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Vision-based speedometer
regulates human walking

Shinya Takamuku'?* and Hiroaki Gomi'

SUMMARY

Can we recover self-motion from vision? This basic issue remains unsolved since,
while the human visual system is known to estimate the direction of self-motion
from optic flow, it remains unclear whether it also estimates the speed. Impor-
tantly, the latter requires disentangling self-motion speed and depths of objects
in the scene as retinal velocity depends on both. Here we show that our automatic
regulator of walking speed based on vision, which estimates and maintains the
speed to its preferred range by adjusting stride length, is robust to changes in
the depths. The robustness was not explained by temporal-frequency-based
speed coding previously suggested to underlie depth-invariant object-motion
perception. Meanwhile, it broke down, not only when the interocular distance
was virtually manipulated but also when monocular depth cues were deceptive.
These observations suggest that our visuomotor system embeds a speedometer
that calculates self-motion speed from vision by integrating monocular/binocular
depth and motion cues.

INTRODUCTION

How does our brain visually estimate the motion of our body relative to the environment? The question re-
lates to fundamental issues such as how we build our internal map and how we navigate within it. Computer
vision studies (Fraundorfer and Scaramuzza, 2012; Scaramuzza and Fraundorfer, 2011) have made signifi-
cant theoretical advances on how self-motion can be estimated. Our understanding on how the brain sol-
ves the problem has also progressed in recent decades.

Translational motion of our body relative to the environment causes radial optic flow on the retina. The di-
rection of self-motion coincides with the focus of expansion which is independent of the 3D structure of the
scene. Accordingly, when gaze direction is known and the rotational component of the flow can be
canceled out, based for instance on extra-retinal signals, the direction can be specified from the local orien-
tation pattern of the flow on the retina (Warren, 2004). In agreement with this theory, it has been shown that
we can accurately perceive our heading direction under various conditions (Crowell et al., 1998; Royden
et al.,, 1992; Warren, 1976; Warren and Hannon, 1988). The dorsal medial superior temporal area (MSTd)
in the primate brain was identified to be selective to the local orientation pattern of the flow (Duffy and
Wurtz, 1995; Tanaka et al., 1989) and was causally linked to heading-direction judgments based on micro-
stimulation (Britten and van Wezel, 1998). In humans, attending to heading direction increases the activity
in the inferior satellite of MT/V5+ (Peuskens et al., 2001), the homolog of MSTd.

The speed of translational self-motion, on the other hand, cannot be specified purely from the optic flow
pattern as retinal velocity depends both on self-motion speed and depths of objects in the scene (Frenz

NTT Communication

etal., 2003; e.g., doubling self-motion speed and halving the depths have identical effects on retinal veloc- Science Laboratories,
ity). This raises a question of whether our visual system can recover the self-motion speed independently of Nippon Telegraph and
. . L . . . Telephone Corporation, 3-1

the depths. Although several studies have examined speed tuning in self-motion-coding areas of the pri- Morinosato-Wakamiya,

mate visual system such as MSTd (Duffy and Wurtz, 1997; Tanaka and Saito, 1989) and 7a (Avila et al., 2018; Atsugishi 243-0198,

Phinney and Siegel, 2000), these only referred to correlation with retinal-motion velocity (i.e., angular ve- Kanagawa, Japan

locity). No studies to our knowledge have revealed a depth-invariant coding of self-motion speed based “Lead contact

on vision. *Correspondence:
shinya.takamuku.ka@hco.ntt.
co.jp

In this regard, studies on vection, the illusory sensation of self-motion caused by optic flow, have suggested https://doi.org/10.1016/j isci.

mechanisms that could contribute to achieving the invariance. Wist et al. (1975) reported that the perceived 2021.103390

L) o

oo iScience 24, 103390, December 17, 2021 © 2021 The Author(s). 1

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


mailto:shinya.takamuku.ka@hco.ntt.co.jp
mailto:shinya.takamuku.ka@hco.ntt.co.jp
https://doi.org/10.1016/j.isci.2021.103390
https://doi.org/10.1016/j.isci.2021.103390
http://crossmark.crossref.org/dialog/?doi=10.1016/j.isci.2021.103390&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/

¢? CellPress

OPEN ACCESS

velocity of rotary self-motion inside a rotating cylinder increases with the perceived distance of the sur-
round. Similarly, visual motion in the far background is found to dominate vection than motions nearby
(Ito and Shibata, 2005; Ohmi et al., 1987, Ohmi and Howard, 1988). These findings suggest that sensitivity
to retinal motion is scaled based on the perceived distance of the observed points (Wist et al., 1975). Such a
strategy can contribute to the speed estimation as the angular velocity of a fixed point relative to the head-
ing direction will have a one-to-one correspondence with self-motion speed once it is scaled with the dis-
tance (see the geometry of optic flow in STAR Methods). Other studies (Palmisano, 1996, 2002; Seya and
Shinoda, 2018) have shown that vection is stronger with binocular vision. This suggests that stereo cues
on depth and/or motion-in-depth could contribute to self-motion estimation.

It is, however, still unclear whether the visual system actually recovers the translational speed. Perceived
velocity of self-motion is often influenced by eye height (Larish and Flach, 1990; Flach et al., 2004; Rudin-
Brown, 2006). Similarly, road narrowing and widening are confused with acceleration and deceleration
respectively (Festl et al., 2012) even under binocular vision (Ott et al., 2016). Frenz et al. (2003) examined
human judgments on the distances traveled by a monocular camera based on its images. They found
that the judgments were robust to changes in view height if the changes were explicitly shown. However,
in this case, changes in camera speed biased the judgments on traveled distance. Similarly, Redlick et al.
(2001) reported a dependency of travel-distance judgment on the acceleration profile of the moving cam-
era. These findings may reflect erroneous attribution of changes in optic-flow speed to changes in depth.
Posture response to motion-in-depth optic flow was initially reported to be distance-independent (Dijkstra
et al,, 1992), but several follow-up studies suggested otherwise (Dijkstra et al., 1994; Moraes et al., 2009).

Why did these studies fail to find the invariance? One possibility is that the provided visual cues were insuf-
ficient to fully compensate for the variation in depth (Distler et al., 2000; Tozawa, 2008). Yet another possi-
bility is that the human visual system essentially lacks the mechanism to fully recover the scale. Interestingly,
while visual inference of travel distance is explained (Lakshminarasimhan et al., 2018) as Bayesian integra-
tion of a visual estimate of self-motion velocity and a slow-speed prior, its accuracy, depending on the reli-
ability of the visual estimate, did not improve by providing additional depth cues or with stereo vision
(Frenz et al., 2007). Similarly, while speed sensitivity to stereo-motion is reported (Harris and Watamaniuk,
1995; Wardle and Alais, 2013), no study examined its distance invariance, and contributions of stereo cues
to magnitude judgments on motion-in-depth speed are found to be limited (Palmisano et al., 2019; Seya
and Shinoda, 2018). Finally, an earlier study that examined depth-invariance of posture responses to optic
flow failed to find a significant contribution of stereo vision (Moraes et al., 2009).

These findings recall an earlier discussion on whether and how our brain estimates object-motion velocity
independently of viewing distance; the issue of speed constancy (McKee and Smallman, 1998; Wallach,
1939). Many studies, with some exceptions (Distler et al., 2000; Tozawa, 2008), favored the view that the
perception is based on temporal-frequency-based speed coding (Mather et al., 2017; McKee and Smallman,
1998); a useful but suboptimal strategy. Considering also the ubiquitous reliance on retinal velocity rather than
the translational velocity in other species (Altshuler and Srinivasan, 2018), it was speculated (McKee and Small-
man, 1998) that the human visual system may not have a genuine representation of translational velocity.

Here, in search of the invariant coding, we examined a highly optimized motor behavior; our locomotion.
Although an earlier study (Warren et al., 2001) revealed that optic flow is used to estimate and adjust our
heading direction, other studies (Pailhous et al., 1990; Konczak, 1994; Prokop et al., 1997) have suggested
that it may also be used to control our walking speed. These studies showed that participants unintention-
ally increase their walking speed when optic-flow speed is decreased and vice versa. The change in walking
speed was primarily owing to changes in stride length. Importantly, there was a strong linear relationship
between optic flow speed and walking speed (Prokop et al., 1997) which suggested that some visual rep-
resentation of speed regulated the locomotion based on feedback control. Although some studies spec-
ulated that this could contribute to minimizing energy consumption by maintaining optimal walking speed
(Mohler et al., 2007; O'Connor and Donelan, 2012), it remained unclear whether the response was based on
a genuine representation of the translational self-motion speed or some low-level representation of speed
such as retinal-motion velocity or temporal frequency.

In this study, we show that the implicit adjustment of walking speed, driven by optic flow under a constraint
on stride frequency, is invariant to changes in the depths of objects in the scene and that the invariance is
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Figure 1. General design of experiments

(A) Setup of the experiment. Participants wore a binocular HMD and walked in a virtual corridor with checkerboard
patterns attached to the sidewalls while viewing the fixation cross (shown in green).

(B) Participants walked seven steps starting from the right step. The wall moved when the head was within the indicated
wall-moving area.

(C) Peak head velocity for each step was defined by referring to the vertical head acceleration (top panel). We took the
average head velocity between the third to fifth steps as the approximation of the converged walking speed in each trial
(middle panel). Bottom panal indicate averages and standard errors of peak velocity (vertical bar) and peak time
(horizontal bar) across participants.

not explained by the temporal-frequency-based speed coding (Experiments 1 and 2). Then, we show that
both binocular (Experiment 3) and monocular (Experiment 4) depth cues contribute to the invariant estima-
tion. Our findings suggest that the implicit visuomotor response involves a visual speedometer that esti-
mates translational self-motion speed from vision on the fly based on binocular/monocular depth and
motion cues. Namely, the human visuomotor system solves the geometric problem of estimating self-mo-
tion speed from vision.

RESULTS

Based on the earlier studies (Konczak, 1994; Mohler et al., 2007; O'Connor and Donelan, 2012; Pailhous
etal., 1990; Prokop et al., 1997), we assumed that changes in optic flow velocity would trigger adjustments
of walking speed that correlate with some visual representation of speed. Our interest was on (Q1) which
representation of speed underlies our adjustments of walking speed (translational self-motion velocity,
retinal motion velocity or temporal frequency) and (Q2) what visual cues contribute to the neural compu-
tation of self-motion speed. We addressed these questions by (1) triggering changes in walking speed
by moving the walls on the side and (2) examining how the depth and depth-related visual cues influence
the changes in the walking speed.

Participants wore a binocular head-mounted display (HMD) and walked inside a virtual corridor with black
and gray checkerboard patterns attached to the sidewalls (Figure 1A). They walked seven steps starting
from the right foot (Figure 1B) while fixating at a target placed 3 m ahead along the corridor. The rhythm
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of the steps was specified by periodic beeps with an interval of 700 ms. The constraint was introduced to
ease the comparison of walking speed across participants and conditions with minimum effect on the vi-
suomotor process. Note that implicit adjustment of walking speed is mostly explained by changes in stride
length (Prokop et al., 1997). When the walker’s head was within the wall-moving area, an area 0.5 m from the
starting position and 2.0 m in length, the walls either moved forward, moved backwards, or stayed static, in
order to change the optic flow velocity. The walls moved with half the velocity of the participant’s head (i.e.,
closed-loop display) so that the velocity of the head relative to the sidewalls (wall-relative head velocity)
would be 0.5 and 1.5 times the usual relative velocity in the forward and backward conditions, respectively.
We refer to the wall-motion conditions using these ratios (relative velocity ratio ). r=0.5, 1.0 and 1.5 indicate
the sidewalls moving forward, staying static, and moving backwards, respectively. In order to avoid any ef-
fects of explicit cognitive strategies, participants were instructed to disregard vision in controlling their
walking speed and this was confirmed in a post-study questionnaire.

Figure 1C shows the procedure for the gait analysis. First, we detected the time point when the vertical ac-
celeration of the head peaked for each step. Forward head velocity tended to peak around these time
points. Analysis of the head velocities at these time points revealed that the walking speed changed by
the wall motions as expected. As there were no significant differences in the velocity among the third,
fourth, and fifth steps (p > .05), we took the head velocity, averaged across the time window between
the time point of the third step and the time point of the fifth step, as an approximation of the converged
walking speed for each trial (hereafter referred to as walking speed).

Experiment 1: Visuomotor control of walking speed is depth-invariant

First, in order to address (Q1), we examined whether the adjustment of walking speed depends on the
distance of the sidewalls. We put the same walls, fully covered with a checkerboard pattern, either at a dis-
tance of 1.0 m (F condition) or 0.5 m (N condition) from the center of the corridor (red and green walls in
Figure 2C). Panels surrounded by green and red rectangles in Figures 2A and 2B show the corresponding
setups and images sent to the right display, respectively.

Upper graphs of Figure 2D show the translational and angular velocities of the sidewalls relative to the
walker for each condition. Red and green points show the values for the far and near walls, respectively.
The values are normalized so that the baseline condition (static far wall; F, r=1.0) would have a value of
one. Lower graphs show the differences in walking speed relative to the baseline condition predicted
for each hypothesis (see model section for details). As we can only predict the relative scale of these differ-
ences, the predicted differences in walking speed also have normalized values; the condition with far wall
moving forward (F, r=0.5) having a value of 1 (increase in walking speed) and the condition with far wall
moving backwards (F, r=1.5) having a value of —1 (decrease in walking speed). Further information on
the normalizations are summarized in Method for normalization. If the walking speed is adjusted based
on translational self-motion velocity (translational-velocity hypothesis), walking speed would depend on
the head-relative translational velocity of the sidewalls but not on wall distance as shown in the bottom
left graph of Figure 2D (see model subsection in STAR Methods). On the other hand, if the walking speed
is adjusted based on the velocities of the motion signals on the retina (retinal-velocity hypothesis), walking
speed would depend on the head-relative angular velocity of the walls (and thus on wall distance) as shown
in the bottom right graph of Figure 2D as the retinal velocities correlate with the angular velocity.

As our model only predicts the normalized differences in walking speed, we test the hypotheses based
on the magnitude relationship of the walking speeds and the relative scale of the wall-motion effects.
Specifically, we test the following two important dissociations between the predictions of the two hy-
potheses. First, the translational-velocity hypothesis predicts that the walking speed would be lower
when the wall is far and moving backwards (F, r=1.5) relative to when the wall is near and static
(N, r=1.0) as the speed would appear to be higher in the former condition (green arrow in the bottom
left panel of Figure 2D). Meanwhile, the retinal velocity hypothesis predicts the opposite relationship
(green arrow in the bottom right panel of Figure 2D) as the retinal velocities would be larger when
the wall is near and static (N, r=1.0). Second, the former hypothesis predicts that sensitivity to the wall
motion (i.e., magnitudes of changes in walking speed) would be similar between the two walls, whereas
the latter hypothesis predicts that the sensitivity would be doubled when the wall is near as retinal
velocities would be twice as large in this condition compared with the other (F) condition (bottom panels
of Figure 2D).
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Figure 2. Visuomotor control of walking speed is depth-invariant (Exp. 1; N = 10)

(A) Wall conditions (F: Far, N: near).

(B) Images shown to the right eye when the head faced straight ahead at the center of the corridor (distortion of the image
was corrected by the lens attached to the HMD).

(C) Height and location of the sidewalls and attached checkerboard patterns.

(D) Graphs in the upper row show normalized head-relative translational velocity of the sidewalls and head-relative
angular velocity of the sidewalls approximated from the geometric relationship (note that the former velocity is defined in
the reference frame of the laboratory whereas the later velocity is defined relative to the head). Owing to the
normalization, only one value is shown for the angular velocity. Graphs in the lower row show the normalized differences in
walking speed relative to the static far wall condition (F, r=1.0) predicted for each hypothesis. Green arrows indicate
tested critical magnitude relationships.

(E) Walking speed plotted against the relative velocity ratio. Line with vague color indicates linear function fitted to plots
for each sidewall. ** represents p < .01 (ANOVA/paired t test).

(F) Slope of linear fit between walking speed and the wall-relative head velocity (i.e., sensitivity to wall motion). Dotted and
dashed lines indicate the slope of near-wall predicted from the translational velocity hypothesis and the retinal velocity
hypothesis, respectively. In panels (E) and (F), plots and error bars indicate averages and standard errors across
participants.
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Figure 2E shows the walking speed, averaged across all participants (mean and standard error), for the con-
ditions observed in Experiment 1. Two-factor repeated measures ANOVA revealed the main effect of wall
velocity (F215 = 16.0, p<.001, 71;23 = 0.64), but the effects of wall distance (F1 9 = 0.07, p = 0.80, 71,23 = 0.01)
and the interaction between wall distance and wall velocity (Fz15 = 0.87, p = 0.44, ng = 0.09) were not sig-
nificant. Importantly, comparison of the critical conditions revealed that walking speed was larger when the
wall was near and static than when the wall was far and moving backwards (N, r=1.0 vs F, r=1.5;
t9=3.53, p=.006,d=1.12). This argued against the retinal-velocity hypothesis.

In order to specifically examine how the sensitivity to the wall motion differed between the two wall con-
ditions, we fitted the walking speed with a linear function of the wall-relative head velocity (translational
velocity of the head relative to the walls). Figure 2F shows the slopes of the fitted function. Dotted and
dashed lines indicate the slope for the near-wall predicted from the slope of the far wall based on the trans-
lational velocity hypothesis and the retinal velocity hypothesis, respectively. Consistent with the former hy-
pothesis, the difference in wall distance did not have a statistically significant effect on the slopes (N vs F:
t=1.25, p=0.24,d=0.40). Furthermore, when we doubled the slopes for the far wall, these were significantly
smaller (larger magnitude) than the slopes for the near wall (N vs doubled-F: ty=3.25, p=0.01,d=1.03).

Although these results favored the translational-velocity hypothesis, Bayesian analysis (Dienes, 2014),
applied to the slopes, did not allow us to determine whether the non-significant effect of wall distance rep-
resented depth-invariance of the visuomotor response or a lack of statistical power. When the HO hypoth-
esis assumed no difference between the wall conditions and H1 hypothesis assumed a uniform distribution
between 0 and the average slope of the near wall, the Bayesian Factor BFg; was 1.9 (see STAR Methods for
definition of Bayesian factor).

Experiment 2: Temporal-frequency-based speed coding does not explain the invariance
While our first experiment showed the depth-invariance of the response, it was not clear whether the results
represented a genuine estimation of the translational velocity for two major reasons. First, as mentioned
above, Bayesian analysis did not allow us to suggest the depth invariance of the response. The area, den-
sity, and location of the pattern (and consequently the optic flow) on the retina differed between the two
wall conditions in Experiment 1, and the effects of these factors may have disturbed clear observation of the
depth-invariance. Second, and more important, it was also possible that the walking speed was adjusted
based on the temporal frequency of the visual motion stimuli, for example, the number of edges passing
per unit time. Note that the frequency did not differ between the two wall conditions in Experiment 1 (see
red and green plots in the top right panel of Figure 3E). Our second study addressed these concerns by
running the same study with controlled stimuli.

Here, we used the same far walls (F condition shown in panel with red rectangle in Figure 3A), but used
gray-colored walls with half-height and doubled-density checkerboard pattern for the near walls (N condi-
tion shown in panel with blue rectangle in Figure 3A; note that wall conditions are renamed for each exper-
iment but colors are used consistently across experiments to specify the used walls). The height of the
pattern on the near wall was adjusted for each participant so that the retinal positions of the near- and
far-wall patterns would be mostly identical (blue wall in Figure 3C; see STAR Methods section for detail).
As shown in panels surrounded by blue and red rectangles in Figure 3B, the density and the location of
the checkerboard pattern on the retina were matched between the far and near walls.

The grey-colored part of the near wall provided a cue on the actual distance of the walls, but several
monocular depth cues were lost. In order to examine whether the distances of the walls were still distin-
guishable, we asked the participants to judge the wall distance (far or near) at the beginning of each trial.
Figure 3D shows the correct rate, averaged across all participants (mean and standard error), for each con-
dition. Participants were highly accurate in identifying the distance (average correct rate above 98% in all
conditions; see Table S1 for details).

Upper and lower graphs on the right side of Figure 3E show the normalized temporal frequency of the side-
walls (the number of edges passing the viewer per unit time) and the associated prediction of changes in
walking speed, respectively. If the walking speed is adjusted based on the visual representation of trans-
lational self-motion velocity (translational-velocity hypothesis), the speed would depend on the relative
translational velocity of the walls but not on the wall distance as shown in the lower left graph of Figure 3E.
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Figure 3. Temporal-frequency-based speed coding does not explain the invariance (Exp. 2; N = 10)

(A) Wall conditions (F: Far, N: near).

(B) Images shown to the right eye.

(C) Height and location of the sidewalls and attached checkerboard patterns.

(D) Correct rate of answering the wall distance.

(E) Graphs in the upper row show normalized head-relative translational velocity of the sidewalls and head-relative
temporal frequency of the sidewalls approximated from the geometric relationship (note that the latter is defined relative
to the head). Owing to the normalization, only one value is shown for the temporal frequency. Graphs in the lower row
show the normalized differences in walking speed relative to the static far wall condition (F, r=1.0) predicted for each
hypothesis. Green and blue arrows show tested critical magnitude relationships.

(F) Walking speed plotted against the relative velocity ratio. ** represents p < .01 (ANOVA/paired t test).

(G) Slope of linear fit between walking speed and the wall-relative head velocity (i.e., sensitivity to wall motion). Dotted and
dashed lines indicate the slope of near-wall predicted from the translational velocity hypothesis and the temporal frequency
hypothesis, respectively. In panels (D), (F), and (G), plots and error bars indicate averages and standard errors across participants.
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(B) Images shown to the right eye.
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eye, respectively. Green cross indicates fixation point.
(D) Correct rate of answering the wall distance.
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Figure 4. Continued

(E) Upper graph shows the normalized self-motion velocity estimate predicted for each condition based on our model
(Equation 14 in STAR Methods). Lower graph shows the normalized differences in walking speed relative to the static far
wall condition (F, r=1.0) predicted from the model.

(F) Walking speed plotted against the relative velocity ratio.

(G) Slope of linear fit between walking speed and the wall-relative head velocity (i.e., sensitivity to wall motion). Dotted
lines indicate model-predicted slopes. In panels (D), (F), and (G), plots and error bars indicate averages and standard
errors across participants. *, **, and *** represent p < 0.5, p < .01, and p < .001, respectively (ANOVA/paired t test).

If the walking speed is adjusted based on the temporal frequencies of motion signals on the retina
(temporal-frequency hypothesis), the pattern would depend on the temporal frequency (and thus on
wall distance) as shown in the lower right graph of Figure 3E (see model in STAR Methods).

Here, the important differences in the predictions of the two hypotheses are as follows. First, the transla-
tional-velocity hypothesis predicts that the walking speed would be lower when the wall is far and moving
backwards (F, r=1.5) relative to when the wall is near and static (N, r=1.0), whereas the temporal-frequency
hypothesis predicts the opposite (blue arrows in the bottom panels of Figure 3E). Second, the former pre-
dicts similar sensitivity to the wall motion between the far and near walls (F and N), whereas the latter pre-
dicts that the sensitivity would be twice as large when the wall is near (N) as temporal frequency would be
doubled in this condition (Figure 3E).

Figure 3F shows the walking speed, averaged across all participants (mean and standard error), for the con-
ditions observed in Experiment 2. Two-factor repeated measures ANOVA revealed the main effect of wall
velocity (F218 = 12.3, p<.001, 77;23 = 0.58), but there were again no statistically significant effects of wall dis-
tance (F19 = 3.04, p = 0.12, 17,23 = 0.25) or the interaction between wall distance and wall velocity (F 1 =
0.21, p = 0.81, ng = 0.02). Importantly, comparison of the critical conditions revealed that walking speed
was larger when the wall is near and static compared with when the wall is far and moving backwards
(N, r=1.0vs F, r=1.5; ty=3.31, p=.009,d=1.05). This denied the temporal-frequency hypothesis.

Figure 3G shows the slopes of the linear function fitted between the walking speed and the wall-relative
head velocity. Dotted and dashed lines indicate the slope for the near-wall predicted from the slope of
the far wall based on the translational velocity hypothesis and the temporal frequency hypothesis, respec-
tively. Again, consistent with the former hypothesis, the slopes did not differ by wall distance (N vs F:
t9=0.79, p=0.45,d=0.25). Meanwhile, when we doubled the slopes for the far wall, this was significantly
smaller (larger magnitude) than the slopes for the near wall (N vs doubled-F: t4=3.87, p=.004,d=1.23).

Finally, Bayesian Factor BFg; was 5.3. As the factor was larger than 3, we considered this as evidence for the
HO hypothesis (i.e., no difference in sensitivity to wall motion by wall distance).

Experiment 3: Binocular cues contribute to the invariance

The results of Experiments 1 and 2 suggested that genuine representation of translational self-motion
speed underlies the visuomotor adjustments of our walking speed. This shifted our attention to (Q2);
what visual cues contribute to the computation of self-motion speed? In Experiment 3, we examined
whether stereo cues contribute to the estimation by virtually varying the interocular distance (IOD)
(Palmisano et al., 2019).

Here, we used the same far walls, but used white-colored walls with half-height and doubled-density check-
erboard patterns for the near walls. Note that monocular depth cues are removed to maximize the effect of
stereo cues. In one case, these walls were shown with normal IOD (CF condition and CN condition shown in
panels with red and cyan rectangles in Figures 4A and 4B). In another case, these walls were shown with
doubled- and halved IODs, respectively (IF condition and IN condition shown in panels with orange and
purple rectangles in Figures 4A and 4B). We refer to the former two conditions as consistent conditions
and the latter two conditions as inconsistent conditions as the stereo depth cues would be consistent
and inconsistent with the actual wall distance in these conditions, respectively. The IOD was manipulated
by slightly shifting the positions of the walls shown to each eye in the VR space (i.e., see Figure 4C). The
manipulation made the far wall appear as if itis at a near distance and vice versa (see Figure 4D; see Method
details for a geometry-based explanation). Three-factor repeated measures ANOVA, applied to the
correct rate for answering the wall distance, revealed a significant effect of only the cue-consistency
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(see Table ST for details). Correct rate, averaged across the consistent conditions, was 91%. The rate for the
inconsistent conditions was 12.7%.

If the estimation of the translational velocity involves calibrating the sensitivity to the retinal motion based
on the estimated wall distances (geometry for optic flow in STAR Methods), and stereo cues contribute to
the distance estimation, this predicts that estimated self-motion velocity (and therefore the walking speed)
would be similar between the two consistent conditions (CF and CN), but would differ between the two
inconsistent conditions (IF and IN) as the compensation would not work in the latter case. Upper and lower
graphsin Figure 4E show the velocity estimates and differences in walking speed predicted from the model
which assumes the decisive role of the manipulated cue(s) in estimating the wall distance.

Figure 4F shows the walking speed, averaged across all participants (mean and standard error), for the
conditions observed in Experiment 3. Three-factor repeated measures ANOVA revealed main effects
of cue-consistency (F19 = 6.78, p = .029, né = 0.43), wall distance (Fy 5 = 81.8, p<.001, ’7;23 = 0.90), wall ve-
locity (F218 = 40.1, p<.001, ng = 0.82), interaction between cue-consistency and wall distance (F1o = 9.89,
p=.012, ni = 0.52), interaction between cue-consistency and wall velocity (F,15 = 3.77, p = .043, nf) =
0.30) and most importantly, the interaction among the three factors (F,15 = 4.67, p = .023, 7],% = 0.34).

Figure 4G shows the slopes. Two-factor repeated measures ANOVA revealed a significant effect of IOD
(F19 = 9.05, p = .015, né = 0.50) and the interaction between cue-consistency and wall distance (Fy ¢ =
7.67, p= .022, 772 = 0.46). Importantly, while the slopes did not differ between the two consistent
conditions (CF vs CN: t,=0.28, p=0.78,d=0.09), they differed between the two inconsistent conditions
(IN vs IF: t9=2.60, p=.029,d=0.82), consistently with our prediction. The slope for the near wall was
significantly larger than the double of the slope for the far wall in the consistent condition (CN
vs doubled-CF: t3=3.96, p=.003,d=1.25), but not in the inconsistent condition (IN vs doubled-IF:
ty=0.09, p=0.93,d=0.03). This suggested incomplete compensation for the difference in retinal velocity
with inconsistent stereo cues. Our model predicts that the slopes of the CN, IF, and IN conditions would
be 1.0, 0.5, and 2.0 times the slope of the CF condition if the manipulated cue(s) play a decisive role in esti-
mating the wall distance (dotted line; see Equation 14 in STAR Methods). Although the slopes for the CN
and IF conditions were similar to the prediction (two-sided t test between scaled CF slope and slopes of CN
and IF conditions; p > .05), the slope for the IN condition was significantly larger (smaller magnitude) than
the prediction (two-sided t test between scaled CF slope and IN slope; t9=3.2, p=.01,d=1.01). This may
reflect the contributions of other depth cues such as the accommodation cue.

The Bayesian factor BFg; was 4.6 for the consistent conditions, and 0.04 for the inconsistent conditions. This
suggested that the sensitivities to the wall motion were identical between the consistent conditions, but
differed between the inconsistent conditions. The findings of Experiment 3 suggested that stereo cues
contribute to speed estimation.

Experiment 4: Monocular depth cues contribute to the invariance

Our final experiment also addressed (Q2). Here, we tested the contributions of monocular depth cues by
manipulating the structure of the scene so that the far walls appear as if it is near and vice versa under
monocular vision. In order to maximize the effect, vision was limited to the right eye.

The walls used in this experiment are shown in Figure 5A. For near walls with consistent and inconsistent
monocular cues, we used the near walls used in Experiment 2 (CN condition shown in the panel with
blue rectangle) and the near walls used in Experiment 3 (IN condition shown in panel with cyan rectangle),
respectively. For far walls with consistent monocular cues, we used the far walls used in all the previous ex-
periments (CF condition indicated in panel with red rectangle). Finally, for far walls with inconsistent
monocular cues, we used far walls with horizontal gray panels attached to their top and bottom to partly
cover the floor and the ceiling (IF condition indicated in panel with magenta rectangle). As shown in
Figure 5B, the wall distance appeared erroneously in the conditions with inconsistent monocular cues. Par-
ticipants consistently misjudged the distance of the walls in these conditions (Figure 5C). Again, three-fac-
tor repeated measures ANOVA, applied to the correct rate for answering the wall distance, revealed a
significant effect of only the monocular-cue-consistency (see Table S1 for details). Correct rate, averaged
across the consistent conditions, was 88.7%. The rate for the inconsistent conditions was 14.2%. This
confirmed that the monocular depth cues were successfully manipulated.

10 iScience 24, 103390, December 17, 2021

iScience



iScience ¢? CellPress
OPEN ACCESS

A CONSISTENT INCONSISTENT B
o
&
o
<
L
=z
C D E
o 0.85
35 I
»
- o
88 25 3 08
=R IN 73
€ 5] g CF 2 I
® 22> S 075 [ CN
= f ' ' © g 1 CN - cue-consistency* IN
2081 B3 o) distance***, velocity***
o a > 05 ) cue-consistency x distance™*
8 IF 2 cue-consistency x distance x velocity*
8 S 07
2067 S 05 1 15
2 2 IF Relative velocity ratio r
o 3 F
§ 041 g2 CF\\ 0
: 20 ol e N L e
§ é g’ ) CN I - I
E ] = -
502 | 53 0004 cron Tl
c2 9 o
o c IN o IN
- -g 8 3 N
05115 g = 4 -0.08 n.s. o
Relative velocity ratio r a % ) distance*
-5 05 1 15 012 distance x consistency*
Relative velocity ratior ... Prediction

Figure 5. Monocular depth cues contribute to the invariance (Exp. 4; N = 20)
A) Wall conditions (CF: Consistent Far, CN: Consistent Near, IF: Inconsistent Far, IN: Inconsistent Near).
B) Images shown to the right eye.

D) Upper graph shows the normalized self-motion velocity estimate predicted for each condition based on our model
Equation 14 in STAR Methods) Lower graph shows the normalized differences in walking speed relative to the static far
wall condition (F, r=1.0) predicted from the model.

(E) Walking speed plotted against the relative velocity ratio.

(F) Slope of linear fit between walking speed and the wall-relative head velocity (i.e., sensitivity to wall motion). Dotted
lines indicate model-predicted slopes. In panels (C), (E), and (F), plots and error bars indicate averages and standard
errors across participants. *, **, and *** represent p < 0.5, p < .01, and p < .001, respectively (ANOVA/paired t test).
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Predictions were similar to those made in Experiment 3. If the estimation of translational velocity involves
calibrating the sensitivity to retinal motion based on the estimates of wall distances, and monocular cues
contribute to the distance estimation, the estimated velocity (and therefore the walking speed) would be
similar between the two consistent conditions, but would differ between the two inconsistent conditions as
the compensation would not work in the latter case. Upper and lower graphs in Figure 5D show the velocity
estimates and differences in walking speed predicted from the model which assumes the decisive role of
the manipulated cue(s) in estimating the wall distance.

Figure 5E shows the walking speed. Three-factor repeated measures ANOVA revealed the main effects
of monocular-cue-consistency (Fi19 = 6.44, p = .02, nf) = 0.25), wall distance (F113 = 24.8, p<.001,
7% = 0.56), wall velocity (Fp38 = 42.1, p<.001, n2 = 0.68), and the interaction among the three factors
(F238 = 3.58, p = .038, nfj = 0.16).

Figure 5F shows the slopes. Two-factor repeated measures ANOVA revealed a significant effect of wall dis-
tance (Fy19 =5.56, p =.029, ng =0.23) and the interaction between monocular-cue-consistency and wall
distance (Fi19 = 6.57, p = .019, nf) = 0.26). Importantly, while the slopes did not differ between the
two conditions with consistent monocular cues (HN-GP vs FF: t;9=0.11, p=0.91,d=0.03), they differed be-
tween the two conditions with inconsistent monocular cues (HN-WP vs FF-GP: t9=2.98, p=.008,d=0.67), in
agreement with our prediction. The slope for the near wall was significantly larger than the double of the
slope for the far wall in the consistent condition (CN vs doubled-CF: t19=2.67, p=.015,d=0.60), but not in the
inconsistent condition (IN vs doubled-IF: t;9=0.15, p=0.87,d=0.03). Our model predicted that the slopes of
the CN, IF, and IN conditions would be 1.0, 0.5, and 2.0 times the slope of the CF condition if the manip-
ulated cue(s) play a decisive role in estimating the wall distance (dotted line; see Equation 14 in STAR
Methods). Neither of these predictions was significantly different from the data (two-sided t test between
scaled CF slope and CN, IF, IN slopes; p > .05).

Bayesian factor BFg; was 3.3 for the consistent-cue conditions, and 0.05 for the inconsistent-cue conditions.
This suggested that the sensitivities to the wall motion were identical between the consistent conditions,
but differed between the two inconsistent conditions. The findings of Experiment 4 suggested the contri-
bution of monocular depth cues.

DISCUSSION

Our study repeatedly showed that visuomotor adjustments of walking speed, driven by optic flow under a
constraint on stride frequency, are invariant to changes in depths of objects in the scene (Experiments 1, 2,
and consistent conditions of Experiments 3 and 4). Although depth-invariance of postural responses to vi-
sual motion can be explained by the minimization of retinal slips (Dijkstra et al., 1992), the observed invari-
ance is clearly inconsistent with feedback control of retinal velocity. The invariance was not explained by
temporal-frequency coding (Experiment 2) previously suggested underlying speed constancy (McKee
and Smallman, 1998). Meanwhile, it broke down when monocular or binocular depth cues were manipu-
lated (Experiments 3 and 4). Our study thus suggests that the visuomotor system embeds a speedometer
that estimates self-motion speed from vision by integrating depth and motion cues.

Our results are inconsistent with several variants of walking-speed adjustments based on retinal velocity or
temporal frequency. For instance, the representation of the walking speed could be a linear summation of
the translational and retinal velocities. However, when we regressed the walking speeds with both the rela-
tive translational velocity and the relative angular velocity of the walls for the experiments in which we
tested the invariance (note that this correlates with temporal frequency in Experiment 2), only the weight
of the former factor was significant (See Figure S1). One may also speculate that the brain predicts the
retinal velocity (or temporal frequency) for the preferred walking speed, and take the prediction error in
those dimensions to adjust the walking speed. In fact, such predictive coding has been suggested to ac-
count for optic-flow-speed perception (Durgin et al., 2005). Such feedback control, however, is inconsistent
with our observation that sensitivity to wall motion did not depend on the wall distance.

Instead of the easy solutions, our results suggested that the visuomotor system solves the geometric prob-
lem of estimating self-motion speed from vision by integrating depth and motion cues. The fact that the
depth-invariance persisted when monocular and binocular cues were removed (Experiments 3 and 4) sug-
gests major contributions of both cues. This was confirmed by showing that the manipulation of each cue
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breaks the invariance. Importantly, earlier evidence on the predominance of peripheral visual area
(>30 deg) in controlling posture (Brandt et al., 1973; Lestienne et al., 1977) and locomotion (Stoffregen
et al., 1987) does not rule out stereo contributions to the speed estimation as a large portion of peripheral
vision (<120 deg) is available binocularly, interocular velocity difference can be calculated across widely
separated regions (Greer et al., 2016), and depth and motion-in-depth estimations are based on the inte-
gration of binocular and monocular cues (Landy et al., 1995; Regan and Beverley, 1979). In estimating the
depth, monocular cues may be beneficial in estimating the depth structure of the whole scene.

Regarding the whole control framework, all our results are consistent with a model which assumes that (H1)
self-motion speed is estimated from vision by integrating monocular/binocular depth and motion cues,
(H2) estimates of different sensory modalities are integrated based on their reliabilities (optimal integration
theory (Campos et al., 2012; Ernst and Banks, 2002)), and (H3) walking speed is adjusted so that the multi-
modal estimate would match the preferred speed (Figure 6A; see modelsubsection in STAR Methods).
Optimal integration theory (H2) predicts that the visual contribution would decrease when its reliability de-
teriorates. It is worth noting, in this regard, that the estimated sensitivities to the wall motions were rela-
tively smaller in experiments that included inconsistent conditions (Experiments 1 and 2 vs consistent con-
ditions in Experiments 3 and 4), and were even smaller with monocular vision (consistent conditions of
Experiment 4). Note that the magnitudes of the slopes would correlate with the ratio between the sensory
weightings (Equation 14 in Model subsection of STAR Methods).

Our finding contrasts with the earlier observation of distance-dependent self-motion estimations in hu-
mans. Several factors could explain the contrast. First, many earlier studies provided visual stimuli in 2D.
These stimuli may not have provided enough cues to fully recover the self-motion speed. Second, the
fact that participants actually moved may have contributed to the invariant estimation as consistency
among multisensory signals could prevent erroneous interpretation of the visual input. Earlier studies
showed that locomotion actually impacts optic flow processing (Durgin et al., 2005; Yabe and Taga,
2008). Finally, depth-invariant speed estimation may be a unique feature of the implicit visuomotor system.
In our study, post-study questionnaires confirmed that the adjustments were implicit. Many studies have
suggested that such implicit visuomotor responses may involve visual-motion processing pathways that
differ from those for perception (Bridgemen et al., 1981; Gomi et al., 2006; Goodale et al., 1986). Interest-
ingly, while an earlier study (Palmisano et al., 2019) suggested that virtually doubling the IOD during
viewing optic flow causes the perceived motion-in-depth speed to increase, we found that the same manip-
ulation decreases the sensitivity to the wall motion in adjusting the walking speed (comparison of slope be-
tween CF and IF: t9=4.25, p=0.002,d=1.35). Although several factors (e.g., stimuli, fixation) differ between
the two studies, the contrast may represent the dissociation between perceptual and motor processes.

To conclude, our study revealed the ability of our visuomotor system to automatically estimate self-motion
speed from vision on the fly by integrating depth and motion cues. A similar ability has been tested in various
species (Altshuler and Srinivasan, 2018; Creamer et al., 2018; David, 1982; Saleem et al., 2013; Scholtyssek
et al., 2014), starting with the seminal work on honeybees (see Srinivasan, 2011 for review). Although some
insects showed the ability to estimate speed or traveled distanced from vision independently of contrast
and spatial frequency of the optic flow pattern (Fry et al., 2009; Si et al., 2003), robustness to changes in depth
has rarely been observed and demonstrates the marvelous efficiency of the human visual system. Self-motion
speed estimation from monocular vision has only recently been explored in the field of computer vision (Li et
al., 2018; Wang et al., 2017; Zhan et al., 2018) and further study on the primate visual odometry system may
contribute to developing advanced algorithms for speed monitoring in artificial systems.

Limitations of the study

While our study suggests the existence of a speedometer in the human visuomotor system, several ques-
tions remain to be addressed. First, our observation of depth-invariant adjustment of walking speed based
on vision is limited to a situation in which the stride frequency is specified. Although the finding by Prokop
et al. (1997) suggests that involuntary adjustments of walking speed based on optic flow are predominantly
owing to changes in stride length even without the specification of stride frequency, depth-invariance of
the adjustment in unconstrained locomotion remains to be confirmed.

Second, while our setup controlled the use of several cues (HMD: accommodation, fixation: vergence), the
contribution of specific binocular and monocule cues remains to be clarified. For example, the advantage
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Figure 6. Computational model for the walking speed adjustment

(A) shows the block diagram of our model. The visual system estimates the walking speed based on optic flow and depth cues. Other sensory modalities also
provide an estimate of the speed. These estimates are integrated based their reliabilities (most-likelihood estimation). The resulting multimodal estimate is
then compared with the desired speed to adjust the walking speed (feedback control).

(B) Shows the geometric relationship between the translational velocity, depth, and optic flow speed.

(C) Impact of IOD manipulation on the geometric relationship between the observer, fixation, and point on the wall. Observer fixates on point F and point P
on the wall moves relative to the observer at velocity ve. When point Pis fixed to the environment, the relative velocity corresponds to the self-motion velocity
(—vp). Dotted lines indicate a situation when IOD is virtually halved (k = 1/2) for the wall (Pgr and P, indicate the position of point P shown to the right and left
eye, respectively). The manipulation doubles the estimated distance of the side walls and the estimated velocity.

of stereo vision could be explained based on depth cue (binocular disparity) or the combination of depth
and motion-in-depth cues (Harris and Watamaniuk, 1995) (changing disparity and/or interocular velocity
difference) (see method details). Similarly, visual manipulation in Experiment 4 changed several monocular
depth cues (Brenner and Smeets, 2018) together; that is, size-cue (retinal height of the sidewalls), perspec-
tive cue (angle of the sidewalls), and height-in-the-field cue (declination angle of the bottom of the
side walls from the horizon; see Ooi et al., 2001). Only the last cue specifies the absolute depth. In our
experiment, the fixation point was always at eye level. This may have facilitated the use of the height-in-
the-field cue.

Finally, it remains unclear how the self-motion velocity is computed in the brain. Optic-flow-velocity
coding, invariant to variations in spatiotemporal frequencies, is found in the dorsal stream of the pri-
mate brain, starting from the complex cells in V1 (Priebe et al., 2006) and continuing to areas MT (Per-
rone and Thiele, 2001; Priebe et al., 2003) and MSTd (Kawano et al., 1994). Although cells in V1 are
mostly limited to coding motion energy, pattern-direction sensitivity initiates in MT (Movshon et al.,
1985; Pack and Born, 2001) and increases in MST (Khawaja et al., 2013). During pursuit eye movements,
responses of MST neurons are more correlated with the motion of image on screen whereas those of
MT neurons are more correlated with retinal motion (Chukoskie and Movshon, 2009; Inaba et al., 2007).
Interestingly, MT and MST neurons also encode depth in terms of binocular disparity or surface layout
(Uka and DeAngelis, 2006) and area MT (Bradley et al., 1998; Czuba et al., 2014; Sanada and DeAngelis,
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2014), as well as human MT+ (Rokers et al., 2009), are also reported to be sensitive to stereo cues on
motion-in-depth. Subpopulations of neurons in areas MSTd (Duffy and Wurtz, 1997; Tanaka and Saito,
1989), VIP (Bremmer et al., 2002; Schaafsma and Duysens, 1996), and 7a (Avila et al., 2018; Phinney and
Siegel, 2000) of the primate brain are found to be selective to optic flow patterns indicative of 3D self-
motion. Among these, activities in MSTd (Duffy and Wurtz, 1997; Orban et al., 1995) and 7a (Avila et al.,
2018; Phinney and Siegel, 2000) are found to depend on flow speed. However, the invariance of these
speed coding to variation in-depth as well as the neural processes which enable the invariant estima-
tion remains to be clarified. Our method of examining the speed estimation process by measuring the
automatic response in adjusting walking speed may play a pivotal role in addressing these neurosci-
ence questions.
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REAGENT or RESOURCE SOURCE

IDENTIFIER

Software and algorithms

MATLAB (R2007b) MathWorks RRID: SCR_001622
Unity (5.4.1.f1) Unity Technologies
RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to the lead contact, Shinya Takamuku
(shinya.takamuku.ka@hco.ntt.co.jp)

Materials availability

This study did not generate new unique reagents.

Data and code availability

® Experimental data is provided as supplemental information.

® For providing the stimuli, we used HTC Vive (Niehorster et al., 2017) and Unity5. For data analysis, we
used MATLAB (version R2007b) and the Bayes factor calculator: https://medstats.github.io/
bayesfactor.html

® Any additional information required to reanalyze the data reported in this paper is available from the
lead contact upon reasonable request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

A total of 50 neurologically intact participants (15 males and 35 females; 37.1+8 y.o., mean+s.d.) were re-
cruited to participate in four experiments. Experimental procedures were approved by the NTT Commu-
nication Science Laboratory Research Ethics Committee and were conducted in accordance with the
Declaration of Helsinki. Informed consent was obtained from all participants.

METHOD DETAILS

Experimental apparatus

HTC Vive (Niehorster et al., 2017) was used to provide the visual stimuli and record the head position (both
at 90 Hz). Distance between the left and right displays was adjusted for each participant by measuring their
IOD. The controller was used to answer the wall distance. The corridor was built using a VR software (Unity).
The floor and the ceiling were white and had no textures. The sidewalls always had a height of 2.5 m, but
had different panels, checkerboard patterns and disparities depending on the wall conditions used in each
experiment.

General task

Participants walked seven steps starting from the right foot (Figure 1B) along the virtual corridor while
viewing a fixation point always placed 3 m ahead. The rhythm of their locomotion was controlled by giving
an instruction to step on the floor in sync with periodic beeps at interval of 700 ms. Their task was to keep a
constant walking velocity by concentrating on their bodily sensations while disregarding vision. A question-
naire was given to the participants after completing the experiment, and all of them denied their use of
vision on adjusting their walking speed. In each trial, participants answered the distance of the sidewalls
before initiating their locomotion. There were no time limits for giving this answer, but eye and head mo-
tions were prohibited.
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Experiment 1

Ten typical adults (2 males and 8 females; 40.0+7 y.o., mean +s.d.) participated in the experiment. Partic-
ipants walked along a virtual corridor in which the sidewalls were placed either at a distance of 0.5 (N) or 1.0
(F) m from the center (green and red walls in Figure 2C). Checkerboard pattern with full-height (2.5 m) and a
spatial frequency of 2.0 cycle/m was attached to both walls (green and red panels in Figure 2A). The two
walls were easily distinguishable (Figure 2B). There were 6 conditions in total: two wall conditions com-
bined with three wall-velocity conditions (relative velocity ratio: r=0.5, 1.0 and 1.5). Conditions with wall
motion (r=0.5 and 1.5) and without wall motion (r=1.0) were repeated 20 and 120 times, respectively.
The order of the conditions were pseudo-randomized across trials.

Experiment 2

Ten typical adults (3 males and 7 females; 38.1+10 y.o., mean ts.d.) participated in the experiment. The
experiment was similar to Experiment 1, but the near wall had a checkerboard pattern with half-height
(1.25 m), doubled (4.0 cycle/m) spatial frequency (N: blue panels in Figure 3A). The height of the pattern
was adjusted for each participant so that patterns of the far and near walls would appear at the same retinal
area (blue wall in Figure 3C). The panel of the wall had a color (gray) which differed from the color of the
floor or the ceiling (white). This provided a monocular cue to distinguish the distances of the two walls
(red and blue panels in Figure 3B). Again, there were 6 conditions in total: two wall conditions combined
with three wall-velocity conditions. Conditions with wall motion and without wall motion were repeated 30
and 60 times, respectively. The order of the conditions were pseudo-randomized across trials.

Experiment 3

Ten adults (3 males and 7 females; 31.3+9 y.o., mean+s.d.) participated in the experiment. Here, inter-
ocular distance (IOD) was virtually manipulated by slightly shifting the position of the sidewalls shown
on the left and right displays (Figure 4C). The far wall was identical to those used in Experiments 1 and
2, and the near wall was similar to that used in Experiment 2 except the fact that the panel was white.
The walls were shown either with normal 10D (CF and CN walls shown in red and cyan panels of Figure 4A)
or with manipulated IOD (IF and IN walls shown in orange and purple panels of Figure 4A). The walls were
designed to limit the contribution of monocular depth cues (Figure 4B) and to maximize the contribution of
the binocular cues. Far wall shown with doubled 10D (IF) was perceived to be near, and near wall shown with
halved IOD (IN) was perceived to be far (Figure 4D). There were 12 conditions in total: two cue-consistency
conditions, two wall conditions, and three wall-velocity conditions. Conditions with wall motion and
without wall motion were repeated 20 and 60 times, respectively. The order of the conditions were
pseudo-randomized across trials.

Experiment 4

Twenty typical adults (7 males and 13 females; 38.2+6 y.o., mean+s.d.) participated in the experiment.
Number of participants was doubled based on finding of pilot study that sensitivity to wall motion are
approximately halved with monocular vision. Here, in order to specifically examine the contribution of
monocular depth cues, images were shown only to the right display. The walls used in this experiment
are shown in Figure 5A. For near walls with consistent and inconsistent monocular cues, we used the
near walls used in Experiment 2 (indicated in blue) and Experiment 3 (indicated in cyan), respectively.
For far wall with consistent monocular cues, we used the far wall used in all the previous experiments (indi-
cated in red). Finally, for far walls with inconsistent monocular cues, we used far walls with horizontal gray
panels attached to its top and bottom to partly cover the floor and the ceiling (IF, magenta panel in Fig-
ure 5A). As shown in Figure 5B, the wall distance appeared erroneously in the conditions with inconsistent
monocular cues (IN and IF). There were 12 conditions in total: two monocular-cue-consistency conditions,
two wall conditions, and three wall-velocity conditions. Conditions with wall motion and without wall mo-
tion were repeated 20 and 60 times, respectively. The order of the conditions were pseudo-randomized
across trials.

Geometry of optic flow

Figure 6B illustrates the geometric relationship between the translational self-motion, the depth of the
scene, and the optic flow. When participant moves at speed V m/s while observing a fixed point P, the
speed can be approximated from three attributes of P, its distance (d m), its angle relative to the heading
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direction (0 rad), and its relative angular velocity (6 rad/s; corresponding to the optic flow), based on the
following relation.

V=(d sin0)0 (Equation 1)

This means that, when the rotational components of optic flow can be canceled out, self-motion speed can
be estimated by scaling the retinal-motion speed at a certain location on the retina relative to the focus of
expansion with the estimated distance. In our setup, the relationship can be further simplified using the
distance of the walls (D m) as follows.

V=D (Equation 2)

Model

Figure 6A illustrates the model used to design and analyze our experiments. The estimate of walking
speed (V m/s) is obtained as a linear summation of estimates based on vision (V, m/s) and other modalities
(Vo m/s); ie.,

V= w, Vv +wC,Vo (Equation 3)

where w, and w,, represent the weight given to each estimate. This is based on an earlier study (Campos
et al., 2012) which suggested that such basic linear model based on most-likelihood estimation explains
the multimodal estimation of walked distance. The walking speed is then adjusted so that the estimate
equals the desired walking speed (V4 m/s).

V=vy (Equation 4)

We can assume that the other modalities provide accurate estimate of the walking speed.
Vo =V (Equation 5)
Solving Equations (3), (4), and (5) gives the following equation which shows that the converged walking
speed (V) would have a negative correlation with the visual estimate.
wy V .
V.= -2y, + 4 (Equation 6)
WO WO
If vision provides a genuine estimate of the translational velocity, the visual estimate would correspond to
the wall-relative head velocity (V,), the translational velocity of the walker's head relative to the sidewalls,
i.e.,
V,, =V.=rV. (Equation 7)
r represents the relative velocity ratio. Note that, since head-relative wall velocity is —V,, top left panels in
Figures 2D and 3E also indicate the wall-relative head velocity (i.e., the two velocities have the same
normalized values). When we fit the converged walking speed with the wall-relative head velocity, the slope
would not depend on the distance of the sidewalls (see bottom left panels of Figures 2D and 3E) and would
represent the ratio of the integration weights as follows.

Ve= ——V,+— (Equation 8)
w

On the other hand, if the visual estimate of the walking speed is proportional to the velocities of the motion
signals on the retina (retinal velocity hypothesis), it would be proportional to the angular velocity (V, rad/s)
of the sidewalls relative to the walker as follows (remember Equation 2).

When we fit the converged walking speed with the wall-relative head velocity, the slope would depend on
the wall distance as described by the following equation (see bottom right panel of Figure 2D). Krepresents

Vv (Equation 9)

a constant.

v K v
V.= Mgy, do Wy Y (Equation 10)
Wo Wo Wo D Wo

¢? CellPress

OPEN ACCESS

iScience 24, 103390, December 17, 2021 21




¢? CellPress

OPEN ACCESS

If the visual estimate depends on the temporal frequencies of motion signals on the retina (temporal fre-
quency hypothesis), it would be proportional to the temporal frequency of the sidewalls (F; cycle/s) relative
to the walker as follows:

where F cycle/rad is the spatial frequency of the pattern on the retina. This predicts the relation described
by the following equation. K’ represents a constant.

v (Equation 11)

v K'F,. V
Vo= —Mvgp  2d WelRTsy  Vd (Equation 12)
W, W, w, D Wo

Since Fis identical among the two walls in Experiment 2, this predicts the relation illustrated in the bottom
right panel of Figure 3E.

If the translational self-motion velocity (walking speed) is estimated by scaling the retinal motion velocities
with the estimated distance of the sidewalls (D m) i.e., estimation based on Equations 1 or 2), the visual
estimate would be as follows.

vV, (Equation 13)
This predicts the following relation.

eV ,D. Vv )

v,z My 4o Wz, Yd (Equation 14)
W, W, w, D W,

The predictions for Experiments 3 and 4 are illustrated in the bottom panels of Figures 4E and 5D,

respectively.

Earlier studies (O'Connor and Donelan, 2012; Prokop et al., 1997) have suggested that optimization based
on direct sensors of metabolic cost, such as central and peripheral chemoreceptors and group IV muscle
afferents, take place in adjusting walking speed over a longer duration. Our model does not cover this
aspect since we only observe the initial phase of the walking-speed adjustment.

Method for normalization

Visual features indicated in the upper graphs of Figures 2D and 3E as well as the model-predicted velocity
estimate indicated in the upper graph of Figures 4E and 5D are scaled so that the baseline condition would
have a value of one. The baseline condition is the baseline wall condition with the walls static (r=1.0). The
baseline wall condition is the F condition in Experiments 1 and 2 and the CF condition in Experiments 3 and
4. When U represents the absolute value, the normalized value u is represented as

U

uzu—b (Equation 15)

where U, represents the absolute value for the baseline condition.

The model-predicted differences in walking speed relative to the baseline condition indicated in the bot-
tom graphs of Figures 2D, 3E, 4E, and 5D also have normalized values (note that our model only predicts
the relative scales of the wall-motion effects). When V represents the walking speed, the difference of
walking speed relative to the baseline condition is represented as

AV =V -V, (Equation 16)

where V,, represents the walking speed in the baseline condition. When the difference in walking speed
caused by the wall motions in the baseline wall condition is represented as AVj,, (note that our model pre-
dicts equal effect sizes for forward and backward motions), the normalized values that the model predicts is
represented as follows.

av-AY
vV =
AV

(Equation 17)
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Possible contributions of stereo cues

In Experiment 3, we found that the IOD manipulation (1) caused the wall distances to be misjudged (near
wall appear far and vice versa) and (2) broke the depth-invariance of the walking speed adjustment. Two
cues could account for these effects.

First, the depth-invariant speed estimation could be realized by scaling the sensitivity to the optic flow
based on the estimated depth. Therefore, stereo depth cues could contribute to the estimation.

Figure 6C illustrates the effects of the IOD manipulation. When the observer fixates on point F, the ver-
gence angle of fixation F (& rad) can be approximated based on distance of point F (yg m) and IOD (I m)
as follows.

I

a=— (Equation 18)
YF
Meanwhile, vergence angle of point P (8 rad) can be approximated based on location of point P (xp,ypm) as
follows.
= e (Equation 19)
X5 +Yp

Using the wall distance D (=xp) m and the orientation of point P relative to the midpoint between the two
eyes as 0p rad, this can be represented as follows.

g~ G s,'nzo,,) E’):A(o,,)é (Equation 20)

Orientation fprad can be approximated using the orientation of point P relative to the right (fg rad) and left
(6, rad) eyes as follows.
O0p=(0r + 6,)/2 (Equation 21)

Binocular disparity of point P (6 rad), on the other hand, can be given as follows.
0=0r—0,=a—f (Equation 22)
Using these relations, wall distance D can be estimated based on fixation vergence «, orientation @p, and
binocular disparity é as follows.
~ AT .
D = Equation 23
a_o (Equation 23)

Then, self-motion speed can be estimated using the geometry of optic flow by scaling the optic flow speed

with the estimated wall distance.

When the IOD for the side walls is increased with gain k,

[ = ki (Equation 24)
vergence angle of point P is increased with gain k.
B =0—-d=k(6—a)=kB (Equation 25)
Meanwhile, orientation @p is unchanged. Therefore, the estimated distance increases with gain 1/k.

3’ = %5 (Equation 26)

This predicts that the far wall (D = 1.0 m) with doubled 10D (FF-DS) would be estimated to be near
(5 = 0.5 m) and near wall (D = 0.5 m) with halved IOD (HN-WP-HS) would be estimated to be far
(D =1.0m). This explains the impact of the IOD manipulation on the wall-distance judgements (Figure 4D).
Furthermore, if the sensitivity to optic flow is scaled according to the estimated depth (see Equation 2), esti-
mated self-motion speed would also increase with gain 1/k. Therefore, this predicts that the walking speed
would increase for the far wall with doubled IOD and decrease for the near wall with halved I0OD. Namely,
the presumed contribution of depth cues also explains the increased difference of sensitivity between the

two conditions with abnormal IOD.
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The effect of IOD manipulation on walking speed may also reflect the contribution of stereo motion-in-
depth cues. When we assume that point P moves in the y axis with velocity ve m/s and the fixation remains
at the same distance, temporal derivative of the disparity can be given as follows.

3 _ (¢ —yp)
ot 2. on2VP
(Xp+Yy3)

This can be represented using D and @p as follows.

(Equation 27)

%-‘: sin20pcos(20p)§v,a =B(6p) / Ve (Equation 28)

D?
% rad/s is obtained as changing disparity (change in disparity over time) and inter-ocular velocity difference
(% = Vg — V). When point P is fixed to the environment, self-motion speed (vs) can be estimated from % 0p,

and D as follows.
2
5= —vp=2 D
s P70t B(gs)1

When the IOD is increased with gain k, the temporal derivative of the disparity (and thus the two motion-in-
depth cues) increases with gain k.

(Equation 29)

00\ (kh 96 )
(&) = B(o_‘)p)FvP_ka (Equation 30)
Using Equations (26), (29) and (30), the estimated self-motion speed is expected to increase with gain of 1/k.
2 /12
G (k@) (/) _15 (Equation 31)
s ot B(6p)I Kk s 9

Therefore, the contribution of motion-in-depth cues can also explain the changes in walking speed.

QUANTIFICATION AND STATISTICAL ANALYSIS
Trajectory analysis

Head position was recorded at 90 Hz and low-pass-filtered at 5 Hz using a fourth-order, no-lag, Butterworth
filter. Since the participants were going back-and-forth along the corridor, we inverted the head velocity
recorded in trials with even number. Then, the velocity profile was aligned based on the time when the
participant’s head entered the wall-moving area. Figure 1C shows the procedure for the gait analysis.
We detected the time point when the vertical acceleration of the head peaked for each step. Forward
head velocity tended to peak around these time points, and the use of vertical acceleration provided
robust definition of the peak velocities for each step. Trials in which these peak velocities exceeded their
3 SD ranges were excluded from analysis. When we averaged the peak velocities across all conditions,
there were no significant differences among the velocities of the third, fourth, and fifth steps (p > 0.05).
We therefore calculated the head velocity, averaged across the time window between the time point of
the third step and the time point of the fifth step, as the approximation of the converged walking speed
for each trial.

STATISTICAL ANALYSIS

In analyzing the walking speed for each experiment, we first carried out two- (Experiments 1 and 2: wall dis-
tance and velocity) or three- (Experiments 3 and 4: cue-consistency, wall distance and velocity) factor
repeated-measures ANOVA using R. In Experiments 1 and 2, we further compared walking speed between
two critical conditions to specify the factor underlying the response (paired t test). To analyze how the sensi-
tivity to wall motion differed among wall-types, we fitted a linear function between walking speed and the
wall-relative head velocity for each participant. Then, we compared the slopes between the near and far
walls or between the measured and predicted values (paired t test). The former difference was further
analyzed by calculating a Bayesian Factor (Dienes, 2014)

p(data|HO)

BFov = p(datalH1)

(Equation 32)

24 iScience 24, 103390, December 17, 2021

iScience



iScience ¢? CellPress
OPEN ACCESS

where p(data|H0) and p(data]H1) represents the likelihoods of HO (no difference between the wall condi-
tions) and H1 (sensitivity lower for far wall; assumed a uniform distribution between 0 and the average slope
of the near condition) hypotheses, respectively. Factor above 3 supported the HO hypothesis and factor
below 1/3 supported the H1 hypothesis.

In analyzing the correct rate of judging the wall distance, measured in Experiments 2-4, we carried out two-
(Experiment 2: wall distance and velocity) or three- (Experiments 3 and 4: cue-consistency, wall distance

and velocity) factor repeated-measures ANOVA using R.

Further details on the datasets used for these analysis can be found in Data ST and S2.
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