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In the constantly changing environment that characterizes our daily lives, the ability to predict and adapt to new circumstances is
crucial. This study examines the influence of sequence and knowledge adaptiveness on predictive coding in skill learning and rewiring.
Participants were exposed to two different visuomotor sequences with overlapping probabilities. By applying temporal decomposition
and multivariate pattern analysis, we dissected the neural underpinnings across different levels of signal coding. The study provides
neurophysiological evidence for the influence of knowledge adaptiveness on shaping predictive coding, revealing that these are
intricately linked and predominantly manifest at the abstract and motor coding levels. These findings challenge the traditional view of a
competitive relationship between learning context and knowledge, suggesting instead a hierarchical integration where their properties
are processed simultaneously. This integration facilitates the adaptive reuse of existing knowledge in the face of new learning. By
sheddinglight on the mechanisms of predictive coding in visuomotor sequences, this research contributes to a deeper understanding of
how the brain navigates and adapts to environmental changes, offering insights into the foundational processes that underlie learning

and adaptation in dynamic contexts.
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Introduction

In volatile environments, temporal predictions can help us use
our resources more efficiently. For instance, statistical learning,
a key component in skill learning, allows us to differentiate
between probable and less probable events. This ability leads
to more optimal processing both at the behavioral (Fiser and
Aslin 2001; Aslin 2017) and neural levels (Turk-Browne et al. 2009;
Takacs and Beste 2023), ultimately facilitating the acquisition
and refinement of new skills. Exposure to repeated temporal
associations creates robust long-term memory trace (Kobor et al.
2017; Téth-Faber et al. 2021). That is, existing knowledge with
predictive associations can be observed as a neural representa-
tion (Vékony et al. 2023). However, the effectiveness of learned
predictions varies across sequences. When environments change,
previously learned temporal associations may no longer be accu-
rate, requiring adaptation to maintain predictive accuracy (ie to
rewire old skills) (Heald et al. 2023a; Heald et al. 2023b) (Fig. 1).
Yet, we have limited knowledge of how contextual factors and
knowledge effects contribute to predictions (Apps and Tsakiris

2013), especially in a volatile environment. We aimed to fill this
gap by investigating how previously learned associations are uti-
lized across different sequences, each varying in the extent to
which knowledge (old or new) can be effectively applied. Essen-
tially, we wanted to understand the rewiring process, that is, how
the brain accommodates new information while retaining pre-
viously learned associations, depending on the specific learning
sequence. We examined this process at different coding levels
of the neurophysiological signal to gain a comprehensive under-
standing of the underlying mechanisms.

In everyday life, familiar environments, such as supermar-
kets, restaurants, and bus stops, are already learnt and useful
for making predictions over extended periods. Nevertheless, the
volatility of these environments can limit its predictive value,
as exemplified by shopping in a familiar store that just had its
aisles reshuffled. The dual-process theory of memory retrieval
(Yonelinas 1994) proposed that this is an automatic, context-free
process as opposed to conscious recollection that comes with the
reactivation of the episodic details. However, neurophysiological

Received: June 17, 2024. Revised: December 3, 2024. Accepted: January 23, 2025

© The Author(s) 2025. Published by Oxford University Press. All rights reserved. For permissions, please e-mail: journals.permissions@oup.com

920z |1Mdy |z uo Jasn Aysieaiun uolip Jo Ateiqi) supipsw Aq 0G8YE08/SZ0IBYG/Z/SE/B101B/100180/W00 dNo dlwapede//:sdiy Woll papeojumo(]


https://orcid.org/0000-0002-8620-5685
https://orcid.org/0000-0002-9629-5856

 4925 28024 a 4925 28024 a
 
mailto:teodora.vekony@pdi.atlanticomedio.es
mailto:teodora.vekony@pdi.atlanticomedio.es
mailto:teodora.vekony@pdi.atlanticomedio.es
mailto:teodora.vekony@pdi.atlanticomedio.es

2 | Takéacsetal.

A B

response 500 ms

Random ending

Random
low-probability Pattern
triplet high-probability
triplet

Random
high-probability

triplet
QA Random ending

Pattern ending

e (BOB g

High-probability o
triplet \3[4/ 3

Pattern

Random

- e

Random ending Pattern ending

Low-probability

triplet 0

12.5% %

12.5% /é/

Low-probability

12.5%

000

12.5% 50%

Fig. 1. Experimental task. A) The timing of the ASRT task. One arrow pointing left, up, down, or right was presented in the middle of the screen. B) The
structure of the ASRT task. Unbeknownst to the participants, the order of the direction of the arrows followed a predetermined, alternating order. An
8-element alternating sequence was repeated 10 times per block. Every second element was a pattern trial, while the intermittent elements appeared in
a randomly chosen position. C) The formation of triplets. Due to the alternating structure, three consecutive elements formed a high- or low-probability
triplet. We categorized each trial as the last element of a high- or low-probability triplet. D) The proportion of high- and low-probability triplets. Thirty-
seven point five percent of the triplets were low probability, while 62.5% of the trials were high probability. High-probability trials could have been
formed by two pattern trials and one random trial in the middle (50% of the time) or, by chance, also by two random trials and one pattern trial in the

middle.

markers of knowledge shown to be modulated by the environment
(Tsivilis et al. 2001). An alternative account suggested (Ecker
et al. 2007) that although information about the environment
is predominantly processed as noise in decisions if the context
is salient enough, it can function as an independent familiarity
signal. As a result, context and knowledge compete for attention.
In contrast, predictive coding accounts suggest that contextual
and stimulus properties contribute to the evaluation of the per-
ceived stream of information in a simultaneous fashion (Apps and
Tsakiris 2013; Blank et al. 2023). Specifically, contexts’ structure
and characteristics can shape expectations about probable stim-
ulus properties, which can bias the stimulus processing. In the
case of sequential regularities, this implies that the given context
(sequence) influences the recognition of which contingencies are
more probable to occur.

Irrespective of whether the learning context and knowledge
are competing (Ecker et al. 2007), processing them simultaneously

presumes intermixed neurophysiological signals (Miickschel et al.
2017; Takacs et al. 2021). Temporal signal decomposition can
be used to disentangle these partially overlapping processes
(Ouyang and Zhou 2020; Takacs et al. 2022). This has also been
shown in learning visuomotor sequences (Takéacs et al. 2021;
Vékony et al. 2023). In a recent study (Vékony et al. 2023),
we employed Residue Iteration Decomposition (RIDE) to show
that perceptual (S-cluster), motor (R-cluster), and abstract or
modality-independent (C-cluster) information simultaneously
contribute to the formation of memory representations in an
environment that contained sequential regularities.

We aimed to study the effects of sequence (whether sequence
A or B is presented) and knowledge of predictive associations (old
and new knowledge) in learned but volatile environments that
mimic these everyday challenges. Therefore, we implemented
a method from the habit change literature (Szegedi-Hallgatd
et al. 2017; Horvath et al. 2022). Using a visuomotor sequence
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learning paradigm, participants were exposed to different
sequences that either (i) they had previously encountered, allow-
ing them to develop implicit knowledge of adaptive responses, or
(ii) were entirely new to them, with no prior experience. However,
some of the responses learned from sequence A remained effec-
tive and adaptive when participants were exposed to sequence
B. This approach enabled us to examine the persistence of old
knowledge from the original sequence (ie exposure to sequence A)
and how new adaptive knowledge emerges in response to changes
in the environment (ie exposure to sequence B).

In the current study, we investigated the development of
the initially formed associations (old knowledge) under a new
sequence that required the learning of novel associations. Our
experimental design is unique in that it allows us to examine the
impact of sequence—that is, in our case, the specific probabilistic
sequence currently presented to the participant—and determine
whether the knowledge being activated pertains to a previously
learned sequence (first session) or a newly learned sequence
(second session). Given that certain sequence items (triplets)
are acquired within one sequence while others are learned in
a different one, we distinguish between them by referring to the
former as “Old Knowledge” and the latter as “New Knowledge.” After
the second session, we also tested the participants’ knowledge
as they experienced alternating sequences (ie whether the old
or new knowledge is advantageous in the given sequence, third
session). Importantly, participants were unaware of changes
between sequences. Moreover, the learned regularities of the
sequences partially overlapped; therefore, switching from the
old to the new sequence required a gradual adaptation.

Previous studies on habit change suggest that it is possible to
acquire new habits without losing the old ones (Apps and Tsakiris
2013; Horvath et al. 2022; Székely et al. 2024). Based on these
findings, we hypothesized that participants could learn in the
new regularities in both sequence A and then sequence B while
retaining their knowledge of Sequence A. We further predicted
that stimulus contingencies could be decoded at all levels of
processing, including the sensory (S-cluster), motor (R-cluster),
and cognitive (C-cluster) coding levels (Vékony et al. 2023). How-
ever, we anticipated that sequence-specific modulations would be
observed at the perceptual (Tsivilis et al. 2001; Apps and Tsakiris
2013) and motor coding levels.

Materials and methods

Participants

Forty-four healthy young participants were recruited via online
advertisements. Participants were right-handed and had normal
or corrected vision. They had no history of neurological or psychi-
atric conditions and were not taking psychoactive medications at
the time of the study. Three participants were excluded because
they did not complete data acquisition in all three sessions. One
participant was excluded due to low signal quality on the first day
(<10 trials remaining), leaving 40 participants in the final sample
(19 female, 21 male, Mage =22.6 years, SD=2.9). They all signed
a written consent form before taking part and received 20€/h
as compensation. The study followed the declaration of Helsinki
and was approved by the relevant ethical committee (“Comité de
Protection des Personnes Est I,” ID RCB 2019-A02510-57).

Task

The electroencephalography (EEG)-adapted version of the Alter-
nating Serial Reaction Time (ASRT) task (Kébor et al. 2019; Vékony
et al. 2023) was used to measure the learning of probabilistic
regularities (Fig. 2). During this task, a yellow arrow appeared for
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200 ms in the middle of a black screen, pointing left, up, down,
or right. Then, a white cross was displayed for 500 ms. Partici-
pants had to press a button that matched the arrow’s direction
during this time. If they did, the cross stayed for another 750 ms.
Erroneous or missing responses were followed by an “X” or an “!,”
respectively, for 500 ms. This was followed by the presentation of
the fixation cross for 250 ms.

The task had blocks of 85 trials each. Blocks started with
five warm-up trials (random arrows), and then an eight-element
sequence was reiterated 10 times. Participants were not informed
that the arrows followed a fixed alternating sequence, and they
were not briefed about the purpose of the task between sessions.
In the sequence of eight elements, pattern (P) and pseudo-random
(r) elements took turns (eg r-2-r-4-r-3-r-1, where numbers stand for
a fixed spatial position in the sequence [1=left, 2=up, 3=down,
4 =right], and r denotes a random position). There are 24 different
ways to create an eight-element alternating sequence with four
spatial directions (eg r-2-r-1-1-3-1-4; -1-1-2-1-3-1-4; - 1-1-2-1-4—
r-3). Within these permutations, only six are unique (eg r-2-1-4-
r-3-r-1is the same as r-3-r-1-1-2-1-4).

Each trial of the ASRT task can be categorized as the third
element of a triplet based on the preceding two trials (in either rPr
or PrP structures). Importantly, due to the alternating sequence,
we can differentiate between high-probability and low-probability
triplets based on how predictable the last (third) element of a
triplet is from the first element: the third element of a high-
probability triplet can be predicted from the first element with a
higher chance than in a low-probability triplet (second-order tran-
sitional probabilities). Because of the eight-element sequence, 64
different triplets can be formed. If we know the first two elements
of the triplet (eg 2-1), there are four possible endings for the third
element: The triplet could end with 1, 2, 3, or 4. Only one of them
will make a high-probability triplet: using the example above (r-2-
r-4-1-3-r-1). That is, only “4” as the third element will make a high-
probability triplet (in that case, the triplet will be 2-1-4). Conse-
quently, out of the 64 possible triplets, 16 will be high-probability
and 48 will be low-probability triplets. Half of the trials will be
the last element of a high-probability triplet (because every other
element is part of the pattern, P-1-P structure). However, one out
of four triplets with an r-P-r structure will also be the last element
of a high-probability triplet (50%/4 = 12.5%). This is because 2-X-4,
which represents a high-probability triplet based on the example
provided, could be formed from a PrP structure but occasionally
also from an rPr structure. Thus, a specific high-probability triplet
will show up five times more often (50% + 12.5% =62.5% of the
trials) than a low-probability triplet (37.5% of the trials).

Participants received different sequences of stimulus presen-
tation in the first two sessions (sequence A and sequence B,
respectively). In the third session, sequences A and B alternated
in runs of 5 blocks. The order of the sequence presentation
was counterbalanced among participants who performed them
either as A-B-A-B-A-B or as B-A-B-A-B-A. The first two sessions
encompassed 25 blocks each, while the third session comprised
30 blocks. Reaction times (RTs) and accuracy were recorded. After
each block, participants received feedback on their performance,
displayed as an average RT and accuracy, irrespective of exper-
imental conditions. This feedback remained on the screen for
5,000 ms, succeeded by a 15,000-ms break, which participants
could prolong if needed. The commencement of a new block was
self-paced.

Procedure

Participants visited the lab on three consecutive days to complete
the three sessions. Each session followed a similar procedure.
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Fig. 2. Study design. The study consisted of three consecutive sessions. In session 1, participants learned sequence A, and, in session 2, they learned
sequence B, each presented in 25 blocks of trials. Learning was assessed by comparing performance on high- vs. low-probability trials in both sessions. In
session 3, participants completed 15 blocks each of sequence A and sequence B, with the starting sequence counterbalanced. Sequences were presented
in units of five consecutive blocks. To assess knowledge updating in sessions 2 and 3, we compared performance on trials that were low probability on
the first day but became high probability on the second day (“New Knowledge”) to trials that remained low probability throughout. To assess knowledge
retention in sessions 2 and 3, we compared performance on trials that were high probability on the first day but became low probability on the second

day (“Old Knowledge”) to trials that remained low probability throughout.

The experiment began with a 5-min eyes-open resting-state EEG
recording, which was not analyzed for the current paper. Dur-
ing this period, participants looked at a white cross on a black
background without moving. Next, they performed the ASRT task
(Howard and Howard 1997; Kébor et al. 2019). In this task, yellow
arrows sequentially appeared in the center of the screen, and
participants responded by pressing a corresponding button on a
Cedrus RB-530 response pad (Cedrus Corporation, San Pedro, CA).
Participants were instructed to press the button corresponding to
the direction of the arrow as quickly and accurately as possible.
They kept their left and right thumbs and left and right index fin-
gers on the four buttons. Initially, they completed three blocks of
85 stimuli each, where the arrows pointed in random directions to
get used to the setting (practice blocks). After that, they completed
25 blocks (85 stimuli/block) of the ASRT task (see details below).
They rested for ~5 min after every five blocks, and EEG impedance
was checked and adjusted if needed.

In the first session, participants implicitly learned to differen-
tiate between high and low-probability trials (Vékony et al. 2023).
We refer to this as “Learning Sequence A” (Fig. 2). Unbeknown to par-
ticipants, the conditional probabilities of the stimulus sequence
were changed in the second session. We refer to this part of the
experiment as “Learning Sequence B.” Finally, in the third session
(testing), participants performed an extended version of the task
(ie 30 blocks instead of 25). Half of the participants started the task
with stimulus probabilities of sequence A, while the other half
of the sample performed it with the probabilities from sequence
B. After each five blocks, the sequences alternated. That is, every
participant performed the task with stimulus probabilities from
both sequences for 15 blocks each. This alternating presenta-
tion of sequences ensured counterbalancing to mitigate potential
interference effects between old and new knowledge (Fig. 2).

Behavioral analyses

In the ASRT paradigm, probabilistic sequence learning is con-
ventionally quantified as the difference between high- and low-
probability trials (Howard and Howard 1997; Nemeth et al. 2013;
Szegedi-Hallgaté et al. 2019). As participants become familiar
with the patterns, they exhibit shorter RTs and greater accuracy
on high-probability trials compared to low-probability ones. This
suggests that participants develop predictions based on the non-
adjacent transitional probabilities, which subsequently leads to
response adaptation.

In the current study, we only analyzed trials with correct
responses. We also removed trills (eg 1-2-1, 8.73% of the trials)
and repetitions (eg 1-1-1, 2.74% of the trials) from the analysis, as
participants often have pre-existing biases toward these response
configurations (Nemeth et al. 2013; Eltetd et al. 2022). We also
excluded the first seven trials, comprising the first five warm-
up trials and the subsequent two, which constitute the first two
elements of the first triplet (8.23% of the trials). The remaining
trials were labeled as the last element of a high- or a low-
probability triplet. For each participant and unit of analysis, we
calculated the median RT separately for high- and low-probability
trials. The statistical learning score was calculated by subtracting
the median RTs for the high-probability trials from the RTs for the
low-probability trials.

Additionally, trials were categorized based on the sequence
(sequence A or sequence B). In the first session, participants
performed sequence A (Learning Sequence A). The detailed results
of this session, including learning curves, event-related potential
(ERP) correlates, and decoding results, were reported in Vékony
etal. (Vékony et al. 2023). In the second session, participants were
exposed to Sequence B (Learning Sequence B). During this second
session, the old knowledge was challenged by partially changed
regularities. Participants were unaware of these changes, and
the visual features of the experiment also remained unchanged.
To acquire the new knowledge, participants needed to unlearn
much of what they had learned in the first session (during
learning sequence A), as it was no longer adaptive, while
simultaneously learning new associations from the partially
modified sequential regularities. Specifically, 75% of original
high-probability triplets transitioned to low-probability status,
while originally low-probability triplets became high-probability
in sequence B. The difference between trials that remained low
probability in both sequences and those that were originally
high probability but became low probability in sequence B was
quantified as Old Knowledge (Horvath et al. 2022). The difference
between consistently low-probability trials and trials that were
low probability in sequence A but became high probability in
Sequence B was quantified as New Knowledge. Old and new
knowledge was analyzed to quantify participants’ reactions
to volatile probabilities. Sensitivity to persistently adaptive
knowledge was analyzed separately as unchanged probabilities:
the difference between consistently low-probability trials and
consistently high-probability trials (see Supplementary Results).
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We also considered task reliability for the design of the exper-
iment. Learning scores in the ASRT task are considered reliable
in a neurotypical adult population with a sample size of n=21
(Stark-Inbar et al. 2017). Also, learning scores in the ASRT task
are reliable with 25 blocks of task length, based on internal
consistency and split-half reliability measures (Farkas et al. 2024).
Both sample size and task length met the reliability criteria.

EEG acquisition and preprocessing

We recorded EEG in a dimly lit room that was electrically and
acoustically isolated. We used BrainAmp DC EEG amplifiers
(BrainProducts GmbH, Gilching, Germany) to measure the signals
from 64 actiCAP slim active electrodes on the scalp. The electrodes
were placed according to the international 10-20 system in an
elastic cap. The sampling rate was 500 Hz. We used AFz as the
ground and the right side of the nose as a reference. We did not
apply any online filters. The impedance of the electrodes was kept
below 25 ke2.

We used Automagic (Pedroni et al. 2019) and EEGLAB (Delorme
and Makeig 2004) in Matlab 2019a (The MathWorks Corp.) to
preprocess the EEG data. First, we removed any flat channels and
re-referenced the data to an average reference. Then, we used
the PREP preprocessing pipeline (Bigdely-Shamlo et al. 2015) to
remove 50 Hz line noise with a multitaper algorithm and remove
bad channels. Next, we used the clean_rawdata pipeline to (i)
detrend the data using a finite impulse response (FIR) high-pass
filter of 0.5 Hz (order 1286, stop-band attenuation 80 dB, transition
band 0.25 to 0.75 Hz). In this step, we detected and removed flat-
line, noisy, and outlier channels. Then, we reconstructed time
windows that had unusually high power (>15 SD compared to
calibration data) using Artifact Subspace Reconstruction (ASR;
burst criterion: 15) (Mullen et al. 2013). We removed any time
windows that could not be reconstructed. We applied a low-pass
filter of 40 Hz (sinc FIR filter; order: 86) (Widmann et al. 2015).
We also removed electrooculography (EOG) artifacts using a sub-
traction method (Parra et al. 2005). We automatically identified
and removed muscular and remaining eye-movement artifacts
using an independent component analysis-based Multiple Arti-
fact Rejection Algorithm (Winkler et al. 2011, 2014). We also iden-
tified and removed components that reflected cardiac artifacts
using ICLabel (Pion-Tonachini et al. 2019). Finally, we interpolated
all channels that were removed by Automagic using the spherical
method. We segmented the preprocessed data separately for the
three sessions. We created segments for high-probability and low-
probability conditions for the whole task. In the second and third
sessions, we segmented the data according to old knowledge and
new knowledge, as well. Segments started —200 ms and ended
750 ms relative to stimulus onset. We only included segments
with correct responses. We applied current-source density (CSD)
transformation with four orders of splines to the segmented data
(Perrin et al. 1989; Pion-Tonachini et al. 2019). CSD is a reference-
free spatial filter that highlights scalp topography. Finally, we
baseline-corrected the segmented data based on the 200-ms inter-
val before the stimulus onset.

RIDE

We used RIDE (Ouyang et al. 2011, 2015a, 2015b; Ouyang and
Zhou 2020) in Matlab 2019a (The MathWorks, Inc., Natick, Mas-
sachusetts, United States) as part of the RIDE-MVPA (multivariate
pattern analyses) protocol, to decompose the neurophysiologi-
cal signal based on temporal properties. RIDE estimates clus-
ters with different latency information (variable vs. static) and
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then uses a nested iteration scheme to self-optimize the cluster
solution. The procedure is based on segmented single-trial EEG
data and was done on each channel separately. RIDE was used
to estimate three clusters: The C-cluster (“‘central cluster”) cov-
ers processes between stimulus and response, such as retrieval,
decision-making, or response selection; the S-cluster (“stimulus
cluster”) collects information on stimulus-related processes, such
as perception and attention; and the R-cluster (“response cluster”)
refers to motor preparation and execution (Ouyang and Zhou
2020). In each step of the iteration, the decomposition module
estimates R, S, and C. For the estimation, RIDE subtracts the other
two clusters from the single-trial EEG and aligns the residuals
from every trial to the latency of the estimated cluster. As a
result, the estimated cluster represents the median waveform.
This procedure is iterated until monotonicity is violated. That
is, once the estimated latency value changes direction between
the iteration steps, convergence is reached, and the final cluster
configuration can be used for further analysis. Several previous
studies have shown that RIDE provides a conceptually meaning-
ful separation of concomitant codings in the neurophysiological
signal. The decomposition into three clusters requires predefined
time windows for the initial cluster estimations. We have origi-
nally selected these time windows based on a previous study that
used RIDE in EEG data with a modified ASRT paradigm (Takacs
et al. 2021): the time window between 300 ms before and 300 ms
after the response markers for the R-cluster, 0 to 500 ms after
stimulus onset for the S-cluster, and 150 to 600 ms after stimulus
presentation for the C-cluster. In RIDE decomposition, an overlap
between the initial search windows for RIDE clusters is a common
practice (Wolff et al. 2017; Opitz et al. 2020; Ouyang and Zhou
2020), as the iterative comparison between cluster solutions was
designed with the assumption of overlapping processes (Ouyang
et al. 2011, 2015a, 2015b; Ouyang and Zhou 2020). The validity of
the three-cluster solution in the current paradigm was described
in Vékony et al. (Vékony et al. 2023).

MVPA

We analyzed the single-trial data from the RIDE method using
the MVPA-light toolbox (Treder 2020), in MATLAB (The Math-
Works, Inc., Natick, Massachusetts, United States). We followed
the protocol as described in Tak&cs et al. The parameters were
the same as in our previous study (Vékony et al. 2023); how-
ever, classes were defined differently. We decoded the difference
between classes of “low-probability remained low-probability”
and “high-probability became low-probability” as Old knowledge,
and the difference between classes of “low-probability remained
low-probability” and “low-probability became high-probability”
as New knowledge. Each decoding was calculated for each RIDE
cluster separately. Then, we ran temporal generalization analyses
for the three class pairs in the three RIDE clusters to see how
stable the decoded representations were over time at the different
coding levels. Temporal generalization tests the classifier not only
on the time points it was trained on (diagonal decoding) but also
on the other time points. To avoid overfitting, we balanced the
number of trials in each class by under-sampling. We used EEG
amplitude data from 64 channels as features for classification.
We chose an L1-Support Vector Machine (SVM) as a classifier with
a cross-validation of five folds. In each case, we selected the area
under the curve (AUC) as a measure of decoding performance and
compared it to the chance level of AUC =0.5 using Wilcoxon tests
and cluster-based permutation.
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Results
Behavioral results

First, we compared Learning Sequence A and Learning Sequence B (ie
RT differences between high- and low-probability conditions sep-
arately in the two sequences). There was no significant difference
between the learning of the two sequences: [t(39) =0.39, P=0.700,
d=0.061]. Second, we compared Old Knowledge and New Knowledge
scores in the new context. There was no significant difference
between them: [t(39) =1.57, P=0.126, d =0.247]. Third, data from
the third session was analyzed by using Sequence (sequence A vs.
sequence B), Knowledge (Old Knowledge vs. New Knowledge), and
Block Order (first, second, third instance) as factors in a repeated-
measures ANOVA. No significant main effects were found for
Sequence [F(1, 39)=1.98, P=0.167, np2=0.048, BFexq =0.948],
Knowledge [F(1, 39) = 3.58, P=0.066, np2 = 0.084, BF exq = 1.015], or
Block Order [F(2, 78) =0.80, P=0.454, np2 = 0.020, BFeyq = 14.961].
However, the interaction between Sequence and Knowledge was
significant [F(1, 39)=11.16, P=0.002, yp2=0.222, BFexq =0.293].
Bonferroni-corrected post hoc comparisons showed a larger
expression of New Knowledge (5.87 ms =+ 1.63) while performing
sequence B (2.24 ms+1.46, P=0.002). Similarly, the level of New
Knowledge was greater during sequence B than during sequence
A (1.65 ms+1.56, P=0.030). Other pairwise differences were not
significant (Ps > 0.239). Interactions between Sequence and Block
Order [F(2, 78)=0.11, P=0.899, np2=0.003, BFeyq = 1857.596],
Block Order and Knowledge [F(2, 78) =0.16, P=0.856, np2 = 0.004,
BFexa =47.534], and the three-way interaction were not significant
[F(2, 78)=0.55, P=0.580, np2 = 0.014, BFeyc; = 316.868].

Thus, participants learned the predictabilities of the sequence
B while keeping their Old Knowledge from sequence A. During
testing, the New Knowledge was stronger than the Old Knowledge,
and its strength changed according to its compatibility with the
sequence.

Neurophysiological results

Figure 3A presents the decoding performance of Old Knowledge
separately for the C-cluster, S-cluster, and R-cluster. Classification
was significantly above chance in all three clusters, ranging from
90 to 609 ms after stimulus presentation in the S-cluster, from
168 to 625 ms in the C-cluster, and from 238 to 578 ms in the
R-cluster. Similarly, Fig. 3A presents the decoding performance of
New Knowledge separately for the three clusters. The classification
was significantly above chance in all three coding levels, ranging
from 86 to 609 ms after stimulus presentation in the S-cluster,
from 160 to 652 ms in the C-cluster, and from 234 to 590 ms in the
R-cluster.

In the S-cluster, decoding accuracy was the highest (ie
AUC>0.7) around the diagonal axis between 200 and 500 ms
after stimulus presentations both in the Old Knowledge and the
New Knowledge temporal generalization matrices (Fig. 3B). The
accuracy decreased symmetrically from the axes with a jitter.
Additionally, off-diagonal decoding patterns were observed: the
time window of ~150 to 400 ms of the unchanged probabilities
generalized to the time window of 500 to 750 ms in the changed
probabilities, respectively. Similarly, the time window of ~ 100
to 350 ms of the changed probabilities is generalized to the
time window of 500 to 750 ms in the unchanged probability
class. In the C-cluster, the decoding accuracy peaked along the
diagonal between 200 and 600 ms after stimulus onset (Fig. 3B).
Accuracy decreased further from the axis in an asymmetrical
fashion: In both generalization matrices, the cluster was larger
above the diagonal than below. That is, representations of

volatile probabilities (“high-probability became low-probability”
and “low-probability became high-probability”) generalized less
to unchanged probabilities (‘low-probability remained low-
probability”) than the other way around. In the R-cluster, decoding
accuracy was the highest around the diagonal axis between 300
and 600 ms after stimulus presentations both in the Old Knowledge
and the New Knowledge temporal generalization matrices (Fig. 3B).
These loci decreased gradually toward the edge of the matrices.

Connecting behavioral and neurophysiological results

We conducted canonical correlation analyses to investigate the
systematic relationship between sets of behavioral and neuro-
physiological variables. Specifically, we examined the relationship
between learning old probabilities (ie Learning Sequence A; Learning
Sequence B; Old Knowledge) and classification of Old Knowledge
in the three coding levels. The full model was significant F(9,
82.90)=2.19, A=0.595, P=0.031, Rc2=0.441) with a canonical
correlation coefficient of r=0.553. Thus, better learning of the
original probabilities was associated with better classification of
Old Knowledge. The relevance of each variable in their respective
latent measure is depicted in Fig. 4. Notably, Learning Sequence
A had the largest canonical loading (r=-0.850) to the latent
behavioral variable. Considering the latent neurophysiological
variable, R-cluster (r=0.389) and S-cluster (r=0.387) loadings
were similarly prominent. We also examined the relationship
between learning new probabilities (ie Learning Sequence B; New
Knowledge) and classification of New Knowledge in the three coding
levels. The model was not significant [F(6, 70)=1.11, A=0.834,
P=0.368,Rc2=0.159, r=0.370].

Next, we examined the relationship between the retained
memory of old probabilities (ie Old Knowledge in sequence A
and Old knowledge in sequence B) and the classification of Old
Knowledge in the three coding levels. The model was significant
[F(6, 70)=2.92, A =0.465, P=0.014, Rc2 =0.465] with a canonical
correlation coefficient of r=0.563. Thus, better retaining of the
original probabilities was associated with better classification
of Old Knowledge. Canonical loadings are presented in Fig. 4: The
latent behavioral variable had the highest loading of Old Knowledge
in Sequence A (r=-0.995), while the latent neurophysiological
variable had the highest loading of the R-cluster classification
(r=-0.654). Finally, we examined the relationship between
the retained memory of new probabilities (ie New Knowledge
in Sequence A and New Knowledge in sequence B) and the
classification of New Knowledge in the three coding levels. The
model was not significant [F(6, 70)=0.82, A=0.873, P=0.561,
Rc2=0.138, r=0.348].

Discussion

Our study examined the development of temporal predictions as
participants learned and adapted to a variety of sequences with
different underlying structures. Participants successfully learned
stimulus contingencies while performing both in the old and new
sequences, even without knowing that the sequence had changed.
While acquiring the new knowledge, participants also retained
the original information. Thus, not only can old and new knowl-
edge coexist, but both can also be retrieved when the context
necessitates (Szegedi-Hallgato et al. 2017; Horvath et al. 2022).
That is, sequence and knowledge adaptiveness both influenced
behavioral performance. Moreover, decoding analyses highlighted
the neurophysiological correlates of old and new knowledge while
performing different sequences.
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Fig. 3. Multivariate results: decoding and temporal generalization. A) Classification performance represented as AUC, separately for the RIDE
decomposed C-, R-, and S-cluster EEG data. Time zero denotes the presentation of the target stimulus. Thicker lines indicate significant time windows
(P <0.05; two-sided cluster-based permutation). B) Temporal generalization matrices separately for the RIDE decomposed C-, R, and S-cluster EEG data.
The plots show the degree to which the classifier when trained on a given time point (y axis) generalizes to time points in the trial (x axis). The colors
indicate the classifier’s performance.
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| Learning Sequence A

| Learning Sequence B

| Old Knowledge

Old Knowledge in
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Old Knowledge in
Sequence B

p=.014

C-cluster Old Knowledge |

R-cluster Old Knowledge |

S-cluster Old Knowledge |
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Fig. 4. Canonical correlations between behavioral and neurophysiological levels of analysis. The variables of the models are represented in rectangular
shapes. Variables are connected to their respective synthetic variables by arrows. B denotes the behavioral, and N denotes the neurophysiological
synthetic variable. The r values of the canonical loadings are presented above the arrows.

We expected to see the effect of knowledge adaptiveness and
sequence in ERP mean amplitudes at the motor (Vékony et al.
2023) and perceptual (Ecker et al. 2007) coding levels. However, we
only observed these effects at the motor level (see Supplementary
Results and Supplementary Figure S1). The multivariate analyses,
however, did not support the privileged role of motor coding. Both
old and new knowledge were decoded on all three coding levels.
The order of decoding onsets followed the pattern observed in
the initial learning: first, the perceptual (S-cluster), followed by
the modality-independent or abstract (C-cluster), and finally the
motor level (R-cluster). This finding supports the view that old and
new knowledge can coexist without interference between them
(Horvath et al. 2022). Additionally, decoding accuracy and tem-
poral generalization patterns were comparable between old and
new knowledge on all three coding levels. Interestingly, while gen-
eralization was symmetrical between test and training classes for
the S-cluster and R-cluster data, the results were asymmetrical
in the C-cluster. Both old and new knowledge matrices indicated
that the representation of unchanged probabilities generalized to
volatile probabilities to a larger extent than the other way around.
Thus, representations at the abstract coding level have the capac-
ity to encode not only stimulus contingencies but also higher-
order information, such as knowledge adaptiveness. A previous
study emphasized the C-cluster’s role in integrating statistical
information into more abstract rules (Takacs et al. 2021), a process
that is closely tied to context learning (Heald et al. 2021; Székely
et al. 2024).

Neither behavioral nor neurophysiological results support the
competition between sequence and knowledge (Ecker et al. 2007).
Old and new knowledge coexisted throughout the transition
phase of the second sequence and both could be retrieved
during testing. Thus, learning of new stimulus information does
not appear to require either the extinction or the inhibition of
previously acquired knowledge. However, the interaction between
knowledge and context during the testing phase suggests that
stimulus information is associated with the sequence. This is
in line with the contextual inference (COIN) model (Heald et al.
2021; Heald et al. 2023a). The COIN presumes that continuous
sensorimotor information is separated into a repertoire of
memories. To determine whether it is sufficient to express
or update an existing representation or if it is necessary to
encode new memory, the learner must infer not only the general
sensorimotor contingencies but also the context probability. If
prediction error occurs only at the level of context (the sequence

that is performed), it is more ecological to adjust the likelihood
of the expression of different memories, rather than updating
the memory traces. That is, sequence information is akin to
rules or general task knowledge, and its relevance is primarily to
aid the selection of the right action from the repertoire. Flexible
action selection requires a two-level computation (Maheu et al.
2022; Székely et al. 2024), in which the lower level’'s parameter
space represents regularities in the environment and a higher-
order level represents the relevant structure. In the current study,
amplitude modulations of the R-P2 component might reflect fine-
tuning the parameter space for response selection, while the
C-cluster decoding represents the sequence-dependent encoding
of contingencies in the environment.

The canonical correlations between behavioral and neurophys-
iological levels of analyses also support the view that computa-
tions on different coding levels all contribute to the development
and selection of internal models (Takacs et al. 2021; Vékony
et al. 2023). As measured by learning performance during the
training instances, old knowledge was associated with decod-
ings on all three levels. Additionally, the C-cluster, R-cluster, and
S-cluster decoding accuracies of the old knowledge had compa-
rable weights within the neurophysiological level. Interestingly,
old knowledge in the testing session was primarily related to
R-cluster decoding in the new context. It was suggested that
motor code transfers more easily after training than the per-
ceptual one (Hallgaté et al. 2013), providing an advantage for
consolidation. However, it is conceivable that decoding based on
R-cluster data fits RT-based behavioral data more likely in a
linear fashion than perceptual or abstract-level decodings could
(Petruo et al. 2021; Vékony et al. 2023). Another reason for caution
is that only old but not new contingencies were significantly
correlated with the neurophysiological levels. Old knowledge was
originally acquired in sequence A, accessed during the training in
sequence B, and expressed during testing in both sequences. The
lack of significant correlations with the new knowledge might be
an artifact of a shorter exposure than with the old knowledge.
Alternatively, old knowledge may have a larger role in learning,
transfer, and consolidation due to being the primary model in the
participants’ repertoire (Székely et al. 2024).

If the encoding of new contingencies does not require the
extinction or inhibition of old ones, then it would be computa-
tionally effective to reuse the (partial) knowledge that is already
available (Heald et al. 2021; Székely et al. 2024). It has been shown
that when participants unknowingly moved from a predictable
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to an unpredictable environment, they continued using their old
knowledge instead of abandoning it (Kébor et al. 2020). Interest-
ingly, when participants were asked to inhibit response sequences
of the old knowledge, this even strengthened their expression
when the old sequence returned. Therefore, not only can old and
new memories of similar contingencies coexist (Szegedi-Hallgatod
et al. 2017; Horvath et al. 2022) but also new learning can even
benefit from the existing imperfect memories (Székely et al. 2024).

Conclusion

In conclusion, we did not find evidence for competition between
learning context (sequence) and knowledge (Ecker et al. 2007). The
results align more closely with a predictive coding framework,
in which sequence and stimulus properties are processed
simultaneously (Apps and Tsakiris 2013; Blank et al. 2023).
However, concomitant encoding is possible in a hierarchical
organization, in which the higher-order context (sequence) level
arbitrates the selection of the appropriate stimulus contingency
model (Heald et al. 2021; Heald et al. 2023b; Székely et al. 2024).
We propose that during rewiring, sequence-level encoding can be
observed on the abstract coding level (C-cluster), and expression
of the appropriate knowledge occurs through motor coding
(R-cluster).
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