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Abstract (250 words max.) 31 
The lateral prefrontal cortex (LPFC) plays a central role in the prioritization of sensory input based 32 
on task-relevance. Such top-down control of perception is of fundamental importance in goal-33 
directed behavior, but can also be costly when deployed excessively, necessitating a mechanism 34 
that regulates control engagement to align it with changing environmental demands. We have 35 
recently introduced the “flexible control model,” which explains this regulation as resulting from 36 
a self-adjusting reinforcement-learning mechanism that infers latent statistical structure in 37 
dynamic task environments to predict forthcoming states. From this perspective, LPFC-based 38 
control is engaged as a function of anticipated perceptual demand, a notion for which we 39 
previously obtained correlative neuroimaging evidence. Here, we put this hypothesis to a 40 
rigorous, causal test by combining the flexible control model with a transcranial magnetic 41 
stimulation (TMS) intervention that transiently perturbed the LPFC. Human participants (male and 42 
female) completed a non-stationary version of the Stroop task with dynamically changing 43 
probabilities of conflict between task-relevant and task-irrelevant stimulus features. TMS was 44 
given on each trial prior to stimulus onset, either over the LPFC or over a control site. In the control 45 
condition, we observed adaptive performance fluctuations, consistent with demand predictions 46 
that were inferred from recent and remote trial history, and effectively captured by our model. 47 
Critically, TMS over the LPFC eliminated these fluctuations, while leaving basic cognitive and 48 
motor functions intact.  These results provide causal evidence for a learning-based account of 49 
cognitive control, and delineate the nature of the signals that regulate top-down biases over 50 
stimulus processing.  51 
 52 
 53 
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Significance Statement (120 words max.) 54 
A core function of the human prefrontal cortex is to control the signal flow in sensory brain regions 55 
to prioritize processing of task-relevant information. Abundant work suggests that such control is 56 
flexibly recruited to accommodate dynamically changing environmental demands, yet the nature 57 
of the signals that serve to engage control remains unknown. Here, we combined computational 58 
modeling with non-invasive brain stimulation to show that changes in control engagement are 59 
captured by a self-adjusting reinforcement-learning mechanism that tracks changing 60 
environmental statistics to predict forthcoming processing demands; and that transient 61 
perturbation of the prefrontal cortex abolishes these adjustments. These findings delineate the 62 
learning signals that underpin adaptive engagement of prefrontal control functions, and provide 63 
causal evidence for their relevance in behavioral control. 64 
 65 
 66 
 67 
 68 
 69 
 70 
 71 
 72 
 73 
 74 
 75 
 76 
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Introduction (650 words max.) 77 
The prefrontal cortex is known to play a vital role in cognitive control (Miller & Cohen, 2001).  In 78 
particular the lateral prefrontal cortex (LPFC) is commonly conceived as a source of top-down 79 
signals that amplify the processing of task-relevant information in posterior cortices to support 80 
focused and distractor-resistant cognition (Egner & Hirsch, 2005; Zanto et al., 2011). Importantly, 81 
however, although such control signals are of fundamental importance in the pursuit of goals, 82 
their excessive deployment can also be costly, e.g., as it can hinder the discovery of unattended 83 
but valuable information (Bocanegra & Hommel, 2014, Schuck et al., 2015). Adaptive cognition 84 
therefore requires a careful regulation of LPFC-based control to align it with fluctuating levels of 85 
environmental demand (Amer et al., 2016; Shenhav et al., in press).  86 

Empirically, such regulation can be witnessed in classic selective attention interference 87 
tasks, e.g., the Stroop or Flanker protocols, where participants typically enhance their attentional 88 
focus on task-relevant stimulus features in response to conflict induced by incongruent task-89 
irrelevant features (Gratton et al., 1992; Botvinick et al., 2001). Intriguingly, such adaptation 90 
reflects both short-term (phasic) and long-term (tonic) trial history, suggesting that the brain 91 
effectively synthesizes conflict experiences over different time scales to establish optimal levels 92 
of cognitive focus (Egner, 2014; Torres-Quesada et al., 2013).  93 

We have recently shown that both types of adaptation are captured by a single 94 
reinforcement-learning mechanism that minimizes the mismatch (“prediction error”) between 95 
exerted and required levels of control (Jiang et al., 2014; 2015). The integration of recent and 96 
remote conflict experiences is realized via a flexible, self-adjusting learning rate that changes 97 
based on the inferred volatility of the task environment (see Behrens et al., 2007). In stable 98 
environments, the learning rate is low so that predictions are based on a large trial history and 99 
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the effect of occasional noise is minimal. By contrast, in volatile environments, the learning rate 100 
rises to ensure that predictions are based only on the recent trial history, while discarding older, 101 
outdated evidence. This “flexible control model” captures phasic and tonic adaptation in non-102 
stationary tasks where conflict probabilities change dynamically within runs (Jiang et al., 2014). 103 
Moreover, by combining the model with neuroimaging, we could reveal that changes in the 104 
model’s learning rate and predicted control demand were encoded in the anterior insula and 105 
dorsal striatum, respectively. LPFC activity, on the other hand, tracked the extent to which striatal 106 
control predictions were used to adjust performance (Jiang et al., 2015). 107 

Collectively, these findings suggest that the regulation of prefrontal top-down control is 108 
guided by a learning mechanism that infers changing environmental statistics to predict a task’s 109 
forthcoming perceptual demand (see also Botvinick et al., 2001, Shenhav et al., 2013). Here, we 110 
aimed to put this hypothesis to a stringent, causal test by combining the flexible control model 111 
with a transcranial magnetic stimulation (TMS) intervention that transiently perturbed the LPFC 112 
during task performance. This setup created a powerful and novel window to study how the 113 
LPFC’s role in performance changes due to learning.  114 

Previous research has focused primarily on modulations of LPFC activity based on phasic 115 
(Egner & Hirsch, 2005; Kerns et al., 2004; MacDonald et al., 2000) and/or tonic changes in control 116 
demand (Braver et al., 2003; Carter et al., 2000; De Baene & Brass, 2013). Although informative, 117 
these approaches can neither reveal the nature of the learning signals that drive control 118 
engagement, nor establish a causal link between changing levels of LPFC activation and 119 
performance. Our model-based approach to TMS permitted us to overcome these limitations by 120 
formulating an explicit learning mechanism (via the model) and directly probing the LPFC’s causal 121 
role in the task (via TMS). To the extent that model-based predictions of control demand reflect 122 
varying levels of LPFC engagement, we expected them to capture fluctuations in the disruptive 123 
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effects of TMS over time, thereby providing causal evidence for learning-dependent LPFC 124 
engagement. 125 
 126 
Materials and methods 127 
Participants 128 
Thirty-six healthy adults (9 male, mean age = 27.1, range = 18-45) were invited to participate in 129 
the study, which consisted of two experimental sessions taking place on separate days. 130 
Participants were recruited from a local database of former fMRI study participants, and all had 131 
normal or corrected-to-normal visual acuity. Prior to participation, they were screened 132 
extensively for the presence of TMS contraindications (based on guidelines by Rossi et al., 2009). 133 
Moreover, each participant’s tolerance to the TMS intervention was tested at the start of the first 134 
session (see section below for details on TMS parameters). In the course of this procedure, seven 135 
participants withdrew from further participation, due to unpleasant side effects of the stimulation 136 
(e.g., twitches of jaw or eye muscles). Two further participants had to terminate the study 137 
prematurely, one due to difficulty with positioning of the TMS coil, and the other one due to 138 
technical failure in response collection during the first session. Thus, the final sample consisted of 139 
27 participants (6 male, mean age = 27.2, range = 18-39). Approval for all procedures was obtained 140 
from the Duke University Health System Institutional Review Board, and participants gave written 141 
informed consent prior to each experimental session.  142 
 143 
Apparatus and stimuli 144 
Stimulus presentation and response collection was controlled via Psychtoolbox in Matlab on a 145 
Laptop that was placed at a distance of approximately 50 cm from participants. Responses were 146 
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collected with the ‘Z’ and ‘N’ keys of a QWERTY keyboard that was placed on the participants’ lap. 147 
Stimuli consisted of a set of 24 grey-scale photographs of faces (12 female, and 12 male, taken 148 
from the Cohn-Kanade face image database) of neutral expression that were overlaid with gender 149 
word labels (i.e., the words ‘man’, ‘woman’, ‘male’, ‘female’), printed in red font either in lower 150 
case letters or in upper case letters. Compound face-word stimuli were presented centrally on a 151 
grey screen (RGB values = 100, 100, 100), subtending approximately 4.6 x 5.7° visual angle. 152 
Between trials, a central fixation cross was shown (2.3 x 2.3°) in either white or red font (see next 153 
section for details).  154 
 155 
Experimental Task 156 
The experimental task required participants to categorize the compound face-word stimuli based 157 
on the gender of the face via button press, while ignoring the gender of the overlaid word. Each 158 
target was paired with each distracter, so that the gender of the face and the word could either 159 
correspond (congruent trials) or diverge (incongruent trials). Trials started with the presentation 160 
of a white crosshair for a randomly jittered duration taken from a uniform distribution of either 161 
3000, 4000, or 5000 ms. Thereafter, a warning period was inserted, during which a red crosshair 162 
was shown for 500 ms, followed by a face-word target stimulus. Targets were shown for 250 ms 163 
and then replaced by a white crosshair, while responses were recorded for a duration of 2000 ms 164 
following target onset until the next trial started (see Fig. 1 for an illustration).  165 

Both experimental sessions began with a brief practice block of 12 trials, in which 166 
performance feedback was presented centrally on the screen for 500 ms immediately after each 167 
response. Subsequently, participants worked through six runs of the task, each of which contained 168 
96 trials. The first two runs served as behavioral training and did not entail TMS. The final four 169 
runs were the experimental blocks of interest and were completed with concurrent TMS (see 170 
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section below for details). During the initial 16 trials of each run, half of the trials were congruent 171 
and the other half incongruent. These trials served as a “burn-in” period to establish equivalent 172 
and neutral (0.5) expectations of conflict across runs and participants. During the subsequent 80 173 
trials, the probability of incongruent trials was varied in four phases of 20 trials with alternating 174 
probabilities of 0.2 (low proportion conflict) and 0.8 (high proportion conflict). This volatility 175 
served to encourage continuous learning of changing control-demand throughout the 176 
experiment. The sequence of low and high conflict phases was counterbalanced across runs and 177 
participants (see Fig. 1 for illustration). Stimulus presentation was random with the two 178 
constraints that face identities never repeated across consecutive trials, and that distracter words 179 
always alternated from trial to trial between words with lower and upper case letters. These 180 
constraints served to circumvent priming effects based on low-level stimulus feature repetitions 181 
(Mayr et al., 2003) 182 
 183 
------------------------------------------------ Figure 1 about here --------------------------------------------------- 184 
 185 
TMS protocol 186 
The two experimental sessions involved identical procedures, except that TMS was applied over 187 
different target sites. TMS pulses were delivered with a Magstim Rapid2 stimulator via a Double 188 
70 mm Air Film Coil. The navigation of the coil was guided by a frameless stereotaxic 189 
neuronavigation system (Brainsight) that located target sites onto individual anatomical MR 190 
images (see Fig. 2). Target sites were selected based on anatomical criteria. One site was located 191 
in the left lateral prefrontal cortex (LPFC) and was localized at the posterior end of the left inferior 192 
frontal sulcus (average coordinate in MNI space: 35, 12, 24). Previous work has shown that this 193 
region is robustly activated by conflict in the Stroop task (Derrfuss et al., 2005; 2009), damage to 194 
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this region is associated with enhanced performance costs of conflict (Gläscher et al., 2012; 195 
Schroeter et al., 2012), and we previously observed that its activity scales parametrically with 196 
behavioral adjustments, due to learned control predictions (Jiang et al., 2015). Accordingly, this 197 
region is a likely candidate for the translation of conflict anticipation into cognitive control over 198 
stimulus processing. The other target site was located in the secondary somatosensory cortex, 199 
and was localized by placing the coil on the inter-hemispheric midline and moving it beyond the 200 
central sulcus (average coordinate in MNI space: 0, -33, 57). This region is not implicated in 201 
cognitive control, and TMS over this site was used as a control condition for non-specific effects 202 
of TMS such as the discharge sound or the somatosensory sensation of the pulses (see also Clerget 203 
et al., 2013; Muhle-Karbe et al., 2014).  204 

During the TMS runs, five pulses were delivered on each trial at a frequency of 10 Hz and 205 
an intensity corresponding to 60% of the maximum stimulator output. TMS trains started with the 206 
onset of the warning signal and ended 100 ms prior to the onset of the target stimulus. The 207 
rationale for this timing was to impact preparatory top-down control mechanisms, while leaving 208 
basic perceptual and motor processes unaffected. All parameters were modeled closely after one 209 
of our previous studies, in which a very similar protocol proved effective in disrupting control 210 
functions of the LPFC during context-based decision-making (Muhle-Karbe et al., 2014). Of note, 211 
we chose not to calibrate TMS intensities based on participants’ resting motor thresholds because 212 
the excitability of the primary motor cortex does not provide a reliable index for cortical 213 
excitability elsewhere in the brain (Antal et al., 2004; Stewart et al., 2001), and we considered a 214 
fixed stimulation intensity to provide a less arbitrary criterion (see D’Ardenne et al., 2012).  215 
------------------------------------------------ Figure 2 about here --------------------------------------------------- 216 
Statistical analyses 217 
General linear model (GLM) analyses 218 
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In the first set of analyses, we aimed to measure the effects of TMS over the two target regions 219 
on global indices of phasic and tonic conflict adaptation that are commonly employed in the 220 
literature. Next to reaction time (RT) and error rates, we also computed inverse efficiency scores 221 
(IES) for each design cell by dividing the respective RTs by the corresponding percentage of correct 222 
responses (Townsend & Ashby, 1983). IES serve to integrate speed and accuracy into a single index 223 
and were used to maximize the power of our analyses. The effects of TMS on phasic adaptation 224 
were analyzed in 2 (current trial congruency) x 2 (previous trial congruency) x 2 (TMS site) 225 
repeated-measures ANOVAs, separately for each performance index. The effects of TMS on tonic 226 
adaptation were analyzed via 2 (current trial congruency) x 2 (proportion conflict) x 2 (TMS site) 227 
repeated-measures ANOVAs. Significant interaction terms were unpacked via planned paired-228 
samples t-tests. Phasic adaptation should be reflected in a significant interaction between the 229 
factors ‘current trial congruency’ and ‘previous trial congruency,’ also known as conflict 230 
adaptation effect (Botvinick et al., 2001; Gratton et al, 1992). Tonic adaptation should be reflected 231 
in a significant interaction between the factors ‘current trial congruency’ and ‘proportion conflict,’ 232 
also known as proportion congruency effect (Bugg & Crump, 2012). An influence of the TMS 233 
intervention on either form of adaptation should be reflected in a significant three-way 234 
interaction term. Note that only trials from TMS runs after the burn-in phase were subjected to 235 
all analyses, as only those trials could be meaningfully analyzed in terms of TMS sites and 236 
proportion congruency. Moreover, error trials, trials subsequent to errors, and outlier trials (i.e., 237 
trials with RTs deviating more than two standard deviations from the grand median of the 238 
respective session) were removed from all RT-analyses. We conducted two additional follow-up 239 
analyses to evaluate the robustness of obtained effects. First, to judge the impact of our data-240 
trimming procedure, we also compared adaptation scores between TMS sites with data in which 241 
outliers were identified based on the pooled standard deviations across both sessions. Second, to 242 
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attenuate the impact of extreme participant values, we also conducted non-parametric 243 
comparisons using the Wilcoxon rank sum test to evaluate if significant differences between TMS 244 
sites. 245 
 246 
Response hand analyses 247 
We performed another set of validation analyses to ascertain the nature of TMS-induced changes 248 
in behavioral adaptation. These analyses compared adaptation effects between the left and right 249 
response hand to evaluate the possibility that behavioral effects of TMS over the LPFC were due 250 
to spread of the induced currents to the adjacent premotor cortex. In that case, TMS-induced 251 
performance modulation should be stronger with right-hand responses, due to the target site in 252 
the left hemisphere. We evaluated this possibility by including the additional factor response hand 253 
in the foregoing ANOVAs as well as by comparing adaptation scores directly between left-hand 254 
and right-hand responses.  255 
 256 
Model-based analyses: rationale 257 
The traditional behavioral indices of phasic and tonic adaptation, described above, reflect rather 258 
static measures of adaptation that conceive of participants as relying either exclusively on a very 259 
long-term (block-wise) or a very short-term (previous trial) trial history to adjust top-down 260 
control.  In dynamic task environments, however, control engagement is likely more flexible, 261 
taking into account a variable trial history, based on the inferred rate of change (volatility) of the 262 
environment (see Behrens et al., 2007).  The flexible control model (Jiang et al., 2014; 2015) seeks 263 
to account for this flexibility by estimating the optimal way of combining recent and remote trial 264 
history on each trial in order to determine the predicted conflict level (i.e., the probability of 265 
encountering an incongruent trial). In the central part of our analyses, we applied this model to 266 
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directly evaluate our hypothesis that phasic and tonic adaptation are both expressions of this 267 
common learning mechanism that determines the relative engagement of LPFC-based top-down 268 
control.  269 

The model’s architecture has been described in detail previously (see Jiang et al., 2014; 270 
2015) and is therefore only briefly summarized here (see Fig. 1 for illustration). Overall, the flexible 271 
control model consists of 3 key variables: the adaptive learning rate (α), the predicted conflict 272 
level (p), and the observed trial congruency (o). The model takes trial-by-trial congruency as input 273 
and infers trial-wise states of the first two variables as output. In its implementation, the model 274 
tracks a joint probabilistic distribution of the learning rate and the predicted conflict level. At the 275 
beginning of each trial, i.e., before congruency is observed, this joint distribution is smoothed 276 
using a beta distribution to account for the approximated nature of the model predictions (see 277 
Jiang et al., 2015 for details). The predicted conflict level is then updated based on a 278 
reinforcement learning rule (i.e., p ← p + α(o – p)). The marginal mean of α and p serve as 279 
estimates of learning rate and predicted conflict level on the current trial, respectively. After 280 
congruency is observed, the joint distribution is updated via Bayes’ rule. The updated joint 281 
distribution is then used to simulate the next trial.  282 

To directly link the model to behavior, a continuous variable of “control prediction error” 283 
(CPE) is computed, which is defined as the trial-wise discrepancy between the predicted (p) and 284 
observed conflict level (o). Similar to other accounts of behavioral adaptation (e.g., Botvinick et 285 
al., 2001), the flexible control model assumes that a mismatch between anticipated and actual 286 
control demand leads to less efficient task information processing and thus to slower and less 287 
accurate performance. Within the model, the amount of mismatch is reflected in the CPE variable. 288 
To underscore the virtue of this model architecture with a flexible learning rate, we have 289 
previously demonstrated that it can simultaneously account for tonic and phasic adaptation 290 



Learning-dependent cognitive control   

 13 

effects (Jiang et al., 2014), and that it outperforms traditional models that rely on fixed learning 291 
rates, even when the latter are optimized post hoc, i.e., after the whole trial sequence has been 292 
observed, rather than “on the fly” as in the flexible control model (Jiang et al., 2014, 2015). Note 293 
that in one of our recent studies the outlined architecture was amended by a RT variable that was 294 
used, in addition to the observed trial congruency, to update the model’s latent variables and to 295 
reveal individual differences in learning-based control engagement (see Jiang et al., 2015). Here, 296 
we chose not to include this variable, as we focused on average TMS-induced changes in 297 
behavioral adaptation between the two sessions with different TMS target sites. Potential 298 
individual differences in adaptation were accounted for by our within-subjects design. Moreover, 299 
we expected prefrontal TMS to interfere with behavioral adaptation based on predicted control 300 
demand (see below). Hence including an RT variable would add noise selectively to the model 301 
estimation in the LPFC TMS session thus biasing the comparison of latent model states. 302 

When mapping the core components of the flexible control model onto the brain via 303 
model-based fMRI, we previously observed a segregation between brain regions involved in the 304 
learning of the predicted control level (anterior insula and caudate nucleus) and those involved in 305 
implementing cognitive control based on model predictions (anterior cingulate cortex and LPFC). 306 
For the latter, we observed that individuals who exhibited a stronger neural representation of 307 
predicted conflict level in the LPFC also displayed a stronger correlation between CPE scores and 308 
response speed (Jiang et al., 2015). This suggests that the level of predicted conflict serves as a 309 
signal that engages LPFC-based top-down control in anticipation of the forthcoming trial. 310 
Critically, this negative correlation between CPE and behavioral performance relies on proactive 311 
control being guided by the predicted conflict level. As a consequence, we expected that 312 
disrupting the LPFC via TMS prior to stimulus onset would perturb the modulation of predicted 313 
conflict level on control, thereby diminishing the correlation between CPE and performance.  314 
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 315 
Model comparison 316 
Prior to evaluating the outcomes of the TMS intervention on model-based performance indices, 317 
we sought to replicate our previous findings that the flexible control model captures performance 318 
variability that cannot be accounted for by phasic and tonic adaptation effects alone. Moreover, 319 
we also examined whether the performance variability captured by the flexible control model 320 
could be accounted for by the (weighted) sum of these two effects and/or their interaction. To 321 
this end, we conducted a formal model comparison, using the behavioral data from the session 322 
with TMS over the control site, in order to test the flexible control model against six alternative 323 
Models (AMs; see Table 1 and Fig. 3 for illustration): a phasic adaptation model (AM1), a tonic 324 
adaptation model (AM2), a hybrid model containing both phasic and tonic adaptation effects 325 
(AM3), a hybrid model containing both phasic and tonic adaptation effects as well as their 326 
interaction (AM4), a hybrid model containing both phasic and tonic adaptation effects as well as 327 
CPE (AM5), and a hybrid model containing both phasic and tonic adaptation effects, their 328 
interaction, and CPE (AM6). All seven models were general linear models (GLMs) with each row 329 
of a GLM encoding the effect(s) for one trial. Each effect (e.g., phasic adaptation, tonic adaptation, 330 
their interaction, and CPE) was represented by two regressors, one for congruent trials, and one 331 
for incongruent trials, respectively. Two additional regressors were included for each model, a 332 
constant regressor, and a regressor encoding trial-wise congruency to account for the classic 333 
congruency effect (see Table 1 for an overview). Please note that an additional regressor for the 334 
main effect of the respective modulator does not change the obtained results, because these 335 
main effects are already captured by linear combinations of the other models regressors. 336 
Moreover, when modeling both trial types separately, the CPE regressor is equivalent to a 337 
regressor representing the actual control prediction (with reversed coefficient sign on 338 
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incongruent trials). Hence, the FCM performs identical to a model that uses control prediction, 339 
rather than CPE, to explain performance. 340 
 341 
-------------------------------------------------Table 1 about here----------------------------------------------------- 342 
 343 

For the flexible control model, the modulator was CPE, as discussed above.  For the phasic 344 
and tonic adaptation models, the modulator was the previous trial congruency and the average 345 
block probability of incongruent trials respectively, according to the definition of the two 346 
adaptation effects. For the hybrid models, performance is affected by a combination of phasic 347 
and tonic adaptation effects (see Fig. 3). Note that these adaptation effects only represent two 348 
special cases of conflict level predictors. Even their combination provides limited flexibility in how 349 
previous trials can influence behavior, because an older trial can only have one of three possible 350 
weights in predicting conflict level (i.e., one weight for the previous trial, one weight for other 351 
trials within the block, and one weight for all other trials). By contrast, the flexible control model 352 
adaptively adjusts the contributions of all previous trials based on the environmental volatility, 353 
thus ensuring greater flexibility than provided by the AMs.  354 

For each model and participant, model performance was assessed using a leave-one-run-355 
out cross-validation (Chiu et al., 2017) in order to control for potential over-fitting by candidate 356 
models with a larger number of free parameters. That is, the model was fit to the trial-wise RT in 357 
3 out of the 4 runs (training sample) and then used to predict the trial-wise RT in the remaining 358 
run (test sample). This procedure was repeated four times with each run serving as test sample 359 
once. Model performance was quantified using the log-likelihood, calculated in the following 360 
manner: 361 
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 362 
where  is the number of trials, and  is the prediction error of RT at trial ,. Assuming that a 363 
flexible learning rate captures variance in control engagement that is missed by the individual 364 
adaptation effects, and their weighted sum, we expected the flexible control model to outperform 365 
all AMs.  366 
 Finally, we tested whether the model-based CPE variable could account for unique 367 
variance in performance, even when phasic and tonic adaptation are both explicitly modeled. To 368 
assess this, we compared model performance between AM4, which includes tonic and phasic 369 
adaptation effects and their interaction, and AM6, which includes model-based CPE, in addition 370 
to the regressors of AM4. Both models were fit to all trial-wise RTs (without cross-validation) for 371 
each subject, and the model prediction error was used to approximate log-likelihood (i.e., the 372 
number of trials times the logged mean squared prediction error). Group sums of log-likelihood 373 
were compared between the two models via a likelihood ratio test. 374 
 375 
-------------------------------------------------Figure 3 about here---------------------------------------------------- 376 
 377 
Relation between phasic and tonic adaptation 378 
We conducted another set of analyses to investigate the relationship between phasic and tonic 379 
adaptation in more detail. Here, we aimed to clarify to what extent phasic adaptation in our task 380 
could be explained merely via the periodic changes in the proportions of congruent and 381 
incongruent trials in the different block phases. This could be the case, given that the different 382 
trial congruency sequences, which are used to compute phasic adaptation scores, are not equally 383 
distributed across block phases with low and high proportion conflict (e.g., sequences with two 384 
consecutive congruent trials are more common in low proportion conflict phases). Accordingly, a 385 
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tonic adaptation effect alone that improves performance on congruent trials in low proportion 386 
conflict phases, and on incongruent trials in high proportion conflict phases, could produce a 387 
spurious phasic adaptation effect, despite no short-term changes in control engagement taking 388 
place. To evaluate this possibility, we conducted two types of control analyses. Initially, we 389 
performed a follow-up model comparison between the phasic adaptation model (AM1) and the 390 
tonic adaptation model (AM2) from the foregoing section. This analysis should directly reveal the 391 
extent to which each form of adaptation contributed to performance in our task. In a second step, 392 
we re-analyzed data from the session with TMS over the control site in a 2 (proportion conflict) x 393 
2 (previous trial congruency) x 2 (current trial congruency) repeated-measures ANOVA. This 394 
ANOVA models both adaptation effects simultaneously, and was performed separately for RT, 395 
error rates, and IES. Potential influences of tonic changes in conflict probability on phasic 396 
adaptation should be reflected in a significant three-way interaction term.  397 
 398 
Model-based analyses of TMS effects 399 
In the final and central part of our analyses, we applied the flexible control model to evaluate the 400 
effects of the TMS intervention on learning-based control engagement during task performance. 401 
As noted above, we expected that TMS over the LPFC would diminish the modulation of 402 
performance based on anticipated control demand, which is reflected in the correlation between 403 
CPE and performance. To examine a modulation of RT based on CPE, we constructed two GLMs, 404 
one for congruent trials, and one for incongruent trials.  Each GLM encoded a regressor of trial-405 
wise CPE levels as well as a constant regressor. GLMs were fit to trial-wise RTs, and the coefficient 406 
of the CPE regressor was considered the modulation of CPE on the GLM’s corresponding 407 
congruency type. Given the non-continuous nature of performance accuracy, we could not 408 
examine a CPE-modulation of error rates and IES via trial-wise regression analyses. Instead, we 409 
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grouped experimental trials into quartiles based on their estimated level of CPE, and calculated 410 
error rates and IES for each quartile. This was done separately for both TMS sites (LPFC cs. control 411 
site) and trial types (congruent vs. incongruent). We then computed slopes for each condition, 412 
expressing the extent to which performance linearly scaled across CPE quartiles. These slopes 413 
served as an index for performance modulation based on control predictions, and were analyzed 414 
in 2 (TMS site) x 2 (trial type) repeated-measures ANOVAs. Assuming that CPE serves to engage 415 
LPFC-based top-down control, we expected slopes to be significantly greater than zero in the 416 
active control condition, reflecting a modulation of performance based on the anticipated level 417 
of conflict. By contrast, in the LPFC session, we expected this correlation to be weakened, 418 
reflecting interference with the learning-dependent engagement of cognitive control. 419 
 420 
Results 421 
Phasic adaptation 422 
The RT analysis revealed a significant main effect of current trial congruency (F1,26 = 79.547, p < 423 
0.001, η2 = 0.754), reflecting faster responses on congruent trials (502 ms) than on incongruent 424 
trials (526 ms). The three-way interaction involving the factors of previous trial congruency, 425 
current trial congruency, and TMS site was marginally significant (F1,26 = 3.873, p = 0.059, η2 = 426 
0.130), reflecting a trend toward greater phasic adaptation in the control session than in the LPFC 427 
session. All other main effects and interactions were non-significant.  428 

The analysis of error rates revealed a significant main effect of current trial congruency 429 
(F1,26 = 29.202, p < 0.001, η2 = 0.529), reflecting fewer errors on congruent trials (1.8 %) than on 430 
incongruent trials (4.7 %). The main effect of previous trial congruency was significant as well (F1,26 431 
= 6.284, p = 0.019, η2 = 0.195), reflecting greater error rates after congruent trials (3.7 %) than 432 
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after incongruent trials (2.9 %). These two factors also interacted (F1,26 = 6.752, p = 0.015, η2 = 433 
0.206), reflecting phasic conflict adaptation, i.e., reduced congruency effects after incongruent 434 
trials (1.9 %) than after congruent trials (3.8 %). The three-way interaction involving the TMS site 435 
factor was non-significant (F1,26 = 1.231, p = 0.277, η2 = 0.045).  436 

Finally, we analyzed participants’ IES by dividing RT of each design cell by the percentage 437 
of correct responses (see Methods section). This analysis revealed a significant main effect of 438 
current trial congruency (F1,26 = 80.893, p < 0.001, η2 = 0.757), reflecting enhanced performance 439 
on congruent trials (511 ms), compared to incongruent trials (552 ms). The main effect of previous 440 
trial congruency was significant as well (F1,26 = 4.269, p < 0.049, η2 = 0.141), reflecting enhanced 441 
performance after incongruent trials (529 ms) relative to congruent trials (534 ms). These two 442 
factors also interacted (F1,26 = 6.583, p < 0.016, η2 = 0.202), reflecting phasic adaptation, due to 443 
smaller congruency effects after incongruent trials (33 ms) than after congruent trials (49 ms). 444 
Importantly, as shown in the bottom panel on Fig. 4A, this effect was further qualified by a 445 
significant three-way interaction (F1,26 = 4.395, p < 0.046, η2 = 0.145), due to significant adaptation 446 
effects in the control session (t26 = = 3.493, p = 0.002, d = 0.672), but not in the LPFC session (t26 = 447 
= 0.534, p = 0.598, d = 0.103). Notably, the difference in phasic adaptation scores between target 448 
sites was reduced to trend level when RT outliers were identified based on the pooled SDs across 449 
experimental sessions (t26 = 1.965 p = 0.060). However, the non-parametric Wilcoxon rank sum 450 
test confirmed the significance of the effect (z = 2.114, p = 0.034), further suggesting that the 451 
reduction in phasic adaptation with LPFC stimulation reflected a shift across the whole sample, 452 
rather than just individual extreme values. Thus, in sum, we obtained evidence that perturbing 453 
the LPFC prior to stimulus onset diminishes phasic adjustments of cognitive control. 454 
 455 
Tonic adaptation 456 



Learning-dependent cognitive control   

 20 

Beyond the main effect of current trial congruency, reported in the previous section, the RT 457 
analysis revealed a significant three-way interaction involving current trial congruency, 458 
proportion conflict, and TMS site (F1,26 = 4.477, p < 0.044, η2 = 0.147). As shown on the top panel 459 
on Fig. 4B, tonic adaptation was marginally significant in the control session (t26 = 2.031, p = 0.053, 460 
d = 0.391) and non-significant in the LPFC session (t26 = -1.267, p = 0.217, d = 0.244). However, the 461 
effect was only at trend level with the alternative trimming procedure (t26 = 1.969, p = 0.059), and 462 
with the non-parametric Wilcoxon test (z = 1.946, p = 0.052).  463 

Next to a main effect of current trial congruency, described above, the error analysis 464 
revealed a main effect of proportion conflict (F1,26 = 7.332, p < 0.012, η2 = 0.220), reflecting fewer 465 
errors in high conflict phases (2.9 %) compared with low conflict phases (4.0 %). These two factors 466 
also interacted (F1,26 = 5.232, p < 0.031, η2 = 0.168), reflecting tonic adaptation, i.e., reduced 467 
congruency effects in high conflict phases (2.3 %), compared with low conflict phases (4.2 %). The 468 
three-way interaction with the factor TMS site was non-significant (F1,26 = 1.504, p < 0.231, η2 = 469 
0.055).  470 

Finally, beyond the aforementioned main effect of current trial type, the IES analysis 471 
revealed a significant two-way interaction between current trial congruency and proportion 472 
conflict (F1,26 = 4.974, p < 0.035, η2 = 0.161), reflecting tonic adaptation with smaller congruency 473 
effects in high conflict phases (33 ms) than in low conflict phases (48 ms). Importantly, this effect 474 
was further qualified by a significant three-way interaction with the TMS site factor (F1,26 = 6.423, 475 
p < 0.018, η2 = 0.198). As shown in the bottom panel on Fig. 4B, this interaction was driven by a 476 
significant tonic adaptation effect in the control session (t26 = 2.952, p = 0.007, d = 0.568) that was 477 
abolished in the LPFC session (t26 = 0.105, p = 0.917, d = 0.020). This effect was replicated with the 478 
alternative data trimming procedure (t = 2.376, p = 0.025), and with the non-parametric Wilcoxon 479 
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test (z = 2.643 p = 0.008). Thus, in sum, we also obtained evidence that perturbing the LPFC prior 480 
to stimulus onset diminishes tonic adjustments of cognitive control. 481 
 482 
-------------------------------------------------Figure 4 about here---------------------------------------------------- 483 
 484 
Response hand effects 485 
To evaluate if the effects of prefrontal stimulation, observed above, could be ascribed to 486 
activation spread to premotor regions rather than genuine effects on cognitive control processes, 487 
we first re-ran the previous ANOVAs by including the additional factor ‘response hand’ (left vs. 488 
right). We did not observe any significant effect involving the response hand factor, suggesting 489 
that both hands were contributing equally to the observed patterns of results. In a second step, 490 
we evaluated adaptation scores (expressed as IES) separately for both response hands, target 491 
sites, and time scales. In the control session, phasic adaptation was marginally significant in the 492 
left hand (t26 = 1.914, p = 0.067, d = 0.368) and significant in the right hand (t26 = 3.314, p = 0.003, 493 
d = 0.638), whereas in the LPFC session phasic adaptation was absent for both left-hand (t26 = 494 
0.193, p = 0.849, d = 0.037) and right-hand responses (t26 = 0.660, p = 0.515, d = 0.127). Similarly, 495 
in the control session, tonic adaptation scores were marginally significant in the left hand (t26 = 496 
1.947, p = 0.062, d = 0.375) and significant in the right hand (t26 = 2.364, p = 0.026, d = 0.455), 497 
whereas in the LPFC session adaptation was absent both with left-hand (t26 = 0.179, p = 0.859, d 498 
= 0.034) and with right-hand responses (t26 = 1.042, p = 0.307, d = 0.200). Together, these results 499 
provide no evidence for an alternative explanation of our results in terms of activation spread to 500 
the premotor cortex. 501 
 502 
Model comparison 503 
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After confirming that the TMS intervention diminished the specific indices of phasic and tonic 504 
adaptation to conflict, we next employed model-based analyses to study in more detail how TMS 505 
over the LPFC affected the learning-based engagement of cognitive control. Initially, we tested 506 
whether the flexible control model accounts for variance in behavioral performance that is not 507 
captured by the AMs (see section on model comparison in the Methods section for details). The 508 
flexible control model (log-likelihood = -40737) indeed outperformed all other models under 509 
scrutiny (log-likelihoods: AM1 = -40728; AM2 = -40670; AM3 = -40630; AM4 = -40505; AM5 = -510 
40567; AM6 = -40437; all p-values < 0.0001). Following the recommendations by Rigoux et al. 511 
(2014), we also calculated the Bayesian omnibus risk to index the statistical risk associated with 512 
our model selection, and protected exceedance probabilities to index the relative model 513 
likelihood. This confirmed that the flexible control model performed best among all tested models 514 
(protected exceedance probabilities: flexible control model = 61.6%; AM1 = 26.1%; AM2 = 12.2%, 515 
AM3 = 0.009%, AM4 = 0.006%, AM5 = 0.009%, AM6 = 0.006%; Bayesian omnibus risk = 0.000129), 516 
though it should be emphasized that the observed exceedance probability provides only modest 517 
evidence in favor of the FCM. The superior performance of the flexible control model, relative to 518 
AMs 1-4, suggests that it captures unique behavioral variance that is not accounted for by the 519 
individual effects of phasic and tonic adaptation, or by their weighted sum. Moreover, the inferior 520 
performance of the more complex hybrid models (i.e., AMs 5 and 6) likely reflects overfitting and 521 
consequently poor cross-generalization across experimental runs. Finally, the comparison of the 522 
group sums of log-likelihood between AM 5 and AM6 revealed that the latter performed 523 
significantly better (χ2

1 = 86.79, p < 0.001), corroborating that CPE explains unique variance in RT, 524 
even when proportion congruency and previous trial congruency are both explicitly modeled. In 525 
sum, we obtained evidence that the flexible control model provided the most effective 526 
explanation of our data. 527 
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 528 
Relation between phasic and tonic adaptation 529 

We next conducted two sets of control analyses to examine the extent to which phasic 530 
adaption in our task could be explained as a mere side effect of tonic changes in the proportion 531 
of congruent and incongruent trials (see Methods section for details). First, we performed a 532 
follow-up comparison between the phasic adaptation model (AM1) and the tonic adaptation 533 
model (AM2) from the model comparison reported above. This revealed that the phasic 534 
adaptation model (log-likelihood = -40728) tended to outperform the tonic adaptation model (log-535 
likelihood = -40670, protected exceedance probablilty = 65%, Bayesian omnibus risk = 0.65), but 536 
please note that the observed Basian omnibus risk suggests an equivalent fir of the two models 537 
to our data. Second, we reanalyzed performance in the session with TMS over the control site in 538 
a 2 (proportion conflict) x 2 (previous trial congruency) x 2 (current trial congruency) repeated-539 
measures ANOVA. This analysis yielded non-significant three-way interactions for RT (F1,26 = 0.383, 540 
p = 0.541), error rates (F1,26 = 0.873, p = 0.359), and IES (F1,26 = 1.906, p = 0.179). Hence, there was 541 
no evidence in our data for a modulation of phasic adaption based on changing conflict 542 
probabilities across block phases (see Torres-Quesada et al., 2013 for similar results). Together, 543 
these results corroborate that phasic adaptation in our task was not a mere side effect of tonic 544 
changes in in the relative proportion of trial congruency sequences. 545 
Model-based analyses of TMS effects 546 

Having established the model’s fit to our data, we next examined the effects of the TMS 547 
intervention on model-based indices of behavioral adaptation (see Methods section for details). 548 
The RT analysis revealed a marginally significant main effect of TMS site (F1,26 = 3.371, p = 0.078, 549 
η2 = 0.115), reflecting a trend toward greater slopes in the control session  than in the LPFC 550 
session. The main effect of trial congruency, and the interaction term were both non-significant. 551 



Learning-dependent cognitive control   

 24 

The analysis of error rates revealed main effect of TMS site (F1,26 = 9.056, p = 0.006, η2 = 0.258), 552 
reflecting greater slopes in the control session  than in the LPFC session. The main effect of trial 553 
congruency was significant as well (F1,26 = 12.744, p = 0.001, η2 = 0.329), driven by greater slopes 554 
on incongruent trials, relative to congruent trials. These two factors also interacted (F1,26 = 4.572, 555 
p = 0.042, η2 = 0.150). As shown in Fig. 5, post-hoc comparisons revealed that, on incongruent 556 
trials, slopes were significantly greater in the control session than in the LPFC session (t26 = 4.258, 557 
p < 0.001, d = 0.819), whereas slopes did not differ between TMS sites on congruent trials (t26 = 558 
0.913, p = 0.369, d = 0.176). Finally, the analysis of IES revealed non-significant main effects of 559 
TMS site (F1,26 = 2.047, p = 0.164, η2 = 0.073) and the trial congruency (F1,26 = 1.551, p = 0.224, η2 560 
= 0.056). Critically, however, the two factors interacted (F1,26 = 4.808, p < 0.037, η2 = 0.156). As 561 
shown on Fig. 5, post hoc comparisons revealed that on incongruent trials, slopes were 562 
significantly larger in the control session than in the LPFC session (t26 = 2.668, p = 0.013, d = 0.513). 563 
By contrast, on congruent trials, slopes did not differ between sessions (t26 = 0.121, p = 0.905, d = 564 
0.023). Altogether, the pattern of results corroborates that behavioral adaptation in the active 565 
control condition reflected the graded engagement of cognitive control based on changing 566 
expectations about the probability of conflict. These expectations were inferred from both recent 567 
and remote trial history, and effectively captured by the flexible control model. Most importantly, 568 
this modulation was abolished after transient perturbation of the left LPFC, consistent with a 569 
failure to engage control based on learned anticipations of control demand.  570 
 571 
-------------------------------------------------Figure 5 about here---------------------------------------------------- 572 
 573 
Discussion (1500 words max.) 574 
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We transiently perturbed the left LPFC during the performance of a non-stationary Stroop task 575 
that entailed dynamic shifts in the probability of conflict over time. In the active control condition, 576 
participants exhibited adaptive fluctuations in their attentional focus on task-relevant stimulus 577 
features, consistent with changing conflict expectations that were inferred from recent and 578 
remote experiences. Perturbation of the LPFC abolished these adjustments, while leaving basic 579 
cognitive and motor functions intact. Below we discuss the implications of our findings along with 580 
potential directions for further inquiry. 581 
 582 
Toward a learning-based neuroscience of cognitive control 583 
An extensive body of neuroscience literature has documented a central role of the LPFC in the 584 
goal-dependent prioritization of sensory input (Desimone & Duncan, 1995; Miller & Cohen, 2001). 585 
LPFC neurons exhibit flexible tuning profiles that encode only those aspects of the environment 586 
that are used to perform the task at hand (Freedman et al., 2001; Stokes et al., 2013). The LPFC 587 
also adapts its functional connectivity with the posterior brain, where it synchronizes with 588 
dedicated occipital and temporal lobe regions implicated in processing task-relevant inputs 589 
(Baldauf & Desimone, 2014; Zanto et al., 2010). These mechanisms are closely tied with behavioral 590 
control, as perturbation of the LPFC diminishes feature selectivity in sensory areas during stimulus 591 
encoding (Lee & D’Esposito, 2012; Zanto et al., 2011), and impedes performance in categorization 592 
tasks that require the flexible use of different stimulus features (Muhle-Karbe et al., 2014, Zanto 593 
et al., 2011).  594 

Our study provides an important extension of this rich literature by linking the relative 595 
engagement of LPFC-based top-down control over stimulus processing to a learning mechanism 596 
that infers latent statistical structure in dynamic environments to predict forthcoming perceptual 597 
demand. By flexibly weighting recent and remote experiences, this mechanism permits to 598 
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accurately anticipate future task states, and to regulate the engagement of control accordingly 599 
(Jiang et al., 2014, 2015). In the active control condition, we observed a clear signature of this 600 
regulation. Even though participants were uninstructed about the changes in conflict likelihood, 601 
and knowledge about these changes was not strictly necessary to perform the task correctly, 602 
performance clearly scaled with the validity of model-based conflict predictions.  603 

Critically, TMS over the LPFC completely abolished model-based and GLM-based indices 604 
of behavioral adaptation. These disruptive effects were independent of the effector that was used 605 
for task implementation, and specific to changes in control engagement (i.e., TMS did not induce 606 
generalized performance deficits). Both observation are in line with the notion that prefrontal 607 
goal representations are abstract in nature and guide the information flow in brain regions that 608 
serve task-specific sensory and motor functions (Miller & Cohen, 2001). Previous work has 609 
repeatedly shown that conflict adaptation is associated with elevated levels of LPFC activity on 610 
post-conflict trials (Egner & Hirsch, 2005; Kerns et al., 2004; MacDonald et al., 2000), and with 611 
enhanced coupling of this region with areas implicated in processing task-relevant stimulus 612 
features (Egner & Hirsch, 2005, Morishima et al., 2009). Recent lesion and brain stimulation 613 
studies furthermore suggest that this engagement of the LPFC plays a causal role in short-term 614 
adaptation to conflict (Boschin et al., 2016, 2017; Gbadeyan et al., 2016). Our results extend the 615 
scope of these studies in two important ways. First, they demonstrate a more general role of the 616 
LPFC in behavioral adaptation across multiple temporal scales. Second, more importantly, they 617 
provide a detailed and mechanistic framework about the learning signals that underpin multi-618 
level adaptation, and instigate the engagement of LPFC-based top-down control. 619 

Such a learning-based perspective on cognitive control has considerable theoretical 620 
appeal, as it situates the LPFC within a broader neural network that infers regularities in the 621 
external world in order to predict its future state (see Vossel et al., 2015; Waskom et al., 2017) . 622 
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Prospective coding is thought to contribute to a variety of mental phenomena (Clark, 2013), and 623 
provides an effective means for the brain to establish contextually appropriate levels of task focus 624 
that support goal achievement, but minimize the costs of control engagement (Amer et al., 2016; 625 
Shenhav et al., 2013, in press). Interestingly, within this realm, different types of costs have been 626 
distinguished, most prominently intrinsic costs of the cognitive apparatus (e.g., a limited capacity 627 
to maintain task-relevant representations or potential metabolic costs of controlled information 628 
processing) and opportunity costs of control engagement (e.g., a risk of missing valuable 629 
information in the environment due to a selective focus on task-relevant information). An exciting 630 
avenue for future research will be to identify the brain mechanisms that support the calculation 631 
of these cost parameters, and their integration for adjustments in control engagement (see also 632 
Shenhav et al., 2013). Clearly, this will require the design of more complex tasks and models, but 633 
we are convinced that such a normative, learning-based perspective will ultimately open the door 634 
towards a richer and ecologically more valid neuroscience of cognitive control. 635 
 636 
Limitations and future directions 637 
It is worth noting that TMS-induced changes in behavioral adaptation were only of modest 638 
magnitude, yielding results at statistical threshold level. This is likely due, at least in part, to our 639 
use of long inter-trial intervals, which have been shown to diminish behavioral adaptation (Egner 640 
et al., 2010), but were imperative in our protocol to ensure the safe application of TMS (Rossi et 641 
al., 2009). This procedure resulted in relatively small adaptation effects in the control session, 642 
which also limited the magnitude of potential TMS outcomes. Future studies could allow for a 643 
faster trial pacing by delivering TMS only on a subset of all trials (Taylor et al., 2007a, 2007b), 644 
though we suspect that this approach could interfere with the learning of task statistics. 645 
Specifically, in such a setup, the presence vs. absence of TMS would likely become a highly salient 646 
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task feature that may override the registration of other aspects such as changing conflict 647 
likelihood. Beyond considerations about task design, future studies should aim to recruit even 648 
larger samples than ours to maximize the robustness of parameter estimation. 649 

Another challenge for future research will be to dissociate the LPFC’s role in the 650 
implementation of learning-guided top-down control more clearly from a potential role in the 651 
underlying learning processes. As noted above, a host of work has implicated the LPFC in control 652 
implementation, while the monitoring of control demand is typically associated with the medial 653 
frontal cortex and subcortical regions such as the thalamus and the striatum (see Mansouri et al., 654 
2017; Seifert et al., 2011; Ullsperger et al., 2014). Similarly, our model-based fMRI study 655 
associated the LPFC only with the translation of control prediction into behavioral adaptation, but 656 
not with the calculation of the underlying learning signals (Jiang et al., 2015). Nonetheless, our 657 
paradigm does not permit us to rule out that the TMS intervention also affected the acquisition 658 
of predictive knowledge, rather than just its usage for behavioral control alone. Interleaving TMS 659 
and no-TMS trials could also provide a valuable solution to this challenge, e.g., by comparing 660 
(short-term) adaptation on trials with and without TMS within the same task blocks. As noted 661 
above, however, introducing uncertainty about the application of TMS might cause side effects 662 
that diminish the effects-of-interest, and that could prove difficult to account for.  663 

On a larger scale, we hope that our study will encourage the field to combine 664 
computational modeling and TMS more frequently, as a new window to study the dynamic (dis-665 
)engagement of brain regions during task performance. Similar to the productive coalition 666 
between modeling and neuroimaging (Forstmann et al., 2011), we believe that a field of model-667 
based TMS could bear mutual benefits for neuroscientists and modelers alike. While modelers 668 
would benefit from a causal method that enables to probe the veracity of model predictions with 669 
maximal rigor, neuroscientists would gain a toolbox to study dynamic trial-by-trial changes in 670 
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structure-function relationships, instead of treating those relationships as fixed and time-stable. 671 
Beyond the formulation of more dynamic hypotheses, the prospect of comparing task conditions 672 
that are equated in terms of online processing demands, but differ in terms of model-based belief 673 
states, could also aid the interpretability of TMS data by dissociating cognitive TMS effects more 674 
clearly from non-specific TMS outcomes (see Robertson et al., 2003). In any case, such studies 675 
should aim for large sample sizes to account for the considerable variability that is typically 676 
observed with TMS effects. 677 
 678 
Conclusion 679 
Our study shows that adaptive fluctuations in the attentional focus on goal-relevant information 680 
are captured by a learning mechanism that flexibly integrates recent and remote experiences of 681 
conflict between relevant and irrelevant inputs. This mechanism permits to accurately predict a 682 
task’s forthcoming demand, and to engage cognitive control accordingly. TMS-induced 683 
perturbation of the LPFC abolished these fluctuations, suggesting a causal role of this region in 684 
translating anticipated perceptual demand into optimal levels of focus. These findings provide 685 
causal evidence for the flexible control model as a mechanistic account for the regulation of 686 
cognitive control, and emphasize that this flexibility is, at least in part, realized via the dynamic 687 
(dis-)engagement of LPFC-based top-down signals. 688 
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 839 
Figure Legend 840 
Figure 1: The upper panel Illustrates the single-trial structure of the Stroop task. The timing of the 841 
TMS pulses is displayed via the flash symbols. The bottom left panel displays the two conflict 842 
probability distributions that were randomly assigned to each run. The bottom right panel displays 843 
the structure of the flexible control model. The model consists of three variables: the adaptive 844 
learning rate (α), the predicted conflict level (p), and the observed congruency (o). The colors 845 
indicate the difference between latent variables (white circles) and observable variables (grey 846 
circles). Arrows indicate the direction of information flow. On each trial (i), the observed 847 
congruency serves as input to the model and is used to update the state of the latent variables 848 
for the subsequent trial (i+1; see Methods section for details). 849 
 850 
Figure 2: Illustration of the TMS navigation in the LPFC session (A) and in the active control 851 
condition (B). The top left image of each panel illustrates the position of the TMS coil center, 852 
relative to a three-dimensional reconstruction of an example participants’ brain. The other images 853 
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display the location of the target site in the axial, sagittal, and coronal planes. Average MNI 854 
coordinates of the target sites were -35, 12, 24 in the LPFC session and 0, -33, 57 in the control 855 
(S2) session. Red circles illustrate the central position of the TMS coil where the magnetic field 856 
was maximal, and red arrows indicate the direction of the induced current flow. Note that the 857 
application of TMS also affects the brain tissue between the skull location of the coil and the 858 
respective brain target. 859 
 860 
Figure 3: Illustration of the regressors that were used in the generation of models for the model 861 
comparison. The left panel illustrates how an example sequence of 40 trials (displayed as dots), 862 
encompassing one block phase with a high proportion of conflict and one block phase with a low 863 
proportion of conflict, translates into estimated levels of conflict likelihood for each regressor. 864 
The right panel illustrates the resulting mismatch between the predicted and the observed level 865 
of conflict (i.e., the control prediction error of the respective regressor). The alternative models 866 
for the model comparison were constructed by combining the different main effects and 867 
interactions shown here (see Methods section for details). Please note that CPE estimates are 868 
only included in the analysis for the flexible control model (top row), and are merely shown for 869 
illustrative purposes for the other models (bottom three rows). 870 
 871 
Figure 4: Panel A displays performance as a function of TMS target site (control site (CTR) vs. 872 
LPFC), previous trial congruency (congruent vs. incongruent), and current trial congruency 873 
(congruent vs. incongruent), separately for reaction time, error rates, and inverse efficiency 874 
scores (IES). Boxplots in the middle display the distribution of adaptation scores (for each 875 
performance index) that were computed by subtracting congruency effects after incongruent 876 
trials from congruency effects after congruent trials. Solid lines of the boxplots indicate the 877 
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median of the distribution, the box outlines indicate the 25th and 75th percentile, and the whiskers 878 
indicate 1.5 times the interquartile range. Extreme values are shown separately as unfilled circles.  879 
Bar graphs on the right display the TMS-induced change in phasic adaptation, separately for each 880 
participant. Panel B displays performance as a function of TMS target site (control site vs. LPFC), 881 
proportion conflict (low vs. high), and current trial congruency (congruent vs. incongruent), 882 
separately for reaction time, error rates, and inverse efficiency scores (IES). Boxplots in the middle 883 
display adaptation scores that were computed by subtracting congruency effects in high 884 
proportion conflict from congruency effects with low proportion conflict. Bar graphs on the right 885 
display the TMS-induced change in tonic adaptation, separately for each participant. ~ p < 0.10, 886 
*p < 0.05, **p < 0.01. 887 
 888 
Figure 5: Model-based results illustrating performance as a function of control prediction error 889 
(CPE), TMS site (control site vs. LPFC), and trial type (congruent vs. incongruent). Results are 890 
displayed separately for each performance index. Reaction time results are shown in the top 891 
panel, error rates in the middle panel, and inverse efficiency scores (IES) in the bottom panel. RT 892 
scatter plots display the correlation between CPE and RT (performance on congruent trials of a 893 
representative participant), to convey that CPE estimates were obtained on a trial-by-trial basis. 894 
By contrast, error rates and IES are plotted as a function of CPE quartile because the computation 895 
of these scores required averaging over trials (see Methods section for details). Boxplots in the 896 
right panel display control prediction error slopes (reflecting the extent to which CPE quartile 897 
scores follow a linear trend) as a function of TMS target site (control site vs. LPFC) and trial 898 
congruency (congruent vs. incongruent). Solid lines indicate the median of the distributions, the 899 
box outline indicates the 25th and 75th percentile, and the whiskers indicate 1.5 times the 900 
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interquartile range. Extreme values are shown separately as unfilled circles. * p < 0.05, *** p < 901 
0.005, n.s. not significant. 902 
 903 
 904 
 905 
 906 
Tables 907 
Table1  908 
Summary of regression models that were submitted to the model comparison. Columns represent 909 
models, the upper six lines represents regressors, and  crosses indicate that a given regressor was part 910 
of the respective model architecture. The bottom two lines indicate the number of free parameters and 911 
the protected exceedance probability of each model (see Methods section for details). 912 

       913 
FCM AM1 AM2 AM3 AM4 AM5 AM6 914 

 915 
 916 
Constant     X X X X X X X  917 
 918 
Trial Congruency    X X X X X X X 919 
 920 
Control Prediction Error   X     X X 921 
 922 
Tonic Adaptation      X X X X X 923 
 924 
Phasic Adaptation     X  X X X X 925 
 926 
Tonic Adaptation * Phasic Adaptation      X  X 927 
 928 
Total number of parameters   4 4 4 6 8 8 10 929 
 930 
Protected Exceedance Probability (%)  61.6 26.1 12.2 0.009 0.006 0.009 0.006 931 
 932 
 933 
FCM: Flexible Control Model, AM: Alternative Model 934 
 935 
 936 












