






Figure 2: Univariate activation across the hippocampus and whole brain. (A) Mean beta estimates for each
condition in the whole hippocampus and anterior/posterior subdivisions. (B) Mean beta estimates for each condition
across hippocampal subfields (CA1, CA2/3, DG, subiculum). (C) Group-level whole-brain auditory only versus visual
only contrast. (D) Conjunction analysis identifying regions in which congruent audiovisual activation exceeded both
auditory only and visual only conditions. (E) Whole-brain contrast of congruent versus incongruent audiovisual
conditions. Individual participant data shown as circles. Error bars indicate SEM. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001,
∼ p < 0.05 (uncorrected). Whole-brain maps were TFCE corrected at P < 0.05.
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and visual cortices, respectively (Figure 2C). To assess multisensory facilitation, we performed a conjunctive analysis
of voxels in which activation for the congruent audiovisual condition significantly exceeded both of the unisensory
auditory and visual conditions. This contrast revealed activity in several regions, including STS, posterior STG, angular
gyrus, and insula (Figure 2D). Finally, a contrast between congruent and incongruent audiovisual conditions revealed
greater activation in bilateral medial prefrontal cortex for congruent and in left lateral prefrontal cortex for incongruent
(Figure 2E). Together, these whole-brain effects validate the paradigm by replicating established patterns of unisensory
and multisensory processing in the neocortex. Critically, while these univariate results confirm that the hippocampus is
sensitive to the visual modality, they provide no evidence of sensitivity to the auditory modality or for multisensory
facilitation.

Multivariate representations

We estimated single-trial activity patterns using GLMSingle ([32]) and performed RSA with a leave-one-run-out
cross-validation approach. For a given ROI, we extracted voxel-wise beta coefficients for each movie of a condition in
every run (Figure 3A). On each fold, we correlated the patterns from one held-out run with the average patterns from
the other runs (Figure 3B), yielding a 10 (movie) by 10 (movie) similarity matrix for each condition. All correlation
coefficients were Fisher z-transformed and the similarity matrices were averaged across folds. Diagonal elements
corresponded to within-movie similarity (same movie across runs), while off-diagonal elements reflected between-movie
similarity (different movies across runs). To quantify representational distinctiveness for each condition, we computed
movie-specific pattern similarity (MSPS) as the signed difference between average within-movie and between-movie
similarities (mean of diagonal cells minus mean of off-diagonal cells), with positive values indicating more distinctive
neural representations for individual movie clips. MSPS was computed for each participant and statistical reliability
for auditory, visual, and congruent conditions was calculated against zero (null hypothesis of no diagonal minus
off-diagonal; i.e., that pattern similarity was not movie-specific).

We found reliable MSPS for auditory, visual, and congruent movie clips in a subset of hippocampal ROIs (Figure 3C,D).
Unisensory auditory representations were observed in the whole hippocampus (P = 0.014), anterior hippocampus (P =
0.006), and subiculum (P = 0.038). Unisensory visual representations were observed in the posterior hippocampus
(P = 0.043) and at an uncorrected threshold in the subiculum (P = 0.049, uncorrected). Congruent audiovisual
representations were found in the whole hippocampus (P < 0.001), anterior hippocampus (P = 0.017), posterior
hippocampus (P < 0.001), DG (P = 0.021), and at an uncorrected threshold in the subiculum (P = 0.028,
uncorrected). The posterior hippocampus displayed multisensory facilitation, with enhanced MSPS for congruent
compared to both visual (P = 0.032) and auditory conditions (P = 0.003). The whole hippocampus showed a similar
but non-significant pattern of congruent facilitation relative to the visual condition (P = 0.050). We did not observe a
facilitation effect in the anterior hippocampus nor in any hippocampal subfield (all P > 0.05). The full descriptive
statistics and MTL cortex results are shown in Table S2, Table S3, and Figure S2.

Note that this multivariate analysis could not be performed straightforwardly in the incongruent condition because each
run contained a unique audiovisual combination. We did, however, compare unisensory against incongruent patterns.
While we did not find any significant differences in the hippocampus (Figure S4A-B), we observed a significant
suppression of MSPS for the incongruent relative to unisensory conditions in the PHC (Figure S4C) and at the whole
brain level (Figure S5).

To test whether MSPS was modality-specific or amodal, we cross-correlated the voxelwise patterns for auditory and
visual presentations of the same versus different movies using the cross-validated leave-one-run-out RSA approach
(Figure 4A). Reliable MSPS in this analysis would indicate the existence of movie-specific representations invariant
to sensory modality. The whole hippocampus (P = 0.006) and the anterior hippocampus (P = 0.017) exhibited
significant crossmodal transfer (Figure 4B), whereas the posterior hippocampus did not (P = 0.20). In hippocampal
subfields (Figure 4C)), there was weak evidence of crossmodal transfer that did not survive correction in CA2/3
(P = 0.045, uncorrected) and subiculum (P = 0.030, uncorrected). See full descriptive statistics and crossmodal MTL
cortex results in Table S3 and Figure S3.

The multivariate effects reported above could in principle benefit from memory retrieval, with repeated stimulus
exposure allowing for reinstatement of movie-specific details or mental imagery of the absent modality. If so, we would
expect that the magnitudes of these effects should increase as stimuli are repeated across cross-validation folds. However,
neither multisensory facilitation in the posterior hippocampus (congruent audiovisual > visual MSPS; Spearman’s
ρ = 0.048, P = 0.45) nor crossmodal transfer in the anterior hippocampus (ρ = 0.05, P = 0.41) strengthened with
more stimulus repetition across runs. This lack of correlation suggests that both phenomena were relatively stable and
fails to support a retrieval-based account.
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Figure 3: Movie-specific multivariate representations in the hippocampus. (A) To perform RSA, single-trial beta
estimates were first extracted from a given ROI, generating multivariate activity patterns for each movie presentation.
(B) We computed cross-validated RSA matrices independently for each condition using leave-one-run-out procedures
(congruent audiovisual condition shown). Voxel-wise correlations were computed between movies (green) and within
movies (orange) and averaged across cross-validation folds to construct the RSA matrix (bottom). To quantify
movie-specific pattern similarity (MSPS), we computed the signed difference between mean diagonal (within-movie)
and off-diagonal (between-movie) similarity values. (C) MSPS across conditions for the whole hippocampus (left)
and anterior and posterior subdivisions (right). The posterior hippocampus showed enhanced pattern similarity for
congruent audiovisual stimuli relative to unisensory conditions (grey hatched box). (D) MSPS across conditions
across hippocampal subfields. Individual participant data shown as circles. Error bars indicate SEM. × markers
indicate individual data points outside the plotted y-axis range. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001; ∼ p < 0.05
(uncorrected).
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Figure 4: Crossmodal transfer in the hippocampus. (A) To estimate crossmodal transfer, we extended the cross-
validated RSA approach by computing voxel-wise correlations between auditory only and visual only scene presentations.
Movie-specific pattern similarity across modalities was quantified as the signed difference between same-movie
(diagonal) and different-movie (off-diagonal) correlations. (B) Crossmodal MSPS in the whole hippocampus and
anterior/posterior subdivisions. (C) Crossmodal MSPS across individual hippocampal subfields. Individual participant
data shown as circles; error bars indicate SEM. ∗P < 0.05, ∗∗P < 0.01; ∼ P < 0.05 (uncorrected).

To examine multivariate results beyond the hippocampus, we conducted an exploratory whole-brain searchlight analysis.
In each participant, we applied the cross-validated leave-one-run-out RSA analysis within a cubic searchlight centered
on each brain voxel and assigned the resulting MSPS value to that voxel (Figure 5A). We then assessed reliability across
participants (TFCE corrected, P < 0.05). A contrast between unisensory auditory and visual conditions showed robust
MSPS in auditory and visual cortices, respectively (Figure 5B). Next, we performed a conjunctive contrast to identify
regions in which congruent audiovisual stimuli exceeded both unisensory conditions. This revealed localized MSPS
in canonical multisensory sites, specifically bilateral STS and posterior superior temporal gyrus (pSTG; Figure 5C).
Crossmodal transfer effects at the whole-brain level were similarly robust in STS and pSTG, as well as in higher-order
visual areas and retrosplenial cortex (RSC; Figure 5D).

Discussion

This study focused on the representation of unisensory and multisensory content in the human hippocampus. We
found evidence of auditory and visual coding, multisensory facilitation, and crossmodal transfer along the hippocampal
long axis. Namely, visual processing was facilitated by the presence of a congruent auditory track in the posterior
hippocampus, whereas visual and auditory versions of the same clip shared an abstract representation in the anterior
hippocampus. These findings are consistent with a posterior-to-anterior gradient in the hippocampus from fine-grained
to abstract representations, respectively [26, 27].

Auditory scene representation in the medial temporal lobe

We observed a clear distinction between analytical approaches: univariate analyses detected only visual responses across
the hippocampus, with no activation for auditory stimuli, whereas multivariate pattern analyses revealed representations
of auditory scenes. Specifically, there was significant movie-specific pattern similarity for auditory only stimuli in the
whole hippocampus, anterior hippocampus, and subiculum. This suggests that auditory content can be encoded in
distributed voxel-wise patterns and not readily captured in the mean activity across these voxels, underscoring the need
for multivariate approaches to detect non-visual representations in the hippocampus.

Prior evidence for auditory coding in the human MTL is limited (cf. [33, 34]). Yet, an extensive body of work has
established a role for the hippocampus in visual scene perception [10, 11]. Our findings provide initial evidence that the
hippocampus may additionally support auditory scene perception in the absence of explicit memory demands, consistent
with accounts of domain-general relational coding in the human hippocampus [35, 36]. Testing this hypothesis more
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Figure 5: Whole-brain searchlight RSA results. (A) An exploratory searchlight was applied to estimate multivariate
RSA effects in regions across the whole brain (B) Group-level auditory only versus visual only MSPS contrast. (C)
Conjunctive map showing regions in which congruent audiovisual MSPS exceeded both auditory only and visual only
conditions. (D) Above-baseline crossmodal transfer MSPS. All maps were TFCE corrected at P < 0.05.

directly will require establishing a preference in the hippocampus for auditory scenes over other forms of auditory
stimuli, such as auditory objects or simple acoustic stimuli, extending experiments from the visual modality [16, 37]. It
would further be interesting to test whether the hippocampus is specifically sensitive to the global structure or local
details of auditory scenes, as has been examined in the visual modality [17].

We additionally observed robust auditory coding in PHC — a major input structure to the hippocampus via the
entorhinal cortex. Although traditionally considered a visual region involved in place and scene processing, our findings
align with recent evidence that the PHC responds to spoken descriptions of spatial information and landmarks [33].
Importantly, these effects may reflect crossmodal interactions, as evidenced by stronger visual effects and robust
crossmodal generalization in our data. Nevertheless, these findings suggest a potential role for PHC in representing
auditory “landscapes” that parallels its established function in visual scene processing.

Multisensory facilitation in the posterior hippocampus

We found enhanced movie-specific pattern similarity in the posterior hippocampus for congruent audiovisual stimuli
relative to both unisensory modalities. Notably, pattern similarity was reliably above baseline only for visual and
not auditory stimuli. Incongruent audiovisual stimuli did not show enhanced pattern similarity relative to unisensory
conditions, further supporting the sensitivity of posterior hippocampus to multisensory congruence. We did not observe
multisensory facilitation in the anterior hippocampus or in any individual hippocampal subfields. Together, we interpret
these findings as facilitation of visual processing in the posterior hippocampus when a matching auditory track is
present. This aligns with prior evidence that the posterior hippocampus exhibits stronger connectivity with sensory
cortices and preferential coding of fine-grained visual features [38, 26, 39].

A whole-brain searchlight contrast between congruent audiovisual and unisensory conditions revealed localized effects in
STS and posterior STG. This aligns with an extensive literature implicating these regions in audiovisual integration (e.g.,
[22, 23, 24, 25]). These findings situate the posterior hippocampus within a broader network supporting multisensory
processing, raising questions about the distinct functional roles of these regions. For instance, does audiovisual

8

.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 March 3, 2026. ; https://doi.org/10.64898/2026.03.01.708855doi: bioRxiv preprint 

https://doi.org/10.64898/2026.03.01.708855
http://creativecommons.org/licenses/by-nc-nd/4.0/


facilitation have different consequences for multisensory perception versus memory across these sites? Furthermore,
the functional interaction between the hippocampus and these cortical sites represents an important direction for future
research. The current event-related design precludes a rigorous analysis of the interactions across these regions, which
could be addressed using longer-duration audiovisual stimuli to enable connectivity analyses.

Crossmodal generalization in the anterior hippocampus

Studies of multisensory perception interpret crossmodal transfer as reflecting “equivalence representations,” reflecting
abstracted, modality-invariant contents [40, 41, 42, 43]. The anterior (but not posterior) hippocampus exhibited
crossmodal transfer, such that multivariate patterns belonging to the same scene’s unisensory auditory and visual stimuli
were more similar to each other than to patterns evoked by unisensory stimuli from different scenes. In the visual
modality, the anterior aspects of the hippocampus have been implicated in representing abstract associations as opposed
to perceptual details [38, 27]. Our whole-brain searchlight analysis found crossmodal transfer in the STS, pSTG, as
well as high-level visual areas [44].

It is important to acknowledge that such effects can emerge from a range of shared contents across sensory modalities
[40], including shared semantic content, low-level temporal coherence (e.g., energy fluctuations), or reinstatement
of the absent modality via pattern completion or imagery. The present movie-based paradigm is not well-suited for
adjudicating between these interpretations, but other paradigms that systematically manipulate stimulus features could
be informative in future studies.

Conclusions

Despite decades of research on the human hippocampus, we lack a basic understanding of how this brain structure
processes non-visual perceptual information and integrates across senses. By providing a comprehensive initial account
of how multisensory coding is organized in the human hippocampus, this work provides foundation for bridging across
perception, memory, language, and other domains. A critical next step will be to link these unisensory and multisensory
representations to the formation of episodic memories.

Methods

Participants

Thirty-two young adults with normal or normal-to-corrected vision were recruited from Yale University and the New
Haven communities. Two participants were excluded due to excessive head motion. The remaining participants
comprised our final sample (N = 30; 16 female; mean age = 24.78 years, age range = 18.80–37.53). Although the effect
sizes were unknown preventing a power analysis, this sample size is consistent with, or greater than, other studies of
hippocampal function [45]. All participants provided informed consent and were compensated for their time ($25 per
hour). The study was approved by the Yale University Institutional Review Board.

Stimuli generation

To generate the stimuli, we sourced 12 naturalistic audiovisual movies. Nine movies were from YouTube and three
were from Pexels (https://www.pexels.com). In searching for stimuli, we prioritized movies that varied in content
(animate/inanimate, indoor/outdoor, etc.) and that maximized audiovisual coherence (i.e., the visual and auditory
components were clearly aligned to specific events). Only movies that contained high-fidelity video (1080p or 4K) and
audio (48 kHz) were included. Movies containing legible speech were not considered. The final 12 movies included a
ping-pong game, wolves howling, waves breaking, birds chirping, race cars passing by, and other multisensory scenes
(Figure 1A).

Using Premiere Pro 2024 (Adobe Inc.), we cropped each movie into a 6-s segment. These segments were loudness
normalized to the EBU R128 loudness standard with a target loudness of −23 LUFS. The movies were exported at 1280
x 720 resolution at 30 frames per second, with H.264 video codec and AAC audio codec. The audio was configured as
stereo across all movies at 24 kHz.

From these processed movies, we selected two movies to serve as stimuli for the practice block, while the remaining
10 movies made up the experimental stimuli. To construct the task conditions, we used Premiere Pro to modify the
movies. For the visual only condition, we extracted the video component while removing the audio. For the auditory
only condition, we extracted the audio component while removing the video (Figure 1B). To create the incongruent
condition, we re-paired the audio and visual components from different movies. This resulted in 90 possible incongruent
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stimuli (10 videos × 9 non-matching audio tracks each). For the practice block, we created two incongruent stimuli
using the same mismatching procedure. In total, the experimental stimulus set comprised 120 stimuli: 10 congruent
audiovisual movies (original movies), 10 visual only, 10 auditory only, and 90 incongruent audiovisual movies. The
practice block contained a total of 6 stimuli. Source URLs for all movies and the specific time segments extracted are
available on the OSF project (https://osf.io/jcg8a).

Task design and procedures

The experiment consisted of 9 experimental runs, each containing 40 movie presentations: 10 congruent audiovisual, 10
auditory only, 10 visual only, and 10 incongruent audiovisual. All congruent, auditory only, and visual only stimuli
were presented in every run. For the incongruent condition, each run contained all 10 video components and all 10
audio components, each paired with a mismatched audio or visual track. That is, each video was paired with audio from
a different movie, with pairings varying across runs (e.g., ambulance video paired with ping-pong audio in one block,
with waves audio in another, and so on). This ensured that the visual and auditory content from all movies appeared with
equal frequency in every run while varying the specific incongruent pairings across runs, enabling leave-one-run-out
cross-validation comparable to the other conditions. The order of stimuli in each run was pseudo-randomized by
shuffling trials in each half of the run, ensuring an equal number of stimuli from all conditions in both halves. Finally,
the order of the runs themselves was randomized across participants, to prevent order effects for the incongruent
condition (the runs were all identical for the congruent, auditory only, and visual only conditions). In each run, the
movies were shown sequentially with a jittered ITI (4.5, 6, and 7.5 s; Figure 1B). The onset of each movie was triggered
by the start of a brain volume acquisition to ensure that any timing delays were accounted for and did not accumulate
across the experimental session.

Participants performed a simple cover task while viewing the movies to ensure attention. They were instructed to press
a button with their index finger within 1 s of each movie’s offset (across all conditions). Visual feedback was provided
after each trial, with a red fixation cross indicating an incorrect response (button press during the movie or >1 s after
offset), while a green fixation indicated a correct response. At the end of each run, participants were shown their cover
task accuracy (% correct responses). This paradigm was designed to maintain participants’ attention throughout each
movie while imposing similar task demands across conditions. Participants made all responses on an MRI-compatible
button box.

In the scanner, and prior to the experimental runs, participants passively viewed the 10 movies in their original
audiovisual form to gain familiarity with the auditory and visual components. This pre-exposure intended to reduce
memory demands during the main experiment, consistent with prior work [11]. Participants then completed one practice
run that mirrored the experimental procedures but used the two held-out practice stimuli presented in each format.

Audio delivery procedures

To deliver high-fidelity audio, we applied noise attenuation methods to overcome scanner noise. We used OptoActive
inflatable headphones with active noise cancellation (OptoAcoustics, Mazor, Israel; https://www.optoacoustics.
com), providing approximately 30 dB of noise suppression. Prior to the experimental session, we calibrated the active
noise cancellation system based on the specific noise from the fMRI sequence while the participant was positioned
in the scanner. Participants also wore semi-open earplugs, intended to provide an additional 10 dB of passive noise
attenuation, while preserving stimulus transmission from the headphones. To maintain the spectral fidelity of auditory
stimuli during active noise cancellation, we applied frequency-dependent equalization through the OptoAcoustics
system. Following active noise cancellation calibration, we adjusted the volume level based on participants’ feedback
when listening to an audiovisual clip not included in the experiment. This volume level was held constant throughout
the experimental session.

MRI acquisition

Data were acquired on a Siemens Prisma 3T scanner with a 64-channel volume head coil at BrainWorks in the Wu
Tsai Institute at Yale University. Functional scans were collected using an echo-planar imaging (EPI) sequence with
the following parameters: repetition time (TR) = 1,500 ms; echo time (TE) = 32 ms; 90 axial slices; voxel size = 1.5
× 1.5 × 1.5 mm; flip angle = 64°; multiband factor = 6. We also collected a pair of spin-echo scans with opposite
phase-encoding directions for distortion correction (TR = 11,390 ms; TE = 66 ms). We acquired two anatomical scans: a
high-resolution 3D T1-weighted (T1w) MPRAGE sequence (TR = 2,400 ms; TE = 2.19 ms; voxel size = 1 × 1 × 1 mm;
208 sagittal slices; flip angle = 8°), and a T2-weighted (T2w) turbo spin-echo sequence (TR = 11,170 ms; TE = 93 ms;
54 coronal slices; voxel size = 0.44 × 0.44 × 1.5 mm; distance factor = 20%; flip angle = 150°) positioned perpendicular

10

.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 March 3, 2026. ; https://doi.org/10.64898/2026.03.01.708855doi: bioRxiv preprint 

https://osf.io/jcg8a
https://www.optoacoustics.com
https://www.optoacoustics.com
https://doi.org/10.64898/2026.03.01.708855
http://creativecommons.org/licenses/by-nc-nd/4.0/


to the anterior-posterior axis of the hippocampus to assist with automated segmentation of medial temporal lobe (MTL)
regions of interest (ROIs). These sequence parameters have been used in recent studies of the hippocampus [46, 45].

fMRI preprocessing

fMRI data were preprocessed using fMRIPrep version 23.2.1 [47], based on Nipype 1.8.6 [48]. The T1-weighted
anatomical image was corrected for intensity non-uniformity using N4BiasFieldCorrection [49] distributed with ANTs
2.5.0 [50]. The corrected T1w image was skull-stripped using an implementation of the antsBrainExtraction.sh
workflow. Brain tissue segmentation of cerebrospinal fluid (CSF), white matter (WM), and gray matter (GM) was
performed on the brain-extracted T1w image using FAST in FSL ([51]). Brain surfaces were reconstructed using
recon-all from FreeSurfer 7.3.2 [52]. Volume-based spatial normalization to standard space was performed through
nonlinear registration with antsRegistration (ANTs 2.5.0) to the MNI152 standard template [53].

For each of the nine functional runs, slice-timing correction was applied. Head motion was corrected using mcflirt in
FSL ([54]), and head-motion parameters (six rotation and translation parameters) were estimated for use as nuisance
regressors. Susceptibility distortion correction was performed using a fieldmap-based approach, with field inhomo-
geneities estimated from spin-echo images with opposite phase-encoding directions using topup in FSL [55]. Fieldmaps
were not acquired correctly for the first three participants and so susceptibility distortion correction was not applied in
these cases. The corrected BOLD reference image was co-registered to the T1w reference using bbregister in FreeSurfer,
which implements boundary-based registration [56] with six degrees of freedom.

We excluded trials in which framewise displacement exceeded 1.5 mm on any TR. Runs with more than two excluded
trials were removed entirely, and participants with more than two excluded runs were removed from the dataset. This
procedure resulted in the exclusion of two participants. In the remaining sample (N = 30), one run was excluded from
each of two participants and 20 individual trials total were excluded across all participants.

Defining regions of interest

MTL structures were segmented from each participant’s T1-weighted and T2-weighted anatomical images using the
Automatic Segmentation of Hippocampal Subfields (ASHS; [29]) machine learning toolbox. The ASHS algorithm was
trained on 24 manual segmentations of hippocampal subfields [31, 30]. This procedure generated participant-specific
masks for hippocampal subfields CA1, CA2/3, and dentate gyrus (DG), as well as extrahippocampal MTL regions
including entorhinal cortex (EC), perirhinal cortex (PRC), and parahippocampal cortex (PHC). Anterior and posterior
hippocampal ROIs were manually defined for each participant on their native-space T1w image as the most posterior
coronal slice in which the uncus was visible [26, 28].

Univariate GLM analysis

We constructed event-related general linear models (GLMs) using Nilearn version 0.9.2 [57]. For each participant
and run, we included four condition regressors: auditory only, visual only, congruent audiovisual, and incongruent
audiovisual. Each trial was modeled as a 6-s boxcar function aligned to stimulus onset and convolved with a canonical
hemodynamic response function (HRF) using the Glover model with temporal and dispersion derivatives [58]. Ad-
ditional regressors included six rigid-body motion parameters from fMRIPrep and nuisance regressors derived from
high-variance voxels and high-pass filtering. The GLM was fit using an autoregressive AR(1) noise model with 5 mm
FWHM spatial smoothing applied during estimation.

For ROI analyses, we extracted subject-specific beta estimates from each ROI and averaged across voxels within region.
For whole-brain analyses, subject-level z-statistic maps were transformed from native T1w space to MNI space using
ANTs [50] and non-parametric randomization tests were applied using randomise in FSL ([59]).

Representational similarity analyses

We estimated single-trial activity patterns using GLMSingle [32], which modeled each 6-s movie presentation and
generated regularized beta estimates for each trial and voxel. GLMSingle applied voxel-wise HRF optimization.
Furthermore, using GLMdenoise, this procedure automatically estimated nuisance regressors and executed noise
correction [60]. Finally, regularization was performed to improve the final beta estimates.

For each ROI, we extracted single-trial beta estimates for each voxel, generating a multivariate activity pattern for each
trial. For example, each of the 10 auditory only stimuli was presented once per run across 9 experimental runs, yielding
90 beta patterns for the auditory only condition (assuming no trial exclusions due to motion). Similarly, we obtained
patterns each for the congruent audiovisual, visual only, and incongruent audiovisual conditions (Figure 3A).
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For each condition, we computed a cross-validated representational similarity matrix using leave-one-run-out procedures
(Figure 3B). We iteratively left out one run and correlated it with the average of the remaining eight runs, repeating this
procedure across all cross-validation folds. All correlation coefficients were Fisher z-transformed before averaging
across folds. To quantify pattern distinctiveness for each condition and participant, we computed the difference between
the mean diagonal z-value (within-scene similarity) and the mean off-diagonal z-value (between-scene similarity).
Higher values indicate more distinct multivariate representations for individual movies.

To assess crossmodal transfer, we applied the same RSA procedure but compared patterns between the auditory only
and visual only conditions (Figure 4A). Specifically, we correlated multivariate patterns for the same scene presented
in different modalities (diagonal elements) and for different scenes across modalities (off-diagonal elements). As
before, we computed the difference between mean within-scene similarity (diagonal z-values) and mean between-scene
similarity (off-diagonal z-values) to quantify crossmodal transfer within individual scenes.

Whole-brain searchlight analyses

For exploratory analyses across the whole brain, we performed the cross-validated RSA approach in searchlights
centered on every brain voxel. The searchlight analysis was implemented using BrainIAK (Brain Imaging Analysis
Kit; [61]) and parallelized across voxels using the Message Passing Interface (MPI). For each participant, we swept a
cubic searchlight (radius = 3 voxels) throughout the whole-brain mask. Searchlights were required to contain at least
80% voxels within the participant’s whole-brain mask to be included in the analysis. At each searchlight location, we
performed our RSA procedure for each condition (auditory only, visual only, congruent audiovisual, and incongruent
audiovisual) as well as for crossmodal transfer. We also computed participant-level conjunctive contrast maps to
assess multisensory facilitation (congruent audiovisual greater both unisensory conditions) and the disruptive effect of
audiovisual incongruence (incongruent audiovisual less than mean of unisensory conditions). The resulting correlation
coefficient maps were Fisher z-transformed and aligned into MNI152 standard space using ANTs [50] with linear
interpolation for group-level analysis. Across participants, statistical maps were computed for each condition and
contrast using FSL randomise with threshold-free cluster enhancement (TFCE; [59]).

Statistical analyses

Statistical analyses were conducted in Python (version 3.7.9) using SciPy [62] (version 1.7.3), Statsmodels [63] (version
0.14.1), and custom code. All ROI tests used non-parametric sign-flipping randomization (10,000 iterations) with
α = 0.05. Univariate GLM effects were evaluated using two-tailed tests; RSA-based pattern similarity was evaluated
using one-tailed (greater than) tests given an priori hypotheses of movie-specific representational distinctiveness. Post-
hoc pairwise comparisons between conditions used one-tailed randomization tests on the within-participant differences.
FDR correction for multiple comparisons was applied separately across anatomical divisions of the ROIs: anterior vs.
posterior hippocampus, hippocampal subfields (CA1, CA2/3, DG, and Subiculum), and MTL cortex (PHC, PRC, and
EC). For whole-brain analyses (GLM and RSA searchlight), we used randomise in FSL (10,000 iterations; [59]) with
TFCE correction to generate statistical maps.

Data and code availability

The raw and preprocessed neuroimaging data will be released publicly upon acceptance. The task code is publicly
available at https://github.com/omriraccah/multimem_fMRI_expt. The analysis code is publicly available at
https://github.com/omriraccah/multimem_fMRI_analysis.
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Supplementary Material

Visual Auditory Congruent AV Incongruent AV

Region M (SEM) P M (SEM) P M (SEM) P M (SEM) P

Hippocampus

HPC 0.086 (0.018) <0.001 0.010 (0.019) 0.60 0.083 (0.018) <0.001 0.070 (0.016) <0.001
aHPC 0.088 (0.021) <0.001 –0.004 (0.021) 0.86 0.092 (0.020) <0.001 0.070 (0.019) 0.001
pHPC 0.081 (0.017) <0.001 0.022 (0.018) 0.51 0.073 (0.017) <0.001 0.069 (0.015) <0.001

Hippocampal subfields

CA1 0.052 (0.016) 0.002 0.007 (0.016) 0.69 0.044 (0.015) 0.004 0.038 (0.014) 0.010
CA2/3 0.077 (0.017) <0.001 –0.018 (0.016) 0.53 0.066 (0.017) 0.001 0.053 (0.017) 0.006
DG 0.113 (0.025) <0.001 0.011 (0.024) 0.69 0.112 (0.025) <0.001 0.088 (0.022) 0.001
Subiculum 0.096 (0.022) <0.001 0.030 (0.023) 0.53 0.105 (0.022) <0.001 0.097 (0.022) 0.001

MTL cortex

PHC 0.297 (0.026) <0.001 –0.060 (0.022) 0.025 0.318 (0.026) <0.001 0.303 (0.022) <0.001
PRC 0.062 (0.026) 0.037 –0.036 (0.024) 0.22 0.078 (0.025) 0.005 0.047 (0.026) 0.11
EC 0.039 (0.033) 0.25 –0.031 (0.035) 0.38 0.058 (0.036) 0.12 0.029 (0.037) 0.43

Table S1: Univariate activation relative to baseline. M = mean β coefficient across participants. SEM = standard
error of the mean. P = FDR-corrected statistical significance, bolded if < 0.05.

Figure S1: Univariate activation in MTL cortical ROIs. PHC showed a significant response to the visual only,
congruent audiovisual, and incongruent audiovisual conditions, while displaying a below-baseline response for auditory
only stimuli. PRC showed a significant response to the visual only and congruent audiovisual conditions, as well as a
significant drop for the incongruent condition relative to congruent. EC showed no responses above baseline. Individual
participant data shown as circles. Error bars indicate SEM. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.
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Visual Auditory Congruent AV

Region M (SEM) P M (SEM) P M (SEM) P

Hippocampus

HPC 0.002 (0.001) 0.085 0.003 (0.001) 0.014 0.005 (0.001) <0.001
aHPC 0.000 (0.002) 0.43 0.004 (0.001) 0.006 0.003 (0.001) 0.017
pHPC 0.003 (0.002) 0.043 0.001 (0.001) 0.36 0.007 (0.002) <0.001

Hippocampal subfields

CA1 0.001 (0.002) 0.38 0.002 (0.001) 0.23 0.002 (0.001) 0.065
CA2/3 0.002 (0.002) 0.38 0.002 (0.002) 0.30 0.003 (0.002) 0.065
DG 0.001 (0.002) 0.38 0.000 (0.002) 0.49 0.005 (0.002) 0.021
Subiculum 0.003 (0.002) 0.20 0.006 (0.002) 0.038 0.005 (0.003) 0.056

MTL cortex

PHC 0.045 (0.002) <0.001 0.005 (0.002) 0.005 0.044 (0.003) <0.001
PRC 0.002 (0.002) 0.16 0.002 (0.002) 0.39 0.002 (0.002) 0.19
EC –0.000 (0.003) 0.57 –0.004 (0.003) 0.95 0.003 (0.003) 0.19

Table S2: Multivariate pattern similarity relative to baseline. M = mean movie-specific pattern similarity across
participants. SEM = standard error of the mean. P = FDR-corrected statistical significance, bolded if < 0.05.

Congruent > Visual Congruent > Auditory Crossmodal Transfer

Region ∆M (SEM) P ∆M (SEM) P M (SEM) P

Hippocampus

HPC 0.003 (0.002) 0.050 0.002 (0.002) 0.13 0.002 (0.001) 0.006
aHPC — — — — 0.002 (0.001) 0.017
pHPC 0.003 (0.002) 0.032 0.006 (0.002) 0.003 0.001 (0.001) 0.20

Hippocampal subfields

CA1 0.001 (0.002) 0.29 0.000 (0.002) 0.40 0.000 (0.001) 0.45
CA2/3 0.002 (0.003) 0.29 0.002 (0.003) 0.40 0.003 (0.002) 0.089
DG 0.004 (0.003) 0.25 0.005 (0.002) 0.056 0.002 (0.001) 0.13
Subiculum — — — — 0.002 (0.001) 0.089

MTL cortex

PHC –0.001 (0.002) 0.63 0.039 (0.003) <0.001 0.009 (0.001) <0.001
PRC –0.000 (0.002) 0.63 0.001 (0.003) 0.44 0.001 (0.001) 0.24
EC 0.003 (0.005) 0.63 0.007 (0.004) 0.054 0.003 (0.002) 0.13

Table S3: Multisensory effects. Multivariate evidence for multisensory facilitation (congruent > visual; congruent >
auditory) and crossmodal transfer. (∆)M = (difference in) mean movie-specific pattern similarity across participants.
SEM = standard error of the mean. P = FDR-corrected statistical significance, bolded if < 0.05. Facilitation was tested
only in regions where congruent numerically exceeded both unisensory conditions (— = not tested).
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Figure S2: Multivariate pattern similarity in MTL cortical ROIs. PHC showed movie-specific pattern similarity for
auditory only, visual only, and congruent audiovisual stimuli. There were no significant effects above baseline for PRC
or EC. Individual participant data shown as circles; error bars indicate SEM. ∗∗p < 0.01, ∗∗∗p < 0.001.

Figure S3: Crossmodal transfer in MTL cortical ROIs. PHC showed robust crossmodal transfer, whereas PRC and
EC did not. Individual participant data shown as circles; error bars indicate SEM. ∗∗∗p < 0.001
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Figure S4: Incongruent pattern similarity in the hippocampus. No significant differences were observed between
incongruent and unisensory (average of auditory and visual) MSPS (A) in the whole hippocampus and anterior/posterior
hippocampus, or (B) in hippocampal subfields. (C) PHC showed greater MSPS for unisensory relative to incongruent
conditions, suggesting a catastrophic interaction between non-matching auditory and visual content. There were no
significant differences in PRC or EC. Individual participant data shown as circles; error bars indicate SEM. ∗p < 0.05

Figure S5: Whole-brain searchlight of incongruent pattern similarity. MSPS was significantly reduced for
incongruent relative to unisensory (average of auditory and visual) throughout association cortex, including STS,
posterior STG, angular gyrus, posteromedial cortex, and medial prefrontal cortex. Corrected using TFCE at p < 0.05.
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