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Neural decoding of autobiographical mental
image features with a general
semantic model

Andrew J. Anderson 1,2,3 , Leonardo Fernandino 1,2, William L. Gross1,2,4,5,
Hernan G. Rey2,3 & Jeffrey R. Binder1,5

To what extent does language comprehension engage the same brain areas
that enable one to imagine autobiographical experiences? Traditionally, these
two abilities have been thought to recruit largely separate neurocognitive
systems, namely the semantic system – involving lateral aspects of the tem-
poral, parietal, and frontal lobes – and the autobiographic/episodic system,
primarily involving midline cortical areas and the hippocampus. Here, we
provide evidence of shared representations elicited in sentence comprehen-
sion and self-generated autobiographical mental imagery that are most pro-
minent in midline regions and present in both sets of cortical areas. Fifty
participants who imagined their unique experiences of twenty common sce-
narios while undergoing functional Magnetic Resonance Imaging (fMRI) are
analyzed. Self-reported, participant-specific experiential feature ratings of the
mental images are reconstructed from fMRI activation in both midline and
lateral surface cortical areas using a pre-trained semantic decoder. Critically,
the semantic decoder was derived from fMRI activation recorded during
sentence reading in a separate participant group. This finding demonstrates
zero-shot decoding of participant-specific autobiographical feature ratings
from fMRI data, across people and cognitive tasks. Moreover, it strongly
suggests that the neural encoding of sentence meaning shares cortical areas
and at least some representational codes with self-generated autobiographical
mental images.

People often imagine autobiographical experiences—that is, situations
internally simulated fromones’ownperspective, such aswhatone saw,
heard or felt, what one was doing, who was there, and so on. Through
language comprehension, people can also understand situations they
havenever experienced themselves fromverbal input.Howare the two
phenomena related in the brain? While both cognitive processes are
anchored in human experience, the extent to which they engage
common brain systems is unclear. Although there are clear differences
in the subjective experience of autobiographical mental imagery and

language comprehension1,2, with the former linked to vivid multi-
sensory simulations and the latter to more general conceptual
knowledge, some representational overlap in the brain would appear
to be essential to enable one to understand language in the context of
one’s own memories3. The current study seeks to expose and char-
acterize such commonalities by computationally modeling auto-
biographical mental images and sentence comprehension in the same
representational space. In so doing, it contributes to advancing the
scientific understanding of human memory and imagination, which
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are principal goals of cognitive neuroscience. Also, by providing proof-
of-principle that features associatedwith self-generatedmental images
and language comprehension can be recovered from brain activity
with the same computational model, the work is relevant to initiatives
to build AI language model-based brain decoders4,5.

The study examines the roles of three different subsystems of the
brain’s default mode network6 (DMN), which have been proposed to
differentially contribute to the imagination of autobiographical
experiences and to language/conceptual knowledge representation7,8.
Specifically, the medial temporal (MT-DMN) and Core (Core-DMN)
subsystems, together, have been strongly associated with auto-
biographical/episodic recollection and simulation9–11. MT-DMN has
been informally characterized as the “mind’s eye” and may enable one
to mentally visualize scenes8, whereas Core-DMN has been proposed
to support self-reflection and to integrate perception and memory7.
Differently, the fronto-temporal subsystem (FT-DMN) contains brain
regions that have been associated with sentence comprehension12–14

and conceptual knowledge representation15, and FT-DMN has been
informally characterized as “the mind’s mind”, encoding abstract
verbal components of imaginative thought8. Alongside these spe-
cialisms, all three DMN subsystems have been implicated in
encoding semantic features in language comprehension16–23. How-
ever, because studies have generally treated the imagination of
autobiographical experiences and comprehension separately
(though see ref. 24 for evidence that DMN activation patterns cor-
relate during video watching and spoken video recall), it is unclear
whether the same DMN representational features are self-activated
during the imagination of autobiographical experiences and exter-
nally activated during language comprehension. We hypothesized
that this would be the case, and each DMN subsystem
would represent imagined autobiographical scenarios and com-
prehended language in a similar representational space, to some
degree at least.

Our overarching hypothesis was that (some) participant-specific
features of autobiographical mental images could be reconstructed
fromcorresponding brain activity using a semantic decoder trained on
fMRI data obtained from different participants during a sentence
comprehension task20,25–27. This would not be possible if auto-
biographical mental images and sentence meaning were encoded in
separate brain systems or used different representational codes. To
evaluate this hypothesis, we needed to not only have recordings of
brain activity related to imagining autobiographical experiences, but
also to know the idiosyncratic characteristics of the experiences ima-
gined, to determine whether these characteristics could be recon-
structed from the fMRI data. This was approached28 by preselecting a
set of twenty generic scenarios (e.g., a wedding) for participants to
imagine in termsof their own idiosyncratic experiences (i.e., awedding
they have experienced) and having them describe, in detail, the con-
tents of their imagined scenarios prior to the fMRI experiment. During
fMRI scanning, participants again imagined their autobiographical
scenarios when cued by generic written prompts that did not describe
any personal details (e.g., “a wedding scenario”). However, whilst this
approach provided participant-specific information with which to
evaluate feature reconstructions, the resulting fMRI data encoded not
only self-generated mental images, but also semantic representations
elicited by reading the stimulus prompt. To establish that the sentence
decoder was not simply reconstructing themeaning of the prompt, we
employed an individual differences analysis to test whether
participant-specific mental image content could be reconstructed
from fMRI data (Fig. 1).

Results
Experiment overview
We analyzed fMRI scans of brain activation taken from 50 healthy
people28,29. The participants were from a diverse age range: 25 were

young adults (mean± SD age = 24 ± 3, 16 F, 9M) and 25 were elderly
adults (mean ± SD age = 73 ± 7 years, 16 F, 9M). While age-related dif-
ferences were not a focus of the study, we analyzed the data from each
age group separately, in addition to the two groups combined,
to determine whether findings generalized across ages.

The experiment28 hinged on participants imagining their auto-
biographical experience of twenty common, experimenter-selected
events (e.g., Wedding, Funeral, Festival, Exercising, Driving). To
ensure there was a record of the participant-specific details of the
mental images, experimentation began outside the scanner (Fig. 1A).
Scenario prompts were read to participants, who were requested to
imagine the scenario including their sensations, actions and feelings
(e.g., on being told “Wedding” the participant might imagine a scene
from their own wedding, including what they were doing, how they
felt and who was there). To provide a participant-specific model of
each mental image that would later be reconstructed from fMRI
data, participants rated the importance of twenty sensory, motor,
affective, social, cognitive and spatiotemporal features of experi-
ence to their mental image on a scale of [0 6] (see also ref. 30). Thus,
each mental image scenario was modeled as a vector of 20 idio-
syncratic numeric feature ratings (see the blue/yellow matrix in
Fig. 1A). Supplementary Figs. 1 and 2 display mean and SD ratings
across participants. The specific rating instructions are included in
Supplementary Table 1.

To further characterize the nature of the imagined scenarios, and
the extent to which they reflected episodic memories, specific to a
single space and time1,2, participants rated each scenario on whether it
reflected a real-life event and whether it was vividly imagined. Ratings
indicated that imagined scenarios largely reflected real events (overall
mean across scenarios and participants = 5.5 and 5.6 for elderly and
young, respectively [0 6]) that were vividly imagined (overall mean =
5.2 and 4.6 for elderly and young, [0 6]).

Additionally, participants verbally described the scenarios they
had imagined (see word clouds in Supplementary Fig. 3). The verbal
descriptions were of secondary importance to the analyses and were
used to provide comparative decoding outcomes using a large lan-
guage model (GPT-231).

Participants then underwent fMRI as they reimagined the sameset
of autobiographical experiences, one at a time, when cued by written
prompts (e.g., “a wedding scenario”). The entire set of scenario
prompts was repeated five times, in different randomized orders to
enable fMRI data for each scenario to be averaged across the pre-
sentations to increase signal-to-noise ratio. fMRI data were pre-
processed using standard methods (including fMRIPrep32), which
generated a single fMRI volume for each of the twenty mental images
for each participant.

Because the subsequent analyses were based on cross-
participant neural decoding/encoding regression mappings, and
because individual voxels tend not to have one-to-one functional
correspondences across participants, even when normalized to a
common neuroanatomical space, we re-represented all individuals’
fMRI data in a coarse-grained standard space. For this, we deployed
the Schaefer-1000 cortical parcellation33, which divides the cortex
into 1000 parcels (aka regions-of-interest or ROIs) containing con-
tiguous voxels that co-activate during resting-state (when people are
prone to think about autobiographical experiences34). Critically, the
Schaefer parcellation space also predefines Core-DMN (DefaultA),
FT-DMN (DefaultB) and MT-DMN (DefaultC) as subsets of 82, 66, and
27 ROIs, respectively, which enabled analyses to be conducted within
each DMN subsystem. To reduce the current fMRI data to the com-
mon Schaefer space, voxel activation values within each ROI were
averaged, thus preserving coarse cortical activation patterns that we
anticipated would replicate across participants and blurring fine-
grained differences that may arise from individual differences in
brain anatomy.
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Mental image features were reconstructed from fMRI data with
a general semantic decoding model
To first establish whether participants’ experiential feature ratings
could be reconstructed from the autobiographical mental imagery
fMRI data, we deployed a cortex-level decoding model that was pre-
trained to reconstruct crowdsourced feature ratings from sentence
fMRI data. To recap, feature reconstructionwould only be successful if
autobiographical imagery and sentence semantics overlap in their
neural encoding. Conversely, if the two phenomena are encoded in
separate brain systems or using distinct nonoverlapping representa-
tional codes, then a model that decodes fMRI sentence semantics will
not reconstruct information from autobiographical brain systems.

The general semantic decodingmodel was built from a sentence
fMRI dataset consisting of 14 participants (none from the

autobiographical imagery dataset) who were scanned as they read
240 sentences that described simple situations e.g., “the child broke
the glass in the restaurant”. Following standard preprocessing, each
sentence was represented as a single fMRI volume in Schaefer-1000
parcellation space to match the imagination fMRI data.

The general semantics of each sentence were modeled from
group-averaged crowdsourced ratings of the same twenty experiential
features that were used here to model autobiographical mental ima-
ges. Experiential ratings were, however, collected for all 242 content
words forming the 240 sentences rather than the sentences them-
selves. Sentences were modeled by pointwise summing together the
rating vectors of all content words in each sentence (Fig. 1B).

To construct the cross-participant decoding model (Fig. 1C), we
concatenated all participants’ fMRI data to produce amatrixwith 1000

B. Sentence semantics: data and modelA. Autobiographical imagery: data and models

D. Transfer to reconstruct mental image features
then decode individual differences

C. Pre-train fMRI-to-experiential model mapping

Fig. 1 | Decoding autobiographical mental image features from fMRI data with
a general semantic model. A Autobiographical mental imagery data: data ana-
lyzed corresponded to fifty participants, who imagined themselves in 20 loosely
defined commonnatural scenarios (e.g., “a dancing scenario”),mentally simulating
their perception, action and feelings. Participants then rated each imagined sce-
nario in terms of twenty sensory, motor, spatial, social, cognitive and affective
experiential features. Later, they underwent fMRI as they reimagined the same 20
autobiographical scenarios, one by one, when cued by written prompts.
B Sentence semantics data: to build a general semantic decoding model, we used
an fMRI dataset acquired froma different group of 14 participants as they read 240
third-party sentences. Sentence semantics were modeled from crowdsourced
ratings of the individual words on the same twenty experiential features as above.
Each sentence’s meaning was modeled as the feature-wise sum of content word

ratings. All fMRI data from A and B were represented in a common neuroanato-
mical space (Schaefer-1000). C An fMRI decoding model was pre-trained to map
the sentence reading fMRI data to the crowdsourced feature ratings using ridge
regression.D The pre-trained fMRI decoder was transferred to reconstruct feature
ratings from the mental image fMRI data (see results in Fig. 2A). To then evaluate
whether the reconstructed ratings reflected idiosyncratic mental image content as
opposed to generic group-level semantics, an individual differences analysis was
run. This decoded participant identity by matching the reconstructed feature
ratings to the observed ratings provided by the same and different participants,
with the expectation that the strongest match would be for the same participant
(see Figs. 2B and 3B). Some icons were adapted from public domain resources on
ClipArtMax (https://www.clipartmax.com/).
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rows (all cortical Schaefer ROIs) and 240*14 columns (sentences*n-
participants). Feature-based representations of the sentences were
likewise concatenated to align with the fMRI sentence representations
(20 rows and 240*14 columns). An fMRI-to-model mapping (the gen-
eral semantic decoding model) was then fit between the two matrices
using ridge regression to predict, and thereby reconstruct ratings on
eachof the 20 individual features. Themapping, which corresponds to
the regression beta coefficients, is illustrated schematically as green
lines in Fig. 1C.

To evaluate whether the decoding model could reconstruct
mental image feature ratings from fMRI data, we mapped the auto-
biographical fMRI data into experiential feature space. This was
achieved with a matrix multiplication between the fMRI data matrix
(20 scenarios by 1000 ROIs) and the decodingmappingmatrix (1000
ROIs by 20 Features). This produced a matrix of reconstructed fea-
ture ratings for each participant (20 scenarios by 20 features by 50
participants). To evaluate how accurately the ratings of specific fea-
tures were reconstructed, Spearman correlation was computed
between the reconstructed and observed feature ratings corre-
sponding to the twenty scenarios for each participant. This was
repeated for each feature (20) and each participant (50). To statis-
tically evaluate whether reconstructions were greater than would be
expected by chance, signed-rank tests were applied to compare the
set of 50 correlation coefficients to zero (no correlation). This pro-
duced a set of 20 p-values, which were corrected according to false
discovery rate (FDR35).

As shown in Fig. 2A, ratings for 11 out of the 20 experiential fea-
tures were reconstructed with statistically significant accuracy across
participants [FDR(p) < 0.05]. In descending order of reconstruction

accuracy, thesewere: Social, Speech, Communication, Head, Auditory,
Pleasant, Music, Lower-limb, Bright, Motion, and Touch. As such,
accuracies were highest for features associated with social interaction.
However, 9/20 features were not reconstructed successfully. Besides
the possibility that these features were represented differently in the
autobiographical imagery and sentence comprehension fMRIdatasets,
the analyses in subsequent sections suggest that: (1) the current full-
cortex regression analysis failed to get a good fit on some features that
were reconstructed from analyses within DMN subsystems (specifi-
cally, Path, Unpleasant, Taste, Color, and Landmark). (2) Some features
may have been relatively underrepresented in the two datasets, limit-
ing the opportunity to reconstruct them.

To estimate how accurately feature ratings for specific scenarios
could be reconstructed, an analogous analysis was conducted on
scenario vectors (e.g., the twenty feature ratings corresponding to
Funeral). This was evaluated by computing Spearman correlation
between the reconstructed and the observed rating vectors, repeated
for each scenario and participant (Supplementary Fig. 4A). Besides
Restaurant and Reading, none of the scenarios appeared to be directly
related to situations described in the sentence training dataset (Sup-
plementary Fig. 4B). 12 out of 20 scenarios were reconstructed with
statistically significant accuracies. In descending order of mean
reconstruction accuracy (Spearman correlation in parentheses), the
reconstructed scenarios were: Telephoning (0.22), Funeral (0.20),
Cooking (0.18), Exercising (0.14), Party (0.13), Bathing (0.13), Barbecue
(0.11), Shopping (0.10), Restaurant (0.08),Museum (0.08), Housework
(0.08), and Internet (0.06). This selection is likely to echo the impor-
tance of the 11 reconstructed features in Fig. 2A to characterizing the
scenarios. For example, Telephoning is characterized by high ratings

Reconstructions reflecting 
interparticipant differences

B

Individual 
participant 

 na
mraepS

noitalerroc

***FDR(p)<0.001 **FDR(p)<0.01 *FDR(p)<0.05

• Young
• Elderly

Ability to reconstruct participants’ mental 
image feature ratings from fMRI data

A

Fig. 2 | Autobiographicalmental image features were reconstructed from fMRI
data using a general semantic decoding model. A Reconstruction accuracy of
autobiographical mental image features, decoded from fMRI activation across the
entire cortex. Accuracy was computed as Spearman correlation against partici-
pants’ feature ratings across the 20 autobiographical scenarios (Wedding, Exer-
cising, etc). Bars indicate mean accuracy across participants. To estimate the
statistical significance with which each feature could be reconstructed, one sample
signed ranks tests were run to compare correlation coefficients to zero (n = 50
participants, one-tailed). P-values were adjusted according to the false discovery
rate (FDR)35. 11/20 features had accuracies significantly greater than zero
[FDR(p) < 0.05]. B Reconstructed mental image feature ratings reflect inter-
participant differences: to evaluatewhether reconstructed feature ratings reflected

interparticipant differences, a two-alternative forced choice decoding analysis was
run, testing how often participant pairs could be told apart by comparing the
reconstructed feature ratings to each other’s idiosyncratic feature ratings. This was
evaluated on the entire vectorizedmatrix of 20 features for 20 scenarios, as well as
on individual features (see plot bars). Red bars indicate significant decoding
accuracies [FDR(p) < 0.05, permutation test, one-tailed]. Orange bars indicate
decoding accuracies where permutation tests returned p <0.05, but values did not
survive FDR correction. The analyses were computed on all fifty participants aswell
as on each age group, as labeled beside the plots. Some icons were adapted from
public domain resources on ClipArtMax (https://www.clipartmax.com/). Source
data are provided as a Source Data file.
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on Speech, Communication and Social (Supplementary Fig. 1), which
were the three most accurately reconstructed features.

To then evaluate whether the reconstructed scenario vectors
distinguished between pairs of observed scenario vectors, within each
participant, a two-alternative forced-choice scenario discrimination
analysis was run (see Supplementary Fig. 5 caption for details). Sta-
tistical significancewas evaluated in each participantwith permutation
tests. Scenario pairs were discriminated with a mean accuracy of 64%,
with significant permutation tests (p < 0.05) in 25/50 of participants.
There were no significant differences in accuracy between young and
elderly adults. To estimate which specific scenario pairs were most
accurately distinguished, sign tests were used to evaluate correct or
incorrect (1 or 0) discriminations against 0.5, for the fifty participants.
Forty-six percent of the 190 scenario pairs were discriminated with
FDR35(p) < 0.05. Mean pairwise discrimination accuracies for each
scenario across all 50 participants were as follows, with the second
number in parenthesis counting the number of sign tests (out of 19)
with FDR(p) < 0.05: Telephoning (78%, 16), Funeral (71%, 14), Party
(67%, 13), Exercising (65%, 11), Dancing (64%, 11), Wedding (63%, 11),
Cooking (67%, 10), Driving (66%, 10), Barbecue (65%, 10), Shopping
(65%, 10), Internet (64%, 8), Museum (63%, 8), Writing (61%, 7),
Housework (60%, 7), Restaurant (62%, 6), Bathing (62%, 6), Reading
(60%, 6), Resting (61%, 5), Movie (58%, 3), Festival (56%, 2). Similar
patterns were observed for young and elderly adults (Supplementary
Fig. 6). Besides Festival, socially related scenarios appeared to be the
most discriminable, echoing the relatively strong reconstruction of
socially related feature ratings. It remains unclear why Festival was
weakly reconstructed.

In sum, by reconstructing experiential feature ratings that also
discriminate between scenarios to some degree, the section has pre-
sented evidence that (some) experiential features are jointly encoded
in fMRI data associated with autobiographical mental imagery and
sentence comprehension. However, as they stand, these results do not
indicate whether the reconstructions reflect inter-participant differ-
ences associated with idiosyncratic autobiographical experiences.

Reconstructed mental image features ratings reflect inter-
participant differences
To estimate whether fMRI-based rating reconstructions reflected
participant-specific autobiographical content, we ran an individual
differences analysis (Fig. 1D). This wasfirst evaluated by comparing the
entire matrices of reconstructed feature ratings across the twenty
scenarios to observed ratings in the same/different participants. This
test was implemented using a two-alternative forced-choice partici-
pant discrimination algorithm, which repurposed ref. 36’s word dis-
crimination approach: two participants were selected, the
corresponding twomatrices of reconstructed feature ratings, and two
matrices of observed ratings (20 scenarios by 20 features) were all
vectorized to produce four vectors with 400 entries, and the two
reconstructed and two observed vectors were cross-correlated with
Spearman correlation. The participant pair were judged to be
discriminated if the sum of congruent correlation coefficients
(P1:Reconstructed vs P1:Observed + P2:Reconstructed vs P2:Observed)
exceeded the sum incongruent coefficients (P1:R vs P2:O + P2:R vs
P1:O). As there is a 50%chanceof success by chance, pairwise decoding
was repeated across all participant pairs. Permutation tests
with 50,000 random shuffles were used to estimate statistical
significance.

In support of the overarching hypothesis that reconstructed
features would reflect participant-specific ratings—and therefore
idiosyncratic autobiographical content–interparticipant differences
were discriminated with a 70% accuracy (p < 1e-4) (Fig. 2B). Inter-
participant differences were also detected when the analysis was
restricted to each age group: elderly: 77% (p < 1e-4), young:
67% (p = 0.016).

To explore whether specific experiential features underpinned
discrimination, the interparticipant decoding analysis was repeated on
individual features (e.g., the vector of social ratings across twenty
scenarios). As is illustrated in Fig. 2B, this analysis suggested that
reconstructed social ratings played a dominant role, not only dis-
criminating between all 50 participants (76%, p < 1e-4, FDR corrected),
but also between young participants only (78%, p <0.002, FDR cor-
rected), and elderly participants only (76%, p <0.008, FDR corrected).
Reconstructed Speech ratings also discriminated between all 50 par-
ticipants combined, and elderly but not young participants. There was
also tentative evidence that reconstructed Music ratings may dis-
criminate young but not elderly participants.

Repeating the analogous analyses on individual scenario vectors
(e.g., the 20 feature ratings for Funeral) found that only Exercising
reflected interparticipant differences, except when tests were restric-
ted to elderly participants (All 50 participants: 66% FDR(p) = 0.032;
young: 72%, FDR(p) < 0.042; elderly 61%, FDR(p) = 0.3 (Supplementary
Fig. 4C). However, weaker outcomes were to be expected when ana-
lyzing individual scenarios, as opposed to features, because each
analysis evaluated just 5% of the fMRI data (i.e., one rather than all
twenty scenarios). Inspection of Supplementary Figs. 1–3 suggested
that youngpeopleweremore variable in their self-reports of exercising
(incl. running, sports and music), whereas the elderly group tended to
imagine going for a walk.

Critically, this section has presented: (1) evidence that elements of
autobiographical mental images and third-person sentence semantics
are represented in common brain systems; (2) proof-of-principle that
autobiographical experience can be decoded from fMRI data with a
pre-trained decoder that was not fit to the participant. However, these
results did not identify how different DMN subsystems contribute to
feature reconstruction. To recap, Core and MT-DMN have often been
associated with episodic recollection and simulation, and FT-DMN is
often associated with language comprehension and concept repre-
sentation (see Supplementary Fig. 7).

DMN subsystems reconstruct interparticipant differences in
feature ratings
To identify which experiential features could be reconstructed from
the three DMN subsystems, fMRI-to-model decoding mappings were
fit on the sentence comprehension data to each DMN subsystem in
isolation. The mappings were then applied to reconstruct feature rat-
ings from the autobiographical imagery fMRI data, which were sub-
sequently evaluated for interparticipant differences (as in Fig. 2D). This
revealed that participant-specific ratings could be reconstructed from
each DMN subsystem (Fig. 3) and differences subsystems recon-
structed different features (Fig. 4).

Collectively, the DMN subsystem analyses reconstructed 15 fea-
tures in total and therefore recovered features that were not detected
in the full-cortex analysis (Fig. 2), despite this also including DMN. We
assert that thiswas due to theoverfittingof fMRInoiseoutsideofDMN,
which drowned out some signal in DMN. In support of this,most of the
newly reconstructed features came fromMT-DMN,which is a relatively
small subsystem, containing 27/1000 cortical ROIs, which in the full
cortex analysis would have been vulnerable to noise contamination
from the other 973 ROIs.

The pattern of features reconstructed from Core and FT-DMN
strongly resembled one another, and the full cortex analysis (Fig. 3A vs
Fig. 2A). Ratings associated with social interaction (Social, Commu-
nication and Speech) were recovered with relatively high accuracy.
Social ratings were more accurately reconstructed from Core-DMN
than FT-DMN, but besides this were no significant differences between
these two subsystems (see Fig. 4 for test statistics).

Conversely, MT-DMN reconstructed ratings associated with
locomotion (Path) and perception (Color, Taste) more accurately than
either Core or FT-DMN. Although Social ratings were reconstructed,
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this was with significantly lower accuracy than Core or FT-DMN.
Speech was less accurately reconstructed by MT-DMN than Core
and FT-DMN, and Communication was less accurate than Core-DMN.
(see Fig. 4 for test statistics).

Interparticipant differences in autobiographical imagery feature
ratings were reflected in each DMN subsystem (Fig. 3B). When inter-
participant differences were evaluated on the entire 20
feature*20 scenario rating matrices, participant pairs could be told
apart with accuracies of: Core-DMN: 76%, p = 2e-5; FT-DMN: 69%,
p = 2e-4; and MT-DMN: 75%, p = 2e-5. Interparticipant differences
within each age group were also detected in each subsystem: Core-
DMN: young = 69%, p = 0.01/elderly = 83%, p = 2e-5; FT-DMN: young =
66%, p =0.02/elderly = 72%, p =0.003; MT-DMN: young = 67%,
p =0.02/elderly = 82%, p = 2e-5. When each feature was evaluated in
isolation (Fig. 3B bar plots), Core-DMN captured interparticipant dif-
ferences in ratings associated with social interaction (social, commu-
nication, speech), and FT-DMN broadly reflected Core-DMN with
qualitatively lower discrimination percentages. Differently, MT-DMN
reconstructed interparticipant differences in ratings on path, color,
and audition. Interparticipant differences in only the social ratings
were reflected in all three DMN subsystems. Running the analogous

interparticipant differences tests on individual scenario vectors yiel-
ded no statistically significant outcomes (p <0.05) in any DMN sub-
system, following FDR correction.

There were two apparent inconsistencies, where interparticipant
differences were detected on weakly reconstructed features (see gray
bars on Body/Upper limb in FT/MT-DMN in Fig. 3B). The precise cause
is unknown and could reflect false positives, or the reconstruction of
gross trait-level differences but not fine-grained patterns across sce-
narios. However, the underlying cause may be the same for both Body
and Upper limb, because the two were strongly correlated in both the
crowd-sourced sentence ratings (Spearman r = 0.51) and the
participant-specific mental image ratings [mean Spearman r =0.59
over fifty participants, following r-to-z (arctanh) transformation of
correlation coefficients and z-to-r (tanh) back transformation of
the mean].

Critically, this section has presented evidence that: (1) participant-
specific internally generated autobiographical mental images and
externally elicited general sentence semantics share representations in
each DMN subsystem, to some extent at least. (2) DMN subsystems
reconstruct different features, with Core and FT-DMN reconstructing
social features more accurately than MT-DMN, and MT-DMN more
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comes replicating Fig. 2A, B within each default mode network (DMN) subsystem
are displayed (please see Fig. 2 caption for analytic details). To recap, Core-DMN
andmedial temporal DMN (MT-DMN) contain brain areas that are often associated
with autobiographical simulation, whereas fronto-temporal DMN (FT-DMN) con-
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(see Supplementary Fig. 7). However, the current results suggest language
semantics and self-generated mental images share some common representations
in each DMN subsystem. MT-DMN appears to be the most distinct in terms of
information encoded (see Fig. 4). A Feature reconstruction accuracies. Statistical
significances were determined using one-sample signed ranks tests to compare

reconstruction accuracy correlation coefficients to zero (n = 50 participants, one-
tailed). P-values were adjusted according to the false discovery rate (FDR)35. Red
star notation for statistical significances is: ***FDR(p) < 0.001, **FDR(p) < 0.01,
*FDR(p) < 0.05. B Individual differences analyses. Red bars indicate significant
decoding accuracies where FDR(p) < 0.05 (permutation test, one-tailed). Orange
bars indicate decoding accuracies where permutation tests returned p <0.05, but
values did not survive FDR correction. Gray bars indicate seemingly inconsistent
outcomes where individual differences were detected for features that were not
reconstructed with significant accuracy in (A). Please see main text for further
details. Brain images were generated using BrainSpace v1.1057. Source data are
provided as a Source Data file.
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accurately reconstructing features associated with locomotion and
perception.

The subset of experiential features that contributed tomodeling
fMRI data
Because experiential features may correlate (e.g., socialization often
involves speech), the ability to reconstruct one feature, suchas speech,
may derive from fMRI activation associated with other con-
current aspects of interpersonal interaction (e.g., estimating other
peoples’ intent/knowledge/feelings, aka theory of mind). To help dis-
entangle theseeffects and simultaneously pinpoint the cortical regions
associated with the different experiential features, we deployed a
predictive variance partitioning analysis37.

For this purpose, rather than reconstructing individual features
from fMRI data (Fig. 1C), an fMRI encoding model was fit to predict
sentence activation in individual ROIs (1000) based on all twenty
crowdsourced experiential features (see Supplementary Fig. 8A). The
encoding model was then applied to predict each participants’mental
image fMRI data, based on the corresponding participant-specific
feature ratings (Supplementary Fig. 8B). Prediction accuracy was
determined with Spearman correlation between predicted and
observed ROI activation across the twenty autobiographical scenarios.
Cortical maps of prediction accuracies are included in Supplementary
Fig. 9 with ROIs in and around DMN encoding experiential features.

To then estimate whether each individual feature uniquely con-
tributed to predicting fMRI activation, a second comparative regres-
sion mapping was fit, with that feature deleted, so that the model had
nineteen features. The unique predictive value added by the feature
was estimated as the improvement inprediction accuracy brought by
incorporating the feature into the encoding model. This was deter-
mined statistically with two-sample signed ranks tests, evaluating
whether the twenty feature model yielded more accurate predictions

than the nineteen featuremodel (50 participants). To increase analytic
power, the analysis was focused on ROIs within the DMN [175/1000 of
the cortex] (see Fig. 5). Comparative results on all 1000 ROIs are
included in Supplementary Fig. 10. To assist interpretation, cortical
maps of the encoding model beta-coefficients are in Supplemen-
tary Fig. 11.

Seven experiential features uniquely contributed to predicting
the autobiographical imagery fMRI data (Fig. 5). Most prominent was
Social, which predicted a swathe of cortex spanning parts of all three
DMNsubsystems, including brain areas linked to theoryofmind38. Also
prominent was Path, which helped to predict MT-DMN. Color and
Lower-limb also contributed to predicting MT-DMN. Otherwise,
Unpleasant (inferior frontal and left temporal pole) and Motion
(inferior frontal) contributed to FT-DMN, and Communication con-
tributed to Core-DMN (ventromedial prefrontal cortex). Running the
analysis on the entire cortex (Supplementary Fig. 10), rather than the
DMN only, identified 6/7 features, excluding Unpleasant, with similar
but more patchy cortical distributions, due to the stricter nature of
FDR correction across 825 extra ROIs outside DMN, which often did
not correlate with the model (Supplementary Fig. 8).

The finding that prediction was driven by seven features raised a
question over why the remaining thirteen features did not contribute.
This appears to be in part due to limitations in the encodingmapping’s
ability to distinguish these features, and by extension, the sentence
comprehension fMRI data on which the mapping was fit. To come to
this conclusion, we undertook a comparative analysis on the sentence
comprehension dataset alone, where model-to-fMRI encoding map-
pings were trained and evaluated across sentences and participants.
Here the same seven features accounted for all sentence variation in
93% (478/513) of brain regions that were predicted by all twenty fea-
tures (Supplementary Fig. 12). To find out if the remaining unpredicted
variance could be accounted for by any single one of the thirteen
features, we iterated through those features and added each in turn to
the seven-feature model, before fitting an encoding mapping to pre-
dict the sentence comprehension data (across sentences and partici-
pants). Features were added in order of feature reconstruction
accuracy, which was computed in a separate analysis of the sentence
comprehension data (Supplementary Fig. 13). Iteration was halted if/
when all DMN activation was predicted. This analysis found that by
including Time, all remaining variance was predicted in 99% (506/513)
of brain regions, including all DMN (Supplementary Fig. 14). This
suggested that the sentence comprehension fMRI dataset indepen-
dently represented correlates of eight of the twenty features. It is
possible that variation in Time (“occurrences at typical times”, Sup-
plementary Table 1) was underrepresented in the autobiographical
imagery data, given that the scenarios were all occurrences associated
with times. In contrast, the sentence data (Supplementary Table 2) had
more variety in including examples of time-agnostic statements (e.g.,
The red pencil was on the desk.) as well as occurrences at typical times
(e.g., The couple laughed at dinner.).

Another possibility was that the current experiential features
neglected to model some critical information, which seemed possible
given that it is nowcommonplace tomodel fMRI datawith hundreds or
thousands of features from language AI models.

Decoding outcomes achieved with experiential feature ratings
were commensurate with GPT-2
To explore the possibility that the current set of experiential features
had neglected to model critical information, we ran a comparative
analysis with the language model GPT-2-medium31. GPT-2 was chosen
because it has generated strong fMRI predictions of language com-
prehension in other work39,40. Both the 240 sentence stimuli and par-
ticipants’ verbal descriptions of mental images were modeled with
layer 16 (of 24), given evidence that layers at ~2/3 depth are a good
choice for modeling fMRI data41. Each sentence or autobiographical
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Fig. 4 | Differences in feature reconstruction accuracy between DMN sub-
systems. Differences between default mode network (DMN) subsystems were
identified using two-tailed signed ranks tests to compare Core-DMN vs fronto-
temporal DMN (FT-DMN), Core-DMN vs medial temporal DMN (MT-DMN) and FT-
DMNvsMT-DMN in their ability to reconstruct each feature (50participants). There
were 60 signed ranks tests in total (3 DMN pairs*20 features). The 60 resultant p-
values were adjusted according to false discovery rate (FDR)35. The figure displays
only the comparisons yielding statistically significant differences [FDR(p) = 0.05].
Significant differences were also detected for Body and Time, but these are not
displayed, because neither Body nor Time was reconstructed from any DMN sub-
systemwith significant accuracy, according to the statistical significance thresholds
used in Fig. 3A. Source data are provided as a Source Data file.
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mental image description was modeled with a single vector of 1024
features, derived by processing the sentence/description through
GPT-2 and pointwise averaging L16 activation for all constituent
tokens.

An fMRI-to-GPT-2 decodingmapping (equivalent to Fig. 1C)wasfit
on the sentence reading data in each DMN subsystem with ridge
regression and then transferred to reconstructGPT-2 features from the
mental image data (equivalent to Fig. 1D). Reconstruction accuracy
was evaluated against participant-specific GPT-2 models of mental
images, and an individual differences analysis was run equivalent
to Fig. 1D.

Because comparisons of individual feature reconstruction
accuracies between GPT-2’s 1024 features and the experientialmodel’s
twenty features had no clear interpretation, we evaluated the models’
comparative ability to reconstruct mental image scenario simila-
rities with representational similarity analysis42 (RSA). fMRI recon-
structions of GPT-2 and the experiential model were re-represented as
inter-scenario correlation matrices (20*20), with each matrix entry
reflecting the similarity between a pair of scenarios. The correspond-
ing participant-specific self-report models were likewise re-
represented as correlation matrices. To compare the reconstructed
to the observed correlationmatrices, the lower off-diagonal triangle of

each (symmetric) correlationmatrixwas extracted and vectorized, and
Spearman correlation was applied to the reconstructed vs observed
vectors. This yielded an RSA correlation coefficient for each partici-
pant and model. To evaluate whether GPT-2 or the experiential model
recovered scenario correlation structure more accurately, two-tailed
signed ranks tests were deployed to the fifty RSA coefficients from
each model. There were no significant differences between models,
suggesting no major quantitative advantage to either approach
(Fig. 6). Likewise, GPT-2 reconstructions were no better at dis-
criminating between scenario pairs than the experiential model (both
64%), and 41% of scenario pairs were discriminated with statistical
significance (Supplementary Fig. 15 vs Supplementary Fig. 5). Similar
scenario pairs were discriminated in young and elderly participants
(Supplementary Fig. 16). Repeating the interparticipant differences
analyses of Fig. 3Bwith GPT-2 also yielded broadly similar outcomes to
the experiential model: Core-DMN 74% (p < 2e-5); FT-DMN: 64%
(p < 0.01); MT-DMN 73% (p < 2e-5). Thus, there appeared to be little to
separate GPT-2 and experiential feature-based outcomes.

Nonetheless, it was also possible that the choice to average voxel
activation within Schaefer atlas ROIs—which was undertaken to facil-
itate data integration across participants—may have blurred detailed
voxel-level information content, and disadvantaged GPT-2. Whilst
repeating the entire analyses at voxel levelwas beyond the scopeof the
study, we estimated the impact of averaging voxel activation within
ROIs with a second RSA comparing the mental image fMRI data itself
(rather than model reconstructions) to the participant-specific GPT-2
and experiential models. RSA was repeated when fMRI data were
averaged within Schaefer ROIs, and then with raw voxel activation.
Although both treatments of fMRI data yielded significant RSA coef-
ficients in each analysis, RSA coefficients tended to be equivalent or
greater for the Schaefer-averaging approach, whether using GPT-2 or
the experiential model (Supplementary Fig. 17). Based on these tests,
we do not believe that the current analyses were substantially dis-
advantaged by using experiential features, or by averaging activation
within ROIs. However, in other circumstances, given larger fMRI
datasets that span human experience more comprehensively (e.g., ref.
5), it would be natural to expect the potential to benefit from
deploying voxel-wise approaches on models with more features.

Discussion
This study has shown that the human brain encodes elements of
imagined autobiographical experiences and read sentencemeaning in
a shared representational space, where in imagination, the repre-
sentational details were shaped from inside by autobiographical
memory, and in reading, the representational details were shaped
from outside by a sequence of words. This shared representational
space spans Core and MT-DMN, which contain brain areas often
associated with episodic recollection and simulation9–11 as well as FT-
DMN, which contains areas often associated with language12–14 and
general semantics15. These findings help to broaden a body of research
that is increasingly viewing the boundaries between episodic and
semantic memory systems as blurred43–47. The demonstration that
cross-participant reconstructions of feature ratings could discriminate
interparticipant differences—at least when evaluated over a set of
autobiographical scenarios (Figs. 2B and 3B)—provides proof of prin-
ciple that idiosyncratic features of self-generated mental states can be
extracted from fMRI data without first tailoring a decoding model to
those specific individuals.

There were some similarities and some differences in the feature
ratings that could be recovered from the three DMN subsystems. For
instance, social interaction ratings were recovered from all three
subsystems with relatively high accuracy comparative to other fea-
tures. This may reflect theory of mind processes associated with
inferring other peoples’ intent, feelings and knowledge, especially in
FT and Core-DMN (see ref. 38). Conversely, MT-DMN was most
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Fig. 5 | Experiential features’ independent contributions to predicting mental
image fMRI data. To estimate which experiential features independently con-
tributed to fMRI prediction, and where in default mode network (DMN) was pre-
dicted, a variance partitioning method was used. To estimate unique feature
contributions, an fMRI encoding model was first fit to the sentence dataset—
namely, a set of regressionmappings to predict the average activationof eachDMN
Schaefer ROI, based on the twenty crowd-sourced feature ratings (see Supple-
mentary Fig. 8). The encoding model was transferred to predict the mental image
fMRI datawith theparticipant-specificmental image feature ratings. To then isolate
the predictive contribution of a feature Y, a second encoding model was fit on the
sentence fMRI data to the nineteen other features (excluding Y). The contribution
of Ywas estimated as the difference in predicted variance (estimated as r2) between
the full set of twenty featuresand the subset of nineteen that excluded Y. This value
is presented on the cortical maps as a pseudo correlation estimate: sqrt[r2(full)
-r2(subset)]. Predictive contributions are displayed only if prediction accuracies
derived from all twenty features were significantly greater than the subset of
nineteen. Significance was determined using signed-ranks tests on each DMN
Schaefer ROI (fifty participants, one-tailed). P-values were corrected according to
the false discovery rate (FDR)35. Values are displayed for ROIs where FDR(p) < 0.05.
A comparative analysis of all 1000 ROIs is in Supplementary Fig. 10. To assist visual
interpretation, the encoding model beta coefficients for the twenty-feature model
are in Supplementary Fig. 11. Brain images were generated using BrainSpace v1.1057.
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distinctive, and most accurately reconstructed ratings related to
locomotion (Path) and perception (Color/Taste). This distinction may
echo MT-DMN’s proposed role in visuospatial mental simulation7,8,
however, futureworkwould beneeded to clarify this. On the one hand,
the reconstruction of these features could reflect the mental visuali-
zation of scenes associated with people, travel and food. On the other
hand, onemight expect neural correlates of active visual imagery to be
represented relatively weakly by the current decodingmodel, because
it was trained on sentence comprehension data, when active imagery
was not a task requirement.

Core and FT-DMN reconstructed a broadly similar set of features,
despite their prior associations with autobiographical simulation9–11 vs
language comprehension12–14, and their tendency to decouple in cog-
nitive tasks that do not activate autobiographical memory48,49, or do
not require stimuli to be placed into recent semantic context49. How-
ever, areas within Core-DMN have also been implicated in semantic
representation16–23. The current results contribute to this picture by
helping to characterize the circumstances in which Core and FT-DMN
do couple together, in the encoding of social information during both
language comprehension and autobiographical imagery. This is con-
sistent with theories that DMN operates to form context-dependent
models of situations as they unfold3 as multimodal simulations of
phenomenological experience50.

The demonstration that a pre-trained cross-participant fMRI
decoder can reconstruct experiential feature ratings that both dis-
criminate interparticipant differences across sets of scenarios
(Figs. 2B and 3B) anddifferent scenarioswithinparticipants (Fig. 6, and
Supplementary Figs. 5,6,15,16) implies that in future research: (1)
experiential features associated with self-generated thoughts and
language semantics may be reconstructed, to first approximation,
from new participants’ fMRI data, using off-the-shelf decoding map-
pings, such as the one derived here (Fig. 1D and Fig. 2/Fig. 3); (2)
reconstructed ratings may distinguish between different peoples’
phenomenological experience of the same stimuli. With these ideas in
mind, we make publicly available the decoding mapping used here, as
well as a new mapping fit across the sentence and mental imagery
datasets that may benefit from the broader experiential coverage. We
hope these will be useful for inferring the experiential content of

mental states underlying new fMRI datasets in both young and elderly
adults.

Whilst we hope the current decoding approach will have appli-
cation to interpreting external fMRI datasets, and especially for
indexing social cognition, such applications will be limited to the fea-
tures that could be reconstructed/predicted here. The critical features
that drove cross-task/participant prediction/reconstruction were:
Social, Communication, Unpleasant, Path, Lower limb, Color, and
Motion (Fig. 5). Time could additionally be predicted/reconstructed in
analyses conducted within the sentence comprehension dataset
(Supplementary Fig. 14). Future work, using larger datasets with more
comprehensive experiential coverage may lead to fMRI decoders that
reconstruct more features more accurately. There also seems to be
room for improvement in decoding the current autobiographical
imagery dataset, given that: (1) RSA comparisons between fMRI data
and the self-report models yielded stronger correlation values than
comparisons between model reconstructions and self-report models
(Fig. 6 vs Supplementary Fig. 17); (2) the experiential model and GPT-2
played complementary roles in capturing the representational struc-
ture of the autobiographical imagery fMRI (see Supplementary Fig. 17
caption).

To close, the study has demonstrated that experiential semantic
content of sentences is encoded to some degree in the same cortical
areas and using the same representational codes as autobiographical
mental imagery. In so doing, the study has also revealed how general-
purpose brain decodingmodels can be transferred across both people
and cognitive tasks. We consider this an early step towards unifying
brain models of long-term memory and language processing. Going
forward, future models will also need to capture the vivid autonoetic
recollections that distinguish episodic memories from conceptual
processing1,2. In time, such brain models may lead towards exciting
new brain-computer interface technologies.

Methods
Autobiographical mental imagery participants
Theoriginal data collectionwas approvedby theUniversity of Rochester
research subject review board (RSRB00067540). Participants received
monetary compensation and were required to understand the
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Fig. 6 | Reconstruction of experiential mental image scenario structure was
commensurate with GPT-2. A To explore the possibility that the twenty experi-
ential features were too few to comprehensively model the fMRI data, a com-
parative analysis was run using 1024 feature GPT-2 layer-16 embeddings derived
from participants’ autobiographical mental image descriptions and the 240 sen-
tence stimuli. GPT-2 features were reconstructed from the autobiographical ima-
gery data using an fMRI-to-GPT-2mapping fit on the sentence comprehension data
(equivalent to Fig. 1C). Because there was no clear way to interpret comparisons in
individual feature reconstruction accuracies between GPT-2 vs the experiential
model, representational similarity analysis (RSA) was used to compare the relative
ability to reconstruct scenario similarity structure. B RSA correlation coefficients

are illustrated for individual participants as dots in the bar plot (dark gray: young,
light gray: elderly). Bars are mean accuracy, and error bars represent SEM. Both
GPT-2 and the experiential model yielded RSA correlation coefficients that were
significantly greater than zero in the Core default mode network (Core-DMN),
fronto-temporal DMN (FT-DMN) and medial temporal DMN (MT-DMN), according
to one-sample signed ranks tests against zero (fifty participants, one-tailed, cor-
rected according to false discovery rate (FDR)35). Significance is illustrated above
bars using star notation: ***FDR(p) < 0.001. Critically, there were no significant
differences in RSA coefficient magnitude between GPT-2 and the experiential
model in any DMN subsystem, according to two-sample signed ranks tests (fifty
participants, two-tailed). Source data are provided as a Source Data file.
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experimental procedure and give their consent by signing an informed
consent form. 50 participants’ data were reanalyzed. Fifty percent of the
data were collected from healthy elderly adults (mean±SD age was
73 ± 7 years, 16 F, 9M)28. The other 25 were healthy young adults
(mean±SD age = 24±3, 16 F, 9M)29. Sex was self-reported by partici-
pants. Sex/gender differences were not critical factors in the study
design, nor the hypotheses tested. One elderly participant was excluded
from the current study because of discordant BOLD/structural fMRI co-
registration when the data were preprocessed with fMRIPrep for the
current study (SPM had been used in ref. 28).

Autobiographical mental imagery scenario stimuli
Twenty scenarios were preselected by ref. 28 to be diverse events that
almost every participant would have personally experienced. Scenar-
ios were always presented to participants in the following form: “A X
scenario”, or “An X scenario” where X is a placeholder for: resting,
reading, writing, bathing, cooking, housework, exercising, internet,
telephoning, driving, shopping,movie,museum, restaurant, barbecue,
party, dancing, wedding, funeral, and festival.

Autobiographical mental imagery experimental procedure
At the beginning of the experiment, an experimenterwent through the
twenty scenario prompts asking participants to vividly imagine
themselves experiencing each scenario, and to actively simulate their
sensory experiences, actions and feelings. Once participants had
formed a richmental image, they provided a brief verbal description of
their mental image, which was transcribed by the experimenter. After
all the scenarios had been imagined and described, the experimenter
went through the scenarios again, first reminding the participant of
their scenario description, and then recording the participant’s ratings
of the scenario on 20 experiential features, as well as the likelihood
that theirmental image reflects a real personal experience (rather than
being fictional) and the vividness of themental image. Ratings were on
the scale [0 6]. See Supplementary Table 1 for the specific instructions
for rating each feature, adapted from ref. 30. The 20 features were a
subset of the 65 features collected by ref. 30 that were chosen to
broadly span the twelve domains of experience that were originally
identifiedby ref. 30 alongwith the author’s intuitions ofwhich features
weremost relevant for the 20 scenarios28. The need to collect 20 rather
than all 65 features was mandated by experimental time constraints28.

Autobiographical mental imagery MRI data collection
parameters
Imaging data were collected at the University of Rochester Center for
Brain Imaging using a 3T Siemens Prisma scanner (Erlangen, Germany)
equipped with a 32-channel receive-only head coil. The fMRI scan
began with a MPRAGE scan (TR/TE = 1400/2344ms, TI = 702ms, flip
angle = 8°, FOV = 256mm, matrix = 256× 256mm, 192 sagittal slices,
slice thickness = 1mm, voxel size 1 × 1 × 1mm3). fMRI data were col-
lected using a gradient echo-planar imaging (EPI) sequence (TR/TE =
2500ms/30ms, flip angle = 85°, FOV = 256mm, 90 axial slices, slice
thickness = 2mm, voxel size 2 × 2 × 2mm3, number of volumes = 639).

Autobiographical mental imagery fMRI experiment
Prior to scanning, participants were reminded of their verbal descrip-
tions of the 20 scenarios (see above) and were requested to vividly
reimagine the same mental images in the scanner when prompted.
Outside the scanner they then underwent a single dry run of the fMRI
experiment below (a single viewing of all 20 stimuli) to familiarize
them with the setup28.

Participants then underwent a single uninterrupted fMRI session
in which the 20 scenario stimuli were presented five times over (five
runs). The five repeats enabled the computation of average mental
image representations for each scenario, to counteract fMRI noise.
Stimulus order was randomized within each run. Runs were separated

by a 15s interval, in which a second-by-second countdown was dis-
played (e.g., “starting run 2 in 13 s”), which was followed by 7.5 s of
fixation cross preceding the first stimulus of the run. All participants
reported that they had been able to imagine the scenarios on prompt.

Stimulus prompts (e.g., “a dancing scenario”) were presented one
by one in random order, on a screen in black Arial font (size 50) on a
gray background. Prompts remained on screen for 7.5 s (3TRs), during
which time participants vividly imaged themselves in the scenario.
After the promptwas removed, therewas a 7.5 s delay prior to the next
prompt, during which time a fixation cross was displayed. Participants
were instructed to attempt to clear theirmindswhen thepromptswere
removed.

Autobiographical mental imagery MRI data preprocessing
MRI data were preprocessed using fMRIPrep32 to counteract head
motion and spatially normalize images to a common neuroanatomical
space (MNI152NLin2009cAsym). The boilerplate template detailing
the procedure is in Supplementary Materials. To counteract nuisance
signals and potential confounds in the fMRI data a comprehensive
selection of nuisance regressors generated by fMRIPrep were regres-
sed out from each voxels time series. These were 24 head motion
parameters (including translation, rotation and their derivatives),
white-matter and cerebrospinal fluid timeseries and cosine00,
cosine01, cosine02, cosine03. Confound removal was implemented
through computing a single multiple regression across the entire fMRI
timeline:first, eachvoxel and eachnuisance regressor’s time-serieswas
separately z-scored (by subtracting the mean and dividing by the
standard deviation). Second, a separate multiple regression was fit for
each voxel, mapping nuisance regressors to predict voxel activation.
The residuals from the regression (computed separately for each
voxel) were taken forward to further analysis.

For analyses, we reduced each participant’s fMRI data to obtain a
single volume for each imagined scenario. To do this, we first com-
puted a single volume for each scenario replicate by computing the
voxel-wise mean of 4 fMRI volumes (5–15 s) post stimulus onset. To
reduce the five replicates of each scenario to a single scenario volume,
we again took the voxel-wise mean. This left 20 scenario volumes per
individual. The 5 s (2TR) offset was to accommodate hemodynamic
response delay (4–5 s). The four-volume period spans the time until
the next stimulus is presented on screen and was set to maximize our
chances of capturing the mental image. The averaging approach was
chosen in ref. 28 to accommodate the individual differences in
hemodynamic response latency and duration associated with self-
generating and maintaining mental images, which appeared not to be
well suited to modeling with a canonical hemodynamic response
function time-locked to stimulus presentation.

Sentence comprehension participants
Participants were 14 healthy, native speakers of English (5 males, 9
females; mean age = 32.5, range 21–55) with no history of neurological
or psychiatric disorders. Sex was self-reported. All were right-handed
according to the Edinburgh Handedness Inventory51. Participants
received monetary compensation and gave informed consent in con-
formity with the protocol approved by the Medical College of Wis-
consin Institutional Review Board.

Sentence comprehension stimuli
The stimuli, listed in full in Supplementary Table 2, consisted of 240
written sentences containing 3–9words and 2–5 (mean± SD=3.33 ± .76)
content words, formed from different combinations of 141 nouns, 62
verbs, and 39 adjectives (242 words). Sentences were in active voice and
consisted of a noun phrase followed by a verb phrase in past tense, with
no relative clauses. Most sentences (200/240) contained an action verb
and involved interactions between humans, animals and objects, or
described situations involving different entities, events, locations, and
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affective connotations. The remaining 40 sentences contained only a
linking verb (“was”). All sentences were pre-selected as experimental
materials for the Knowledge Representation in Neural Systems project52

(www.iarpa.gov/index.php/research-programs/krns), sponsored by the
Intelligence Advanced Research Projects Activity.

Crowd-sourced experiential feature rating for sentence stimuli
Experiential feature ratings were collected on Amazon Mechanical
Turk for each of the 242 content words in the set of 240 experimental
sentences30 (Supplementary Table 2). Workers were asked to rate, on a
scale of [0 6], the degree to which a given lexical concept was asso-
ciated with a particular feature of experience (e.g., “to what degree do
you think of a football as having a characteristic or defining color?”).
The exact wording of these queries was tailored to the feature and the
grammatical class of the word. A total of 7237 rating sessions were
conducted, with approximately 30 complete ratings sets (all attributes
for a given word) collected for each word. Mean ratings were com-
puted for each word on each feature.

Sentence comprehension experimental procedure
Participants took part in multiple scanning visits, where they were
instructed to read sentences and think about their overall meaning (as
detailed in ref. 20). In each visit, the entire list of sentences was pre-
sented 1.5 times over 12 scanning runs, with each run containing 30
trials (one sentence per trial) and lasting approximately 6min. The
presentation order of each set of 240 sentences was randomly shuf-
fled. Sentences were presented word-by-word using a rapid serial
visual presentation paradigm. Nouns, verbs, adjectives, and preposi-
tions were presented for 400ms each, followed by a 200ms inter-
stimulus interval (ISI). Articles (“the”) were presented for 150ms fol-
lowed by a 50-ms ISI. Mean sentence duration was 2.8 s (range
[1.4–4.2 s]). Words subtended an average horizontal visual angle of
approximately 2.5°.

Sentence comprehension MRI parameters and preprocessing
MRI data were acquired with a whole-body 3T GE 750 scanner at the
Center for Imaging Research of theMedical College ofWisconsin using a
GE 32-channel head coil. Functional T2*-weighted echoplanar images
(EPI) were collected with TR=2000ms, TE= 24ms, flip angle = 77°, 41
axial slices, FOV= 192mm, in-plane matrix = 64×64, slice thickness = 3
mm, resulting in 3× 3 × 3mm voxels. T1-weighted anatomical images
were obtained using a 3D spoiled gradient-echo sequence with voxel
dimensions of 1 ×1 × 1mm.

Sentence comprehension MRI data preprocessing
fMRI data are publicly available27 and were preprocessed using
AFNI53. EPI volumes were corrected for slice acquisition time and
head motion. Functional volumes were aligned to the T1-weighted
anatomical volume, transformed into a standardized space54, and
smoothed with a 6mm FWHM Gaussian kernel. The data were ana-
lyzed using a general linear model with a duration-modulated HRF,
and the model included one regressor for each sentence. fMRI
activity was modeled as a gamma function convolved with a square
wave with the same duration as the presentation of the sentence, as
implemented in AFNI’s 3dDeconvolve with the option dmBLOCK.
Durationwas coded separately for each individual sentence. Finally, a
single sentence-level fMRI representation was created for each
unique sentence by taking the voxel-wisemean of all replicates of the
sentence.

Parcellation of all fMRI data into coarse-grained common
neuroanatomical space
Because all primary analyses deployed cross-participant regression
decoding/encoding models, we reduced all individuals’ fMRI data
(mental images and sentences) into the same coarse-grained

neuroanatomical space. We used the Schaefer-1000 cortical
parcellation33, which segmented the cortex into 1000 parcels defined
by regularities in functional connectivity measures of resting-state
fMRI, and linked ROIs to the three DMN subsystems7,55 analyzed here.
This step aimed to preserve large scale cortical activation patterns that
we anticipatedwould be common across people, and blur fine-grained
differences in activation thatmay reflect individual differences in brain
anatomy. Data were reduced by averaging voxel activation values
within each of the 1000 parcels (aka regions-of-interest or ROIs),
yielding a vector of 1000 values for eachmental image or sentence per
participant. DMN subsystems are illustrated in the context of meta
analytic56 renditions of language/semantic and autobiographical/epi-
sodic simulation networks in Supplementary Fig. 7.

Fitting the cross-participant fMRI decoding model
A single cross-participant fMRI-to-semantic model mapping was fit
on the entire Sentence Comprehension dataset. To do this, the 14
participants fMRI data (240 sentences by 1000 ROIs) were normal-
ized by z-scoring each ROI across sentences (subtracting the mean
from each sentence and dividing by the standard deviation, within
participant) and then concatenated into a long (14*240 row) matrix.
The crowd-sourced semantic model (240 sentences by 20 features)
was likewise z-scored and self-concatenated, 14 times over. Ridge
regression was used to fit a mapping (i.e., the regression beta-
weights) between the 1000 ROIs and each of the 20 individual
semantic features, separately. The same regularization penalty
(lambda = 1e5) was used for each feature. The regularization penalty
was selected by running a series of cross-validated, cross-participant
decoding analyses. In each analysis, the sentence data were randomly
split into 120 training and 120 test sentences. The participants were
divided into 13 training participants, and 1 test participant. The 13
training participants’ fMRI and model data for the 120 training sen-
tences were concatenated as above, and a cross-participant Ridge
Regression mapping from ROIs to individual features was fit for each
regularization penalty in the range: lambda = [1 1e1 1e2 1e3 1e4 1e5
1e6]. Feature ratings for the 120 test sentences were reconstructed
with a matrix multiplication of the test participant’s fMRI data (test
sentences) and the fMRI-to-model decodingmapping (beta-weights).
Reconstruction accuracy was evaluated for each feature separately
by computing Spearman correlation between the 120 reconstructed
ratings for that feature and the observed feature ratings. To derive a
single summary metric of reconstruction accuracy, the mean corre-
lation coefficient across the 20 features was taken. This yielded
reconstruction accuracy metrics corresponding to each of the seven
lambdas. The reconstruction analysis was repeated 14 times, treating
each participant in turn as the test participant, and training with the
other 13 participants. The entire process was repeated 30 times with
different random selections of 120 training/120 test sentences. The
30 reconstruction accuracy metrics for each participant and lambda
were averaged, yielding a 14 (participants) by 7 (lambdas) matrix of
accuracy values. As low lambda parameters risk overfitting and high
lambda parameters risk underfitting, we sought to identify the ideal
lambda as the largest value before median prediction accuracy
dropped significantly (measured by sign ranks tests, between con-
secutive lambda values, n = 14).

Fitting the cross-participant fMRI encoding model
A single cross-participant Model-to-FMRI mapping was fit using pre-
cisely the same procedure as the section above, except with the
direction of the regression mapping reversed, such that it mapped
from 20 model features to predict ROI activation.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.
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Data availability
Data are publicly available at: 10.17605/OSF.IO/D4KU8. Sourcedata are
provided with this paper.

Code availability
MATLAB R2023B code to reproduce analyses and figures are publicly
available at: 10.17605/OSF.IO/D4KU8.
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