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operationalized: since Reber’s (1967) paradigmatic demonstration that participants could 



different internal processes and behavioural data alone don’t allow to disambiguate outcomes 







manipulations, whose nature is inherently “fat handed” (Eronen & Bringman, 2021) owing to 

learned structure altogether. Successful learning doesn’t necessarily manifest as monotonic 



structure can arise when a relational metric instantiates predictivity (“

”); conversely, distributional structure emerges from sensitivity to cardinal properties 



often assume an underlying complexity gradient embodied in representational “depth”, 

segmentation or chunking processes gradually emerging. Newport and Aslin’s (2004) 



ssing don’t seem to remove 



system of its perceiver. Nevertheless, a mere mapping effort wouldn’t be sufficient, unless it 

t of this system’s computational capabilities.

Exemplars are Gómez’s (2002) findings on variability, factor that they found to operate as a 

order “gestaltic” computations depending on similarities across non

across experiments where reliance on local conditional statistics wouldn’t have been sufficient 

to access the rule underlying the degree of “word resemblance” of each sequence. 



one to a proactive interaction of the subjects’ dynamic i

“algorithmic” level of analysis (Marr, 1982). The dominant interpretation



(2022)’s work. 

level and internal dependencies’ knowledge. Particularly notable is the 



ed on their temporal structure. Therefore, learning doesn’t purely adjust 



f statistical structure’s 



sensitivities. The significance of their findings, therefore, doesn’t merely lie in the observation 



cognition that doesn’t con

Such premise, however, demands a disciplined specification, as the use of the term “prediction” 

strong Bayesian commitments to a “Grand Unified Theory”, framing overall cognition as a 



Notwithstanding his clear adherence to the framework, Clark doesn’t conceal th

ambiguity of the term “prediction”, the blurred boundaries of its scope and the potential danger 

The “black box” analogy (Clark, 2013) proves particularly useful in illuminating the outlined 

attempt to optimally match the statistical properties of the signal source, each learner’s internal 

multiple neural representations’ relative plausibility, encodes each of them as a 

inevitable and uncertainty is never eliminated, a refinement of what is meant by “anti

constraint” is mandatory. Contexts dominated by stochasticity, where evidence is disclosed 



A clarifying expansion on the feature of “constructivism” in generative formulation of 

of the “prognostic” informational channels, but also the temporal scale to commit to. The 



cognitive system generating predictions both concerning “the content” (i.e. represented 

Altogether, the pool of notions hitherto outlined instruct a conceptual shift from “learning as 

acquiring” to “learning as anticipatorily deploying”. Temporal statistical learning supplies 



expectations wouldn’t be conceptually distinguishable from a sort of hindsight bias, expressed 

inferred from the reliability of each area’s res

all by the coherence of the input’s temporal history and higher

increasing dependability on temporally extended stimulus’ consistency. Under an 



information processing and meaningfully shifting the explanandum from “systems of memory” 

to “memory of systems”. They propose a “process memory” framework that formalizes the 

thesis’ formulation and adjudicating evidence. Nonadjacent dependencies, by contrast, 



probabilistic input and doesn’t concretely

differential effects on “causal dispersion” and divergent learning patterns, owing to how the 

Differential predictive constraints forming under different extent of commitment horizon don’t 

postponement, the space of hypotheses potentially viable can’t be promptly pruned, compelling 

“immunity” simply by virtue of span or a characteristic constitutive volatility. Both such 



actively maintained relational possibilities. Newport and Aslin’s (2004) work on non

statistical learning don’t extend from isolated phonetic segments to syllables, whose compound 

process of internal composition, the system’s inferential burden exceeds its computational 



modulate error attribution latencies and combinatorial expansion don’t determine a fixed, 

dominance, with increases in middle elements’ surface variability selectively enhancing non



an thus be better reformulated as the inferential equilibrium’s compliance 

al.’s (2016), neurophysiological findings that demonstrated concurrent entrainment of neural 



broadening intervening items’ var

along with sentences adhering to the “grammatical mapping” previously acquired. This 

original mapping, if the repetitive presentation of “ungrammatical” counter



doesn’t merely represent statistical structure at different “levels”; it rather operates under 

plurality of viable interpretations and that such multiplicity can coexist within individuals’ 



cognitive architectures doesn’t however solve the inferential problem that the learning agent 

tune and allocate individuals’ sensitivity, configure the parsing process of the informational 

currently structuring the environment: it establishes the degree of coherence of the system’s 

dynamics, starting from individual’s stationarity biases, whi

instructive, the ideal observer’s ap

quence exerted a “primacy 



effect” resulting in the blocked acquisition of the patterned relationship instantiated by the 

protracted (tripled compared to the earlier portion’s duration), garden

Theory (EST). Zacks et al. (2007) advanced the notion of “event models” as working memory 

representations neurally implemented in transient activation’s changes, where the convergence 



s’ levels of surprise, as inferred from 

span of previous’ evidence

term average quantity of Shannon’s surprise emerging from 

aggregation capacity up to a maximum of 5 items (typical working memory’s range), 



driven surprise until it didn’t exceed a tolerability 

“history dependent hysteresis”, a phenomenon robustly assessed under conditions of 

than simple system’s resistance to change or representational inertia. In the cognitive economy, 



of precision assumed to characterize humans’ memory: rather than an infallible, extremely 

feature in allowing the dynamical shift in internal estimates’ timescale of transition structure, 



learning outcomes suggest that shifts in the meaningfully structuring unit of perception don’t 



depends on the learner’s beliefs about the temporal stability, or lack thereof, of the environment.

environments, elicited instead a tendency to increase subjects’ learning rates. Such a po

rate beliefs and the learner’s uncertainty about the current regime. When the 



reconciled if the notion of “estimate uncertainty” is conceptually split into two components 

reflects the learner’s capabilities in organizing coherent latent organizationa



and Goldwater (2011). The representational and computational gradient of structures’ 

admissibility, the learner’s p

Notwithstanding the usefulness of Bayesian ideal learners’ models in outlining contextually

informed principles of environmental fit estimation, such proposals can’t thoroughly exhaust 



applying ubiquitously to structure humans’ cognitive architecture; each stage of the inferential 

instantiated, at each processual stage, within the learner’s specific cognitiv

cognitive architectures’ subjectivity: heterogeneous behavioural expressions can therefore be 



than a simplistic effort to quantify the scalar magnitude of different individuals’ learning 

commitment to an emerging organization and the cutoffs of such latent structure’s robustness 

ground where individuals’ dissimilarities are expressed concerns



instantiated by dependencies spanning different timescales isn’t epistemologically neutral but 

neighbourhood’s variability. The chosen balance point depends both on contextual 



behavioural performance’s indexes even when their underlying re

doesn’t meaningfully diverge.

ins statistical learning performance assessment shouldn’t be improperly extended to postulate 

averages can’t be straightforwardly ascribed to comparable underlying organizational solutions 



against the currently operating inferential framework doesn’t reside in constituting a random 



concerning this topic, the “statistical garden path” paradigm (Gebhart, Aslin, & Newport, 2009) 

behavioural deployment, whereby learners’ commitment to a specific statistical organization 



which the predictive relation connected the second and third position’s items. The remaining 

–



–



continuous temporal stream. P1 is the structurally predictive element in the 1st position of “global triplets”, diagnostic wi
y of one of the 2 possible ending shapes in position 3 (E1, E2). P2 occupies the 2nd position in “local triplets”, 

in the remaining position: those items don’t instantiate predictivity since each one appears equally in the 1st and middle 
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Box 1. Testing trials’ structure. In global and local trials, participants perform a 2
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𝐺𝐿ܫ௜ = (ா௫௣,௜݈ܾܽ݋𝐺݈ | ݐܿ݁ݎݎ݋ܥ ) ܲ − ௜ܫ𝐿𝐿(௉௔௥,௜݈ܾܽ݋𝐺݈ | ݐܿ݁ݎݎ݋ܥ ) ܲ = (ா௫௣,௜݈ܽܿ݋𝐿 | ݐܿ݁ݎݎ݋ܥ ) ܲ − (௉௔௥,௜݈ܽܿ݋𝐿 | ݐܿ݁ݎݎ݋ܥ) ܲ

ܲ𝐿ܫ௜ = 𝐺𝐿ܫ௜ − 𝐿𝐿ܫ௜



௜ܫܦܲ = ܲ ( 𝐺݈ܥ ݈ܾܽ݋ℎݐݏܽݎݐ݊݋ܥ | ݁ܿ݅݋௜ ) − ܲ ( 𝐿ܥ ݈ܽܿ݋ℎݐݏܽݎݐ݊݋ܥ | ݁ܿ݅݋௜)
–

–

canonical “process based” or “implicit” measures, terms that in statistical learning research are 



–

–





nonsignificant difference from zero for both the Global learning index (M = −0.031, SD = 

0.209, t (61) = −1.16, p = .875) and the Local learning one (M = −0.068, SD = 0.251, t (62) = 



−

–

picture can’t be taken as evidence of global learning in the 



= −0.057, 

(61) = −2.77, 

= −0.145, 

−4.82, 



patterned regularities’ classes.

–

modest directional correspondence between participants’ relative accuracy profile and their 



–

–

= −148.55 ms, (59) = −2.71, 

= −31.27 ms, 

−0.54, 

−94.32 ms, (58) = −1.20, 



= −80.37 ms, −1.74, 

= .035. Namely, choices that were incongruent with a participant’s own learning

–

may be hypothesized to still carry some traces of participants’ relative performance structure, 

= −129.70 ms, 

(52) = −2.33, 



behavioural organization couldn’t therefore be described as straightforward acquisition, but it 

–

learning outcomes’ profile would have been required to 



–





fact that nothing was learned, but potentially could emerge from the task’s requirements to 

choice accuracy, while being more sensitive to the individuals’ 

, which didn’t show a reliable 

as “global” versus “local learning,” but b

pilot’s should be that the same exposure history may not produce robust accuracy gains yet 



(2009) showed that learners’ early commitments to one kind of statistical orga

alignment index, that suggested a modest coherence between the participants’ relative 





intervening variability, and the learner’s ability to abstract across predictively non

explanatory cue about the task’ latent purpose to 

onversely, appears as behaviourally “suppressed” is particularly 



that, to a certain extent, an individual’s developed sensitivity to a statistical structure might be 

e dynamic performance’s 

incongruent with the participant’s relative accuracy profile were revealed to be slower, and 

–

contradicted the participant’s own weakly expressed accuracy orientation, whereas reduced 

organization contingent on the task’s ambiguity.



but still exploratory pilot’s contribution lies in demonstrating that, under controlled cond

istical learning’s tasks. To keep the design of the two 







participants’ general sensitivity to the possibility, commonly extended across tasks, that the 

–

–

–



–

extent to which an index preserved participants’ relative ordering across independent and 

–

–

–



was therefore used as a “methodological safeguard” against inte

a broader “reliability 

paradox”, whereby robust experimental effects may yield poor individual



that their operationalization’s logic is correctly sampling a shared underlying dimension rather 



–

–

–

–

–

–

graphical arrangement, a conceptually essential attribute is the participant’s distance from the 



–

participant’s behaviour; those that have been termed as exploratory qualifiers were used to hone 

–

–



= −0.029, (59) = −0.95, 

–

= −0.046, 

(59) = −1.25, 

= −0.061, 

(59) = −1.23, 

–

participant’s relative accuracy profile and the preferential structural deployment under conflict. 

= −0.006, (59) = −0.22, 

= −0.119, (59) = −4.18, 



–

– –

–



dependence in how it is related with regression analysis’ 

–

–

–Brown = −.006, an 

differences’ scores. Therefor

–

–



–

= −140.82 ms, (46) = −2.87, 

–

alternatives were structurally “legal”; however, th

Overall, the hierarchy emerging from the diagnostic analysis is not a strict “good bad” 



–
–



–



– –

–

–deployment space was defined by the quadrants’ arrangement that emerged 

–



–



–

participants’ relative accur

direction and in predictive strength. Consistent with the former version’s outcomes, neither 

concluding the absence of either dependency classes’ acquisition in a conventional forced

–

level coupling, the online sample didn’t exhibit a common deployment 



ect to participants’ own relative performance profile. Here, the online 

–



–



negligible presence of what is labelled as a “disadvantage 

profile” deserves a more nuanced interpretation than simple learning failure. Because the core 

this phenomenon appears as a, at least peculiar, instantiation of “anti learning”, the underlying 





akin to “

”.



“ ?” may become too underspecified. Under this perspectiv





–



“the task” alone, but of each component derived from it. This consideration could motivate how 



–

–

“disadvantage profiles”: whether negative baseline

ct trials’ placement 

–



arbitration problem. The present proposal would be not merely adding “implicit” measures, but 

the assumption that each behavioural dimension can be “cleanly” recovered from a single, 



rner et al., 2011). Nonetheless, it should be clarified that the present paradigm’s critical 

temporal and cortical systems’ contribution to relational binding and event



interesting evaluation of global or local learners’ profiles through evidence concerning possible 

‘Statistical Learning under Incidental versus Intentional Conditions’. 

https://onlinelibrary.wiley.com/doi/full/10.1111/tops.12439
https://doi.org/10.3389/fpsyg.2014.00747


Kenneth A. Norman. 2017. ‘Discovering Event Structure in Continuous Narrative Perception 

and Memory’. 

2007. ‘Learning the Value of Information in an Uncertain World’. 

–

2023. ‘Tracking Transitional Probabilities and Segmenting Auditory Sequences Are 

Dissociable Processes in Adults and Neonates’. 

Bogaerts, Louisa, Noam Siegelman, and Ram Frost. 2016. ‘Splitting the Variance of Statistical 

Probabilities’. –

Brysbaert, Marc. 2024. ‘Designing and Evaluating Tasks to Measure Individual Differences in 

Experimental Psychology: A Tutorial’. 

Clark, Andy. 2013. ‘Whatever next? Predictive Brains, Situated Agents, and the Future of 

Cognitive Science’. –

Conway, Christopher M. 2020. ‘How Does the Brain Learn Environmental Structure? Ten Core 

Principles for Understanding the Neurocognitive Mechanisms of Statistical Learning’. 

–

2025. ‘Addressing the Theory Crisis in Statistical Learning Research’. 

Creel, Sarah C., Elissa L. Newport, and Richard N. Aslin. 2004. ‘Distant Melodies: Statistical 

Learning of Nonadjacent Dependencies in Tone Sequences’. 

https://doi.org/10.1016/j.neuron.2017.06.041
https://doi.org/10.1038/nn1954
https://doi.org/10.1111/desc.13300
https://doi.org/10.3758/s13423-015-0996-z
https://doi.org/10.3758/s13423-015-0996-z
https://www.pnas.org/doi/10.1073/pnas.1508523113
https://doi.org/10.1186/s41235-024-00540-2
https://doi.org/10.1017/S0140525X12000477
https://doi.org/10.1016/j.neubiorev.2020.01.032
https://doi.org/10.1038/s41539-025-00359-6


–

Daw, Nathaniel D., Yael Niv, and Peter Dayan. 2005. ‘Uncertainty

Prefrontal and Dorsolateral Striatal Systems for Behavioral Control’. 

–

Deocampo, Joanne A., Tricia Z. King, and Christopher M. Conway. 2019. ‘Concurrent 

Sequences’. 

Alvarez, and Ferran Pons. 2016. ‘Temporal Attention 

as a Scaffold for Language Development’. 

Ding, Nai, Lucia Melloni, Hang Zhang, Xing Tian, and David Poeppel. 2016. ‘Cortical 

Tracking of Hierarchical Linguistic Structures in Connected Speech’. 

–

Emberson, Lauren L., Christopher M. Conway, and Morten H. Christiansen. 2011. ‘Timing Is 

Implicit Statistical Learning’. –

Emerson, Samantha N., and Christopher M. Conway. 2023. ‘Chunking Versus Transitional 

Probabilities: Differentiating Between Theories of Statistical Learning’. 

Eronen, Markus I., and Laura F. Bringmann. 2021. ‘The Theory Crisis in Psychology: How to 

Move Forward’. 

–

Feldman, Harriet, and Karl Friston. 2010. ‘Attention, Uncertainty, and Free Energy’. 

https://doi.org/10.1037/0278-7393.30.5.1119
https://doi.org/10.1037/0278-7393.30.5.1119
https://doi.org/10.1038/nn1560
https://doi.org/10.3389/fpsyg.2019.01107
https://doi.org/10.3389/fpsyg.2016.00044
https://doi.org/10.1038/nn.4186
https://doi.org/10.1080/17470218.2010.538972
https://doi.org/10.1111/cogs.13284
https://doi.org/10.1177/1745691620970586
https://www.jneurosci.org/content/38/24/5632
https://doi.org/10.3389/fnhum.2010.00215


Friston, Karl. 2010. ‘The Free Energy Principle: A Unified Brain Theory?’ 

–

Frost, Ram, Blair C. Armstrong, and Morten H. Christiansen. 2019. ‘Statistical Learning 

Research: A Critical Review and Possible New Directions’. 

–

Julian M. Pine, Caroline F. Rowland, and Padraic Monaghan. 2020. ‘Non

Dependency Learning in Infancy, and Its Link to Language Development’. 

Gebhart, Andrea L., Richard N. Aslin, and Elissa L. Newport. 2009. ‘Changing Structures in 

Midstream: Learning Along the Statistical Garden Path’. –

Gebhart, Andrea L., Elissa L. Newport, and Richard N. Aslin. 2009. ‘Statistical Learning of 

Adjacent and Nonadjacent Dependencies among Nonlinguistic Sounds’. 

–

Gershman, Samuel J., and Yael Niv. 2010. ‘Learning Latent Structure: Carving Nature at Its 

Joints’. –

Gómez, R. L., and L. Gerken. 2000. ‘Infant Artificial Language Learning and Language 

Acquisition’. –

Gómez, Rebecca L. 2002. ‘Variability and Detection of Invariant Structure’. 

–

, Bethany, Noam Siegelman, and Kristy A. Martire. 2020. ‘The Multi

Distributional Regularities across Time and Space’. 

–

Hasson, Uri, Janice Chen, and Christopher J. Honey. 2015. ‘Hierarchical Process Memory: 

Memory as an Integral Component of Information Processing’. 

–

https://doi.org/10.1038/nrn2787
https://doi.org/10.1037/bul0000210
https://doi.org/10.1016/j.cogpsych.2020.101291
https://doi.org/10.1111/j.1551-6709.2009.01041.x
https://doi.org/10.3758/PBR.16.3.486
https://doi.org/10.1016/j.conb.2010.02.008
https://doi.org/10.1016/s1364-6613(00)01467-4
https://doi.org/10.1111/1467-9280.00476
https://doi.org/10.3758/s13423-020-01781-0
https://doi.org/10.1016/j.tics.2015.04.006


Hedge, Craig, Georgina Powell, and Petroc Sumner. 2018. ‘The Reliability Paradox: Why 

Robust Cognitive Tasks Do Not Produce Reliable Individual Differences’. 

–

Heilbron, Micha, and Maria Chait. 2018. ‘Great Expectations: Is There Evidence for Predictive 

Coding in Auditory Cortex?’ –

‘Statistically Based Chunking of Nonadjacent Dependencies’. 

–

, and Louisa Bogaerts. 2024. ‘Reliability of Individual 

Differences in Distractor Suppression Driven by Statistical Learning’. 

–

Lambertz. 2015a. ‘Electrophysiological 

Term Infants’. –

Lambertz. 2015b. ‘Electrophysiological 

Term Infants’. –

Isabell Wartenburger. 2020. ‘Linguistic and Non

Learning in Early Development’. 

Kurby, Christopher A., and Jeffrey M. Zacks. 2008. ‘Segmentation in the Perception and 

Memory of Events’. –

Lengyel, Gábor, Goda Žalalytė

Lengyel, and Daniel M. Wolpert. 2019. ‘Unimodal Statistical Learning Produces Multimodal 

like Representations’ edited by J. Diedrichsen, M. J. Frank, M. Landy, and S. J. 

https://doi.org/10.3758/s13428-017-0935-1
https://doi.org/10.1016/j.neuroscience.2017.07.061
https://doi.org/10.1037/xge0001207
https://doi.org/10.3758/s13428-023-02157-7
https://doi.org/10.1016/j.bandl.2015.03.005
https://doi.org/10.1016/j.bandl.2015.03.005
https://doi.org/10.1016/j.dcn.2020.100819
https://doi.org/10.1016/j.tics.2007.11.004
https://doi.org/10.7554/eLife.43942


Lerner, Yulia, Christopher J. Honey, Lauren J. Silbert, and Uri Hasson. 2011. ‘Topographic 

Mapping of a Hierarchy of Temporal Receptive Windows Using a Narrated Story’. 

–

Liu, Helen, Tess Allegra Forest, Katherine Duncan, and Amy S. Finn. 2023. ‘What Sticks after 

Statistical Learning: The Persistence of Implicit versus Explicit Memory Traces’. 

Lynn, Christopher W., Ari E. Kahn, Nathaniel Nyema, and Danielle S. Bassett. 2020. ‘Abstract 

Representations of Events Arise from Mental Errors in Learning and Memory’. 

Maheu, Maxime, Stanislas Dehaene, and Florent Meyniel. 2019. ‘Brain Signatures of a 

Multiscale Process of Sequence Learning in Humans’ edited by F. de Lange and T. E. Behrens. 

. 1999. ‘Rule Learning by Seven

Old Infants’. –

Nassar, Matthew R., Robert C. Wilson, Benjamin Heasly, and Joshua I. Gold. 2010. ‘An 

Changing Environment’. –

and Darlene V. Howard. 2011. ‘Interference between Sentence Processing and Probabilistic 

Implicit Sequence Learning’. 

Newport, Elissa L., and Richard N. Aslin. 2004. ‘Learning at a Distance I. Statistical Learning 

Adjacent Dependencies’. –

Ordin, Mikhail, Leona Polyanskaya, and Arthur G. Samuel. 2021. ‘An Evolutionary Account 

of Intermodality Differences in Statistical Learning’. 

–

https://doi.org/10.1523/JNEUROSCI.3684-10.2011
https://doi.org/10.1016/j.cognition.2023.105439
https://doi.org/10.1038/s41467-020-15146-7
https://doi.org/10.7554/eLife.41541
https://doi.org/10.1126/science.283.5398.77
https://doi.org/10.1523/JNEUROSCI.0822-10.2010
https://doi.org/10.1371/journal.pone.0017577
https://doi.org/10.1016/s0010-0285(03)00128-2
https://doi.org/10.1016/s0010-0285(03)00128-2
https://doi.org/10.1111/nyas.14502


Pearl, Lisa, and Sharon Goldwater. 2016. ‘Statistical Learning, Inductive Bias, and Bayesian 

Inference in Language Acquisition’. in Vol. 1, edited by J. L. Lidz, W. Snyder, and J. Pater. 

Dezső Németh. 2024. ‘Evidence for a Competitive Relationship between Executive Fun

and Statistical Learning’. 

Perruchet, Pierre, and Sebastien Pacton. 2006. ‘Implicit Learning and Statistical Learning: One 

Phenomenon, Two Approaches’. –

Rowland, Robert Molitor, and Alison Preston. 2022. ‘Representations of 

Decisions’. –

Reber, Arthur S. 1967. ‘Implicit Learning of Artificial Grammars’. 

–

Romberg, Alexa R., and Jenny R. Saffran. 2010. ‘Statistical Learning and Language 

Acquisition’. –

Rouder, Jeffrey N., and Julia M. Haaf. 2019. ‘A Psychometrics of Individual Differences in 

Experimental Tasks’. –

Saffran, J. R., R. N. Aslin, and E. L. Newport. 1996a. ‘Statistical Learning by 8

Infants’. –

Saffran, J. R., R. N. Aslin, and E. L. Newport. 1996b. ‘Statistical Learning by 8

Infants’. –

https://www.researchgate.net/publication/395708831_Time_for_Consensus_Open_Challenges_and_Recommendations_for_Research_on_Individual_Differences_in_Statistical_Learning
https://www.researchgate.net/publication/395708831_Time_for_Consensus_Open_Challenges_and_Recommendations_for_Research_on_Individual_Differences_in_Statistical_Learning
https://doi.org/10.1038/s41539-024-00243-9
https://doi.org/10.1016/j.tics.2006.03.006
https://doi.org/10.1162/jocn_a_01864
https://doi.org/10.1016/S0022-5371(67)80149-X
https://doi.org/10.1002/wcs.78
https://doi.org/10.3758/s13423-018-1558-y
https://doi.org/10.3758/s13423-018-1558-y
https://doi.org/10.1126/science.274.5294.1926
https://doi.org/10.1126/science.274.5294.1926


Browne. 2014. ‘The Necessity of the Medial Temporal Lobe for Statistical Learning’. 

–

Matthew M. Botvinick. 2013. ‘Neural Representations of Events Arise from Temporal 

Community Structure’. –

2016. ‘Statistical Learning of Temporal Community Structure in the Hippocampus’. 

–

Siegelman, Noam, Louisa Bogaerts, Morten H. Christiansen, and Ram Frost. 2017. ‘Towards a 

Theory of Individual Differences in Statistical Learning’. 

Siegelman, Noam, Louisa Bogaerts, Ofer Kronenfeld, and Ram Frost. 2018. ‘Redefining 

“Learning” in Statistical Learning: What Does an Online Measure Reveal About the 

Assimilation of Visual Regularities?’ –

Siegelman, Noam, and Ram Frost. 2015. ‘Statistical Learning as an Individual Ability: 

Theoretical Perspectives and Empirical Evidence’. –

Schill, and Anna C. Schapiro. 2024. ‘Rapid Learning 

of Temporal Dependencies at Multiple Timescales’. 

Browne, Nicholas B., Justin Jungé, and Brian J. Scholl. 2005. ‘The Automaticity of Visual 

Statistical Learning’. –

‘Neural Evidence of Statistical Learning: Efficient Detection of Visual Regularities without 

https://doi.org/10.1162/jocn_a_00578
https://doi.org/10.1038/nn.3331
https://doi.org/10.1002/hipo.22523
https://doi.org/10.1098/rstb.2016.0059
https://doi.org/10.1111/cogs.12556
https://doi.org/10.1016/j.jml.2015.02.001
https://doi.org/10.1101/2024.01.15.575748
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0036399
https://doi.org/10.1037/0096-3445.134.4.552


Awareness’. –

2014. ‘Humans Use Directed and Random Exploration to Solve the Explore Exploit Dilemma’. 

–

Xu, Luzi, Chris L. E. Paffen, Stefan Van der Stigchel, and Surya Gayet. 2024. ‘Statistical 

Learning Facilitates Access to Awareness’. –

Yon, Daniel, and Chris D. Frith. 2021. ‘Precision and the Bayesian Brain’. 

–

Reynolds. 2007. ‘Event Perception: A Mind/Brain Perspective’. 

–

‘Modality and Stimulus Effects on Distributional Statistical Learning: Sound vs. Sight, Time 

vs. Space’. 

https://doi.org/10.1162/jocn.2009.21131
https://doi.org/10.1037/a0038199
https://doi.org/10.1177/09567976241263344
https://doi.org/10.1016/j.cub.2021.07.044
https://doi.org/10.1037/0033-2909.133.2.273
https://doi.org/10.1016/j.jml.2024.104531

