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Abstract 12 

Adaptive action selection during stimulus categorization is an important feature of 13 

flexible behavior. To examine neural mechanism underlying this process, we trained 14 

mice to categorize the spatial frequencies of visual stimuli according to a boundary 15 

that changed between blocks of trials in a session. Using a model with a dynamic 16 

decision criterion, we found that sensory history was important for adaptive action 17 

selection after the switch of boundary. Bilateral inactivation of the secondary motor 18 

cortex (M2) impaired adaptive action selection by reducing the behavioral influence 19 

of sensory history. Electrophysiological recordings showed that M2 neurons carried 20 

more information about upcoming choice and previous sensory stimuli when 21 

sensorimotor association was being remapped than when it was stable. Thus, M2 22 

causally contributes to flexible action selection during stimulus categorization, with 23 

the representations of upcoming choice and sensory history regulated by the demand 24 

to remap stimulus-action association.  25 
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Introduction 26 

Flexible action selection allows the animal to adapt to changes in the relations 27 

between stimulus, response and outcomes (Gold and Stocker, 2017; Ragozzino, 2007; 28 

Wise and Murray, 2000). Specifically, during flexible stimulus categorization, 29 

changes in the categorical boundary requires a remapping between particular sensory 30 

stimuli and behavioral responses. For instance, a line segment can be classified as 31 

short or long, depending on the criterion length (Grinband et al., 2006). Rodents as 32 

well as primates demonstrate the ability to flexibly adjust stimulus-action association 33 

after the switch of categorical boundary (Ferrera et al., 2009; Grinband et al., 2006; 34 

Jaramillo et al., 2014; Mendez et al., 2011). In flexible sound categorization task, the 35 

performance of rodents could be accounted for by a distance-to-boundary model, in 36 

which the animal compared the current stimulus with an internal categorical boundary 37 

(Jaramillo et al., 2014). Previous works showed that perceptual decisions are 38 

influenced not only by sensory input but also trial history, which includes history of 39 

past stimuli and choice outcome (Akrami et al., 2018; Busse et al., 2011; Hwang et al., 40 

2017; Lak et al., 2020; Thompson et al., 2016). During flexible stimulus 41 

categorization task, it is unclear how different aspects of trial history influence the 42 

internal categorical boundary and the action selection after boundary switch. Applying 43 

computational models incorporating history factors could reveal the strategies that 44 

underlie the flexible response (Churchland and Kiani, 2016).  45 

Neural representation of stimulus category has been found in lateral intraparietal 46 
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cortex (Freedman and Assad, 2006), prefrontal cortex (Freedman et al., 2001) and 47 

medial premotor cortex (Romo et al., 1997). Neural correlates of flexible stimulus 48 

categorization are found in monkey pre-supplementary motor cortex (Mendoza et al., 49 

2018) and the frontal eye field (Ferrera et al., 2009). Neurons in monkey prefrontal 50 

and anterior cingulate cortex also showed dynamic task selectivity in task switching 51 

that requires flexible adjustment of behavior (Johnston et al., 2007). However, the 52 

causal role of frontal and premotor regions in the performance of flexible stimulus 53 

categorization remains to be investigated.    54 

The secondary motor cortex (M2) in rodents is a homolog of the premotor cortex, 55 

supplementary area, or frontal eye field in monkey (Barthas and Kwan, 2017; Reep et 56 

al., 1987; Svoboda and Li, 2018; Zingg et al., 2014). M2 plays a critical role in the 57 

flexible control of voluntary action (Barthas and Kwan, 2017; Ebbesen et al., 2018). 58 

Removal or inactivation of M2 caused deficits in cue-guided actions (Barthas and 59 

Kwan, 2017; Erlich et al., 2015; Passingham et al., 1988), and an increase in errors 60 

during behavioral switch from nonconditional responding to cue-guided actions 61 

(Siniscalchi et al., 2016). M2 neurons exhibited choice-related activity, which is 62 

earlier than that in other frontal cortical regions (Sul et al., 2011). Neural signals in 63 

M2 also conveyed information about past choice and outcome (Hattori et al., 2019; 64 

Jiang et al., 2019; Scott et al., 2017; Siniscalchi et al., 2019; Sul et al., 2011; Yuan et 65 

al., 2015). The findings in these previous studies raise the possibility that M2 may be 66 

important for adaptive action selection during flexible stimulus categorization. 67 

Furthermore, it would be interesting to elucidate whether the choice- and 68 
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history-related signals in M2 are modulated by the task demand to remap 69 

stimulus-action association. 70 

Here, we combined behavioral modeling, chemogenetic manipulation and 71 

extracellular recording to explore the mechanism underlying adaptive action selection. 72 

Freely-moving mice categorized the spatial frequencies (SFs) of gratings as low or 73 

high according to a boundary that shifted between a lower and a higher frequency 74 

across blocks of trials. For the reversing stimulus whose frequency lied between the 75 

two boundaries, the mice should reverse their choice as the boundary switched. Using 76 

a behavioral model in which the decision criterion (DC) was updated according to the 77 

history of action outcome and sensory stimuli, we found that sensory history was 78 

important for correct adjustment of DC during the switching period. Bilateral 79 

inactivation of M2 impaired the performance of reversing response by reducing the 80 

mice’s ability to update DC according to sensory history, without affecting the 81 

performance in trials when the stimulus-action association was stable. Furthermore, 82 

M2 neurons encoded the upcoming choice and stimulus in previous trial more 83 

accurately during the switching than the stable period. Together, the results suggest 84 

that during stimulus categorization, M2 is involved in flexible adjustment of 85 

stimulus-action association in the face of boundary change. 86 

 87 

Results 88 

Flexible visual categorization task for freely-moving mice 89 
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For the visual system, the perceived size (or SF) of a visual object changes with 90 

viewing distance, and categorization of a visual stimulus as low or high SF may be 91 

adaptive to the change of viewing distance. In our study, we trained freely-moving 92 

mice to categorize visual stimuli as low or high SFs using a two-alternative 93 

forced-choice paradigm. Similar to the auditory flexible categorization task described 94 

in a previous study (Jaramillo et al., 2014), we changed the categorization boundary in 95 

different blocks of trials. The mouse poked its nose in the central port of a behavioral 96 

chamber to initiate a trial (Long et al., 2015). A static grating was presented on the 97 

screen, and the mouse was required to maintain its head in the central port until a “Go” 98 

signal, a light-emitting diode, was turned on to indicate that the mouse could choose 99 

one of the two side ports (Figure 1A). The rewarded side port was on the left (or right) 100 

if the grating SF was lower (or higher) than a categorical boundary, which was not 101 

cued but learned by the mouse through trial and error. The visual stimuli consisted of 102 

7 SFs that were logarithmically equally-spaced (0.03, 0.044, 0.065, 0.095, 0.139, 103 

0.204 and 0.3 cycles/
o
). Within a session, the categorical boundary shifted between a 104 

lower and a higher SF several times without a warning cue (Figure 1B). For the 105 

low-boundary block, the optimal decision boundary was located between 0.065 and 106 

0.095 cycles/
o
, and gratings at 0.03 and 0.095 cycles/

o
 (SF1 and SF4 in Figure 1B) 107 

were frequently presented in 90% of trials. For the high-boundary block, the optimal 108 

decision boundary was located between 0.095 and 0.139 cycles/
o
, and gratings at 109 

0.095 and 0.3 cycles/
o
 (SF4 and SF7 in Figure 1B) were frequently presented in 90% 110 

of trials. As a result, the stimulus statistics differed between the low-boundary and 111 
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high-boundary blocks. In each session, each block consisted of at least 60 trials, and 112 

the categorical boundary switched once the performance for the reversing stimulus 113 

(0.095 cycles/
o
, SF4 in Figure 1B) reached 70% over the last 10 reversing-stimulus 114 

trials. After the boundary changed, the mouse was required to reverse its choice for 115 

the reversing stimulus (Figure 1C and D). Across all sessions from 10 mice (11 116 

sessions/mouse), the number of trials in each block was 61.9 ± 0.33 (mean ± SEM) 117 

and the number of switches in a session was 6.91 ± 0.29 (mean ± SEM) (Figure 1E 118 

and F). 119 

Although only the action for the reversing stimulus was required to change, we 120 

found that the performance for both the reversing and the non-reversing stimuli was 121 

influenced by the change of categorical boundary (Figure 1G), consistent with that 122 

observed in auditory flexible categorization task (Jaramillo et al., 2014). The 123 

subjective categorical boundary estimated from the psychometric curve was 124 

significantly lower in the low-boundary than in the high-boundary block (p = 2×10
-3

, 125 

n = 10 mice, Wilcoxon signed rank test, Figure 1H), suggesting that the mice adapted 126 

their DC to the boundary contingency. To examine how fast the mice adapted to the 127 

boundary change, we used all blocks in all sessions to compute correct rate for the 128 

reversing stimulus in each trial. The performance in the first 60 trials after boundary 129 

switch was fitted with an exponential function (Figure 1I). The number of trials to 130 

reverse choice, which was the number of trials needed to cross the 50% correct rate of 131 

the fitted curve, was 6.41 ± 0.42 (mean ± SEM, n = 10 mice, Figure 1J). In the 132 

following analysis, we defined the last 15 trials before boundary switch as the stable 133 
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period, and the first 15 trials after boundary switch as the switching period. 134 

 135 

Behavioral strategies revealed by computational modeling 136 

After the boundary switch, the animals may update their stimulus-action association 137 

according to the outcome of response to the reversing stimulus and/or the appearance 138 

of non-reversing stimulus frequently presented in that block (Jaramillo and Zador, 139 

2014). To examine the behavioral strategies of mice in trials before and after the 140 

boundary switch, we designed a logistic regression model with a dynamic DC to fit 141 

the mouse’s choice on each trial. In this model, the probability p of choosing right in 142 

current trial t is a logistic function of a decision variable z, which is the difference 143 

between the stimulus S weighted by 1 (1 > 0) and the subjective DC of the animal 144 

(Figure 2A, see Materials and methods). The SF of stimulus S is normalized between 145 

-1 and 1, in which negative and positive values indicate SFs lower and higher than the 146 

SF of the reversing stimulus, respectively. The DC is updated on a trial-by-trial basis 147 

according to choice outcome and sensory history (Figure 2A). Following a trial of 148 

reversing stimulus, the DC is updated according to the outcome of previous choice, 149 

with the effect of rewarded and unrewarded choices modeled by the parameters 1 150 

and 2, respectively. Considering that DC may exhibit a drift tendency independent 151 

of trial history, a parameter  ( < 1) was included to describe how fast DC drifts 152 

toward zero (0 < β < 1) or away from zero (β < 0). For 1 (2) with a positive value, 153 

rewarded (unrewarded) choices would introduce a bias towards (away from) the 154 

previously chosen side, mimicking a win-stay (lose-shift) strategy. Similarly, 1 (2) 155 
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with a negative value represents a win-shift (lose-stay) strategy. Following a trial of 156 

non-reversing stimulus, the DC is updated according to the sensory history, with the 157 

previous stimulus weighted by the parameter 2. For 2 with a positive value, a 158 

previously experienced low-frequency (high-frequency) stimulus would cause a shift 159 

of DC towards low (high) frequency, leading to a right (left) choice bias.  160 

We modeled the choices of individual trials for each mouse by combining data 161 

across multiple sessions. We first used the model to fit choices in the stable and 162 

switching periods separately so that we could compare the strategies between the two 163 

periods (Figure 2B and C). For both the stable and switching periods, 1 was 164 

significantly larger than zero (p = 2×10
-3

, n = 10, Wilcoxon signed rank test), 165 

indicating that current sensory information was used to form decision and guide 166 

action selection in both periods. We next examined the values of 1, 2, 2 and , 167 

which are relevant to the update of DC (Figure 2BD). The reward history parameter 168 

1 was not significantly different from zero in either the stable (p = 0.23) or the 169 

switching period (p = 0.49, Wilcoxon signed rank test). The non-reward history 170 

parameter 2 was significantly larger than zero in the stable period (p = 9.8×10
-3

, 171 

Wilcoxon signed rank test), but not significantly different from zero in the switching 172 

period (p = 0.7, Wilcoxon signed rank test), suggesting that the mice adopted a 173 

lose-shift strategy only in the stable period. The sensory history parameter 2 was 174 

significantly larger than zero in both the stable and the switching periods (p = 0.037 175 

and p = 2×10
-3

, Wilcoxon signed rank test), suggesting that the mice could optimally 176 

use the sensory history of non-reversing stimuli to guide choice in both periods. The 177 
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DC-drift parameter  was significantly larger than zero in the switching period (p = 178 

2×10
-3

) but not in the stable period (p = 0.56, Wilcoxon signed rank test). This 179 

demonstrates that the DC tended to drift towards zero in the switching period, 180 

reflecting the tendency of mice to abandon pervious decision criterion.  181 

To evaluate whether each model parameter is necessary, we further built reduced 182 

model variants (model 2: 1 = 0; model 3: 2 = 0; model 4: 1 = 0 and 2 = 0; 183 

model 5:  = 0; model 6: 1 = 1; model 7: 2 = 0) (Figure 3) to compare with the full 184 

model (model 1). For the stable period, only model 6 (1 = 1) showed a significantly 185 

lower cross-validated (CV) likelihood as compared to that of the full model (p = 186 

2×10
-3

, Wilcoxon signed rank test, Figure 3A), indicating that 1 (weight of current 187 

stimulus) was most important for predicting choices during steady state of 188 

stimulus-action association. For the switching period, the CV likelihood for model 5 189 

( = 0), model 6 (1 = 1) and model 7 (2 = 0) was significantly reduced as compared 190 

to that of the full model (p = 5.9×10
-3

, 2×10
-3

 and 5.9×10
-3

, Wilcoxon signed rank test, 191 

Figure 3B), demonstrating that , 1 and 2 were important parameters for explaining 192 

choices in the switching phase. For both the stable and switching periods, the CV 193 

likelihood for model 4 (1 = 0 and 2 = 0) was significantly higher than that of the 194 

full model (p = 0.037 and 0.02, Wilcoxon signed rank test, Figure 3A and B), 195 

suggesting that choice outcome was not useful to guide the mice’s choice.  196 

An alternative hypothesis is that the mouse might be updating the value functions 197 

of left and right choices separately, rather than comparing the current stimulus to one 198 

single decision boundary. We thus built a reinforcement learning (RL) model without 199 
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an internal boundary. In the RL model, the expected value of left (right) choice is the 200 

learned value of left (right) choice weighted by current sensory stimulus, with the 201 

parameters  and  representing learning rate and stimulus weight, respectively. 202 

(Materials and methods, Figure 3C and D). We found that the CV likelihood of the RL 203 

model was significantly lower than that of the best dynamic-DC model (model 4: 1 204 

= 0 and 2 = 0) in the switching period (p = 2×10
-3

, Wilcoxon signed rank test, Figure 205 

3F), indicating that the behavioral strategy in the switching period was better 206 

accounted for by the model with a dynamic decision criterion. 207 

For each mouse, we further determined which of the different types of model (the 208 

RL model and 7 variants of the dynamic-DC model) was the best model that yielded 209 

the largest CV likelihood. We found that model 4 of the dynamic-DC model (1 = 0 210 

and 2 = 0) was the best model for the greatest number of mice in both the stable and 211 

the switching periods (Figure 3G and H). 212 

The above modeling analysis was based on fitting the models separately to 213 

choices in the stable and switching periods. We next used each of these models to fit 214 

choices in all trials (Figure 3 – figure supplement 1). We found that the CV likelihood 215 

of model 1 or model 4 was both significantly higher than that of the RL model (Figure 216 

3 – figure supplement 1). Combining the result of model comparison and the 217 

histogram of the number of mice best fit by each model, we found that model 4 of the 218 

dynamic-DC model (1 = 0 and 2 = 0) remained the winning model (Figure 3 – 219 

figure supplement 1). We also visualized the simulated behavior for model 1 and 220 

model 4, using the parameters of the model fitted to data in all trials. As shown by 221 
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Figure 3 – figure supplement 2, both models could capture the dynamic change in 222 

performance for the reversing stimulus after the boundary switch. We found that the 223 

number of trials to reverse choice estimated from model 1 simulation tended to be 224 

larger than that estimated from the actual performance, whereas that estimated from 225 

model 4 simulation matched well with the actual data (Figure 3 – figure supplement 226 

2). We also visualized the simulated psychometric curves. As shown by Figure 3 – 227 

figure supplement 2 for an example mouse, both model 1 and model 4 could capture 228 

the performance in the high-boundary block, but with an exaggerated right choice 229 

probability for SF at 0.044 or 0.065 cycles/
o
 in the low-boundary block. For 230 

simulations using model parameters for the 10 mice in Figure 1, the simulated 231 

decision boundary in the high-boundary block was similar to the actual data (p = 0.16 232 

and 0.08 for model 1 and model 4, respectively, Wilcoxon signed rank test), whereas 233 

that in the low-boundary block was significantly lower than the actual data (p = 0.002 234 

for both model 1 and model 4, Wilcoxon signed rank test, Figure 3 – figure 235 

supplement 2). This may be due to the fact that, in the model using a logistic function, 236 

the performance for a specific SF depended on the its distance from the boundary SF, 237 

so that the performance for low SFs was lower than that for high SFs in the 238 

low-boundary block and the performance for low SFs was higher than that for high 239 

SFs in the high-boundary block (Figure 3 – figure supplement 3). For the mice’s 240 

actual behavior, however, the performance difference between low and high SFs was 241 

more evident in the high-boundary block but less so in the low-boundary block 242 

(Figure 3 – figure supplement 3). Thus, although the dynamic-DC model was not 243 
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perfect to predict the psychometric curve, it could recapitulate the adaptive action 244 

selection for the reversing stimulus. 245 

We further performed a parameter recovery analysis to check whether our fitting 246 

procedure can accurately estimate parameters. We simulated model 1 and model 4, 247 

respectively, using the parameters of the model fitted to data in all trials for the 10 248 

mice in Figure 1. For both models, the recovered parameters matched the original 249 

parameters (Figure 3 – figure supplement 4). We also simulated model 1 or model 4 250 

using the parameters of the model fitted separately to choices in the stable and 251 

switching periods. This was performed using two sets of parameters: one was the 252 

model parameters for the 10 mice in Figure 1, another was a wider range of 253 

parameters (see Materials and Methods). For both cases, there was good agreement 254 

between the recovered and original parameters (Figure 3 – figure supplement 5 and 255 

Figure 3 – figure supplement 6).  256 

The above analysis established that both model 1 and model 4 of the dynamic-DC 257 

model could recover original parameters from simulated data, and model 4 was the 258 

winning model to capture the adaptive behavior. As shown by Figure 3I and J, the 259 

sensory history parameter 2 in model 4 was significantly larger than zero in both the 260 

stable and switching periods (p = 0.014 and 2×10
-3

, Wilcoxon signed rank test). When 261 

we computed a right choice bias for reversing stimulus under two different conditions 262 

of sensory history (previous low-frequency and previous high-frequency) (Figure 3 – 263 

figure supplement 7), we found that, during the switching period, the right choice bias 264 

was significantly larger when the previous stimulus was at a lower than at a higher SF 265 
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(p = 2×10
-3

, Wilcoxon signed rank test), confirming the effect of sensory history as 266 

revealed by positive 2. In addition, larger value of 2 in the switching period (model 267 

4) was associated with fewer number of trials to reverse choice (Pearson’s r = -0.71, p 268 

= 0.02, Figure 3K). Taken together, the above results suggest that the sensory history 269 

of non-reversing stimuli, rather than the choice-outcome history of reversing stimulus, 270 

was important for correct adaptation of decision boundary in this task.  271 

 272 

M2 inactivation impaired the reversing response after boundary switch 273 

We next examined whether M2 activity is necessary for flexible action selection in the 274 

categorization task. We bilaterally injected AAV2/9-hSyn-hM4D-mCitrine in M2 to 275 

express the Gi-protein-coupled receptor hM4D (Figure 4A). Electrophysiological 276 

recordings validated that intraperitoneal injection of clozapine-N-oxide (CNO) could 277 

significantly reduce the firing rates of M2 neurons (p < 0.001, n = 24 and 14 cells 278 

from two mice, respectively, Wilcoxon signed rank test, Figure 4B). To examine the 279 

effect of M2 inactivation, we compared the behavioral performance of mice between 280 

sessions with CNO and with saline injection (Figure 4 – figure supplement 1), which 281 

were conducted in different days, ~ 40 min before the behavioral task. To analyze the 282 

performance for the reversing stimulus before and after the boundary switch, we only 283 

included those sessions that contained ≥ 2 blocks. We found that chemogenetic 284 

inactivation of M2 significantly decreased the correct rate and response latency for the 285 

reversing stimulus during the switching period (p = 0.022 and 0.019, two-way 286 

repeated-measures ANOVA followed by Sidak’s multiple comparisons test), while did 287 
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not significantly affect those during the stable period (p = 0.87 and 0.47, n = 10, 288 

two-way repeated-measures ANOVA followed by Sidak’s multiple comparisons test, 289 

Figure 4C and D). After the boundary switch, the number of trials to reverse choice 290 

for the reversing stimulus was greater in the CNO sessions (7.48 ± 1.19, mean ± SEM) 291 

than in the saline sessions (5.45 ± 0.40, mean ± SEM, p = 0.049, n = 10, Wilcoxon 292 

signed rank test). For control mice with EGFP expressed in M2, data from saline and 293 

CNO sessions did not differ in the correct rate for reversing stimulus during either the 294 

stable or the switching period (Figure 4 – figure supplement 2). On the other hand, 295 

M2 inactivation did not affect the correct rate for the non-reversing stimuli, the 296 

number of trials within a block, the number of switches per session or the distance 297 

between the two subjective categorical boundaries estimated from trials after the 298 

switching period (Figure 4 – figure supplement 3), indicating that M2 inactivation did 299 

not cause general deficit in motor control or visual perception. Thus, bilateral M2 300 

inactivation impaired adaptive action selection for the reversing stimulus specifically 301 

during the switching period when the mice needed to remap the stimulus-action 302 

association. 303 

We next used the dynamic-DC model to fit the behavioral data of 304 

hM4D-expressing mice in saline sessions and CNO sessions, respectively, and 305 

compared the model parameters and DC values inferred from these parameters 306 

between saline and CNO sessions for both model 1 (full model) and model 4 (1 = 0 307 

and 2 = 0) (Figure 4EH). We found that M2 inactivation did not cause significant 308 

changes in the model parameters (p > 0.05, Wilcoxon signed rank test) or in the DC 309 
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curves (p > 0.05, two-way repeated measures ANOVA) during the stable period 310 

(Figure 4E and G), and did not significantly affect the value of 1 (weight of current 311 

stimulus) in either the stable or the switching period (p > 0.05, Wilcoxon signed rank 312 

test). By contrast, M2 inactivation caused a significant decrease in 2 in both model 1 313 

and model 4 during the switching period (p = 0.02 and 0.014, Wilcoxon signed rank 314 

test, Figure 4F), suggesting an impairment in utilizing sensory history of the 315 

non-reversing stimuli to update DC. Analysis of choice bias during the switching 316 

period showed that M2 inactivation tended to reduce the choice bias difference 317 

between different conditions of sensory history (Figure 4 – figure supplement 4), 318 

consistent with the decrease in 2. M2 inactivation also slowed down the change of 319 

DC during the switching period (Figure 4H). By simulating behavior with model 1 or 320 

model 4, we found that the recovered parameter 2 in the switching period showed a 321 

significant decrease in CNO sessions as compared to saline sessions (Figure 4 – figure 322 

supplement 5), indicating that parameter change can be recovered from the model. For 323 

control mice with EGFP expressed in M2, CNO injection did not cause a significant 324 

change in any of the model parameters for the stable or the switching period (Figure 4 325 

– figure supplement 2). Thus, a major effect of bilateral M2 inactivation was an 326 

impairment in updating internal decision criterion according to the sensory history of 327 

non-reversing stimuli during the switching period.  328 

Prefrontal cortical regions, including the medial prefrontal cortex (mPFC) and the 329 

orbitofrontal cortex (OFC), have been implicated in flexible behavior (Birrell and 330 

Brown, 2000; Dias et al., 1996; Duan et al., 2015; Floresco et al., 2006; Izquierdo et 331 
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al., 2017; Ragozzino, 2007; Ragozzino et al., 1999; Stefani et al., 2003). We thus also 332 

examined the role of prefrontal cortex in the flexible visual categorization task. We 333 

found that bilateral inactivation of mPFC or OFC did not cause significant change in 334 

the performance for the reversing stimulus, the distance between internal categorical 335 

boundaries or number of switches per session (p > 0.05, Wilcoxon signed rank test, 336 

mPFC: n = 13 mice, OFC: n = 9 mice, Figure 4 – figure supplement 6 and figure 337 

supplement 7), although OFC inactivation tended to increase the number of trials per 338 

block (Figure 4 – figure supplement 7). Inactivation of mPFC or OFC did not affect 339 

the parameters in the dynamic-DC model (Figure 4 – figure supplement 6 and figure 340 

supplement 7). Thus, the impaired performance for the reversing stimulus during the 341 

switching period was specific to M2 inactivation. 342 

 343 

Information about choice and sensory history encoded by M2 neurons  344 

We next examined the responses of M2 neurons in behaving mice (see Materials and 345 

methods, Figure 5 – figure supplement 1). Mice used for electrophysiological 346 

recordings were also found to adopt behavioral strategies (Figure 5 – figure 347 

supplement 2) similar to those mice in Figure 2 and Figure 3. For each M2 neuron, we 348 

analyzed the firing rates around the holding period, during which the mice held their 349 

heads in the central port viewing the stimulus and presumably forming a decision.  350 

As M2 inactivation-induced impairment in performance for the reversing 351 

stimulus during the switching period was largely due to a reduced influence of 352 

sensory history (Figure 4), we examined the choice- and sensory history-related 353 
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responses of M2 neurons during the reversing-stimulus trials (Figure 5AD). To 354 

compare neural responses between different choices (left vs right) or between 355 

different sensory history (previous low-frequency vs previous high-frequency), we 356 

used the receiver operating characteristic (ROC) analysis (Green and Swets, 1966) to 357 

measure auROC (area under the ROC curve) (Figure 5EJ), which was used to 358 

quantify ROC preference. As the right choice bias of the mice was significantly larger 359 

when the previous stimulus was at a lower than at a higher frequency (Figure 5 – 360 

figure supplement 3), to understand the relationship between preference for choice 361 

and preference for previous stimulus, we used the responses of left and right choices 362 

to compute choice preference. We computed the ROC preference as 2×(auROC – 0.5), 363 

which ranged from -1 to 1 (Feierstein et al., 2006). For left-right choice preference, 364 

negative (positive) values indicate that the firing rates in current trial were higher 365 

when the choice is left (right). To compute the preference for previous stimulus, we 366 

divided the responses of current reversing-stimulus trials into two groups, in which 367 

the previous frequency was higher and lower than the frequency of the reversing 368 

stimulus, respectively. For previous-stimulus preference, negative (positive) values 369 

indicate that the firing rates in current trial were higher when the previous 370 

non-reversing stimulus was at a low (high) SF. 371 

Because neither the choice preference nor the previous-stimulus preference was 372 

different between neurons recorded from the left and right hemispheres (Figure 5 – 373 

figure supplement 4), we combined neurons recorded in both hemispheres. We found 374 

that the choice preferences in correct and wrong trials were positively correlated 375 
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(stable period: Pearson’s r = 0.36, p = 1.0×10
-4

; switching period: Pearson’s r = 0.24, 376 

p = 9.3×10
-3

; n = 113, Figure 5K), indicating that M2 activity during stimulus-viewing 377 

period reflects the orienting choice of the mice, consistent with the previous report 378 

(Erlich et al., 2011). We next examined the relationship between choice preference 379 

and previous-stimulus preference. For correct trials, the preference for left-right 380 

choice in current trial showed a significant negative correlation with the preference 381 

for stimulus in the last trial (stable period: Pearson’s r = -0.87, p = 3.2×10
-23

; 382 

switching period: Pearson’s r = -0.92, p = 9.5×10
-31

;
 
n =

 
72, Figure 5L), and such 383 

effect could be observed for M2 neurons recorded in both hemispheres (Figure 5 – 384 

figure supplement 5). Using a sliding window of 50-ms, we found that the negative 385 

correlation was observed in all time bins, including those time bins between central 386 

port entry and stimulus onset. For the sliding window analysis of correlation between 387 

the preference for left-right choice in current trial and the preference for stimulus in 388 

the trial before last (Figure 5 – figure supplement 6), the statistical significance of the 389 

correlation diminished in most time bins. Thus, the result suggests that the choice 390 

preference of M2 neurons is strongly influenced by stimulus history, and the 391 

preference for choice in current trial is coupled to the preference for stimulus in the 392 

last but not earlier trial. For wrong trials, however, the correlation between choice 393 

preference and previous-stimulus preference was not significant (stable period: 394 

Pearson’s r = -0.15, p = 0.2; switching period: Pearson’s r = 0.08, p = 0.5;
 
n = 72, 395 

Figure 5M). Furthermore, the preference for ipsilateral-contralateral choice in current 396 

trial did not exhibit a significant correlation with the preference for stimulus in last 397 
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trial, for either correct or wrong trials (Figure 5 – figure supplement 7). Thus, the 398 

left-right choice preference of M2 neurons was intimately related to the preference for 399 

previous stimulus in correct trials, consistent with the finding that sensory history of 400 

previous non-reversing stimuli was important for correct action selection in the task. 401 

We further trained linear support vector machine (SVM) classifier to decode 402 

upcoming choice or sensory history from M2 responses to the reversing stimulus (see 403 

Materials and methods). The analysis was applied separately to correct (or wrong) 404 

trials in the stable and switching periods. For each type of choice (sensory history) 405 

under each condition, we randomly sampled 10 trials from each neuron to form a 406 

resampled dataset, trained the classifier on 75% of the resampled data, and tested it on 407 

the remaining 25% of the resampled data. This cross-validation procedure was 408 

repeated 100 times and an averaged prediction accuracy was computed. The 409 

resampling procedure to compute prediction accuracy was repeated for 1500 times. As 410 

shown by Figure 6A, the accuracy of predicting choice was significantly higher in the 411 

switching than in the stable period for correct trials (p < 1.0×10
-4

, Wilcoxon rank sum 412 

test). For both the stable and switching periods, the accuracy of predicting choice was 413 

higher for correct trials than for wrong trials (p < 1.0×10
-4

, Wilcoxon rank sum test, 414 

Figure 6A). When we examined the accuracy for classifying the previous stimulus as 415 

a lower or a higher frequency, we also found that the accuracy was significantly 416 

higher in the switching than in the stable period for correct trials (p < 1.0×10
-4

, 417 

Wilcoxon rank sum test), and the accuracy for the switching period was higher in 418 

correct than in wrong trials (p < 1.0×10
-4

, Wilcoxon rank sum test, Figure 6B). Thus, 419 
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the results demonstrate that representations of upcoming choice and sensory history in 420 

M2 were stronger during the switching period, when mice were faced with a demand 421 

to switch stimulus-action association, than during the stable period. This corresponds 422 

with the causal contribution of M2 in controlling action selection when the 423 

stimulus-action association was remapped. 424 

To quantify the dynamics of prediction accuracy, we next trained and tested SVM 425 

classifier on each 50-ms time bin with a 25-ms moving window (Figure 6CH). For 426 

decoding upcoming choice, we found that the prediction accuracy tended to increase 427 

over time during the holding period (Figure 6CE). For decoding upcoming choice in 428 

correct trials, higher accuracy in the switching than in the stable period was mostly 429 

observed within a ±200-ms window around stimulus onset (Figure 6C). For decoding 430 

previous stimulus, the prediction accuracy was highest around the time of central port 431 

entry (Figure 6FH), consistent with the representation of trial history. For decoding 432 

previous stimulus in correct trials, higher accuracy in the switching than in the stable 433 

period was evident both around the time of central port entry and after the onset of 434 

“Go” signal (Figure 6F). Although the prediction accuracy for previous stimulus was 435 

decreased after stimulus onset, the decrease was more evident in wrong trials, 436 

resulting in higher accuracy in correct than in wrong trials (Figure 6G and H). Thus, 437 

the representations of upcoming choice and previous stimulus by M2 neurons 438 

exhibited different dynamics, and temporal integration of both information may be 439 

important for the action selection of mice.  440 

 441 
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Discussion 442 

Using behavioral modeling to analyze choices in a flexible visual categorization task, 443 

we found that mice depended on sensory history to correctly change stimulus-action 444 

association when categorical boundary switched between blocks of trials. 445 

Chemogenetic manipulation showed that M2 activity was specifically required for 446 

correct choices during remapping of stimulus-action association, but not when the 447 

sensorimotor association was stable. We further found that the representations of 448 

upcoming choice and sensory history by M2 neurons were stronger when the 449 

sensorimotor association needed to be flexibly adjusted. Thus, the choice- and sensory 450 

history-related signals in M2 are adaptive to task requirement, which may account for 451 

the important role of M2 in adaptive choice behavior during flexible stimulus 452 

categorization.  453 

Understanding behavioral strategy using computational modeling is important for 454 

studying the neural basis of behavior (Churchland and Kiani, 2016; Krakauer et al., 455 

2017). In our task of visual categorization, the mice were required to switch choice to 456 

the reversing stimulus several times within a single session. We thus used a 457 

probabilistic choice model in which the decision variable was determined by the 458 

comparison between current sensory input and a dynamic decision criterion. Previous 459 

studies showed that trial history impaired performance in typical perceptual decision 460 

tasks (Abrahamyan et al., 2016; Jiang et al., 2019). For the task in current study, 461 

however, because the probability of the non-reversing stimulus at the lowest (or 462 

highest) frequency differed between blocks, sensory history could be used as a 463 
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prominent cue indicating a change in categorization contingency. Our behavioral 464 

model and choice bias analysis revealed that sensory history significantly contributed 465 

to adaptive choices during the switching period. Although a change in the outcome of 466 

response to the reversing stimulus may also be used for guiding adaptive choices, the 467 

model analysis showed that action outcome history had a negligible effect on updating 468 

DC in the switching period, particularly for those well-trained mice that had been 469 

trained for 34 months before data collection (Figure 2). Unlike the mice in Figure 2, 470 

those mice in Figure 4 were trained with a shorter period of time (~40 d) before we 471 

measured the effect of chemogenetic manipulation and those in Figure 5 - figure 472 

supplement 2 were measured with a narrower range of SFs. The behaviors of mice in 473 

Figure 4 (saline sessions) and Figure 5 – figure supplement 2 exhibited a win-shift 474 

strategy (1 < 0) in the switching period, suggesting that the effect of choice-outcome 475 

history may depend on length of training or stimulus difficulty. We also showed that, 476 

for the flexible visual categorization task in this study, the model with a dynamic DC 477 

could better account for the adaptive choices than a RL model in which sensory 478 

stimuli were used in the computation of expected values of left and right choices. 479 

Future work may further compare the dynamic DC model with other forms of RL 480 

model. In our study, the change in stimulus statistics associated with the boundary 481 

switch likely promoted a strategy that involved sensory history during adaptive action 482 

selection. On the other hand, it is possible that the influence of outcome may occur at 483 

a slower timescale, which may not be well captured by our model based on the 484 

trial-by-trial analysis. In the future, applying computational models that consider the 485 



24 
 

influence of sensory history and outcome at different timescales may allow us to 486 

better understand the process of adaptive action selection.  487 

Categorical decision involves action selection that recruits the premotor cortex 488 

(Ashby and Maddox, 2005). In primates, the pre-supplementary motor area is 489 

involved in the switch of actions (Isoda and Hikosaka, 2007; Rushworth et al., 2002). 490 

Rodent M2, which is a putative homolog of primate premotor cortex, supplementary 491 

motor regions and frontal eye field, has been shown to play a critical role in action 492 

selection guided by sensory stimuli, memory or prior actions (Barthas and Kwan, 493 

2017; Erlich et al., 2011; Gilad et al., 2018; Goard et al., 2016; Guo et al., 2014; 494 

Itokazu et al., 2018; Li et al., 2015; Makino et al., 2017; Murakami et al., 2017; 495 

Ostlund et al., 2009; Siniscalchi et al., 2016). M2 neurons have been found to encode 496 

information about trial history as well as upcoming choice (Hattori et al., 2019; Jiang 497 

et al., 2019; Scott et al., 2017; Siniscalchi et al., 2019; Sul et al., 2011; Yuan et al., 498 

2015). In our study, we found that the left-right choice preference of M2 neurons was 499 

well correlated with the preference for previous stimulus in correct trials, suggesting 500 

that M2 neurons could integrate sensory history to generate choice signal. Previous 501 

studies also showed that M2 activity is task dependent. For instance, M2 responses 502 

are modulated by effector, task context and action outcome (Erlich et al., 2011; Kargo 503 

et al., 2007; Murakami et al., 2014; Siniscalchi et al., 2019). A recent study found that 504 

M2 activity patterns differ between conditions of cue-guided and nonconditional 505 

actions, and bilateral muscimol inactivation of M2 slowed the transition from 506 

action-guided to sound-guided response, without affecting the high performance of 507 
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sound-guided trials after the transition (Siniscalchi et al., 2016). Consistent with this 508 

study, we found that bilateral inactivation of M2 slowed the adaptive adjustment of 509 

action selection following the boundary switch, without affecting choice behavior in 510 

steady state. The effect of M2 inactivation on adaptive activation selection is also 511 

consistent with our finding that the representations of choice and history information 512 

by M2 neurons were stronger during the switching period.  513 

Mouse M2 occupies a wide range of cortical area, spanning from AP 2.5 mm to 514 

AP -1 mm along the rostral-caudal axis (Barthas and Kwan, 2017; Franklin and 515 

Paxinos, 2007). In our study, the effect of bilateral inactivation of M2 (AP 2.0 mm, 516 

ML 0.75 mm) on adaptive action selection was modest, which may be partly due to 517 

the fact that the virus infected only a limited part of M2. Alternatively, it is possible 518 

that other parts of M2 or other regions also contribute to the adaptive action selection. 519 

We found that inactivation of M2 but not mPFC or OFC affected the performance for 520 

reversing stimulus in the switching period, suggesting that sensory-history dependent 521 

adaptive action selection may specifically require M2 activity. Of course, it should be 522 

noted that our chemogenetic manipulation did not produce a complete inactivation of 523 

neuronal activity and thus the negative effect of mPFC/OFC inactivation may need to 524 

be further confirmed using experiments with more complete inactivation. Another 525 

limitation of our chemogenetic manipulation is the lack of precise temporal control of 526 

M2 inactivation. Future studies using optogenetics may allow to examine the temporal 527 

specificity of the effect of M2 inactivation. It is also of interest to further examine the 528 

circuit mechanism for adaptive encoding of choice signal in M2. 529 
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 530 

Materials and methods 531 

Key Resources Table 

Reagent type 

(species) or 

resource 

Designati

on 

Source or 

reference 

Identifiers Additional 

informatio

n 

Strain, strain 

background 

(Mus 

musculus) 

C67BL/6 Slac Laboratory 

Animal 

N/A  

Chemical 

compound, 

drug 

clozapine-

N-Oxide 

Sigma-Aldric

h Corporation 

C0832-5MG  

Software, 

algorithm 

Offline 

Sorter 

Plexon https://plexon.com  

Software, 

algorithm 

Prism GraphPad https://www.graph

pad. 

com/scientificsoft

ware/prism/; 

RRID:SCR_00279 

 

Software, 

algorithm 

MATLAB Mathworks https://www. 

mathworks.com/; 

RRID:SCR_00162

2 

 

 532 

Animals  533 

Animal use procedures were approved by the Animal Care and Use Committee at the 534 

Institute of Neuroscience, Chinese Academy of Sciences (approval number 535 

NA-013-2019), and were in accordance with the guidelines of the Animal Advisory 536 
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Committee at the Shanghai Institutes for Biological Sciences. Data were from a total 537 

of 68 male adult C57BL/6 mice (3 – 12 months old), in which 11 were used for 538 

electrophysiological recordings during behavioral task. The mice were housed in 539 

groups of four to six per cage (mice for chronic extracellular recordings were housed 540 

individually). The mice were deprived of water in the home cage and obtained water 541 

reward during daily behavior sessions. On days that mice did not perform the task, 542 

restricted water access (~ 1 ml) was provided each day. The mice were kept on a 12 h 543 

light/12 h dark cycle (lights on at 7:00 am). All sessions were performed in the light 544 

phase. 545 

 546 

Behavior and visual stimuli 547 

All training and experiments took place in a custom-design behavioral chamber with 3 548 

ports (Long et al., 2015), controlled by custom Matlab (Mathworks, Natick, USA) 549 

scripts and digital I/O devices (PCI-6503, National Instruments Corporation, Austin, 550 

USA). Visual stimuli were presented on a 17" LCD monitor (Dell E1714S, max 551 

luminance 100 cd/m
2
) placed 10 cm away from the front wall of the chamber. Gamma 552 

correction was used to calibrate the monitor to establish a linear relationship between 553 

program-controlled pixel intensity and actual luminance. The monitor subtended 126
o 

554 

× 113
o
 of visual space, assuming that the mouse’s head was at the central port facing 555 

the stimulus. A yellow light-emitting diode (LED) was placed at the central port to 556 

provide the “Go” signal. 557 
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The mice initiated a trial by nose-poking into a hole in the central port. A 558 

full-field visual stimulus was presented on the monitor after 200 ms of trial initiation, 559 

and the mice were required to continue staying in the central port for at least 500 ms 560 

until the yellow LED (“Go” signal) lighted up. The mice were required to compare 561 

the current stimulus to an internal decision boundary and reported their choice by 562 

going to one of the two side ports. The rewarded side port was on the left (right) if the 563 

stimulus SF was lower (higher) than a categorical boundary. For each trial, the visual 564 

stimulus was presented until the mouse chose one of the two side ports, and the "Go" 565 

signal was turned off at the same time as stimulus offset. Gray screen of mean 566 

luminance was used between trials. 567 

The mice were trained to perform flexible visual categorization task using the 568 

following steps. In step 1 (2 d), the central port was blocked, and mice could collect 569 

water reward by nose-poking to the left and right ports alternatively. In step 2 (2 d), 570 

one of the side ports was blocked alternatively between daily sessions. The mice 571 

learned to initiate a trial by poking its nose into the central port, then go to the 572 

unblocked side port to receive water reward. In step 3 (310 d), the task was similar 573 

to that in step 2 except that the mouse was required to hold its head in the central port. 574 

The required holding time was at 50 ms initially and increased by 75 ms each time the 575 

mouse succeeded holding in 75% of the previous 20 trials. The training continued 576 

until the successful holding time reached 1000 ms in 75% of trials in a session. In step 577 

4 (410 d), all ports were open, and the mouse initiated a trial by nose-poking into the 578 

central port. After the mouse held its head for 200 ms, a full-field static grating 579 
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(vertical orientation) at a low SF (0.03 cycles/
o
) or a high SF (0.3 cycles/

o
) was 580 

presented until the mouse entered one of the two side ports. If the mouse chose the 581 

left (right) side port for a low (high) frequency, it was rewarded by 34 μl water. Thus, 582 

in this step the mouse learned to discriminate between a low and a high SF. In step 5 583 

(215 d), each daily session consisted of two types of blocks. Stimuli in the 584 

low-boundary block consisted of gratings at 0.03 and 0.095 cycles/
o
, and those in the 585 

high-boundary block were at 0.095 and 0.3 cycles/
o
. Each block consisted of at least 586 

60 trials. For both types of blocks, a low (high) frequency stimulus indicated that 587 

choosing the left (right) port was considered as correct and would be rewarded. After 588 

the performance for the reversing stimulus (0.095 cycles/
o
) reached 70% or 80% in 589 

the last 10 reversing-stimulus trials, the boundary switched and the mouse was 590 

required to reverse its choice for the reversing stimulus. Thus, in this step the mouse 591 

learned to switch stimulus-action association for the reversing stimulus at 0.095 592 

cycles/
o
. In step 6 (37 d for most mice), the task was similar to that in step 5 except 593 

that visual stimuli consisted of 7 SFs (0.03, 0.044, 0.065, 0.095, 0.139, 0.204, and 0.3 594 

cycles/
o
) in both types of blocks. For the low-boundary block, gratings at 0.03 and 595 

0.095 cycles/
o
 were presented for 90% of trials, gratings at the other frequencies were 596 

presented for 10% of trials, and the boundary frequency was between 0.065 and 0.095 597 

cycles/
o
. For the high-boundary block, gratings at 0.095 and 0.3 cycles/

o
 were 598 

presented for 90% of trials, and the boundary frequency was between 0.095 and 0.139 599 

cycles/
o
. Thus, the stimulus statistics differed between blocks. After step 6, the mouse 600 

was used for data collection of behavioral experiment. For behavioral data of mice in 601 
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Figure 1  Figure 4, the visual stimuli were the same as those in step 6.  602 

For behavioral experiments in control mice with EGFP expressed in M2 (Figure 4 603 

- figure supplement 2), in mice with chemogenetic inactivation of mPFC or OFC 604 

(Figure 4 - figure supplement 6 and figure supplement 7) and in mice used for 605 

electrophysiological recordings (Figure 5 and Figure 6), the SFs of the gratings were 606 

at 0.06, 0.073, 0.09, 0.11, 0.134, 0.164, and 0.2 cycles/
o
. In the low-boundary block, 607 

gratings at 0.06 and 0.11 cycles/
o
 were presented for 90% of trials, and the boundary 608 

frequency was between 0.09 and 0.11 cycles/
o
. In the high-boundary block, gratings at 609 

0.11 and 0.2 cycles/
o
 were presented for 90% of trials, and the boundary frequency 610 

was between 0.11 and 0.134 cycles/
o
. 611 

For mice not used for electrophysiological recordings, the behavior of each 612 

mouse was measured for 9.41 ± 1.42 (mean ± SD) sessions. For mice used for 613 

electrophysiological recordings, the behavior of each mouse was measured for 23 ± 614 

5.2 (mean ± SD) sessions. 615 

 616 

Surgery 617 

For chemogenetic inactivation experiments, mice were injected with virus before 618 

behavioral training. Mice were anesthetized with a cocktail of midazolam (5 mg/kg), 619 

medetomidine (0.5 mg/kg) and fentanyl (0.05 mg/kg) injected intraperitoneally before 620 

surgery, then head-fixed in a stereotaxic apparatus. Their body temperature was 621 

maintained at 37℃. Eye drops and eye ointment were applied to the eyes to prevent 622 

from drying. The incision site was treated with lidocaine jelly. Two craniotomies (∼ 623 
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0.8 mm diameter) were performed bilaterally above M2 (AP 2.0 mm, ML ± 0.75 mm), 624 

mPFC (AP 2.3 mm, ML ± 0.3 mm) or OFC (AP 2.6 mm, ML ± 1.0 mm). For virus 625 

injection, the bones were not cracked, only thinned enough to allow easy penetration 626 

by a borosilicate glass pipette with a tip diameter of ~ 4050 μm. A total of 300 nl 627 

AAV2/9-hSyn-hM4D-mCitrine (or AAV2/8-CamKIIa-EGFP-3Flag-WPRE-SV40pA 628 

for control mice, which were randomly assigned among cagemates) was injected at a 629 

depth of 900 μm for M2 (at 1350 μm for mPFC and at 2100 μm for OFC) using a 630 

syringe pump (Pump 11 Elite, Harvard Apparatus, Holliston, USA). After the virus 631 

injection, the pipette was left in place for 1015 minutes before retraction. The mice 632 

were given carprofen (5 mg/kg) subcutaneously after the surgery. 633 

 Chronic electrodes were implanted after the mice were fully trained. At least 2 634 

days before the surgery, the mice were granted free access to water. The mice were 635 

anesthetized and prepared using the same procedures described above. A grounding 636 

screw was implanted at a site posterior to Lamda. A craniotomy was made above the 637 

left or right M2 (AP 2.0 mm, ML 0.75 mm), and a portion of the dura was removed. 638 

The cortical surface was applied with artificial cerebrospinal fluid. A 16-sites silicon 639 

probe (A1×16-3mm-50-177-CM16LP, NeuroNexus Technologies, Ann Arbor, USA) 640 

was lowered into the brain to a depth of 900 μm with a micromanipulator (Siskiyou 641 

Corporation, Grants Pass, USA). The craniotomy was covered with a thin layer of 642 

silicone elastomer Kiwi-Cast, followed by another layer of silicone elastomer 643 

Kiwi-Sil (World Precision Instruments, Sarasota, USA). A headplate was placed on 644 

the skull to facilitate later handling of the animal (attaching the headstage to the probe 645 
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connector before each recording session), and cyanoacrylate tissue adhesive (Vetbond, 646 

3M, Saint Paul, USA) was applied to the skull surface to provide stronger fixation. 647 

After the tissue adhesive cured, several layers of dental acrylic cement were applied to 648 

fix the whole implant in place. A ferrule of optical fiber was partially embedded in the 649 

dental cement (above the grounding screw) to provide guidance to a rotary joint 650 

(Doric Lenses, Quebec, Canada). Mice were allowed to recover from the surgery for 651 

at least 7 days before water-restriction and behavioral training. For mice implanted 652 

with electrodes, they were returned to step 4 of the training to get used to moving 653 

around with the implants and headstage cable before the recordings started. 654 

 655 

Chemogenetic inactivation 656 

We used the system of designer receptor exclusively activated by designer drug 657 

(DREADD) (Stachniak et al., 2014) to inactivate M2, mPFC or OFC. At ~ 40 min 658 

before each daily session, the mice were briefly anesthetized with isoflurane (4%) and 659 

received an intraperitoneal injection of clozapine-N-Oxide (CNO) (1.5 mg/kg) or 660 

saline. The concentration of CNO solution was adjusted such that each mouse 661 

received ~100 μl of solution from the injection. The mice were allowed to recover 662 

individually in a cage before behavioral testing. We verified in anesthetized mice that 663 

the effect of DREADD inactivation on M2 neuronal spiking lasted for 2 hours. 664 

Because some SFs were presented for 10% of trials and the number of switches per 665 

session was limited (< 7 for most mice), we measured 8.7 ± 0.95 (mean ± SD) 666 

sessions for saline injection (or CNO injection), so that we could obtain enough 667 
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number of trials for psychometric curve analysis and modelling analysis.  668 

 669 

Electrophysiological recording 670 

Neural signals were amplified and filtered using the Cerebus 32-channel system 671 

(Blackrock Microsystems, Salt Lake City, USA).The spiking signals were sampled at 672 

20 kHz. To detect the waveforms of spikes, we band-pass filtered the signals at 250 673 

Hz  5k Hz. Signals above 3.5 s.d. of the average noise level (1 5 kHz) were 674 

detected as spikes. Task-related behavioral events were digitized as TTL levels and 675 

recorded by the Cerebus system. 676 

 677 

Histology 678 

The mice were deeply anesthetized with a cocktail of midazolam (7.5 mg/kg), 679 

medetomidine (0.75 mg/kg) and fentanyl (0.075 mg/kg), and perfused with 680 

paraformaldehyde (PFA, 4%). Brains were removed, fixed in 4% PFA (4℃) overnight, 681 

and then transferred to 30% sucrose in phosphate-buffered saline until equilibration. 682 

Brains were sectioned at 5070 μm. Fluorescence images were taken with a virtual 683 

slide microscope (VS120, Olympus, Shinjuku, Japan). The atlas schematics in Figure 684 

4, Figure 4 – figure supplement 2, Figure 4 – figure supplement 6, Figure 4 – figure 685 

supplement 7 and Figure 5 – figure supplement 1 are modified from (Franklin and 686 

Paxinos, 2007).  687 

 To verify the location of implanted electrode, we made electrolytic lesions by 688 

applying 20 μA of current for 20 s through each channel of the electrode. Brain 689 
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sections were stained with cresyl violet. 690 

 691 

Analysis of behavior 692 

To estimate psychometric curves for both low-boundary and high-boundary blocks, 693 

all trials (except those within 30 trials after boundary switch) in all sessions were used 694 

to compute the correct rate for each SF. The curve of correct rate was fitted with the 695 

psychometric function using psignifit (Wichmann and Hill, 2001): 696 
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 697 

in which   and   represent the lower and higher asymptotes, respectively,   is 698 

the boundary, and   is the slope of the curve. 699 

 To estimate the number of trials to reverse choice, we averaged the performance 700 

for reversing stimulus after boundary switch across all blocks in all sessions. We fitted 701 

an exponential function to the data of correct rate for the first 60 reversing-stimulus 702 

trials after boundary switch (Jaramillo and Zador, 2014): 703 

/f ( ) (1 ) ,nn A e I    704 

in which n  indicates trial number after a switch,   is the speed of change, A  705 

represents the asymptotic performance, and 1 - I  is the performance for the 706 

reversing stimulus trials just before the switch. The number of trials to reverse choice 707 

was computed as the number of trials needed to cross the 50% correct rate of the fitted 708 

curve. 709 

The 15 trials before and the 15 trials after the switch of categorical boundary 710 
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were defined as stable and switching periods, respectively. The response latency was 711 

defined as the duration between stimulus onset (200 ms after central port entry) and 712 

nose-poking the side port. We computed right choice bias to estimate the influence of 713 

a previous non-reversing stimulus on the choice for the reversing stimulus. Right 714 

choice bias following a low-frequency (high-frequency) stimulus was computed as the 715 

probability of right choice subtracted by that averaged over all reversing-stimulus 716 

trials in the low-boundary (high-boundary) block. To compute the difference in right 717 

choice bias, the right choice bias following a low-frequency stimulus was subtracted 718 

by that following a high-frequency stimulus. 719 

 720 

Behavioral models 721 

To estimate the fluctuation of decision criterion on a trial-by-trial basis, and to 722 

understand the contribution of trial history to the adjustment of decision criterion, we 723 

designed a logistic regression model with a dynamic DC and fitted the model to 724 

behavioral data combined across multiple sessions. The choice in trial t was modeled 725 

with a logistic function: 
( )

1
p( )

1 z t
t

e



， where p is the probability of choosing right 726 

and z is a decision variable. For each trial t, z is calculated as: ( ) 1 S( ) - DC( )z t t t  , 727 

where S(t) is current stimulus, 1 is the weight for current stimulus, and DC(t) 728 

represents the internal decision criterion in current trial. The SF of stimulus S was 729 

normalized between -1 and 1, in which negative and positive values indicate lower 730 

and higher SFs, respectively, and 0 indicates the reversing stimulus. The parameter 1 731 

was constrained within [0, +∞). We fitted the model to choices in all trials, as well as 732 
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to choices in the stable period (last 15 trials before switch) and the switching period 733 

(first 15 trials after switch) separately. For the latter case, because the categorical 734 

boundary switched once the performance for the reversing stimulus reached 70% 735 

(mice in Figure 1, Figure 2 and Figure 3) or 80% (mice in other Figures) over the last 736 

10 reversing-stimulus trials, the initial value of DC for the first trial in each block of 737 

stable period was set to a value corresponding to a correct rate of 70%, and the initial 738 

value of DC for the first trial in each block of switching period was set to a value 739 

corresponding to a correct rate of 30% or 20%. 740 

Intuitively, the mice could adjust their internal DC according to the experienced 741 

action-outcome association and the previously experienced visual stimuli (Akrami et 742 

al., 2018; Jaramillo and Zador, 2014). These possibilities motivated us to design rules 743 

to update DC in a trial-by-trial manner according to specific trial history.  744 

After a trial of reversing stimulus, DC was updated according to the following 745 

rules: 746 

DC( ) (1 ) DC( 1) + 1t t      for a rewarded left choice, 747 

DC( ) (1 ) DC( 1) - 1t t      for a rewarded right choice, 748 

DC( ) (1 ) DC( 1) - 2t t      for an unrewarded left choice, 749 

DC( ) (1 ) DC( 1) + 2t t      for an unrewarded right choice, 750 

where 1 and 2 are parameters modeling the effect of rewarded and unrewarded 751 

choices, respectively, and  (constrained within (-∞, 1]) models the tendency of DC to 752 

drift towards 0 (0 < β < 1) or away from 0 (β < 0). For a positive (negative) 1, a 753 
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rewarded choice introduces a bias towards (away from) the previously chosen side, 754 

indicating a win-stay (win-shift) strategy. For a positive (negative) 2, an unrewarded 755 

choice causes a bias away from (towards) the previously chosen side, indicating a 756 

lose-shift (lose-stay) strategy. 757 

After a trial of non-reversing stimulus, DC was updated according to the 758 

following: 759 

DC( ) (1 ) DC( 1) + 2 S( -1),t t t       760 

where 2 is the weight for stimulus in previous trial. Here we did not implement 761 

parameters for reward/non-reward history because the performance for non-reversing 762 

stimuli was usually much higher than that for the reversing stimulus. For 2 with a 763 

positive value, a previously experienced low-frequency stimulus (i.e., SF lower than 764 

that of the reversing stimulus) introduces a right choice bias, while a previously 765 

experienced high-frequency stimulus (i.e., SF higher than that of the reversing 766 

stimulus) introduces a left choice bias. Note that when the previous trial is the 767 

reversing stimulus, S(t-1) becomes 0 and DC is updated according to: 768 

DC( ) (1 ) DC( 1) t t    . 769 

 To evaluate whether each model parameter is necessary, we built reduced model 770 

variants, including model 2 (1 = 0), model 3 (2 = 0), model 4 (1 = 0 and 2 = 0), 771 

model 5 ( = 0), model 6 (1 = 1) and model 7 (2 = 0), in addition to the full model 772 

(model 1).  773 

Given the possibility that the mice could solve the task by updating separate value 774 

functions of different choices rather than comparing the stimulus with a decision 775 



38 
 

criterion, we also designed a reinforcement learning (RL) model (Sutton and Barto, 776 

1998). In this model, we used sensory stimulus in the computation of expected values 777 

of left and right choices (Ql and Qr) (Lak et al., 2019), and Ql and Qr are mapped into 778 

the mice’s choice through a softmax function: 779 

( )

( ) ( )
( )

Qr t

Ql t Qr t

e
Pr t

e e



， 780 

where Pr represents the probability of right choice. For each trial t, Ql and Qr are 781 

calculated as: 782 

( ) (1 S( )) ( ),Ql t t Vl t     783 

( ) S( ) ( ),Qr t t Vr t    784 

where Vl and Vr are the value functions for left and right choices, respectively, and  785 

is the weight for current stimulus S(t). The SF of the stimulus was normalized 786 

between 0 and 1, in which 0 and 1 correspond to the lowest and highest SFs, 787 

respectively. The model updates the value functions according to the following rules: 788 

( ) ( 1)+ (1- ( -1))Vl t Vl t Ql t    for a rewarded left choice, 789 

( ) ( 1)+ (1- ( 1))Vr t Vr t Qr t     for a rewarded right choice, 790 

( ) ( 1)+ (0- ( -1))Vl t Vl t Ql t    for an unrewarded left choice, 791 

( ) ( 1)+ (0- ( -1))Vr t Vr t Qr t    for an unrewarded right choice, 792 

where  (constrained within (0, 1)) is the learning rate, and (1-Ql), (1-Qr), (0-Ql) or 793 

(0-Qr) represents reward prediction error. 794 

For each of the models (different variants of the dynamic-DC model and the RL 795 

model), we fitted the model to behavioral data in all trials, as well as separately to 796 
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choices in the stable and switching periods. The model was fitted with the method of 797 

maximum likelihood estimation, using sequential quadratic programming algorithm 798 

(Nocedal and Wright, 2006) to search for sets of parameters to minimize the average 799 

negative log-likelihood of the data (“fmincon” function in Matlab 2017b, with “sqp” 800 

option). We applied 200 runs of 5-fold cross-validation, with balanced number of 801 

low-boundary and high-boundary blocks in each run. The median values of the 802 

parameter distribution were reported.  803 

We simulated behavior using the parameters of model 1 or model 4 fitted to the 804 

mice’s actual behavior. Each simulation contained 50 low-boundary blocks and 50 805 

high-boundary blocks, with the first block randomly chosen as low- or high-boundary 806 

block. As in the actual experiment, the boundary switched once the block consisted of 807 

at least 60 trials and the performance for the reversing stimulus reached 70% in the 808 

last 10 reversing-stimulus trials. For model simulation of choices in all trials, the DC 809 

in the first trial of a next block inherited the value in the last trial of the previous block. 810 

For model simulation of only those trials in the stable and switching periods, the DC 811 

in the first trial of the stable (switching) period was set to a value corresponding to 70% 812 

(30%) correct rate for the reversing stimulus.  813 

To perform parameter recovery analysis, we fitted the model to simulated data by 814 

applying 200 runs of 5-fold cross-validation, and used the median values of the 815 

parameter distribution as the recovered parameters. Parameter recovery analysis was 816 

performed for the parameters of the model fitted to data in all trials, and also for those 817 

of the model fitted to choices in the stable and switching periods separately. In the 818 
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latter case, we used two sets of original parameters: one was the model parameters for 819 

the 10 mice in Figure 1, another was a wider range of parameters, the values of which 820 

were described in the following. For model 1, the ranges of original parameters for 1, 821 

2, , 1 and 2 were set as [-1.5 0.8], [-0.7 1.5], [-0.2 0.9], [1 13] and [-0.4 1.5], 822 

respectively. For model 4, the ranges of original parameters for , 1 and 2 were set 823 

as [-0.2 0.9], [1 13] and [-0.4 1.5], respectively. When we performed parameter 824 

recovery for one parameter (e.g., 1 in model 1) within a wide range, the other 825 

parameters (e.g., 2, , 1 and 2 in model 1) were each fixed at a value 826 

corresponding to the median parameters of all mice : 1, 2, , 1 and 2 in model 1 827 

were fixed at -0.13, 0.13, 0.22, 3.64 and 0.42, respectively, and , 1 and 2 in model 828 

4 were fixed at 0.21, 3.61 and 0.36, respectively.  829 

   830 

Analysis of neuronal responses 831 

Spike sorting was performed offline using commercial software (Offline Sorter V3; 832 

Plexon Inc., Dallas, USA). The sorting involved an automated clustering process in 833 

3-D principle component space of waveform features (Shoham et al., 2003) and a 834 

final stage of manual verification. Spike clusters were considered as single units if the 835 

interspike interval was > 1 ms and the p value for multivariate ANOVA test on 836 

clusters was less than 0.05.  837 

Except the analysis in Figure 6CH and Figure 5 – figure supplement 6, we 838 

analyzed the spikes within 0  700 ms after trial initiation (including 200-ms before 839 

stimulus presentation and 500-ms of stimulus presentation), during which the mouse 840 
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held its head in the central port. For the units recorded in each session, we binned the 841 

spikes at 1 ms and computed correlation coefficients (CCs) between all pair-wise 842 

combinations of units. We also computed CC between the spike waveforms of each 843 

pair of units. Those pairs with spike CC > 0.1 and spike waveform CC > 0.95 were 844 

considered to be duplicate units that appeared in multiple channels, and the unit with a 845 

lower firing rate in the pair was discarded (Zhu et al., 2015). The same units recorded 846 

over two consecutive sessions in the same channel were tracked according to a 847 

previously reported method, which was based on quantification of the mean 848 

waveform shape, the autocorrelation, the average firing rate, and the cross-correlation 849 

with other simultaneously recorded neurons (Fraser and Schwartz, 2012). Only those 850 

units that were tracked for 2 sessions were included in the analysis.    851 

To quantify the preference of each neuron for upcoming choice (sensory history), 852 

we applied ROC analysis (Green and Swets, 1966) to the distributions of spike counts 853 

on trials of different choice (different sensory history). The area under the ROC curve 854 

(auROC) indicates the accuracy with which an ideal observer can correctly classify 855 

whether a given response is recorded in one of two conditions. The ROC preference 856 

was defined as 2×(auROC – 0.5), which ranged from -1 to 1 (Feierstein et al., 2006). 857 

For the sliding window analysis of the correlation between left-right choice 858 

preference in current trial and stimulus preference in last trial (or in the trial before 859 

last), we used the spikes within 0  900 ms after trial initiation (including 200-ms 860 

before stimulus presentation, 500-ms of stimulus presentation and 200-ms after the 861 

“Go” signal). The correlation coefficient was computed for each 50-ms time bin with 862 
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a 25-ms moving window. 863 

Linear decoders based on support vector machine (Boser et al., 1992) (SVM, 864 

fitcsvm function in Matlab 2017b) were trained to decode choice or sensory history 865 

from pseudopopulation of M2 neurons in response to the reversing stimulus. The 866 

decoding analysis was applied separately to four conditions: correct trials in the stable 867 

and switching periods, and wrong trials in the stable and switching periods. Spike 868 

counts of each neuron were z-score standardized. For each type of upcoming choice 869 

or sensory history, we randomly sampled 10 trials without replacement from each 870 

neuron to form a resampled dataset (Raposo et al., 2014). The resampling procedure 871 

was repeated for 1500 times. For each resampled dataset, we trained the SVM-based 872 

linear classifier on 75% of the resampled data, and tested it on the remaining 25% of 873 

the resampled data. This 4-fold cross-validation procedure was repeated 100 times 874 

and an averaged prediction accuracy was computed. Each condition yielded 1500 data 875 

points of prediction accuracy. To quantify the dynamics of prediction accuracy, we 876 

used the spikes within 0  900 ms after trial initiation (including 200-ms before 877 

stimulus presentation, 500-ms of stimulus presentation and 200-ms after the “Go” 878 

signal). The SVM classifier was applied to each 50-ms time bin with a 25-ms moving 879 

window, and the resampling procedure was repeated for 100 times. 880 

To be included in the ROC or SVM analysis, we required that a neuron should 881 

have at least 10 trials for each type of choice (sensory history) under each condition 882 

and firing rate > 0.5 spikes/s in at least one of the conditions. 883 

 884 
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Statistical analysis  885 

No statistical methods were used to pre-determine sample sizes. Sample sizes are 886 

consistent with similar studies in the field. The statistical analysis was performed 887 

using MATLAB or GraphPad Prism (GraphPad Software). Wilcoxon two-sided 888 

signed rank test, Wilcoxon two-sided rank sum test, two-way ANOVA or two-way 889 

repeated measures ANOVA (followed by Sidak’s multiple comparisons test) was used 890 

to determine the significance of the effect. Correlation values were computed using 891 

Pearson’s correlation. Unless otherwise stated, data were reported as mean ± SEM and 892 

p values < 0.05 were considered statistically significant.  893 

 894 

Data availability 895 

All data generated or analyzed during this study are included in: Wang, Tian-Yi; Liu, 896 

Jing; Yao, Haishan (2019), Control of adaptive action selection by secondary motor 897 

cortex during flexible visual categorization, Dryad, Dataset, 898 

https://doi.org/10.5061/dryad.1c59zw3rs. Source data files have been provided for 899 

Figures 1-6. 900 

 901 

Source data files 902 

Figure 1 - Source Data 1.txt 903 

Figure 1 - Source Data 2.txt 904 

Figure 2 - Source Data 1.txt 905 

https://doi.org/10.5061/dryad.1c59zw3rs
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Figure 3 - Source Data 1.txt 906 

Figure 3 - Source Data 2.txt 907 

Figure 3 - Source Data 3.txt 908 

Figure 3 - Source Data 4.txt 909 

Figure 3 - Source Data 5.txt 910 

Figure 3 - Source Data 6.txt 911 

Figure 3 - Source Data 7.txt 912 

Figure 4 - Source Data 1.txt 913 

Figure 4 - Source Data 2.txt 914 

Figure 4 - Source Data 3.txt 915 

Figure 4 - Source Data 4.txt 916 

Figure 4 - Source Data 5.txt 917 

Figure 5 - Source Data 1.txt 918 

Figure 5 - Source Data 2.txt 919 

Figure 5 - Source Data 3.txt 920 

Figure 5 - Source Data 4.txt 921 

Figure 6 - Source Data 1.txt 922 
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 1156 

Figure legends 1157 

Figure 1. Flexible visual categorization task. (A) Schematic of the task and timing of 1158 

behavioral events. (B) Visual stimuli and categorical boundaries. Each session 1159 

consisted of alternating low-boundary and high-boundary blocks, the order of which 1160 

was counterbalanced across sessions. For low-boundary blocks, SF1 and SF4 were 1161 

presented for 90% of trials; for high-boundary blocks, SF4 and SF7 were presented 1162 

for 90% of trials. (C and D) Performance of one example mouse for SF1 (0.03 1163 

cycles/
o
), SF4 (0.095 cycles/

o
) and SF7 (0.3 cycles/

o
) in two different sessions. For 1164 

each trial, the probability of right choice was computed over the previous 15 trials. H, 1165 

high-boundary block; L, low-boundary block. (E) Number of trials per block for each 1166 

mouse. (F) Number of switches per session for each mouse. (G) Psychometric curves 1167 

from low-boundary and high-boundary blocks for an example mouse (data from 11 1168 

sessions). (H) Comparison of internal decision boundary between blocks for a 1169 

population of mice. p = 2×10
-3

, n = 10 mice, Wilcoxon signed rank test. (I) 1170 

Performance for the reversing stimulus before and after the boundary switch for an 1171 

example mouse. The curve is an exponential fit of the data after the boundary switch. 1172 
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(J) Distribution of the number of trials to reverse choice, which was the number of 1173 

trials for the correct rate of reversing stimulus to reach 50% after the boundary switch. 1174 

n = 10 mice. Error bar, ±SEM. See Figure 1 - source data 1-2 for complete statistics. 1175 

 1176 

Figure 2. Behavioral strategies revealed by computational modelling. (A) Schematic 1177 

of the dynamic DC model, in which the DC was updated on a trial-by-trial basis 1178 

according to choice outcome history (1 and 2) or sensory history (2). (B) Model 1179 

parameters for the stable period. (C) Model parameters for the switching period. (D) 1180 

Comparison of parameters important for the update of DC between the stable and the 1181 

switching periods. * p < 0.05, ** p < 0.01, n = 10 mice, Wilcoxon signed rank test. 1182 

See Figure 2 - source data 1 for complete statistics. 1183 

 1184 

Figure 3. Comparison of cross-validated likelihood among different models. (A) CV 1185 

likelihood of different variants of the dynamic-DC model for the stable period. For 1186 

each of the reduced model variants (model 2 – model 7), we compared the CV 1187 

likelihood with that of the full model. Dashed line, the CV likelihood averaged across 1188 

10 mice for the full model. (B) CV likelihood of different variants of the dynamic-DC 1189 

model for the switching period. Similar to that described in (A). (C) Parameters of the 1190 

RL model for the stable period. (D) Parameters of the RL model for the switching 1191 

period. (E) Comparison of CV likelihood between the RL model and model 4 of the 1192 

dynamic-DC model for the stable period. p = 0.32, Wilcoxon signed rank test. (F) 1193 

Comparison of CV likelihood between the RL model and model 4 of the dynamic-DC 1194 

model for the switching period. p = 2×10
-3

, Wilcoxon signed rank test. (G) Best model 1195 

frequency (number of mice a model being the best model) for each model in the stable 1196 

period. (H) Best model frequency for each model in the switching period. (I) 1197 

Parameters of model 4 in the stable period. (J) Parameters of model 4 in the switching 1198 

period. (K) Correlation between sensory history parameter 2 (model 4) in the 1199 

switching period and the number of trials to reverse choice. * p < 0.05, ** p < 0.01, n 1200 

= 10 mice, Wilcoxon signed rank test. Error bar, ±SEM. For more details, see Figure 3 1201 

– figure supplement 1 - 7. See Figure 3 - source data 1-3 for complete statistics. 1202 
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 1203 

Figure 4. Bilateral inactivation of M2 impairs adaptive action selection in the 1204 

switching period. (A) Representative fluorescence images showing the expression of 1205 

AAV2/9-hSyn-hM4D-mCitrine in M2. (B) Firing rates of M2 neurons before and after 1206 

CNO injection. Upper row, firing rates for 24 neurons recorded from one mouse (bar 1207 

plot, mean firing rates 020 min before and 40120 min after CNO injection). Lower 1208 

row, firing rates for 14 neurons recorded from another mouse (bar plot, mean firing 1209 

rates 020 min before and 40100 min after CNO injection). The two vertical dashed 1210 

lines indicate the time points corresponding to the start and end of a behavioral 1211 

session, respectively. (C) Comparison of performance in the stable period between 1212 

saline and CNO sessions. Left, correct rate for the reversing stimulus; right, response 1213 

latency for the reversing stimulus. (D) Comparison of performance in the switching 1214 

period between saline and CNO sessions, similar to that described in (C). (E) 1215 

Parameters of the dynamic-DC model in the stable period. Left, model 1; right, model 1216 

4 (1 = 0 and 2 = 0). (F) Parameters of the dynamic-DC model in the switching 1217 

period. Left, model 1; right, model 4. (G) Comparison of DC curves in the stable 1218 

period between saline and CNO sessions. Left, model 1; right, model 4. (H) 1219 

Comparison of DC curves in the switching period between saline and CNO sessions. 1220 

Left, model 1; right, model 4. * p < 0.05, *** p < 0.001. Wilcoxon signed rank test for 1221 

(B). Two-way repeated measures ANOVA followed by Sidak’s multiple comparisons 1222 

test for (C and D). Two-way repeated measures ANOVA for (G and H). Data in (CH) 1223 

were from n = 10 mice. Shading and error bar, ±SEM. For more details of the effect of 1224 

chemogenetic manipulation, see Figure 4 – figure supplements 1 - 7. See Figure 4 - 1225 

source data 1-5 for complete statistics. 1226 

 1227 

Figure 5. Correlation between choice preference and previous-stimulus preference for 1228 

M2 neurons. (A) Spike raters of an example M2 neuron in 20 reversing-stimulus trials, 1229 

grouped by left or right choice. The two vertical dashed lines indicate the time of 1230 

stimulus onset and “Go” signal onset, respectively. (B) Spike raters of another 1231 

example M2 neuron in 20 reversing-stimulus trials, grouped by previous stimulus 1232 
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(previous low or previous high SF). (C) PSTHs of the M2 neuron in (A) in correct 1233 

reversing-stimulus trials, grouped by left or right choice. (D) PSTHs of the M2 neuron 1234 

in (B) in correct reversing-stimulus trials, grouped by previous stimulus (previous low 1235 

or previous high SF). (E) Frequency histogram of left-choice and right-choice 1236 

responses from the M2 neuron in (A) in correct trials. (F) Frequency histogram of 1237 

previous-low-frequency and previous-high-frequency responses from the M2 neuron 1238 

in (B) in correct trials. (G) Frequency histogram of left-choice and right-choice 1239 

responses from the M2 neuron in (A) in wrong trials. (H) Frequency histogram of 1240 

previous-low-frequency and previous-high-frequency responses from the M2 neuron 1241 

in (B) in wrong trials. (I) ROC curves for the two pairs of response distributions 1242 

illustrated in (E) and (G), respectively. (J) ROC curves for the two pairs of response 1243 

distributions illustrated in (F) and (H), respectively. (K) Left-right choice preference 1244 

in correct and wrong trials was significantly correlated. n = 113 neurons. Upper, stable 1245 

period; lower, switching period. (L) Left-right choice preference and 1246 

previous-stimulus preference were significantly correlated in correct trials. n = 72 1247 

neurons. Upper, stable period; lower, switching period. (M) Left-right choice 1248 

preference and previous-stimulus preference were not significantly correlated in 1249 

wrong trials. n = 72 neurons. Upper, stable period; lower, switching period. r, 1250 

Pearson’s correlation coefficient. Shading in (C and D), ±SEM. See Figure 5 – figure 1251 

supplements 1 - 7 for more details of the recording and data analysis. See Figure 5 - 1252 

source data 1 for complete statistics. 1253 

 1254 

Figure 6. M2 neurons encode upcoming choice and previous stimulus more 1255 

accurately in the switching than in the stable period. (A) Prediction accuracy for 1256 

upcoming choice in response to the reversing stimulus. n = 1500 resampled datasets, 1257 

113 neurons. (B) Prediction accuracy for stimulus in previous trial. n = 1500 1258 

resampled datasets, 72 neurons. (C–H) Temporal dynamics of decoding accuracy. 1259 

Time 0 is the time of “Go” signal onset, and -700 ms is the time of central port entry. 1260 

(CE) Prediction accuracy for upcoming choice in response to the reversing stimulus. 1261 

(FH) Prediction accuracy for stimulus in previous trial. For (A and B), ****, p < 1262 
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1.0×10
-4

, Wilcoxon rank sum test. For (C–H), * marks the time bins with p < 0.05, 1263 

two-way ANOVA followed by Sidak’s multiple comparisons test. See Figure 6 - 1264 

source data 1 for complete statistics. 1265 

 1266 

  1267 
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Figure supplements 1268 

Figure 3 - figure supplement 1. Comparison of cross-validated likelihood among 1269 

different models that were fitted to data in all trials. (A) Parameters of model 1. (B) 1270 

Parameters of model 4. (C) Parameters of the RL model. (D) CV likelihood of 1271 

different variants of the dynamic-DC model. For each of the reduced model variants 1272 

(model 2 – model 7), we compared the CV likelihood with that of the full model. 1273 

Dashed line, the CV likelihood averaged across 10 mice for the full model. (E) 1274 

Comparison of CV likelihood between the RL model and model 1 of the dynamic-DC 1275 

model. p = 0.004, Wilcoxon signed rank test. (F) Comparison of CV likelihood 1276 

between the RL model and model 4 of the dynamic-DC model. p = 0.002, Wilcoxon 1277 

signed rank test. (G) Best model frequency (number of mice a model being the best 1278 

model) for each model. * p < 0.05, ** p < 0.01, n = 10 mice, Wilcoxon signed rank 1279 

test. Error bar, ±SEM. See Figure 3 - source data 4 for complete statistics. 1280 

 1281 

Figure 3 - figure supplement 2. Model simulation for model 1 and model 4 using the 1282 

parameters of the model fitted to data in all trials. (A) Simulated performance for the 1283 

reversing stimulus in trials before and after the boundary switch for model 1 (left) and 1284 

model 4 (right), using the model parameters of an example mouse. (B) Comparison of 1285 

the number of trials to reverse choice between the simulated data and the actual data 1286 

(n = 10 mice). Left, model 1 was simulated. Right, model 4 was simulated. (C) 1287 

Simulated psychometric curves for model 1 (left) and model 4 (right), using the model 1288 

parameters of an example mouse. The orange and green curves are curve fits for the 1289 

original data. (D) Comparison of the decision boundary between the simulated data 1290 

and the actual data (n = 10 mice). Left, model 1 was simulated. Right, model 4 was 1291 

simulated. ** p < 0.01, Wilcoxon signed rank test. See Figure 3 - source data 5 for 1292 

complete statistics. 1293 

 1294 

Figure 3 - figure supplement 3. Simulated and actual performance for stimuli at SFs 1295 
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lower or higher than the SF of reversing stimulus. (A) Performance of simulated data 1296 

produced by model 1, using model parameters of the 10 mice in Figure 1. Left, 1297 

low-boundary block. Right, high-boundary block. SF4 indicates the reversing 1298 

stimulus. SF1 and SF7 indicate the lowest and the highest SF, respectively. (B) 1299 

Performance of simulated data produced by model 4, using model parameters of the 1300 

10 mice in Figure 1. Left, low-boundary block. Right, high-boundary block. (C) 1301 

Actual performance for the 10 mice in Figure 1. Left, low-boundary block. Right, 1302 

high-boundary block. See Figure 3 - source data 5 for complete statistics. 1303 

 1304 

Figure 3 - figure supplement 4. Parameter recovery for model 1 and model 4, using 1305 

parameters of the model fitted to data in all trials. (A-E) Parameter recovery for 1, 1306 

2, , 1 and 2 in model 1. (F-H) Parameter recovery for , 1 and 2 in model 4. 1307 

The original parameters were from model 1 (or model 4) fitted to data in all trials for 1308 

the 10 mice in Figure 1. Values along the identity line indicate good agreement 1309 

between simulated and original parameters. See Figure 3 - source data 6 for complete 1310 

statistics. 1311 

 1312 

Figure 3 - figure supplement 5. Parameter recovery for model 1 and model 4, using 1313 

parameters of the model fitted separately to choices in switching and stable periods. 1314 

(A-E) Parameter recovery for 1, 2, , 1 and 2 in model 1. Blue, stable period. 1315 

Green switching period. (F-H) Parameter recovery for , 1 and 2 in model 4. The 1316 

original parameters were from model 1 (or model 4) fitted separately to choices in 1317 

switching and stable periods for the 10 mice in Figure 1. Values along the identity line 1318 

indicate good agreement between recovered and original parameters. See Figure 3 - 1319 

source data 6 for complete statistics. 1320 

 1321 

Figure 3 - figure supplement 6. Parameter recovery for model 1 and model 4, using 1322 

a wide range of model parameters for the switching and stable periods. (A-E) 1323 
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Parameter recovery for 1, 2, , 1 and 2 in model 1. Blue, stable period. Green 1324 

switching period. (F-H) Parameter recovery for , 1 and 2 in model 4. Values along 1325 

the identity line indicate good agreement between recovered and original parameters. 1326 

See Figure 3 - source data 6 for complete statistics. 1327 

 1328 

Figure 3 - figure supplement 7. Comparison of right choice bias between two types 1329 

of sensory history. (A) Right choice bias in the stable period. (B) Right choice bias in 1330 

the switching period. Prev low, low-frequency stimulus in the previous trial (i.e., 1331 

previous-trial SF was lower than the reversing stimulus SF). Prev high, 1332 

high-frequency stimulus in the previous trial (i.e., previous-trial SF was higher than 1333 

the reversing stimulus SF). ** p < 0.01, n = 10 mice, Wilcoxon signed rank test. See 1334 

Figure 3 - source data 7 for complete statistics. 1335 

 1336 

Figure 4 - figure supplement 1. Effect of M2 inactivation on behavioral performance. 1337 

(A and B) Performance for the reversing stimulus before and after boundary switch 1338 

for two example mice. The curves are exponential fit of the data after the boundary 1339 

switch. Blue, saline sessions. Red, CNO sessions. (C) Psychometric curves averaged 1340 

over all mice (n = 10) for low- and high-boundary blocks, respectively. Solid curves, 1341 

saline sessions. Dashed curves, CNO sessions.  1342 

 1343 

Figure 4 - figure supplement 2. Effect of CNO injection on the performance of 1344 

EGFP-expressing control mice. (A) Representative fluorescence image showing the 1345 

expression of AAV2/8-CamKIIa-EGFP-3Flag-WPRE-SV40pA in M2. (B) Correct 1346 

rate for the reversing stimulus in saline vs CNO sessions. Left, stable period; right, 1347 

switching period. (C) The difference of decision boundary in saline vs CNO sessions. 1348 

(D) Upper, number of trials per block in saline vs CNO sessions. Lower, number of 1349 

switches per session in saline vs CNO sessions. (E) Comparison of model parameters 1350 

in the stable period between saline and CNO sessions. Left, full model; right, model 4 1351 
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(1 = 0 and 2 = 0). (F) Comparison of model parameters in the switching period 1352 

between saline and CNO sessions. Left, full model; right, model 4. n = 13 mice, 1353 

Wilcoxon signed rank test. See Figure 4 - source data 2 for complete statistics.  1354 

 1355 

Figure 4 - figure supplement 3. M2 inactivation did not affect the performance for 1356 

non-reversing stimuli (A), number of trials per block (B), number of switches per 1357 

session (C) or the distance between internal decision boundaries (D). n = 10 mice, 1358 

Wilcoxon signed rank test. See Figure 4 - source data 1 for complete statistics.  1359 

 1360 

Figure 4 - figure supplement 4. Effect of M2 inactivation on sensory 1361 

history-dependent right choice bias. To compute the difference in right choice bias, 1362 

the right choice bias for a previous low-frequency stimulus was subtracted by the 1363 

right choice bias for a previous high-frequency stimulus. n = 10 mice, Wilcoxon 1364 

signed rank test. See Figure 4 - source data 1 for complete statistics.  1365 

 1366 

Figure 4 - figure supplement 5. Parameter recovery for model 1 and model 4, using 1367 

parameters of the model fitted separately to data in saline sessions and in CNO 1368 

sessions. (A-E) Original and recovered parameters of model 1 for the stable period. 1369 

Blue, saline sessions. Red, CNO sessions. (F-J) Original and recovered parameters of 1370 

model 1 for the switching period. (K-M) Original and recovered parameters of model 1371 

4 for the stable period. (N-P) Original and recovered parameters of model 4 for the 1372 

switching period. * p < 0.05, n = 10 mice, Wilcoxon signed rank test. See Figure 4 - 1373 

source data 3 for complete statistics. 1374 

 1375 

Figure 4 - figure supplement 6. Effect of mPFC inactivation on behavioral 1376 

performance. (A) Representative fluorescence image showing the expression of 1377 

AAV2/9-hSyn-hM4D-mCitrine in mPFC. (B) Comparison of correct rate for the 1378 
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reversing stimulus between saline and CNO sessions. Left, stable period; right, 1379 

switching period. (C) The difference of decision boundary in saline vs CNO sessions. 1380 

(D) Upper, number of trials per block in saline vs CNO sessions. Lower, number of 1381 

switches per session in saline vs CNO sessions. (E) Comparison of model parameters 1382 

in the stable period between saline and CNO sessions. Left, model 1; right, model 4. 1383 

(F) Comparison of model parameters in the switching period between saline and CNO 1384 

sessions. Left, model 1; right, model 4. n = 13 mice. Wilcoxon signed rank test. See 1385 

Figure 4 - source data 4 for complete statistics. 1386 

 1387 

Figure 4 - figure supplement 7. Effect of OFC inactivation on behavioral 1388 

performance. (A) Representative fluorescence image showing the expression of 1389 

AAV2/9-hSyn-hM4D-mCitrine in OFC. (B) Comparison of correct rate for the 1390 

reversing stimulus between saline and CNO sessions. Left, stable period; right, 1391 

switching period. (C) The difference of decision boundary in saline vs CNO sessions. 1392 

(D) Upper, number of trials per block in saline vs CNO sessions. Lower, number of 1393 

switches per session in saline vs CNO sessions. (E) Comparison of model parameters 1394 

in the stable period between saline and CNO sessions. Left, model 1; right, model 4. 1395 

(F) Comparison of model parameters in the switching period between saline and CNO 1396 

sessions. Left, model 1; right, model 4. n = 9 mice. Wilcoxon signed rank test. See 1397 

Figure 4 - source data 5 for complete statistics. 1398 

 1399 

Figure 5 - figure supplement 1. Electrophysiological recordings from M2. (A) 1400 

Verification of M2 recording site. Arrow shows electrolytic lesion made after the final 1401 

recording session. (B) Left, example of spike waveforms. Right, single units were 1402 

identified using cluster analysis of principle component amplitudes. (C) Responses of 1403 

two example M2 neurons to different SFs. See Figure 5 - source data 1 for complete 1404 

statistics. 1405 

 1406 

Figure 5 - figure supplement 2. Model fitting for the behavioral data of mice used 1407 
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for electrophysiological recordings. (A) CV likelihood of different variants of the 1408 

dynamic-DC model for the stable period. For each of the reduced model variants 1409 

(model 2 – model 7), we compared the CV likelihood with that of the full model. 1410 

Dashed line, the CV likelihood averaged across 11 mice for the full model. (B) CV 1411 

likelihood of different variants of the dynamic-DC model for the switching period. 1412 

Similar to that described in (A). (C) Parameters of the RL model for the stable period. 1413 

(D) Parameters of the RL model for the switching period. (E) Comparison of the CV 1414 

likelihood between the RL model and model 4 of the dynamic-DC model for the 1415 

stable period. (F) Comparison of the CV likelihood between the RL model and model 1416 

4 of the dynamic-DC model for the switching period. (G) Best model frequency 1417 

(number of mice a model being the best model) for each model in the stable period. 1418 

(H) Best model frequency for each model in the switching period. (I) Left and middle, 1419 

parameters of the dynamic-DC model (model 1 and model 4) in the stable period. 1420 

Right, curve of DC value (model 4) in the stable period. (J) Left and middle, 1421 

parameters of the dynamic-DC model (model 1 and model 4) in the switching period. 1422 

Right, curve of DC value (model 4) in the switching period. * p < 0.05, ** p < 0.01, n 1423 

= 11 mice, Wilcoxon signed rank test. Error bar, ±SEM. See Figure 5 - source data 2 1424 

for complete statistics. 1425 

 1426 

Figure 5 - figure supplement 3. Comparison of right choice bias between two types 1427 

of sensory history for mice used for electrophysiological recordings. (A) Right choice 1428 

bias in the stable period. (B) Right choice bias in the switching period. Prev low, 1429 

low-frequency stimulus in the previous trial (i.e., previous-trial SF was lower than the 1430 

reversing stimulus SF). Prev high, high-frequency stimulus in the previous trial (i.e., 1431 

previous-trial SF was higher than the reversing stimulus SF). ** p < 0.01, n = 11 mice, 1432 

Wilcoxon signed rank test. See Figure 5 - source data 2 for complete statistics. 1433 

 1434 

Figure 5 - figure supplement 4. Choice preference and previous-stimulus preference 1435 

for M2 neurons recorded from the left and right hemispheres. (A) Left-right choice 1436 

preference in correct trials. Upper, stable period; lower, switching period. (B) 1437 
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previous-stimulus preference in correct trials. Upper, stable period; lower, switching 1438 

period. (C) Left-right choice preference in wrong trials. Upper, stable period; lower, 1439 

switching period. (D) previous-stimulus preference in wrong trials. Upper, stable 1440 

period; lower, switching period. Left hemisphere, n = 44 neurons; right hemisphere, n 1441 

= 28 neurons. Wilcoxon rank sum test. See Figure 5 - source data 3 for complete 1442 

statistics. 1443 

 1444 

Figure 5 - figure supplement 5. The correlation between choice preference and 1445 

previous-stimulus preference in correct trials for M2 neurons in left and right 1446 

hemispheres, respectively. (A) Left-right choice preference and previous-stimulus 1447 

preference were significantly correlated in correct trials for n = 44 neurons from left 1448 

hemisphere. Left, stable period; right, switching period. (B) Left-right choice 1449 

preference and previous-stimulus preference were significantly correlated in correct 1450 

trials for n = 28 neurons from right hemisphere. Left, stable period; right, switching 1451 

period. r, Pearson’s correlation coefficient. See Figure 5 - source data 3 for complete 1452 

statistics. 1453 

 1454 

Figure 5 - figure supplement 6. Sliding window analysis of the correlation between 1455 

choice preference and previous-stimulus preference for correct trials. (A) Correlation 1456 

coefficient between the preference for choice in current trial and the preference for 1457 

stimulus in last trial. n =
 
72 neurons. Left panel, stable period; right panel, switching 1458 

period. (B) Correlation coefficient between the preference for choice in current trial 1459 

and the preference for stimulus in the trial before last. Time 0 is the time of “Go” 1460 

signal onset, and -700 ms is the time of central port entry. * marks the time bins with 1461 

significant correlation coefficient (p < 0.05). See Figure 5 - source data 4 for complete 1462 

statistics. 1463 

 1464 

Figure 5 - figure supplement 7. Choice preference (ipsilateral vs contralateral) was 1465 

not significantly correlated with preference for previous stimulus (low-frequency vs 1466 

high-frequency) for M2 neurons. (A) Correct trials in the stable period (left) and the 1467 



67 
 

switching period (right). (B) Wrong trials in the stable period (left) and the switching 1468 

period (right). The ipsilateral-contralateral choice preference was computed using the 1469 

responses of ipsilateral and contralateral choices. n = 72 neurons. r, Pearson’s 1470 

correlation coefficient. See Figure 5 - source data 1 for complete statistics. 1471 



Original data
 Fitted curve

Number of trials after switch

0

20

40

60

80

100

%
 C

or
re

ct
fo

r r
ev

er
sin

g 
sti

m
ul

us

-15 -10 -5   0   5  10 15 20 25 30 35 40 45 50 55 60 65

Switching
period

Stable
period

3 4 5 6 7 8 9 10 11
Number of trials to reverse choice

0

1

2

3

4

N
um

be
r o

f m
ic

e

A B
Ri

gh
t c

ho
ic

e 
pr

ob
ab

ili
ty

 (%
)

Trial number
0             100           200           300            400           500   

0

20

40

60

80

100

SF7
SF4
SF1

C D

I

E

High SF

Low SF

Precue delay Visual Stimulus “Go” signal Choice

Nose in
center

200 ms

“Go” signal

Visual stimulus
500 ms

Nose in side or 4 s timeout

low

high

SF1

SF7

SF4

Low boundary

...

...

boundary

at left

  at right

  at right

SF1

SF7

SF4

High boundary

...

... boundary

at left

at left

  at right

J

55

60

65

70

Tr
ia

ls 
pe

r b
lo

ck

10

Mouse

1 2 3 4 5 6 7 98

5

6

7

8

9

10

Sw
itc

he
s p

er
 se

ss
io

n

101 2 3 4 5 6 7 98

Ri
gh

t c
ho

ic
e 

pr
ob

ab
ili

ty
 (%

)

20

40

60

80

100

（SF1 & SF4: 90% of  trials） （SF4 & SF7: 90% of trials）

F

Trial number
0             100           200           300            400           500   

0.03 0.044 0.065 0.095 0.139 0.204 0.3
Spatial frequency (cyc/deg, log scale)

0

20

40

60

80

100

Ri
gh

t c
ho

ic
e 

pr
ob

ab
ili

ty
 (%

)

Low boundary
High boundary

0.07

0.08

0.09

0.10

0.11

0.12

0.13

0.14

0.095

De
ci

sio
n 

bo
un

da
ry

 (c
yc

/d
eg

)

Low bound High bound

**

HG

Figure 1



A B

C

D

α1 α2 γ1β γ2
-0.5

0

0.5

Pa
ra

m
et

er
 v

al
ue

 (α
1,

 α
2,

 β
, γ

2)

** * **nsns

0

2

3

4

5

6

Param
eter value (γ1)

1

1.0

α1 (reward)

α2 (non-reward）

β (DC drift)

γ1 (sensory input)

γ2  (sensory history)

α1 α2 γ1β γ2
-0.5

0

0.5

Pa
ra

m
et

er
 v

al
ue

 (α
1,

 α
2,

  β
, γ

2)

1.0

0

2

3

4

5

6

Param
eter value (γ1)

1

** ** **nsns

-0.5

0

0.5

1.0

α1 α2 β γ2

Switching

Stable

α1 (reward)

α2 (non-reward）

β (DC drift)

γ1 (sensory input)

γ2  (sensory history)

ns ns* **

-3 0 3
z (decision variable)

0

0.5

1

p  (r
ig

ht
 c

ho
ic

e 
pr

ob
ab

ili
ty

)

p(t) =  
1

1 + e -z(t)

After a trial of reversing stimulus:
rewarded left choice:         DC(t) = (1-β) × DC(t-1) + α1
rewarded right choice:       DC(t) = (1-β) × DC(t-1) - α1
unrewarded left choice:     DC(t) = (1-β) × DC(t-1) - α2
unrewarded right choice:   DC(t) = (1-β) × DC(t-1) + α2

After a trial of non-reversing stimulus:
 DC(t) = (1-β) × DC(t-1) + γ2 × S(t-1)

-1                             0                              1
S

SF1                        SF4                         SF7

“low SF”              “reversing”             “high SF”

Switching period

Stable period

z(t) = γ1 × S(t) - DC(t)

Figure 2



A

B

C

D

CV
-li

ke
lih

oo
d

Model 1
 (fu

ll m
odel)

Model 2
 (α

1 = 0)
0.50

0.55

0.60

0.65

0.70

0.75
ns ns * ns ** *

Model 3
 (α

2 = 0)

Model 4
 (α

1 = 0,
 α2 = 0)

Model 5
 (β

 = 0)

Model 6
 (γ

1 = 1)

Model 7
 (γ

2 = 0)
0

1

2

3

4

5

N
um

be
r o

f m
ic

e

Model 1
 (fu

ll m
odel)

Model 2
 (α

1 = 0)

Model 3
 (α

2 = 0)

Model 4
 (α

1 = 0,
 α2 = 0)

Model 5
 (β

 = 0)

Model 6
 (γ

1 = 1)

Model 7
 (γ

2 = 0)

RL m
odel

Model 1
 (fu

ll m
odel)

Model 2
 (α

1 = 0)
0.50

0.55

0.60

0.65

0.70

0.75

CV
-li

ke
lih

oo
d

Model 3
 (α

2 = 0)

Model 4
 (α

1 = 0,
 α2 = 0)

Model 5
 (β

 = 0)

Model 6
 (γ

1 = 1)

Model 7
 (γ

2 = 0)

* ns ** ** ***

Model 1
 (fu

ll m
odel)

Model 2
 (α

1 = 0)

Model 3
 (α

2 = 0)

Model 4
 (α

1 = 0,
 α2 = 0)

Model 5
 (β

 = 0)

Model 6
 (γ

1 = 1)

Model 7
 (γ

2 = 0)

RL m
odel

0

1

2

3

4

5

N
um

be
r o

f m
ic

e

H

G

0

1

2

3

4

5

6

Pa
ra

m
et

er
 v

al
ue

 (β
, γ

2)

ns  * **

Param
eter value (γ1)

β γ2 γ1

I Model 4 (stable period)

β γ2 γ1
0

1

2

3

4

5

6

Param
eter value (γ1)

-0.5

0

0.5

1.0

Pa
ra

m
et

er
 v

al
ue

 (β
, γ

2)

******

Model 4 (switching period)J

-0.5

0

0.5

1.0

K

2

4

6

8

10

0 0.2

N
um

be
r o

f t
ria

ls
to

 re
ve

rs
e 

ch
oi

ce

0.4 0.6 0.8
γ2 (sensory history)
in switching period

r = -0.71
p = 0.02

St
ab

le
 p

er
io

d
Sw

itc
hi

ng
 p

er
io

d

Figure 3

Model 4

RL m
odel

0.60

0.65

0.70

0.75

ns

0.60

0.65

0.70

**

Model 4

RL m
odel

E

CV
-li

ke
lih

oo
d

CV
-li

ke
lih

oo
d

F

0

0.05

0.10

0.15

0

1

2

3

4  ** **

α γ

Pa
ra

m
et

er
 v

al
ue

 (α
) Param

eter value (γ)

  ** **

0

0.05

0.10

0.15

0

1

2

3

4

α γ

Pa
ra

m
et

er
 v

al
ue

 (α
) Param

eter value (γ)

RL model

RL model



A

B

F

Saline CNO
70

80

90 ns

Pe
rc

en
t c

or
re

ct
 

fo
r r

ev
er

sin
g 

sti
m

ul
us

 (%
)

Saline CNO
1.3

1.4

1.5

1.6

1.7

1.8

1.9 ns

Re
sp

on
se

 la
te

nc
y 

fo
r r

ev
er

sin
g 

sti
m

ul
us

 (s
)

C Stable period

40

50

60 *

Saline CNO

Pe
rc

en
t c

or
re

ct
 

fo
r r

ev
er

sin
g 

sti
m

ul
us

 (%
)

Switching periodD

β γ2

ns ns

-0.5

0.5

1.0

0

ns *

-1.0

-0.5

0.5

1.0

1.5

Pa
ra

m
et

er
 v

al
ue

0

α1 α2 β γ2

ns *

β γ2
-0.5

0.5

1.0

0

15 5 0
Number of trials before switch

Va
lu

e 
of

 D
C

ns

ns

10

-1.0

-0.5

0.5

1.0

1.5

0

2.0

-1.5

-2.0

G

Saline (low bound)

Saline (high bound)

CNO (low bound)

CNO (high bound)

ns

ns

15 5 0
Number of trials before switch

10

-1.0

-0.5

0.5

1.0

1.5

0

2.0

-1.5

-2.0

ns

*

-1.0

-0.5

0.5

1.0

1.5

0

-1.5
0 10 15

Number of trials after switch
5

Saline (from high to low)

Saline (from low to high)

CNO (from high to low)

CNO (from low to high)

*

*

-1.0

-0.5

0.5

1.0

1.5

0

-1.5
0 10 15

Number of trials after switch
5

H

M2

Cg1

PrL

MOLO VO

~ Bregma 2.5 mm

~ Bregma 1.6 mm

~ Bregma 2.1 mm

M2

M2

M2

M2

1.4

1.6

1.8

2.0 *

Re
sp

on
se

 la
te

nc
y 

fo
r r

ev
er

sin
g 

sti
m

ul
us

 (s
)

Saline CNO

1.9

1.7

1.5

E

α1

ns

α2 β γ2
-1.0

-0.5

0.5

1.0

1.5

Pa
ra

m
et

er
 v

al
ue

ns ns ns

0

Model 1 

Stable period

Model 4 Model 1 

Switching period

Model 4 

Saline
CNO

Model 1 

Stable period

Model 4 Model 1 

Switching period

Model 4 

Saline
CNO

Figure 4
Fi

rin
g 

ra
te

 (H
z)

0

1.0

2.0

3.0 ***

Before CNO

After C
NO

0

1.0

2.0

0

1.0

2.0

Fi
rin

g 
ra

te
 (H

z)

0

1.0

2.0

3.0 ***

Time from CNO injection (min)
0 40 80 120

Fi
rin

g 
ra

te
 (H

z)
Fi

rin
g 

ra
te

 (H
z)

ns ns



A G

0 20 40 60 80
0

10

20

30

Spikes/trial

Left choice
Right choice

Pe
rc

en
t o

f t
ria

ls 
(%

)

0 20 40 60 80
0

10

20

30

Pe
rc

en
t o

f t
ria

ls 
(%

)

0 0.2 0.4 0.6 0.8 1.0
0

0.2

0.4

0.6

0.8

1.0

False positive rate
(mark left as right)

Tr
ue

 p
os

iti
ve

 ra
te

(m
ar

k 
rig

ht
 a

s r
ig

ht
)

Correct
Wrong

auROC = 0.27
auROC = 0.11

0 8 16 24
0

10

20

30

Pe
rc

en
t o

f t
ria

ls 
(%

)

Prev low
Prev high

0

10

20

30

Pe
rc

en
t o

f t
ria

ls 
(%

)

0 8 16 24

auROC = 0.85
auROC = 0.92

Correct
Wrong

0 0.2 0.4 0.6 0.8 1.0
0

0.2

0.4

0.6

0.8

1.0

False positive rate
(mark prev low as prev high)

Tr
ue

 p
os

iti
ve

 ra
te

(m
ar

k 
pr

ev
 h

ig
h 

as
 p

re
v 

hi
gh

)

H

Correct trials Wrong trials

Correct trials Wrong trials

Spikes/trial

Spikes/trial

Spikes/trial

Figure 5

E I

F

Left choice
Right choice

Prev low
Prev high

-0.8 -0.4 0 0.4 0.8

-0.8

-0.4

0

0.4

0.8

Left-right choice preference (correct)

Le
ft-

rig
ht

 c
ho

ic
e 

pr
ef

er
en

ce
 (w

ro
ng

) r = 0.36
p = 1.0 x 10-4

Stable period

r = 0.24
p = 9.3 x 10-3

Switching period

-0.8 -0.4 0 0.4 0.8

-0.8

-0.4

0

0.4

0.8

Left-right choice preference (correct)

Le
ft-

rig
ht

 c
ho

ic
e 

pr
ef

er
en

ce
 (w

ro
ng

)

r = -0.87
p = 3.2 x 10-23

-0.8 -0.4 0 0.4 0.8

-0.8

-0.4

0

0.4

0.8

Prev stim preference 

Le
ft-

rig
ht

 c
ho

ic
e 

pr
ef

er
en

ce
 

r = -0.92
p = 9.5 x 10-31

-0.8 -0.4 0 0.4 0.8

-0.8

-0.4

0

0.4

0.8

Prev stim preference 

Le
ft-

rig
ht

 c
ho

ic
e 

pr
ef

er
en

ce
 

Stable period (correct)

Switching period (correct)

r = -0.15
p = 0.20

-0.8 -0.4 0 0.4 0.8

-0.8

-0.4

0

0.4

0.8

Prev stim preference 

Le
ft-

rig
ht

 c
ho

ic
e 

pr
ef

er
en

ce
 

L

r = 0.08
p = 0.50

Stable period (wrong)

-0.8 -0.4 0 0.4 0.8

-0.8

-0.4

0

0.4

0.8

Prev stim preference 

Le
ft-

rig
ht

 c
ho

ic
e 

pr
ef

er
en

ce
 

Switching period (wrong)

-600 -400 -200 0 200

10

20

Time from "Go" signal on (ms)

Tr
ia

l

Right choiceLeft choice

-50

0

50

100

150

Fi
rin

g 
ra

te
 (H

z)

Left choice
Right choice

-600 -400 -200 0 200
Time from "Go" signal on (ms)

C

0

20

40

60

Fi
rin

g 
ra

te
 (H

z)

-600 -400 -200 0 200
Time from "Go" signal on (ms)

Prev low
Prev high

Correct trials

Correct trials

Correct trials

Prev low Prev high

-600 -400 -200 0 200

10

20

Time from "Go" signal on (ms)

Tr
ia

l

Correct trialsB D J

K M



A

50

60

70

80

90

Sw
itc

hing
Sta

ble
Sta

ble

Correct Wrong

**** ****

****

ns

Ch
oi

ce
 p

re
di

cti
on

 a
cc

ur
ac

y
fo

r r
ev

er
sin

g 
sti

m
ul

us
 tr

ia
ls 

(%
)

Sw
itc

hing

Sw
itc

hing
Sta

ble
Sta

ble

Correct Wrong
Sw

itc
hing

50

60

70

80

90

Pr
ev

io
us

 sti
m

ul
us

pr
ed

ic
tio

n 
ac

cu
ra

cy
fo

r r
ev

er
sin

g 
sti

m
ul

us
 tr

ia
ls 

(%
)

**** ****

****

****

B

-700 -600 -500 -400 -300 -200 -100 0 100 200
40

50

60

70

80

Upcoming choice prediction

Time from "Go" signal on (ms)

Pr
ed

ic
tio

n 
ac

cu
ra

cy
 (%

)

Stimulus on “Go” signal on

Correct, stable
Correct, switching

Sig. Diff.

Non-sig Diff.

-700 -600 -500 -400 -300 -200 -100 0 100 200
40

50

60

70

80

Previous stimulus prediction

Time from "Go" signal on (ms)

Pr
ed

ic
tio

n 
ac

cu
ra

cy
 (%

)

Stimulus on “Go” signal on

C F

-700 -600 -500 -400 -300 -200 -100 0 100 200
40

50

60

70

80

Time fom "Go" signal on (ms)

Pr
ed

ic
tio

n 
ac

cu
ra

cy
 (%

)

Stimulus on “Go” signal on
D

-700 -600 -500 -400 -300 -200 -100 0 100 200
40

50

60

70

80

Time from "Go" signal on (ms)

Pr
ed

ic
tio

n 
ac

cu
ra

cy
 (%

)

Stimulus on “Go” signal on
G

Correct, switching
Wrong, switching

-700 -600 -500 -400 -300 -200 -100 0 100 200
40

50

60

70

80

Time from "Go" signal on (ms)

Pr
ed

ic
tio

n 
ac

cu
ra

cy
 (%

)

Stimulus on “Go” signal on
E

-700 -600 -500 -400 -300 -200 -100 0 100 200
40

50

60

70

80

Time from "Go" signal on (ms)

Pr
ed

ic
tio

n 
ac

cu
ra

cy
 (%

)

Stimulus on “Go” signal on
H

Correct, stable
Correct, switching

Correct, stable
Wrong, stable

Correct, stable
Wrong, stable

Correct, switching
Wrong, switching

Figure 6



A

D E

Model 1
 (fu

ll m
odel)

Model 2
 (α

1 = 0)

Model 3
 (α

2 = 0)

Model 4
 (α

1 = 0,
 α2 = 0)

Model 5
 (β

 = 0)

Model 6
 (γ

1 = 1)

Model 7
 (γ

2 = 0)

RL m
odel

0

1

2

3

4

5

N
um

be
r o

f m
ic

e

Figure3 - figure supplement 1

G

-0.5

0

0.5

1

0

1

2

3

4

5

6** ** **ns *

α1 α2 γ1β γ2

Pa
ra

m
et

er
 v

al
ue

 (α
1,

 α
2,

 β
, γ

2) Param
eter value (γ1)

Model 1 (all trials)

** ** **

β γ2 γ1
0

1

2

3

4

5

6

Pa
ra

m
et

er
 v

al
ue

 (β
, γ

2) Param
eter value (γ1)

-0.5

0

0.5

1.0

Model 4 (all trials)B

0

0.02

0.04

0.06

0

1

2

3

4

Pa
ra

m
et

er
 v

al
ue

 (α
) Param

eter value (γ)

α γ

RL Model (all trials)C

Model 1
 (fu

ll m
odel)

Model 2
 (α

1 = 0)

CV
-li

ke
lih

oo
d

Model 3
 (α

2 = 0)

Model 4
 (α

1 = 0,
 α2 = 0)

Model 5
 (β

 = 0)

Model 6
 (γ

1 = 1)

Model 7
 (γ

2 = 0)
0.2

0.3

0.4

0.5

0.6

0.7

ns ns ns ** ** **

0.60

0.65

0.70

Model 1

RL M
odel

CV
-li

ke
lih

oo
d

**

0.60

0.65

0.70

Model 4

RL M
odel

CV
-li

ke
lih

oo
d

**

F



A

Figure 3 - figure supplement 2

Model 1

Original data

 Fitted curve

Number of trials after switch

0

20

40

60

80

100

%
 C

or
re

ct
fo

r r
ev

er
sin

g 
sti

m
ul

us

 -10      0      10     20     30     40     50     60 

Stable
period

Switching
period

Simulated data

Number of trials after switch

0

20

40

60

80

100

%
 C

or
re

ct
fo

r r
ev

er
sin

g 
sti

m
ul

us

 -10      0      10     20     30     40     50     60 

Stable
period

Switching
period

Model 4

0 10 15
0

5

10

15

N
um

be
r o

f t
ria

ls 
to

 re
ve

rs
e 

ch
oi

ce
(M

od
el

 1
 si

m
ul

ati
on

)

Number of trials to reverse choice
(Original data)

5

B

0 10 15
0

5

10

15

N
um

be
r o

f t
ria

ls 
to

 re
ve

rs
e 

ch
oi

ce
(M

od
el

 4
 si

m
ul

ati
on

)

Number of trials to reverse choice
(Original data)

5

Model 1 Model 4

0.03 0.044 0.065 0.095 0.139 0.204 0.3
Spatial frequency (cyc/deg, log scale)

0

20

40

60

80

100

Ri
gh

t c
ho

ic
e 

pr
ob

ab
ili

ty
 (%

)

Low boundary

High boundary

Original data

Simulated data

0.03 0.044 0.065 0.095 0.139 0.204 0.3
Spatial frequency (cyc/deg, log scale)

0

20

40

60

80

100

Ri
gh

t c
ho

ic
e 

pr
ob

ab
ili

ty
 (%

)

C Model 1 Model 4

0.07

0.08

0.09

0.10

0.11

0.12

0.13

0.14

0.095

De
ci

sio
n 

bo
un

da
ry

 (c
yc

/d
eg

)

Low bound High bound

Original data

Simulated data

0.07

0.08

0.09

0.10

0.11

0.12

0.13

0.14

0.095

De
ci

sio
n 

bo
un

da
ry

 (c
yc

/d
eg

)

Low bound High bound

D Model 1 Model 4

ns** ns**



A

Figure 3 - figure supplement 3

0

20

40

60

80

100

Pe
rc

en
t c

or
re

ct
 (%

)

SF1 SF7 SF2 SF6 SF3 SF5

1 2 3 4 5 6 7
SF

M
od

el
 1

0

20

40

60

80

100

Pe
rc

en
t c

or
re

ct
 (%

)

SF1 SF7 SF2 SF6 SF3 SF5

Low boundary block

1 2 3 4 5 6 7
SF

High boundary block

0

20

40

60

80

100

Pe
rc

en
t c

or
re

ct
 (%

)

SF1 SF7 SF2 SF6 SF3 SF5

M
od

el
 4

0

20

40

60

80

100

Pe
rc

en
t c

or
re

ct
 (%

)

SF1 SF7 SF2 SF6 SF3 SF5

B

0

20

40

60

80

100

Pe
rc

en
t c

or
re

ct
 (%

)

SF1 SF7 SF2 SF6 SF3 SF5

Ac
tu

al
 d

at
a

C

0

20

40

60

80

100

Pe
rc

en
t c

or
re

ct
 (%

)

SF1 SF7 SF2 SF6 SF3 SF5



Figure 3 - figure supplement 4

-0.4 -0.2 0
-0.4

-0.2

0

0.2

0.4

0.2 0.4

Original parameter (α1)

Re
co

ve
re

d 
pa

ra
m

et
er

 (α
1)

M
od

el
 1

-0.4 -0.2 0
-0.4

-0.2

0

0.2

0.4

0.2 0.4

Original parameter (α2)

Re
co

ve
re

d 
pa

ra
m

et
er

 (α
2)

0 0.1
0

0.1

0.2

0.2

Original parameter (β)

Re
co

ve
re

d 
pa

ra
m

et
er

 (β
)

2 3 4

Original parameter (γ1)

Re
co

ve
re

d 
pa

ra
m

et
er

 (γ
1)

5
2

3

4

5

0 0.2 0.4

Original parameter (γ2)

Re
co

ve
re

d 
pa

ra
m

et
er

 (γ
2)

0.6
0

0.2

0.4

0.6

M
od

el
 4

0 0.1
0

0.1

0.2

0.2

Original parameter (β)

Re
co

ve
re

d 
pa

ra
m

et
er

 (β
)

0 0.2 0.4

Original parameter (γ2)

Re
co

ve
re

d 
pa

ra
m

et
er

 (γ
2)

0.6
0

0.2

0.4

0.6

2 3 4

Original parameter (γ1)

Re
co

ve
re

d 
pa

ra
m

et
er

 (γ
1)

5
2

3

4

5

A B C D E

F G H



Figure 3 - figure supplement 5

-0.4 -0.2 0
-0.4

-0.2

0

0.2

0.4

0.2 0.4

Original parameter (α1)

Re
co

ve
re

d 
pa

ra
m

et
er

 (α
1)

M
od

el
 1

-0.5 0 0.5

Original parameter (α2)

Re
co

ve
re

d 
pa

ra
m

et
er

 (α
2)

1.0
-0.5

0

0.5

1.0

-0.2  0 0.2
-0.2

0

0.2

0.4

0.6

0.4 0.6

Original parameter (β)

Re
co

ve
re

d 
pa

ra
m

et
er

 (β
)

2 3 4

Original parameter (γ1)

Re
co

ve
re

d 
pa

ra
m

et
er

 (γ
1)

6
2

3

4

6

5

5 -0.2  0 0.2
-0.2

0

0.2

0.4

0.8

0.4 0.8

Original parameter (γ2)

Re
co

ve
re

d 
pa

ra
m

et
er

 (γ
2)

0.6

0.6

A B C D E

-0.2  0 0.2
-0.2

0

0.2

0.4

0.4

Original parameter (β)

Re
co

ve
re

d 
pa

ra
m

et
er

 (β
)

M
od

el
 4

2 3 4

Original parameter (γ1)

Re
co

ve
re

d 
pa

ra
m

et
er

 (γ
1)

6
2

3

4

6

5

5 -0.2  0 0.2
-0.2

0

0.2

0.4

0.6

0.4 0.6

Original parameter (γ2)

Re
co

ve
re

d 
pa

ra
m

et
er

 (γ
2)

Switching period
Stable period

F G H



Figure 3 - figure supplement 6

-2.0 -1.5 -1.0 0 1.0

Original parameter (α1)

Re
co

ve
re

d 
pa

ra
m

et
er

 (α
1)

M
od

el
 1

-0.5 0.5
-2.0

-1.5

-1.0

0

1.0

-0.5

0.5

-1.0 -0.5 0 1.5

Original parameter (α2)

Re
co

ve
re

d 
pa

ra
m

et
er

 (α
2)

1.0
-1.0

-0.5

0

1.0

1.5

0.5

0.5 -0.5 0

Original parameter (β)

Re
co

ve
re

d 
pa

ra
m

et
er

 (β
)

1.0
-0.5

0

1.0

0.5

0.5 0 5

Original parameter (γ1)

Re
co

ve
re

d 
pa

ra
m

et
er

 (γ
1)

15
0

5

15

10

10 -0.5 0 0.5 2.0

Original parameter (γ2)

Re
co

ve
re

d 
pa

ra
m

et
er

 (γ
2)

1.5
-0.5

0

0.5

1.5

2.0

1.0

1

-0.5 0

Original parameter (β)

Re
co

ve
re

d 
pa

ra
m

et
er

 (β
)

1.0
-0.5

0

1.0

0.5

0.5

M
od

el
 4

0 5

Original parameter (γ1)

Re
co

ve
re

d 
pa

ra
m

et
er

 (γ
1)

15
0

5

15

10

10 -0.5 0 0.5 2.0

Original parameter (γ2)

Re
co

ve
re

d 
pa

ra
m

et
er

 (γ
2)

1.5
-0.5

0

0.5

1.5

2.0

1.0

1

Switching period
Stable period

A B C D E

F G H



A B

Prev lo
w

-20

-10

0

10

20

Ri
gh

t c
ho

ic
e 

bi
as

 (%
)

ns

Prev h
igh

**

Prev lo
w

Prev h
igh

-20

-10

0

10

20

Ri
gh

t c
ho

ic
e 

bi
as

 (%
)

Switching periodStable period

Figure 3 - figure supplement 7



Figure 4 - figure supplement 1

Number of trials after switch

0

20

40

60

80

100

%
 C

or
re

ct
fo

r r
ev

er
sin

g 
sti

m
ul

us

Stable
period

Switching
period

-10 0 10 20 30 40

Number of trials after switch

0

20

40

60

80

100

%
 C

or
re

ct
fo

r r
ev

er
sin

g 
sti

m
ul

us

Stable
period

Switching
period

-10 0 10 20 30 40

Saline - low bound
CNO -  low bound
Saline - high bound
CNO -  high bound

0.03 0.044 0.065 0.095 0.139 0.204 0.3
Spatial frequency (cyc/deg, log scale)

0

20

40

60

80

100

Ri
gh

t c
ho

ic
e 

pr
ob

ab
ili

ty
 (%

)

A B C

Saline
CNO



A

D

B C

M2

Cg1

VO MOLO

PrL

Saline CNO
70

80

90

Pe
rc

en
t c

or
re

ct
 fo

r
re

ve
rs

in
g 

sti
m

ul
us

 (%
)

ns

Stable period

Saline CNO
30

40

50

60 ns

Switching period

Saline CNO
0

0.01

0.02

0.03

0.04

Di
ffe

re
nc

e 
of

 d
ec

isi
on

 b
ou

nd
ar

y
(h

ig
h 

- l
ow

, c
yc

/d
eg

)

ns

Saline CNO

N
um

be
r o

f t
ria

ls 
pe

r b
lo

ck

ns

Saline CNO
1

2

3

4

5

6

7

Sw
itc

he
s p

er
 se

ss
io

n

ns

ns ns ns ns

-1.0

2.0

Pa
ra

m
et

er
 v

al
ue

0

α1 α2 β γ2

1.0

E

Saline
CNO

ns ns

β γ2

2.0

Pa
ra

m
et

er
 v

al
ue

0

1.0

F

St
ab

le
 p

er
io

d

α1 α2 β γ2

-1.0

2.0

Pa
ra

m
et

er
 v

al
ue

0

1.0

Sw
itc

hi
ng

 p
er

io
d

ns ns ns ns

Saline
CNO

β γ2

2.0

Pa
ra

m
et

er
 v

al
ue

0

1.0

ns ns

Model 1 Model 4 

Model 1 Model 4 

60

70

80

90

100

Figure 4 - figure supplement 2



B
ns

Saline CNO

60

70

80

N
um

be
r o

f t
ria

ls 
pe

r b
lo

ck

C

2

3

4

5

6

Sw
itc

he
s p

er
 se

ss
io

n

ns

Saline CNO

ns

D

0

0.01

0.02

0.03

0.04

Di
ffe

re
nc

e 
of

 d
ec

isi
on

 b
ou

nd
ar

y
(h

ig
h 

- l
ow

, c
yc

/d
eg

)

Saline CNO
80

90

100 ns

Pe
rc

en
t c

or
re

ct
 fo

r n
on

-r
ev

er
sin

g 
sti

m
ul

i (
%

)

Saline CNO

A Stable period

90

100

Saline CNO

ns

Switching period

Figure 4 - figure supplement 3



-10

0

10

20

30

40

50

Di
ffe

re
nc

e 
in

 ri
gh

t c
ho

ic
e 

bi
as

 (%
)

(B
ia

s pr
ev

  l
ow

 - 
Bi

as
pr

ev
  h

ig
h 
)

Saline CNO

ns p = 0.06

-10

0

10

20

30

40

50

Saline CNO

Figure 4 - figure supplement 4
Stable period Switching period



Figure 4 - figure supplement 5

Original Simulated

nsns

Saline CNO
-1.0

-0.5

0.5

1.0
Pa

ra
m

et
er

 v
al

ue

0

M
od

el
 1

St
ab

le
 p

er
io

d

α1

Original Simulated
-0.5

0.5

1.5

2.0

Pa
ra

m
et

er
 v

al
ue

1.0

0

nsns

α2

Original Simulated
-0.2

0.2

0.6

0.8

Pa
ra

m
et

er
 v

al
ue

0.4

0

β

nsns

Original Simulated
1

3

5
6

Pa
ra

m
et

er
 v

al
ue

4

2

γ1

nsns8
7

Original Simulated

Pa
ra

m
et

er
 v

al
ue

γ2

nsns

-0.5

0

1.0

1.5

0.5

Original Simulated

p = 0.065

-1.0

-0.5

0.5

1.0

Pa
ra

m
et

er
 v

al
ue

0

Sw
itc

hi
ng

 p
er

io
d

α1

*

Original Simulated

p = 0.065

-1.0

-0.5

0.5

1.0

Pa
ra

m
et

er
 v

al
ue

0

α2

*

Original Simulated
-0.2

0.2

0.6

0.8

Pa
ra

m
et

er
 v

al
ue

0.4

0

β

nsns1.0

Original Simulated
1

3

5
6

Pa
ra

m
et

er
 v

al
ue

4

2

γ1

nsns8
7

Original Simulated

0

0.4

0.6

Pa
ra

m
et

er
 v

al
ue

0.2

0.2

γ2

1.0

0.8
* *

Original Simulated
-0.2

0.2

0.6

0.8

Pa
ra

m
et

er
 v

al
ue

0.4

0

β

nsns

M
od

el
 4

St
ab

le
 p

er
io

d
Sw

itc
hi

ng
 p

er
io

d

Original Simulated
-0.2

0.2

0.6

0.8

Pa
ra

m
et

er
 v

al
ue

0.4

0

β
1.0 nsns

Original Simulated
1

3

5
6

Pa
ra

m
et

er
 v

al
ue

4

2

γ1

nsns8
7

Original Simulated
1

3

5
6

Pa
ra

m
et

er
 v

al
ue

4

2

γ1

nsns8
7

Original Simulated

Pa
ra

m
et

er
 v

al
ue

γ2
nsns

-0.5

0

1.0

1.5

0.5

Original Simulated

0

0.4

0.6

Pa
ra

m
et

er
 v

al
ue

0.2

0.2

γ2

1.0

0.8
* *

A B C D E

F G H I J

K L M

N O P



A

D

B CStable period Switching period

Saline CNO

N
um

be
r o

f t
ria

ls 
pe

r b
lo

ck
Sw

itc
he

s p
er

 se
ss

io
n

Pa
ra

m
et

er
 v

al
ue

E

Pa
ra

m
et

er
 v

al
ue

F

St
ab

le
 p

er
io

d

Pa
ra

m
et

er
 v

al
ue

Sw
itc

hi
ng

 p
er

io
d

Pa
ra

m
et

er
 v

al
ue

Model 1 Model 4 

Model 1 Model 4 

MO

M2
Cg1

VOLO

PrL

Pe
rc

en
t c

or
re

ct
 fo

r
re

ve
rs

in
g 

sti
m

ul
us

 (%
)

70

80

90

100 ns

Saline CNO Saline CNO
30

40

50

60 ns

Di
ffe

re
nc

e 
of

 d
ec

isi
on

 b
ou

nd
ar

y
(h

ig
h 

- l
ow

, c
yc

/d
eg

)

Saline CNO

ns

60

70

80

90

100

110

120 ns

-1.0

0

1.0

2.0

α1 α2 β γ2

ns ns ns ns

-1.0

0

1.0

ns ns

β γ2

0

1

2

3

4

5 ns

Saline CNO
-1.0

0

1.0

2.0

α1 α2 β γ2

ns ns ns ns

β γ2
-1.0

0

1.0

ns ns

0.00

0.01

0.02

0.03

0.04

0.05

0.06

Figure 4 - figure supplement 6



A

D

B CStable period Switching period

Saline CNO

N
um

be
r o

f t
ria

ls 
pe

r b
lo

ck
Sw

itc
he

s p
er

 se
ss

io
n

Pa
ra

m
et

er
 v

al
ue

E

Pa
ra

m
et

er
 v

al
ue

F

St
ab

le
 p

er
io

d

Pa
ra

m
et

er
 v

al
ue

Sw
itc

hi
ng

 p
er

io
d

Pa
ra

m
et

er
 v

al
ue

Model 1 Model 4 

Model 1 Model 4 

MO

FrA

VOLO

PrL

Pe
rc

en
t c

or
re

ct
 fo

r
re

ve
rs

in
g 

sti
m

ul
us

 (%
)

70

80

90

100

Saline CNO Saline CNO
30

40

50

60

Di
ffe

re
nc

e 
of

 d
ec

isi
on

 b
ou

nd
ar

y
(h

ig
h 

- l
ow

, c
yc

/d
eg

)

Saline CNO
0

0.01

0.02

0.03

0.04

α1 α2 β γ2 β γ2

0

1

2

3

4

5

Saline CNO α1 α2 β γ2 β γ2

ns ns ns

60

70

80

90

100

110

-1.5

-1.0

-0.5

0

0.5

1.0

1.5 ns ns ns ns

-0.5

0

0.5

1.0 ns ns

Saline
CNO

ns

-1.5

-1.0

-0.5

0

0.5

1.0

1.5 ns ns ns ns

Saline
CNO

-0.5

0

0.5

1.0 ns ns

p = 0.055

Figure 4 - figure supplement 7



A B

M2

Cg1

PrL

Electrode track

Figure 5 - figure supplement 1

PC2

PC
3

PC1
0 1

Time (ms)

C

0.06 0.073 0.09 0.11 0.134 0.164 0.20
Stimulus SF (cyc/deg)

Sp
ik

es
/s Low boundary

High boundary

Sp
ik

es
/s

2

4

6

8

10

16

20

24

28

0.06 0.073 0.09 0.11 0.134 0.164 0.20
Stimulus SF (cyc/deg)



Model 1
 (fu

ll m
odel)

Model 2
 (α

1 = 0)

Model 3
 (α

2 = 0)

Model 5
 (β

 = 0)

Model 6
 (γ

1 = 1)

Model 7
 (γ

2 = 0)
0.50

0.55

0.60

0.65

0.70

0.75

0.80

CV
-li

ke
lih

oo
d

St
ab

le
 p

er
io

d

A

N
um

be
r o

f m
ic

e

Model 1
 (fu

ll m
odel)

Model 2
 (α

1 = 0)

Model 3
 (α

2 = 0)

Model 4
 (α

1 = 0, α
2 = 0)

Model 5
 (β

 = 0)

Model 6
 (γ

1 = 1)

Model 7
 (γ

2 = 0)

RL m
odel

CV
-L

ik
el

ih
oo

d

Model 1
 (fu

ll m
odel)

Model 2
 (α

1 = 0)

Model 3
 (α

2 = 0)

Model 4
 (α

1 = 0, α
2 = 0)

Model 5
 (β

 = 0)

Model 6
 (γ

1 = 1)

Model 7
 (γ

2 = 0)

Sw
itc

hi
ng

 p
er

io
d

B

E

N
um

be
r o

f m
ic

e
Model 1

 (fu
ll m

odel)

Model 2
 (α

1 = 0)

Model 3
 (α

2 = 0)

Model 4
 (α

1 = 0,
 α2 = 0)

Model 5
 (β

 = 0)

Model 6
 (γ

1 = 1)

Model 7
 (γ

2 = 0)

RL m
odel

G

H

* ns * ns ** ns

Model 4
 (α

1 = 0, α
2 = 0)

p = 0.054

0

1

2

3

4

5

0.40

0.45

0.50

0.55

0.60

0.65

0.70

0.75 ns ns ns ** ** **

p = 0.067

0

1

2

3

4

5

-1.0

-0.5

0

0.5

1.0

1.5

0

2

3

4

5

6

Param
eter value (γ1)

1

α1 α2 γ1β γ2

Pa
ra

m
et

er
 v

al
ue

 (α
1,

 α
2,

 β
, γ

2)

** ** ** ** **

γ1β γ2
-0.5

0

0.5

1.0

1.5

0

2

3

4

5

6

Param
eter value (γ1)

1

15 5 0
Number of trials before switch

10

Va
lu

e 
of

 D
C

-1.0

-0.5

0.5

1.0

1.5

0

2.0

-1.5

-2.0

St
ab

le
 p

er
io

d

I
** ** **

Model 1 Model 4 

0

2

3

4

5

6

Param
eter value (γ1)

1

α1 α2 γ1β γ2
-1.0

-0.5

0

0.5

1.0

1.5

Pa
ra

m
et

er
 v

al
ue

 (α
1,

 α
2,

 β
, γ

2)

** ns ** ** **

Sw
itc

hi
ng

 p
er

io
d

γ1β γ2
-0.5

0

0.5

1.0

1.5

0

2

3

4

5

6

Param
eter value (γ1)

1

** ** **

Model 1 Model 4 J

-1.0

-0.5

0.5

1.0

1.5

0

-1.5
0 10 15

Number of trials after switch
5

Va
lu

e 
of

 D
C

Model 4 

Model 4 

Low boundary block

High boundary block

From high to low

From low to high

Pa
ra

m
et

er
 v

al
ue

 ( 
β,

 γ
2)

Pa
ra

m
et

er
 v

al
ue

 (β
, γ

2)

Figure 5 - figure supplement 2

0.60

0.65

0.70

0.75

0.80

CV
-L

ik
el

ih
oo

d

Model 4

RL m
odel

0.55

0.60

0.65

0.70

0.75

CV
-L

ik
el

ih
oo

d

Model 4

RL m
odel

F

0

0.05

0.10

0.15

0.20

0.25

0

1

2

3

4

5  **   **

α γ

Pa
ra

m
et

er
 v

al
ue

 (α
) Param

eter value (γ)

C

  **   **

0

0.05

0.10

0.15

0.20

0.25

0

1

2

3

4

5

α γ

Pa
ra

m
et

er
 v

al
ue

 (α
) Param

eter value (γ)

D

RL model

RL model



A B

Prev lo
w

Ri
gh

t c
ho

ic
e 

bi
as

 (%
)

Prev h
igh

Switching periodStable period

Figure 5 - figure supplement 3

-20

-10

0

10

20
**

Prev lo
w

Ri
gh

t c
ho

ic
e 

bi
as

 (%
)

Prev h
igh

-20

-10

0

10

20
**



Figure 5 - figure supplement 4

Left Right
-1.0

-0.5

0

0.5

1.0

Hemisphere

Le
ft-

rig
ht

 c
ho

ic
e 

pr
ef

er
en

ce

Left Right
-1.0

-0.5

0

0.5

1.0

Hemisphere

Pr
ev

 sti
m

 p
re

fe
re

nc
e

Left Right
-1.0

-0.5

0

0.5

1.0

Hemisphere

Le
ft-

rig
ht

 c
ho

ic
e 

pr
ef

er
en

ce

Left Right
-1.0

-0.5

0

0.5

1.0

Hemisphere

Pr
ev

 sti
m

 p
re

fe
re

nc
e

Left Right
-1.0

-0.5

0

0.5

1.0

Hemisphere

Le
ft-

rig
ht

 c
ho

ic
e 

pr
ef

er
en

ce

Left Right
-1.0

-0.5

0

0.5

1.0

Hemisphere

Pr
ev

 sti
m

 p
re

fe
re

nc
e

Left Right
-1.0

-0.5

0

0.5

1.0

Hemisphere

Le
ft-

rig
ht

 c
ho

ic
e 

pr
ef

er
en

ce

Left Right
-1.0

-0.5

0

0.5

1.0

Hemisphere

Pr
ev

 sti
m

 p
re

fe
re

nc
e

St
ab

le
 p

er
io

d

A B C D

Sw
itc

hi
ng

 p
er

io
d

Correct trials Wrong trials

ns ns ns ns

ns ns ns ns



Figure 5 - figure supplement 5

r = -0.88
p = 6.8 x 10-10

-0.8 -0.4 0 0.4 0.8

-0.8

-0.4

0

0.4

0.8

Prev stim preference 

Le
ft-

rig
ht

 c
ho

ic
e 

pr
ef

er
en

ce
 

Stable period (correct)

r = -0.88
p = 2.8 x 10-15

-0.8 -0.4 0 0.4 0.8

-0.8

-0.4

0

0.4

0.8

Prev stim preference 

Le
ft-

rig
ht

 c
ho

ic
e 

pr
ef

er
en

ce
 

Stable period (correct)

r = -0.92
p = 4.0 x 10-18

-0.8 -0.4 0 0.4 0.8

-0.8

-0.4

0

0.4

0.8

Prev stim preference 

Le
ft-

rig
ht

 c
ho

ic
e 

pr
ef

er
en

ce
 

Switching period (correct)

r = -0.94
p = 1.8 x 10-13

-0.8 -0.4 0 0.4 0.8

-0.8

-0.4

0

0.4

0.8

Prev stim preference 

Le
ft-

rig
ht

 c
ho

ic
e 

pr
ef

er
en

ce
 

Switching period (correct)

A

B

Le
ft 

he
m

isp
he

re
Ri

gh
t h

em
isp

he
re



A B

Sig. Corr.

Non-sig Corr.

Figure 5 - figure supplement 6

-1.0
-0.8
-0.6
-0.4
-0.2

0
0. 2
0. 4
0. 6
0. 8
1. 0

Co
rr

el
ati

on
 c

oe
ffi

ci
en

t

-700 -600 -500 -400 -300 -200 -100 0 100 200

Time from "Go" signal on (ms)

Stimulus on “Go” signal on

Correct, switching

-1.0
-0.8
-0.6
-0.4
-0.2

0
0. 2
0. 4
0. 6
0. 8
1. 0

Co
rr

el
ati

on
 c

oe
ffi

ci
en

t

-700 -600 -500 -400 -300 -200 -100 0 100 200

Time from "Go" signal on (ms)

Stimulus on “Go” signal on

Correct, stable

Correlation coefficient between preference for choice in current trial and preference for stimulus in last trial

Correlation coefficient between preference for choice in current trial and preference for stimulus in the trial before last

-1.0
-0.8
-0.6
-0.4
-0.2

0
0. 2
0. 4
0. 6
0. 8
1. 0

Co
rr

el
ati

on
 c

oe
ffi

ci
en

t

-700 -600 -500 -400 -300 -200 -100 0 100 200

Time from "Go" signal on (ms)

Stimulus on “Go” signal on

Correct, stable

-1.0
-0.8
-0.6
-0.4
-0.2

0
0. 2
0. 4
0. 6
0. 8
1. 0

Co
rr

el
ati

on
 c

oe
ffi

ci
en

t

-700 -600 -500 -400 -300 -200 -100 0 100 200

Time from "Go" signal on (ms)

Stimulus on “Go” signal on

Correct, switching

C D



r = -0.15
p = 0.20

-0.8 -0.4 0 0.4 0.8

-0.8

-0.4

0

0.4

0.8

Prev stim preference 

Ip
si-

co
nt

ra
 c

ho
ic

e 
pr

ef
er

en
ce

 

Stable period (correct)A
r = -0.01
p = 0.94

-0.8 -0.4 0 0.4 0.8

-0.8

-0.4

0

0.4

0.8

Prev stim preference 

Switching period (correct)

Ip
si-

co
nt

ra
 c

ho
ic

e 
pr

ef
er

en
ce

 

r = -0.10
p = 0.39

-0.8 -0.4 0 0.4 0.8

-0.8

-0.4

0

0.4

0.8

Prev stim preference 

Ip
si-

co
nt

ra
 c

ho
ic

e 
pr

ef
er

en
ce

 

Stable period (wrong)B
r = -0.18
p = 0.13

-0.8 -0.4 0 0.4 0.8

-0.8

-0.4

0

0.4

0.8

Prev stim preference 

Ip
si-

co
nt

ra
 c

ho
ic

e 
pr

ef
er

en
ce

 

Switching period (wrong)

Figure 5 - figure supplement 7


	Article File
	Figure 1
	Figure 2
	Figure 3
	Figure 4
	Figure 5
	Figure 6
	Figure 3-figure supplement 1
	Figure 3-figure supplement 2
	Figure 3-figure supplement 3
	Figure 3-figure supplement 4
	Figure 3-figure supplement 5
	Figure 3-figure supplement 6
	Figure 3-figure supplement 7
	Figure 4-figure supplement 1
	Figure 4-figure supplement 2
	Figure 4-figure supplement 3
	Figure 4-figure supplement 4
	Figure 4-figure supplement 5
	Figure 4-figure supplement 6
	Figure 4-figure supplement 7
	Figure 5-figure supplement 1
	Figure 5-figure supplement 2
	Figure 5-figure supplement 3
	Figure 5-figure supplement 4
	Figure 5-figure supplement 5
	Figure 5-figure supplement 6
	Figure 5-figure supplement 7

