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Abstract 27 

Learning from successes and failures often improves the quality of subsequent 28 
decisions. Past outcomes, however, should not influence purely perceptual decisions 29 
after task acquisition is complete since these are designed so that only sensory 30 
evidence determines the correct choice. Yet, numerous studies report that outcomes 31 
can bias perceptual decisions, causing spurious changes in choice behavior without 32 
improving accuracy. Here we show that the effects of reward on perceptual decisions 33 
are principled: past rewards bias future choices specifically when previous choice 34 
was difficult and hence decision confidence was low. We identified this phenomenon 35 
in six datasets from four laboratories, across mice, rats, and humans, and sensory 36 
modalities from olfaction and audition to vision. We show that this choice-updating 37 
strategy can be explained by reinforcement learning models incorporating statistical 38 
decision confidence into their teaching signals. Thus, despite being suboptimal from 39 
the experimenter’s perspective, confidence-guided reinforcement learning optimizes 40 
behavior in uncertain, real-world situations. 41 
 42 
Impact statement: Confidence-dependent reinforcement learning is active and produces 43 

trial-to-trial choice updating even in well-learned perceptual decisions without explicit reward 44 

biases, across species and sensory modalities. 45 

Introduction 46 

Learning from the outcomes of decisions can improve subsequent decisions and yield 47 

greater success. For instance, to find the best meal on a busy street where restaurants often 48 

change menus, one needs to frequently sample food and learn.  Humans and other animals 49 
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efficiently learn from past rewards and choose actions that have recently lead to the best 50 

rewards (Daw et al., 2006; Lee et al., 2012; Samejima et al., 2005; Tai et al., 2012). In 51 

addition to evaluating past rewards, decision making often require consideration of present 52 

perceptual signals; the restaurants’ signs along the busy street might be too far and faded to 53 

be trusted. Therefore, good decisions ought to take into account both current sensory 54 

evidence as well as the prior history of successes and failures. 55 

Decisions guided by the history of rewards can be studied in a reinforcement learning 56 

framework (Sutton and Barto, 1998). Perceptual decisions, on the other hand, have been 57 

classically conceptualized within a statistical, psychometric framework (Green and Swets, 58 

1966). Although statistical decision theory and reinforcement learning provide two largely 59 

distinct frameworks for studying decisions, we are often challenged by both limits in our 60 

perception as well as limits in learning from past rewards. To what extent perceptual 61 

uncertainty influences our learning and updating of reward value? Classical psychometric 62 

analysis estimates three fundamental variables that determine the quality of choices: the 63 

bias, lapse rate and sensitivity (Green and Swets, 1966; Wichmann and Hill, 2001). When 64 

bias and lapse rates are negligible and sensitivity has reached its maximum over time (i.e. 65 

when the decision maker employs maximum possible sensory acuity to interpret the stimuli), 66 

then fluctuations in decisions are solely attributed to the noise in the perceptual processing. 67 

Under these assumptions, incorrect decisions are caused by perceptual noise creating 68 

imperfect percepts. Here we show a systematic deviation from the assumption of no learning 69 

during well-trained perceptual decisions: past rewards bias perceptual choices specifically 70 

when the previous stimulus was difficult to judge, and the confidence in obtaining the reward 71 

was low. 72 

In laboratory perceptual decision-making paradigms there is typically no overt learning after 73 

the task acquisition is complete. Nevertheless, several studies have shown that past 74 

rewards, actions, and stimuli can appreciably influence subsequent perceptual choices 75 

(Abrahamyan et al., 2016; Akaishi et al., 2014; Akrami et al., 2018; Braun et al., 2018; Busse 76 

et al., 2011; Cho et al., 2002; Fan et al., 2018; Fischer and Whitney, 2014; Fritsche et al., 77 

2017; Frund et al., 2014; Gold et al., 2008; Hwang et al., 2017; Lueckmann et al., 2018; Luu 78 

and Stocker, 2018; Marcos et al., 2013; Tsunada et al., 2019; Urai et al., 2017). Some of 79 

these observations support the view that simple forms of reward-based learning are at work 80 

during asymptotic perceptual performance. For instance, subjects might repeat the 81 

previously rewarded choice or avoid it after an unsuccessful trial (Abrahamyan et al., 2016; 82 

Busse et al., 2011; Tsunada et al., 2019; Urai et al., 2017). However, these types of choices 83 

biases seem to be suboptimal and might reflect simple heuristics. Thus, the extent to which 84 

choice biases in perceptual decisions can be expected from normative considerations in 85 

reinforcement learning has been unclear. Perhaps the most prominent prediction of 86 

reinforcement learning under perceptual uncertainty is that the strength of sensory evidence 87 

(i.e. confidence in the accuracy of a decision) should modulate how much to learn from the 88 

outcome of a decision (Lak et al., 2017; Lak et al., 2020). Outcomes of easy decisions are 89 

highly predictable, and thus there is little to be learned from such decisions. In contrast, 90 

outcomes of difficult, low confidence decisions, provide the most prominent opportunity to 91 

learn and adjust subsequent decisions (Lak et al., 2017; Lak et al., 2020). These 92 

considerations lead to the hypothesis that decision confidence regulates trial-by-trial biases 93 

in perceptual choices.  94 

Here we demonstrate that well-trained perceptual decisions can be systematically biased 95 

based on previous outcomes in addition to current sensory evidence. We show that these 96 
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outcome-dependent biases depend on the strength of past sensory evidence, suggesting 97 

that they are consequences of confidence-guided updating of choice strategy. We 98 

demonstrate that this form of choice updating is a widespread behavioral phenomenon that 99 

can be observed across various perceptual decision-making paradigms in mice, rats and 100 

humans. This trial-to-trial choice bias was also present in different sensory modalities and 101 

transferred across modalities in an interleaved auditory/olfactory choice task. To explain 102 

these observations, we present a class of reinforcement learning models and Bayesian 103 

classifiers that adjust learning based on the statistical confidence in the accuracy of previous 104 

decisions. 105 

Results  106 

Perceptual decisions are systematically updated by past rewards and 107 

past sensory stimuli 108 

To investigate whether the history of rewards and stimuli could systematically influence 109 

subsequent perceptual decisions, we began with an olfactory decision task (Figure 1a). 110 

Rats were trained on a two-alternative choice olfactory decision task (Uchida and Mainen, 111 

2003). Two primary odors were associated with rewards at left and right choice ports and 112 

mixtures (morphs) of these odors were rewarded according to a categorical boundary (50:50 113 

mixture; Figure 1a). To manipulate perceptual uncertainty, we varied the odor mixtures, i.e. 114 

the ratio of odor A and B in a trial-by-trial manner, testing mixtures including 100:0, 80:20, 115 

65:35, 55:45, 45:55, 35:65, 20:80 and 0:100. Rats showed near-perfect performance for 116 

easy mixtures and made errors more frequently for difficult mixtures (Figure 1a, bottom 117 

panel).  118 

 119 

Figure 1. Rats update their trial-by-trial perceptual choice strategy in a stimulus-dependent manner. a) 120 
Top: Schematic of a 2AFC olfactory decision-making task for rats. Bottom) Average performance of an example 121 
rat. b) Following learning, the psychometric curves showed minimal fluctuations across test sessions. Bias, 122 
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sensitivity and lapse were measured for each test session. c) After successful completion of a trial, rats tended to 123 
shift their choice towards the previously rewarded side. Left and right panels illustrate example animal and 124 
population average. d) Schematic of analysis procedure for computing conditional psychometric curves and 125 
updating plots. Left: hypothetical psychometric curve conditional on the stimulus (48% A) in the previous trial. 126 
Black curve shows the overall psychometric curve and the green curve shows the curve only after trials with 48% 127 
odor A. Middle: Each point in the heatmap indicates the vertical difference between datapoints of the conditional 128 
psychometric curve and the overall psychometric curve. Red and purple boxes point to data points which are 129 
averaged to compute data points shown in the rightmost plot. Right: Updating averaged across current easy trials 130 
(in this case the easiest two stimulus levels) and difficult trials. e) Performance of the example rat (left) and 131 
population (right) computed separately based on the quality of olfactory stimulus (shown as colors mixtures from 132 
blue to green) in the previously rewarded trial. After successful completion of a trial, rats tended to shift their 133 
choices towards the previously rewarded side but only when the previous trial was difficult. f) Choice updating, 134 
i.e. the size of shift of psychometric curve relative to the average psychometric curve, as a function of sensory 135 
evidence in the previously rewarded trial, and current trial. Positive numbers refer to a bias towards choice A and 136 
negative numbers refer to a bias towards the alternative choice. The left and right plots refer to the example rat 137 
and population, respectively. g) Choice updating as a function of previous stimulus separated for current easy 138 
(square) and difficult (circle) trials. These plots are representing averages across graphs presented in f.  139 

After task learning, rats showed stable behavior across testing sessions (Figure 1b). To 140 

quantify behavioral performance and stability across sessions, we fitted choice behavior with 141 

psychometric functions that included parameters for sensitivity (reflecting perceptual noise), 142 

bias (the tendency to take one specific action) and lapse rate (stimulus-independent 143 

occasional errors possibly reflecting attentional or learning deficits) (Figure 1a,b). We found 144 

that in well-trained rats, the bias was near zero (2±4.6 %Odor A (mean± S.D), P = 0.08, 145 

signed rank test). Likewise, lapse rates were low (3±4%), indicating that for easy stimuli rats’ 146 

performance was near perfect and not substantially degraded by attention or incomplete 147 

learning. Lapse rate, sensitivity and bias remained stable over sessions, indicating that rats 148 

reached asymptotic performance (Figure 1b, 14/16 rats, P > 0.1, linear regression). 149 

Despite the stable, asymptotic performance for easy decisions, previous trials had 150 

substantial effects on subsequent choices (Figure 1c). In order to assess the effects of 151 

reinforcement on perceptual decisions, we calculated conditional psychometric functions. 152 

We first considered the effect of previous choice (Figure 1c). Psychometric functions were 153 

systematically biased by previously rewarded choices: after correct leftward choices rats 154 

tended to make a left choice. Conversely, following correct rightward choices, animals made 155 

rightward choices more often (F=29.8, P=0.001, 2-way ANOVA).  156 

The effects of the previous decision on subsequent choices also depended on the difficulty 157 

of the previous choices (Figure 1e-g). We computed psychometric functions after correct 158 

(and hence rewarded) trials separately for different stimuli of the previous trial. The resulting 159 

psychometric functions were systematically biased towards the recently rewarded side for 160 

difficult decisions (Figure 1e). Rats tended to repeat their previous choices particularly when 161 

they succeeded to correctly categorize a challenging odor mixture and earn reward (Figure 162 

1e). We quantified the magnitude of this choice bias for each pair of current and previous 163 

stimuli (Figure 1d, see Methods). To do so, we subtracted the average psychometric curve 164 

(computed from all trials) from each psychometric curve computed conditional on specific 165 

previous correct stimulus, and plotted the size and sign of this difference (positive: bias to 166 

choose A and negative bias to choose B) (Figure 1d,f). To summarize choice biases, we 167 

then averaged these differences across trials in which the current choice was easy or 168 

difficult (Figure 1d,g). The magnitude of this choice bias was proportional to the difficulty of 169 

the previous decision, in addition to the difficulty of the current decision (Figure 1f). 170 

Updating was minimal when the current stimulus was easy, regardless of the difficulty of 171 

previous decision (Figure 1g, squares). This is because the datapoints are overlapping 172 
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when the current stimulus is easy, and hence the distance between them is close to zero 173 

(Figure 1d,e). When current stimulus was difficult, updating was also minimal after correct 174 

easy choices, whereas it was strong following correct difficult choices (Figure 1g, circles, 175 

P=0.0002, rank sum test). Thus, when the current sensory evidence was strong, it 176 

determined the choice, without detectable effects of the previous trial (Figure 1g, squares). 177 

However, when the sensory evidence in the current trial was weak, previous reward 178 

influenced choices only if the reward was earned in a difficult trial (Figure 1g, circles). The 179 

difficulty of previous decision did not influence the slope (sensitivity) nor the lapse of 180 

psychometric curves in the next trial (P > 0.1 rank sum test). Additionally, plotting the 181 

psychometric curves conditional on specific stimulus in the previous trial but separated 182 

according to the outcome of the previous trial (correct vs error) further illustrated that past 183 

outcome influence subsequent choice in particular when the previous choice was difficult 184 

(Figure 1 Supplemental Figure 1). Together, these observations indicate that the effects of 185 

past rewards on perceptual choices depend on the difficulty of the previous perceptual 186 

judgments. 187 

Choice updating is not due to slow drifts in choice side bias  188 

The results so far demonstrate that previous rewards influence subsequent perceptual 189 

decisions especially when the previous decision was difficult. We considered two possible 190 

explanations for this effect. One possibility is that these behavioral effects reflect an active 191 

reinforcement learning process. Alternatively, the effects could arise as a byproduct of slow 192 

fluctuations of side bias causing correlations across consecutive trials and hence systematic 193 

shifts in choices. These two scenarios can be illustrated within a signal detection theory 194 

(SDT) framework. In SDT, the perceived stimulus is compared to a decision boundary, and 195 

produces a correct choice when the stimulus falls on the appropriate side of the boundary 196 

(Figure 2a). When the decision boundary is fixed (or drawn randomly for each choice) there 197 

is no apparent updating, as expected (Figure 2, Supplemental Figure 1a,b). However, 198 

simulating a slowly drifting decision boundary reveals systematic effects of previous trials on 199 

next choices, because the drifting boundary induces correlations across trials, producing 200 

apparent choice updating based on the previous trials (Figure 2b; Figure 2, Supplemental 201 

Figure 1c,d). For instance, if the decision boundary slowly drifts to the left side then 202 

rightward choices will be more frequent and occur in succession, producing a shift in the 203 

psychometric curve (Figure 2b). Importantly, this effect is independent of decision outcomes 204 

and is observed in a sequence of trials, both before and after a rewarded trial (‘previous’ and 205 

‘next’ trials, respectively, in Figure 2b). The second, more intriguing, scenario for explaining 206 

our results is an active learning process that produces trial-by-trial adjustment of the 207 

decision boundary. If the decision boundary is adjusted in a trial-by-trial manner according to 208 

the outcome of the previous trial, psychometric shifts will be observed in the next trials 209 

contingent on the past reward, but absent in the preceding trials (Figure 2c). It is thus critical 210 

to consider these alternatives and remove slow fluctuations of side bias, before concluding 211 

that psychometric shifts are signatures of an active learning process. 212 

We next asked to what extent the trial history effects we observed are due to correlations 213 

across consecutive trials due to slowly fluctuating bias over trials. To do so, we devised a 214 

model-independent analysis to identify and remove slow fluctuations of side bias (Figure 2, 215 

Supplemental Figure 1). While it is possible to formulate model-based analyses to correct 216 

for slow biases, there are numerous possibilities that could produce similar fluctuations. 217 

Therefore, we sought a model-independent technique, reasoning that slow fluctuations are, 218 

by definition, slower than one trial, and hence should have largely similar impact across 219 
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adjacent trials. Specifically, slow fluctuations will produce similar biases one trial before and 220 

after a given decision outcome. This assumption leads to a simple strategy to correct for 221 

possible slow drifts and isolate psychometric curve shifts due to active processes: 222 

subtracting the psychometric shifts between trial t and t-1 from that of trial t+1 and t removes 223 

the effect of slow response bias, i.e. slow boundary drift. Importantly, applying this 224 

normalization to the STD model with a drifting decision boundary removes the apparent but 225 

artefactual dependence of decisions on previous trials (Figure 2, Supplemental Figure 1d). 226 

This subtraction technique thus provides an estimate of how the current trial influences 227 

choices in the next trial. Another intuition for this analysis is that future rewards cannot 228 

influence past choices, and therefore any systematic dependence of psychometric curves on 229 

next trials cannot reflect causal mechanisms and need to be adjusted for. We thus define 230 

‘choice updating’ as a trial-by-trial bias beyond slowly fluctuating and non-specific side 231 

biases. 232 

 233 

Figure 2. Choice updating is not due to slow and nonspecific drift in response bias. a) Signal detection 234 
theory-inspired schematic of task performance. The psychometric curve illustrates the average choice behavior. 235 
b) slow non-specific drift in choice bias, visualized here as drift in the decision boundary, could lead to shift in 236 
psychometric curves which persisted for several trials and was not specific to stimulus and outcome of the 237 
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previous trial. This global bias effect is cancelled when subtracting the psychometric curve of trialt-1 (orange) from 238 
trialt+1 (brown). c) Trial-by-trial updating of decision boundary shifts psychometric curves depending on the 239 
outcome and perceptual difficulty of the preceding trial. Subtracting psychometric curves does not cancel this 240 
effect. d) Choice bias of the example rat following a rewarded trial. e) Similar to d but for population. f) Choice 241 
bias of the example rat in one trial prior to current trial, reflecting global nonspecific bias visualized in b. g) Similar 242 
to f but for population. h) Subtracting choice bias in trialt-1 from trialt+1 reveals the trial-by-trial choice updating in 243 
the example rat. i) Similar to h but for the population. See Figure 2, Supplemental Figure 1 for details of the 244 
normalization procedure. 245 

We found that the difficulty of previous choices had a strong effect on subsequent choices in 246 

rat olfactory discriminations even after correcting for slow fluctuations in the choice bias 247 

(Figure 2d-i). We computed the psychometric curves conditional on stimuli and outcomes, 248 

for both the next trial (Figure 2d,e) and also the previous trial (Figure 2f,g). Choice biases 249 

tended to be larger when considering the next trial compared to the previous trial. The 250 

difference between these provides an estimate of choice updating that is due to the most 251 

recent reward and without slow and non-outcome specific fluctuations in response side bias 252 

(Figure 2h,i). The choice updating effect remained statistically significant even after this 253 

correction (P=0.003, rank sum test). These results rule out the possibility that psychometric 254 

shifts are only due to slow drift in side bias, and indicate that reward received in the past trial 255 

influences subsequent perceptual decisions specifically if the sensory evidence in the 256 

previous trial was uncertain and difficult to judge. 257 

Belief-based reinforcement learning models account for choice updating  258 

We next considered what types of reinforcement learning processes could account for the 259 

observed choice updating effects. Reinforcement learning models have been long used to 260 

study how choices are influenced by past decisions and rewards (Daw and Doya, 2006; 261 

Sutton and Barto, 1998). A key distinction between RL model variants is whether and how 262 

they treat ambiguous signals for state inference and prediction error computation.   263 

We show that a reinforcement learning model with a belief-state representing ambiguous 264 

perceptual stimuli accounts for choice updating (Figure 3a,b). A reinforcement model for our 265 

behavioral task has to consider the inherent perceptual ambiguity in sensory decisions in 266 

addition to tracking reward outcomes. The normative way to cope with such ambiguity about 267 

state representations is to introduce a partially observable Markov decision process 268 

(POMDP) framework for the temporal difference RL (TDRL) algorithm (Dayan and Daw, 269 

2008; Lak et al., 2017; Lak et al., 2020; Rao, 2010). POMDPs capture the intuitive notion 270 

that when perception is ambiguous, the model needs to estimate current perceptual 271 

experience as a “belief state”, which expresses state uncertainty as a probability distribution 272 

over states. 273 

Previously, we showed that such a model is analogous to a TDRL model that uses statistical 274 

decision confidence, i.e. the conditional probability of getting reward given the choice, for 275 

scaling prediction errors (Lak et al., 2017). We reasoned that this model could also account 276 

for how uncertainty of past perceptual decisions influences learning and updating of 277 

subsequent perceptual choice. In the model, the rewards received after difficult, low 278 

confidence, choices lead to large reward prediction errors and hence the strong updating of 279 

decision values in the next trial (Figure 3a, b). The belief state in the model reflects subject’s 280 

internal representations of a stimulus, which in the case of our 2AFC task is the probability 281 

that the stimulus belongs to the left or right category (𝑝𝐿  and 𝑝𝑅). To estimate these 282 

probabilities, the model assumes that the internal estimate of the stimulus, �̂�, is normally 283 

distributed with constant variance around the true stimulus contrast: 𝑝(�̂�|𝑠) =  𝒩(�̂�; 𝑠, 𝜎2), 284 
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where �̂� parameterizes a belief distribution over all possible values of 𝑠 that are consistent 285 

with the sensory evidence, given by Bayes rule: 286 

𝑝(𝑠|�̂�) =
𝑝(�̂�|𝑠). 𝑝(𝑠)

𝑝(�̂�)
 

Assuming that the prior belief about 𝑠 is uniform, then the optimal belief will also be 287 

Gaussian, with the same variance as the sensory noise distribution, and mean given by �̂�: 288 

𝑝(𝑠|�̂�) =  𝒩(𝑠; �̂�, 𝜎2). 289 

 290 

Figure 3. Belief-based reinforcement learning model accounts for choice updating. a) Left: schematics of 291 
the temporal difference reinforcement learning (TDRL) model that includes belief state reflecting perceptual 292 
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decision confidence. Right: predicted values and reward prediction errors of the model. After receiving a reward, 293 
reward prediction errors depend on the difficulty of the choice, and are largest after a hard decision. Reward 294 
prediction errors of this model are sufficient to replicate our observed choice updating effect. b) Choice updating 295 
of the model shown in a. This effect can be observed even after correcting for non-specific drifts in the choice 296 
bias (right panel). The model in all panels had 𝜎2=0.2 and 𝛼=0.5. c) A TDRL model which follows a Markov 297 
decision process (MDP) and that does not include decision confidence into prediction error computation produce 298 
choice updating that is largely independent of the difficulty of the previous decision. d) A MDP TDRL model that 299 
includes slow non-specific drift in choice bias fails to produce true choice updating. The normalization removes 300 
the effect of this e) A MDP TDRL model that includes win-stay-lose-switch strategy fails to produce true choice 301 
updating. For this simulation, win-stay-lose-switch strategy is applied to 10% of randomly-selected trials. See 302 
Figure 3, Supplemental Figure 1 and the Methods for further details of the models. 303 

From this, the agent computes a belief, i.e. the probability that the stimulus was on the right 304 

side of the monitor, 𝑝𝑅 = 𝑝(𝑠 > 0 | �̂�), according to: 305 

𝑝𝑅(�̂�) = ∫ 𝑝(𝑠|�̂�)𝑑𝑠
∞

0

 

𝑝𝑅 represents the trial-by-trial probability of the stimulus being on the right side (and 306 

𝑝𝐿 = 1 − 𝑝𝑅 represents the probability of it being on the left). Multiplying these probabilities 307 

with learned action values of left and right, 𝑉𝐿  and 𝑉𝑅, provides the expected values of left 308 

and right choices: 𝑄𝐿 = 𝑝𝐿𝑉𝐿 and 𝑄𝑅 = 𝑝𝑅𝑉𝑅. The higher of these two determines the choice 309 

𝐶 (either 𝐿 or 𝑅), its associated confidence 𝑝𝐶, and its predicted value 𝑄𝐶 = 𝑝𝐶𝑉𝐶. Note that 310 

although the choice computation is deterministic, the same stimulus can produce left or right 311 

choices caused by fluctuations in the percept due to randomized trial-to-trial variation around 312 

the stimulus identity (Figure 3, Supplemental Figure 1a). Following the choice outcome, 313 

the model learns by updating the value of the chosen action by  𝑉𝐶 ← 𝑉𝐶 + 𝛼𝛿, where 𝛼 is a 314 

learning rate, and 𝛿 = 𝑟 − 𝑄𝐶 is the reward prediction error. Thus, in this model, prediction 315 

error computation has access to the belief state used for computing the choice, and hence 316 

reward prediction error is scaled by the confidence in obtaining the reward (Lak et al., 2017; 317 

Lak et al., 2020). The largest positive prediction error occurs when receiving a reward after a 318 

difficult, low confidence, choice while receiving a reward after an easy choice results in a 319 

small prediction error (Figure 3a, right). After training, the choices produced by this model 320 

exhibit confidence-guided updating (Figure 3b, left), similar to those we observed in choices 321 

of rats. Similar to the data, the choice updating in this RL model persisted after accounting 322 

for possible slow fluctuations in the choice bias (Figure 3b, right). Note that RL models can 323 

produce correlations in choices across trials due to the correlation of stored values across 324 

trials, and hence it is important to evaluate the size of the updating effect after the 325 

normalization. In addition, our model predicts that the updating effect should be slightly 326 

stronger when considering trials preceded by two (rather than one) rewarded difficult choices 327 

in the same direction (Figure 3, Supplemental Figure 1b), which we could also observe in 328 

rats’ choices (Figure 3, Supplemental Figure 1b).   329 

We next considered whether classical TDRL models that follow a Markov decision process 330 

(MDP), could also produce confidence-guided updating. Such a model is largely similar to 331 

the model described above with one fundamental difference: the computation of prediction 332 

error does not have access to the belief state. In other words, prediction errors are 333 

computed by comparing the outcome with the average value of chosen action, without 334 

consideration of the belief in the accuracy of that action. In the model variant with two states 335 

(L and R), after learning, 𝑉𝐿  and 𝑉𝑅 reflect the average reward expectations for each choice 336 

and prediction errors are computed by comparing the outcome with this average 337 

expectation. Decisions made by this model show substantial effect of past reward (Figure 338 

3c); after receiving a reward, the model has the tendency to make the same decision. 339 

However, compared to the belief-based model, this bias shows little dependence on the 340 
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difficulty of the previous choice, and this dependence is absent after applying our 341 

normalization (Figure 3c, left). An extended version of this model that represents stimuli 342 

across multiple states also cannot reproduce confidence-dependent updating (see 343 

Methods). Thus, MDP TDRL models (i.e. TDRL without a stimulus belief state) do not exhibit 344 

confidence-guided choice updating. We also considered whether an MDP TDRL models with 345 

slowly fluctuating response side bias could show trial-by-trial choice updating (Figure 3d). A 346 

modified MDP TDRL model that includes a slowly drifting side bias term showed a 347 

substantial effect of past reward on choices, which was mildly dependent on the difficulty of 348 

the previous sensory judgement (Figure 3d, left). This dependence, however, essentially 349 

vanished after normalizing the choices to account for slowly drifting side bias (Figure 3d, 350 

right). This reveals that slowly fluctuating side bias in a TDRL models without a belief state 351 

does not result in confidence-guided choice updating, despite apparent trial to trial 352 

fluctuations. The results also further confirm the effectiveness of our normalization 353 

procedure (i.e. subtracting the bias in the previous trials from next trials) in isolating trial-by-354 

trial confidence-guided choice updating. We also ruled out the possibility that choice 355 

updating reflected an elementary win-stay strategy (Figure 3e). The decisions of an MDP 356 

TDRL model that was modified to include win-stay strategy (to repeat the previously reward 357 

choice, with p=10% in this example) show strong dependence on past rewards. The 358 

normalization removes the dependence of updating size on choice difficulty that is due to a 359 

correlation across choices. However, it does not remove the signatures of win-stay / loose-360 

switch behavior (Figure 3e) or other explicit choice updating strategies. Thus, in this model 361 

the effect of past rewards is independent of the difficulty of the previous choice, differing 362 

from the rat data in which the size of the bias induced by previous reward is proportional to 363 

the difficulty of the previous decision.  364 

The predictions of the confidence-dependent TDRL and MDP TDRL models differ in two 365 

principal ways. First, in these models, the learned value of actions (𝑉𝐿  and 𝑉𝑅) converge to 366 

different values over learning (Figure 3, Supplemental Figure 1c). In the confidence-367 

dependent TDRL, 𝑉𝐿  and 𝑉𝑅 both converge to just below the true size of reward. However, in 368 

the MDP TDRL model they converge to the average choice accuracy (average reward 369 

harvest), which is lower than the true reward size (Figure 3, Supplemental Figure 1c). This 370 

difference emerges because in the belief-based model values are updated using prediction 371 

errors scaled by confidence. Confidence is relatively low in the error trials, leading to very 372 

small adjustment (reduction) of values after those trials, and hence the convergence of 373 

values to just below the true reward size (i.e. reward value, when the reward is given). This 374 

difference is important for understanding updating in particular in the case of very easy 375 

correct trials. In the confidence-dependent model, large confidence associated with a correct 376 

easy choice together with higher values of stored values result in Q values similar to the true 377 

reward size, and hence near-zero prediction errors when receiving the reward. However, in 378 

the MDP model, Q values are compared with relatively low stored values (compared to 379 

reward value), and hence reward prediction errors persist even for the case of very easy 380 

correct choices. The second major difference between the two models is how choice 381 

difficulty determines reward prediction errors and hence updating. While in the confidence-382 

dependent model prediction errors depends on the choice difficulty (Figure 3a; Figure 3, 383 

Supplemental Figure 1d), in the MDP TDRL the prediction errors do not reflect choice 384 

difficulty (Figure 3, Supplemental Figure 1d, see Methods). The prediction errors of the 385 

belief-based model thus result in graded levels of updating in the subsequent trials 386 

depending on the difficulty of the previous choice.  387 
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On-line learning in margin-based classifiers explains choice updating  388 

We next considered whether another class of models based on classifiers could also explain 389 

choice updating. Perceptual decision-making processes produce discrete choices from 390 

ambiguous sensory evidence. This process can be modelled with classifiers that learn a 391 

boundary in the space of sensory evidence. For instance, in our olfactory decision task, 392 

evidence is a two-dimensional space spanned by odor component A vs. B (Figure 4a). The 393 

hyperplane separating choice options creates a decision boundary determining whether 394 

each odor mixture is classified as A or B, which can be learned over trials. To apply these 395 

ideas to our decision tasks, we examine a probabilistic interpretation of Support Vector 396 

Machine (SVM) classifiers, a powerful technique from machine learning (see Methods). 397 

SVMs learn classification hyperplanes that produce decision boundaries that are maximally 398 

far away from any data sample. Applying this framework to our particular decision problem 399 

requires an on-line implementation of a probabilistic interpretation of SVMs (Sollich, 2002). 400 

In the SVM terminology, the distance of a sample x from the category boundary or 401 

hyperplane is called the “margin” of the data point (orange arrow in Figure 4a). The size of 402 

the margin for a stimulus is proportional to the likelihood of that data point belonging to a 403 

class given the current classifier. After appropriate normalization, this model yields an 404 

estimate of the classification success for a given decision. Indeed, the Bayesian posterior of 405 

classification success are a normative definition of confidence (Hangya et al., 2016; Pouget 406 

et al., 2016).  407 

Simulation of this on-line, Bayesian SVMs produces choice updating similar to that from the 408 

RL model (Figure 4, b, c). Thus, statistical classifiers, in which the decision boundary is 409 

continuously updated in proportion to the estimated classification success (i.e. decision 410 

confidence), provides another account of choice updating. The core computational feature 411 

common to reinforcement learning and classifier models is that statistical decision 412 

confidence contributes to the trial-by-trial adjustment of choice bias. 413 

 414 

Figure 4. An on-line statistical classifier accounts for choice updating. a) Schematic of a classifier using 415 
Support Vector Machine for learning to categorize odor samples. The dashed line shows one possible 416 
hyperplane for classification and shaded area around the dashed line indicates the margin. Orange arrow 417 
indicates the distance between one data point and the classification hyperplane, i.e. the margin for that data 418 
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point, given the hyperplane. Each circle is one odor sample in one trial. b) Average estimates of the margins of 419 
the classifier. c) The size of shift in the classification as a function of previous and current stimulus. d) Choice 420 
updating as a function previous odor separated for current easy and hard choices.   421 

In the following sections, we examine whether confidence-guided choice updating is 422 

observed in sensory modalities other than olfaction, and in species other than rats. 423 

Confidence-guided choice updating in rat auditory decisions  424 

We next investigated decisions of rats performing a two-alternative auditory decision task 425 

(Figure 5). Rats were trained to report which of two auditory click trains delivered binaurally 426 

had a greater number of clicks (Brunton et al., 2013; Sanders et al., 2016; Sanders and 427 

Kepecs, 2012) (Figure 5a). The click trains were presented for 250 ms and generated using 428 

a Poisson process with the sum of the two rates held constant across trials. To control 429 

decision difficulty, the ratio of click rates for each side was randomly varied from trial to trial. 430 

The strength of evidence on a given trial was computed based on the number of clicks, i.e. 431 

the difference in the number of clicks between left and right divided by the total number of 432 

clicks. Rats showed steep psychometric curves (slope: 0.37±0.03, mean± S.D) with minor 433 

overall bias (-1±4.9% sound A) and near-zero lapse for easy stimuli (0.05±0.09%). We 434 

found that, similar to the olfactory task, difficult choices were biased in proportion to the 435 

difficulty of previous choice (Figure 5b-d, P=0.007, rank sum test). 436 

 437 

Figure 5. Rats update their trial-by-trial auditory choices in a confidence-dependent manner. a) Schematic 438 
of a 2AFC auditory decision-making task for rat. b) Performance of an example rat computed separately based 439 
on the quality of auditory stimulus (shown as colors from blue to green) in the previously rewarded trial. c) Choice 440 
updating as a function of sensory evidence in the previous and current trial in the population of rats (n=5). d) 441 
Choice updating as a function of previous stimulus separated for current easy (square) and difficult (circle) trials, 442 
averaged across rats.  443 

Confidence-guided choice updating in mouse auditory decisions  444 

We next considered decisions of mice performing an auditory decisions task (Figure 6). 445 

Mice were trained on a two-alternative auditory tone decision task. The auditory stimuli in 446 

different trials were presented as percentages of a high and low frequency complex tone, 447 

morph A and morph B (Figure 6a). To manipulate perceptual uncertainty, we varied the 448 

amplitude ratio of the two spectral peaks in a trial-by-trial manner. Mice showed steep 449 

psychometric curves (slope: 0.25±0.06, mean± S.D) with minor overall bias (-1±6.9% 450 

sound A) and negligible lapse for easy stimuli (3±2%). The choices showed significant 451 

dependence on the difficulty of previous choice (Figure 6b-d, P=0.01, rank sum test). 452 
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 453 

Figure 6. Mice update their trial-by-trial auditory choices in a confidence-dependent fashion. a) Schematic 454 
of a 2AFC auditory decision making task for mice. b) Performance of an example mouse computed separately 455 
based on the quality of auditory stimulus (shown as colors from blue to green) in the previously rewarded trial. c) 456 
Choice updating as a function of sensory evidence in the previous and current trial in the population of mice 457 
(n=6). d) Choice updating as a function of previous stimulus separated for current easy (square) and difficult 458 
(circle) trials, averaged across mice.  459 

Confidence-guided choice updating in mouse visual decisions  460 

We next considered mice trained to perform visual decisions (Figure 7) (Burgess et al., 461 

2017). Head-fixed mice were trained to report the position of a grating on the monitor by 462 

turning a steering wheel placed under their front paws (Figure 7a). If the mouse turned the 463 

wheel such that the stimulus reached the center of the screen, the animal received water. If 464 

instead the mouse moved the stimulus by the same distance in the opposite direction, this 465 

incorrect decision was penalized with a timeout of 2 s (Burgess et al., 2017). We varied task 466 

difficulty by varying the contrast of the stimulus in different trials. Mice showed steep 467 

psychometric curves (slope: 0.26±0.11, mean± S.D) with minor overall bias (1±9.1% 468 

contrast) and negligible lapse for easy stimuli (5±4.9%). The decisions showed significant 469 

dependence on the difficulty of previous choice (Figure 7b-d, P=0.001, rank sum test), 470 

consistent with similar results in a different version of this task that also included 471 

manipulation of reward size (Lak et al., 2020).  472 

 473 

Figure 7. Mice update their trial-by-trial visual choices in a confidence-dependent fashion. a) Schematic of 474 
a 2AFC visual decision making task for mice. b) Performance of an example mouse computed separately based 475 
on the quality of visual stimulus (shown as colors from blue to green) in the previously rewarded trial. c) Choice 476 
updating as a function of sensory evidence, i.e. the contrast of stimulus, in the previous and current trial in the 477 
population of mice (n=12). d) Choice updating as a function of previous stimulus separated for current easy 478 
(square) and difficult (circle) trials, averaged across mice.  479 

Confidence-guided choice updating in human visual decisions  480 

Next we asked whether confidence-guided choice strategy was specific to rodents or could 481 

also be observed in humans (Urai et al., 2017). Human observers performing a visual 482 

decision task updated their choices in a confidence-dependent manner (Figure 8). 483 

Observers performed a two-interval forced choice (2IFC) motion coherence discrimination 484 
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task (Figure 8a). They judged the difference in motion coherence between two 485 

successively presented random dot kinematograms: a constant reference stimulus (70% 486 

motion coherence) and a test stimulus with varying motion coherence in different trials 487 

(Urai et al., 2017). Observers performed the task well (slope: 0.2±0.01, bias: 0±3% 488 

coherence, lapse: 1±2%), and their choices showed significant dependence on the difficulty 489 

of previous choice (Figure 8b-d, P<0.05, rank sum test). 490 

 491 

Figure 8. Humans update their trial-by-trial visual choices in a confidence-dependent fashion. a) 492 
Schematic of a 2IFC visual decision making task in human subjects. b) Performance of an example subject 493 
computed separately based on the quality of visual stimulus (shown as colors from blue to green) in the 494 
previously rewarded trial. c) Choice updating as a function of sensory evidence, i.e. the difference in coherence 495 
of moving dots between two intervals, in the previous and current trial, averaged across subjects (n=23). d) 496 
Choice updating as a function of previous stimulus strength, separated for current easy (square) and difficult 497 
(circle) trials, averaged across subjects.  498 

Confidence-guided choice updating transfers across sensory modalities 499 

Rats exhibit confidence-dependent choice updating even if the sensory modality of current 500 

decision differed from the modality of the previous decision (Figure 9). We trained rats in a 501 

2AFC task in which in randomly-interleaved trials rats either performed an auditory or 502 

olfactory task (Figure 9a-b). Rats performed the task well (slope: 0.35±0.03, bias: -2±6%, 503 

lapse: 1±0.4%) and their choices showed significant dependence on the difficulty of the past 504 

choice, and this dependence transferred across the sensory modalities. Rats updated their 505 

olfactory decisions after difficult auditory decisions (Figure 9c-e, P=0.008, rank sum test), 506 

and similarly, they updated their auditory choices after difficult olfactory decisions (Figure 9f-507 

h, P=0.01, rank sum test). The updating occurred also across trials in which the modality of 508 

the choice did not change (i.e. in consecutive auditory choices and consecutive olfactory 509 

choices). Choice updating appeared largest in two consecutive olfactory decisions, yet 510 

updating was present in consecutive auditory choices and in consecutive trials with modality 511 

switch (Figure 9, Supplemental Figure 1). These results show that the updating effect 512 

depends on the choice outcome, rather than the identity, i.e. modality, of the sensory 513 

stimulus. This observation further indicates that choice updating mainly occurs in the space 514 

of action values, similar to our RL model.  515 
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 516 
Figure 9. Confidence-dependent choice updating transfers across sensory modalities. a-b) Schematic of a 517 
2AFC task in which rats performed either an olfactory (a) or auditory (b) decisions in randomly interleaved trials. 518 
c) Performance of an example rat computed for olfactory trials separately based on the quality of auditory 519 
stimulus (shown as colors from blue to green) in the previously rewarded trial. d) Choice updating as a function of 520 
sensory evidence (auditory stimulus) in the previous trial and odor mixture in the current trial, averaged across 521 
subjects (n=6). e) Choice updating as a function of previous auditory stimulus separated for current odor-guided 522 
easy (square) and difficult (circle) trials, averaged across subjects. f-h) Similar to c-e but for trials in which the 523 
current stimulus has been auditory and the previous trial has been based on olfactory stimulus.  524 

Diversity of confidence-guided choice updating across individuals 525 

 526 

Having observed confidence-guided choice updating across various datasets, we next 527 

quantified this behavioral effect in each individual, and observed a weak but negative 528 

correlation between the strength of choice updating and psychometric lapse rate (Figure 529 

10). To quantify the choice updating effect for each individual, we fit lines on the updating 530 

data (Figure 10a inset) and computed the updating index as the difference in the slope of 531 

the fits for current easy and current difficult trials. A large fraction of individuals in each 532 

dataset showed substantial choice updating which was consistent with the predictions of the 533 

model (positive numbers in Figure 10a). Nevertheless, we also observed individuals with 534 

negligible updating, and even in rare instances a choice bias in the direction opposite to the 535 

model’s prediction (negative numbers in Figure 10a). Quantifying individual behavior 536 

enabled us to ask whether this observed diversity could be explained by variations in the 537 

quality of perceptual processing (psychometric slope and lapse rate; Figure 10b,c). The 538 

slope and choice bias did not exhibit a significant relationship (p = 0.21), but the lapse rate 539 

and choice bias showed a weak significant negative correlation (p = 0.03). In other words, 540 

choice updating was strongest among individuals with lower lapse rate (Figure 10c). The 541 

results reveal that choice updating of the form we observed, is strongest when subjects are 542 

well trained in the perceptual task, with stable psychometric slope and minimal lapse rate. 543 
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 544 
Figure 10. Confidence-guided choice updating is strongest in individuals with well-defined psychometric 545 
behavior. a) The strength of choice updating among individuals. The vertical lines show the mean. Inset: 546 
schematics illustrates the calculation of updating index. The index is defined as the difference in the slope of lines 547 
fitted to the data. b) Scatter plot of choice updating as a function of the slope of psychometric curve. Each circle 548 
is one individual. Dashed lines illustrate a linear fit on each dataset, and the gray solid line shows a linear fit on 549 
all subjects. c) Scatter plot of choice updating as a function of the lapse rate of the fitted psychometric curve. 550 

Different strategies for choice updating after error trials due to different 551 

noise sources 552 

 553 

Lastly, we asked whether subjects show choice updating following error trials. We observed 554 

substantial diversity in choice bias after error trials, both across individuals and datasets. For 555 

example, two rats that performed olfactory decisions with similar choice updating after 556 

correct choices (Figure 11a,b top panel), showed divergent patterns of updating after 557 

incorrect choices (Figure 11a,b bottom panel). Interestingly, reinforcement learning models 558 

with different parameter settings also produced diverse choice bias patterns after error trials, 559 

depending on the dominant source of noise, i.e. whether errors were produced by sensory 560 

noise (external) or due to value fluctuations (internal). When sensory noise is high and leads 561 

to errors, these errors cannot be systematically corrected hence there is little or no net 562 

updating effect (Figure 11c, bottom panel). Alternatively, when the internal noise is high, 563 

such as high learning rate producing over-correction, systematic post-error updating is 564 

observed (Figure 11d, bottom panel). Although we found individual subjects matched these 565 

specific patterns of post-error updating (Figure 11a,b), the diversity across individuals and 566 

populations, as well as the low number of error trials precludes a more in-depth analysis. 567 

Note that for post-correct updating our RL model makes qualitatively similar predictions 568 

about choice updating, independent of whether the dominant source of noise is external or 569 

internal (Figure 11c,d top panels).  570 
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 571 

Figure 11, Diverse learning effects after error trials. a) Choice updating after correct trials (top) and after error 572 
trials (bottom) in one example rat. b) Similar to a for another example rat. c) Choice updating of the TDRL model 573 
ran with large sensory noise (𝜎2 = 0.5). This model exhibit choice updating qualitatively similar to the rat shown 574 
in a. d) Choice updating in the TDRL model with large internal noise (𝛼 = 0.8).  This model run exhibits choice 575 
updating similar to the rat shown in b.  576 

Discussion 577 
 578 

Our central observation is that even well-trained and well-performed perceptual decisions 579 

can be informed by past sensory evidence and outcomes. When the sensory evidence is 580 

strong, it determines choices, as expected, and past outcomes have little influence. When 581 

sensory evidence is weak, however, choices are influenced by trial history. We show that the 582 

effect of past rewards can depend on the difficulty of past sensory decisions: subjects repeat 583 

the previously-rewarded choice mainly when past sensory decision was difficult. This 584 

confidence-guided choice updating occurs in a trial-by-trial manner, and it is not due to slow 585 

drifts in choice strategy. We demonstrate that these history-dependent choice biases can be 586 

explained with reinforcement learning models that consider sensory ambiguity as a belief 587 

state computation, and hence produce confidence-scaled reward prediction error signals. 588 

We illustrate that this form of choice updating is a robust and widespread behavioral 589 

phenomenon observed across various perceptual decision-making paradigms in mice, rats 590 

and humans. Notably we found evidence for the same reinforcement learning process 591 

across data sets despite substantial variations in experimental setups and other conditions 592 

across the experiments examined.   593 

The influence of past trials on perceptual decisions do not necessarily reflect active, trial-by-594 

trial learning. In fact, our simulations illustrate that slow and non-specific drifts in the decision 595 

boundary result in correlations between consecutive choices, which can produce 596 

psychometric shifts similar to choice bias updating (Figure 2, 3). To correct for this and 597 

isolate reinforcement learning-based choice updating we used a simple procedure to 598 

compute choice updating with respect to slow fluctuations in the choice bias. We show the 599 

trial history effects persisting after this correction reflect confidence-guided reinforcement 600 

learning processes. These analyses also indicate that trial history effects and serial choice 601 

biases should be considered with care because correlations across choices at various time 602 

scales can produce apparent updating of perceptual choices. A similar confound has been 603 
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previously reported in post-error slowing analysis, and similar normalization procedures 604 

were used to correct for it (Dutilha et al., 2012; Purcell and Kiani, 2016). 605 

Confidence in the correctness of a choice determines the degree to which the reward can be 606 

expected. Hence, decision confidence informs how much the decision maker should learn 607 

from the decision outcome, as suggested by RL models that incorporate belief states 608 

representing confidence (Lak et al., 2017; Lak et al., 2020). Rewards received after 609 

decisions with high confidence are expected and hence there is not much to learn from 610 

them. In contrast, rewards received after decisions with lower confidence are relatively 611 

unexpected and could provide an opportunity to learn (Figure 3). Our results reveal that 612 

rodents and humans exhibit this form of learning (Figure 10). These results were robust 613 

across datasets despite major differences in the experimental details and sensory 614 

modalities, enabling us to isolate an elementary cognitive computation driving choice biases.  615 

Trial-by-trial transfer of choice updating across sensory modalities provides some evidence 616 

that this form of learning is driven by comparing the decision outcome with confidence-617 

dependent expectation and performing updating in the space of action values. Updating 618 

across trials with different modalities was relatively weaker compared to trials within the 619 

same sensory modality. This observation might point to the fact that in trial-by-trial learning 620 

animals follow a mixture of two strategies: one which updates values in the space of actions, 621 

and one that keeps track of stimulus identity and statistics across trials for such learning. 622 

The trade-off between these model-free and model-based trial-by-trial learning during 623 

perceptual decisions remains to be explored in future studies.  624 

What are the neuronal substrates of confidence-dependent choice updating? Several lines 625 

of evidence indicate that the dopaminergic system is centrally involved in this phenomenon. 626 

First, dopamine neuron responses during perceptual decisions quantitatively match 627 

confidence-dependent prediction errors in both monkeys and mice (Lak et al., 2017; Lak et 628 

al., 2020). Second, dopamine responses predict the magnitude of the psychometric choice 629 

bias in the subsequent trial (Lak et al., 2020). Third, manipulation of dopamine neurons 630 

biases psychometric curves in a trial-by-trial fashion (Lak et al., 2020). In addition, different 631 

frontal cortical regions, medial prefrontal cortex (Lak et al., 2020) and orbitofrontal cortex 632 

(Hirokawa et al., 2019) are also likely to contribute to confidence-guided choice updating 633 

strategies. 634 

Rewards induce choices bias in perceptual decisions 635 

There is mounting evidence that in perceptual decision making tasks, even though reward is 636 

only contingent on accurate judgment about the current sensory stimulus, choices can be 637 

influenced by previous trials across species (Abrahamyan et al., 2016; Akaishi et al., 2014; 638 

Akrami et al., 2018; Braun et al., 2018; Busse et al., 2011; Cho et al., 2002; Fan et al., 2018; 639 

Fischer and Whitney, 2014; Fritsche et al., 2017; Frund et al., 2014; Gold et al., 2008; 640 

Hwang et al., 2017; Lueckmann et al., 2018; Luu and Stocker, 2018; Marcos et al., 2013; 641 

Tsunada et al., 2019; Urai et al., 2017). Several such studies have shown that subjects 642 

might repeat the previously rewarded choice or avoid it after an unsuccessful trial, 643 

suggesting that basic forms of reward-based learning are at work even at asymptotic, 644 

steady-state perceptual performance. Given that these trial-history effects diminish the 645 

overall reward return, and are hence suboptimal, the question is why they persist even after 646 

subjects are well trained in the task? Our results showed a similar phenomenon across 647 

various datasets and species that produced choice bias in perceptual decisions after 648 
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rewarded decisions that were difficult and hence uncertain, consistent with recent reports 649 

(Mendonça et al., 2018; Lak et al., 2020). We show that these behavioral effects are 650 

normatively expected from various models that consider the uncertainty of stimulus states 651 

inherent in perceptual decisions. It is worth noting that the confidence-gauged learning 652 

described here requires observing the trial feedback, and it might thus differ from sequential 653 

choice effects in the absence of trial feedback both experimentally (Braun et al., 2018), and 654 

from a computational perspective (Glaze et al., 2015). Moreover, confidence-dependent 655 

learning differs from history-effects for highly discriminable stimuli, i.e. “priming of popout“ 656 

effect (Maljkovic and Nakayama, 1994). These suggest that there are various types of 657 

selection-history mechanism operating in the brain with distinct constraints and properties. 658 

Computational mechanisms of confidence-driven choices bias 659 

What classes of models can account for our behavioral observations? It is clear that a purely 660 

sensory-based model or a purely reward-based model cannot account for the data. One 661 

approach is to start with a reinforcement learning model and add a belief-state to account for 662 

stimulus-induced uncertainty (Lak et al., 2017; Lak et al., 2020). We show that this class of 663 

models provides teaching signal reflecting past confidence and accounts for the observed 664 

choice bias strategy. Alternatively, we also considered a statistical classifier model that on-665 

line adjusts the decision boundary in proportion to estimated classification success (Sollich, 666 

2002). We show that this Bayesian on-line support vector machine also accounts for the 667 

observed choice bias strategy. Similarly, Bayesian learning in drift-diffusion models of 668 

decision making also makes similar predictions about confidence-dependent choice biases 669 

(Drugowitsch et al., 2019). Thus, either a sensory-based classification model modified to 670 

produce statistically optimal adjustments based on on-line feedback, or a reward-based 671 

model modified to account for the ambiguity in stimulus states produce broadly similar 672 

confidence-dependent trial-to-trial choice biases. These models share one main 673 

computation: they adjust the degree of learning based on the statistical confidence in the 674 

accuracy of previous decisions. Therefore, the key features of our data can be accounted for 675 

by either reinforcement learning mechanisms or on-line statistical classifiers.  676 

These model classes can be distinguished chiefly on the basis of their respective decision 677 

variables: RL updates value, while classifiers update boundaries in sensory coordinates. 678 

Using a mixed sensory modality decision task test whether updating is based on action 679 

values or stimulus variables. Actions value updating, predicted by RL models, leads to the 680 

transfer of choice bias across decisions with mixed sensory modalities. Category boundary 681 

updating in sensory coordinates, predicted by classifier models, leads to updating solely 682 

across the same sensory modality. We found that choice bias transferred across sensory 683 

modalities, suggesting that updating occurs in the space of action values. However, across-684 

modality choice bias updating was weaker than within-modality updating, pointing to the 685 

possibility that animals update choices both based on stimulus statistics and action values. 686 

All correct trials are alike; each incorrect trial is incorrect in its own way 687 

When learning from outcomes, it is natural to consider not only correct choices but also what 688 

happens after incorrect choices. Surprisingly, we found that post-error behavioral effects 689 

were highly variable across subjects and data sets, unlike the post-correct choice updating 690 

we observed. 691 
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To paraphrase Leo Tolstoy’s famous opening sentence of the novel Anna Karenina: all 692 

correct trials are alike; each incorrect trial is incorrect in its own way. Correct perceptual 693 

performance requires appropriate processing and evaluation of the stimulus. In contrast 694 

there are many processes that can lead to incorrect performance without consideration of 695 

the stimulus, from inattention to lack of motivation to exploration. Indeed, in our behavioral 696 

data, the post-error behavioral effects were diverse, usually even within the same data set.  697 

We examined the RL model to gain insights into the possible origins of this post-error 698 

diversity. Note that the model’s qualitative predictions about post-correct trials are largely 699 

independent of model parameters. In contrast, the predictions of the model for post-error 700 

trials depend on parameter settings, in part based on the balance in the sources of decision 701 

noise. When stimulus-noise was dominant there was little post-error updating. However, 702 

when the model’s internal noise was high (e.g. large learning rate), it exhibited post-error 703 

updating. We found that individual subjects match these specific patterns but in fact the 704 

diversity in the data was greater, as expected, since the modeling framework does not take 705 

into account many relevant sources of decision noise, such as attentional lapses, lack of 706 

motivation or exploration, a multitude of processes that can all lead to errors. 707 

Identifying the origin of decision noise is critical for the appropriate interpretation of any 708 

psychometric decision task. In the signal detection theory-based psychometric framework 709 

negligible lapse rates and asymptotic psychometric slopes point to the interpretation that 710 

fluctuations in decisions are solely due to noise in perceptual processing. However, the 711 

ongoing learning mechanisms described here contribute to apparent fluctuations in the 712 

decisions, indicating that the contribution of sensory processing to decision noise may be 713 

often lower than previously thought (Zariwala et al., 2013). This ongoing learning might 714 

eventually go away after extended behavioral training yet we still observed signatures of this 715 

learning process in many subjects after 3-4 months of almost daily training.  716 

Consilience of perceptual and reward-guided decisions 717 

 718 
Choice biases in perceptual decisions are typically considered maladaptive and suboptimal 719 

because in laboratory experiments trials are often designed to be independent from each 720 

other and isolate the perceptual process under study (Britten et al., 1992; Hernandez et al., 721 

1997). Indeed, perceptual choice biases that are entirely stimulus-independent are 722 

suboptimal. However, the confidence-guided choice bias we examined could point to an 723 

underlying optimal choice strategy from various perspectives. First, this strategy is optimal 724 

when considering that the world can change, and hence the precise decision category 725 

boundary may not be stable over trials. In this situation, the outcome of decisions closer to 726 

the category boundary provide the most informative feedback as to where the category 727 

boundary should be set. Second, confidence-guided choice updating is optimal when 728 

considering that in natural environments external events can be temporally correlated. In 729 

such environments, when the evidence in favor of choice options is limited and hence there 730 

is uncertainty in decisions, it is beneficial to consider prior beliefs and the temporal statistics 731 

of events and adjust choices accordingly (Yu and Cohen, 2008). Thus, despite being 732 

suboptimal from the experimenter’s perspective, confidence-guided learning can be optimal 733 

in dynamic, real world situations, revealing that perceptual and reinforcement learning 734 

processes jointly contribute to many previously studied decision paradigms. 735 
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 858 

Methods 859 

Data analysis and psychometric fitting 860 

For the psychometric analysis, we calculated the percentage of choice as a function of 861 
sensory stimuli. We fitted these data with the psychometric function 𝜓(𝑠) = 𝜆 + (1 −862 
2𝜆)𝐹(𝑠; 𝜇, 𝜎) where 𝐹(𝑥) is a cumulative Gaussian. The parameters 𝜇 represents the mean 863 
of the Gaussian and define the side bias. The parameter 𝜎 determines the slope of the fitted 864 
curve. The parameter 𝜆 represents the lapse rate of the curve. We fitted this function via 865 
maximum likelihood estimation (Wichmann and Hill, 2001). 866 
 867 
We used the psychometric fits to evaluate whether the performance was substantially 868 
differed across days of testing in each subject. In addition, we computed conditional 869 
psychometric curves by computing the curves from a subset of trials, i.e. those that were 870 
preceded by specific stimulus level, action direction and outcome in the previous trial. We 871 
used the same function as above for fitting these conditional curves.  872 
 873 
Subtracting the average performance (for each level of stimulus) from performance in the 874 
conditional curves for the same level of stimulus provided an estimate of choice updating, 875 
i.e. the level of side bias for each stimulus (Figure 2). The size of these side biases was 876 
plotted in the heatmaps for each dataset.  877 
 878 
To isolate trial-by-trial updating independent of possible fluctuation in the choice bias, we 879 
estimated the slow side bias and subtracted it from the updating heatmaps (Figure 2, Figure 880 
2 Supplemental Figure 1e, Figure 3). This procedure involved computing conditional 881 
psychometric curves after a subset of trials (with specific stimulus, action and outcome) as 882 
well as computing the conditional curves prior to these trials, plotting heatmaps for both 883 
these sets of curves, and subtracting the later heatmap from the former heatmap (Figure 2 884 
Supplemental Figure 1e, Figure 3). 885 

Behavioral models 886 

TDRL model with stimulus belief state 887 

In order to examine the nature of choice updating during perceptual decision making, we 888 

adopted a reinforcement learning model which accommodate trial-by-trial estimates of 889 

perceptual uncertainty (Lak et al., 2017; Lak et al., 2020). In all our tasks, the subject can 890 

select one of two responses (often left vs right) to indicates its judgement about the stimulus 891 

(i.e. whether it belongs to category A or B, or left or right for simplicity). Knowing the state of 892 
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the trial (left or right) is only partially observable, and it depends on the quality of sensory 893 

evidence.   894 

In keeping with the standard psychophysical treatments of sensory noise, the model 895 

assumes that the internal estimate of the stimulus, �̂�, is normally distributed with constant 896 

variance around the true stimulus contrast: 𝑝(�̂�|𝑠) =  𝒩(�̂�; 𝑠, 𝜎2). In the Bayesian view, the 897 

observer’s belief about the stimulus 𝑠 is not limited to a single estimated value �̂�. Instead, �̂� 898 

parameterizes a belief distribution over all possible values of 𝑠 that are consistent with the 899 

sensory evidence. The optimal form for this belief distribution is given by Bayes rule: 900 

𝑝(𝑠|�̂�) =
𝑝(�̂�|𝑠). 𝑝(𝑠)

𝑝(�̂�)
 

We assume that the prior belief about 𝑠 is uniform, which implies that this optimal belief will 901 

also be Gaussian, with the same variance as the sensory noise distribution, and mean given 902 

by �̂�: 𝑝(𝑠|�̂�) =  𝒩(𝑠; �̂�, 𝜎2). From this, the agent computes a belief, i.e. the probability that the 903 

stimulus was indeed on the right side of the monitor, 𝑝𝑅 = 𝑝(𝑠 > 0 | �̂�), according to: 904 

𝑝𝑅(�̂�) = ∫ 𝑝(𝑠|�̂�)𝑑𝑠
∞

0

 

𝑝𝑅 represents the trial-by-trial probability of the stimulus being on the right side (and 905 

𝑝𝐿 = 1 − 𝑝𝑅 represents the probability of it being on the left). 906 

The expected values of the two choices L and R are computed as 𝑄𝐿 = 𝑝𝐿𝑉𝐿 and 𝑄𝑅 = 𝑝𝑅𝑉𝑅, 907 

where 𝑉𝐿 and 𝑉𝑅 represent the stored values of L and R actions. Over learning these values 908 

are converging to a quantity just below the true reward size available in correct choices 909 

(Figure 3; Supplemental Figure 1c). To choose between the two options, we used an 910 

argmax rule which selects the action with higher expected value deterministically. Using 911 

other decision functions such as softmax did not substantially change our results (Figure 3; 912 

Supplemental Figure 1a). The outcome of this is thus the choice c (L or R), its associated 913 

confidence 𝑝𝐶, and its predicted value 𝑄𝐶. 914 

 𝑄𝐶 = {
𝑄𝐿  𝑖𝑓 𝑐ℎ𝑜𝑖𝑐𝑒 = 𝐿
𝑄𝑅  𝑖𝑓 𝑐ℎ𝑜𝑖𝑐𝑒 = 𝑅

 

When the trial begins, the expected reward prior to any information about the stimulus is 915 

𝑉𝑡𝑟𝑖𝑎𝑙 𝑜𝑛𝑠𝑒𝑡 = (𝑉𝐿 + 𝑉𝑅) 2⁄ . Upon observing the stimulus and making a choice, the prediction 916 

error signal is:  𝑄𝐶 − 𝑉𝑡𝑟𝑖𝑎𝑙 𝑜𝑛𝑠𝑒𝑡. After receiving the reward, 𝑟, the reward prediction error is 917 

𝛿 = 𝑟 −  𝑄𝐶.  918 

Given this prediction error the value of the chosen action will be updated according to: 919 

𝑉𝐶 ← 𝑉𝐶 + 𝛼. 𝛿 

where 𝛼 is the learning rate. For simplicity, the model does not include temporal discounting. 920 

Parameter values used in Figure 3 are: 𝜎2=0.2 and 𝛼=0.5. Each agent received 500 trials 921 

per stimulus level (randomly presented to the model), and plots reflect averages across 922 

1000 agents. 923 

TDRL models without stimulus belief state 924 

The TDRL model without the belief state was largely similar to the model described above 925 

with one fundamental difference; computation of prediction error did not have access to the 926 

belief state used for choice computation. In other words, prediction errors are computed by 927 

comparing the outcome with the average value of chosen action, without consideration of 928 

the belief in the accuracy of that action.  929 
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Similar to the model above, the expected values of the two choices L and R are computed 930 

as 𝑄𝐿 = 𝑝𝐿𝑉𝐿 and 𝑄𝑅 = 𝑝𝑅𝑉𝑅, where 𝑉𝐿 and 𝑉𝑅 represent the stored values of L and R 931 

actions. Over learning these values are converging to the average value of reward received 932 

in the past trials, i.e. average performance in the task (Figure 3; Supplemental Figure 1c). To 933 

choose between the two options, we used an argmax rule which selects the action with 934 

higher expected value deterministically. The outcome of this is thus the choice (L or R), its 935 

associated confidence 𝑝𝐶, and its predicted value 𝑄𝐶. 936 

 𝑄𝐶 = {
𝑄𝐿  𝑖𝑓 𝑐ℎ𝑜𝑖𝑐𝑒 = 𝐿
𝑄𝑅  𝑖𝑓 𝑐ℎ𝑜𝑖𝑐𝑒 = 𝑅

 

After receiving the reward, 𝑟, the reward prediction error is 𝛿 = 𝑟 −  𝑉𝐶, where c is choice, as 937 

before. Given this prediction error the value of the chosen action will be updated according 938 

to: 939 

𝑉𝐶 ← 𝑉𝐶 + 𝛼. 𝛿 

Because  𝑉𝐶 does not reflect decision confidence, the prediction errors only reflect the 940 

presence or absence of reward, but are not modulated by the decision confidence (Figure 3; 941 

Supplemental Figure 1d). Thus, they drive learning based on past outcome but not past 942 

decision confidence. Note that prior to normalization, there is an apparent small tendency for 943 

this model to exhibit updating that depends on the difficulty of the previous choice (Figure 944 

3c, left). This reflect the correlation of stored values across trials and transient regimes in 945 

these stored values that make it more probable to achieve two consecutive correct same-946 

side difficult choice. However, after the normalization, the updating does not show any effect 947 

of previous difficulty, and merely reflects the presence or absence of reward in the previous 948 

trial (Figure 3c, right). 949 

An extended version of this model is the one that includes multiple states: i.e. one state for 950 

storing the average value of each stimulus level. In this model, reward prediction error can 951 

be computed in two ways: with or without access to the inferred state. The first scenario 952 

makes prediction errors independent of past difficulty. The second scenario has access to 953 

the inferred state and compares reward with the value of that state to produce confidence-954 

dependent prediction errors. However, since the updates only impact the current state there 955 

is no learning expected for different (nearby) stimuli. 956 

Modifications to include slowly drifting choice bias  957 

We modified the TDRL model without the belief state to include slowly drifting side bias 958 

(Figure 3d). The bias over trials was defined as the moving average (across 50 trials) of 959 

sin(𝑡 + 𝐴) + 𝐵, where A is the temporal noise over trials (drawn from a normal distribution, 960 

𝒩(0,1)), and B is the amplitude noise (drawn from a normal distribution, 𝒩(0,1)). On each 961 

trial, the bias (a negative or positive number), was added to 𝑄𝐿, and choice was made by 962 

comparing 𝑄𝐿 and 𝑄𝑅, as described before. This induced drift causes a strong correlation 963 

across trials that influence choices even when the current stimulus is easy. However, the 964 

normalization removes this correlation and the model shows an effect of past reward which 965 

is independent of the difficulty of the past stimulus. 966 

Modifications to include with win-stay-lose-switch strategy 967 

We incorporated a simple probabilistic win-stay-lose-switch strategy into the TDRL model 968 

without the stimulus belief state. To do so, in 10% of randomly chosen trial, the choice was 969 

determined by the choice and outcome of the previous trial, rather than comparing 𝑄𝐿 970 

and 𝑄𝑅. In these trials, the previous choice was repeated when the previous trial was 971 
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rewarded (win-stay), or the alternative choice was reported if the previous trial was not 972 

rewarded (lose-switch). 973 

On-line Bayesian support vector machine (SVM)  974 

 975 

The SVM algorithm finds the decision hyperplane that maximizes the margin between the 976 

data points belonging to two classes. The margin refers to the space around the 977 

classification boundary in which there is no data point, i.e. the largest minimal distance from 978 

any of the data points (Figure 4a). The data points falling on the margin are referred to as 979 

support vectors. 980 

 981 
Following the conventional form of a linear SVM, stimuli are represented as 𝑥𝑖 each 982 
representing the two odor components A and B, and 𝑦𝑖 ∈ {−1,1} corresponding to different 983 
class labels reflecting dominant odor A or B of the stimulus. The algorithm finds the 984 
hyperplane in this feature space that separate the stimuli. Assuming that the classification is 985 
determined by the following decision function 𝑓(𝑥) = 𝑠𝑖𝑔𝑛(𝑤𝑇. 𝜙(𝑥) + 𝑏), the classification 986 
hyperplane would be 𝑤. 𝑥 + 𝑏 =  0, where 𝑤 is a weight vector and 𝑏 is an offset. Thus, data 987 
point 𝑥 is assigned to the first class if 𝑓(𝑥)  =  𝑠𝑖𝑔𝑛(𝑤𝑇 . 𝜙(𝑥)  +  𝑏) equals +1 or to the 988 
second class if 𝑓(𝑥) equals −1. In the simplest form (linear separability and hard margin), it 989 
is possible to select two parallel hyperplanes that separate the two classes of data, the 990 
distance between these hyperplanes is 2/||𝑤||, and hence to maximize this distance, ||𝑤|| 991 
should be minimized. In a more general form, the weights 𝑤 can be found by minimizing the 992 
following equation subject to the SVM constraints (i.e. no data point within the margin): 993 
 994 

𝜆

2
||𝑤||2

2 + ∑ 1 − 𝑦𝑖𝑤𝑇𝑥𝑖

𝑖

 

 995 
Where 𝜆 is the optimization hyperparameter that determines the trade-off between increasing 996 
the margin size and ensuring that the 𝑥𝑖 lie on the correct side of the margin. The equation 997 
above thus ensures a tradeoff between classification errors and the level of separability.  998 
 999 
In the online active form, weights can be iteratively adjusted. In this form, 𝑤 is updated 1000 
iteratively according to  1001 

If 𝑦𝑤𝑇𝑥 < 1 1002 
𝑤 = 𝑤 + 𝛼(−𝜆𝑤 + 𝑦𝑥) 

else 1003 
𝑤 = 𝑤 −  𝛼𝜆𝑤 

 1004 
Where 𝛼 is a learning rate. In Bayesian SVMs the size of the margin for one data point is 1005 

proportional to the likelihood of that point belonging to a class given the classifier. Thus, the 1006 

posterior class probabilities, 𝑃(𝑦𝑖   =  +1 | 𝑥𝑖 , 𝐷), can be obtained by integrating over the 1007 

posterior distribution of 𝑤 and 𝑏 after appropriate normalization. This quantity is proportional 1008 

to the statistical decision confidence, i.e., an estimate of confidence about which odor 1009 

mixture component predominates (Figure 4b). In simulation presented in Figure 4, we used 1010 

𝛼 = 0.15 as the learning rate for updating of weight vector and the 𝜎2=0.25 for underlying 1011 

noise level of stimuli to be classified. Each agent received 500 trials per stimulus level 1012 

(randomly presented to the model), and plots reflect averages across 1000 agents. 1013 

Behavioral experiments 1014 

The experimental procedures were approved by Institutional committees at Cold Spring 1015 

Harbor Laboratory (for experiments on rats), MIT and Harvard University (for mice auditory 1016 
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experiments) and were in accordance with National Institute of Health standards (project ID: 1017 

18-14-11-08-1). Experiments on mice visual decisions were approved by the home Office of 1018 

the United Kingdom (license 70/8021). Experiments in humans were approved by the ethics 1019 

committee at the University of Amsterdam (project ID: 2014-BC-3376). 1020 

 Rat olfactory experiment 1021 

The apparatus and task have been described previously (Hirokawa et al., 2019; Kepecs et 1022 

al., 2008; Uchida and Mainen, 2003). The apparatus was controlled using PulsePal and 1023 

Bpod (Sanders and Kepecs, 2014) or with the BControl system 1024 

(https://brodylabwiki.princeton.edu/bcontrol/index.php?title=Main_Page). Rats self-initiated 1025 

each experimental trial by introducing their snout into the central port where odor was 1026 

delivered. After a variable delay, drawn from a uniform random distribution of 0.2–0.5 s, a 1027 

binary mixture of two pure odorants, S(+)-2-octanol and R()-2-octanol, was delivered at one 1028 

of six concentration ratios (80:20, 65:35, 55:45, 45:55, 35:65, 20:80) in pseudorandom order 1029 

within a session. In some animals we also used ratios of 100:0 and 0:100. After a variable 1030 

odor sampling time up to 0.7s, rats responded by withdrawing from the central port, and 1031 

moved to the left or right choice port. Choices were rewarded with 0.025 ml of water 1032 

delivered from stainless tube inside of the choice port according to the dominant component 1033 

of the mixture, that is, at the left port for mixtures A/B > 50/50 and at the right port for A/B < 1034 

50/50. The task training for these data and other dataset presented here focused on 1035 

achieving high accuracy and did not specifically promote the confidence-dependent choice 1036 

bias we have observed. 1037 

Rat auditory experiment 1038 

Rats self-initiated each trial by entering the central stimulus port. After a random delay of 1039 

0.2–0.4s, auditory stimuli were presented. Rats had to determine the side with the higher 1040 

number of clicks in binaural streams of clicks (Brunton et al., 2013; Sanders et al., 2016; 1041 

Sanders and Kepecs, 2012). Auditory stimuli were Poisson-distributed click trains played 1042 

binaurally at the two speakers placed outside of the behavioral box for a fixed time of 0.25 s. 1043 

For each rat, we chose a maximum click rate according to the performance of the animal, 1044 

typically 50 clicks/s. This maximum click rate was fixed for each animal. For each trial, we 1045 

randomly chose a delta click rate between left and right from a uniform distribution between 1046 

0 and maximum click rate. The sum of the left and right click rate was kept constant at 1047 

maximum click rate. Rats indicated their choice by exiting the stimulus port and entering one 1048 

of two choice ports (left or right) with a maximum response time of 3 s after leaving the 1049 

stimulus port. Choices were rewarded according the higher number of clicks presented 1050 

between the left and right click train. Exiting the stimulus port during the pre-stimulus delay 1051 

or during the stimulus time (first 0.25 s) were followed by a white noise and a time out of 3–1052 

7 s. 1053 

Rat randomly-interleaved auditory-olfactory experiment 1054 

Rats self-initiated each trial by entering the central stimulus port. After a random delay of 1055 

0.2–0.4s, either an olfactory or auditory stimulus was presented (randomly interleaved). For 1056 

olfactory stimuli, rats had to determine the dominant odor of a mix of pure odorants +2-1057 

octanol and –2-octanol. Odor stimuli were delivered for at least 0.35 s or until the rat left the 1058 

center port (max. 3 s). Odor mixtures were fixed at 7 concentration ratios, which we adjusted 1059 

to match the performance levels for each mixture ratio across animals, as described above 1060 

in the rat olfactory experiment. One of the stimuli was a 50/50 ratio stimulus for which correct 1061 

side is randomly assigned and those trials were removed from the analysis. After a variable 1062 

https://brodylabwiki.princeton.edu/bcontrol/index.php?title=Main_Page
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odor sampling time, rats exited the stimulus port, which terminated odor delivery, and 1063 

indicated their choice by entering one of two choice ports (left or right) with a maximum 1064 

response time of 3 s after leaving the stimulus port. Choices were rewarded according to the 1065 

dominant odor component in the mixture. For auditory stimuli, rats had to determine the side 1066 

with the higher number of clicks in binaural streams of clicks. Auditory stimuli were random 1067 

Poisson-distributed click trains played binaurally at the two speakers placed outside of the 1068 

behavioral box for a fixed time of 0.25 s, as described above for the rat auditory experiment. 1069 

Exiting the stimulus port during the pre-stimulus delay or during the stimulus time (first 0.35 s 1070 

for olfactory trials) were followed by a white noise and a time out of 3–7 s. Choices were 1071 

rewarded according the higher number of clicks presented between the left and right click 1072 

train. Reward timing was sampled from a truncated exponential distribution: minimum 1073 

reward delay was 0.6s, maximum delay 8s and decay tine constant of 1.5s.   1074 

Mouse auditory experiment 1075 

Mice were water restricted for a week (administered 1.2ml of water in a single session per 1076 

day), handled for two days and then gradually shaped for 5-7 sessions to the contingencies 1077 

of a two-alternative choice paradigm and subsequently trained to discriminate two complex 1078 

stimuli before introducing 6 morphs of those stimuli. Trials were self-initiated upon the 1079 

breaking of an infrared beam by a nose poke into the center port of three adjacent ports. 1080 

Once mice remain in the center port over 0.2 s, mice were presented with one of two 1081 

complex tones, following a 0.2-0.5 s delay (uniformly distributed). Auditory cues were 1082 

presented until the mouse exited the center port. If a mouse entered the correct side port 1083 

within 4 seconds, a 4 µl water drop was delivered from gravity-fed reservoirs regulated by 1084 

solenoid valves. Trials in which mice did not remain in the center port long enough to elicit a 1085 

cue were not considered valid trials and are not represented in our analyses. During the 1086 

training period only, error trials were followed by a progressively increasing 3-10 second 1087 

timeout in order to prevent rapid guessing. During initial training of the task, two complex 1088 

tones were used for training. These are comprised of 3 tones centered on 3kHz and 3 tones 1089 

centered on 7.5kHz, all components share base frequency of 1.5kHz. These two training 1090 

tones are described as 0 and 100 (%A) stimuli respectively. In the perceptual decision-1091 

making task, each of the 36 complex tones varied in the balance of 6 components of Tones 1092 

A and B. To vary discrimination difficulty, we varied the amplitude ratio of the two spectral 1093 

peaks (3 kHz and 7.5 kHz). Morph tones comprised six sets of auditory stimuli described 1094 

here as percentages of a high and low frequency complex tone, morph A and morph B, 1095 

respectively. Each of six sets is comprised of six similar stimuli with percentages in terms of 1096 

morph A of 5-10, 25-30, 35-40, 60-65, 70-75, 90-95. We thereby challenged mice with a 1097 

variety of 36 stimuli, and were able to pool members of each stimulus set for the analysis. 1098 

Stimuli were delivered through generic electromagnetic dynamic speakers located on each 1099 

side of the behavior chamber. 1100 

Mouse visual experiment 1101 

Mice were trained in a 2-alternative forced choice visual detection task (Burgess et al., 1102 

2017). After mouse kept the wheel still for at least 0.5 s, a sinusoidal grating stimulus of 1103 

varying contrast appeared on either the left or right monitor, together with a brief tone (0.1 s, 1104 

12 kHz) indicating that the trial had started. The mouse could immediately report its decision 1105 

by turning the wheel located underneath its forepaws. Wheel movements drove the stimulus 1106 

on the monitor, and a reward was delivered if the stimulus reached the center of the middle 1107 

monitor (a successful trial), but a 2s white noise was played if the stimulus reached the 1108 

center of the either left or right monitors (an error trial). The inter trial interval was set to 3 s. 1109 
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As previously reported, well-trained mice often reported their decisions using fast 1110 

stereotypical wheel movements (Burgess et al., 2017). After 2-3 weeks of training, the task 1111 

typically included 6 or 7 levels of contrast (3 on the left, 3 on the right) which were presented 1112 

in a random order across trials with equal probability.  1113 

Human visual experiment 1114 

The experiments are described in detail in (Urai et al., 2017). Observers performed a two-1115 

interval forced choice motion coherence discrimination task at constant luminance. 1116 

Specifically, observers judged the difference in motion coherence between two 1117 

successively presented random dot kinematograms (RDKs): a constant reference 1118 

stimulus (70% motion coherence) and a test stimulus (varying motion coherence levels 1119 

specified below). A beep indicated the onset of each (test and reference) stimulus. The 1120 

intervals before, in between, and after (until the inter-trial interval) these two task-relevant 1121 

stimuli had variable duration and contained randomly moving dots. After offset of the test 1122 

stimulus, observers had 3 s to report their judgment (button press with left or right index 1123 

finger, counterbalanced across observers). After a variable interval (1.5–2.5 s), a 1124 

feedback tone was played. Dot motion was stopped 2–2.5 s after feedback, with 1125 

stationary dots indicating the inter-trial interval, during which observers were allowed to 1126 

blink their eyes. Observers self-initiated the next trial by button press. The difference 1127 

between motion coherence of test and reference was taken from three sets: easy (2.5, 5, 1128 

10, 20, 30), medium (1.25, 2.5, 5, 10, 30) and hard (0.625, 1.25, 2.5, 5, 20). All observers 1129 

started with the easy set and were switched to the medium set when their psychophysical 1130 

thresholds (70% accuracy) dropped below 15%, and to the hard set when thresholds 1131 

dropped below 10%, in a given session. Motion coherence differences were randomly 1132 

shuffled within each block.   1133 
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Supplemental Figures 1134 

 1135 

 1136 
 1137 

Figure 1, Supplemental Figure 1: Left: Performance of population of rats (n=16) computed from trials in which the 1138 
previous stimulus was difficult (45% odor A, 55% odor B), separated based on whether the previous choice was 1139 
rewarded (correct) or unrewarded (error). Right: Performance of population of rats (n=16) computed from trials in 1140 
which the previous stimulus was easy (20% odor A, 80% odor B), separated based on whether the previous 1141 
choice was rewarded (correct) or unrewarded (error). 1142 
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 1143 

Figure 2, Supplemental Figure 1: a,b) A simple signal detection theory-based simulation with a fixed decision 1144 
boundary. In this model, stimuli are drawn from a normal distribution and are compared to a decision boundary 1145 
(50%) for choice computation. This model generates psychometric curves that are not depending on the previous 1146 
trial (left panel in a) and hence no updating is observed (middle and right panel in a). Our normalization 1147 
(explained in e) does not influence updating in this model, as shown in b. c,d) A signal detection theory-based 1148 
simulation using a slowly drifting decision boundary. Psychometric curves appear to depend on the previous trial 1149 
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(left panel in c), resulting in apparent updating effect (middle and right panels in c). However, this effect is 1150 
removed after applying our normalization as shown in d. e) The normalization procedure for isolating trial-by-trial 1151 
updating. Upper row middle panel shows the performance for two levels of stimuli (48 and 52%) which were both 1152 
rewarded, hence the delta function. Upper row left panel shows the psychometric curves separately for trials 1153 
followed by 48% or 52% stimuli. Any separation between these curves indicates a side bias which extend beyond 1154 
a single trial. Upper right panel shows psychometric curves separately computed based on whether the stimulus 1155 
in t-1 was 48 or 52%. The full conditional psychometric curves in trial t-1 and trial t were used to compute 1156 
heatmaps. The heatmap of t-1 was subtracted from the heatmap of t+1 to compute normalized trial-by-trial 1157 
updating.     1158 

 1159 

Figure 3, Supplemental Figure 1: a) Confidence-dependent TDRL model which uses a softmax for computing 1160 
choice produces confidence-dependent updating similar to the model run that uses argmax for choice 1161 
computation. b) Confidence-dependent choice updating is stronger after two rewarded difficult trials (left), 1162 
consistent with the model predictions (right). Left panel shows the absolute size of choice updating computed 1163 
after one rewarded difficult choice (black) and after two rewarded difficult choices to the same choice side (light 1164 
red). Right panel shows the size of updating after one reward and two rewarded difficult choices.   c) The stored 1165 
values of actions converge to different quantities in the confidence-dependent model and the MDP TDRL model. 1166 
The stored value of left actions averaged over 1000 model runs are shown (the results would be same for the 1167 
right actions). In both models the size of delivered reward in correct trials was 1. d) The difference in the 1168 
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prediction errors of the confidence-dependent model and the MDP TDRL model. The prediction errors in the 1169 
confidence-dependent model results in choice updating in the next trial. 1170 

 1171 

Figure 9, Supplemental Figure 1: Choice-updating in rats performing a task in which the modality of sensory 1172 
stimulus in different trials is either auditory or olfactory. See Figure 10 for the definition of Updating Index. 1173 

 1174 
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