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Abstract
When recalling past events, patterns of gaze position and neural activity resemble those observed
during the original experience. We hypothesized that these two phenomena, known as gaze re-
instatement and neural reactivation, are linked through a common process that underlies the
reinstatement of past experiences during memory retrieval. Here, we tested this proposal based
on the viewing and recall of a narrative movie, which we assessed through fMRI, deep learning-
based gaze prediction, and language modeling of spoken recall. In line with key predictions, gaze
behavior adhered to the same principles as neural activity; it was event-specific, robust across
individuals, and generalized across viewing and recall. Additionally, gaze-dependent brain activity
overlapped substantially across tasks. Collectively, these results suggest that retrieval engages
mechanisms that direct our eyes during natural vision, reflecting common constraints within the
functional organization of the nervous system. Moreover, they highlight the importance of con-
sidering behavioral and neural reinstatement together in our understanding of remembering.
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Introduction1

Eyemovements determine the content, spatial organization, and relative timing of all visual impres-2

sions we obtain of our environment. Simultaneously, visual inferences guide our eyes towards be-3

haviorally relevant cues (e.g., when recognizing a face through sequential sampling). Gaze behavior4

is therefore a fundamental component of vision (1–3), with viewing statistics necessarily shaping5

the activity of all visually responsive circuits in the brain (e.g., gaze shifts drive activity fluctuations6

(4)). Even structures typically associated with memory, such as the hippocampus, show retinotopic7

activity modulations (5–9) as well as eye-movement signals (10–14), implying that the connection to8

gaze behavior extends beyond putative boundaries of what is commonly referred to as the visual9

system.10

Importantly, the way neural circuits engage during active vision likely also constrains their involve-11

ment in other tasks, such as recall. This is because a circuit’s activity patterns are inextricably12

tied to its anatomy, which reflects the circuit’s engagement over developmental and evolutionary13

timescales (15, 16). Because this engagement is inherently linked to gaze behavior, the functional14

organization of widespread neural circuits likely embodies how we move through and sample the15

environment during natural vision. As a consequence, many principles invoked for active vision16

should generalize tomemory retrieval and episodic simulation (i.e., phenomenological experiences17

of past, future, or fictitious events in the absence of physical stimuli (17, 18)). These general princi-18

ples should include sequentiality, meaning that items are sampled or retrieved in a sequence, with19

recalled events unfolding over time, as well as the involvement of eye movement-related mecha-20

nisms. Preliminary evidence for the existence of such general principles can be found both on the21

level of behavior and neural activity.22

On the behavioral level, eye movements (19–28) and pupil size (29–31) have been shown to re-23

flect imagery, recall, and recognition when probed with simple, static stimuli. In particular, gaze24

reinstatement describes the observation that gaze patterns during image viewing tend to be re-25

capitulated during retrieval (e.g., for review see (14)). These eye-movement recapitulations have26

been proposed to play a functional role in retrieval, especially because interfering with them im-27

pairs recall and episodic simulation (e.g., (24, 32, 33)). However, to date, it remains unclear whether28

and how gaze reinstatement extends to the recall of more complex and continuous experiences29

spanning longer time scales such as those we make in everyday life. Likewise, on the neural level,30

activity patterns observed during retrieval often resemble those observed during viewing, a phe-31

nomenon termed neural reactivation (also referred to as neural reinstatement, for review see e.g.,32

(18, 34, 35)). Using rich and dynamic stimuli, such asmovies, neural reactivations have been shown33

to be specific to individual events that are recalled, and to be consistent across participants recall-34

ing the same event (see e.g., (36–41)).35

While recent years have seen growing interest in understanding the links between gaze reinstate-36

ment andneural reactivation (see e.g., (21, 29, 42–44)), the relationship between these twophenom-37

ena remains largely elusive. Here, we hypothesize that gaze reinstatement and neural reactivation38

are linked through a common process that underlies the reinstatement of past experiences dur-39

ing memory retrieval. Building on ideas and approaches from work on active vision, we test this40

hypothesis by directly linking patterns in gaze behavior, brain activity, and spoken recall.41
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Results42

To probe the relationship between gaze reinstatement and neural reactivation in a naturalistic set-43

ting, we incorporated camera-based andmagnetic resonance-based eye tracking into the "Sherlock44

MovieWatching Dataset" (36) - the basis of an extensive literature on neural reactivations and their45

role in recall (e.g., (36, 37, 39, 45–48)). In these data, human volunteers viewed and then recalled a46

movie while audio recordings captured spoken recall, and while brain activity was monitored with47

functionalmagnetic resonance imaging (fMRI). By integrating previously unreleased in-scanner eye-48

tracking data with magnetic resonance-based eye tracking (49) and newly acquired camera-based49

data from a desktop setup, we were able to test multiple behavior-informed predictions that were50

previously out of reach.51

First, if gaze reinstatement and neural reactivation are indeed linked through a common process,52

we expect that the two phenomena should not only co-occur in these data, but also share key prop-53

erties such as event-specificity and robustness across participants (Prediction 1). Second, patterns54

in gaze and neural activity should generalize across viewing and recall within the same dataset55

(Prediction 2). Third, eye movements should correlate with brain activity during viewing and recall,56

with gaze-dependent activity overlapping between the two tasks (Prediction 3).57

In the following, we present our study design and the results of testing these predictions in five58

steps. 1) We start by describing the movie-viewing and recall task as well as our empirical mea-59

sures of gaze behavior, neural activity, and spoken recall. 2) We next ensure that both datasets are60

suited for event-specific analyses by showing that participants’ spoken recall followed the event61

structure of the movie (i.e., the content and order of narrative events), as indicated by language62

modeling. 3) In line with our first prediction, we then show that gaze patterns during movie view-63

ing are indeed event-specific and highly consistent across participants, which is largely explained64

by the visual content of the movie. 4) Using a Hidden Markov Model, we then demonstrate that65

this event-specific gaze behavior is reflected in the multi-voxel MRI pattern of the eyes, and that66

these eye voxel patterns generalize across viewing and recall, supporting our second prediction. 5)67

Finally, we link the behavioral and neural domain directly by relating the eye voxel pattern to brain68

activity using deep learning-based gaze predictions. In line with our third prediction, we found69

widespread gaze-dependent modulations of brain activity that overlapped substantially between70

viewing and recall. We conclude by discussing these results in the context of existing theories of71

gaze reinstatement and neural reactivation, and outline a parsimonious theory for their relation-72

ship.73

1) Study design and empirical measures74

The present study features two datasets with independent participants, one acquired inside an75

MRI scanner (Dataset 1, the original "Sherlock Movie Watching Dataset", n=16, (36)), the other one76

acquired on a desktop setup (Dataset 2, n=21). All participants viewed and then verbally recalled77

an episode of the BBC show "Sherlock" (48 minutes of the first episode: "A Study in Pink", split into78

2 acquisition runs, Fig.1A). Participants were instructed to describe the movie for as long as they79

wished, in as much detail as possible, while maintaining the chronological order of events. In both80

datasets, eye-tracking data were collected during movie viewing, as well as audio recordings to81

capture subsequent spoken recall. In addition, Dataset 1 included the fMRI data for which robust82

neural reactivations were already reported earlier (e.g., (36, 37)). For more details, see methods83

and data overview (Fig.1B).84
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Figure 1: Study design and memory perfor-
mance. A) Task design. Participants first
viewed 48 minutes of the BBC show "Sher-
lock" (Task 1) and then recalled it verbally
(Task 2). The movie clip was segmented
into 48 narrative events by an independent
viewer (36). B) Dataset overview. Eye-
tracking data and voice recordings were ac-
quired for two datasets in independent par-
ticipants. In addition, Dataset 1 included
simultaneously acquired fMRI data. Table
shows participant counts for the respec-
tive data types. C) Recall quantification 1:
Summary of the order and duration of the
events in both tasks. Each box represents
an event and is scaled according to the du-
ration in the respective task. Participants
were color-coded within each dataset. D)
Recall quantification 2: Language-model re-
sults of the spoken recall data expressed as
event-by-event sentence-embedding simi-
larity. Matrices show the ranks of Pear-
son correlations between sentence embed-
dings estimated for each event within each
participant, averaged across them. Rank-
ingwas performed after computing the cor-
relations to visually highlight similarities
between matrices (blue to yellow colors
show low to high ranks). Spoken recall was
highly similar between the datasets.

2) Spoken recall follows the event structure of the movie85

To ensure that the movie was recalled accurately and in enough detail for event-specific analyses,86

we analyzed participants’ spoken recall using a languagemodel. To do so, we transcribed the audio87

files to text, followed by manual segmentation into 48 narrative events. These events were previ-88

ously defined by an independent coder and reflected key, separable elements of the narrative (see89

(36) for details). For each narrative event recalled by a participant, we generated its embeddings us-90

ing the sBERT languagemodel (50). These embeddings are numerical representations of sentences91

in a high-dimensional space, allowing for the comparison of sentence meanings. The embeddings92

were then compared with all other recalled events using Pearson correlation.93

We found that the order and duration of recalled events closely matched that of the actual events94

in the movie in both datasets (Fig. 1C), even though the recall tended to be compressed in time95
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(similar to results by (51)). In addition, we observed that the semantic structure of the movie (i.e.,96

the pair-wise similarity in sentence embeddings between all events) replicated remarkably well97

across datasets, and was generally consistent across participants (similar to results by (45)). By98

further comparing these recall results to those obtained for a "ground-truth" description of the99

movie created by an independent participant (Fig. S1, (36)), we found that the events were indeed100

recalled with high accuracy not only in terms of their relative order in the movie, but also in terms101

of their semantic content.102

3) Gaze behavior is event-specific and robust across participants103

Having established that our data were well suited to study event-specific processes such as those104

posited to underlie gaze reinstatement and neural reactivation, we next focused on the eye track-105

ing in both datasets. These data were collected using infra-red camera-based eye trackers and106

denoised prior to analysis (i.e., outlier removal, detrending, and smoothing, see methods). Note107

that in Dataset 1, the eye-tracking data were acquired together with the fMRI data during scanning.108

For each event, we then computed the average saccade rate, amplitude, and duration duringmovie109

viewing, as well as a heatmap of gaze positions averaged across all frames of the respective event.110

These heatmaps were then compared across events using Pearson correlation to obtain similarity111

matrices analogous in structure to those obtained for spoken recall using the language model (Fig.112

1D).113

If gaze reinstatement and neural reactivation are related, gaze patterns in our data should be con-114

sistent across participants and specific to narrative events, like neural activity ((36, 52), prediction 1).115

Visualizing the eye tracking time series indeed revealed a high consistency across participants, both116

across in-scanner and out-of-scanner settings (Fig. 2A). We further confirmed this consistency by117

correlating the time series across participants within each dataset, finding robust rank correlations118

throughout (Dataset 1: rho = 0.53, Dataset 2: rho = 0.63, average across pairwise comparisons be-119

tween participants). In addition, we observed substantial variability in saccade parameters across120

narrative events, and that this variability was shared across the two datasets (Fig. 2B). In other121

words, an event with a high saccade rate in one dataset also exhibited a high saccade rate in the122

other dataset. Finally, the pair-wise correlations in heatmaps across events revealed a similar pat-123

tern of results for both datasets (Fig. 2C).124

While these results demonstrate that gaze patterns during movie viewing are event-specific and125

robust across participants, confirming prediction 1, the pattern of results seemed to differ from126

the semantic similarity estimated for the spoken recall (e.g., based on the visual comparison of127

Fig. 1D and Fig. 2C). This is noteworthy since the events were originally defined based on narrative128

elements of the movie. To better understand the difference between gaze and spoken recall, we129

therefore modeled the saliency of each movie frame using a gaze-prediction model (DeepGaze IIE,130

(53)), and then compared the average saliency across events. A strikingly similar pattern emerged131

as the one observed for the eye-tracking data (Fig. 2C), implying that the event specificity of gaze132

patterns is largely explained by the visual content of the movie, not its narrative content (see Fig.133

2D for direct comparison).134

Importantly, all eye-tracking analyses presented so far were obtained for movie viewing. For recall,135

no eye-tracking data were collected inside theMRI scanner, and acquiring them on a desktop setup136

proved difficult (e.g. participants tended to look away from the screen and outside the range of the137

camera, see "Discussion" section). For all subsequent analyses, we therefore turned from camera-138

based to magnetic resonance-based eye tracking. This approach inherently builds on the fact that139
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the eyeball orientation and movements strongly affect the multi-voxel pattern of the eyes mea-140

sured with MRI (49). Therefore, the eyeball MRI-signal, or MReye signal for short, allows inferring141

gaze related variables even in existing fMRI datasets such as ours (Fig. S2).142

Figure 2: Viewing behavior is event-
specific and consistent across par-
ticipants. A) Group-level gaze exam-
ple. Horizontal gaze position aver-
aged across participants (green line)
with standard deviation (shaded
area) forDataset 1 (left) andDataset
2 (right). Gaze behavior was highly
consistent across participants and
datasets. B) Saccade parameters:
Scatter plots show saccade rate, am-
plitude, and duration for each nar-
rative event averaged across partici-
pants (green dots) for both datasets.
Regression lines added. C) Event-
by-event gaze-map similarity for
Dataset 1 (left) and Dataset 2 (mid-
dle), as well as for model-derived
saliency (53) of the movie stimulus
(right). Matrices show the ranks
of Pearson correlations between
gaze maps obtained for each event.
Ranking was performed after com-
puting the correlations to normal-
ize matrix range (blue to yellow col-
ors show low to high ranks). Sac-
cades and gaze positionswere event
specific and robust across datasets.
D) Event-specific gaze patterns are
highly reliable and explained by
frame-wise saliency, not sentence
embeddings. Scatter plots show the
relationship between the lower di-
agonals of the event-by-event simi-
larity matrices in Fig. 2C and Fig. 1D:
Eye-tracking Dataset 1 vs. 2 (left, r
= 0.73), movie saliency vs. averaged
eye tracking (middle, r = 0.64), aver-
aged sentence embeddings vs. aver-
aged eye tracking (right, r = 0.1). Re-
gression line added.

4) Event-specific gaze patterns are recapitulated during recall143

Using the MReye signal, we next tested whether gaze patterns observed during movie viewing144

were indeed recapitulated during recall. To do so, we employed a Hidden Markov model (HMM)145

approach previously shown to uncover event-specific brain activity and neural reactivation in fMRI146

data (37, 54). Critically, here, we used this approach to model the multi-voxel pattern of the eyes147

rather than of the brain (Fig. 3A), in order to test for evidence of concurrent gaze reinstatement.148

Based on our previous observations (Fig. 1, Fig. 2, Fig. S2), we reasoned that the HMM should in149
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principle be able to learn the event structure of the movie from the eyes as well.150

Figure 3: Eye voxel-based event segmentation reveals evidence for gaze reinstatement. A) Hidden Markov
Model (HMM). We trained a HMM to segment the eye-voxel time series acquired during movie viewing into
discrete events defined by temporally stable multi-voxel patterns. Once trained onmovie viewing, we tested
the model on data acquired during recall. B) Model training. We fit the HMM to the data of half of the partic-
ipants, and tested it on the other half, in order to obtain a cross-validated, log-scaled model fit score (Log L).
Repeating this procedure for a range of specified number of events (10-300) revealed a maximal model fit for
135 events. We therefore fit thefinal HMMwith 135 events to the full participant pool using themovie viewing
data. C) Model vs. human event segmentation. For each of the 48 human-defined event boundaries, we com-
puted the model’s event-transition strength during movie viewing. The average event-transition strength
was higher at human-defined event boundaries compared to a shuffled distribution, which was obtained by
permuting the order of events while keeping their durations constant (n=10000 shuffles). D) Recall analyses.
None of the participants recalled all events. For analyzing recall, we therefore created participant-specific
HMM’s that searched for events that were actually recalled by the respective participant. Fitting these in-
dividualized HMM’s with the correct event order resulted in a higher model fit compared to shuffled event
orders (n=5000 shuffles). These results suggests that event-specific eye-voxel patterns observed duringmovie
viewing were recapitulated (at least partially and in the correct order) during recall.

To test this idea, we extracted the eye voxels using an automated pipeline (49), followed by de-151

noising of the voxel time series through nuisance regression of the head-motion estimates, linear152

detrending, and z-scoring (see methods). We then trained the HMM by fitting it repeatedly to the153

movie-viewing data using a variable number of model events (10-300), similar to earlier reports154

(55), finding that 135 events led to a peak cross-validation performance across two participant sub-155
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pools. We then re-trained themodel on the full participant pool using these 135 events, obtaining a156

highly accurate model capable of recapitulating even human-defined event boundaries in our data157

(z = 2.84, p = 0.005, n=10000 shuffles, Fig. 3C). This successful model training demonstrates that158

it was indeed possible to segment the movie into meaningful events based on the MReye signal159

using the same techniques employed to study event-segmentation processes in the brain (37, 54).160

Importantly, not every participant recalled every event (Fig. 1C). When testing whether gaze pat-161

terns generalize across viewing and recall, we therefore ensured that the trainedHMMonly searched162

for events thatwere actually recalled by the respective participant. To this aim, we createdparticipant-163

specific copies of the trained HMM, and then removed the events that the respective participant164

did not recall from their individualized model (Fig. 3D, left panel). The participant-specific HMMs165

were then fit to the recall data, predicting which event the participant was recalling at every mo-166

ment in time (Fig. 3D, middle panel). In line with the idea that gaze patterns were at least partially167

reinstated, we found thatmodel performance was higher for the correct order of events compared168

to shuffled orders (z = 2.75, p = 0.003, n=5000 shuffles), similar to results obtained for brain activity169

in the same data (37). Note that similar results were observed even without limiting the analyses170

to the events that were recalled (z = 2.04, p = 0.021), or when the model was specifically trained on171

finding 48 events to match the human annotation (z = 2.03, p = 0.021). These control analyses sug-172

gest that the generalizable patterns we found in theMReye signal are robust acrossmodel-training173

schemes.174

5) Gaze-dependent brain activity overlaps between viewing and recall175

The results presented so far provide evidence in support of the first two predictions: Like neural176

activity (36, 37, 52), gaze patterns were robust across participants (Fig. 2A), specific to narrative177

events (Fig. 2BC), and generalizable across viewing and recall (Fig. 3). To test our final prediction178

that the behavioral and neural domain are linked, we additionally related eye-voxel derived gaze179

estimates to the fMRI activity recorded in the brain.180

Our approach centered on decoding gaze-position estimates from the MReye signal using a deep181

learning-based gaze prediction framework (DeepMReye, (49), Fig. S2), and then converting these182

position estimates to eye-movement estimates (i.e., the vector length between subsequent posi-183

tions). Moreover, the same eye-movement index was computed for camera-based eye tracking184

for later comparison (Fig. 4, Fig. S3). This approach resulted in a gaze predictor modeling eye-185

movement amplitude, which was then convolved with the hemodynamic response function, nor-186

malized, and fit to the time series of each brain voxel using mass-univariate general linear models187

(incl. nuisance regression of head-motion parameters).188

We found that the gaze predictor indeed correlated with brain activity in a wide-spread network of189

regions, including much of the occipital and medial parietal lobe, as well as superior and medial190

temporal cortices and the prefrontal cortex (Fig. 4, for volumetric, unthresholded visualization191

see Fig. S3). During movie viewing, camera-based and eye-voxel derived measures led to a highly192

similar pattern of results (Fig. 4A vs. B). However, during recall, only the eye-voxel derived gaze193

predictors were available. Notably, these predictors revealed evidence for gaze-dependent activity194

even during recall in the absence of the movie stimulus (Fig. 4C).195
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Figure 4: Wide-spread gaze-dependent brain activity during movie viewing and recall. All figures show voxel-
wise general linear model results estimated for gaze predictors modeling eye-movement amplitude (i.e., vec-
tor length between gaze positionsmeasured or decoded for subsequent functional volumes). Statisticalmaps
show group-level results of non-parametric, one-tailed, one-sample t-tests performed against zero overlaid
on FreeSurfer’s FSaverage surface. Results are shown at liberal t-thresholds to show the spatial distribution
of effects underlying the pattern in Fig. 5. A) Results obtained for movie viewing using camera-based eye-
tracking data (n=13). BC) Results obtained for movie viewing (B) and recall (C) using MR-based eye-tracking
data (n=16) decoded using DeepMReye (49). Gaze-position changes correlate with brain activity in both tasks.

Importantly, if gaze reinstatement and neural reactivation are related, we expect gaze-dependent196

brain activity to overlap between viewing and recall. We tested this idea by computing a searchlight-197

based local similarity score that compared the (unthresholded and volumetric) statistical group-198

level maps obtained for the two tasks (Fig. S3B vs. C, see methods). In short, we centered a sphere199

with a radius of 3 voxels on each voxel to select local multi-voxel patterns that were then compared200

across tasks using Pearson correlation. The resulting similarity score was then assigned to each201

center voxel.202
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Figure 5: Searchlight-based similarity between viewing and recall. We centered a Xmm sphere on each voxel
to select a local multi-voxel pattern, which was then compared across viewing and recall using Spearman
correlation. This procedure was repeated for all voxels of the brain in volumetric space using unthresholded
versions of the maps shown in Fig. 4B and C. The resulting correlation was assigned to the center voxel, and
the final map was thresholded at r=±0.3 before inflating it to the FSaverage surface.

Using this local-similarity metric, we found evidence for strong and wide-spread overlap in gaze-203

dependent brain activity across viewing and recall (Fig. 5, Fig S4), confirming prediction 3. More-204

over, a striking posterior-to-anterior sign inversion was observed on the cortical surface (Fig. 5).205

Specifically, gaze-dependent activity was highly similar between viewing and recall in occipital and206

parahippocampal cortices, whereas it was highly dissimilar in anterior parietal cortices as well as207

the prefrontal cortex (Fig. 5).208

Note that, for the sake of interpretability, our DeepMReye-derived gaze predictor focused on the209

amplitude of (putative) eye movements, defined as the change in average gaze position across vol-210

umes. However, eye movements may affect the MReye signal even if the average gaze position211

remains unchanged (49). To infer dynamics in gaze behavior more generally, we therefore devel-212

oped an additional, unsupervised approach based on time-varying multi-voxel pattern analysis of213

the eyes (Fig. S4A). Instead of training a model as for the HMM approach (Fig. 3) and DeepMReye214

(Fig. 4), here, a gaze predictor was created simply by computing the Pearson correlation between215

denoised eye-voxel patterns of subsequent volumes. This gaze predictor was then related to brain216

activity as described before (incl. general linearmodel fitting, Fig. 4, and searchlight analyses, Fig. 5,217

see methods). Using this approach, we further confirmed the presence of gaze-dependent activity218

in our data (Fig. S4B-D), finding even stronger and more wide-spread overlap in gaze-dependent219

activity than with our decoding approach.220

Discussion221

The present study tested the hypothesis that neural reactivation and gaze reinstatement are linked222

through a common process underlying the reinstatement of past experiences during memory re-223

trieval. We probed multiple key predictions arising from this hypothesis based on the viewing and224

recall of a narrative movie - by complementing the widely used "Sherlock Movie Watching Dataset"225

(36) with crucial measures of gaze behavior. In support of our predictions, we found that gaze226

patterns during movie viewing were event-specific and consistent across participants, thus adher-227

ing to the same principles as neural activity (36, 52). Moreover, gaze patterns and brain activity228

generalized across viewing and recall simultaneously within our data, with gaze-dependent activ-229

ity overlapping substantially between the two tasks. Collectively, these results provide evidence230

that gaze reinstatement and neural reactivation are indeed deeply related phenomena, and that231

recall of narratives engages the same mechanisms that direct our eyes during natural vision. In232

addition to these conceptual advances, the present work establishes multiple new techniques and233
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resources to leverage existing data for studying gaze-dependent activity with fMRI (see "Code avail-234

ability" and "Data availability").235

Active vision and memory retrieval are mutually constrained236

Most theories of neural reactivation share the core idea that re-expressing neural patterns associ-237

ated with a specific experience reinstates that experience, or at least aspects of it (see e.g., (17, 18)).238

This idea also extends to imagination and dreaming, likely involving the flexible recombination of239

patterns associated with different past experiences. Substantial empirical support for these ideas240

comes from studies demonstrating that the neural substrates engaged in viewing and recall over-241

lap substantially, including reports of event-specific neural reactivation during recall of continuous242

narratives (36, 37, 39, 45–48).243

Our results are in line with these reports and theories, while further suggesting that active vision244

offers a useful and complementary perspective for understanding retrieval. The conceptual start-245

ing point of the present study was the acknowledgement that the functional organization of neural246

circuits constrains their engagement in any and all tasks, and that many regions, including those247

commonly associated with memory (5, 7), are shaped by their engagement during natural vision.248

This engagement naturally involves gaze behavior as all visual impressions depend on it (1–3), as249

evidenced for example by the fact that visual field defects cause adaptive changes in eye move-250

ments (56). Moreover, we should only expect to find evidence for reinstatement of visual details251

that were sampled, not those that were ignored, again demonstrating that considering gaze be-252

havior can greatly inform our understanding of retrieval. Many viewing-related principles should253

therefore generalize to recall and other ’non-visual’ tasks, both on the level of neural activity and254

behavior, as long as task demands are shared (16).255

During natural vision, our eyes move multiple times per second (1–3), each time fixating on a dif-256

ferent aspect of the environment. Given the premise that this dynamic shapes the functional orga-257

nization of neural circuits, and that the same circuits support episodic simulation (17, 18), it seems258

plausible that self-generated experiences follow a similar dynamic as well. For example, when ex-259

periencing our kitchen visually during recall, we may not retrieve a holistic impression of it all at260

once. Instead, we may retrieve individual aspects in quick succession, similar to fixations, dynam-261

ically constructing an experience that resembles viewing. This sequential retrieval would then be262

observable in a broad spectrum of neural sequences (for review, see e.g., (57)), even for continues263

experiences such as those probed here.264

Why are gaze patterns recapitulated during retrieval?265

While activity patterns during recall may be constrained by those expressed during viewing, this266

constraint alone does not explain why gaze patterns themselves are re-expressed during recall.267

Active vision may again provide a useful perspective on this question: given that the underlying268

circuits are adapted to support vision in the context of frequent movements, it is likely that similar269

"sampling" mechanisms are at play when these circuits are engaged in other tasks, such as recall.270

During natural vision, fixations are linked through eye movements, which need to be planned and271

executed based on the current retinal input, with concomitant changes in sensory experience. If272

recall engages similar mechanisms, reactivated activity patterns may likewise naturally trigger eye273

movements, indicating shifts from one retrieved item to another. Our results support this idea,274

for example by showing that gaze and neural patterns adhere to many of the same principles275

(e.g., event specificity, Fig. 2), and that eye-voxel patterns carried information about the movie276

event structure even though recall of visual details was not explicitly instructed (Fig. 3). Moreover,277

modeling eye movements revealed similar anterior vs. posterior distinctions in medial parietal278
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activity (Fig. 5) as modeling scene viewing vs. recall (8), again highlighting the tight relationship279

between a circuit’s task engagement and gaze behavior.280

While speculative, these considerations dovetail well with existing theories of gaze reinstatement.281

Scan-path theory, for instance, posits that the sequence of fixations and saccades is itself encoded,282

and later retrieved, as part of the memory (58). In contrast, rather than being part of the memory283

itself, an alternative theory posits a role of eye movements specifically in the process of retrieval284

(14), reinstating the "encoding context" (i.e., spatial and temporal relationships between recalled285

items independent of the exact scan path). A commonality between these theories and ours is that286

the activity patterns that drive eye movements are considered functionally relevant for memory.287

Conceptualizing gaze reinstatement andneural reactivation as a consequence of shared constraints288

grounded in the functional organization of the nervous system not only provides a parsimonious289

explanation for both phenomena, but also explains why many other seemingly ’non-visual’ tasks290

involve action-related signals and overt behaviors. For example, eyemovements have been shown291

to reflect shifts between items in working-memory tasks (59–61), and the general dynamic of alter-292

nating between processing a perceptual event and shifting to another one, typically referred to as293

attention (62), has been linked extensively to neural activity in brain structures critical for remem-294

bering (for review see e.g., (63)).295

Toward naturalistic studies of memory retrieval296

While earlier work on gaze reinstatement prioritized simple, static stimuli (14, 19–21, 24–26, 64? ),297

we opted for movies and free viewing in favor of higher ecological validity (65). Notably, naturalistic298

studies such as ours face limitations with regards to the inferences about distinct experimental and299

cognitive factors. For example, eye movements have sensory consequences that are largely inex-300

tricable from the motor act itself, and they may correlate with other factors explaining the present301

data (e.g., surprise (66), fluctuations in engagement (46)). Such correlations may also explain why302

gaze behavior predicted brain activity in the superior temporal lobe, likely including auditory cortex303

(Fig. 4).304

While future work may attempt to disentangle these factors, for example through behavioral en-305

coding models (67, 68), we believe such efforts will be limited in their success. For example, these306

approaches implicitly assume that sensory, motor, and mnemonic signals should be fully separa-307

ble on the level of neural activity - an assumption that might not be true for naturalistic paradigms308

such as ours (65, 69), and largely ignores the interconnected and dynamic nature of the brain309

(15, 16, 70, 71).310

These considerations raise an important question: are eye movements a confound in studies on311

the neural underpinnings of memory (11)? From our perspective, the answer is no - depending on312

the inference made. Eye movements are not a confound, but should be considered as an inherent313

part of the mechanism under investigation. Rather than treating them as nuisance, it is therefore314

imperative to consider them when interpreting results, and to characterize their relationship to315

neural activity in any and all tasks (16). In linewith this proposal, gaze patterns during image viewing316

predict later recognition performance (72–75), while restricting fixations impedes neural activity317

and recognition (44, 75). In addition, even without explicit retrieval (i.e., without report), neural318

activity predicts memory-dependent changes in gaze patterns during recognition (76).319

In this context, it is also important to highlight that directed movies are designed to guide the320

viewer’s eyes through the scene, likely explaining the high consistency in participants’ gaze trajec-321

tories we and others observed ((52, 77–79), Fig, 2). This consistency in gaze patterns may also322

have contributed to the replicability of brain activity patterns across participants (36, 80). However,323
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while gaze behavior and brain activity may be idiosyncratic outside the laboratory, the relationship324

between gaze reinstatement and neural reactivation may still be general.325

Advancing the study of gaze-dependent brain activity in fMRI326

In addition to conceptual advances, the present work establishes multiple methods for studying327

gaze reinstatement and gaze-dependent brain activity in existing fMRI datasets (See "Code availabil-328

ity" and "Data availability"). For example, we show that the same techniques that uncover neural329

reactivation in the brain (Fig. 3, (37)) can be used to infer concurrent gaze reinstatement from the330

multi-voxel pattern of the eyes. Moreover, an unsupervised method for inferring gaze dynamics331

from theMRI signal of the eyes is proposed (Fig. S2), complementing earlier approaches (49, 81–84).332

Finally, we present two eye-tracking datasets that complement the widely-used "Sherlock Movie333

Watching Dataset" (36).334

Open questions335

The present study quantified spoken recall in its full richness using language modeling, without336

acquiring specific vividness estimates of mental imagery (Fig. 1D). In principle, the strength of337

gaze reinstatement should correlate with self-reported imagery strength, or the number of de-338

tails retrieved, which has already been shown for more constrained episodic simulation tasks (e.g.,339

(33, 64, 85, 86)). An intriguing open question in this context is whether gaze reinstatement occurs340

in participants that do not report having visual imagery (i.e., aphantasics). Future studies could341

address such questions by systematically varying task demands (16), which have been suggested342

to explain variations in gaze reinstatement across studies and age groups (14).343

Conclusion344

In conclusion, based on the viewing and recall of a narrative movie, we present evidence that gaze345

reinstatement and neural reactivation are deeply related phenomena. Patterns in gaze behavior346

and neural activity were event-specific, robust across participants, and generalized across viewing347

and recall. Gaze-dependent brain activity further overlapped substantially between the two tasks.348

These results suggest that viewing and recall share common constraints grounded in the functional349

organization of the nervous system, and highlight the importance of considering behavioral and350

neural reinstatement together in our understanding of how we remember.351
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Data availability352

The fMRI data (n=16) used in this work were shared by the original authors (36) and can be down-353

loaded from openneuro.org: https://openneuro.org/datasets/ds001132. In addition, we share the two354

corresponding eye-tracking datasets, one acquired inside the MRI together with the fMRI data355

(n=13), and one acquired on a desktop setup (n=23) upon publication of the manuscript. The356

pre-trained weights used to initialize the DeepMReye for MR-based eye tracking, as well as the357

fine-tuned model weights we estimated can be downloaded here: https://osf.io/mrhk9/.358

Code availability359

We will share the code underlying all key analyses written in Python or MatLab upon publication360

of the manuscript. Python code for semantic modeling of spoken recall using sBERT is publically361

available here: https://huggingface.co/sentence-transformers. All code for MR-based eye tracking using362

DeepMReye is publicly available in Python here: https://github.com/DeepMReye/DeepMReye. Python363

code for Hidden Markov modeling of eye voxels, as well as MatLab code for analyzing eye tracking364

data, and for analyzing gaze-dependent brain activity using fMRI is currently being preparing for365

release.366
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Methods382

1) Stimuli and experimental procedure383

Movie-viewing task: Participants watched a 48 minute long segment of the first episode of the384

television show "Sherlock". To allow for a short break, and to reduce the chance of technical prob-385

lems, the clip was cut into two parts, one 23 minutes and one 25 minutes long. Participants were386

instructed to watch the episode in the way they would watch any other TV show at home, and they387

were told that they will need to describe afterwards what they had watched. Note that the origi-388

nal study (36) additionally presented a 30 second cartoon clip at the beginning of the two movie-389

viewing sessions, which was excluded here. The Sherlock video clip itself featured rich auditory and390

visual content that followed an engaging narrative directed for a broad audience. Inside the MRI391

scanner (Dataset 1), the video was presented on a rear-projection screen using an LCD projector392

and subtended 20° horizontally and 11.25° vertically. Sound was presented using MRI compatible393

headphones. On the desktop setup (Dataset 2), the stimuli were presented on a VIEWPixx mon-394

itor and subtended 40.5° horizontally and 22.8° vertically, while the sound was presented using395

stereo closed-back headphones. Both experiments relied on Psychtoolbox in MATLAB for stimulus396

presentation (http://psychtoolbox.org/).397

Recall task: After the two movie-viewing sessions, participants verbally described what they had398

watched while their voice was recorded. We refer to this session as the "Recall session". They were399

instructed to recall as much detail as possible for at least 10 minutes. In the MRI scanner, the400

screen was black with a white central dot during recall (Dataset 1), whereas the screen was dark401

grey without central dot on the Desktop setup (Dataset 2). Participants were not instructed to, and402

did not, maintain fixation during recall. For more details, see (36).403

2) Two datasets404

Two independent datasets were used in this study with a total of 37 participants (see Fig. 1B for405

overview). All participants were healthy volunteers with normal or corrected-to-normal vision, gave406

written consent prior to data collection, andwere compensated for their participation in the respec-407

tive experiment.408

Participants - Dataset 1: Publicly available functional magnetic resonance imaging (fMRI) and409

spoken recall data of 16 participants were downloaded from openneuro.org (https://openneuro.org/410

datasets/ds001132). These data were released as part of an earlier report (36) and comprise a subset411

of originally tested 22 participants (10 assigned female at birth, 12 assignedmale at birth, age range412

18–26, all right-handed and native English speakers). Five participants were excluded from data413

release due to excessive head motion, whereas one was excluded due to missing data. In addition414

to fMRI and spoken recall data, concurrent in-scanner eye tracking data were collected in 13 of415

the remaining 16 participants, which are released with the present article (see "Data availability"416

statement). All participants gave informed consent in accordance with experimental procedures417

approved by the Princeton University Institutional Review Board.418

Participants - Dataset 2: Eye tracking and spoken recall data were acquired on a desktop setup419

in 21 participants (13 assigned female at birth, 8 assigned male at birth, age range 22-59, all right-420

handed and 20 of them native English speakers). All participants gave informed consent prior to421

data acquisition in accordance with the guidelines of the National Institutes of Health (NIH) Insti-422

tutional Review Board (National Institute of Mental Health Clinical Study Protocol NCT00001360,423

93M-0170).424
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3) Spoken recall425

Acquisition - Dataset 1 and 2: DuringMRI scanning, participants’ spoken recall was recorded using426

a customizedMR-compatiblemicrophone (FOMRI II; Optoacoustics Ltd., Dataset 1). On the desktop427

setup, spoken recall was recorded using a commercially available microphone (Blue Snowball USB428

Microphone, Dataset 2).429

Transcription and event segmentation: The audiorecordings were transcribed to text and man-430

ually segmented into 48 narrative events, with event durations ranging between 11 seconds and431

3 minutes. These events were previously defined by an independent coder without knowledge of432

the results or study design, and reflected key, separable elements of the movie based on location,433

time, and overall topic (see (36) for details). This procedure resulted in one text segment per event434

and participant, as well as associated time stamps reflecting the beginning and end of that event.435

Visualizing these time stamps showed that participants tended to recall the events in the right order436

in a time-compressed manner.437

Semantic similarity with SBERT: In addition to visualizing the event time stamps, we quantified438

participants’ spoken recall using a languagemodel inspired by prior work (45). Rather than compar-439

ing events in terms of their recall duration or order, or whether they were recalled or not (as shown440

in Fig. 1C), this approach allowed us to compare events in terms of their semantic content that was441

recalled. To this aim, we estimated sentence embeddings for each of the transcribed text seg-442

ments using a pre-trained version of the language model SBERT (50). These sentence embeddings443

were then compared across events using Pearson correlation in order to obtain event-by-event444

similarity matrices (Fig. 1D). The pre-trained version of SBERT that was used was ’all-mpnet-base-445

v2’, because it had the highest average performance score for general purpose application of all446

pre-trained versions according to sBERT.net.447

Note that SBERT models are limited to a maximum length of the text segment that is to be em-448

bedded (768 tokens), but no participants’ spoken recall ever exceeded this limit (Fig. 1D). However,449

some of the "ground truth" text segments of the individual events did exceed the limit. For that rea-450

son, we split them into subsegments, each of which matching the length of the shortest segment.451

We then compared all subsegments using Pearson correlation, and then averaged the correlations452

within events to obtain the event-by-event similarity matrix shown in Fig S1A.453

4) Camera-based eye tracking454

Acquisition - Dataset 1: During MRI scanning, eye tracking data were collected at 60Hz for 13 of455

the 16 participants using a long-range eye tracking system (iView X MRI-LR). Eye tracking failed in456

one participant due to technical difficulties during scanning, and no data was recorded in two par-457

ticipants despite running eye tracker. Eye tracking data were collected for the two movie-viewing458

scanning sessions, but not for the recall session. The data comprised position estimates that were459

based on pupil- and corneal reflections, the latter of which was discarded due to high noise lev-460

els identified through visual inspection (e.g., strong non-physiological drift and erratic jumps to461

impossible tracking values). In addition to gaze position, the data included pupil size.462

Acquisition - Dataset 2: Eye tracking data were collected on a desktop setup using an Eyelink 1000463

pro eye tracking system. In 12 of the 21 participants, data were acquired at a temporal resolution464

of 500 Hz. The remaining 9 were recorded at 1k Hz and then downsampled to 500Hz before pre-465

processing. These data were collected for both movie viewing and recall, reflecting the position466

estimated based on the combined pupil-corneal reflection (Eyelink default). However, during re-467
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call, participants tended to look away from the screen and outside the calibration range of the eye468

tracker, which rendered a big proportion of the recall data unusable. Therefore, the recall data469

were not considered further.470

Preprocessing: The following steps were identical for both datasets. We denoised the eye tracking471

data by removing blinks in addition to outlier samples deviating more than 2x the mean-absolute-472

deviation (MAD) from the median gaze position. The remaining data were then linearly detrended,473

median centered and smoothed with a 100ms running-average kernel to remove signal drift and474

to further reduce noise.475

Analysis: Multiple eye-tracking analyses were implemented. First, saccades were detected based476

on an eye-velocity threshold (6x MAD from the median velocity) and saccades shorter than 12 ms477

were excluded (87). We then computed the amplitude and duration of each saccade, and averaged478

them across all saccades belonging to the same narrative event. In addition, we computed the the479

total number (n), amplitude (amp), and duration (dur) of saccades for each functional volume.480

To compare events in terms of where participants looked on the screen, we computed 2D his-481

tograms of gaze positions within each event. Each histogram contained 101 x 53 bins to match the482

dimensions of the stimulus. These histograms were normalized within each event and participant483

to sum to unity, smoothed with a 2D-Gaussian kernel with a size of 3 standard deviations, and484

then compared using pair-wise Pearson correlations. This procedure yielded participant-specific485

event-by-event similarity matrices, which were then averaged across participants to obtain one486

matrix per dataset (Fig. 2C). For visualization only, these group-level matrices were ranked (i.e., we487

converted the correlation values in the matrices to ranks), which normalizes the color scale and488

matches it across figures, in order to aid visual comparison.489

Finally, to relate the eye-tracking data to brain activity, we computed a gaze predictor for later490

general-linear-model analysis (see methods section "Linking gaze to brain activity with general lin-491

earmodels"). For each functional MRI volume, we computed the average gaze position, resulting in492

a position time series that was then converted into an eye-movement time series by calculating the493

vector length between positions measured at subsequent volumes. For each of the movie-viewing494

scanning runs, a final gaze predictor was then obtained by padding the eye-movement time series495

with a NaN at the beginning. This gaze predictor was used to obtain the results shown in Fig. 4A.496

For recall, this gaze predictor could not be computed since no eye-tracking data were recorded.497

5) Event-specific gaze patterns: semantic vs. visual content498

Frame-wise saliencywithDeepGaze IIE: Our languagemodel-based analyses of the spoken recall499

(Fig. 1D) as well as our eye-tracking analyses (Fig. 2C) resulted in event-by-event similarity matrices500

that replicated across the two datasets. However, the pattern of results differed across the two501

data types, which surprised us given that the movie was segmented based on its narrative content502

(36). Therefore, to understand the event-specific gaze patterns we observed in more detail, we503

tested whether they could be predicted based on the visual content of the movie, rather than the504

sentence embeddings. We used a pre-trained version of the fixation-prediction model DeepGaze505

IIE (53) to compute the visual saliency of eachmovie frame expressed in the formof a 2Dprobability506

map. To reduce computational cost, we downsampled the movie to 5hz before passing it to the507

model. The resulting saliency maps were then averaged within each event, and then compared508

across events using pair-wise Pearson correlation. This procedure resulted in an event-by-event509

similarity matrix with the same format as the ones obtained for the camera-based eye-tracking510

data (Fig. 2C).511
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Comparing spoken recall, gaze, and saliency: To compare the event-by-event similarity matrices512

obtained for the spoken recall data (Fig. 1D), the eye-tracking data (Fig. 2C, left and middle panel),513

and the frame-wise saliency (Fig. 2C, right panel), we compared the lower diagonals of the respec-514

tive matrices using Pearson correlation. Note that the diagonals themselves were excluded and515

that unranked data was used (i.e., raw, unranked versions of the matrices shown in Fig. 1D and516

Fig. 2C). The results of these comparisons are shown in Figure 2D (Left panel: Eye-tracking Dataset517

1 vs. 2, middle panel: Average of eye-tracking Datasets 1 and 2 vs. Frame-wise saliency estimated518

using DeepGaze IIE, right panel: Average of eye-tracking Datasets 1 and 2 vs. Average of spoken519

recall Datasets 1 and 2).520

6) Functional magnetic resonance imaging521

Acquisition - Dataset 1: Dataset 1 included fMRI data that were acquired on a 3T Siemens Skyra522

using an echo-planar imaging sequence with following parameters: repetition time (TR) = 1500523

ms, echo time (TE) = 28 ms, voxel size = 3.0×3.0×4.0mm, flip angle = 64°, field of view=192×192524

mm. Anatomical images were acquired using a T1-weighted MPRAGE pulse sequence (0.89 mm3525

resolution).526

No fMRI data were collected for Dataset 2.527

Preprocessing: MRI data were preprocessed using fMRIprep 20.2.1 with default settings (88), mak-528

ing use of FreeSurfer 6.0.1, FSL 5.0.9, and ANTs 2.3.3. Structural scans were corrected for intensity529

non-uniformity using the ANTs function N4BiasFieldCorrection. Functional data were head-motion530

corrected by coregistering each image to a BOLD reference image computed by fMRIprep, yielding531

head-motion parameters estimated using FSL’s mcflirt function (i.e., the transformation matrix as532

well as six translation and rotation parameters). These data were then further coregistered to the533

preprocessed structural scan using FreeSurfer’s bbregister function with 6 degrees of freedom, and534

normalized to the Montreal Neurological Institute (MNI) standard space using the ANTs function535

antsRegistration. Using SPM12, these functional data were finally resampled to an isotropic voxel536

resolution of 3x3x3mm.537

7) Probing gaze reinstatement with Hidden Markov Models538

To examine whether the eye-voxel patterns carried information about the event structure of the539

movie in Dataset 1, and to see whether this information generalized across viewing and recall, we540

adapted a Hidden-Markov Model (HMM) approach implemented in the Brain Imaging Analysis Kit541

(BrainIAK, (89)). Note that this data-driven approach has been used successfully earlier for examin-542

ing event-specific neural reactivations in the same dataset (37). Specifically, instead of using brain543

voxels, we tested whether an HMM trained on detecting events in the movie-viewing data was ca-544

pable of identifying these events during recall based on themulti-voxel pattern of the eyes (Fig. 3A).545

Before model training, we denoised the time series of each voxel through nuisance regression of546

the confound time series estimated by fMRIprep (88), and by excluding voxels with an inter-subject547

correlation of 0.1 or lower following by previous reports (37).548

Model training onmovie viewing: In order to find the optimal number of events, we fit the HMM549

repeatedly to themovie-viewing data of half of the participants similar to prior work (55), each time550

testing a different number of events (range: 10-300). We then selected the model that led to the551

highest log-likelihood in the remaining half of the participants (Fig. 3B). Note that the log-likelihood552

is a measure of model performance and expresses how well a given model explains an observed553
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sequence of data. Having established that the optimal number of events was 135 (Fig. 3B), we then554

fit the model again using 135 events to the data of all participants. This final HMM was then used555

for model testing.556

Model test on movie viewing: To test whether the model segmented the movie into meaning-557

ful events that resembled the human annotation (see (36) for details), we examined whether the558

evidence for an event boundary (i.e., the event-transition strength, ETS) was higher at human-559

annotated event boundaries compared to shuffled event boundaries (Fig. 3C, left panel). Specif-560

ically, we extracted the model’s ETS at human-annotated event boundaries, and averaged them561

across events, in order to obtain one ETS score for the entire movie. We then shuffled the human-562

annotated event boundaries in time while keeping the event durations constant (n = 10000 shuf-563

fles), each time computing the score anew. We then converted the actually observed ETS score564

into a Z-score reflecting the score’s relationship to the shuffled distribution (Fig. 3C, right panel). In-565

deed, the actually observed ETS was at the tail end of the shuffled distribution, suggesting that the566

model-derived boundaries were more similar to the human-annotation than what was predicted567

by chance.568

Model test on recall: Having established that theHMMuncoveredmeaningful events in themovie-569

viewing data, we next tested whether it could find evidence for reinstatement of these events in570

the eye-voxel patterns measured during recall (Fig. 3D, left panel). To do so, the HMM trained571

on the movie-viewing data was fit to the recall data, in order to predict which event was recalled572

at every functional volume. Importantly, while the HMM was trained to uncover all events in573

the movie-viewing data, participant’s did not necessarily recall all of these events. In fact, partic-574

ipants differed in which events they recalled (Fig. 1). Before model testing, we therefore created575

participant-specific versions of the trained HMM, each of which featuring only the events the re-576

spective participant recalled. These participant-specific HMMs were then fit to the recall data of577

each respective participant (Fig. 3D, middle panel), and the log-likelihood was computed as mea-578

sure of model performance. Like before, we then expressed the model performance as a Z-score579

relative to a shuffled distribution, which we obtained by re-fitting each HMM repeatedly while shuf-580

fling the event order in the model (n=5000 shuffles). If gaze patterns were reinstated during recall,581

we expected model performance to be higher for the true order of events compared to a random582

order of events, which was indeed the case (Fig. 3D, right panel).583

8) Magnetic resonance-based eye tracking584

During MRI scanning in Dataset 1, camera-based eye-tracking data were recorded during movie585

viewing, but not during recall. Therefore, we used magnetic resonance-based eye tracking to infer586

participants’ gaze behavior from the MRI signal of the eyes in Dataset 1. The following approaches587

were implemented inspired by earlier work (49, 81–84).588

Eye-voxel principal component analysis: To establish that the eye multi-voxel pattern carried589

information about gaze behavior in our data, we first implemented a principal component (PC)590

analysis using the movie-viewing data of each participant (limited to those with camera-based eye-591

tracking). For each of the 13 participants, we estimated 10 PCs using all eye voxels and time points,592

resulting in 10 corresponding PC times courses. To test whether the PCs explain variance in the593

camera-based eye-tracking data, we used multiple linear regression to fit them to a range of gaze594

measures computed for each functional volume: The median horizontal (X) and vertical (Y) gaze595

position, the variance in horizontal (Xvar) and vertical (Yvar) gaze positions, as well as the saccade596

parameters reported above (saccade number, amplitude, duration). Functional volumes for which597
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eye-tracking data were missing were excluded. Indeed, the PCs estimated for eye voxels explained598

substantial amount of variance in these gaze measures, especially gaze position (Fig S2A).599

Decoding gaze position using DeepMReye: We decoded gaze position from the MRI signal of the600

eyes measured at each functional volume using a 3D convolutional neural network (DeepMReye,601

(49), Fig. S2). Using these gaze-position estimates, we then computed putative eye movements602

defined as the change in gaze position across subsequent functional volumes. By padding this eye-603

movement time series with a NaN at the beginning, this procedure resulted in one gaze predictor604

per scanning run similar to the one obtained for camera-based eye tracking (See methods section605

"Camera-based eye tracking"). However, unlike for camera-based eye tracking, this gaze predictor606

could be computed for both movie viewing and recall, with results shown in Fig. 4BC).607

To achieve optimal model performance, we fine-tuned a pre-trained version of DeepMReye using608

the eye tracking data of Dataset 1. We initialized the model using weights that were estimated609

using a combination of guided fixations, smooth pursuit and free viewing data (https://osf.io/23t5v,610

weights: datasets_1to5.h5, (49)), and then fine-tuned these weights for 1 epoch with 5000 steps611

using the Euclidean error betweenmeasured anddecoded gaze position as loss function. Following612

model parameters were used: batch size=8, learning rate = 0.000002, decay=0.03, no dropout, no613

noise. Data augmentations included 3D rotations (5 degrees), 3D translations (5 voxels), and scaling614

(factor=0.2).615

By default, DeepMReye is trained on 10 gaze positions per functional volume (49). For model fine-616

tuning, we therefore created training labels by downsampling the eye-tracking data to 1.5 Hz, and617

then assigning each sample to its corresponding functional volume. If a volume comprised fewer618

than 50 percent valid samples, it was deemed unreliable and was excluded. Note that this proce-619

dure reduced noise, but also increased the number of missing samples per participant. Missing620

samples are expected for eye-tracking data in any case, especially when acquired inside the MRI621

scanner (e.g., calibration is more difficult than on a desktop setup). However, because gaze behav-622

ior was highly robust across participants in our data (Fig. 2), we instead fine-tuned DeepMReye623

using the group-level median gaze path (Fig. S2), not the data of each individual participant. Using624

the group-level median gaze path not only maximized the amount of training data available for625

each participant, but it also allowed us to use the MRI data of all 16 participants for model fine-626

tuning, instead of the 13 participants with camera-based eye tracking. Model performance was627

quantified as the Pearson correlation and Euclidean error between the camera-based group-level628

median gaze path and the decoded gaze path of each individual participant (Fig. S2).629

Time-varying eye-voxel pattern analysis: In addition to the gaze-decoding approach described630

above, we implemented a new approach for inferring changes in gaze behavior based on themulti-631

voxel pattern of the eyes. This approach is unsupervised (i.e., does not require model training) and632

is applicable to any fMRI dataset that comprises the eyes (Fig. S4A). The approach comprises three633

main steps.634

First, we identified eye voxels using the automated eye extraction method implement in DeepM-635

Reye (49). Second, each voxel’s time series was denoised through nuisance regression of the636

head-motion parameters estimated during fMRI preprocessing, followed by linear detrending and637

z-scoring. Third, using these denoised voxel time series, we then computed the Pearson corre-638

lation between the multi-voxel patterns of subsequent volumes based the following logic. If gaze639

behavior was similar between two volumes, their pattern similarity should be high. If gaze behavior640

was dissimilar between volumes, their pattern similarity should be low. Consequently, and in line641

with previous analyses of these data (Fig. S2), the fluctuations in pattern similarity should reflect642
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changes in gaze behavior over time. These resulting pattern-similarity time series (padded with a643

NaN at the beginning) was used as a gaze predictor in later general-linear-model analyses, whose644

results are shown in Fig. S4BC). Unlike for camera-based eye tracking, this gaze predictor could be645

computed for both movie viewing and recall (See methods section "Camera-based eye tracking").646

9) Linking gaze to brain activity with general linear models647

All gaze predictors created using the camera-based and magnetic resonance-based eye-tracking648

techniques were related to brain activity in the same way using SPM12 and Dataset 1. First, they649

were range normalized to vary between 0 and 1 in order to convolve them with the hemodynamic650

response function as implemented in SPM12. The resulting convolved gaze predictor was again651

range normalized and then mean-centered in order to model fluctuations around the mean of the652

voxel time series. Separate general linear models were fit for the different types of gaze predictors653

(i.e., separate models for predictors obtained through camera-based eye tracking, DeepMReye,654

and the time-varying eye-voxel pattern analysis). To reduce noise, the functional MRI data were655

spatially smoothed with 4mm before modeling (matching the voxel size). In addition to the main656

gaze predictors, the GLMs included head-motion parameters estimated during MRI preprocessing657

as well as a column of ones per run that modeled the mean of the time series.658

After GLM fitting, we conducted group-level permutation-based t-tests probing whether the beta659

estimates obtained for the main gaze predictors were significantly greater than zero. These tests660

were conducted using the Statistical Non-Parametric Mapping toolbox (SnPM) within SPM12 using661

the following settings: one-tailed, n = 10000 shuffles, variance smoothing of 6mm. The resulting662

group-level statistical maps were then projected to the FSaverage surface using mri_vol2surf and663

visualized using Freeview as implemented in FreeSurfer 7.3.2.664

Finally, the group-level statistical maps obtained formovie viewing and recall were compared using665

a searchlight-based analysis. We extracted local multi-voxel patterns by centering a 3D sphere with666

a radius of 3 voxels on each voxel, and then compared these patterns across the two tasks using667

Pearson correlations. The resulting local similarity score was then assigned to the center voxel.668

These analyses were conducted in volumetric space using unthresholded data, and their result669

was again inflated to the FSaverage surface usingmri_vol2surf for visualization in Freeview.670
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Supplementary Material885

Figure S1: Language-model results for movie description and spoken recall. AB) Event-by-event similarity
matrices depicting the ranks of Pearson correlations between sentence embeddings estimated for eachevent.
Ranking was performed after computing the correlations to visually highlight similarities between matrices
(blue to yellow colors show low to high ranks). A) Movie description created by an independent participant
(36) while watching the movie. B) Spoken recall averaged across all participants of both datasets.
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Figure S2: Inferring gaze behavior frommulti-voxel patterns of the eyes. A) Principal component analysis. Ten
principal components of the eye-voxel time series were fit to camera-based eye tracking data (i.e., horizontal
(X) and vertical (Y) gaze position, variance in gaze position (Xvar, Yvar), as well as the number (n), average
amplitude (Amp) and duration (Dur) of saccades. The figure shows the variance explained by the eye-voxel
components in the eye-tracking measures. B) DeepMReye group-level results. Pearson correlation and Eu-
clidean distance between the decoded gaze trajectory and the group-level median gaze trajectory (used for
model training and test). AB) Whisker box plots show the median (central line), 25th and 75th percentile
(box), as well as 1.5 x the interquartile range (whiskers). Single-participant data added (green dots). C) Exam-
ple gaze trajectory decoded using DeepMReye shown for 200 functional volumes. We show the group-level
average gaze position (dark green line) and the standard error of themean (SEM, shaded area). Decoded gaze
positions were highly similar across participants. D) Group-level median gaze position for the same 200 vol-
umes as shown in (C). Note the similarities between (C) and (D).

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted October 21, 2024. ; https://doi.org/10.1101/2024.10.19.619187doi: bioRxiv preprint 

https://doi.org/10.1101/2024.10.19.619187
http://creativecommons.org/licenses/by-nc-nd/4.0/


29

Figure S3: Gaze-dependent brain activity visualized without statistical thresholding and in volumentric
space. All figures show voxel-wise general linear model results estimated for gaze predictors modeling
eye-movement amplitude (i.e., vector length between gaze positions measured or decoded for subsequent
functional volumes). Statistical maps show unthresholded group-level results of a non-parametric, one-
tailed, one-sample t-test performed against zero overlaid on the volumetric Colin27 template (coordinates:
X=0,Y=0,Z=0). A) Results obtained formovie viewingusing camera eye tracking, BC) Results obtained formovie
viewing (B) and recall (C) using MR-based eye-tracking data decoded using DeepMReye ((49)). Changes in gaze
position correlate with brain activity in both tasks.
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Figure S4: A newmulti-variate pattern analysis approach to infer gaze behavior from themulti-voxel pattern
of the eyes. A) Analysis logic. Eye voxels are extracted using an automated pipeline (49), followed by denoising
(i.e., exclusion of out-of-eye voxels, nuisance regression of head-motion parameters, linear detrending, and
z-scoring of the voxel time series). The multi-voxel pattern of subsequent functional volumes is then com-
pared using Pearson correlation, resulting in a gaze predictor that captures the fluctuations in eye-pattern
similarity over time. This gaze predictor is then range-normalized between 0 and 1, convolved with the hemo-
dynamic response function, and then again range-normalized, before entering a voxel-wise general linear
model (GLM) analysis together with nuisance regressors (e.g., head-motion parameters). BC) Results of the
GLM analysis revealing wide-spread gaze-dependent brain activity during movie viewing and recall. Statisti-
cal maps show group-level results obtained for the gaze predictor using a non-parametric, one-tailed, one-
sample t-test performed against zero overlaid on FreeSurfer’s FSaverage surface. Results shown for both the
movie viewing (B) and recall (C) task at liberal t-thresholds to visualize the distribution of effects underlying
D. D) Searchlight-based similarity between unthresholded versions of the maps shown in B and C. We cen-
tered a sphere with a radius of 3 voxels on each voxel to select the local multi-voxel pattern, which we then
compared across viewing and recall using Spearman correlation. This procedure was repeated for all voxels
of the brain in volumetric space. The resulting correlationmap was then thresholded at rho=0.3 and rho=-0.3
before inflating it to the FSaverage surface.
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