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Abstract 19 

 20 

Humans predict the sensory consequences of motor commands by learning internal models of the 21 

body and of environment perturbations. When facing a sensory prediction error, should we 22 

attribute this error to a change in our body, and update the body internal model, or to a change in 23 

the environment? In the latter case, should we update an existing perturbation model or create a 24 

new model? Here, we propose that a decision-making process compares the models’ prediction 25 

errors, weighted by their precisions, to select and update either the body model or an existing 26 

perturbation model. When no model can predict a perturbation, a new perturbation model is 27 

created and selected. When a model is selected, both the prediction’s mean estimate and 28 

uncertainty are updated to minimize future prediction errors and to increase the precision of the 29 

predictions. Results from computer simulations, which we verified in an arm visuomotor 30 

adaptation experiment with subjects of both sexes, account for short aftereffects and large 31 

savings after adaptation to large, but not small, perturbations. Results also clarify previous data 32 

in the absence of errors (error-clamp): Motor memories show an initial lack of decay after a large 33 

perturbation, but gradual decay after a small perturbation. Finally, qualitative individual 34 

differences in adaptation were explained by subjects selecting and updating either the body 35 

model or a perturbation model. Our results suggest that motor adaptation belongs to a general 36 

class of learning according to which memories are created when no existing memories can 37 

predict sensory data accurately and precisely. 38 

  39 



 

3 

 

Short summary/significance 40 

When movements are followed by unexpected outcomes, such as following the introduction of a 41 

visuomotor or a force field perturbation, or the sudden removal of such perturbations, it is 42 

unclear whether the central nervous system updates existing memories or creates new memories. 43 

Here, we propose a novel model of adaptation, and investigate, via computer simulations and 44 

behavioral experiments, how the amplitude and schedule of the perturbation, as well as the 45 

characteristics of the learner, lead to the selection and update of existing memories or the 46 

creation of new memories. Our results provide insights into a number of puzzling and 47 

contradictory motor adaptation data, as well as into qualitative individual differences in 48 

adaptation. 49 

 50 

  51 
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Introduction 52 

It is now well accepted that the central nervous system (CNS) predicts the consequences of 53 

motor commands by learning internal models of tools or external perturbations (Wolpert and 54 

Kawato, 1998; Krakauer et al., 1999; Lee and Schweighofer, 2009; Kambara et al., 2011) and of 55 

the body (Cothros et al., 2006; Kording et al., 2007; Berniker and Kording, 2008; Kluzik et al., 56 

2008). Internal models are updated to minimize sensory prediction errors, i.e., errors between 57 

sensory outcomes and predictions (Mazzoni and Krakauer, 2006; Taylor and Ivry, 2011; Lee et 58 

al., 2018). It is thought that if the prediction error is small for a given model, then this model will 59 

be selected to determine subsequent motor commands, and will be further updated if needed 60 

(Wolpert and Flanagan, 2001).  61 

It is not well understood, however, how the CNS decides to update existing models or to create 62 

new internal models (Shadmehr and Mussa-Ivaldi, 2012). When movements are followed by 63 

unexpected errors, such as due to a visuomotor or a force field perturbation, should the CNS 64 

create an entirely new internal model, update an existing perturbation model, or update the model 65 

of the body?   66 

Here, to address this question, we propose a new computational model of motor adaptation, 67 

along the lines of a recent model for visual memory (Gershman et al., 2014). The model extends 68 

and combines previous models of motor learning known as mixture of experts models (Jordan 69 

and Jacobs, 1991; Ghahramani and Wolpert, 1997; Wolpert and Kawato, 1998) and previous 70 

models of adaptation based on the Kalman filter (Korenberg and Ghahramani, 2002; Berniker 71 

and Kording, 2011). The model contains three types of internal models: 1) “expert” perturbation 72 

models that have been previously adapted (Kawato and Wolpert, 1998; Lee and Schweighofer, 73 
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2009; Lonini et al., 2009), 2) “novice” models with non-specific predictions and large 74 

uncertainties, and 3) a dedicated “baseline” or body model (Berniker and Kording, 2008; 75 

Berniker and Kording, 2011).  When facing an unexpected sensory outcome, a Bayesian 76 

decision-making process compares the models’ prediction errors, weighted by their precisions, to 77 

determine whether to create a new expert model by updating a novice model, or to select and 78 

update the baseline model or an existing perturbation model. When a model is selected, both the 79 

prediction’s mean estimate and uncertainty (the inverse of precision) are updated to minimize 80 

future prediction errors and to increase the precision of the predictions.  81 

If a perturbation is small relative to baseline model’s precision, this model will be selected and 82 

updated. The learner will show long aftereffects during de-adaptation, little or no savings during 83 

re-adaptation, and gradual decay during trials in which the target errors are artificially clamped 84 

to zero (“error-clamp”). If a larger perturbation is similar to a perturbation encountered in the 85 

past, an existing expert model will be selected, leading to the recall of its protected memory. If 86 

not, a new memory will be created by selecting a novice model and updating it into an expert. 87 

The learner can then rapidly switch between the expert model and the body model, resulting in 88 

short aftereffects, large savings, and lack of decay for multiple trials during error clamp. In this 89 

process, noise in the prediction errors can yield rapid switches in hand directions during error-90 

clamp. 91 

We tested these predictions in an arm visuomotor adaptation experiment in which we 92 

manipulated the perturbation amplitudes and levels of noise.  We then inserted trigger trials 93 

(each, a single perturbation trial) in the error-clamp block to probe for individual differences in 94 

adaptation: if the learners had previously formed a perturbation model, the trigger trial will 95 

suddenly reduce the prediction error for this model, yielding in its selection. These learners were 96 
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predicted to have short washout and large savings in previous adaptation blocks. In contrast, if 97 

the learners had only updated their baseline model, the trigger trial will have minimal effect. 98 

These learners were predicted to have prolonged washouts and no savings in previous adaptation 99 

blocks.  100 

 101 

Materials and Methods 102 

Computational model  103 

The overall architecture of the model is shown in Figure 1A. As in previous models of 104 

visuomotor adaptation, e.g., (Izawa and Shadmehr, 2011), the motor command represents the 105 

hand movement direction. On trial t, the learner generates the motor command  to reach the 106 

target . Here, we assume that the target is located at the angle 0, the forward direction, for 107 

simplicity but without loss of generality. Visual feedback of the hand ℎ  is determined 108 

differently in non error-clamp trials (i.e., baseline, perturbation, and washout trials) and in error-109 

clamp trials, in which feedback is independent of actual performance: 110 

ℎ =  + + , non error clamp trials ,                  error clamp trials  ,  (1) 111 

where  is the perturbation at time t, and ~ (0, ) and ~ (0, )  are noise sources 112 

added to the perturbation or to the error-clamp, respectively.  and  were introduced to 113 

represent trial-by-trial fluctuations in feedback and to manipulate the noise level in the 114 

environment.  115 
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In its general form, the model contains N internal models, including one baseline model, each 116 

associated with a weight given by the model posterior probability. The estimate of the 117 

perturbation ̂  is given by the prediction from the model with the largest weight, in a winner-118 

take-all manner. Thus, the overall prediction at time t is given by:  119 

̂ =   ̂  , with i = ( )  ,    (2) 120 

where   is the weight of model i, with  ∑ = 1.  121 

In order to reach the target, we assume subjects generate a motor command  that compensates 122 

the estimated perturbation ̂ : 123 

= − ̂ +  ,          (3) 124 

where ~ (0, ) is a motor noise term. Receiving the efferent copy of the motor command, 125 

each internal forward model independently predicts the sensory feedback from its own 126 

perturbation estimate: 127 

ℎ = + ̂  . (4) 128 

The sensory prediction error for each model is given by: 129 

= ℎ −  ℎ  .  (5) 130 

The weights (which correspond to the “responsibility signals” in previous models such as the 131 

MOSAIC models (Wolpert and Kawato, 1998; Haruno et al., 2001; Doya et al., 2002; Bertin et 132 

al., 2007)), are given by the posterior probability of the models: 133 

=    ∑      (6) 134 
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where   is a constant prior weight representing prior belief that each model being true in the 135 

absence of feedback, and   is the uncertainty (variance) of a model i around its mean estimate 136  ̂ . We note that the inverse of the uncertainty, called the precision, weighs the effect of the 137 

sensory prediction errors in the computation of the weights. Selection of a model i will therefore 138 

depend on 1) how well the model can reduce the prediction error   and 2) how precise is the 139 

model, as given by the inverse of its uncertainty, and 3) its prior weight.  Note that a crucial 140 

difference with the MOSAIC model is that the uncertainties  , and therefore the inverse 141 

precisions, are time-varying quantities, as described below.  142 

The mean predictions and uncertainties of the different models are updated according to the 143 

standard Kalman filter equations, e.g., (Bishop and Welch, 2001), as earlier proposed by others, 144 

e.g., (Korenberg and Ghahramani, 2002; Berniker and Kording, 2008; Burge et al., 2008; Wei 145 

and Kording, 2010; Berniker and Kording, 2011; van der Vliet et al., 2018). However, in the 146 

present model, the type of update for each model depends whether it is selected or not (equations 147 

2 and 6). When a model is selected, it is updated according to the measurement update equations 148 

of the Kalman filter: 149 

  for   =  ( ):   150 

⎩⎪⎨
⎪⎧ ̂ =  ̂ +   = 1 −  

with the Kalman gain given by:=  /( + )  , (7) 151 

where 0 <  ≤ 1 are decay rate parameters and  is a measurement noise variance parameter.  152 

When a model is not selected, it is updated according to the time update equations of the Kalman 153 

filter: 154 
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 for ≠ : 155 

̂ =  ̂= +  ,  (8) 156 

where  is a state noise variance parameter.   157 

All three types of models (novice, expert, and baseline) are selected and updated with the above 158 

equations, but are different as follows: 1) A novice model is a model that has never been selected 159 

and has therefore a large initial uncertainty ; its posterior distribution is approximately flat and 160 

centered on zero (see Figure 1B). 2) An expert model is a previous novice model that has been 161 

selected and updated: its mean prediction ̂  is close to the perturbation amplitude and its 162 

uncertainty  has been reduced, up to a minimum value  (corresponding to the highest 163 

possible precision). A model is said to be created when it is selected and changes from its non-164 

informative novice state with an approximately flat posterior to a more peaky posterior centered 165 

near the perturbation (Figure 1B). 3) The baseline model prediction is centered around zero (i.e., 166 

no perturbation) and its uncertainty is initialized to the smallest possible uncertainty, equal to the 167 

minimum value . In addition, the baseline model has a large prior compared to the novice 168 

and expert models. Note the binary treatment of errors for learning, similar to the Berniker and 169 

Kording (2008)’s model: the errors attributed to the body update the baseline model 170 

(corresponding to their body model); the errors attributed to external origins update the 171 

perturbation model (corresponding to their world model).  172 

 173 

 174 

 175 
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Overall simulation design 176 

The simulations (except for the last set, in which we compare savings following gradual and 177 

abrupt adaptation) and all experimental conditions comprised a baseline block, a sequence of 178 

abrupt adaptation and washout blocks, and an error-clamp block (Figure 2A), as follows: a 179 

baseline block (20 trials), learning and washout block 1 (60 and 40 trials, respectively), learning 180 

and washout block 2 (50 and 20 trials, respectively), learning and washout block 3 (30 and 40 181 

trials, respectively), and learning block 4 (50 trials), followed by an error-clamp block (120 trials 182 

- see Figure 2B). The numbers of trials in the learning and unlearning blocks were purposely 183 

varied and determined during piloting to prevent predictable periodicity in the experiment. 184 

We first tested the effect of perturbation amplitudes on subsequent behavior in unlearning and 185 

relearning blocks with a large perturbation amplitude (–20º; Condition 1a in Figure 2B) versus a 186 

small perturbation amplitude (–10º; Condition 3 in Figure 2B). Second, we tested the effect of 187 

different perturbation noise levels in error-clamp following adaptation to a large perturbation  188 

(–20º). The schedule for these simulations was the same as above, but with a small noise level 189 

(Gaussian, 0º mean, standard deviation of 0.5º; Condition 1a in Figure 2B) versus a large noise 190 

level (standard deviation of 4.0º; Condition 2a in Figure 2B) added to the perturbation.  Third, 191 

we tested the effect of two separate trigger trials during error-clamp following adaptation to a –192 

20º perturbation. The trigger trials, each a single –20º perturbation trial, were inserted at half and 193 

three quarters of error-clamp, respectively (Conditions 1b and 2b in Figure 2B).  We note that 194 

these trigger trials are similar to “reinstatement trials” in the classical conditioning literature, 195 

e.g., (Bouton and Peck, 1989). Fourth, we tested for qualitative individual differences in 196 

adaptation, washout, savings, and error-clamp.  For this, we applied Condition 2b, but made a 197 

change to a single parameter in the model, the baseline model uncertainty (and associated 198 
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minimum uncertainty ) - see simulation parameters section below. Note that, in theory, 199 

individual differences could also be achieved via changes in the prior parameters (as the priors 200 

also act to modify the weights of equation 6). The study of the differences (or similarity) in 201 

model selection due to individual differences in baseline model uncertainty and differences in 202 

prior is left for future work.  203 

In the experiment, we clustered subjects in the large amplitude groups based on their response to 204 

the trigger trials, and studied savings and washout in previous trials for the two clusters.  205 

Finally, we tested the effects of gradual versus abrupt perturbation on savings, using paradigms 206 

akin to those used in (Roemmich and Bastian, 2015). We tested for savings in a second abrupt 207 

adaptation block of 100 trials that is preceded by either a gradual (100 trials), abrupt (100 trials), 208 

or short adaptation (20 trials) block.  209 

Note that for simplicity, we only implemented a model that accounts for adaptation to a single 210 

perturbation. Initially the model therefore only contained a novice model and a baseline model 211 

(Figure 1A, B). Such a minimal model is sufficient to account for our data. The model and 212 

analysis code, as well as the data, are available at https://sites.usc.edu/cnrl/resources/. 213 

 214 

Simulation parameters 215 

In all simulations, hand direction was modeled between 0 and 1, and then scaled by 20 degrees to 216 

match experimental data. We determined a single set of parameters that could account for all 217 

experimental results qualitatively (except for individual differences, see below): the standard 218 

deviations of both perturbation noise   and error-clamp noise   (equation 1) were 0.2 for 219 

the large-noise condition and 0.025 for the small-noise condition. The motor noise standard 220 
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deviation was set at 0.17 to qualitatively reproduce the experimental error clamp data in the 221 

different amplitude and noise conditions. The state noise  was 0.05 for both perturbation and 222 

body model, and the measurement noise was set at 5.0 and 0.8 for the perturbation and body 223 

model, respectively, in order to qualitatively reproduce experimental learning rates. The prior of 224 

the baseline model  was 0.95 and that of the novice model  was 0.05. Initial mean 225 

perturbation values were set at 0.  The initial uncertainty for the novice model was 100 times 226 

greater than for the expert model, with 4 and 0.04, respectively. We also introduced a minimum 227 

value = 0.04 , which was needed to maintain numeric stability. In simulations aimed at 228 

studying between-subject qualitative differences in adaptation and de-adaptation, we increased 229 

the initial uncertainty for the baseline model (and corresponding minimum uncertainty) to 0.16. 230 

Finally, the retention parameters were given different values for the perturbation model (a = 231 

0.9997) and for the baseline model (a = 0.96) (See Limitations section in Discussion for 232 

justification of these parameters).  233 

 234 

Experimental Design and Statistical Analysis 235 

Experimental Design  236 

Fifty-four subjects (22.5±3.8 SD years old, 20 males and 34 females) participated in this 237 

visuomotor rotation study, which was approved by the Institutional Review Board at the 238 

University of Southern California, after signing an informed consent. The visuomotor 239 

perturbation rotated the cursor position counterclockwise by a given angle with respect to the 240 

starting position. We randomly assigned subjects into one of five different conditions (Figure 241 

2B). The experimental design was closely aligned to the design of the simulations. In particular, 242 



 

13 

 

in all conditions, the experiment schedule consisted of adaptation, washout, and error-clamp 243 

blocks with the same order and number of trials as in the simulations (See “Overall simulation 244 

design” section above, and Figure 2B).  245 

Conditions 1a, 2a, and 3 differed in either rotation angles (Condition 1a vs. Condition 3) or in 246 

Gaussian noise levels added to perturbation (Condition 1a vs. Condition 2a), as follows: 247 

Condition 1a (n=11): large perturbation (–20º) and small noise level (std of 0.5º); Condition 2a 248 

(n=11): large perturbation (–20º) and large noise level (std of 4.0º); Condition 3 (n=11): small 249 

perturbation (–10º) and small noise level (std of 0.5º). Conditions 1b (n = 11) and 2b (n = 10) 250 

were identical to Conditions 1a and 2a, respectively, except for two “trigger trials” inserted at 251 

half and three quarters of the error-clamp, respectively. Trigger trials were simply single rotation 252 

trials, with the same amplitude as rotation trials in the adaptation blocks (i.e., –20º rotation). All 253 

subjects in each condition received exactly the same rotation sequence. 254 

 255 

Detailed Experimental Methods 256 

Subjects sat in front of a device that matched hand space with visual space via a mirror, and were 257 

instructed to hold a stylus pen moving on a digitizer tablet (Wacom Intuos 7). Head and trunk 258 

movements were limited via a chin-rest. The experiment took place in a dark room, and the 259 

mirror obscured the view of the forearm and hand. A cursor (red dot of 1.2 mm radius) 260 

representing the tip of the pen was displayed on the mirror. Before the start of each trial, subjects 261 

were instructed to position the cursor inside a home circle of a 3 mm radius (about 36 cm away 262 

from the subject’s torso). We used a polar coordinate system centered on the home circle, with 0º 263 

defined as the forward direction and positive direction as clockwise deviation. Subjects were 264 

instructed to perform an outward shooting movement toward a circular target of 3º radius. The 265 
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target appeared at a pseudorandom location at each trial, within 5º around the center of a 120º 266 

arc, which was 10 cm away from the starting position and centered on the 0º direction. Subjects 267 

were told to initiate a shooting movement as soon as a target appeared and to stop the movement 268 

after crossing the arc. A red dot representing a cursor disappeared when the pen tip moved 269 

farther than 3 cm from the starting position. When the pen tip crossed the arc, the red dot was 270 

displayed on the crossed-point and remained there for 1 s. Subjects were encouraged to keep 271 

movement duration (time between the moment the cursor disappears and the moment the cursor 272 

crosses the arc) relatively constant and short. The messages “Too Slow” or “Too Fast” were 273 

displayed when the duration was more than 300 ms or less than 100 ms, respectively. After each 274 

shooting movement, subjects performed an inward movement to the home circle, during which 275 

only the radial location of the cursor was available. 276 

 277 

Statistical Analysis 278 

To quantify the rates and amount of adaptation, and account for individual differences, we fitted 279 

exponential mixed-effect models to the (re-)adaptation and de-adaptation data, similar to 280 

(Ramkumar et al., 2016) and (Schweighofer et al., 2018) for other types of motor learning data. 281 

The rates of learning were estimated by the time constants in the exponential model.  In addition, 282 

we included grouping (binary) variables in the models to perform statistical tests for differences 283 

in time constants in different blocks, in different conditions, and in different sub-groups of 284 

subjects.   285 

To test for savings in re-adaptation in the large perturbation amplitude Condition 1a and the 286 

small amplitude Condition 3, we first compared the time constants in the first learning block to 287 
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the time constants of the next three learning blocks. For this repeated measure comparison, the 288 

hand direction ℎ ,  of a participant i at trial j, was modeled by the following exponential mixed-289 

effect model: 290 

ℎ , = ( − ) exp − (  ) + +  ,  ,                              (9.1)          291 

where tj is the trial within each learning block (trial 0 at the beginning of each block), ,  is a 292 

residual term, G is a within-subject grouping binary variable, with G = 0 for the first learning 293 

block and G = 1 for learning blocks 2, 3, and 4,  and  are the mixed-effect coefficients 294 

representing baseline and asymptotic adaptation levels, and is the mixed-effect time constant of 295 

adaptation for the first block. The mixed-effect parameter   reflects the difference in time 296 

constants between the first block and the following blocks (with  < 0 indicating savings). 297 

To test for differences in savings between the large amplitude Condition 1a and the small 298 

amplitude Condition 3, we compared the time constants in re-adaptation blocks 2, 3, and 4 299 

between the two groups with the following model: 300 ℎ , = (( + ) − ) exp − (  ) + + + ,  ,                              (9.2)          301 

where the between-subject grouping binary variable, with G = 0 for the blocks 2, 3, and 4 of the 302 

small amplitude Condition 3 and G = 1 for the corresponding blocks in the large amplitude 303 

Condition 1a. A similar model was fit to the three washout blocks to compare the time constants 304 

of washout in the large and small amplitude conditions.  305 

The Matlab function nlmefit was used for fitting the mixed-effect exponential models. Because 306 

the direct estimation of ( +  ) created numerical instability, we estimated instead (Ψ +307 

Δ  )  so that the time constants were always positive. The same models were fit to experimental 308 

and simulated data; however, in simulated data, we only reported the fixed effects as an 309 
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indication of the qualitative behaviors (and not statistical differences between blocks and 310 

conditions, since these differences were due to parameter choice).  311 

Statistical differences between time constants in the different blocks or conditions were tested by 312 

the p-values associated with the fixed effect parameter Δ (obtained after computing z-scores for 313 

this parameter). To minimize the number of parameters and increase the chance of convergence, 314 

a diagonal covariance structure was used for the random effects. In addition, we added the last 315 

trial of the previous block to the fitted data to increase numerical stability. Overall model fit was 316 

deemed successful if i) the fixed-effect time constant was significant, ii) the asymptotic 317 

adaptation level was significant, and iii) the variance of the random-effect time constant was not 318 

zero (yielding different estimated time constants for all subjects). Conditions i) and ii) were 319 

always met, but condition iii) was often not met when fitting the models to individual blocks. To 320 

solve this issue, we removed the random-effect baseline from the model when fitting individual 321 

block data. In addition, the residuals were observed for outliers and for overall model fit.  We 322 

report the fixed effect time constants with their 95% confidence intervals (calculated via the 323 

“delta method” (Ver Hoef, 2012) because of the exponential transform). The time constants for 324 

each adaptation and washout block reported in Figures 4 and 7 were computed by fitting the 325 

model of equation 9.1 (without a grouping variable) to each block.   326 

To test for possible qualitative individual differences for all 21 subjects in the large amplitude 327 

Conditions 1b and 2b, we first clustered the subjects based on their responses to trigger trials. 328 

Specifically, we computed the mean hand directions in the five trials before and after each 329 

trigger trial. We then plotted the mean hand direction after the trigger trial as a function of the 330 

mean hand direction before the trigger trial. Three distinct behaviors were predicted from the 331 

computational model. If the hand direction is already near the adapted (“high”) state, the trigger 332 
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trial will have little effect, and hand direction will stay high. If the hand direction is near 333 

baseline, there are two possibilities: either the trigger trial will have little effect, and the hand 334 

direction will stay near baseline (“low” state), or the trigger trial will recall the perturbation 335 

model, and the hand direction will suddenly change to the adapted (high) state. Participants in 336 

the high versus low states after trigger trials were classified into “responders” and “non-337 

responders”, respectively, using an unsupervised k-means algorithm with two clusters based on 338 

their post- trigger trial responses (using the Matlab function kmeans). Following this clustering 339 

of participants into two sub-groups, we then analyzed difference in savings and washout using 340 

the mixed-effect exponential model as in equation 9.2, but with the between-subject grouping 341 

variable G = 0 for the “non-responder” sub-group and G = 1 for the “responder” sub-group. 342 

Significance threshold was set at p = 0.05. 343 

 344 

Results 345 

Theoretical predictions 346 

The model makes three clear predictions, which were tested in simulations and behaviorally, 347 

about 1) the role of perturbation amplitudes on adaptation, de-adaptation, and re-adaptation (see 348 

illustration in Figure 1B, 2) the role of noise on model selection during error-clamp, and 3) the 349 

effect of re-introducing the perturbation with a single trigger trial in the clamp.  350 

First, if the initial perturbation is sufficiently large given the precision of the baseline model, a 351 

new memory will be created by selection and update of the novice model (equations 2 and 6; see 352 

illustrations in Figure 1B and examples of simulation results for Conditions 1 and 2 in Figure 3). 353 
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This is because the large perturbation largely increases the sensory prediction error for the 354 

baseline model, yielding a small likelihood (see exponential term in equation 6) for this model. 355 

As a result, the weight of the baseline model will be smaller than that of the novice model, which 356 

will be selected (see equation 6). With sufficient trials, the novice model will gradually become 357 

an expert: its prediction of the perturbation will become both more accurate (resulting in a small 358 

prediction error - equation 7, first) and more precise (small uncertainty; equation 7, second). In 359 

contrast, the baseline model will stay protected from update (see illustration in Figure 1B). At the 360 

onset of the following de-adaptation block, the baseline model will be selected, because it now 361 

has the smallest sensory prediction error (See Figure 3). Due to the passage of time, the expert 362 

model’s mean prediction will decay to some extent and its uncertainty will increase during de-363 

adaptation (see equation 8, second, and second column in Figure 3). However, at the onset of a 364 

subsequent re-adaptation block, its sensory prediction error will still be relatively small, leading 365 

to its re-selection (see second and third columns, Figure 3). The learner will therefore switch 366 

rapidly between the perturbation and the baseline models, allowing rapid changes of behavior 367 

upon environmental changes, expressed as short aftereffects in washout and large savings in 368 

relearning. We call this learner a “two-model learner” (See Figure 1B).    369 

On the contrary, if the initial perturbation is sufficiently small or gradual, or if the baseline model 370 

has a large uncertainty, the precision-weighted sensory prediction error of the baseline model 371 

will be small, and its weight will be larger than that of the novice model. The baseline model will 372 

therefore be selected and updated both in the first block (see illustration in Figure 1B and an 373 

example of simulation results for Condition 3 in last row of Figure 3) and in the subsequent 374 

washout and relearning blocks of the same amplitude, making transitions slow and gradual, 375 
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resulting in long aftereffects and no savings (Figure 3). The novice model will remain unchanged 376 

in this condition, with large uncertainty. We call this learner a “one-model learner”.  377 

Second, the model predicts that once a learner has formed two models, stochastic switching can 378 

occur between the two models in error-clamp, resulting in “lags” of various duration before 379 

sudden decay. If the expert model accurately predicts the perturbation in the last trials of 380 

adaptation before the clamp, the sensory prediction error of the model will be near zero early in 381 

the clamp. This is because the difference between the hand direction (say, 20º) and the clamped 382 

visual feedback (0º plus some noise) is approximately equal to the preceding perturbation (–20º). 383 

The perturbation model will therefore continue to be selected. The durations of the lags are 384 

stochastic, however. This is because noise affecting the sensory prediction error (due to non-385 

central motor noise, i.e. motor noise not carried by the efferent copy, sensory noise, or 386 

experimentally induced perturbation noise) can lead to a sudden reduction of the sensory 387 

prediction error of the baseline model, and therefore selection of this model, which results in an 388 

abrupt switch of the hand direction towards baseline (see first and last columns, rows 1-4 in 389 

Figure 3). Therefore, higher levels of noise will lead, on average, to earlier switching towards 390 

baseline than low levels of noise. This is illustrated in the simulations examples of Conditions 2a 391 

and 2b (large perturbation noise) versus Conditions 1a and 1b (small perturbation noise) in 392 

Figure 3.  Note that noise can also yield “upward switches” from the baseline to the perturbation 393 

model (see illustration of in Condition 2a - 3rd row, first column in Figure 3), although these are 394 

less frequent events than downward switches because of the passive memory decay of the 395 

perturbation model and the greater prior of the baseline model. In contrast, if a learner has only 396 

updated one model (the baseline model), the hand direction will only decay gradually during 397 

error-clamp (Condition 3 - last row, first column of Figure 3).  398 
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Third, because learners can potentially be one- or two- model learners for the same perturbation 399 

amplitude, single “trigger” trials during error-clamp can lead to large qualitative differences in 400 

behavior when the performance has returned near baseline. If a learner has formed an expert 401 

model (and is therefore a two-model learner), and the hand direction has previously returned near 402 

baseline in the clamp, then a trigger trial will yield a sudden reduction of the sensory prediction 403 

error of the expert model, its selection, and a switch of hand direction towards the adapted state; 404 

in addition, the hand direction may stay in the adapted state for several trials following trigger 405 

trials (see Conditions 1b and 2b in Figure 3). In contrast, for one-model learners, a trigger trial 406 

will only cause a transient change due to a small update of the baseline model. 407 

 408 

Savings and aftereffects following large and small perturbation: Experimental 409 

and simulation results 410 

Figure 4A shows experimental subject-averaged adaptation data for large perturbation Condition 411 

1a (–20º / 0.5º; top row) and for the small perturbation Condition 3 (–10º / 0.5º; bottom row).  As 412 

shown in Figure 4B, in which we superimposed the (normalized) hand direction for the first 20 413 

trials of each learning block, subjects in Condition 1a show large savings in the re-learning 414 

blocks (LB2, LB3, and LB4) compared to subjects in Condition 3. Specifically, an exponential 415 

mixed-effect model analysis (See Methods) shows that subjects in Condition 1a had a significant 416 

smaller mean time constant in the re-learning blocks than the time constant in the initial learning 417 

block (LB1 time constant = 7.96 trials, 95% CI: [5.47, 10.46] trials; p <  0.0001;  LB2, LB3 and 418 

LB4 mean time constant = 1.68 trials,  95% CI: [1.06, 2.31] trials; p  < 0.0001 for difference; 419 

Figure 4C). On the other hand, subjects in the small perturbation Condition 3 only showed a 420 
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trend for a change in time constants across learning blocks, indicating only a small degree of 421 

savings (LB1, time constant = 9.31 trials, 95% CI: [6.24, 12.38] trials; p <  0.0001;  LB2, LB3, 422 

LB4, mean time constant = 6.42 trials , 95% CI: [4.04, 8.80] trials on average; p  = 0.050 for 423 

difference). Note that there was no difference in the time constant of adaptation in the initial 424 

block LB1 in the two conditions (p = 0.98).  In addition, the mean time constant in relearning 425 

blocks (LB2, LB3, and LB4) of Condition 1a was significantly smaller than the mean time 426 

constant for these blocks in Condition 3 (re-learning p < 0.0001).  Similarly the mean time 427 

constant in washout blocks (WB1, WB2, and WB3) in Condition 1a was significantly smaller 428 

than that of Condition 3 (Condition 3, mean time constant = 4.88 trials, 95% CI: [3.51, 6.24] 429 

trials; p <  0.0001;  Condition 1a, mean time constant = 2.08 trials , 95% CI: [1.36, 2.81] trials; p 430 

<  0.0001 for difference).  Note that these  results partially replicate those of (Morehead et al., 431 

2015), with the main difference that we used 20º and 10º for the large and small perturbation 432 

with a single target, whereas they used 45º and 15º with two targets. 433 

Simulations results (Figure 4D, E, F) qualitatively account for these data, with large savings and 434 

shorter washouts in the large perturbation amplitude condition compared to the lack of savings 435 

and longer washout in the small perturbation amplitude condition. The large perturbation 436 

condition produced a time constant of 10.5 trials for the first learning block (LB1), followed by a 437 

small mean time constant of 1.55 trials for the subsequent learning blocks (LB2, LB3, and LB4) 438 

(Figure 4F). The washout blocks produced a mean time constant of 1.51 trials across the three 439 

washout blocks (WB1, WB2, and WB3). These short time constants were a direct consequence 440 

of model switches upon the perturbation change.  On the other hand, the small perturbation 441 

condition produced a time constants of 10.0 trials for the first learning block (LB1), followed by 442 

a mean time constant of 10.2 trials for the subsequent learning blocks (LB2, LB3, and LB4), and 443 
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again a mean time constant of 10.0 trials again for the three washout blocks (WB1, WB2, and 444 

WB3). These long time constants were a consequence of the baseline model being continuously 445 

updated each time the environment changed.  446 

 447 

Decay in error-clamp: Experimental and simulation results 448 

In Figure 5, we show both condition-averaged and individual subjects’ hand directions in error-449 

clamp. Although averaged data suggest a continuous and gradual decay, between-subject 450 

variability was large. For instance, for subjects in Condition 1a (large perturbation and small 451 

noise; Figure 5A), the average between-subject standard deviation of hand direction in learning 452 

and unlearning blocks was 3.9º, whereas that in the error-clamp block it was 8.9º. Larger inter-453 

subject variability in error-clamp indicates that dynamics of unlearning in error-clamp may not 454 

follow a simple, passive decay. Instead, examination of individual data shows various patterns in 455 

error-clamp, with most subjects showing a lag, as predicted by our simulations (compare with 456 

Figure 3). For example, subjects 1, 5, and 10 in Condition 1a showed little or no decay, with 457 

hand direction above 10º for the whole duration of the clamp. In contrast, subjects 2, 7, and 8 458 

showed a sudden drop after varying lags following the onset of error-clamp. Finally, subjects 4, 459 

6, 9, and 11 showed rather gradual decay.  460 

In contrast, in the condition with larger perturbation noise level (Condition 2a; Figure 5B), the 461 

average hand direction appears to show faster return to baseline in error-clamp trials compared to 462 

the condition with lower noise level (Condition 1a; Figure 5A), as predicted by the model. Here 463 

again not all subjects followed a simple gradual decay. In particular, subjects 23, 27, 28, 30, and 464 
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31 exhibited sudden drops, with subjects 23, 27, and 29, and 31 switching back to near 20º 465 

spontaneously, resulting in oscillatory patterns.  466 

A density plot of hand directions in error-clamp for all subjects in Condition 1a (Figure 5D left, 467 

red curve) shows two peaks centered near 0 and 20 degrees. Thus, overall, the hand direction of 468 

subjects in Condition 1a remained near the perturbation angle of 20º for a relatively large number 469 

of trials, and then switched abruptly to near 0º, with few trials between these two angles.  In 470 

contrast, the density plot of hand directions for subjects of Condition 2a (Figure 5D, left blue 471 

curve) shows a single peak centered near 0 degree with a fat right tail. Thus, overall, the hand 472 

direction of subjects in this condition also showed sudden switches between the perturbation 473 

angle and baseline, but such switches occurred earlier than Condition 1a with low noise, with 474 

occasional spontaneous returning back to near 20º.  475 

Condition 3 (small perturbation and small noise; Figure 5C) shows an overall trend of gradual 476 

decay. The distribution of hand directions suggests that decay was gradual and slow: whereas the 477 

density plot in the large perturbation Conditions 1a and 2a shows at least one peak near  0º, the 478 

distribution of hand direction in Condition 3 has a single peak at 6º (Figure 5D left, green curve). 479 

This suggests that there was no abrupt change, and most subjects did not decay completely to 0º. 480 

For comparison, the right panel of Figure 5D shows the corresponding distributions of hand 481 

directions from multiple independent simulation runs of each condition. Compared to data, 482 

simulation results show relatively narrower distributions, but they overall replicate the general 483 

patterns of density of hand directions in the experimental data, including shapes of distributions 484 

and location of peaks in the three conditions, except that the center of the small perturbation 485 

(Condition 3) shifted closer to 0º due to a decay parameter setting in simulations to replicate all 486 

the experimental data consistently.  487 
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Trigger trials and individual differences in adaptation: Experimental and 488 

simulation and results  489 

In order to investigate whether a learner had formed two models, i.e., a baseline and a 490 

perturbation model, we introduced two trigger trials during error-clamp both in experiments and 491 

in simulations of large perturbation Conditions 1b and 2b (Figure 6). 492 

Condition-averaged hand direction in error-clamp showed instantaneous responses to the trigger 493 

trials (i.e., sudden jumps in hand direction), both in Conditions 1b and 2b (Figure 6A and B, left 494 

panels). The response appears to be sustained for a number of error-clamp trials thereafter. 495 

However, the averaged hand direction indicates that the responses to trigger trials were, on 496 

average incomplete in magnitude, i.e., smaller than 20º. This is because not all individuals 497 

responded to the trigger trials; indeed, three patterns can be observed in the individual responses 498 

(Figure 6A and B, right panels). First, when the hand direction was near 0º when a trigger trial 499 

was presented, a majority of subjects (for instance, subjects 16 and 19 of Condition 1b) showed 500 

immediate jumps in response to the trigger trial to angle values near the adapted state. In 501 

contrast, and as expected when the hand direction was near 20º at the time of trigger trial, there 502 

was no effect (for instance, subjects 15 of Condition 1b). These first two patterns were predicted 503 

by the model – compare results for these subjects with the model’s response to trigger trials in 504 

Figure 3 (first column, 2nd and 4th row). However, a third pattern is also apparent: several 505 

subjects with hand direction near 0º at the time of trigger trial did not respond to this trial (for 506 

instance, subjects 13 and 14 of Condition 1b).  507 

Figure 6C (right panel) shows simulation results in a large amplitude condition that account for 508 

these patterns of response to trigger trials. Two sub-groups of subjects were simulated: a sub-509 
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group with the default baseline uncertainty (and with the associated minimum uncertainty) of 510 

0.04; and a sub-group with a broader baseline uncertainty of 0.16. The sub-group with the 511 

narrower baseline uncertainty developed a new perturbation model during adaptation (“two-512 

model learners”), and responded to trigger trials in clamp, as shown in Figure 3. As a result, the 513 

two-model learners showed large savings (similar to that of the large perturbation in Figure 4), 514 

with a time constant of 10.7 trials for the first learning block (LB1), followed by a small mean 515 

time constant of 1.46 trials for the subsequent learning blocks (LB2, LB3, and LB4) (Figure 7F). 516 

The washout blocks produced a mean time constant of 1.43 trials across the three washout blocks 517 

(WB1, WB2, and WB3). In contrast, the sub-group with the broader baseline model uncertainty 518 

did not develop a new perturbation model. These “one-model learners” produced a time constant 519 

4.0 trials for the first learning block (LB1), followed by a mean time constant of 4.48 trials for 520 

the subsequent learning blocks (LB2, LB3, and LB4), and a mean time constant of 4.07 trials for 521 

the three washout blocks.  522 

We hypothesized that subjects who responded to trigger trials had previously formed a new 523 

perturbation model, that is, were two-model learners. In contrast, subjects who did not respond to 524 

trigger trials only had previously only updated their baseline model, that is, were one-model 525 

learners.  526 

To test this hypothesis, we clustered subjects in Conditions 1b and 2b into “responders” and 527 

“non-responders” based on the average hand direction of five trials following trigger trials using 528 

k-means clustering (Figure 6C; left panel). The average hand direction of the 5 trials following 529 

the trigger trials in Cluster 1 was 17.7 ± 0.7º (standard error). In contrast, the average hand 530 

direction of the 5 trials following the trigger trials in Cluster 2 was 3.4 ± 1.0º (standard error). 531 

This clustering resulted in 15 responders and 6 non-responders. Responders were defined as 532 
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subjects who had at least one response out of the two trigger trials that belongs to Cluster 1 in 533 

Figure 6C. Based on the above simulations results, and on the savings results of large and small 534 

perturbation shown in Figure 4, we then conjectured that the non-responders would show little or 535 

no savings in relearning blocks, as well as gradual aftereffects in washout blocks. 536 

Figure 7 A, B shows the subject-averaged adaptation data for the 15 responders (top row) and 6 537 

non-responders (bottom row). We then performed an exponential mixed-effect model analysis 538 

similar to that in Figure 4 with the data from all 21 subjects, coding for responders and non-539 

responders with a grouping variable. Figure 7C shows the fixed effect time constants for each 540 

block of both learning and washout blocks for both responders and non-responders. Responders 541 

showed large savings, i.e., significant decrease of mean time constant in the re-learning blocks 542 

(LB2, LB3, and LB4), compared to the initial learning block (LB1 time constant = 6.75 trials , 543 

95% CI: [5.26, 8.25] trials for LB1; p <  0.0001;  LB2, LB3 and LB4 mean time constant = 2.21 544 

trials,  95% CI: [1.64, 2.79] trials; p  < 0.0001 for difference). On the other hand, non-responders 545 

showed no change in time constants in learning and re-learning blocks, indicating no savings 546 

(LB1 time constant = 6.97 trials , 95% CI: [3.08, 10.87] trials; p <  0.0001;  LB2, LB3 and LB 547 

mean time constant 8.86 trials , 95% CI: [4.10, 13.63] trials; p  = 0.34 for difference). Note that 548 

there was no difference in time constants in the initial block LB1 between responders and non-549 

responders (p = 0.77).  In addition, the mean time constant in re-learning blocks (LB2, LB3, and 550 

LB4) of responders was significantly smaller than that for non-responders (relearning p = 551 

0.00088).  The responders showed short after-effects, whereas the non-responders showed larger 552 

after-effects: the mean time constant in washout blocks (WB1, WB2, and WB3) of responders 553 

was significantly smaller than that of non-responders (non-responders, time constant = 6.50 554 

trials, 95% CI: [3.29, 9.71] trials; p  <  0.0001;  responders, time constant = 3.51 trials , 95% CI: 555 
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[1.48, 5.55] trials; p = 0.037 for difference). Note that these results for responders and non-556 

responders parallel those for the large perturbation Condition 1a and the small perturbation 557 

Condition 3 in Figure 4, respectively. Thus, in our paradigm, 20º appears to be a large 558 

perturbation for most subjects, leading to the development of a new perturbation model. For a 559 

few other subjects, however, the same 20º perturbation appears to only warrant the update of the 560 

baseline model.  561 

 562 

Reaction time analysis 563 

Following previous modeling work in motor learning and adaptation, e.g., (Wolpert and Kawato, 564 

1998) and (Berniker and Kording, 2008), and in visual memory (Gershman et al., 2014), we have 565 

proposed a scheme for the formation of internal “perturbation” models from novice models. 566 

However, in visuomotor adaptation, a number of recent studies have found that participants can 567 

strategically re-aim their hand direction to minimize errors, e.g., (Taylor et al., 2014; Haith et al., 568 

2015). Thus, it can be asked whether our perturbation models are true internal models or whether 569 

they are deliberate/controlled processes that underlie such strategic re-aiming. In this later 570 

scheme, the two-model learners would update a baseline model for small perturbation and re-571 

aims for large perturbations. Re-aiming has been associated with increase in reaction times 572 

(Haith et al., 2015; McDougle and Taylor, 2019). Accordingly, large perturbations would be 573 

associated with larger reaction times than small perturbations.  In addition, such a scheme would 574 

predict increases in reaction times between the pre-trigger trials (when no aiming occurs) and 575 

post-trigger trials (when re-aiming occurs). In contrast, selection and update of a true 576 



 

28 

 

perturbation internal model would show similar reaction times to the baseline model before and 577 

after the trigger.  578 

We therefore examined fluctuations in reaction time between the experimental conditions, the 579 

adaptation and de-adaptation blocks, and the five trials between before and after trigger trials. 580 

For each subject, we averaged the reaction times within blocks, and then compared the mean 581 

reaction times between conditions with t-test or between blocks with either repeated measures 582 

ANOVAs or pair t-tests. Reaction times greater than 2 seconds were discarded. 583 

Mean reaction times for the four adaptation blocks in the large perturbation of Condition 1a were 584 

605 ± 48 (S) ms, 568 ± 39 ms, 561 ± 38 ms, and 568 ± 32 ms in the order of LB1 to LB4. In the 585 

small perturbation Condition 3, reaction times were 579 ± 45 ms, 560 ± 42 ms, 542 ± 44 ms, and 586 

498 ± 28 ms, in the same order. An overall repeated measure ANOVA with block 1-4 as the 587 

repeated effect and condition as the between group-effect showed that reaction times decreased 588 

over blocks (p = 0.003), but were not different between the large perturbation Condition 1a and 589 

the small perturbation Condition 3 (p = 0.34), with no interactions (p = 0.62).  In the large 590 

perturbation Condition 1a, reaction times were not different across blocks (p = 0.22, repeated 591 

measure ANOVA). In the small perturbation Condition 3, however, there was an effect of blocks 592 

(p = 0.007); reaction times were smaller in adaptation blocks 3 and 4 than in adaptation block 1 593 

in this condition (both p < 0.05; paired t-test).  594 

Across both trigger trials in Condition 1b and 2b and across subjects, there was no difference 595 

between RTs in the five trials before and after the trigger trials (before 506 ± 17 ms; after 473 ± 596 

18 ms; p = 0.13; pair t-test). We then analyzed changes in reaction times for effective triggers 597 

(that is, triggers that brought the hand direction from a “low” state of less than 10 degrees to a 598 

“high” state) for the responder sub-group (see above). In this case, the reaction times increased 599 
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by 57 ms on average (five trials before trigger 531 ± 33 ms; five trials after trigger 588 ± 40  ms;  600 

p = 0.037; pair t-test). Note however, that while such effective triggers occurred in 14 601 

participants, this increase in reaction time was only present in 9 participants; the other 5 602 

participants showed decrease in reaction times following trigger trials.   603 

 604 

Savings and aftereffects following gradual and abrupt perturbations: Simulation 605 

results 606 

Here we present simulations that account for “one-trial” savings in the data from Roemmich and 607 

Bastian (2015). Specifically, these authors showed that, whereas a gradual perturbation followed 608 

by a washout period does not lead to savings in a subsequent abrupt re-adaptation phase, an 609 

abrupt perturbation followed by a washout period leads to large savings in a subsequent abrupt 610 

re-adaptation phase. A short abrupt perturbation followed by a washout period also leads to 611 

savings in a subsequent abrupt re-adaptation phase. Figure 8 shows that our model, without any 612 

changes, reproduces these results for the three initial blocks (gradual, abrupt perturbation, and 613 

short abrupt perturbation). 614 

 615 

Discussion 616 

Using a combined computational and behavioral approach, we showed that qualitative 617 

differences in creating, updating, and recalling memories in visuomotor adaptation are linked 618 

and explained by a single computational model of motor adaptation based on the mixture of 619 

experts framework. In the following, we discuss how our results account for previous 620 
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experimental data on savings and error clamp, and for qualitative individual differences in 621 

adaptation. We then discuss possible implications of our results for studying neural mechanisms.  622 

 623 

Savings, error-clamp, and individual differences in adaptation 624 

Savings were dominant in the large perturbation conditions. In contrast, longer-lasting 625 

aftereffects were observed in the small perturbation condition. These results are in line with 626 

previous studies showing that savings occurred after an initial large abrupt perturbation followed 627 

by a washout period (Klassen et al., 2005; Krakauer et al., 2005; Morehead et al., 2015), even 628 

with very few trials of adaptation (Huberdeau et al., 2015). In contrast, no savings occurred when 629 

a gradual adaptation was followed by a washout period (Herzfeld et al., 2014; Roemmich and 630 

Bastian, 2015). Our model explains these differences via creation of a new internal model for 631 

large perturbations and via update of the baseline model for small and gradual perturbations. 632 

Note, however, that we did observe some degree of savings in the small perturbation condition as 633 

well (albeit significantly less than in the large perturbation condition). A model that includes a 634 

meta-learning mechanism, such as proposed by Herzfeld et al. (2014), could account for these 635 

results.  Alternatively, such savings could also be due to the small perturbation being already 636 

large enough for creating and updating a perturbation model for some participants. This may be 637 

the case, because, in the second learning block, the two smallest time constants in the small 638 

perturbation Condition 3 (4.15 s and 4.9 s) were similar to the two largest time constants of the 639 

responder sub-group in the large perturbation Conditions 1b and 2b (4.8 s and 4.9 s). 640 

Our study also reconciles previous controversial results on error-clamps. In the large perturbation 641 

conditions, performance during clamp was often sustained near the perturbation level and 642 



 

31 

 

abruptly terminated after lags of varying durations. The lag duration was, on average, shorter in 643 

conditions with large perturbation noise. Such lags were found in previous studies (Scheidt et al., 644 

2000; Vaswani and Shadmehr, 2013; Vaswani et al., 2015). In stark contrast, it has been argued 645 

that, in these previous studies, the lags were due to an artifact and that the decay was due to 646 

passive forgetting (Brennan and Smith, 2015). Our data is consistent with such a gradual decay 647 

in the small perturbation condition and for a number of subjects in the large perturbation 648 

conditions.  649 

The distinction between two- and one-model learners in the model accounts for these qualitative 650 

difference in savings and error-clamp data. If a learner becomes a two-model learner, then 651 

savings, lags, and switching occur. Noise in the prediction errors and memory decay determine 652 

the lag durations in error-clamp; if the prediction error of the perturbation model becomes 653 

sufficiently large due to a sudden large noise input, model switching ensues. The adapted 654 

performance can be re-instated via trigger trials, via a sudden decrease in the perturbation 655 

model’s prediction error, and thus re-selection of this model in these “responders”. Some 656 

subjects did not respond to trigger trials, however. Because these subjects exhibited gradual 657 

washout and little savings, we predict that they remained one-model learners and solely updated 658 

their baseline models.  659 

 660 

Limitations of the model 661 

Our model accounts for the data presented, but not for a number of other phenomena in 662 

adaptation. First, we did not dissociate the “strategic” versus implicit components of adaptation, 663 

e.g., (Fernandez-Ruiz et al., 2011; Taylor et al., 2014; Schween and Hegele, 2017). Despite 664 
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having found no differences in reaction times between the large and small amplitude conditions, 665 

most, but not all, subjects in the responder sub-group showed an increase in reaction times 666 

following effective triggers. This suggests that these subjects strategically re-aimed their 667 

movements, at least to some degree. Such strategic adaptation could explain why, in our 668 

simulations, a smaller decay rate was needed in the expert model than that in the baseline model 669 

to account for the long lags in error-clamp. This is because strategic learning appears to be 670 

“temporally stable”, while implicit learning consists of both temporally stable and “temporally 671 

labile” components (Miyamoto et al., 2014). We note however that such distinction between 672 

strategic and implicit components does not contradict the need to create and select multiple 673 

memories for multiple- or even for a single-adaptation task, as we have proposed. Second, and 674 

related, we did not model multiple processes with different timescales involved in motor 675 

adaptation (Smith et al., 2006; Kording et al., 2007; Lee and Schweighofer, 2009; Kim et al., 676 

2015; Lee et al., 2016). As a result, the model cannot reproduce effects that require both fast and 677 

slow processes, such as spontaneous rebounds in error clamp. Addition of a fast process in the 678 

model could account for this phenomenon. Third, we largely simplified the simulations by only 679 

considering a baseline model and a single novice model. An extension of the model to multiple 680 

adaptation could be envisioned in which the number of memories is not specified in advance - 681 

see (Gershman and Blei, 2012).  Finally, we assumed that selection was via a winner-take-all 682 

scheme, which well accounted for switching data in the error clamp and following trigger trials. 683 

However, a continuous weighting scheme may better explain multiple adaptation data 684 

(Ghahramani and Wolpert, 1997), as well as anterograde interference data. Yet, another possible 685 

scheme is that the baseline model is always updated (Berniker and Kording, 2011), with the 686 

perturbation model selected or not depending on the perturbation. This would account for 687 
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adaptation to task-irrelevant clamped feedback data, up to large perturbation angles (Morehead et 688 

al., 2017; Kim et al., 2018). Future work is needed, however, as these last two possible 689 

architectures would not well account for switching behavior in error clamp.  690 

 691 

Implications of our results for studying neural mechanisms 692 

There is strong evidence that the cerebellum is involved in motor adaptation via update of 693 

forward models based on sensory prediction errors, e.g., (Martin et al., 1996; Miall et al., 2007; 694 

Tseng et al., 2007; Izawa et al., 2012; Schlerf et al., 2012; Popa et al., 2013).  A possibility is that 695 

prediction errors are generated by comparison of sensory signals and predictions from the 696 

cerebellum. A second possibility is that prediction errors are computed in the parietal cortex 697 

(Inoue and Kitazawa, 2018) by the micro-circuitry of the cortical column (Bastos et al., 2012). 698 

The prediction errors could then be sent to the to the areas of the cerebellum involved in 699 

adaptation (Sasaki et al., 1977)(Rabe et al., 2009). Yet, a third possibility is that both the parietal 700 

cortex and the cerebellum update memories from prediction errors, but at different time scales 701 

(Kim et al., 2015). A computational imaging study (fMRI or lesion mapping) of adaptation that 702 

uses model-derived prediction errors as regressors of BOLD activity may help to shed light on 703 

these possibilities. 704 

What could be the neural correlates of the body and perturbation models? A possibility, which 705 

can be tested in an imaging study, is that the phylogenetically newer lateral parts and the anterior 706 

arm area part (lobules IV to VI) are involved in adaptation to large and small perturbations, 707 

respectively (Imamizu et al., 2003) – but see (Werner et al., 2014). In addition, recent data (Inoue 708 

and Kitazawa, 2018) are consistent with parietal area 5 neurons encoding errors for the baseline 709 
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model and parietal area 7 neurons encoding errors for perturbation models (Shadmehr, 2018). 710 

This possibility is in line with a fMRI study showing that the IPL part of area 7, by its influence 711 

on the cerebellum, is involved in internal model switching from prediction errors, as previously 712 

proposed in MOSAIC (Imamizu and Kawato, 2008). 713 

A distinction with MOSAIC, however, is that in our model both the mean and the uncertainty of 714 

the perturbation estimates are updated, with expertise being due to both accurate and precise 715 

predictions. To shed light on the neural correlates of precision, model-derived precision-716 

weighted prediction errors could be used as regressors of BOLD activity in a computational-717 

fMRI study – see (Iglesias et al., 2013) for such an experiment in audio-visual learning.  718 

 719 

Conclusion 720 

We proposed a new model of motor adaptation, which uses multiple precision-weighted 721 

prediction errors for memory creation, selection, and update. The model, akin to a model for 722 

visual memories proposed by Gershman et al. (2014), provides insights into a number of 723 

puzzling and contradictory experimental data on savings and error-clamp, and accounts for large 724 

qualitative individual differences.  More generally, recent experiments and theories suggest that 725 

coding of precision-weighted prediction errors is used in multiple types of human memory, e.g., 726 

(Friston, 2005; Henson and Gagnepain, 2010; Greve et al., 2017). Thus, our simulations and 727 

behavioral data of motor adaptation are in line with the general view of human learning 728 

according to which new memories are created when no existing memories can account for 729 

discontinuities in sensory data.  730 

  731 
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Figure legends 895 

Figure 1. (A) Overview of the mixture of experts’ framework for motor adaptation. We assumed 896 

that the central nervous system maintains a baseline model with relatively low uncertainty and a 897 

number of perturbation models. Each model i updates the mean ̂  of the perturbation estimate, 898 

from which it computes the model’s sensory prediction error  , and the uncertainty  (the 899 

inverse of precision) of the perturbation estimate. For each model, a weight  is computed 900 

based on the accuracy of its prediction (via ) and the precision of the predictions (via ). The 901 

weights have two roles: to determine the motor output via a gating mechanism, in the form of a 902 

winner-take-all in our implementation (WTA), and to control the updates of the models (not 903 

shown). (B) Illustrations of the two distinct types of visuomotor adaptation depending on the 904 

amplitude of the perturbation: “Two-model learner” vs. “One-model learner”. Left: Before the 905 

perturbation: the narrowly distributed baseline model is an existing expert: its prediction of 906 

perturbations is precisely centered near 0 degree. On the other hand, the broadly distributed 907 

novice model is unspecific. Top right: a two-model learner: when a perturbation is sufficiently 908 

large such that it is outside the domain of the baseline model, the novice model is selected and 909 

updated to form a new expert perturbation model, while the baseline model is protected from 910 

update. Bottom right:  a one-model learner: when a perturbation is within the domain of the 911 

baseline model, this model is selected and updated while the novice model is protected (see 912 

Methods for details). Note that the figure was generated with modified model parameters for 913 

visualization purpose. Faded lines indicate the change in model updates during adaptation. 914 

 915 
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Figure 2. Experiment design. (A) The diagrams show three different types of trials in the 916 

visuomotor rotation experiment: baseline, perturbation, and error-clamp. The black arrows 917 

indicate the hand direction (occluded to subjects) and the red arrows represent the cursor 918 

direction. The bell-shaped red curves around the cursor indicates that Gaussian noise was added 919 

to the perturbation. Left: Baseline and washout: no rotation besides Gaussian noise was added. 920 

Middle: Visuomotor rotation: the cursor direction was rotated by a perturbation angle with 921 

regard to the actual hand direction. Right: Visual error-clamp: the cursor feedback was always 922 

shown at a 0° plus some Gaussian noise, regardless of the actual hand direction (two-different 923 

hand directions are shown as an example). (B) The five experimental conditions. Subjects in all 924 

conditions experienced the same perturbation schedules except for the perturbation magnitude 925 

and the perturbation noise level. The black lines in the adaptation and the washout blocks 926 

represent the rotation angle (negative of its real value for visualization purpose). The red lines in 927 

the error-clamp block (gray background) indicate that error-clamp feedback was provided. The 928 

two red vertical lines in the error-clamp represent single perturbation trials (“trigger trials”) 929 

given in Conditions 1b and 2b, which were identical to Conditions 1a and 1b, respectively, 930 

except for these trigger trials. Note that the same experimental parameters were used in 931 

simulations of all five conditions. 932 

 933 

Figure 3. Sample simulation runs for each of the five experimental conditions, corresponding to 934 

each row. The columns show different variables from the simulation runs. First column: hand 935 

directions during the perturbation schedules of Figure 2B: black line –hand direction, gray line – 936 

negative of rotation angle, gray area – error-clamp block, red line – trigger trial. Second column: 937 

perturbation estimate of each model; the lines show the mean estimates, and the shaded areas the 938 
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uncertainties. Note that the initial uncertainty of the novice model is not entirely shown because 939 

it is too large for the panels. Third column: absolute values of prediction errors of each model. 940 

Fourth column: the weights for both models. 941 

 942 

Figure 4. Savings and washout in the large and the small perturbation conditions with low levels 943 

of noise: experimental (top panels) and simulations results (bottom panels). (A) Condition-944 

averaged hand direction for experimental data in Condition 1a (top) and Condition 3 (bottom). 945 

Shaded areas around the mean curves (black lines) represent one standard error. LB: Learning 946 

block (perturbation on), WB: Washout block (perturbation off). (B) Superposition of hand 947 

direction in the first 20 trials of each learning block illustrates large savings in the large 948 

amplitude condition, but not in the small amplitude condition. (C) Estimated time constants in 949 

both conditions for learning and washout blocks. Height of bars represents the fixed-effect time 950 

constant within each block (in exponential mixed effect models, see Methods) and error bars 951 

indicate 95% confidence intervals. Connecting lines indicate between-block comparison and the 952 

dashed lines indicate between-group comparison of the corresponding blocks (each dashed line 953 

represents the estimated fixed-effect time constant). The *** indicate p < 0.001.  (D-E). 954 

Corresponding results from simulations of large and small amplitude conditions.  Note that no 955 

statistical test was performed on these synthetic data. 956 

 957 

Figure 5. Hand direction in error-clamp; experimental and simulation results. (A) Left: 958 

Condition-averaged hand direction experimental data in Condition 1a. Shaded area represents ±1 959 

standard deviation around the mean. Right: individual subject hand direction (B) Idem for 960 
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Condition 2a. (C) Idem for Condition 3. (D) Density plots of hand direction in error-clamp for 961 

the three Conditions 1a, 2a, and 3; Left: experimental data; Right: simulation data. 962 

 963 

Figure 6. Hand direction in error-clamp with trigger trials; experimental and simulation results. 964 

(A) Left: Condition-averaged hand direction experimental data in Condition 1b. Shaded area 965 

represents ±1 standard deviation around the condition-averaged line.  Right: individual subject 966 

hand direction. The red vertical lines indicate the trigger trials during error-clamp. (B) Idem for 967 

Condition 2b with larger perturbation noise. (C) Response to the trigger trials for the total 21 968 

subjects of Conditions 1b and 2b. The x-axis represents the mean hand direction of 5 trials before 969 

each trigger trial, and the y-axis represents the mean hand direction of 5 trials after each trigger 970 

trial. Each circle represents a response to a single trigger trial. Since there are two trigger trials 971 

for each subject, a total 42 circles are displayed: (left) experiment data and (right) simulation 972 

data from 22 simulated subjects. Colored areas represent the two clusters determined by k-means 973 

clustering - the horizontal dashed lines indicate the cluster centers. Circles in the cluster 1 (red 974 

area) are responders and those in the cluster 2 (blue are) are non-responders. 975 

 976 

Figure 7. Savings and washout for the Responders and Non-responders sub-groups in 977 

experimental data (top panels), and Two-model versus One-model learners in simulations 978 

(bottom panels).  (A) Condition-averaged hand direction for experimental data of responders (top 979 

row) and non-responders (bottom row). Shaded areas around the mean curves (black lines) 980 

represent one standard error. LB: Learning block, WB: Washout block. (B) Superposition of 981 

hand direction in the first 20 trials of each learning block illustrates large savings for the 982 
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responders, but not for the non-responders. (C) Estimated time constants in both sub-groups for 983 

learning and washout blocks. Height of bars represents the fixed-effect time constant within each 984 

block (in exponential mixed effect models, see Methods) and error bars indicate 95% confidence 985 

intervals. Connecting lines indicate between-block comparison and the dashed lines indicate 986 

between-group comparison of the corresponding blocks (each dashed line represents the 987 

estimated fixed-effect time constant). The *** indicate p < 0.001 and * indicates p < 0.05. (D-E). 988 

Corresponding results from simulations of two-model and one-model learners, respectively.  In 989 

these simulations, two-model learners and one-model learners were determined by the initial 990 

uncertainty of the baseline model (See the text for details).   991 

 992 

Figure 8. Simulated savings following gradual (top), abrupt (middle), and short-abrupt (bottom) 993 

initial perturbations. (A) Single simulation runs illustrating hand directions (left) and model 994 

updates (middle) in the three conditions. The lines show the mean estimates, and the shaded 995 

areas the uncertainties. (B) Average of 50 simulations, in which the initial and second 996 

perturbations are aligned at trial 0. Note how savings are very strong following a long abrupt 997 

perturbation, still important following a short-abrupt perturbation, but there are no savings 998 

following the gradual perturbation. Compare with Figure 4 in (Roemmich and Bastian, 2015).  999 
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