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Goal-directed learning arises from distributed neural circuits including the

prefrontal, posterior parietal and temporal cortices. However, the role of
cortico-cortical functional interactions remains unclear. To address this
question, we integrated information dynamics analysis with magnetoence-
phalography to investigate the encoding of learning signals through neural
interactions. Our findings revealed that information gain (the reduction in
uncertainty about the causal relationship between actions and outcomes) is
represented over the visual, parietal, lateral prefrontal and ventromedial/
orbital prefrontal cortices. Cortico-cortical interactions encoded information
gain synergistically at the level of pairwise and higher-order relations, such as
triplets and quadruplets. Higher-order synergistic interactions were char-
acterized by long-range relationships centered in the ventromedial and orbi-
tofrontal cortices, which served as key receivers in the broadcast of
information gain across cortical circuits. Overall, this study provides evidence
that information gain is encoded through synergistic and higher-order func-
tional interactions and is broadcast to prefrontal reward circuits.

A key factor of human agency is the ability to create beliefs about the
consequence of our actions. This ability provides the basis for
rational decision-making and, in general, allows people to engage in
meaningful life and social interactions all along their life". Learning
the causal relation between actions and outcomes is thought to be
supported by the goal-directed system®™. Neurally, goal-directed
behaviours emerge from the coordinated activity of neural popula-
tions distributed over the associative fronto-striatal circuit’ and the
limbic “reward” system’. More specifically, human neuroimaging and
primate neurophysiology have shown that goal-directed learning
recruits large-scale cortical circuits including the lateral and medial
prefrontal cortex (IPFC and mPFC), posterior parietal cortex, orbito-

frontal cortex (OFC), temporal gyrus and visual cortex, and the
temporal parietal junction®™.

Goal-directed learning is rooted in the balance between reward
maximisation and information seeking processes’®?. Reward max-
imisation is formalised using associative® and reinforcement learning
models***, where agents learn by maximising cumulative rewards.
Update of action values is driven by reward prediction error (RPE)
signals, which indicate whether an outcome is better or worse than
expected. At the neural level, RPE signals are encoded by neurons in
the midbrain, ventral striatum and ventromedial prefrontal cortex
(vmPFC)***2, In parallel, information seeking processes support
learning by reducing the uncertainty in the causal relation between
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actions and outcomes, through signals quantifying the degree of sur-
prise and information gain’. Information gain (IG) is formalised in
model-based RL algorithms or Bayesian models”**>° by Bayesian
surprise’®*, which quantifies how much the agent’s belief changes
given new observation. Classical associative learning models formalise
this process using the concepts of “surprisingness” or “associability” of
events**™**. At the neural level, IG has been mapped to the activity of
distributed brain networks including the middle frontal gyrus, the
insula and the intraparietal sulcus®****, Neural correlates of sub-
jective value of information in instrumental settings (i.e., information
that can be used to guide future actions and future outcomes) have
been observed in a distributed network including the ventral striatum,
the vmPFC, the middle and superior frontal gyrus (i.e., the dorsolateral
prefrontal cortex dIPFC), and posterior cingulate cortex**,
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Fig. 1| Experimental design and schematic representation of an ideal partici-
pant performing the learning task. A On each trial, subjects were presented a
coloured circle to which they had to respond within 1.5 s. The outcome image was
presented after a variable delay ranging from 1.5 to 2.5 s (randomly drawn from a
log-normal distribution). The outcome image informed the subject whether the
response was correct, incorrect, or too late (if the reaction time exceeded 1.55s).
B Matrix of all the possible stimulus-response combinations, updated according to
the exemplar learning session in Fig. 1A for an ideal participant. A red cross and a
green tick-mark refer to incorrect and correct stimulus-response sequences,
respectively. The first presentation of each stimulus was always followed by an
incorrect outcome, irrespective of the motor response (from trials 1 to 3). On the
second presentation of the stimulus S1 (the blue circle), any untried finger move-
ment was always followed by a correct outcome (trial 4). The correct response for
S2 and S3 (red and green circles, respectively) was found after 3 and 4 incorrect
finger movements (at trials 9 and 14, respectively).

Accumulating evidence suggests that the brain encodes update
signals supporting reward maximisation and information gain during
goal-directed learning. However, the role of cortico-cortical functional
interactions underlying goal-directed learning signals remains elusive.
To address this issue, we used information decomposition techniques
to investigate whether cortico-cortical functional interactions, defined
as statistical relationships between the activity of different cortical
regions®, encode learning signals for reward maximisation and infor-
mation gain. In particular, we tested two hypotheses about the nature
of functional interactions. First, we tested whether brain circuits
encode information about cognitive processes by means of redundant
and synergistic functional interactions’>”. Redundant encoding
enhances robustness to perturbations by ensuring that critical infor-
mation is consistently duplicated, and also facilitates the downstream
readout of information***. However, it may lead to inefficiencies by
consuming excessive resources and limiting overall encoding capacity.
Synergistic encoding enhances flexibility by supporting the emer-
gence of novel information and richer representations by means of
complementary encoding. Yet, it is less robust, because it relies on the
precise integration of multiple inputs to generate new, emergent
information. How the brain trades off redundant and synergistic
encoding remains unaddressed.

The second hypothesis is that cognitive functions emerge from
higher-order brain interactions, beyond pairwise relations™***°, Gen-
erally, higher-order functional interactions have the potential to link
multiple neurons or brain regions in complex ways, and they can
potentially generate emergent phenomena such as information inte-
gration, cognitive flexibility, and broadcast information®°°%*>, The two
hypotheses (tradeoffs of synergy/redundancy and high-order interac-
tions) are not mutually exclusive and may allow an efficient encoding
of information revelation for learning. More specifically, we expected
to identify a distributed synergistic encoding and broadcasting of
learning signals over multiple brain areas of the goal-directed and
reward circuits in the prefrontal cortex.

Here, we used an experimental task design that manipulates
learning and induces highly reproducible explorative strategies across
participants and sessions. We combined information decomposition
techniques based on partial information decomposition®* and
source-level high-gamma activity (HGA, from 60 to 120 Hz) from
magnetoencephalography (MEG) to test whether cortico-cortical
interactions over learning circuits encode and broadcast reward
prediction-error and information gain. We found that information gain
is encoded in a distributed network including the visual, parietal, lat-
eral prefrontal and ventro-medial and orbital prefrontal cortices.
Interestingly, information gain was encoded in both redundant and
synergistic cortico-cortical functional interactions. These functional
interactions displayed complementary local-versus-distributed prop-
erties, synergistic interactions begin more prone for long-range
interactions. Synergistic interactions displayed higher-order beha-
viours with a key role played by the prefrontal reward circuit, which
acted as a receiver in the network. Overall, we suggest that higher-
order synergistic interaction play a role in encoding and propagating
learning signals in the brain, with a pivotal role played by the limbic
cortical regions.

Results

Behavioural scores, exploration strategy and learning signals
The experimental setup was structured to control the exploratory
phase and guarantee consistent performance across sessions and
individuals®’. The correct stimulus-response associations were not set
a priori. Instead, they were assigned as learning proceeds in the task
(Fig. 1b). Participants were asked to discover the associations existing
among stimuli (coloured circles) and actions (finger movement). The
task was controlled in such a way that the first presentation of each
stimulus was always followed by an incorrect outcome, irrespective of
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Fig. 2 | Group-level statistics and local spatio-temporal correlates of
information gain. Regions-of-interest (ROI) of the MarsAtlas are shown in the inset
in the top-central part of the figure. ROIs are grouped in four panels according to
the different lobes (occipital, parietal, temporal and frontal) and hemisphere (left
and right panels). In each panel, coloured areas indicate the temporal clusters for
which there is a significant encoding of information gain. The p-values for each

cluster accounted for multiple comparisons and they were threshold to 0.05.
Colormap shows the value of the mutual information (in bits) between the HGA and
IG. Time in seconds is on the x-axis with respect to outcome onset (time 0). A large-
scale network encodes IG and it recruits the occipital, parietal, right temporal, right
dorsolateral prefrontal areas, ventromedial prefrontal cortex and,

orbitofrontal areas.

subject’s choice (Fig. 1b, trials 1 to 3). On the second presentation of
stimulus S1, any new untried finger movement was considered as a
correct response (trial 4 in Fig. 1b). For the second stimulus S2, the
response was defined as correct only when the subject had performed
3 incorrect finger movements (trial 9 in Fig. 1b). For stimulus S3, the
subject had to try 4 different finger movements before the correct
response was found (trial 14 in Fig. 1b). In other words, the correct
response was the second finger movement (different from the first
tried response) for stimulus S1, the fourth finger movement for sti-
mulus S2, the fifth for stimulus S3. This task design assured a minimum
of eight incorrect trials during acquisition (1 for S1, 3 for S2 and 4
for S4).

Each participant performed four sessions of 60 trials each (total of
240 trials). Each session included three colours randomly presented in
blocks of three trials. The average reaction time was 0.504 s+ 0.04 s
(mean +* s.e.m.). The total number of error trials prior to the first cor-
rect outcome was 9.775 + 0.38 (mean + s.e.m.), thus indicating a low
variability across participants and sessions. This indicated that the task
produces reproducible behavioural performances across sessions and
subjects, as observed in a previous study®’. The total number of errors
after the first correct outcome was 4.15 + 0.34, and they represented
~9% of the trials during the exploitative phase.

For what concerns the behavioural strategies, participants
employed a “tree-search” heuristic, characterised by a tendency to
repeat the same finger movement across trials until the correct
response was found. This strategy is referred to as “lose-stay”, where
agents maintain the response when not rewarded. Given that stimuli
were pseudo-randomised in blocks of three trials, we computed the
probability of repeating a given choice within a block of trials. This
probability quantified the likelihood of a directed exploration, as
opposed to random. For the first block (trials 1to 3), the adoption of a
lose-stay strategy occurred in 67.5% + 6%, whereas in the second block
of three trials (trials 4 to 6), it occurred in 37.5% + 4.5%.

If the participants had employed a random exploration strategy,
the proportion of consecutive trials with identical actions would be
equivalent to the ratio of the total number of three-trial patterns with
matching actions to the number of possible ordered triplets derived
from all combinations of 3 distinct actions chosen from 5 available
options (m=60 combinations). Therefore, the likelihood of

encountering a sequence of trials with the same action due to chance
alone would be 8.3%. Our results demonstrate that participants used a
directed exploration strategy during learning and rapidly attained
learning and proficiency during each learning session.

A Q-learning model***® was fitted to the behavioural data to esti-
mate changes in stimulus-action-outcome probabilities and learning
signals over trials. The fitted model provided accurate predictions of
learning curves, defined as the the probability of correct responses
over trials (Supplementary Fig. 1). Reward prediction errors (RPE) and
information gain (IG) signals were extracted from the model. While
RPE represents the discrepancy between the received and the antici-
pated outcome, IG measures the distance between the probability
distributions of actions after and before the outcome. RPE embodies a
scalar learning signal, fluctuating positive or negative based on whe-
ther reality surpasses or falls short of expectations, respectively. IG
captures the magnitude of information conveyed by an outcome, and
the amount of update in the associative model. We should note that
RPE and IG do not covary monotonically, but display a U-shape rela-
tionship. Errors (i.e., negative RPE) and successes (i.e., positive RPE) are
both associated with positive IG. As learning advances, both RPE and IG
tend to zero (Supplementary Fig. 2).

Brain areas encoding information gain signals during learning

To characterise both the spatial organisation and temporal dynamics
of brain areas encoding learning signals, we performed time-resolved
mutual information analyses between the across-trials high-gamma
activity (HGA) and outcome-related learning signals, such as reward
prediction errors (RPE) and information gain (IG). Group-level random-
effect analyses, combining permutation tests and cluster-based sta-
tistics (see Methods), were used to identify temporal clusters dis-
playing significant encoding of learning signals and HGA. We did not
find any cortical area significantly encoding (p,ser < 0.05) RPEs. On
the other hand, a large-scale network comprising visual, temporal,
parietal and frontal areas displayed significant encoding of IG (Fig. 2).
Forty brain regions were found to encode significantly IG, approxi-
mately 49% of the brain regions in the atlas. The strongest and earliest
response was observed in the bilateral occipital regions, with a peak
centred on the primary visual areas (VCcm and CMrm) of MarsAtlas
(see top middle inset of Fig. 2), corresponding to Brodmann areas (BA)

Nature Communications | (2025)16:7179


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-62507-1

L Vis R Vis

RN, LA
/V\\A Lol

0.01 W
0.00 / \/\«AN 0.00 4

MI (bis)

M

A"
0.00 025 050 0.75 1.00 0.00 025 050 0.75 1.00
Time (s) Time (s)
0
E R MotPM F R dIPFC
0.02
0.01
0.01
N 0.01
0.01 I\
A
= = 0.01
RN A v v B SRR AP W
VAR AV IR AR WA
0.00 '\/ VA'A‘ 0.00 V}\J W \V-
0.00 0.00
0.00 025 050 0.75 1.00 0.00 025 050 0.75 1.00
Time (s) Time (s)
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areas; (F) Right dorso-lateral prefrontal cortex; (G, H) Right and left ventromedial
prefrontal and orbitofrontal cortices respectively. Time in seconds is on the x-axis
with respect to outcome onset. Shaded areas are standard errors of the mean
computed across ROIs within each cluster.

17, 18, 19 and 39. Significant encoding was also observed in the left
medial and superior parietal cortices (SPCm and PCm), corresponding
to BA 7 and 31, respectively. In the temporal lobe, the right temporal
cortices displayed significant encoding of IG. In the right frontal lobe,
the right premotor areas (PMdl and PMdm), BA 6 and 8, and the right
dorsolateral prefrontal cortices (PFcdm, PFcdl, Pfrdli and Pfrdls, PFdls,
PFrdl and PFrdll), roughly corresponding to BA 45, 46, 27 and the most
posterior parts of BA 9 and 10. Finally, the bilateral activation of the
ventromedial prefrontal cortex (PFCvm, BA 32/10/11), orbitofrontal
areas (OFCv, OFCvl and OFCvl, roughly BA 10/11/47) and the insula
were found to display significant encoding of IG. Supplementary Fig. 3
shows the same results shown in Fig. 2, but depicted on an inflated
brain plot using MarsAtlas parcellation®.

Overall, IG was encoded in a set of eight cortical subnetworks (or
clusters) including bilateral visual areas (the “L Vis” cluster included
the left VCcm, VCI, Cu and VCrm; cluster “R Vis” included the right
VCcm, VCI, Cu, VCrm and VCs), the right temporal regions (cluster “R
Temp” included the right ITCm, ITCr, MTCc, STCc and MTCr), the left
superior parietal area (cluster “L Par” included the left PCm and
SPCm), the right motor and premotor areas (cluster “R MotPM”
included the right Mdl, PMdl and PMdm), the right dorsolateral pre-
frontal cortices (cluster “R dIPFC” included the right Pfrdli, Pfrdls,
PFcdm and PFcdl) and the bilateral ventromedial prefrontal and orbi-
tofrontal areas (cluster “R vmPFCOFC” included the right OFCvl, OFCv,
OFCvm, PFCvm, whereas the cluster “L vmPFCOFC” included the left
OFCvl, OFCv, OFCvm and PFCvm). Such grouping was based on ana-
tomical constraints and belonging to the same lobe or anatomical
region.

In order to characterise the time course of learning-related signals
encoding IG, we averaged the mutual information across areas within
each height cluster of cortical regions displaying significant effects
(Fig. 3). The aim was to extract an average time course for each ana-
tomical cluster. The average time courses are shown in Fig. 3. The
visual (Fig. 3A, B), temporal (Fig. 3C) and parietal (Fig. 3D) clusters
displayed a time course characterised by a fast and transient increase
in MI and peaking around 0.2-0.3 s after outcome onset.

The encoding in temporal regions peaked around 0.3 s after out-
come onset (Fig. 3C) and returned to based around 0.8 s after outcome
onset. The premotor and dorsolateral regions of the right hemisphere
peaked approximately from 0.3 to 0.4 s after outcome and they were
characterised by a slower return to baseline (Fig. 3E). Finally, the vmPFC
and OFC regions were characterised by an onset at -0.2s and an ele-
vated encoding lasting until almost 1s (Fig. 3F-H).

To differentiate complementary spatio-temporal patterns of
encoding of IG, we performed non-negative matrix factorisation (NMF)
of the Ml values across clusters. The rationale was to decompose the MI
time courses into interpretable temporal components and corre-
sponding spatial weights. Figure 4A shows the variance explained by the
first ten components of the non-negative matrix factorisation. Based on
the so-called the elbow method, which is a standard heuristic for
determining the number of components in a dataset, we studied the
first four components whose loadings are depicted in Fig. 4B. Figure 4C
shows the variance explained of the top four components, normalized
by their total variance (in colour) for each brain area (rows). The first
component (in blue) modelled the fastest and most transient encoding
of IG and it is mainly observed in the visual and parietal areas (blue bars
in Fig. 4C). The orange and green components occurred later in the trial,
peaking around 0.35 and 0.45s after outcome onset, recruiting pri-
marily the temporal, premotor and dorsolateral areas. Finally, the
fourth component (in red) captured the slowest component that
emerged around 0.5s and lasted ~0.4 s. This latest component mainly
recruited the ventromedial PFC and OFC cluster. Overall, these results
show that the encoding of IG recruits a large-scale network of cortical
clusters with overlapping temporal and spatial dynamics.

Cortico-cortical interactions mediating information gain

We then tested the hypothesis that information gain is encoded at the
level of cortico-cortical interactions, in addition to local activations. To
do so, we exploited recent advances in information theory that allow
isolating the contribution of network-level interactions from those
carried at the node level. We thus decomposed the information carried
by pairs of brain regions about IG into redundant (i.e., shared or
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Fig. 4 | Temporal decomposition of mutual information between HGA and
information gain for eight clusters of cortical areas. A Variance explained by
each component of the non-negative matrix factorisation. B First four loading of
the non-negative matrix factorisation. The colour of the loading indicates the
component number (see legend). The time axis indicates the time from the
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outcome presentation in seconds. C Variance explained of the top four compo-
nents, normalized by their total variance. Each row shows the percentage of var-
iance explained by each component across all brain regions. The colour of each bar
indicates the component number (see legend in panel B).

Fig. 5 | Evolution of redundant and synergistic connectivity encoding
information gain. Redundant (A) and synergistic (B) pairwise interactions sig-
nificantly carrying information about information gain signals. Each panel is the
average value in 0.2 s time windows aligned on outcome presentation. The labels of
the regions of interest plotted in a circle are identical to those of Fig. 2. The position

of each brain region over the cortical sheet and lobe can be seen in the inset of
Fig. 2. The p-values for each cluster accounted for multiple comparisons and they
were threshold to 0.05. The colour of each node indicates its association with a
particular lobe (visual in purple, temporal in red, parietal in blue, and frontal

in green).

common between regions) and synergistic (i.e., requiring the joint
combination) terms, as formalised by the Partial Information Decom-
position (PID) framework®*®>, The Partial Information Decomposition
(PID) framework enables the breakdown of multivariate mutual
information between a set of predictor variables and a “target” variable
into distinct, non-negative components. These components quantify
the unique, redundant, and synergistic contributions of the predictors
in conveying information about the target variable. In our analysis, we
measured the redundant and synergistic information provided by
pairs of brain regions (predictors) regarding IG (the target variable).
The predictor variables consisted of the high-gamma activity (HGA)
recorded across trials from two brain regions, while the target variable
represented the trial-by-trial evolution of IG. Redundant information
captures the shared contribution of both brain regions to IG, meaning
the information that regions share. In contrast, synergistic information
reflects the additional information carried only when both regions are

observed together, which cannot be obtained from either one
individually.

Significant redundant information about IG was observed across
multiple brain regions (Fig. 5A). Strongest redundant connectivity was
observed earlier over bilateral visual areas during the first 0.2 s after
outcome presentation (left panel of Fig. 5A). Redundancy connectivity
then spread over the right temporal lobe, right motor and premotor
cortices, and vmPFC and OFC in the time interval between ~0.2 and
0.8 s. Redundant connectivity over the vmPFC—OFC cluster were long
lasting and faded away ~0.8 to 1s after outcome (rightmost panel of
Fig. 5A). Interestingly, we observed strong synergistic interactions
between specific pairs of brain regions (Fig. 5B), indicating that these
regions jointly contribute information about the target variable in a
way that neither region provides independently. Synergistic con-
nectivity appeared to link distant areas of the visual system, the right
temporal areas, the right dIPFC and the left vmPFC and OFC. The peak
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(across) cluster. The “within-cluster” connectivity is represented by a solid line,
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while the “across-cluster” connectivity is depicted using a dotted line. Mean and
standard error of the mean are plotted as solid line and shade area, respectively.
The time axis indicates the time from the outcome presentation in seconds. Please
note that the scales are different across panels (A, B).

of interaction strength occurred from 0.2 to 0.5s after the outcome
presentation.

Redundant connectivity appeared to predominantly recruit pairs
of brain regions with the same region or cluster, whereas synergistic
connectivity appeared to be stronger across systems. In order to verify
such an effect, we computed the average redundant and synergistic
connectivity between pairs of brain regions within and across anato-
mical clusters in the visual, temporal, motor and premotor, dIPFC and
vmPFCOFC clusters. The visual cluster included the left and the right
VCcm, VCI, Cu and VCrm areas; the temporal cluster included the right
ITCm, ITCr, MTCc, STCc and MTCr; the motor and premotor cluster
included the right Mdl, PMdIl and PMdm:; the dorsolateral PFC included
the right Pfrdli, Pfrdls, PFcdm and PFcdl; and finally the vmPFCOFC
region included the bilateral OFCvl, OFCv, OFCvm, PFCvm, OFCvl,
OFCv, OFCvm and PFCvm. Indeed, we found that redundant con-
nectivity showed stronger average value across pairs of brain regions
within the same module (Fig. 6A), whereas synergistic coupling
showed a stronger effect across modules (Fig. 6B).

By definition (Eq. 9), redundant functional interactions repre-
sent the smallest amount of information about learning-related
variables that is already present in each individual brain area. In other
words, they quantify the overlap in information shared by brain
regions, reflecting the common contribution that each region inde-
pendently provides about the learning process. On the other hand,
synergistic connectivity reflects functional interactions that arise
only through the combined activity of multiple brain areas, rather
than being explained by the individual contributions of each region
alone. Significant synergistic functional interactions therefore reveal
the presence of collective behaviour encoding IG that emerge from
the coordination of distant brain areas and circuits. This highlights
the important role of collective and synergistic processes beyond the
contribution of individual brain areas and redundant information
encoding.

Higher-order cortico-cortical interactions and information gain
Next, we investigated whether information relevant to cognitive
functions, such as IG, is encoded in a distributed manner across mul-
tiple brain regions, extending beyond simple pairwise interactions to
higher-order dynamics™°¢*°, Building on recent studies that empha-
size higher-order correlations beyond pairwise interactions as a

potential foundation for emergent phenomena®*7°, we examined
whether cortico-cortical interactions encode IG through higher-order
co-modulations. We anticipated a central role for brain regions
involved in reward and goal-directed circuits, such as the vmPFC, OFC,
and dIPFC, potentially carrying higher-order synergistic information
through interactions among multiple regions.

To do so, we studied higher-order relations between the eight
cortical clusters encoding IG (Figs. 3 and 4). Since each cluster inde-
pendently encodes information gain, they are also expected to con-
tribute to redundant information at higher-order relational levels.
However, higher-order synergistic connectivity—representing infor-
mation that emerges from collective patterns beyond pairwise rela-
tionships—requires further investigation. Cluster-based statistical
analyses and correction for multiple comparisons (across all pairs and
multiples across all orders) were performed to identify significant
higher-order encoding of IG. Statistical analyses revealed a total of
15 pairs, 7 triplets and 4 quadruplets to be encoding significantly IG
(Fig. 7A). Higher-order synergistic co-modulations carrying informa-
tion about IG were found up to order 4. Given that we analysed
8 clusters, the percentage of significant pairwise links, triplets and
quadruplets was 53%, 12.5% and 6%, respectively. We next asked whe-
ther higher-order functional interactions were associated with hyper-
graph or simplicial complex representations. As a reminder, a
hypergraph is a description of higher-order interactions, consisting of
k nodes representing a k-way interaction between the nodes. A sim-
plicial complex is a special case of a hypergraph, where all possible
(k-1)-way interactions among that same set of nodes occur’’2 In other
words, hypergraphs without lower-level interactions may reflect a
stronger “marker” of emergent collective behaviour, because it would
lack lower level components. We found that 6 out of 7 triplets were
composed of significant pairwise links, and therefore reflected sim-
plicial complexes (Fig. 7A). Only one triplet was composed of nodes
that did not display all pairwise interactions, therefore reflecting a
stronger emergent form of collective behaviour (L Vis - R MotPM - L
vmPFCOFC). The four quadruplets were not composed of all lower
order triplets. This can be observed in Supplementary Fig. 4, which
depicts the same results but using hypergraph representations. Over-
all, these results indicate that IG is encoded in a distributed fashion
through synergistic interactions that extend beyond individual brain
regions, revealing genuine higher-order synergy.
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Fig. 7 | Synergistic higher-order interactions between cortical clusters encod-
ing information gain. A Time course of ¢-values showing significant encoding of IG
at the level of pairs of clusters (black labels), triplets (blue label) and quadruplets
(red labels). We then computed the synergistic weight, defined as the sum of the

synergistic information for each cluster. This value reflects the amount of
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contribution in synergistic encoding across scale. B Synergistic weight for clusters
and for pairwise interactions. C, D show cluster weight for triplets and quadruplets,
respectively. The time axis indicates the time from the outcome presentation in
seconds. In panels (B-D), clusters are ranked in ascending order based on their
maximum synergistic weight value.
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Fig. 8 | Feature-specific Information Transfer (FIT) encoding information gain (IG). Significant directional interactions broadcast information about IG primarily to the
vmPFC-OFC. The time axis represents the time in seconds from the presentation of the outcome.

Significant temporal clusters were mainly observed over the
interval between 0.1s and 0.6 s, and no clear differentiation between
pairwise and 3rd- or 4th-order interactions. To better characterise the
participation of clusters in each multiple, we computed the synergistic
weight defined as the summed synergistic connectivity. Figure 7B
shows the nodal synergistic weight at the pairwise level, highlighting
that the bilateral visual clusters exhibit the highest values. However, at
higher orders, the visual clusters were accompanied by the left vmPFC-
OFC, which dominated both triplet (Fig. 7C) and quadruplet (Fig. 7D)
interactions. This indicates that the left vmPFC-OFC, a key region in the
reward circuits, gained prominence at higher orders of synergistic
interactions.

Cortico-cortical information transfer encoding learning signals
Previous results highlighted a time-lagged encoding of IG from visual to
prefrontal areas, suggesting a feedforward broadcasting of IG signals to

prefrontal regions (Figs. 3 and 4). In order to test this hypothesis, we
exploited a recently-developed information-theoretic measure termed
Feature-specific Information Transfer (FIT). Feature-specific Informa-
tion Transfer (FIT) quantifies how much information about specific
features flows between brain areas”. FIT merges the Wiener-Granger
causality principle’*”® with content specificity based on the PID
framework®*“*, FIT isolates information about a specific task variable Y
(information gain) encoded in the current activity of a receiving neural
population, which was not encoded in its past activity, and which was
instead encoded by the past activity of the sender neural population.
We used the FIT measure to quantify the broadcasting of IG between the
eight clusters of brain regions. Four directional relations significantly
encoded IG and broadcasted information to the vmPFC and OFC
(Fig. 8). The temporal information is aligned from the point of view of
the receiving brain area. The IG-specific information transfer peaked
around 0.35 to 0.4 s after outcome onset, thus roughly corresponding
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to the first peak in HGA observed locally. Two patterns of interactions
converge towards the left and right vmPFC-OFC, respectively. These
“colliding” patterns included two higher-order synergistic multiplets,
namely a triplet including the right visual and temporal regions with the
left vmPFC-OFC, and a quadruplet including right visual and temporal
regions with the bilateral vmPFC-OFC (Fig. 7).

Discussion

Information seeking and directed exploration in goal-directed
learning

Goal-directed learning is defined as the ability to learn the causal
relationship between our behaviours and their outcomes; this sup-
ports the selection of actions according to expected outcomes, as well
as current goals and motivational state’ . Goal-directed learning relies
on the balance between exploitation and exploration strategies’® . A
trade-off between choosing the most valuable option and sampling
informative options is central for successful goal-directed learning and
it is one of the main focus of reinforcement learning and Bayesian
learning theories®?**”’. Exploration in humans has been shown to be
based on a mixture of random and directed strategies’®”°. Random
exploration is a deviation from the most rewarding option, and it is
normally formalised using the softmax choice rule, which models the
degree of randomness (decision noise). Directed exploration selec-
tively samples options that are informative (information seeking), that
are associated with the highest uncertainty.

Here, we have addressed the neural computations supporting
information seeking during goal-directed learning in terms of infor-
mation gain and directed exploration. In order to investigate directed
exploration and information gain, we used a learning task previously
developed for fMRI® that manipulates learning and induces repro-
ducible explorative strategies across subjects and sessions. Learning
was characterised by a directed exploration strategy based on a “tree-
search” or “lose-stay” pattern, in which participants had a tendency to
repeat the same action after incorrect outcomes and span all options in
an ordered manner. Given that the correct action-outcome association
was deterministic, such directed exploration strategy pertained only the
initial phase of the task, up to the first correct outcome. Subsequently,
participants performed a relatively low number of maintenant errors
and engaged in an exploitative strategy. From the computational point
of view, information seeking and exploration is formalised using model-
based RL algorithms or Bayesian models***77% and it has been pro-
posed to play a general role in curiosity-driven learning'’**. The value of
actions is not solely determined by the expected utility (or extrinsic
value), but also by the informative (intrinsic, epistemic, or non-instru-
mental) value that is expected to be gained, which helps reduce
uncertainty about environmental contingencies'®***"%2, Regarding the
update of action values during learning, we propose that directed
exploration involves at least two processes: (i) updating the expected
reward (extrinsic) value of an action via reward prediction errors (RPE),
and (ii) updating the (intrinsic or informative) value of an action using
an information gain (IG) signal. IG signals track the trial-by-trial evolu-
tion of information gain during directed exploration. This information is
used to reduce uncertainty about the causal relationship between
actions and outcomes, thereby decreasing the agent’s uncertainty
about the world. Within the taxonomy of surprise definitions, our study
focuses on the subcategory known as “belief-mismatch surprise”®,
which we refer to as information gain. A limitation of our study is the
inability to link the neural results to alternative measures of information
gain within the belief-mismatch surprise category, such as the mini-
mization of free energy®.

Distributed spatio-temporal cortical activations encoding
information gain

To study how IG is encoded in the brain, we performed information
theoretical analyses of single-trial and cortical-level high-gamma

activity (HGA) from MEG. A network comprising visual, temporal,
parietal and frontal areas was found to encode IG during goal-directed
learning (Fig. 2). At the circuit level, the results suggest that informa-
tion gain is encoded in the dorsal and ventral circuits of the goal-
directed system'**. The dorsal circuit, comprising the dorso-lateral
prefrontal cortex (dIPFC) and the inferior parietal cortices, is thought
to primarily encode information relevant for actions and control
behaviour to achieve goals. The ventral circuit, comprising the ventro-
medial prefrontal cortex (vmPFC) and orbito-frontal cortex (OFC), is
suggested to primarily learn to assign and update subjective values to
potential outcomes and motivational value of objects in the environ-
ment, owing to visual input from the anterior temporal cortex and
connections with the hypothalamus®. Our results show that IG is
encoded over both the ventral and dorsal circuits without a clear dis-
sociation between circuits. Our findings confirm that IG and Bayesian
surprise are represented in distributed brain networks including the
middle frontal gyrus, the insula and the intraparietal sulcus®***>*,
Indeed, fMRI activity encoding belief updates (Bayesian surprise) has
been observed in the midbrain and ventral striatum, in addition to the
presupplementary motor area (pre-SMA), dorsal anterior cingulate
cortex, posterior parietal cortex and lateral prefrontal cortex®>*¢, Our
results complement fMRI studies showing correlates of information
value in instrumental settings (i.e., information that can be used to
guide future actions and future outcomes) in the ventral striatum,
vmPFC, the middle and superior frontal gyrus (i.e., the dorsolateral
prefrontal cortex dIPFC), and posterior cingulate cortex**°. Further
work is needed to fully appreciate the relation between the processing
of information about outcomes and action selection during informa-
tion seeking.

At the hemispheric level, a right-lateralized activation was
observed (Fig. 2 and Supplementary Fig. 3). This result may relate to
established literature showing a right-hemisphere dominance for
stimulus-driven shifts of spatial attention and target detection®*® and
activation patterns observed in the ventral attentional network®. This
result also resonates with associative learning models formalising
attentional processes during learning using concepts such as “sur-
prisingness” or “associability” of events**. We propose that attentional
processes, along with the neural circuits involved, contribute to
information-seeking behaviour, although the exact relationship
between them remains unclear.

At the regional level, a key finding was the encoding of IG in
vmPFC and OFC. This suggests a link to the reward circuits in limbic
regions classically associated with the encoding of reward prediction
error (RPE) signals®™% Our results are in line with the notion of a
“common currency” for information and reward values in the limbic
system®*?°, These areas are main targets of dopaminergic projections,
which encode, in non-instrumental settings, expected advance infor-
mation about future outcomes encoding errors in information pre-
diction (information prediction error, reflecting the difference
between obtained and expected information gain)®°**%, in the OFC in
human fMRI*® and in frontal EEG electrodes’. The anterior cingulate
cortex (ACC) and two subregions of the basal ganglia (the internal-
capsule-bordering portion of the dorsal striatum and the anterior
pallidum) signalling reward uncertainty and information-anticipatory
activity”™ may additionally provide a substrate for common encoding
of reward and information value. The underlying neural mechanisms
are currently unknown, However, converging evidence supports that
subpopulations of midbrain dopamine neurons encoding motivational
values’® may contribute to the observed activations in limbic regions.
This may explain the assignment of value to uncertainty reduction,
integrating the value of information with the value of physical rewards,
and may provide a link with the neural circuits for information seeking
and curiosity-driven behaviours®.

We suggest that the current results provide a comprehensive
understanding of the role of ventromedial PFC and OFC in decision-
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making and information seeking. It is widely accepted that vmPFC/OFC
plays a key role in learning and decision making by encoding outcome
information and value’®'. Moreover, during goal-directed explora-
tion, fMRI activity in the rostral frontopolar cortex (RFPC) activity'*
and frontal theta component in EEG have indicated a direct role in
directed exploration'®'*, rather than random exploration'®. Stimu-
lation and inhibition of RFPC with direct current (tDCS) has shown to
increase and decrease the frequency of exploratory choices**'”’,
These studies put forward the idea that the RFPC is crucial for inte-
grating information about past, present, and future payoffs to arbitrate
between exploration and exploitation in human decision making. Our
results suggest that a key computation supporting directed explora-
tion and information seeking is the processing of information gain.
Overall, the results provide strong support for the idea that informa-
tion gain signals are encoded in the human brain. This mediates the
brain’s capacity to integrate uncertainty-reducing information, as
predicted by theories of information-seeking behaviour??363839:46108
and curiosity'”?*. This also aligns with computational models that aim
to combine reward maximization with information gain
mechanisms”>,

Our results provide insights into the temporal dynamics of
information gain during directed exploration, an aspect that was
lacking in previous neuroimaging and neurophysiological studies in
primates. The strongest and earliest encoding of information gain
occurred in occipital regions, followed by the parietal and temporal
cortices, and the right frontal lobe including premotor and dorso-
lateral prefrontal cortices, and final activation of the ventromedial
prefrontal cortex orbitofrontal areas and insula (Fig. 3). We statistically
dissociated four complementary spatio-temporal patterns of HGA
encoding IG (Fig. 4). The first component modelled the fastest and
most transient encoding of IG recruiting the visual and parietal areas.
The second and third component occurred later in the trial peaking
around 0.35 and 0.45s after outcome onset and they recruited pri-
marily the temporal, premotor and dorsolateral areas. Finally, the
fourth component captured the slowest component that emerged
around 0.5s and later -0.4s, involving the ventromedial PFC
and OFC cluster. Overall, our results demonstrated that the
encoding of IG recruits a large-scale network of cortical clusters with
overlapping temporal and spatial dynamics, spanning visual to limbic
frontal areas.

Redundant and synergistic functional interactions encode
information gain

We next investigated whether and how information relevant for
learning such as IG is encoded in cortico-cortical interactions. We
observed that IG is encoded at the level of cortico-cortical interactions
(Fig. 5), in addition to local activations (Fig. 2). We performed infor-
mation decomposition analyses to quantify the information carried by
pairs of brain regions, by dissociating the encoding of IG into redun-
dant (i.e., shared or common between regions) and synergistic (i.e.,
requiring the joint combination) interactions. We observed that IG was
encoded both by redundant and synergistic cortico-cortical co-mod-
ulations (Fig. 5). Strongest redundant connectivity was observed ear-
lier over bilateral visual areas during the first 0.2s after outcome
presentation and then spread over the right temporal lobe, right motor
and premotor cortices, and vmPFC and OFC cluster. By definition
(Eq. 9), redundant functional interactions equate the minimum of
information carried locally. Redundant functional connectivity there-
fore reflects the shared information carried by co-modulations in HGA
across areas (Fig. 5A). On the other hand, synergistic connectivity
analysis reveals functional interactions that cannot be explained by
individual brain areas, but that emerge from the collective coordina-
tion between areas at a specific. Synergistic functional interactions
therefore reveal the presence of collective behaviour encoding IG that
emerge from the coordination of distant brain areas and circuits

(Fig. 5B). Contrary to redundant connectivity, synergistic coupling
showed a stronger effect across clusters, rather than within clusters
(Fig. 6), therefore suggesting a more distributed and long-range nature
of synergistic functional interactions. Our results align with a body of
literature supporting the idea that cognitive functions, including
learning, emerge from the coordinated activity of neural populations
distributed across large-scale brain networks'’>"° and emerge from
network-wide and self-organised information routing patterns™"%
This distributed nature of neural processing, as observed in task-
relevant representations and sensory-to-action transformations, is in
line with the growing evidence of brain-wide dynamics during learning
and decision-making™*">™, In mice, recent evidence suggests that
transformations linking sensation to action during learning and
decision-making are highly distributed and parallelized in a brain-wide
manner'™.

Within this framework, we suggest that redundant and synergistic
functional interactions could be interpreted as a proxy of functional
segregation and integration processes, although a direct mapping may
be lacking. Redundant functional interactions may appear in collective
states dominated by oscillatory synchronisation'**"*™ or resonance
phenomena'. Synergistic functional interactions may be associated
with functionally-complementary interactions (i.e., functional inte-
gration). Indeed, synergistic interactions have been reported between
distant transmodal regions during high-level cognition'**'* and, at the
microscale, in populations of neurons within a cortical column of the
visual cortex and across areas of the visuomotor network®*'?. During
learning, a recent study has shown that redundant functional interac-
tions encoding either reward or punishment prediction errors are
associated by segregated networks in prefrontal regions, whereas the
integration between reward and punishment learning is mediated by
synergistic interactions between them'”. Synergistic interactions may
provide functional advantage, in contrast to redundancy and unique
information, because they would enable the full exploitation of pos-
sible combinations of neurons or brain areas, making their informa-
tional capacity to be exponential with the system size'?*. Redundancy,
instead, would provide robustness, because over-representation
would ensure that information remains available even if any neuron
or brain region would be perturbed. A drawback of redundancy would
be the cost of over-representation, whereas a limitation of synergistic
encoding would be the vulnerability to disruptions in individual nodes
would disrupt information synergistically held together with other
sources'. Indeed, information decomposition analysis of artificial
neural networks performing cognitive tasks has shown that while
redundant information is required for robustness to perturbations in
the learning process, synergistic information is used to combine
information from multiple modalities and more generally for flexible
learning'*®. Along the same reasoning, artificial networks exhibit higher
levels of synergy at comparatively lower orders, rather than higher
orders, probably as an attempt to minimise the effect of losing
synergistic information with several neurons'”. In brain networks,
redundant functional interactions may be important for robust sen-
sory and motor functions, whereas synergistic interaction for flexible
higher cognition®. The tradeoff between redundancy and synergistic
encoding may support robustness and resilience at the large-scale
level, as suggested for microscopic neural networks®. Within this
interpretative framework, our results provide support to the hypoth-
esis that brain interactions regulate segregation and integration pro-
cesses to support cognitive functions'***, Such balanced states may
give rise to selective patterns of information flow">**%¢, as observed
in the feature-specific information transfer (FIT) results (Fig. 8). Taken
together, our results suggest general principles for network interac-
tions, whereby synergistic relations encode relevant information for
goal-directed learning. The causal effect of synergistic interactions on
cognition remains, however, an open question that could be tackled
with perturbation or pharmacological manipulations.
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Higher-order synergistic encoding and broadcasting of
information gain

In order to explore the nature of synergistic cortico-cortical inter-
actions in directed exploration, we tested whether neuronal inter-
actions supporting cognitive functions require collective behaviours
among multiple brain areas, the so-called higher-order
correlations®*¢°762122137141 Higher-order interactions are at the core
of complex systems”’>"**3 and they are thought to support collec-
tive behaviours in social systems'*, ecology'*'*® and biology"’. We
generalised information theoretical decomposition methods to
higher-order functional interactions, and we showed that informa-
tion gain is encoded in higher-order synergistic functional interac-
tions up to quadruplets. By definition (Eq. 12), significant multiplets
at a given order encode synergistic information that is not present at
lower orders. For example, significant triplets contain information
beyond what is carried by the underlying pairwise connections.
Similarly, the two largest quadruplets—comprising the visual-
temporal-vmPFC-OFC and visual-parietal-vmPFC-OFC clusters—
encode additional information that cannot be explained by lower-
order interactions (Fig. 7A). Our results demonstrate that IG is
encoded by functional interactions beyond the pairwise regime.
Higher-order synergistic co-modulations encoding IG were found up
to order 4. The analysis of centrality of individual brain areas in
higher-order behaviours showed that visual areas dominated pair-
wise functional interactions, whereas the vmPFC-OFC dominated
both triplet and quadruplet interactions (Fig. 7C and D). In addition,
feature-specific information transfer (FIT) analyses” showed that IG
signals are broadcasted from multiple brain regions and converge to
the ventromedial PFC and OFC (Fig. 8). These results further support
the conclusion highlighting a central role of the vmPFC-OFC cluster
in the processing of information gain.

Limitations and open questions

Information gain leads to uncertainty reduction in action-outcome
associations. People are equipped with cognitive systems that estimate
and handle uncertainty"® to drive further learning'*>'**"*>, Uncertainty
can be formalised as the entropy of the probability distribution over
possible actions, representing the degree of unpredictability about
most rewarding action. From the mathematical point of view, however,
uncertainty and information gain are related. Information gain can be
decomposed into the difference of the cross entropy of P(a,_;) and
P(a,), which measures the mismatch between the prior and updated
posterior policy, and the entropy of the posterior distribution P(a,),
which measures the remaining uncertainty in the action selection
policy after update. The difference of these terms measures the
information gain or the reduction in uncertainty achieved by updating
the prior to the posterior after each observation (see methods section
for more details). IG and uncertainty reduction are closely linked,
particularly in the deterministic task used in this study. Further
research is needed to explore whether IG and uncertainty signals are
differently encoded in synergistic interactions in the brain.

A second limitation is the difficulty in determining whether
information gained from correct outcomes differs from that gained
from errors. In this task, IG and RPEs show a U-shaped relationship,
with both errors (negative RPE) and successes (positive RPE) linked to
positive IG. As learning progresses, both RPE and IG tend to decrease.
Therefore, we cannot determine if IG is more associated with con-
firmation (linked to positive RPEs) or conflict monitoring (linked to
negative RPEs). The IG signals here reflect a combined contribution
from both errors and successes. Future research could explore the
distinct circuits involved in IG from errors and successes during goal-
directed learning.

A third limitation is the focus on high-gamma activity, as it may
overlook the role of phase synchronization in neural interactions.
Phase synchronization, particularly in lower frequency bands (such as

alpha and beta range), facilitates long-range connectivity by aligning
neural excitability across regions, enabling efficient information
transfer 819153 lgnoring these lower-frequency phase interactions
may lead to an incomplete understanding of large-scale network
dynamics and neural coordination supporting cognitive processes.
Further studies are needed to bridge the explanatory gap between
neural interactions supported by high-gamma activity and phase-
related synchronization in brain networks.

An open question concerns the role of the basal ganglia and
cortico-striatal interactions in the encoding of information gain. The
inherent limitations of MEG in resolving deep brain structures prevent
a detailed study of these interactions. Intracranial EEG recordings in
epileptic patients rarely include electrodes in the striatum, the main
input structure of the basal ganglia. As a result, human neurophysiol-
ogy provides limited access to fast neural dynamics and cortico-striatal
interactions. The absence of measurements in the basal ganglia could
explain why we did not observe correlates of reward prediction error
(RPE), as this region plays a crucial role in encoding reward signals.
Future studies investigating the functional role of cortico-striatal
interactions in information seeking and goal-directed learning in pri-
mates will be crucial for advancing our understanding of adaptive
behaviour and decision-making processes.

Although the number of participants (N=11) is limited, our pre-
vious study indicated that it has appropriate group-level statistical
power™*. In the study, the Matthews Correlation Coefficient (MCC) was
used to determine the minimum number of trials and subjects for
group-level inference with cluster-wise corrections. An MCC of 0.8 or
higher indicates excellent model performance. With an average of 225
trials per participant, the MCC was ~0.9. Nevertheless, we cannot
exclude that significant correlates of RPE could be identified if a larger
number of participants could be studied.

Finally, the Q-learning model was used to estimate the trial-by-trial
variability in RPE and IG signals, rather than to serve as a compre-
hensive model of choice behaviours in our task. Indeed, the model
does not account for the win-stay and lose-switch strategies observed
in our task. As standard RL models rarely capture across-trial beha-
vioural strategies, accounting for it would require new computational
theories whose development is beyond the scope of this work.

To conclude, the current study provides evidence that informa-
tion gain is encoded in synergistic and higher-order functional inter-
actions alongside with its broadcasting towards the prefrontal reward
circuitry. Our study provides evidence regarding how information
relevant for cognition is encoded and broadcasted in distributed
cortical networks and brain-wide dynamics.

Methods

Experimental conditions and behavioural learning task

Eleven healthy subjects participated in the study (all right handed, 7
females; average age 26years old). All participants gave written
informed consent according to established institutional guidelines,
and they received monetary compensation (50 euros) for their parti-
cipation. The project has been promoted by the INSB of the CNRS
(CNRS No. 17020; ANSM No. 2017-A03614-49) and approved by the
ethical committee CPP Sud-Méditerranée.

Goal-directed learning was studied using an arbitrary visuomotor
learning task design, where the relation between the visual stimulus,
the action and its outcome is arbitrary and causal. Participants were
instructed to learn by trial-and-error the correct associations between
3 coloured circles and 5 finger movements (Fig. 1A). Participants were
instructed that correct actions were not exclusive across stimuli,
meaning that they could not exclude certain fingers if assigned to
another stimulus when seeking the correct association. On each trial,
participants were presented a coloured circle to which they had to
respond within 1.5s. Reaction times were computed as the time dif-
ference between stimulus presentation and motor response (finger
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movement). After a fixed delay of 1s following the disappearance of
the coloured image, an outcome image was presented for 1s and
informed the subject whether the response was correct, incorrect, or
too late (if the reaction time exceeded 1.5 s). “Late” trials were excluded
from the analysis, because they were either absent or very rare (i.e.,
maximum 2 late trials per session). The next trial started after a vari-
able delay ranging from 2 to 3s (randomly drawn from a uniform
distribution) with the presentation of another visual stimulus. Visual
stimuli (coloured circles) were randomised in blocks of three trials.
Each learning session was composed of 60 trials, 3 stimulus types (i.e.,
different colours, S1, S2, and S3) and 5 possible finger movements.
Each subject performed 4 learning sessions, each containing different
sets of coloured stimuli. To ensure reproducible performances across
sessions and subjects, the task design manipulated learning and pro-
duced reproducible phases of acquisition and consolidation across
sessions and individuals®. More precisely, the correct
stimulus-response associations were not set a priori. Instead, the
correct stimulus-response associations were assigned as the subject
proceeded in the task. Figure 1B shows the matrix of all the possible
stimulus-response combinations, updated according to the exemplar
learning session (Fig. 1A). The first presentation of each stimulus was
always followed by an incorrect outcome, irrespective of the subject’s
motor response (Fig. 1B, from trials 1 to 3). Then, on the second pre-
sentation of stimulus S1, any untried finger movement was always
considered as a correct response. Because the stimuli were presented
randomly within blocks of 3 trials, stimulus S1 could occur for the
second time from trials 4 to 6 (trial 4 in Fig. 1). For the second stimulus
S2, the response was correct only when the subjects had performed 3
incorrect finger movements (trial 9 in Fig. 1B). For stimulus S3, the
subject had to try 4 different finger movements before the correct
response was found (trial 12 in Fig. 1B). In other words, the correct
response was the second finger movement (different from the first
tried response) for stimulus S1, the fourth finger movement for sti-
mulus S2, the fifth for stimulus S3. Each learning session was composed
of 42 trials, 3 stimulus types (i.e., different colours, S1, S2, and S3) and 5
possible finger movements. During scanning, each subject performed
4 learning sessions, each containing new coloured stimuli.

MarsAtlas cortical parcellation and source model
Anatomical T1-weighted MRI images were acquired for all participants
using a 3-T whole-body imager equipped with a circular polarised head
coil (Bruker). Magnetoencephalographic (MEG) recordings were per-
formed using a 248 magnetometers system (4D Neuroimaging magnes
3600). Visual stimuli were projected using a video projection and
motor responses were acquired using a LUMItouch® optical response
keypad with five keys. Presentation® software was used for stimulus
delivery and experimental control during MEG acquisition.
Single-subject cortical parcellation was performed using the
MarsAtlas approach®. After denoising using non-local means'™®, TI-
weighted MR-images were segmented using the FreeSurfer “recon-all”
pipeline (v5.3.0). Grey and white matter segmentations were imported
into the BrainVisa software (v4.5) and processed using the Morphol-
ogist pipeline procedure (http://brainvisa.info). White matter and pial
surfaces were reconstructed and triangulated, and all sulci were
detected and labelled automatically. A parameterization of each
hemisphere white matter mesh was performed using the Cortical
Surface toolbox (http://www.meca-brain.org/softwares/). It resulted in
a 2D orthogonal system defined on the white matter mesh, constrained
by a set of primary and secondary sulci®®. The MarsAtlas parcelization
contained a total of 82 cortical parcels (41 each hemisphere). Each
individual white matter mesh was then resampled onto a template
defined by the average geometry across a population of 138 healthy
subjects (https://meca-brain.org/software/hiphopl38/) in two steps:
(1) the parameterization induced by the 2D orthogonal system is used
to map the white matter mesh onto a canonical spherical domain; (2)

the location of each vertex of the template mesh is interpolated onto
the individual mesh geometry using the classical barycentric mapping.
This procedure defines one-to-one spatial correspondence across the
white matter meshes from all individuals at the vertex level. By
adapting the spatial resolution of the template mesh, we can fix the
number of points that define the correspondence across subjects. The
sources are then defined at the location of these points and are thus
distributed at consistent anatomical locations across subjects.

Finally, we created source space and forward models readable by
MNE-python™ using cortical meshes generated using BrainVISA
(MarsAtlas) and subcortical structures generated by Freesurfer. These
three elements are needed for the power estimation at the source
level, which will be discussed in the next paragraph. These steps were
performed using the BV2MNE toolbox (https://github.com/brainets/
bv2mne), a python library developed in our team based on MNE-
python. The anatomical meshes were coregistred with the MEG data
using the ‘mne coreg’ interface.

Single-trial high-gamma activity (HGA) in MarsAtlas

We focused on broadband gamma from 60 to 120 Hz for two main
reasons. First, it has been shown that the gamma band activity corre-
lates with both spiking activity and the BOLD fMRI signals’"®, and it is
commonly used in MEG and iEEG studies to map task-related brain
regions'®>'%*, Therefore, focusing on the gamma band facilitates link-
ing our results with the fMRI and spiking literature on probabilistic
learning. Second, single-trial and time-resolved high-gamma activity
can be exploited for the analysis of cortico-cortical interactions in
humans using MEG and iEEG techniques®>5*165166,

MEG signals were high pass filtered to 1Hz, low-pass filtered to
250 Hz, notch filtered in multiples of 50 Hz and segmented into epochs
aligned on stimulus and outcome presentation. Independent Com-
ponent Analysis (ICA) was performed to detect and reject cardiac, eye-
blink and oculomotor artefacts. Artefact rejection was performed semi
automatically, at first by a visual inspection of the epochs’ time series,
then by means of the autoreject python library' to detect and reject
bad epochs from further analysis.

Spectral density estimation was performed using a multi-taper
method based on discrete prolate spheroidal (slepian) sequences'.
To extract high-gamma activity from 60 to 120 Hz, MEG time series
were multiplied by k orthogonal tapers (k=11) (0.2 s in duration and
60 Hz of frequency resolution, each stepped every 0.005 s), centred at
90 Hz and Fourier-transformed. Complex-valued estimates of spectral
measures X, (¢, k), including cross-spectral density matrices, were
computed at the sensor level for each trial n, time ¢ and taper k. Source
analysis requires a physical forward model or leadfield, which
describes the electromagnetic relation between sources and MEG
sensors. The leadfield combines the geometrical relation of sources
(dipoles) and sensors with a model of the conductive medium (i.e., the
head model). For each participant, we generated a boundary element
model using a single-shell model constructed from the segmentation
of the cortical tissue obtained from individual MRI scans. Lead-fields
were not normalised. The head model, source locations and the
information about MEG sensor position for both models were com-
bined to derive single-participant leadfields. The orientation of cortical
sources was set perpendicular to the cortical surface.

We used adaptive linear spatial filtering to estimate the power at
the source level. In particular, we employed the Dynamical Imaging of
Coherent Sources (DICS) method, a beamforming algorithm for the
tomographic mapping in the frequency domain'®, which is a well
suited for the study of neural oscillatory responses based on single-
trial source estimates of band-limited MEG signals. At each source
location, DICS employs a spatial filter that passes activity from this
location with unit gain while maximally suppressing any other activity.
The spatial filters were computed on all trials for each time point and
session, and then applied to single-trial MEG data.
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Single-trial power estimates aligned with outcome and stimulus
onset were log-transformed to make the data approximate Gaussian
and low-pass filtered at 50 Hz to reduce noise. Single-trial mean power
and standard deviation in a time window from -0.5 and -0.1s prior to
stimulus onset was computed for each source and trial, and used to
z-transform single-trial movement-locked power time courses. Simi-
larly, single-trial outcome-locked power time courses were log-
transformed and z-scored with respect to baseline period, to pro-
duce HGAs for the prestimulus period from -1.6 to —0.1 s with respect
to stimulation for subsequent functional connectivity analysis. Finally,
single-trial HGA for each brain region of MarsAtlas was computed as
the mean z-transformed power values averaged across all sources
within the same region. Single-trial HGA estimates were performed

using home-made scripts based on MNE-python™®,

Model-based analysis of behavioural data and estimate of
learning signals

We estimated the evolution of stimulus-action-outcome probabilities
and updating learning signals during learning using a Q-learning
model* from reinforcement learning theory”. Briefly, the Q-learning
model updates action values through the Rescorla-Wagner learning
rule (1972) expressed by the following equation:

Q(at, 5{) <~ Q(at: St) +a- (rt - Q(at, St)) @

The left-hand side of the equation corresponds to the updated Q-
value for the observed stimulus s, and chosen action a, after the
observation of the outcome r,, at trial ¢. In our case, s, corresponds to
one of the three coloured stimuli, while a, represents one of the five
possible finger movements and r, is either one or zero for correct and
incorrect outcomes, respectively. Q-values were then transformed into
probabilities according to the softmax equation:

P(a,ls,)=exp(BQ(a,,s,)/ > exp(BQ(a,, s,)) @

P(a,|s,) is the conditional probability of selecting action a given
stimulus s, and it sums to one over possible actions > ,P(a,|s,;)=1. For
simplicity, we drop the conditioning over stimulus s and refer to it as
action policies P(a,). The coefficient  is termed the inverse ‘tem-
perature’: low B (<1) causes all actions to be (nearly) equiprobable,
whereas high B (>1) amplifies the differences in association values. We
identified the set of parameters that best fitted the behavioural data
using a maximum likelihood approach, as in the previous paper®. The
model was fitted separately for each block of trials and learning ses-
sion. For each learning session, we used a grid-search algorithm vary-
ing the learning rate o from 0.1 to 1 (in steps of 0.01) and the inverse
temperature 3 from 1 to 10 (in steps of 0.2). Generally, grid-search
algorithms are often preferred over optimization methods for para-
meter inference, because they systematically explore the entire para-
meter space, ensuring that the best possible combination is found.
Unlike optimization techniques, which may get stuck in local minima,
grid search guarantees a comprehensive evaluation of all parameter
choices. This exhaustive search is particularly useful when dealing with
low-dimensional problems or when prior knowledge about the best
region of the parameter space is limited. In addition, a previous fMRI
study used the same task and Q-learning model®’, and it showed that
the grid-search approach provided accurate estimates of action-
outcome conditional probabilities that fitted behavioural data (Fig. 2
and Fig. 3 in”). The optimal set of parameters was chosen so to max-
imise the log-likelihood of the probability to make the action per-
formed by the participant P(c,)=P(a,=chosen), defined as
LL=3%",log P(c,). Model fitting was performed per learning block, so to
accommodate potential changes in o and 3 across sessions. Therefore,
the Q-learning model provides estimates of the evolution of reward

prediction-errors during learning as:
RPE,=r, — Q(a,,s;) 3)

Bayesian inference is a principled statistical model based on
Bayesian updating of beliefs about the current state of the world. The
amount of update after each observable is related to the notion of
information gain. In Bayesian statistics, information gain can be
defined as the amount of information required to “revise” one’s beliefs
from the prior probability distribution P(a,_;) to the posterior prob-
ability distribution P(a,). This measure can be formalised via the
Kullback-Leibler (KL) divergence between the posterior and prior. In
neuroscience, this measure is also referred to as the Bayesian
surprise®**:

1G(6)=Dy [P(@)lIP(@._p)] =) P(ayloglP(a,)/P@._p]  (4)

Note that the information gain depends on the stimulus presented
at each trial. The index associated with stimulus type was dropped for
simplicity. The equation measuring information gain can be expanded
and rewritten as

1G(t)=H(P(a,), P(a,_,)) — H(P(a,)) ©)

The first term on the right-hand side is the cross entropy of P(a;_,)
and P(a,), and it measures the mismatch between the prior and
updated posterior policy. The second term is the entropy of the pos-
terior distribution P(a,) and it measures the remaining uncertainty in
the action selection policy after update. The difference of these terms
measures the information gain or the reduction in uncertainty
achieved by updating the prior to the posterior after each observation.
Information gain therefore relates to epistemic uncertainty, as it cap-
tures the reduction of model uncertainty due to observed outcomes.
In the current task, information gain and uncertainty are correlated,
because the correct action policies are deterministic. During the initial
exploratory phase, both information gain and uncertainty start high
when the participant’s policy is far from optimal and uncertain. At the
end of learning, the policy becomes approximately deterministic, and
both information gain and uncertainty approach zero. Information
gain after the observation of the outcome leads to a reduction of
uncertainty in the policy. No dissociation can be drawn between IG and
uncertainty reduction in the current task. Nevertheless, information
gain and reward prediction errors are not linearly related. Errors (i.e.,
negative RPE) and successes (i.e., positive RPE) are both associated
with positive IG. In the current task, IG and RPE display approximately a
U-shape relationship. On the other hand, IG scales with the absolute
value of RPE, because both reflect the impact of surprise on learning.
The absolute value of RPE captures how unexpected an outcome is. IG
quantifies how much uncertainty is reduced as a result of that unex-
pected outcome.

Cortical areas encoding learning signals

We used information-theoretic metrics to quantify the statistical
dependency between single-trial HGA and the outcome-related learn-
ing signals. Information-based measures quantify how much the neural
activity of a single brain region explains a variable of the task. To this
end, we computed the mutual information (MI); as a reminder, mutual
information is defined as:

1X;Y)=H(X) — HX|Y) (6)

In this equation the variables X and Y represent the HGA power
and the behavioural variables, respectively. X represents the HGA
power over time, trials and regions. Y represents the behavioural
variables across trials. H(X) is the entropy of X, and H(X|Y) is the
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conditional entropy of X given Y. We used Gaussian-Copula Mutual
Information (GCMI)"°, which is a semi-parametric binning-free
technique to calculate MI. In the GCMI approach, which includes a
rank based normalisation of the data, entropy values are
computed using the differential entropy formula for a Gaussian dis-
tribution. The transformed data allows entropy estimation based on
the determinant of the covariance matrix and the assumption of
Gaussian marginals. The GCMI is a robust rank-based approach that
allows detecting any type of monotonic relation between
variables. More precisely, the GCMI is a lower-bound approximate
estimator of mutual information for continuous signals based on a
Gaussian copula, and it is of practical importance for the analysis of
short and potentially multivariate neural signals. Note, however, that
the GCMI does not detect non-monotonic (e.g., parabolic) relations.
In the current work, the GCMI was computed across trials between
time-resolved HGA and outcome-related learning signals. The para-
metric GCMI estimation was bias-corrected using an analytic cor-
rection to compensate for the bias due to the estimation of the
covariance matrix from limited data (i.e. here, limited number of
repetitions or trials)”°. Since this parametric correction only
depends on the number of trials, the same value is going to be used
for both permuted and non-permuted data. Therefore, this
bias correction only impacts the estimated effect size but has no
effects on statistical results. The considered outcome-related learn-
ing signals were reward prediction errors (RPE) and Information
Gain (IG).

Cortico-cortical functional interactions encoding learning
signals

The goal of network-level analyses was to identify dynamic functional
networks encoding outcome-related computations, such as the
reward prediction errors (RPE) and information gain (IG). We used
information-theoretic metrics to quantify the statistical dependency
between single-trial event-related co-modulations in HGA across
trials and learning computations. In general terms, the aim of our
analyses was to assess the interdependence between pairs of brain
signals (X; and X;) and a third learning variable (Y), either RPE or IG.
More precisely, we wished to quantify whether the interaction in
activity co-modulation between brain regions supported functional
segregation and integration phenomena supporting learning. We
reasoned that functional segregation could be quantified as the
amount of redundant information shared in the co-modulation of
activity across brain regions. Similarly, we propose that functional
integration processes could be quantified as the amount of syner-
gistic information carried by the two brain regions about the target
learning variable. Such research questions can be formalised within
the Partial Information Decomposition (PID) framework®**®. Indeed,
the PID framework allows the decomposition of multivariate mutual
information between a system of predictors and a target variable,
and to quantify the information that several sources (or predictors)
variables provide uniquely, redundantly or synergistically about a
target variable. In the current study, we considered the case where
the source variables are the across-trials HGA of two brain regions (X;
and X;) and the target variable is the trial-by-trial evolution of the
learning variable (Y). If pairs of brain regions X; and X, carry the same
information about learning variable Y, we refer to it as redundant
information. If only one area X; or X; carries information about Y, it is
referred to as unique information carried by X; or X, about Y, and
vice-versa for Y. Finally, if neither of the variables alone provide
information about Y, but they need to be observed together, we refer
to it as synergistic information. In other words, the knowledge of any
of the predictors separately does not provide any information about
the target variable C. Analytically, the PID proposes to decompose
the total mutual information between a pair of source variables X and
Y and a target variable Z /(X{,X,;Y) into four non-negative

components:
IX1, X2 V) =UX; V)T UX5; Y) +R(X1, X5 Y) +S(X1, X3 Y) - (7)

U(X1;Y) and U(X,; Y) are unique information carried for the two
areas, respectively. R(X;, X5;Y) and S(X;, X,;Y) are the redundancy
and synergy terms, respectively. In addition, the PID formulation links
to classical Shannon measures of mutual information as

IX;Y)=UX; V) +R(X, X3 Y) (8)
1X3; V) =UX5; V) +R(X1, X33 Y) 9)

The problem with this approach is that its governing equations
form an under-determined system: only three quantities that can be
computed from the data (i.e., the mutual information quantities
1(X1,X5; Y), 1(X;Y) and I(X,; V) for the four terms of the PID (i.e., two
unique information, redundant and synergistic). To actually calculate
the decomposition, an additional assumption must therefore be made.
Here, we exploit the so-called minimum mutual information (MMI)
PID, which has been shown to provide correct estimations for a broad
class of systems following a multivariate Gaussian distribution'*"",
According to the MMI PID, redundant information carried by pairs of
brain regions is given by the minimum of the information provided by
each individual source to the target,

Ry X1, X35 Y) =min [I(X; ¥), 1(X3; V)] (10)

Then, synergistic information can be computed by substituting
Egs. 8, 9 and 10 in Eq. 7 and rearranging the terms

Syt X1, X23 V) =1X1, X33 Y) = (X33 Y) = I(X 3 V) + Rypr (X1, X2 ¥)
an

Equations 9 and 10 represent the redundant and synergistic
information carried by the co-modulations in HGA of pairs of brain
regions X; and X, about the learning variable Z, respectively. By defi-
nition, redundant functional interactions carry the same information
about learning variables than the one carried by individual brain areas.
On the other hand, synergistic connectivity reveals brain functional
interactions that cannot be explained by individual contribution, but
only by their combined and collective coordination.

Higher-order cortico-cortical interactions encoding learning
signals
We then studied whether outcome-related learning signals would be
encoded in the interactions beyond the pairwise relations, the so-
called higher-order functional interactions, or correlations. The defi-
nitions of redundancy and synergy can be generalised to higher-order
by simply iterating over all regions of a multiplet. By considering a
multiplet as a set of n variables X" = {X}, ..., X,;}, the redundant infor-
mation carried by each higher-order multiplet about the target vari-
able is given by:
Runy(X™; Y)=min I(X; Y) (12)
Then, synergistic information can be computed by substituting
Egs. 8, 9 and 10 in Eq. 7 and rearranging the terms
Sy X" Y)=1(X"Y) — max (X, 7; Y) 13)
where X;~ is the the set of variables of X" excluding the brain area i.

One of the main issues in the study of the higher-order behaviours of
complex systems is the computational cost required to investigate all
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the multiplets of any order. In order to perform HOIs analyses over
all orders, we thus identified 9 sets of brain regions that displayed
significant encoding of learning signals and we averaged the HGA for
each set of regions-of-interest. This allowed us to perform an
exhaustive analysis of HOIs at all orders. Equations 11 and 12
represent the redundant and synergistic information carried by
multiplets of brain regions about the learning variable Y,
respectively.

Cortico-cortical information transfer encoding learning signals
In order to investigate whether learning signals are broadcasted across
different cortical regions, we used a recently-developed information-
theoretic measure termed Feature-specific Information Transfer (FIT)
that quantifies how much information about specific features flows
between brain areas. FIT merges the Wiener-Granger causality
principle’™ ¢ with content specificity based on the PID framework®*°¢,
FIT isolates information about a specific task variable Y encoded in the
current activity of a receiving neural population, which was not
encoded in its past activity, and which was instead encoded by the past
activity of the sender neural population. More precisely, the FIT
measure is based on two four-variables PID and it is defined as the
minimum of two “atoms”. The first atom is defined in a four-variable
PID, which considers the learning variable Y as the target and three
source variables, namely the brain activity in the past of the sending
signal X;(t — 1), the past of the receiver X, (t — 7) and the present of the
receiver X,(t). This atom formalises the principle of Granger-Wiener
causality within the PID framework and it adds the encoding of task
variables (e.g., learning) in the time-lagged predictability between
signals. More formally, the first atom is defined as the redundant
information about Y carried by the past of X;(t — 7) and the present of
X,(t), which is unique with respect to past of the X,(t — 7). As for
previous analyses, we used the MMI PID to compute this atom, which
was computed as

R (X1t — 1), X5(6); Y) = min[l(Xy(¢ — 1); ), I(X(6); V)] (14)
—min([[(X,(t — 7); V), [(X5(0); V), [(X(t = 7); V)]
Note that the second term on the right-hand side assures the
uniqueness with respect to the past of the receiver X,(t — 7). The
second atom for the calculation of the FIT is defined for a four-
variable PID, considering the present of the receiver X,(t), as the
target variable and the learning variable Y, X;(t — 1) and X,(t — 1) as
source variables. This second term assures that the FIT measure does
exceed: (i) the overall propagation of information between signals,
referred to as the Directed Information or Transfer Entropy"?, and
quantified by means of the conditional mutual information
I(X,(t — 1); X,(0)1X,(t — 1)); (ii) the mutual information between the
learning variable and the past of the sender, /(Y;X;(¢t — 1)) and (iii)
the mutual information between the learning variable and the pre-
sent of the receiver, /(Y; X,(t)). This term is defined as the redundant
information about the present of the receiver X,(t) carried by X;(t —
7) and Y, which is unique with respect to the past of the receiver
X,(t—1):

Ry (X1(& — 1), Y X5(6) = min[I(Xy (¢ — 7); X5(0)), [(Y, X5(0))] (15)
—min[l(X;(t— 1); X,(),1(Y, X,(0), [(X,(t — T); X,(0)]
Therefore, the FIT measure is defined as the minimum between
these two atoms (Egs. 14 and 15) to select the smallest nonnegative
piece of information:
FIT = min[Ry;py (X1(€ — 1), X5(8); YV), Rypyy (X1 (€ = 1), Y5 X5(0))] (16)
We computed the FIT measure between all pairs of 8 sets of
brain regions at different delays tau ranging from -0.005 to -0.2s,

and averaged over delays. Given that the scope of the study was not a
detailed characterisation of time delays between clusters, we used
such averaging procedure, as in previous papers’>">, Statistical ana-
lysis was similarly applied as for all other measures.

Statistical analysis

For the statistical inferences, we used a group-level approach based on
non-parametric permutations and encompassing non-negative mea-
sures of information developed in a previous study™*. We used a ran-
dom effect (RFX) to take into account the inter-subject variability. In
this approach, the information theoretical metrics (e.g., mutual infor-
mation, MI) between the neurophysiological signal and the beha-
vioural regressor are computed across trials for each participant
separately, at each time point and brain region. In order to assess
whether the estimated effect size in Ml significantly differed from the
chance distribution and to correct for multiple comparisons, we
implemented a cluster-wise statistics approach*. For cluster-level
statistics, the cluster forming threshold is defined as the 95th per-
centile across all of the permutations. Such threshold is used to
identify the clusters on both the true and permuted data. To sample
the distribution of MI attainable by chance, we computed the MI
between the brain data and a randomly shuffled version of the beha-
vioural variable. This procedure was then repeated 1000 times. We
took the mean of the MI values computed on the permutations, and
used this mean (MI) to perform a one sample t-test across all the
participants’ MI values obtained both from original and permuted
data. We then used a cluster-based approach to assess whether the size
of the estimated ¢-values significantly differs from its distribution. The
cluster forming threshold was defined as the 95th percentile of the
distribution of ¢-values. We used this cluster forming threshold to
identify the cluster mass of ¢-values on both original and permuted
data. As a reminder, the cluster-based approach'* is performed on the
mass of the clusters (i.e., the summed activity above the threshold),
rather than on individual temporal samples. Thus, the p-value of the
cluster is not representative of the individual samples within the
cluster and cannot be interpreted as a measure of the onset and offset
of significant effects. Finally, to correct for multiple comparisons
across both time and space, we build a distribution made of the 1000
largest clusters estimated on the permuted data. The final corrected p-
values were inferred as the proportion of permutations exceeding the
t-values. For what concerns functional connectivity analysis, the
information theoretical metrics of interest (e.g., redundant con-
nectivity) across pairs of brain regions were studied similarly as the
local MI time courses.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The group-level data and results, in addition to Jupiter notebooks to
reproduce the figures of the paper, have been deposited on the Github
repository (https://github.com/brainets/hosi_infogain), (https://doi.
org/10.5281/zenodo0.15674302). The single-subject MRI, MEG and
behavioural data are protected and are not available due to data
privacy laws. The processed data may be requested to the corre-
sponding author.

Code availability

Higher-order redundancy and synergistic measures were computed
using the HOI toolbox (https://github.com/brainets/hoi). All pair-wise
information theoretical measures, including the FIT, and statistical
analyses were performed using the Frites Python package (https://
github.com/brainets/frites)"””. Hypergraph visualisation was per-
formed using the XGI package (https://xgi.readthedocs.io/en/stable/).
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