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Abstract 37 
Both visual and proprioceptive information contribute to the accuracy of limb movement, but 38 
the mechanism of integration of these different modality signals for movement control and 39 
learning remains controversial. We aimed to elucidate the mechanism of multisensory 40 
integration for motor adaptation by evaluating single-trial adaptation (i.e., aftereffect) induced 41 
by visual and proprioceptive perturbations while male and female human participants performed 42 
reaching movements. The force channel method was used to precisely impose several 43 
combinations of visual and proprioceptive perturbations (i.e., error), including an instance when 44 
the directions of perturbation in both stimuli opposed each another. In the subsequent probe 45 
force-channel trial, the lateral force against the channel was quantified as the aftereffect to 46 
clarify the mechanism by which the motor adaptation system corrects movement in the event of 47 
visual and proprioceptive errors. We observed that the aftereffects had complex dependence on 48 
the visual and proprioceptive errors. Although this pattern could not be explained by previously 49 
proposed computational models based on the reliability of sensory information, we found that it 50 
could be reasonably explained by a mechanism known as divisive normalization, which was the 51 
reported mechanism underlying the integration of multisensory signals in neurons. Furthermore, 52 
we discovered evidence that the motor memory for each sensory modality developed separately 53 
in accordance with a divisive normalization mechanism and that the outputs of both memories 54 
were integrated. These results provide a novel view of the utilization and integration of different 55 
sensory modality signals in motor adaptation. 56 
 57 
Significance Statement: The mechanism of utilization of multi-modal sensory information 58 
by the motor control system to perform limb movements with accuracy is a fundamental 59 
question. However, the mechanism of integration of these different sensory modalities for 60 
movement control and learning remains highly debatable. Herein, we demonstrate that 61 
multisensory integration in the motor learning system can be reasonably explained by “divisive 62 
normalization,” a canonical computation, ubiquitously observed in the brain (Carandini and 63 
Heeger, 2011). Moreover, we provide evidence of a novel idea that integration does not occur at 64 
the sensory information processing level, but at the motor execution level, after the motor 65 
memory for each sensory modality is separately created. 66 

 67 

Introduction 68 
The motor system sends a motor command to the motor apparatus, while predicting the sensory 69 
consequence by a forward model (Wolpert et al., 1995). The difference between the actual and 70 
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predicted sensory information (i.e., sensory prediction error) is used to update and refine the 71 
motor command in subsequent movements, which plays a significant role in adapting the 72 
movement to a novel condition and also performing consistent movement (Shadmehr et al., 73 
2010). Experimental paradigms with visuomotor rotation (Krakauer et al., 2000) or force field 74 
perturbation (Shadmehr and Mussa-Ivaldi, 1994; Lackner and Dizio, 1994), have clarified how 75 
the motor system utilizes vision and proprioception to calculate sensory prediction errors for 76 
motor adaptation. The contribution of the information provided by each sensory modality has 77 
been also investigated by eliminating visual information (Franklin et al., 2007), recruiting blind 78 
(Dizio and Lackner, 2000) and deafferent subjects (Bernier et al., 2006; Yousif et al., 2015), or 79 
disturbing proprioceptive information (Pipereit et al., 2006) with the help of such experimental 80 
paradigms.  81 

However, there is controversy regarding the method of integration of visual and 82 
proprioceptive information that are received simultaneously. Earlier studies have reported that 83 
sensory signals in different modalities are optimally integrated to estimate the size of an object 84 
(haptic and vision, Ernst and Banks, 2002) and to locate the perceived position of a limb 85 
(proprioception and vision, van Beers et al., 1999; 2002). A simple explanation would be that 86 
the motor adaptation system estimates the error size by a similar optimal integration mechanism. 87 
However, such correspondence between the perception of error size and error processing for 88 
motor adaptation is not necessarily guaranteed because motor adaptation could progress without 89 
awareness of movement errors (Kagerer et al., 1997; Mazzoni and Krakauer 2006; Hirashima 90 
and Nozaki 2012; Hayashi et al., 2016).  91 

Furthermore, this mechanism cannot explain the empirical results obtained when 92 
several errors are imposed during reaching movements. The optimal integration model predicts 93 
that the movement correction induced by error (i.e., aftereffect), which could reflect the size of 94 
the integrated error, linearly increases with an increase in the error size. However, the aftereffect 95 
does not increase but instead saturates with an increase in the size of an error (Wei and Kording 96 
2009; Marko et al., 2012; Kasuga et al., 2013). Wei and Kording (2009) attempted to explain the 97 
aftereffect saturation of visual errors by assuming that the increased dissociation between visual 98 
and proprioceptive information decreases the relevance of visual error. However, Marko et al. 99 
(2012) demonstrated that congruence between visual and proprioceptive errors (i.e., maximal 100 
relevance of error) did not eliminate the saturation effect and posited that the saturation effect is 101 
an inherent characteristic of the motor adaptation system. They also proposed a simpler model 102 
in which visual and proprioceptive errors independently contributed to the aftereffect.  103 
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Therefore, different mechanisms seem necessary to solve these inconsistencies. We 104 
speculated that divisive normalization (Carandini and Heeger, 2011) is one such mechanism. It 105 
suggests that neuronal activity is normalized by the pooled activities of neurons and is 106 
considered to be canonical neural computation in the brain. Ohshiro et al. (2011; 2017) have 107 
recently demonstrated that the multimodal (visual and vestibular) neuronal-activity pattern can 108 
be explained by the divisive normalization mechanism: the stimulus for one of the modalities, 109 
even if it failed to elicit any response by the multisensory neurons, could suppress the response 110 
to the stimulus for another modality if both stimuli are simultaneously presented (cross-modal 111 
suppression). If the computation, based on divisive normalization in the neuronal-circuit level 112 
influences the adaptation behavior, there is a possibility that the motor adaptation pattern 113 
induced by various combinations of visual and proprioceptive errors should also follow the 114 
pattern predicted by the divisive normalization mechanism. This study explores this possibility 115 
by examining the mechanism of aftereffect modulation for various combinations of visual and 116 
proprioceptive errors during reaching movements.  117 

 118 

Materials and Methods 119 
Divisive normalization model 120 
As a framework for the integration of visual and proprioceptive information in the motor 121 
adaptation system, this study considered the following divisive normalization model (Webb et 122 
al., 2014; Ren et al., 2016): 123 ( , ) = ++ + #(1)  

where ( , )  is the aftereffect induced by the visual ( )  and proprioceptive ( ) error (or 124 
perturbation) imposed during a reaching movement and , , , , and  are constants.  125 

can be set to unity (i.e.,  = 1) without loss of generality by dividing both the numerator and 126 
denominator with  and by replacing /  and /  with  and , respectively. 127 

Based on the previous study showing that divisive normalization can explain the activity 128 
pattern of multisensory neurons integrating vision and vestibular signals (Ohshiro et al., 2011; 129 
2017) and vision and proprioception (Shi et al., 2013), we speculated that such computation in 130 
the neuronal-circuit level should also be reflected in behavior. In addition, this model has 131 
several notable characteristics to elucidate behavior in motor adaptation. Firstly, the presence of 132 
the normalization term (the denominator in Eq.(1)) might naturally explain why the aftereffect 133 
does not necessarily increase with the error size without introducing additional mechanisms; the 134 
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larger error should increase the normalization term, which can prevent the aftereffect from 135 
increasing further. Secondly, the model assumes the weighted linear summation of visual and 136 
proprioceptive error information; the structure of the model is similar to that of optimal 137 
integration model (van Beers et al., 1999, 2002; Ernst & Bank, 2002; see the Results section for 138 
details). Indeed, it has been argued that a neural network with divisive normalization can 139 
integrate multisensory information (Seilheimer et al., 2014). 140 
 In order to experimentally determine the shape of ( , ) [Eq.(1)], we need to precisely 141 
impose various combinations of visual and proprioceptive errors with a wide range of 142 
magnitudes. The conventional experiments using force field and visual rotation are not 143 
appropriate for this purpose because the size of the error should randomly vary among trials. 144 
Thus, we attempted to use the force channel method (Scheidt et al., 2000) to precisely and 145 
independently impose visual and proprioceptive errors by deviating the visual cursor and hand 146 
movement directions from a target direction (see below).  147 
 148 
General experimental setting 149 
Thirty-four right-handed participants (26 male and eight female, aged 20–31 years) volunteered 150 
to participate in the three experiments. Before the experiments started, we fully explained the 151 
experimental procedures, and written informed consent was obtained from all participants. The 152 
ethics committee of the University of Tokyo approved the experiments. 153 

The participants performed reaching movements while holding a manipulandum 154 
(KINARM End-point Lab, BKIN Technologies, Kingston, ON, Canada). To reduce unwanted 155 
wrist movement and postural fluctuation, their arms were constrained by a brace and supported 156 
in a horizontal plane with a spring sling. The green target (diameter: 10 mm) was located 10 cm 157 
from the start position immediately in front of the participant. After 0.5–0.7 s, the target color 158 
turned to magenta, which was the “go” cue. The participants were asked to move the handle of 159 
the KINARM robot straight toward the target as smoothly as possible. In Experiments 1 and 3, 160 
the cursor (diameter: 10 mm) representing the position of the handle was continuously visible, 161 
while the cursor was visible only after the reaching movement was complete in Experiment 2. 162 
At the end of each trial, a warning message (“fast” or “slow”) appeared when the movement 163 
speeds were too fast (> 450 mm/s) or too slow (< 250 mm/s). The participants maintained the 164 
hand position at the end of the movement until the robot automatically returned the handle to 165 
the starting position (for 1.5 s). The force channel method in the perturbation trial (see the next 166 
section) could not allow the participants to correct the movement trajectories. Thus, the cursor 167 
could never reach the target under the presence of visual perturbations in Experiments 1 and 3. 168 
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Similarly, in Experiment 2, the participants were unable to know the movement distance until 169 
completion of the movement. The participants practiced so that they could terminate the 170 
movement at the appropriate distance (the actual movement distance was 9.85 ± 0.1 cm).  171 
 172 
Experiments 1 and 2 173 
In Experiment 1 (10 participants: 8 male and 2 female, aged 21–25 years) and Experiment 2 (10 174 
participants: 6 male and 4 female, aged 21–31 years), we examined a single-trial motor 175 
adaptation induced by 35 combinations of seven visual (± 45°, ± 30°, ± 15°, and 0°; Fig. 1a red) 176 
and five proprioceptive perturbations (± 30°, ± 15°, and 0°; Fig. 1a blue). These perturbations 177 
were applied by constraining the hand trajectory in a straight line using the force channel 178 
method. The force channel was created by a virtual spring (6000 N/m) and dumper (100 179 
N/[m/s]) in the perpendicular direction to the straight path of the movement. In the following 180 
probe trial, the lateral force against the force channel was measured to evaluate the aftereffect 181 
(Fig. 1a gray). One set consisted of a perturbation trial (one of 35 combinations was pseudo-182 
randomly selected) and a probe trial followed by two ordinary null trials (without the force 183 
channel) to washout the adaptation effect (Fig. 1b). The cursor was always visible (online 184 
feedback: Fig. 1c) in Experiment 1, while the cursor was only visible after the completion of the 185 
reaching movement (endpoint feedback: Fig. 1d) in Experiment 2. 186 
 187 
Experiment 3 188 
Experiment 3 aimed to determine the stage at which the visual and proprioceptive information is 189 
integrated. There are two potential models: the modality-shared motor memory model (Fig. 2a) 190 
or the modality-specific motor memory model (Fig. 2b). The modality-shared motor memory 191 
model (Fig. 2a) assumes that visual and proprioceptive sensory prediction errors are used to 192 
estimate a single integrated error according to a divisive normalization mechanism, and this 193 
integrated error is used for updating motor memory. According to Eq. (1), this update process 194 
can be expressed as:  195 ( + 1) = ( ) + ( ) + ( ){ + ( ) + ( )} ,                 (2) 

where ( ) is the motor memory in the -th trial and  is a retention constant. 196 
In contrast to this ordinary interpretation of multisensory integration, the modality-197 

specific motor memory model (Fig. 2b) assumes that the motor memories of each modality are 198 
separately updated, and then the outputs from these motor memories are integrated. This update 199 
process can be expressed as: 200 
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( + 1) = ( ) + ( )+ ( ) + ( ) / ,               (3)#  

( + 1) = ( ) + ( )+ ( ) + ( ) / ,             (4)#  ( + 1) = ( + 1) + ( + 1),             (5)#  

where ( ) and ( ) are the motor memory for vision and proprioception, respectively,  201 

and  are their retention constants, and ( ) is the total amount of motor memory. 202 

Notably, the modality-shared motor memory model has only one retention constant, 203 
while the modality-specific motor memory model has two different retention constants. If the 204 
two retention constants in the modality-specific motor memory model are similar, it is 205 
challenging to discriminate between the two models by merely observing the ( ) (indeed, 206 
when = = , substituting Eqs. (3) and (4) for Eq. (5) yields Eq. (2)). However, if the 207 

difference between  and  is sufficiently large, the trial-dependent behavior of ( ) should 208 

contain the influence of two retention constants.  209 
On the assumption that both retention constants were different, we designed Experiment 210 

3 to determine which model was more likely. Fourteen participants (12 male and 2 female, aged 211 
20–25 years) performed 130 reaching movements in Experiment 3 (Fig. 2c, d). After being 212 
familiarized with the procedures, they performed reaching movements with the virtual channel 213 
in the baseline session (20 trials). The participants were then simultaneously exposed to the 214 
visual and proprioceptive perturbations in the perturbation session (60 trials). The degrees of 215 
perturbation were gradually increased at a rate of 0.5° to 30°. The directions of the perturbations 216 
were opposite and counter-balanced across the participants. In the subsequent washout session, 217 
they again performed reaching movements with the virtual channel (50 trials). The participants 218 
were instructed to aim toward the frontal target consistently throughout the experiment. 219 

In both models (Fig. 2e, f), the aftereffect immediately after the completion of the 220 
perturbation phase is expected to be almost absent or small because the perturbations are 221 
imposed in the opposite directions. However, both models provide completely different 222 
predictions during the subsequent washout phase if the retention constants  and  in Eqs. (3) 223 

and (4) differ sufficiently. In the modality-shared motor memory model, the aftereffect should 224 
remain absent or merely decay during washout trials (Fig. 2e). In contrast, the modality-specific 225 
motor memory model should develop modality-specific motor memories in the opposite 226 
directions (Fig. 2f). If the retention constants (  and ) are different, the time-constant of 227 

trial-dependent decay should differ between the memories, and resultantly the motor memory of 228 
the slower modality could emerge as the washout trials progress (Fig. 2f). It should be noted 229 
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again that if the differences in the retention constants are small such behavior cannot be 230 
observed. 231 
 232 

Data analysis 233 
The position and force data of the handle were sampled at a rate of 1000 Hz and filtered by a 234 
4th ordered zero-lag Butterworth filter with cutoff a frequency of 10 Hz. The position of the 235 
handle was numerically differentiated to obtain the handle velocity. We quantified the 236 
aftereffect in the probe trials as the integrated lateral force ( ) over the time interval (i.e., 237 
force impulse) from the force onset to the time at the peak handle velocity ( ). Theoretically, 238 
this measure is almost equivalent to the possible lateral handle velocity ( ) that could be 239 

observed if the force channel is absent ( ( )~∫ ( ) ). As the peak handle velocity toward 240 

the target in the probe trial ( ) was always almost constant, the movement direction at the 241 

time  (arctan[ ( )/ ( )])can be approximated by the force impulse∫ ( ) , because 242 

the arctan[ ( )/ ( )]~ ( )/ ( ) ~∫ ( ) . Thus, the force impulse can be regarded 243 

as the movement direction evaluated in the conventional probe trial (i.e., null trial) (e.g., Kasuga 244 
et al., 2013). This guaranteed that the aftereffect pattern we observed should not depend on this 245 
measure. We also quantified the amount of online feedback force in the perturbation trials as the 246 
integrated lateral force over the time interval from the time at the peak handle velocity to 247 
movement termination.  248 
 249 

Results 250 

Aftereffects to each of visual and proprioceptive error 251 
 Figure 3 illustrates the evolvement of lateral force with the movement time in the probe 252 
trials after only visual (Fig. 3a) or proprioceptive perturbation (Fig. 3b) was imposed. The 253 
presence of an aftereffect was confirmed as the lateral force in the direction opposite to the error 254 
imposed in the preceding perturbation trial. The aftereffect was quantified as the integrated 255 
lateral force over the time interval from the force onset to the time at the peak hand velocity (i.e., 256 
feedforward component: inset in Fig. 3c). Notably, not only the visual (Fig. 3c, one-way 257 
repeated measures ANOVA, F(6,54) = 21.979, p = 6.101  10-13), but also the proprioceptive 258 

perturbation (Fig. 3d, F(4,36) = 18.861, p = 1.934  10-8) could elicit aftereffects, although the 259 
cursor safely reached the target, indicating that the proprioceptive sensory prediction error was 260 
also used for motor adaptation (Pipereit et al., 2006; Franklin et al., 2007). Furthermore, as 261 
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reported in previous studies (Kording and Wolpert, 2004; Wei and Kording, 2009; Kasuga et al., 262 
2013; Marko et al., 2012), the aftereffect did not increase linearly with the size of perturbation. 263 
 264 
Aftereffects of combinations of visual and proprioceptive errors 265 

Figure 4a-e illustrates the modulation of the lateral force induced by visual perturbation 266 
with additional proprioceptive perturbation. As indicated in Fig.4c, the positive and negative 267 
visual perturbations induced negative and positive lateral force (aftereffects), respectively. 268 
However, when +30° proprioceptive perturbation was additionally imposed (Fig. 4a), the 269 
aftereffect curves for the negative visual perturbations (-15°, -30°, -45°) were considerably 270 
suppressed, while the aftereffect curves for the positive visual perturbation (15°, 30°, 45°) were 271 
only slightly altered. The suppression of the lateral force for the opposite visual and 272 
proprioceptive perturbation directions and the relatively unchanged lateral force for the same 273 
perturbation directions was widely observed when the other amounts of proprioceptive 274 
perturbations (-30°, -15°, and 15°) were additionally imposed (Fig. 4a-e).  275 

Figure 4f demonstrates the aftereffects of all 35 combinations of visual and 276 
proprioceptive perturbations. There was a significant interaction between visual and 277 
proprioceptive perturbations (two-way repeated measures ANOVA, F(24,216) = 3.479, p = 5.233  278 
10-7), indicating that the effect of proprioceptive perturbation on visual perturbation was not 279 
simply additive. Fig. 4f also suggests that the degree of modulation with visual perturbation size 280 
(i.e., the amplitude of each line) decreased with additional proprioceptive perturbations. To 281 
evaluate the size of the modulation, we calculated the difference between the aftereffects for 282 
positive visual perturbations (15°, 30°, and 45°) and those for negative visual perturbations (-283 
15°, -30°, and -45°) (Fig. 4g). A one-way repeated measures ANOVA indicated that the size of 284 
the modulation significantly differed between the size of the proprioceptive perturbations (F(4,36) 285 
= 10.27, p = 1.518  10-7). A post-hoc test revealed that the size of the modulation significantly 286 
decreased with the size of the additional proprioceptive perturbation (Fig. 4g; p < 0.05 by 287 
Bonferroni-Holm correction). 288 

In the present experiment, there were five conditions in which the visual perturbation 289 
was identical to the proprioceptive perturbation (i.e., 0°, ± 15°, ± 30°). In these conditions, the 290 
relevance of the visual error was perfectly maintained, predicting that the aftereffects were not 291 
saturated with the size of the error (Wei & Kording, 2009). However, as indicated in Fig. 4h, 292 
saturation of the aftereffects was still observed; the size of the aftereffect for ± 30° was not 293 
larger than that for ±15° (-30° vs -15°, t(9) = 1.934, p = 0.0851; 30° vs 15°, t(9) = 1.631, p = 294 
0.1372, respectively).  295 
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 296 
Aftereffect pattern predicted by various computational models 297 
Divisive normalization 298 

Firstly, we attempted to determine if the divisive normalization model (Eq. 1) could 299 
reasonably explain our results. Fig. 5a indicates ( , ) obtained by fitting the model to the data 300 
using the least square method (R2 = 0.9423, = 97.61, = 154.1, =  1.99, =  7.73). 301 

Notably, this model captured the remarkable features of the experimental results. First, the size 302 
of the aftereffect did not linearly increase with the size of the error due to the presence of a 303 
normalization factor (Figs. 4f and 5a). Second, the size of the aftereffect modulation by the 304 
visual error decreased with the size of the proprioceptive error (Figs. 4g and 5b). Third, the 305 
relevance of the error was not related to the saturation of the aftereffect with the error size (Figs. 306 
4h and 5c). As described below, other models cannot reproduce these features and this model 307 
provides the smallest BIC (Bayesian Information Criterion: 204). 308 
 309 
The optimal estimation of the error  310 
Previous studies (van Beers et al., 1999; 2002) have shown that the hand location is optimally 311 
estimated using visual and proprioceptive information. Applying the same mechanism leads to 312 

the optimally estimated hand location (ℎ) as: ℎ = + , where  and  are the 313 

visual and proprioceptive errors, and  and  are their signal uncertainties (variance). We 314 

further considered that the motor system corrects the movement direction by integrating the 315 
estimated hand location with the predicted hand location (Burge et al., 2008; Wei & Kording, 316 
2010). If the predicted hand location is unbiased and its variance is , the aftereffect ( , ) 317 
should be expressed as (  is a constant): 318 ( , ) = + + + + +              (6) 

If the uncertainty of the sensory signal (  and ) and that of prediction ( ) are constant, 319 ( , ) is linearly increased with the visual and proprioceptive errors, which was inconsistent 320 
with the experimental data (Fig. 4f-h). Indeed, this model did not fit the data well (Fig. 6a). 321 

 322 
The modified version of the optimal estimation of the error 323 
The uncertainty of the signal could be increased with the signal intensity (Jones et al., 2002; 324 
Goris et al., 2014). If the standard deviation of the signals linearly increases with the mean 325 
signal intensity, the aftereffect can be represented as: 326 
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( , ) = ( + | |)( + | |) + ( + | |) + ( + | |)( + | |)+ ( + | |)( + | |) + ( + | |) + ( + | |)( + | |)    (7) 

Where , , , , , and  are constants. This model can reproduce the saturation of the 327 

aftereffect with the size of the error (see Fig.6b). However, this model is unable to explain the 328 
experimental result that size of the modulation with the visual error becomes smaller as the size 329 
of the proprioceptive error is increased (Fig. 4g): As the proprioceptive error becomes greater, 330 
the motor system should have relied on the visual error, which might have increased the size of 331 
modulation. Indeed, the best fit model did not reproduce the experimental results (Fig.6b).  332 
 333 
Relevance of the error 334 
When receiving different sensory signals (e.g., vision and sound for spatial localization), a 335 
fundamental problem is whether these signals should be integrated or not. If these two signals 336 
are not related to each other, the integration should not work well (Ernst 2007; Kording et al., 337 
2007). Based on this idea, Wei and Kording (2009) considered that the motor system should 338 
ignore the visual error when the visual error size was greater because greater visual error 339 
produces greater difference between vision and proprioception, and this difference might reduce 340 
the relevance of the visual error. According to this idea, they proposed a model in which the 341 
relevance of the visual error determines the aftereffect. Their model can be formulated as 342 
follows: 343 ( , )  = ( − ,  )( − ,  ) + + + + , #(8)  

where ( − ,  )  is the normal distribution function with mean ( − ) and variance 344 
( = + ) and  and  are constants. Fig. 6c demonstrates the pattern of aftereffect fit by 345 

this model. This model nicely reproduced the saturation of the aftereffect with the error size. 346 
However, the aftereffect is linearly increased with the size of the error when the sizes of the 347 

visual and proprioceptive errors are identical (i.e., if = = , then ( , ) =  ( , )( , ) ), 348 

which was inconsistent with our results (Fig. 4h). 349 
 350 
Linear summation with decreased sensitivity to the error size 351 
Marko et al. (2012) proposed a mechanism in which visual and proprioceptive memories are 352 
independently processed and then linearly integrated (summed). They also assumed that the 353 
sensitivity of each memory to the size of the error is decreased with the size of the error: 354 
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( , ) =  exp(− | |) + exp − | | , #(9)  

where , , , and  are positive constants. Fig. 6d indicates the best-fit model. Since the 355 

influence of the visual and proprioceptive errors is additive, the five curves in Fig. 6d are in 356 
parallel, which was again inconsistent with our experimental results (Fig. 4f-h). 357 

As described above, the previously proposed models did not qualitatively explain the 358 
aftereffect patterns. Furthermore, the divisive normalization model has the smallest BIC (Fig. 5 359 
and 6), suggesting that this is the most appropriate model considered in the present study. 360 
 361 
Effects of the presence and absence of online visual errors on the aftereffects 362 
In Experiment 1, the participants were exposed to visual and proprioceptive errors during 363 
movement. Because multisensory integration can occur during movement (Crevecoeur et al., 364 
2016; Scott 2016; Wijdenes and Medendorp, 2017), the sensorimotor system can automatically 365 
generate online feedback responses to multisensory errors. Previous studies have suggested that 366 
the feedback responses function as a teaching signal for motor adaptation (Kawato et al., 1987; 367 
Albert and Shadmehr, 2016). Thus, it is possible that the divisive normalization pattern in the 368 
aftereffects could reflect the feedback responses in the preceding perturbation trial. In order to 369 
examine this possibility, we quantified the feedback response as the integrated lateral force over 370 
the time interval from the time at the peak handle velocity to movement termination (i.e., 371 
feedback component: Fig. 7a-e). The feedback responses were modulated with the visual error 372 
size irrespective of the additional proprioceptive error size (Fig.7a-e). However, the degree of 373 
modulation of the feedback response with visual perturbation size seems relatively unchanged 374 
by the additional proprioceptive perturbation (Fig. 7f), which was contrasted with that of the 375 
aftereffect (Fig. 4f). The difference was reflected by smaller values of  and  obtained by 376 

fitting the data with Eq. 1 (R2 = 0.9780,  = 3.20, = 24.66, =  4.247  10 , and 377 =  9.068  10 ). The smaller contribution of the normalization factor (i.e.,  and  are 378 

small) indicates that the divisive normalization model is not necessarily appropriate to explain 379 
the feedback response behavior and the aftereffect pattern explained by the divisive 380 
normalization model cannot be explained by the feedback response (i.e., the possible teaching 381 
signal) in the previous perturbation trial. 382 

However, it should be noted that the feedback responses among the different 383 
proprioceptive perturbations could not be directly compared because the movement directions 384 
were different. Thus, the difference in the pattern between the aftereffect (Fig. 4f) and the 385 
feedback response (Fig. 7f) cannot be solely ascribed to the involvement of different 386 
mechanisms. To further investigate this issue, we performed Experiment 2 in which the cursor 387 
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was only visible immediately after movement completion (the endpoint visual feedback, Fig. 388 
1d). As the visual information was not available during reaching movements, the online 389 
feedback response to visual perturbation was absent. Thus, the divisive normalization pattern 390 
did not exist in the modulation pattern of the online feedback response. Nevertheless, the 391 
aftereffect in the next probe trial was modulated with the endpoint visual error size, and the 392 
aftereffects modulation pattern was well explained by a divisive normalization mechanism (R2 = 393 

0.9403, = 2.902, = 34.90, =  0.0055, and = 0.1434 Fig. 7g-l), indicating that 394 

the offline process integrating visual and proprioceptive error information was partly 395 
responsible for the divisive normalization pattern in the aftereffect in Experiment 1 (Fig. 4f). 396 

 397 

The stage of integration of visual and proprioceptive information 398 
A remaining question was at which stage the visual information and proprioceptive 399 

information are integrated. Experiment 3 was designed to determine which model was more 400 
likely (Fig. 2a, b). Participants reached toward a frontal target while receiving gradually 401 
increasing visual and proprioceptive perturbations in the opposite directions for 60 trials 402 
(perturbation phase). We measured the aftereffects during the following 50 force channel trials 403 
toward the same front target (washout phase: both visual and proprioceptive perturbations were 404 
turned off) by quantifying the lateral force against the force channel. The modality-shared motor 405 
memory model and the modality-specific motor memory model should provide different 406 
predictions (Fig. 2e, f). 407 

As expected from the opposite directions of the visual and proprioceptive perturbations, 408 
significant aftereffects were absent in the beginning of the washout trials (Fig. 8: t(13) = 0.013, p 409 
= 0.9898). However, as the washout phase progressed, the aftereffect began to emerge in the 410 
direction opposite to that of the proprioceptive perturbation (i.e., in the direction of the visual 411 
perturbation), reached a maximum, and then decayed (Fig. 8). Therefore, the experimental result 412 
supported the modality-specific motor memory model (Figs. 2b and 8). A similar trial-413 
dependent aftereffect pattern could be reproduced by the state space model implementing the 414 
memory integration mechanism (Fig. 8-1).  415 

 416 

Discussion 417 
We investigated the utilization of visual and proprioceptive information in motor 418 

adaptation by imposing various perturbation combinations using a force channel method. The 419 
present results indicate that the aftereffect depended on the visual and proprioceptive errors in a 420 
complicated manner (Figs. 3 and 4), and this pattern was reasonably explained by the divisive 421 
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normalization mechanism (Fig. 5). Furthermore, we demonstrated that the visual and 422 
proprioceptive motor memories were created independently (Figs. 2b and 8).  423 

 424 
Comparison with previously proposed mechanisms of multisensory signal integration 425 
Multisensory information is optimally integrated according to signal reliability (Ernst and 426 
Banks, 2002; Kording et al., 2007). van Beers et al. (1999; 2002) demonstrated that the hand 427 
position is optimally estimated by integrating visual and proprioceptive information. It is natural 428 
to assume that the motor system utilizes the similar mechanism to estimate the error size and 429 
correct the movement according to the estimation size. However, the three different optimal 430 
integration models considered in this study (Eqs. (6)-(8); Fig. 6a-c) could not reproduce the 431 
observed aftereffects. The failure of optimal integration theory to explain the aftereffect pattern 432 
might indicate the possible difference in the neuronal processes between the perception of the 433 
limb position and the error estimation, as represented by the fact that the motor adaptation is not 434 
necessarily associated with the perception of error (Kagerer et al., 1997). 435 

Another concept proposed by Marko et al. (2012) states that the aftereffect is a linear 436 
summation of the aftereffects induced individually by visual or proprioceptive perturbation [Eq. 437 
(9)]. However, this model was inconsistent with the experimental results (Fig. 6d), as clearly 438 
demonstrated by the presence of a significant interaction in the aftereffects between the visual 439 
and proprioceptive perturbations (Fig. 4f). Furthermore, the amplitude of modulation of 440 
aftereffects with a change in the visual error size was constant in this model (Fig. 6d), which 441 
was also inconsistent with the experimental data (Fig. 4g). This contradiction between the 442 
present study and their study was probably caused by the fact that our experiment imposed a 443 
wider range of visual and proprioceptive errors; in the earlier study, the error size was < 15° 444 
(estimated from their data) and the combinations of opposite perturbation directions were not 445 
tested.  446 

 447 
The aftereffect pattern is explained by a divisive normalization mechanism 448 

Divisive normalization is proposed as a canonical neural computation mechanism in the 449 
brain (Carandini & Heeger, 2011). We found that the divisive normalization model could 450 
reasonably reproduce the complicated dependence of the aftereffect on visual and 451 
proprioceptive perturbations. Ohshiro et al. (2011; 2017) demonstrated that the divisive 452 
normalization mechanism can account for the response of multisensory neurons encoding 453 
vestibular and visual signals. The neural response to both modality signals is smaller than the 454 
summation of the activity in response to sensory signals presented individually (cross-modal 455 
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suppression), which is considered to be the signature of the divisive normalization mechanism. 456 
In our experiment, the aftereffect demonstrated a cross-modal suppression-like phenomenon; 457 
the aftereffect of combinations of visual and proprioceptive perturbations was smaller than the 458 
summation of the aftereffects of each perturbation (e.g., | (30,30)| < | (30, 0)| + | (0, 30)| 459 
in Fig. 4f).  460 

We believe that this is the first behavioral demonstration of the divisive normalization 461 
mechanism accounting for the motor adaptation to visual and proprioceptive errors. This 462 
mechanism can explain not only why the aftereffects saturate with error size, but also the 463 
complicated dependence on visual and proprioceptive errors (Fig. 4f and Fig. 5a). However, 464 
there are several remaining issues that need to be investigated. First, the link between the 465 
response at the behavior level and the response at the neuronal circuit level remains unknown. A 466 
recent study (Shi et al., 2013) reported that the divisive normalization mechanism accounts for 467 
the neuronal response in the superior parietal lobule, which receives visual and proprioceptive 468 
signals, while monkeys performed reaching movement. Although the posterior parietal area is 469 
known to be involved in visuomotor control and learning (Tanaka et al., 2009; Mutha et al., 470 
2011; Bedard and Sanes, 2014; Haar et al., 2015), it is still difficult to comprehend how this 471 
knowledge can be unified with our finding.  472 

Second, although functional significance has been proposed from the perspective of 473 
efficient coding of sensory information (Beck et al., 2011; Carandini and Heeger, 2011), the 474 
functional role in the motor adaptation system is unclear. Shadmehr et al. demonstrated that 475 
adaptation to a force field in people with autism predominantly relied on proprioception 476 
(Haswell et al., 2009; Izawa et al., 2012). They also illustrated that aftereffects to combinations 477 
of visual and proprioceptive errors showed complicated modulation between healthy people and 478 
those with autism, although aftereffects specific to visual or proprioceptive perturbation were 479 
likely to be parallelly shifted (Marko et al., 2015), implying the possibility that the multisensory 480 
integration pattern by divisive normalization is peculiar in people with autism. Indeed, a recent 481 
study proposed that disorders in people with autism are related to the alteration of the divisive 482 
normalization pattern derived from imbalance between excitation and inhibition in neuronal 483 
circuits (Rosenberg et al., 2015). Studies investigating the peculiar characteristics of motor 484 
adaptation in patients with autism or neurological disorders might be beneficial to our 485 
understanding of the functional significance of divisive normalization in motor adaptation and 486 
the neuronal architecture implementing divisive normalization. 487 

Third, our model does not consider the uncertainty in sensory error information. For 488 
example, previous studies have shown that the greater the uncertainty in visual feedback, the 489 
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slower the motor adaptation (Burge et al., 2008; Wei and Kording, 2010). However, our model 490 
cannot deal with this type of problem because it does not include a term representing 491 
uncertainty (e.g., variance). Neural network models in which neurons or elements code for 492 
sensory error information according to their own tuning function are necessary to take the 493 
influence of uncertainty feedback into consideration.494 
 495 
Influence of online and endpoint feedback 496 
According to the feedback error learning hypothesis (Kawato et al., 1987), the feedback motor 497 
command is used as a teaching signal to modify the motor command in the subsequent trial 498 
(Albert and Shadmehr, 2016). Thus, it is possible that the divisive normalization pattern in the 499 
aftereffect reflects the feedback response pattern. However, the patterns were considerably 500 
different between the aftereffect (Fig. 4f) and the feedback response (Fig. 7f). Furthermore, the 501 
aftereffect in the endpoint feedback condition exhibited the divisive normalization pattern (Fig. 502 
7l). Therefore, the divisive normalization pattern in the aftereffect cannot be ascribed either to 503 
the feedback response or to the endpoint error processing.  504 

Notably, the considerably different patterns between Figs. 4f and 7l implied that the 505 
neuronal processing of online and endpoint errors for motor adaptation are somehow dissociated 506 
(Saijo and Gomi, 2010; Izawa and Shadmehr, 2011). The sensitivity of the aftereffect to visual 507 
error was considerably suppressed in the endpoint error feedback condition (Fig. 4f vs Fig. 7l), 508 
indicating that the influence of the online proprioceptive error was dominant in the endpoint 509 
feedback condition and that the contribution of online visual feedback was greater than that of 510 
endpoint visual feedback in the production of the divisive normalization pattern. Further studies 511 
are necessary to clarify how these two types of feedback are cooperatively involved in creating 512 
the divisive normalization pattern in the aftereffect. 513 

 514 
Modality-specific motor memory 515 

Previous studies have investigated whether adaptation of visual rotation (kinematic) and 516 
of a novel force field (dynamic) is dependently (Krakauer et al, 1999) or independently 517 
accomplished (Tong et al., 2002). The results of Experiment 3 are relevant to this problem 518 
because the findings illustrated that motor memories for vision and proprioception are created 519 
independently and integrated at the output stages (Fig. 2b). The notion of separate motor 520 
memories for vision and proprioception has been previously proposed (Judkins and Scheidt, 521 
2014), but their conclusion that visual motor memory was dominant in motor adaptation is not 522 
consistent with our finding that proprioceptive error had a substantial influence on the 523 
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aftereffect of visual error. This contradiction might result from their assumption that motor 524 
memories are updated by the linear summation of both modality errors, which differed from our 525 
scheme that indicated nonlinear integration.  526 

The emergence of the aftereffect during the washout phase likely indicated that the 527 
memory for proprioception has a slower time constant than does the memory for vision (Fig. 8). 528 
This might be consistent with the previous observation that, even after adaptation to visual 529 
rotation, the elimination of visual feedback led the hand to move to the preadapted direction 530 
(Saijo and Gomi, 2012), implying that the adaptation of proprioception is slower. It has been 531 
recognized that adaptation to a novel dynamical environment is accomplished by slow and fast 532 
adaptation processes (Smith et al., 2006). Our results indicate a possibility that slow and fast 533 
processes are related to proprioception and vision, respectively.  534 
 In conclusion, we demonstrated that the motor adaptation system integrates visual and 535 
proprioceptive error information by a divisive normalization mechanism. Furthermore, we 536 
found evidence that the motor memory for each sensory modality was formed separately and 537 
that the outputs from these memories were integrated. These results provide a novel view of the 538 
utilization of different sensory modality signals in motor control and adaptation. 539 

540 
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Figure legend 657 

Fig. 1. Procedures of Experiments 1 and 2  658 
(a) Participants made reaching movements toward a front target (distance = 10 cm). In the 659 
perturbation trial, the force channel was used to provide a visual and/or proprioceptive 660 
perturbation. There were 35 combinations of perturbations in total (7 visual perturbations from -661 
45° to 45° and 5 proprioceptive perturbations from -30° to 30°). In the subsequent probe trial, 662 
the force channel was used to measure the aftereffect. (b) The perturbation and probe trials were 663 
followed by two null trials to washout the effect of adaptation. This small block was repeated. 664 
(c) In Experiment 1 (Online feedback condition), the cursor was always visible during the 665 
reaching movement. (d) In Experiment 2 (Endpoint feedback condition), the cursor disappeared 666 
at movement onset and reappeared only after completion of the movement. 667 
 668 
Fig. 2. Possible integration scheme and the procedure of Experiment 3  669 
In the modality-shared motor memory model (a), visual and proprioceptive errors are integrated 670 
by the divisive normalization mechanism to obtain the integrated error information. Motor 671 
memory is updated by the integrated error. In contrast, in the modality-specific motor memory 672 
model (b), visual and proprioceptive memories are independently created. (c, d) Experiment 3 673 
was designed to determine which integration scheme was more likely. After 20 force channel 674 
trials to the forward target, gradually increasing visual and proprioceptive perturbations were 675 
imposed in the opposite direction (60 trials). This perturbation phase was followed by a washout 676 
phase in which the force channel trials to the forward target were repeated (50 trials). The 677 
prediction of lateral force during the washout phase by the modality-shared motor memory 678 
model (e) (Eq.(2)) and by the modality specific motor memory model (f) (Eqs.(3) -(5)). The 679 
modality-specific motor memory could exhibit the emergence of aftereffect (i.e., motor output) 680 
during the washout phase only if the retention constants (  and  in Eqs.(3) and (4)) differed 681 

sufficiently.  682 
 683 
Fig. 3. Aftereffects of visual or proprioceptive perturbation in Experiment 1  684 
Time series of the lateral force exerted against the force channel in the probe trial after either 685 
visual (a) or proprioceptive perturbation (b) was imposed. The relationship between the 686 
aftereffect and the size of the visual (c) or proprioceptive (d) error. The aftereffects were 687 
quantified by the integrated lateral force from the force onset to the time of peak velocity (inset 688 
of c). The error bars represent the standard error across participants. 689 
 690 
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Fig. 4. Aftereffects when various combinations of visual and proprioceptive perturbations 691 
were applied (Exp.1)  692 
Each panel presents the lateral force exerted against the force channel in the probe trials after 693 
seven different visual perturbations were imposed (proprioceptive perturbation = 30° [a], 15° 694 
[b], 0° [c], -15° [d], -30° [e]).  (f) The dependence of the aftereffect on the size of the visual 695 
error. Each line represents the aftereffect when different proprioceptive errors are 696 
simultaneously imposed. (g) The presence of proprioceptive error decreased the amplitude of 697 
the aftereffect modulation of the visual error size. The amplitude was calculated as the 698 
difference between the aftereffects of positive and negative visual perturbations (inset). (h) 699 
Even when the visual and proprioceptive errors were identical, saturation of the aftereffect with 700 
the error size was still observed. The error bars represent the standard error across participants. 701 
 702 
Fig. 5. The divisive normalization model to explain the experimental results  703 
(a) The divisive normalization model (Eq. 1) fitted to the experimental data using the least 704 
square method reproduced the complicated pattern of the aftereffect. The model also reproduced 705 
the reduction in the amplitude modulation with the proprioceptive perturbation (b) and the 706 
saturation of the aftereffect with the error size (c). 707 
 708 
Fig. 6. The results of data fitting by various computational models  709 
We fitted the results of Experiment 1 (Fig. 4f) with four different models: (a) the optimal 710 
estimation of the error (Eq. 6) ( = 264.55, = 6.28, = 4.38, = 3.25), (b) modified 711 

version of the optimal estimation of the error (Eq. 7) ( = 4.15 × 10 , = 10.05, =712 23.93, = 8.89, = 7.96, = 1.03 × 10 ), (c) relevance of the error (Eq. 8) ( = 9.00, 713 = 8.25, = 1.93 × 10 , = 3.32), and (d) linear summation with decreased sensitivity to 714 

the error size (Eq. 9) ( = 4.80, = 5.47, = 3.51 × 10 , = 4.04 × 10 ). The right 715 

upper and lower panels for each graph respectively indicate the amplitude modulation with the 716 
proprioceptive error (Fig. 4g) and how the aftereffects were modulated with the error size when 717 
the visual and proprioceptive error sizes were identical (Fig. 4h). 718 
 719 
Fig. 7. The online feedback response in Experiment 1 and the aftereffect (Exp. 2) 720 
The panels (a-e) and (g-k) present the lateral force exerted against the force channel in the 721 
perturbation trial (Exp. 1) and that in the probe trials (Exp. 2), respectively. Each line represents 722 
the data for seven different visual perturbations (proprioceptive perturbation = 30° [a, g], 15° [b, 723 
h], 0° [c, i], -15° [d, j], -30° [e, k]). (f, l) The dependence of the feedback response (f) and that 724 
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of the aftereffect (l) on the size of the visual perturbation. Each line represents the data for 725 
different proprioceptive perturbations. The feedback response was quantified by the integrated 726 
force from the time of peak hand velocity to movement offset (inset of f). The right upper and 727 
lower panels for panel (l) respectively indicate the amplitude modulation with proprioceptive 728 
error (Fig. 4g) and how the aftereffects were modulated with the error size when the visual and 729 
proprioceptive error sizes were identical (Fig. 4h). The error bars represent the standard error 730 
across participants. 731 
 732 
Fig. 8. Aftereffect during washout phase in Experiment 3  733 
The experimental results indicated that the aftereffect at the beginning of the washout phase was 734 
indistinguishable from that of the baseline trials. However, as the trials progressed, an 735 
aftereffect that was significantly greater than zero appeared and then decayed. The error bars 736 
represent the standard error across participants. The purple dots indicate the trials with 737 
aftereffects significantly greater than zero (as determined by a t-test with false discovery 738 
correction). 739 
 740 
Fig. 8-1. Simulation result of the modality-specific motor memory model  741 
The results of Experiment 3 indicate that vision and proprioception are likely to have distinct 742 
motor memories. One possible model is that each motor memory (  and  are motor 743 

memories for vision and proprioception, respectively) is updated by the divisively normalized 744 
error and the outputs are integrated as follows:  745 ( + 1) = ( ) + ( )+ ( ) + ( ) / , #  

( + 1) = ( ) + ( )+ ( ) + ( ) / , #  ( + 1) = ( + 1) + ( + 1). #  

When the single trial adaptation is measured ( ( ) = ( ) = 0), the aftereffect should be 746 ( + 1) = ( ) + ( )+ ( ) + ( ) / , #  

which is equivalent to Eq. 1 in the main text. This model was used to simulate the trial 747 
dependent pattern of aftereffect in Experiment 3 (a). The parameters used for this simulation 748 
can reproduce the single trial aftereffects in Experiment 1 (b). 749 
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