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Abstract  39 

Goal-directed behavior can benefit from proactive adjustments of cognitive control that 40 

occur in anticipation of forthcoming cognitive control demands (CCD). Predictions of 41 

forthcoming CCD are thought to depend on learning and memory in two ways: First, 42 

through direct experience, associative encoding may link previously experienced CCD 43 

to its triggering item, such that subsequent encounters with the item serve to cue 44 

retrieval of (i.e., predict) the associated CCD. Second, in the absence of direct 45 

experience, pattern completion and mnemonic integration mechanisms may allow CCD 46 

to be generalized from its associated item to other items related in memory. While 47 

extant behavioral evidence documents both types of CCD prediction, the neurocognitive 48 

mechanisms giving rise to these predictions remain largely unexplored. Here, we tested 49 

two hypotheses: (1) memory-guided predictions about CCD precede control 50 

adjustments due to the actual CCD required to perform, and (2) generalization of CCD 51 

can be accomplished through integration mechanisms that link partially overlapping 52 

CCD–item and item–item associations in memory. Supporting these hypotheses, the 53 

temporal dynamics of theta and alpha power in human electroencephalography data 54 

(n=43, 26 females) revealed that an associative CCD effect emerges earlier than 55 

interaction effects involving actual CCD. Furthermore, generalization of CCD from one 56 

item (X) to another item (Y) was predicted by a decrease in alpha power following the 57 

presentation of the X–Y pair. These findings advance understanding of the mechanisms 58 

underlying memory-guided adjustments of cognitive control. 59 

  60 
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Significance Statement  61 

Cognitive control adaptively regulates information processing to align with task goals. 62 

Experience-based expectations enable adjustments of control, leading to improved 63 

performance when expectations match the actual control demand required. Using EEG, 64 

we demonstrate that memory for past cognitive control demand proactively guides the 65 

allocation of cognitive control, preceding adjustments of control triggered by the 66 

demands of the present environment. Furthermore, we demonstrate that learned 67 

cognitive control demands can be generalized through mnemonic integration processes, 68 

enabling the spread of expectations about cognitive control demands to items 69 

associated in memory. We reveal that this generalization is linked to decreased alpha 70 

oscillation in medial frontal channels. Collectively, these findings provide new insights 71 

into how memory-control interactions facilitate goal-directed behavior.  72 

 73 

  74 
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Introduction 75 

Cognitive control refers to a collection of neurocognitive functions that align behavior 76 

with internal goals through top-down modulations on neural information processing, and 77 

hence plays a key role in adaptive behavior (Miller and Cohen, 2001; Waskom et al., 78 

2014; Egner, 2017). One key feature of cognitive control is that it adjusts to meet the 79 

cognitive control demand (CCD) of the present environment (Botvinick et al., 1999; 80 

Kerns et al., 2004). For example, a driver reacts to worsened driving conditions by 81 

flexibly increasing attention to the road and suppressing irrelevant information and 82 

behavior. A second key feature of control is that adjustments can be proactive, 83 

preparing an individual to meet anticipated imminent demands (Braver 2012). Emerging 84 

data indicate that proactive adaptations are often guided by associative learning and 85 

memory (Egner, 2014; Abrahamse et al., 2016; Braem et al., 2019; Chiu and Egner, 86 

2019). For instance, an experience-based association between a busy overpass and 87 

high CCD could lead to memory-guided proactive engagement of control the next time 88 

one approaches the overpass. The modulation of item–CCD association on cognitive 89 

control has been demonstrated in human behavior (Jacoby et al., 2003; Bugg et al., 90 

2011), with the encoding of item-CCD associations modeled by temporal difference 91 

learning across trials (Chiu et al., 2017).  92 

       A central open question is how does memory guide adjustments of cognitive control 93 

to align control with imminent CCDs? Intuitively, learning the CCD associated with an 94 

item should allow an organism to proactively adapt cognitive control to the predicted 95 

CCD before the actual demands are detected. To date, this idea has been modeled in 96 

computational simulations (Blais et al., 2007; Verguts and Notebaert, 2008), yet 97 
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empirical tests are scarce. Thus, the first goal of this study is to test this hypothesis by 98 

examining the temporal dynamics of association-guided cognitive control. 99 

       While the acquisition of item-CCD associations depends, in part, on striatal 100 

mechanisms (Chiu et al., 2017), learning often occurs in multiple neural systems that 101 

support distinct memory types and processes (Poldrack and Packard, 2003; Kumaran et 102 

al., 2016). Hippocampal-dependent mechanisms may support the generalization of 103 

expectations about control to related items in memory. For example, the high CCD 104 

associated with the busy overpass may be generalized to the roads near the overpass 105 

without directly experiencing high CCD on those roads. Indeed, the generalization of 106 

CCD has been documented in human behavior (Crump and Milliken, 2009; King et al., 107 

2012; Weidler and Bugg, 2016; Surrey et al., 2017; Bejjani et al., 2018), though the 108 

neurocognitive mechanisms remain poorly understood. As a second goal, we tested the 109 

hypothesis that the generalization of CCD can be achieved through integrative encoding 110 

(Shohamy and Wagner, 2008; Kuhl et al., 2010), wherein partially overlapping 111 

associations (e.g., overpass–road and overpass–CCD) result in the formation of an 112 

integrated representation (e.g., overpass–road–CCD) that supports direct retrieval of 113 

CCD expectations for an item (e.g., road as cue) that have been inherited from another 114 

associated item (e.g., overpass). 115 

       To test these hypotheses, we leveraged the high temporal resolution of 116 

electroencephalography (EEG) along with a learning and generalization paradigm. 117 

Similar to previous studies of generalization (Zeithamova and Preston, 2010; Kuhl et al., 118 

2011; Wimmer and Shohamy, 2012; Zeithamova et al., 2012; Bejjani et al., 2018), the 119 

task consisted of three phases (Fig. 1): an association phase establishing tool–120 
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landmark associations, a training phase introducing tool–CCD associations, and a test 121 

phase assessing the generalization of CCD from tools to landmarks. To preview the 122 

results, in the training phase EEG data, the observed temporal dynamics of neural 123 

responses are consistent with associative-memory driven proactive engagement of 124 

control that precedes further adjustments of control in response to the actual CCD 125 

required by the trial. These findings were cross-validated using the independent test 126 

phase EEG data. Moreover, the behavioral data at test and EEG data during the 127 

association and test phases provide strong evidence of generalization of CCD via 128 

associative memory. 129 

 130 

Materials and Methods 131 

Subjects 132 

Fifty-three subjects gave informed written consent, in accordance with procedures 133 

approved by the Stanford University Institutional Review board. Data from four subjects 134 

were excluded due to low behavioral performance (accuracy was 3 standard deviations 135 

(SD) or more lower than the group median (Leys et al., 2013) in at least one 136 

experimental condition of at least one of the three phases, see below). Data from six 137 

additional subjects were excluded due to excessive EEG artifacts. The final sample 138 

consisted of 43 participants (18–29 yrs old, mean = 22.1 yrs; 26 females) with normal or 139 

corrected-to-normal vision and no history of psychiatric or neurological disorders. 140 

 141 

Stimuli and Experimental Design 142 
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The stimuli consisted of eight color images: four tools and four landmarks (Fig. 1A). The 143 

images were presented on a 23-inch LCD display at 60 Hz using Psychtoolbox 3 and 144 

covered approximately 7.7º of visual angle. The task consisted of three phases: an 145 

association phase, a training phase, and a test phase.  146 

       The association phase (Fig. 1A) aimed to elicit the incidental encoding of tool-147 

landmark associations. To do so, the association phase comprised 6 runs of 60 trials 148 

each. Each trial consisted of the pairing of a specific tool followed by a specific 149 

landmark; the pairings were repeated throughout the association phase, creating four 150 

unique tool–landmark associations. The specific pairings were randomized across 151 

participants. Throughout, each image was displayed for 800ms and the tool-landmark 152 

images were separated by a uniformly jittered inter-stimulus interval (ISI, 900–1100ms). 153 

In order to temporally separate the trials and promote the encoding of the tool-landmark 154 

associations, the inter-trial intervals (ITI) were uniformly jittered between 2250–2750ms 155 

(i.e. the ITIs were substantially longer than the ISIs). Participants were not instructed to 156 

intentionally encode the tool-landmark associations. Instead, to ensure that participants 157 

attended to the images, their task was to press a response button using their right index 158 

finger whenever the encountered image was inverted. A tool image was defined as 159 

inverted when its handle was shown in the bottom half of the image; landmarks were 160 

inverted when their base was above their roof. There were four presentations of 161 

inverted tools and four inverted landmarks in each run. 162 

       The goal of the training phase was to associate each of the four tools with either a 163 

high or low CCD. To this end, participants performed a variant of the Stroop task (Fig. 164 

1B). On each trial, a compound stimulus, consisting of a tool image (target) and a 165 
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superimposed tool name (distractor), was presented for 800ms. The participants were 166 

required to identify the tool in the image by pressing a response button, while trying to 167 

ignore the tool name. Participants used four fingers of the same hand to separately 168 

respond to the four tools. The response mapping was counter-balanced across 169 

participants. Trials were separated by uniformly jittered ITIs (2700–3100ms). It is well 170 

established that, compared to congruent trials in which the target and distractor lead to 171 

the same response, incongruent trials require higher CCD to resolve the response 172 

conflict between the target and distractor (Cohen et al., 1990; Botvinick et al., 2001).  173 

The CCD associated with each of the four tools was varied using an item-specific 174 

proportion of conflict (ISPC) manipulation during training. Specifically, two tools were 175 

associated with high CCD (denoted as TH1 and TH2) by being presented in incongruent 176 

trials 75% of the time (i.e., ISPC = 75%); whereas the other two tools were associated 177 

with low CCD (denoted as TL1 and TL2) by being presented in incongruent trials 25% of 178 

the time (i.e., ISPC = 25%). The training phase comprised 6 runs of 48 trials each, with 179 

12 trials per tool image per run. As such, the manipulations resulted in a 2 (associative 180 

CCD, manipulated by ISPC) × 2 (actual CCD, manipulated by congruency) factorial 181 

design. To foster integration (Zeithamova and Preston, 2010), the association and 182 

training phase runs were interleaved in sets of two (Fig. 1D); as detailed below, we 183 

investigated how neural activity in the association phase changed after exposure to the 184 

tool–CCD associations in the training phase. 185 

       A final test phase was used to assess the generalization of CCD from tool–CCD 186 

associations (established in the training runs) to landmark–CCD associations mediated 187 

through the tool–landmark associations (induced in the association phase). The task in 188 
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the test phase was similar to the task in the training phase. Participants were required to 189 

identify the image of the landmark while trying to ignore the word label superimposed on 190 

the image (Fig. 1C). The trial structure and image presentation times were identical to 191 

the training phase. To avoid any potential confound due to the overlap in stimulus-192 

response mappings, participants responded using the other hand than the one used in 193 

the training phase. Across the 4 test runs, two landmarks (LL2 and LH2) were 194 

presented in the same ISPC as their associated tool. Crucially, the other two landmarks 195 

(LL1 and LH1) were presented in a neutral (50%) ISPC, and were used to test the 196 

generalization of CCD without the potential confound of experiencing a biased (low or 197 

high) ISPC across the test phase. As such, any ISPC effects for these landmarks must 198 

be inherited from their associated tools. Note that having biased landmarks (e.g., LL2 199 

and LH2) is not necessary for generalization to occur (see Bejjani et al (2018). 200 

 201 

Behavioral analysis 202 

To test whether the participants were engaged during the association phase, we 203 

calculated the hit rate (responding when the image was inverted) and overall accuracy 204 

(correctly making/withholding a response based on task instructions). 205 

       In the training phase, we analyzed accuracy and response time (RT). Accuracy was 206 

analyzed using a repeated measures ANOVA, including the factors associated CCD 207 

(high/low) and Congruency (congruent/incongruent). RTs were analyzed using a model-208 

based approach (Chiu et al., 2017) to assess learning of the tool–CCD associations. 209 

Specifically, the learning of the CCD associated with a tool was modeled using a 210 

temporal difference learning algorithm (Sutton and Barto, 2018): 211 
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Pi(t+1) = (1-α)Pi(t) + αC(t) 212 

where C(t) represents the congruency (1=incongruent, 0=congruent) at trial t; Pi 213 

quantifies the model-belief of the CCD associated with tool i; α is the learning rate that 214 

determines how strongly Pi is influenced by experienced congruency. α was determined 215 

using a grid-search (see below) and shared across all four tools. Given α and the trial 216 

sequence experienced by a participant, the model produces trial-by-trial estimates of Pi 217 

(i.e., the probability that the forthcoming trial is incongruent) and PEi, which denotes the 218 

unsigned prediction error at trial t (i.e., the absolute difference between Pi(t) and C(t)). 219 

These model estimates were used to explain the variance in trial-wise RTs as detailed 220 

below.  221 

       Trials accompanied by nuisance cognitive processes (e.g., unsuccessful conflict 222 

resolution and post-error slowing), such as error trials and post-error trials, were 223 

excluded from RT analyses. In addition, trials with RTs outside of the grand median ± 224 

2.5 SD range were excluded. For each participant, the remaining trial-wise RTs were 225 

regressed against a linear model with 7 regressors (congruency, predicted control 226 

demand, control prediction error, and 4 regressor representing each of the 4 tools). The 227 

shared variance between the predicted CCD and the congruency regressors ranges 228 

from 0.01 and 0.18 (0.14 ± 0.01) across subjects. Note that low shared variance (e.g., 229 

~0.01) is possible with extreme learning rates (e.g., 1). Control prediction error shared 230 

little variance with congruency (< 0.002 for all subjects) and predicted CCD (< 0.001 for 231 

all subjects). The learning rate was determined by a grid-search (range: 0–1, step size = 232 

0.01) that minimized the sum of squared errors of the model fit using trial-level RTs. The 233 

estimated coefficients in the winning model were normalized using error terms from 234 
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model fitting, and were then passed to group-level analyses, which used one-sample t-235 

tests to examine if the mean of a coefficient was significantly different from 0. Note that 236 

the grid-search does not constrain the sign of the estimated coefficients for the 237 

regressors and was thus orthogonal to group-level analysis.  238 

       For the test phase, the generalization of an associated tool’s CCD to its landmark 239 

was analyzed using the items with neutral ISPCs (i.e., LL1 and LH1). The model-based 240 

analysis was not used because the focus of this analysis was the generalization of the 241 

CCD through tool–landmark associations rather than the learning of a new CCD–242 

landmark association from the trial sequence in the test phase. Instead, we performed 243 

repeated measures ANOVAs with the factors CCD of the associated tool (high/low) and 244 

congruency (congruent/incongruent) on accuracy and on the median of RT in each 245 

condition. 246 

 247 

EEG data acquisition and preprocessing 248 

EEG data from 128-channel HydroCell Sensor Nets (Electrical Geodesics, Eugene, OR) 249 

were recorded at a sampling rate of 1000 Hz while participants performed the 250 

experiment. An impedance threshold was set to 50k ohms and was checked 251 

approximately every 12 min. EEG data were preprocessed using EEGlab 252 

(https://sccn.ucsd.edu/eeglab/index.php) and in-house Matlab scripts. EEG recordings 253 

were down-sampled to 500 Hz and then went through an automatic channel rejection 254 

procedure based on magnitude and variance using EEGlab. A high-pass filter of > 0.1 255 

Hz was applied to the remaining data. For all three task phases, the continuous 256 

recorded data were divided into epochs of 1500 ms, ranging from -500ms to 1000ms 257 
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post stimulus onset. Trial-level data went through the automatic epoch rejection of 258 

EEGlab using the “all methods” option and default settings. Remaining trials went 259 

through another manual epoch rejection process. Trials that survived the rejection 260 

procedures were transformed using independent component analysis (ICA) for further 261 

manual rejection of components reflecting eye movements and noise. ICA-filtered data 262 

were re-referenced to the average across all remaining channels. Missing channels 263 

were reconstructed using interpolation. Preprocessed data were then used in both 264 

event-related potential (ERP) and time-frequency analyses. For ERP analysis, 265 

preprocessed EEG data were low-pass filtered (cut-off = 30Hz) and the 200ms prior to 266 

stimulus onset was used for baseline correction. ERP data ranged from -200ms to 267 

800ms. Statistical analyses were performed at each node in a 2D (channel  time point) 268 

grid. For time-frequency analysis, preprocessed EEG data were low-pass filtered (cut-269 

off = 50Hz). Event-related (log) spectral perturbation (ERSP) was calculated using 270 

Morlet wavelets (Delorme and Makeig, 2004) at each frequency in theta (4–7 Hz, 3 271 

cycles), alpha (8–13 Hz, 6 cycles) and beta (14-30 Hz, 10 cycles) bands. ERSP was 272 

computed at the trial level and was then grouped and averaged based on experimental 273 

conditions. The ERSP data spanned from -80ms to 590ms after the onset of the 274 

stimulus, with a sampling rate of 100Hz. Statistical analyses were performed at each of 275 

the nodes in a 3D (channel  time point  frequency) grid. 276 

 277 

EEG data analysis 278 

ERP and time-frequency data were divided into conditions for each task phase. For the 279 

association phase, trials with inverted images were excluded. The remaining trials were 280 
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divided into 16 conditions, representing the 8 stimuli (4 tools and 4 landmarks)  2 run 281 

bins (runs 1–2 and runs 3–6). At the individual subject level, the mean trial numbers 282 

were 257 (range: 208–312) and 247 (range: 194–314) for tools and landmarks, 283 

respectively. By contrasting the EEG signals in the early (i.e., runs 1-2) with the late part 284 

of the association task (i.e., runs 3–6, see Fig. 1D), we investigated neural signals 285 

related to the generalization of associated CCD from tools to landmarks via the tool–286 

landmark associations. The training phase data (219 trials on average, range: 150–260) 287 

were partitioned into 4 conditions, representing the 2 (associated CCD level: high vs. 288 

low)  2 (congruency) factorial design. Note that CCD level was divided into 2 levels 289 

rather than a trial-level continuous variable as in the model-based analysis. This 290 

approach was adopted out of concern that the signal-to-noise ratio in the EEG data at 291 

single channels, time points and frequency may be insufficient to ensure robust signal in 292 

each node on each trial and hence may reduce statistical power. As shown in Fig. 2A, 293 

model-estimated CCD shows a clear distinction between tools with high and low CCD 294 

levels, thus the 2 CCD levels provided a good approximation of the distribution of the 295 

model-derived CCDs, and simultaneously enhanced sensitivity by averaging across 296 

multiple trials within each condition. The test phase data (mean trial number: 144, range: 297 

86–167) were grouped based on a 2 (associated CCD of paired tool: high/low)  2 298 

(congruency/incongruency) factorial design. To avoid bias in ISPC, only landmarks with 299 

neutral ISPC (i.e., LL1 and LH1) were used in tests for generalization of CCD (mean 300 

trial number: 72, range: 45–84). 301 

       One main goal of this study is to test the temporal order of associated and actual 302 

CCD effects. To avoid bias, we chose not to use pre-defined time windows for different 303 
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effects, and instead adopted a data-driven approach that searched the whole temporal 304 

span of EEG data following the onset of the stimulus. Specifically, the statistical 305 

analyses of the effects of interest were conducted using nonparametric cluster-based 306 

permutation tests (Maris and Oostenveld, 2007). Dependent-sample t-tests were 307 

performed to compare the conditions at every data node (electrode, time point, and 308 

frequency). Clusters of significant (P < 0.01, one-tailed tests) adjacent nodes were 309 

identified and grouped together. Two nodes were considered adjacent when they only 310 

differed in one dimension, with the difference being either within 4cm Euclidean 311 

distance between channels, 1 time point (10 ms), or 1 Hz. We then used the maxsum 312 

statistics, defined as the sum of the t-statistics across all nodes within a cluster, as a 313 

summary quantification of both the statistical significance within nodes and the span of 314 

the cluster. The nonparametric cluster-based permutation tests were conducted 315 

separately for positive and negative statistics, because difference in sign may indicate 316 

different neural processes. To determine p-values that controlled for multiple 317 

comparisons, the maxsum of clusters were compared to a null distribution, which was 318 

comprised of the maxsum of the clusters from 6,000 simulations that repeated the same 319 

analysis with randomly shuffled condition labels (e.g., (Bramao and Johansson, 2017; 320 

Bramao et al., 2017)). Due to the distinct neural processes represented by and the 321 

different number of cycles used for the theta, alpha and beta bands, statistical analyses 322 

were conducted on these bands separately. The same threshold for statistical 323 

significance was applied to all frequency bands, allowing for comparison of temporal 324 

span across clusters from different frequency bands. 325 
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       To test trial-level brain-behavior correlations, we extracted cluster-mean EEG data 326 

(e.g., theta power) for a given cluster from the nonparametric cluster-based permutation 327 

tests at each trial as a regressor, which was combined with a constant regressor to form 328 

a general linear model (GLM). Then the trial-wise RT was regressed against this GLM 329 

to obtain the coefficient for the EEG data regressor, providing a quantification of the 330 

EEG data’s modulation on RT. Critically, because a significant CCD × congruency 331 

interaction effect (i.e., the difference between when the [generalized] associated CCD 332 

matched the actual CCD and when they did not) was used to identify the cluster for this 333 

analysis, we prevented double-dipping by performing this analysis separately for each 334 

condition of the CCD × congruency factorial design. The mean of the coefficients from 335 

the four conditions was calculated for each participant and was passed on to a group-336 

level t-test against 0 (i.e., no modulation of EEG data on behavior). 337 

       For two clusters found in the nonparametric cluster-based permutation tests, we 338 

compared their temporal distributions marginalized over channel and frequency (i.e., the 339 

likelihood of finding a data node in the cluster for a given time) to test which cluster 340 

emerged earlier. To this end, we formed the null hypothesis that variable  341 

(representing a marginalized temporal distribution) with distribution  precedes another 342 

random variable  with distribution . To test this hypothesis, we calculated the 343 

probability that  precedes a time point  randomly sampled from . Once  is drawn, 344 

we computed the probability of ( < ) = ∫ ( )  . Plugging ( < ) into the 345 

random sampling of  based on , we obtained the P value as the probability of the 346 

null hypothesis being supported (i.e., ( < )), which takes the form: 347 
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( < ) = ( ) ( )   

In other words, ( < ) denotes the probability of observing <  by randomly 348 

drawing  and  for infinite times. To avoid confusion with the inferential statistics (see 349 

below), ( < ) is henceforth referred to as ‘precedence index’, which ranges from 0 350 

to 1. The lower the precedence index, the less likely A precedes B. In particular, a 351 

precedence index of 0.5 indicates that A and B are equally likely to precede each other. 352 

 To account for sampling error, we estimated the distribution of the precedence 353 

index using bootstrap resampling. Specifically, we randomly resampled (with 354 

replacement) the subjects to form a new sample of 43 subjects. We then performed the 355 

group-level analysis nonparametric cluster-based permutation tests, identified the 356 

clusters showing highest maxsum statistics for each of the CCD effect and the CCD × 357 

congruency interaction effect. These two clusters were then submitted to the 358 

aforementioned temporal distribution comparison. This bootstrap resampling procedure 359 

was repeated for 1000 times and resulted in a distribution of the precedence index that 360 

the CCD × congruency interaction effect preceded the CCD effect. 361 

 362 

Results 363 

Behavioral data 364 

Participants performed the inversion detection task in the association phase with high 365 

accuracy (group mean  SEM: 0.99  0.004). On the rare trials in which participants 366 

needed to respond to inverted stimuli, the hit rate was 0.97  0.01. These results 367 

indicate that participants followed the task instructions and were attentive to the images. 368 
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       In the training phase, we first validated the model by comparing its prediction of Pi 369 

to the experimental manipulation of tool-CCD associations. Consistent with the task 370 

design, model belief of CCD for tools with high ISPC (0.68  0.01) was significantly 371 

higher than for those with low ISPC (0.32  0.01, paired t-test: t42 = 16.14, P < 0.001, 372 

Fig. 2A). Because the predictions also included the learning process, the model belief of 373 

ISPC is expected to fall below the theoretical value (i.e., 0.25 and 0.75). Next, analysis 374 

of the effect of congruency on participant accuracy revealed a significant main effect 375 

(F1,42 = 36.43, P < 0.001), driven by higher accuracy on congruent (0.96  0.01) 376 

compared with incongruent trials (0.93  0.01). Neither the main effect of ISPC (F1,42 = 377 

0.20) nor the interaction between ISPC and congruency (F1,42 = 1.13, P = 0.29) was 378 

significant (Fig. 2B). Moreover, a model-based analysis on RT data replicated the 379 

classic finding that incongruent trials were slower than congruent trials, evidenced by 380 

incongruency positively modulating RT (0.32  0.02, t42 = 11.67, P < 0.001, Fig. 2C, 381 

middle column).  382 

More importantly, in the training phase, we expected that the presentation of the 383 

tool would initiate retrieval of its associated CCD, guiding conflict resolution. Thus, when 384 

the associated CCD deviates from the actual CCD experienced as a function of 385 

congruency on the trial (i.e., when control prediction error is large), retrieved CCD will 386 

mislead conflict resolution, resulting in slower responses (Jiang et al., 2014; Jiang et al., 387 

2015; Chiu et al., 2017; Muhle-Karbe et al., 2018). These predictions were confirmed by 388 

a significant positive modulation of control prediction error on RT (0.32  0.12, t42 = 2.66, 389 

P = 0.01, Fig. 2C, right column). This finding indicates successful encoding of the item-390 

specific CCD–tool associations and the influence of these associations in guiding 391 
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cognitive control in the training phase. Finally, the modulation of associated CCD on RT 392 

was not significant (-0.11  0.28, t42 = -0.38, P = 0.71). This null result is consistent with 393 

previous studies using ISPC manipulations (Chiu et al., 2017; Bejjani et al., 2018), and 394 

was expected based on aforementioned theory. This is because the delta between 395 

different levels of associated CCD is short-lived and will be replaced by actual CCD, 396 

leading to limited influence on the main effect of associated CCD in behavior. As a 397 

comparison, we also performed a repeated-measures 2  2 ANOVA on training phase 398 

RTs. There was a significant main effect of congruency (F1,42 = 151.13, P < 0.001). 399 

Neither the main effect of associated CCD nor the interaction was significant (both Fs < 400 

1; Low ISPC/congruent: 640  12 ms, low ISPC/incongruent: 680  13 ms, high 401 

ISPC/congruent: 640  11 ms, high ISPC/incongruent: 676  13 ms). Compared to the 402 

model-based analysis that specifically examined the learning-related effect, the 403 

interaction effect may be confounded by other factors such as feature-binding (Mayr et 404 

al., 2003), perhaps contributing to this null result. 405 

       In the test phase, accuracy on landmarks with 50% ISPC (i.e., LL1 and LH1) 406 

exhibited a significant main effect of congruency (F1,42 = 15.59, P < 0.001, Fig. 2D), 407 

driven by higher accuracy on congruent (0.95  0.01) than incongruent trials (0.91  408 

0.01). Additionally, a marginally significant main effect of the ISPC of the associated tool 409 

(F1,42 = 3.88, P = 0.06) evidenced a trend for higher accuracy in the high CCD (LH1: 410 

0.94  0.01) than low CCD condition (LL1: 0.92  0.01). The interaction between the two 411 

factors was not significant (F1,42 = 0.004). In RT data, there again was a significant main 412 

effect of congruency (F1,42 = 98.75, P < 0.001, Fig. 2E), driven by faster responses in 413 
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the congruent (670  11ms) than incongruent condition (730  14ms). The main effect 414 

of the ISPC of the associated tool was not significant (F1,42 = 1.07, P = 0.31).  415 

Crucially, in the test phase, we observed a significant interaction between the 416 

CCD of the associated tool and congruency (F1,42 = 9.82, P = 0.003). Similar to the 417 

control prediction error effect found during the training phase, the interaction exhibited a 418 

pattern wherein mismatched CCD of the associated tool and actual congruency (i.e., 419 

LL1 in incongruent trials and LH1 in congruent trials), which corresponded to larger 420 

prediction error, led to slower RTs than matched conditions (i.e., LL1 in congruent trials 421 

and LH1 in incongruent trials). Critically, the fact that the directly experienced ISPC in 422 

the test phase was the same for LL1 and LH1 landmarks rules out the possibility that 423 

this interaction was attributable to the test phase. Consistent with recent behavioral 424 

findings (Bejjani et al., 2018), this interaction effect indicates that the CCD linked to a 425 

tool was transferred to its associated landmark.  426 

 427 

EEG results – validation  428 

As the first step of EEG analysis, we validated the data by testing whether they replicate 429 

the congruency effect –– specifically, stronger mid-frontal negativity, sometimes 430 

followed by stronger posterior positivity on incongruent than congruent or neutral trials  431 

–– found in previous ERP studies (Liotti et al., 2000; Folstein and Van Petten, 2008; 432 

Hanslmayr et al., 2008). Consistent with these studies, in the present experiment, ERP 433 

analyses revealed a main effect of congruency in both the training (Fig. 3A) and test 434 

(Fig. 3B) phases. Specifically, in the training phase, a cluster of mid-line and frontal 435 

channels (Fig. 3C, left most panel, corrected P < 0.05) showed significantly greater 436 



 

 20 

positivity on congruent relative to on incongruent trials, starting ~550 ms post-stimulus 437 

onset (Fig. 3C, second from left panel) and continuing until the end of the stimulus 438 

presentation (i.e., 800 ms). The ERP time courses across these channels were similar 439 

in the test phase (Fig. 3C, right panel). Indeed, when testing the congruency effect in 440 

this cluster using test phase data, the pattern of greater positivity on congruent than 441 

incongruent trials persisted (t42 = 2.53, P = 0.008). Complementing the frontal, mid-line 442 

effect, a cluster of occipital channels showed greater positivity on incongruent compared 443 

with congruent trials (Fig. 3D, leftmost panel, corrected P < 0.05), diverging from ~550 444 

ms to ~800 ms post-stimulus onset in both the training (Fig. 3D, second from left panel) 445 

and test phases (Fig. 3D, second from right panel; t42 = 3.10, P = 0.002).  446 

 447 

EEG results – temporal dynamics of memory-guided cognitive control 448 

Our behavioral data revealed the involvement of associated CCD in guiding cognitive 449 

control (Fig. 2C). Based on the dual mechanisms of cognitive control theory (Braver et 450 

al., 2007; Braver, 2012) and computational simulations (Blais et al., 2007; Verguts and 451 

Notebaert, 2008), we hypothesized that, within a trial in the training and the test phases, 452 

cognitive control will first be guided by the retrieved/predicted CCD and then gradually 453 

shift to the actual CCD (i.e., the experienced [in]congruency). Accordingly, in the EEG 454 

data, we expected that, within a trial, a main effect of associated CCD would be first 455 

observed, reflecting the retrieval of the associated CCD to guide cognitive control. 456 

Subsequently, on trials in which the retrieved associated CCD conflicted with the actual 457 

CCD required to guide cognitive control, a mismatch effect would signal the need and 458 

engagement in adjustment of control. In other words, neural activity was expected to 459 
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differ between the scenario when the associated and actual CCDs were consistent (i.e., 460 

high CCD in incongruent trial and low CCD in congruent trial) and when they were 461 

inconsistent (i.e., low CCD in incongruent trial and high CCD in congruent trial), leading 462 

to an interaction effect between associated CCD and congruency (Fig. 4). We did not 463 

consider the main effect of congruency because it may reflect reactive cognitive control 464 

(i.e., withholding adjustment of cognitive control until the detection of actual CCD), 465 

rather than the proactive cognitive control focused on in this study. 466 

       To test these predictions, we performed 2 (associated CCD: high/low) × 2 467 

(congruency/incongruency) repeated measures ANOVAs on the ERP data and the time-468 

frequency signals (theta, alpha and beta bands) from the training phase. Multiple 469 

comparisons were corrected for using nonparametric cluster-based permutation tests. 470 

To test the neural processes shared by both training and test phase data (e.g., the 471 

generalization of the associated CCD) and to examine the validity of the findings, we 472 

used clusters detected in the training phase as ROIs and repeated the analyses using 473 

the ROIs in the test phase data. To be consistent with the hypothetical chronological 474 

order shown in Fig. 4, we first present the results of the main effect of associated CCD 475 

and then the results of the associated CCD × congruency interaction. 476 

       Early in the training phase (peaking around 200ms), we observed lower alpha-band 477 

ERSP on high associated CCD trials than on low associated CCD trials (Fig. 5A). A 478 

nonparametric cluster-based permutation test statistically confirmed that the high CCD 479 

condition was associated with lowered ERSP in the alpha-band in a group of left frontal 480 

and middle channels (corrected P = 0.048; Fig. 5C, left panel) and peaked around 481 
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200ms post-stimulus onset (Fig. 5C, middle and right panels). No other clusters passed 482 

the nonparametric cluster-based permutation tests. 483 

       We next turned to the test phase data and used this cluster to test the 484 

generalization of the CCD to landmarks. A similar spatiotemporal pattern was found in 485 

the test phase when comparing high and low transferred CCD trials (i.e., LH1 vs LL1; 486 

Fig. 5B). Consistent with the training phase data, we observed statistically significant 487 

lower alpha-band ERSP for the high transferred CCD landmark (i.e., LH1) compared 488 

with low transferred CCD landmark (i.e., LL1, t42 = 2.13, P = 0.04, Fig. 5D, left panel). In 489 

the channels showing an associated CCD effect in the training phase (Fig. 5C, left 490 

panel), the generalized CCD effect at test demonstrated temporal and frequency spans 491 

similar to those in the training phase (Fig. 5D, middle and right panels). As such, the 492 

(generalized) CCD effects presently observed in two independent sets of EEG data (i.e., 493 

training and test phases) strongly support the notion that this cluster represents 494 

engagement of the (generalized) associated CCD.  495 

       Later within trials during the training phase, we observed an interaction between 496 

associated CCD × congruency in the theta-band ERSP (Fig. 6A), revealing a cluster 497 

that included posterior midline channels that peaked around 350ms post-stimulus onset 498 

(Fig. 6C, left panel, corrected P = 0.044). Numerically, the test phase data displayed a 499 

similar interaction in the posterior midline channels (Fig. 6B), which reflected lower 500 

ERSP for trials with mismatched associated CCD and congruency (i.e., incongruent 501 

trials with low associated CCD and congruent trials with high associated CCD) 502 

compared with trials with matched associated CCD and congruency (i.e., incongruent 503 

trials with high associated CCD and congruent trials with low associated CCD, Fig. 6C, 504 
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middle and right panels). We further found that, at the trial level, theta-band power in the 505 

cluster in Fig. 6C explained variance in RT, such that lower theta power (reflecting 506 

mismatch between associated CCD and congruency, or larger control prediction error) 507 

was accompanied by slower responses (collapsed across conditions in the CCD × 508 

congruency factorial design to de-confound the shared variance in the CCD × 509 

congruency interaction found in both behavioral and EEG data, t42 = -3.31, P = 0.002, 510 

Fig. 6D). When applying this cluster to test phase data, the interaction effect, which was 511 

defined following Fig. 6A to preserve the sign of the effect, was also significant (t42 = -512 

2.13, P = 0.04, Fig. 6E), and the interaction effect also predicted test phase RT at the 513 

trial level (t42 = -2.18, P = 0.03, Fig. 6F). The behavioral relevance of this cluster 514 

suggests that it is involved in the online adjustment of cognitive control that shifts from 515 

memory-guided to actual CCD-guided control. 516 

       Note that in the training phase, one other posterior midline cluster displayed a 517 

significant CCD × congruency interaction effect in the alpha band; this effect peaked 518 

around 300ms post-stimulus onset (corrected P = 0.006, c.f., Fig. 6C, middle panel). 519 

However, when replicating the aforementioned brain-behavior analysis, alpha-band 520 

power in this cluster did not significantly explain variance in RT in training phase data 521 

(t42 = -1.79, P = 0.08). Furthermore, when we repeated these analyses using the test 522 

phase data, neither the interaction effect (t42 = -1.51, P = 0.14) nor the brain-behavior 523 

analysis was significant (t42 = -0.12, P > 0.9). Due to the lack of replicability and 524 

behavioral relevance, we conclude that activity in this cluster does not reflect the 525 

adjustment of cognitive control following the detection of the actual CCD. No other 526 

clusters passed the nonparametric cluster-based permutation tests. 527 
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       Note that ERP analyses revealed neither a main effect of associated CCD nor an 528 

associated × actual CCD interaction that survived the nonparametric cluster-based 529 

permutation tests. These null results may reflect phase incoherence in event-induced 530 

activity across trials (Bastiaansen and Hagoort, 2003). When repeating the analyses of 531 

main effect of associated CCD and CCD × congruency interaction using test phase data, 532 

the nonparametric cluster-based permutation tests did not reveal any significant results. 533 

This was possibly due to the low trial count and subsequent low signal-to-noise ratio at 534 

the node level. 535 

       None of the three frequency bands showed a significant effect of congruency. 536 

Given that the time window of the time-frequency analyses ended at 590ms post-537 

stimulus onset, the lack of a significant effect here does not contradict the ERP findings 538 

showing a congruency effect after 550ms post-stimulus onset. We speculate that the 539 

relatively late congruency effects reflect the dominance of actual CCD, after correcting 540 

the associative CCD, in guiding cognitive control (reflected in the associated × actual 541 

CCD interaction). 542 

       To determine whether proactive control adjustments in response to anticipated 543 

CCD precedes further control adjustments in response to actual CCD, we quantitatively 544 

tested whether the associated CCD effect temporally preceded the CCD × congruency 545 

interaction. For each of the clusters showing the associated CCD effect (Fig. 5C) and 546 

the CCD × congruency interaction (Fig. 6C), we calculated their marginalized 547 

probabilistic density functions on the temporal dimension (Fig. 7) and calculated the 548 

precedence index that the distribution of the associated CCD effect followed the 549 

distribution of the interaction effect (see Methods). A resulting precedence index of 0.02 550 
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suggested a high chance that the CCD × congruency interaction effect occurred after 551 

the CCD effect. We also estimated the distribution of the precedence index by 552 

percentile bootstrapping 1000 times (see Methods). The non-parametric 95% 553 

confidence interval of the precedence index was [0.0048, 0.4464], which lay outside of 554 

the baseline value of 0.5. This result indicates a p-value less than 0.05 for the null 555 

hypothesis that the CCD effect did not precede the CCD × congruency interaction effect. 556 

 557 

EEG results – generalization of CCD through tool-landmark association 558 

As reported above, even when landmarks LL1 and LH1 were presented with the same 559 

neutral ISPC (50% congruency) during the test phase, behavioral analyses of RT 560 

revealed a significant interaction between the indirectly paired CCD (i.e., through the 561 

landmark’s associated tool) and congruency (Fig. 2E) and neural analyses revealed a 562 

main effect of the indirectly paired CCD on alpha-band oscillations (Fig. 5D). These 563 

results provide strong evidence that participants generalized the learned CCD from 564 

tools to their associated landmarks.  565 

In a final set of analyses, we explored the possible mechanisms supporting this 566 

generalization. In particular, we hypothesized that, during the interleaved presentations 567 

of tool-landmark pairs during the association phase and tool-CCD pairs during the 568 

training phase, these two associations become integrated in memory, forming a tool-569 

landmark-CCD representation that enables the generalization of CCD to the landmark 570 

(Fig. 8A).  571 

       One potential task phase during which integrative encoding may occur is in runs 3–572 

6 of the association phase (i.e., after initial exposure and encoding of the tool-CCD 573 
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associations, see Fig. 1D). During the time course of a trial in these runs, presentation 574 

of the tool may reactivate the learned tool-CCD association, which can then be 575 

associated with the subsequent landmark upon its presentation. To test this possibility, 576 

we compared EEG data following the presentation of landmark images to that following 577 

the presentation of tool images in runs 3–6. The tool image data were used as a 578 

baseline to tease apart EEG data reflecting nuisance processes such as perceptual 579 

processing. Data from the first 2 runs of the association phase were included as an 580 

additional baseline when tool-CCD associations were not available. This baseline filters 581 

out neural activity of the encoding of the tool–landmark association and helps isolate 582 

signal potentially reflecting integrative encoding. Therefore, the test for integrative 583 

encoding took the form of an interaction between stimulus category (tool vs. landmark) 584 

and time (runs 1–2 vs. runs 3–6), as shown in Fig. 8B.  585 

       Across the ERP data and the time-frequency data, the nonparametric cluster-based 586 

permutation tests revealed an alpha-band, mediofrontal cluster centered around 300ms 587 

post-onset of the landmark image (corrected P = 0.036, Fig. 8CD, left and middle 588 

panels). This effect was driven by data from runs 3–6, which showed reduced alpha-589 

band ERSP following the onset of the landmarks, compared to following the 590 

presentation of the tools (Fig. 8D, right panel). Given that memory retrieval is 591 

accompanied by alpha desynchronization (Hanslmayr et al., 2012; Hanslmayr et al., 592 

2016), the increased alpha-band ERSP in tools than landmarks was unlikely to reflect 593 

the retrieval of the tool-CCD association. Critically, to test whether this interaction effect 594 

was linked to the generalization of CCD to the landmarks, we performed a cross-595 

participant correlation analysis between the cluster-average interaction effect for each 596 
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participant and the cluster-mean of the transferred CCD effect in the test phase (Fig. 5D) 597 

for that participant. Similar to the behavioral analysis, this analysis was performed on 598 

items with neutral test phase ISPC (i.e., LL1 and LH1), in order to de-confound the 599 

ISPC in the test phase. Results revealed a significant positive relationship (r = 0.38, P = 600 

0.01, Fig. 8E, top panel), indicating that participants with stronger post-landmark alpha 601 

power decrease in the association phase tended to show a stronger alpha-band 602 

transferred CCD effect in the test phase. To examine whether this effect was item-603 

specific (i.e., only occurring within the same items), we repeated this analysis by 604 

keeping test phase data unchanged while replacing association phase items LL1 and 605 

LH1 with different items LL2 and LH2, thus forming a cross-item design. A positive 606 

correlation coefficient would be evidence against the item-specific claim. However, a 607 

negative correlation (r = -0.35, P = 0.02, Fig. 8E, bottom panel) was observed, thus 608 

supporting the item-specific claim. The negative correlation shows that post-landmark 609 

alpha power decreased in the association phase between LL1 & LH1 and LL2 & LH2 (r 610 

= -0.71, P < 0.001), which may reflect interference between individual associations 611 

during generalization. 612 

        An alternative interpretation of the stimulus category × time interaction may be that 613 

it reflects differential processing of or attention to the tool images relative to the 614 

landmark images. Specifically, because each landmark appears 15 times in each 615 

association phase run and each tool appears 15 times in each association phase run 616 

and 12 times in each training phase run (which were interleaved with association phase 617 

runs), a change in the EEG response to a stimulus between association phase runs 1–2 618 

and runs 3–6 can be viewed as an adaptation effect. From this perspective, the 619 
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interaction effect might reflect stronger adaption effects for tools than landmarks, given 620 

that tools were encountered more often (due to their presentation in the interleaved 621 

training phase runs). At the individual level, stronger adaptation for tools than landmarks 622 

(c.f., Fig. 8D, right panel) might be attributed to more attention to the tool images in the 623 

training phase; such attention should impact tool processing during the training phase 624 

and thus impact the magnitude of the congruency effect (e.g., attention-enhanced 625 

processing of the task-relevant stimulus [i.e., the tool image] might reduce the 626 

congruency effect). In short, this alternative interpretation predicts that a stronger 627 

stimulus category × time interaction in the association phase will be related to a weaker 628 

congruency effect in the training phase. To test this prediction, we used cross-subject 629 

correlational analyses between the stimulus category × time interaction effect in the 630 

association phase and the congruency effect in the training phase. Given that significant 631 

training phase congruency effects were observed in the ERP (clusters identified in Fig. 632 

3C and Fig 3D), behavioral accuracy, and RT data (Fig. 2), we conducted four analyses, 633 

each using one effect as a measure of the congruency effect. None of the correlations 634 

reached significance (all Ps > 0.18). Therefore, the stimulus category × time interaction 635 

effect appears less likely to reflect differential adaptation to the tools than the landmarks. 636 

       Another possibility is that the cluster reflected the change in the 637 

predictability/association strength between tool and landmark. If this were true, we 638 

would predict that this effect (reflecting tool-landmark association) and the main effect of 639 

associated CCD in the training phase (reflecting tool-CCD association, Fig. 5C) will 640 

jointly predict the main effect of generalized CCD in the test phase EEG data (Fig. 5D). 641 

To test this prediction, we conducted cross-subject rescaling (range: 0-1) separately on 642 
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the effect of tool minus landmark in the cluster reported in Fig. 8D and the training 643 

phase associated CCD effect. These rescaled effects for TL1, TH1, LL1 and LH1 were 644 

combined and correlated with the main effect of generalized CCD for LL1 and LH1 in 645 

the test phase. For the joint prediction, we tested whether the strength of generalized 646 

CCD relates to either (1) the sum of the two predictor effects or (2) the product of the 647 

two predictor effects. Neither yielded a significant correlation with the generalized CCD 648 

effect (both Ps > 0.18). Thus, it is unlikely that this effect reflects the 649 

predictability/association strength between the tool and the landmark. 650 

 651 

Discussion 652 

How cognitive control is regulated is of key interest in understanding goal-directed 653 

behavior (Botvinick et al., 2001; Botvinick and Cohen, 2014; Waskom et al., 2017). 654 

Recent theoretic advances propose that cognitive control can be proactively adjusted 655 

based on prediction of future CCD (Botvinick et al., 2001; Brown and Braver, 2005; 656 

Braver et al., 2007; Braver, 2012). A wealth of data indicate that such predictions can be 657 

based on temporal information (e.g., (Logan and Zbrodoff, 1979; Botvinick et al., 1999; 658 

Carter et al., 2000; Kerns et al., 2004; Egner and Hirsch, 2005; Egner, 2007; Hazeltine 659 

et al., 2011; Aben et al., 2019; De Loof et al., 2019). Here, we explored another 660 

important source of CCD predictions –– learned associations between items and CCD 661 

(e.g., (Jacoby et al., 2003; Bugg et al., 2011; Chiu et al., 2017)). To advance 662 

understanding of (1) how item-CCD associative memories proactively guide the 663 

regulation of cognitive control and (2) the neurocognitive mechanisms supporting the 664 

generalization of CCD, we leveraged behavioral and EEG measures acquired while 665 
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participants performed a three-phase task that involved the learning of tool–landmark 666 

and tool–CCD associations and the assessment of the generalization of CCD from tools 667 

to landmarks (Fig. 1). Our findings provide novel evidence for memory-guided proactive 668 

adjustments of control that precede adjustments due to actual demands, and the 669 

generalization of CCD via associative memory. 670 

 671 

Temporal dynamics of memory-guided adjustments of cognitive control 672 

We first applied a reinforcement learning model (Chiu et al., 2017) to the behavioral 673 

data to quantify how associated CCD and actual CCD jointly affect behavior. Analyses 674 

revealed that training phase RT scaled with the degree of discrepancy between 675 

associated and actual CCD. Based on the theory of proactive cognitive control (Braver 676 

et al., 2007; Braver, 2012) and computational simulations (Blais et al., 2007; Verguts 677 

and Notebaert, 2008), this observation suggests that the retrieval of associated CCD 678 

leads to proactive adjustments of control that speed goal-directed behavior when 679 

predicted and actual CCD align; by contrast, when misaligned, additional reactive 680 

adjustments are required based on actual CCD following its detection. Consistent with 681 

this interpretation, analyses of the EEG data indicated that the effect of associated CCD 682 

emerged earlier than the effect of actual CCD. Specifically, lower alpha-band ERSP, at 683 

left channels and peaking at ~200 ms post-stimulus onset, was found in trials with 684 

higher associated CCD (Fig. 5C). This decrease in alpha oscillations may reflect the 685 

increased involvement of selective attention (Klimesch, 1999; Sadaghiani and 686 

Kleinschmidt, 2016) in anticipation of the forthcoming incongruent trial predicted by the 687 

higher associated CCD. This converges with fMRI data demonstrating that higher 688 
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associative CCD was accompanied by greater activation in dorsolateral prefrontal 689 

cortex and anterior cingulate cortex (Blais and Bunge, 2010).  690 

Subsequent to the associated CCD effect (Fig. 7), we observed an interaction 691 

between associated and actual CCD in theta-band ERSP in posterior channels (Fig. 6C). 692 

This interaction effect is consistent with similar interactions in ERP when participants 693 

perform the Stroop (Shedden et al., 2013) and Simon (Whitehead et al., 2017) tasks. In 694 

our data, this interaction appears to be driven by increased theta-band oscillations when 695 

the associated CCD matched the actual CCD (Fig. 6C, right panel). While speculative, 696 

compared to a mismatch that requires further adjustment of cognitive control, a match 697 

may lead to elevated readiness of information processing, which has been associated 698 

with higher theta oscillation (Basar et al., 2001). Crucially, the theta-band ERSP in these 699 

channels was negatively correlated with RT at the trial level (Fig. 6D). This result is 700 

consistent with previous findings that increased task-elicited theta is accompanied by 701 

better performance (Klimesch, 1999), and suggests that this interaction relates to 702 

resolution of the discrepancy between associated and actual CCD (as slower response 703 

times indicate larger discrepancies that must be resolved). Importantly, we cross-704 

validated these findings, observing similar results using the independent data from the 705 

test phase (Fig. 5BD, Fig. 6B, Fig, 8BD).  706 

 707 

Generalization of CCD through item-item associations 708 

Our behavioral and EEG data provide strong evidence of transfer of CCD from tool 709 

images to their associated landmarks. Behaviorally, we found an interaction between 710 

the CCD of the associated tool and congruency in LL1 and LH1 trials (Fig. 2E) in the 711 
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test phase. This finding replicates recent work (Bejjani et al., 2018). In the EEG data, we 712 

observed a significant main effect of the associated tool’s CCD on landmark-triggered 713 

alpha oscillations during the test phase (Fig. 5D). Critically, neither finding can be 714 

attributed to test-phase learning processes, given that the ISPCs for LL1 and LH1 items 715 

were identical in the test phase. The only difference between LL1 and LH1 items was 716 

the level of CCD previously bound to their associated tools; as such, these behavioral 717 

and EEG differences between these landmarks document the generalization of CCD 718 

from tools to landmarks.  719 

Regarding the neurocognitive mechanisms of generalization, one possibility is 720 

that generalization occurred through integrative encoding (Shohamy and Wagner, 2008) 721 

that merged tool–CCD associations and tool–landmark associations into conjunctive 722 

tool–landmark–CCD memories (Fig. 8A). Supporting this idea, we observed differential 723 

alpha-band ERSP in medial frontal channels following repeated presentation of 724 

landmarks and tools in the association phase (tool/landmark × Runs 1-2/Runs 3-6; Fig. 725 

8D). This decrease may be linked to generalization because it emerged following 726 

exposure to the tool–CCD associations in the training phase (Fig. 8D), and it predicted 727 

the magnitude of the generalized CCD effect in the test phase (Fig. 8E). Prior work has 728 

linked decreases in alpha oscillations to memory encoding and retrieval (Hanslmayr et 729 

al., 2012), and have been posited to reflect desynchronization in cortical activation that 730 

signals a shift from processing present inputs to memory operations (Hanslmayr et al., 731 

2012; Hanslmayr et al., 2016). Moreover, prior observations indicate that hippocampal 732 

processes support memory generalization (Shohamy and Wagner, 2008; Zeithamova 733 

and Preston, 2010; Kuhl et al., 2011; Wimmer and Shohamy, 2012; Zeithamova et al., 734 
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2012). Thus, our findings provided new insights about the electrophysiological 735 

mechanisms in the generalization of abstract concepts such as CCD through partially 736 

overlapping memories.  737 

As an additional but non-exclusive mechanism, integrative encoding may also 738 

occur in the training phase of the present paradigm. Specifically, as the tool–CCD 739 

pairings were experienced, presentation of the tool may have triggered retrieval of the 740 

associated landmark, providing an opportunity for forming an integrative memory. The 741 

present experimental design is not suitable for examining whether integrative encoding 742 

also occurs in the training phase, because this phase lacks baseline conditions that are 743 

required to de-confound nuisance effects (e.g., there were no training runs that occurred 744 

prior to initial exposure of tool–landmark associations). We also did not find a direct 745 

correlation between the sizes of training phase associated CCD effect and those of the 746 

test phase transferred CCD effect across participants (r = -0.19, P = 0.21). Future 747 

studies can examine this hypothesis by moving the first training runs prior to the first 748 

association runs. Alternatively, generalization during the training phase could be tested 749 

by examining neural evidence for reinstatement of the to-be-generalized item (Wimmer 750 

and Shohamy, 2012; Kurth-Nelson et al., 2015). 751 

       Another possibility is that generalization of CCD occurs at retrieval (i.e., the test 752 

phase) through inference over partially overlapping associations, which requires 753 

additional time to sequentially activate multiple overlapping associations for 754 

generalization to occur (Kumaran and McClelland, 2012; Horner et al., 2015; Koster et 755 

al., 2018). Whereas Shohamy and Wagner (2008), among others, provided evidence 756 

that integration can occur during learning and prior to the critical generalization test, a 757 
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recent study reported slower responses when participants made judgements based on 758 

retrieval of direct associations relative to those based on inferred associations (Koster et 759 

al., 2018). In the present study, our finding that the associated CCD effect preceded 760 

actual CCD effects in guiding cognitive control suggests that generalization occurred via 761 

integration. Furthermore, the neural timing of the observed CCD effect in the training 762 

phase was similar to that of the generalized CCD effect in test phase (Fig. 5ACD). This 763 

result suggests a direct retrieval of the already generalized landmark–CCD association, 764 

thus favoring an integrative encoding account.  765 

       A potential confound in the experimental design is that the generalization effect 766 

may co-occur with other processes that also change over time. Although we ruled out 767 

two confounds (adaptation and tool-landmark association strength), future studies 768 

should explore the possible influence of other processes that vary over time. 769 

  770 

Conclusion      771 

This study provided new insights into the mechanisms of associative memory-guided 772 

adjustment of cognitive control. Specifically, supporting the hypothesis of an earlier 773 

involvement of associated CCD than actual CCD in guiding cognitive control, we found 774 

an early-onsetting associated CCD effect in alpha oscillations. This effect was 775 

temporally followed by an interaction between associative and actual CCD in theta 776 

oscillations, possibly reflecting their competition in guiding cognitive control. 777 

Furthermore, supporting an integrative encoding account, a generalized associated 778 

CCD effect in alpha oscillations in the test phase was linked to a decrease in alpha 779 

oscillation during the encoding of item–item associations. These findings advance 780 
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understanding of the neurocognitive mechanisms supporting memory-guided cognitive 781 

control during goal-directed behavior. 782 

 783 

References 784 

Aben B, Calderon CB, Van der Cruyssen L, Picksak D, Van den Bussche E, Verguts T (2019) Context-785 

dependent modulation of cognitive control involves different temporal profiles of fronto-786 

parietal activity. NeuroImage 189:755-762. 787 

Abrahamse E, Braem S, Notebaert W, Verguts T (2016) Grounding cognitive control in associative 788 

learning. Psychological bulletin 142:693-728. 789 

Basar E, Schurmann M, Sakowitz O (2001) The selectively distributed theta system: functions. Int J 790 

Psychophysiol 39:197-212. 791 

Bejjani C, Zhang Z, Egner T (2018) Control by association: Transfer of implicitly primed attentional states 792 

across linked stimuli. Psychonomic bulletin & review 25:617-626. 793 

Blais C, Bunge S (2010) Behavioral and neural evidence for item-specific performance monitoring. 794 

Journal of cognitive neuroscience 22:2758-2767. 795 

Blais C, Robidoux S, Risko EF, Besner D (2007) Item-specific adaptation and the conflict-monitoring 796 

hypothesis: a computational model. Psychological review 114:1076-1086. 797 

Botvinick M, Nystrom LE, Fissell K, Carter CS, Cohen JD (1999) Conflict monitoring versus selection-for-798 

action in anterior cingulate cortex. Nature 402:179-181. 799 

Botvinick MM, Cohen JD (2014) The computational and neural basis of cognitive control: charted 800 

territory and new frontiers. Cogn Sci 38:1249-1285. 801 

Botvinick MM, Braver TS, Barch DM, Carter CS, Cohen JD (2001) Conflict monitoring and cognitive 802 

control. Psychological review 108:624-652. 803 



 

 36 

Braem S, Bugg JM, Schmidt JR, Crump MJC, Weissman DH, Notebaert W, Egner T (2019) Measuring 804 

Adaptive Control in Conflict Tasks. Trends in cognitive sciences. 805 

Bramao I, Johansson M (2017) Benefits and Costs of Context Reinstatement in Episodic Memory: An ERP 806 

Study. Journal of cognitive neuroscience 29:52-64. 807 

Bramao I, Karlsson A, Johansson M (2017) Mental reinstatement of encoding context improves episodic 808 

remembering. Cortex; a journal devoted to the study of the nervous system and behavior 94:15-809 

26. 810 

Braver TS (2012) The variable nature of cognitive control: a dual mechanisms framework. Trends in 811 

cognitive sciences 16:106-113. 812 

Braver TS, Gray JR, Burgess GC (2007) Explaining the may varieties of working memory variation: Dual 813 

mechanisms of cognitive control. In: Variation in Working Memory (Conway A, Jarrold C, Kane M, 814 

Miyake A, Towse J, eds), pp 76-106. Oxford: Oxford University Press. 815 

Brown JW, Braver TS (2005) Learned predictions of error likelihood in the anterior cingulate cortex. 816 

Science 307:1118-1121. 817 

Bugg JM, Jacoby LL, Chanani S (2011) Why It Is too Early to Lose Control in Accounts of Item-Specific 818 

Proportion Congruency Effects. J Exp Psychol Human 37:844-859. 819 

Carter CS, Macdonald AM, Botvinick M, Ross LL, Stenger VA, Noll D, Cohen JD (2000) Parsing executive 820 

processes: strategic vs. evaluative functions of the anterior cingulate cortex. Proceedings of the 821 

National Academy of Sciences of the United States of America 97:1944-1948. 822 

Chiu YC, Egner T (2019) Cortical and subcortical contributions to context-control learning. Neuroscience 823 

and biobehavioral reviews 99:33-41. 824 

Chiu YC, Jiang J, Egner T (2017) The Caudate Nucleus Mediates Learning of Stimulus-Control State 825 

Associations. The Journal of neuroscience : the official journal of the Society for Neuroscience 826 

37:1028-1038. 827 



 

 37 

Cohen JD, Dunbar K, McClelland JL (1990) On the control of automatic processes: a parallel distributed 828 

processing account of the Stroop effect. Psychological review 97:332-361. 829 

Crump MJC, Milliken B (2009) The flexibility of context-specific control: Evidence for context-driven 830 

generalization of item-specific control settings. Q J Exp Psychol 62:1523-1532. 831 

De Loof E, Vassena E, Janssens C, De Taeye L, Meurs A, Van Roost D, Boon P, Raedt R, Verguts T (2019) 832 

Preparing for hard times: Scalp and intracranial physiological signatures of proactive cognitive 833 

control. Psychophysiology:e13417. 834 

Egner T (2007) Congruency sequence effects and cognitive control. Cognitive, affective & behavioral 835 

neuroscience 7:380-390. 836 

Egner T (2014) Creatures of habit (and control): a multi-level learning perspective on the modulation of 837 

congruency effects. Frontiers in psychology 5:1247. 838 

Egner T (2017) The Wiley handbook of cognitive control. Southern Gate, Chichester, West Sussex, UK: 839 

Wiley Blackwell. 840 

Egner T, Hirsch J (2005) Cognitive control mechanisms resolve conflict through cortical amplification of 841 

task-relevant information. Nature neuroscience 8:1784-1790. 842 

Folstein JR, Van Petten C (2008) Influence of cognitive control and mismatch on the N2 component of 843 

the ERP: a review. Psychophysiology 45:152-170. 844 

Hanslmayr S, Staudigl T, Fellner MC (2012) Oscillatory power decreases and long-term memory: the 845 

information via desynchronization hypothesis. Frontiers in human neuroscience 6:74. 846 

Hanslmayr S, Staresina BP, Bowman H (2016) Oscillations and Episodic Memory: Addressing the 847 

Synchronization/Desynchronization Conundrum. Trends Neurosci 39:16-25. 848 

Hanslmayr S, Pastotter B, Bauml KH, Gruber S, Wimber M, Klimesch W (2008) The electrophysiological 849 

dynamics of interference during the Stroop task. Journal of cognitive neuroscience 20:215-225. 850 



 

 38 

Hazeltine E, Lightman E, Schwarb H, Schumacher EH (2011) The boundaries of sequential modulations: 851 

evidence for set-level control. Journal of experimental psychology Human perception and 852 

performance 37:1898-1914. 853 

Horner AJ, Bisby JA, Bush D, Lin WJ, Burgess N (2015) Evidence for holistic episodic recollection via 854 

hippocampal pattern completion. Nat Commun 6:7462. 855 

Jacoby LL, Lindsay DS, Hessels S (2003) Item-specific control of automatic processes: stroop process 856 

dissociations. Psychonomic bulletin & review 10:638-644. 857 

Jiang J, Heller K, Egner T (2014) Bayesian modeling of flexible cognitive control. Neuroscience and 858 

biobehavioral reviews. 859 

Jiang J, Beck J, Heller K, Egner T (2015) An insula-frontostriatal network mediates flexible cognitive 860 

control by adaptively predicting changing control demands. Nat Commun 6:8165. 861 

Kerns JG, Cohen JD, MacDonald AW, 3rd, Cho RY, Stenger VA, Carter CS (2004) Anterior cingulate 862 

conflict monitoring and adjustments in control. Science 303:1023-1026. 863 

King JA, Korb FM, Egner T (2012) Priming of control: implicit contextual cuing of top-down attentional 864 

set. The Journal of neuroscience : the official journal of the Society for Neuroscience 32:8192-865 

8200. 866 

Klimesch W (1999) EEG alpha and theta oscillations reflect cognitive and memory performance: a review 867 

and analysis. Brain Res Brain Res Rev 29:169-195. 868 

Koster R, Chadwick MJ, Chen Y, Berron D, Banino A, Duzel E, Hassabis D, Kumaran D (2018) Big-Loop 869 

Recurrence within the Hippocampal System Supports Integration of Information across Episodes. 870 

Neuron 99:1342-1354 e1346. 871 

Kuhl BA, Shah AT, DuBrow S, Wagner AD (2010) Resistance to forgetting associated with hippocampus-872 

mediated reactivation during new learning. Nature neuroscience 13:501-506. 873 



 

 39 

Kuhl BA, Rissman J, Chun MM, Wagner AD (2011) Fidelity of neural reactivation reveals competition 874 

between memories. Proceedings of the National Academy of Sciences of the United States of 875 

America 108:5903-5908. 876 

Kumaran D, McClelland JL (2012) Generalization through the recurrent interaction of episodic memories: 877 

a model of the hippocampal system. Psychological review 119:573-616. 878 

Kumaran D, Hassabis D, McClelland JL (2016) What Learning Systems do Intelligent Agents Need? 879 

Complementary Learning Systems Theory Updated. Trends in cognitive sciences 20:512-534. 880 

Kurth-Nelson Z, Barnes G, Sejdinovic D, Dolan R, Dayan P (2015) Temporal structure in associative 881 

retrieval. eLife 4. 882 

Leys C, Ley C, Klein O, Bernard P, Licata L (2013) Detecting outliers: Do not use standard deviation 883 

around the mean, use absolute deviation around the median. Journal of Experimental Social 884 

Psychology 49:764-766. 885 

Liotti M, Woldorff MG, Perez R, Mayberg HS (2000) An ERP study of the temporal course of the Stroop 886 

color-word interference effect. Neuropsychologia 38:701-711. 887 

Logan GD, Zbrodoff NJ (1979) When it helps to be misled: Facilitative effects of increasing the frequency 888 

of conflicting stimuli in a Stroop-like task. Memory and Cognition 7:166-174. 889 

Maris E, Oostenveld R (2007) Nonparametric statistical testing of EEG- and MEG-data. Journal of 890 

neuroscience methods 164:177-190. 891 

Miller EK, Cohen JD (2001) An integrative theory of prefrontal cortex function. Annual review of 892 

neuroscience 24:167-202. 893 

Muhle-Karbe PS, Jiang J, Egner T (2018) Causal Evidence for Learning-Dependent Frontal Lobe 894 

Contributions to Cognitive Control. The Journal of neuroscience : the official journal of the 895 

Society for Neuroscience 38:962-973. 896 



 

 40 

Poldrack RA, Packard MG (2003) Competition among multiple memory systems: converging evidence 897 

from animal and human brain studies. Neuropsychologia 41:245-251. 898 

Sadaghiani S, Kleinschmidt A (2016) Brain Networks and alpha-Oscillations: Structural and Functional 899 

Foundations of Cognitive Control. Trends in cognitive sciences 20:805-817. 900 

Shedden JM, Milliken B, Watter S, Monteiro S (2013) Event-related potentials as brain correlates of item 901 

specific proportion congruent effects. Conscious Cogn 22:1442-1455. 902 

Shohamy D, Wagner AD (2008) Integrating memories in the human brain: hippocampal-midbrain 903 

encoding of overlapping events. Neuron 60:378-389. 904 

Surrey C, Dreisbach G, Fischer R (2017) Context-specific adjustment of cognitive control: Transfer of 905 

adaptive control sets. Q J Exp Psychol (Hove) 70:2386-2401. 906 

Sutton RS, Barto AG (2018) Reinforcement learning : an introduction, Second edition. Edition. Cambridge, 907 

Massachusetts: The MIT Press. 908 

Verguts T, Notebaert W (2008) Hebbian learning of cognitive control: dealing with specific and 909 

nonspecific adaptation. Psychological review 115:518-525. 910 

Waskom ML, Frank MC, Wagner AD (2017) Adaptive Engagement of Cognitive Control in Context-911 

Dependent Decision Making. Cerebral cortex 27:1270-1284. 912 

Waskom ML, Kumaran D, Gordon AM, Rissman J, Wagner AD (2014) Frontoparietal representations of 913 

task context support the flexible control of goal-directed cognition. The Journal of neuroscience : 914 

the official journal of the Society for Neuroscience 34:10743-10755. 915 

Weidler BJ, Bugg JM (2016) Transfer of location-specific control to untrained locations. Q J Exp Psychol 916 

(Hove) 69:2202-2217. 917 

Whitehead PS, Brewer GA, Blais C (2017) ERP evidence for conflict in contingency learning. 918 

Psychophysiology 54:1031-1039. 919 



 

 41 

Wimmer GE, Shohamy D (2012) Preference by association: how memory mechanisms in the 920 

hippocampus bias decisions. Science 338:270-273. 921 

Zeithamova D, Preston AR (2010) Flexible memories: differential roles for medial temporal lobe and 922 

prefrontal cortex in cross-episode binding. The Journal of neuroscience : the official journal of 923 

the Society for Neuroscience 30:14676-14684. 924 

Zeithamova D, Dominick AL, Preston AR (2012) Hippocampal and ventral medial prefrontal activation 925 

during retrieval-mediated learning supports novel inference. Neuron 75:168-179. 926 

 927 

  928 



 

 42 

Figure legends 929 

Figure 1. Experimental design of the three phases in the task. (A) In the association 930 

phase, participants incidentally formed tool–landmark associations by viewing 931 

successively presented tools followed by their respective associative landmarks. 932 

Participants responded to rare inverted images. (B) In the training phase, participants 933 

performed a variant of the Stroop task, wherein they identified the tool and tried to 934 

ignore the superimposed word. This phase induced associations between tools and 935 

cognitive control demand (CCDs) by manipulating how frequently each tool was used in 936 

incongruent trials. Each stimulus is coded by its category (T = tool, L = landmark), 937 

associated/transferred CCD (H = high, L = low) and a number to ensure uniqueness. 938 

Two tools (TL1 and TL2) were presented mostly in congruent trials (25% of item specific 939 

proportion conflict [ISPC]), whereas the other two tools (TH1 and TH2) were used 940 

mostly in incongruent trials (75% of ISPC). (C) In the test phase, participants performed 941 

the Stroop task, but encountered the landmarks as stimuli. Two landmarks (LL1 and 942 

LH1) were presented using 50% ISPC. The other two landmarks (LL2 and LH2) were 943 

presented using with the same ISPC as their associated tools in the training phase. (D) 944 

There were 6 interleaved association and training runs, followed by 4 test runs. For 945 

example, LL represents a landmark whose associated tool was paired with low CCD.  946 

 947 

Figure 2. Behavioral results. (A-C) Training phase results. (A) Individual model-948 

estimated associated CCD levels, measured as the mean Pi across all trials sharing the 949 

same CCD level, plotted as a function of CCD levels. Each line represents one 950 

participant. (B) Group mean ± MSE of accuracy, plotted as a function of associated 951 
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CCD and congruency. (C) Individual estimated coefficients for the associated CCD, 952 

congruency (Con) and control prediction error (CPE) regressors of the model-based 953 

analysis on RT. (D-E) Group mean ± MSE of accuracy (D) and RT (E) in the test phase, 954 

plotted as a function of the CCD of the associated tool and congruency. Con: 955 

congruency; CPE: control prediction error. 956 

 957 

Figure 3. Replication of congruency effect in ERP data. (A, B) Spatial-temporal 958 

distribution of congruency effect in the training and test phases, respectively. (C, D) 959 

From left to right: topographic maps of the duration over which the congruency effect 960 

was significant in each channel of the cluster identified by the nonparametric cluster-961 

based permutation tests; temporal distribution of significant congruency effects in nodes 962 

in the  cluster; ERP time courses of representative channels, plotted by experimental 963 

conditions, in the training and test phases, respectively. Con: congruent trials; Inc: 964 

incongruent trials. For all time course plots, the temporal resolution is 2ms. 965 

 966 

Figure 4. Hypothetical time course of processes driving the engagement of cognitive 967 

control (top) and of the underlying EEG effects (bottom). 968 

 969 

Figure 5. Alpha-band oscillations show early (generalized) CCD effects in left middle 970 

and frontal channels. (A, B) Spatio-temporal distribution of alpha-band CCD effect (high 971 

vs. low) in the training and test phases, respectively. (C) A cluster showing the 972 

associated CCD effect in the training phase. Left panel: Visualization of channel-wise 973 

proportion of significant observations (each observation is defined as a combination of 974 
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channel, time point and frequency) in the cluster showing a significant associated CCD 975 

effect. Middle panel: Size of the associated CCD effect in the cluster, plotted as a 976 

function of frequency and time. The cluster is highlighted by the red box. Right panel: 977 

Time course of cluster-mean (± MSE) ERSP change relative to time-course grand mean, 978 

plotted as a function of associated CCD levels. (D) Left most panel: Test phase 979 

individual ERSP averaged within the cluster plotted as a function of generalized CCD 980 

levels (left) and group mean (± MSE) ERSP difference between LL1 and LH1 (right). 981 

The other two panels are organized similar to (C). 982 

 983 

Figure 6. Theta-band oscillations show interaction between associated CCD and 984 

congruency in posterior midline channels. (A, B) Spatio-temporal distribution of theta-985 

band associated CCD × congruency interaction in training phase (A) and test phase (B). 986 

(C) A posterior midline cluster showing significant theta-band associated CCD × 987 

congruency interaction. From left to right: Visualization of channel-wise proportion of 988 

significant observations in the cluster; size of interaction effect with the cluster 989 

highlighted in red box, plotted as a function of frequency and time; time course of 990 

cluster-mean ERSP, plotted as a function of associated CCD levels. (D) Group mean 991 

RT (±MSE) in the training phase, plotted as a function of quintiles of the theta-band 992 

associated CCD × congruency interaction effect. RTs in the test phase are visualized 993 

similarly in (F). (E) ERSP when applied to the cluster in (C) on test phase data, plotted 994 

as a function of congruency and (transferred) associated CCD level.  995 

 996 

 997 
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Figure 7. Temporal distribution of the clusters showing main effect of associated CCD 998 

and associated CCD × congruency interaction. 999 

 1000 

Figure 8. Time-frequency analysis and results in the Association phase. (A) Illustration 1001 

of the integrative encoding hypothesis. (B) Illustration of the contrast for the stimulus 1002 

category × time interaction. (C) Spatial-temporal distribution of the interaction effect 1003 

following the onset of the stimulus. (D) A mediofrontal cluster showing significant alpha-1004 

band stimulus category × time interaction. From left to right: Visualization of channel-1005 

wise weights in the cluster; size of interaction effect plotted as a function of frequency 1006 

and time with the cluster highlighted in red box; time course of cluster-mean (± MSE) 1007 

ERSP plotted as a function of experimental conditions. (E) Transferred CCD effect in 1008 

the test phase, measured by the alpha-band ERSP difference between LL1 and LH1 in 1009 

the cluster shown in Fig, 5C, plotted out as a function of the stimulus category × time 1010 

interaction effect for the same items (left panel) and different items (right panel) in the 1011 

association phase. 1012 

 1013 


















