
case, if the participant recalled swing-apple, slide-dog, we assumed that they skipped a locus
(grass) at encoding and they used slide to remember dog. Consequently, in the subsequent
analyses we used the representation of the locus that was recalled (slide) to predict

encoding/retrieval representation, rather than the locus that the participant should have used

(grass).

Performance scoring

To score participants’ performance in the memory task (which required participants to
recall in the correct order), we identified the words recalled in the order they were spoken
(repeated words were removed) and found the serial positions of these words from the encoding
list. The word was considered to be recalled in the correct order if the serial position of the word
was larger than the serial position of the previously recalled word.
MRI Acquisition

Whole-brain data were acquired on a 3 Tesla Siemens Magnetom Prisma scanner
equipped with a 64-channel head coil at Columbia University. Whole-brain, high-resolution (1.0
mm iso0) T1 structural scans were acquired with a magnetization-prepared rapid acquisition
gradient-echo sequence (MPRAGE) at the beginning of the scan session. Functional

measurements were collected using a multiband echo-planar imaging (EPI) sequence (repetition
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time = 1.5s, echo time = 30ms, in-plane acceleration factor = 2, multiband acceleration factor =
3, voxel size = 2mm is0). Sixty-nine oblique axial slices were obtained in an interleaved order.
All slices were tilted approximately -20 degrees relative to the AC-PC line.

There were 6 functional runs in each scan: two runs of the locus task, two runs of item
task, and one run of encoding task, and one run of retrieval task.
JMRI preprocessing

Results included in this manuscript come from preprocessing performed using fMRIPrep
23.0.2 (Esteban et al., 2018, 2019)RRID:SCR_016216), which is based on Nipype 1.8.6 (Esteban
et al., 2022; Gorgolewski et al., 2011)); RRID:SCR_002502).
Anatomical data preprocessing

A total of 1 T1-weighted (T1w) images were found within the input BIDS dataset.The
T1-weighted (T1w) image was corrected for intensity non-uniformity (INU) with
N4BiasFieldCorrection (Tustison et al., 2010), distributed with ANTs 2.3.3 (Avants et al., 2008),
RRID:SCR_004757), and used as T1w-reference throughout the workflow. The T1w-reference
was then skull-stripped with a Nipype implementation of the antsBrainExtraction.sh workflow
(from ANTs), using OASIS30ANTS as target template. Brain tissue segmentation of
cerebrospinal fluid (CSF), white-matter (WM) and gray-matter (GM) was performed on the
brain-extracted T1w using fast (FSL 6.0.5.1:57b01774, RRID:SCR_002823,(Zhang et al., 2001).
Brain surfaces were reconstructed using recon-all (FreeSurfer 7.3.2, RRID:SCR 001847, (Dale
et al., 1999), and the brain mask estimated previously was refined with a custom variation of the
method to reconcile ANTs-derived and FreeSurfer-derived segmentations of the cortical gray-
matter of Mindboggle (RRID:SCR 002438, Klein et al. 2017). Volume-based spatial

normalization to one standard space (MNI152NLin2009cAsym) was performed through
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nonlinear registration with antsRegistration (ANTs 2.3.3), using brain-extracted versions of both
T1w reference and the T1w template. The following template was were selected for spatial
normalization and accessed with TemplateFlow (23.0.0, (Ciric et al., 2022): ICBM 152
Nonlinear Asymmetrical template version 2009¢ [(Fonov et al., 2009), RRID:SCR_008796;

TemplateFlow ID: MNI152NLin2009cAsym)].

Preprocessing of B0 inhomogeneity mappings

A total of 3 fieldmaps were found available within the input BIDS structure for this
particular subject. A deformation field to correct for susceptibility distortions was estimated
based on fMRIPrep’s fieldmap-less approach. The deformation field is that resulting from co-
registering the EPI reference to the same-subject T1w-reference with its intensity inverted (S.
Wang et al., 2017; Huntenburg, 2014). Registration is performed with antsRegistration (ANTSs
2.3.3), and the process regularized by constraining deformation to be nonzero only along the
phase-encoding direction, and modulated with an average fieldmap template (Treiber et al.,
2016).
Functional data preprocessing

For each of the 18 BOLD runs found per subject (across all tasks and sessions), the
following preprocessing was performed. First, a reference volume and its skull-stripped version
were generated using a custom methodology of fMRIPrep. Head-motion parameters with respect
to the BOLD reference (transformation matrices, and six corresponding rotation and translation
parameters) are estimated before any spatiotemporal filtering using meflirt (FSL
6.0.5.1:57b01774, (Jenkinson et al., 2002)). The estimated fieldmap was then aligned with rigid-

registration to the target EPI (echo-planar imaging) reference run. The field coefficients were
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mapped on to the reference EPI using the transform. The BOLD reference was then co-registered
to the T1w reference using bbregister (FreeSurfer) which implements boundary-based
registration (D. N. Greve & Fischl, 2009). Co-registration was configured with six degrees of
freedom. Several confounding time-series were calculated based on the preprocessed BOLD:
framewise displacement (FD), DVARS and three region-wise global signals. FD was computed
using two formulations following Power (absolute sum of relative motions, (Power et al., 2014))
and Jenkinson (relative root mean square displacement between affines, (Jenkinson et al., 2002)).
FD and DVARS are calculated for each functional run, both using their implementations in
Nipype (following the definitions by (Power et al., 2014)). The three global signals are extracted
within the CSF, the WM, and the whole-brain masks. Additionally, a set of physiological
regressors were extracted to allow for component-based noise correction (CompCor, (Behzadi et
al., 2007). Principal components are estimated after high-pass filtering the preprocessed BOLD
time-series (using a discrete cosine filter with 128s cut-off) for the two CompCor variants:
temporal (tCompCor) and anatomical (aCompCor). tCompCor components are then calculated
from the top 2% variable voxels within the brain mask. For aCompCor, three probabilistic masks
(CSF, WM and combined CSF+WM) are generated in anatomical space. The implementation
differs from that of Behzadi et al. in that instead of eroding the masks by 2 pixels on BOLD
space, a mask of pixels that likely contain a volume fraction of GM is subtracted from the
aCompCor masks. This mask is obtained by dilating a GM mask extracted from the FreeSurfer’s
aseg segmentation, and it ensures components are not extracted from voxels containing a
minimal fraction of GM. Finally, these masks are resampled into BOLD space and binarized by
thresholding at 0.99 (as in the original implementation). Components are also calculated

separately within the WM and CSF masks. For each CompCor decomposition, the k components
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with the largest singular values are retained, such that the retained components’ time series are
sufficient to explain 50 percent of variance across the nuisance mask (CSF, WM, combined, or
temporal). The remaining components are dropped from consideration. The head-motion
estimates calculated in the correction step were also placed within the corresponding confounds
file. The confound time series derived from head motion estimates and global signals were
expanded with the inclusion of temporal derivatives and quadratic terms for each (Satterthwaite
et al., 2013). Frames that exceeded a threshold of 0.5 mm FD or 1.5 standardized DVARS were
annotated as motion outliers. Additional nuisance timeseries are calculated by means of principal
components analysis of the signal found within a thin band (crown) of voxels around the edge of
the brain, as proposed by (Patriat et al., 2017). The BOLD time-series were resampled into
standard space, generating a preprocessed BOLD run in MNI152NLin2009cAsym space. First, a
reference volume and its skull-stripped version were generated using a custom methodology of
fMRIPrep. The BOLD time-series were resampled onto the following surfaces (FreeSurfer
reconstruction nomenclature): fsaverage6. All resamplings can be performed with a single
interpolation step by composing all the pertinent transformations (i.e. head-motion transform
matrices, susceptibility distortion correction when available, and co-registrations to anatomical
and output spaces). Gridded (volumetric) resamplings were performed using
antsApplyTransforms (ANTs), configured with Lanczos interpolation to minimize the smoothing
effects of other kernels (Lanczos, 1964). Non-gridded (surface) resamplings were performed
using mri_vol2surf (FreeSurfer).

Many internal operations of fMRIPrep use Nilearn 0.9.1 ((Abraham et al., 2014),
RRID:SCR_001362), mostly within the functional processing workflow. For more details of the

pipeline, see the section corresponding to workflows in fMRIPrep’s documentation.
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ROI and searchlight definition

We used ROIs in the default mode network previously found to be responsive to
schematic content (Baldassano et al., 2018): angular gyrus (1868 vertices), medial prefrontal
cortex (mPFC; 2069 vertices), and posterior medial cortex (PMC; 2495 vertices). These ROIs
were originally derived from a resting-state network atlas on the fsaverage6 surface (Thomas
Yeo etal., 2011).

Searchlight ROIs were defined as circular regions on the cortical surface, by identifying
all vertices within 11 edges of a center vertex along the fsaverage6 mesh. Since the average edge
length between vertices is 1.4mm, searchlights had a radius of approximately 15mm. We defined
a circular searchlight around every vertex on a hemisphere, and then iteratively removed the
most redundant searchlights (i.e. those whose vertices were covered by the most other
searchlights). We stopped removing searchlights when doing so would cause some vertices to be
covered by fewer than six searchlights. This yielded approximately 1000 searchlights on each
hemisphere.

Activity pattern extraction

After fMRIPrep, the data (now in fsaverage6 and MNI152 space) were further
preprocessed by a custom python script that removed from the data (via linear regression) any
variance related to the six degrees of freedom motion correction estimate and their derivatives,
mean signals in the CSF and white matter, motion outlier timepoints (defined above), and a
cosine basis set for high-pass filtering w/ 0.008 Hz (125s) cut-off. We then z scored each run to
have zero mean and standard deviation of 1. All subsequent analyses, described below, were

performed using custom python and R scripts.
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To obtain the locus, item and encoding patterns, we conducted a GLM predicting whole-
brain univariate activity from the design matrices for the corresponding tasks based on the timing
of each locus/item. For the retrieval task, the design matrix was based on the manual
identification of the start and end time of describing each locus-item pair. The coefficients from
fitting this GLM were used as the values for defining the voxel patterns of the locus/item/pair.
Pattern similarity analyses: Locus and item representations (Figure 2)

To look at where loci were represented in the brain, for the loci that were described in
both locus runs, we correlated the representations of the pairs of loci between the two runs for
each participant in each session. This produced a correlation matrix of the representational
similarity between each locus in run 1 with each locus in run 2 for each searchlight. We then
computed the representational similarity of the same loci across two runs (the average of the
diagonal of the correlation matrix). For assessing statistical significance, the similarity between
different loci (the mean off-diagonal of the correlation matrix) was then subtracted from the
mean similarity of the same loci. Once we obtained the difference, we randomly shuffled the
rows of the correlation matrix 1000 times to compute a null distribution of this diagonal vs oft-

diagonal difference, and computed the z-score for the searchlight

g = differencetrue B .u(differenceshuffled)
o(dif ferencespysriea)

which represents the degree to which there was a locus-specific representation across
runs. A z value was computed for each surface vertex as the average of z values from all
searchlights that included that vertex. We then combined maps across all subjects and all

sessions, and ran a one-sample t-test of the z values against 0. The r values in the voxels with q <
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.05 after false discovery rate (FDR) correction from the one-sample t-test were plotted in the
map.

For the locus-encoding and item-encoding similarity analysis, the approach was the same
as described above. Here, we looked at the similarity between the average of representations of
the two locus/item runs and the encoding representation where the locus/item is used. If
participants only described a locus in one of the locus runs, then the representation of the locus
from the single run was used.

Relating the similarity of encoding residuals to the similarity of stories (Figure 3)

First, for each locus-item pair on week 4 day 2 (separately for each participant and each
brain region), we obtained the residual of the encoding representation by regressing out the
representations of the locus and item that were used during encoding. Then, separately for each
brain region, we generated a neural correlation matrix for each item-locus pair by computing the
Pearson’s correlation of each participant’s encoding residual with each other participant’s
encoding residual for that pair. Next, we took the verbal stories that were generated on week 4
day 2 for each locus-item pair, and we generated a semantic correlation matrix for that pair using
the cross-encoder version of the Sentence-BERT language model (Reimers & Gurevych, 2019)
takes two text passages as input and generates a score (0 - 1) quantifying the semantic similarity
between the two passages. Then the lower triangles of the neural and semantic correlation
matrices for all the locus-item pairs were each flattened into a long vector. Finally, a Spearman
correlation was computed between the neural and semantic correlation vector for each pair. A
permutation test was conducted, shuffling the semantic vectors between locus-item pairs 1000
times to obtain a chance level neural-semantic correlation. We averaged across the 20 locus-item

pairs in each permutation, generating 1000 null correlations. For each ROI, the significance level
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was determined by counting the percentage of times that the 1000 random correlations were
more extreme than the true correlation.
Identifying conjunctive representations by predicting retrieval representations (Figure 4)

For each item-locus pair (separately for each participant and searchlight), we ran a GLM
predicting the representation of that locus-item pair at retrieval from the locus by itself, the item
by itself, and the encoding residual representation for the locus-item pair; this analysis
incorporated data from all of the sessions. To make sure the weights reflected item-specific
reinstatement rather than general task-related patterns, we adjusted the weights against a null
distribution in which retrieval of each locus-item pair was predicted by the locus, item, and
encoding residual representations for a different locus-item pair. The labels for the retrieval
representations within a session were shuffled 100 times. For each locus-item pair, we calculated

the adjusted weight, Biqsk :

_ .Btrue - .u(ﬁshuffled)
task —
“ U(.Bshuffled)

The weights were averaged across all the pairs from each session for each participant for
each searchlight. A 8 value was computed for each surface vertex as the average of § values
from all searchlights that included that vertex. For each vertex, a one-sample t-test compared the
participant-level average weights (across all three sessions) against 0. To compare the difference
in amount of representation between encoding residual and locus/item, we conducted a paired t-
test on the difference in average weights of encoding residual and locus/item within participants
in each session in each participant. FDR correction was used to identify regions with q <.05 for
the brain map.

We also ran the above analysis for the three ROIs; here, we compared S5, against 0

for each ROI for each timepoint (week 2 or 4) using a one-sample t-test. For across-region
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comparisons, we conducted paired t-tests between each pair of regions, combining week 2 and
week 4 data.

For looking at differences between week 2 and 4 in the amount of conjunctive
representation, we conducted a linear mixed effect regression. We controlled for speaking
duration as a nuisance regressor to ensure that differences between weeks were not being driven
solely by longer recall durations for each item (which provide more timepoints for estimating
retrieval patterns and therefore less-noisy representations). We used the following formula:

Bencoding residual ~ training stage + speaking duration + (1|subject id)

Semantic conjunctive representation (Figure 5)

We conceptualized semantic conjunctive representation as the amount of additional
details added to the locus and item pairs. To measure this, we computed story deviation, the
semantic distance between the locus-item pair on its own and the whole story, using the same
cross-encoder model described above. After we obtained the similarity score, we subtract the
score from 1 to generate the story deviation measure. To look at changes in story deviation, we
conducted a linear mixed effect regression with the following formula:

Story deviation ~ training stage + (1|subject id)

For each ROI, we looked at how univariate activity during encoding is related to story
deviation, with a linear mixed effects regression:

Story deviation ~ univariate activity + (1|subject id) + (1|session)

We also looked at how weights of encoding residuals are related to story deviation, with a
linear mixed effects regression:

Story deviation ~ Bencoding resiauar + Speaking duration + (1{subject_id) +

(1|session)
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Predicting memory from neural representations
To predict recall success from encoding residuals, we use the following formula:
Recall correct ~ Bencoding residquar T (1|subject id) + (1]item)
To predict recall success from item-encoding correlation and locus-encoding correlation,
we use the following formula:
Recall correct ~ r(encoding representation, locus representation) + r(encoding

representation, item representation) + (1|subject id) + (1|item)

4.3 Results

An overview of the four-week study paradigm is presented in Figure 1c. After passing an
online screening, novice participants (N = 25) first participated in an online training program for
2 weeks, in which they were taught the MoL technique and created a memory palace consisting
of 40 loci. During the training program, participants were also familiarized with the 40 items (20
animate, 20 inanimate) that they would be associating with the loci in subsequent phases of the
study. Participants were given their first fMRI scan in week 2 (W2), which consisted of four
types of tasks (Figure 1b). In the locus task (repeated twice), participants verbally described each
of their loci for 10 sec, before being prompted to describe the next locus. In the item task
(repeated twice), participants saw a word for 10 sec and were asked to imagine the word vividly
and then make a judgment of whether or not the word was a living object. In the encoding task,
participants used MoL to encode each word for 12 sec, by forming an association between the
item and the locus in the memory palace. In the retrieval task, participants described each locus
in their memory palace, the item that the locus was connected to, and the story they created to

link the locus to the item. The recall was self-paced, but they were encouraged to spend at least
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10 sec for each pair. After the first scan, participants completed 10 daily online practices for two
more weeks, in which they were presented with 40 words to remember using MoL, each for 12
sec, and then attempted to recall the words in the correct order. In week 4, they were scanned on

two consecutive days.

On week 4 day 1 (W4D1), they completed a scan just like the week 2 scan. After that,
they were taught (outside of the scanner) a new 20-locus memory palace (Figure 1d), presented
as videos on a laptop. We call the loci in the new memory palace “standardized” loci, because
this set of 20 loci was the same for all participants (in contrast to the 40 idiosyncratic loci
developed individually by each participant, used in the previous encoding sessions). On week 4
day 2 (W4D2), they reviewed the standardized loci and then completed a scan with the same
structure as the previous two, now using the standardized loci to remember 20 words (a subset of
the 40 words used previously). Note that the same 20 words were presented in the same order to
all the participants, so they were each attempting to create a binding between the same set of
item-locus pairs, allowing us to make comparisons across participants. Participants’ performance
in the memory task showed a massive improvement compared to the baseline (Figure 1e), from
14.44 (SD = 7.93) at baseline to 33.16 (SD = 5.07) to 35.24 (SD = 3.72) in Week 2 and Week 4
respectively. Participants were also near ceiling on the standardized memory task, with a mean
score of 19.2 (SD = 1.02) out of 20 words in total. Participants’ serial position curves were
markedly different after training (Figure 1f), shifting from showing a standard primacy effect
(Murdock, 1974) to near-uniform recall of words from all serial positions. It should be noted that
over the course of the study, participants were exposed to the same set of words 3 times (twice in

item task, once in encoding task) in each session, which might have contributed to the
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performance improvement. Therefore, caution should be taken with regard to interpreting the

change in performance over time.
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Figure 4.1 Illustration of the paradigm and behavioral performance. a. Demonstration of the
Method of Loci, in which items to be remembered are attached to sequential locations along an
imagined spatial map. b. The tasks participants completed in the scanner, capturing: neural
representations of loci alone, items alone, encoding an item at each locus, and retrieving an item
at each locus. c. Illustration of the four-week training and data collection schedule for
participants. d. Illustration of how participants learned the standardized memory palace with
20 loci for the W4D2 scan. All participants first watched videos moving through a 3D
environment with locations marked and a label for each locus provided. Participants then
learned by generating the name of the next locus after watching videos of the previous locus. e.
Memory performance (number of words correctly recalled in order) for participants at different
timepoints during the study. Dashed lines represent the maximum score possible in each
session. Error bars represent the 95% confidence interval. Participants demonstrated substantial
improvement after receiving two weeks of training, continued to improve at week 4, and were
able to generalize to the standardized loci on W4D2 with near-ceiling accuracy. f. Probability of
recalling a word given the word’s position in the encoding list. During screening (blue),
participants showed a strong primacy effect (they were much more likely to recall words in the
beginning of the list). However, in later sessions (W2: orange, W4D1: green, W4D2: red) this
effect was greatly reduced.
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4.3.1 Widespread representations of locus and item by themselves and during encoding

Using a generalized linear model (GLM), we obtained the representation of each locus
and item alone in each run of the locus and item task and the representation of the locus-item pair
during encoding and retrieval (Figure 2a). We then measured the pattern correlation (within
searchlights on the cortical surface) between corresponding loci or items in the two runs of the
locus and item tasks (while accounting for overall task similarity not specific to particular loci or
items; see Methods). For similarity between locus/item and encoding, we used a similar
approach, measuring the pattern correlation between the locus by itself (e.g., “swing”) or item by
itself (e.g., “apple”) with the locus-item (e.g., “swing-apple”) pair where the locus/item was
used.

We showed that a large portion of the brain represented imagined loci during encoding,
most notably in angular gyrus (AG) and posterior medial cortex (PMC) (Figure 2b, left). The
same analysis for the item task (during which each item was presented as written word) showed
item representation in visual cortex, AG, PMC, and mPFC (Figure 2b, right). Because using
MoL requires a combination of locus and item during encoding, we looked for representations of
locus and item information during encoding (Figure 2¢). Both loci and items were represented in
large scale brain networks during encoding, with some overlapping regions. Locus reactivation
was observed in the default mode network regions, including AG, PMC, and mPFC, while item
information was represented primarily in the visual cortex and PMC. These results demonstrate
that participants were successfully reinstating locus-specific patterns throughout a broad network
of regions during encoding, while simultaneously maintaining a representation of the presented

item to be remembered.
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Figure 4.2. Brain regions representing loci and items alone and during encoding. a.
[lustration of how representations were obtained. For each searchlight on the cortical surface,
the multivariate activity pattern was measured for each locus (in each two runs), item (in each
of two runs), and locus-item pair during encoding and retrieval of 40 words (in the first two
sessions) or 20 words (in the final session). b. Representation of locus and item in the brain.
Almost the whole brain showed significant locus-specific activation (pattern similarity for
corresponding loci in the two locus runs), with the strongest effects in angular gyrus (AG) and
posterior medial cortex (PMC). For two item runs, visual cortex, AG, PMC, and mPFC all
showed item-specific activation patterns. c. Representation of locus and item during encoding.
The current (imagined) locus was represented in AG, PMC, and mPFC during encoding, while
items (presented as words) were represented in visual cortex and PMC. The brain maps were
thresholded based on results of a permutation test, at q <.05 with FDR correction.
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4.3.2 Encoding residuals track idiosyncratic semantic combinations of loci and items

When people use MoL to remember a word, in addition to thinking simultaneously about
the item and the locus, they also add in additional details to forge a link between the two,
creating a conjunctive representation between the locus and the item. We therefore sought to
measure the conjunctive component of the encoding and retrieval representations by
decomposing them into a representation of the locus, the item, and the conjunction between the
locus and the item. For each locus-item pair (separately for each participant and brain region),
we regressed out the representation of locus and item from encoding (Figure 3a). Note that the
locus representation was derived from the task in which participants sequentially moved through
their locus sequence just like in the encoding task. Therefore, if the representation at a specific
locus has been reconfigured through repeated practice or has incorporated features of recent or
upcoming loci (Tarder-Stoll et al., 2024) these changes would still be captured as part of the
“isolated locus” pattern in this regression. The resulting encoding residuals contain the
conjunctive information (the pattern for this locus-item pair that is not linearly related to the
isolated locus and isolated item patterns) and the representations of irrelevant (e.g. off-task)
mental state and measurement noise not reflective of neural activity. One way to test if the
encoding residual contains meaningful conjunctive information (vs noise) is to check whether it
is related to the semantic content of participants’ verbal recall. For this analysis, we focused on
the W4D2 session, in which participants used the same memory palace to remember the same set
of words in the same order but often came up with very different ways of relating a locus to an
item (see Figure 3b, rightmost column for examples). In three key regions of interest in the
DMN, found in previous studies to represent schematic knowledge (Figure 3c, (Baldassano et al.,

2018; Thomas Yeo et al., 2011)), we investigated whether higher similarity of the encoding residual
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representations in these regions correlates with semantic similarity in participants’ verbal
descriptions. Note that this is a across-subject analysis for each object, allowing us to assess
whether participants who generated similar stories for an object also have similar neural
representations; the across-subject nature of this analysis avoids potential issues related to
temporal proximity that can arise when measuring within-run neural representations (Dimsdale-
Zucker & Ranganath, 2018). For all the ROI analyses presented below, we also conducted the same
analyses in anterior, posterior, and the whole hippocampus and found no significant effects in all
of the analyses (Supplementary Figure B.1). Additionally, False Discovery Rate (FDR)
correction with Benjamini-Hochberg Procedure was conducted for each analysis. For each locus-
item pair, we constructed a between-subject representational similarity matrix of the (neural)
encoding residual (Kriegeskorte et al., 2008); we also computed a semantic similarity matrix based
on people’s verbal recall of the locus-item pair using a cross-encoder with sentence-BERT
(Reimers & Gurevych, 2019) (Figure 3b); we then computed the Spearman correlation between the
lower triangles of these matrices for each locus-item pair. We also shuffled the participant order
for the semantic similarity matrix 1000 times for each locus-item pair, which generated a null
distribution of the mean Spearman correlation of the 20 locus-item pairs. The mean of the true
Spearman correlation for the 20 locus-item pairs were compared to the null distribution. In AG if
two people showed similar neural patterns in the encoding residual, they were also more likely to
tell similar stories (Mean p =.052, SD =0.052, z=2.84, p =.004, q = .011); The same effect
was found in mPFC, but it was only marginally significant (Mean p =.032, SD =0.102, z=1.83,
p =.066, q =.099). This effect was not found for PMC (Mean p = -.01, SD =0.078, z=-0.85, p

=.402, q = .402) (Figure 4d). This demonstrates that the encoding residual representations in
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parts of the DMN indeed track idiosyncratic content used to link a locus to an item, supporting

the idea that they contain information about the conjunction of the locus and the item.

Because the W4D2 scan happened the day after the W4D1 scan and made use of
overlapping words, a potential concern is that the association formed in the W4D1 scan might
create interference when the same word is presented in W4D?2. If there is interference, we would
expect that during encoding of a word in W4D2 (e.g., fireplace-microscope), the locus used to
encode the word in W4D1 (e.g., swing, if swing-microscope) was a W4D1 pair) would be
activated. We therefore looked at the correlation between the W4D2 encoding representation and
the corresponding W4D1 locus representation (and, for comparison, the W4D2 locus
representation). Consistent with Figure 2¢ (where the most locus reactivation was observed in
AG and PMC), we found significant reactivation of the W4D2 locus representation during
W4D2 encoding in AG and PMC (AG: Mean r = 0.015, t(24) =2.73, p=.012, q = .018; PMC:
mean r = 0.013, t(24) =4.27, p <.001, g = .002), but not in mPFC (mean r = 0.004, t (24) = 1.08,
p=.291, q=.291). However, we found no evidence of W4D1 locus representation in W4D2

encoding in any regions (p > .428) suggesting that any interference effects are small.
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Figure 4.3 Encoding residuals track semantic similarity across stories. a. Illustration of how
the encoding residual is computed. Locus and item representations were removed from the
encoding representation via linear regression, and the resulting encoding residual contained the
conjunctive representation of the linkage between locus and item. b. Illustration of the RSA
analyses. The analysis is based on week 4 day 2, when participants used the same memory
palace to remember the same words, allowing us to see the idiosyncratic item-in-locus story
each person generated. Pairs of recalls from different subjects for the same story were input to a
cross-encoder language model, generating a semantic representational similarity matrix
quantifying the semantic similarity between each pair of stories. Similarly, the encoding
residuals were compared across pairs of participants to create a neural representational
similarity matrix. We then looked at the similarity of the neural representational similarity
matrix to the semantic representational similarity matrix. c. Demonstration of location of the

134



ROIs on the cortical surface. d. Neural-semantic correlation in the three ROIs. The grey violin
plot represents the null distribution generated from shuffling the subject correspondence
between the two measures. The dots show the true correlation between the neural
representational similarity matrices and semantic representational similarity matrices. In AG
and mPFC, similar neural representations track similar semantic representations of stories. (n.s.
not significant, ~ q <.10, ** q <.01)

4.3.3 Widespread and robust conjunctive representation in the brain

The encoding residual contains not just the conjunctive representation, but also irrelevant
representations and noise, making it difficult to estimate the strength of the conjunctive
representation based solely on the norm of the encoding residual. We can instead look at the
extent to which the encoding residual is reinstated at recall: only the conjunctive component of
the residual should be reactivated when retrieving the memory using the locus as a cue. For each
locus-item pair (separately for each participant and brain region), we ran a regression to predict
retrieval representation from the locus representation, item representation, and encoding residual
representation (Figure 4a, bottom). To ensure that these regression weights were specific to the
locus-item pair (rather than reflecting a generic task-related representation), the weights were
adjusted relative to a null distribution created by permuting which retrieval pattern was matched
to the item, locus, and encoding residual patterns (see Methods). Importantly, the weights for the
encoding residual capture the amount of conjunctive representation for the pair.

For the locus and item weights in the retrieval regression, we found similar results to the
locus-encoding correlation and item-encoding correlation described above, with locus
representations in AG, PMC, and item representations in AG, PMC, and mPFC during retrieval
(Figure 3b). Strikingly, we found that the encoding residual is represented very strongly in AG,
PMC, and mPFC during retrieval, showing the importance of the conjunctive representation
during the MoL. We conducted a paired t-test to compare the weight of the encoding residual to

the weight of the locus and item, and showed that in largely overlapping regions including AG,
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PMC and mPFC, the encoding residual was represented more strongly than the locus or item by

themselves (Figure 3c).

4.3.4 Relationship between conjunctive representation in the DMN and training and
behavior

We next explored whether the conjunctive representation was related to experience with
MoL and recall behavior. Given the importance of the conjunctive representation to neural
representations and the centrality of locus-item binding in the technique of MoL, we would
expect differences in the amount of conjunctive representations over the course of training.
Comparing each subject’s average weight for the encoding residual (across items) against 0, we
found that three ROIs (AG, PMC, and mPFC) demonstrated a significant weight of encoding
residual in both week 2 and week 4 (all p < .001), with a higher weight in AG than mPFC (Mean
difference = 0.239, 95% CI=1[0.312, 0.166], t(49) = 6.58, p <.001, q =.002) and PMC (Mean
difference = 0.160, 95% CI=[0.100, 0.219], t(49) = 5.39,, p <.001, q = .002) and a higher
weight in PMC than mPFC (Mean difference = 0.080, 95% CI =[0.021, 0.138], t(49) =2.71,p =
.009, g =.009). To look at the change in weight of the encoding residual with experience with
the MoL, we used a mixed-effects linear model to predict the residual weight from stage of
training (week 2 vs. week 4) while controlling for the duration of recall (to account for the
possibility of increased encoding-recall similarity due solely to retrieval pattern estimates being
more stable for longer recalls) with a random subject intercept. We found that, across all ROIs,
there was an increase in the weight of encoding residual from week 2 to week 4 (Figure 4b),
which was significant in PMC and mPFC (PMC: beta = 0.101, SE = 0.045, t(2145.0) =2.24,p =
025, q=.038; mPFC: beta=0.171, SE =.045, t(2116.5) =3.77, p < .001, q = .003) and

marginally significant in AG (beta = 0.087, SE = 0.046, t(2108.9) = 1.88, p = .06, ¢ = .06),

136



providing evidence that representations become more conjunctive with increasing experience in
MoL. As a control, we ran similar linear mixed-effect regressions to test whether the contribution
of locus or item representations to either encoding or retrieval representations varied with

training, and did not find any significant effects of experience (all p > .131).
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Figure 4.4 Conjunctive representation in the brain. a. [llustration of how the strength of
the conjunctive representation was measured. When using locus, item, and encoding residual to
predict retrieval representation, the weight of the encoding residual indicated the amount of
conjunctive representation. b. The weight for locus, item, and encoding residual when
predicting recall patterns in each searchlight. Widespread and robust representations were
found for locus and the encoding residual during retrieval, with the strongest locus effects in
AG and PMC and the strongest residual (conjunctive) effects in AG, PMC, and mPFC. Item
representations were also found in AG, PMC, and mPFC, though with a more limited overall
extent of significant effects. c. Comparisons between weights for encoding residual and locus
(left) and encoding residual and item (right). Encoding residual was more strongly reinstated
than either locus or item, especially in AG, PMC, and mPFC. In b and ¢, color indicates
significant difference at q<.05 with FDR correction. d. Weight of encoding residual in week 2
and week 4 in the three ROIs. Error bars represent standard error of the mean. Points and
connections represent individual participants. All ROIs had significantly positive weights for

the encoding residual and the weight of encoding residual increased from week 2 to week 4 in
all ROIs (~ q<0.10, * q < .05, ** q <.01).

Because participants were trained to near-ceiling memory performance even in week 2,
we did not have sufficient statistical power to examine subsequent memory effects at the session
or participant level. We could examine subsequent memory at a trial level by running a mixed
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effect model predicting memory success based on the weight of encoding residuals, which
showed that in all DMN ROlIs, the amount of neural conjunctive representations is higher for
correctly remembered pairs (AG: beta = 3.30, SE =0.59, z=5.63, p <.001, q =.002; PMC: beta
=2.89,SE=0.93,z=3.07, p=.002, q=.002; mPFC: beta =2.90, SE = 0.95, z=3.04, p =.002,
q =.002). However, because we quantify the amount of conjunctive representation by measuring
how much of the encoding pattern is reactivated during the retrieval period, this finding is
difficult to interpret; it is not clear if the low conjunctive representation on failed trials was
caused by low conjunctive representation during encoding or a failure to recall the conjunctive

representation at retrieval.

It is possible to run a subsequent memory analysis for locus and item content during
encoding, by correlating the encoding representation with the locus and item templates (as in
Figure 2¢). This correlation provides a measure of how much isolated locus and item content is
present at encoding that does not depend on successful retrieval, and can therefore be compared
between successful and unsuccessful trials. Running this analysis in our three ROIs, we found
that in PMC only, item-encoding similarity significantly predicted whether the pair is later
correctly recalled, but it did not survive FDR correction (beta = 1.82, SE =0.80,z=2.27,p =

.023, q =.138). The effect was not found in any other regions or for locus-encoding similarity.

We conceptualized conjunctive representation as the additional details participants added
for linking the locus to the item, which in the neural space is measured as the weight of encoding
residual, taking into account the locus and item representations. We can define a similar measure

for verbal recall, reflecting the extent to which the individual stories generated by each person
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added new semantic content not present in the locus or item alone. We quantified this by
computing the semantic distance of the story to the locus-item pair using the cross-encoder
described above (where the semantic distance is equal to 1 minus the similarity from the cross-
encoder) — we refer to this measure as story deviation. If this story deviation measure is high, the
generated story is more different from just the locus and item pair (Figure 5a), as can be
observed in example stories with high and low story deviations (Figure 5b). Comparing week 2
and week 4, we conducted a linear mixed-effects regression predicting story deviation from
session, with a random subject and item intercept. We found a significant increase in story
deviation across sessions (beta = 0.012, SE = 0.005, t(2083.3) = 2.55, p =.011) (Figure 5c¢).
Across subjects, increase in story deviation between week 2 and week 4 is positively correlated
with increase in the weight of encoding residual in all the ROIs (AG: r =.402, 95% CI =[0.008,
0.688], t(23) = 2.11, p = .046, q = .046; PMC: r = .540, 95% CI =[0.184, 0.771], t(23) = 3.08, p
=.005, q=.015; mPFC: r = 463, 95% CI = [0.083, 0.726], t(23) =2.51, p =.020, q = .03).
These results provide converging evidence to suggest that forming a good conjunctive

representation is a skill that is associated with training of MoL.

We next looked at whether brain activity measures (univariate activity, encoding residual
weights) could predict the amount of the conjunctive representation in the verbal recalls of
individual stories (operationalized using the story deviation measure described above). We first
conducted mixed-effects linear regressions predicting the story deviation from univariate activity
in each of the ROIs with random subject and session intercepts. In all three ROIs, univariate
activity predicted higher story deviation values (AG: beta =.051, SE = .014, 1(2089.8) =4.29, p

<.001, g =.003; PMC: beta = .058, SE = .02, t(2081.2) = 2.84, p = .004, q = .006; mPFC: beta =
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0.055, SE =0.02, t(2082.8) =2.66, p =.008, q =.008). Finally, we compared our neural
conjunctivity measure (the weight of the encoding residual) to our behavioral conjunctivity
measure (story deviation), conducting a linear mixed-effects regression predicting story
deviation from the weight of encoding residual, with a random subject and session intercept (and
controlling for duration of recall). We found that in PMC and mPFC, a higher encoding residual
weight for a locus-item pair predicted that the generated story for this pair would have a higher
story deviation value (PMC: beta = 0.005, SE = 0.002, t(2088.0) =2.01, p =.036, q = .054;
mPFC: beta = 0.007, SE = 0.002, t(2038.0) = 3.06, p = .002, q = .006), although the effect in
PMC did not survive FDR correction. The effect in the same direction was found but not
statistically significant in AG (beta = 0.003, SE = 0.002, t(2078.0) =1.29, p=.198, q = .198).
This analysis provides further evidence that novel patterns that are formed at encoding (not
linearly related to locus or item patterns alone), and reinstated at retrieval, reflect the generation

of new semantic details bridging between the item and locus.
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lot of embers and burnt wood chips.
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Figure 4.5. Measuring the novelty of generated stories and linking this measure to brain
activity. a. How story deviation (semantic distance between the story and the locus-item pair)
was measured using a cross-encoder language model. b. Example stories with high and low
story deviation. In a and b, locus is highlighted in blue and item is highlighted in orange. c.
How story deviation changes from week 2 to week 4. Each line represents a participant. (** p <
.01) d. Correlation between weight of encoding residual for a locus-item pair and story
deviation for that pair. In all ROIs, the weight of encoding residual significantly predicted story
deviation. Thick blue lines represent the overall trend and thin lines represent individual
participants (in all three sessions). (n.s. not significant, ~ q <0.10, ** q <0.01)

4.4 Discussion

In the current study, we trained a group of naive participants in the Method of Loci and

used fMRI to measure the item-locus memories they formed during 3 sessions over the course of

a month. Consistent with prior work (Wagner et al., 2021), all participants showed great

improvement in their ability to remember word lists after learning MoL, demonstrating that the

technique is highly effective and does not require users to have any exceptional baseline memory

abilities. Our results highlight the role played by the mPFC and other DMN regions in
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representing schematic knowledge (loci) and items, both by themselves and in combination.
Crucially, we found evidence that these regions contain conjunctive representations that track the
content of the unique story details generated by each participant. The degree of neural
conjunctive representation for locus-item pairs increased with training, and tracked the amount
of novel details (going beyond the locus and item on their own) that were described by
participants for each locus-item pair. Overall, these results point to a central role of conjunctive

coding in the DMN for creating robust associative memories.

4.4.1 A new approach to study conjunctive representation and MoL

Past research has looked at the integration of components over the course of learning
(Fernandez et al., 2023; Ritvo et al., 2019; Schlichting et al., 2015), which is related to but
different from the conjunctive representation studied in the current paper. In these prior studies,
integration has been defined as increasing representational similarity between the component
pieces of an association after making a connection between them. For example, (Milivojevic et
al., 2015)) showed that, when participants became aware of a connection between two seemingly
unrelated events, the representations of the two events became more similar to each other in
mPFC and posterior hippocampus. On the other hand, our analysis of conjunctive representation
looks at how the combined representation relates to the individual components; a conjunctive
representation requires a new pattern to be added into the combined representation, rather than
adjusting the representations of the individual item and locus patterns to be more similar (e.g. by
blending their representations in some way). Another important distinction is that participants
linked a well consolidated schema (locus in their memory palace) to a relatively novel item,
whereas the components being integrated in previous studies were equally unfamiliar to the

participants.
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Past behavioral research has highlighted the importance of forming a conjunctive
representation between novel events and their contexts to create durable memories (Eich, 1985;
Murnane et al., 1999; Shin et al., 2021), and past neuroimaging studies have looked at schema
representation in the brain in a naturalistic context (Baldassano et al., 2018; Masis-Obando et al.,
2021). However, these past studies could not elucidate the neural mechanisms underlying the
creation of conjunctive memories for naturalistic events, because it is difficult to disentangle
schematic information from event-specific details in movie or story stimuli. In the domain of
perception, where the separate representation of different objects can be assessed individually
and combined, evidence for conjunctive representation has indeed been found, yet the impact of
such conjunctive representations on memory was not tested (Baldassano et al., 2017; Erez et al.,
2016; Liang et al., 2020). Our approach addressed these two concerns, and allowed us to not only
look at schemas separately from the novel event details, but also how they were combined
together to form a durable memory.

This study also looked at the MoL in ways that had not been previously done in the
literature. While anecdotally MoL involves creating narratives for combining a locus and item,
the nature of these connections can vary substantially across individuals and items (as shown in
Figure 5b) and past behavioral work has not quantified the content of individual locus-item
connections. Similarly, past neuroimaging work shows that teaching people MoL changes
connectivity and activation patterns (C. Liu et al., 2022; Maguire et al., 2003; Wagner et al.,
2021),, but not how these narratives are created. Our approach opens up possibilities of looking
at strategies during MoL in more subtle ways. The neural and semantic conjunctivity measures
developed in the current study allowed us to show, for the first time, the importance of making

conjunctive representations in MoL. Our findings suggest that optimizing memory for a locus-
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word pair involves generating and encoding extra details; counterintuitively, these details are
semantically distinct from both the locus and word, rather than simply reinforcing features of the
to-be-remembered word. Future modeling work can investigate the role of these novel details in
creating durable memories; we hypothesize that these details are generated in order to create a
context in which the item has a strong relationship to the locus, granting the memory benefits for
schema-consistent associations (Bein et al., 2015, p. 202; Brod & Shing, 2019; Buuren et al.,
2014; Huang et al., 2025; Quent et al., 2022) to arbitrary locus-item pairs. We did not find
evidence that incorporating locus features more strongly into the encoded memories is a key
factor in MoL training, since the proportion of the retrieved memory representation related

purely to the locus was small and did not increase from week 2 to week 4.

4.4.2 Conjunctive representations in the DMN

Conjunctive representation involves combining stimulus elements into a representation
that is more than the simple sum of its elements. In the past literature, forming conjunctive
representations between arbitrary elements has been suggested to be one of the main functions of
the hippocampus (McClelland et al., 1995; Rudy & Sutherland, 1995). In the current study,
where people formed conjunctive representations between novel items and a well-established
internal schema, we did not find evidence for the involvement of the hippocampus. Instead, we
found widespread conjunctive representations in the cortex, particularly the DMN, when people
connected episodic information (words) with a well-consolidated schema (their memory palace).
We found that these regions, which have been previously implicated in processing schemas and
forming memory consistent with schemas (Baldassano et al., 2018; Ben-Yakov & Dudai, 2011;

Brod et al., 2015; Masis-Obando et al., 2021; Preston & Eichenbaum, 2013; Raykov et al., 2020,
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2021; van Kesteren et al., 2012; Van Kesteren et al., 2013; van Kesteren et al., 2016), play a key
role in representing conjunctions between schemas and episodic details.

We found significant amounts of neural conjunctive representation in all three core
regions of the DMN: AG, PMC, and mPFC. These regions have been previously implicated in
work with memory for naturalistic events tied to familiar contexts (Chen et al., 2017; Zadbood et
al., 2017), showing strong reinstatement of encoding patterns during retrieval. Our results
suggest that conjunctive representations in these regions may also serve to “glue” schemas to
event details when we form memories of naturalistic events (Baldassano et al., 2018; Masis-
Obando et al., 2021).

In line with prior work, we found that mPFC played a central role in building schema-
based memories, with significant effects across our analyses: the degree of conjunctive
representation in mPFC robustly increased between week 2 and week 4; the neural similarity of
conjunctive representations across pairs in mPFC tracked the semantic similarity of people’s
stories; and the amount of mPFC conjunctive representation for individual pairs was strongly
associated with the amount of conjunctive semantic detail in participants' verbal recalls. Past
lesion studies (Ghosh et al., 2014) have shown that vmPFC patients with confabulation
symptoms had difficulty judging whether a word belonged to a script or not, suggesting that
mPFC plays a role in relating current items to prior knowledge. Thus, mPFC may play an
especially important role in the item-locus association step of MoL, drawing on prior knowledge
to find a plausible interaction between the item and locus and elaborating on this interaction with
new integrative details. For example, one participant (Figure 4.5b) linked a knight to a lavender
candle by identifying the linking concept of a lavender field that the knight could walk through.

This may draw on the same cognitive mechanisms as the "free generation of remote associates"
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task, in which participants attempt to generate a word with a meaningful but unusual relationship
with a cue word, which is also known to be impaired by vmPFC lesions (Bendetowicz et al.,
2018).

On the other hand, we found no evidence for the engagement of hippocampus in forming
conjunctive representations. Previous studies showed that, while novel associations consistent
with a schema could rapidly become independent of the hippocampus, the encoding and early
consolidation of these associations still depends on the hippocampus (Tse et al., 2007). It is
possible that semantic representations are present in the hippocampus during this task and our
design and scanning protocol were not sensitive enough to detect them. An alternative possibility
is that the hippocampal representation is episode-specific in nature, reflecting a unique code for
each locus-item pair that does not generalize to semantically-similar pairs (Reagh & Ranganath,
2023).

4.4.3 Relating conjunctive coding to creativity and concept combination

In the current study, participants had complete freedom in how they chose to bind items
to loci, and different participants came up with very different relationships even when provided
with the same loci and items in the standardized-loci task. Although we were primarily interested
in using MoL as a tool for studying memory, this experimental task could also be useful for
research that involves concept combination, such as research in creativity. Creativity paradigms
generally involve relatively constrained tasks like identifying a common word connecting two or
three seemingly unrelated words (Bowden & Jung-Beeman, 2003) or finding alternative uses for
a tool (Beaty et al., 2015), while our paradigm encouraged more open-ended divergent thinking
(Runco & Yoruk, 2014) to generate semantic associates of the locus and/or the item. The current

study thus provides a framework to study creativity across different semantic domains or across
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different individuals in a relatively unconstrained and spontaneous manner. The measurements
developed in the study, including both the neural and semantic measure of conjunctive
representation, could be relevant for providing insights into the neural mechanisms of creativity.
Our finding that the amount of conjunctive representation in mPFC and PMC tracks the amount
of semantic elaboration (as indexed by our story deviation measure) provides support for an
important role of these regions in the creative process (Aziz-Zadeh et al., 2013; Shamay-Tsoory
etal., 2011).

We hypothesize that MoL is so effective because conjunctively combining an item and
locus draws on a fundamental cognitive function of building rich concepts from simpler
primitives (Lake et al., 2015). While some of previous research has looked at the importance of
the DMN in conceptual combination (Frankland & Greene, 2020), past research typically
involved studying relatively straightforward combinations (like combining “old” and “woman”
and has focused more on the comprehension and perception of these ideas (Baron & Osherson,
2011). Our results argue for a role of the DMN in combining ideas together in a more elaborate
way. While here we focus on how this conjunctive process supports episodic memory, future
work can elucidate how conjunctive representations in the brain might support other processes
such as concept learning (Zhou et al., 2024), episodic simulation and imagination (Spreng et al.,
2018), and semantic-episodic linkage in trivia experts (Thieu et al., 2024).

One limitation of the current study is that, because we wanted to ensure that the novice
participants would be able to form associations and that we would be able to accurately measure
neural representations with fMRI, we provided 12 seconds for encoding each item. This is longer
than most memory experiments with word list learning (e.g., (Murdock, 1974)) and other

experiments involving MoL (e.g., (Wagner et al., 2021)), and is not how MoL is used by experts
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in a competition context, when an association needs to be formed in ~2 sec. The long encoding
duration, in combination with other factors such as the relatively smaller total number of words
(compared to that in memory competition), also led to performance being at ceiling even after
just two weeks of training, making it infeasible to perform analyses relating conjunctivity to
performance. Future research could employ other designs, such as measuring conjunctive
representations at a short delay and then testing memory at a long delay, to avoid these issues
and allow for additional analyses of subsequent memory. Another direction is to look at whether
quickly-formed item-locus associations are supported by the same brain regions as in our slow-
encoding design, as well as the meta-cognitive question of how mnemonists assess whether they
have spent sufficient time adding conjunctive information for a specific association.

In conclusion, we used MoL as a window into studying the process of how people
combine details with schemas in the context of memory formation. We found evidence of strong
conjunctive representation in the DMN, which increased with training and tracked the semantic
details added to the locus-item pair. These results demonstrate the importance of conjunctive
representation in meaningfully combining schema with novel items and shed light on the neural

mechanisms of creativity and concept combination.
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Conclusion

In this dissertation, I presented a series of behavioral and neuroimaging experiments to
investigate how prior knowledge influences memory. In Chapter 1-3, I looked at memory for
“circles appearing on a grid”. In Chapter 4, I studied memory for word lists. These kinds of
stimuli have been used extensively in the literature. However, by giving people prior knowledge
as a scaffold, these stimuli become “kind of naturalistic”, in that people are able to use their
complex knowledge that they have built to remember these simple stimuli in ways that are more
similar to how they remember events in real life.

In Chapter 1-3, I taught participants about a board game to study how complex prior
knowledge like knowledge of a board game is related to prediction and memory. In Chapter 1, I
studied the process by which a schema of the game is developed and subsequently influences
prediction and sequence memory. At first, participants did not know the rules of the game and
therefore could only use pure episodic memory to remember the sequences. After they learned
the rules of the game, they were able to better remember moves that have higher probability
according to a gameplay model. Interestingly, eye-tracking revealed that participants also
became more likely to look at probable empty squares during sequence encoding. We also
showed that making such predictions is good for memory for the upcoming move, regardless of
whether the upcoming move is probable or not. The study demonstrated, for the first time to our
knowledge, how the development of a schema could influence prediction, and showed that
enabling complicated prediction is one potential important mechanism by which schemas
influence memory.

In Chapter 2, I proposed that in research on schema, there are in fact two different

processes that are highly correlated and hard to separate in experimental paradigms: one where a
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prediction is made and the stimulus (outcome) is compared with the prediction; the other where
the stimulus is evaluated in terms of its probability given the context. With real-time eye-
tracking, I was able to show that these are indeed separable processes that both facilitate
memory, but in different ways: accurate prediction facilitates episodic memory that could be
retrieved directly, whereas probable moves are remembered in a potentially gist-like fashion,
which rely on more schema during retrieval.

In Chapter 3, [ used fMRI to delve deeper into what I explored in Chapter 2, to see how
what is called prediction in the field could be further broken down into different processes. In
Chapter 2, I made distinction between accurate prediction and high probability given the context.
In Chapter 3, I showed that these two processes are associated with different patterns of neural
representation during encoding and retrieval. Encoding probable moves engage AG, while
encoding predicted moves engage mPFC. Retrieving probable moves engage dorsal attention
network while retrieving predicted moves engage temporal parietal junction. Additionally, I
looked at another dimension of prediction — predictions based on episodic memory vs.
predictions based on schema. I found that episodic memory-based prediction is associated with
increased neural activity in the retrosplenial cortex, which is connected to the hippocampus and
past research has shown that damage to retrosplenial cortex could produce amnesia (Aggleton,
2010). Overall, Chapter 2 and 3 demonstrate that the term prediction indeed incorporates
multiple distinct processes that should be looked at more carefully when trying to make
generalizations.

In Chapter 4, I looked at an ancient technique called method of loci (MoL), an ancient
mnemonic technique. MoL allows people to encode a list of random words in a way more similar

to encoding real-life events. In particular, real-life events are highly structured, with a script of
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what typically happen in the situation, and an event can be encoded by incorporating the unique
details in the episode to the script. With MoL, people use their memory palace to provide a
structure such that random words (the unique details) can be combined with loci in the memory
palace (the script). I showed that the memory representation formed with this technique is not
just a linear combination of the word and the loci, but a conjunctive representation in multiple
parts of the DMN that is more than the sum of its parts. One particularly important region is the
mPFC, which showed the biggest changes in the amount of conjunctive representation as people
became better at the technique, and strongly tracked the amount of additional semantic details
added to the story.

While the schemas in 4-in-a-row and MoL seem very different from each other, with one
being the rule of an abstract board game, and the other being a sequence of fixed locations in the
memory palace, both can be considered as a type of “script” (Schank & Abelson, 2013). A script
provides a structure about how an event typically evolve, like a restaurant script that describe the
typical event that happen in a restaurant (being seated, viewing the menu, ordering food, food
arriving, paying the check). In 4-in-a-row, there is also a script about how the game evolves
(forming a 2-in-a-row, forming a 3-in-a-row, then winning with a 4-in-a-row), although it is
more complicated and much more flexible. In the MoL, the locations in the memory palace
resemble a script in that they follow a specific order that allowed the details to be combined. In
both cases, there is a temporal predictive structure, in which we can use our past experience to
make (potentially probabilistic) predictions about what will happen next.

These studies provide novel insights in the study of how schemas influence memory and
the underlying neural mechanisms. It has theoretical, empirical, and methodological implications

and opens the door for exciting new directions for future research in this field.
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How prior knowledge scaffold memory

The core question investigated by the current dissertation is how prior knowledge
provides a scaffold for memory. This question is by no means new in the field of cognitive
psychology, and many mechanisms have been proposed and tested on how prior knowledge
scaffolds memory. As reviewed in the general introduction, many studies have showed ways that
prior knowledge scaffolds memory, such as by allowing novel information to be represented
more meaningfully (Bransford & Johnson, 1972), by chunking (Chase & Simon, 1973), by
providing retrieval cues (R. C. Anderson & Pichert, 1978; Watkins & Gardiner, 1979). By taking
advantage of the new, “kind of naturalistic” paradigms, the current dissertation provided some
additional insights into the role prior knowledge plays in episodic memory. Although predictive
representations have been seen in experts (Didierjean & Marmeéche, 2005), Chapter 1 was the
first study to demonstrate the development of prediction as people acquire a novel schema, as
well as how prediction is a mechanisms by which schema could scaffold episodic memory.

Past research has also provided invaluable insight into the neural mechanisms underlying
such memory benefits, pointing to the importance of the interaction between the mPFC and
hippocampus (Baldassano et al., 2018; De Soares et al., 2024; Van Kesteren et al., 2013). In
Chapter 3, I examine the neural mechanisms of this scaffolding process in the context of the 4-
in-a-row game. While it was a challenging memory task that is generally associated with
activation of the multiple demand network (Duncan, 2010), I found activation of the DMN,
particularly in AG and mPFC when the move is probable or predicted, which are generally
associated with internal processing and processing of naturalistic stimuli (Baldassano et al.,

2018; Chen et al., 2017; Menon, 2023). This suggests that this paradigm indeed sits in between
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the traditional experimental paradigm and paradigms with naturalistic stimuli, offering a bridge
to understanding the role of prior knowledge in different contexts.

In Chapter 4, I further demonstrated that in DMN the neural representation in schema-
facilitated memory is conjunctive, meaning it is more than a simple linear sum of the schema and
the specific details, but rather contains additional semantic details that are reinstated during
retrieval. This could potentially provide insights into how these DMNs are used in naturalistic
context such as movie viewing.

Different types of predictions and effect of prediction on memory

A popular belief in the field is that prediction is a core function of the brain, and as a
result it is a process that has been studied extensively. Because predictions function at so many
different levels of the hierarchy in the brain, it is important to think about predictions not as a
singular process, but rather a general term to describe processes where prior experience
influences current perception through potentially different mechanisms. One implication of this
idea is that careful consideration should be taken when interpreting and generalizing results from
one study about the impact or neural mechanisms of prediction. Chapter 2 and 3 specifically
looked this issue, and show that, for example, distinct processes might be underlying how we
encode information that are improbable given the context, or that are (probable but) not
accurately predicted. Both could be called prediction errors, but they both independently and
differently influence memory for the stimuli, and the brain is differently engaged when encoding
and retrieving them. Additionally, Chapter 3 also found differences in schema- vs. memory-
based predictions in the brain.

It is also important to consider the ontology of the cognitive processes given these

findings — for example, are memory-based predictions just episodic memory retrieval? This is
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relevant to, for example, the question of the functional role of the hippocampus, which some
believe is restricted to memory. Chapter 3 did not find strong evidence of the involvement of the
hippocampus in either memory- or schema-based prediction. While I refrain from over-
interpreting null results, studying prediction and different types of prediction could be a way
forward into looking at the modularity of the brain.

By considering prediction as an umbrella term that includes many sub-processes, and by
creating better categorization for different types of predictive processes, we could really
investigate some of the debated questions in the research on prediction. For example, a
commonly held belief in the field is that prediction error benefits memory, which has been
demonstrated in numerous studies (Bein et al., 2021; Jang et al., 2019; Quent et al., 2022), but
the opposite has also been found (Holtje & Mecklinger, 2022; Huang et al., 2023, 2025; Ortiz-
Tudela, Nolden, et al., 2023; Poskanzer et al., 2025; Van Kesteren et al., 2013). A better
categorization of prediction might provide insights into the condition in which prediction errors
benefit vs. harm memory.

Potentials of “kind of naturalistic” paradigms

The studies presented in the current dissertation used paradigms that sit in the middle of
the traditional experimental paradigms that allow maximum control and modellability, and
naturalistic paradigms that are more similar to real-life experiences. This approach allows me to
take advantage of the efficiency and the level of manipulation of an experimental paradigm —
creating situations where people could make simple response for prediction and memory;
allowing people to develop a novel, complex schema quickly; modeling schemas easily;
manipulating prediction error through real-time eye-tracking. It would take very hard work to

create naturalistic stimuli and paradigms that check these boxes. An additional advantage of
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these paradigms is that they are in general more fun for the participants. More than 700 hours’
worth of data were collected from the participants in the studies conducted in the 4 chapters, and
they have all been at least 2 sessions, but the attrition rate has always been low and participants
often told me that they had fun in my study.

At the same time, I was able to study processes that are more similar to events happening
in real-life — spontaneously making probabilistic predictions about a sequence of events;
simultaneously encoding the current stimuli and predicting the future; giving meaning to the
stimuli with the help of a schema as they come in; creating stories to help us remember things.
These complex and dynamic processes are difficult to study in a lab setting.

Another exciting aspect of this kind of paradigms is that the insights generated from the
them could be applicable and tested by making it more experimental or more naturalistic. For
example, ongoing work in our lab looks at (1) how people make schema- vs. memory-based
predictions from YouTube instruction videos. (2) how people respond to stories that have
probable but unpredicted endings. On the other side, another project I am involved in is looking
at how mouse movement during event perception of simple images could be an indication of
learning of event structures, and how that influences memory.

Concluding remarks

To conclude, the current dissertation looked at how prior knowledge scaffolds memory
with a “kind of naturalistic” paradigm. I show that (1) one way prior knowledge scaffolds
memory is by enabling complicated predictions; (2) making prediction, especially accurate ones,
are good for memory; (3) prediction is not a singular process and different processes depend on

different brain regions; (4) the DMN plays an important role by which prior knowledge scaffolds
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memory, potentially through forming a conjunctive representation; (5) these kind of naturalistic

paradigms have a lot of potential in answering questions across the board.
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Appendix A: Chapter 2 Supplement

Including prediction confidence to predict memory performance

In our pre-registration, we planned to predict memory accuracy, reaction time, and
confidence based on three regressors: in addition to the schema-consistency of the move (move
probability) and prediction accuracy, which we reported in the paper, we also proposed to
include another model-free measure of prediction: prediction confidence. Overall, we found that
incorporating prediction confidence did not change the main findings of our study and we chose
not to include this measure in the main text, but for completeness we report these analyses
below.

Prediction confidence measured the extent to which a participant spent time looking at
specific empty squares versus uniformly fixating across all empty squares pre-stimulus
presentation. High values of prediction confidence indicate that a participant spent a large
fraction of the trial looking at only a small number of empty squares, indicating a strong
prediction about the upcoming move. As in Huang et al., (2023), we compute this as the
expected information gain between a uniform distribution over all empty squares and the fixation
distribution. Given the fixation time T'(x;) for each square x;, we define P(empty) as the
fraction of the 10 or 8-second window during the initial board phase spent fixating on empty
squares, and P(x;) = T(x;)/P(empty) as the normalized fixation distribution over empty
squares. The information gain from a fixation is 0 for fixations on occupied squares, and for
fixations on empty squares reflects the entropy difference between a uniform distribution and the

fixation distribution. Therefore, we define:

Prediction confidence = P(empty) - (log(Nempty) — XYV P(x;) log P(x;))
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Refer to figure 6 of Huang et al., (2023) for visualization of some example boards with
high and low prediction confidence.

We conducted linear mixed effect logistic regression model, predicting memory
(accuracy, reaction time, and confidence) from move probability, prediction accuracy, prediction
confidence, and the interaction between prediction accuracy and move probability, with subject
random intercept.

In study 1 and 2, both move probability and prediction accuracy significantly lead to
better memory (p <.001). In both studies, prediction confidence also led to better memory,
although the effect is only marginally significant in study 2 (study 1: beta=0.29, z=2.87,p =
.004; study 2: beta = 0.085, z=1.71, p =.09). For the (memory) confidence measure, we found
that move probability (t = 2.098, p = 0.04) and prediction accuracy (t =2.767, p = 0.006), and
prediction confidence (t = 2.51, p=0.01) all led to more confident memory in study 1. Similarly,
in study 2, all of the factors led to higher confidence (move probability: t = 8.05, p<.001,
prediction accuracy: t = 3.71 p <. 001, prediction confidence: t = 3.33 p <.001). None of the
interactions were significant. For reaction time, prediction confidence was strongly associated
with faster reaction time in study 1 (t = -3.524, p <.001) while the other effects were in the same
direction but not significant (move probability: t =-1.37, p = .171; prediction accuracy: t = -1.75,
p =.079). In study 2, move probability, prediction accuracy, and prediction confidence all
predicted faster reaction time: move probability (t =-3.96, p <.001), prediction accuracy (t = -
2.01, p = .044), prediction confidence (t =-7.27, p <.001). Overall, these results showed that
making confident predictions (spending a lot of time focusing on a few empty squares during
encoding) lead to better memory, higher confidence, and faster reaction time, while the effects of

accurate prediction and move probability remained the same as the main paper.
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Including prediction confidence to predict retrieval strategy

In the pre-registration, we also mentioned that we would predict eye-movement measures
at retrieval based on the schema-consistency of the move, prediction confidence, and prediction
accuracy. As a result, we also incorporated prediction confidence into the regression predicting
Wmoveprrop (retrieval schematic eye movement) and W p,recemove- W€ conducted linear mixed
effect regressions to predict W, opeprop from move probability, prediction accuracy, and
prediction confidence, and the interaction between prediction accuracy and move probability. In
study 1, higher move probability led to higher Wy, ppeprop (t = 3.3, p=.001), and higher
prediction accuracy led to lower Wy, opeprop (t =-9.82, p <.001). Prediction confidence did not
have a significant effect on W, ,peprop (t = 1.558, p = .119). The interaction between move
probability and prediction accuracy was not significant. In study 2, move probability did not lead
to a change in W, ypeprop, DUt prediction accuracy decreased Wy, ppeprop (t=-15.57, p <.001),
and prediction confidence increased Wy, opeprop (t =2.42, p =.016). There is a significant
interaction between move probability and prediction accuracy (t = 2.94, p = .003).
Analyses based on prediction confidence and accuracy at retrieval

In our pre-registration, we planned to compute three statistics for retrieval eye
movements, each corresponding to a measure of prediction in the previous study (prediction
coefficient, prediction confidence, prediction accuracy). In the analysis reported in the main
paper, Wy, oveprop 1N retrieval is obtained in a similar way as prediction coefficient during the
encoding phase, which we reported in detail. It can be considered as a model-based measure of
how much schema is being used during retrieval.

We also proposed to look at applying the “prediction confidence” (described in the first

section of the supplementary material) and “prediction accuracy” (described in the main paper)
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measures to retrieval, as model-free measure of retrieval strategy. A high “prediction accuracy”
at retrieval would mean that a participant spent a large fraction of the time during recall looking
at the correct move. A high “prediction confidence” at retrieval would mean that participants
look at only a small number of empty squares during retrieval (low entropy), potentially
indicating that they have the subjective experience of a precise episodic memory (whether or not
that memory is accurate). To avoid confusion, here we refer to retrieval “prediction confidence”
and “prediction accuracy” as “retrieval fixation confidence” and “retrieval fixation accuracy,”
respectively.

retrieval fixation confidence = (1og(Nempty) — X1 P(x;) log P(x;))

Note that, unlike the prediction confidence measure described in the first section of the
supplementary materials, we do not weight the retrieval fixation confidence based on the time
spent fixating on empty squares — retrieval is self-paced, and we would therefore expect the most
confident responses to occur quickly (with relatively little time spent looking at empty squares).
Retrieval fixation confidence can be considered a model-free measure of how much participants
were debating between different response options, indicating how easy it was to recall the move.

Using mixed-effects linear regression, we predicted memory accuracy, reaction time, and
memory confidence from retrieval fixation confidence and accuracy, with random subject
intercepts. We found that moves with high retrieval fixation confidence were more likely to be
accurately recalled (study 1: z=9.92, p <.001; study 2: z=14.32, p <.001), with higher
memory confidence (study 1: t=15.04, p <.001; study 2: t = 18.45, p <.001), and faster reaction
times (study 1: t=-22.98, p <.001; study 2: t =-40.93, p <. 001). Similarly, moves with high
retrieval fixation accuracy were better recalled, with higher memory confidence and faster

reaction time (all p <.001).
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We then tried to predict retrieval fixation confidence from move probability and
prediction accuracy (during encoding). We found that in both studies, accurately predicted
moves showed higher retrieval fixation confidence (study 1: t =7.55, p <.001; study 2: t=7.62,
p <.001). More probable moves also showed higher retrieval fixation confidence (study 1: t =
3.23,p=.001; study 2: t=3.54, p <.001). These results suggest that for probable and/or
predicted moves participants considered only a small number of possible responses before
making their response. Based on our results in the main text, however, we hypothesize that these
effects arise for two different reasons: accurate predictions facilitate precise episodic memory
(allowing for quick retrieval of the correct square), while, for probable moves, the move will be
one of the first that participants generate (and then recognize) using their schema knowledge.
Pupillometry analyses

We also planned in our pre-registration to examine effects of the predictors (prediction
accuracy, move probability, and prediction confidence) on pupil size. This was unfortunately
difficult with our paradigm — the participants were constantly moving their eyes to look at
different pieces with different luminance at different angles from the center of the screen, which
had strong effects on measured pupil size. We first interpolated the size of the pupil during
blinking periods using the package MNE (Gramfort, 2013), and then temporally downsampled
the pupil timecourse by a factor of 10 (to 100 datapoints per second). For all moves, we built a
model to predict pupil size from the distance of the eye from the center of the screen, and the
color of the move closest to the location of the eye. We then took the residual of the model and
visualized the change as a function of time (Figure A.1). As can be seen from the figure, the

confidence intervals were largely overlapping for moves with varying probability and prediction
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accuracy. We have therefore chosen not to proceed with additional pupillometry analyses for this

paradigm.
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Figure A.1. Residual of pupil size as a function of time (1/100 sec). Different colors
represent the tertiles of move probability and prediction accuracy. Blue marks represent the
presentation of the stimulus. Error bars represent 95% confidence intervals.

Amount of options on the board

For our manipulation to work, it is important that there are multiple good options for
participants to make predictions about and that a move that was not predicted is still relatively
probable. We looked at the perplexity of the boards that were shown to the participants in the
experiment, calculated as the exponential of the entropy of the probability distribution of the next
move:

pPp = 2H®

Where H(p) is the entropy of the probability distribution. The perplexity measure could
provide information about the level of uncertainty on the board. A perplexity of k means that the
probability distribution has the same level of uncertainty as a k-sided dice. Thus, if there is one

very dominant move, the perplexity would be close to 1.
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On average, the perplexity of the boards was 8.38 (SD = 6.53). Below we show the
distribution of perplexity for the 80 boards participants saw, and examples with minimum,
medium, and maximum amount of perplexity (with the color indicating the probability of the
moves). Thus, while there are cases where the perplexity is close to 1, in most cases there are at

least two moves on the board that are worth considering.
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Figure A.2. Distribution of perplexity in the boards shown to the participants. The
boards are example boards with high, median, and low perplexity, where the color represents
the probability of each empty square.

Number of “landmarks” for each move

One potential way that participants could remember the moves, which were unrelated to
their schema, is to focus on the visual feature of the move. If a move is surrounded by other
moves or on the edge of the board, these could serve as “landmarks” for remembering the move.
This might explain some of the effect, particularly of move probability, because a better move is

more likely to be surrounded by other moves. To test this possibility, we looked at the number of

landmarks surrounding a move in our manipulation conditions (Supplementary figure A.3).
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Figure A.3. Illustration of the number of “landmarks” measure. We looked at the 8
tiles surrounding a move, and count the number of edges and occupied tiles in the 8 tiles.

We found that indeed there is a big difference in the number of landmarks for moves in
each condition. In study 1, probable+predicted condition having an average of 5.01 (SD = 1.80)
landmarks, followed by predicted but improbable with 4.67 (SD = 1.80); probable and
unpredicted 4.05 (SD = 1.97); and improbable and unpredicted having least landmarks of 2.90
(SD = 1.56). Similarly, in study 2, predicted condition has a mean of 4.80 landmarks (SD = 1.78)
while unpredicted condition has 4.06 landmarks (SD = 2.00).

It is therefore a valid concern that the effects of these factors on memory were caused by
differences in the number of landmarks. To see if that is the case, we next looked at whether the
number of landmarks can account for the memory effect of prediction accuracy and move
probability on memory, by including the term into the model predicting memory accuracy from
move probability and prediction accuracy.

memory_accuracy ~ move_probability * prediction accuracy + number of landmarks +

(1|subject_id)

Although the number of landmarks significantly predicted memory accuracy (study 1:
beta =.09, z=4.115, p <.001; study 2: beta =.055, z=3.80, p <.001), the effects of move
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probability and prediction accuracy were still highly significant (all p <.001). Thus, even though
the number of landmarks is related to both move probability and prediction accuracy, it cannot

fully explain the benefit of these factors on memory accuracy.
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Appendix B: Chapter 4 Supplement
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Figure B.1. Results of the ROI analyses done in hippocampal ROIs (anterior, posterior, and
whole). a. There was no evidence that encoding residual in any of the hippocampal ROIs
tracked semantic similarity in the story told by the participants. b. There was no evidence for
changes in weights of encoding residual in hippocampus over the course of the training, despite
the anterior and posterior hippocampus showing weights significantly above zero at week 4
(anterior: t =2.07, p = .05, posterior: t = 2.25, p =.034). c. There was no evidence that the amount

of encoding residual is related to story deviation.
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