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Accurate perception of speed is essential for adaptive
behaviour in dynamic environments, but it is systematically
distorted across sensory modalities, making it subject to
contextual effects. This study examines the influence of these
effects, specifically central tendency and serial dependence,
on speed estimation in vision and audition. Participants
were asked to rate the speed of visual and auditory stimuli,
allowing for a direct comparison of the magnitude of
distortion and temporal dynamics across modalities. The
results revealed three key findings: (i) central tendency
effects were present in both modalities but significantly
more pronounced in audition, consistent with greater sensory
uncertainty; (ii) serial dependence manifested as an attractive
bias towards the previous trial (n−1) in both modalities;
(iii) the two effects did not correlate with each other in
either modality, indicating distinct processes. Furthermore,
the effects of central tendency were positively correlated
across modalities, indicating a potential supramodal trait,
which is not the case for serial dependence. These results
might suggest a dual-process model of contextual integration
in speed perception: one governed by long-term statistical
learning and another by short-term temporal smoothing. This
cross-modal investigation advances our understanding of how
the brain stabilizes perceptual estimates under conditions of
uncertainty.

1. Background
Speed perception is a fundamental aspect of sensory processing,
allowing organisms to interact efficiently with moving objects
in dynamic environments. It plays a central role in actions
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such as intercepting a moving target, avoiding obstacles or estimating the time-to-contact of approach-
ing objects. Studies reveal a consistent tendency to underestimate speed, both in vision [1–3] and
audition [4]. This bias towards underestimation has been explained within the Bayesian framework,
where the brain combines incoming sensory evidence with prior expectations shaped by the statistics
of the environment [5]. In natural settings, objects are typically stationary or move at relatively slow
speeds, leading observers to develop an adaptive reliance on slow-speed priors to disambiguate noisy
sensory inputs [6].

Despite this common principle, not all sensory systems process this information in the same way.
On the one hand, the visual system has specialized receptors for motion and speed processing in
MT/V5 [7,8], enabling high-resolution motion tracking. On the other hand, the auditory system lacks
direct motion detectors, relying on changes in spectral and temporal parameters of sound, such as
Doppler shift and duration of the sound event [9,10]. Furthermore, neuroimaging studies have shown
that auditory motion processing is less spatially selective and more distributed compared with vision,
although both modalities engage motion-sensitive regions [11–13], causing the reduced precision and
increased contextual sensitivity in auditory motion perception [14].

Another important aspect of motion perception is its temporal sensitivity to recent stimulation.
Both sensory modalities are subject to motion aftereffects in which, after observing a movement in one
direction for a certain period of time, the direction or sensitivity of the stimulus presented subse-
quently is modulated. These aftereffects are reported in vision [15–17], and to a lesser extent also in
audition [18,19]. While visual motion aftereffects are often strong, direction-specific and long-lasting,
auditory aftereffects tend to be weaker and less systematic, suggesting differences in neural adaptation
dynamics between the two systems. Nevertheless, these results suggest that speed perception in both
modalities is influenced by an individual’s recent stimulus history and past experience.

Besides the adaptation-based repulsive effects mentioned above, there also exist attractive contex-
tual biases, such as central tendency and serial dependence. These effects are thought to reflect the
brain’s attempt to optimize perception under uncertainty by integrating current input with recent
contextual information. Central tendency is associated with a slowly evolving global bias shaped by
the distribution of the stimulus set [20]. When presenting a set of stimuli, perception tends to gravitate
towards the mean of the set, overestimating stimuli in the lower part of the set and underestimating
those in the upper part [21]. Recently, central tendency has been described in Bayesian terms, where
the meaning can be considered a prior, calculated over several trials [22,23]. Serial dependence, in
contrast, reflects a more rapidly updated expectation based on the immediately preceding trial [24–27].
Here, current stimulus perception is attracted toward the previously presented stimulus, resulting in
its overestimation after a relatively larger stimulus.

Although both mechanisms involve the use of priors to improve efficiency, the two effects may
be based on partially separable computational mechanisms whose expression depends on sensory
uncertainty [28]. Recent work examining the effects of both mechanisms during saccades suggests
that they enlist different mechanisms [29]. However, both phenomena can be explained within the
Bayesian framework, in which the brain combines sensory inputs with prior knowledge to generate
optimal world estimates [30], and this is especially true under conditions of uncertainty of the sensory
stimulus. On the one hand, the brain builds a global prior (central tendency) that reflects a slow update
towards the mean distribution of the stimuli presented, while on the other, it develops a temporal
expectation based on the most recent stimulus (serial dependence), leading to a bias in judging the
current stimulus in alignment with recently encountered stimuli.

These two effects are well-documented in vision and occur for most perceptual judgments,
including time [22,31,32], numerosity [33–36], face perception [37,38], spatial perception [39,40] and
motion [41]. Notably, few studies have investigated these biases in the auditory domain [42–44], and
even fewer have conducted direct cross-modal comparisons [45]. Even less is known about the context
of speed perception [46].

The aim of this study is to explicitly verify whether these two Bayesian mechanisms, global
priors (central tendency) and local priors (serial dependence), are weighted differently in vision
and audition as a function of sensory uncertainty, and to investigate the relationship between
them. To this end, we asked participants to estimate the speed of both visual and auditory
stimuli, and we computed measures of central tendency and serial dependence for both modali-
ties. By comparing the magnitude and temporal dynamics of these biases across modalities, we
aim to understand how global and local contextual information shapes perceptual estimates of
motion by adapting to sensory uncertainty.
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2. Methods
2.1. Participants
Twenty-one participants were tested (age: 21.143 years, s.d. = 3.568). All participants had normal or
corrected-to-normal vision and self-reported hearing and provided written informed consent before
starting the experiment. The study protocol was approved by the University of Sydney Human
Research Ethics Committee (HREC 2021/048), and all methods were performed following the relevant
guidelines and regulations.

2.2. Stimuli and apparatus
The experiment was performed in a dark and sound-attenuated room. All stimuli were created and
controlled in MATLAB R2017a (MathWorks, Natick, MA) with Psychtoolbox [47]. The visual stimuli
were front-projected on a white screen of approximately 55° (155 cm) in width using a PROPixx
projector running at 120 Hz (resolution 1920 × 1080 pixels), while the auditory stimuli were played
on an array of eleven speakers (Visaton F8SC) spaced at approximately 5° intervals and arranged
horizontally behind the sheet. The centre of the sheet corresponds to the centre of the speaker array.
The visual stimulus was a circle of diameter approximately 4° with cosine-ramped edges and a visual
contrast of 50%.

The sound was white noise, ensuring a constant spectral density and amplitude, with a sample rate
of 163 84 Hz. To ensure that the sound was perceived as smooth and continuous, rather than jumping
from one speaker to another, it was interpolated between speakers by convolving the speaker array
with a moving raised cosine window of approximately 10° width.

Both auditory and visual stimuli could move at one of eleven constant speeds: 20.8°/s, 25°/s, 37.5°/s,
44.6°/s, 50°/s, 56°/s, 62.5°/s, 78°/s, 90°/s, 104°/s and 120°/s. To encourage speed reproduction (without
relying on spatial or temporal cues), each speed comprised three durations and, consequently, three
distances (figure 1 and see also electronic supplementary material, table S1).

2.3. Procedure
Participants sat 150 cm from the screen and were instructed about the task. The task was to estimate
the speed of the stimuli, either visual or auditory, by adjusting the position of a black square (side of
1°) along a bar. The bar covered approximately 24° on the vertical plane, with the top associated with
fast movement and the bottom with slow movement. The vertical layout was chosen because it ensures
that responses reflect only perceived speed and not a visuospatial correspondence with the movement
of the stimulus. Once the square was placed in the position believed correct, the participant pressed
the space bar to submit the response and start the subsequent trial. Before beginning the experiment,
each participant performed eight practice trials (four visual and four auditory) in which the fastest
(120°/s) and slowest (20.8°/s) speeds were presented and received feedback on whether the response
was correct or not.

The experiment was divided into two blocks in which only visual or auditory stimuli were
presented, with a break of about 10 min between blocks. Each speed was repeated 30 times for a
total of 330 trials per block.

2.4. Data analysis
To simplify the analysis as a first step, we linearly rescaled the responses to estimate speed in °/s by
normalizing the responses by the minimum and maximum values of the pixel response bar of that
participant in that session, then multiplying by the range of actual stimulus speeds in that session. We
then excluded all trials with reaction times <200 ms or greater than three standard deviations above
the participant’s median reaction time. No additional preprocessing, normalization or transformation
was applied to the data. For both modalities, the central tendency effect (or regression towards the
mean) was calculated by computing the slope of the best linear fit between the perceived responses
and the real stimuli using the function fit(real, perceived, ‘poly1’)—MATLAB toolbox ‘Curve fitting
toolbox’. The regression index (RI) was defined as 1 minus the slope of the regression and unity: a
regression index of 0 means veridical performance and 1 means complete regression towards the mean.
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To assess the significance of the central tendency effect, we compared the individual RIs with zero
using a two-tailed one-sample t-test, and then we determined whether there was a difference between
the two modalities using a two-tailed paired t-test. The corresponding Bayesian statistics support
these analyses. In the latter case, a Bayesian factor (BF) less than 0.33 provides substantial evidence in
support of the null hypothesis over the alternative hypothesis, and Bayes factors higher than 3 provide
substantial evidence in favour of the alternative hypothesis.

For aggregate data (pooling all observers), we tested significance with bootstrap resampling (with
replacement), with 1000 iterations. At each iteration, a random sample of the original data was selected
and refitted linearly, recording the slope for each iteration. Since some of the distributions showed
an asymmetrical distribution, to calculate the confidence intervals (CIs), we computed the percentile-t
CIs because this method takes into account potential biases and asymmetries in the data [48]. We
evaluated the difference between the bootstrap distributions obtained from the two modalities using a
two-sample Kolmogorov–Smirnov test.

To analyse the serial dependence effect separately for each modality, we calculated the perceived
bias separately for each modality. For each participant, the average reproduced speed was calculated
for each speed and modality. The bias was defined as the reproduced speed for a given trial minus
the mean reproduced speed of all trials with that target speed. This deviation reflects deviations from
the participant’s average response at that target speed, not the absolute error relative to the physical
stimulus. Positive values, therefore, indicate that in that specific test, the reproduced speed was higher
than the participant’s average response for that speed, while negative values indicate a response lower
than average. To quantify the strength of the serial dependence effect, we fit a derivative of a Gaussian
(DoG) curve to describe the bias as a function of the difference between the current target speed and
reference speed, where the reference could be the target speed of the previous trial (n−1), two trials
back (n−2) and the following trial (n + 1, serving as a control [25,27,49]):

(2.1)DoG x =  a .x . e− x2

2b2 − 0.5

where x is the relative target speed of the previous trial, a is the amplitude of the DoG and b is the
width of the DoG. We reported the half-amplitude of the best-fitted derivative of a Gaussian as the
magnitude of the serial effect. We also measure the instantaneous slope (instantaneousSlope) of the DoG
at the inflection point (x = 0) as another estimate of serial dependence:

(2.2)instantaneousSlope = a . e−0.5

For both measurements, a positive value indicates a perceptual bias towards the target speeds of the
previous trials (if x = n−1), and a negative value away from the target speed of the previous trials.
We fitted the DoG at the group and individual levels for each modality. At the group level, we used
bootstrap resampling with replacement performed for 1000 iterations. At each iteration, a random
sample of the original data is selected, to which the DoG model is refitted. The estimated parameters
are recorded for each iteration, along with the half-amplitude. To calculate the confidence intervals, we
compute the Percentile-t CIs because this method takes into account potential biases and asymmetries
in the data [48]. We evaluated the difference between the bootstrap distributions obtained from the two
modalities using a two-sample Kolmogorov–Smirnov test.

Figure 1. On the left is the structure of the experiment, while on the right the speeds used in the experiment are reported based on
their temporal (x-axis) and spatial (y-axis) components. Each speed is composed of three durations and, consequently, three distances
represented by the circles.
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Moreover, as a robustness check to evaluate whether the DoG fit provided a better description
of the effect than a simpler linear approximation, we performed a model comparison at the group
level. An equal-weight group curve was constructed across participants, and both a DoG model and a
linear model were fitted to the binned bias data. Model fit was compared using the corrected Akaike
Information Criterion (AIC). To assess robustness, we performed subject-level bootstrap resampling
(2000 iterations), recomputing the group curve and refitting both models at each iteration.

At the individual level, we compared the half-amplitude as a measure of serial dependence against
zero using a two-tailed one-sample t-test for all the reference target speeds (n−1, n−2 and n + 1), and
then determined whether there was a difference between the two modalities using a two-tailed paired
t-test (only for n−1). The corresponding Bayesian statistics support these analyses.

As a final analysis, we performed a Pearson correlation between RI and half-amplitude within each
modality to test the relationship between the two contextual effects and a correlation for each effect to
see if there was a correlation between the two modalities.

3. Results
The results confirmed that central tendency occurs in both modalities, evident from inspection of the
aggregate data of figure 2A. The data have been fit with linear regressions, which in both cases have a
slope less than unity (tending towards the mean). The slope for the auditory data is 0.51, 95 % CI [0.49,
0.53], significantly less than 1 (p < 0.001), and the visual slope is 0.30, 95% CI [0.28, 0.31], also significant

Figure 2. (A,C) Central tendency effect. (A) Best linear fit of the aggregated data (thick lines) with the average of the data for each
speed (circles). Data using visual stimuli are in green, and in red, the one using auditory stimuli. The error bar represents the s.d.
(C) Average regression index obtained from the bootstrap for audio (in red) and vision (in green). The black lines are the confidence
intervals at 95%. (B,D) Serial dependence effect. (B) Best-fitted DoG of the aggregated data (thick lines) and the average of the
data for each relative distance (circles). Data using visual stimuli are in green, and in red the one using auditory stimuli. (D) Average
instantaneous slope and half-amplitude obtained from the bootstrap for audio (in red) and vision (in green). The black lines are the
confidence intervals at 95%.
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(p < 0.001). The regression index was stronger for the acoustic than visual stimuli (D = 1, p < 0.0001:
figure 2C).

Note that the linear regression is not a perfect fit to the data, which shows a clear compressive
nonlinearity. The fit accounted for 56% of the variance of the visual responses and 28% of the auditory
responses. Taking logarithms did not improve the fit (57% for vision, 27% for audition). In Bayesian
terms, the nonlinearity most likely arises from the decrease in reliability (increase in variance) as speed
increases, which will lead to greater dependency on the prior (i.e. central tendency) at higher speeds,
compressing towards the mean. This was first described for temporal interval estimates by Jazayeri
and Shadlen [23], and later demonstrated for numerosity judgments [34,36]. A robust estimate of
central tendency, following model of the central tendency effect, would take into account the increase
in variance with speed, but as that was not the primary goal of this study, we used the linear approxi-
mation as a robust estimate of central tendency, following several studies on this effect [22,40,44].

We next examined trial-to-trial serial dependence (figure 2B) of the aggregate participant, plotting
the bias against the difference between the current speed and that of the previous trial (n − 1), for both
modalities. The visual data follow a clear DoG form, with half amplitude 2.66° and width 25.5°. The
auditory data are also well fit by the equation, but the width is greater, so the lobes are not visible (half
amplitude 2.63°, sigma 40.31°). The bootstrapped data based on trial n−1 shows a significant positive
half-amplitude for both auditory (mean = 2.64 °/s, 95% CI [0.96, 4.28], p < 0.01) and visual stimuli (mean
= 2.57 °/s, 95% CI [1.37, 3.845], p < 0.001), showing an attractive effect towards the speed of the previous
trial. For the auditory data, the effect disappeared at trial n−2 (mean = 1.044°/s, 95% CI [−1.16, 2.77], p =
0.30), while vision showed a significant repulsive component (mean = −2.34°/s, 95% CI [−3.71, −1.14], p
< 0.001). As expected in the control condition (n + 1), neither the data for audio (mean = −1.01°/s, 95%
CI [−3.07, 1.84], p = 0.54) nor vision (mean = −0.67 °/s, 95% CI [−2.025 1.095], p = 0.42) were significant.
The half-amplitude distributions (on trial n−1) of the two sensory modalities are different (D = 0.115, p
< 0.001), with the effect stronger for audio than vision.

To quantify the steepness of this bias around the inflection point, we also analysed the instantane-
ous slope. Both audio (mean = 0.084, 95% CI [0.02, 0.166], skewness = 1.13, p < 0.01) and visual stimuli
(mean = 0.155, 95% CI [0.04, 0.35], p < 0.001) again indicated a positive perceptual bias towards the
target speeds of the previous trials. Mirroring the half-amplitude, the effect disappeared at trial n−2
for audio (mean = 0.07, 95% CI [−0.05, 0.31], p = 0.296), while for vision, there was a slight negative,
repulsive effect (mean = −0.14 °/s, 95% CI [−0.395, −0.04], p < 0.001). In the control condition (n + 1),
there was no significant effect (audio: mean = −0.04, 95% CI [−0.31, 0.14], p = 0.54; vision: mean = −0.04,
95% CI [−0.22, 0.09], p = 0.42).

Figure 3. (A) Average regression index for auditory (in red) and visual (in green) conditions at the individual level. Circles are the
data of each participant. The error bars represent the confidence intervals at 95%. (B) Violin plot of instantaneous slope (top) and
half-amplitude (bottom) for auditory (in red) and visual (in green) conditions. Circles are the data of each participant. The black lines
are the confidence intervals at 95%, while the white circle is the median of the distribution.
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Analyses of individual participants (figure 3) corroborate the patterns from the aggregate data.
Figure 3A reports individual results of the RI and shows central tendency is highly significant between
participants for both audio (RI = 0.50 ± 0.15, t(20) = 15.32, p < 0.001, Cohen’s d = 3.43, BF10>1000) and
vision (RI = 0.50 ± 0.15, t(20) = 9.83, p < 0.001, Cohen’s d = 2.15, BF10>1000). Confirming the aggregate
results, the effect of audio is stronger than vision (t(20) = 7.39, p < 0.001, Cohen’s d = 1.61, BF10>1000),
suggesting that audio is more subject to the effect of global context than vision, probably due to lower
precision and thus more sensory noise.

Figure 3B shows the results for individual participants of both instantaneous slope (top) and
half-amplitude (bottom) for serial dependence, and again the results are in line with the aggregate
data. For both audition and vision, a clear pattern of serial dependence emerges: the previous
value (n−1) shows a reliable and positive effect, indicating that current responses are systematically
influenced by the immediately preceding stimulus. In contrast, the control (n + 1) condition does not
produce significant effects. As for n−2, the effects are absent for audition and more robust for vision,
where a negative trend is observed. For all statistical details, see table 1.

As a robustness check to evaluate the goodness of the DoG, we further compared the DoG model
with a linear approximation of the bias function at lag n − 1. At the group level, the DoG showed
a modest advantage in audition (point ΔAIC = −2.23; bootstrap median ΔAIC = −1.17; 95% CI [−4.53,
1.37]; proportion of bootstrap samples favouring DoG = 0.86) and a tendency in vision (point ΔAIC
= −5.46; bootstrap median ΔAIC = −0.82; 95% CI [−7.01, 2.31]; proportion favouring DoG = 0.66).
These results indicate that the nonlinear structure provides a reasonable descriptive account of the
bias function, although model differences were generally small. We next correlated serial dependence
against central tendency to see if there was a relationship between the two effects. The correlation was
non-significant for both audio (r = 0.02, p = 0.93, Fisher’s z = 0.017, BF10 = 0.27) and vision (r = −0.2, p
= 0.38, Fisher’s z = −0.13, BF10 = 0.38), suggesting these two phenomena were independent for speed
processing.

We also correlated the effect of central tendency and serial dependence between the two modali-
ties (figure 4). Central tendency was positively correlated between audio and vision (r = 0.57, p =
0.007, Fisher’s z = 0.647, BF10 = 8.13). Serial dependence, by contrast, showed no correlation between
modalities (r = 0.13, p-value = 0.559, Fisher’s z = 0.14, BF10 = 0.317).

4. Discussion
The present study investigated the influence of contextual effects on speed perception of auditory and
visual motion, providing insights into how the brain integrates this information with medium-term
(central tendency) and short-term (serial dependence) temporal stimuli. The three main results were
as follows. (i) Central tendency occurred in both modalities but is stronger for auditory than visual
stimuli. (ii) There is a positive serial dependence effect—attractive bias towards the speed of the

Table 1. Summary of t-tests against zero, effect sizes and Bayesian evidence for serial‐dependence effects at different temporal lags
(n−1, n−2, n + 1) in auditory and visual trials.

modality measure lag t(20) p‐value Cohen’s d BF10

  auditory Instantaneous slope n − 1 2.49 0.02 0.54 2.7

n − 2 1.14 0.27 0.25 0.4

n + 1 −1.73 0.10 0.37 0.8

Half-amplitude n − 1 2.51 0.02 0.55 2.76

n − 2 1.30 0.21 0.28 0.047

n + 1 −1.90 0.07 0.40 1.0

  visual Instantaneous slope n − 1 2.41 0.02 0.53 2.32

n − 2 −2.90 0.009 0.63 5.6

n + 1 0.65 0.52 0.14 0.28

Half-amplitude n − 1 2.68 0.015 0.58 3.7

n − 2 −3.16 0.005 0.69 9.1

n + 1 0.81 0.42 0.18 0.3
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previous trial (n−1)—in both modalities. The effect disappeared for n−2 in audition, but in vision, it
reversed direction, becoming repulsive. (iii) Central tendency and serial dependence were uncorrelated
within each modality, suggesting distinct underlying mechanisms. However, the central tendency
effects were positively correlated across modalities, indicating a possible supramodal processing, while
serial dependence showed no cross-modal correlation.

The stronger central tendency for audition than for vision is consistent with the Bayesian frame-
work of perception [5,22,23,30]. Within this framework, central tendency acts as a prior, continuously
updated over numerous trials. In the Bayesian combination of prior and likelihood, a less reliable (low
precision) likelihood is down-weighted and thus the prior is up-weighted, explaining the stronger
regression towards the mean for auditory than for visual motion. This is consistent with the idea that
there are no specialized detectors for auditory motion [9,10].

Serial dependence reflects a trial-by-trial adjustment of the prior. It is not clear why serial depend-
ence is not greater for auditory than visual motion, as similar laws should apply [24]. However, it
does suggest that the two reflect different processes. This is reinforced by the fact that there was no
inter-participant correlation between the strength of central tendency and serial dependence (figure
4A, discussed later). These differences in precision are not only modality-specific but may also vary
across individuals based on subjective confidence. Recent evidence suggests that individual differences
in central tendency have been shown to reflect both sensory noise and subjective confidence [20]. This
supports the interpretation that auditory speed judgments, being inherently less precise, are more
influenced by global priors due to both sensory and metacognitive uncertainty.

Central tendency, but not serial dependence, showed significant cross-modal correlation. Again,
this is consistent with central tendency and serial dependence relying on separate mechanisms
and suggests that the longer-term priors associated with central tendency may reflect supramodal
processing related to the individual (with some participants more prone than others to rely on prior
information). Since central tendency reflects priors that are updated gradually, it may be a more
global process than serial dependence based on neural mechanisms that integrate information from
different modalities rather than being limited to sensory circuits specific to each modality. Long-term
statistical learning and the maintenance of stable expectations are typically associated with higher-
order associative regions that receive converging visual and auditory inputs. One could speculate
that regions such as the posterior parietal cortex (PPC) or prefrontal cortex encode abstract represen-
tations of prior information in a supramodal way that can be accessed through different modalities.
Alternatively, individual traits such as cognitive flexibility or metacognitive sensitivity could influence
the degree of reliance on prior information regardless of the sensory channel. Therefore, the strong
cross-modal correlation we observed suggests that individuals may draw on a shared supramodal
system to store or use long-term priors, resulting in consistent central tendency biases in both vision
and audition.

Moving beyond these global effects, our study also looked at the influence of local (trial-by-trial)
contextual information. We found a positive serial dependence effect, where the perception of a current
stimulus is pulled towards recently encountered stimuli, at lag n − 1 for both vision and audition.
These results are consistent with previous studies in other perceptual domains using visual stimuli

Figure 4. Left: correlation between the central tendency (regression index) and serial dependence effects (half-amplitude) for
auditory (in red) and visual (in green) conditions. Circles are the data of each participant. Centre: correlation between the effect of
central tendency using auditory and visual stimuli. Right: correlation between the effect of serial dependence using auditory and
visual stimuli.
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[25,26] and, more recently, auditory stimuli [42]. This is further proof that serial dependence is not
exclusive to vision but may reflect a general perceptual mechanism across modalities used to stabilize
perception in noisy environments. In our study, where participants explicitly reported perceived speed,
the presence of a serial dependence effect in audition likely reflects both early perceptual smoothing
and decision-level integration. However, it should be noted that the positive serial bias found in
both sensory modalities does not seem to be subject to a supramodal mechanism characteristic of the
individual, as is the case with the central tendency effect. In fact, we found no correlation between
the effects in the two sensory modalities. This dissociation can be explained by the different temporal
and computational properties of the two biases. The central tendency reflects a global statistical prior,
built on many trials and possibly implemented in higher-order supramodal regions, thus capturing
individual traits in the use of prior knowledge [20,31]. In contrast, serial dependence operates on a
much shorter time scale and appears to be based on modality-specific mechanisms, such as adaptation,
neural persistence or short-term memory decay within each sensory system [24,50]. Consequently,
serial dependence may not reflect a stable individual tendency but rather emerge differently across
sensory modalities depending on the temporal dynamics and representational formats of each system.
Prior work has shown that serial dependence varies across perceptual domains and may rely on
distinct neural mechanisms, depending on the modality or task [51,52].

In the audition, there was no serial dependence on stimuli two trials back, whereas for vision, there
was a slight repulsive effect. This is unlikely to result from sensory adaptation [16,17], as it occurs
only for more distant trials, whereas adaptation has its maximal effects when trials are close in time.
However, long-term repulsive effects have been reported [53,54]. It is not clear why this should affect
visual but not auditory motion, and future work may be needed to clarify it.

Although central tendency and serial dependence both reflect context-dependent biases, the extent
to which they are correlated remains debated. Some recent studies have reported a positive association
between the two effects in visual estimation tasks, suggesting that individual differences in central
tendency may also predict the strength of serial dependence [55,56]. However, our results do not
support this relationship, because we found no significant correlation between the two effects within
either modality. This finding is consistent with other recent work showing that central tendency
and serial dependence can operate independently, depending on task demands and sensory domain
[57,58]. In our study, central tendency reflects the influence of a global prior accumulated over the
stimulus distribution, while serial dependence is driven by recent trial history, possibly through
perceptual smoothing or predictive coding [36,49]. The distinction between serial dependence and
regression towards the mean is further supported by a recent study by Xie et al. [29]. They looked
at the influence of stimulus history at the time of saccades and showed that response biases oscillate
at alpha frequencies (around 9 Hz) in synchrony with the saccade, both towards the previous test
stimuli and towards an inducer displayed before the trial. However, regression towards the mean,
while stronger than serial dependence, showed no saccade-linked oscillations, implying different
mechanisms. This dissociation is consistent with dual-mechanism models of perception, where long-
and short-term contextual updates are processed separately. However, computational modelling by
Boboeva et al. [59] suggests that both effects may emerge from a unifying recurrent network operat-
ing in working memory. Within this framework, differences in timescales, feedback mechanisms or
strategies may result in distinct behavioural outcomes despite a shared underlying structure. Our
behavioural findings are not at odds with this idea because, even if central tendency and serial
dependence originate from similar network dynamics, their functional outcomes can be distinct.

One final point to note is that both the central tendency and serial dependence in speed perception
were also examined by Wang et al. [46]. Although their study shares some concepts with ours, it
focused exclusively on visual motion using fluctuating Gabor patches and examined how contextual
biases vary with stimulus reliability within a narrow range of speeds. In contrast, our study directly
compared vision and hearing, used broader and more ecological motion stimuli, and tested whether
global and local contextual effects generalize across sensory modalities. Together, these differences
make the two approaches complementary: while Wang et al. characterize how contextual biases
operate within the visual system under tightly controlled stimulus conditions, our results address
whether global priors reflect a cross-modal tendency and whether local priors depend on modality-
specific temporal dynamics.

Together, our results demonstrate that speed perception in both vision and audition is shaped
by contextual factors at multiple timescales. The auditory system, characterized by greater sensory
uncertainty, exhibits a stronger central tendency, indicating reliance on global priors. In contrast,
the visual system displays more complex temporal dynamics, with both attractive and repulsive
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serial dependence effects. These findings support the existence of distinct yet potentially interact-
ing mechanisms for contextual integration: one based on long-term statistical learning and one on
short-term temporal smoothing. Understanding how these mechanisms operate across modalities
offers key insights into how the brain stabilizes perception in relation to variability and noise.
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