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ReferencesSummary and Conclusions

Results - Correlation enhances cortical sensory responses.Results - Cortical responses track temporal correlation.

Stimulus, EEG Methods, and TRF Analysis

Introduction and conceptual framework

Neural Index

β

α

β

α

U
na

tt
en

d
A

tt
en

d

Visual Object

Auditory Object

×
Correlation
Detection

Perceptual Binding

Selective
Attention

Visual Object

Auditory Object

×
Correlation
Detection

Selective
Attention

p 
(S

am
e 

Ca
us

e)

MCDcorr

0 12 14 16
0

1

Inputs Temporal Filtering Integration Output

Visual

Auditory

MCDcorr
×

×

×

Stimulus features that correspond to a common event in the 
environment are correlated over time and space. For ex-
ample, mouth movements of a speaker are correlated with 
the amplitude envelope of the accompanying speech. The 
brain uses these correlations to bind these features within 
and across sensory systems which, in the case of multisen-
sory binding, results in enhancements in speech compre-
hension and selective attention in multi-speaker situations. 
Though this much is known, little is known about the under-
lying mechanism by which the brain generates its represen-
tation of that correlation and how it a�ects binding. Based 
on previous �ndings suggesting interactions between mul-
tisensory integration, attention, and binding1-3, we propose 
a framework where temporal correlation is computed by a 
previous described multisensory correlation detector 
(MCD)4 and serves as a sca�old supporting these processes. 
We propose that the attentional system represents temporal 
correlation in alpha activity5 as a means to track potential 
correspondence for selection. When selected, representa-
tions are then bound via beta band activity6.
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Continuous streams (30 s) of auditory (broadband white 
noise) and visual (Gaussian blob) stimuli were amplitude 
modulated by independent arrhythmic signals7,8.

AM signals were constructed in the frequency domain from 
components in the 3-8 Hz range having a �at amplitude 
pro�le and random phases. Brief (500 ms) rhythmic (6 Hz) 
targets were inserted into one or both streams at random 
times during a second block.

By the nature of their independence, auditory and visual 
AM signals had a long-term correlation of ~0 but in the 
short term, correlations computed over time (sliding 
boxcar function) revealed widely varying correlation enve-
lopes that were unique across time windows.

We recorded 128-channel EEG from �fteen participants as they viewed and heard 20 unique audiovisual streams - twice each in two blocks 
(40 trials per block). First, participants passively observed the stimuli. Second, to facilitate engagement with the correlation, participants 
were asked to respond to the occurrence of embedded targets in both streams. Participants performed the task successfully (d’ = 2.95).

EEG data were band pass �ltered (0.5-50 Hz), bad channels were rejected, eye blinks were removed via ICA, missing channels were interpo-
lated. The signal was �ltered again into 4Hz frequency bands centered at 2.5 - 46.5 Hz (if applicable), epoched into trials, averaged across 
repetitions, power computed (if applicable), and normalized using z-score.

EEG was then analyzed using the mTRF toolbox9 and other custom temporal response function scripts.
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Univariate auditory (red) and visual (blue) TRFs were well �t and signi�cantly 
predicted EEG responses above a noise �oor derived from permuting 
shu�ed trials.

Unique auditory and visual topographies revealed that each stimulus repre-
sentation predicted EEG over areas of the scalp consistent with auditory and 
visual generators, respectively.

A multivariate unisensory TRF signi�cantly improved predictions across all 
channels (but especially auditory and visual channels) compared to an addi-
tive model baseline using univariate TRFs (A + V)10, suggesting some form of 
cross-modal interaction in sensory cortices.

Unlike unisensory TRFs, correlation TRFs did not signi�cantly predict raw EEG 
responses across most time-windows (orange). However, TRFs trained to pre-
dict EEG power (brown) did so signi�cantly better than shu�ed trials 
(dashed lines).

Predictions were best using a time-window of 250 ms. However, local peaks 
at 550 ms and 750 ms might warrant further investigation. It is likely that the 
brain tracks a weighted average of multiple time-scales.

Topographies show that the predictions were strong over a large swath of 
scalp electrodes, peaking at occipital locations.

When decomposed into di�erent frequency bands, only alpha and beta 
power signi�cantly encode temporal correlation.

Alpha power encodes correlation independent of task demands whereas 
beta power only encodes correlation when participants are overtly engaged 
with the stimulus (p = 0.042).

Topographies reveal distinct scalp locations encoding correlation in alpha 
(parieto-occipital) and beta (frontal) and suggest a potential suppression of 
alpha activity during engagement, consistent with alpha gating the signal.
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In order to isolate cortical responses to the visual stimulus we removed normalized (z-
score) EEG predictions from the univariate auditory TRF from the original processed EEG re-
esponses. We trained a new univariate visual TRF using this auditory-free EEG

Using this TRF, one-second segments of the visual stimulus feature were used to predict 
corresponding one-second segments of EEG. We then measured the similarity between 
these one-second predictions to the corresponding second of the auditory-free EEG signal. 
We also assessed the temporal correlation between the auditory and visual stimulus fea-
tures for each corresponding second.

A correlation between momentary temporal correlation and visual EEG prediction accu-
racy informs us as to whether the temporal correlation improves (r>0) or disturbs (r<0) uni-
sensory encoding. Correlations were compared to noise �oor (permuting shu�ed seg-
ments and trials)11.

Although the relationship between temporal correlation and visual encoding is small across participants, it is highly reliable and signi�cant 
in pre-de�ned visual channels. Additionally, across those channels this e�ect is signi�canly larger than the noise �oor in 7-9 of 15 partici-
pants, depending on channel (ps = 1.8×10-7, 7.4×10-9, 2.3×10-10, binomial test).

Inspection of the topography of these correlations revealed a peak anterior to visual channels over parietal areas. The e�ect in these chan-
nels was signi�cant in more individual participants (12-14 of 15, depending on channel; ps < 1.1×10-15, binomial test). This peak potentially 
represents higher-order visual processing or and future work will be aimed at determining its functional signi�cance.

•  Audiovisual temporal correlation is tracked at short time scales by cortical responses.
•  Correlation is tracked across di�erent frequency bands depending on attentional engagement.
•  Correlation improves the representation of sensory stimuli over unisensory cortex.

These results are consistent with a model where the attentional system 
continually monitors correlation through alpha activity and engages per-
ceptual binding via beta band activity, highlighting the complex interplay 
between multisensory integration, attention, and binding.
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