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Abstract 54 

Predictive coding accounts of brain functions profoundly influence current 55 

approaches to perceptual synthesis. However, a fundamental paradox has emerged, 56 

that may be very relevant for understanding hallucinations, psychosis or cognitive 57 

inflexibility: in some situations surprise or prediction error related responses can 58 

decrease when predicted and yet, they can increase when we know they are 59 

predictable. This paradox is resolved by recognizing that brain responses reflect 60 

precision-weighted prediction error. This presses us to disambiguate the 61 

contributions of precision and prediction error in electrophysiology. To meet this 62 

challenge for the first time, we appeal to a methodology that couples an original 63 

experimental paradigm with fine dynamic modelling. We examined brain responses 64 

in healthy human participants (N = 20; 10 Female) to unexpected and expected 65 

surprising sounds, assuming that the latter yield a smaller prediction error but much 66 

more amplified by a larger precision weight. Importantly, addressing this modulation 67 

requires the modelling of trial-by-trial variations of brain responses, that we 68 

reconstructed within a fronto-temporal network by combining EEG and MEG. Our 69 

results reveal an adaptive learning of surprise with larger integration of past 70 

(relevant) information in the context of expected surprises. Within the auditory 71 

hierarchy, this adaptation was found tied down to specific connections and reveals in 72 

particular precision encoding through neuronal excitability. Strikingly, these fine 73 

processes are automated as sound sequences were unattended. These findings 74 

directly speak to applications in psychiatry, where specifically impaired precision 75 

weighting has been suggested to be at the heart of several conditions such as 76 

schizophrenia and autism. 77 

 78 

 79 
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 80 

 81 

Significance Statement 82 

In perception as Bayesian inference and learning, context sensitivity expresses as 83 

the precision weighting of prediction errors. A subtle mechanism that is thought to lie 84 

at the heart of several psychiatric conditions. It is thus critical to identify its 85 

neurophysiological and computational underpinnings. We revisit the passive auditory 86 

oddball paradigm by manipulating sound predictability and use a twofold modelling 87 

approach to simultaneous EEG-MEG recordings: (i) trial-by-trial modelling of cortical 88 

responses reveals a context-sensitive perceptual learning process; (ii) the dynamic 89 

causal modelling of evoked responses uncovers the associated changes in synaptic 90 

efficacy. Predictability discloses a link between precision weighting and self-inhibition 91 

of superficial pyramidal cells, a result that paves the way to a fine description of 92 

healthy and pathological perception. 93 

 94 

  95 
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Introduction 96 

Brain responses to surprise are essential to understand how the brain adapts to 97 

changing or uncertain environment. In perception research, the abundant literature 98 

dedicated to surprise related electrophysiological components has largely contributed 99 

to frame perception processes into regularity learning, independently of attention 100 

engagement. This important turn leverages on influential computational predictive 101 

brain theories (Dayan et al., 1995; Friston, 2012), with predictive coding algorithm in 102 

particular (Friston, 2005; Spratling, 2016). Under this view, evoked responses are 103 

treated as surprise or prediction errors indexing the discrepancy between predictions 104 

established through regularity learning and current sensations (Schröger et al., 2015; 105 

Auksztulewicz and Friston, 2016; Heilbron and Chait, 2018; Lumaca et al., 2018). 106 

These dynamic errors drive belief updating to ensure an on-going adaptation to 107 

changes. However, recent work points to a fundamental paradox that clearly 108 

deserves attention to further refine perceptual models (Auksztulewicz et al., 2017; 109 

Southwell et al., 2017; Heilbron and Chait, 2018; Fitzgerald and Todd, 2020; Meyniel, 110 

2020; Walsh et al., 2020). Namely, prediction error related brain responses were 111 

found to decrease with reduced (or predicted) surprise but also to increase in some 112 

contexts where surprise becomes predictable. 113 

 114 

Predictive brain theories resolve this paradox by considering the precision (or 115 

confidence) the brain assigns to predictions and sensory inputs so that evoked 116 

responses to surprise would reflect precision-weighted prediction errors. In short, 117 

these computational views of brain functions posit that the brain processes every 118 

information (internal predictions and incoming sensations) in a probabilistic way, 119 

meaning that the brain would not only estimate the most likely value of information 120 

but also its associated precision (the mean and inverse variance of the 121 
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corresponding probability distribution, respectively). Precision provides a formal way 122 

to control the gain of prediction errors according to their contextual relevance for an 123 

efficient and flexible perceptual processing (Friston, 2008, 2009; Clark, 2013; Mathys 124 

et al., 2014). Precision-weighted prediction errors correspond to the “precision 125 

weightprediction error” product. The resulting filtering of prediction errors directly 126 

speaks to the fact that the same surprising event may convey an important message 127 

in some contexts but not in others. This points to the difference between expected 128 

and unexpected surprise induced by rare events delivered within a predictable 129 

(structured) or random (uncertain) environment, respectively. Precisions hence make 130 

perception context-sensitive and are expected to be larger in a more predictable 131 

context. This is assumed to result from a hierarchical learning process whereby 132 

higher-order belief updating adjusts the precision of first-order (sensory) prediction 133 

errors. This implies two opposite effects at the sensory level: i) a higher precision 134 

afforded by predictability, yielding efficient belief updating, hence ii) lower prediction 135 

errors. The initial paradox thus turns into a challenge, namely to isolate the 136 

physiological representations of precision and prediction error, respectively. 137 

 138 

We here address this timely question by proposing an auditory oddball experimental 139 

paradigm with a predictability manipulation to generate expected and unexpected 140 

surprises. These could be indexed by the mismatch negativity (MMN, Friston, 2005; 141 

Winkler, 2007). We conducted simultaneous EEG and MEG recordings (Lopes da 142 

Silva, 2013) to measure subtle changes of brain activity during passive listening. 143 

Passive listening has been used here primarily to study implicit, automatic learning 144 

processes and to avoid the presumably confounding effect of voluntary attention on 145 

the adjustment of precision weights (Feldman and Friston, 2010; Parr and Friston, 146 

2018). We could indeed measure a smaller MMN under predictability based on these 147 
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EEG data (Lecaignard et al., 2015). However, evoked response analysis (average-148 

based) prevents from testing Bayesian learning directly, nor to seek separate 149 

evidence for precision and prediction errors in brain responses (the MMN as a 150 

precision-weighted prediction error combines both quantities indistinctly). Here, we 151 

pursue our investigation using a neuro-computational dynamic modelling scheme. In 152 

short, at the cognitive (computational) level, trial-by-trial modelling of reconstructed 153 

cortical responses could evidence Bayesian learning and its automatic adaptation to 154 

predictability, an effect which translates into a larger account of past (relevant) 155 

information. We then addressed the issue of disentangling learning quantities at the 156 

physiological level, using dynamic causal models (DCM). Predictability effect was 157 

measured as changes in the synaptic strength within a fronto-temporal network, 158 

revealing distinct mechanisms for the encoding of precision weights and prediction 159 

errors. 160 

 161 

 162 

Materials and Methods 163 

 164 

A general view of the present neuro-computational approach is provided in Figure 2. 165 

Prior to testing the predictability effect onto perceptual learning and associated 166 

synaptic connectivity, we first conducted a control analysis aiming at characterizing 167 

such learning at play for the processing of unexpected sounds (in both contexts) at 168 

the cognitive level (using trial-by-trial computational modelling) and the physiological 169 

level (using DCM).  170 

 171 

Participants. Twenty healthy volunteers (10 female, mean age 25±5 years, ranging 172 
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from 18 to 35) participated in the study. The previous EEG report (Lecaignard et al., 173 

2015) involved two participants that were excluded here due to noisy MEG signals. 174 

All participants had no history of neurological or psychiatric disorder, and reported 175 

normal hearing. All participants gave written informed consent and were paid for their 176 

participation. Ethical approval was obtained from the appropriate regional ethics 177 

committee on Human Research (CPP Sud-Est IV - 2010-A00301-38).  178 

Experimental design. Predictable and unpredictable sound sequences embedding a 179 

typical frequency oddball rule (conditions PC and UC, predictable and unpredictable 180 

context, respectively) were used in the present study. Control sequences using an 181 

intensity deviance were also delivered to the participants; the corresponding datasets 182 

have been analyzed in (Lecaignard et al., 2015, 2021). Participants were instructed 183 

to ignore the sounds and watch a silent movie of their choice with subtitles. 184 

Predictable sound sequences comprised 16 cycles that were each made of a 185 

repeating 42-tone pattern following the deterministic incrementing rule depicted in 186 

Figure 1.A. Unpredictable sequences corresponded to pseudo-random oddball 187 

sequences typically used in oddball paradigms, with specific controls for the number 188 

of standards in between two deviants to mirror the predictable sequences. Despite 189 

their differing statistical structure, both sequence types had the same deviant 190 

probability (𝑝 = 0.17) and the same distribution of deviants among standards (there 191 

were exactly the same number of chunks of repeating standards before a deviant in 192 

both conditions, with chunk size varying from 2 to 8 standards). Each condition (UC, 193 

PC) was delivered twice, in separated runs (made of 674 stimuli each) to enable 194 

reversing the role of the two sounds (500 Hz/550 Hz; standard/deviant). Further 195 

details about stimuli and sequence can be found in (Lecaignard et al., 2015). All 196 

stimuli were delivered using Presentation software (Neurobehavioral Systems, 197 
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Albany, CA, USA).  198 

 199 

Data acquisition and pre-processing. Simultaneous MEG and EEG recordings were 200 

carried out in a magnetically shielded room with a whole-head 275-channel 201 

gradiometer (CTF-275 by VSM Medtech Inc.) and the CTF-supplied EEG recording 202 

system (63 electrodes), respectively. Signal was amplified, band-pass filtered 203 

(0.016–150 Hz), digitized (sampling frequency 600 Hz) and stored for off-line 204 

analysis. First-order spatial gradient noise cancellation was applied to MEG signal. 205 

EEG reference and ground electrodes were placed on the tip of the nose and left 206 

shoulder, respectively. Digitization of electrode locations (Fastrak, Polhemus, 207 

Colchester, VT, USA) and acquisition of individual T1-weighted magnetic resonance 208 

imaging images (MRIs, Magnetom Sonata 1.5 T, Siemens, Erlangen, Germany) were 209 

conducted for coregistration purposes in distributed source reconstruction (see 210 

below). 211 

Pre-processing of data using the ELAN package (Aguera et al., 2011) and Matlab 212 

routines included the following: rejection of data segments affected by head 213 

movements (larger than 15 mm relative to the average position over sessions) or 214 

SQUID jumps, power-line filtering (stop-band filters centered on 50 Hz, 100 Hz, and 215 

150 Hz with bandwidth of ± 2 Hz), independent component analysis (ICA) correction 216 

for ocular artifacts (EEGlab routines, http://sccn.ucsd.edu/eeglab/index.html), 217 

rejection of trial epochs (from -200 ms to 410 ms after stimulus onset) with signal 218 

amplitude range (over entire epoch) exceeding 2000 fT for MEG data and 150 μV for 219 

EEG data, and 2-45 Hz band-pass digital filtering (bidirectional Butterworth, 4th 220 

order). Importantly, we only used time epochs that survived the procedures applied 221 
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for artifact rejection for both modalities. Finally, trial epochs were imported in SPM 222 

(Wellcome Department of Imaging Neuroscience, http://www.fil.ion.ucl.ac.uk/spm) 223 

and were down-sampled (200 Hz) for data reduction and low-pass filtered (20 Hz 224 

low-pass digital filter, bidirectional Butterworth, 5th order) to get rid of high-frequency 225 

noise. EEG data was re-referenced to the averaged mastoid electrodes for 226 

compatibility with the forward model used in both cognitive modelling and DCM. 227 

Group-average deviance responses obtained in EEG and MEG in both UC and PC 228 

conditions are shown in Figure 1.B. The difference between conditions was tested 229 

over a temporal window spanning the MMN (from 100 to 210 ms) using permutation 230 

tests with correction for multiple comparisons (we replicated the statistical analysis 231 

applied to the 2-45 Hz nose-referenced EEG data in Lecaignard et al., 2015). A 232 

significant reduction of the mismatch response under predictability was found in EEG 233 

over fronto-central electrodes (21 sensors), from 138 to 188 ms, and to a lesser 234 

extent in MEG over a right anterior gradiometer cluster (11 sensors) from 100 to 120 235 

ms, and a left posterior one (9 sensors) from 195 to 210 ms. 236 

 237 

Computational modelling (cognitive level) 238 

 Trial-wise reconstructed cortical data.  239 

For a given peri-stimulus time, learning and non-learning models were each fitted to 240 

the time series made by the changes in cortical activity over trials. Precisely, single-241 

trial cortical data was obtained in a preparatory step involving the distributed source 242 

reconstruction of fused EEG-MEG data. Advanced methods were employed for 243 

source inversion with realistic forward models for both modalities  (Boundary Element 244 

Model, BEM; Gramfort et al., 2010), Bayesian framework enabling Multiple Sparse 245 

Priors (Mattout et al., 2006; Friston et al., 2008), EEG-MEG fusion (Henson et al., 246 
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2009), and group-level inference (Litvak and Friston, 2008). Source inversions were 247 

all performed with the SPM software (SPM8 release). Source inversions were all 248 

performed with the SPM software (SPM8 release). First, six cortical clusters could be 249 

identified from the inversion of the MMN peak (from 150 to 200 ms) in condition UC  250 

(Lecaignard et al., 2021). These sources (whose spatial extent is shown on in Figure 251 

3.A) were located in the left and right Heschl’s gyrus (HG), Planum Polare (PP) and 252 

inferior frontal gyrus (IFG), respectively. Critically, they subsequently served as 253 

spatial priors to constrain the inversion of entire single-trial epochs (from -200 ms to 254 

+410 ms). This constraint addresses the lack of reliable spatial information when 255 

dealing with (noisy) single-trial data. We resolved this issue by assuming the 256 

stationarity of the spatial locations of the cortical sources underlying auditory evoked 257 

responses, which we indeed validated with that same datasets and over the entire 258 

epoch (Lecaignard et al., 2021). In total, 674 trials per run, per condition and per 259 

participant were reconstructed. Within each cluster and for each trial, reconstructed 260 

cluster-node activities were averaged to derive a cluster-level and single-trial trace 261 

being informed by both EEG and MEG data. These single trial responses could be 262 

averaged using exactly the same scheme as employed at the sensor level to derive 263 

group-average deviance responses in each condition. The above-mentioned 264 

statistical analysis over the 100-210 ms window here disclosed a significant 265 

mismatch reduction under predictability (p<0.05, uncorrected) in right HG (from 160 266 

to 185 ms), right PP (from 110 to 140 ms) and left IFG (from 150 to 165 ms). This 267 

gives confidence in our overall procedure for inferring cortical single-trial activities. 268 

 269 

 Learning model 270 

We considered a learning model which assumes that the brain learns from each 271 
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stimulus exposure the probability 𝜇 to have a deviant, in order to predict the next 272 

sound category 𝑈 (with 𝑈 = 1 in the case of a deviant and 𝑈 = 0 in the case of a 273 

standard). We define 𝑈 ~ ℬ𝑒𝑟𝑛 (𝜇) with ℬ𝑒𝑟𝑛  the Bernoulli distribution, and 274 

𝜇 ~ ℬ𝑒𝑡𝑎 (𝛼, 𝛽) with 𝛼 and 𝛽 the parameters of the distribution ℬ𝑒𝑡𝑎, corresponding in 275 

the current case to deviant and standard counts, respectively. At trial 𝑘, we have: 276 

 

{

   𝑝(𝑈𝑘|𝜇𝑘−1) = 𝜇𝑘−1
𝑈𝑘(1 − 𝜇𝑘−1)

1−𝑈𝑘

𝑝(𝜇𝑘|𝑈𝑘) =
𝑝(𝑈𝑘|𝜇𝑘−1)𝑝(𝜇𝑘−1)

𝑝(𝑈𝑘)

 (1) 

Where the first expression reflects the prediction about 𝑈𝑘 prior to new observation, 277 

while the second one pertains to the updating of the belief on 𝜇 , after having 278 

observed 𝑈𝑘. The posterior distribution of 𝜇 is in the form of a ℬ𝑒𝑡𝑎 distribution (ℬ𝑒𝑡𝑎 279 

distribution is conjugate to the ℬ𝑒𝑟𝑛 distribution), leading to the following updated 280 

expression of 𝜇 at trial 𝑘:  281 

 
𝜇𝑘 =

Γ(𝛼𝑘)Γ(𝛽𝑘)

Γ(𝛼𝑘 + 𝛽𝑘)
 (2) 

With Γ the Gamma Euler function, and 𝛼 and 𝛽 following update equations: 282 

 
{
𝛼𝑘 = 𝑈𝑘 + 𝛼𝑘−1

𝛽𝑘 = 1 − 𝑈𝑘 + 𝛽𝑘−1
 (3) 

We defined precision-weighted prediction error as the Kullback-Leibler (KL) 283 

divergence between the prior and the posterior ℬ𝑒𝑡𝑎 distributions of 𝜇, also referred 284 

to as a Bayesian Surprise (Ostwald et al., 2012). At trial 𝑘, it expresses as: 285 

 𝐵𝑆(𝑈𝑘)

= log (
Γ(𝛼𝑘−1 + 𝛽𝑘−1)

Γ(𝛼𝑘 + 𝛽𝑘)
) + log (

Γ(𝛼𝑘)

Γ(𝛼𝑘−1)
)

+ log (
Γ(𝛽𝑘)

Γ(𝛽𝑘−1)
) + (𝛼𝑘−1 − 𝛼𝑘)[𝜓(𝛼𝑘−1) − 𝜓(𝛼𝑘−1 + 𝛽𝑘−1)] 

(4) 
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+(𝛽𝑘−1 − 𝛽𝑘) [𝜓(𝛽𝑘−1) − 𝜓(𝛼𝑘−1 + 𝛽𝑘−1) ] 

 286 

With 𝜓 the digamma Euler function. Importantly for our investigation, the size of the 287 

temporal integration window was parameterized by 𝜏  which enters standard and 288 

deviant count updates as follows: 289 

 

{
𝛼𝑘 = 𝑈 + 𝑒

−
1
𝜏𝛼𝑘−1

𝛽𝑘  =  (1 − 𝑈) + 𝑒
−
1
𝜏𝛽𝑘−1

 (5) 

From equation Eq. 5 we see that the larger the 𝜏, the larger the weight applying to 290 

past observations, leading to a more informed learning (an illustration can be found in 291 

Figure 7.A). Variation of BS with the size of the temporal integration window is shown 292 

in Figure 3.B. 293 

 First-level analysis (Figure 2, upper left panel) 294 

We first tested the learning model against alternative cognitive processes that did not 295 

involve perceptual learning. Models were all defined as a two-level linear model of 296 

the form: 297 

 
{

   𝑦 = 𝑋𝜃1 + 𝜃2 + 𝜀1
𝜃1 = 0 + 𝜀2
𝜃2 = 0 + 𝜀3

 (6) 

 298 

Where 𝑦 indicates the reconstructed cortical activity informed by a fused EEG-MEG 299 

source inversion  in the form of a vector of trial-by-trial activity at a particular sample 300 

of the peristimulus time; 𝑋 is defined for each model and represents the predicted 301 

trajectory of precision-weighted prediction error over the sound 302 

sequence;  {𝜃1, 𝜃2 } and {𝜀1, 𝜀2, 𝜀3}  refer to Gaussian observation parameters and 303 

Gaussian noise, respectively. Vector 𝑦 was defined for each time sample of the [-50 304 
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+350] ms epoch and for each cluster of the MMN cortical network identified at the 305 

group level (6 clusters). We considered a model space of seven cognitive models 306 

partitioned into three families, largely inspired by models used in a previous tactile 307 

oddball study (Ostwald et al., 2012): 308 

 Family famnull is made of a single model, the null model (M0) assuming that 309 

the brain response to every tone is the same, or equivalently that fluctuations 310 

in reconstructed cortical signals only reflect random noise (i.e. 𝜃1 = 0 in Eq.6). 311 

 Family famnoL contains two non-learning or static models, namely "change 312 

detection" (CD) and "linear change detection" (LinCD). Both assume that the 313 

brain simply compares each incoming sensation to the preceding one. In 314 

model CD, 𝑋𝑘 at trial 𝑘  is assigned to 0 if the 𝑘𝑡ℎ  stimulus is equal to the 315 

preceding one, and 1 otherwise. Model LinDC is similar to CD but assigns a 316 

prediction error proportional to the number of preceding sounds that differ from 317 

the one being currently observed (Ostwald et al., 2012; Lieder et al., 2013).  318 

 Family famL includes the learning model described above, assuming that the 319 

brain estimates the probability 𝜇  to hear a standard (under a Bernoulli 320 

distribution). We considered four different values for 𝜏  (2, 6, 10 and 100), 321 

leading to four models in famL. Precision-weighted prediction error is here 322 

defined as the Bayesian Surprise (mismatch between the prior and the 323 

posterior distribution of 𝜇).  324 

   325 

These models were all fitted to the reconstructed cortical activity in both PC and UC 326 

conditions. For each source and at each time sample of the peristimulus interval, 327 

model inversions were performed using the VBA toolbox (Daunizeau et al., 2014); 328 

individual UC and PC data (4 runs) were processed all at once (multi-session model 329 
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fitting); bad trials (with regard to sensor-level artifact rejection) were processed such 330 

that associated signals would not corrupt parameter optimization while their related 331 

stimuli entered model dynamics (these sounds were observed by the brain) .  332 

 333 

 Second-level analysis (Figure 2, lower left panel) 334 

Inversion of the learning model (which was found outperforming others in the first-335 

level analysis) was here performed separately in each context, and critically, time 336 

constant parameter 𝜏  was no longer fixed but inferred from data confrontation. 337 

Beyond the memory-based interpretation (the brain may arguably not be able to deal 338 

with long-gone, past information), this parameter endows the learning model with a 339 

flexible way to integrate past information and formalizes brain adaptation to its 340 

environment. From Figure 3.B, it can be seen that the precision-weighted prediction 341 

error, here defined as a Bayesian Surprise, decreases with 𝜏, reflecting the better 342 

predictions induced from a larger account of past information. In order to test if sound 343 

transition alone, which differs across UC and PC contexts, is sufficient to explain the 344 

reduced MMN observed under predictability, we simulated group-level MMN for 345 

different values of 𝜏. For each subject, we computed individual trial-by-trial precision-346 

weighted prediction error trajectories induced by UC and PC sequences for 𝜏  in 347 

{6,8,10,12,14,16,18,20,25,30,40,50,75,100}, using VBA. We then selected the values 348 

obtained for each standard preceding a deviant and for each deviant (in keeping with 349 

sensor-level trial rejection). Using exactly the same procedure that had been used to 350 

compute the event-related difference response at the sensor level, we could simulate 351 

the group-average MMN amplitude in conditions UC and PC (arbitrary units).  352 

Model inversion was performed in each of the six clusters, and at every time sample 353 

spanning the MMN (precisely we considered the samples that exhibited this model as 354 
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winning in the first-level). Bad trials were treated as in the first-level analysis. The 355 

number of samples consequently varied across clusters, leading to a total of 33 356 

samples. Overall, 66 inversions were conducted per subject (1 model, 2 conditions, 357 

33 samples). Each inversion provided a posterior estimate for parameter 𝜏 informed 358 

by EEG and MEG data. To evaluate the quality of fit, the percentage of explained 359 

variance was computed based on the observed and predicted MMN within each 360 

cluster and for each condition (using averaged 𝜏  estimates across samples). 361 

Therefore, the predicted MMN was obtained following the procedure described above 362 

to compute the simulated MMN.  363 

 364 

 Statistical analysis 365 

In the first-level analysis, the three model families were compared to each other 366 

using an RFX family-level inference (Penny et al., 2010). In subsequent second-level 367 

analysis, we assumed a constant value of 𝜏 within the time interval used for model 368 

inversion (spanning the MMN). We therefore averaged 𝜏 estimates across samples 369 

for each cluster. Predictability effect could thus be analyzed by conducting a 370 

repeated-measures ANOVA on these posterior estimates with factors Condition (UC, 371 

PC), Hemisphere (Left, Right) and Sources (HG, PP, IFG).  372 

 373 

Dynamic causal modelling (physiological level) 374 

DCM analysis was performed with SPM12 (Wellcome Department of Imaging 375 

Neuroscience, http://www.fil.ion.ucl.ac.ik/spm). DCM architecture includes 376 

interconnected sources, each with four neuronal subpopulations (Auksztulewicz et al., 377 

2018);  corresponding extrinsic and intrinsic dynamics induced by sensory inputs are 378 
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specified by the canonical micro-circuit (CMC) neural mass model, which we here 379 

consider to exploit its relevance to test predictive coding predictions (Bastos et al., 380 

2012; Brown and Friston, 2013; Moran et al., 2013). Forward connections originate in 381 

superficial pyramidal (SP) subpopulation and target the spiny stellate cells of the 382 

higher-level source, and could reflect precision-weighted prediction errors. Backward 383 

connections link deep pyramidal subpopulation to spiny stellate cells, and are 384 

assigned to predictions. Intrinsic connections here appeal to the gain of SP cells 385 

(self-inhibition connection) and are associated to the precision weight.  386 

 387 

 EEG and MEG evoked responses.  388 

Averaged responses evoked by standards just preceding a deviant and by deviants 389 

were considered for all DCM analyses. Time interval of 0 ms to 220 ms after sound 390 

onset was used for model inversion. It was defined from sensor-level (EEG and 391 

MEG) statistical analysis on deviance responses to ensure it encompasses the MMN 392 

(and no later components). A Hanning window was applied to time-series to ensure 393 

that system’s dynamics was set to zero before being excited. Data reduction was 394 

achieved using the default SPM procedure adjusted for the current Openmeeg 395 

forward models (BEM). On average across subjects, it selected  8 (±2.7) and 13 396 

spatial modes with EEG and MEG data, respectively (inter-subject variability is due to 397 

the individual anatomical information that was used to refine the inversion scheme; 398 

here, it here appears to exert a larger effect in EEG than MEG).  399 

 400 

 First-level analysis (Figure 2, upper right panel) 401 

Inspired by previous DCMs of the MMN (Garrido et al., 2009a; Auksztulewicz and 402 
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Friston, 2016), and guided by current learning model predictions, we addressed the 403 

two following questions: what is the structure of the network engaged in typical 404 

oddball sequence processing (at play in both UC and PC contexts)? Within this 405 

auditory network, what modulation of effective connectivity supports deviant 406 

compared to standard tone processing? Contrary to the above-cited studies, these 407 

questions were treated one after the other (we used two model spaces depicted in 408 

Figure 4.C). The reason for this was to highlight the fact that the modulation of the 409 

effective connectivity by predictability (an effect that was examined next in the 410 

second-level analysis, see below) could be found at both levels (as we shall see, we 411 

expected an effect at the network level). 412 

Most reports of the DCM of the MMN entailed a three-level hierarchy (Garrido et al., 413 

2009b; Auksztulewicz and Friston, 2015; Phillips et al., 2015; Chennu et al., 2016). 414 

We considered the six above-mentioned sources of the MMN. However, the 415 

complementary EEG and MEG topographical information regarding the predictability 416 

modulation of the MMN peak led us to test an additional level in the superior frontal 417 

area (SF), with more details below. Each of the 8 resulting clusters led to an 418 

equivalent current dipole (ECD) located at the averaged position of local maxima 419 

over the different time intervals. MNI coordinates are provided in Figure 4.A. The 420 

resulting four-level DCM structure was composed of eight sources distributed 421 

bilaterally over (from the lowest to the highest level) HG, PP, IFG  and SF. We 422 

connected these sources with extrinsic (forward and backward) connections. 423 

Alternative hypotheses entailed two- and three-level networks allowing to test the 424 

hierarchical depth as well as the contribution of PP and SF sources, leading to five 425 

model families (A1, A2, A3, A4 and A5). Regarding DCM inputs, all models included 426 

a direct input to bilateral HG. In addition, inputs targeting IFG sources (known to 427 
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receive direct thalamic afferents) were tested as the source-reconstructed EEG and 428 

MEG evoked responses suggested that frontal regions were activated prior to 429 

temporal ones (Deouell, 2007). The input factor thereby included two levels (HG and 430 

HG-IFG). Importantly, we did not address the presence or absence of trial-specific 431 

modulations (standard-to-deviant changes in connection strength) applying to 432 

extrinsic and intrinsic connections; this aspect is treated in the following. We 433 

therefore assumed forward and backward trial-specific modulations, as already 434 

reported in several MMN DCM studies (Garrido et al., 2009b), and we integrated 435 

over the two possible hypotheses (presence or absence) for the intrinsic modulation. 436 

DCM with CMC also includes extrinsic modulatory connections to enable the top-437 

down indexation of subpopulation SP excitability on the output activity of higher-level 438 

feedbacking sources. These connections and self-inhibition ones constitute two 439 

different ways to modulate SP excitability, in an activity-dependent and activity-440 

independent manner following the terminology proposed in recent studies 441 

(Auksztulewicz et al., 2018; Rosch et al., 2019). We integrate over the two 442 

alternative hypotheses (presence or absence of modulatory connections). The 443 

resulting model space  to investigate DCM architecture thus comprised a total of 36 444 

DCMs (Figure 4.C, left).  445 

Next, we addressed the trial-specific gain (standard-to-deviant modulation) applying 446 

on forward, backward, and intrinsic connections within the winning DCM structure 447 

(architecture A5 and double-input HG-IFG). For forward and intrinsic gains, two 448 

model families were considered each, (present or absent at all or none connections). 449 

Regarding backward gains, when considering modulatory connections, they apply to 450 

activity-dependent intrinsic connections (activity-dependent gain, Figure 4 in 451 

Auksztulewicz et al., 2018), otherwise they modulate extrinsic backward strength. 452 
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This led us to consider three model families with respect to backward gains and their 453 

possible modulatory effects i) disabled, ii) enabled as an extrinsic modulation and iii) 454 

enabled as an intrinsic modulation. A total of 14 models composed this model space 455 

(Figure 4.C, right). 456 

 457 

Each model inversion was performed in condition UC and PC and for EEG and MEG 458 

data separately (leading to four inversions per subject and per model, with 36 + 14 459 

models per subject). We used default values of SPM12 as prior expectations and 460 

prior variance for each DCM parameter to be estimated. Each DCM inversion 461 

involved standard response (as the initial state of the system) and deviant response 462 

(resulting from the experimental perturbation). Regarding DCM sources, we 463 

maintained dipole locations fixed (but not their orientation) to inform spatially DCM 464 

inversion with the group-level MEG-EEG information. For each modality (EEG, MEG), 465 

the forward model used for DCM inversion was the above-mentioned realistic 466 

Boundary Element Model (BEM) computed with Openmeeg software (Gramfort et al., 467 

2010).  468 

 469 

 Second-level analysis (Figure 2, lower right panel) 470 

Here, we test for a predictability effect on the synaptic connectivity established for 471 

typical oddball processing (first-level analysis winning DCM: architecture A5 with HG-472 

IFG inputs).  In particular, we compare the forward and self-inhibition connection 473 

strengths obtained in each context in the first-level DCM analysis. A significant 474 

reduction in both parameters in condition PC would confirm the expected separate 475 

physiological accounts for prediction error and precision weighting (more details are 476 

provided in the Results section). The corresponding statistical analysis is described 477 
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below. 478 

 Fusion of EEG and MEG DCMs 479 

We integrated EEG and MEG data into a single DCM analysis, assuming that their 480 

complementarity would improve the inference on brain activity, as it was empirically 481 

evidenced for classical source reconstruction (Lecaignard et al., 2021) . Fusion of 482 

EEG and fMRI data for DCM was also demonstrated to outperform unimodal (fMRI) 483 

scheme, in the context of simulated auditory mismatch responses (Wei et al., 2020). 484 

This fusion operates sequentially, by inverting EEG data first based on uninformative 485 

priors over parameters, to then guide with EEG-informed priors the subsequent fMRI 486 

data inversion. This way, unplausible hypotheses (given EEG) are thus ruled out. 487 

Here, we adopt a slightly different approach which consists in modelling EEG and 488 

MEG data independently (based on uninformative priors), and then derive a posterior 489 

estimate of model parameters based on both inference using the Bayesian 490 

machinery. These estimates informed by both modalities are referred to as p-MEEG. 491 

Each modality thus selects plausible hypotheses which are then combined based on 492 

their respective evidence to derive multimodal posterior estimates. Both approaches 493 

illustrate the great potential of the Bayesian framework to flexibly integrate 494 

multimodal information in a principled fashion. 495 

Precisely, the proposed procedure rests on the assumption of conditional 496 

independence of EEG and MEG data under the quasi-static approximation of 497 

Maxwell equations, which is largely admitted for signals below 1kHz (as is the case 498 

here). Denoting EEG and MEG data by 𝑦𝐸𝐸𝐺 and 𝑦𝑀𝐸𝐺, respectively, we have:  499 

 𝑝(𝑦𝐸𝐸𝐺 , 𝑦𝑀𝐸𝐺) = 𝑝(𝑦𝐸𝐸𝐺)𝑝(𝑦𝑀𝐸𝐺) (7) 

And posterior model evidence of model 𝑚 can be approximated using unimodal EEG 500 
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and MEG model evidences: 501 

 𝑝(𝑦𝐸𝐸𝐺 , 𝑦𝑀𝐸𝐺|𝑚) = 𝑝(𝑦𝐸𝐸𝐺|𝑚)𝑝(𝑦𝑀𝐸𝐺|𝑚) (8) 

 502 

Consequently, ℱ𝑝−𝑀𝐸𝐸𝐺 the variational free energy approximation to p-MEEG model 503 

log-evidence could be obtained by:  504 

 ℱ𝑝−𝑀𝐸𝐸𝐺(𝑚) ≈ ℱ𝐸𝐸𝐺(𝑚) + ℱ𝑀𝐸𝐺(𝑚) (9) 

 505 

With ℱ𝐸𝐸𝐺 and ℱ𝑀𝐸𝐺 the free energy values for EEG and MEG respectively. Besides, 506 

the posterior distribution of some DCM parameter 𝜃 under model 𝑚 writes given:  507 

 
𝑝(𝜃|𝑦𝐸𝐸𝐺 , 𝑦𝑀𝐸𝐺) =

𝑝(𝑦𝐸𝐸𝐺 , 𝑦𝑀𝐸𝐺|𝜃)𝑝(𝜃)

𝑝(𝑦𝐸𝐸𝐺 , 𝑦𝑀𝐸𝐺)
 (10) 

 508 

Which can be re-formulated as follows to reveal the posterior distributions of 𝜃 509 

deriving from unimodal inversion of EEG and MEG data: 510 

 
𝑝(𝜃|𝑦𝐸𝐸𝐺 , 𝑦𝑀𝐸𝐺) =

𝑝(𝜃|𝑦𝐸𝐸𝐺)𝑝(𝜃|𝑦𝑀𝐸𝐺)

𝑝(𝜃)
 (11) 

 511 

DCM approach assumes every parameter 𝜃  to have of the form of a Gaussian 512 

distribution. Hence prior distribution expresses as 𝑞(𝜃) ~ 𝒩(𝜇𝑜, 𝜎𝑜).  We also denote 513 

𝑞(𝜃, 𝑦𝐸𝐸𝐺) ~ 𝒩(𝜇𝑒 , 𝜎𝑒) , 𝑞(𝜃, 𝑦𝑀𝐸𝐺) ~ 𝒩(𝜇𝑚, 𝜎𝑚)  and 𝑞(𝜃, 𝑦𝐸𝐸𝐺 , 𝑦𝑀𝐸𝐺) ~ 𝒩(𝜇𝑝, 𝜎𝑝)  the 514 

posterior distribution of 𝜃  given EEG data, MEG data and EEG-and-MEG data 515 

respectively. We have 𝜇𝑒𝑚  and 𝜎𝑒𝑚  the mean and variance of the distribution 516 

resulting from the multiplication of 𝑞(𝜃, 𝑦𝐸𝐸𝐺) and 𝑞(𝜃, 𝑦𝑀𝐸𝐺). From equation Eq.11 517 
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and the analytical expressions of 𝜇𝑒𝑚 and 𝜎𝑒𝑚 (detailed in most statistic books), we 518 

derive: 519 

 

{
 

 𝜎𝑝 =
𝜎𝑜𝜎𝑒𝑚
𝜎𝑜 − 𝜎𝑒𝑚

𝜇𝑝 = 𝜇𝑒𝑚 +
(𝜇𝑒𝑚 − 𝜇𝑜)𝜎𝑝

𝜎𝑜

 (12) 

 520 

 Statistical analysis 521 

In the first-level analysis, we combined p-MEEG DCMs obtained across conditions 522 

(UC, PC) using similar Bayesian reasoning  as for the EEG and MEG fusion (log-523 

posterior model evidences in UC and PC were summed across conditions). We first 524 

quantitatively evaluated the architecture and the input families using family-level 525 

inference (Penny et al., 2010) with an RFX model, based on the p-MEEG 526 

approximations of model evidence (ℱ𝑝−𝑀𝐸𝐸𝐺) . Next, regarding the standard-to-527 

deviant modulation of synaptic connectivity, family level inference (RFX model) was 528 

conducted over the forward, backward and intrinsic trial-specific gain parameters. As 529 

each of these three family comparisons indicated significant modulations, we 530 

subsequently examined their corresponding direction of change (a gain value larger 531 

than one would indicate larger connection strength in deviants than in standards, and 532 

vice-versa). For each connection type (forward, backward, intrinsic), we used 533 

Bayesian model averaging (BMA; Penny et al., 2007)  to derive group-level posterior 534 

estimates averaged across model space (with model-evidence weighting) and across 535 

subjects, and we average these estimates (per connection type) over the entire 536 

network. 537 

In the second-level analysis, for each context, we computed individual p-MEEG BMA 538 

estimates of  forward and self-inhibition connection strengths, and their respective 539 
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trial-specific gain (standard-to-deviant modulation). For the forward related 540 

parameters, we conducted a repeated-measures ANOVA over individual BMA 541 

estimates with factors Condition (UC, PC), Hemisphere (Left, Right) and Level 542 

(Temporal, Fronto-Temporal, Frontal); in the self-inhibition related parameter, this 543 

latter factor was replaced by factor Source (HG, PP, IFG, SF).  544 

Throughout the paper, ANOVA analyses were performed using R software (The R 545 

Foundation, https://www.r-project.org/). 546 

 547 

 About the contribution of superior frontal sources 548 

In the first-level DCM analysis, we tested the relevance of an additional frontal level 549 

in oddball processing dynamics. This hypothesis emerged from the following 550 

observation:  the predictability effect was larger at fronto-central sites in EEG 551 

(Lecaignard et al., 2015) and at temporal gradiometers in MEG (Figure 1.B), in a way 552 

that suggests generators expressing poorly on frontal gradiometers. We could indeed 553 

identify bilateral clusters of activity in this region over the significant time intervals 554 

reported in Lecaignard et al. (2015), with however limited precision. In short, left and 555 

right frontal clusters (36 and 29 nodes respectively, p < 0.05 with Family Wise Error 556 

(FWE) whole-brain correction) were found for the early deviance effect, and a left 557 

contribution of 34 nodes for the MMN interval (with p < 0.001 not corrected). Despite 558 

the poor spatial precision, SF sources could still contribute to better fit the data (if 559 

frontal generators are truly involved) as they impose a strong temporal constraint on 560 

DCM dynamics (Attal et al., 2012). However, we decided not to include the SF 561 

clusters in the above-mentioned computational modelling to avoid the issue of fitting 562 

single trial cortical responses reconstructed from uncertain spatial information. 563 
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 564 

 565 

Results 566 

 567 

We address the automatic context sensitivity of auditory processing, at both the 568 

cognitive and physiological levels. Following the scheme presented in Figure 2, we 569 

first examine the processing of deviant sounds (in both contexts) at the cognitive and 570 

the physiological levels, in the aim to evidence Bayesian learning at play in a fronto-571 

temporal hierarchy, as reported in pioneering work in the field (Garrido et al., 2009a; 572 

Ostwald et al., 2012). Second, using trial-by-trial computational modelling we test 573 

whether the brain adapts its learning style to the contextual manipulation during 574 

unattentional listening. Results provide clear predictions regarding the mapping of 575 

precision and prediction error onto physiology, which we next test using DCM (Kiebel 576 

et al., 2009; Bastos et al., 2012) .  577 

 578 

Perceptual learning in oddball processing (Figure 2, upper left panel).  As shown 579 

in Figure 5, the Null hypothesis (famnull) was found to outperform the other families, at 580 

every time sample and every cortical source, except for the time interval of the MMN. 581 

Precisely, posterior exceedance probability of family famL was found to be 582 

significantly greater than the ones of the other families between 150 ms and 200 ms 583 

(6 samples), in the left and right Heschl’s Gyrus, between 130 ms and 180 ms (6 584 

samples) and at 150 ms (1 sample) in the left and right Planum Polare, respectively, 585 

and between 130 ms and 200 ms (8 samples) and between 140 ms and 190 ms (6 586 

samples) in the left and right Inferior Frontal Gyrus, respectively. Noticeably, in the 587 
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latency range of the P3a described in Lecaignard et al. (2015), the Null hypothesis 588 

could also be challenged by learning models, as suggested by the increase of famL 589 

posterior exceedance probability, an effect most visible in left IFG.   590 

 591 

 592 

Effective connectivity in oddball processing (Figure 2, upper right panel).  593 

Regarding DCM architecture, explained variance averaged across models (n=36) 594 

and subjects was equal 92.5% (standard deviation: ±10.5) and 78.1% (±11.6) in EEG 595 

and MEG, respectively (condition UC), and to 91.9% (±12.1) and 78.1% (±11.6) in 596 

EEG and MEG, resp. (condition PC). In the p-MEEG modality, family level inference 597 

revealed that family A5 outperformed other model families with a posterior 598 

confidence probability (pcp) and posterior exceedance probability (pep) of 0.68 and 599 

>0.99, respectively (Figure 6.A). Regarding the DCM inputs (Figure 6.B), family level 600 

inference was clearly in favor of models with inputs arriving in both HG and IFG 601 

sources (pcp / pep: 0.82 / >0.99). 602 

Regarding deviance-related changes in connectivity, explained variance averaged 603 

across models (n=14) was equal to (results for condition UC / condition PC): 96.5% 604 

(±5.1) / 97.8% (±2.7), for EEG, and 87.1% (±7.4) / 87.5% (±5.5) for MEG. We found 605 

evidence for forward, backward  and intrinsic deviant modulation (pcp / pep: 0.82 / 606 

>0.99; 0.73 / 0.99; 0.73 / 0.99, resp.) in line with pioneering DCMs of the MMN 607 

(Garrido et al., 2009b; Auksztulewicz and Friston, 2016). Group-level BMA posterior 608 

estimates of trial-specific gain (gathering the entire network and both conditions) fit 609 

well with predictive coding message-passing expectations. In particular, we found 610 

larger forward coupling for deviants (Figure 6.C; average and standard error across 611 

the network of group-level BMA estimates of forward trial-specific gain. UC: 1.145 ± 612 

0.057, present in 5 out of 6 forward connections; PC: 1.027 ± 0.042, 4 out of 6 613 
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connections). We also found the expected increase of backward gain (UC: 1.179 ± 614 

0.073, 5 out of 6 connections; PC: 1.307 ± 0.112, 5 out of 6 connections) and a 615 

decrease of the intrinsic gain (UC: 0.947 ± 0.064, 5 out of 8 connections. PC: 0.956 ± 616 

0.047, 5 out of 8 connections).  617 

 618 

Contextual adaptation of perceptual learning (Figure 2, lower left panel). First, 619 

simulated MMNs for a given 𝜏 value show a similar amplitude across contexts (Figure 620 

3.C). This suggests that the reduced MMN measured in condition PC does not 621 

emerge from the sound sequence structure alone but results from an adaptive 622 

hierarchical learning. To put it another way, similar 𝜏  values between conditions 623 

would indicate the context insensitivity of prediction errors (i.e. a fairly rigid 624 

perceptual learning process, as could be expected in some psychiatric conditions 625 

such as schizophrenia or autism (Adams et al., 2013; Friston et al., 2014)). The 626 

learning model with 𝜏 values inferred for each cluster and each condition separately 627 

yields MMN predictions (Figure 7.A, right plot) with an explained variance at the 628 

group level equal to 88.8% (standard deviation: ±8.0). As expected, larger 𝜏 values 629 

were found with condition PC compared to condition UC (F(1,19) = 10.13; p = 0.002). 630 

On average across sources, 𝜏  is equal to 16.0 and to 21.3 with UC and PC, 631 

respectively (Figure 7.A, left plot). The ANOVA showed no other significant effect (all 632 

p>0.12).  As can be seen in Figure 7.A (middle plot), the different  𝜏 values in UC and 633 

PC generate different down-weightings of past observations, with a larger amount of 634 

information integrated during perceptual learning in the predictable context.  635 

 636 

Separate neural correlates of prediction error and precision (Figure 2, lower right 637 

panel). We next examined how the adaptation of learning (larger 𝜏) manifests at the 638 
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physiological level, based on the computational interpretation of specific DCM 639 

connections (see Methods section). Precisely, we expected predictability to have the 640 

following effects: 641 

1) A reduction of forward connection strength. Indeed, this extrinsic 642 

connection is thought represent the precision-weighted prediction error for 643 

which our results converge towards a diminution under predictability 644 

(smaller MMN and smaller Bayesian surprise, see Figure 3.B).  645 

2) A reduction of self-inhibition connection strength. This intrinsic connection 646 

controls the excitability of the superficial pyramidal cells (SP), where the 647 

forward connection originates from. As an inhibitory parameter, a low value 648 

translates into a large SP synaptic gain. Self-inhibition connection and SP 649 

activity have been proposed to index the precision weighting and the 650 

prediction error, respectively  (Feldman and Friston, 2010; Bastos et al., 651 

2012; Brown and Friston, 2013; Moran et al., 2013; Fogelson et al., 2014; 652 

Auksztulewicz et al., 2017). Observing a lower self-inhibition strength in 653 

condition PC would establish a direct mapping of this parameter onto 654 

precision weighting (which, as detailed in the introduction,  is larger in 655 

predictable environment). 656 

 657 

Regarding first prediction, as can be seen in Figure 7.B (left), predictability yielded a 658 

reduced forward connection strength on average across the network (average with 659 

standard error: 1.51 ± 0.10 and 1.66 ± 0.12, in PC and UC resp.), an effect which is 660 

largest at the lowest level of the network (PC / UC. Level Temporal: 1.52 ± 0.10 / 661 

2.05 ± 0.24; Level Fronto-Temporal: 1.41 ± 0.16 / 1.50 ± 0.21; Level Frontal: 1.61 ± 662 

0.24 / 1.44 ± 0.17). However, these effects do not reach statistical significance 663 

(Condition: F(1,19)=0.84; p=0.36; Condition×Level: F(1,19)=1.82; p=0.17). Second 664 
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prediction was fulfilled as self-inhibition connection strength was measured 665 

significantly reduced in condition PC compared to condition UC. (801.4 ± 18.9 and 666 

901.9 ± 26.3, resp.; F(1,19) = 10.52; p = 0.001), as shown in Figure 7.B (middle, 667 

right). This result establishes a link between self-inhibition and precision, as both 668 

adapt consistently to predictability (Figure 2, lower panel). No main effect of 669 

Hemisphere, nor Source, and no interaction between factors (Condition, Hemisphere, 670 

Source) could be observed using ANOVA (p≥0.12 for all but the main effect of 671 

Condition). Finally, the ANOVA conducted on standard-to-deviant modulation 672 

applying on forward connection strength and self-inhibition parameters did not 673 

disclose any significant main effect of Condition (forward: F(1,19)=2.50; p=0.12; self-674 

inhibition: F(1,19)=0.01; p=0.90). This suggests that the contextual effect of our 675 

predictability manipulation apply indistinctively to standard and deviant stimuli 676 

processing. 677 

 678 

Discussion 679 

 680 

This work addressed the hierarchical processing of sensory information during 681 

unattentional listening through its adaptation to the statistical structure of the 682 

environment. Complementary cognitive and neurophysiological modelling of oddball 683 

responses collected during different contexts of predictability reveals the occurrence 684 

of perceptual learning within a fronto-temporal hierarchy, as expected in the 685 

predictive coding framework. Moreover, it formally demonstrates that this predictive 686 

process is shaped by predictability in a way that optimizes the integration of relevant 687 

sensory information over time. Computationally speaking, this adaptation relies on 688 

the tuning of the precision weighting of prediction errors, a process which is known to 689 
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be a cornerstone of Bayesian information processing (Mathys et al., 2014). We 690 

therefore show with a mechanistic and dynamical approach that during passive 691 

oddball listening, the more predictable the environment, the more efficient the sound 692 

processing. Besides, for the first time the neural encoding of precision weight could 693 

be distinguished from the prediction error per se and directly attributed to inhibitory 694 

mechanisms. Remarkably, the hypothesis of evoked responses reflecting hidden 695 

precision-weighted prediction errors (Friston, 2005) that was considered along this 696 

work is substantiated empirically by the present findings obtained with 697 

complementary neuro- and computational generative models of evoked responses. 698 

 699 

Rare but robust empirical supports for predictive coding at play during oddball 700 

processing have been reported this past decade, obtained at the psychological level 701 

with trial-by-trial computational modelling (Ostwald et al., 2012; Lieder et al., 2013; 702 

Stefanics et al., 2018; Weber et al., 2020) and at the physiological level with DCM  703 

(Garrido et al., 2009a; Moran et al., 2013; Fogelson et al., 2014; Chennu et al., 2016; 704 

Lumaca et al., 2021). Novel evidence at both levels of analysis is provided here in 705 

the controlled work using exactly the same brain data informed by simultaneous EEG 706 

and MEG. The major contribution of this work, in the perspective of testing predictive 707 

coding more finely, lies in the fact that we could evidence the automatic tuning of the 708 

precision weighting of sensory errors and relate it to inhibitory mechanisms. This was 709 

made possible with the proposed model-driven contextual manipulation, where a 710 

second-order rule applies on the first-order oddball one.  711 

At the cognitive level, our results demonstrate quantitatively brain’s ability to grasp 712 

implicitly the larger informational content of the predictable context to derive a more 713 

informed and more efficient learning at the sensory level (by means of a larger 714 
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temporal integration window). The larger efficiency in sensory processing translates 715 

into more accurate sensory predictions and more rapid adaptation to 716 

unexpectedness (Mathys et al., 2014). Predictable deviants remain surprising as a 717 

significant MMN in condition PC was measured in EEG and MEG (see also Figure 718 

3.B). Beyond the passive nature of the experiment yielding arguably inaccurate 719 

predictions, this result actually demonstrates a hierarchical process that enables 720 

selecting low-level surprises (expected surprise still remains a surprise). Beside, our 721 

findings could provide a mechanistic explanation to the better task performances 722 

reported in target detection when listening to regular compared to random auditory 723 

streams (Southwell et al., 2017), and also during the processing of words and music 724 

stimuli under contextual expectancy (Tillmann et al., 1998). Similar facilitation of 725 

sensory processing in a structured environment was also suggested in a visual 726 

discrimination study (Rohenkohl et al., 2012), where temporal expectation was found 727 

to decrease reaction time, and could be associated to an increase of the sensory 728 

gain using a diffusion model. This result is comparable to the present precision 729 

adaptation, that here occurs without attentional (active) processing. 730 

At the neural level, the effect of predictability on forward connection strength did not 731 

prove significant. Regarding self-inhibition connection, our findings establish 732 

empirically a direct link between precision and self-inhibition within supragranular 733 

cortical layers. Several DCM studies strongly supported this mapping, as they 734 

reported consistent modulations of self-inhibition by some experimental 735 

manipulations hypothesized to influence precision under predictive coding, namely a 736 

cholinergic neuromodulation (Moran et al., 2013), sensory precision (Brown and 737 

Friston, 2012), selective attention (Brown and Friston, 2013), and predictability 738 

(Auksztulewicz et al., 2017). Here, it is the automatic contextual adaptation of 739 
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sensory processing that we reveal computationally and physiologically that fills the 740 

missing link enabling to relate precision and self-inhibition directly. From a 741 

methodological perspective, this findings add to recent efforts to increase model 742 

plausibility to account for electrophysiological data (Phillips et al., 2016; Pinotsis et 743 

al., 2017). 744 

   745 

The present approach (contextual manipulation and neuro-computational modelling) 746 

allowed us to test hierarchical learning in auditory processing, although the 747 

perceptual model is not hierarchically organized (it is based on a simple Bernoulli 748 

distribution). This aspect prevents from addressing the computational role of each 749 

DCM level, which is beyond the scope of this work. Here, hierarchical process was 750 

evaluated using our experimental manipulation, looking specifically at its effect on a 751 

single model parameter (a time constant that shapes learning evolution over trials). In 752 

hierarchical systems, higher levels process the most stable or slowly changing 753 

stimulus features, and associated predictions constitute top-down constraints on 754 

lower levels (Friston and Kiebel, 2009). In addition, increasing second-order statistic 755 

reliability has been theoretically demonstrated to increase the precision-weighting of 756 

sensory errors (Friston, 2008; Kanai et al., 2015). The reduced 𝜏  value under 757 

predictability fits very well with the top-down influence of contextual learning on 758 

sensory processing. Hierarchical learning models would be relevant to address the 759 

mechanisms by which the brain adapts to the context (an important direction 760 

discussed below). They should be employed with a slightly different paradigm to 761 

include the necessary transitions between contexts. Such models have already 762 

proven useful in characterizing the dynamics of learning an oddball rule changing 763 

over stable and volatile episodes (Meyniel, 2020; Weber et al., 2020).  764 
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 765 

Future research in testing predictive brain theories for perception has to address the 766 

mechanisms which subsume the adaptation of learning, including the dynamics of 767 

precision tuning. From a psychological perspective we aim at investigating more 768 

finely the present predictability adaptation in relation to attentional processes, guided 769 

by the computational account of attention (Friston, 2005). Under this view, attention 770 

serves to collect contextually-informative sensations to optimize perception and 771 

learning (Auksztulewicz and Friston, 2016; Parr and Friston, 2018), through either the 772 

precision weighting of sensory channels (Feldman and Friston, 2010) or action. The 773 

view of attention as the tuning of precision echoes our findings obtained without 774 

participant’s awareness of the experimental manipulation. Interestingly, predictive 775 

brain theories have led to consider under the same framework the opposite effect of 776 

voluntary attention (an increase) and predictability (a decrease) on evoked response 777 

amplitudes reflecting precision-weighted prediction errors. In Chennu et al. (2013) 778 

and in Auksztulewicz and Friston (2015), both factors could be manipulated 779 

orthogonally using different task instructions during perception of oddball-like sound 780 

sequences. These two studies revealed different modulations of mismatch responses 781 

at different latencies, and related attention to self-inhibition using DCM, respectively. 782 

Chennu and colleagues reported a reduced MMN when attention was explicitly 783 

engaged towards (local) tone transitions compared to (global) multi-tone patterns. 784 

This fits with the present reduced MMN in the predictable condition considering that a 785 

more informed learning of the oddball rule (providing better predictions) could be at 786 

play either through an explicit attentional engagement or, in our case, through the 787 

implicit learning of the contextual information. Therefore, we argue that likewise but 788 

without the voluntary orientation of attention, predictability acts as an implicit 789 

attentional process, enhancing the efficiency of sensory processing. Similar effect of 790 
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voluntary attention and predictability on precision (an increase) emphasizes the great 791 

potential of separating prediction error and precision accounts in order to predict (and 792 

test) their respective effects on evoked responses, instead of addressing precision-793 

weighted prediction errors as a whole (Heilbron and Chait, 2018). Bridging passive 794 

predictability processing and voluntary attention opens the way to mechanistically 795 

investigate attentional capture. This would involve experimental manipulations of 796 

precision and prediction error with appropriate hierarchical dynamic models to assess 797 

underlying activity, and feasibility was demonstrated here. We expect in particular 798 

novel insights from the manipulation of precision (in addition to typical modulations of 799 

global precision-weighted prediction errors), to assess whether voluntary attention 800 

can emerge from specific precision evolution reflecting a form of evidence 801 

accumulation. 802 

 803 

Conclusion 804 

A contextual manipulation of oddball paradigm combined with a neuro-computational 805 

dynamic modelling scheme was used to disentangle prediction error and precision 806 

neural representations. Contextual effect was found to increase the extent of 807 

temporal integration of past information, which implies lower sensory prediction 808 

errors amplified by a larger precision weighting. Findings in this paper 1) demonstrate 809 

the conclusive power of modelling approaches combining neuronal and cognitive 810 

levels and 2) emphasize the importance of accounting for the encoding of precision 811 

weighting when investigating perceptual learning and decision-making. Unfolding the 812 

mechanisms of precision tuning and encoding, especially at an implicit level, is a 813 

potentially critical step for clinical applications as alterations of these processes have 814 

been suggested to be at the core of several psychiatric disorders (Adams et al., 815 

2013; Lawson et al., 2017; Friston, 2020; Haarsma et al., 2020). Applying such a 816 
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simple oddball paradigm, only involving passive listening, coupled with computational 817 

and neurophysiological modelling could be of great value in this context.  818 

 819 

820 



 

 37 

References 821 
 822 
 823 

Adams RA, Stephan KE, Brown HR, Frith CD, Friston K (2013) The computational 824 
anatomy of psychosis. Frontiers in psychiatry 4:47. 825 

Aguera P-E, Jerbi K, Caclin A, Bertrand O (2011) ELAN: A Software Package for 826 
Analysis and Visualization of MEG, EEG, and LFP Signals. Computational 827 
Intelligence and Neuroscience 2011:1–11. 828 

Attal Y, Maess B, Friederici A, David O (2012) Head models and dynamic causal 829 
modeling of subcortical activity using 830 
magnetoencephalographic/electroencephalographic data. Rev Neuroscience 831 
23:85–95. 832 

Auksztulewicz R, Barascud N, Cooray GK, Nobre AC, Chait M, Friston K (2017) The 833 
Cumulative Effects of Predictability on Synaptic Gain in the Auditory Processing 834 
Stream. Journal of Neuroscience 37:6751–6760. 835 

Auksztulewicz R, Friston K (2015) Attentional Enhancement of Auditory Mismatch 836 
Responses: a DCM/MEG Study. Cerebral Cortex. 837 

Auksztulewicz R, Friston K (2016) Repetition suppression and its contextual 838 
determinants in predictive coding. CORTEX. 839 

Auksztulewicz R, Schwiedrzik CM, Thesen T, Doyle W, Devinsky O, Nobre AC, 840 
Schroeder CE, Friston K, Melloni L (2018) Not All Predictions Are Equal: “What” 841 
and “When” Predictions Modulate Activity in Auditory Cortex through Different 842 
Mechanisms. Journal of Neuroscience 38:8680–8693. 843 

Bastos AM, Usrey WM, Adams RA, Mangun GR, Fries P, Friston K (2012) Canonical 844 
microcircuits for predictive coding. Neuron 76:695–711. 845 

Brown HR, Friston K (2012) Dynamic causal modelling of precision and synaptic gain 846 
in visual perception - an EEG study. NeuroImage 63:223–231. 847 

Brown HR, Friston K (2013) The functional anatomy of attention: a DCM study. 848 
Frontiers in Human Neuroscience 7:784. 849 

Chennu S, Noreika V, Gueorguiev D, Blenkmann A, Kochen S, Ibáñez A, Owen AM, 850 
Bekinschtein TA (2013) Expectation and attention in hierarchical auditory 851 
prediction. Journal of Neuroscience 33:11194–11205. 852 

Chennu S, Noreika V, Gueorguiev D, Shtyrov Y, Bekinschtein TA, Henson R (2016) 853 
Silent Expectations: Dynamic Causal Modeling of Cortical Prediction and Attention 854 
to Sounds That Weren’t. The Journal of neuroscience : the official journal of the 855 
Society for Neuroscience 36:8305–8316. 856 

Clark A (2013) Whatever next? Predictive brains, situated agents, and the future of 857 
cognitive science. Behavioral and Brain Sciences 36:181–204. 858 



 

 38 

Daunizeau J, Adam V, Rigoux L (2014) VBA: a probabilistic treatment of nonlinear 859 
models for neurobiological and behavioural data. PLoS Computational Biology 860 
10:e1003441. 861 

Dayan P, Hinton GE, Neal RM, Zemel RS (1995) The Helmholtz Machine 862 
Technology MI of, ed. Neural Computation 5:889–904. 863 

Deouell LY (2007) The Frontal Generator of the Mismatch Negativity Revisited. 864 
Journal of Psychophysiology 21:188–203. 865 

Feldman H, Friston K (2010) Attention, uncertainty, and free-energy. Frontiers in 866 
Human Neuroscience 4:215. 867 

Fitzgerald K, Todd J (2020) Making Sense of Mismatch Negativity. Frontiers in 868 
psychiatry 11:468. 869 

Fogelson N, Litvak V, Peled A, Fernandez-del-Olmo M, Friston K (2014) The 870 
functional anatomy of schizophrenia: A dynamic causal modeling study of 871 
predictive coding. Schizophrenia Research 158:204–212. 872 

Friston K (2005) A theory of cortical responses. Philosophical Transactions of the 873 
Royal Society B: Biological Sciences 360:815–836. 874 

Friston K (2008) Hierarchical Models in the Brain Sporns O, ed. 4:e1000211 875 
Available at: http://dx.plos.org/10.1371/journal.pcbi.1000211. 876 

Friston K (2009) The free-energy principle: a rough guide to the brain? Trends in 877 
Cognitive Sciences 13:293–301. 878 

Friston K (2012) The history of the future of the Bayesian brain. NeuroImage 879 
62:1230–1233. 880 

Friston K (2020) Bayesian Dysconnections. The American journal of psychiatry 881 
177:1110–1112. 882 

Friston K, Harrison L, Daunizeau J, Kiebel S, Phillips C, Trujillo-Barreto N, Henson R, 883 
Flandin G, Mattout J (2008) Multiple sparse priors for the M/EEG inverse problem. 884 
NeuroImage 39:1104–1120. 885 

Friston K, Kiebel S (2009) Predictive coding under the free-energy principle. Journal 886 
of Mathematical Psychology 364:1211–1221 Available at: 887 
http://rstb.royalsocietypublishing.org/content/364/1521/1211.long. 888 

Friston K, Stephan KE, Montague R, Dolan RJ (2014) Computational psychiatry: the 889 
brain as a phantastic organ. The lancet Psychiatry 1:148–158. 890 

Garrido MI, Kilner JM, Kiebel S, Friston K (2009a) Dynamic causal modeling of the 891 
response to frequency deviants. Journal of Neurophysiology 101:2620–2631. 892 



 

 39 

Garrido MI, Kilner JM, Stephan KE, Friston K (2009b) The mismatch negativity: a 893 
review of underlying mechanisms. Clinical neurophysiology : official journal of the 894 
International Federation of Clinical Neurophysiology 120:453–463. 895 

Gramfort A, Papadopoulo T, Olivi E, Clerc M (2010) OpenMEEG: opensource 896 
software for quasistatic bioelectromagnetics. Biomedical engineering online 9:45. 897 

Haarsma J, Kok P, Browning M (2020) The promise of layer-specific neuroimaging 898 
for testing predictive coding theories of psychosis. Schizophrenia Research:1–9. 899 

Heilbron M, Chait M (2018) Great Expectations: Is there Evidence for Predictive 900 
Coding in Auditory Cortex? Neuroscience 389:54–73. 901 

Henson R, Mouchlianitis E, Friston K (2009) MEG and EEG data fusion: 902 
simultaneous localisation of face-evoked responses. NeuroImage 47:581–589. 903 

Kanai R, Komura Y, Shipp S, Friston K (2015) Cerebral hierarchies: predictive 904 
processing, precision and the pulvinar. Philosophical Transactions of the Royal 905 
Society B: Biological Sciences 370:20140169–20140169 . 906 

Kiebel S, Garrido MI, Moran R, Chen CC, Friston K (2009) Dynamic causal modeling 907 
for EEG and MEG. Salmelin R, Baillet S, eds. Human Brain Mapping 30:1866–908 
1876. 909 

Lawson RP, Mathys CD, Rees G (2017) Adults with autism overestimate the volatility 910 
of the sensory environment. Nature Neuroscience 15:173–13. 911 

Lecaignard F, Bertrand O, Caclin A, Mattout J (2021) Empirical Bayes evaluation of 912 
fused EEG-MEG source reconstruction: Application to auditory mismatch evoked 913 
responses. NeuroImage 226:117468. 914 

Lecaignard F, Bertrand O, Gimenez G, Mattout J, Caclin A (2015) Implicit learning of 915 
predictable sound sequences modulates human brain responses at different levels 916 
of the auditory hierarchy. Frontiers in Human Neuroscience 9:505. 917 

Lieder F, Daunizeau J, Garrido MI, Friston K, Stephan KE (2013) Modelling trial-by-918 
trial changes in the mismatch negativity. PLoS Computational Biology 9:1–16. 919 

Litvak V, Friston K (2008) Electromagnetic source reconstruction for group studies. 920 
NeuroImage 42:1490–1498. 921 

Lopes da Silva F (2013) EEG and MEG: relevance to neuroscience. Neuron 922 
80:1112–1128. 923 

Lumaca M, Dietz MJ, Hansen NC, Quiroga-Martinez DR, Vuust P (2021) Perceptual 924 
learning of tone patterns changes the effective connectivity between Heschl’s 925 
gyrus and planum temporale. Human Brain Mapping 42:941–952. 926 

Lumaca M, Haumann NT, Brattico E, Grube M, Vuust P (2018) Weighting of neural 927 
prediction error by rhythmic complexity: A predictive coding account using 928 
mismatch negativity. The European journal of neuroscience. 929 



 

 40 

Mathys CD, Lomakina EI, Daunizeau J, Iglesias S, Brodersen KH, Friston K, Stephan 930 
KE (2014) Uncertainty in perception and the Hierarchical Gaussian Filter. Frontiers 931 
in Human Neuroscience 8:825. 932 

Mattout J, Phillips C, Penny WD, Rugg MD, Friston K (2006) MEG source localization 933 
under multiple constraints: an extended Bayesian framework. NeuroImage 934 
30:753–767. 935 

Meyniel F (2020) Brain dynamics for confidence-weighted learning. PLoS 936 
Computational Biology 16:e1007935. 937 

Moran R, Campo P, Symmonds M, Stephan KE, Dolan RJ, Friston K (2013) Free 938 
energy, precision and learning: the role of cholinergic neuromodulation. Journal of 939 
Neuroscience 33:8227–8236. 940 

Ostwald D, Spitzer B, Guggenmos M, Schmidt TT, Kiebel S, Blankenburg F (2012) 941 
Evidence for neural encoding of Bayesian surprise in human somatosensation. 942 
NeuroImage 62:177–188. 943 

Parr T, Friston K (2018) Attention or salience? Current opinion in psychology 29:1–5. 944 

Penny WD, Stephan KE, Daunizeau J, Rosa MJ, Friston K, Schofield TM, Leff AP 945 
(2010) Comparing families of dynamic causal models. PLoS Computational 946 
Biology 6:e1000709. 947 

Phillips HN, Blenkmann A, Hughes LE, Bekinschtein TA, Rowe JB (2015) 948 
Hierarchical Organization of Frontotemporal Networks for the Prediction of Stimuli 949 
across Multiple Dimensions. Journal of Neuroscience 35:9255–9264. 950 

Phillips HN, Blenkmann A, Hughes LE, Kochen S, Bekinschtein TA, Cam-CAN, 951 
Rowe JB (2016) Convergent evidence for hierarchical prediction networks from 952 
human electrocorticography and magnetoencephalography. CORTEX 82:192–953 
205. 954 

Pinotsis DA, Geerts JP, Pinto L, Fitzgerald THB, Litvak V, Auksztulewicz R, Friston K 955 
(2017) Linking canonical microcircuits and neuronal activity_ Dynamic causal 956 
modelling of laminar recordings. NeuroImage 146:355–366. 957 

Rohenkohl G, Cravo AM, Wyart V, Nobre AC (2012) Temporal expectation improves 958 
the quality of sensory information. Journal of Neuroscience 32:8424–8428. 959 

Rosch RE, Auksztulewicz R, Leung PD, Friston KJ, Baldeweg T (2019) Selective 960 
Prefrontal Disinhibition in a Roving Auditory Oddball Paradigm Under N-Methyl-D-961 
Aspartate Receptor Blockade. Biological Psychiatry Cognitive Neurosci 962 
Neuroimaging 4:140–150. 963 

Schröger E, Kotz SA, Sanmiguel I (2015) Bridging prediction and attention in current 964 
research on perception and action. Brain Research 1626:1–13. 965 



 

 41 

Southwell R, Baumann A, Gal C, Barascud N, Friston K, Chait M (2017) Is 966 
predictability salient? A study of attentional capture by auditory patterns. Journal of 967 
Mathematical Psychology 372. 968 

Spratling MW (2016) A review of predictive coding algorithms. Brain and cognition. 969 

Stefanics G, Heinzle J, Horváth AA, Stephan KE (2018) Visual Mismatch and 970 
Predictive Coding: A Computational Single-Trial ERP Study. Journal of 971 
Neuroscience 38:4020–4030. 972 

Tillmann B, Bigand E, Pineau M (1998) Effects of Global and Local Contexts on 973 
Harmonic Expectancy. Music Perception: An Interdisciplinary Journal 16:99–117. 974 

Walsh KS, McGovern DP, Clark A, O’Connell RG (2020) Evaluating the 975 
neurophysiological evidence for predictive processing as a model of perception. 976 
Annals of the New York Academy of Sciences 1464:242–268. 977 

Weber LAE, Diaconescu AO, Mathys CD, Schmidt A, Kometer M, Vollenweider F, 978 
Stephan KE (2020) Ketamine Affects Prediction Errors about Statistical 979 
Regularities: A Computational Single-Trial Analysis of the Mismatch Negativity. 980 
Journal of Neuroscience 40:5658–5668. 981 

Wei H, Jafarian A, Zeidman P, Litvak V, Razi A, Hu D, Friston KJ (2020) Bayesian 982 
fusion and multimodal DCM for EEG and fMRI. Neuroimage 211:116595. 983 

Winkler I (2007) Interpreting the Mismatch Negativity. Journal of Psychophysiology 984 
21:147–163. 985 

  986 

  987 



 

 42 

Figure legends 988 

 989 

 990 

Figure 1. A. Experimental Design. Schematic view of the predictability manipulation 991 

applying to typical oddball sound sequences. Predictable context (left, green) involves cycles 992 

of ordered transitions between segments of repeating standards (chunks), which become 993 

shuffled in the Unpredictable context (right, red). Deviant probability remains the same in 994 

both context (p = 1/6). Grey rectangles delineate an exemplary cycle for both sequences. S:  995 

Standard, D: Deviant. B. Group-average difference responses. For each modality (EEG, 996 

left; MEG, right), scalp maps of grand-average difference (deviant – standard) responses at 997 

latency showing a significant predictability effect for both contexts (PC: green; UC: red). 998 

Middle plots: traces at sensors showing a significant MMN reduction under predictability 999 

(EEG: FCz; MEG: MLT16; location  on related scalp map is represented by a black circle); 1000 

grey areas indicate the significant time intervals for these sensors (permutation tests with 1001 

multiple comparison correction, p<0.05). 1002 

 1003 

 1004 

Figure 2. Neuro-computational framework. Representation of the current approach 1005 

deployed at both the cognitive and physiological levels to address the automatic adaptive 1006 

learning at play during auditory processing, and to disambiguate the mapping of precision 1007 

weights and prediction errors onto physiological responses. First-level analysis (upper 1008 

panel): the expected perceptual learning of the oddball rule is first tested at the 1009 

computational level (left) as well as its physiological implementation within a fronto-temporal 1010 

hierarchy (right). Second-level analysis (lower panel): adaptation of this learning to the 1011 

manipulation of predictability is then tested through the examination of model parameters for 1012 

each condition (UC, PC), both at the computational (left) and physiological (right) levels. 1013 

Grey boxes highlight the specific differences that were tested. Different learning time 1014 

constants τ (left) would support hierarchical learning with opposite effects on precision 1015 

weighting and prediction errors, that are testable (hence separable) using DCM. First-level 1016 

and second-level rules are described in  Figure 1.A.  Abbreviations: dynamic models: pl 1017 

(perceptual learning), dcm (dynamic causal model); cortical sources: HG (Heschl’s gyrus), 1018 

PP (planum polare), IFG (inferior frontal gyrus), SF (superior frontal); experimental contexts: 1019 

PC/pc (predictable context), UC/uc (unpredictable context). D: deviant. Forward/self: DCM 1020 

forward/self-inhibition connection strength parameters. 1021 

 1022 

 1023 

Figure 3. Perceptual learning models. A) Each cluster of interest is represented (orange) 1024 
over the inflated cortical surface of the SPM template brain (Mattout et al., 2007). These six 1025 
clusters are left, right Heschl’s Gyrus (lHG, rHG), left, right Planum Polare (lPP, rPP) and left, 1026 
right Inferior Frontal Gyrus (lIFG, rIFG). Total number of nodes in each cluster is indicated in 1027 
parenthesis. B. Bayesian surprise as a function of 𝝉. (arbitrary units, a. u.) Illustration of 1028 
different BS trajectories obtained with varying 𝜏, for the first 100 stimuli of a typical UC 1029 
oddball sequence. Two comments should be made: 1) BS decreases as 𝜏 increases and 2) 1030 
whatever 𝜏, BS is larger for deviants (D, black squares) than for standards (S, grey squares). 1031 
C) Learning model predictions of the MMN amplitude as a function of 𝝉 (group average) 1032 
for UC (red) and PC (green) sound sequences (see Methods). Note that in both contexts, 1033 
MMN amplitude decreases similarly as 𝜏 increases. 1034 

 1035 
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 1036 

Figure 4. DCM. A) Cortical sources for DCM analysis. Each source is indicated 1037 
schematically with orange dots on the inflated cortex, with corresponding MNI coordinates 1038 
(mm) in parenthesis. Source labels HG, PP, IFG and SF: Heschl’s Gyrus, Planum Polare, 1039 
Inferior Frontal Gyrus and Superior Frontal. B) Model Families. Upper row, schematic view 1040 
of the five model families designed to test DCM architecture in deviance processing. Bottom 1041 
row, the two model families of DCM input, HG and HG-IFG. Color codes of extrinsic 1042 
connections (conn.) and DCM source (or node) are provided in the legend. C) Model spaces. 1043 
Network structure analysis (left): DCM specifications for each of the 36 models (in columns). 1044 
Frontal, backward and intrinsic trial-specific gains, as well as modulatory connections 1045 
correspond to binary options (enabled = 1, disabled= 0) applying to the entire network. 1046 
Standard-to-deviant modulation analysis (right), following the same logic of display. 1047 
Backward trial-specific gains were disabled, or applied onto either extrinsic or intrinsic 1048 
connections depending on modulatory connections (as detailed in the main text). 1049 

 1050 

Figure 5. Computational modelling of deviance processing. Family-wise Bayesian model 1051 

comparison. For each cluster and at each time sample, family inference provides the 1052 

estimated posterior family exceedance probability of each model family (famnull: black, famnoL: 1053 

orange, famL: pink). 1054 

 1055 

Figure 6. Dynamic causal modelling of deviance processing, using p-MEEG. A) Family 1056 

inference for DCM architecture: family exceedance probabilities (upper left) and 1057 

corresponding network for the winning family A5 (lower left). B) Family inference for DCM 1058 

inputs. C) Family inference for standard-to-deviant trial-specific modulation for the forward 1059 

connectivity. Family exceedance probabilities of the model families with disabled (0) and 1060 

enabled modulation (1) is provided (left) and group-level BMA estimates of gain values (in 1061 

condition UC) averaged over the DCM network is represented (right). Prior value of gain 1062 

(light purple) was set to 1 assuming no standard-to-deviant modulation. Labels for the 1063 

cortical sources and model families are provided in the main text.   1064 

 1065 

Figure 7. Effect of predictability on auditory processing. A) Cognitive modelling 1066 

(perceptual learning). Left plot: effect of predictability on learning parameter 𝜏 . Posterior 1067 

estimates of 𝜏 averaged at the group-level and over the six clusters exhibited a significant 1068 

difference between conditions. Middle plot: downweighting of past observations obtained with 1069 

the posterior estimates of 𝜏 for conditions UC (red) and PC (green), respectively. Right plot: 1070 

group-level observed (Obs.) and predicted (Pred.) MMN amplitude within each cluster, and 1071 

for condition UC (red) and PC (green). Each value gathers time samples that exhibited a 1072 

significant learning effect in the first-level analysis, and was computed following the scheme 1073 

described for the pseudo-MMN computation (detailed in the main text). B) Physiological 1074 

counterpart (DCM). Effect of predictability onto effective connectivity obtained with the fusion 1075 

of EEG and MEG DCMs. Left and middle plots: posterior estimates of forward and self-1076 

inhibition  strengths measured in both conditions (UC: red, PC: green), averaged over the 1077 

group and over the connections within the DCM. SP: superficial pyramidal; a. u.: arbitrary 1078 

units. Right plot: Source-based self-inhibition strengths showing a significant predictability 1079 

effect. Values for each condition (UC: red, PC: green) are displayed over a typical DCM 1080 

graph representation.  Labels of cortical sources as in Figure 4. 1081 
















