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 45 
Abstract 46 
 47 

It is well known that attention can facilitate performance by top-down biasing 48 

processing of task-relevant information in advance. Recent findings from behavioral 49 

studies suggest that distractor inhibition is not under similar direct control, but 50 

strongly dependent on expectations derived from previous experience. Yet, how 51 

expectations about distracting information influence distractor inhibition at the neural 52 

level remains unclear. The current study addressed this outstanding question in 53 

three experiments in which search displays with repeating distractor or target 54 

locations across trials allowed human observers (male and female) to learn which 55 

location to selectively suppress or boost. Behavioral findings demonstrated that both 56 

distractor and target location learning resulted in more efficient search, as indexed 57 

by faster response times. Crucially, distractor learning benefits were observed 58 

without target location foreknowledge, unaffected by the number of possible target 59 

locations, and could not be explained by priming alone. To determine how distractor 60 

location expectations facilitated performance, we applied a spatial encoding model to 61 

EEG data to reconstruct activity in neural populations tuned to distractor or target 62 

locations. Target location learning increased neural tuning to target locations in 63 

advance, indicative of preparatory biasing. This sensitivity increased after target 64 

presentation. By contrast, distractor expectations did not change preparatory spatial 65 

tuning. Instead, distractor expectations reduced distractor-specific processing, as 66 

reflected in the disappearance of the Pd ERP component, a neural marker of 67 

distractor inhibition, and decreased decoding accuracy. These findings suggest that 68 

the brain may no longer process expected distractors as distractors, once it has 69 

learned they can safely be ignored.  70 
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Significance statement 73 
 74 
We constantly try hard to ignore conspicuous events that distract us from our current 75 

goals. Surprisingly, and in contrast to dominant attention theories, ignoring 76 

distracting, but irrelevant events does not seem to be as flexible as is focusing our 77 

attention on those same aspects. Instead, distractor suppression appears to strongly 78 

rely on learned, context-dependent expectations. Here, we investigated how learning 79 

about upcoming distractors changes distractor processing and directly contrasted the 80 

underlying neural dynamics to target learning. We show that while target learning 81 

enhanced anticipatory sensory tuning, distractor learning only modulated reactive 82 

suppressive processing. These results suggest that expected distractors may no 83 

longer be considered distractors by the brain once it has learned that they can safely 84 

be ignored.  85 

  86 
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Introduction 87 
 88 
Attention can top-down bias sensory processing of task-relevant information in 89 

advance (Battistoni, Stein, & Peelen, 2017). Yet, it is currently debated whether 90 

distractor inhibition is under similar direct control. That is, in contrast to the widely 91 

accepted view that alpha-band oscillations implement top-down inhibition (Foxe & 92 

Snyder, 2011; Jensen & Mazaheri, 2010), recent behavioral findings suggest that 93 

distractor inhibition strongly relies on previous experiences with visual distractions 94 

(Noonan et al., 2016; Wang & Theeuwes, 2018a). This has led to the proposal that 95 

distractor filtering is not resolved through top-down inhibition, but instead through 96 

expectation-dependent suppression of distractor processing. In this view, consistent 97 

with predictive processing theories, any expected stimulus, whether relevant or 98 

irrelevant, is suppressed (explained “away”), unless attention releases it from 99 

expectation-dependent suppression (Noonan, Crittenden, Jensen, & Stokes, 2018). 100 

Behavioral studies have established that (implicit) learning where targets or 101 

distractors are most probable influences visual selection (Ferrante et al., 2018; Geng 102 

& Behrmann, 2002, 2005; Jiang, 2018; Wang & Theeuwes, 2018b). Spatial 103 

probability learning arguably generates expectations where stimuli are most likely to 104 

occur, which may in turn bias attention. Predictive processing theories postulate that 105 

such expectations, which need not necessarily be conscious, attenuate sensory 106 

responses (Friston, 2009; Rao, 2005). Yet, ideas differ whether expectations exert 107 

their influence already in advance (Fiser et al., 2016) or alternatively, only become 108 

apparent after stimulus presentation (Bar et al., 2006; Rao & Ballard, 1999). In line 109 

with the former notion, a recent study demonstrated expectation-dependent 110 

anticipatory sharpening of stimulus representations (Kok, Mostert, & De Lange, 111 

2017). In addition to expectation, preparatory attention also induces stimulus 112 
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templates in sensory cortex that facilitate target selection (Myers et al., 2015). 113 

Expectation and attention also interact, such that top-down biasing, as reflected in 114 

pre-stimulus alpha-lateralization, is most pronounced when targets also most likely 115 

occur at the cued, task-relevant location (Alilović, Timmermans, Reteig, van Gaal, & 116 

Slagter, 2018). Thus, task relevant expectations may bias corresponding visual 117 

regions in advance to facilitate goal-directed behavior. Yet, how distractor-specific 118 

expectations help resolve interference - through modulating pre-stimulus activity 119 

representing the distracting information and/or post-distractor processing – is 120 

unclear. 121 

Notably, a recent study reported no changes in pre-stimulus alpha-122 

lateralization as a function of distractor location learning despite clear behavioral 123 

evidence for distractor suppression (Noonan et al., 2016). This absence of any 124 

distractor-related alpha-lateralization is surprising in light of the prevailing view that 125 

alpha oscillations implement top-down inhibition of activity in irrelevant visual 126 

networks (Foxe & Snyder, 2011; Jensen & Mazaheri, 2010). Yet, the vast majority of 127 

this work examined inhibition in binary designs, where one of two features was 128 

irrelevant. Hence, observed effects could also reflect secondary inhibition related to 129 

more attention to task-relevant features, or simply attending away, rather than top-130 

down inhibition per se (Foster & Awh, 2018).  131 

The present study was designed to characterize the neural mechanisms 132 

underlying learned distractor suppression and directly contrast these with target 133 

learning. Specifically, we aimed to establish whether learned suppression is purely 134 

reactive, or already evident in anticipation of expected distractors. For this purpose, 135 

in two behavioral and one electroencephalography (EEG) experiment, across visual 136 

searches, either the distractor or the target location was repeated, allowing 137 
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observers to learn which location to selectively ignore or select (see Fig. 1A). As 138 

target locations could not be predicted in the distractor-repeat condition, any 139 

observed effect of distractor learning is unlikely to be driven by more attention to 140 

expected target locations. Changes in preparatory and stimulus-induced activity and 141 

neural representation were examined using inverted encoding modeling, ERP, and 142 

multivariate pattern analyses. Based on recent studies showing expectation- and 143 

attention-dependent anticipatory sharpening of stimulus representations (Foster, 144 

Sutterer, Serences, Vogel, & Awh, 2017; Samaha, Sprague, & Postle, 2016), we 145 

expected target learning to enhance reconstruction of target locations before search 146 

display onset. However, if and how, distractor learning also changed spatial 147 

distractor tuning in advance or only modulated post-distractor processing was an 148 

open question. 149 

 150 

Experiment 1: The time-course of distractor learning 151 

To study the neural mechanisms underlying learned distractor suppression, it is 152 

important to first characterize the rate at which suppression develops. We therefore 153 

first ran two behavioral experiments in which observers performed sequences of 12 154 

visual searches with fixed distractor locations (Fig. 1A). In Experiment 1, in addition 155 

we included a baseline condition in which the target and the distractor location varied 156 

from trial to trial. The comparison between distractor-repeat and baseline sequences 157 

allowed us to assess the minimum number of distractor repetitions necessary to 158 

observe reliable suppression effects. In a second control condition, only a target was 159 

presented, the location of which varied over trials within a sequence to assess if 160 

learned suppression can completely counteract distractor interference, as has been 161 

observed in additional singleton paradigms (Gaspelin, Leonard, & Luck, 2015; 162 
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Gaspelin & Luck, 2018a), and if so how quickly. Critically, in this target-only variable 163 

condition, one of the placeholders was eliminated. In combination with a set size 164 

modulation (i.e., each sequence contained four or eight placeholders), this 165 

manipulation allowed us to exclude the possibility that the hypothesized suppressive 166 

effects in distractor-repeat sequences simply reflect facilitated processing at 167 

locations that are known to never contain a distractor. If so, distractor-repeat and 168 

target-variable conditions should demonstrate highly similar set size modulations.  169 

Methods 170 

Experiment and analyses were based on the AsPredicted registration at Open 171 

Science Framework (https://osf.io/t9qxu/).  172 

Participants. A planned number of 18 participants (average (M) age = 24 173 

years, range 19 – 34; seven men) participated in Experiment 1, in exchange for 174 

course credit or monetary compensation (10 euros per hour). Three participants 175 

were replaced, all because overall error rates were more than 2.5 SD’s below group 176 

average. Participants reported normal or corrected-to-normal vision and provided 177 

written informed consent prior to participation. The ethical committee of the 178 

Department of Psychology of the University of Amsterdam approved the study. 179 

 Apparatus, stimuli, design, and procedure. A Windows 7 PC running 180 

OpenSesame v3 (Mathôt, Schreij, & Theeuwes, 2012) using PsychoPy (Peirce, 181 

2009) functionality generated the stimuli on an ASUS VG236 120-Hz monitor with a 182 

grey background, at  ~80 cm viewing distance. Participants sat in a dimly lit room.  183 

 Each trial started with a 500-ms black fixation dot with a white rim (radius 5 184 

pixels) followed by a placeholder display. This display contained four or eight black 185 

rimmed placeholders (radius 75 pixels), all placed on an imaginary circle centered 186 

(radius 225 pixels) on fixation. After a 250-ms delay, two Gabor patches (sf = 0.025, 187 
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contrast = 1) were presented for 200-ms within the centers of two selected 188 

placeholders. One Gabor, the target, was tilted left or right (45º and 135º), while the 189 

other Gabor, the distractor, was randomly vertically or horizontally oriented. 190 

Participants had to indicate the orientation of the target Gabor (left or right) via 191 

keyboard response. They were instructed to respond as fast as possible, while trying 192 

to keep the number of errors to a minimum. A trial ended when participants made a 193 

response via a keyboard-press or 1000-ms after search display onset.  194 

 Crucially, there were three separate conditions. In the distractor-repeat 195 

condition, the location of the distractor was fixed across a sequence of 12 trials, 196 

while the location of the target was selected semi-randomly (i.e., the target location 197 

was never repeated on consecutive trials). In the baseline condition, target and 198 

distractor locations were random, with the restriction that neither the target and 199 

distractor location repeated on consecutive trials. In the target-only variable 200 

condition, the target was not accompanied by a distractor and its location was 201 

selected at random, again with the restriction that it did not repeat on consecutive 202 

trials. Also, in this condition, one of the placeholders was removed, in effect reducing 203 

the number of potential target locations by one relative to baseline and distractor-204 

repeat conditions to establish whether repetition benefits in distractor-repeat 205 

sequences could be explained by shifts of attention away from the distractor location. 206 

At the start of each 12-trial sequence, the fixation point turned red for 50 ms. Search 207 

display set-sizes were fixed within repetition sequences.  208 

 Participants completed 36 practice trials in which only the distractor location 209 

was repeated, and 27 experimental blocks (9 blocks for each condition) of 72 trials 210 

each, with condition order counterbalanced over participants. Each experimental 211 

block contained three set size 4 and three set size 8 repetition sequences, randomly 212 
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intermixed, resulting in 27 trials per trial position in the sequence for each condition. 213 

At the start of each block, participants were informed about the upcoming condition. 214 

Participants were encouraged to take a break between blocks.  215 

Analysis. All data were analyzed in a Python environment (Python Software 216 

Foundation, https://www.python.org/). As preregistered, behavioral analyses were 217 

limited to reaction time (RT) data of correct trials only. RTs were filtered in a two-step 218 

trimming procedure: trials with reaction times (RTs) shorter than 200 ms were 219 

excluded, after which data were trimmed on the basis of a cutoff value of 2.5 SD 220 

from the mean per participant per condition. Remaining RTs were analyzed with 221 

repeated measures ANOVAs followed by planned comparisons with paired t-tests 222 

using JASP software (JASP-TEAM, 2018).   223 

Results and discussion 224 

Search times. Exclusion of incorrect responses (11.3%) and data trimming (1.8%) 225 

resulted in an overall loss of 13.1% of the data. Remaining RTs were entered into a 226 

repeated measures ANOVA with the within subject factors Condition (distractor-227 

repeat, baseline, target-only variable), Set Size (4, 8) and Trial Position (1-12).  As 228 

visualized in Figure 1B, the main effect of Condition (F (2, 34) = 99.1, p < 0.001, η2 = 229 

0.85) was accompanied by decreasing RTs over trials (F (11, 187) = 56,8, p < 0.001, 230 

η2 = 0.77), and overall faster RTs at set size 4 than at set size 8 (F (1, 17) = 20.5, p 231 

< 0.001, η2 = 0.55). An interaction between Condition and Trial Position showed that, 232 

as expected, decreasing RTs across trials was largely specific to distractor-repeat 233 

sequences (F (22, 374) = 12.1, p < 0.001, η2 = 0.42), the only condition in which 234 

location expectations could develop. The overall slower response in the first 235 

compared to the second trial observed in all conditions, we attribute to the start of a 236 

new sequence.  237 
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Planned comparisons between baseline and distractor-repeat sequences 238 

demonstrated that a single repetition was sufficient to observe reliable benefits both 239 

at set size 4 (t (17) = 3.0, p = 0.008) and 8 (t (17) = 4.8, p < 0.001) and this benefit of 240 

distractor foreknowledge continued to increase across repetitions (all t’s > 3.2, all p’s 241 

< 0.006). However, distractor learning never completely counteracted distractor 242 

interference, as at the end of the sequence, RTs only numerically approached the 243 

target-only variable condition, but were still reliable slower (t (17) = 3.7, p = 0.002 for 244 

set size 4; t (17) = 5.6, p < 0.001 for set size 8).   245 

A non-significant Set Size by Trial Position interaction suggested that the rate 246 

at which distractor learning developed was independent from the number of 247 

placeholders (F = 1.3, p = 0.22). Yet, as also visualized in Figure 1B and confirmed 248 

by a three-way interaction (F (22, 374) = 1.6, p = 0.041, η2 = 0.09), distractor-repeat 249 

sequences did yield a significant Set Size by Trial Position interaction (F (11, 187) = 250 

64.9, p < 0.001, η2 = 0.79), which would also be expected if the repeated location 251 

was not suppressed, but observers instead shifted their attention to the remaining 252 

locations. To address this issue, we normalized the data relative to the first trial and 253 

fitted each individual’s data to an exponential decay function: D + (1 – D) * rep, 254 

where D equals the absolute reduction relative to the first trial and  is rate at which 255 

this reduction develops. This analysis revealed that the set size modulation was 256 

evident in the reduction boundary (t (17) = 4.3, p < 0.001), but not in the learning rate 257 

(t = 0.2, p = 0.88). No such effects were observed in baseline or, importantly, target-258 

only variable conditions (all t’s < 1.19, all p’s > 0.3), indicating that the observed 259 

benefits in distractor-repeat sequences reflect learned location suppression, rather 260 

than increased attention towards the remaining possible target locations.     261 
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 To summarize, the results from Experiment 1 demonstrate that learning about 262 

the spatial probability of a distractor increases search efficiency. Distractor-based 263 

learning was implemented relatively quickly, although after 11 repetitions, distractor 264 

interference was not yet fully resolved, as RT was not yet as fast as in the target-only 265 

variable condition. 266 

<<<<<< Insert Figure 1 around here >>>>>> 267 
 268 

Experiment 2: The time course of learned suppression and learned facilitation 269 

Experiment 1 showed that 11 distractor location repetitions increasingly speeded up 270 

RTs, indicative of distractor learning. Although this effect differed between set sizes, 271 

it did not seem mediated by more attention to potential target locations (or a 272 

reduction in target location uncertainty), as the set size modulation was absent in 273 

target-only variable sequences and did not modulate learning rate in distractor-274 

repeat sequences. Experiment 2 was designed to replicate the effect of distractor 275 

learning on performance observed in Experiment 1, and directly contrast this to the 276 

time-course of target learning.     277 

Methods 278 
 279 
The methods and analyses were preregistered (https://osf.io/t8c4m/) and were the 280 

same as in Experiment 1, except for the following changes: A planned number of 20 281 

new participants (M = 23, range 18 – 27; seven men) participated. Two participants 282 

were replaced, one because overall reaction times were more than 2.5 standard 283 

deviations (SD’s) above group average, and one because overall error rates were 284 

more than 2.5 SD’s below group average. 285 

In Experiment 2, there were two conditions. Next to the distractor-repeat 286 

condition (used in Experiment 1), here we also included a target-repeat condition, in 287 
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which the location of the target was repeated over trials, while the location of the 288 

distractor was selected semi-randomly (i.e., the distractor location was never 289 

repeated on consecutive trials). All participants completed 18 experimental blocks, 290 

with repetition condition blocked in counterbalanced order. 291 

Results and discussion 292 

Exclusion of incorrect responses (10.8%) and data trimming (2.3%) resulted in an 293 

overall loss of 12.9% of the data. As visualized in Figure 1C, RTs again decreased 294 

across trials (F (11, 209) = 374.3, p < 0.001, η2 = 0.95), with overall faster RTs in 295 

target than distractor repetition sequences (F (1, 19) = 106.4, p < 0.001, η2 = 0.85) 296 

and for set size 4 compared to set size 8 displays (F (1, 19) = 34.0, p < 0.001, η2 = 297 

0.64). Significant interactions demonstrated that the repetition benefit was more 298 

pronounced when the target location was repeated (interaction between Condition 299 

and Trial Position; F (11, 209) = 24.3, p < 0.001, η2 = 0.56) and when there were 300 

only four placeholders (interaction between Set Size and Trial Position; F (11, 209) = 301 

2.2, p = 0.017, η2 = 0.10). Critically, the effect of distractor repetition on RT was not 302 

differently affected by set size than the effect of target repetition on RT, as the three-303 

way interaction between Condition, Trial Position and Set Size was not significant (F 304 

= 1.6, p = 0.11). Separate ANOVAs on the parameters resulting from the same 305 

model fits as in Experiment 1 yielded no significant Condition by Set Size 306 

interactions, neither on learning rate nor on reduction boundary (all F’s < 1.9, all p’s 307 

> 0.18), further arguing against the notion that in distractor-repeat blocks, observers 308 

simply paid more attention to potential target locations. 309 

 In summary, the results of Experiment 2 again demonstrate that distractor-310 

based learning is implemented relatively quickly, although not as rapid as target-311 



 

 14 

based learning. Together these experiments demonstrate that although a single 312 

repetition of the distractor already facilitates performance, the benefit of learning the 313 

spatial probability of a distractor increases gradually over trials. Next, we aimed to 314 

assess the neural mechanisms that underlie distractor learning-related behavioral 315 

benefits and contrast these to the neural mechanisms underlying target location 316 

learning: How does experience with distracting, but irrelevant information help the 317 

brain resolve distractor interference? 318 

Experiment 3: Neural mechanisms underlying learned facilitation and 319 
inhibition 320 
 321 
Experiment 3 was designed to investigate the neural mechanisms that underlie the 322 

behavioral effects of distractor and target learning observed in the previous 323 

experiments. We were specifically interested to establish whether learning about the 324 

spatial probability of a distractor, just like learning about the spatial probability of a 325 

target, changes anticipatory tuning to the expected distractor location, reflective of 326 

preparatory inhibition, and/or suppresses distractor-related processing. To test this, 327 

we measured EEG and contrasted neural dynamics of learned suppression and 328 

facilitation across repetitions. We designed the experiment such that we could fit an 329 

IEM to reconstruct both the target and the distractor location from the multivariate 330 

EEG activity. This required that each location in the display was repeated equally 331 

often to prevent systematic biases in the model fits. Consequently, we had to reduce 332 

the sequence length to four repetitions, which based on our Experiments 1 and 2 333 

was sufficient to observe robust behavioral benefits of distractor learning.  334 

 In addition, here, we aimed to parse out the influence of immediate distractor 335 

repetitions within the context of learned suppression. Based on the first two 336 

experiments, it remains unclear whether learned suppression goes above and 337 
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beyond inter-trial priming. Previous studies have already shown that distractor 338 

repetition-related reductions in reaction time remain reliable when controlling for 339 

inter-trial priming effects in search tasks in which the distractor was more likely to 340 

occur at one location that remained the same across the entire experiment (Failing, 341 

Feldmann-Wüstefeld, Wang, Olivers, & Theeuwes, 2019; Wang & Theeuwes, 342 

2018b). Yet, this control still allows for influences resulting from more distant trials in 343 

the past. Here, we investigated whether expected repetitions benefit distractor 344 

processing more than unexpected, random repetitions in a much shorter learning 345 

context.  346 

Methods 347 

The methods and analyses (preregistered at https://osf.io/4bx7y) were identical to 348 

those from Experiment 1 and 2, except for the following changes: A planned number 349 

of 24 new participants (M = 23, range 19 – 37; 6 men) participated in the experiment. 350 

Four participants were replaced: two because they did not complete all experimental 351 

sessions, and two because preprocessing (for details, see below) of EEG data 352 

resulted in exclusion of too many trials (> 30%). Participants were seated in a dimly 353 

lit testing room and all stimuli were presented at a distance of ~70 cm. Manual 354 

responses were collected via two purpose-built response buttons, which were 355 

positioned at the end of the armrests of the participant’s chair.   356 

 In contrast to Experiments 1 and 2, there were always six search locations 357 

and sequences were reduced to four trials. There were three experimental 358 

conditions, which were presented in separate blocks. In distractor-repeat and target-359 

repeat conditions, the distractor or target location, respectively, was repeated. The 360 

location of the other item (target or distractor, respectively) was never repeated on 361 

consecutive trials and was placed maximally twice on the same location within a 362 
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four-trial sequence. In the third, baseline condition, the target and distractor location 363 

were again variable with the restriction that the target location was never repeated 364 

and the distractor could maximally be presented two times at the same location in a 365 

sequence of four trials. This latter manipulation allowed us to contrast unexpected 366 

distractor repetition in baseline sequences (i.e., distractor priming) to learned 367 

suppression in distractor-repeat sequences. The length of the fixation display 368 

preceding each trial was randomly jittered between 450-ms and 750-ms, and each 369 

response was followed by a 200-ms blank screen. 370 

 Participants came to the lab twice. In each session, they completed 51 blocks 371 

of the task of 72 trials each, with condition blocked in counterbalanced order (e.g. 372 

target-repeat, baseline, distractor-repeat, etc), while their brain activity was recorded 373 

with EEG and their eye movements were monitored with an eye tracker. This 374 

resulted in 612 observations per condition and trial position within a four-trial 375 

sequence. In the first session, participants first completed a series of 24 practice 376 

trials in which only the distractor location was repeated. 377 

Analysis software. Preprocessing and subsequent analyses were performed 378 

using custom written analysis scripts, which are largely based on functionalities 379 

implemented within MNE (Gramfort et al., 2014). These scripts can be downloaded 380 

at https://github.com/dvanmoorselaar/DvM. 381 

 EEG recording and preprocessing. EEG data were recorded at a sampling 382 

rate of 512 Hz using a 64-electrode cap with electrodes placed according to the 10-383 

20 system (using a BioSemi ActiveTwo system; biosemi.com). All electrodes were 384 

re-referenced off-line to the average of two channels placed at the left and right 385 

earlobes respectively. External electrodes placed ~2 cm above and below the right 386 
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eye and ~1 cm lateral to the external canthi were used to measure vertical (VEOG) 387 

and horizontal EOG (HEOG), respectively.  388 

Continuous EEG of the two sessions was high-pass filtered using a zero-389 

phase ’firwin’ filter at 0.1 Hz as implemented in MNE to remove slow drifts, and 390 

subsequently epoched from -550 ms to 550 ms relative to the onset of the search 391 

display, extended by 500 ms at the start and end of the epoch to control for filter 392 

artifacts during pre-processing and time-frequency analyses. The resulting epochs 393 

were baseline normalized using the whole epoch as a baseline. Prior to cleaning, 394 

EEG signals were visually inspected for malfunctioning electrodes, which were 395 

excluded from subsequent preprocessing steps (M = 2, range 0 – 5). To detect 396 

epochs contaminated with noise, we filtered the EEG signal with a 110 – 140 Hz 397 

bandpass filter and then used an adapted version of an automatic trial-rejection 398 

procedure as implemented in the Fieldtrip toolbox (Oostenveld, Fries, Maris, & 399 

Schoffelen, 2011) allowing for variable z-score cut-offs per participants based on the 400 

within-subject variance of z-scores (de Vries, van Driel, & Olivers, 2017). This 401 

resulted in an average rejection of 9.2% of all trials (range 2.3%–20.2%). After trial-402 

rejection, ICA as implemented in MNE using ‘extended-infomax’ method was 403 

performed on non-epoched 1 Hz high pass-filtered data to identify and remove eye-404 

blink components from the 0.1 Hz filtered data. Finally, malfunctioning electrodes 405 

were interpolated using spherical splines (Perrin, Pernier, Bertrand, & Echallier, 406 

1989) before the data of the separate sessions was combined.  407 

 Throughout EEG recording, eye movements were monitored using an Eyelink 408 

1000 (SR Research), sampled at 500 Hz. Gaze data were analyzed online, so that 409 

every time the participant broke fixation, auditory feedback was provided, signaling 410 

to the participant to keep their gaze at fixation. The Eyelink data was also analyzed 411 
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offline. To control for drifts in the eye-tracker, epochs without a saccade (Nyström & 412 

Holmqvist, 2010) in the 300 ms pre-display interval were shifted towards fixation. 413 

Each epoch was then summarized by a single value indicating the largest deviation 414 

measured in a segment of data (> 40 ms). The results of the EEG analyses 415 

presented next are limited to trials with a fixation deviation <= 1  or in case of 416 

missing Eyelink data, trials with sudden sharp jumps in the HEOG as detected via a 417 

step algorithm (M = 7.2%, range = 0.3% - 18.3% combined for eye tracker analysis 418 

and step algorithm).  419 

Time-frequency analysis. To isolate frequency-specific activity, we band-pass 420 

filtered the raw EEG signal using a Butterworth bandpass filter (order = 5, frequency 421 

band = 8-12) within MNE (“filter_data” from MNE toolbox; see (Gramfort et al., 2014). 422 

Subsequently, the filtered signal was down-sampled to 128 Hz to reduce 423 

computational time of the IEM analysis. A Hilbert Transform (Scipy; (Oliphant, 2007) 424 

was then applied to the bandpass-filtered data to produce the complex analytic 425 

signal of the filtered EEG.  426 

We focused our analyses both on evoked and total power. Total power was 427 

computed by squaring the complex magnitude of the complex analytic signal and 428 

then averaged across trials. Consequently, total power reflects the ongoing activity 429 

irrespective of its phase relationship to the onset of the stimulus displays. In contrast, 430 

evoked power was computed by averaging the complex analytical signal across trials 431 

before power extraction such that evoked power reflects activity phase-locked to 432 

stimulus onset, because only activity with consistent phase across trials remains 433 

after averaging the complex analytic signal.  434 

Because calculating evoked power requires averaging across trials, following 435 

previous work, artifact-free trials were partitioned into three sets, two training and 436 
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one testing set (see Inverted Encoding Model). In doing so, we equated the number 437 

of observations across stimulus locations and conditions to prevent bias in the 438 

analysis. To this end, we calculated the minimum number of trials n for each location 439 

for each participant and assigned n/3 many trials for each location to each of the 440 

three sets, while ensuring that no trial was repeated across blocks (i.e., sets were 441 

independent).  Consequently, a random subset of epochs was not included in data 442 

partitioning. To account for this, results were averaged across 10 data divisions, in 443 

which each of three data sets served as a testing set once. 444 

Inverted encoding model. To determine effects of distractor and target 445 

learning on (preparatory) spatial tuning of population-level activity, we applied an 446 

inverted encoding model (IEM; Brouwer & Heeger, 2009) to the topographic 447 

distribution of alpha power across electrodes to create location-selective channel 448 

tuning functions (CTFs). This critically allowed us to examine effects of distractor and 449 

target learning on spatial tuning of population-level activity. The IEM procedure 450 

reverses the direction of inference from a decoding analysis by capturing the 451 

continuous relationship between stimulus position and multivariate EEG. Following 452 

Brouwer and Heeger  (2009), we employed the same procedure reported in previous 453 

work (van Moorselaar et al., 2018) to separately reconstruct the target and the 454 

distractor location on the first and final trial across conditions.  455 

Here, we modeled the hypothetical response in each of the six stimulus 456 

position channels (i.e., neuronal population) as half sinusoid raised to the seventh 457 

power and centered on the polar angle of each corresponding spatial channel. The 458 

resulting six basis sets were used to construct a k x n response prediction matrix C1, 459 

where k is the number of position channels (i.e. six) and n is the number of 460 

observations in the training set. An IEM routine was then applied that proceeded in 461 
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two phases. In the training phase, the mapping from “channel” to “electrode” space 462 

was estimated by performing an ordinary least squares regression of the C1 matrix 463 

onto the m x n1 observed power train matrix B1, where m is the number of electrodes 464 

(i.e. 64) and n1 is the number of observations in the training set. This regression 465 

yields a m x k weight matrix W, where each electrode in m contains a regressor 466 

weight for each spatial channel in k. Next, in the test phase the model was inverted 467 

by performing ordinary least squares again, but now regressing these weights onto 468 

the m x n2  observed power test matrix B2, where m is the number of electrodes and 469 

is the number of observations in the testing set. This regression transforms the test 470 

data B2 into an k x n2 estimated channels responses matrix C2, where each spatial 471 

channel k contains an estimated response for all observations in n2. Finally, each 472 

estimated CTF was circularly shifted to a common center. This routine was 473 

performed separately for each sample point from -550-ms prior to search display 474 

onset until 550-ms post search display onset.   475 

Importantly, we used a leave-one-out cross-validation routine, wherein two 476 

sets serves as B1 to estimate W, and the remaining block served as B2 and was thus 477 

used to estimate C2. This routine was repeated until each set had served as testing 478 

set (i.e., B2).  479 

To evaluate reconstruction of the target and distractor location, we estimated 480 

channel tuning function (CTF) slopes. For this purpose, we collapsed across 481 

channels that were equidistant from the center and used linear regression to 482 

calculate the slope of the CTF, where a positive slope indicates greater location 483 

selectivity (relative to the other locations), a flat slope no location specificity, and a 484 

negative slope reduced location selectivity (relative to the other locations). Previous 485 

work using IEMs has demonstrated that the reconstruction of spatially selective 486 
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CTFs during preparatory spatial attention is largely specific to power in the alpha 487 

band (Foster et al., 2017; Samaha et al., 2016; van Moorselaar et al., 2018). To 488 

confirm that reconstruction was most pronounced within the alpha band, we also 489 

searched a broad range of frequencies (4-30 Hz, in increments of 2Hz with a 4-Hz 490 

band; 4-8 Hz, 6-10 Hz, etc) using the collapsed data of all conditions of interest.  491 

Event-related potential (ERP) analysis. We next examined how learning 492 

changed distractor and target processing after stimulus presentation using ERPs. To 493 

enable isolation of target- and distractor-specific ERP components, the primary 494 

analysis focused on trials in which the stimulus of interest (target or distractor) was 495 

presented to the left or right of fixation below the horizontal midline, while the other 496 

stimulus was presented on the vertical meridian. Limiting the analyses to these 497 

stimulus configurations enabled isolation of the lateralized ERP components, the 498 

N2pc and the Pd, because vertical midline singletons do not evoke such lateralized 499 

activity (Hickey, Di Lollo, & McDonald, 2009; Woodman & Luck, 2003). Waveforms 500 

to the various search displays were collapsed across left and right visual hemifield 501 

and left and right electrodes to produce separate waveforms for contralateral and 502 

ipsilateral scalp regions. Lateralized difference waveforms relative to the target and 503 

the distractors were then computed by subtracting the ipsilateral waveform from the 504 

corresponding contralateral waveform. 505 

After cleaning, epochs were 30 Hz low-pass filtered and baseline corrected 506 

using a -300 to 0 ms pre-placeholder onset baseline period. ERP averages were 507 

balanced to contain an equal number of observations across conditions and trial 508 

position. We were primarily interested in ERP components related to visual 509 

processing and attention, namely the P1, N1, N2pc and the Pd, which are typically 510 

observed at lateral posterior electrodes sites. Based on visual inspection of the 511 
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topographic distribution of condition-averaged voltage values in these regions, we 512 

selected O1/O2, PO3/PO4, and PO7/PO8 as our electrodes of interest.  513 

P1 and N1 windows, respectively 110 - 150 ms and 160 - 220, were selected 514 

based on visual inspection of the group and condition-averaged waveforms. For 515 

each subject, we obtained the mean voltage value over a 35-ms time window 516 

centered around the P1 or N1 peaks within these selected time windows. N2pc and 517 

Pd windows, respectively 140 - 200 ms and 280 – 360, were also selected via visual 518 

inspection of the group and condition-averaged waveforms, but now using 519 

contralateral – ipsilateral difference waveforms. 520 

Multivariate decoding analyses. Finally, we also applied multivariate decoding 521 

analysis (MVPA) to decode target and distractor locations. This approach allowed us 522 

to examine whether the neural signal contained location-specific information that 523 

may not have been captured by the assumptions in our inverted encoding model. 524 

Also, this approach provides a more fine-grained spatial profile of attentional 525 

selection than lateralized ERP components (Fahrenfort, Grubert, Olivers, & Eimer, 526 

2017), which by definition are driven by activation differences between cortical 527 

hemispheres.  528 

To decrease the computational time of the decoding analysis, the EEG signal 529 

was down-sampled to 128 Hz. We applied a linear classification algorithm 530 

(Pedregosa et al., 2011) in electrode space (64 electrodes) at each time sample, 531 

using a 10-fold cross validation scheme. Decoding was done for the first and final 532 

trial in a repetition sequence in each condition using single trial data. We entered the 533 

six stimulus locations into the classifier as six different stimulus classes, while 534 

ensuring that each stimulus class was selected equally often. This analysis was run 535 

separately for distractor and target locations. The classifier was trained on 90% of 536 
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the data and tested on the remaining 10% of the data, a procedure that was 537 

repeated until all data was tested exactly once. Classification accuracy was 538 

computed as the percentage of correct class assignments averaged across the 10 539 

folds.  540 

 Statistics. To evaluate how location repetition changed the neural 541 

representation of target and distractor locations we contrasted target-repeat 542 

sequences and distractor-repeat sequences with baseline sequences using group-543 

level permutation testing with cluster correction for multiple comparisons (Maris & 544 

Oostenveld, 2007). First, for the first and final trial within a sequence, the conditions 545 

of interests were contrasted to the baseline condition (e.g., target-repeat 4 vs. 546 

baseline 4). Second, significant clusters on the final trial were evaluated again after 547 

controlling for potential differences between repeat and baseline sequences at the 548 

start of the sequence (e.g., target repeat 4 - baseline 4 vs. target repeat 1 - baseline 549 

1).   550 

In addition to cluster-based group level permutation testing, specific 551 

comparisons were also evaluated using repeated measures ANOVAs. While 552 

permutation testing has the merit of not choosing specific time points a priori and 553 

therefore, allows to observe potentially non-expected effects, it also has the risk of 554 

missing brief, but reliable effects. Moreover, as tests are conducted per sample, they 555 

are more sensitive to noise than analyses conducted on measures that are obtained 556 

by averaging across several samples. Therefore, when we expected ERP effects 557 

within specific time-windows, we also evaluated their presence using repeated 558 

measures ANOVA’s, as is common in ERP research. These tests were also used in 559 

case only one of the two permutation contrasts described above identified a 560 

significant cluster.   561 
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Results  562 

Search times. Exclusion of incorrect responses (7.2%) and data trimming (2.4%) 563 

resulted in an overall loss of 9.7% of the data. Figure 1D illustrates that RTs 564 

decreased with repetition (main effect Trial Position; F (3, 69) = 105.1, p < 0.001, η2 565 

= 0.82), with overall fastest RTs following target repetition and slowest RTs without 566 

repetition (main effect Condition; F (2, 46) = 60.8, p < 0.001, η2 = 0.73). While 567 

repetition benefits were most pronounced in target-repeat blocks (interaction effect 568 

Condition and Trial Position; F (6, 138) = 101.2, p < 0.001, η2 = 0.82), distractor 569 

repetition also speeded search: A separate ANOVA without target-repeat blocks also 570 

yielded a highly significant interaction effect (F (3,69) = 54.5, p < 0.001, η2 = 0.70). 571 

Planned pairwise comparisons demonstrated that within both target and distractor 572 

repeat sequences each subsequent repetition speeded RTs (all t’s > 4.0, all p’s < 573 

0.001), whereas no such effect was observed in the baseline condition in which 574 

targets and distractor occurred at different locations from trial-to-trial and no 575 

expectations could develop (all t’s < 0.4, all p’s > 0.7). These observations show that 576 

both benefits of target and distractor learning developed gradually across repetitions. 577 

Importantly, as visualized in Figure 1E, the first repetition in distractor-repeat 578 

sequences speeded search more than random repetitions in baseline sequences (t 579 

(23) = 2.5, p = 0.021). This finding indicates that although a part of our behavioral 580 

effects was likely driven by inter-trial priming, learned biases are additive to these 581 

pure repetition effects, in line with previous reports (Failing et al., 2019; Wang & 582 

Theeuwes, 2018b) 583 

 Inverted encoding model (IEM) analysis. To establish whether the observed 584 

benefits of location repetition may be brought about by preparatory biasing of visual 585 

regions representing the expected location, we used an IEM to reconstruct the target 586 
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and distractor location from the pattern of EEG data. Previous research has 587 

demonstrated that these models are sensitive to the attended location during the 588 

interval preceding stimulus onset, in line with the notion that attention can prioritize 589 

target processing by sharping spatial tuning to the task-relevant location in advance 590 

(Foster et al., 2017; Samaha et al., 2016).  We thus expected target learning in our 591 

study to be associated with enhanced reconstruction of the target location before 592 

search display onset. Yet, the main question was if and how, distractor learning also 593 

changes the neural representation of the distractor location in anticipation of 594 

distracting input.  595 

 Based on previous research (Foster et al., 2017; Samaha et al., 2016; van 596 

Moorselaar et al., 2018), we expected any effects to be especially present in the 597 

alpha-band. An analysis collapsed across conditions and repetitions across a range 598 

of frequencies confirmed that sustained reconstruction of both the target and the 599 

distractor location was especially pronounced within the alpha-band (8 - 12 Hz; Fig. 600 

2). Having established that topographic distribution of alpha power tracked both the 601 

location of the target and the distractor, we examined how CTF reconstruction was 602 

modulated by location repetition within the alpha band.  603 

 604 

<<<<<< Insert Figure 2 around here >>>>>> 605 
 606 
 607 

Target CTF. Figure 3 shows the reconstruction of the target location in 608 

baseline and target-repeat blocks for the first and final trial in a four-trial sequence 609 

using either evoked (phase-locked) (Fig. 3A) or total (Fig. 3B) alpha power. Target 610 

location repetitions increased spatial tuning immediately following search display 611 

onset both within evoked and total power. Note that reconstructions were most 612 

pronounced using evoked power demonstrating that spatially selective activity was 613 
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best captured by evoked activity, at least following target presentation. Within 614 

evoked power, this increased tuning was captured by a significant cluster that 615 

remained reliable after controlling for any differences on the first trial of the sequence 616 

(blue-green and grey bars in Fig. 3A; right plot). Consistent with previous findings 617 

(Foster et al., 2017; Samaha et al., 2016), only total alpha-power enabled 618 

reconstruction of the target location in anticipation of display onset, confirming that 619 

target location learning sharpened spatial tuning to the target location at the neural 620 

level in advance (green bar in Fig. 3B; right plot). This anticipatory effect became 621 

weaker and statistically insignificant after the onset of the (empty) placeholders, 622 

suggesting that their onset may have temporarily obscured the anticipatory tuning. 623 

Although a significant cluster showed that the observed significant target repetition-624 

related anticipatory tuning was reliably larger at the final trial relative to baseline 625 

(blue-green bar), the identified cluster was unreliable after controlling for condition 626 

differences at the first trial. We therefore explored this anticipatory tuning further 627 

using a repeated measures ANOVA on the average tuning slopes within the pre-628 

stimulus period (-550 ms – 0 ms), which critically yielded a significant interaction 629 

between Condition (baseline, target repeat) and Trial Position (1,4) (F (1,23) = 4.5, p 630 

= 0.045, η2 = 0.16).   631 

To exclude the possibility that lingering target processing from the preceding 632 

trial may have contributed to the observed increase in anticipatory tuning in target-633 

repeat blocks, in a control analysis, we replaced the location labels in the baseline 634 

condition with those from the preceding trial in the sequence. If the observed 635 

anticipatory tuning following target repetition was driven by lingering activations 636 

elicited by target selection on the preceding trial, this analysis should also reveal 637 
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anticipatory tuning. However, as shown in Fig. 3B (right plot; dotted black line), no 638 

such tuning was observed.  639 

 640 

<<<<<< Insert Figure 3 around here >>>>>> 641 
 642 

To better understand how learned expectations influenced target location 643 

tuning, each CTF was fitted with an exponential cosine function of the form: 644 

, where x is a vector of channel responses, and control 645 

the center (i.e., mean), concentration (i.e., inverse of width) and baseline (i.e., 646 

vertical offset) of the function, while  corresponds to the amplitude of the function 647 

(i.e., vertical scaling (Ester, Sprague, & Serences, 2015). These fits are displayed in 648 

Figure 4A across different stages of the trial. Confirming that location selectivity as 649 

captured by CTF slope is largely driven by the amplitude of the CTF, permutation 650 

tests showed that all identified condition differences based on slope were also 651 

evident in amplitude estimates. Evoked amplitudes were reliably larger between -10-652 

ms and 201-ms both with and without controlling for any condition differences on the 653 

first trial. Also, total amplitudes reliably increased in anticipation of search display 654 

onset relative to baseline between -377-ms and 221-ms as a function of target 655 

location repetition. Interestingly, and in line with previous work (Tang, Smout, 656 

Arabzadeh, & Mattingley, 2018), as visualized in Figure 4A, these increases in 657 

amplitudes were accompanied by decreases in baseline estimates, resulting in 658 

significant clusters mirroring those identified by CTF slope and CTF amplitude 659 

analyses, while there was no modulation of concentration of the CTF.   660 

Together, these results indicate that target foreknowledge was associated 661 

with enhanced tuning of spatially selective neural populations to the target location 662 
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already in anticipation of the search display, and this spatial selectivity increased 663 

further in response to visual input.   664 

 665 

<<<<<< Insert Figure 4 around here >>>>>> 666 
 667 

Distractor CTF. We next examined how distractor learning affected the neural 668 

representation of the distractor location. Reconstruction of the distractor location, as 669 

shown in Figure 5, showed a markedly different pattern. Both within evoked (Fig. 5A) 670 

and total alpha power (Fig. 5B) we observed no post-distractor modulation of spatial 671 

tuning by distractor location repetition, nor were there reliable changes in anticipatory 672 

tuning to the distractor location.  While it appears as if distractor location repetition 673 

resulted in opposite, negative tuning (see also Figure 4B), permutation tests also 674 

identified no reliable differences in any of the estimated CTF parameters (i.e., 675 

amplitude, concentration, baseline) between the distractor repetition and variable 676 

conditions either. To further examine the possible anticipatory tuning, we again 677 

performed an exploratory repeated measures ANOVA on the average tuning slopes 678 

within the pre-stimulus period (-550 ms – 0 ms), which yielded no significant 679 

interaction (F = 1.2, p = 0.28). A subsequent Bayesian analysis confirmed that the 680 

data were 2.15 less likely than equivalent models stripped of the interaction term 681 

providing anecdotal evidence against the hypothesis that distractor tuning was 682 

modulated by location repetitions (Wetzels et al., 2011). Finally, paired samples t-683 

tests contrasting amplitudes in DvTv and DrTv conditions during anticipation and 684 

immediately following search display onset were non-significant (all t’s < 1.9, all p’s > 685 

0.06; Fig. 4B). Together, these findings provide no compelling evidence for negative 686 

tuning to the distractor location, or suggest that this effect may have been highly 687 

variable across subjects.  688 
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Thus, while target repetition was associated with both increased anticipatory 689 

and post-stimulus spatial tuning, spatial tuning to the distractor location appeared 690 

unaffected by distractor repetition. This dissociation, as also visualized in Figure 4, 691 

was confirmed by a cluster-based permutation comparison between distractor-repeat 692 

and target-repeat, which yielded both an anticipatory (-548 ms till -173 ms) as well as 693 

a post-search display significant cluster (68 ms till 278 ms; p < 0.05). This finding 694 

suggests that the observed reduction in distractor interference at the behavioral level 695 

is not mediated by changes in the neural representation of the distractor location, as 696 

measured with EEG and CTFs.    697 

 698 

<<<<<< Insert Figure 5 around here >>>>>> 699 
 700 

Event-related potential (ERP) analysis. To determine whether repetition 701 

changed early visual processing, we examined the amplitude of the visual-evoked 702 

potentials, P1 and N1. Modulations of the amplitude of these exogenous 703 

components by attention-directing spatial cues have been linked to different aspects 704 

of attention, with the P1 effect reflecting attentional inhibition and the N1 effect 705 

signaling attentional enhancement (Couperus & Mangun, 2010; Freunberger et al., 706 

2008; Luck et al., 1994; Slagter, Prinssen, Reteig, & Mazaheri, 2016). In addition, we 707 

evaluated how location learning affected later-stage target and distractor processing, 708 

as reflected in the lateralized ERP components, the N2pc and the Pd, respectively. 709 

Whereas the N2pc is thought to reflect attentional selection (Eimer, 2014; Luck, 710 

2012; Luck & Hillyard, 1994), the Pd is selectively elicited by distracting visual input 711 

and linked to distractor inhibition (Gaspelin & Luck, 2018a; Hickey et al., 2009).   712 

Target ERPs. Contrary to our expectations, cluster-based permutation tests 713 

identified no significant effects of target repetition within the P1 or N1 time window. 714 
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To further explore the effects of target repetition, mean P1 and N1 voltages were 715 

entered into separate repeated measures ANOVA’s with the within-subjects factors 716 

Condition (variable vs. repeat), Trial Position (1 vs. 4) and Laterality (contra vs. ipsi). 717 

This analysis also revealed no Condition by Trial Position interaction (F = 2.6, p = 718 

0.12 for P1; F = 3.1, p = 0.09 for N1), suggesting that early visually evoked potentials 719 

were unaffected by target repetition.  720 

By contrast, as visualized in Figure 6, target repetition did reduce the N2pc, 721 

an ERP index of attentional orienting, as captured by a significant baseline-corrected 722 

cluster within the typical N2pc time window. As the direct comparison on the final 723 

repetition between baseline and the target repeat condition using cluster-based 724 

permutation testing revealed no significant cluster, we also explored the N2pc 725 

modulation with a repeated measures ANOVA with N2pc amplitude values averaged 726 

over the N2pc time window as the dependent variable. This yielded a significant 727 

three-way interaction (F (1,23) = 8.9, p = 0.007, η2 = 0.28), reflecting a reduction of 728 

the N2pc amplitude with target location repetition (t (23) = 2.2, p = 0.041), whereas 729 

this reduction was absent in baseline trials without repetition (t = 1.4, p = 0.19). This 730 

set of findings again illustrates enhanced statistical power of first averaging over 731 

samples within a specific time window and conducting statistical analyses on this 732 

average versus a cluster-based permutation test on individual samples, which is 733 

conceivable more sensitive to noise. An exploratory jack-knife procedure (Miller, 734 

Patterson, & Ulrich, 1998) demonstrated that these effects were driven by an earlier 735 

return to baseline of  N2pc at the final relative to the first target repetition (Δ = 28 ms 736 

, t = 3.38). 737 

 738 

<<<<<< Insert Figure 6 around here >>>>>> 739 
 740 
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Distractor ERPs. ERP waveforms evoked by the distractor yielded a different 741 

pattern of results. Again, contrary to our predictions, we observed no significant 742 

effects within the P1 or N1 time windows (F = 0.0, p = 0.99 for P1; F = 0.8, p = 0.37 743 

for N1). Like targets, distractors elicited a clear N2pc (F (1,23) = 46.9, p < 0.001, η2 = 744 

0.67) indicating that distractors captured attention on at least a subset of trials, but 745 

notably, in contrast to target repetition, this component was not modulated by 746 

distractor repetition. No significant clusters were observed within the N2pc window, 747 

nor yielded the repeated measures ANOVA any significant interactions (all F’s < 2.0, 748 

all p’s > 0.17). At the first trial of a sequence, distractor N2pc’s, however, were 749 

followed by a positivity, a positivity that was absent in target-elicited waveforms, and 750 

furthermore, given its latency and scalp topography is likely to be the Pd, an ERP 751 

related to distractor inhibition (Gaspelin & Luck, 2018b). Interestingly, as shown in 752 

Figure 7, this positivity was greatly reduced in the final distractor repetition trial. A 753 

significant cluster obtained when contrasting baseline and distractor-repeat at the 754 

final repetition confirmed that the amplitude of this positivity reduced with distractor 755 

repetition. As the observed reduction failed to survive the cluster-based permutation 756 

baseline correction, Pd amplitudes were also evaluated via a repeated measures-757 

ANOVA. A significant three-way interaction (F (1,23) = 4.8, p = 0.038, η2 = 0.17) and 758 

post-hoc paired t-tests, confirmed that the reduction of the Pd amplitude was specific 759 

to distractor repetition condition (t (23) = 2.9, p = 0.007), whereas it was absent in 760 

the baseline condition (t = 0.78,   = 0.44).   761 

 762 

<<<<<< Insert Figure 7 around here >>>>>> 763 
 764 

 765 
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Thus, ERP analyses showed that target repetition resulted in an earlier offset 766 

of the N2pc, an ERP component associated with attentional selection. A post-hoc 767 

repeated measures ANOVA directly contrasting target and distractor N2pc’s at the 768 

first and final trial position yielded a marginally significant interaction (F (1, 23) = 4.0, 769 

p = 0.059, η2 = 0.15) demonstrating that the N2pc reduction was larger in the target 770 

repeat compared to the distractor repeat condition. Whereas N2pc’s elicited by 771 

targets and distractors did not differ on the first trial in the sequence (t = 0.2, p = 772 

0.83), after four location repetitions the target N2pc was significantly smaller than the 773 

distractor N2pc (t (24) = 2.2, p < 0.041). By contrast, distractor repetition selectively 774 

modulated the amplitude of the Pd, an ERP component associated with inhibition of 775 

distracting visual input. Importantly, this component was absent in target-elicited 776 

waveforms. Together, these findings provide additional evidence that target 777 

facilitation and distractor suppression rely on distinct neural mechanisms.  778 

Against our predictions, however, we observed no evidence that early visual 779 

processing, as reflected in the P1 or the N1, was modulated by target or distractor 780 

location foreknowledge. Possibly, overlapping P1/N1 ERPs evoked by the other 781 

stimuli in the display masked effects by location foreknowledge on these early visual-782 

evoked ERPs.  783 

 784 

<<<<<< Insert Figure 8 around here >>>>>> 785 
 786 

 787 
Multivariate decoding: target location. The classification accuracy results in 788 

Figure 8 show that the decoding model could discriminate the target location, but in 789 

contrast to IEM, only after search display onset. Moreover, target repetition reliably 790 

modulated decoding classification accuracy. Specifically, mimicking the N2pc 791 
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findings, the classification peak narrowed within the N2pc time window, as reflected 792 

by a significant baseline-corrected cluster (Fig. 8). That is, decoding accuracy more 793 

quickly reduced after target learning, suggesting that target repetition may have 794 

reduced the duration of time the target location was represented in this time window. 795 

In contrast to our IEM results, decoding did not provide evidence for target learning-796 

induced changes in the spatial representation of the target location prior to target 797 

presentation. To exclude the possibility that anticipatory decoding was obscured by 798 

the broad band of frequencies used, we repeated the same analysis with alpha-band 799 

filtered data (as in our IEM analysis) using either all or a set of 32 posterior 800 

electrodes. However, this exploratory analysis also only revealed post-stimulus 801 

modulation of target decoding by repetition, but no anticipatory effects. Thus, the 802 

decoding results more closely followed the univariate ERP analysis results.     803 

 804 

<<<<<< Insert Figure 9 around here >>>>>> 805 
  806 

 807 
Multivariate decoding: Distractor location. We again observed a different 808 

pattern for distractor location decoding than target location decoding. Broadband 809 

EEG decoding was also sensitive to the distractor location (Fig. 9), and only post 810 

distractor, but distractor expectations did not appear to modulate classification 811 

accuracy. If anything, the classification peak within the N2pc window appeared to 812 

narrow, but this was not confirmed by cluster-based permutation tests. However, an 813 

exploratory repeated measures ANOVA yielded a significant interaction between 814 

Condition and Trial Position (F (1, 23) = 12.6, p = 0.002, η2 = 0.35), indicating that 815 

distractor location representation may have actually been modulated by distractor 816 
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location repetition in the time window of the N2pc, as was also observed for the 817 

target location as a function of target location repetition.    818 

 819 
General Discussion  820 
 821 
The aim of the present study was to gain more insight into how the brain learns to 822 

ignore distracting information based on past experience, and to what extent these 823 

mechanisms differ from learning about relevant aspects of the environment. The 824 

benefits of distractor learning, which developed at a slower rate than target learning, 825 

could not be explained by more attention to non-distractor locations or by priming 826 

alone. In line with recent findings (Foster et al., 2017; Samaha et al., 2016) and in 827 

support of top-down facilitation, we found that expectations about the upcoming 828 

target location sharpened neural tuning to that location before target presentation, 829 

and furthermore, reduced post-target processes related to attentional target selection 830 

(Eimer, 2014; Luck, 2012), as indicated by the N2pc ERP component. In contrast, 831 

expectations about the upcoming distractor location only modulated post distractor 832 

processing, i.e., reactively. Most notably, expected distractors appeared to no longer 833 

elicit a Pd, an ERP component related to distractor inhibition (Gaspelin & Luck, 834 

2018b; Hickey et al., 2009), as if distractors were no longer considered distractors by 835 

the brain. Together, these findings suggest that target facilitation and distractor 836 

suppression are differently influenced by learning, and thus, at least in part, rely on 837 

different neural mechanisms. More generally, our results demonstrate the 838 

complementary nature of findings obtained with forward encoding modeling, 839 

univariate ERP analysis, and multivariate decoding, as these different types of 840 

analyses were in part sensitive to different aspects of the data, as discussed in more 841 

detail below. 842 
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 Spatial tuning to the expected target location within the alpha-band already 843 

emerged in the interval preceding visual search, likely reflecting greater top-down 844 

attention to that location (Foster et al., 2017; Samaha et al., 2016). Strikingly, no 845 

changes in spatial tuning were observed to expected distractor locations, despite 846 

clear behavioral benefits of distractor location foreknowledge and a substantial 847 

reduction in the need for reactive distractor inhibition, as captured by a much smaller 848 

distractor-evoked Pd. These findings corroborates findings from a recent study by 849 

Noonan et al. (2016) that did not observe evidence for a role of alpha oscillations in 850 

preparatory distractor suppression, and also used a visual search task with more 851 

than 2 locations, preventing participants from simply directing more attention to the 852 

target location. Together, these findings call the computational role of alpha 853 

oscillations into question (Foster & Awh, 2018). One dominant view is that activity in 854 

sensory regions representing the distracting information can be top-down inhibited in 855 

advance through increasing alpha-band activity (Foxe & Snyder, 2011; Jensen & 856 

Mazaheri, 2010), just like knowledge about upcoming targets can be used to 857 

increase the excitability of task-relevant sensory regions to prioritize target 858 

processing by releasing inhibition by alpha oscillations. Our findings and the Noonan 859 

et al. (2016) findings do not provide support for the notion that distractor inhibition is 860 

implemented through preparatory inhibition of activity in visual regions representing 861 

the distractor location. While one should always be careful when interpreting a null 862 

finding, our results are more in line with a predictive coding framework in which 863 

processing of any expected stimulus is suppressed because it provides little new 864 

information (Noonan et al., 2018). Specifically, we found that learning about the 865 

upcoming distractor location greatly reduced the Pd component, which was 866 

selectively elicited by distractors before learning and is considered a neural marker 867 
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of distractor inhibition (Gaspelin & Luck, 2018b; Hickey et al., 2009). Previous 868 

research has associated faster RTs with larger Pd amplitudes (Gaspar & McDonald, 869 

2014) and shown that salient distractors that fail to capture attention elicit a Pd, 870 

indicative of active inhibition (Gaspelin & Luck, 2018a). Yet, here we found that 871 

distractor learning-related improvements in performance were associated with a 872 

reduction in Pd amplitude. This finding may suggest that when a distractor is 873 

expected, there is no more need for active inhibition, because the brain has learned 874 

that it can be safely ignored.  875 

Further supporting the idea that target facilitation and distractor suppression 876 

rely on different neural mechanisms, we observed that, in contrast to distractor 877 

repetition, the N2pc amplitude by repeated targets was selectively reduced 878 

(Praamstra, 2006). Specifically, a jack knife procedure revealed the N2pc returned to 879 

baseline 28ms earlier in the last vs. the first trial within a target repetition sequence. 880 

This could indicate that post-stimulus attentional selection was more quickly 881 

resolved. Alternatively, in line with the idea that the N2pc signals an object 882 

individuation process (Mazza & Caramazza, 2015), target individuation may have 883 

been more efficiently resolved when the target appeared at the predicted location 884 

and therefore was more precisely represented. By contrast, the N2pc elicited by 885 

distractors appeared to be insensitive to repetition effects, indicating that distractors 886 

continued to capture attention to the same extent. Distractors may have captured 887 

attention because the target location was random and attention thus had to be 888 

guided via a feature template representation in memory (left or right tilted gabor), 889 

which by design was highly similar to the distractor (horizontally or vertically oriented 890 

gabor). Previous research has demonstrated that irrelevant distractors matching the 891 

content of memory automatically capture attention (Olivers, Meijer, & Theeuwes, 892 
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2006), an effect that can survive (implicitly) learned spatial suppression (van 893 

Moorselaar, Theeuwes & Olivers, in press) It should be noted, however, that there 894 

was a numerical trend towards reduced distractor-induced activity in the time window 895 

of the N2pc in the N2pc and decoding analyses (see Noonan et al., 2016 for a 896 

similar finding) Thus, albeit to a lesser extent, distractor repetition may have also 897 

affected attentional selection or object individuation. Nonetheless, distractor learning 898 

especially modulated distractor-specific processes, as reflected by the repetition-899 

related reduction in the Pd. 900 

Neither target nor distraction location learning modulated early visual stimulus 901 

processing, as reflected in the amplitude of the P1 and N1. It is possible that these 902 

modulations were masked by overlapping P1/N1 ERPs evoked by the other stimuli in 903 

the display. Alternatively, and in line with the longer-latency N2pc en Pd effects, 904 

findings from several recent studies also indicate that expectations may modulate 905 

only later stages of information processing (Alilović et al., 2018; 906 

Rungratsameetaweemana, Itthipuripat, Salazar, & Serences, 2018). Thus, effects of 907 

expectation seem to strongly depend on the extent to which the predicted features 908 

are relevant for performance, whether positively (as is the case for targets) or 909 

negatively (as is the case for distractors). Once the brain has learned that the 910 

distractor stimuli can be safely ignored, they no longer need to be inhibited.  911 

Following our ERP findings, target decoding reduced as a function of target 912 

repetition in the time window of the N2pc. Note that reduced decoding does not 913 

necessarily reflect a change in pattern of neural activity (i.e., location representation), 914 

as it could simply be driven by an overall signal attenuation of evoked responses. 915 

The correspondence between the latency of our decoding and ERP findings is 916 

suggestive of this latter possibility. Distractor decoding did not reveal robust changes 917 
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as a function of distractor repetition. Yet, we cannot rule out the possibility that with 918 

more repetitions, we would have also observed a change in distractor location 919 

decoding. Four repetitions may simply not have been insufficient for observing 920 

reliable effects.  921 

How does the brain learn that a distractor can be safely ignored? Albeit 922 

speculative, rather than modulating activity in regions representing the distractor 923 

location, distractor learning may change synaptic efficiency within these regions, 924 

analogous to long-term memory and activity-silent coding in working memory 925 

(Stokes, 2015). Synaptic memory traces provide a more efficient coding scheme 926 

than active suppression through inhibition, and could explain longer lasting effects of 927 

learning on how attention is deployed. It would be very inefficient if the brain would 928 

need to continually actively suppress responses to irrelevant stimuli that it has 929 

learned are safe to ignore. Further research is necessary to test the possibility of 930 

distractor learning-related changes in synaptic efficiency. 931 

As a final note, here we interpreted the output of the IEM to reflect spatial 932 

tuning of population activity. Recently, however, it has been demonstrated that CTFs 933 

do not necessarily assay population tuning as it simply recapitulates the model 934 

assumptions (i.e., the set of basis functions) rather than being an intrinsic property of 935 

the data (Gardner & Liu, 2019). In other words, if the underlying model is inaccurate, 936 

this will result in misleading parameters. Here, we would like to point out that 937 

proactive tuning to target locations only emerged once the target location had been 938 

repeated and could thus be anticipated, and was absent in all other conditions 939 

without such foreknowledge. This finding strengthens our assumption that the 940 

underlying basis functions used by us and others (Foster et al., 2017; Samaha et al., 941 



 

 39 

2016; van Moorselaar et al., 2018) form a good set of predictors of cortical tuning to 942 

spatial locations.  943 

 To conclude, we show that in the context of learning, distractor suppression 944 

and target facilitation rely on distinct neural mechanisms. Whereas target learning 945 

was associated with increased anticipatory spatial tuning in the alpha-band, 946 

distractor learning only reduced reactive inhibition, as reflected in the amplitude of 947 

the Pd. These findings argue against direct top-down distractor inhibition, and 948 

instead resonate with predictive processing notions in which processing of expected 949 

stimuli is suppressed. 950 
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Figures 1106

1107

Figure 1 | Task design and behavioral findings of Experiments 1-3. (A) A trial sequence of Experiment 1108
1-3. In each condition, in each trial of a sequence of trials, participants had to indicate the orientation 1109
(left or right) of a target gabor. In all conditions except one, a distractor (a gabor that was horizontally 1110
or vertically oriented) was concurrently presented. Across a sequence of trials, the distractor location 1111
could repeat, the target location could repeat, or target and distractor locations varied across trials. 1112
The search display was presented for 200-ms, and participants had 1000-ms to respond. In all 1113
conditions, except the target-only variable (Tv) condition, the target was accompanied by a distractor 1114
(a horizontally or vertically oriented gabor). In the target-repeat (DvTr) and distractor-repeat (DrTv) 1115
conditions, the location of the target (Tr) or the distractor (Dr) was repeated over trials in a sequence. 1116
In the baseline (DvTv) condition, the target and distractor location varied from trial to trial. In the 1117
target-only variable condition (Tv), the location of the target also varied from trial to trial. Note that the 1118
number of trials in a sequence ranged between 4 and 12, and the number of search locations 1119
between 4 and 8 across experiments. Note further that the colors of each condition correspond to 1120
condition specific colors in subsequent plots. (B-D). Reaction times as a function of condition and trial 1121
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position for (B) Experiment 1, (C) Experiment 2 and (D) Experiment 3. (E) Boxplot showing benefits of 1122
distractor location repetition in distractor-repeat sequences in Experiment 3 as a function of trial 1123
position contrasted to random distractor location repetitions in baseline sequences. Solid lines inside 1124
boxes show the mean, and dashed lines show the median.  1125

1126

1127

Figure 2 | Topographic power in a range of low frequencies tracks both the location of the target and 1128
the distractor. (A) Total power CTF slopes tuned to the target location across a range of frequencies 1129
and collapsed across all conditions of interest (i.e. DvTv1, DvTv4, DvTr1, DvTr4). All non-significant 1130
values were set to zero in a two-step procedure. First, each individual data point was tested against 1131
zero with a paired-sampled t-test. After setting non-significant values to zero data were evaluated 1132
using cluster-based permutation. (B) Total power CTF slopes tuned to the distractor location across a 1133
range of frequencies and collapsed across all conditions of interest (i.e. DvTv1, DvTv4, DrTv1, 1134
DrTv4). 1135

1136
 1137
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1138

Figure 3 | Target repetition increased anticipatory and post-stimulus spatial tuning to target locations. 1139
All plots show the CTF slope, which here quantifies the location specificity of the topographic 1140
distribution of activity in the alpha band. (A) Evoked power CTF slopes tuned to the target location at 1141
the first (left plot) and final (right plot) trial in baseline (DvTv) and target-repeat sequences (DvTr). (B) 1142
Total power CTF slopes tuned to the target location at the first (left plot) and final (right plot) trial in 1143
baseline and target-repeat sequences. Target repetition increased spatial tuning to the predictable 1144
target location already in advance of target presentation. A control (dotted black line) analysis showed 1145
that this effect cannot be attributed to lingering effects from the preceding trial. Shaded error bars 1146
reflect bootstrapped SEM (same applies to subsequent figures). Colored bars on the x-axis (blue; 1147
green) indicate time points where conditions differ significantly from 0 after cluster correction (p 1148
<0.05). Double-colored thick lines indicate time points with a significant difference between the 1149
respective conditions after cluster correction (p <0.05). 1150

  1151



46

1152
Figure 4 | Estimated CTFs on the first and last trial of the sequence across three-time windows of 1153
interest. (A) Fitted CTFs tuned to the target location in baseline (blue; DvTv) and target-repeat 1154
sequences (green; DvTr). (B) Fitted CTFs tuned to the distractor location in baseline (blue; DvTv) and 1155
distractor-repeat sequences (red; DrTv). Estimates were based on a fit to an exponential cosine 1156
function (for details see results section). CTFs are shown separately for the first (top row) and final 1157
trial (bottom row) in the repetition sequence. From left to right CTFs are averaged across three 1158
windows of interest (i.e. anticipation: -550-ms - -0ms; search display: 0-ms - 200-ms; response: 200-1159
ms - 550-ms). Asterisks indicate significant difference between CTF amplitudes in baseline and 1160
repeat sequences: ** =  p <0.01: whereas there was a significant difference at the final trial position 1161
for target location tuned CTF amplitudes both in anticipation and during search, no such differences 1162
were observed in distractor location tuned CTF amplitudes.    1163

 1164
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1165

1166

Figure 5 | Distractor repetition did not change spatial tuning to distractor locations. (A) Evoked alpha 1167
power CTF slopes tuned to the distractor location at the first (left plot) and final (right plot) trial in 1168
baseline (DvTv) and distractor-repeat sequences (DrTv). (B) Total alpha power CTF slopes tuned to 1169
the distractor location at the first (left plot) and final (right plot) trial in baseline and distractor-repeat 1170
sequences. Colored bars on the x-axis (blue; red) indicate time points where conditions differ 1171
significantly from 0 after cluster correction (p <0.05). 1172

 1173
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1174

Figure 6 | Target repetition reduced the amplitude of the target-evoked N2pc. ERPs evoked by targets 1175
were computed only using trials where the target was presented on the bottom left or right from 1176
fixation, with a distractor on the midline. (A) Difference waveforms (contralateral – ipsilateral) 1177
revealing the N2pc are shown separately for the baseline (DvTv) and target-repeat (DvTr) condition 1178
on the first (1) and final (4) repetition in the sequence. Double-colored thick lines indicate time points 1179
with a significant difference between the respective conditions after cluster correction (p <0.05). Grey 1180
thick lines indicate time points with a significant condition difference after baseline correction (p 1181
<0.05). (B) Boxplots show the difference between conditions (DvTv – DvTr) on the first (dashed) and 1182
final (solid) trial of a target repetition block within the N2pc window (170-230 ms). Solid lines inside 1183
boxes show the mean, and dashed lines show the median.  1184

 1185
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1186

Figure 7 | Distractor repetition reduced the distractor-evoked Pd. ERPs evoked by distractors were 1187
computed based on trials where the distractor was presented on the bottom left or right from fixation, 1188
with a target on the midline. (A) Difference waveforms (contralateral – ipsilateral) revealing the N2pc 1189
and Pd are shown separately for the baseline (DvTv) and distractor-repeat (DrTv) conditions on the 1190
first (1) and final (4) repetition in the sequence. Double-colored thick lines indicate time points with a 1191
significant difference between the respective conditions after cluster correction (p <0.05). (B) Boxplots 1192
show the difference between conditions (DvTv – DrTv) on the first (dashed) and final (solid) repetition 1193
within the Pd window (280-360 ms). Solid lines inside boxes show the mean, and dashed lines show 1194
the median.  1195

 1196
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1197

Figure 8 | Target repetition was associated with a shortening of the representation of the target 1198
location within the N2pc time window, as reflected in decoding accuracy. Shown are target-location 1199
decoding accuracies of broad-band EEG using all 64 electrodes separately for baseline (DvTv) and  1200
target-repeat (DvTr) sequences and the first (1) and last (4) trial in a sequence. Colored bars on the x-1201
axis (blue; green) indicate time points where conditions differ significantly from 0 after cluster 1202
correction (p <0.05).Double-colored thick lines indicate time points with a significant difference 1203
between the respective conditions after cluster correction (p <0.05). Grey thick lines indicate time 1204
points with a significant condition difference after baseline correction (p <0.05). 1205

 1206
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1207

Figure 9 | Distractor repetitions was not associated with a change in the distractor representation, as 1208
reflected in decoding accuracy. Shown are distractor-location decoding accuracies of broad-band 1209
EEG using all 64 electrodes separately for baseline (DvTv) and distractor-repeat (DrTv) sequences 1210
and the first and last trial in a sequence. Colored bars on the x-axis (blue; red) indicate time points 1211
where conditions differ significantly from 0 after cluster correction (p <0.05). Double-colored thick lines 1212
indicate time points with a significant difference between the respective conditions after cluster 1213
correction (p <0.05). 1214
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