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Abstract

Perception of gravity can be assessed by measuring the subjective visual verti-

cal (SVV), the visually indicated spatial direction that appears earth-vertical to an
observer. When the SVV is assessed in darkness while the observer is roll-tilted, it
shows substantial biases. At tilts larger than 45°, the bias is attractive, that is, the
visual indicator appears vertical when rotated toward the observer. At smaller tilts,
however, a repulsive bias is observed. The attractive bias has been explained within
the Bayesian framework as the effect of a prior for upright posture. The repulsive bias
has so far been considered anti-Bayesian, suboptimal, or as the result of uncompen-
sated ocular counterroll. Here we show that both biases can be explained within a
purely Bayesian model. More specifically, the repulsive bias at small roll-tilts is a con-
sequence of the known tilt-dependent variability of the SVV, which is hypothesized to
reflect different levels of sensory noise of the otolith organs. We thus provide a solu-
tion to a century-old question of why there is a repulsive bias in vertical perception.

Author summary

To judge whether a picture frame on the wall is hanging vertically, we use the
direction of gravity as a fundamental reference. Our estimate of this direction de-
pends on multiple sensory cues, most prominently the signals from the vestibular
organs in the inner ear. Yet, for more than a century, it has been known that our
perception of vertical is not fixed but can be systematically biased by the tilt of
the head. For large head tilts, our perceived vertical shifts towards our own head
axis — an attractive bias known as the Aubert effect. In contrast, for small head
tilts, our perceived vertical shifts away from the head axis — a repulsive effect re-
ferred to as the Mdller effect. Over the past two decades, the attractive bias has
been successfully explained within Bayesian frameworks as the optimal percep-
tual strategy to process uncertain and noisy sensory information. The repulsive
bias has typically been considered as suboptimal or inconsistent with a Bayesian
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interpretation. Here, by incorporating head-tilt-dependent sensory uncertainty,
consistent with the known variation in sensory noise of the otolith organs, we
show that both biases arise naturally within a single Bayesian framework.

Introduction

Systematic biases in perception can be either attractive or repulsive with respect to

the immediate spatial or temporal context (e.g. [1-3]). In rare cases, both types of
biases exist in combination. Such a case occurs for the visual perception of the direc-
tion of gravity, the so-called subjective visual vertical (SVV). The SVV is experimen-
tally assessed by the participant adjusting a visual line in front of her to the perceived
direction of gravity while being tilted in various roll-tilt positions (Fig 1). From the very
beginning of studying the SVV [5], researchers have noted that in the upright position,
the mean SVV error is close to zero (Fig 1A), while with large tilt angles around 90°, the
SVV tilts toward the participants own head axis and thus lies between the true gravi-
tational vertical and the head-centered vertical (Fig 1C). In other words, it is attracted
toward the head axis. However, for small tilt angles and some of the participants, the
SVV is adjusted on the opposite side of the gravitational vertical, that is, it is repulsed
from the head axis (Fig 1B). The attractive bias has been named Aubert or A-effect [5],
the repulsive bias is referred to as Muiller or [6], each after the researchers first report-
ing them. Even though the repulsive Miiller effect has been found in many studies since
(e.g. [7]) and was even demonstrated in non-human primates [8], the reason for this
over-estimation of tilt is yet unclear. This is the focus of the present paper.

The attractive bias of the SVV belongs to the historically oldest descriptions of percep-
tual distortions. In contrast to many purely visual illusions (e.g., Z6llner or Poggendorf)
described at about the same time, the SVV is also of interest in a clinical context for
the diagnosis of lesions or damage to the vestibular system (e.g. [9]). Already early
investigations of the SVV (e.g. [10-12]) concluded that the main sensory input to
perception of orientation with respect to gravity (in the absence of visual cues) are the
otolith organs, utricles and saccules, which are situated in the vestibular part of the
inner ear, and measure linear acceleration of the head, including gravity.

One of the earlier attempts of modelling the SVV [13] was based on a vectorial
hypothesis, where a head-fixed vector pointing in the direction of the head axis,
called the idiotropic vector, was added to the gravity vector as measured by the
otolith organs. The idiotropic vector alone yielded a good fit of the attractive A-effect
but could not account for the E-effect. Therefore, Mittelstaedt [13] hypothesized that
the relative weight of the two otolith organs, the utricles and the saccules, was not
equal but larger for the utricles. Together with a normalization this hypothesis could
account quite well for both the E-effect and the A-effect (Fig 2). Although this model
was highly successful in quantitatively fitting the SVV, it does not offer a normative
explanation of why perceptual biases of the SVV occur.

With the advent of Bayesian inference approaches and conceiving perception
as a close-to-optimal estimation process, the view on apparent perceptual errors
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Fig 1. Schematic representations of biases in the SVV task (modified from [4]). A: no bias while upright. B: Small body tilt: repulsive bias
(E-effect). C: Larger body tilt: attractive bias (A-effect). Error: angle between physical and subjective vertical direction.

https://doi.org/10.1371/journal.pcbi.1014159.g001

and biases in the SVV also changed. The question was posed whether errors in the SVV are the result of a normative
Bayesian estimation process, which aims to optimize the estimation in the presence of uncertainty such as sensory
measurement noise. Within the Bayesian perspective, an obvious reason for an attractive bias such as the A-effect is that
head-upright is the most common orientation with respect to gravity, which can be modelled as a prior distribution cen-
tered at roll-tilt zero, i.e., upright. Perceptual estimates would then be attracted towards this prior, resulting in the A-effect
(see Fig 2). The first Bayesian model for the SVV was proposed by a student of Mittelstaedt [14], who successfully could
explain the A-effect as consequence of a head-fixed prior for upright position. The Bayesian approach has since then
been used by many authors to explain various features of the perception of gravity ([4,7,15-19], and many more). Despite
this success, one problem has remained: explaining the repulsive bias of the E-effect within a Bayesian framework. The
usual Bayesian approach predicts that estimated values are attracted towards the prior but not repelled by it. Eggert’s
model [14], for instance, attributed the E-effect to suboptimal integration of differences in measurement noise of the two
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Fig 2. The vectorial idiotropic model (blue) after Mittelstaedt [13] and a Bayesian model with a head-fixed prior for upright position. The
parameters of the Bayesian model (see Methods) have been adjusted to fit the idiotropic model. A: SVV plotted over tilt angle for roll tilt between upright
(0°) and upside down (180°). The A-effect is clearly visible as underestimation of tilt for larger tilt angles. B: SVV error plotted over tilt angle for the full
circle. The small repulsive E-effect simulated by the idiotropic model is visible in the inset.

https://doi.org/10.1371/journal.pcbi.1014159.9002
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otolith organs, without providing a complete Bayesian account. Other studies have linked the E-effect to an uncompen-
sated effect of ocular counterroll (e.g. [16]) or neck proprioception [17] with the visual adjustment of the SVV, yet others
have neglected it. Fig 2 shows a comparison between the original idiotropic model and a Bayesian model with a head-
fixed prior to demonstrate that the A-effect, but not the E-effect, can be simulated. Consequently, repulsive biases such as
the E-effect have also been called “anti-Bayesian” in the literature (e.g. [1,20,21]).

There have been different approaches to explain anti-Bayesian or repulsive biases in literature (e.g. [1,22,23]) using a
variety of mechanisms, ranging from sensory adaptation over efficient coding to various flavors of probabilistic estimation,
variably called Bayesian or predictive or optimal. However, none of these approaches have yet been applied and tested to
explain the E-effect in the perception of the SVV.

In the following, we show that the E-effect can be explained as Bayes-optimal and in accordance with Bayesian
perception if sensory uncertainty is tilt-dependent, which in turn leads to asymmetric likelihood functions. Tilt-dependent
sensory uncertainty occurs if, as proposed previously [14], sensory noise for both otolith organs is assumed to differ.
We also show that such a model is in accordance with the well-known anisotropy of the variability of the SVV (e.g.
[7,17,24,25]).

Methods

Participants in typical experiments are asked to adjust a visual indicator, usually a line, in an otherwise dark environment
to the direction which they perceive as upright. This adjustment is performed in different roll-tilt body positions

(see Fig 1). We therefore implemented a Bayesian model of the SVV, for which we considered as input the vestibular
information from the otolith organs, which measures the direction of gravity, and as output the perceived tilt of the gravita-
tional upright, which is provided as roll position of the visual indicator.

The Bayesian model

For the Bayesian model we consider that the true roll-tilt angle of the head with respect to gravity (Fig 1) is
unknown but can be measured by the vestibular sensors. However, this sensory measurement is corrupted by mea-
surement noise. Therefore, the perceptual process aims to estimate the roll-tilt angle by combining prior knowledge
about the distribution of head positions with knowledge of the measurement uncertainty. We assume that the prior
knowledge for the angular head tilt can be represented as von-Mises distribution with mean 0 and dispersion 1/x;,
. The measurement uncertainty comes from a von-Mises distribution with mean 0 and dispersion 1/x,. Importantly,
we assume that the measurement noise can be signal-dependent, that is, the dispersion 1/k, depends on the actual
tilt angle.

The Bayesian estimation model for this case is formalized as follows. The prior distribution is given as von-Mises prob-
ability density function:

— 1 KhrCOSH
PO = orioton © (1)

with 6 being the roll-tilt angle of the head and lp(xx) the modified Bessel function of the first kind of order 0 (required for
normalizing the probability density).

The measurement distribution, i.e., the distribution of the measurement ¢ for a given

stimulus value 0 is:

1
P(A9) = 5t

emvcos(cp—e)
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The likelihood function is the measurement distribution viewed as function of the parameter [26], the unknown roll-tilt
angle of the head 0:

1, COS(p—0)

L(0; ) = Zrlo(m) @

with ¢ being the measured angle.
The posterior distribution can now be calculated by multiplying the prior distribution and the likelihood function, and
normalizing it so that the integral over the posterior density becomes unity:

p (Ble) o p(8) -L(6; ¢) 3)

Finally, as estimated or perceived tilt angle, the SVV, the angular expectation 0 of the posterior density p (9|<p) is
computed.

Bayesian model 1: constant sensory noise

If the sensory noise is independent of roll tilt angle and thus «, is constant, then the likelihood is a von-Mises probability
density, and the resulting posterior distribution is again a von-Mises density. It is possible to analytically provide the pos-
terior (see for example [27]), but we used numerical simulation as for all models. The two free parameters of this constant
noise model are k, and x, .

Bayesian model 2: signal-dependent noise, full likelihood

For signal-dependent noise, the dispersion 1/x, depends on the true tilt angle ¢, so that the likelihood function becomes

1
L 0’ = rv(6)cos(p—0)

A SNAY Q) @
Note that in general this is no longer a von-Mises density. However, it becomes evident that an accurate likelihood func-
tion now requires complete knowledge of the noise characteristics at any possible tilt angle.

To implement signal-dependent noise, we consider the measurement of the tilt angle by the vestibular gravity sensors,
utricles and saccules. The utricles measure the sine, the saccules the cosine of the roll tilt angle § with respect to gravity.
We assume that both sensors are affected by constant measurement noise 4 and ¢, which is normally distributed with
zero mean and variances o2 and o2. We allow the noise variances of utricles and saccules to be different as proposed
previously [14]. The measured angle ¢ is thus

autr _ tan™" extsind

=tan”' 2 =
® Qsac €z +COS 0 (5)

with measured accelerations a,,- and asac given in units of g with g = 9.81 m/s?.
Using a first-order Taylor series approximation for error propagation, the expectation of the measured angle ¢ equals the
actual roll angle 8, and we can approximate the resulting variance of the angle ¢, and therefore the noise dispersion 1/x,(0), as

1/ky(0) = ai ~ 02c0s? 0 + o2sin? § (6)

Using this approximation, the measurement noise is described by a von-Mises density with tilt-dependent dispersion
1/ky(0) and mean 0. Thus, if 02 > 02, the noise dispersion is minimal for 0° (upright) and 180° (upside down), with maxima
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for 90° and -90° roll tilt. The signal-dependent noise model has three free parameters, the noise variances ¢2 and o2, and
the concentration parameter of the prior k.

Bayesian model 3: signal-dependent noise, local likelihood approximation

Instead, we can also choose an approximative strategy by assuming that noise dispersion depends on the measured
angle ¢ rather than the true tilt angle 6. In that case, only the local information about noise dispersion at the particular
measured tilt angle is required. The resulting approximative likelihood function is again a von-Mises density, even though
a different one for each measurement:

1
L(0; p) = grvlv)cos(¢-b)
)= o) (7)

with 1/k,() ~ 02c0s2¢ + o2sin®y and thus again three free model parameters.

The idiotropic model

We used the idiotropic model of the SVV [13] as comparison, because it provides a good description of the known data
and can thus be used as reference. It is given by the following equations. For consistency with Mittelstaedt’s original publi-
cation, the SVV angle is denoted as 3. The tilt angle 6 is measured as otolith responses of the utricles u and saccules s.

u=gsiné (8a)
s=f,gcosf (8b)
N=vu?+s? (8c)
ol
petan N+ M (8d)

where g = 9.81 m/s? is gravitational acceleration, f, the saccular weighting, and M the idiotropic vector. N is a normaliza-
tion factor. Mittelstaedt’s original parametrization was M = 0.4 and f, = 0.7, producing a large A-effect. For the simulation of
the idiotropic model in Fig 2 and demonstration of the E-effect, we used these original parameters.

Response variability

The variability of the posterior distribution is, in general, not equal to the variability of the distribution of behavioral
responses [17,26]. While the variability of the response distribution can be analytically derived in the Gaussian case, this
is not possible for the non-linear function relating tilt angle to SVV. However, there are two possible solutions: since the
SVV dependence on tilt angle in the models is a deterministic function, i.e., 6= f(9), the SVV response variance can be
approximated via 1% order Taylor expansion by oj = (c,i’ef(e))2 . ai, with ofo being the variance of the measurement noise
(Eqn. 6). Alternatively, the variance of the SVV at a particular stimulus angle can be estimated by Monte-Carlo simulation.
For fitting the response variability to the data, the Taylor expansion approximation is used, because Monte-Carlo estima-
tion within a minimization is more time-consuming. However, we verified that for the final solution both methods yielded
the same results. For the response variance shown in the Results, we chose the Monte-Carlo method and simulated the
model n=1e5 times for each tilt angle with noisy measurements according to Eqn. 5.
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Alternative prior densities

In addition to the von-Mises density described by Eqn.1 we used the following densities (see also [19]) as alternatives for
the prior:

* Wrapped normal density with mean 0 and standard deviation o

—(0+27k)?

p(d) = UrZe 252

* Mixture of uniform and normal density with mean 0 and standard deviation o, with weight w of the uniform part

eiz+ Y
20 —_—
ovVor 27

p(0) = (1-w)

» Wrapped ¢ location scale density with mean 0, and two free parameters, the scale parameter o and parameter v

v+1 fe’e] T 2
0= DS (10002

vo

—(w+1)I2

with I'(-) denoting the gamma function.

Model simulation and fitting

Models were simulated numerically using Matlab (The Mathworks) according to the equations above with a discretization
step of 27/1000 for representing densities and likelihoods. For fitting the Bayesian models to the idiotropic model and
to the data, we used the Matlab function Isgnonlin. Differences between two angles ¢+ and 2, required for fitting, were
calculated using complex numbers as arg (€% - e7%2). As mentioned above, the SVV angle was computed as angular
expectation of the posterior density of the respective models. The standard deviations of the posterior and the response
distributions were calculated as circular standard deviations.

For fitting the models to the experimental data, we simultaneously fitted the SVV adjustment for the full 360° together
with the SVV standard deviation for tilt smaller than 135°, because with larger tilt angles, the SVV variability is known to
be quite unreliable.

Results

We first simulated the idiotropic model with original parameters M = 0.4 and f, = 0.7 [13] as reference. We then fitted the SVV
angles predicted by the three Bayesian models to the SVV angles of the idiotropic model. As shown in Fig 3A and 3B, the
model with signal-dependent noise and full likelihood can simulate an E-effect and closely resembles the idiotropic model,
unlike the other two Bayesian models. As expected from visual inspection, the root-mean-square error for the full likelihood
model was much smaller (0.6°) than for the models with local likelihood approximation (5.3°) or with constant noise (6.0°).

g 3C shows the predicted standard deviation of the SVV for the three Bayesian models. The predictions have in com-
mon that the standard deviation should be small at the upright position and larger at tilted positions, which is indeed the
case (e.g. [7,25]). The model parameters of the full likelihood model were Ni,, = 0.17 (corresponding to an angular standard
deviation of the prior 24.8°), utricular standard deviation o, = 0.09 g, and saccular SD o, = 0.33 g.
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Fig 3. Comparison of the idiotropic model (violet) after Mittelstaedt [13] and the best fits of the three Bayesian models to the idiotropic model.
A: SVV angle plotted over tilt angle for roll tilt between upright (0°) and upside down (180°). B: SVV error plotted over tilt angle for the full circle. The
E-effect is visible for the idiotropic model and the Bayesian model with full likelihood, but not for the other two Bayesian models. Inset shows enlarged
region around tilt 0° to show the E-effect. C: predicted posterior variability (circular standard deviation) for all three Bayesian models. Without additional
assumptions, the idiotropic model does not offer a prediction for variability. Note that the actual variability of SVV responses can differ from the posterior
variability ([17,26], see also Fig 5).

https://doi.org/10.1371/journal.pcbi.1014159.g003

To visualize the complete estimation process, inspired by Girshick et al. [23], Fig 4 depicts our full likelihood model,
using the parameters given above.

For a comparison with real data, we digitized Figs 4 and 11 of Van Beuzekom & Van Gisbergen [7], who assessed the
SVV and its variability in six subjects. We then fitted the full-likelihood model to the SVV data and the experimentally found
variability. Both results are shown in Fig 5. As can be seen from the figure, the fit captured the SVV data very well, and
the resulting response variability is not only in the same range as the SVV variability reported by Van Beuzekom & Van
Gisbergen [7], but also approximately matches the shape of the variability dependence on roll tilt. The model parameters
for this fit are the dispersion of the prior Nih = 0.097 (corresponding to a circular standard deviation of 18.3°), the utricular
standard deviation o, = 0.027 g, and the saccular SD ¢, = 0.216 g.

To understand what determines whether an E-effect occurs or not, the model comparisons in Fig 3 are helpful. The
E-effect could be fitted only with the full-likelihood model with signal-dependent noise, but not if the likelihood functions
were approximated by the local noise distributions. In Fig 6 we compare noise distributions with likelihood functions: while
noise distributions are symmetric, likelihood functions for small tilt angles are asymmetric (see also Fig 4).

For modelling the perceived SVV angle as result of a Bayesian estimation, the likelihood function is multiplied with the
prior distribution (Egn. 3, and the mean of the resulting posterior distribution is considered the estimated SVV angle, see
also Fig 4). For both the local-likelihood model and the full-likelihood model, Fig 7 shows all three distributions for a tilt
angle of 10°. As evident from the figure, the resulting posterior distributions (yellow) are slightly different, and, more impor-
tantly, the mean of the posterior (dashed black line) is attracted towards zero for the local likelihood model (Fig 7A) and
thus smaller than the actual roll tilt, but it is repulsed from zero and larger than the tilt angle for the full-likelihood model
(Fig 7B).

The ability of the model to simulate the E-effect thus depends on the asymmetry of the likelihood functions, which
in turn depends on how much the measurement noise depends on the stimulus, i.e., the roll tilt angle. To visualize this
dependence, we changed parameter o2 of the model (see Eqn. 6), the variance of the utricular measurement noise, from
its fitted value to the same value as the saccular noise variance o2. Fig 8 shows simulations of the resulting models. As
evident from the SVV error, the model exhibits an E-effect only for strong stimulus dependence of the measurement noise.
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https://doi.org/10.1371/journal.pcbi.1014159.g004

From the figure it can also be seen that the model can simulate SVV error with or without E-effect, depending on the rela-
tion between o2 and o2.

Thus, reducing the uncertainty in measuring acceleration along the head’s z-axis might also reduce the repulsive bias
or E-effect.

A further question is whether the experimental method used could influence the size of the observed E-effect. In the
literature, two main methods are used to determine the SVV: the adjustment of a visual indicator to the perceived vertical,
and the psychophysical 2AFC (two alternative forced choice) method. While, as argued above, a reasonable cost func-
tion for adjustment is quadratic, this is not true for 2AFC, for which the cost function can be modeled by a sign function,
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because the correct answer only depends on the sign of the angular difference between indicator and perceived vertical,
but not on its magnitude. The theoretical value corresponding to such a cost function is the median of the distribution,
because it is the value for which 50% of the distribution fall below. We also simulated the 2AFC numerically with Monte-
Carlo simulation of 10000 adjustments per indicator line orientation using noisy stimuli and the parameters of the model fit
in Fig 5. The results for head tilts of 5° and 90° are shown in Fig 9. Although the difference between mean and median is
small in both cases, the 2AFC method leads to slightly smaller E-effect at 5° with the point of subjective equality (posterior
median) lies closer to the stimulus than the posterior mean does. In contrast, for the 90° stimulus, the 2AFC method yields
a slightly larger A-effect.

Finally, we examined the role of the prior distribution in model fitting following a previous investigation [19], in which it
was found that the natural statistics of head tilt are closer to a t location-scale distribution than to a normal distribution. We
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Fig 7. Bayesian estimation for two models: to estimate tilt angle, the measured angle (thin black line at 10°) is represented as likelihood
function (red), which is multiplied with the prior density (blue). This yields the posterior density (yellow). The estimate is the mean of the posterior
distribution (black dashed line). C and D are magnifications of A and B. A and C: For the local-likelihood model, prior, likelihood, and posterior are all
symmetric. Thus, the posterior mean is attracted towards the prior mean (at zero). B and D: For the full-likelihood model, the likelihood function becomes
asymmetric, leading to an asymmetric posterior distribution. Due to this asymmetry, the mean of the posterior is now larger than the measured angle,
which results in a repulsive effect. Note that only the full-likelihood model is optimal for the chosen signal-dependent noise distributions.

https://doi.org/10.1371/journal.pcbi.1014159.g007

compared the fits of the full-likelihood model to the data from Van Beuzekom & Van Gisbergen [7] shown in Fig 5 with four
different prior densities: 1) von Mises density (fit see Fig 5), 2) wrapped Gaussian density, 3) mixture of Gaussian and uni-
form, and 4) t location-scale density (see Methods). Since the first two models have 3 parameters each (two for noise, one
for the prior), the other two 4 parameters (two for noise, two for the prior), model comparison was done using the Akaike
Information Criterion (AIC), for which lower values indicate better models.

The model with the lowest AIC was the one with t location-scale prior (AIC -384.5) followed by the wrapped normal prior
(AIC -360.4), mixture Gaussian+uniform (-351.4) and the von-Mises prior (-351.1). The t location-scale prior has a circular
standard deviation of 15.0° with parameter v = 94.0, which means that the shape of the density is close to a normal distri-
bution. The model’s utricular standard deviation is ox = 0.051 g, the saccular SD ¢, = 0.149 g. The fit is shown in Fig 10,
and a comparison with Fig 5 shows that in contrast to using the von-Mises prior, here no clear E-effect is visible (Fig 10A),
but the modeled response variability (Fig 10B red) more closely matches the data in the range of tilt up to about 135°.
However, the difference between models in terms of root mean square error (RMSE; von Mises: 3.46°, t location-scale:
2.63°) is not only due to the better fit of the variability but holds also when only SVV adjustments are considered (von
Mises: 4.16°, t location-scale: 3.39°).
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Fig 9. Comparison of model simulations for adjustment of the SVV (vertical black dashed line, mean of the posterior) and the 2AFC method
(vertical red dashed) for two head tilts (blue vertical line, left: 5°, right: 90°; note different scaling of the x-axis). Blue dots are simulated pro-
portions for the response “clockwise” plotted over indicator line orientation. The point of subjective equality, determined by a cumulative Gaussian fit,
coincides with the theoretical circular half-mass median of the posterior (vertical dashed red line). For both stimulus orientations, the difference between
mean (vertical dashed black line) and median (red line) is small, but for 5° it leads to a slightly decreased E-effect.

https://doi.org/10.1371/journal.pcbi.1014159.g009

To further evaluate whether this result means that our perceptual system needs to exactly determine the correct shape
of the orientation prior and the accurate otolith noise parameters to provide useful estimates of verticality, we generated
1e6 different tilt stimuli according to both models, i.e., using the fitted parameters for the generation of noisy stimuli from
a distribution given by the respective prior. We then simulated the SVV adjustment with both models. When stimuli were
generated according to the von Mises model in Fig 5 and estimated with the same (matching) model, the RMSE was
3.91°, when estimated with the t location scale model (Fig 10), which did not match the stimulus generation, the RMSE
was 3.95°. This shows that even though the models have different outputs, the consequences of using the “wrong” prior
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model are relatively small, which points towards a robustness of the estimation process even when the estimation model
and the generative model do not match.

Discussion

Here we show that the “anti-Bayesian” E-effect can be explained as Bayesian consequence of signal-dependent
measurement noise resulting in asymmetric likelihood functions, which in turn causes the E-effect. Asymmetric likeli-
hood functions can lead to repulsive bias [23]. Similar anti-Bayesian effects in orientation perception have previously
been explained by asymmetric likelihood functions [1]. While Wei & Stocker [1] hypothesized efficient coding to be the
reason for stimulus-dependent sensory noise, we showed here that the simple assumption of constant noise on the two
otolith organs and its propagation through the internal computation of orientation with respect to gravity already causes
tilt-dependent sensory noise, which in turn results in asymmetric likelihood functions causing the repulsive bias of the
E-effect.

We furthermore show that our full Bayesian model, having only three free parameters, can fit not only average SVV
adjustments covering the full 360° range from the literature (Fig 4A), but also closely mimics the variability found exper-
imentally for these adjustments. The model’s ability to match the experimentally found adjustments and their variability
depended on the exact shape of the assumed prior distribution. However, we also showed that even if the perceptual
process used an estimation procedure that did not match the generative process, e.g., a prior differing from the natural
statistics of tilt angles, the resulting average perceptual error would not differ much. This points towards a considerable
robustness of the perceptual system estimating verticality.

The result of the estimation stage of any Bayesian models is not a single value, but a posterior distribution, from which,
in case of simulating a perceptual experiment like setting the SVV, a particular value must be chosen as estimate. Here
we chose the mean of the posterior distribution, which minimizes the sum of the quadratic errors on a linear scale and the
sum of the cosine distances on the circular scale. In the literature often the maximum of the posterior, the maximum-
a-posteriori (MAP) estimate, is chosen. However, the MAP corresponds to a cost function that is 0 when the MAP exactly
matches the stimulus and 1 otherwise. Such a 0—1 cost function is not well-suited for continuous estimation problems (see
[26]), for example, because it means any error would be weighted equally, while it is more natural to put larger cost on
larger errors. From Fig 6B and 6D it is obvious that taking the MAP as SVV angle would, in the illustrated case, not lead

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014159  April 1, 2026 13/16




A Computational
PLOS }. Biology

to an E-effect, while taking the mean does. We also show that, in contrast to adjustments, when using a 2AFC procedure,
the cost function is different and the resulting estimate is not the angular mean, but the circular half-mass median of the
posterior distribution. This cost function leads to slightly different results for the SVV, which in our example (Fig 9) dimin-
ished the E-effect but enhanced the A-effect.

A recent comparison of SVV models [19], which focused on the effect of non-Gaussian priors, also tested a model
that contained asymmetric likelihood functions but favored a previously proposed one with a Gaussian prior [17], which
attributed the E-effect to an interaction of proprioception with the visual adjustment of the SVV, but assumed a symmetric
likelihood as modelled in our suboptimal local-likelihood model. While it is completely reasonable to posit proprioceptive
influences to affect the SVV (and might explain remaining differences between some of the SVV datasets in the literature
and our model), our present work aims to emphasize that even without such additional inputs an optimal Bayesian SVV
adjustment is completely compatible with both E- and A-effects. In addition, the E-effect does not depend on the exact
shape of the prior, but on the asymmetric likelihood functions.

In the present model, the asymmetric likelihood functions are caused by stimulus dependent noise. To model stimulus
dependent measurement noise, we chose a very simple assumption: additive Gaussian measurement noise on both oto-
liths, which is stimulus-independent, but differs for utricles and saccules, being larger in the latter. This choice is consis-
tent with anatomical evidence: the utricle contains substantially more hair cells than the saccule [28]. Because the utricle
is functionally most sensitive to tilts around 0°, while the saccule is most responsive near 90° [29], this asymmetry may
explain the increase in angular noise at larger tilt angles [25]. Nonetheless, realistic neural noise might be better simulated
by lognormal variability of otolith afferent firing rates. However, our simulations of lognormal afferent noise together with
cross-striolar or commissural inhibition [30] resulted in signal-dependent angular variance that was almost indistinguish-
able from our initial assumption.

Udo de Haes [11] found stimulus independent variability of ocular counterroll, which would support our hypothesis of
constant additive noise, since counterroll is determined predominantly by the utricles. Furthermore, neural variability of
otolith afferents stays almost constant, at least for a range of +0.5g [31], corresponding to +30° tilt. Concerning differ-
ences in measurement noise, a recent study [32] showed that perceptual thresholds of linear motion in the earth-
horizontal plane along the utricular (y-) axis are much smaller (0.65cm/s) than those along the saccular (z-) axis
(1.2cm/s). While this difference qualitatively supports our assumption, it would be interesting to see whether interindividual
SVV characteristics correlate with differences in perceptual thresholds of linear motion.

An interesting consequence of the dependence of the E-effect on the complete likelihood function is that the stimulus
dependence of the measurement distribution across the entire 360° range must be known for the estimation process.
While it is conceivable for head tilt or other measures of orientation that the noise characteristics can be learned (see [33])
due to the closed circular range, it is practically impossible for magnitudes on open scales such as duration or distance.
However, measurement of magnitudes on open scales does exhibit stimulus-dependent uncertainty. For duration percep-
tion this is known as scalar variability, and corresponds to Weber’s law, which holds for most other magnitudes, including
distances. Consequently, one possibility for magnitudes on open scales would be that the brain uses Weber’s law as
approximation of the true stimulus dependence of magnitudes, which in turn allows a good approximation of the respec-
tive likelihood functions. Such an approximation can be achieved by representing open-scale magnitudes on a logarithmic
scale, as proposed previously (e.g. [34]).

In summary, our current model offers a Bayesian account of both the attractive Aubert and repulsive Miiller biases
in the subjective visual vertical, which is optimal, if sensory measurement noise depends on tilt angle. As possible
explanation for tilt-dependent noise, we showed that assuming additive Gaussian noise for both otolith organs is
sufficient, if noise levels differ for utricles and saccules. Thus, our model can account for the repulsive bias known as
the E-effect without requiring additional contributions from ocular counterroll or proprioception originally suspected
by Miller [6].
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