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Abstract 

The study of fractals has a long history in mathematics and signal analysis, providing 
formal tools to describe self-similar structures and scale-invariant phenomena. In recent 
years, cognitive science has developed a set of powerful theoretical and experimental tools 
capable of probing the representations that enable humans to extend hierarchical 
structures beyond given input and to generate fractal-like patterns across multiple 
domains, including language, music, vision, and action. These paradigms target recursive 
hierarchical embedding (RHE), a generative capacity that supports the production and 
recognition of self-similar structures at multiple scales. This article reviews the theoretical 
framework of RHE, surveys empirical methods for measuring it across behavioral and 
neural domains, and highlights their potential for cross-domain comparisons and 
developmental research. It also examines applications in linguistic, musical, visual, and 
motor domains, summarizing key findings and their theoretical implications. Despite 
these advances, the computational and biological mechanisms underlying RHE remain 
poorly understood. Addressing this gap will require linking cognitive models with 
algorithmic architectures and leveraging the large-scale behavioral and neuroimaging 
datasets generated by these paradigms for fractal analyses. Integrating theory, empirical 
tools, and computational modelling offers a roadmap for uncovering the mechanisms that 
give rise to recursive generativity in the human mind. 

Keywords: recursive hierarchical embedding; fractal cognition; generativity; cross- 
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1. Introduction 
Fractals have long been a central topic in mathematics and signal analysis, providing 

formal tools to describe self-similar structures and scale-invariant processes across a wide 
range of natural and artificial systems [1–4]. Classical work in geometry, complex systems 
theory, and physics has established rigorous methods for characterizing such patterns—
whether through fractal dimension, scaling laws, or recursive generation rules—and these 
concepts have been instrumental in disciplines ranging from geophysics to image 
compression [5,6]. 

In the past decade, cognitive science has begun to adapt these principles to 
investigate a fundamentally different question: how does the human mind represent and 
manipulate the generative rules that give rise to fractal-like structures [7,8]? This 
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emerging field, which we term fractal cognition, focuses not on measuring the fractal 
properties of external stimuli but on probing the internal cognitive representations that 
allow humans to extend hierarchical structures beyond given input and generate self-
similar patterns in multiple domains. 

At the core of this capacity lies recursive hierarchical embedding (RHE)—the ability 
to generate or recognize structures in which constituents are embedded within 
constituents of the same type, allowing complexity to scale with each repetition of the rule 
[8]. RHE is a hallmark of human generativity, supporting complex syntax in language 
[9,10], nested harmonic and rhythmic patterns in music [11,12], hierarchical segmentation 
in vision [13], and structured sequencing in motor actions [14–16]. Theoretical and 
empirical work has shown that RHE enables the construction of patterns with fractal-like 
properties [7,8], but unlike mathematical fractals, these cognitive structures are bounded 
by memory, attention, and learning constraints [17–19]. 

Recent experimental advances have provided powerful behavioral and 
neuroimaging paradigms for studying RHE [13,15,20–22]. These methods can disentangle 
cross-level recursive from within-level iterative representations, track developmental 
acquisition [23], compare domain-specific and domain-general mechanisms [8,24], and 
link behavioral performance with neural substrates in both healthy individuals and 
clinical populations [25,26]. Together, these cross-domain studies have begun to reveal 
shared computational principles, as well as dissociations that speak to the specialization 
of cognitive and neural systems [8]. 

The unique contribution of this paper is to present the research program we have 
developed to bridge fractal geometry and the cognitive science of fractal cognition. We 
clarify the conceptual foundations and methodology of RHE, demonstrating how fractal 
geometry provides a principled framework for studying hierarchical cognition. 

A secondary contribution is to exemplify how this framework can be used to address 
the theoretical question of whether RHE is a domain-general or domain-specific capacity. 
To this end, we review findings from our own research program and contrast them with 
results from more established paradigms to study hierarchical cognition, such as Artificial 
Grammar Learning (AGL), which have enabled precise modeling of hierarchical 
representations using symbolic, Bayesian, and neural network approaches. 

The paper is organized as follows: Section 2 defines RHE and its relationship to 
recursion, iteration, hierarchical embedding, and fractal self-similarity; Section 3 reviews 
behavioral and neuroimaging paradigms across language, music, vision, and motor 
action; Section 4 summarizes key empirical findings and their theoretical implications for 
domain-generality versus domain-specificity while situating RHE alongside related 
approaches; and Section 5 proposes that future research can integrate behavioral and 
neural signatures with symbolic, neural, and Bayesian models to uncover the algorithmic 
and biological bases of recursive generativity. 

By integrating theoretical frameworks, empirical findings, and computational 
approaches, we aim to provide a roadmap for understanding how the mind instantiates 
fractal cognition. 

2. Conceptual Foundations 
2.1. Defining Recursive Hierarchical Embedding (RHE) 

There are two central challenges in the study of fractal cognition. First is the 
multiplicity of meanings across domains [27–29], and second is the difficulty of 
distinguishing it from superficially similar generative processes [7,30]. 

To reduce this ambiguity, our discussion within the cognitive sciences centers on 
recursive hierarchical embedding (RHE), a construct that integrates two distinct 
components: hierarchical embedding and recursion. Hierarchical embedding refers to the 
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nesting of one element (or set of elements) within another, dominant element. For 
instance, in English, embedding the noun “chocolate” within “cake” to form [[chocolate] 
cake] changes the meaning to a specific type of cake rather than a kind of chocolate [31–
33]. Recursion, by contrast, describes a process in which the output of a function becomes 
the input for the same function [34]. This can be observed in the generation of natural 
numbers by the recursive function Ni = Ni−1 + 1, which produces the infinite sequence {1, 
2, 3, …}. 

When combined, recursion and hierarchical embedding enable the construction of 
hierarchies of potentially unbounded depth. For example, applying the recursive 
embedding rule NP → [[NP] NP] allows “birthday” to be added to “chocolate cake,” 
producing [[[birthday] chocolate] cake], and continuing indefinitely. 

Equally important is specifying the level of analysis most relevant for empirical work. 
Recursion can be discussed at three levels [7,29]: (1) the generative process, (2) the 
structure of the stimuli, and (3) the cognitive representations involved. The first two are 
often problematic—generative processes may be inaccessible, and hierarchical patterns 
can arise in nature without complex cognitive mechanisms, as in the branching of trees or 
bacterial colony growth. This paper, therefore, focuses on the third level: assessing 
whether participants can identify the regularities in hierarchical stimuli and use them to 
produce new embedding levels beyond the structures they have been given. 

Defined in this way, RHE can be clearly distinguished from several superficially 
similar phenomena: non-recursive iterative embedding and self-similarity. 

Non-recursive hierarchical embedding can create hierarchies, but without the 
property of self-application that allows indefinite extension with a single rule. For 
instance, with two distinct rules A→B and B→C, we could create the 3-level hierarchy 
A[B[C]], but not generate further levels. Iteration allows applying the same operation 
repeatedly in a linear fashion, where each step is added at the same structural level. For 
example, repeating the operation B→C adds an infinite number of Cs without generating 
new hierarchical levels: B[CCCCCCC]. Recursion, in contrast, applies a rule to its output 
in a way that can increase hierarchical depth. For example, the repeated application of the 
rule alpha→alpha [alpha] can generate the 3-level structure alpha[alpha[alpha]] but also 
further levels. 

Self-similarity refers to a structural property rather than a process: a coastline or 
snowflake may exhibit similar patterns at multiple scales [35–38], but such patterns can 
emerge through physical or biological growth mechanisms without any cognitive 
representation of recursive rules. 

Finally, other paradigms in cognitive science, such as AGL, have tested for the ability 
to represent relationships that extend beyond adjacent transitions in serial stimuli [39]. 
These paradigms highlight two additional constructs that are worth distinguishing from 
RHE: tree-like structures and long-distance dependencies. Tree-like structures capture supra-
linear organization in which an object can branch into multiple children, reflecting 
hierarchy but not necessarily RHE. One of the empirical signals of multiple branching 
superimposed onto linear structures (as in natural and artificial languages) is the capacity 
to represent dependencies between non-adjacent objects in a sequence (long-distance 
dependencies), for example, A1-A2 in [A1[B1B2]A2]. These long-distance dependencies imply 
above-linear representations but not necessarily RHE. 

By separating RHE from these related concepts, we can more precisely target the 
cognitive operations that allow humans to extend hierarchical structures beyond the given 
input. This distinction is critical for experimental design. 
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2.2. From Fractals to Bounded Cognition 

In mathematics, fractals are generated by recursively applying a transformation to its 
own output, yielding self-similar patterns that, in theory, extend infinitely [4]. RHE in 
cognition follows the same generative principle—rules applied to their own output to 
create deeper hierarchical levels [7]—but crucially operates under cognitive constraints. 
Human recursive production and comprehension are bounded by working memory, 
attentional focus, and representational fidelity [17,18]. These limits cap the depth of 
recursion that can be realized, resulting in bounded generativity: the capacity to extend 
hierarchical structures across multiple levels, but only within the limits imposed by 
cognitive and perceptual systems. 

Recognizing RHE as a bounded, fractal-like process clarifies its theoretical status. It 
captures the generative principle of self-similar expansion, while emphasizing that, unlike 
in mathematics, this expansion is inherently resource-limited in humans. This perspective 
offers a unifying lens for comparing recursive structures across language, music, vision, 
and action, while maintaining the focus on the mental operations that produce them, 
rather than on idealized, infinite structures. Testing the extent and limits of these 
operations requires carefully controlled experimental paradigms, to which we now turn. 

3. Experimental Paradigms for Studying RHE 
The empirical investigation of recursive hierarchical embedding (RHE) encompasses 

a range of task formats and cognitive domains. Still, the underlying logic remains the 
same: to determine whether participants can infer and apply a generative rule that 
increases hierarchical depth beyond what is provided (Figure 1). 

Broadly, RHE paradigms address two complementary questions. The first is, can 
participants do it? That is, can they recognize or generate recursive structures that extend 
beyond the provided input? This has been tested through discrimination and production 
tasks. 

The second is, how do they do it? Which mechanisms, cognitive resources, and neural 
systems support recursive processing? This is probed with interference paradigms, lesion 
studies, neuropsychological evidence, and neuroimaging designs. 

Figure 1 illustrates the general logic: recursive and iterative rules generate 
perceptually similar outcomes across vision, music, and motor domains, making it 
possible to compare conditions while controlling for low-level perceptual features. By 
combining behavioral, neuropsychological, and neuroimaging approaches, researchers 
can map both the presence of RHE and the mechanisms that underlie it. 
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Figure 1. General distinction between recursive hierarchical embedding and non-recursive iteration 
across domains. Abstract representation of the generative processes (i) and its application in the 
visual (ii), tonal (iii), and motor (iv) domains. Regardless of the generative process, the final 
structure is perceptually and motorically similar between recursive and iterative conditions, 
controlling for lower-level perceptual features. 

3.1. Behavioral Methods 

Behavioral investigations of RHE rely on two complementary strategies [40,41]: 
discrimination tasks, which test recognition of the correct recursive continuation [13,21], 
and production tasks, which assess the ability to generate it without external guidance 
[15,42]. Both formats operationalize the same underlying logic—determining whether 
participants can apply a learned generative rule to produce an additional hierarchical 
level beyond the given examples—but differ in the modality of response and the degree 
of external support. 

In discrimination tasks, participants are shown the initial steps of a recursive process 
that generates successive hierarchical levels. Then, in a forced choice paradigm, they must 
choose between two continuations: one generated by recursive embedding and a foil 
generated by a different rule. Performance in RHE is then compared to that of non-
recursive iteration, which generates the same pair of choice images. Because recursive and 
iterative rules can produce perceptually similar outputs [7,29] (Figure 1), this format is 
particularly well-suited for vision [13,20,25,26,43] and music [21,22], where foil stimuli can 
be carefully controlled to avoid reliance on low-level heuristics. Performance across 
different foil types (e.g., odd constituent, positional error, repetition) helps infer whether 
participants are genuinely applying recursive rules (Figure 2B). Using a large set of foils 
can help in inferring the internal representation from the choice behavioral pattern [44]. 

In production tasks, the recursive rule must be internally generated and extended 
[15,42]. In the motor domain, participants are asked to observe and repeat successive steps 
of a process that generates a motor fractal and then generate an additional step consistent 
with the previous hierarchical levels, without visual cues. Then, they deliver the final 
sequence motorically in a keyboard (examples with cues: Iteration https://osf.io/gbd8j 
(accessed on 30 September 2025), RHE https://osf.io/6q5jm (accessed on 30 September 
2025); and without cues: Iteration https://osf.io/7w5ps (accessed on 30 September 2025) 
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and RHE https://osf.io/qh93n (accessed on 30 September 2025)). Production tasks also 
allow researchers to analyze error patterns for insights into representational fidelity and 
to test the limits of recursive processing when external cues are absent. Crucially, 
production paradigms render the use of perceptual heuristics less likely [40,41]. 

By combining discrimination and production tasks across domains, researchers can 
probe both the presence and flexibility of RHE. These behavioral paradigms form the 
foundation for more advanced designs (interference, neuropsychological, and 
neuroimaging studies), which shift the focus from whether participants can represent 
recursive structures to how they do so. 

 

Figure 2. Experimental paradigm (adapted from [25]). (A) The presentation of the visual 
recursion/iteration task (REC, ITE) consisted of four steps, including the successive presentation of 
steps 1 to 3 at the top of the screen, followed by the two options for a forced choice at the bottom. The 
location of the correct image was randomized and counterbalanced (e.g., left in the ITE and right in 
the REC example provided). (B) Examples of fractals used in REC. There were different categories of 
‘visual complexity’—3, 4, and 5—and different categories of foils. In ‘odd constituent’ foils, two 
elements within the whole hierarchy were misplaced; in ‘positional error’ foils, all elements within 
new hierarchical levels were internally consistent but inconsistent with the previous iterations; in 
‘repetition’ foils, no additional iterative step was performed after the third iteration. 

3.2. Interference, Neuropsychological, and Transfer Paradigms 

Interference paradigms provide a direct way to test which cognitive resources support 
RHE by increasing the load on specific subsystems during recursive processing [45–47]. 
In these designs, participants perform an RHE task while simultaneously engaging in a 
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secondary task that taxes, e.g., verbal working memory, lexical retrieval, or attentional 
resources. Performance decrements in the primary task under dual-task conditions reveal 
which auxiliary systems are recruited to sustain RHE. By targeting the process rather than 
the outcome, dual-task paradigms help clarify how recursion is implemented in the 
cognitive system. 

Complementary insights come from studies of individuals with focal brain damage 
or neurodevelopmental differences. Lesion-to-symptom mapping [48,49] and 
neuropsychological testing [50,51] can establish whether specific brain regions or cognitive 
systems are necessary for RHE, moving beyond correlational evidence. For example, if 
participants with impaired or absent linguistic resources can represent RHE in vision, this 
would point to partially independent representational pathways. Such cases would 
underscore that RHE is not a monolithic capacity but one that emerges from the interplay 
between shared scaffolds and domain-specific systems. 

Although less directly investigated in our research program, transfer paradigms can 
also provide an additional perspective [52–54]. In these designs, participants are trained 
to apply a generative rule in one domain (e.g., constructing a visual hierarchy) and are 
then tested on their ability to use the same rule in another domain (e.g., producing a nested 
rhythmic structure in music). If performance improves due to domain transfer—for 
example, between visual and music RHE—this could be taken as evidence that the 
representational codes might overlap [55]. 

Together, these methods complement neuroimaging by testing whether the observed 
activations reflect necessary resources rather than mere correlates. However, assessing 
neural correlates can further constrain the hypothesis space regarding the cognitive and 
biological systems that instantiate RHE. 

3.3. Neuroimaging Applications 

The principles outlined above can be directly adapted to neuroimaging, with the 
central question shifting from whether participants can perform RHE behaviorally to 
whether we can isolate the neural circuits that represent the underlying generative 
process. To specifically target the generative process, task designs focus on the transition 
between one recursive step and the next—periods in which no new perceptual input is 
presented, but participants are required to apply the generative rule internally. This 
approach minimizes low-level sensory confounds and targets the cognitive operations of 
rule application, hierarchical updating, and anticipation of the resulting structure. 

For example, after hearing an initial sequence and an intermediate recursive 
transformation (steps 1, 2, and 3 in Figure 1iii), participants might be cued to imagine the 
next step (step 4), predicting what it would sound like. In motor paradigms, this often 
involves covert motor imagery [15]—preparing the sequence without overt movement—
whereas in sensory domains, it may involve silent rehearsal or mental imagery [22,43]. By 
capturing neural activity during these internally driven transitions, fMRI and related 
techniques can probe the planning and representational stages of RHE, rather than the 
mere perception of its outputs. 

Taken together, these behavioral, neuropsychological, and neuroimaging paradigms 
provide a toolkit for probing both the presence of RHE and the mechanisms that sustain 
it (Table 1). Having outlined the logic of these methods, we now turn to the findings they 
have generated. Section 4 reviews how RHE has been tested across language, music, 
vision, and motor domains, and what these results reveal about the underlying cognitive 
architecture—most notably, whether recursion reflects a domain-general capacity or 
emerges from domain-specific systems. 
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Table 1. Experimental paradigms for studying recursive hierarchical embedding (RHE). 

Paradigm Type Domains Applied Input/Output Structure Dependent Measures Advantages/Constraints 

Discrimination 
tasks 

Vision, Music, 
Motor 

Participants choose the correct 
continuation versus foil 

alternatives 

Accuracy, RT, foil-type 
sensitivity 

Requires carefully matched 
controls (iteration, foils) for 

low-level heuristics 

Production tasks Motor, Language 
Participants extend a sequence 

beyond the given input without 
external cues 

Accuracy, temporal patterns 
Stronger test of internal 

generativity; reduces reliance 
on perceptual heuristics 

Interference/Dual
-task 

Vision 
RHE combined with secondary 
task taxing working memory, 

verbal resources, etc. 

ΔAcc/RT degradation under 
load 

Identifies shared versus 
independent cognitive 

resources 
Neuropsychologi

cal/Lesion 
Vision, Language 

RHE with brain damage or 
neurodevelopmental differences 

Presence/absence of RHE, 
domain dissociations 

Reveals necessity of systems 

Neuroimaging 
paradigms 

Vision 
Discrimination/production tasks 

adapted for fMRI/EEG, focusing on 
recursive step transitions 

BOLD/ERP responses 
during rule application 

Identifies shared/distinct 
neural resources; Must isolate 

generative processing from 
perceptual input 

4. Empirical Findings on RHE Across Domains 
Recursive hierarchical embedding (RHE) was first formally described in the domain 

of language [14,28,32,56,57], where syntactic recursion enables clauses to be nested within 
clauses to potentially unbounded depths. Influential accounts initially proposed that 
recursion might be a domain-specific property of the language faculty and that, if 
observed in other domains, it could reflect the use of linguistic mechanisms to implement 
recursive structure elsewhere [28,56]. As reviewed below, subsequent behavioral, 
developmental, and neuroimaging research has demonstrated that humans can also 
generate and manipulate recursively embedded structures in domains such as music, 
vision, and motor action [8]. 

The central theoretical question is whether these abilities rely on domain-general 
mechanisms or on domain-specific representational systems, such as syntactic templates 
in language or tonal hierarchies in music. Two broad possibilities have been proposed 
[24,58,59]: (i) that RHE depends on a single recursion mechanism capable of operating 
across representational formats [28,60], or (ii) that each domain contains its own 
specialized representational system, with apparent similarities arising from convergent 
solutions to common structural demands [58]. 

With the toolkit summarized in Table 1, we were able to test these hypotheses by 
applying RHE paradigms across multiple domains, task designs, and populations. As the 
following sections review, the evidence suggests a hybrid account: the acquisition of RHE 
appears to draw on partially shared cognitive resources, while long-term expertise or 
reduced access to domain-general symbolic resources increasingly shifts reliance onto 
domain-specific representational systems. 

4.1. Behavioral Evidence—In What Domains is RHE Represented? 

Behavioral studies demonstrate that humans can learn and apply recursive 
hierarchical embedding (RHE) in the visual domain [13], alongside non-recursive iteration 
(ITE). Adults reliably discriminate RHE continuations well above chance and generalize 
rules, even in one-forced-choice paradigms. Crucially, visual RHE is not reducible to low-
level perceptual heuristics: foils matched for entropy and spatial frequency, as well as 
aesthetic preference controls, rule out surface-based strategies. Dissociations with 
working memory further underscore that RHE depends on abstraction rather than 
storage. Whereas ITE correlates with spatial working memory, RHE correlates with 
recursive planning tasks such as the Tower of Hanoi, suggesting partially distinct 
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resources. Adults also show systematic learning curves (reaction times decreasing 
according to a power-law) and strategy differences: participants who report “analytic” 
reasoning in RHE are slower but more accurate, consistent with explicit rule extraction. 

Developmental findings reveal that the ability to represent RHE emerges gradually 
[23]. By age 9–10, most children perform reliably on both RHE and ITE tasks (80% 
accuracy), whereas at 7–8 years, performance is largely at chance. Mastery of ITE appears 
to scaffold the later acquisition of RHE, as evidenced by task-order effects: completing ITE 
first improves subsequent RHE performance, but not vice versa. This mimics the 
developmental path in language in which conjunction ([second] and [red] ball) must be 
acquired before embedding ([[second] red] ball) [30,57]. Younger children are also more 
sensitive to increased visual complexity and show difficulty rejecting certain foil types, 
consistent with an early local bias in hierarchical processing. Importantly, both RHE and 
ITE correlate with grammar comprehension (but only one-level hierarchical nesting 
[A[B]]) even after controlling for nonverbal intelligence, indicating shared resources for 
hierarchical processing. 

In the auditory domain, both musicians and non-musicians can acquire RHE [21]. In 
discrimination tasks (Auditory Recursion Task, ART), performance was reliably above 
chance, though musicians achieved higher accuracy (≈80%) than non-musicians (≈71%). 
Importantly, ART performance correlated with visual RHE and Tower of Hanoi (when 
controlling for ITE), suggesting partially domain-general recursion abilities. Again, 
learning curves showed that RHE accuracy improved across trials, while ITE remained 
stable. Moreover, RHE performance was consistent across foil types, whereas ITE 
performance declined with specific foils. This indicates that RHE relied on abstract rule 
induction, whereas ITE was often driven by heuristics. 

In the motor domain [42], RHE was demonstrated in discrimination and production 
tasks across two days of training. Adults discriminated RHE from foils above chance as 
early as Day 1 (~71%), improving to ~86% by Day 2, which is comparable to ITE (~85%). 
However, generating novel RHE sequences without cues was significantly more 
challenging: by Day 2, ITE reached, on average, ~70%, whereas RHE lagged at ~59%, with 
only half of the participants achieving above-chance generation. Learning order mattered: 
those who practiced ITE first were more likely to succeed in RHE (with a performance 
boost of 22%). Sleep consolidation also improved RHE by 17%. Latency analyses showed 
longer cluster-completion times for RHE, consistent with higher hierarchical cluster 
sensitivity. 

Table 2 schematically summarizes these findings. Taken together, the behavioral 
evidence suggests that humans can acquire and apply RHE across vision, audition, and 
motor production; however, RHE is consistently more demanding than ITE and emerges 
only under specific conditions. A recurring theme is that ITE is mastered first and then 
scaffolds RHE, as evident in the visual, motor, and language domains [23,25,30,42,57]. 
RHE requires more abstraction, exhibits steeper learning curves, and is less susceptible to 
surface heuristics [13,21]. At the same time, domain-specific constraints shape 
performance: auditory RHE is highly sensitive to expertise [21], motor RHE benefits from 
an additional day of training [42], and visual RHE is constrained by age [23]. Correlations 
across domains (e.g., with the Tower of Hanoi) highlight shared domain-general resources 
[13,21], but persistent asymmetries underscore the role of sensory and representational 
bottlenecks. 
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Table 2. Behavioral evidence for recursive hierarchical embedding (RHE) and iterative embedding 
(ITE) across domains. Accuracy values are group means as reported in the original studies. RHE 
generally required more abstraction, showed steeper learning curves, and was less amenable to 
surface heuristics than ITE. ITE tended to be acquired earlier and more easily, and often scaffolded 
later RHE performance. However, ITE is also more affected by lesions, atypical development, and 
interference. Abbreviations: R = RHE; I = ITE; WM = working memory; RT = response time; Disc = 
discrimination; Prod = production; d1/d2 = Day 1/Day 2; I→R = iteration task performed before 
recursion (order effect); TD = typically developing controls; Drift = rate of evidence accumulation 
(decision efficiency); Boundary = amount of evidence required for a decision (cautiousness); ToH = 
tower of Hanoi—a recursive planning task; SpWM = spatial WM (corsi); VisWM = visual WM 
(delayed match to sample); ↑ = increase; ↓ = decrease. 

Domain-Population Paradigm RHE/ITE  
(Mean Acc) Performance Patterns 

Vision—Adults  
[13] 

Discrimination R: 82%, I: 92% 
RHE: ↑ learning curves; slow strategies more accurate; 

correlated with ToH; ITE correlated with SpWM. 

Vision—Children  
[23] 

Discrimination 
7–8 yrs: R: 59%, I: 62% 
9–10 yrs: R: 80%, I: 78% 
Order I→R (ΔR: ↑24%) 

RHE: ↑ learning curves; scaffolded by ITE. RHE & ITE 
correlated with 1-level linguistic embedding (controlling 

for IQ). 
Audition— 

Non-musicians & 
Musicians  

[21] 

Discrimination 
Non-mus: R: 71%, I: 70% 

Musicians: R: 84% 
RHE: ↑ learning curves; strong expertise effect; 

correlated with visual RHE and ToH. 

Motor—Adults  
[42] 

Discrimination  
& production  

(2-day training) 

Disc (d2): R: 86%, I: 85% 
Prod (d2): R: 59%, I: 70% 

Prod I→R (ΔR: ↑22%) 
Prod d1→d2 (ΔR: ↑17%) 

RHE: ↑ learning curves; Production scaffolded by ITE & 
boosted by sleep (d2); clustered temporal pattern. 

Vision— 
Lesion patients  

[25] 

Discrimination; 
Lesion-symptom 
mapping; Drift 
diffusion model 

R: 80%, I: 82% 
Order I→R (ΔR: ↑20%) 

RHE (v ITE): correlated with 2-level linguistic 
embedding; Scaffolded by ITE; posterior lesions ↓ drift; 

frontal lesions ↓ boundary. 

Vision—Minimally 
verbal autistic child  

[26] 
Discrimination 

R: 72.2%, I: 64.8%  
(both pass) 

RHE intact despite no linguistic syntax. ITE more 
fragile. 

Vision—Adults  
[24,61] 

Discrimination  
dual task: 

- VerbalWM [24] 

- VisualWM [61] 

- Lexical retrieval [61] 
- Serial arithmetic [61] 

Baseline [61]: R: 83%, I: 87% 
verbalWM [24]: R: 86% 

visWM [61]: R: 85%, I: 83% 
Lexical [61]: R: 75%, I: 70% 
Arith. [61]: R: 78%, I: 70% 

lexical/arithmetic interference ↓ drift and boundary. 
RHE less affected than ITE; no verbal or visual WM 

interference. 

4.2. Evidence from Lesions, Interference, and Atypical Development 

RHE is available across vision, audition, and motor domains, but the key question is 
how it is implemented: does it rely on a shared resource for hierarchical embedding or on 
domain-specific implementations? Evidence from lesions, interference, and atypical 
development helps constrain this debate. 

On the one hand, several findings suggest shared resources. Stroke patients with left 
posterior temporal damage were more impaired in visual RHE than ITE and more 
impaired in parsing linguistic embeddings with two levels ([A1[B1[C1C2]B2]A2]) than 
structures with a single level ([A1[B1XXB2]A2]). This indicates a common bottleneck for 
the processing of nested hierarchical information [25]. Their performance showed reduced 
evidence accumulation (lower drift rates) for RHE, while frontal lesions instead produced 
cognitive control problems, consistent with lower boundary separation (reduced 
cautiousness). 
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On the other hand, RHE can also operate independently of language and verbal 
working memory. In minimally verbal autism with hyperlexia, an 11-year-old child 
performed at typical levels on visual RHE despite lacking recursive syntax, demonstrating 
that RHE in vision does not require linguistic recursion [26]. Likewise, dual-task 
paradigms with articulatory suppression (backwards digit span) did not impair visual 
RHE, ruling out a reliance on phonological rehearsal [24]. 

More targeted interference studies clarify this asymmetry [13]. When secondary tasks 
taxed serial symbolic resources—such as lexical retrieval and serial arithmetic—both RHE 
and ITE performance declined, but iteration was more susceptible. Drift–diffusion 
modeling revealed that serial symbolic load reduced drift rates (slower evidence 
accumulation) and lowered thresholds (less cautious responding). Crucially, recursion 
and iteration diverged in response dynamics: under serial symbolic load, RHE accuracy 
was less affected and responses became faster, consistent with compensatory strategies, 
whereas ITE response times slowed down and accuracy degraded. By contrast, a visual 
delayed match-to-sample interference task did not impair accuracy. 

Taken together, these findings suggest a hybrid implementation of RHE. It 
preferentially engages symbolic and language-like resources (as evidenced by lexical and 
arithmetic interference, as well as lesion data). Still, it can also be supported by alternative 
pathways that make RHE more resilient than ITE under load. This dual profile explains 
why RHE is correlated across domains but can still manifest in atypical populations with 
impaired recursive language. 

As we will review in the next section, neuroimaging evidence further supports this 
dual profile. 

4.3. Neural Bases of Recursion Across Domains 

Neuroimaging studies suggest a dynamic balance between shared and domain-
specific circuitry (Figure 3). When participants are extensively trained in a single domain, 
RHE vs. ITE contrasts reveal domain-specific temporal and parietal activations: for 
example, the visual ventral stream in visual recursion [20]; the posterior superior temporal 
gyrus (pSTG) in musical recursion [22], involved in tone imagery; and parietal–premotor 
circuits in motor recursion [15], involved in motor planning. This suggests that long-term 
expertise engages modality-specific representational systems. However, when untrained 
participants are tested [25,62], different domains elicit a more overlapping network, 
including the left inferior frontal gyrus (IFG) and posterior superior temporal sulcus 
(pSTS)—areas classically linked to language syntax [63,64]. The pSTS is particularly 
relevant when acquiring rules governing hierarchical relations (Figure 3). This pattern 
suggests a shared “scaffolding” for initial acquisition, followed by domain-specific 
consolidation with expertise. 

Interestingly, the contrast between RHE and ITE also reveals that RHE relies more 
on the recruitment of the default mode network, associated with internal models of 
processing, whereas ITE recruits the fronto-parietal network, related to effortful 
processing of sensorial information [43]. The pattern is consistent with the behavioral 
evidence that RHE representations are more abstract and less affected by conditions that 
affect general cognitive resources [13,21,61]. 

Taken together, these findings indicate that RHE acquisition recruits a partially 
shared set of cognitive and neural resources across domains [60], which later consolidate 
into domain-specific circuits as expertise develops [58]. This dual pattern—shared early 
resources, domain-specific consolidation—provides a framework for understanding how 
humans flexibly acquire recursive rules in multiple representational formats while also 
developing specialized neural substrates for their long-term use. 
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Figure 3. Commonalities and differences in the neural processing of recursive hierarchical 
embedding (RHE) across domains. During acquisition, the left posterior temporal cortex (including 
pSTS and adjacent regions) is consistently engaged across modalities. With extensive training, RHE 
processing shifts toward increasingly domain-specialized regions: ventral visual areas for vision, 
posterior superior temporal regions for music, and premotor–parietal circuits for motor behavior. 
This pattern suggests a shared scaffolding mechanism during learning, followed by domain-specific 
consolidation with expertise (figure adapted from [8,15,20,22,25,62,65]). 

4.4. Insights from Artificial Grammar Learning and Computational Approaches 

AGL paradigms have long been the primary method for probing the human ability 
to represent above-linear relationships in sequential stimuli [66]. Unlike simple statistical 
learning of adjacent transitions, AGL tasks assess whether participants can detect and 
generalize hierarchical dependencies, such as nested or center-embedded structures. 

Computationally, these tasks are well formalized through different classes of 
grammars. Finite-state grammars generate local patterns such as (AB)n, whereas context-
free grammars generate center-embedded patterns such as AnBn, e.g., 
[A1[B1[C1C2]B2]A2]. This formal distinction allows researchers to infer the nature of 
participants’ internal representations. One influential hypothesis is that learners recruit 
an external memory device—a push-down stack—to parse nonadjacent dependencies, 
enabling them to keep “open” elements until closure is encountered [28,56,67,68]. 

Beyond formal grammars, quantitative models have clarified how hierarchical 
dependencies are acquired and processed. Bayesian learners—framed as hypothesis 
testers over generative grammars—capture graded generalization and the preference for 
recursively embeddable hypotheses when the data support them [69]. Usage-
based/Bayesian accounts linked to the “now-or-never” bottleneck [17,70,71] explain why 
learners rely on chunking and probabilistic abstraction early, yet can still converge on 
recursive structure as evidence accumulates. Neural and reinforcement-learning models 
[70], especially recurrent neural networks (RNNs), reproduce human-like performance 
profiles—including the classic collapse beyond ~3–4 embeddings—thus modeling 
performance limits rather than demonstrating an internal recursive rule [70,72]. Recent 
Bayesian mixture models [68] further suggest that learners do not universally deploy a 
push-down stack; instead, they mix recursive and associative heuristics depending on 
task demands and memory constraints. Together, these approaches illuminate both 
acquisition dynamics and the mechanistic bottlenecks that shape apparent recursion in 
behavior. 

Armed with this toolkit, AGL has been applied across diverse populations. Adults 
and older children readily acquire AnBn dependencies and generalize to longer strings 
[73]. Children’s performance, however, is tightly constrained by working memory 
capacity, with success correlating strongly with digit span. Illiterate Amazonians succeed 
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despite lacking formal schooling, demonstrating that recursive competence does not 
depend on literacy. Monkeys and ravens can master AnBn structures [73,74], but only 
after extensive training, and their acquisition trajectories are best explained by associative 
or ordinal heuristics [75]. The contrast with humans’ relatively rapid and spontaneous 
generalization highlights the importance of working memory resources as well as the 
limits of nonhuman cognition [76]. 

Neuroimaging results converge on a left frontotemporal circuit, with an important 
evolutionary refinement [64,77–79]. Posterior superior/middle temporal cortex 
(pSTS/pMTG) plays a central role in structure building—particularly in untrained 
participants—while BA44/45 in left IFG is increasingly engaged with training and 
expertise [65,80,81]. Recent evolutionary syntheses [64] argue that BA44 underwent an 
anterior expansion in humans, enabling language-specific syntactic hierarchy building to 
occupy anterior BA44, while posterior BA44 supports action. This suggests that these are 
adjacent but non-overlapping systems embedded in distinct networks. Other accounts 
indicate that left BA44/45 may be generally involved in controlling domain-specific 
hierarchical representations from other brain regions, including posterior temporal cortex 
[82]. Importantly, both accounts are consistent with the idea that similar computational 
demands across domains might recruit adjacent but non-overlapping circuits [58]. 

Taken together, AGL, cross-species studies, neuroimaging, and computational 
modeling converge on a hybrid picture: recursion depends on domain-general resources, 
but with training, it may consolidate into domain-specific representational systems. 

While in some ways similar to AGL, RHE paradigms extend beyond sequential 
stimuli, as they are also applied to structures extending spatially, such as fractals. RHE 
also provides stricter experimental controls, holding perceptual outputs constant across 
recursion and iteration. This reduces the likelihood that apparent recursive performance 
can be explained by surface heuristics, working memory, or extensive associative training. 
At the same time, however, RHE research has not yet benefited from the rigorous 
computational modeling that characterizes AGL, which would allow more precise 
inferences about the internal strategies participants deploy. Developing such quantitative 
models represents a crucial step forward. 

5. Open Questions and Future Directions 
Despite substantial progress, important challenges remain for understanding 

recursive hierarchical embedding (RHE). These challenges arise at both the behavioral 
and neural levels. 

5.1. Challenges in Studying RHE 

At the behavioral level, RHE is difficult to isolate from confounding factors. In AGL, 
increasing embedding depth almost inevitably covaries with working memory load, 
perceptual discrimination difficulty, and attentional switching, making it unclear whether 
performance drops reflect genuine limits on recursive processing or the exhaustion of 
auxiliary resources [68,73,76]. While RHE seems more robust against verbal, spatial, and 
visual WM manipulations (Table 2), these can still play a significant role. 

Moreover, discrimination and production tasks likely engage overlapping but non-
identical systems: discrimination allows external cues to scaffold performance [40,41], 
whereas production requires participants to internally generate the recursive step without 
external guidance. Cross-domain comparability further complicates interpretation, as the 
same generative rules can differ in representational granularity and familiarity. Visual 
fractals are relatively easy to recognize, auditory recursion requires tonal imagery, which 
is more accessible to musicians, and motor recursion remains the most challenging, even 
after extensive training. This is reflected in the accuracy levels (Table 2). 
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At the neuroimaging level, progress is constrained by the difficulty of inferring 
mechanisms from correlates. Current findings consistently implicate posterior temporal 
regions in structure building and frontal regions in control and sequencing [25,62,65,82]; 
however, disentangling representational functions from attentional or decision-related 
processes remains a challenge. Additionally, the contributions of subcortical [62] and 
network-level structures [83] are poorly understood. Default mode recruitment in 
recursion and fronto-parietal engagement in iteration point to large-scale network 
dynamics, but these patterns remain underexplored [43]. 

5.2. Towards Mechanistic Modeling 

A promising way forward is to adopt the modeling toolkit that has proven fruitful in 
Artificial Grammar Learning (AGL). In AGL, symbolic grammars, Bayesian inference 
models, and recurrent neural networks (RNNs) provide precise hypotheses about the 
internal strategies participants deploy. Such models capture not only success but also 
systematic errors—for example, why both humans and RNNs collapse beyond three to 
four levels of embedding [18,70], or why Bayesian learners shift between recursive and 
associative strategies depending on task demands [68]. 

For RHE, progress has begun with drift diffusion modeling [25,61], which reveals 
how RHE and ITE differ in evidence accumulation (drift rate) and decision thresholds 
(boundary separation). Yet this approach remains descriptive. The next step is to develop 
richer mechanistic models that generate specific predictions about how recursion should 
be affected by symbolic interference, posterior temporal lesions, or atypical development. 
These models can then be tested against the behavioral signatures already identified in 
Table 2: order effects, asymmetric vulnerability of ITE, and resilience of RHE under certain 
kinds of interference. In this way, computational modeling can bridge fine-grained 
behavioral results with neural mechanisms, moving beyond correlation to causal 
inference. 

5.3. Expanding the Empirical Program 

Currently, this modeling agenda has been primarily pursued in the visual domain. 
Extending it to motor and auditory recursion is a critical next step. For example, motor 
production tasks provide a stronger test of generativity but remain underexplored in 
terms of modeling; auditory recursion is especially sensitive to expertise and would 
provide a natural test case for how domain-specific scaffolding interacts with domain-
general mechanisms. Neuroimaging evidence of recursion acquisition, summarized in 
Figure 3, is also disproportionately focused on vision. Systematic extensions to music and 
motor domains would provide the missing pieces of a full cross-domain profile. 

Equally important is broadening the populations tested. Developmental and cross-
cultural studies are needed to assess the universality of RHE, and clinical or 
neuropsychological groups can reveal necessary systems through selective impairments. 
Transfer designs—training recursion in one modality (e.g., visual fractals) and testing in 
another (e.g., nested musical rhythms)—would provide a strong test of whether shared 
scaffolds underlie cross-domain recursion, or whether success depends on domain-
specific expertise. 

5.4. Toward a Unified Science of Fractal Cognition 

Taken together, these challenges and opportunities point toward a unified research 
program. Progress will require integrating behavioral paradigms that isolate recursion 
from confounds, mechanistic models that formalize the computations involved, and 
neurobiological evidence that specifies their implementation. The goal is not simply to 
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show that humans can represent RHE across domains, but to predict when and how 
recursive competence emerges, collapses, or transfers. 

This integrative framework would allow fractal geometry to serve not only as a 
metaphor but also as a quantitative bridge: linking mathematical self-similarity, cognitive 
theories of hierarchical generativity, and the neural architectures that implement bounded 
recursion. By aligning behavioral signatures with algorithmic models and neural 
dynamics, the field can move toward a mechanistic understanding of how humans 
instantiate fractal cognition. 

6. Conclusions 
This paper advances a research program in fractal cognition through five core 

contributions. First, we introduce the theoretical foundations of recursive hierarchical 
embedding (RHE), clarifying its distinction from iteration, self-similarity, and related 
constructs. Second, we provide a methodological toolkit—behavioral, 
neuropsychological, and neuroimaging paradigms—for isolating recursive processing. 
Third, we illustrate the application of this toolkit across language, music, vision, and 
motor action to detect the ability to represent RHE and evaluate evidence for domain-
general versus domain-specific cognitive resources. Fourth, across domains and 
populations, the evidence suggests that RHE is more challenging than iteration and 
emerges later, but is also more resilient to interference and clinical impairment—
indicating compensatory mechanisms. We argue that future progress hinges on 
integrating behavioral and neural signatures across populations and paradigms with 
precise quantitative models. These contributions provide a roadmap for moving from 
descriptive demonstrations to a mechanistic science of fractal cognition, where recursive 
generativity is not only documented but explained and predicted. 
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