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Abstract

Human cognition relies on two modes: a perceptually-coupled mode where mental states
are driven by sensory input and a perceptually-decoupled mode featuring self-generated
mental content. Past work suggests that imagined states are supported by the
reinstatement of activity in sensory cortex, but transmodal systems within the canonical
default network are also implicated in mind-wandering, recollection, and imagining the
future. We identified brain systems supporting self-generated states using precision fMRI.
Participants imagined different scenarios in the scanner, then rated their mental states on
several properties using multi-dimensional experience sampling. We found that thinking
involving scenes evoked activity within or near the default network, while imagining speech
evoked activity within or near the language network. Imagining-related regions overlapped
with activity evoked by viewing scenes or listening to speech, respectively; however, this
overlap was predominantly within transmodal association networks, rather than adjacent
unimodal sensory networks. The results suggest that different association networks
support imagined states that are high in visual or auditory vividness.

Teaser

Different large-scale brain networks support imagining of visual and audiolinguistic mental
content.
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Introduction

Human cognition extends beyond immediate action, encompassing the ability to use
imagined mental states to reflect on past experiences and possible future events, both of
which support adaptive decision-making. Studies have shown that these self-generated
imagined states are often multivariate in nature and rely on both the capacity to imagine
scenes with vivid details (Wang et al., 2020; Konu et al., 2020) and to structure thoughts
through internal representations of language and speech (Vatansever et al., 2017; Sulfaro
et al., 2024; Alderson-Day & Fernyhough, 2015; Carruthers, 2018). Although these mental
states are well documented in lab settings (Konu et al., 2021) and in daily life (Mulholland
et al., 2023, 2024) we know relatively little about the mechanism through which they
emerge.

A key component of self-generated mental states is that they are often accompanied by
mental imagery—subjective experiences that resemble sensory perception but lack an
immediate sensory cause (Kosslyn et al., 2006; Alderson-Day & Fernyhough, 2015;
Fernyhough & Borghi, 2023; Sulfaro et al., 2024). For example, for most people (Zeman,
2024), recalling a landmark like Chicago’s Cloud Gate might evoke a mental impression
(i.e., visual mental imagery) that is similar to actually seeing the monument. Research has
implicated that mental imagery involves the reinstatement of activity within sensory areas
that are engaged during perception (Kosslyn et al., 1997; Ganis et al., 2004). For example,
O’Craven and Kanwisher (2000) demonstrated that imagining faces or scenes activates
regions of ventral temporal cortex that overlap with those activated during visual
perception of faces or scenes, respectively. This alignment between imagery and
perception is thought to extend across the visual hierarchy (Winlove et al., 2018; Cichy et
al., 2012). For example, imagined content can be decoded from primary visual cortex
(Naselaris et al., 2015; see also Cabbai et al., 2024). Similarly, when participants are asked
to focus on visual details or imagine objects in particular orientations or visual field
locations—i.e., features that are encoded in early visual cortex—activity in early visual
areas is more reliably evoked (Dijkstra, 2024; Kosslyn & Thompson, 2003; Slotnik et al.,
2005; Lambert et al., 2002; see also Chen et al., 1998; Cui et al., 2007). These studies
suggest that neural reinstatement of sensory areas is a key correlate of imagined states.

In contrast, studies that examined more complex self-generated states have highlighted
that both the processes of mental time travel (i.e., thinking about the past or future) and
language-use rely on networks in association cortex rather than sensory cortex. The
canonical default network (DN), a distributed brain network involving regions in the
posteromedial cortex (e.g., posterior cingulate and retrosplenial cortex), posterior inferior
parietal lobe, lateral temporal cortex, and ventral and dorsal medial prefrontal cortices
(Buckner et al., 2008) has been repeatedly implicated in mental time travel (Schacter et al.,
2007). The DN exhibits heightened activity when individuals are disengaged from the
external environment (Shulman et al., 1997)—a context in which they often report thinking
about the past and future (e.g., Smallwood et al., 2009; Schacter et al., 2007), or when they
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86  actively engage in introspective tasks, such as imagining future scenarios, recollecting
87 autobiographical memories (Spreng & Grady, 2010; Schacter et al., 2007), or making social
88 inferences (Saxe, 2006), whether relevant (Andrews-Hanna et al., 2010) or irrelevant (e.g.,
89 Konuetal., 2020) to the task at hand. This broad engagement across diverse self-generated
90 mental states led to the suggestion that the DN plays a broad role in imaginative states,
91 potentially through mechanisms like self-projection (Buckner & Carroll, 2007; Carroll,
92  2019) or the maintenance of the narrative self (Menon, 2023). However, research has
93 shown that when thoughts include verbal content, increased activation is observed within
94  brainregions that process heard or read sentences (e.g. Amit et al., 2017; Vatansever et al.,
95 2017;Tianetal., 2016; Lu et al., 2023; McGuire et al., 1996; Shergill et al., 2002; Aleman et
96 al., 2005), a set of regions referred to here as the language network or LANG (Fedorenko et
97 al., 2024). Similar to the DN, the LANG network is also distributed across multiple
98 association regions - including inferior frontal, lateral temporal, and posterior middle
99 frontal cortices, as well as the supplementary motor area and potentially further regions
100 (Fedorenko et al., 2024; Braga et al., 2020) - and can be defined using functional
101 connectivity analyses (Braga et al., 2020; Glasser et al., 2016; Lee et al., 2012; Hacker et
102 al., 2013). These studies imply that more complex, integrated self-generated states that
103 include thinking about events or language are often accompanied by activity in association
104 areas of the brain, rather than sensory areas.
105
106 Itis unclear how the sensory reinstatement hypothesis is reconciled with this role of
107  association networks (i.e., the DN and LANG networks) in supporting self-generated mental
108 states. Emerging evidence suggests the need for refinement in both of these camps. First,
109 recentwithin-individual functional imaging studies have revealed that the canonical DN
110 comprises at least two parallel distributed networks: DN-A and DN-B (Braga & Buckner,
111 2017; Braga et al., 2019; see also Andrews-Hanna et al., 2010; Spreng & Andrews-Hanna,
112  2015; Steel et al., 2021; 2023; Deen & Freiwald, 2021). Activity within these networks is
113 linked to different forms of self-generated thought: DN-A supports ‘mental scene
114  construction’ (Schacter & Addis, 2009) as used when thinking about events in the past or
115  future, while in contrast, DN-B is engaged during social inference-making, such as when
116  considering others’ perspectives or making judgments about social scenarios (DiNicola et
117 al., 2020; 2023; Edmonds et al., 2024; see also Peer et al., 2015; Silson et al., 2019a).
118 These findings suggest some degree of domain-specificity within the canonical DN, and
119 thatthe appearance of a domain-general role of the DN in self-generated thought may be a
120 consequence of averaging across closely juxtaposed networks.
121
122  Second, there has been refinement of the idea that imagery and perception rely on the
123 same brain regions. The initial report by O’Craven & Kanwisher (2000) emphasized that the
124  regions serving imagery and perception of faces and scenes were only partially
125 overlapping. Similarly, it has recently been emphasized that regions involved in perceiving
126  novel scenes or remembering familiar places are actually adjacent, and only partially
127  overlapping (Steel et al., 2021; 2023; 2025; Silson et al., 2019a; 2019b). More detailed
128 analysis, such as that achievable by studying the individual brain (Laumann et al., 2015;
129 Braga & Buckner, 2017; Gordon et al., 2017), may be necessary to conclusively resolve the
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130 underlying functional organization of these regions. Interestingly, the adjacent ‘scene

131 perception’ and ‘place memory’ regions are positioned in a way that respects the

132 unimodal-transmodal gradient of brain organization: scene perception areas are located in
133  more posterior locations of posteromedial and lateral parietal cortex, closer to unimodal
134  visual cortex, whereas the place memory areas tend to be more anterior, closer to

135 transmodal association cortex (Silson et al., 2019a; 2019b; Bainbridge et al., 2021; Steel et
136  al., 2021; 2023; 2025). Silson et al. (2019a) further suggested that the boundaries of the
137 canonical DN actually bisect these adjacent regions, with place memory areas within the
138 DN, and scene perception areas outside. These findings outline a more nuanced model
139 and raise three putative principles, whereby regions supporting external (perceptual) and
140 internal (self-generated) representations of similar content are (i) adjacent or partially

141 overlapping, (ii) positioned along the unimodal-transmodal gradient, and (iii) potentially
142  differentiated by their underlying connectivity structure with the rest of the brain (i.e., the
143  networks in which they belong).

144

145 Do these principles extend to other forms of mental imagery? Research on non-scene-
146  related forms of imagery supports interesting parallels. Partial overlap has been noted

147  between perception and imagery for sounds and music (Halpern & Zatorre, 1999; Herholtz
148 etal.,, 2012; Kraemer et al., 2005) as well as imagining speech (e.g., Tian et al., 2016; Lu et
149  al., 2023; Shergill et al., 2002). Studies diverge on whether the recruitment of primary and
150 secondary sensory areas occurs during auditory imagery, suggesting that potentially the
151 extent of the auditory sensory hierarchy might be reinstated depending on the imagined
152 content (Yoo etal., 2001; Bunzeck et al., 2005; Tian et al., 2016; Shergill et al., 2001).

153  Further, a similar unimodal-transmodal topographic organization may be present: Herholtz
154  etal. (2012) provided maps showing adjacent or partially overlapping regions, with music
155 imagery regions encircling auditory cortical regions activated by listening to music. The
156  juxtaposed and partially overlapping regions were positioned such that imagery-related
157  regions were closer to transmodal association cortex than perceptual regions were (see
158 alsoKleber et al., 2007; Spagna et al., 2021). Thus, along many dimensions the relationship
159  between auditory imagined and perceptual states may recapitulate observations from the
160 sceneimagery literature, but in a different sensory modality and set of brain regions.

161

162 The above studies underscore a major difficulty in studying self-generated mental states:
163 the specifics of what participants think about can have a substantial effect on the

164  activation patterns. Conventional analysis strategies, which assume that participants are
165 engaging with the task as intended, might be improved upon by accounting for trial-wise
166  variation in thought content (Yarkoni et al., 2009; Smallwood et al., 2021; DiNicola et al.,
167  2023). Recently, multi-dimensional experience sampling (mDES) has been used to

168 highlight (i) the neural systems engaged by states that emerge from the processing of

169  perceptualinput (McKeown et al., 2023) and movies (Wallace et al., 2025), (ii) self-

170 generated states such as off-task thought (Konu et al., 2020; Turnbull et al., 2019; lwata et
171 al., 2024) and (iii) states of task-evoked imagination (Villena-Gonzalez et al., 2018; Zhang et
172  al., 2022). Demonstrating the potential benefits of accounting for trialwise variance in

173 mental states, a recent mDES study showed that trials in which participants reported
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174  thinking more about scenes corresponded to increased activity within the full set of

175 distributed regions of DN-A (DiNicola et al., 2023; see also Gilmore et al., 2021), including
176  but extending beyond the posteromedial and lateral parietal “place memory” areas (Steel
177 etal.,, 2021, 2023; Silson et al., 2019b). This activity pattern suggests that entire transmodal
178 networks may be recruited during the evocation of mental imagery, rather than only regions
179  bordering perceptual regions. The increased sensitivity of accounting for trial-wise variation
180 inthought-content might yield similar insights into other forms of self-generated states.

181

182  Here, we investigated whether similar principles were conserved across different forms of
183 self-generated thought. Participants were asked to imagine several prompts in the scanner,
184  and then rate their mental content on several experiential features using mDES (Smallwood
185 etal., 2016; Smallwood et al., 2021). We tested how brain activity during these two types of
186 imagined states overlapped with activity during the perception of related content. Finally,
187  we asked how this functional organization relates to within-individual maps of transmodal
188  distributed networks and unimodal sensory networks.

189

190

191 Materials & Methods

192

193  Overview

194

195  Subjects and sessions.

196 Ten adults (6 female, ages 22-36, mean age 26.6, 9 right-handed) from the local community
197  were recruited as part of the ‘Detailed Brain Network Organization’ (DBNO) study. Details
198 regarding this dataset have been previously described in Kwon et al. (2024), Edmonds et al.
199 (2024), and Salvo, Anderson et al. (2024). Participants had normal hearing and normal or
200 corrected to normalvision, and no history of neurological illness. All participants provided
201 written consent to take part in the study and were compensated for participation.

202  Procedures were approved by Northwestern University’s Institutional Review Board.

203  Participants were invited to 8 magnetic resonance imaging (MRI) sessions, each of which
204 included several cognitive tasks including a passive fixation (“resting-state”) task for

205 network mapping using functional connectivity (FC). Prior to the first MRI session,

206 participants were trained on all the tasks and were extensively coached about strategies for
207  staying stillin the scanner to improve data quality. Participants’ heads were padded using
208 inflatable cushions to restrict head motion. Participants were informed that the initial 1-2
209 MRl sessions would serve as a trial to assess compliance and whether they wanted to

210 continue participation. Based on these criteria, 2 subjects were not invited back for

211 additional sessions, leaving 8 subjects who completed all 8 MRI sessions (4 female, ages
212  22-36, mean age 26.75, 7 right-handed). This led to a total of 60.8 hours of fMRI data

213  collected, including 7.6 hours per participant, for precision functional mapping.

214

215  Passive fixation task. To allow estimation of large-scale networks within each individual
216 using FC, participants completed a passive fixation task (REST) in the scanner. Participants
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217  were shown a crosshair in the center of the screen and instructed to fixate on the crosshair
218 for the duration of the task, keeping their eyes open and blinking normally. The task lasted
219 ~7 minutes, and each participant completed two runs in each session (total: 16 runs, ~112
220 minutes per participant). One participant (S2) completed an additional REST run to replace
221 a poor-quality run that had been excluded in a prior session (see MRI quality control). Two
222 runs of REST were collected in each MRI session, and these were the first and last runs in
223  each session.

224

225  IMAGINE Task Overview and Stimuli. Participants took partin a cued imagining task

226  (IMAGINE) in the scanner, in which they were asked to read prompts and imagine the

227  prompted content, then press buttons to report the auditory and visual vividness of the
228 imagined content. After the scan, participants retrospectively answered multiple questions
229 abouttheir thought content in the scanner for each trial (mDES). Participants were given
230 detailed instructions about the task (see scriptincluded in Supplementary Materials) and
231 practice trials so they were familiar with the task structure prior to scanning. Instructions
232 included the following descriptions for vividness rating levels: “Nothing’ means you did not
233  experience any mental images or sounds at all, ‘Vague’ means you think you did experience
234 mentalimages or sounds, but they were dim or dull or not very clear, ‘Moderate’ means you
235 did experience mental images or sounds, and you feel that they were relatively clear or

236 vivid, ‘Vivid’ means you did experience mental images or sounds, and they were very clear
237 andvivid, almost similar to if you were actually hearing or seeing the item in real life” (see
238 Marks, 1973). Participants were reminded of instructions before each MRl session and

239 were given a chance to practice the task outside of the scanner.

240

241 Two hundred sentences were created as prompts for the IMAGINE task. Candidate

242  sentences were generated by authors NLA and RMB and checked by others to eliminate
243  sentences that were difficult to interpret or produced unintended associations. Forty

244  prompts were created targeting five categories: Scenes, Faces, Perceptual Speech (i.e.,
245 imagining listening to someone else speak), Inner Speech (i.e., imagining specific words
246 using an “internal voice” or “inner monologue”), and Sounds. Each prompt began with the
247  word “Imagine...” followed by instructions, to create prompts such as “Imagine an art

248 studio” or “Imagine hearing a couple arguing”. The full list of prompts is shown in Table S1.
249 The average prompt length was 32.4 characters (sd = 5.4, range = 19-45) and prompt length
250 was matched across conditions (mean for Scenes: 32.0 characters; Faces: 32.3;

251 Perceptual Speech: 32.4; Inner Speech: 32.5; Sounds: 32.7). Prompts were selected to

252  evoke high visual vividness for the scene- and face-imagining trials, and high auditory

253 vividness for the sound and speech conditions.

254

255  In-scanner IMAGINE task. Each of the 8 MRI sessions included an fMRI run of the IMAGINE
256 tasklasting 614 seconds (approx. 10.2 minutes), leading to a total of 4,912 seconds

257  (approx. 80.9 minutes) of IMAGINE task data collected per person prior to quality control.
258 Eachrunincluded 25 prompts (one per trial), with five trials per category. Prompt order was
259 counterbalanced using optseq2 (Dale, 1999). Participants were presented with a prompt
260  written on the screen and given 7 seconds to read the prompt and covertly imagine the
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261 prompted content. They were then asked to rate the visual vividness of what they imagined
262 onad4-point scale (Nothing — Vague — Moderate - Vivid), followed by a rating of auditory

263  vividness on the same scale (see Figure 1A for schematic). Half of the runs included the
264  visualvividness rating first, and half included the auditory vividness rating first, alternating
265 each session. The rating period lasted 3s for each rating. Participants responded by

266  pressing buttons with the middle and index fingers of each hand (corresponding to

267 increasing vividness ratings moving from left to right). The response button meanings were
268 shown on the screen beneath the vividness questions during the rating period (Fig. 1A).
269 Each trial (consisting of the imagining period followed by the two ratings) was preceded by
270 ajittered 10-11 second inter-trial fixation period that served as a trial-specific baseline. To
271 reduce the time between in-scanner and follow-up experiments, in each MRI session the
272 IMAGINE task was the penultimate task, followed by a 7-minute passive fixation task.

273

274  Out-of-scanner IMAGINE follow-up task. Due to practical limitations, such as the amount
275 of time available in the scanner, only the two vividness ratings were collected during each
276 trial of the in-scanner task. To comprehensively characterize participants’ thought-content,
277 an additional set of questions or ‘thought-probes’ were collected in a follow-up

278  experiment. Fifteen thought-probes were created to explore different facets of imagining,
279 including content (e.g., “l envisioned the location of objects, people or places”), temporal
280 dynamics (e.g. “l imagined a sequence of events unfolding in my mind”), imagery source
281 (“To imagine this, | drew on a memory of a specific fact, place, person, or object”), or

282  performance (e.g. “l found it difficult to imagine this item”). The full list of thought-probes is
283 showninTable 1. The thought-probes were chosen to differentiate potential functions of
284  the DN and LANG networks. For example, DN-A has been linked with episodic projection
285 (DiNicola et al., 2023), as captured by the thought-probe “l thought about an event from my
286 pastorinthe future”, while LANG is associated with processing language, hence the

287 thought-probe “My thoughts included specific, identifiable words or phrases”. Similar

288 probes have been used effectively in other task paradigms to identify brain correlates and
289 capture individual differences in experience (see Wallace et al., 2025; Turnbull et al., 2019).
290

291 Immediately after each MRI session, prior to changing out of the hospital scrubs,

292  participants were taken to an interview room to perform the follow-up task. On average, 3.2
293 minutes elapsed between the participant exiting the scanner and beginning the

294  computerized task (range: 1-7 min). Participants were re-presented with the 25 prompts
295 seeninthe scanner, one at atime, and asked to respond to 17 thought-probes on a series
296  of scales (see Fig. 2A for schematic). Participants were instructed to respond regarding
297 what they had imagined for that prompt while in the scanner. Participants first provided the
298 visual and auditory vividness ratings again using the same 4-point scale to assess test-

299 retest reliability, and then completed the additional 15 thought-probes on a 9-point scale
300 (from Strongly Disagree to Strongly Agree; see Table 1). Data were collected and stored

301 using REDCap electronic data capture tools hosted at Northwestern University (Harris et
302 al., 2009; Harris et al., 2019). Participants took an average of 21.5 minutes to complete the
303 follow-up task (range: 12-47 min).

304
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Follow-up Prompt Rating Scale

" - *
Visual Vividness

Auditory Vividness'

How vividly did you imagine mental images? Nothing - Vague - Moderate - Vivid
How vividly did you imaging mental sounds? (4-point scale)

Locations

Immersion

Sequence

Elaboration

Speech or Language
Internal Voice

Specific Words/Phrases
Other People
Past/Future Event

Specific Memory

| envisioned the location of objects, people, or places

| felt immersed in my thoughts, as if | was experiencing the item(s) in real life
I imagined a sequence of events unfolding in my mind

My thoughts included elaboration and detail beyond what the prompt included
My thoughts involved speech or written language

My thoughts included my internal voice or 'inner speech'

My thoughts included specific, identifiable words or phrases

Strongly disagree - Neutral - Strongly agree

| thought about other people (9-point scale)

| thought about an event from my past or in the future

To imagine this, | drew on a memory of a specific fact, place, person, or object

Feelings/Preferences | thought about feelings, preferences, or emotions

Abstract Concepts | thought about abstract concepts, such as truth, beauty, or fairness

Success | was able to imagine what was asked successfully
Focused ™ My mind wandered and | was not focused when imagining this
Ease” | found it difficult to imagine this item

. - . . .
Also administered in-scanner Reverse-coded for analysis

Table 1: Multi-dimensional experience sampling (mDES) survey questions collected during the out-of-
scanner follow-up task. Participants answered 17 questions about each scenario imagined during that day’s
scanning session. Ratings for visual vividness and auditory vividness were presented identically to the in-
scanner question. Subsequent questions targeted features of the imagined content such as language use,
memory specificity, task performance, and other domains. Participants responded using a 1-9 scale from
Strongly Disagree to Strongly Agree. The Focused and Ease probes were reverse-coded for analyses.
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314  Visual category (VISCAT) localizer. To allow definition of brain regions related to perception
315 ofvisualimages and language within each individual, participants also completed two

316  perceptual localizer tasks in each MRI session (VISCAT, SPEECHLOC). The first was a 4-
317 minute one-back task featuring images of different visual categories (VISCAT; see Saygin et
318 al,, 2016). Participants were shown square grayscale images that depicted a scene, a face,
319 apseudoword, an object, or a visually scrambled image (taken from the scene, face, or
320 object categories). Pseudowords were generated using the Australian Research Council
321 (ARC) Nonword Database (Rastle et al., 2002), while the other four categories were taken
322 from databases provided by Talia Konkle (Konkle & Oliva, 2011). Participants were asked to
323  press their left index finger button if the image was novel, and their right if the image

324 matched the previous image. Each image was displayed for 0.7 seconds, with a 1.3 second
325 interstimulus interval when a fixation crosshair appeared on the screen. Images from each
326 category were shown sequentially in a block design, with 2 blocks per category. There were
327 9images in each block. The task consisted of a total of 10 blocks, which included 75

328 unique images and 15 repeated images. Five blocks of different categories were presented
329 sequentially, and an 18-second fixation period was presented before, in between, and after
330 the 5-block groups that served as a baseline. Categories were counterbalanced within

331 (e.g., all categories were presented in the first 5-block group, and then the order was

332 reversedin the second group) and across runs to minimize order effects.

333

334  Auditory language (SPEECHLOC) localizer. The second localizer task was a 7-minute

335 auditory language localizer (SPEECHLOC; based on Scott et al., 2017), where participants
336 listened to audio clips of clear, unfiltered speech and distorted, unintelligible speech.

337 Audio clips were taken from recordings of TED talks, The Moth radio hour, and Librivox

338 audiobooks. Two clips were taken from each recording, with one clip left intact and the
339 second distorted by filtering (this filtering process is described in detail in Salvo, Anderson
340 etal.2024). This was done to provide a contrast condition that included sound clips which
341 preserved certain sound characteristics (speaker intonation, speed, etc.) but did not

342  contain comprehensible speech.

343

344  Audio during the task was presented through Sensimetrics S14 MRI-compatible earphones
345 (Sensimetrics, Gloucester, MA, USA). To ensure that the clips were audible over the

346  scanner noise, at the start of each MRI session, prior to data collection, participants were
347  played two speech clips (one clear, one distorted) in the scanner while the same MR

348 sequence was running. Participants used the provided button box to adjust the volume
349 themselves to a comfortable level where the speech could be clearly heard and were asked
350 todescribe to the experimenters the topic of the clearly-presented story. Each audio clip
351 lasted 18 seconds and was followed by a tone lasting 0.15 seconds. Following each tone,
352  participants had 2 seconds to press a button with their right index finger to confirm they
353  were paying attention. A fixation crosshair appeared on the screen throughout the run and
354  participants were asked to maintain fixation. All other cues and stimuli were auditory. Each
355 taskrunincluded 8 clear and 8 distorted 18s audio clips, which were interleaved during
356 task presentation. Each run included four blocks, with four clips presented in each block.
357 Eachblockincluded two clear clips and two distorted clips, with a 14-second fixation cross
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358 (‘+’) presented between blocks. Within each block, clips were presented in a
359 counterbalanced order, e.g., CDDC+DCDC+CDCD+DCCD (where “C” is a clear clip and

360 “D”is adistorted clip, and + is fixation), ensuring an even distribution of conditions across
361 the run. Block order was also counterbalanced across runs.
362

363 Ineach session, participants also completed other tasks (e.g., targeting social cognition)
364  that are not described in this report (see Edmonds et al., 2024; Kwon et al., 2024; Salvo,
365 Anderson et al., 2024).

366

367 MRl data acquisition.

368 Data were collected on a Siemens 3.0 T Prisma scanner (Siemens, Erlangen, Germany) at
369 the Center for Translational Imaging at Northwestern University’s Feinberg School of

370 Medicine in Chicago. Two anatomical images were collected: a T1-weighted image in the
371 first MRI session (TR =2,100ms, TE = 2.9ms, FOV = 256 mm, flip angle = 8°, slice thickness
372 =1 mm, 176 sagittal slices parallel to the AC-PC line) and a T2-weighted scan in the second
373  session (TR =3,000ms, TE = 565ms, FOV =224 mm x 256 mm, flip angle = 120°, slice

374  thickness =1 mm). Both scans included volumetric navigators (Tisdall et al., 2012) from the
375 Adolescent Brain Cognitive Development study (Hagler et al., 2019). Functional MRl data
376  were collected using a 64-channel head coil with a multi-band, multi-echo sequence with
377 the following parameters: TR = 1,355ms, TE = 12.80ms, 32.39ms, 51.98ms, 71.57ms,

378 91.16ms, flip angle. = 64°, voxel size =2.4mm, FOV =216 mm x 216 mm, slice thickness =
379 2.4 mm, multiband slice acceleration factor = 6 (see Poser et al., 2006; Lynch et al., 2021).
380

381 Quality control. Head motion was estimated using FSL’s MCFLIRT (Jenkinson et al., 2002).
382  Runs were automatically excluded from analysis if motion exceeded predetermined

383 thresholds of framewise displacement (FD) > 0.4mm or absolute displacement (AD) >

384 2.0mm. Runs were flagged for visual inspection if motion exceeded more stringent

385 thresholds (FD > 0.2mm, AD > 1.0mm), and the whole run was then excluded if motion

386 could be clearly seen in the raw data. On this basis, each subject retained at least 6 runs of
387 the IMAGINE task (S1: 8; S2: 8; S3: 6; S4: 8; Sb: 6; S6: 6; S7: 6; S8: 7 runs) leaving an average
388 of 70.1 minutes of data per participant (range:61.2-81.6 min). Additional quality control
389 was performed based on the behavioral performance, where we excluded individual trials
390 inwhich the participant did not respond to both vividness ratings (i.e., missed responses;
391 36 trials excluded; S1: 0; S2: 0; S3: 0; S4: 12; S5: 7; S6: 0; S7: 12; S8: 5) or pressed multiple
392 buttons (13 trials excluded; S1: 0; S2: 0; S3: 0; S4: 4; S5: 0; S6: 0; S7: 9; S8: 0). After all

393 quality control measures, each subject provided at least 129 trials from the IMAGINE task
394  (range: 129-200).

395

396 For the REST task, runs were excluded based on the same motion criteria described above.
397  After quality control, each participant retained at least 10 runs (range: 10-16). For all

398 participants except one (S5), half of the data was set aside for replication analyses (not
399 usedinthis study), leaving 49-60 minutes of data for each participant (S1: 56 min; S2: 56;
400 S3:56; S4: 56; S5: 60; S6: 49; S7: 49; S8: 49).

401
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402 Runs for the remaining two localizer tasks were quality controlled for motion using the

403 same procedure as for IMAGINE and REST. Additionally, runs were excluded in their entirety
404  based on poor performance using behavioral responses. For the one-back VISCAT, runs
405  with an error rate above 20% were excluded. For SPEECHLOC, runs with more than 20%
406 missing button-presses were excluded. After quality control, all 8 runs were retained for
407  each subject for VISCAT. For SPEECHLOC, at least 7 runs were retained per subject (S1: 8;
408 S2:8;S3:8;S4:7;S5:7;S6:8;S7:7; S8: 8).

409

410  MRI data preprocessing. Blood-oxygenation-level-dependent (BOLD) data were

411 preprocessed using a custom processing pipeline “iProc” (Braga et al., 2019) that is

412  optimized for within-individual alignment of data from multiple runs and sessions, and

413  minimizing blurring through reduced smoothing and interpolation. Additional steps were
414  included to account for the multi-echo data (outlined below). Each individual’s data was
415  processed separately. The first 9 volumes (~12 s) of each run were discarded to remove the
416  T1 attenuation artifact. Next, a mean BOLD template was created as an interim stage for
417  dataregistration by averaging the first echo of all included runs of all tasks, to reduce bias
418  towards any one particular run. The participants’ T1 anatomical images were used to create
419 a native space template. These templates were used to build four matrix transforms to

420 align each BOLD volume 1) to the middle volume of the same run for motion correction, 2)
421 to the mean BOLD template for cross-run alignment, and 3) to the native space template,
422  and 4)to the Montreal Neurological Institute (MNI) International Consortium for Brain

423  Mapping (ICBM) 152 1-mm atlas (Mazziotta et al., 1995). The four transforms were

424  composed into two matrices which were then applied to the original volumes to register all
425 volumes to the T1 anatomical template (matrices 1-3) and to the MNI atlas (matrices 1-4) in
426  asingle step. Visual checks were incorporated into each registration step of the pipeline.
427

428  Motion correction transforms were calculated using rigid-body transformation based on
429  thefirst echo, which has less sighal dropout and better preserves the shape of the brain.
430 Registration matrices were calculated based on the first echo, and then applied to all the
431 echoes. Once data were projected to the T1 native space, the five echoes were combined
432  to approximate local T2* by weighting each echo according to its temporal signal-to-noise
433  (tSNR) ratio and echo time (Heunis et al., 2021). Briefly, the tSNR is calculated for each
434  echo, which is then weighted by the echo time. This weighted tSNR is then divided by the
435 sum of all weighted tSNRs (i.e., for all echoes). The resulting image is multiplied by the

436  echo’s original intensity image, and these are summed across all echoes to create the final
437  optimally combined image.

438

439  Functional connectivity preprocessing. Nuisance variables were calculated for each run,
440 including average signal from deep white matter and cerebrospinal fluid using masks hand-
441 drawn in MNI space that were back-projected to the native space. Additional nuisance

442  variables included the 6 motion parameters and whole-brain (global) signal, and their

443 temporal derivatives. Data were then bandpass filtered using a range of 0.01-0.1 Hz using
444  3dBandpass (AFNIv2016.09.04.1341; Cox, 1996, 2012). Data were then projected to a

445  standard cortical surface (fsaverage6, 40,962 vertices per hemisphere; Fischl et al., 1999),
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446  and smoothed with a 2mm full-width at half-maximum kernel along the surface. This kernel
447  size was chosen based on prior work (Braga & Buckner, 2017; Braga et al., 2019) to retain
448  functional anatomic detail while limiting noise (i.e., speckling) in the functional

449  connectivity maps.

450

451 Network estimation. Prior to any analysis of the task data, the REST data was used to

452  create subject-specific estimates of large-scale networks using functional connectivity
453  following our previously used procedures (Braga & Buckner, 2017; Braga et al., 2020). First,
454  functional connectivity matrices were calculated for each REST run by computing vertex-
455  vertex Pearson’s product-moment correlations. The matrices were then z normalized using
456  the Fisher transform, averaged across all runs within each individual, then converted back
457  torvalues using the inverse Fisher transform. These within-individual average matrices
458  were used to perform a seed-based analysis. Seeds were manually selected in the left

459 lateral prefrontal cortex to delineate 7 networks (Default Network A [DN-A], Default

460 Network B, Language Network [LANG], Frontoparietal Network A, Frontoparietal Network B,
461 Dorsal Attention Network A, and Dorsal Attention Network B [referred to here as dATN]; see
462 Braga & Buckner, 2017; Braga et al., 2020; Edmonds et al., 2024; Kwon et al., 2024).

463  Analyses here focused primarily on DN-A and LANG. We then used a multi-session

464  hierarchical Bayesian Model (MS-HBM) approach to define networks using a data driven
465  algorithm applied to the same data (Kong et al., 2019). This method provides individual-
466  specific network estimates by integrating priors from multiple levels (e.g., group atlas,

467  cross-individual and cross-run variation) to stabilize network estimates. For each

468 individual, we generated clustering solutions with k values (i.e., number of clusters)

469 between 12-18, and selected the lowest level of clustering which separated the networks
470 ofinterest as defined by the seed-based approach. Based on these criteria, a 14-network
471 solution was selected. The MS-HBM algorithm also allowed definition of networks beyond
472  the a priori selected networks, including those covering auditory cortex (surrounding

473  Dbilateral Heschl’s gyrus; referred to here as AUD), ventral somatomotor cortex (surrounding
474  Dbilateralinferior central sulcus; referred to here as SMOT), and peripheral visual cortex

475  (referred to here as VIS-P; see Du et al., 2024). In one subject, S8, MS-HBM identified a

476  LANG network that did not align well with the seed-based analysis or the task activation
477  maps for SPEECHLOC (as discussed in Salvo, Anderson et al., 2024). Therefore, in this

478  subject, we took a higher clustering solution (k = 15) which produced a LANG network that
479  Dbetter fit the task maps.

480

481 Task activation maps. All MRI tasks (except REST) were analyzed using FSL’s FEAT (Woolrich
482 etal., 2001). Each hemisphere of each surface-projected task run was input into a separate
483 general linear model (GLM). The task was modelled using explanatory variables that were
484  convolved with a double-gamma hemodynamic response function using FEAT.

485

486  Forthe IMAGINE task, independent regressors were specified for each of the 25 trials,

487  covering the period from the onset of the prompt to the end of the 7-second imagining

488 period. An additional 25 regressors were specified to cover an equivalent 7-second period
489  taken from the intertrial fixation periods that preceded each trial. Beta values were
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490 extracted for each regressor, and we contrasted beta values from imagination vs. fixation
491 periods for each trial using FEAT. The fixation periods acted as independent baselines for
492 each trial, ensure ensuring that the estimates of the contrast of parameter estimates were
493 independent for each trial (Hassabis et al., 2014; DiNicola et al., 2020). A separate 25

494  regressors modelled the response period for each trial.

495

496  For VISCAT, regressors were specified that covered the entire block for each of the visual
497  category types (e.g. scenes, faces). Only the scenes condition was of interest in this report,
498 and so the beta values extracted were composed of a contrast between scenes vs. the
499  conjunction of faces, objects, and pseudowords.

500

501 For SPEECHLOC, regressors were specified that included all 18-second presented audio
502 clips for each of the two speech types (comprehensible and distorted). Beta values were
503 calculated for the comprehensible and distorted speech, and a contrast of parameter
504  estimates was calculated for each run.

505

506 Incorporation of trialwise mDES responses

507 The data from the IMAGINE task were analyzed in three ways. First, we performed a simple
508 ‘condition-level’ contrast between different prompt categories. For the scene-imagining
509 condition, beta values for Sound trials were multiplied by -1, and then the values for all
510 Scene and Sound trials were averaged together (forming a contrast between Scenes and
511 Sounds). For the language map, the same procedure was followed, except the Perceptual
512 Speech and Inner Speech trials were first averaged together and then contrasted with the
513 Sound trials to create a single contrast map. An additional map contrasted trials from the
514  Perceptual Speech category against trials from the Inner Speech category.

515

516 Forthe second analysis, the behavioral ratings provided for each trial during the post-scan
517 multi-dimensional experience sampling (mDES) task were used to group trials based on
518 features reported by the participants themselves, rather than the a priori categories (see
519  Varrier & Finn, 2022). To calculate a ‘scene construction map’, a composite score was

520 created for all trials using the sum of the Visual Vividness and Locations thought-probes
521 (based on DiNicola et al., 2023). Beta values from trials that were in the top 20% of ratings
522  onthis composite were contrasted against trials in the bottom 20%. If items were tied at
523 the cutoff rating, subsets of these trials were randomly selected to achieve 20% of trials.
524  The ‘language map’ was calculated similarly, except the summed composite was

525 composed of the Auditory Vividness, Speech or Language, and Specific Words/Phrases
526 thought-probes.

527

528 Forthe third analysis, behavioral data for IMAGINE were subjected to two different

529 methods of dimensionality reduction: hierarchical clustering and principal component
530 analysis (PCA). A correlation matrix was created for each probe (including the vividness
531 ratings from the in-scanner task, as well as the 15 additional thought-probes from the out-
532 of-scanner follow-up task) using pair-wise Pearson’s r. The matrix was then hierarchically
533 clustered using the hclust function from the stats package in R (R & stats version 4.1.1; R
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534  Core Team, 2021), using the ward.D2 method, with 3 clusters specified (the number of

535 clusters that result when the clustering dendrogram is cut at a length of 0.5). Additionally,
536 the behavioral data were analyzed using a PCA, implemented through the prcomp function
537 inR’s stats package. The first two principal components each explained more than 10% of
538 thevariance in the data and were retained for further analysis. In both reduction

539 approaches, the behavioral data from all subjects after quality control was used. All

540 analyses were repeated creating individual clustering and PCA results for each subject; the
541 results were very similar, so the omnibus approach was chosen.

542

543  Correspondence between the two principal components and the trial-wise activation data
544  wasthen examined (McKeown et al., 2023; Wallace et al., 2025; Konu et al., 2020; Turnbull
545 etal., 2019). A higher-order GLM was created using regressors that weighted trials

546  according to the loadings of each trial onto the first two principal components. This

547  produced vertex-wise beta values representing how each vertex was associated with the
548 trial-wise variance captured in PC1 and PC2. These beta maps were z-scored to create two
549  separate maps.

550

551 Finally, overlap between brain activity during perceiving and imagining was determined
552  usingrelevant maps for each condition (viewing and imagining scenes, listening to and
553 imagining speech). All maps were thresholded at z = 1.5 and then binarized. Regions of
554  overlap were identified, and then compared to the spatial extent of relevant target networks
555  (for scenes: Default Network A [DN-A], dorsal Attention Network [dATN], and peripheral
556 visual cortex [VIS-P]; for speech, Language network [LANG], primary auditory cortex [AUD],
557 and somatomotor cortex [SMOT]). A Dice coefficient was calculated for each network,

558 quantifying the network’s overlap with task activity. Only vertices present in the network
559 and/or overlap regions were included in the calculations.

560

561

562 Results

563

564  Vividness of visual and auditory imagery was successfully manipulated by the task
565 As part of the IMAGINE task, participants were prompted to imagine several scenarios in
566 the MRI scanner, and then provide ratings after each scenario regarding the degree of visual
567 and auditory vividness of their imagined content. Although we designed the prompts to

568 elicitvisual and auditory imagery, isolating these features can be difficult; prompts

569 designed to evoke auditory imagery (e.g., “Imagine the sound of a waterfall”) might elicit
570 visualimagery, and vice versa. Analysis of in-scanner vividness ratings (Fig. 1A) showed

571 that the prompts were successful in selectively modulating visual and auditory imagery, to
572  varying degrees. A consistent pattern was found across all subjects (Fig. 1B & 1C), where
573 imagined states during the visual categories (Scenes, Faces) were generally rated as higher
574 invisual and lower in auditory vividness (see lower right quadrant in Fig. 1B), whereas trials
575 inthe auditory categories (Perceptual Speech, Inner Speech, Sounds) showed the opposite
576 pattern (see upper left quadrantin Fig. 1B). Participants’ vividness ratings therefore aligned
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577 with the intended categories, implying that participants were following instructions and
578 responding appropriately, and likely experiencing imagined states with different levels of
579 auditory and visual content.

580

581 Analysis of vividness ratings within each individual showed that all subjects (S1-S8)

582  differentiated visual and auditory categories (Fig. 1D), confirming the group-level trend.
583 Some subjects reported lower overall experiences of vivid imagining (e.g., S4, S5) even if
584  theirresponses still differentiated the categories. This aligns with research showing that
585 vividness levels vary across people (Betts, 1909; Zeman et al., 2015). Supplementary Figure
586 S1shows each participants’ vividness ratings broken down by category, underscoring that
587 some subjects reported different degrees of separation of auditory or visual imagery across
588 categories, as well as different ranges of responses. Some subjects reported that some
589 trials led to mental sensations that were very vivid in both visual and auditory domains (Fig.
590 1D;e.g., S6, S8), implying that the prompts often evoked integrated, multisensory

591 experiences. This heterogeneity underscores the need for approaches that can account for
592  trial-wise variation in experienced content.

593

594  Participants’ out-of-scanner responses reflected their in-scanner experiences

595 Once the MRI session was completed, participants took part in a follow-up mDES

596 experiment (Fig. 2A) where they answered additional questions about the properties of
597 their mental content experienced during the in-scanner IMAGINE task. The visual and

598 auditory vividness ratings were repeated in the mDES experiment, to determine the degree
599 towhich participants’ out-of-scanner responses successfully referenced their in-scanner
600 mental states. In- and out-of-scanner vividness ratings were highly correlated (Spearman’s
601 p = 0.85; Fig. 2B) and did not differ between visual and auditory ratings (overall visual: p =
602  0.84; overall auditory: p = 0.86). Correspondence in each individual participant varied but
603 was also high (range: p = 0.62-0.93; Fig. 2C). This consistency provides evidence that

604  participants’ out-of-scanner responses were related to their in-scanner mental states.

605

606  Quality control was performed on the mDES responses. Review of participant data showed
607 no consistent instances of stereotyped response patterns (e.g. selecting the same rating
608 for multiple questions in a row, or zig-zagging patterns) that could indicate participants
609 wereignoring instructions. Additionally, because one of the experience sampling probes
610 regarded difficulty (“l found it difficult to imagine this item”), while another regarded

611 success (“l was able to imagine what was asked successfully”), a negative correlation

612  between these probes indicated that participants were responding accurately (range: p = -
613 0.601t0-0.92). One participant (S3) appeared to have interpreted the question about mind-
614 wandering (“My mind wandered and | was not focused when imagining this”) in the

615 opposite direction compared to the other participants (i.e., S3 reported high mind

616 wandering when they also reported successfully imagining the prompt), so their responses
617  were reverse-coded for the mind wandering question to align with other subjects. The full
618 list of experience sampling probes is displayed in Table 1.

619

620 Multi-dimensional sampling (mDES) reveals covariance structure of imagined states
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623 Fig. 1: The imagination task successfully modulated the visual and auditory vividness of participants’
624 mental content in the scanner. A) Schematic of a task trial, wherein participants were cued to imagine

625 different scenarios and then rate the vividness of their imagined content. B) Plot of vividness ratings across all
626 trials from all participants, divided by stimulus condition. Scene and Face trials were generally rated as more
627 visually vivid, while Perceptual Speech, Inner Speech, and Sound trials were rated as more auditorily vivid. C)
628 The same pattern can be seen when trials are separated into visual (top row) and auditory (lower row)

629 vividness ratings, for each stimulus condition. Points represent individual participants, while bars represent
630 the average. D) Within-individual plots of vividness ratings, similar to panel B, show that the separation of
631 visual and auditory vividness across conditions held in each participant, though there were appreciable inter-
632 subject differences.

633
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Fig. 2: Post-scan follow-up vividness ratings showed strong correspondence to in-scanner vividness
ratings. A) Schematic of out-of-scanner survey. Participants completed an out-of-scanner questionnaire with
follow-up questions (i.e., multi-dimensional experience sampling; mDES) where they were asked questions
about the features of their imagined content during the in-scanner task. Questions were rated on a 1-4 scale
(vividness) or 1-9 agreement scale (all others; see full list of follow-up questions in Table 1). B) Confirming
that the follow-up responses corresponded to participants’ in-scanner experiences, vividness ratings inside
and outside the scanner showed high correlation (overall Spearman’s rho = 0.85) across all subjects. C) This
same pattern held in each participant, with correlation remaining high (Spearman’s rho ranging from 0.62 to
0.93).
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647 We leveraged the mDES responses to explore how participants’ mental states varied across
648 trials (i.e., prompts). Dimensionality reduction was performed using principal components
649 analysis and hierarchical clustering, seeking converging evidence for structure in the mDES
650 responses.

651

652  Fig. 3A shows the pairwise correlation matrix between individual mDES responses across
653 all participants, which highlights that some responses formed clusters (e.g., see pairwise
654  correlations above p > 0.5). This was confirmed by the data-driven clustering analyses. The
655 principal components analysis resulted in two principal components that explained more
656 than 10% of the variance in the data (Fig. 3B & 3A, right). The first component (PC1)

657 explained 36.2% of the variance and related positively to all the probes, indicating a

658 relation to general successful performance of the task (i.e., higher PC1 loadings represent
659 higherratings in general). However, this component also had relatively higher scores for
660 probes such as Visual Vividness, Locations, Immersion, and use of Specific Memories (see
661 purple bars in Fig. 3A, right). We therefore refer to PC1 as representing trials high in ‘Scene
662  Construction’ for brevity in the rest of the text.

663

664 The second component (PC2) explained 14.0% of the variance and differentiated the

665 auditory and language-related probes, including Auditory Vividness, Speech/Language,
666 Inner Speech, and Specific Words/Phrases (see blue bars in Fig. 3A, right), from the scene-
667 construction-related probes (particularly Visual Vividness, Locations, Past/Future Events,
668 and Specific Memory). We therefore refer to PC2 as representing trials high in

669  ‘Audiolinguistic’ processes for brevity, though note it also represents the difference of these
670 trials to the trials rated as high in Scene Construction (i.e., PC1). Accordingly, PC1 showed
671 strong positive correlations with both visual and auditory vividness ratings (Fig. 3C; r=0.69
672 and 0.53, respectively), while PC2 was negatively correlated with visual vividness and

673  positively correlated with auditory vividness (r =-0.26 and 0.42, respectively). Importantly,
674 PC2did not have high scores for the probes relating to task success (Ease, Success,

675 Focused), so the difference between high and low PC2 loadings likely represents

676 differences in the specific imagined content rather than general task performance. A more
677 fine-grained breakdown of the relationships between PC values and individual thought

678 probes and prompt categories is shown in Supp. Figs. S2 & S3. Importantly, the clustering
679 results emphasized that the task successfully generated mental states that varied in visual
680 and auditory imagery (i.e., PC1 vs. PC2). When participants reported thinking about scenes
681 and events, they typically reported higher visual vividness of their mental states, and when
682 theyreported thinking about hearing speech or using inner speech they typically reported
683  higher auditory vividness.

684

685 The hierarchical clustering analysis showed a similar pattern to the PCA (see dendrogram
686 inFig. 3A, left), confirming that the clusters revealed by the PCA were robust across

687  analysis choices, and likely represent true patterns in the responses. Fig. 3A (left) shows
688 the hierarchical clustering level which defined three major clusters, selected as these

689 aligned well with the results of the PCA (i.e., compare the dendrogram in Fig. 3A, left, with
690 the PC loadings in Fig. 3A, right). The first hierarchical cluster resembled the Audiolinguistic
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691 PC (i.e., PC2), and comprised the 3 language-related probes plus the auditory vividness
692  probe. A second cluster, which we named “Social”, comprised the probes regarding how
693 much participants thought about Other People, Abstract Concepts, and

694  Feelings/Preferences.

695

696 The third cluster resembled the Scene Construction PC (i.e., PC1), and contained the

697 remaining probes including those regarding how much participants thought about

698 Locations, Past/Future Events, a Specific Memory, and probes concerning task success
699 (Immersion, Ease, Success) and other experiential aspects (e.g., how much they

700 elaborated on the prompt, and how much their thoughts were in the form of a sequence of
701 events). This third cluster also included the Visual Vividness responses. Note that in the
702  nextlevel of the dendrogram, which would have defined 4 clusters, the prompts referring to
703  tasksuccess (Focused, Success, and Ease) were separated from the scene and event-

704  related probes (e.g., Visual Vividness, Locations, and Past/Future Events).

705

706  Thus, the hierarchical clustering confirmed that auditory and visual vividness were

707  separated across task trials and were associated with different types of mental states:

708 auditory vividness was higher when participants thought about speech or language, and
709 visualvividness was higher when participants thought about locations and past or future
710 events.

711

712  Default network A overlaps partially with activity supporting the perception of scenes
713  The extensive fMRI data collected allowed the estimation of brain networks and task

714  activity patterns within each individual. We defined large-scale networks a prioriin each
715 individual using functional connectivity (FC) analysis of the independent passive fixation
716  (i.e., “REST”) data. The FC-based networks provided a means to differentiate unimodal and
717  transmodal cortex: unimodal networks are usually constrained to bilateral primary and

718  secondary sensory areas, including the bilateral dorsal and ventral visual streams, whereas
719  thetransmodal networks are widely distributed across frontal, parietal, temporal, and

720 midline association areas (e.g., see Yeo et al., 2011; Mesulam, 1998; Margulies et al., 2016;
721 Felleman & Van Essen, 1991; Du et al., 2024).

722

723  Surface-projected data were clustered together into 14 or 15 networks using a data-driven
724  approach, and two distributed networks were selected for further analysis, default network
725 A (DN-A; Braga & Buckner, 2017) and the language network (LANG; Braga et al., 2020; Fig.
726  4) based on findings implicating DN-A in mental scene construction (DiNicola et al., 2023)
727 and LANG in transmodal language processing (Braga et al., 2020; Salvo, Anderson et al.,
728  2024). Based on anatomical landmarks, we also selected networks that covered visual (i.e.,
729  visual network, VIS-P, and dorsal attention network, dATN; Corbetta & Shulman, 2002) as
730 well as auditory (AUD) and somatomotor (SMOT) regions.

731

732 Ineachindividual, the FC-defined networks were compared with the task activation maps
733  from the visual perception task, VISCAT, which involved viewing images of different

734  categories (scenes, faces, etc). Supp. Fig. 4 shows that network DN-A overlapped partially
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736

737 Fig. 3: Analysis of follow-up responses reveals multi-dimensional structure of imagined content. A) A
738 correlation matrix was created using all participants’ follow-up responses, organized into clusters using
739 hierarchical clustering (left). We selected the level shown by the dashed vertical line, which defined 3

740 clusters. The same data was subjected to a principal components analysis (PCA) which revealed two major
741 principal components (right). The rotation of each probe onto the PCs recapitulated the structure seen in the
742 hierarchical clustering analysis. Based on these loadings, we named PC1 “Scene Construction” and PC2
743 “Audiolinguistic” for convenience. B) A scree plot of the PCA, showing that PC1 and PC2 both explained >
744 10% of the variance. C) The two components also differentiated auditory and visual vividness ratings: PC1
745 shows a strong positive correlation with both visual and auditory vividness, while PC2 shows a positive
746 correlation with auditory vividness and a negative correlation with visual vividness.

747
748
749
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750  with activity evoked by viewing scenes, primarily in parahippocampal and posterior

751 cingulate or retrosplenial cortex. Notably, viewing scenes activated several more posterior
752  regions at or near the occipital lobe that overlapped with the visual processing hierarchy as
753  defined by the VIS-P and dATN networks (Fig. 4; see Felleman & Van Essen, 1991 and Yeo et
754  al, 2011). We explore this later. However, in all cases the scene perception activity

755  extended anteriorly into regions defined as being within DN-A in each participant. Thus, the
756  network maps support that the most anterior regions of the scene-viewing visual stream
757 are actually within transmodal association cortex as estimated by FC.

758

759 The language network overlaps with activity supporting the perception of speech

760  We recently showed that the LANG network, as defined using FC, encapsulates transmodal
761 language functions in that it can be robustly activated by both auditory and visual forms of
762  language (i.e., listening to speech and reading; Salvo, Anderson et al. 2024). Importantly,
763  the borders of the LANG network along the superior temporal cortex delineated between
764  auditory and transmodal language functions (Salvo, Anderson et al., 2024), reinforcing the
765  division between AUD and LANG evident in this zone (Fig. 4). Thus, similar to the

766 relationship between VIS-P, dATN, and DN-A in regard to scene-viewing, listening to speech
767  similarly activated a set of regions that overlapped unimodal auditory cortex (i.e., AUD) but
768 also extended into the transmodal LANG network (see Supp. Fig. S4). In contrast to the

769  scene-viewing results, which activated part of DN-A only, activity during listening to speech
770  broadly activated the majority of the LANG network.

771

772  Trial-wise experience sampling reveals more widespread brain activity compared to
773  condition-wise analysis approach

774  We next computed the vertex-wise responses during each trial of the IMAGINE task for

775 each individual to investigate brain activity during self-generated states. Three analysis

776  approaches were taken (Supp. Fig. S5). First, we grouped trials according to the original
777  categories designed into the experiment, including Scenes, Faces, Sounds, Perceptual

778  Speech, and Inner Speech conditions. Trial-related responses were averaged together

779  within each category, and then contrasted across categories. The Sounds condition was
780 chosen as the contrast condition to control for basic task demands (e.g., reading,

781 attending to the screen), while serving as a common baseline for the Scene and Language-
782  related conditions. The Scenes > Sounds contrast maps revealed that focal regions at or
783 near the parahippocampal cortex consistently showed increased activity during imagining
784  scenes for nearly all subjects except S6 (Supp. Fig. S6, left). Beyond this parahippocampal
785  region, some subjects also showed evidence of activity at or near the retrosplenial cortex,
786 and afew (e.g., S5, S8) showed activity in other regions including the posterior inferior

787  parietal lobe.

788

789  The maps of imagining-related activity calculated using the language conditions (contrast
790  of Perceptual Speech and Inner Speech > Sounds) revealed task-evoked responses across
791 the lateral surface (Supp. Fig. S6, right). However, these condition-wise maps were

792 inconsistent, with many subjects showing few active regions (e.g., S7, S8), while others
793  showed clear activity overlapping the LANG network (e.g., S3, S6). This heterogeneity might
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795 Fig. 4: Functional connectivity using independent resting-state data was used to define large-scale

796 brain networks in each participant. Among the 14-15 networks defined for each participant, default network
797 A (DN-A) and the language network (LANG) were identified, based on their anatomical distribution, and

798 selected for further analysis. Additional networks were selected to represent visual, auditory and

799 somatomotor unimodal networks, including dorsal attention network B (dATN), peripheral visual network
800 (VIS-P), primary auditory cortex (AUD), and somatomotor network (SMOT).

801
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802 be because participants varied across trials in how they imagined each prompted content,
803 even when prompts were from the same condition. Analysis of the experience sampling
804 data showed thatin many instances, a prompt that was intended to elicit one type of

805 mental state often elicited others (e.g., see Fig. 1 and Supp. Fig. S1). For example, in Supp.
806 Fig. S7,itis shown that participants rated the Perceptual Speech condition as being higher
807 invisualvividness, presumably because many of the prompts (e.g., “Imagine a couple

808 arguing”) elicited integrated audiovisual mental content. Conversely, participants generally
809 reported the Inner Speech condition as being higher in terms of whether they thought about
810 specific, identifiable words. These differences underscore the limitations of a condition-
811 wise approach, and provide strong motivation to explore brain activity using trial-wise

812 analyses that can account for such variation.

813

814  We undertook two strategies to account for trial-wise phenomenology as captured by the
815 mDES surveys (Fig. 3): an a priori selected composite score and a data-driven clustering
816  approach. First, we computed two composite scores, following DiNicola et al. (2023),

817  targeting the clusters shown in Fig. 3A. We contrasted trials scoring in the top 20% with the
818 lowest 20% of each composite. The first composite score, consisting of a sum of the Visual
819 Vividness and Locations thought-probe ratings, revealed more robust activity, which

820 recapitulated the condition-wise activity within parahippocampal regions and also

821 included more extensive activity within the retrosplenial and posterior cingulate cortex and
822  otherregions of DN-A (including in the inferior parietal lobe and rostral medial prefrontal
823  cortex; Supp. Figs. S5 & S8).

824

825 The maps for the language composite scores, which consisted of a sum of the Auditory
826 Vividness, Speech/Language, and Specific Words/Phrases thought-probes, showed an

827 improvementin some subjects (e.g., S2, S3, possibly S6), but other subjects showed

828  similar activity patterns to the condition-wise analysis (Supp. Fig. S5, lower middle column;
829  Supp. Fig. S8, right column).

830

831 Finally, we accounted for the trial-wise variance in phenomenology more comprehensively
832 byincorporating the principal component loadings from the PCA (Fig. 3) that considered all
833 the mDES responses. The trial-wise loadings from PC1 and PC2 were mean-centered and
834 entered into a general linear model, and at each vertex a z score was calculated

835 representing how much that vertex’s activity in each trial changed as a function of how the
836 loadings for PC1 and PC2 changed across trials (i.e., the relationship between PC loadings
837 and trial-evoked activity). These maps provided an improvement on the condition-wise and
838 composite score analyses (Supp. Fig. S5), and were used for the remaining analyses.

839

840 Notably, only the condition-wise analyses revealed activity for scene imagery that was

841 restricted to the parahippocampal cortex. In contrast, accounting for phenomenological
842  reports revealed much more distributed activity throughout the cortex (Fig. 5), suggesting
843  network-level activation during the imagining of scenes (DiNicola et al., 2023). These

844  comparisons strongly support that conventional condition-wise analyses fail to capture
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845 important aspects of participants’ mental states that can be retrieved using experience

846 sampling and leveraged to better reveal brain activity related to those states.
847

848 Different imagined states recruit different distributed brain networks

849  Analysis of brain activity related to the two principal components (PC1 & PC2) revealed that
850 mentalimagery was linked to activity in two separate networks, DN-A and LANG (Fig. 5). For
851 PC1, scene-imagining-related activation was located within the boundaries of DN-A,

852 including parahippocampal cortex, retrosplenial and posterior cingulate cortex, inferior
853 parietal cortex, and rostromedial prefrontal cortices (Fig. 5, left column). In contrast, for
854  PC2, which represented the Audiolinguistic factor, activation was observed in multiple

855  parts of the LANG network, including lateral temporal cortex, inferior and middle frontal
856 cortex, and the supplementary motor area — especially in subjects S1, S2, S3, S6, and S7
857  (Fig. 5, right column). The PC2 maps were not as robust in the remaining subjects, showing
858 generally lower magnitude and patchier regions of activation.

859

860 The Audiolinguistic factor may have led to less robust maps than the Scene Construction
861 factor as a result of more variable activity during relevant task conditions. The direct

862  contrast of the Perceptual Speech and Inner Speech imagination conditions (Supp. Fig. S7)
863 revealed some systematic differences in patterns of brain activity: Inner Speech showed
864  greater activity at or near posterior superior temporal cortex and precentral cortex, which
865  were close to the LANG network and ventral motor strip, which putatively could be at or
866 nearregions controlling articulation (de Heer et al., 2017; Krubitzer, 2007). Meanwhile,

867  Perceptual Speech generally showed greater activity in posterior parietal regions such as
868 posteromedial (i.e., retrosplenial and posterior cingulate) and parahippocampal cortices
869 that appeared to more closely resemble DN-A and activity patterns related to imagining
870 scenes (Fig. 5). These differences between the language-related prompt conditions argue
871 that different strategies for imagining speech, such as imagining hearing someone else
872  speakversus thinking of specific words in inner speech, may have been implemented by
873  participants across different trials (Sulfaro et al., 2024; Alderson-Day & Fernyhough, 2015;
874  Carruthers, 2018). This might have led to higher variability in activity related to the

875  Audiolinguistic PC2 compared to the Scene Construction PC1 (Fig. 5).

876

877 Notably, activation related to PC2, which distinguished the Audiolinguistic probes with

878  positive scores and Scene Construction probes with negative scores (see Fig. 3A, right),
879 alsorevealed negative z scores in DN-A regions, including the parahippocampal cortex and
880 retrosplenial cortex, in many participants (Fig. 5). Thus, PC2 also demonstrates that mental
881 states described as being high in Audiolinguistic versus Scene Construction content

882  activate distinct distributed networks, suggesting that recruitment of DN-A during trials
883 highin Scene Construction loadings is not simply due to a general task performance effect
884  of the imagining task (i.e., PC2 did not have strong loadings for the performance- and

885  success-related thought probes).

886

887 We quantified these results by assessing the distribution of z scores for all vertices within
888 thetwo a priori defined transmodal networks, DN-A and LANG (Fig. 4). In all subjects (even
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890 Fig. 5: Accounting for trial-wise experience sampling responses reveals widespread activity within DN-A
891 and LANG during imagining scenes and speech, respectively. At each vertex, a GLM was created using
892 trial-wise loadings for both the Scene Construction (PC1) and Audiolinguistic (PC2) factors (see Fig. 3). The
893 resulting map for PC1 shows overlap primarily with DN-A, including in anterior regions such as the medial
894 prefrontal and dorsolateral prefrontal cortex. The map for PC2 shows positive regions that overlap with LANG,
895 though the overlap was clearer in some subjects (e.g., S3, S5, S6) than others. The PC2 map showed negative
896 regions that likely overlapped with DN-A, which were in line with PC2’s negative scores for the Locations and
897 Visual Vividness related mDES survey responses (Fig. 3).

898
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899 those that showed few positive regions in the whole-brain maps in Fig. 5), z scores for each
900 PC were dissociated between the two networks: DN-A showed higher responses during
901 Scene Construction-related trials, while LANG showed higher responses during

902 Audiolinguistic-related trials. Across all subjects, PC1 values within DN-A were

903 consistently higher than those within LANG (two-tailed t-test, all ps <.001 after Bonferroni
904  correction; Fig. 6, left column). For PC2, values within LANG were consistently higher than
905 those within DN-A in each subject (two-tailed t-test, all ps <.001 after Bonferroni

906 correction; Fig. 6, right column). Thus, the results support that distinct distributed

907 networks are recruited during these different mental states.
908

909 Imagination and perception overlap within transmodal association networks

910 Afinal set of analyses leveraged the network mapping data to determine whether regions
911 that were recruited by both imagined and perceptual states were located within unimodal
912 ortransmodal networks. We thresholded and binarized the task maps of viewing scenes
913  (Supp. Fig. S4) and imagining scenes (Fig. 5) and computed their overlap map. Along the
914  ventral temporal cortex, the more anterior parts of the scene-perception stream

915 overlapped with activity during imagining scenes. These overlap regions were at a location
916 further away from unimodal visual areas, and further into association cortex, and were

917 located within DN-A as mapped within most individuals (Fig. 7). This is interesting, as the
918 canonical DN is not conventionally thought to be involved in perception, and indeed shows
919 reduced activity during externally oriented perceptual tasks (Spreng et al., 2010; Shulman
920 etal., 1997). Here, we show that when networks are mapped within individuals, the borders
921 of DN-A encompass the regions involved in imagining scenes, and that regions active

922  during viewing scenes extend only partially into DN-A. This agrees with previous work

923 comparing perception and mnemonic representation of scenes (Silson et al., 2019b; Steel
924  etal., 2021, 2023).

925

926  Additionally, we noted that the overlap between perception and imagining within DN-A was
927  seen largely near the borders between DN-A and adjacent networks involved in visual

928 perception, the dorsal attention network and peripheral visual network (shown in Fig. 4; see
929 Duetal. 2024). These findings suggest that the confluence between these networks may
930 be animportant factor in understanding why these regions are recruited during imagining of
931 scenes (Steel et al., 2025). But importantly, the overlap between imagining and perception
932 of scenes was often confined to the regions of DN-A (see especially subject S3 in Fig. 7).
933 Our calculation of Dice coefficients demonstrates that, for 6 out of 8 subjects, the regions
934  overlapping imagery and perception were predominantly within DN-A compared to these
935 adjacent, visual networks.

936

937 Asimilar observation was made for the overlap between imagining and listening to speech
938 (Fig. 8). Despite this type of imagining being different in phenomenological content (Fig. 3),
939 and despite the focus being on a different large-scale network, again the overlap between
940 imagining and perceiving was found to be largely confined to the bounds of the transmodal
941 network, LANG (e.g., see especially S6 in Fig. 8). Listening to speech robustly activated the
942  LANG network, as well as nearby auditory areas. However, of these regions, those that fell
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944 Fig. 6: Imagining scenes versus language reinstates activity in different large-scale association

945 networks. The distribution of z-scored beta values from within each transmodal network, DN-A and LANG,
946 are shown, calculated from the regression of PC1 and PC2 against brain activity (see full maps in Fig. 5).
947 Values are plotted using normalized probability density functions. The average values for each network are
948 represented with a colored circle above the distribution. In all cases, the distribution of z values for DN-A is
949 higher than LANG for PC1, while the inverse is true for PC2. Values are truncated at +/- 5 for visualization
950 purposes.
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Fig. 7: Imagining and viewing scenes overlapped within the boundaries of transmodal default network
(DN-A). Surface-projected maps show regions active during imagining scenes in blue (from Fig. 5,
thresholded and binarized) and regions active while viewing scenes in green (from Supp. Fig. S4; thresholded
and binarized). Regions that overlapped between the two are shown in red. The insets show a zoom-in on
regions of overlap, showing the task overlap map alongside a zoom in of the functional networks defined in
each individual (see full networks in Fig. 4). Imagining scenes shows overlap with scene viewing in
parahippocampal and retrosplenial cortices, and this overlap was predominantly within the bounds of
network DN-A, not adjacent visual networks, as shown by the dice coefficients plotted on the right. Other
networks shown are the dorsal attention network (dATN), and peripheral visual network (VIS-P).
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Fig. 8: Imagining and listening to speech overlapped within the boundaries of the transmodal language
network (LANG). Surface-projected maps show regions active during imagining speech in blue (from Fig. 5,
thresholded and binarized) and regions active while listening to speech in green (from Supp. Fig. S4;
thresholded and binarized). Regions that overlapped between the two are shown in red. The insets show a
zoom-in on regions of overlap, alongside a zoom in of the functional networks defined in each individual (see
full networks in Fig. 4). Imagining speech shows overlap with listening to speech along the length of lateral
temporal cortex, in regions that encircled the auditory (AUD) network. Overlap was also seen in the prefrontal
cortex, including inferior and middle frontal cortex, that again was positioned at the interface between LANG
and the somatomotor network (SMOT). Regions of overlap fell predominantly within the distributed LANG
network, not adjacent AUD and SMOT networks, as shown by the dice coefficients plotted on the right.
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976  within the LANG network were more likely to be reinstated when participants imagined
977  speech. Similar to imagining scenes, this overlap tended to occur near the boundaries

978 between LANG and adjacent sensory areas encapsulated by the auditory (AUD) and

979 somatomotor (SMOT) networks (Fig. 8). Activity related to imagining speech was also

980 located farther away from unimodal (auditory or motor) cortices, extending further into
981 association cortex. The dice coefficients showed that in all 8 subjects the overlap between
982 imagining and listening to speech was predominantly within LANG regions rather than AUD
983 or SMOT networks. Thus, the speech imagery results reiterated the findings from the scene
984 imagery trials, emphasizing that the self-generated states elicited here recruited

985 transmodal distributed networks, rather than the adjacent sensory areas.

986

987

988 Discussion

989

990 This study showed that imagining of different types of content is associated with the

991 activation of different large-scale networks and explored the extent to which brain regions

992 involved in perception are reactivated to support imagined states.

993

994  Using a novel imagination task, we were able to elicit self-generated mental states that

995 varied in their vividness of visual and auditory imagery (Fig. 1) and content (Fig. 3). By

996 collecting extensive self-report data from each participant using a multi-dimensional

997 experience sampling approach (mDES), we showed that trials in which participants

998 reported thinking about locations and/or events were associated with high vividness of

999 visualimagery (Fig. 3; see also DiNicola et al. 2023). In contrast, trials in which participants
1000 reported thinking using speech and language were associated with high vividness of
1001 auditory imagery (Fig. 3). By leveraging a precision fMRI approach, where functional
1002 anatomy is defined within individuals (Fig. 4), we showed that these different types of
1003 mental states were linked to the activation of different large-scale networks, DN-A and
1004  LANG (Fig. 5 & 6). Notably, the use of self-report mDES data was critical to resolving mental
1005  state-related activity, and improved on a conventional ‘condition-wise’ approach that
1006 assumed that participants engaged with each imagination prompt as intended in each
1007  condition (Supp. Fig. S3). When we accounted for self-reported mental content in each
1008 trial, we observed that imagining scenes and speech were associated with widespread
1009  activity within multiple regions of DN-A and LANG, respectively (Fig. 5). These findings
1010 support network-level engagement during self-generated mental states.
1011
1012  Transmodal distributed networks are active during imagining
1013  Acore distinction in brain organization is the separation between networks serving
1014  unimodal functions (e.g., processing sensory information), and networks serving
1015  associative or transmodal functions (Mesulam, 1998). Language is an intuitive example of a
1016  transmodal function, in that the same concepts can be conveyed via visual (e.g., written) or
1017  auditory (e.g., spoken) words. In each case, shared cognitive processes are likely to
1018 underlie the translation of sensory stimuli into their associated concepts according to
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1019  syntactic rules (Fedorenko et al., 2024). Previous work has shown that the LANG network,
1020 asdefined using FC, likely encompasses such transmodal functions, as it shows robust
1021 responses during both reading and listening to speech (Salvo, Anderson et al., 2024; see
1022 also Scott et al., 2017; Fedorenko et al., 2010; Yuan et al., 2023). Similarly, DN-A can be
1023 activated by tasks where participants disengage from the external world (Smallwood et al.,
1024  2009; Shulman et al., 1997; Raichle et al., 2001), but also tasks targeting processes such
1025 as navigation and the consideration of spatial relationships (Peer et al., 2015; DiNicola et
1026  al., 2023; Silson et al., 2019b). These findings support a transmodal role of DN-A that is not
1027  strictly tied to visuospatial (i.e., visual scene-related) processing. Furthermore, the

1028 organization of both LANG and DN-A, where each network contains regions in multiple
1029 cortical association zones, fits the distributed network motif that is characteristic of

1030 association cortex (Goldman-Rakic, 1988; Mesulam, 1990; 1998), and is fundamentally
1031 different from the hierarchically organized regions that serve sensory processing (Felleman
1032 &VanEssen, 1991). Thus, LANG and DN-A both likely represent transmodal associative,
1033 ratherthan sensory-specific, functions.

1034

1035 A mainfinding here is that imagining speech or scenes mainly recruited the transmodal
1036  association networks, rather than the adjacent unimodal sensory networks (Fig. 5). This
1037 finding was consistent for thinking about scenes and speech, though in each case different
1038 distributed networks (DN-A and LANG) were involved. Further, activity in the two networks
1039 wasdirectly related to participants’ trial-wise assessments of the visual and auditory

1040 vividness of theirimagined content (Fig. 3A & 3C). Prior work has suggested that brain

1041 activity related to imagined states follows the principle of sensory reinstatement: the

1042  recruitment of sensory regions in the absence of sensory input. In our study, the within-
1043 individual network maps supported that self-generated states are more likely to elicit

1044  activity within the distributed networks (DN-A, LANG) rather than in unimodal sensory (VIS-
1045 P, dATN, AUD) networks. The boundaries of the distributed networks often encapsulated
1046  theregions active during imagining (Fig. 5), and the overlap between imagining and

1047  perception was predominantly within the distributed networks, not adjacent sensory

1048 networks (Figs. 7 & 8). This is a departure from the sensory reinstatement account: our
1049  work supports itis the transmodal regions that are “reinstated” during imagined states
1050 (Doucetetal., 2012). Conversely, it is interesting to reflect that perceptual processing may

1051 in fact involve a combination of unimodal and transmodal areas, the latter of which are
1052 reinstated for imagined states.
1053

1054  Perception and imagination overlap at the interface between unimodal and transmodal
1055  networks

1056  Ourresults suggest that the perception of scenes and speech involves multiple regions
1057 thatinclude sensory (visual, auditory) areas but also extend into association cortex (Supp.
1058  Fig. S4; Figs. 7 & 8), and therefore cut across the unimodal-transmodal distinction.

1059 Perceiving scenes and speech evoked responses within visual and auditory cortex,

1060 respectively. Scene-viewing-related activity extended from the occipital pole and radiated
1061 along the ventral temporal cortex in a posterior-anterior arc, culminating in what is likely to
1062 bethe parahippocampal place area (Supp. Fig. S4; Kanwisher, 2010). This more anterior
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1063 region overlapped with DN-A in all subjects (Supp. Fig. S4; see also Steel et al., 2025;

1064  Silson et al., 2019a). Speech-listening-related activity extended from auditory areas at or
1065 near Heschl’s gyrus, in the upper bank of the superior temporal sulcus within the sylvian
1066 fissure, and radiated outwards to surrounding lateral temporal cortex regions. These

1067 additional regions overlapped with the LANG network in all subjects (Supp. Fig. S4). Thus,
1068 both perceptual tasks led to activation of unimodal sensory networks (i.e., VIS-P, dATN,
1069 AUD), but also extended to transmodal networks (i.e., DN-A, LANG).

1070

1071 We recently showed that, in these same subjects, the boundaries of the LANG network
1072  along the superior temporal cortex, as mapped using intrinsic functional connectivity (Fig.
1073  4), provide a relatively accurate proxy for the separation between auditory functions (i.e.,
1074  responding to sounds not containing comprehensible language) and transmodal language
1075 functions (i.e., regions responding to both visual and auditory sentences; Salvo, Anderson
1076  etal., 2024). Thus, task-based analysis in these same participants supports that the side-
1077  by-side regions of the intrinsic FC-defined AUD and LANG networks represent the

1078  separation between unimodal and transmodal functions. Thus, listening to speech appears
1079  to activate both unimodal and transmodal regions as one moves away from auditory

1080 cortex. Similar findings have been observed in the scene-viewing literature: the more

1081 anterior regions of inferior parietal, posteromedial and ventral temporal cortex have more
1082 mnemonic roles compared to their adjacent, more posterior, more visual counterparts. The
1083 more posterior regions are more strongly activated by viewing scenes, while the more
1084  anterior parts are more activated by remembering familiar places (Steel et al., 2021). Here,
1085 we show that this distinction between imagined and perceptual processing of scenes
1086 seemsto accord with the boundaries dividing DN-A and vision-related networks dATN and
1087  VIS-P (Fig. 7; Steel et al., 2025). Thus, the interface between transmodal and unimodal
1088 networks appears to hold key value in understanding the relationship between perception
1089 andimagination, both in the visuospatial and audiolinguistic domain.

1090

1091 While we observed activation in early visual regions during perception of scenes, and in
1092  early auditory regions for language perception, we did not see this for imagining. This

1093 omission could be due to the specific instructions given to participants, which directed
1094 them to imagine using broad cues (e.g., imagine a castle on a hill), without specific

1095 instructions as to the lower-level details (e.g., orientation, visual field location, color, tone,
1096 etc.) of the imagined content. Such broad imagining has been shown to solicit high ratings
1097  of subjective vividness, even without lower-level imagined features (Bigelow et al., 2023).
1098 One proposalis that self-generated states that are focused on lower-level features may
1099 more readily reveal activity within unimodal areas that actually encode those features
1100 (Dijkstra, 2024). Thus, our results do not negate the idea that reinstatement of earlier

1101 sensory regions could be a correlate of mental imagery: it is possible that mental imagery
1102  involves the activation of much of the visual or auditory sensory hierarchies, and including
1103 downstream transmodal areas, but earlier stages of those hierarchies were not revealed by
1104  our analyses because lower-level sensory features were not consistent across trials.

1105 Nonetheless, our results suggest that commonly reported self-generated states involving
1106  wholistic, integrated content, such as imagining scenes and speech, are inextricably linked
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1107  tothe activation of large-scale networks (Fig. 5). Further, our results support that activation
1108  of the large-scale networks is directly correlated with participants’ self-reported vividness
1109  of theirimagined content, such that stronger activity in LANG was linked to higher auditory
1110  vividness, and stronger activity in DN-A was linked to higher visual vividness. Thus, our
1111 results refine the idea that the key correlate of mental imagery is reinstatement of sensory
1112  regions: here the clearest activation was found in transmodal association networks, and
1113  theregions that overlapped between imagery and perception were largely confined to

1114  those transmodal networks (Figs. 7 & 8).

1115

1116  Variation across subjects suggests heterogeneity in correlates of inner speech

1117  Our maps of activity related to imagining speech were more variable across subjects than
1118 forimagining scenes. Speech comprehension requires holding words in working memory
1119  and combining these with incoming words which can alter word- and phrase-level meaning
1120 (Lewis et al., 2006). One proposalis that the LANG network represents ‘core’ language
1121 functions required for linking combinations of sensory percepts (e.g., heard or read words)
1122  with their associated meanings according to syntactic rules (Fedorenko et al., 2024).

1123 Imagining hearing someone speak may not elicit the same demands on these

1124  combinatorial/syntactic processes compared to hearing actual speech. For instance, a
1125  participant may focus on the tonal qualities of an imagined voice, rather than imagining
1126  specific, identifiable words being uttered. It could be that the extent to which participants
1127  activated the LANG network during the imagination task reflects the extent to which they
1128 imagined real words and sentences. Neither the Perceptual Speech condition (e.g.,

1129  “Imagine hearing a teacher talk”) nor most prompts from the Inner Speech condition (e.g.,
1130 “Imagine listing the names of fruits”) demanded imagining syntactic combinations of

1131 words, and so may not have targeted the core functions of the language network (the full
1132 list of prompts is provided in the supplementary materials). When we studied the mDES
1133 responses we saw that, while all participants reported greater specific word content for the
1134  two speech categories overall, almost all participants showed multiple speech trials in
1135  which they did not endorse imagining specific words or phrases (Supp. Fig. S7).

1136

1137  Prior work has suggested that spontaneous speech imagery is more likely to lead to

1138  activation of auditory areas, compared to the type of cued imagining used here (Hurlburt et
1139 al., 2016). Some prior work has shown overlap between perceiving and imagining speech in
1140 classic language areas such as the lateral temporal cortex, inferior frontal gyrus, middle
1141 frontal gyrus, and the supplementary motor area (Lu et al., 2023; Stephane et al., 2021; Yao
1142 et al., 2011; Perrone-Bertolotti, 2012; see also Kleber et al., 2007). However, several studies
1143  have suggested that different forms of imagining speech (e.g., imagining articulating versus
1144  hearing speech) are supported by different brain regions (Tian et al., 2016; see also Pratts
1145  etal., 2023; Paulesu et al., 1993). Along this theme, Jackendoff (1996) proposes that inner
1146  speech is primarily auditory and does not involve concepts: the meaning of spoken words
1147  is a separate “conceptual structure” that is unconscious, whereas inner speech is auditory
1148 and conscious. In this framework, inner speech is the phonological structure linked to the
1149  concept (Jackendoff, 2011), and would hence be related to auditory imagery. Others

1150 propose thatinner speech involves a sub-articulatory preparatory motor command that is
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1151 not acted upon (Fernyhough and Borghi, 2023; Pratts et al., 2023). While we did not design
1152  the present study to address this, our comparison of Perceptual Speech and Inner Speech
1153 conditions showed that the Inner Speech condition, where participants reported a higher
1154  incidence of thinking about specific words, in some subjects revealed stronger activity in
1155 regions close to the ventral precentral gyrus at or near regions that control the orofacial
1156  musculature (Supp. Fig. S7; Krubitzer, 2007). The distribution of regions resembled those
1157  revealed by Papoutsi et al. (2009) as being involved in phonetic processing of meaningless
1158  but pronounceable pseudowords, and have previously been implicated in articulatory
1159  and/or phonemic processing (e.g., Krubitzer, 2007; Hickok & Poeppel, 2007; de Heer et al.,
1160 2017). In contrast, in the Perceptual Speech condition, in which participants tended to
1161 report thinking more about Locations and experiencing higher visual vividness, we

1162  observed increased activity in a set of regions that resembled DN-A (Supp. Fig. S7). This
1163 indicated thatimagining hearing someone speak was more often associated with visual
1164  and scene-related mental imagery than using inner speech, and, perhaps accordingly, was
1165  also associated with increased engagement of DN-A.

1166

1167  These factors highlight that variability in the possible forms of imagining speech may be a
1168  factor in the variability we observed here in brain activity. In addition, some of our prompts
1169  targeted inner speech by asking participants to recite names (e.g., “Imagine the names of
1170  US presidents”) or numbers (e.g., “imagine counting up from 5”). These may have led to
1171 different patterns of brain activity, explaining the greater heterogeneity seen for the

1172  imagined speech trials in Fig. 5. We offer the maps in Supp. Fig. S7 as a hypothesis

1173  generating analysis, and note that the maps varied considerably across individuals despite
1174  the aforementioned putative consistencies. Additional research, using different sets of
1175 mDES survey questions, may be able to disentangle correlates of these putatively different
1176  forms of inner speech.

1177

1178  Limitations and technical considerations

1179  Alimitation of the present study is that we were only able to elicit some types of mental
1180 states and phenomenological reports, given the constraints of time in and out of the

1181 scanner. Additional studies could leverage the task used here to elicit a wider variety of
1182 mental states, and to use additional mDES thought probes to investigate other

1183 phenomenological features. Another limitation that our results highlighted is that the
1184  prompts often evoked integrated mental states that were high in both visual and auditory
1185  content (Fig. 1). Some prompts targeting the Sounds condition were able to elicit high
1186  auditory vividness with low visual vividness (e.g., “Imagine a rock song playing on the

1187 radio”), however the majority elicited multimodal imagery. This may reflect that imagined
1188  states are highly integrated, especially when prompted by broad descriptions as used in
1189  the present study. Future studies could devise prompts that better separate auditory

1190 imagery, such as by targeting music.

1191

1192 In conclusion, we show that self-generated mental states are closely related to network-
1193 level activation of large-scale distributed networks that populate association cortex. We
1194  further show that activity in these networks is related to the self-reported vividness of
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1195 visual and auditory imagery. Our results support that brain regions that overlap between
1196 imagination and perception of the same types of content actually fall within transmodal
1197 networks, not unimodal sensory regions, challenging sensory reinstatement as a key
1198 correlate of self-generated mental states.
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