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Schematic prior knowledge can provide a powerful scaffold for episodic
memories, yet the neural mechanisms underlying this scaffolding process are
still poorly understood. A crucial step of the scaffolding process is the way in
which details of a new episode are connected to an existing schema, forming a
robust memory representation that can be easily accessed in the future. A
unique testbed for studying this binding process is a mnemonic technique
called the Method of Loci (MoL), in which people meaningfully connect items
to be remembered with a well-learned list of imagined loci. We collected fMRI
data from participants in 3 longitudinal sessions while they were enrolled in a
month-long Mol training course, all of whom showed dramatic improvements
in their ability to remember lists of 20 or 40 words. We obtained neural pat-
terns when the loci and objects were presented by themselves, when they were
combined into an integrated representation at encoding, and when the inte-
grated representation was subsequently retrieved, as well as verbal descrip-
tions from the participants about the way they associated each item to each
locus. We found that in default mode network regions, including medial pre-
frontal cortex (mPFC), the combined representations of loci and items are
highly conjunctive: the unified locus-item representation was substantially
different from a linear combination of the isolated locus and item repre-
sentation, reflecting the addition of new integrative details specific to each
combined pair. The conjunctive component of the representation reflected
the particular creative details generated by individual participants and
increased over time as participants gained expertise in MoL. Our findings
reveal a critical role for the default mode network in creating meaningful
connections between new information and well-learned schematic contexts.

Decades of research on human memory have sought to probe the impressive ability to remember much more complex stimuli such as
functional architecture of the memory system by using memorization —movie events’. Stimuli drawn from familiar real-world settings allow us
tasks with word lists and pictures'. Paradoxically, participants often  to draw on schemas, our prior knowledge about the structure of the
struggle to recall these kinds of simple items', while showing world and how events unfold over time. This prior knowledge can
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Fig. 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 par-
ticipants 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.
In subsequent figures, Week 2 is referred to as W2, Week 4 Day 1as W4D1, and Week
4 Day 2 as W4D2. d lllustration 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. Environment images are screenshots of 3D

Word position

environments created in the game engine Unity from assets available for com-
mercial use. e Memory performance (number of words correctly recalled in order)
for participants (N =25) at different timepoints during the study. Dashed lines
represent the maximum score possible in each session. Error bars represent the
95% confidence interval around the mean. 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.
Source data are provided as a Source Data file.

scaffold memory processes in various ways. Past behavioral and
modeling research has studied how schemas facilitate memory during
the encoding process®™ and how schemas aid memory through pro-
viding a scaffold at retrieval® ™. 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 acces-
sible 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” . 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®®?, 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 inter-
actively combined together, the resulting representation should be
conjunctive®®, 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 dan-
gers 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*?S,
images of human-object interaction®’, or scenes with different features
of the environment, objects, and people®. While these studies exam-
ined conjunctive representations during perception, here we investi-
gated the role of conjunctive representations in linking contexts and
items to form a robust episodic memory that can be reinstated
through schema-based retrieval.

We developed a new paradigm for studying conjunctive repre-
sentations based on an ancient mnemonic technique called the
Method of Loci (MoL, Fig. 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
occurring at that locus. During retrieval, people mentally retrace their
steps through the memory palace in order, using each locus as a cue to
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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 ref. 31). 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 facil-
itate the creation of these interactions™.

While some past behavioral and neuroimaging research has stu-
died MoL, this work has largely focused on the effectiveness and
potential practical applications of the technique®™ and the activity
pattern while the technique was used and how training changes pat-
terns and connectivity®**°. In one of the first neuroimaging works on
MolL, Maguire et al. *° 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*’. In the current study,
we use Mol as a testbed for studying how novel information is enco-
ded into a 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 pre-
sented 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 encod-
ing 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 pre-
dictable 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 hypothe-
sized 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, 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 mem-
ories 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*.
However, forming conjunctive representations of real-life events sup-
ported 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?>**?4230 - potentially because episodic memory can be

consolidated rapidly through interaction with the activated associative
schema®. 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****® 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?. In line with this prediction, we found that con-
junctive 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.

Results
An overview of the four-week study paradigm is presented in Fig. 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 con-
sisting 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 (Fig. 1b). In the locus task (repeated
twice), participants verbally described each of their loci for 10s,
before being prompted to describe the next locus. In the item task
(repeated twice), participants saw a word for 10 s 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 s, 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 10 s 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 s, 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 (Fig. 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 (Fig. 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

Nature Communications | (2026)17:5347


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-026-71428-6

a
10 sec 10 sec
40 or 20 loci 40 or 20 words
Locus task Item task

12 sec Self-paced
40 or 20 words No stimulus
Encoding task Retrieval task

The first
locus is a
swing on

the grass...

i

Locus representation
Run 1

i

Locus representation

animate ﬁinanimate

T 77

Iltem representation
Run 1

T 19

Item representation

Run 2 Run 2
b
Locus representation ooe
Run 1
r 0
r a -
Locus representation
Run 2
C
Encoding K 0.2
representatlon

i DO

Average locus
representation

0,04

Fig. 2 | Brain regions representing loci and items alone and during encoding.
a lllustration 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
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medial cortex (PMC). For the two item runs, visual cortex, AG, PMC, and mPFC all
showed item-specific activation patterns. ¢ 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 permu-
tation test, at g < 0.05 with FDR correction. Source data are provided as a Source
Data file.

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 (Fig. 1f), shifting from showing a
standard primacy effect* to near-uniform recall of words from all serial
positions. It should be noted that over the course of the study, parti-
cipants were exposed to the same set of words 3 times (twice in item
task, once in encoding task) in each session, which might have con-
tributed to the performance improvement. Therefore, caution should
be taken with regard to interpreting the change in performance
over time.

Widespread representations of locus and item by themselves
and during encoding

Using a generalized linear model (GLM), we obtained the representa-
tion 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 (Fig. 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
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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) (Fig. 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 (Fig. 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 (Fig. 2c). 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.

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 addi-
tional 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 (Fig. 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 repre-
sentation at a specific locus has been reconfigured through repeated
practice or has incorporated features of recent or upcoming loci*
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 mea-
surement 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 Fig. 3b,
rightmost column for examples). In three key regions of interest in the
DMN, found in previous studies to represent schematic knowledge
(Fig. 3¢%), we investigated whether higher similarity of the encoding
residual representations in these regions correlates with semantic
similarity in participants’ verbal descriptions. Note that this is an
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 ana-
lysis avoids potential issues related to temporal proximity that can
arise when measuring within-run neural representations™. For all the
ROI analyses presented below, we also conducted the same analyses in
anterior, posterior, and the whole hippocampus and found no sig-
nificant effects in all of the analyses (Fig. S1). Additionally, False Dis-
covery 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®’; 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* (Fig. 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 was 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 = 0.052, SD = 0.052,
z=2.84, p=0.004, g = 0.011); The same effect was found in mPFC, but
it was only marginally significant (Mean p=0.032, SD =0.102, z=1.83,
p = 0.066, g = 0.099). This effect was not found for PMC (Mean
p=-0.01, SD=0.078, z=-0.85, p = 0.402, g = 0.402) (Fig. 4d). This
demonstrates that the encoding residual representations in 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 W4D2. 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 compar-
ison, the W4D2 locus representation). Consistent with Fig. 2c (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=0.012,g =
0.018; PMC: mean r=0.013, t(24) =4.27, p< 0.001, g = 0.002), but not
in mPFC (mean r=0.004, t (24) =1.08, p = 0.291, g = 0.291). However,
we found no evidence of W4D1 locus representation in W4D2 encoding
in any regions (p > 0.428), suggesting that any interference effects
are small.

Widespread and robust conjunctive representation in the brain
The encoding residual contains not just the conjunctive representa-
tion, 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 repre-
sentation, item representation, and encoding residual representation
(Fig. 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 distribu-
tion created by permuting which retrieval pattern was matched to the
item, locus, and encoding residual patterns (see “Methods”). Impor-
tantly, 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 and PMC, and item representations in AG, PMC, and mPFC during
retrieval (Fig. 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, PMC, and mPFC, the
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Fig. 3 | Encoding residuals track semantic similarity across stories. a lllustration
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 gener-
ated. 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. ¢ Demonstration of location of the 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, - ¢ <0.10, ** q < 0.01). Source data are provided as a
Source Data file.

encoding residual was represented more strongly than the locus or
item by themselves (Fig. 3c).

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 O, 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<0.001), with a
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mPFC. In (b, c), color indicates significant difference at g < 0.05 with FDR correc-
tion. d Weight of encoding residual in week 2 and week 4 in the three ROIs. Error
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individual participants (N=25). 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 (- < 0.10, * ¢ < 0.05, * ¢ < 0.01). Source data are provided as a
Source Data file.

higher weight in AG than mPFC (Mean difference = 0.239, 95% CI =
[0.312, 0.166], t(49) = 6.58, p<0.001, g = 0.002) and PMC (Mean dif-
ference = 0.160, 95% CI = [0.100, 0.219], t(49)=5.39, p <0.001, q =
0.002) and a higher weight in PMC than mPFC (Mean difference =
0.080, 95% CI = [0.021, 0.138], t(49) =2.71, p = 0.009, g = 0.009). 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 con-
trolling 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 (Fig. 4b), which was
significant in PMC and mPFC (PMC: beta = 0.101, SE=0.045,
t(2145.0) =2.24, p = 0.025, g = 0.038; mPFC: beta = 0.171, SE = 0.045,
t(2116.5) =3.77, p<0.001, g = 0.003) and marginally significant in AG
(beta = 0.087, SE=0.046, t(2108.9) =1.88, p = 0.06, g = 0.06), pro-
viding 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>0.131).

Because participants were trained to near-ceiling memory per-
formance 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 effect model predicting memory success based on the weight of
encoding residuals, which showed that in all DMN ROIs, the amount of
neural conjunctive representations is higher for correctly remembered
pairs (AG: beta = 3.30, SE=0.59, z=5.63, p<0.001, g = 0.002; PMC:
beta=2.89,SE=0.93,z=3.07, p=0.002, g = 0.002; mPFC: beta=2.90,
SE=0.95, 2=3.04, p = 0.002, g = 0.002). However, because we quan-
tify 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 repre-
sentation 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 repre-
sentation with the locus and item templates (as in Fig. 2c). This cor-
relation 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 = 0.023, g = 0.138). 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 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
(Fig. 5a), as can be observed in example stories with high and low story
deviations (Fig. 5b). Comparing week 2 and week 4, we conducted a
linear mixed-effects regression predicting story deviation from ses-
sion, 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 = 0.011) (Fig. 5¢c). Across subjects, increase in story
deviation between week 2 and week 4 is positively correlated with
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Fig. 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
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2 and week 4 (N =25). The statistical analysis is done with mixed effect linear
regression using all items (* p = 0.011). 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, ~ g < 0.10, ** ¢ < 0.01).

increase in the weight of encoding residual in all the ROIs (AG: r =
0.402,95% Cl=[0.008, 0.688], t(23) = 2.11, p = 0.046, g = 0.046; PMC: r
=0.540,95% CI=[0.184, 0.771], t(23) = 3.08, p= 0.005, g = 0.015; mPFC:
r =0.463, 95% Cl = [0.083, 0.726], t(23) =2.51, p = 0.020, g = 0.03).
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 ran-
dom subject and session intercepts. In all three ROIs, univariate activity
predicted higher story deviation values (AG: beta = 0.051, SE = 0.014,
t(2089.8) =4.29, p<0.001, g = 0.003; PMC: beta = 0.058, SE = 0.02,
t(2081.2) =2.84, p = 0.004, g = 0.006; mPFC: beta = 0.055, SE=0.02,
t(2082.8) =2.66, p = 0.008, g = 0.008). 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=0.036, g =0.054; mPFC: beta = 0.007, SE=0.002, t(2038.0) =3.06,
p =0.002, g =0.006), although the effect in PMC did not survive FDR
correction. The effect in the same direction was found but not statis-
tically significant in AG (beta = 0.003, SE =0.002, t(2078.0)=1.29, p =
0.198, g = 0.198). 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.

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*, 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 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.

Past research has looked at the integration of components over
the course of learning” >, 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.*°
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 repre-
sentation 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
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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.

Past behavioral research has highlighted the importance of
forming a conjunctive representation between novel events and their
contexts to create durable memories” ™", and past neuroimaging stu-
dies have looked at schema representation in the brain in a naturalistic
context’**, 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”’>°. 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 Fig. 5b), and past behavioral work has not quantified the
content of individual locus-item connections. Similarly, past neu-
roimaging work shows that teaching people MoL changes con-
nectivity and activation patterns®*™*°, but not how these narratives
are created. Our approach opens up possibilities of looking at stra-
tegies 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 mem-
ory for a locus-word pair involves generating and encoding extra
details; counterintuitively, these details are semantically distinct
from both the locus and word, rather than simply reinforcing fea-
tures of the to-be-remembered word. Future modeling work can
investigate the role of these novel details in creating durable mem-
ories; 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™""** to arbitrary locus-item pairs. We did not find evi-
dence that incorporating locus features more strongly into the
encoded memories is a key factor in MoL training, since the pro-
portion of the retrieved memory representation related purely to the
locus was small and did not increase from week 2 to week 4.

Conjunctive representation involves combining stimulus ele-
ments 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®>*°. 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 invol-
vement of the hippocampus. Instead, we found widespread con-
junctive 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?*?> 4245476768 'play g
key role in representing conjunctions between schemas and episodic
details.

We found significant amounts of neural conjunctive representa-
tion 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**’, showing strong rein-
statement 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**?,

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 con-
junctive 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’® have shown that vmPFC patients with confabula-
tion 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 impor-
tant 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 (Fig. 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” task, in which partici-
pants 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”.

On the other hand, we found no evidence for the engagement of
hippocampus in forming conjunctive representations. Previous stu-
dies 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 depend on the
hippocampus®. It is possible that semantic representations are pre-
sent 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*.

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 pri-
marily 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 para-
digms generally involve relatively constrained tasks like identifying a
common word connecting two or three seemingly unrelated words’
or finding alternative uses for a tool’?, while our paradigm encouraged
more open-ended divergent thinking’* to generate semantic associates
of the locus and/or the item. The current study thus provides a fra-
mework to study creativity across different semantic domains or
across different individuals in a relatively unconstrained and sponta-
neous manner. The measurements developed in the study, including
both the neural and semantic measures 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’’®.

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””. While
some of previous research has looked at the importance of the DMN in
conceptual combination’, past research typically involved studying
relatively straightforward combinations (like combining “old” and
“woman”) and has focused more on the comprehension and percep-
tion of these ideas”. Our results argue for a role of the DMN in com-
bining ideas together in a more elaborate way. While here we focus on
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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®°, episodic simula-
tion and imagination®, and semantic-episodic linkage in trivia
experts®.

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 representa-
tions with fMRI, we provided 12 s for encoding each item. This is longer
than most memory experiments with word list learning (e.g. ref. 4) and
other experiments involving MoL (e.g. ref. 40), and is not how Mol is
used by experts in a competition context, when an association needs
to be formed in -2 s. 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 infea-
sible 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 sub-
sequent 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.

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. All participants provided informed consent. 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 was 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

Participants self-generated 40 loci with the guidance of the coach, an
expert user of MoL 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

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
10s and participants reported whether the word was animate or
inanimate during the final 5 s 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 12s 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 partici-
pants, 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 paper-
work and schedule the fMRI scans.

Training and scanning schedule

The experiment was conducted with groups of 3-5 people at a time. In
the first two weeks, participants had four 1.5 h interactive lectures with
the coach, where they were trained to use the Mol by creating a per-
sonal 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 min each. They also
meet with the coach one-on-one for check-in/questions before the
next 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 1s instructing the participants
to start describing the first locus in their memory palace, then a fixa-
tion cross was shown on the center of the screen for 10 s while parti-
cipants gave their verbal description. After that, text appeared on the
center of the screen for 1s 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
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animate or inanimate. They were also instructed to not try to
remember the words. Each word was shown to the participants for10s,
and 5 s 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 s, a fixation cross appeared on the center
of the screen for 1s, 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 s, followed by a
fixation cross of 1s 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 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 s on each
locus-item pair, even if they could not recall the item associated with
alocus.

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), par-
ticipants 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 mem-
ory 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 Al's speech-to-text
“Whisper” API** 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 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. Conse-
quently, in the subsequent analyses we used the representation of the
locus that was recalled (slide) to predict encoding/retrieval repre-
sentation, 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 iso) T1 structural
scans were acquired with a magnetization-prepared rapid acquisition
gradient-echo sequence (MPRAGE) at the beginning of the scan ses-
sion. Functional measurements were collected using a multiband echo-
planar imaging (EPI) sequence (repetition time = 1.5s, echo time =
30 ms, in-plane acceleration factor = 2, multiband acceleration factor =
3, voxel size = 2 mm iso). 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.

fMRI preprocessing

Results included in this manuscript come from preprocessing per-
formed using fMRIPrep 23.0.2%*%° RRID:SCR_016216), which is based on
Nipype 1.8.6°*"); RRID:SCR_002502).

Anatomical data preprocessing. A total of 1 T1-weighted (Tlw) ima-
ges were found within the input BIDS dataset. The T1-weighted (T1w)
image was corrected for intensity non-uniformity (INU) with
N4BiasFieldCorrection®,  distributed  with  ANTs  2.3.3%,
RRID:SCR_004757), and used as Tlw-reference throughout the
workflow. The Tlw-reference was then skull-stripped with a Nipype
implementation of the antsBrainExtraction.sh workflow (from ANTs),
using OASIS30ANTSs as target template. Brain tissue segmentation of
cerebrospinal fluid (CSF), white-matter (WM), and gray-matter (GM)
was performed on the brain-extracted Tlw using fast (FSL
6.0.5.1:57b01774, RRID:SCR_002823°°. Brain surfaces were recon-
structed using recon-all (FreeSurfer 7.3.2, RRID:SCR_001847°!, and
the brain mask estimated previously was refined with a custom var-
iation 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 normal-
ization to one standard space (MNI152NLin2009cAsym) was per-
formed through nonlinear registration with antsRegistration (ANTs
2.3.3), using brain-extracted versions of both T1w reference and the
Tiw template. The following template was selected for spatial nor-
malization and accessed with TemplateFlow (23.0.0°%: ICBM 152
Nonlinear ~ Asymmetrical  template  version 2009c¢  [*,
RRID:SCR_008796; TemplateFlow ID: MNI152NLin2009cAsym].

Preprocessing of BO inhomogeneity mappings. A total of 3 field-
maps 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 Tlw-reference with its intensity
inverted®*. 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®.

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
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were generated using a custom methodology of fMRIPrep. Head-motion
parameters with respect to the BOLD reference (transformation matri-
ces, and six corresponding rotation and translation parameters) are
estimated before any spatiotemporal filtering using mcflirt (FSL
6.0.5.1:57b01774”"). 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 trans-
form. The BOLD reference was then co-registered to the Tlw reference
using bbregister (FreeSurfer), which implements boundary-based
registration®®. Co-registration was configured with six degrees of free-
dom. 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””) and Jenkinson
(relative root mean square displacement between affines”). FD and
DVARS are calculated for each functional run, both using their imple-
mentations in Nipype (following the definitions by ref. 99). The three
global signals are extracted within the CSF, the WM, and the whole-brain
masks. Additionally, a set of physiological regressors was extracted to
allow for component-based noise correction (CompCor'®. Principal
components are estimated after high-pass filtering the preprocessed
BOLD time-series (using a discrete cosine filter with 128 s cut-off) for the
two CompCor variants: temporal (tCompCor) and anatomical (aComp-
Cor). tCompCor components are then calculated from the top 2% vari-
able 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 thresh-
olding 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'. Frames that exceeded a threshold of 0.5 mm
FD or 1.5 standardized DVARS were annotated as motion outliers. Addi-
tional nuisance timeseries are calculated by means of principal compo-
nents analysis of the signal found within a thin band (crown) of voxels
around the edge of the brain, as proposed by ref. 102. 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 metho-
dology of fMRIPrep. The BOLD time-series were resampled onto the
following surfaces (FreeSurfer reconstruction nomenclature): fsaver-
age6. All resamplings can be performed with a single interpolation step
by composing all the pertinent transformations (i.e. head-motion trans-
form matrices, susceptibility distortion correction when available, and
co-registrations to anatomical and output spaces). Gridded (volumetric)
resamplings were performed using antsApplyTransforms (ANTSs), con-
figured with Lanczos interpolation to minimize the smoothing effects of
other kernels'”. Non-gridded (surface) resamplings were performed
using mri_vol2surf (FreeSurfer).

Many internal operations of fMRIPrep use Nilearn 0.9.1 (*,
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 previously found to be
responsive to schematic content®®: 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™.

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 1.4 mm, searchlights had a radius of ~15 mm. 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 (125 s)
cut-off. We then z-scored each run to have zero mean and standard
deviation of 1. All subsequent analyses, described below, were per-
formed using custom Python and R scripts.

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 representa-

tions (Fig. 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 correla-
tion 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 off-diagonal difference, and computed the z-score for the
searchlight

_ d’ff erence e — ﬂ(d!ff er enceshuff[ed)
U(differenceshufﬂed)

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 <.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/
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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 (Fig. 3)

First, for each locus-item pair on week 4 day 2 (separately for each par-
ticipant 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®* 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 Spear-
man correlation was computed between the neural and semantic cor-
relation 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 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 (Fig. 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, B, ,:

_ ﬁtrue - I'l(ﬁshuffled)
= e T Tshuffled”
s OBshugfiea)

The weights were averaged across all the pairs from each session
for each participant for each searchlight. A § value was computed for
each surface vertex as the average of 8 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 g <0.05 for the brain map.

We also ran the above analysis for the three ROIs; here, we com-
pared B, against O for each ROI for each timepoint (week 2 or 4)
using a one-sample t-test. For across-region comparisons, we con-
ducted paired t-tests between each pair of regions, combining week 2
and week 4 data.

The mixed effects model reported below went through a model
selection process, reported in Supplementary Materials. 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 residuar ~ training stage + speaking duration + (1jsubject id)

Semantic conjunctive representation (Fig. 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 con-
ducted a linear mixed effect regression with the following formula:

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

For each ROIl, 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 ~ Bepcoding residuar + SPEAKing duration + (1jsubject.id) + (1|session)

Predicting memory from neural representations
To predict recall success from encoding residuals, we use the following
formula:

Recall correct ~ Bencoding resiauar * (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) + (1jsubject_id) + (1]item)

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The behavioral data is available at https://github.com/dpmlab/MoL_
code. The neuroimaging data are available at https://openneuro.org/
datasets/ds005894 (https://doi.org/10.18112/openneuro.ds005894.v1.
0.0). Source data are provided with this paper.

Code availability
The code is available at https://github.com/dpmlab/MoL_code'®
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