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Both visual and proprioceptive information contribute to the accuracy of limb movement, but the mechanism of integration of these
different modality signals for movement control and learning remains controversial. We aimed to elucidate the mechanism of multisen-
sory integration for motor adaptation by evaluating single-trial adaptation (i.e., aftereffect) induced by visual and proprioceptive per-
turbations while male and female human participants performed reaching movements. The force-channel method was used to precisely
impose several combinations of visual and proprioceptive perturbations (i.e., error), including an instance when the directions of
perturbation in both stimuli opposed each another. In the subsequent probe force-channel trial, the lateral force against the channel was
quantified as the aftereffect to clarify the mechanism by which the motor adaptation system corrects movement in the event of visual and
proprioceptive errors. We observed that the aftereffects had complex dependence on the visual and proprioceptive errors. Although this
pattern could not be explained by previously proposed computational models based on the reliability of sensory information, we found
that it could be reasonably explained by a mechanism known as divisive normalization, which was the reported mechanism underlying
the integration of multisensory signals in neurons. Furthermore, we discovered evidence that the motor memory for each sensory
modality developed separately in accordance with a divisive normalization mechanism and that the outputs of both memories were
integrated. These results provide a novel view of the utilization and integration of different sensory modality signals in motor adaptation.
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Introduction
The motor system sends a motor command to the motor appa-
ratus, while predicting the sensory consequence by a forward

model (Wolpert et al., 1995). The difference between the actual
and predicted sensory information (i.e., sensory prediction er-
ror) is used to update and refine the motor command in subse-
quent movements, which plays a significant role in adapting the
movement to a novel condition and also performing consistent
movement (Shadmehr et al., 2010). Experimental paradigmsReceived July 21, 2019; revised Nov. 17, 2019; accepted Dec. 13, 2019.
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Significance Statement

The mechanism of utilization of multimodal sensory information by the motor control system to perform limb movements with
accuracy is a fundamental question. However, the mechanism of integration of these different sensory modalities for movement
control and learning remains highly debatable. Herein, we demonstrate that multisensory integration in the motor learning
system can be reasonably explained by divisive normalization, a canonical computation, ubiquitously observed in the brain
(Carandini and Heeger, 2011). Moreover, we provide evidence of a novel idea that integration does not occur at the sensory
information processing level, but at the motor execution level, after the motor memory for each sensory modality is separately
created.
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with visuomotor rotation (Krakauer et al., 2000) or force-field
perturbation (Lackner and DiZio, 1994; Shadmehr and Mussa-
Ivaldi, 1994), have clarified how the motor system uses vision
and proprioception to calculate sensory prediction errors for
motor adaptation. The contribution of the information pro-
vided by each sensory modality has been also investigated by
eliminating visual information (Franklin et al., 2007), recruit-
ing blind (DiZio and Lackner, 2000) and deafferent subjects
(Bernier et al., 2006; Yousif et al., 2015), or disturbing propri-
oceptive information (Pipereit et al., 2006) with the help of
such experimental paradigms.

However, there is controversy regarding the method of inte-
gration of visual and proprioceptive information that are re-
ceived simultaneously. Earlier studies have reported that sensory
signals in different modalities are optimally integrated to esti-
mate the size of an object (haptic and vision; Ernst and Banks,
2002) and to locate the perceived position of a limb (propriocep-
tion and vision; van Beers et al., 1999, 2002). A simple explana-
tion would be that the motor adaptation system estimates the
error size by a similar optimal integration mechanism. However,
such correspondence between the perception of error size and
error processing for motor adaptation is not necessarily guaran-
teed because motor adaptation could progress without awareness
of movement errors (Kagerer et al., 1997; Mazzoni and Krakauer,
2006; Hirashima and Nozaki, 2012; Hayashi et al., 2016).

Furthermore, this mechanism cannot explain the empirical
results obtained when several errors are imposed during reaching
movements. The optimal integration model predicts that the
movement correction induced by error (i.e., aftereffect), which
could reflect the size of the integrated error, linearly increases
with an increase in the error size. However, the aftereffect does
not increase but instead saturates with an increase in the size of an
error (Wei and Körding, 2009; Marko et al., 2012; Kasuga et al.,
2013). Wei and Körding (2009) attempted to explain the afteref-
fect saturation of visual errors by assuming that the increased
dissociation between visual and proprioceptive information de-
creases the relevance of visual error. However, Marko et al. (2012)
demonstrated that congruence between visual and propriocep-
tive errors (i.e., maximal relevance of error) did not eliminate the
saturation effect and posited that the saturation effect is an inher-
ent characteristic of the motor adaptation system. They also pro-
posed a simpler model in which visual and proprioceptive errors
independently contributed to the aftereffect.

Therefore, different mechanisms seem necessary to solve
these inconsistencies. We speculated that divisive normalization
(Carandini and Heeger, 2011) is one such mechanism. It suggests
that neuronal activity is normalized by the pooled activities of
neurons and is considered to be canonical neural computation in
the brain. Ohshiro et al. (2011, 2017) have recently demonstrated
that the multimodal (visual and vestibular) neuronal-activity
pattern can be explained by the divisive normalization mecha-
nism: the stimulus for one of the modalities, even if it failed to
elicit any response by the multisensory neurons, could suppress
the response to the stimulus for another modality if both stimuli
are simultaneously presented (cross-modal suppression). If the
computation based on divisive normalization in the neuronal-
circuit level influences the adaptation behavior, there is a possi-
bility that the motor adaptation pattern induced by various
combinations of visual and proprioceptive errors should also fol-
low the pattern predicted by the divisive normalization mecha-
nism. This study explores this possibility by examining the
mechanism of aftereffect modulation for various combinations
of visual and proprioceptive errors during reaching movements.

Materials and Methods
Divisive normalization model. As a framework for the integration of visual
and proprioceptive information in the motor adaptation system, this
study considered the following divisive normalization model (Webb et
al., 2014; Ren et al., 2016):

f�v,p� �
wvv � wpp

��2 � kvv
2 � kpp2�

1

2

(1)

where f(v, p) is the aftereffect induced by the visual (v) and propriocep-
tive ( p) error (or perturbation) imposed during a reaching movement
and wv, wp, kv, wp, and � are constants. � can be set to unity (i.e., � � 1)
without loss of generality by dividing both the numerator and denomi-
nator with � and by replacing w/� and k/� 2 with w and k, respectively.

Based on the previous study showing that divisive normalization can
explain the activity pattern of multisensory neurons integrating vision
and vestibular signals (Ohshiro et al., 2011, 2017) and vision and propri-
oception (Shi et al., 2013), we speculated that such computation in the
neuronal-circuit level should also be reflected in behavior. In addition,
this model has several notable characteristics to elucidate behavior in
motor adaptation. First, the presence of the normalization term (the
denominator in Eq. 1) might naturally explain why the aftereffect does
not necessarily increase with the error size without introducing addi-
tional mechanisms; the larger error should increase the normalization
term, which can prevent the aftereffect from increasing further. Second,
the model assumes the weighted linear summation of visual and propri-
oceptive error information; the structure of the model is similar to that of
optimal integration model (van Beers et al., 1999, 2002; Ernst and Banks,
2002; for details, see Results). Indeed, it has been argued that a neural
network with divisive normalization can integrate multisensory infor-
mation (Seilheimer et al., 2014).

To experimentally determine the shape of f(v,p) (Eq. 1), we need to
precisely impose various combinations of visual and proprioceptive er-
rors with a wide range of magnitudes. The conventional experiments
using force field and visual rotation are not appropriate for this purpose
because the size of the error should randomly vary among trials. Thus, we
attempted to use the force-channel method (Scheidt et al., 2000) to pre-
cisely and independently impose visual and proprioceptive errors by
deviating the visual cursor and hand movement directions from a target
direction (see the section of Experiments 1 and 2).

General experimental setting. Thirty-four right-handed participants
(26 male, 8 female; aged 20 –31 years) volunteered to participate in the
three experiments. Before the experiments started, we fully explained the
experimental procedures, and written informed consent was obtained
from all participants. The ethics committee of the University of Tokyo
approved the experiments.

The participants performed reaching movements while holding a ma-
nipulandum (KINARM End-point Lab, BKIN Technologies). To reduce
unwanted wrist movement and postural fluctuation, their arms were
constrained by a brace and supported in a horizontal plane with a spring
sling. The green target (diameter: 10 mm) was located 10 cm from the
start position immediately in front of the participant. After 0.5– 0.7 s, the
target color turned to magenta, which was the “go” cue. The participants
were asked to move the handle of the KINARM robot straight toward the
target as smoothly as possible. In Experiments 1 and 3, the cursor (diam-
eter: 10 mm) representing the position of the handle was continuously
visible, whereas the cursor was visible only after the reaching movement
was complete in Experiment 2. At the end of each trial, a warning message
(“fast” or “slow”) appeared when the movement speeds were too fast
(�450 mm/s) or too slow (�250 mm/s). The participants maintained
the hand position at the end of the movement until the robot automati-
cally returned the handle to the starting position (for 1.5 s). The force-
channel method in the perturbation trial (see next section) could not
allow the participants to correct the movement trajectories. Thus, the
cursor could never reach the target under the presence of visual pertur-
bations in Experiments 1 and 3. Similarly, in Experiment 2, the partici-
pants were unable to know the movement distance until completion of
the movement. The participants practiced so that they could terminate

Hayashi et al. • Divisive Normalization in Visuomotor Adaptation J. Neurosci., February 12, 2020 • 40(7):1560 –1570 • 1561



the movement at the appropriate distance (the actual movement distance
was 9.85 � 0.1 cm).

Experiments 1 and 2. In Experiment 1 (10 participants: 8 male, 2 fe-
male; aged 21–25 years) and Experiment 2 (10 participants: 6 male, 4
female; aged 21–31 years), we examined a single-trial motor adaptation
induced by 35 combinations of 7 visual (�45, �30, �15, and 0°; Fig. 1a,
red) and 5 proprioceptive perturbations (�30, �15, and 0°; 1a, blue).
These perturbations were applied by constraining the hand trajectory in
a straight line using the force-channel method. The force channel was
created by a virtual spring (6000 N/m) and dumper [100 N/(m/s)] in the
perpendicular direction to the straight path of the movement. In the
following probe trial, the lateral force against the force channel was mea-
sured to evaluate the aftereffect (Fig. 1a, gray). One set consisted of a
perturbation trial (1 of 35 combinations was pseudorandomly selected)
and a probe trial followed by two ordinary null trials (without the force
channel) to washout the adaptation effect (Fig. 1b). The cursor was al-
ways visible (online feedback: Fig. 1c) in Experiment 1, whereas the cur-
sor was only visible after the completion of the reaching movement
(endpoint feedback: Fig. 1d) in Experiment 2.

Experiment 3. Experiment 3 aimed to determine the stage at which the
visual and proprioceptive information is integrated. There are two po-
tential models: the modality-shared motor memory model (Fig. 2a) or
the modality-specific motor memory model (Fig. 2b). The modality-
shared motor memory model (Fig. 2a) assumes that visual and proprio-
ceptive sensory prediction errors are used to estimate a single integrated

error according to a divisive normalization mechanism, and this inte-
grated error is used for updating motor memory. According to Equation
1, this update process can be expressed as follows:

X�i � 1� � �X�i� �
wvv�i� � wpp�i�

�� � kvv
2�i� � kpp2�i�	

1

2

(2)

where X(i) is the motor memory in the ith trial and � is a retention
constant.

In contrast to this ordinary interpretation of multisensory integration,
the modality-specific motor memory model (Fig. 2b) assumes that the
motor memories of each modality are separately updated, and then the
outputs from these motor memories are integrated. This update process
can be expressed as follows:

xv�i � 1� � �vxv�i� �
wvv�i�

�� � kvv
2�i� � kpp2�i�	

1

2

(3)

xp�i � 1� � �pxp�i� �
wpp�i�

�� � kvv
2�i� � kpp2�i�	

1

2

(4)

X�i � 1� � xv�i � 1� � xp�i � 1� (5)
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Figure 1. Procedures of Experiments 1 and 2. a, Participants made reaching movements toward a front target (distance, 10 cm). In the perturbation trial, the force channel was used to provide
a visual and/or proprioceptive perturbation. There were 35 combinations of perturbations in total (7 visual perturbations from 
45 to 45° and 5 proprioceptive perturbations from 
30 to 30°). In
the subsequent probe trial, the force channel was used to measure the aftereffect. b, The perturbation and probe trials were followed by two null trials to washout the effect of adaptation. This small
block was repeated. c, In Experiment 1 (online feedback condition), the cursor was always visible during the reaching movement. d, In Experiment 2 (endpoint feedback condition), the cursor
disappeared at movement onset and reappeared only after completion of the movement.

Figure 2. Possible integration scheme and the procedure of Experiment 3. In the modality-shared motor memory model (a), visual and proprioceptive errors are integrated by the divisive
normalization mechanism to obtain the integrated error information. Motor memory is updated by the integrated error. In contrast, in the modality-specific motor memory model (b), visual and
proprioceptive memories are independently created. c, d, Experiment 3 was designed to determine which integration scheme was more likely. After 20 force-channel trials to the forward target,
gradually increasing visual and proprioceptive perturbations were imposed in the opposite direction (60 trials). This perturbation phase was followed by a washout phase in which the force-channel
trials to the forward target were repeated (50 trials). The prediction of lateral force during the washout phase by the modality-shared motor memory model (e; Eq. 2) and by the modality-specific
motor memory model (f; Eqs. 3–5). The modality-specific motor memory could exhibit the emergence of aftereffect (i.e., motor output) during the washout phase only if the retention constants (�p

and �v in Eqs. 3 and 4) differed sufficiently.
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where xv(i) and xp(i) are the motor memory for vision and propriocep-
tion, respectively, �v and �p are their retention constants, and X(i) is the
total amount of motor memory.

Notably, the modality-shared motor memory model has only one re-
tention constant, whereas the modality-specific motor memory model
has two different retention constants. If the two retention constants in
the modality-specific motor memory model are similar, it is challenging
to discriminate between the two models by merely observing the X(i)
(indeed, when �v � �p � �, substituting Eqs. 3 and 4 for Eq. 5 yields Eq.
2). However, if the difference between �v and �p is sufficiently large, the
trial-dependent behavior of X(i) should contain the influence of two
retention constants.

On the assumption that both retention constants were different, we
designed Experiment 3 to determine which model was more likely. Four-
teen participants (12 male, 2 female; aged 20 –25 years) performed 130
reaching movements (Fig. 2c,d). After being familiarized with the proce-
dures, they performed reaching movements with the force channel in the
baseline session (20 trials). The participants were then simultaneously
exposed to the visual and proprioceptive perturbations in the perturba-
tion session (60 trials). The degrees of perturbation were gradually in-
creased at a rate of 0.5–30°. The directions of the perturbations were
opposite and counterbalanced across the participants. In the subsequent
washout session, they again performed reaching movements with the
force channel (50 trials). The participants were instructed to aim toward
the frontal target consistently throughout the experiment.

In both models (Fig. 2e,f ), the aftereffect immediately after the com-
pletion of the perturbation phase is expected to be almost absent or small
because the perturbations are imposed in the opposite directions. How-
ever, both models provide completely different predictions during the
subsequent washout phase if the retention constants �p and �v in Equa-
tions 3 and 4 differ sufficiently. In the modality-shared motor memory
model, the aftereffect should remain absent or merely decay during
washout trials (Fig. 2e). In contrast, the modality-specific motor memory
model should develop modality-specific motor memories in the opposite
directions (Fig. 2f ). If the retention constants (�p and �v) are different,
the time-constant of trial-dependent decay should differ between the
memories, and resultantly the motor memory of the slower modality
could emerge as the washout trials progress (Fig. 2f ). It should be noted
again that if the differences in the retention constants are small such
behavior cannot be observed.

Data analysis. The position and force data of the handle were sampled
at a rate of 1000 Hz and filtered by a fourth-ordered zero-lag Butterworth
filter with cutoff a frequency of 10 Hz. The position of the handle was
numerically differentiated to obtain the handle velocity. We quantified
the aftereffect in the probe trials as the integrated lateral force Fx(t) over
the time interval (i.e., force impulse) from the force onset to the time
at the peak handle velocity ( T). Theoretically, this measure is almost
equivalent to the possible lateral handle velocity vx(t) that could be ob-
served if the force channel is absent �vx�T� � �0

TFx�t�dt�. Because the peak
handle velocity toward the target in the probe trial vy( T) was always
almost constant, the movement direction at the time T (arctan
�vx�T�/vy�T�) can be approximated by the force impulse �0

TFx�t�dt, be-
cause the arctan �vx�T�/vy�T� � vx�T�/vy�T� � �0

TFx�t�dt. Thus, the force
impulse can be regarded as the movement direction evaluated in the
conventional probe null trial (Kasuga et al., 2013). This guaranteed that
the aftereffect pattern we observed should not depend on this measure.
We also quantified the amount of online feedback force in the perturba-
tion trials as the integrated lateral force over the time interval from the
time at the peak handle velocity to movement termination.

Results
Aftereffects to each of visual and proprioceptive error
Figure 3 illustrates the evolvement of lateral force with the move-
ment time in the probe trials after only visual (Fig. 3a) or propri-
oceptive perturbation (Fig. 3b) was imposed. The presence of an
aftereffect was confirmed as the lateral force in the direction op-
posite to the error imposed in the preceding perturbation trial.
The aftereffect was quantified as the integrated lateral force over

the time interval from the force onset to the time at the peak hand
velocity (i.e., feedforward component; Fig. 3c, inset). Notably,
not only the visual (Fig. 3c; one-way repeated-measures ANOVA,
F(6,54) � 21.979, p � 6.101 � 10
13), but also the proprioceptive
perturbation (Fig. 3d; F(4,36) � 18.861, p � 1.934 � 10
8) could
elicit aftereffects, although the cursor safely reached the target,
indicating that the proprioceptive sensory prediction error was
also used for motor adaptation (Pipereit et al., 2006; Franklin et
al., 2007). Furthermore, as reported in previous studies (Körding
and Wolpert, 2004; Wei and Körding, 2009; Marko et al., 2012;
Kasuga et al., 2013), the aftereffect did not increase linearly with
the size of perturbation.

Aftereffects of combinations of visual and
proprioceptive errors
Figure 4a–e illustrates the modulation of the lateral force induced
by visual perturbation with additional proprioceptive perturba-
tion. As indicated in Figure 4c, the positive and negative visual
perturbations induced negative and positive lateral force (after-
effects), respectively. However, when �30° proprioceptive per-
turbation was additionally imposed (Fig. 4a), the aftereffect
curves for the negative visual perturbations (
15, 
30, 
45°)
were considerably suppressed, whereas the aftereffect curves for
the positive visual perturbation (15, 30, 45°) were only slightly
altered. The suppression of the lateral force for the opposite visual
and proprioceptive perturbation directions and the relatively un-
changed lateral force for the same perturbation directions was
widely observed when the other amounts of proprioceptive per-
turbations (
30, 
15, and 15°) were additionally imposed (Fig.
4a–e).

Figure 4f demonstrates the aftereffects of all 35 combinations
of visual and proprioceptive perturbations. There was a signifi-
cant interaction between visual and proprioceptive perturbations
(two-way repeated-measures ANOVA, F(24,216) � 3.479, p �

a c

b d

Figure 3. Aftereffects of visual or proprioceptive perturbation in Experiment 1. Time series of
the lateral force exerted against the force channel in the probe trial after either visual (a) or
proprioceptive perturbation (b) was imposed. The relationship between the aftereffect and the
size of the visual (c) or proprioceptive (d) error. The aftereffects were quantified by the inte-
grated lateral force from the force onset to the time of peak velocity (c, inset). The error bars
represent the SE across participants.
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5.233 � 10
7), indicating that the effect of proprioceptive per-
turbation on visual perturbation was not simply additive. Fig-
ure 4f also suggests that the degree of modulation with visual
perturbation size (i.e., the amplitude of each line) decreased
with additional proprioceptive perturbations. To evaluate the
size of the modulation, we calculated the difference between
the aftereffects for positive visual perturbations (15, 30, and
45°) and those for negative visual perturbations (
15, 
30,
and 
45°; Fig. 4g). A one-way repeated-measures ANOVA
indicated that the size of the modulation significantly differed
between the size of the proprioceptive perturbations (F(4,36) �
10.27, p � 1.518 � 10 
7). A post hoc test revealed that the size
of the modulation significantly decreased with the size of the
additional proprioceptive perturbation (Fig. 4g; p � 0.05 by
Bonferroni–Holm correction).

In the present experiment, there were five conditions in which
the visual perturbation was identical to the proprioceptive per-
turbation (i.e., 0, �15, �30°). In these conditions, the relevance
of the visual error was perfectly maintained, predicting that the
aftereffects were not saturated with the size of the error (Wei and
Körding, 2009). However, as indicated in Figure 4h, saturation of
the aftereffects was still observed; the size of the aftereffect for �
30° was not larger than that for �15° (
30° vs 
15°, t(9) � 1.934,
p � 0.0851; 30° vs 15°, t(9) � 1.631, p � 0.1372, respectively).

Aftereffect pattern predicted by various computational models
Divisive normalization
First, we attempted to determine whether the divisive normaliza-
tion model (Eq. 1) could reasonably explain our results. Figure 5a
indicates f(v,p) obtained by fitting the model to the data using the
least square method (R 2 � 0.9423, wv � 97.61, wp � 151.1, kv �
1.99, kp � 7.73). Notably, this model captured the remarkable
features of the experimental results. First, the size of the afteref-
fect did not linearly increase with the size of the error due to the
presence of a normalization factor (Figs. 4f, 5a). Second, the size
of the aftereffect modulation by the visual error decreased with
the size of the proprioceptive error (Figs. 4g, 5b). Third, the rel-
evance of the error was not related to the saturation of the after-
effect with the error size (Figs. 4h, 5c). As described below, other
models cannot reproduce these features and this model provides
the smallest BIC (Bayesian information criterion: 204).

The optimal estimation of the error
Previous studies (van Beers et al., 1999, 2002) have shown that
the hand location is optimally estimated using visual and
proprioceptive information. Applying the same mechanism
leads to the optimally estimated hand location (h) as follows:

h �
�p

2

�v
2 � �p

2v �
�v

2

�v
2 � �p

2 p, where v and p are the visual and

proprioceptive errors, and �v
2 and �p

2 are their signal uncer-

a b c d e

f g h

Figure 4. Aftereffects when various combinations of visual and proprioceptive perturbations were applied (Experiment 1). Each panel presents the lateral force exerted against the force channel
in the probe trials after seven different visual perturbations were imposed [proprioceptive perturbation � 30° (a), 15° (b), 0° (c), 
15° (d), 
30° (e)]. f, The dependence of the aftereffect on the
size of the visual error. Each line represents the aftereffect when different proprioceptive errors were simultaneously imposed. g, The presence of proprioceptive error decreased the amplitude of the
aftereffect modulation of the visual error size. The amplitude was calculated as the difference between the aftereffects of positive and negative visual perturbations (inset). h, Even when the visual
and proprioceptive errors were identical, saturation of the aftereffect with the error size was still observed. The error bars represent the SE across participants.
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tainties (variance). We further considered that the motor sys-
tem corrects the movement direction by integrating the
estimated hand location with the predicted hand location
(Burge et al., 2008; Wei and Körding, 2010). If the predicted
hand location is unbiased and its variance is � 2, the aftereffect
f(v,p) should be expressed as (a is a constant) follows:

f�v,p� �

a� �2�p
2

�2�v
2 � �2�p

2 � �v
2�p

2 v �
�2�v

2

�2�v
2 � �2�p

2 � �v
2�p

2 p� (6)

If the uncertainty of the sensory signal (�v
2 and �p

2) and that of
prediction (�2) are constant, f(v,p) is linearly increased with the
visual and proprioceptive errors, which was inconsistent with
the experimental data (Fig. 4f–h). Indeed, this model did not fit
the data well (Fig. 6a).

The modified version of the optimal estimation of the error
The uncertainty of the signal could be increased with the signal
intensity (Jones et al., 2002; Goris et al., 2014). If the standard
deviation of the signals linearly increases with the mean signal
intensity, the aftereffect can be represented as follows:

f�v,p� �

a� �2��p
2 � kp�p��

�2��v
2 � kv�v�� � �2��p

2 � kp�p�� � ��v
2 � kv�v����p

2 � kp�p�� v

�
�2��v

2 � kv�v��
�2��v

2 � kv�v�� � �2��p
2 � kp�p�� � ��v

2 � kv�v����p
2 � kp�p�� p� (7)

where a, �2, �v
2, �p

2, kv, and kp are constants. This model can re-
produce the saturation of the aftereffect with the size of the error
(Fig. 6b). However, this model is unable to explain the experi-
mental result that size of the modulation with the visual error
becomes smaller as the size of the proprioceptive error is in-
creased (Fig. 4g): as the proprioceptive error becomes greater, the
motor system should have relied on the visual error, which might
have increased the size of modulation. Indeed, the best fit model
did not reproduce the experimental results (Fig. 6b).

Relevance of the error
When receiving different sensory signals (e.g., vision and sound
for spatial localization), a fundamental problem is whether these
signals should be integrated or not. If these two signals are not
related to each other, the integration should not work well (Ernst,
2007; Körding et al., 2007). Based on this idea, Wei and Körding
(2009) considered that the motor system should ignore the visual
error when the visual error size was greater because greater visual
error produces greater difference between vision and propriocep-
tion, and this difference might reduce the relevance of the visual
error. According to this idea, they proposed a model in which the
relevance of the visual error determines the aftereffect. Their
model can be formulated as follows:

f�v,p� � a� N�v � p, �2�

N�v � p, �2� � c� �p
2

�v
2 � �p

2 v �
�v

2

�v
2 � �p

2 p��
(8)

where N�v � p, �2� is the normal distribution function with
mean (v 
 p) and variance (�2 � �v

2 � �p
2) and a and c are

constants. Figure 6c demonstrates the pattern of aftereffect fit by
this model. This model nicely reproduced the saturation of the
aftereffect with the error size. However, the aftereffect is lin-
early increased with the size of the error when the sizes of the
visual and proprioceptive errors are identical (i.e., if v � p � e,

then f�v,p� �
aN�0,�2�

N�0,�2� � c
e) which was inconsistent with

our results (Fig. 4h).

Linear summation with decreased sensitivity to the error size
Marko et al. (2012) proposed a mechanism in which visual and
proprioceptive memories are independently processed and then
linearly integrated (summed). They also assumed that the sensi-
tivity of each memory to the size of the error is decreased with the
size of the error:

f�v,p� � �v exp�� 	v�v��v � �p exp�� 	p�p��p (9)

where �v, �p, 	v, and 	p are positive constants. Figure 6d indicates
the best-fit model. Because the influence of the visual and propri-

a b c

Figure 5. The divisive normalization model to explain the experimental results. a, The divisive normalization model (Eq. 1) fitted to the experimental data using the least-square method
reproduced the complicated pattern of the aftereffect. The model also reproduced the reduction in the amplitude modulation with the proprioceptive perturbation (b) and the saturation of the
aftereffect with the error size (c).

Hayashi et al. • Divisive Normalization in Visuomotor Adaptation J. Neurosci., February 12, 2020 • 40(7):1560 –1570 • 1565



oceptive errors is additive, the five curves in Figure 6d are in
parallel, which was again inconsistent with our experimental re-
sults (Fig. 4f–h).

As described, the previously proposed models did not quali-
tatively explain the aftereffect patterns. Furthermore, the divisive
normalization model has the smallest BIC (Figs. 5, 6), suggesting
that this is the most appropriate model considered in the present
study.

Effects of the presence and absence of online visual errors on
the aftereffects
In Experiment 1, the participants were exposed to visual and
proprioceptive errors during movement. Because multisensory
integration can occur during movement (Crevecoeur et al., 2016;
Scott, 2016; Oostwoud Wijdenes and Medendorp, 2017), the sen-
sorimotor system can automatically generate online feedback re-
sponses to multisensory errors. Previous studies have suggested
that the feedback responses function as a teaching signal for mo-
tor adaptation (Kawato et al., 1987; Albert and Shadmehr, 2016).
Thus, it is possible that the divisive normalization pattern in the
aftereffects could reflect the feedback responses in the preceding
perturbation trial. To examine this possibility, we quantified the
feedback response as the integrated lateral force over the time

interval from the time at the peak handle velocity to movement
termination (i.e., feedback component; Fig. 7a–e). The feedback
responses were modulated with the visual error size regardless of
the additional proprioceptive error size (Fig. 7a–e). However, the
degree of modulation of the feedback response with visual per-
turbation size seems relatively unchanged by the additional pro-
prioceptive perturbation (Fig. 7f), which was contrasted with
that of the aftereffect (Fig. 4f). The difference was reflected by
smaller values of kv and kp obtained by fitting the data with Equa-
tion 1 (R 2 � 0.9780, wv � 3.20, wp � 24.66, kv � 4.247 � 10
15,
and kp � 9.068 � 10
5). The smaller contribution of the normal-
ization factor (i.e., kv and kp are small) indicates that the divisive
normalization model is not necessarily appropriate to explain the
feedback response behavior and the aftereffect pattern explained
by the divisive normalization model cannot be explained by the
feedback response (i.e., the possible teaching signal) in the previ-
ous perturbation trial.

However, it should be noted that the feedback responses
among the different proprioceptive perturbations could not be
directly compared because the movement directions were differ-
ent. Thus, the difference in the pattern between the aftereffect
(Fig. 4f) and the feedback response (Fig. 7f) cannot be solely
ascribed to the involvement of different mechanisms. To further

Figure 6. The results of data fitting by various computational models. We fitted the results of Experiment 1 (Fig. 4f ) with four different models: (a) the optimal estimation of the error (Eq. 6;
�2 � 246.55, �v

2 � 6.28, �p
2 � 4.38, a � 3.25), (b) modified version of the optimal estimation of the error (Eq. 7; �2 � 4.15 
 10
4, �v

2 � 10.05, �p
2 � 23.93,

kv � 8.89, kp � 7.96, a � 1.03 � 10 6), (c) relevance of the error (Eq. 8; �v
2 � 9.00, �p

2 � 8.25, c � 1.93 
 10
4, a � 3.32), and (d) linear summation with decreased
sensitivity to the error size (Eq. 9; �v � 4.80, �p � 5.47, 	v � 3.51 
 10
2, 	p � 4.04 
 10
2). The right top and bottom for each graph, respectively, indicate the amplitude
modulation with the proprioceptive error (Fig. 4g) and how the aftereffects were modulated with the error size when the visual and proprioceptive error sizes were identical (Fig. 4h).
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investigate this issue, we performed Experiment 2 in which the
cursor was only visible immediately after movement completion
(the endpoint visual feedback; Fig. 1d). As the visual information
was not available during reaching movements, the online feed-
back response to visual perturbation was absent. Thus, the divi-
sive normalization pattern did not exist in the modulation
pattern of the online feedback response. Nevertheless, the after-
effect in the next probe trial was modulated with the endpoint
visual error size, and the aftereffects modulation pattern was well
explained by a divisive normalization mechanism (R 2 � 0.9403,
wv � 2.902, wp � 34.90, kv � 0.0055, and kp � 0.1434; Fig. 7g–l),
indicating that the offline process integrating visual and propri-
oceptive error information was partly responsible for the divisive
normalization pattern in the aftereffect in Experiment 1 (Fig. 4f).

The stage of integration of visual and
proprioceptive information
A remaining question was at which stage the visual information
and proprioceptive information are integrated. Experiment 3 was
designed to determine which model was more likely (Fig. 2a,b).
Participants reached toward a frontal target while receiving grad-
ually increasing visual and proprioceptive perturbations in the
opposite directions for 60 trials (perturbation phase). We mea-
sured the aftereffects during the following 50 force-channel trials
toward the same front target (washout phase: both visual and
proprioceptive perturbations were turned off) by quantifying the
lateral force against the force channel. The modality-shared mo-
tor memory model and the modality-specific motor memory
model should provide different predictions (Fig. 2e,f).

As expected from the opposite directions of the visual and
proprioceptive perturbations, significant aftereffects were absent
in the beginning of the washout trials (Fig. 8; t(13) � 0.013, p �
0.9898). However, as the washout phase progressed, the afteref-
fect began to emerge in the direction opposite to that of the

proprioceptive perturbation (i.e., in the direction of the visual
perturbation), reached a maximum, and then decayed (Fig. 8).
Therefore, the experimental result supported the modality-
specific motor memory model (Figs. 2b,f, 8). A similar trial-
dependent aftereffect pattern could be reproduced by the state
space model implementing the memory integration mechanism
(Fig. 8-1, available at https://doi.org/10.1523/JNEUROSCI.1745-
19.2019.f8-1).

a b dc e f

g h ji k l

Figure 7. The online feedback response in Experiment 1 and the aftereffect (Experiment 2). a–e, g–k, The lateral force exerted against the force channel in the perturbation trial (Experiment 1)
and that in the probe trials (Experiment 2), respectively. Each line represents the data for seven different visual perturbations [proprioceptive perturbation � 30° (a, g), 15° (b, h), 0° (c, i), 
15°
(d, j), 
30° (e, k)]. f, l, The dependence of the feedback response (f ) and that of the aftereffect (l ) on the size of the visual perturbation. Each line represents the data for different proprioceptive
perturbations. The feedback response was quantified by the integrated force from the time of peak hand velocity to movement offset (f, inset). The right top and bottom for l, respectively, indicate
the amplitude modulation with proprioceptive error (Fig. 4g) and how the aftereffects were modulated with the error size when the visual and proprioceptive error sizes were identical (Fig. 4h). The
error bars represent the SE across participants.

Figure 8. Aftereffect during washout phase in Experiment 3. The experimental results indi-
cated that the aftereffect at the beginning of the washout phase was indistinguishable from
that of the baseline trials. However, as the trials progressed, an aftereffect that was significantly
greater than zero appeared and then decayed. Notably, the state space model (Eqs.3–5) could
reproduce this trial-dependent pattern (Figure 8-1, available at https://doi.org/10.1523/
JNEUROSCI.1745-19.2019.f8-1). The error bars represent the SE across participants. The purple
dots indicate the trials with aftereffects significantly greater than 0 (as determined by a t test
with false discovery correction).
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Discussion
We investigated the utilization of visual and proprioceptive in-
formation in motor adaptation by imposing various perturbation
combinations using a force-channel method. The present results
indicate that the aftereffect depended on the visual and proprio-
ceptive errors in a complicated manner (Figs. 3, 4), and this pat-
tern was reasonably explained by the divisive normalization
mechanism (Fig. 5). Furthermore, we demonstrated that the vi-
sual and proprioceptive motor memories were created indepen-
dently (Figs. 2b, 8).

Comparison with previously proposed mechanisms of
multisensory signal integration
Multisensory information is optimally integrated according to
signal reliability (Ernst and Banks, 2002; Körding et al., 2007).
van Beers et al. (1999, 2002) demonstrated that the hand position
is optimally estimated by integrating visual and proprioceptive
information. It is natural to assume that the motor system uses
the similar mechanism to estimate the error size and correct the
movement according to the estimation size. However, the three
different optimal integration models considered in this study
(Eqs. 6 – 8; Fig. 6a–c) could not reproduce the observed afteref-
fects. The failure of optimal integration theory to explain the
aftereffect pattern might indicate the possible difference in the
neuronal processes between the perception of the limb position
and the error estimation, as represented by the fact that the motor
adaptation is not necessarily associated with the perception of
error (Kagerer et al., 1997; Hirashima and Nozaki, 2012; Hayashi
et al., 2016).

Another concept proposed by Marko et al. (2012) states that
the aftereffect is a linear summation of the aftereffects induced
individually by visual or proprioceptive perturbation (Eq. 9).
However, this model was inconsistent with the experimental re-
sults (Fig. 6d), as clearly demonstrated by the presence of a sig-
nificant interaction in the aftereffects between the visual and
proprioceptive perturbations (Fig. 4f). Furthermore, the ampli-
tude of modulation of aftereffects with a change in the visual
error size was constant in this model (Fig. 6d), which was also
inconsistent with the experimental data (Fig. 4g). This contradic-
tion between the present study and their study was probably
caused by the fact that our experiment imposed a wider range of
visual and proprioceptive errors; in the earlier study, the error
size was �15° (estimated from their data) and the combinations
of opposite perturbation directions were not tested.

The aftereffect pattern is explained by a divisive
normalization mechanism
Divisive normalization is proposed as a canonical neural compu-
tation mechanism in the brain (Carandini and Heeger, 2011). We
found that the divisive normalization model could reasonably
reproduce the complicated dependence of the aftereffect on vi-
sual and proprioceptive perturbations. Ohshiro et al. (2011,
2017) demonstrated that the divisive normalization mechanism
can account for the response of multisensory neurons encoding
vestibular and visual signals. The neural response to both modal-
ity signals is smaller than the summation of the activity in re-
sponse to sensory signals presented individually (crossmodal
suppression), which is considered to be the signature of the divi-
sive normalization mechanism. In our experiment, the aftereffect
demonstrated a cross-modal suppression-like phenomenon; the
aftereffect of combinations of visual and proprioceptive pertur-
bations was smaller than the summation of the aftereffects of each
perturbation (e.g., �f�30, 30�� � � f�30, 0�� � � f�0, 30��; Fig. 4f).

We believe that this is the first behavioral demonstration of
the divisive normalization mechanism accounting for the motor
adaptation to visual and proprioceptive errors. This mechanism
can explain not only why the aftereffects saturate with error size,
but also the complicated dependence on visual and propriocep-
tive errors (Figs. 4f, 5a). However, there are several remaining
issues that need to be investigated. First, the link between the
response at the behavior level and the response at the neuronal
circuit level remains unknown. A recent study (Shi et al., 2013)
reported that the divisive normalization mechanism accounts for
the neuronal response in the superior parietal lobule, which re-
ceives visual and proprioceptive signals, while monkeys per-
formed reaching movement. Although the posterior parietal area
is known to be involved in visuomotor control and learning
(Tanaka et al., 2009; Mutha et al., 2011; Bédard and Sanes, 2014;
Haar et al., 2015), it is still difficult to comprehend how this
knowledge can be unified with our finding.

Second, although functional significance has been proposed
from the perspective of efficient coding of sensory information
(Beck et al., 2011; Carandini and Heeger, 2011), the functional
role in the motor adaptation system is unclear. Shadmehr et al.
demonstrated that adaptation to a force field in people with au-
tism predominantly relied on proprioception (Haswell et al.,
2009; Izawa et al., 2012). They also illustrated that aftereffects to
combinations of visual and proprioceptive errors showed com-
plicated modulation between healthy people and those with au-
tism, although aftereffects specific to visual or proprioceptive
perturbation were likely to be parallelly shifted (Marko et al.,
2015), implying the possibility that the multisensory integration
pattern by divisive normalization is peculiar in people with au-
tism. Indeed, a recent study proposed that disorders in people
with autism are related to the alteration of the divisive normal-
ization pattern derived from imbalance between excitation and
inhibition in neuronal circuits (Rosenberg et al., 2015). Studies
investigating the peculiar characteristics of motor adaptation in
patients with autism or neurological disorders might be benefi-
cial to our understanding of the functional significance of divisive
normalization in motor adaptation and the neuronal architec-
ture implementing divisive normalization.

Third, our model does not consider the uncertainty in sensory
error information. For example, previous studies have shown
that the greater the uncertainty in visual feedback, the slower the
motor adaptation (Burge et al., 2008; Wei and Körding, 2010).
However, our model cannot deal with this type of problem be-
cause it does not include a term representing uncertainty (e.g.,
variance). Neural network models in which neurons or elements
code for sensory error information according to their own tuning
function are necessary to take the influence of uncertainty feed-
back into consideration.

Influence of online and endpoint feedback
According to the feedback error learning hypothesis (Kawato et
al., 1987), the feedback motor command is used as a teaching
signal to modify the motor command in the subsequent trial
(Albert and Shadmehr, 2016). Thus, it is possible that the divisive
normalization pattern in the aftereffect reflects the feedback re-
sponse pattern. However, the patterns were considerably differ-
ent between the aftereffect (Fig. 4f) and the feedback response
(Fig. 7f). Furthermore, the aftereffect in the endpoint feedback
condition exhibited the divisive normalization pattern (Fig. 7l).
Therefore, the divisive normalization pattern in the aftereffect
cannot be ascribed either to the feedback response or to the end-
point error processing.
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Notably, the considerably different patterns between Figures
4f and 7l implied that the neuronal processing of online and
endpoint errors for motor adaptation are somehow dissociated
(Saijo and Gomi, 2010; Izawa and Shadmehr, 2011). The sensi-
tivity of the aftereffect to visual error was considerably suppressed
in the endpoint error feedback condition (compare Figs. 4f, 7l),
indicating that the influence of the online proprioceptive error
was dominant in the endpoint feedback condition and that the
contribution of online visual feedback was greater than that of
endpoint visual feedback in the production of the divisive nor-
malization pattern. Further studies are necessary to clarify how
these two types of feedback are cooperatively involved in creating
the divisive normalization pattern in the aftereffect.

Modality-specific motor memory
Previous studies have investigated whether adaptation of visual
rotation (kinematic) and of a novel force field (dynamic) is de-
pendently (Krakauer et al., 1999) or independently accomplished
(Tong et al., 2002). The results of Experiment 3 are relevant to
this problem because the findings illustrated that motor memo-
ries for vision and proprioception are created independently and
integrated at the output stages (Fig. 2b). The notion of separate
motor memories for vision and proprioception was previously
proposed (Judkins and Scheidt, 2014), but their conclusion that
visual motor memory was dominant in motor adaptation is not
consistent with our finding that proprioceptive error had a
substantial influence on the aftereffect of visual error. This
contradiction might result from their assumption that motor
memories are updated by the linear summation of both mo-
dality errors, which differed from our scheme that indicated
nonlinear integration.

The emergence of the aftereffect during the washout phase
likely indicated that the memory for proprioception has a slower
time constant than does the memory for vision (Fig. 8). This
might be consistent with the previous observation that, even after
adaptation to visual rotation, the elimination of visual feedback
led the hand to move to the preadapted direction (Saijo and
Gomi, 2012), implying that the adaptation of proprioception is
slower. It has been recognized that adaptation to a novel dynam-
ical environment is accomplished by slow and fast adaptation
processes (Smith et al., 2006). Our results indicate a possibility
that slow and fast processes are related to proprioception and
vision, respectively.

In conclusion, we demonstrated that the motor adaptation
system integrates visual and proprioceptive error information by
a divisive normalization mechanism. Furthermore, we found ev-
idence that the motor memory for each sensory modality was
formed separately and that the outputs from these memories
were integrated. These results provide a novel view of the utiliza-
tion of different sensory modality signals in motor control and
adaptation.
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