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In our multisensory world, we often rely more on auditory information than on visual input for
temporal processing. One typical demonstration of this is that the rate of auditory flutter assimilates
the rate of concurrent visual flicker. To date, however, this auditory dominance effect has largely
been studied using regular auditory rhythms. It thus remains unclear whether irregular rhythms
would have a similar impact on visual temporal processing, what information is extracted from the
auditory sequence that comes to influence visual timing, and how the auditory and visual temporal
rates are integrated together in quantitative terms. We investigated these questions by assessing, and
modeling, the influence of a task-irrelevant auditory sequence on the type of “Ternus apparent
motion”: group motion versus element motion. The type of motion seen critically depends on
the time interval between the two Ternus display frames. We found that an irrelevant auditory
sequence preceding the Ternus display modulates the visual interval, making observers perceive
either more group motion or more element motion. This biasing effect manifests whether the
auditory sequence is regular or irregular, and it is based on a summary statistic extracted from the
sequential intervals: their geometric mean. However, the audiovisual interaction depends on
the discrepancy between the mean auditory and visual intervals: if it becomes too large, no
interaction occurs—which can be quantitatively described by a partial Bayesian integration model.
Overall, our findings reveal a cross-modal perceptual averaging principle that may underlie complex
audiovisual interactions in many everyday dynamic situations.

Keywords: perceptual averaging, auditory timing, visual apparent motion, multisensory interaction,
Bayesian integration

Most stimuli and events in our everyday environments are
multisensory. It is thus no surprise that our brain often combines a
heard sound with a seen stimulus source, even if they are in
conflict. One typical such phenomenon, in a performance we
enjoy, is the ventriloquism effect (Chen & Vroomen, 2013; Occelli,
Bruns, Zampini, & Röder, 2012; Recanzone, 2009; Slutsky &
Recanzone, 2001): we perceive the ventriloquist’s voice as coming
from the mouth of a dummy as if it was the dummy that is

speaking. Of note in the present context, audiovisual integration
has not only been demonstrated in spatial localization, but also in
the temporal domain. In contrast to the dominance of vision in
audiovisual spatial perception, audition dominates temporal pro-
cessing, such as in rhythms and intervals. As an example, think of
how we tend to “auditorize” a conductor’s arm movements coor-
dinating a musical passage, or Morse code flashes emanating from
a naval ship. In fact, neuroscience evidence has revealed that
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information for time estimation is encoded in the primary auditory
cortex for both visual and auditory events (Kanai, Lloyd, Bueti, &
Walsh, 2011). This is consistent with the proposal that the percep-
tual system automatically abstracts temporal structure from rhyth-
mic visual sequences and represents this structure using an audi-
tory code (Guttman, Gilroy, & Blake, 2005).

Another compelling demonstration of how auditory rhythm in-
fluences visual tempo is known as the auditory driving effect
(Boltz, 2017; Gebhard & Mowbray, 1959; Knox, 1945; Shipley,
1964): the phenomenon that variations in auditory flutter rate may
noticeably influence the rate of perceived visual flicker. This
influence, though, is dependent on the disparity between the au-
ditory and visual rates (Recanzone, 2003). Quantitatively, this
influence has been described by a Bayesian model of audiovisual
integration (Roach, Heron, & McGraw, 2006), which assumes that
the brain takes into account prior knowledge about the discrepancy
between the auditory and visual rates in determining the degree of
audiovisual integration. Auditory driving is a robust effect that
generalizes across different types of tasks, including temporal
adjustment and production (Myers, Cotton, & Hilp, 1981) and
perceptual discrimination (Welch, DutionHurt, & Warren, 1986),
and it may even be seen in the effect of one single auditory interval
on a subsequent visual interval (Burr, Della Rocca, & Morrone,
2013).

It should be noted, however, that auditory driving has primarily
been investigated using regular rhythms, the implicit assumption
being that the mean auditory rate influences the mean visual rate.
On the contrary, studies on ensemble coding (Alvarez, 2011;
Ariely, 2001) suggest that perceptual averaging can be rapidly

accomplished even from a set of variant objects or events; for
example, we can quickly estimate the average size of apples in a
supermarket display, or the average tempo of a piece of music.
With regard to the present context, audiovisual integration, it
remains an open question how the average tempo in audition
quantitatively influences the temporal processing of visual
events—an issue that becomes prominent as the mechanisms un-
derlying perceptual averaging processes themselves are still a
matter of debate. There is evidence that the mental scales under-
lying the representation of magnitudes (e.g., visual numerosity and



distinct percepts of visual apparent motion: element or group
motion, where the type of apparent motion is mainly determined
by the visual interstimulus interval (ISIV) between the two display
frames (with other stimulus settings being fixed). Element motion
is typically observed with short ISIV (e.g., of 50 ms), and group
motion with long ISIV (e.g., of 230 ms; see Figure 1A and 1B).
When two beeps are presented in temporal proximity to, or syn-
chronously with, the two visual frames, the beeps can systemati-
cally bias the transition threshold between the two types of visual
apparent motion: either toward element motion (if the auditory
interval, ISIA, is shorter than the visual interval) or toward group
motion (if ISIA is longer than the visual interval; Shi et al., 2010).
Similar temporal ventriloquism effects have also been found with
other tasks, such as temporal order judgments (for a review, see
Chen & Vroomen, 2013). Here, we extended the Ternus temporal
ventriloquism paradigm by presenting a whole sequence of beeps
prior to the Ternus display frames, in addition to the two beeps
paired with Ternus frames (see Figure 1C; recall that previous
studies had presented just the latter two beeps) to examine the
influence of the temporal averaging of auditory intervals on visual
apparent motion.

Experiment 1 was designed, in the first instance, to demonstrate
an auditory driving effect using this new paradigm. In Experiment
2, we went on to examine whether temporal averaging with irreg-
ular auditory sequences would have a similar impact on visual
apparent motion. In Experiment 3, we manipulated the variability
of the auditory sequence to examine for (and quantify) influences
of the variability of the auditory intervals on visual apparent
motion. In Experiment 4, we further determined which types of
temporal averaging statistics, the AM or the GM of the auditory
intervals, influences visual Ternus apparent motion. And Experi-
ment 5 was designed to rule out a potential confound, namely, a
“recency” effect—with the last auditory interval dominating the
Ternus motion percept—in the cross-modal temporal averaging.
Finally, we aimed to identify the computational model that best
describes the cross-modal temporal interaction: mandatory full
Bayesian integration versus partial integration (Ernst & Banks,
2002; Roach et al., 2006).

Materials and Method

Participants

A total of 84 participants (21, 22, 16, 12, 12 in Experiments 1–5;
ages ranging from 18–33 years) took part in the main experiments.
All observers had normal or corrected-to-normal vision and re-
ported normal hearing. The experiments were performed in com-
pliance with the institutional guidelines set by the Academic
Affairs Committee of the Department of Psychology, Peking Uni-
versity (approved protocol of “#Perceptual averaging [2012-03-



ms. There were 40 trials for each level of ISIV, counterbalanced
with left- and rightward apparent motion. The presentation order of
the trials was randomized for each participant. Participants per-
formed a total of 280 trials, divided into four blocks of 70 trials
each. After completing the pretest, the psychometric curve was
fitted to the proportions of group motion responses across the
seven intervals (see the Data Analysis and Modeling section). The
transition threshold, that is, the point of subjective equality (PSE)
at which the participant was equally likely to report the two motion
percepts, was calculated by estimating the ISI at the point on the
fitted curve that corresponded to 50% of group motion reports. The
just noticeable difference (JND), an indicator of the sensitivity of
apparent motion discrimination, was calculated as half of the
difference between the lower (25%) and upper (75%) bounds of
the thresholds from the psychometric curve.

Main experiments. In the main experiments, the procedure of
visual stimulus presentation was the same as in the pretest session,
except that prior to the occurrence of the two Ternus display
frames, an auditory sequence consisting of a variable number of
6–8 beeps was presented (see below for the details of the onset of
the Ternus display frames relative to that of the auditory se-
quence). As in the pretest, the onset of the two visual Ternus
frames (each presented for 30 ms) was accompanied by a (30-ms)
auditory beep (i.e., ISIV



(audio-) visual Ternus apparent motion and for the formal exper-
iments, as well as fitting the corresponding cumulative Gaussian
psychometric functions. Based on the psychometric functions, we
could then estimate the discrimination variability of Ternus appar-
ent motion (i.e., �m) based on the standard deviation of the
cumulative Gaussian function. The parameters of the Bayesian
models (see Bayesian modeling section below) were estimated by
minimizing the prediction errors using the R optim function. Our
raw data, together with the source code of statistical analyses and
Bayesian modeling, are available at the github repository: https://
github.com/msenselab/temporal_averaging.

Results

Experiments 1 and 2: Both Regular and Irregular
Auditory Intervals Alter the Visual Motion Percept

We manipulated the intervals between successive beeps (i.e., the
ISIA prior to the Ternus display) to be either regular or irregular,
but with their AM being either 70 ms shorter, equal to, or 70 ms
longer than the transition threshold (measured in the pretest)

between element- and group-motion reports (for both regular and
irregular ISIA). Auditory sequences with a relatively long mean
auditory interval, as compared with a short interval, were found to
elicit more reports of group motion, as indicated by the smaller
PSEs (Figure 2), for both regular intervals, F(2, 40) � 12.22, p �
.001, �g

2 � 0.112, and irregular intervals, F(2, 42) � 8.25, p �
.001, �g

2 � 0.04. That is, the perceived visual interval (which
determines the ensuing motion percept) was assimilated by the
average of the preceding auditory intervals, regardless of whether
the auditory intervals were regular or irregular. Post hoc Bonfer-
roni comparison tests revealed that this assimilation effect was
mainly driven by the short auditory intervals in both experiments:
ps were 0.001, 0.00001, and 0.57 for the comparisons: 	70 versus
0 ms, 	70 versus 70 ms, and, respectively, 0 versus 70 ms for the
regular intervals; and 0.015, 0.0002, 0.77 for the comparisons of
the irregular intervals (Figure 2C and 2D).

The fact that a crossmodal assimilation effect was obtained even
with irregular auditory sequences suggests that the effect is un-
likely due to temporal expectation, or a general effect of auditory
entrainment (Jones, Moynihan, MacKenzie, & Puente, 2002;
Large & Jones, 1999). In addition, the assimilation effect observed
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Figure 2. The average means of both regular and irregular auditory sequences influence the visual motion
percept. (A) Regular auditory-sequence condition: For a typical participant, mean proportions of group-motion
responses as a function of the probe visual interval (ISIv), and fitted psychometric curves, for auditory sequences
with different (arithmetic) mean intervals relative to the individual transition thresholds; the relative-interval
labels (	70, 0, and 70) denote the three conditions of the mean auditory interval being 70 ms shorter than, equal
to, and 70 ms longer than the pretest transition threshold, respectively. (B) Irregular auditory-sequence condition:
for a typical participant, mean proportions of group-motion responses and fitted psychometric curves. (C) Mean
points of subjective equality (PSEs) as a function of the relative auditory interval for the regular-sequence
condition; error bars represent standard errors of the means. (D) Mean PSEs as a function of the relative auditory
interval for the irregular-sequence condition; error bars represent standard errors of the means. � p � .05.
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is unlikely due to a recency effect. To examine for such an effect,
we split the trials into two categories according to the auditory
interval that just preceded the visual Ternus interval: short and
long preceding intervals with reference to the auditory mean
interval. The length of the immediately preceding interval failed to
produce any significant modulation of apparent visual motion, F(1,
22) � 2.14, p � .15. An account in terms of a recency effect was
further ruled out by a dedicated control experiment that directly
fixed the last auditory interval (see Experiment 5 below).

Furthermore, in the regular condition, the mean JNDs (�SE) for
the three ISIV conditions (34.9 [�3.1], 30.5 [�3.4], and 28.4
[�2.9] ms for the ISIV 70 ms shorter, equal to, and, respectively,
70 ms longer relative to the transition threshold) were larger than
the JND for the threshold (baseline) condition (18.8 [�1.2] ms;
p � .001, p � .002, and p � .033 for the shorter, equal, and longer
conditions vs. the “threshold”), without differing among them-
selves (all ps �0.1). The same held true for the irregular condition:
JNDs of 31.8 (�3.2), p � .001, 30.6 (�2.3), p � .005, and 27.2
(�2.2) ms compared with the baseline 18.6 (�2.1) ms, without
differing among themselves (all ps �0.1). The worsened sensitiv-
ities in the three conditions with auditory beep trains suggest that
the assimilation effect observed here was not attributable to atten-
tional entrainment, as attentional entrainment would have been
expected to enhance the sensitivity.

Experiment 3: Variability of Auditory Intervals
Influences Visual Ternus Apparent Motion

According to quantitative models of multisensory integration
(Ernst & Di Luca, 2011; Shi, Church, & Meck, 2013), the strength
of the assimilation effect would be determined by the variability of
both the auditory intervals and the visual Ternus interval, assuming
that information is integrated from all intervals. According to
optimal full integration, high variance of the auditory sequence
would result in a low auditory weight in audiovisual integration,

leading to a weaker assimilation effect compared with low vari-
ance. To examine for effects of the variance of the auditory
intervals on visual Ternus apparent motion, we directly manipu-
lated the relative standard deviation of the auditory intervals while
fixing their AM. One key property of time perception is that it is
scalar (Church, Meck, & Gibbon, 1994; Gibbon, 1977), that is, the
estimation error increases linearly as the time interval increases,
approximately following Weber’s law. Given this, we used CVs,
that is, the ratio of the standard deviation to the mean, to manip-
ulate standardized variability across multiple auditory intervals.
Specifically, we compared a low CV (0.1) with a high CV (0.3)
condition, with an orthogonal variation of the (arithmetic) mean
auditory interval: 50 ms shorter, equal to, or 50 ms longer than the
predetermined transition threshold.

The main effect of mean interval was significant, F(2, 30) �
11.8, p � .001, �g

2 � 0.078, with long intervals leading to more
reports of group motion (i.e., lower PSEs: mean PSE of 132 � 4.6
ms), short intervals to fewer reports of group motion (i.e., higher
PSEs: mean PSE of 147 � 6.7 ms), and equal intervals to an
intermediate proportion of group-motion reports (mean PSE of
138 � 5.3 ms). Post hoc Bonferroni comparisons revealed this
pattern to be similar to that observed in Experiments 1 and 2:
significant differences between the short and equal intervals (p �
.01) and the short and long intervals (p � .001), but not between
the equal and long intervals (p � .49). Interestingly, the main
effect of CV was significant (though the effect size is small), F(1,
15) � 5.29, p � .05, �g

2 � 0.044, while the interaction between
mean interval and CV was not, F(2, 30) � 0.31, p � .73, �g

2 �
0.0008 (Figure 3). Further examination for a (potentially con-
founding) recency effect, adopting the same comparison as for the
previous experiments, yielded no evidence that the main effects we
obtained are attributable to the length of the auditory interval
immediately preceding the visual interval, F(1, 15) � 0.33, p �
.55.

130140150−70

070Relative mean auditory intervals (ms)PSEs(m s)

CV:0.1
CV:0.3

Figure 3.
Points of subjective equality (PSEs) between element- and group-motion reports for auditory beep

trains with a low and a high coefficient of (auditory-interval) variance (CV, 0.1 or 0.3), as a function of the
(arithmetic) mean auditory interval (50 ms shorter, equal to, or 50 ms longer than the pretest transition threshold).This document is copyrighted by the American Psychological Association or one of its allied publishers.
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These results are interesting in two respects. First, according to
mandatory, full Bayesian integration (see the Bayesian Modeling
section below for details), auditory-interval variability should af-
fect the weights of the crossmodal temporal integration (Buus,
1999; Shi et al., 2013), with greater variance lessening the influ-
ence of the average auditory interval. Accordingly, the slopes of
the fitted lines in Figure 2 would be expected to be flatter under the
high compared with the low CV condition, yielding an interaction
between mean interval and CV. The fact that this interaction was
nonsignificant suggests that the ensemble mean of the auditory
intervals is not fully integrated with the visual interval (we will
return to this point in the Bayesian Modeling section). Second, the
downward shift of the PSEs in the low, compared with the high,
CV condition indicates that the perceived auditory mean interval
(that influences the audio-visual integration) is actually not the
AM that we manipulated. An alternative account of this shift may
derive from the fact that the auditory sequences with higher CV
have a lower GM than the sequences with low variance, that is: the
perceived ensemble mean is likely geometrically encoded. Exper-
iment 4 was designed to address this (potential) confound by
directly comparing the effects of ensemble coding based on the
GM versus the AM.

Experiment 4: Perceptual Averaging of Auditory
Intervals Assimilates the Visual Interval Toward the
GM Rather Than the AM

In Experiment 4, we compared three types of auditory sequence
in our audiovisual Ternus apparent motion paradigm: a baseline
sequence, an AriM sequence, and a GeoM sequence. The PSEs
were 136 (�5.46), 148 (�6.17), and 136 (�6.2) ms for the AriM,

the GeoM, and the baseline conditions, respectively, F(2, 22) �
8.81, p � .05, �g

2 � 0.08 (Figure 4). Bonferroni-corrected com-
parisons revealed the transition threshold to be significantly larger
for the GeoM compared with the baseline condition, p � .01,
whereas there was no difference between the AriM and the base-
line condition, p � 1. This pattern indicates that ensemble coding
of the auditory interval assimilates the visual interval toward the
GM rather than the AM.

Experiment 5: Auditory Sequences With the Last
Interval Fixed

In Experiments 1–3, we split the data according to the last
interval (i.e., the interval preceding the visual Ternus display) of
the auditory sequence into two categories (short vs. long), which
failed to reveal any influence of the last interval. In Experiment 5,
we formally manipulated the last interval by fixing it at the
respective transition threshold for the short and long auditory
sequences (i.e., sequences with the smaller and, respectively,
larger GMs). Figure 5 depicts the responses of a typical participant
from Experiment 5. The PSEs were 153.1 (�7.3) and, respec-
tively, 137.9 (�9.1) for the short and long conditions, respectively,
t(11) � 3.640, p � .01. That is, reports of element motion were
more dominant in the short than in the long condition, replicating
the findings of the previous experiments. In other words, it was the
mean auditory interval, rather than the last interval (prior to the
Ternus frames), that assimilated visual Ternus apparent motion.
Given this, the audiovisual interactions we found here are unlikely
to be attributable to a recency effect.

0 2 0 0 0 2 2 5 0 2 5 0
0 2 7 5
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Bayesian Modeling

To account for the above findings, we implemented, and com-
pared, two variants of Bayesian integration models: mandatory full
Bayesian integration and partial Bayesian integration. If the
ensemble-coded auditory-interval mean (A) and the audiovisual
Ternus display interval (M) are fully integrated according to the
maximum likelihood estimation (MLE) principle (Ernst & Banks,
2002), and both are normally distributed (e.g., fluctuating due to
internal Gaussian noise)—that is: A � N�Ia, �a�, M � N�Im, �m� —the
expected optimally integrated audio-visual interval, which yields min-
imum variability, can be predicted as follows:

Îfull �wIa � (1 �w)Im, (1)

where w � �1⁄�a
2� ⁄�1⁄�a

2 � 1⁄�m
2 � is the weight of the averaged

auditory interval, which is proportional to its reliability. Note that
full optimal integration is typically observed when the two “cues”
are close to each other, but it breaks down when their discrepancy
becomes too large (Körding et al., 2007; Parise, Spence, & Ernst,
2012; Roach et al., 2006). In our study, the Ternus interval and the
mean auditory interval could differ substantially on some trials
(e.g., visual interval of 50 ms paired with mean auditory interval of
210 ms). Given this, a more appropriate model would need to take
a “discrepancy” prior and the causal structure (Körding et al.,
2007) of audio-visual temporal integration into consideration.
Thus, similar to Roach et al. (2006), here we assume that the
probability of full integration Pam depends on the discrepancy
between the mean auditory and Ternus intervals:

Pam � e�(Ia�Im)2⁄�am
2

, (2)

where �am
2 is the variance of the sensory measures of the discrep-

ancy between the ensemble mean of the auditory intervals and the
visual interval. Pam will vary from trial to trial, depending on the
discrepancy between the mean auditory interval and the visual
interval. Thus, a more general, partial integration model would
predict:

Îav � PamÎfull � (1 � Pam)Iv. (3)

Combined with Equation 1, Equation 3 can be simplified as
follows:

Îav � (1 �wPam)Iv �wPamIa. (4)

To compare the full-integration and partial-integration models,
we took into account the data from those of our experiments that
manipulated the auditory-interval regularity and variability (Experi-
ments 1–3; we excluded Experiments 4 and 5, as these did not include
a baseline task of Ternus apparent-motion perception; see the Mate-
rials and Method section). Given that the baseline task provided an
estimate of �m, there is one parameter—�a—for the full-integration
model and two parameters—�a and �am—for the partial-integration
model, which require parameter fitting. This was carried out using the
optimization algorithm L-BFGS in R (see our source code at https://
github.com/msenselab/temporal_averaging). We assessed the good-
ness of the resulting fits by means of coefficients of determination
(R2) and Bayesian information criteria (BIC). The BIC and R2 scores
are presented in Table 1. As can be seen, the BIC differences between
the partial- and full-integration models are large for all experiments,
clearly favoring the partial-integration model (Kass & Raftery, 1995).
The R2 values also confirm this finding.

To visualize how well the partial-integration model predicts
behavioral performance, we calculated the predicted mean re-
sponses based on the partial-integration model for individual vi-
sual ISIs across all experimental conditions. Figure 6 illustrates the
predictions, indicated by curves, together with the observed mean
responses, indicated by shape points. As can be seen, the predicted
mean responses are within one standard error of the observed mean
responses (see Figure 6).

The key difference between the full- and partial-integration
models is that the latter takes the probability of cross-modal
integration into account; accordingly, the weight of the auditory
ensemble intervals (i.e., wPam) depends on the difference between
the ensemble mean of the auditory intervals and the visual interval.
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Figure 5. Mean proportions of group-motion responses from a typical
participant as a function of the probe visual interstimulus interval (ISIv),
and fitted psychometric curves, for the two geometric mean conditions: the
“short” sequence (with the smaller geometric mean) and the “long” se-
quence (with the larger geometric mean).

Table 1
Model Comparison Using BIC and R2 for the Partial- and
Full-Integration Model

Experiments

Partial
integration Full integration

BIC R2 BIC R2 
BIC

Irregular 	1,859 .86 	1,392 .63 467
Regular 	1,932 .91 	1,772 .88 160
Variance 	2,894 .91 	2,878 .91 16

Note. The differential Bayesian information criterion (BIC) scores re-
vealed the partial-integration model to outperform the full-integration
model across all experiments (very strong evidence in all experiments:

BIC �10). The absolute values of bold type are the differences between
BIC scores by partial-integration model and BIC scores by full-integration
model.
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This can be seen in Figure 7, which illustrates the dynamic changes
of the auditory weights across the various audio-visual interval
discrepancy conditions. All three experiments exhibit a similar
pattern: weights are at their peak when the visual interval and the
auditory mean intervals are close to each other. For example, the
peaks for the relative intervals of 0 ms (i.e., the auditory mean
intervals were set to the individual visual thresholds) are around
140 ms, close to the mean visual transition threshold (134.6 ms for
regular and 135.3 ms for irregular sequences, and 139.0 ms for low
and 144.8 ms for high variance). For relative intervals of 70 ms,
the peaks are shifted rightward; and for relative intervals of 	70
ms, they are shifted leftward.

Based on the responses predicted by the partial-integration
model, we further calculated the predicted PSEs. Figure 8
shows a linear relation between the observed and predicted
PSEs for all experiments. Linear regression revealed a signifi-
cant linear correlation, with a slope of 0.978 and an adjusted R2.
The full-integration model, by contrast, produced flat psycho-
metric curves for 6% of the individual conditions in Experi-
ments 1 and 2 (due to the weight of the mean auditory interval
approaching 1), which yielded unreliable estimates of the cor-
responding PSEs. This led to lower predictive power compared

with the partial-integration model, as evidenced by the BIC and
R2 scores (see Table 1). Thus, taken together, the partial-
integration model can well explain the behavioral data that we
observed.

General Discussion

Using an audiovisual Ternus apparent motion paradigm, we
conducted five experiments on audiovisual temporal integration
with regular and irregular auditory sequences presented prior to
the (audio-) visual Ternus display. We found that perceptual
averaging of both regular (Experiment 1) and irregular auditory
sequences (Experiments 2 and 3) greatly influenced the timing
of the subsequent visual interval, as expressed in systematic
changes of the transition threshold in visual Ternus apparent
motion: longer mean auditory intervals elicited more reports of
group motion, whereas shorter mean intervals gave rise to
dominant element motion. In Experiment 4, we further found
that the GM of the auditory intervals can explain the audiovi-
sual interaction better than the AM. Further (post hoc) analyses
and a purpose-designed experiment (Experiment 5) effectively
ruled out an explanation of these findings in terms of a recencylow var high varregular irregular50 100 150 20050 100 150 200

0.00 0.25 0.50 0.75 1.00

0.00 0.25 0.50 0.75 1.00
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rop. of group m
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−70070−5050 Figure 6.Mean behavioral responses (proportion of group-motion reports, indicated by shape points) and responses predicted by the partial-integration model (indicated by curves) as a function of the visual interstimu- lus interval (ISIv) of the Ternus display, separately for auditory sequences with different (arithmetic) mean intervals relative to the individual transition thresholds. The relative-interval labels (	70,	50, 0, 50, and 70 ms)denote the magnitude of the difference between the mean auditory interval and the transition threshold. Error bars denote standard errors of means (�SEM).This document is copyrighted by the American Psychological Association or one of its allied publishers. This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.9TEMPORAL RATE AVERAGING AND CROSSMODAL INTEGRATION



effect, that is, a dominant influence of the last interval prior to
the Ternus frames. Using a Bayesian integration approach, we
showed that the behavioral responses are best predicted by partial-
cue integration, rather than by full integration. Thus, our results
reveal the processing—in particular, the temporal averaging—of a
train of beeps that forms the background context of the visual task
to play a critical role in crossmodal temporal integration, even
when participants are asked to ignore the auditory stimuli.

Perceptual Averaging and Crossmodal Temporal Rate
Interaction

Extracting key statistical information from sets of objects or
events in our environment would provide us with a perceptual

strategy to cope with limitations in attentional and working mem-
ory capacity (Allik, Toom, Raidvee, Averin, & Kreegipuu, 2014;
Chetverikov, Campana, & Kristjánsson, 2016)—given that we can
have conscious access to only very few items from the total
amount of information received by our senses at any one time (e.g.,
Bundesen, Habekost, & Kyllingsbaek, 2005; Cohen, Dennett, &
Kanwisher, 2016; Cowan, 2001; Marois & Ivanoff, 2005). In this
situation, perceptual averaging would endow us with an efficient
and, in evolutionary terms, competitive solution to overcome
bandwidth limitations (McClelland & Bayne, 2016), thus consti-
tuting one of the underlying computational principles for selecting
appropriate actions to achieve our current behavioral goals.
Clearly, timing is fundamental for dynamic perception, and there-
fore unlikely to be an exception with regard to perceptual averag-
ing (Hardy & Buonomano, 2016; McDermott & Simoncelli, 2011).
For instance, when listening to a piece of music, we can immedi-
ately tell the average tempo, even though the individual “notes”
may not be well remembered. And when watching a field of
runners in a competition, we immediately know whether it is a
slow or a fast race overall.

Research on the audiovisual interaction in (cross-modal) event
timing has shown auditory rate to have a pronounced influence on
visual rate perception (Recanzone, 2003, 2009; Roach et al., 2006;
Shipley, 1964). The visual temporal rate is often assimilated to the
auditory rate, due to the higher temporal resolution of audition
compared with vision. Of note, however, the extant studies have
used only regular temporal sequences, thus leaving it an open
question whether the mechanism underlying the assimilation effect
is perceptual averaging, temporal entrainment, or a recency effect
from the latest auditory interval. On this background, the present
study examined how irregular auditory sequences influence visual
interval timing—measured in terms of the transition threshold of
Ternus apparent motion—and showed that it is the temporal av-
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eraging of the auditory sequence (regardless of its regularity) that
exerted a great influence on the visual interval.

Temporal Averaging and Geometric Encoding

The present results indicate that the GM well encapsulates the
summary statistics of the temporal structure hidden in a complex
multisensory stream (Hanson, Heron, & Whitaker, 2008; Heron,
Roach, Hanson, McGraw, & Whitaker, 2012). Previous work on
numerosity had already suggested that the mental scales underly-
ing the representation of visual numerosity and temporal magni-
tudes are best characterized as being nonlinear, as opposed to
linear, in nature (Dehaene, 2003; Dehaene et al., 2008; Nieder &
Miller, 2003, 2004; Rips, 2013). For example, adults from the
Mundurucu, an Amazonian indigenous tribe with a limited number
lexicon, map numerical quantities onto space in a logarithmic
fashion (Dehaene et al., 2008; but see Cicchini, Arrighi, Cecchetti,
Giusti, & Burr, 2012). A seminal study by Allan and Gibbon also
showed that temporal bisection coincided with the GM of the two
reference durations (Allan & Gibbon, 1991). Our findings reveal
that extraction of the GM also underlies temporal averaging—and
this might well be a principle shared by a broad range of mecha-
nisms coding magnitude in perception (Walsh, 2003).

Partial Integration in Cross-Modal Temporal
Processing

Research on multisensory integration has shown that the
“proximity” and “similarity” of the spatiotemporal structure of
multisensory signals—technically, their cross-correlation in
time (and space)—is critical for inferring an underlying com-
mon source to both signal streams (Parise & Ernst, 2016; Parise
et al., 2012). Accordingly, highly correlated audiovisual events
are likely perceived as arising from a single, multisensory
source. Roach and colleagues (2006) quantified this for audio-
visual rate perception by introducing a disparity prior, that is,
their model assumes that the strength of cross-modal temporal
integration is dependent on the disparity between the auditory
and visual temporal rates.

In the present study, by comparing two variants of Bayesian
integration models, full and partial integration, our findings also
quantitatively elucidate the way in which geometric averaging of
the preceding, task-irrelevant auditory intervals assimilates the
subsequent, perceived visual interval between the Ternus display
frames. The modeling results indicate that the ensemble mean of
the auditory intervals only partially integrates with the visual
interval, dependent on the time disparity between the two: when
the mean of the auditory intervals is close to the visual interval,
they are optimally integrated according to the MLE principle; in
contrast, if the ensemble mean deviates grossly from the visual
interval, partial integration, based on the cross-modal disparity,
provides a superior account of the behavioral data to mandatory,
full integration. However, in contrast to full integration, partial
integration requires participants to take both the mean statistics
and the cross-modal disparity into account. This is consistent with
a large body of literature on temporal contextual modulation,
within the broader framework of Bayesian optimization (Jazayeri
& Shadlen, 2010; Roach, McGraw, Whitaker, & Heron, 2017; Shi
et al., 2013), where prior information (e.g., history information or
a discrepancy prior) is incorporated in multisensory integration.

Perceptual Averaging and Temporal Entrainment

One important question to be considered is whether the assim-
ilation effect induced by perceptual averaging can be distin-
guished, at root, from attentional entrainment. In the typical audi-
tory entrainment paradigm, the rhythm itself is irrelevant with
respect to the visual target events that are to be detected (or
discriminated), though temporal expectations induced by the
rhythm influence attentional selection of the target (Lakatos, Kar-
mos, Mehta, Ulbert, & Schroeder, 2008). Rhythmically (i.e., with
temporal attention) anticipated target events are detected or dis-
criminated more rapidly than early or late events that are out of
phase with the peaks of the attentional modulation induced by the
entrainment (Ronconi & Melcher, 2017). Irregular rhythms, by
contrast, have been shown to disrupt temporal attention, as evi-
denced by reduced benefits for responding to the target events
(Miller, Carlson, & McAuley, 2013). Importantly, in the present
study, both regular and irregular auditory sequences did reduce
(rather than enhance) the sensitivity of discriminating Ternus
apparent (i.e., element vs. group) motion, as evidenced by the
increased JNDs. In contrast, the averaged temporal intervals,
whether these formed a regular or irregular series, were automat-
ically integrated with the subsequent visual interval, as expressed
in the systematic biasing of the reported visual motion percepts.
This “dissociation” implies that the assimilation effects demon-
strated here reflect a genuine, automatic perceptual averaging
mechanism that operates independently of attentional entrainment
processes.

Irrelevant Context in Multisensory Perceptual
Averaging

One might ask why the brain would at all take into account
entirely task-irrelevant contexts—such as, in the present study,
the (mean of the) intervals of an irrelevant auditory se-
quence—in multisensory integration. As revealed by our exper-
iments, the discrimination sensitivity for visual apparent motion
became actually worse and the motion percept became biased
by including the irrelevant auditory sequence. Note, however,
that, in the real world, there are normally strong associations
and correlations in the multisensory inputs—so that drawing on
this additional information often increases the reliability of
perceptual estimates. For example, the rhythmic sound pattern
produced by a train moving along the track would help us
improve our estimation of the train’s speed, given that the
tempo of the track sound is linearly correlated with the speed of
the train. Indeed, convergent evidence suggests that multisen-
sory integration can reduce the uncertainty of the final estimates
in many situations (Ernst & Banks, 2002; Ernst & Di Luca,
2011). However, integrating multiple sources of information
that deviates from the currently relevant information may en-
gender unwanted biases. Such contextual modulations have
been reported in various forms. For example, when performing
a series of time estimations, observers’ judgment of a given
interval is biased toward the intervals that they just experienced
(Jazayeri & Shadlen, 2010)—which is known as a central-
tendency effect (Petzschner, Glasauer, & Stephan, 2015; Shi &
Burr, 2016; Shi et al., 2013). A similar contextual modulation is
also at work in the so-called time-shrinking illusion, in which
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the percept of the last auditory interval is assimilated by the
preceding intervals (Nakajima, ten Hoopen, Hilkhuysen, &
Sasaki, 1992; Nakajima et al., 2004), as well as in audiovisual
interval judgments when auditory and visual intervals are pre-
sented sequentially (Burr et al., 2013). The present study dem-
onstrated that such an audiovisual integration still occurs even
when participants are explicitly told to ignore the (task-
irrelevant) auditory sequence, suggesting that processes of top-
down control cannot fully shield visual motion perception from
audiovisual temporal integration.

Conclusion

It has long been known that auditory flutter drives visual
flicker (Shipley, 1964)—a typical phenomenon of audiovisual
temporal interaction with regular auditory sequences. Here, in
five experiments, we demonstrated that irregular auditory se-
quences also capture temporal processing of subsequently pre-
sented visual (target) events, measured in terms of the biasing
of Ternus apparent motion. Importantly, it is the geometric
averaging of the auditory intervals that assimilates the visual
interval between the two visual Ternus display frames, thereby
influencing decisions on perceived visual motion. Further work
is required to examine whether the principles of geometric
averaging and partial cross-modal integration demonstrated
here (for an audiovisual dynamic perception scenario) general-
ize to other perceptual mechanisms underlying magnitude esti-
mation in multisensory integration.

Context of the Research

Perceptual averaging of sensory properties, such as the mean
number, size, and spatial layout of objects in a scene, has been
documented extensively in the visuospatial domain. It allows us
to capture our environment at a glance, in summary terms—
overcoming attentional and working memory capacity limita-
tions. This phenomenon prompted us to ask whether and, if so,
how processes of perceptual averaging may also be applied in
the temporal domain, specifically in (cross-modal) scenarios
involving multiple interacting sensory systems. Thus, we de-
signed a paradigm combining a task-irrelevant temporal se-
quence of auditory events with task-relevant Ternus apparent
motion—a phenomenon where we see two aligned dots either
move together (e.g., to the left or right) or only one dot
“jumping” across the other (apparently stationary) dot. What we
see (group vs. element motion) is critically influenced by the
temporal interval between the two Ternus display frames. What
we found is that the irrelevant auditory sequence preceding the
visual Ternus display alters the visual interval, thus biasing
observers to see either more group motion or more element
motion, depending on the GM of the preceding auditory inter-
vals. This interaction depends on the discrepancy between the
(mean) auditory and the visual interval: if the discrepancy
becomes too large, no interaction occurs. Conceptually, the
finding of temporal averaging over a sequence of auditory
intervals and its subsequent influence on the visual interval
makes a connection to the psychophysically well-established
central-tendency effect, in which the prior sampled distribu-
tion— here: of the auditory intervals—assimilates the esti-

mate— here: the visual interval. Although we have provided a
formal (partial Bayesian integration) description of this cross-
modal assimilation effect, further purpose-designed research is
required to provide a complete picture of underlying, interact-
ing neural mechanisms.

References

Allan, L. G., & Gibbon, J. (1991). Human bisection at the geometric mean.
Learning and Motivation, 22, 39–58. http://dx.doi.org/10.1016/0023-
9690(91)90016-2

Allik, J., Toom, M., Raidvee, A., Averin, K., & Kreegipuu, K. (2014).
Obligatory averaging in mean size perception. Vision Research, 101,
34–40. http://dx.doi.org/10.1016/j.visres.2014.05.003

Alvarez, G. A. (2011). Representing multiple objects as an ensemble
enhances visual cognition. Trends in Cognitive Sciences, 15, 122–131.
http://dx.doi.org/10.1016/j.tics.2011.01.003

Ariely, D. (2001). Seeing sets: Representation by statistical properties.
Psychological Science, 12, 157–162. http://dx.doi.org/10.1111/1467-
9280.00327

http://dx.doi.org/10.1016/0023-9690%2891%2990016-2
http://dx.doi.org/10.1016/0023-9690%2891%2990016-2
http://dx.doi.org/10.1016/j.visres.2014.05.003
http://dx.doi.org/10.1016/j.tics.2011.01.003
http://dx.doi.org/10.1111/1467-9280.00327
http://dx.doi.org/10.1111/1467-9280.00327
http://dx.doi.org/10.1525/mp.2017.35.1.77
http://dx.doi.org/10.1163/156856897X00357
http://dx.doi.org/10.1037/0033-295X.112.2.291
http://dx.doi.org/10.1007/s00221-013-3632-z
http://dx.doi.org/10.1007/s00221-013-3632-z
http://dx.doi.org/10.1121/1.426859
http://dx.doi.org/10.3758/s13414-013-0475-4
http://dx.doi.org/10.1016/j.cognition.2016.04.018
http://dx.doi.org/10.1016/j.cognition.2016.04.018
http://dx.doi.org/10.1037/0097-7403.20.2.135
http://dx.doi.org/10.1037/0097-7403.20.2.135
http://dx.doi.org/10.1523/JNEUROSCI.3411-11.2012
http://dx.doi.org/10.1523/JNEUROSCI.3411-11.2012
http://dx.doi.org/10.1016/j.tics.2016.03.006
http://dx.doi.org/10.1017/S0140525X0161392X
http://dx.doi.org/10.1017/S0140525X0161392X
http://dx.doi.org/10.1126/science.1156540
http://dx.doi.org/10.1126/science.1156540
http://dx.doi.org/10.1038/415429a


Ernst, M., & Di Luca, M. (2011). Multisensory perception: From integra-
tion to remapping. In J. Trommershäuser (Ed.), Sensory cue integration
(pp. 225–250). New York, NY: Oxford University Press.

Gebhard, J. W., & Mowbray, G. H. (1959). On discriminating the rate of
visual flicker and auditory flutter. The American Journal of Psychology,
72, 521–529. http://dx.doi.org/10.2307/1419493

Gibbon, J. (1977). Scalar expectancy theory and Weber’s law in animal
timing. Psychological Review, 84, 279–325. http://dx.doi.org/10.1037/
0033-295X.84.3.279

Guttman, S. E., Gilroy, L. A., & Blake, R. (2005). Hearing what the eyes
see: Auditory encoding of visual temporal sequences. Psychological
Science, 16, 228 –235. http://dx.doi.org/10.1111/j.0956-7976.2005
.00808.x

Hanson, J. V., Heron, J., & Whitaker, D. (2008). Recalibration of perceived
time across sensory modalities. Experimental Brain Research, 185,
347–352. http://dx.doi.org/10.1007/s00221-008-1282-3

Hardy, N. F., & Buonomano, D. V. (2016). Neurocomputational models of
interval and pattern timing. Current Opinion in Behavioral Sciences, 8,
250–257. http://dx.doi.org/10.1016/j.cobeha.2016.01.012

Heron, J., Roach, N. W., Hanson, J. V., McGraw, P. V., & Whitaker, D.
(2012). Audiovisual time perception is spatially specific. Experimental
Brain Research, 218, 477–485. http://dx.doi.org/10.1007/s00221-012-
3038-3

Jazayeri, M., & Shadlen, M. N. (2010). Temporal context calibrates inter-
val timing. Nature Neuroscience, 13, 1020–1026. http://dx.doi.org/10
.1038/nn.2590

Jones, M. R., Moynihan, H., MacKenzie, N., & Puente, J. (2002). Tem-
poral aspects of stimulus-driven attending in dynamic arrays. Psycho-
logical Science, 13, 313–319. http://dx.doi.org/10.1111/1467-9280
.00458

Kanai, R., Lloyd, H., Bueti, D., & Walsh, V. (2011). Modality-independent
role of the primary auditory cortex in time estimation. Experimental
Brain Research, 9, 465– 471. http://dx.doi.org/10.1007/s00221-011-
2577-3

Kass, R. E., & Raftery, A. E. (1995). Bayes factors. Journal of the
American Statistical Association, 90, 773–795. http://dx.doi.org/10
.1080/01621459.1995.10476572

Knox, G. W. (1945). Investigations of flicker and fusion. IV. The effects of
auditory flicker on the pronouncedness of visual flickers. Journal of
General Psychology, 33, 145–154. http://dx.doi.org/10.1080/00221309
.1945.10544501

Körding, K. P., Beierholm, U., Ma, W. J., Quartz, S., Tenenbaum, J. B., &
Shams, L. (2007). Causal inference in multisensory perception. PLoS
ONE, 2, e943. http://dx.doi.org/10.1371/journal.pone.0000943

Lakatos, P., Karmos, G., Mehta, A. D., Ulbert, I., & Schroeder, C. E.
(2008). Entrainment of neuronal oscillations as a mechanism of atten-
tional selection. Science, 320, 110 –113. http://dx.doi.org/10.1126/
science.1154735

Large, E. W., & Jones, M. R. (1999). The dynamics of attending: How
people track time-varying events. Psychological Review, 106, 119–159.
http://dx.doi.org/10.1037/0033-295X.106.1.119

Linares, D., & López-Moliner, J. (2016). quickpsy: An R package to fit
psychometric functions for multiple groups. The R Journal, 8, 122–131.

Marois, R., & Ivanoff, J. (2005). Capacity limits of information processing
in the brain. Trends in Cognitive Sciences, 9, 296–305. http://dx.doi.org/
10.1016/j.tics.2005.04.010

McClelland, T., & Bayne, T. (2016). Ensemble coding and two concep-
tions of perceptual sparsity. Trends in Cognitive Sciences, 20, 641–642.
http://dx.doi.org/10.1016/j.tics.2016.06.008

McDermott, J. H., & Simoncelli, E. P. (2011). Sound texture perception via
statistics of the auditory periphery: Evidence from sound synthesis.
Neuron, 71, 926–940. http://dx.doi.org/10.1016/j.neuron.2011.06.032

Miller, J. E., Carlson, L. A., & McAuley, J. D. (2013). When what you hear
influences when you see: Listening to an auditory rhythm influences the

temporal allocation of visual attention. Psychological Science, 24, 11–
18. http://dx.doi.org/10.1177/0956797612446707

Myers, A. K., Cotton, B., & Hilp, H. A. (1981). Matching the rate of
concurrent tone bursts and light flashes as a function of flash surround
luminance. Perception & Psychophysics, 30, 33–38. http://dx.doi.org/10
.3758/BF03206134

Nakajima, Y., ten Hoopen, G., Hilkhuysen, G., & Sasaki, T. (1992).
Time-shrinking: A discontinuity in the perception of auditory temporal
patterns. Perception & Psychophysics, 51, 504–507. http://dx.doi.org/
10.3758/BF03211646

Nakajima, Y., ten Hoopen, G., Sasaki, T., Yamamoto, K., Kadota, M.,
Simons, M., & Suetomi, D. (2004). Time-shrinking: The process of
unilateral temporal assimilation. Perception, 33, 1061–1079. http://dx
.doi.org/10.1068/p5061

Nieder, A., & Miller, E. K. (2003). Coding of cognitive magnitude:
Compressed scaling of numerical information in the primate prefrontal
cortex. Neuron, 37, 149 –157. http://dx.doi.org/10.1016/S0896-
6273(02)01144-3

Nieder, A., & Miller, E. K. (2004). A parieto-frontal network for visual
numerical information in the monkey. Proceedings of the National
Academy of Sciences of the United States of America, 101, 7457–7462.
http://dx.doi.org/10.1073/pnas.0402239101

Occelli, V., Bruns, P., Zampini, M., & Röder, B. (2012). Audiotactile
integration is reduced in congenital blindness in a spatial ventriloquism
task. Neuropsychologia, 50, 36 – 43. http://dx.doi.org/10.1016/j
.neuropsychologia.2011.10.019

Parise, C. V., & Ernst, M. O. (2016). Correlation detection as a general
mechanism for multisensory integration. Nature Communications, 7,
11543. http://dx.doi.org/10.1038/ncomms11543

Parise, C. V., Spence, C., & Ernst, M. O. (2012). When correlation implies
causation in multisensory integration. Current Biology, 22, 46–49.
http://dx.doi.org/10.1016/j.cub.2011.11.039

Petzschner, F. H., Glasauer, S., & Stephan, K. E. (2015). A Bayesian
perspective on magnitude estimation. Trends in Cognitive Sciences, 19,
285–293. http://dx.doi.org/10.1016/j.tics.2015.03.002

Recanzone, G. H. (2003). Auditory influences on visual temporal rate
perception. Journal of Neurophysiology, 89, 1078–1093. http://dx.doi
.org/10.1152/jn.00706.2002

Recanzone, G. H. (2009). Interactions of auditory and visual stimuli in
space and time. Hearing Research, 258, 89–99. http://dx.doi.org/10
.1016/j.heares.2009.04.009

Rips, L. J. (2013). How many is a zillion? Sources of number distortion.
Journal of Experimental Psychology: Learning, Memory, and Cogni-
tion, 39, 1257–1264. http://dx.doi.org/10.1037/a0031143

Roach, N. W., Heron, J., & McGraw, P. V. (2006). Resolving multisensory
conflict: A strategy for balancing the costs and benefits of audio-visual
integration. Proceedings Biological Sciences, 273, 2159–2168. http://dx
.doi.org/10.1098/rspb.2006.3578

Roach, N. W., McGraw, P. V., Whitaker, D. J., & Heron, J. (2017).
Generalization of prior information for rapid Bayesian time estimation.
Proceedings of the National Academy of Sciences of the United States of
America, 114, 412–417. http://dx.doi.org/10.1073/pnas.1610706114

Ronconi, L., & Melcher, D. (2017). The role of oscillatory phase in
determining the temporal organization of perception: Evidence from
sensory entrainment. The Journal of Neuroscience, 37, 10636–10644.

Shi, Z., & Burr, D. (2016). Predictive coding of multisensory timing.
Current Opinion in Behavioral Sciences, 8, 200–206. http://dx.doi.org/
10.1016/j.cobeha.2016.02.014

Shi, Z., Chen, L., & Müller, H. J. (2010). Auditory temporal modulation of
the visual Ternus effect: The influence of time interval. Experimental
Brain Research, 203, 723–735. http://dx.doi.org/10.1007/s00221-010-
2286-3

T
hi

s
do

cu
m

en
t

is
co

py
ri

gh
te

d
by

th
e

A
m

er
ic

an
Ps

yc
ho

lo
gi

ca
l

A
ss

oc
ia

tio
n

or
on

e
of

its
al

lie
d

pu
bl

is
he

rs
.

T
hi

s
ar

tic
le

is
in

te
nd

ed
so

le
ly

fo
r

th
e

pe
rs

on
al

us
e

of
th

e
in

di
vi

du
al

us
er

an
d

is
no

t
to

be
di

ss
em

in
at

ed
br

oa
dl

y.

13TEMPORAL RATE AVERAGING AND CROSSMODAL INTEGRATION

http://dx.doi.org/10.2307/1419493
http://dx.doi.org/10.1037/0033-295X.84.3.279
http://dx.doi.org/10.1037/0033-295X.84.3.279
http://dx.doi.org/10.1111/j.0956-7976.2005.00808.x
http://dx.doi.org/10.1111/j.0956-7976.2005.00808.x
http://dx.doi.org/10.1007/s00221-008-1282-3
http://dx.doi.org/10.1016/j.cobeha.2016.01.012
http://dx.doi.org/10.1007/s00221-012-3038-3
http://dx.doi.org/10.1007/s00221-012-3038-3
http://dx.doi.org/10.1038/nn.2590
http://dx.doi.org/10.1038/nn.2590
http://dx.doi.org/10.1111/1467-9280.00458
http://dx.doi.org/10.1111/1467-9280.00458
http://dx.doi.org/10.1007/s00221-011-2577-3
http://dx.doi.org/10.1007/s00221-011-2577-3
http://dx.doi.org/10.1080/01621459.1995.10476572
http://dx.doi.org/10.1080/01621459.1995.10476572
http://dx.doi.org/10.1080/00221309.1945.10544501
http://dx.doi.org/10.1080/00221309.1945.10544501
http://dx.doi.org/10.1371/journal.pone.0000943
http://dx.doi.org/10.1126/science.1154735
http://dx.doi.org/10.1126/science.1154735
http://dx.doi.org/10.1037/0033-295X.106.1.119
http://dx.doi.org/10.1016/j.tics.2005.04.010
http://dx.doi.org/10.1016/j.tics.2005.04.010
http://dx.doi.org/10.1016/j.tics.2016.06.008
http://dx.doi.org/10.1016/j.neuron.2011.06.032
http://dx.doi.org/10.1177/0956797612446707
http://dx.doi.org/10.3758/BF03206134
http://dx.doi.org/10.3758/BF03206134
http://dx.doi.org/10.3758/BF03211646
http://dx.doi.org/10.3758/BF03211646
http://dx.doi.org/10.1068/p5061
http://dx.doi.org/10.1068/p5061
http://dx.doi.org/10.1016/S0896-6273%2802%2901144-3
http://dx.doi.org/10.1016/S0896-6273%2802%2901144-3
http://dx.doi.org/10.1073/pnas.0402239101
http://dx.doi.org/10.1016/j.neuropsychologia.2011.10.019
http://dx.doi.org/10.1016/j.neuropsychologia.2011.10.019
http://dx.doi.org/10.1038/ncomms11543
http://dx.doi.org/10.1016/j.cub.2011.11.039
http://dx.doi.org/10.1016/j.tics.2015.03.002
http://dx.doi.org/10.1152/jn.00706.2002
http://dx.doi.org/10.1152/jn.00706.2002
http://dx.doi.org/10.1016/j.heares.2009.04.009
http://dx.doi.org/10.1016/j.heares.2009.04.009
http://dx.doi.org/10.1037/a0031143
http://dx.doi.org/10.1098/rspb.2006.3578
http://dx.doi.org/10.1098/rspb.2006.3578
http://dx.doi.org/10.1073/pnas.1610706114
http://dx.doi.org/10.1016/j.cobeha.2016.02.014
http://dx.doi.org/10.1016/j.cobeha.2016.02.014
http://dx.doi.org/10.1007/s00221-010-2286-3
http://dx.doi.org/10.1007/s00221-010-2286-3


Shi, Z., Church, R. M., & Meck, W. H. (2013). Bayesian optimization of
time perception. Trends in Cognitive Sciences, 17, 556–564. http://dx
.doi.org/10.1016/j.tics.2013.09.009

Shipley, T. (1964). Auditory flutter-driving of visual flicker. Science, 145,
1328–1330. http://dx.doi.org/10.1126/science.145.3638.1328

Slutsky, D. A., & Recanzone, G. H. (2001). Temporal and spatial depen-
dency of the ventriloquism effect. NeuroReport: For Rapid Communi-
cation of Neuroscience Research, 12, 7–10. http://dx.doi.org/10.1097/
00001756-200101220-00009

Walsh, V. (2003). A theory of magnitude: Common cortical metrics of
time, space and quantity. Trends in Cognitive Sciences, 7, 483–488.
http://dx.doi.org/10.1016/j.tics.2003.09.002

Welch, R. B., DutionHurt, L. D., & Warren, D. H. (1986). Contributions of
audition and vision to temporal rate perception. Perception & Psycho-
physics, 39, 294–300. http://dx.doi.org/10.3758/BF03204939

Wichmann, F. A., & Hill, N. J. (2001). The psychometric function: I.
Fitting, sampling, and goodness of fit. Perception & Psychophysics, 63,
1293–1313. http://dx.doi.org/10.3758/BF03194544

Received August 30, 2017
Revision received May 16, 2018

Accepted June 29, 2018 �

T
hi

s
do

cu
m

en
t

is
co

py
ri

gh
te

d
by

th
e

A
m

er
ic

an
Ps

yc
ho

lo
gi

ca
l

A
ss

oc
ia

tio
n

or
on

e
of

its
al

lie
d

pu
bl

is
he

rs
.

T
hi

s
ar

tic
le

is
in

te
nd

ed
so

le
ly

fo
r

th
e

pe
rs

on
al

us
e

of
th

e
in

di
vi

du
al

us
er

an
d

is
no

t
to

be
di

ss
em

in
at

ed
br

oa
dl

y.

14 CHEN, ZHOU, MÜLLER, AND SHI
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