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Abstract

The ability to extract structured patterns from a noisy environment is fundamental to
cognition, yet how the brain learns complex, non-adjacent regularities remains
unclear. Using magnetoencephalography (MEG) during a visuomotor task, we tracked
the neural dynamics as humans learned non-adjacent dependencies embedded in
noise. We reveal that learning is supported by two temporally dissociable
mechanisms. A rapid emergence of predictive activity, where neural patterns of
expected stimuli appear before their onset, precedes measurable behavioral
improvements. This is followed by a much slower representational change,
characterized by an increased neural pattern similarity between linked, non-adjacent
elements. Both processes are supported by a distributed consortium of sensorimotor,
dorsal attention, salience, central executive, and cerebellar networks. These findings
establish a temporal hierarchy for the neural mechanisms of learning, suggesting that
fast predictions guide online behavior, which in turn facilitates the gradual
consolidation of knowledge into stable neural representations.
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Introduction

Learning allows humans to adapt to a constantly changing environment. Statistical learning plays a key
role in this process as it enables the extraction of regularities from the environment without feedback or
reward'. As a fundamental function of humans’ cognition, such learning underlies a myriad of behaviors
including language processing, skill acquisition, or perceptual decision making?. Statistical learning®
has been extensively studied*® and shown to be a domain-general mechanism operating across
multiple modalities™'". It plays a key role in natural language processing®'"'2 as the hierarchical nature
of language allows words to form relationships over varying distances within a sentence, resulting in
non-adjacent dependencies*®. Notably, such non-adjacent dependencies are considered crucial to
distinguishing human language from other forms of communication systems and associated with
humans’ enhanced capacity to process higher hierarchical sequence structures compared to non-
human animals®. Studies in humans have shown that extracting regularities is more challenging for non-
adjacent dependencies than for adjacent dependencies’®, as sensitivity to non-adjacent dependencies
develops later in infancy”®, and involves distinct neural networks with the lateral occipital, angular gyrus,
medial and inferior frontal gyrus more involved in adjacent dependencies while the subcallosal cortex,
paracingulate cortex, and anterior cingulate cortex were more involved in non-adjacent dependencies
processing. Differences in the regions involved align with theories proposing that the learning of
adjacent dependencies relies primarily on bottom-up signals from perceptual processing networks,
whereas the learning of non-adjacent dependencies involves top-down signals from cognitive control
networks to inhibit attention to intervening items and redirect it toward the relevant dependencies’®.
Recent advancements in neuroimaging and signal processing’ have provided new insights into the
neural mechanisms involved in statistical learning of adjacent dependencies, namely representational
change and predictive activity12—15. However, it remains unclear whether these mechanisms support
statistical learning of non-adjacent dependencies'!, and how they dynamically emerge during learning.

Neural representational change is defined as the increase in similarity of neural activity patterns
between associated stimuli'®">1%'6_ A seminal study in monkeys'” demonstrated that neurons in the
inferior temporal lobe developed similar responses to images presented in close temporal proximity,
suggesting that neural selectivity can emerge from learned temporal associations and may reflect a
mechanism for statistical learning. A similar effect has been observed in humans using fMRI™?, showing
that passive exposure to structured and random sequences of abstract images led to increased neural
pattern similarity for structured versus random image pairs in the medial temporal lobe and
hippocampus. Studies examining changes in neural similarity typically focused on post-learning effects,
without measuring behavioral evidence of learning (e.g., reaction time or error rates). They did not track
neural changes as learning unfolded, nor did they link these changes to behavioral markers of
learning'®.

Neural predictive activity or predictive coding19'20 theories posit that brains are known to be
predictive machines'® that constantly try to match incoming sensory inputs. The Bayesian brain theory
of predictive coding postulates that the brain constructs an internal model of the world by detecting
statistical regularities from sensory inputsm. Under this theory, the brain has priors on the environment
based on its internal model that it uses to make predictions (i.e., top-down modulations) about upcoming
stimuli. When an unexpected event arises, it makes use of prediction errors to update its internal model
(i.e., bottom-up modulations) thereby continuously improving its predictions. Predictive coding has been
extensively studied across sensory modalities with neural recordings?>2: distinct brain responses to a
deviant stimulus in (e.g., visual or auditory) sensory regions. Some studies®*%° suggest that the brain
pre-activates neural ensembles involved in the perception of an upcoming, predictable stimulus before
it appears (i.e., predicting a tone at 440 Hz activates similar patterns of brain activity than perceiving it).
However, evidence for this hypothesis remains scarce, and methodological limitations due to high
physical proximity between stimuli may have hindered several studies®*?°. Similar to neural
representational changes, it remains unclear whether predictive activity (perception-like or not) emerges
during the learning of non-adjacent dependencies and how it builds up over time during learning.
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91 Using an explicit probabilistic learning task with relevant information embedded in noise,
92 combined with magnetoencephalography (MEG) recordings, we identified both representational
93 changes and predictive neural activity throughout learning. Representational changes were primarily
94  observed between 300 and 550 ms after stimulus onset, within the sensorimotor, dorsal attention,
95  central executive, and cerebellar networks. Predictive activity preceding the onset of the stimulus were
96 observed in the same brain regions, except for the central executive network. Neural representational
97 changes correlated with learning and predictive activity emerged before the neural representational
98 changes. Our results suggest that both neural representational changes and predictive activity support
99 the statistical learning of non-adjacent dependencies, and reveal the dynamics of these mechanisms

100  as learning unfolds.

101

102 Results

103  We recorded MEG from 15 human participants as they performed the cued Alternative Serial Reaction
104 Time (cASRT) task, responding to a sequence of arrows by pressing the corresponding buttons. Task
105  blocks included repeating (yellow) and random (red) arrows (Fig. 1a), allowing the emergence of
106  predictable (i.e., pattern) and unpredictable (i.e., random) elements (Fig. 1b). Participants first
107 completed three practice blocks in which no sequence was embedded in the yellow arrows, followed
108 by four sessions of five learning blocks each. They were informed that the yellow stimuli followed a fixed
109  sequence in learning blocks and were instructed to identify it and optimize their performance using this
110  knowledge.

111 Average reaction time (RT) per session for all trials decreased over time (Fig. 1c) (main effect
112 of session: F3,36 = 15.22, p < 0.001), demonstrating that participants are getting faster independently of
113 trial conditions. Average RT was smaller for pattern pairs than random pairs (main effect of trial
114 condition: F1, 14 = 21.35, p < 0.001), demonstrating that participants became faster for pattern pairs
115 compared to random pairs. Finally, the difference in RT between pattern and random pairs (i.e., learning
116 index) increased over session (interaction of session and trial condition: F3,36 = 6.87, p < 0.01). These
117 results confirm that statistical learning has occurred during the task. The learning index was calculated
118  for each session, excluding the practice session (set to 0). The learning index was significantly above
119 0 for session 1 (p < 0.05) and sessions 2 to 4 (all p < 0.01).
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122 Fig. 1. The cued Alternating Serial Reaction Time (cASRT) task leads to significant statistical learning of non-adjacent
123 dependencies. a In the cASRT task, an arrow stimulus appears in the center of the screen, alternating between repeating pattern
124 trials (yellow) and unpredictable random trials (red). Each trial displays the arrow for 200 ms, followed by a 500 ms response
125 window for participants to press the corresponding button. The inter-trial interval is 750 ms. b The alternating sequence structure
126 uses numbers to denote spatial directions (1 = left, 2 = up, 3 = down, 4 = right). Statistical learning is measured as the reaction
127 time (RT) in ms difference between pattern and random pairs. ¢ Participants' (n=15) RTs for pattern stimuli and random stimuli
128 in the cASRT task. Scatter points represent RTs per stimulus type for each participant, while tick points and lines show the
129 average RTs across participants per session. Each session comprises five blocks of 85 trials each of cASRT, except for the
130 practice session, which includes three blocks with no sequence in the pattern trials. The bottom panel illustrates the learning
131 index (ms) per session which is the difference in RT between random and pattern pairs. Error bars indicate the SEM. Asterisks
132 denote statistical significance (**: p < 0.01, one-sample t-test). Participants were significantly faster for the pattern than for random
:]] gz stimuli, and this difference increased across sessions, confirming statistical learning.

135 Late representational change after stimulus onset at the brain level correlates with behavioral
136  performance.

137  We conducted representational similarity analysis (RSA) using a Leave-one-Block-out (LoBo) cross-
138  validated Mahalanobis distance (cvMD)?®*%” between elements of both pattern and random pairs (Fig.
139 2a). Then, the distance within pattern pairs was subtracted from that of the random (see formula in
140 Methods section). This yielded a similarity index that reflects changes in similarity within pattern pairs
141 relative to changes in similarity within random pairs (Fig. 2b). The time course of this similarity index
142  revealed a significant positive cluster ranging from 0.38 to 0.43 s post-stimulus onset (cluster level, p <
143 0.05 corrected). To investigate the link between learning and such representational change, we
144  calculated, for each participant, the correlation coefficient between the similarity index and the learning
145 index across learning blocks (Fig. 2c). The Spearman rhos across participants revealed two significant
146  above 0 clusters from 0.31 to 0.36 s and 0.47 to 0.50 s post-stimulus onset (cluster level, p < 0.05
147  corrected).

148 To estimate the average effect, we computed the representational change by averaging the
149 similarity index values within a 0.30-0.55 s time window for each participant. The average of similarity
150 index yielded a significant above 0 effect (one-sample t-test, p = 0.04). The same was done for the
151 Spearman rho’s values. This mean representational change was also positively correlated with learning
152  index (p = 0.02, one-sample t-test on the Spearman rhos against zero) (Fig. 2d).

153 Overall, these findings demonstrate that the brain updates its representations of pattern pairs
154 relative to random pairs by increasing the similarity of non-adjacent elements within pattern pairs, while
155 also disregarding the non-informative random elements between them. The positive correlation with the

156 amount of learning suggests that such representational change could drive the learning process.
157
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159 Fig. 2. Representational similarity analysis (RSA): late representational change positively correlates with learning. a
160 Time course of the Leave-one-Block-out cross-validated Mahalanobis distance (cvMD) for pattern and random pairs, averaged
161 across participants. The grey rectangle area indicates the stimulus duration (200 ms). b Time course of the similarity index,
162 averaged across participants and blocks. Solid lines and shaded areas indicate the mean and the SEM, respectively. Asterisk
163 and color-filled areas indicate statistical significance (cluster-level, p < 0.05 corrected). Elements within pattern pairs evoked brain
164 activities more similar to each other relative to elements within random pairs from 0.30 to 0.55 s post-stimulus onset (colored
165 horizontal line) with a significant cluster at 0.38-0.43 s. ¢ Time course of Spearman’s rho correlation between the similarity index
166 and the learning index across sessions. Solid lines and shaded areas indicate the mean and the SEM, respectively. Asterisk and
167 color-filled areas indicate statistical significance (cluster-level, p < 0.05 corrected). The similarity index positively correlates with
168 learning during 0.30 to 0.55 s post-stimulus onset (colored horizontal line) with significant clusters at 0.31-0.36 and 0.47-0.50 s.
169 d Relationship between the mean representational change and the learning index across blocks. The mean representational
170 change was calculated by averaging the similarity index between 0.30 and 0.55 s for each session and each participant. Each
171 participant’s fit is depicted in different colors with solid color lines indicating the mean fit across blocks. The bold black line shows
172 the mean fit across participants and sessions. Within-subject computed rhos are significantly different from 0 (p = 0.02, one-
173 sample t-test), confirming that increased learning is associated with greater representational change.

174

175 Distributed representational change across the sensorimotor, dorsal attention, central
176  executive, and cerebellar networks.

177  To identify the brain spatial localization of the representational change effect, we performed source
178 reconstruction of our MEG data using beamformingzg'zg. The participants’ brains were parcellated into
179 200 cortical regions, which were further grouped into seven networks: visual, sensorimotor, dorsal
180 attention, salience, limbic, central executive, and default mode networks. Additionally, we incorporated
181 three subcortical structures: the hippocampus, thalamus, and cerebellum. These regions served as our
182  regions of interest (ROIs). RSA was performed in each network using the same LoBo cvMD distance
183 measure as in the previous sensor-space analysis. While only the dorsal attention and central executive
184 networks showed significant continuous clusters post-stimulus onset (cluster level, p < 0.05 corrected),
185 averaging the similarity index in a time window ranging from 0.30 to 0.55 s post-stimulus onset (i.e.,
186 corresponding to the timing of the mean effect at the sensor level) revealed a significant mean effect in
187  the the sensorimotor, dorsal attention, central executive, and cerebellar networks (one-sample t-test, p
188 < 0.05) (Fig.3b). The time course correlation between the similarity index with learning revealed no
189  significant clusters across any ROls (cluster level, all p > 0.05 corrected), but the sensorimotor network
190 averaged during our time window of interest revealed a significant above 0 effect (one sample t-test, p
191 < 0.05) (Fig. 3c).

192 In summary, these findings indicate that the initial representational change observed at the
193 brain level is distributed across the sensorimotor, dorsal attention, central executive, and cerebellar
194 networks at the source level. No evident correlation was found between the magnitude of learning and
195  representational change across these networks, except for the sensorimotor network.


https://www.zotero.org/google-docs/?oymthX
https://doi.org/10.1101/2025.08.18.670891
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.08.18.670891; this version posted August 19, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is

196
197
198
199

Visual

Sensorimotor

@S

Dorsal Attention
Salience
Limbic

@S

Central Executive

Default Mode

@SB

Hippocampus

@2

Thalamus

@&

Cerebellum

made available under aCC-BY-NC-ND 4.0 International license.

b c Similarity index
Mahalanobis distance Similarity index 05 & learning correlation
1
a Pattern é 0.5 1 °
= Random E £ 0.04 -
3 £ 4
0 @ 0.0 AR -
- T - . r - - - r - 0.5+ - : . r
-0.2 0.0 0.2 04 0.6 0.2 0.0 0.2 04 0.6 0.2 0.0 0.2 04 0.6
. 0.5 .
a | Paten U 3 o054 .
s ” £ £ 004 3
> : [14
] f £
- y - v T T - - T - 0.5 v T - r
-0.2 0.0 0.2 04 0.6 02 0.0 0.2 04 0.6 0.2 0.0 0.2 04 0.6
0.5
*
™ 5 051
a Pattern - % °
S | Rendom £ £ 00y WM o vty
3 € 4
0 @ 0.0 e S S
- v r . : " - r : - 0.5+ " r - r
-0.2 0.0 0.2 04 0.6 0.2 0.0 0.2 04 0.6 0.2 0.0 0.2 04 0.6
0.5+
ol o5
) £ £ 00+ '\M’SL\A,J\ N:J\ PN
> : [14
] £
@ 0.0 v v v
- - - : - 0.5+ - - - -
0.2 0.0 0.2 04 0.6 0.2 0.0 0.2 04 0.6
0.5
o 1 Pattern 8051 3
> : [14
] 1
£ oo W vy AL A
- T r . T T r . T v 0.5 T r v r
-0.2 0.0 0.2 04 0.6 02 0.0 0.2 0.4 0.6 0.2 0.0 0.2 04 0.6
0.5
*
o L [P 8051
s 7 £ 2 004 W\W\J\Q{VA{V
3 A £ 4
04 g @ 0.0 %
- r - - " - - - : - 051+ - r - r
-0.2 0.0 0.2 04 0.6 0.2 0.0 0.2 0.4 0.6 0.2 0.0 0.2 0.4 0.6
0.5
o ™ & 054
3 < £ oo MMWW
> s [14
o £
0l & 001 W
- T - - T - - . T - 0.5 - : - r
-0.2 0.0 0.2 0.4 0.6 02 0.0 0.2 0.4 0.6 0.2 0.0 0.2 0.4 0.6
0.5
o ™ B o051
= < £ oo AN A2 Y
> : [
S €
ol B 0.0 TAMAAGCAMNAAS Y
- ' : . ! ! : . ! . 0.5+ ' ! - !
-0.2 0.0 0.2 0.4 0.6 0.2 0.0 0.2 0.4 0.6 0.2 0.0 0.2 04 0.6
0.5
o Y patterr 8051
= g £ 00 WYAWOL A,
= : ['4
] £
0 & 0.0 { AW ANV A
- - - - r - - - r - 051+ - - - -
-0.2 0.0 0.2 0.4 0.6 0.2 0.0 0.2 0.4 0.6 0.2 0.0 0.2 0.4 0.6
0.5
*
14
o | Pattem 8051 .
s £ 2 00 aﬂ,—«‘LJWVVW"\
> 2 [4
o £
& 001 ,\WI\N"
- T r . " " . . . v 0.5 4 T T v T
-0.2 0.0 0.2 0.4 0.6 02 0.0 0.2 0.4 0.6 0.2 0.0 0.2 0.4 0.6
Time (s) Time (s)

Fig. 3. Source space RSA: distributed representational change in the sensorimotor, dorsal attention, central executive,
and cerebellar networks. a Leave-one-Block-out cross-validated Mahalanobis distance for pattern and random elements.
Distances were averaged across participants. The grey rectangle area indicates the duration of the stimulus (200 ms). Color-
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200 filled areas indicate statistical significance (cluster-level, p < 0.05 corrected). b Similarity index time course across ROls, averaged
201 across sessions and participants. Color-filled areas indicate statistical significance (cluster-level, p < 0.05 corrected). Colored
202 horizontal lines above curves indicate above 0 statistical significance for values averaged across 0.30-0.55 s time window (one
203 sample t-test, p < 0.05). Significant clusters of representational change were found in the dorsal attention and central executive
204 networks. The average of similarity index revealed significant mean representational change effect in the sensorimotor,, dorsal
205 attention, central executive, and cerebellar networks (one sample t-test, p < 0.05). ¢ Spearman correlation time course of the
206 similarity index and learning index across sessions. Colored lines above curves indicate above 0 statistical significance for values
207 averaged across 0.30-0.55 s time window (one sample t-test, p < 0.05). No significant clusters were found in any of the ROIs
208 (cluster-level, all p > 0.05 corrected). The sensorimotor network exhibited a significant above 0 correlation effect.

209

210 Information about the upcoming stimulus is present before its appearance.

211 To investigate predictive activity, we used a Logistic Regression classifier with LoBo cross-validation
212 strategy on both random and pattern trials and the time genc—zralization30 method to capture mental
213  representations and investigate if they generalize before the stimulus appearance. This analysis
214 showed stable representations for both trial types, with sustained representations before the stimulus
215  onset for pattern trials but not for random trials (cluster level, all p < 0.05 corrected) (Fig. 3a). When
216  contrasted (i.e., Time generalization matrix of pattern trials — matrix of random trials), we found a
217  significant cluster of the neural representation of the upcoming stimulus early ~500 ms before its
218 appearance, corresponding to the inter-trial interval, and building up to the stimulus onset (Fig. 3b, top,
219 black rectangle). When correlated with the learning performance, the contrast revealed no significant
220  cluster (cluster level, all p > 0.05 corrected) (Fig. 3b, bottom).

221 In summary, we found a significant predictive activity of the upcoming stimulus around 500 ms
222  before its appearance during highly predictive trials.
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224 Fig. 4. Temporal generalization: a predictive activity effect of expected stimuli in pattern trials. a Time generalization of
225 spatial arrows during pattern and random ftrials. Black lines indicate the stimulus onset timing (0 s). Statistically significant
226 temporal clusters (p < 0.01) are delineated by a grey line. We found sustained neural representations in the post-stimulus period
227 for both pattern and random trials, but also in the pre-stimulus period in pattern trials. b The contrast between pattern and random
228 trials time generalization matrices (top) returned a significant cluster in the inter-trial interval before the stimulus onset (black
229 square) demonstrating predictive activity in pattern trials. The Spearman correlation between the contrast matrix and learning
230 index returned no significant clusters.
231

232 Distributed predictive activity in the sensorimotor, dorsal attention, salience, and cerebellar
233  networks.

234  To investigate predictive activity at the source level, we employed the same source reconstruction
235 pipeline as for the RSA. Sensor-space analyses revealed that the effect was strongest and statistically
236 significant mainly along the diagonal preceding stimulus onset: reflecting training and testing at identical
237  pre-stimulus time points (i.e., decoding). Therefore, only these segments were considered for further
238  analyses. Decoding across blocks revealed sustained neural representations (cluster level, all p < 0.05
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239 corrected) during pre- and post-stimulus onset periods in the sensorimotor, dorsal attention, and
240  salience networks (Fig. 4a). In random trials, neural representations across sessions were only found
241 after stimulus onset in all ROIs (Fig. 5a, middle) (cluster level, all p < 0.05 corrected). We then computed
242 the contrast (i.e., the difference between pattern and random trials decoding performance), which
243  displayed significant clusters in the pre-stimulus period in the sensorimotor and dorsal attention
244  networks only (Fig. 4a, right) (cluster level, all p < 0.05 corrected). We then computed the average of
245  the contrast values within a 500 ms time window preceding stimulus appearance, which revealed
246  significant effects in the sensorimotor, dorsal attention, salience, and cerebellar networks (one sample
247  ttest, p < 0.05).

248 In summary, our findings show a distributed predictive activity building up to the stimulus onset
249  across the sensorimotor, dorsal attention, salience, and cerebellar networks.
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251 Fig. 5. Source space decoding: a distributed predictive activity across sensorimotor, dorsal attention, salience, and

252 cerebellar networks. a Decoding performance of spatial arrows in pattern trials across all ROls, using a Logistic Regression
253 classifier and a Leave-one-Block-out cross-validation, averaged across participants. The grey rectangle area indicates the
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254 stimulus duration (200 ms). Statistically significant temporal clusters (p < 0.05) are delineated by colored lines. Sustained neural
255 representations were found during pre-stimulus period in pattern trials in all ROls, both the pre- and post-stimulus period in pattern
256 trials in the sensorimotor and dorsal attention networks, and during the post-stimulus period only in random trials. b Same as
257 panel a but with random trials. Sustained neural representations were found during the post-stimulus period only in random trials
258 across all ROIs. ¢ The contrast between pattern and random ftrials decoding performance returned significant clusters in the
259 sensorimotor and dorsal attention networks only. Average values within 500 ms preceding stimulus revealed significant effects
260 in sensorimotor, dorsal attention, salience, and cerebellar networks (colored horizontal lines, one sample t-test, p < 0.05).

261

262  Non-linear temporal modeling on behavior, predictive activity, and representational change
263  reveals distinct temporal dynamics across blocks and ROls.

264 In order to track changes in representations and predictions over the course of learning, we applied
265  non-linear temporal modeling to the block-wise mean effects of representational changes, predictive
266 activity, and behavioral performance (i.e., learning index) (Fig. 6). Behavioral performance increased
267  from block 6 to block 10 before reaching a plateau and was significantly above 0 from block 8 onward
268  (p < 0.0001). Predictive activity rose from the first block itself until block 6 before reaching a plateau
269 and was significantly above 0 from block 4 onward (p < 0.05). Representational change increases
270  throughout the behavioral task (block 1 to 23) and is significantly above 0 from block 11 until the end of
271 experiment (p < 0.05). In summary, our results show that behavioral performance, predictive activity,
272 and representational change have different temporal dynamics as learning unfolded.

273 We conducted the same analysis with mean effects of representational change and predictive
274 activity in source space across all our ROIs (Fig. 7). For predictive activity, we found significant above
275 0 effects in the sensorimotor and dorsal attention networks from block 1 onward, and salience network
276  from block 1 to block 19 (all p < 0.001). When uncorrected for multiple comparisons, we found significant
277 effects in the central executive from block 8 to block 21, the default mode network from block 11 to
278  block 21, and the cerebellum from block 12 to 23 (all p < 0.05). For representational change, we found
279 significant above 0 effects in the sensorimotor network from block 12 onward (p < 0.01) and the dorsal
280  attention network from block 8 onward (p < 0.0001). When uncorrected for multiple comparisons, we
281 found significant effects in the salience network from block 12 onward, the central executive network
282  from block 10 to block 22, and the cerebellum from block 12 onward (all p < 0.05). In summary, our
283 results show that representational change and predictive activity have different temporal dynamics
284  mainly distributed across the sensorimotor and attentional networks.
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287 Fig. 6. Behavior, predictive activity and representational change have different temporal dynamics across blocks. Jagged
288 (grey) lines and ribbons are group mean +/- SEM calculated from data. Smooth (red) lines and ribbons are the model's estimated
289 marginal means and 95% CI. Asterisks indicate significance (HO = ‘temporal trend is constant and equal to 0’). Vertical grey lines
290 indicate the end of practice blocks and beginning of learning blocks. Horizontal segments indicate blocks significantly different
291 from 0. Thicker portions of the model smooth indicate significant temporal slopes (derivative). BEHAV: behavior, PA: predictive
292 activity, RS: representational change. ****: p < .0001, *: p < .05.
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295 Fig. 7. Distributed predictive activity and representational change effects across blocks in sensorimotor and attentional
296 networks. Jagged (grey) lines and ribbons are group mean +/- SEM calculated from data. Smooth colored lines and ribbons are
297 models’ estimated marginal means and 95% CI. Asterisks indicate significance (HO = ‘temporal trend is constant and equal to
298 0’). Vertical grey lines indicate the end of practice blocks and beginning of learning blocks. When statistical significance does not
299 survive a per-metric Holm correction for multiple comparison, it is displayed between parentheses. Horizontal, colored segments
300 indicate blocks significantly different from 0. Thicker portions of the model smooth indicate significant temporal slope (derivative).

301 BEHAV: behavior, PA: predictive activity, RS: representational change. ****: p < .0001, ***: p <.001, **: p < .01, *: p < .05, ns:
302 non significant.

303
304 Discussion

305  To adapt to a dynamic world, the human brain must extract stable regularities from noisy environments,
306 a process known as statistical learning’>. While the neural basis of learning simple adjacent
307 dependencies has been explored13'15, how the brain learns complex, non-adjacent patterns separated
308 by irrelevant information remains poorly understood. Here, using MEG during a visuomotor task, we
309  demonstrated that learning non-adjacent dependencies is supported by two neurally and temporally
310  dissociable mechanisms: predictive activity and representational change. We first reveal a rapid
311 emergence of predictive activity, where neural patterns for expected stimuli appear up to 500 ms prior
312 to their onset across a distributed network including sensorimotor, dorsal attention, salience, central
313 executive, and cerebellar regions. Second, we found a more gradual representational change, where
314 the neural patterns evoked by linked, non-adjacent stimuli become more similar. This representational
315 shift occurs much later, between 300-550 ms after stimulus onset, and is localized to a similar set of
316 sensorimotor, attention, executive, and cerebellar networks. Critically, our temporal modeling reveals a
317 clear hierarchy: predictive activity arises first, followed by behavioral improvements, which in turn
318  precede the consolidation of representational change that continues to increase throughout the task.
319  These results uncover the distinct temporal dynamics of the core neural mechanisms supporting
320 learning, suggesting that fast predictions guide initial behavior while slower representational plasticity
321 solidifies learned structures amidst noise.

322 Schapiro et al.”>"® evidenced representational change as a mechanism of statistical learning
323  of adjacent dependencies using a passive exposure task. Their fMRI study revealed the hippocampus
324  and the medial temporal lobe as areas that support this mechanism. Our results extend the findings of
325 Schapiro et al."® by showing that representational change also supports statistical learning of non-
326  adjacent dependencies, indicating that this mechanism remains robust when regularities are embedded
327  with noisy information. By incorporating a motor response and leveraging the high-temporal resolution
328  of MEG, our study provided a more detailed account of statistical learning and revealed a positive link
329  between representational change and behavioral performance. However, our findings differ from
330 Schapiro et al.” in three key ways. First, we did not find evidence of representational change in the
331 hippocampus. This result could stem from the inherent challenges of resolving subcortical signals in
332 MEG source space, where signal-to-noise ratios are typically low. Second, Schapiro et al.” reported
333  that representational change emerged after an hour of stimuli exposure'® while our study shows that
334  the effect is present after about 17 mins (from block 11) after the sequence is introduced. The rapid
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335 emergence of the effect may be due to the inclusion of a motor response, which likely increased
336 participants’ engagement and active involvement in the task compared to passive exposure, further
337  highlighting the link between behavioral performance and representational change that we found.
338  Additionally, participants were aware of the presence of a hidden sequence within the stimulus stream,
339 which may have facilitated learning. Third, we found representational change of stimuli that are visually
340 similar whereas Schapiro et al. did not find any between visually similar stimuli. This difference could
341 be explained by the motor component of our task that enhances engagement. Interestingly, our
342 representational change effect was found during a time frame that corresponds to the RT range. This
343 aligns with the effect observed in the sensorimotor network and its correlation with behavioral
344 performance, suggesting that the motor representations of associated stimuli became more similar
345  while visual representations remained unaffected, likely requiring greater dissimilarity between stimuli.
346  We also build upon previous temporally resolved RSA studies'®', that identified representational
347 changes for predictable auditory stimuli, extending these findings to visual perception and the learning
348  of non-adjacent dependencies. Our results contrast with a late effect (i.e., 300 to 550 ms post-stimulus
349  onset) compared to an early effect (i.e., around 120 ms post-stimulus onset) of previous studies, which
350  could be attributed to the experimental paradigm that incorporates a motor component. Further to this,
351 our results of representational change show a distributed mechanism across various networks rather
352 than a localized one. This is in line with previous works'? suggesting that statistical learning engages
353  distributed cortical networks involved in the parallel encoding of both low (e.g., transitional probabilities)
354  and high level features (e.g., sequence order and identity).

355 Extensive evidence supports that the brain continuously seeks to match incoming perceptual
356 input through predictive activity shaped by previous experience. Despite neural mechanisms underlying
357 such predictive activity being unclear, one widely accepted hypothesis is that predictive signals are
358  transmitted through top-down pathways from higher-order to sensory regions®?®. As such, pre-
359 activation of neural ensembles that encode a stimulus before its appearance, has been a potential
360  candidate for neural prediction. Previous work in humans investigating this mechanism?*%° have since
361 been challenged on methodological grounds, as the high physical similarity between stimuli can
362  produce spurious effects that are difficult to distinguish from true prediction. The structure of the cASRT
363  task - where each preceding (n-17) trial is always uninformative of the current (n) trial - provides a unique
364 opportunity to isolate anticipatory neural activity that can be more confidently interpreted as predictive
365 activity. Using the temporal generalization method® in sensor space, we sought to identify predictive
366 activity. First, when the classifier was both trained and tested within the pre-stimulus period, we
367  observed a significant cluster emerging around 500 ms before and building up to stimulus appearance,
368 again only in pattern trials. This suggests top-down modulation of sensory activity from higher-order
369 regions in anticipation of predictable stimuli, but could also be a pre-activation of neural ensembles that
370 code for stimulus perception. Second, our results show a continuous decoding from the n-2 stimulus to
371 the current stimulus n during pattern trials, indicating the presence of a sustained memory trace when
372 two stimuli are temporally linked. Notably, such a memory trace is maintained despite an uninformative
373  interference (i.e., stimulus n-7 is a random trial), further supporting the robustness of sequential memory
374  representations. This finding additionally suggests that neural ensembles are selectively tuned to
375  relevant (pattern) information while effectively filtering out irrelevant (random) noise. Next, we sought
376 to explore the spatial localization of these neural predictive processes among 7 networks and additional
377 3 subcortical regions. Out of all our ROIs, the sensorimotor, dorsal attention, salience, and cerebellar
378  networks revealed a predictive activity within the same 500 ms pre-stimulus period. These results show
379  a distributed predictive modulation activity across not only sensory networks (i.e., sensorimotor) but
380 also higher-order networks (e.g., dorsal attention, salience, and cerebellum) indicating that top-down
381 modulation is not limited to sensory regions, but may also involve dynamic interactions among higher-
382 order cognitive networks. Future research could explore the functional connectivity between these
383 regions, which, although highly relevant, falls outside the scope of the current work.

384 Quantifying effects of behavioral performance, predictive activity, and representational change
385  across blocks revealed distinct dynamics for each process. Predictive activity emerged first, becoming
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386  significant from the first block of learning (block 4), followed by the learning index, and finally
387  representational change. No direct correlation was found between predictive activity and learning index
388 (Fig. 4, bottom panel), despite predictive activity preceding the learning index as revealed by GAMM
389 analysis (Fig. 6). This suggests a non-linear relationship between predictive activity and behavioral
390  performance, which additive non-linear modeling captures. One hypothesis would be that predictive
391 activity is a necessary but not a sufficient condition for learning. The sequence of predictive activity
392 preceding the learning index, followed by representational change, may reflect a ‘fast logic’
393  phenomenon, consistent with dual-process theory®' which posits the coexistence of intuitive and
394  deliberate modes of thinking. Although participants were aware of the presence of a hidden sequence
395 in the task, the brain may have detected these regularities implicitly, with explicit sequence knowledge
396 emerging later and subsequently translating into improved behavioral performance and increased
397 representational similarity of pattern pairs. Another hypothesis is that predictive activity may drive
398 representational change, which in turn supports behavioral improvement. Early, rapid predictive activity
399 in sensorimotor and attentional networks could facilitate initial performance gains. This sustained
400 prediction then provides a stable signal to gradually reshape neural representations. Slower
401 representational change, particularly in attentional networks, may consolidate and further optimize
402 learned behavior, explaining why representational change continues to rise even after behavioral
403 performance plateaus. At the source level, representational change in the dorsal attention network
404 became significant from block 8 onward, coinciding with the rise of the learning index. Predictive activity
405 in the same network appeared from block 1 onward, suggesting, pending confirmation in future studies,
406 a potential causal effect of predictive activity on representational change during statistical learning.
407 Together, these findings support the engagement of large-scale neural interactions in predictive
408 processing and representational change in response to environmental statistical regularities”. Future
409  studies could investigate the causal relationship between predictive activity and representational
410  change to better understand their interplay.

411 The role of attentional networks has been strongly linked to non-adjacent dependency
412 processing involving top-down signals from cognitive control networks to inhibit attention to intervening
413  items and redirect it toward the relevant dependencies’®. Our results in representational change and
414 predictive activity corroborate these previous studies. Indeed, dorsal attention and salience networks
415  are involved in predictive activity while representations in the dorsal attention network exhibit
416 representational change (Fig. 3 & 5). The dorsal attentional network mediates top-down internal
417  guidance of information based on prior knowledge, willful goals and plans whereas the salience (or
418  ventral attention) network mediates bottom-up signals assumed to be involved in detecting unattended
419  or unexpected stimuli and triggering shifts of attention®232. It is interesting to notice that the dorsal
420 attention network is involved throughout all blocks compared to the salience network which is involved
421 until block 19 (Fig. 7). These results hint at a cooperation of both attentional systems to process
422  stimuli®*=* with a disengagement of the salience networks toward the end of the task as the sequence
423 structure is completely assimilated by the participants whereas the dorsal attention is active throughout
424  manifesting its involvement in prediction based on prior knowledge.

425 Our findings also resonate with recent large-scale and electrophysiological accounts of
426 statistical learning. Functional connectivity work has shown that statistical learning is facilitated by a
427 reduction in frontal connectivity, particularly between the superior frontal gyrus and attentional or
428 salience networks, suggesting that diminished top-down control may enable the extraction of novel
429  regularities from noisy input®>. Complementing this, electrophysiological evidence indicates that
430 perceptual and motor codes contribute jointly to the predictive processes underlying sequence learning,
431 supporting the view that probabilistic learning relies on the concerted operation of both modality-specific
432 and modality-independent neural representationssa. Taken together, these results converge with our
433 MEG data by highlighting that predictive activity and representational change emerge not in isolation
434 but through the dynamic coordination of distributed brain systems that flexibly balance top-down control
435  and multi-level coding to optimize learning.
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436 While this study provides novel insights into the distinct temporal dynamics and spatial
437 localization of representational change and predictive activity, it also has certain limitations. First, the
438 relatively small sample size may have amplified or attenuated neural effects, particularly in source
439  space. However, the use of powerful within-subject statistical methods (e.g., non-parametric cluster-
440 based permutation tests) and advanced modeling (GAMMSs) provides robust detection of effects at the
441 individual level. Second, the use of arrows as stimuli introduces potential confounds: participants may
442 hold pre-existing representations of arrows, and their physical similarity—differing only in pointing
443  direction—could bias true representational change effects, at least in its temporal dynamics. Third, the
444 explicit nature of the task, in which participants were instructed to identify and exploit the hidden
445 sequence to optimize performance, may have artificially enhanced the temporal dynamics of the
446  observed effects, especially for predictive activity effects that are present very early in the task. Finally,
447  the use of bimanual responses could have introduced asymmetries in stimulus representation
448  distances, for example between items assigned to different hands. Future studies could investigate
449 representational change and predictive activity using more implicit tasks, in which participants remain
450 unaware of temporal regularities, and with more abstract visual stimuli. In addition, while the present
451 study employed deterministic non-adjacent regularities, more ecological contexts such as language
452 acquisition typically involve probabilistic regularities with graded probability distributions rather than
453  fixed patterns.

454 In conclusion, our work reveals that the statistical learning of non-adjacent dependencies is not
455  a monolithic process but a dynamic interplay between two mechanisms operating on different
456  timescales. We demonstrate that the brain first employs rapid predictive activity to guide behavior
457  through a noisy environment, with anticipatory signals emerging early across attentional and
458  sensorimotor networks. This initial, fast-acting mechanism is followed by a slower, more gradual
459 representational change, which solidifies learned regularities into stable neural codes. This temporal
460 hierarchy, supported by interactions between attentional and sensorimotor systems that filter irrelevant
461 information, provides a mechanistic framework for how the brain extracts order from chaos, suggesting
462 a fundamental principle whereby fast predictions pave the way for lasting representational plasticity.
463

464 Methods

465 All analyses were performed using the Python programming language (v3.10.9, Python Software Foundation,

466 https://www.python.org/) and main packages including MNE-Python37 and Scikit-learn®.

467

468  Participants

469 Participants were recruited in France through promotional flyers. Fifteen healthy young adults took part in the
470 experiment (10 women, 5 men; mean age = 25.8 + 2.3 years). Handedness was measured by the Edinburgh

471 Handedness Inventorysg; the mean Laterality Quotient (LQ) of the sample varied between +33.3 and +100 (-100

472 means complete left-handedness, 100 means complete right-handedness; mean.q = 76.0 £ 22.8). Participants had

473 normal or corrected-to-normal vision, none of them reported a history of any neurological and/or psychiatric
474 condition, and none of them were taking any psychoactive medication. To ensure that participants did not differ in
475 executive function performance, the short form of the Counting Span test was administered before the
476 magnetoencephalography (MEG) experimentation, for which they performed in the normal range (mean = 3.78 +
477 0.95). All participants provided written informed consent before enroliment and were compensated a total of 40€
478 for the entire experiment. The experiment was conducted in accordance with the guidelines of the Declaration of
479 Helsinki and was approved by the “Comité de Protection des Personnes Sud Méditerranée I”.

480

481 Behavioral task and experimental procedures

482 Statistical learning was measured with a cued version of the alternating serial reaction time (cASRT) task*®41. In
483 this task, an arrow stimulus appears at the center of the screen and participants are instructed to press the key on
484 aresponse device that corresponds to the spatial direction of the actual arrow as quickly and accurately as possible.
485 Participants used their index and middle finger of both their hands to respond. The cASRT task was written,
486 delivered to the participants, and monitored using Presentation software (v. 18.1, Neurobehavioral Systems). Visual
487 stimuli were back-projected on a translucent screen in front of the participants. Motor responses were collected
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488 using two LUMItouch optical response keypad with two keys each (i.e., left and up response keys on the left pad;
489 down and right keys on the right pad). The presentation of arrow stimuli follows an alternation of pattern (P) and
490 random (r) trials alternate with each other (e.g., 2-r—1-r—3-r—4-r; where numbers denote the four predefined
491 spatial directions [1 = left, 2 = up, 3 = down, 4 = right] of the arrows and ‘r’ denote randomly chosen directions out
492 of the four possible ones) (Fig. 1a). Arrows corresponding to pattern trials were displayed in yellow and arrows
493 corresponding to random ftrials in red. Participants were told that yellow arrows always follow a predefined
494 sequence of spatial directions while red arrows always point to a randomly chosen spatial direction out of the four
495 possible ones. They were instructed to find the hidden predefined sequence defined by the yellow arrows to
496 improve their performance, thus, to be faster and more accurate using this sequence information to predict the next
497 sequence (pattern) element. However, they were not informed about the exact length of the sequence. Instructions
498 emphasize that participants also have to respond to red (random) arrows. Out of the 24 possible permutations of
499 the four spatial directions, 6 unique permutations were selected and assigned to each participant in a
500 pseudorandom manner. In such a sequence, some pairs become predictable (i.e., pattern pairs) in contrast to
501 some that stay unpredictable (i.e., random pairs) (Fig. 1b). The timing of an experimental trial was the following.
502 The target stimulus (arrow) was presented at the center of the screen for 200 ms, then a blank screen was displayed
503 until the participant gave a motor response but no longer than 500 ms. After a fixed delay of 750 ms following the
504 response (indicated by a blank screen again), the next trial started (Fig. 1a). In the case of an incorrect response,
505 an ‘X’ was presented at the center of the screen for 500 ms before the 750 ms blank screen delay. If no response
506 was recorded within 700 ms following stimulus onset—the duration encompassing both stimulus presentation and
507 the response window—a ‘I’ appeared at the center of the screen for 500 ms, followed by a 250 ms blank screen
508 before the onset of the next trial. Participants first performed with 3 blocks of only random ftrials (i.e., practice
509 session). Then they performed 4 sessions of 5 blocks each incorporating pattern trials (i.e., learning sessions).
510 Each block included 85 trials (for a total of 1700 ftrials in the entire testing session) after five warm-up trials
511 consisting only of random stimuli. After each block, participants received a 3 s feedback on their mean reaction
512 time (RT) and accuracy in the given block. After the feedback, explicit knowledge about the sequence was
513 measured. Participants were instructed to continuously type the order of yellow arrows with the corresponding
514 response keys. This sequence report lasted until participants gave 12 consecutive responses (i.e., ideally, they
515 reported the given sequence three times). Participants were not informed that they had to provide exactly 12
516 responses and that the series of responses could be three repetitions of the given sequence. The explicit test was
517 followed by a self-paced short break while participants could rest. The entire experimental procedure lasted an
518 average of 56 minutes including the 6 min practice session and the 2 min MEG recalibration between each testing
519 block. Structural MRI data were acquired prior to the MEG experiment from 11 participants using a Siemens Prisma
520 3T scanner equipped with a 64-channel coil. High-resolution 1 mm isotropic 3D magnetization-prepared rapid
521 gradient echo (MPRAGE) T1-weighted images were obtained (repetition time = 2400 ms; echo time = 2.98 ms;
522  matrix size = 192 x 256 x 256).

523

524  Behavioral analysis

525 Stimulus repetition (e.g., 222, 444) and ftrills (e.g., 313, 424) were excluded*?, and only correct responses were
526 considered for further analysis. Mean RTs for pattern and random pairs were calculated separately for each
527 participant and session. A 2 (trial conditions: pattern vs. random pairs) x 4 (sessions: 1, 2, 3, 4) two-way repeated-
528 measures analysis of variance (ANOVA) was performed to compare mean RTs throughout the experiment.
529 Greenhouse—Geisser correction was applied to the reported p values. For each session, the learning index was
530 calculated with the following formula, and tested against 0 with a one-sample t-test:

531

532 Learning index = Mean RTS ,qnaom pairs - Mean RTS  ,attern pairs

533

534  MEG recordings and preprocessing

535 Neuromagnetic activity was recorded with a sampling rate of 2034.5 Hz on a whole head 248 magnetometers MEG
536 system (4D Neuroimaging magnes 3600). The MEG apparatus was housed in a magnetically shielded room. The
537 head position was recorded before and after each block. One electro-cardiography channel (ECG) and 2 electro-
538 oculography (EOG) channels were also recorded and realigned during preprocessing. All trials were considered

539 irrespective of the response given by participants. Head position of the participants were realigned to that of the
540 first learning session. We first applied a high pass filter above 1 Hz to the raw data. Independent component
541 analysis (ICA) was then performed on this high-pass-filtered raw data to extract 30 components. To remove

542 components linked to eye blinks/movements or heartbeats artifacts, we computed Pearson correlation of each ICA
543 component time course with each of the ECG/EOG channels. ICA components that correlated above a correlation
544 coefficient threshold of 0.9 with one of the ECG/EOG channels were discarded. The remaining ICA components
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545 were back projected to the MEG sensors using the original raw data (unfiltered). This ICA-cleaned raw data was
546 then bandpass filtered between 0.1 and 30 Hz. Epochs were generated at a sampling frequency of 101.73 Hz (i.e.,
547 twenty-fold decimation against raw data). For RSA analyses, epochs were created time-locked on stimulus onset
548 with a duration of 0.8 s (i.e., from 0.2 s before the event to 0.6 s after the event) and were baselined using the 0.2
549 s time window preceding the visual stimulus onset. For temporal generalization and decoding analyses, epochs
550 were generated from 4 s before and 4 s time-locked on stimulus onset, and were not baselined in order to avoid

551 eliminating any predictive activity effects. For one participant with unusable practice session data, the first learning
552  block was used in its place when necessary.
553

554  Source reconstruction

555 Participants’ MEG data were co-registered to their meshed structural MRIs obtained from Freesurfer*>44 through
556 identification of the same anatomical landmarks (left and right pre-auricular points, and nasion). For participants
557 (n=3) who did not undergo MRI acquisition, MEG data were morphed to a standard template brain from the
558 FreeSurfer package. The Schaefer atlas®® was used to parcellate the brain into 200 cortical regions. These regions
559 were clustered into 7 different networks: the visual, sensorimotor, dorsal attention, salience, limbic, central
560 executive, and default mode networks. Additionally, we included 3 subcortical regions -the hippocampus, the
561 thalamus, and the cerebellum- using the Desikan-Killiany parcellation46. These regions served as our regions of
562 interest (ROIs). For RSA analyses, noise covariance was computed with the 200 ms preceding stimulus onset,
563 while data covariance was computed on post-stimulus onset data of each epoch. For temporal generalization and
564 decoding analyses, noise covariance was computed on random trials only in the 200 ms preceding stimulus onset,
565 while data covariance was computed on whole respective epochs. To estimate the time series in each ROI, the
566 linearly-constrained minimum variance (LCMV) beamformer was computed on single-trial data. This particular
567 spatial filter was chosen due to its ability to resolve deeper sources and suppress external noise on time series
568 data?®. Vector source estimates were used to keep the information of all (x, y, z) directions of the dipoles. We then
569 performed Singular Value Decomposition in a time-resolved manner to only keep the most informative direction at
570  each time point of the source estimates.

571

572  Representational similarity analysis

573 An Ordinary Least Squares (OLS) linear regression was applied to each sensor/vertex and to each time point to
574 compute the model coefficients that capture the neural response patterns associated with each stimulus*’. The
575 model residuals from the OLS were used to estimate the covariance matrix using Ledoit-Wolf shrinkage for more

576 stable covariance estimates*®. The 10 fold cross-validated Mahalanobis distance was selected as the dissimilarity

577 metric due to its sensitivity in multivariate statistical testing for RSA in neuroimaging data?®49:%0;

578

579 CVMD(A,B) — (Mgrain _ ,U]tgrain )T y-1 _(Mgest _ 'ugest)

580

581 where U are class means estimated separately in training and testing sets, 2 is the noise covariance estimated
582 from training residuals using Ledoit-Wolf shrinkage. This resulted in time-resolved representational dissimilarity
583 matrices (RDMs) for each participant and each session. For each participant, the distance between elements of
584 pattern and random pairs was extracted from the RDMs. Then the similarity index was computed using the following
585  formula:

586

587 Similarity index = cvMD learning ,angom — CVMD learning ,airern

588

589 This index reflects changes in similarity with pattern pairs relative to changes in similarity within random pairs. A
590 positive value for the similarity index means that the similarity between elements within pattern pairs is higher than
591 the similarity among elements within random pairs. To test if the similarity index was significantly different than 0
592 at the group level, a non-parametric t test corrected for multiple comparisons with cluster-based permutations was
593 performed, using the default parameters of MNE-Python. Spearman’s correlation was also computed in a time-
594 resolved manner between the similarity index and the learning index of each participant. The resulting rhos for
595 each participant were tested against 0 using a one-sample f test. This pipeline was applied both in sensor space
596  (whole brain) and source space (ROIs).

597

598  Temporal generalization
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599 Except for correlation analyses, only learning session trials were considered in order to prevent dampening of found
600 effects by the practice session. Epochs were generated time-locked -4 s before and 4 s after stimulus onset. A
601 classifier that has been trained at a specific time sample was tested at all possible time samples using the temporal
602 generalization methodso, resulting in two-dimensional arrays of decoding performance in accuracy (i.e.,
603 generalization matrix) for each participant at each session. This was done for both pattern and random trials. To
604 test if the group-mean accuracy of the decoding performance is above chance level (25%) at each time point, a
605 non-parametric t test corrected for multiple comparisons with cluster-based permutations was computed51. Next,
606 the contrast was computed by subtracting the random generalization matrix to the pattern one to evidence any
607 predictive activity prior to stimulus onset. To test if this difference in accuracy was significant, we performed a non-
608 parametric t test corrected for multiple comparisons with cluster-based permutation551. This pipeline was applied
609 for pattern and random trials in sensor space (whole brain) only.

610

611 Decoding

612 Except for correlation analyses, only learning session trials were considered in order to prevent dampening of found
613 effects by the practice session. Multivariate pattern analysis (MVPA) decoding aimed at predicting the value of a
614 specific variable y (i.e., the spatial arrows) from the brain signal X. The multiclass Logistic Regression was selected
615 as the classifier. The data (X) were whitened using a standard scaler that z scored each channel at each time point
616 across trials. Each estimator was fitted on each participant separately, across all MEG sensors/source vertices,
617 and at a unique time sample, using the default parameters of scikit-learn. The cross-validation was performed using
618 a 10-fold stratified folding, and accuracy was selected as the metric used to assess classifier's performance. To
619 test if the group-mean accuracy of the decoding performance is above chance level (25%) at each time point, a
620 non-parametric ¢ test corrected for multiple comparisons with cluster-based permutations was computed51. Epochs

621 of each session (including practice) were concatenated and used as a single epoch to maximize the number of
622 trials in the training and testing set. This pipeline was applied for pattern and random trials in source space (ROIs)
623  only.

624

625  Non-linear temporal modeling

626 The temporal evolution of behavioral performance, predictive activity and representational similarity over the time
627 course of the experiment was investigated using generalized additive mixed models (GAMM) using the mgcv52
628 package (version 1.9.0) in R (version 4.3.2). Each variable was modelled with a GAMM including a single fixed
629 effect: a smooth penalized regression spline of block. Therefore, block was treated as a continuous predictor with
630 23 values (3 practice blocks + 20 task blocks). Participant heterogeneity was captured by a random intercept and

631 a random linear slope, allowing individual temporal trajectories to deviate from the population curve both by a
632 constant offset and a linear trend. In order to formally compare temporal dynamics across the three metrics of
633 interest, a fourth model was fitted to the standardized values. Each metric was scaled to have a unit standard
634 deviation at the group level. The three metrics were grouped into a single factor variable which was allowed to
635 interact with block via the addition of a factor smooth interaction in the model predictors. This way, each

636 (standardized) metric is modeled by its deviation from the mean of the three, similar to a sum-to-zero contrast (aka
637 sum contrast coding) in a linear model. A significant overall test for this interaction term indicates that at least one
638 metric’s temporal trajectory differs from the others. Submodels including only two of the three metrics were fitted
639 as post hoc tests to identify the differing pairs. All models used thin-plate regression splines and a basis dimension
640 of 10 (the default values), and assumed Gaussian errors with an identity link. The adequacy of these parameters
641 and validity of the Gaussian assumption was inspected with ad hoc diagnostics provided by mgcv. In particular, for
642 all models residuals were found to be normally distributed and estimated degrees-of-freedom of fixed effect
643 smooths were well below 10. Parameters and smooth penalties were estimated by restricted maximum likelihood
644  (REML, the default).

645
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