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Sensory inputs are rich with temporal patterns that unfold across multiple times-
cales. Uncovering these regularities is essential for anticipating future events and
navigating the environment efficiently. Numerous models have been proposed to
account for learning at specific temporal scales; however, they are often designed in
isolation and rely on narrowly tuned statistical measures, limiting their generaliza-
bility to other paradigms. In contrast, humans typically learn without prior knowl-
edge of the underlying structure or the relevant timescale at which regularities occur.
Here, we present a unifying account of statistical learning that spans a wide range of
temporal dependencies, from adjacent and nonadjacent transitions to complex net-
work structures. This model, long-horizon associative learning, offers a biologically
grounded implementation of the successor representation, or equivalently, the free
energy minimization model. Reanalyzing data from 11 previously published studies,
we show that a single neural mechanism captures both local statistical regularities
and higher-order structural properties. This mechanism rests on graded temporal
overlap of associative traces and is governed by a single free parameter (f). This initial
domain-general associative learning process, emerging from the graded structure of
associations, may later scaffold to higher-level operations such as grouping, catego-
rization, rule abstraction, and memory formation. Overall, this framework offers a
conceptual synthesis that bridges disparate strands of the statistical learning literature
and reframes apparent paradigm-specific effects as different expressions of a common
underlying computation.

learning | infant | language | EEG | modeling

Speech, music, movements, or actions: many everyday events unfold in time, reaching us
as continuous streams of sensory information. These streams are rich, diverse, and tem-
porally structured, embedding complex dependencies across multiple timescales: from
immediate transitions between consecutive events (1) to more distant regularities linking
elements separated by long-range intervals (2, 3). Humans are remarkably skilled at dis-
covering these statistical structures. For instance, listeners exposed to continuous speech
are sensitive to the likelihood that one syllable follows another, a mechanism proposed to
support early word learning in infants (1, 4). They also detect nonadjacent linguistic
relationships, such as “is”...“ing” regardless of the number of intervening syllables (5, 6),
and even infer higher-order structure in network-like sequences (7-9): when stimuli are
drawn from distinct graph-based clusters, participants detect transitions between clusters
even when adjacent transition probabilities remain constant.

Although some attempts have been made to aggregate adjacent and nonadjacent depend-
ency learning under a common associative framework (10), much of the statistical and
network learning literature still relies on distinct models tailored to specific experimental
designs. These models can be broadly categorized by the temporal scale they target: local
(transitions between adjacent elements), intermediate (nonadjacent dependencies), and
high-order (network-level structure) (Fig. 1). This multiplicity implicitly assumes that par-
ticipants engage in numerous parallel, scale-specific computations. Such fragmentation poses
serious memory and efficiency challenges, especially for infants, whose cognitive resources,
even if limited, support impressive learning capacities (1, 5, 11, 12).

To reconcile learning across timescales within a unified framework, we suggest that
both short- and long-range associations arise from a single neural mechanism grounded
in Hebbian principles, whereby learning results from overlapping neural representations
of successive elements (49). Because neural traces decay gradually, successive elements
overlap in time, enabling associations not only between consecutive events but also between
temporally distant events, creating a “long-horizon” associative field. This mechanism is
both parsimonious and biologically plausible, relying on sustained patterns of neural
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Fig. 1. Overview of statistical learning paradigms categorized by the scale of temporal dependencies: local, intermediate, and high-order. The figure highlights
some studies demonstrating learning at different scales of statistical structure, across various sensory modalities and participating populations. It should be
noted that this does not necessarily represent the ability of populations to learn or not learn each paradigm, but rather the current state of our knowledge on
this subject and on what has been formally tested. 1. Harris (4), 2. Toro and Trobalon (13), 3. Milne et al. (14), 4. Conway and Christiansen (15), 5. Reber (16), 6.
Santolin et al. (17), 7. James et al. (18), 8. Menhart et al. (19), 9. Avargues-Weber et al. (20), 10. Conway and Christiansen (15), 11. Nicholls et al. (21), 12. FI6 et al.
(22, 23), 13. Benjamin et al. (11), 14. Bulf et al. (24), 15. Saffran et al. (1), 16. Fiser and Aslin (25), 17. Kirkham et al. (26), 18. Saffran et al. (1, 27), 19. Batterink and
Zhang (28), 20. Xu et al. (29), 21. Benjamin et al. (30), 22. Hauser et al. (31), 23. Boros et al. (32), 24. Takahasi (33), 25. Perruchet and Desaulty (34), 26. Pelucchi
et al. (35), 27. Tummelsthammer et al. (36), 28. Buiatti et al. (37), 29. Gémez et al. (6), 30. Pefia et al. (5), 31. Endress (38), 32. Newport and Aslin (12), 33. Newport
et al. (39), 34. Sonnweber et al. (40), 35. Garvert et al. (7), 36. Mark et al. (41), 37. Schapiro et al. (3, 42), 38. Karuza et al. (43, 44), 39. Benjamin et al. (8), 40. Lynn
et al. (45), 41. Ren et al. (46), 42. Stiso et al. (9), 43. Kakaei et al. (47), 44. Benjamin et al. (48).
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activity that could, in principle, be implemented with a limited
number of neurons. It can also be formalized mathematically,
yielding parameters that can be directly linked to measurable neu-
ral properties.

The free energy minimization model [FEMM (45)] and the
Successor Representation [SR (50)] model provide formal instan-
tiations of long-horizon associative learning (L-HAL). Initially
proposed to explain network learning in humans (FEMM) and
cognitive map formation for spatial navigation (SR), the two mod-
els are mathematically equivalent despite their conceptually dis-
tinct origins. Both characterize associative strength as a weighted
combination of near and distant transitions: a linear mixture of
the transition probability matrix for adjacent elements (A;) and
higher temporal orders (A44,), with exponential decay as a function
of At* A single parameter, f, governs this decay: when p — oo,
only adjacent transitions contribute; when f — 0, all elements
become equally associated regardless of distance. Thus, estimating
B directly specifies the associative timescale.

The model is agnostic to the type of primitive (syllables, voices,
tones, or any other units) and can operate over any representational
stream. However, it requires that each stream consist of discrete, com-
parable elements forming a coherent sequence. For example, statistics
can be computed on structured streams of syllables with random
voices producing them or on structured streams of voices producing
random syllables (22). Within any given representational layer, a sin-
gle B captures the associative timescale; distinct layers may operate
concurrently with different decay constants and developmental tra-
jectories. The model thus describes an early, domain-general associa-
tive process operating over any segmentable sequence, whose outputs
scaffold higher-level operations such as grouping, categorization, rule
abstraction, and memory formation.

We previously tested the plausibility of such long-horizon asso-
ciations in adults using an auditory “sparse community” paradigm
in which tone sequences were governed by both local and high-order
dependencies. Tones were drawn from a network organized in two
clusters, so that transitions occurred either within or between clus-
ters while adjacent transition probabilities were held constant.
Participants later judged within-cluster transitions as more familiar,
even when they had never been presented; whereas between-cluster
transitions were judged less familiar, despite being presented as often
as the within-cluster ones (8) (see Fig. 1, Local/High-order inter-
action). Participants were thus sensitive to the higher-order structure
of the network, implicitly completing missing transitions consistent
with that structure while rejecting those that violated it. A subse-
quent MEG study revealed neural signatures consistent with
decaying-overlap dynamics (48), supporting the idea that even
high-order structure learning and generalization can emerge from
a very simple associative rule.

Given its general formulation, the L-HAL framework should
capture temporal associations at all scales, from adjacent to
long-range dependencies. We therefore challenged the model with
a broad set of published datasets spanning local, nonadjacent, and
network-level learning. The  parameter may vary across domains,
developmental stages, or cognitive states. However, we might
expect it to fall within a restricted range that captures the main
signatures of human learning, thereby offering a unified, parsi-
monious account of statistical learning across scales. Thus, we
provide an explicit comparison of the data with model predictions
using a unique P value previously optimized (8, 45), and evaluate

“At corresponds to the distance between items of the sequence and not time per se.
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domain validity from predictions obtained across a broad range
of B values.

Model Description

Our analyses drew on publicly available datasets encompassing a
wide range of behavioral and neurophysiological measures, includ-
ing familiarity rankings, reaction times in healthy adults, looking
preferences in infants, ERP and fMRI. Collectively, these datasets
cover the full range of temporal scales depicted in Fig. 1. We
qualitatively compared the experimental results with the models
predictions and quantitatively assessed the goodness of fit when
sufficient data were available.

Formal Description of the Model. Given the formal equivalence
between FEMM and SR (Discussion) and for the sake of
consistency with our previous work, we anchored the description
in the FEMM formalism. This model captures a trade-off between
short and long-distance associations: instead of linking only
consecutive elements (i and i - 1), it also binds each element i
to earlier ones (i - 2, i - 3, etc.) with a probability that decreases
exponentially with temporal distance, following a Boltzmann
distribution (87 Appendix).

The estimated model can then be written as
~ +00 . 1 _
A=Y QUNA . With QAn=—cP%, 1]

Ap,: Nonadjacent transition probability matrix of order At
between elements of the sequence,

B: Generalization factor varying from 0 (no generalization) to 1
(uniform generalization),

Z: Constant value Z = 1/(1 — ¢7F),
At: Distance between items of the sequence.

For sequences following a Markovian rule—the current element
is only dependent on the previous one—A,, = A**. Eq. 1 can be
rewritten:

5 +o00 ‘ 1

A= Zm=o Q(ANAL™ With Q(Ar)= e )
Which simplifies as (S Appendix):

A= (1=e)ar=cPa), 8

I: Identity matrix (same size as A)

Computation of the Model for Each Paradigm. We carefully
curated landmark studies spanning multiple scales of statistical
learning. They mostly shared a common structure: participants
were exposed to sequences of stimuli during training, then tested
on congruent and incongruent items in a postlearning phase.
Learning was inferred from differences in familiarity ratings or
deviance responses between these item types.

We simulated the associative strength between elements from the
training material, computed the predicted familiarity for each test
condition, and compared these predictions with published empirical
results. To maintain parsimony and avoid paradigm-specific over-
fitting, we first fixed f to be 0.06, the value proposed by Lynn et al.
(45) and that we also found in our previous work (8). As a second
step, for each study, we identified the range of B values yielding the
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best fit, exploring values from 10~ to 10* to determine the optimal
range explaining performance across paradigms.
The following approach was used:

- For Markovian sequences, we computed the analytical associa-
tion matrix using Eq. 3.

- For AXC and artificial grammar paradigms, where A is insuffi-
cient to fully describe the training material, we estimated FEMM
associations directly from the corpus of training sequences. This
was done by computing and summing (with an exponential decay

factor) all TP orders within each training sequence (Eq. 1). The

A
final A matrix was obtained by averaging the estimated association
matrix across all training sequences experienced by participants.

This method estimated the optimal learning after convergence,
ignoring possible local imbalance or curriculum effects (see later
in the discussion for a model including learning dynamics). Once
the participants’ theoretical optimal mental model was derived
from the training material, we computed the predicted familiarity
for each test condition:

- For a pair (ab), the estimated familiarity is Z(ab). This is the
case for all network paradigms (Fig. 2 £~G and 1)

- For longer test sequences, we computed a weighted sum of all
pairwise associations between elements. For instance, the famil-
iarity of a triplet abc was estimated as ﬁ(zzb) +;‘](bc) + e“ﬁz"i(ac).
This procedure was applied to all paradigms involving test
sequences with more than two elements (Fig. 2 A-D. In the
artificial grammar paradigm, the state “end” was treated as an
item, following the original study.

- In the specific case of Lynn et al. (45), we followed their original
method to compare two types of networks: Community and
Lattice structures, by computing the average FEMM familiarity
across all transitions within each network.

We obtained quantitative predictions of model familiarity for
each experimental condition and compared them with published
experimental measures.

Results

All the results are presented in Fig. 2.

Local Scale.
Segmentation paradigms. Sensitivity to adjacent transition
probabilities has long been recognized as a core mechanism of
statistical learning, most notably demonstrated in the seminal
speech segmentation study in 8-mo-old infants (1). In such
paradigms (1, 11, 30, 51), participants hear continuous streams
of syllables (or other auditory, visual, or haptic stimuli) containing
pseudowords (ABC). Within words, transition probabilities are
high (TP = 1), but drop to 1/3 across word boundaries. After
brief exposure, participants successfully extract words (AB,C) as
they distinguish them from part-words (B,CA,) straddling a word
boundary, through differences in looking time, familiarity rating,
chunk recall accuracy, or EEG responses (11, 22, 23, 27, 29, 30, 52).
Comparison with the model. FEMM simulations reproduced
these effects: for p = 0.06, word familiarity exceeded part-word
familiarity by 19% (Fig. 24). As adjacent transition probability
is the first order and dominant component of the FEMM, it is
not surprising that a TP difference induced a FEMM difference
and that larger P values further amplify the word vs part-word
difference (Fig. 24).

https://doi.org/10.1073/pnas.2513423123

Grammar learning paradigms. Milne et al.’s grammar-learning
study (14) offered an ideal test case, combining simplicity with
fully reported training and test sequences. Human participants
and macaques were exposed to 8 different training sequences, then
judged whether new five-item sequences followed the same grammar.
Their judgments correlated with local transition probabilities in
both visual and auditory modalities for both humans and macaques.
Comparison with the model. FEMM predictions, computed from
the training set, closely matched participants’ behavior (Visual
R =-0.69 P<0.05, Auditory R = -0.74 ps < 0.01 for § = 0.06 —
Fig. 2B), indicating that the model accurately captured observed
learning patterns. This was not the case for macaques: only higher
f values provided a good fit to their data, suggesting that monkeys
primarily encoded first-order transition probabilities, neglecting
longer-distance associations (S] Appendix, Fig. S2).

Intermediate Scale.
AXC paradigm. At the intermediate level, sensitivity to nonadjacent
dependencies has been proposed to underlie grammatical learning,
such as tense agreement in English (“is ... ing,” “has ... ed”). Pefia
et al. (5) showed that adults can learn nonadjacent transition
probabilities of the form P(C[XA), where the syllable A predicts
C despite an intervening X syllable when AXC triplets were
separated by subliminal pauses. In that experiment, participants
later preferred test items preserving the A~C dependency (Rule
Word AX'C where X' is novel) over Part-Words (XCA,). Gémez
(6) further found that learning improved as the variability of
possible Xs increased (2, 6, 12, or 24 syllables), a result that cannot
be explained by learning the constant A—C dependency alone.
Comparison with the model. We estimated FEMM familiarity
scores for Words, Part-Words, and Rule-Words in the classical case
with three possible intervening Xs (37) and training on isolated
words. Following the authors’ interpretation that pauses segmented
the stream, we computed the model on each triplet (figure 1 in
(5), Fig. 2C). For p = 0.06, the model predicted Words familiarity
(AXC)) > Rule-Words familiarity (A X'C,) > Part-Words familiarity
(XC,A)), closely matching behavioral data (5, 12, 37). Consistent
with empirical findings (5), removing pauses during training (i.e.,
using a continuous stream) abolished the familiarity advantage
for Rule-Words over Part-Words. Varying the number of possible
Xs (2, 12, 22, 30, 48, 52) replicated Gémez’s result: the Word >
non-Word familiarity difference increased with X variability (8 —
Fig. 2D). This pattern reflects FEMM’s trade-off between local and
distant associations: when X variability grows, adjacent transitions
(AX, XC) weaken while the A-C link remains constant, biasing
predictions toward the nonadjacent dependency. Finally, unlike
in local paradigms, the best-fitting P range for intermediate-scale
learning shifts toward lower values, but still displays a good overlap

with the local paradigm range of validity (Fig. 2 Cand D).

Higher-Order Scale.

Garvert et al.’s network paradigm. At a higher-order scale, sequence
structure is often described using network formalisms. Garvert et al.
(7) showed that hippocampal—entorhinal fMRI activity during
navigation of a 12-node network correlated with Communicability,
a graph-based measure of distance between nodes. Although
conceptually similar to FEMM or SR, Communicability penalizes
long-range dependencies more strongly.

Comparison with the model. We computed FEMM familiarity
estimates for each network transition and reanalyzed the average
activation within the hippocampal-entorhinal cluster identified
by Garvert et al. Mean activation per transition was significantly
correlated with FEMM predictions (R = -0.29, 2<0.05 for f = 0.06)
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Fig. 2. Results from the analysis of the statistical learning paradigms across different temporal scales using the Free-Energy Minimization Model (FEMM). In
this figure, the Left panels in white display the model predictions for a previously optimized p value (p = 0.06), and the Right panels the model predictions for
B values between 107 and 10%. Dotted lines show p = 0.06, and shaded bars below illustrate the p range for which the model accurately predicts the available
human data. (4) In word segmentation tasks using familiarization with continuous speech streams, participants are subsequently more familiar with embedded
“Words" than with “Part-Words"” that span boundaries. For this local paradigm, higher p values better predict the Word vs. Part-Word differences. (B) Artificial
grammar learning paradigms target local transition probability learning. FEMM familiarity values significantly correlate with mean violation responses reported
by Milne et al. (14) in both auditory (red) and visual (blue) modalities. Macaques' performance modeling (SOM) revealed higher  values than in humans. (C)
At the intermediate scale, sensitivity to nonadjacent dependencies has been demonstrated using AXC paradigms. The reported preference for RuleWord over
PartWord is also correctly accounted for by FEMM. (D) Increasing the number of X elements in the AXC paradigm affects participants’ performances in a Word
vs NonWord discrimination task, despite the nonadjacent transition probability P(C|XA) = 1 remaining constant across conditions. FEMM estimates (Left bar-
plot) for varying numbers of intervening X elements (ranging from 2 to 29) mirror the behavioral results reported by Gémez et al. (6) (Right bar-plot), showing
that word preference increases with the number of possible intervening syllables. (E) Using fMRI, Garvert et al. (7) showed that when exposed to a sequence
deriving from a network structure, a cluster in the entorhinal cortex significantly correlated with Communicability. FEMM also shows a significant correlation
with the average activation within this cluster. (F) In the community paradigm (3), participants distinguished transitions within vs. between clusters despite
identical local transition probabilities. FEMM reproduces this distinction as shown in the bar plot comparing the familiarity of within and between transitions.
(G) In aring graph paradigm, Lynn et al. (45) showed graded familiarity judgments based on graph distance (2 vs. 3 steps apart). FEMM accurately predicts these
gradations. Distance 1 corresponds to the connection between white and green nodes, Distance 2 to white and blue nodes, and Distance 3 to white and red
nodes. (H) Lynn et al. (45) also showed that learning a community structure was easier (faster reaction time) than a lattice structure. FEMM predicts this effect,
with higher average familiarity for community (brown) than lattice (orange) graphs. (/) In a modified version of the community paradigm (sparse and highly
sparse designs), we removed some within-community transitions to be able to test learning of local and high-order structures. FEMM predicted generalization
within-community, assigning higher familiarity to nonexistent within-community transitions than to familiar between-community ones. Behavioral and MEG
results confirmed this prediction. We showed that FEMM significantly outperformed the other statistical models proposed in the literature.
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(Fig. 2E), supporting the models relevance for explaining brain
responses to structured sequences.

Community network. Schapiro et al. (3) introduced the community
network paradigm to demonstrate humans’ sensitivity to network
structure, even in the absence of informative local statistics. The
network consists of three communities—groups of nodes highly
interconnected internally but weakly connected to other groups—
where each node has exactly four neighbors, and thus a uniform
probability of 0.25. Despite this flat local structure, participants
reliably distinguished transitions within communities from those
between communities (3, 8, 42, 44, 45, 48, 53, 54). Lynn et al.
(45) further contrasted this community network with a lattice
network of identical size and average connectivity and found
that participants trained on a lattice structure exhibited lower
familiarity (slower reaction times) compared to those trained on
a community structure.

Comparison with the model. Originally proposed to explain

these effects, FEMM accurately predicted the observed drop in
familiarity at community boundaries (45) (Fig. 2F) and reproduced
the higher overall familiarity for community vs. lattice networks.
Indeed, average FEMM familiarity across all transitions was
higher for the community network than for the lattice network,
consistent with participants faster reaction times when learning
the community structure (Fig. 2H).
Ring graph. Lynn et al. also investigated a different network
topology: a 15-node ring-graph in which each node connects to
four neighbors (+1/+2/-1/-2). Thus, nodes are separated by one,
two, or three transitions. Measuring the familiarity of each pair
of this network using reaction times revealed a graded preference
for directly connected pairs (distance 1), followed by unconnected
pairs at distance 2, and then distance 3.

Comparison with the model. FEMM reproduced this hierarchy
of familiarity, as shown by Lynn and colleagues (55) (Fig. 2G),
with predicted familiarity decreasing systematically with increasing
graph distance.

Local and High-Order Interaction.

Sparse and high sparse community networks. In previous studies,
we introduced the sparse community design (8, 48), in which one
(sparse) or two (high sparse) possible transitions per node inside
each community were removed. It created a 2-by-2 design used
during test where a transition between two sounds could be Familiar
or New (heard vs. unheard during training) and occurred Within
or Between communities (the two sounds were from the same
community or not). Participants systematically “completed” the
missing within-community transitions—judging them as familiar
despite never hearing them—indicating they reconstructed the
latent structure. Conversely, between-community transitions were
judged less familiar than within-community ones, even though
both occurred equally often.

To explain this behavior, we systematically compared leading models
from the statistical and network learning literature, including
transition probabilities, nonadjacent transition probabilities, n-grams,
communicability... FEMM provided the best fit (8, 48) (Fig. 21).
Remarkably, across the full, sparse, and high-sparse community
designs, only a narrow range of 3 values fitted the data (Fig. 27), making
these paradigms powerful probes for pinpointing the associative
timescale.

Discussion

How can we efliciently extract multiple scales of structure from
temporal input? This question has long engaged researchers both in
cognitive neuroscience and machine learning, driving computational

https://doi.org/10.1073/pnas.2513423123

innovations in artificial learning agents, including the emergence of
recurrent connections in artificial networks (56), or memory traces
learning methods for spiking networks (57). The framework for
statistical learning presented in this study seeks to connect formal
mathematical and biological descriptions, explaining how humans
learn conditional probabilities across different temporal structures.
Indeed, its dynamics can be instantiated without recurrent connec-
tions, by simple physiologically plausible mechanisms such as sus-
tained neural activity. When items’ representations persist over time,
their temporal overlap lets the brain form associations across various
timescales. This mechanism enables the simultaneous learning of a
wide range of conditional probabilities within a sequence. These
persistent neural traces are assumed by the models to decay expo-
nentially (Fig. 3B), a hypothesis supported by recent empirical evi-
dence (28, 30).

Our goal was to show that this single associative principle can
account for the diversity of findings reported in the statistical
learning literature, across multiple temporal scales. While the
Free-Energy Minimization Model (FEMM) provided the orig-
inal mathematical formalization, it was originally developed in
the predictive coding framework. Here, we adopt the more neu-
tral term L-HAL to emphasize that the same formal mechanism
can arise passively from overlapping neural traces, without invok-
ing explicit prediction or error correction. The model accurately
reproduces experimental data while generalizing across para-
digms that have traditionally required distinct, domain-specific
models. More broadly, effects interpreted as abstract rule learning
(43, 44)—such as nonadjacent (AXC) dependencies or network
completion—may instead emerge naturally from long associative
dynamics. It also bridges two domains often studied inde-
pendently: statistical learning and network learning. While net-
work learning is traditionally viewed as abstract structure
learning requiring explicit mental maps (46, 58), our results
suggest that these high-order effects can emerge naturally from
the same implicit associative dynamics seen in statistical learning.
Finally, the model’s minimal architecture makes it biologically
plausible: learning across timescales reduces to a single Hebbian
process governed by gradually decaying memory traces.

A Single Free Parameter to Capture Integration Across
Statistical Scales. L-HAL explains how associations extend
across time through a single parameter, f, which tunes the
balance between precision and generalization. High B values
restrict learning to local transitions, while low values promote
integration across distant elements. Estimating  across species
or ages could thus reveal differences in associative timescales
and generalization capacity. Cross-species data support this
interpretation: in Milne et al. (14), macaques’ behavior was
best captured by high B values, indicating reliance on first-order
associations (S/ Appendix, Fig. S2). In human infants, f may
start high—reflecting immature neurons’ limited capacity for
sustained firing—favoring short-range associations, consistent
with evidence of local transition learning in sleeping neonates.
Implicit learning paradigms combined with EEG recordings
could be used to track how B evolves with age. While variation
in integration timescale as measured with f is likely to reflect
only a part of the developmental maturation of statistical
learning abilities, measuring § may nonetheless provide a testable
functional link between regional brain maturation and changes
in performance.

Note, however, that the measured B is often not derived directly
from the output of the LHAL mechanism, but rather from the
behavioral outcomes of the decision and response processes. For
instance, in an active and explicit behavioral version of the sparse
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Fig. 3. Description of the FEMM and its L-HAL implementation. (4) Formal equation of the FEMM, used to compute the association matrix (A) between all pairs
of elements in a sequence. A reflects the cumulative contribution of adjacent and nonadjacent transition probabilities across all temporal distances, weighted
by an exponential decreasing function. The diagram on the right illustrates the associative strength between a current element E, and its predecessors. It
shows strong association with the immediately preceding element (E.,, adjacent TP) and weaker associations with earlier elements (E.,, Es...., nonadjacent TP)
consistent with the exponential decay. (B) Graphical representation of the FEMM's implementation through a L-HAL strategy. If the mental representation of
each element decays exponentially over time, the overlap between successive representations allows for Hebbian associations to form between both adjacent
and nonadjacent elements, following a penalty computed with FEMM. (C) Schematic depiction of the exponentially decaying associative weights between
the current element and its predecessors, illustrating connections to both consecutive (t — t = 1) and nonconsecutive (t - t = 2; t — t - 3; ...) elements of the

sequence.

community paradigm, we estimated an average f§ of 0.06. In con-
trast, using the same paradigm in an implicit and passive MEG
study yielded a higher estimate of f = 0.5. While this difference
may partly result from variations in measurement sensitivity, it
may also reflect the impact of active engagement. The effort to
memorize, by recruiting stronger top—down processes, could con-
tribute to higher maintenance of remote elements (longer traces
= lower p — Fig. 3 A and B). Given ongoing debates about the role
of attention in statistical learning (29, 30, 59-64), careful estima-
tion of P across different paradigms might help clarify the exact
role of attention in learning.

Finally, significant individual differences might also modulate
the P value. Although challenging to measure at the individual
level, Lynn and colleagues (45) showed that an individually ficted
f parameter correlated with participants’ memory capacity in an
n-back task, providing initial evidence that individuals may differ
in their generalization/accuracy trade-off, or possibly reflecting
attentional engagement in both tasks. We still lack intrasubject
test—retest reliability of this parameter to investigate this question.
Given the focus on measurement reliability in the recent literature
(52), a specific study on the consistency of individual f parameters
across statistical learning tasks is an important next step.

Biological Implementation. We proposed L-HAL as a
biologically grounded implementation of FEMM or SR. Such an
implementation predicts traces of past elements slowly decaying with
time. In a previous MEG experiment, we found evidence consistent
with this: neural representations of tones decayed exponentially
over time (or number of elements—see limitation paragraph),
with overlapping activity across up to eight successive tones

PNAS 2026 Vol.123 No.31 2513423123

(Fig. 3 Band (). Moreover, MEG signals reflected the probability of
upcoming tones based on this decay pattern, capturing associations
at multiple orders of transition probabilities (48). Recently, Kahn
and colleagues (54) found learning properties compatible with a
trace-like implementation of SR, rather than an alternative encoding
with element reactivations. This further supports L-HAL as a
good candidate to implement FEMM or SR in implicit sequence
learning tasks.

Model Extension to Spatial Associations. The principles underlying
associations between temporally ordered events (a single dimension)
described here can, theoretically, be extended to any space, regardless
of the axes or the number of dimensions. In particular, for spatial
patterns, the association strength (Fig. 3B) can be defined by
replacing At by Adistance, with Adistance = max(|Ax| + |Ay]), or
any other 2D distance metric (8] Appendix). While this formulation
provides a computational analogue of FEMM for spatial patterns,
the equivalence does not hold at the level of neural implementation.
Implementing such two-dimensional long-distance associations
would likely require mechanisms beyond simple sustained
neural activity (e.g., the serial allocation of attention to limited
spatial regions of a scene, noisy grid-cell, etc). Characterizing
these mechanisms, however, lies beyond the scope of the present
manuscript.

Related ideas have emerged in the reinforcement learning and
spatial navigation literature. In these domains, hippocampal place
cells have been proposed to represent maps of probabilistic future
states and rewards by encoding the successor representation rather
than simple positional cognitive maps (50, 65, 66). Because future
states may encompass multiple steps ahead, the underlying
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mathematical problem is analogous to integrating transition prob-
abilities across different temporal orders. The successor representa-
tion (SR) provides a formal solution to this problem. SR is defined
as a weighted sum of probabilistic future states: SR = Y o,y 2? 42",
where A is the transition probability matrix between successive
states and y2 (with 0 <y < 1) is a discount factor. Although
FEMM and SR emerged from different research contexts (statis-
tical learning vs. cognitive map), they are mathematically equiv-
alent under the transformation y = ¢~#. This convergence suggests
that similar computational principles may underlie sequential
statistical learning, spatial pattern recognition, and spatial navi-
gation, albeit with distinct neural implementations.

Model Limitations and Further Directions. Our goal here was to
highlight the power of low-level associative mechanisms and their
potential role in supporting a wide range of statistical learning
phenomena. However, such mechanisms are unlikely to explain
all aspects of human sequence learning. In many cases, additional
processes may build upon this initial layer, whose output might be
further integrated into higher-level structures (67), such as syllables
into words, on which L-HAL may operate again. In the speech
domain particularly, this basic process may be superseded by other
constraints: prosodic boundaries are known to block learning across
the boundary (11, 68, 69), suggesting that associative learning is
constrained by the structural domain in which it occurs. The ability
to extract AxC structure is similarly modulated by developmental
stage and input format [continuous vs. segmented streams; native
vs. foreign languages (70-72)], implying that prior knowledge or
architectural constraints either directly modulate f values or act
downstream on the model’s output. Dissociating these possibilities
and controlling for the influence of input structure on learning will
require further investigation.

Because L-HAL formalizes a graded associative process based on
overlapping neural traces, it inherently supports probabilistic gen-
eralizations that extend beyond the observed input. It enables
extrapolation to unobserved but statistically compatible combina-
tions, such as “phantom words” (73) or graph completion in the
sparse community paradigm (8, 48). However, it is radically differ-
ent from rule-based learning (74-79), which involves explicit
abstraction: the input is no longer encoded as sensory exemplars
but instead represented in terms of labels. For instance, two alter-
nating tones of 800 and 1,000 Hz may be abstracted as an ABAB
pattern, and generalized to any alternating stimuli, tones, or visual
stimuli (79). This symbolic form of generalization is not accessible
to L-HAL and likely emerges at a later processing stage.
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Further research is needed to clarify how these forms of learn-
ing interact and whether rule-based learning might emerge as a
strategy to reduce the cognitive cost of maintaining long-range
associations. It remains also to be determined whether the decay
in associative strength is governed primarily by time or by the
number of intervening elements (as implemented here). Fig. 2
showed that for most paradigms, the model predictions are not
drastically different with a 10-fold f factor. Within a range of
medium-paced sequences, considering time or number of ele-
ments would yield similar results for short elements like syllables
or tones.

In this paper, the model is initially described using a theoretical
transition matrix to compute the familiarity estimate. However,
this approach overlooks the effects of incomplete learning during
sequence exposure, as well as curriculum effects such as recency
or primacy bias for instance (80-82). The model can be readily
extended to address these limitations by replacing the absolute
familiarity estimate with a dynamic one, updated after the pres-
entation of each element i. Formally, Eq. 1 is replaced by

A=Y QUANAG) 5,4y With Q(AN= %e‘_ﬂm,

where ﬁ(i) is the model estimation after the presentation of ele-
ment i in the sequence and A(i) the estimated transition proba-
bility conditioned on the sequence up to element i. This matrix
reflects the actual sequence experienced by subjects and can incor-
porate biases (for instance, recency bias can be implemented by
restricting A(i) to recently observed items). In this formulation,
L-HAL becomes a dynamic framework that captures both online
learning during sequence presentation and the amount of exposure
required to learn each sequence, as well as curriculum-related
effects. Such a dynamic formulation could help account for indi-
vidual learning trajectories rather than just the final result of effi-
cient learning as in the current study.
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