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 Structure Complexity Entropy: A Principle for Structural 

Intelligence in AI 

 

Abstract 

Human intelligence excels at decomposing complex information into meaningful hierarchical 

structures, yet this capability remains a fundamental challenge for artificial intelligence. Current 

approaches, from manual curation to automated clustering, lack a principled way to quantify and 

autonomously discover such structures, often resulting in rigid binaries or semantically incoherent 

groupings. Here, we introduce Structural Complexity Entropy (SCEntropy), a novel metric that 

quantifies the internal disorder of an information set by measuring the heterogeneity of all pairwise 

relationships. SCEntropy provides AI with a foundational principle: a low value signifies a coherent 

concept, whereas a high value signals the need for decomposition. Leveraging this, we develop 

SCEntropy-driven Hierarchical Clustering (SHC), an algorithm that uses a single complexity 

threshold to autonomously construct multi-branch, semantically coherent hierarchies from the 

bottom up. We validate this principle across two core domains. In visual concept discovery, SHC 

not only recovers known taxonomies in image datasets like CIFAR-100 but also discovers 

semantically coherent and human-aligned super-categories, demonstrating an ability for 

autonomous knowledge structuring. Conversely, in natural language generation, we show that 

SCEntropy-derived hierarchies serve as a scaffold for coherent reasoning. By structurally 

constraining large language models, we enhance thematic focus and logical flow in multi-turn 

dialogues, mitigating semantic drift. Our work establishes SCEntropy as a universal framework for 

structural machine intelligence, enabling AI to not only discover how the world is organized but 



also to discipline its own internal processes, paving the way for more autonomous and interpretable 

systems. 

Main 

The ability to perceive, construct, and manipulate internal structures of knowledge is a 

cornerstone of human intelligence1-4. This "structural intelligence" manifests in two complementary 

ways: through inductive abstraction, where we form coherent concepts and hierarchies from 

disparate observations; and through structured execution, where these internal models guide 

coherent thought, language, and action5, 6. While artificial intelligence (AI) has made staggering 

strides in pattern recognition, it lacks a fundamental capacity to autonomously reason about and 

with information structures, remaining reliant on human-defined architectures or brittle, flat data 

representations7, 8. 

Current methods for instilling structure into AI fall short of this vision. Manual curation 

approaches embed human insight but cannot scale9-12, while automated clustering algorithms are 

fundamentally constrained. The dominant paradigm, exemplified by agglomerative hierarchical 

clustering10, is bound to a binary-tree architecture, producing rigid, pairwise merging sequences that 

fail to capture the natural, multi-branch organization of real-world concepts13-17. Although valuable 

explorations beyond the binary tree exist, including graph-theoretic and reciprocal nearest neighbor 

methods18, 19, they largely remain within a paradigm of local, similarity-driven sequential decision-

making. These methods face a common, deeper challenge: the absence of a principled, quantifiable 

standard that directly measures 'conceptual cohesion' independently of pairwise similarity 20-22. This 

paradigm-level gap means that even non-binary structures are built without a global "structural 

complexity" budget, resulting in intermediate clusters whose semantic coherence is not guaranteed 



and cannot be intrinsically assessed. This structural poverty is not merely a limitation in data 

organization but a fundamental constraint that restricts AI's ability to discover new knowledge 

inductively and to maintain coherent reasoning deductively. 

A primary obstacle has been the absence of a universal measure for structural complexity 

itself23. How can an AI system know if a set of ideas forms a coherent whole, or if its own internal 

organization is structurally unsound? Existing information-theoretic measures, such as structural 

entropy24, 25, are often designed for analyzing given graph partitions, not for quantifying the intrinsic 

cohesiveness of a set of elements or for guiding the real-time construction of semantic hierarchies26. 

We hypothesize that this gap stems from a missing computational principle that mirrors a core 

operation of human cognition: the efficient management of cognitive load through the formation of 

coherent conceptual chunks27. The human mind intuitively groups elements not merely by pairwise 

similarity, but by the overall consistency of their relational structure, avoiding sets with high internal 

dissonance28. In essence, a cognitively coherent 'concept' is a set of elements with low structural 

complexity. To formalize this principle, we introduce Structural Complexity Entropy (SCEntropy), 

a novel metric that quantifies this disorder in the relational fabric of any information set. The 

innovation of SCEntropy lies in proposing a meta-principle that establishes "structural complexity" 

itself as a measurable and constrainable entity. It operationalizes conceptual coherence. This thereby 

provides a unified principle to quantify structural cohesion, directly addressing the long-standing 

absence of a universal measure. 

Leveraging this principle, we develop SCEntropy-driven Hierarchical Clustering (SHC). This 

algorithm represents a paradigm shift in hierarchy construction. It uses SCEntropy as a global 

constraint during the building process, rather than a post-hoc evaluation. This allows SHC to 



autonomously answer a question previously intractable for AI: "What is the richest, meaningful 

structure we can build without exceeding a manageable level of complexity?" The result is the 

autonomous discovery of multi-branch, semantically coherent hierarchies from the bottom up, 

without predefined schemas. 

We demonstrate that this structural awareness is a general-purpose capability. Our results 

across two core domains of AI validate the universality of the SCEntropy principle. In visual concept 

discovery, SHC acts as an engine for knowledge induction, not only recovering known taxonomies 

but also discovering novel, valid super-categories on benchmarks like CIFAR-100. Conversely, in 

natural language generation, we show a novel application where SCEntropy-derived hierarchies 

serve as a cognitive scaffold. By explicitly organizing the outputs of large language models, we 

enforce thematic coherence and logical flow in multi-turn dialogues, proving that structural 

awareness can directly tame and guide complex generative processes. Our work thus paves the way 

for AI that truly comprehends, rather than merely processes, the complex structure of information.  

By providing a unified principle to measure and manage structural complexity, we enable AI 

systems to not only discover how the world is organized but also to discipline their own internal 

processes accordingly. This dual advance in structural discovery and structural control opens the 

door to AI that is more autonomous, interpretable, and truly intelligent in its handling of complexity. 

The Mathematical Foundation of Structural Coherence 

The hierarchical decomposition of complex information hinges on a fundamental property29-32, 

which is the consistency of relationships among its constituent elements33. Human cognitive 

analysis instinctively evaluates this relational fabric, isolating independent elements and grouping 

those with strong, consistent interdependencies into coherent subsets34, 35. The complexity of the 



resulting structure is thereby governed not merely by the number of elements or subsets, but by the 

heterogeneity in the relationships between them36. 

Conventional metrics for assessing information organization, such as pairwise similarity, 

primarily capture the strength of individual interactions37. However, they fall short of characterizing 

the global structural pattern because they do not quantify the variability across all pairwise 

relationships38. Conventional methods that rely on a fixed similarity threshold cannot distinguish 

between a set with uniformly high similarity (low complexity, requiring no decomposition) and one 

with a disordered mix of strong and weak connections (high complexity, necessitating partitioning). 

This critical distinction between the intensity and the consistency of relationships is not merely 

overlooked by conventional methods relying on a fixed similarity threshold. It remains 

fundamentally unmeasured by existing similarity-based approaches, which consequently fail to 

guide semantically-aware decomposition. 

We therefore introduce SCEntropy to directly measure the disorder inherent in the relational 

structure of an information set. SCEntropy quantifies structural complexity by assessing the degree 

of inconsistency among all pairwise similarities. Formally, it evaluates the aggregate absolute 

differences between every pair of similarity measurements, capturing the overall relational 

heterogeneity. A low SCEntropy value signifies a structurally coherent set with uniform 

relationships, whereas a high value indicates significant internal disorder, guiding an AI system on 

when and how to decompose the set for more efficient processing. The formal definition is as 

follows. 

Definition 1: Structural Complex Entropy 

Given an information set consisting of 𝑛 elements, SCEntropy is defined as: 
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where ௜ܵ௝ denotes the normalized similarity measurement between the i-th and j-th elements, and 

| ௜ܵ௝ − ܵ௞௟|  represents the absolute value of the difference between ௜ܵ௝  and ܵ௞௟ . The constraint 

(݅, ݆) < (݇, ݈) specifies the enumeration order to avoid redundant calculations. The term "element" 

is used in a broad sense to refer to any entity that can be embedded in vector space, such as a single 

data point, an image, an image category, a word, or a sentence. The exact definition depends on the 

object being analyzed. 

SCEntropy measures the unpredictability or dissonance within a system of relationships. 

Consider a social context: a cohesive team (low SCEntropy) is one where the strength of all pairwise 

relationships is fairly uniform—everyone knows each other to a similar degree. A disordered group 

(high SCEntropy) contains a mix of strong cliques and distant acquaintances, making the relational 

landscape unpredictable. Similarly, in conceptual space, a low SCEntropy set, like {dog, cat, rabbit}, 

has uniformly high pairwise similarities. A high SCEntropy set, like {dog, car, loyalty}, contains 

wildly varying pairwise relationships, signaling a lack of a unifying theme. Thus, SCEntropy does 

not merely sum similarity strengths, it quantifies the consistency of the relational fabric, providing 

a direct gauge for whether a set of elements "belongs together" in a semantically coherent structure. 

Having established that SCEntropy measures relational consistency, we now present its key 

mathematical properties. These properties govern how SCEntropy behaves and how it informs 

hierarchical decomposition. 



Fig.1 | Schematic illustrations of SCEntropy properties.  

Property 1: Structural Homogeneity.  

Zero SCEntropy arises if and only if all pairwise similarities are identical, indicating a 

perfectly homogeneous and coherent structure. In this state of maximum internal consistency, as 

visualized in Fig. 1(a), the set behaves as a unified whole. No meaningful decomposition is possible 

or necessary, as dissecting it would not yield semantically distinct or computationally simpler 

subproblems. This property provides a principled criterion for identifying atomic, indecomposable 

concepts. 

Property 2: Structural Heterogeneity.  

SCEntropy increases with the heterogeneity of pairwise similarities, reaching its 

maximum for a given set size when the relationships are maximally disordered. This occurs 

when the set contains a mix of highly similar (near-identical) and highly dissimilar (near-orthogonal) 

element pairs, as illustrated in Fig. 1(b). A high SCEntropy value acts as a direct signal that 

decomposition is warranted. It guides the system to isolate coherent subgroups (e.g., elements with 

near-zero distance) from independent elements, thereby reducing global structural complexity. 

Property 3: Complexity Reduction through Partitioning.  

The SCEntropy of a composite set is greater than or equal to the sum of the SCEntropies 
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of its constituent partitions. Formally, for a dataset ܥ = ܣ ∪  and C have sizes ܤ ,ܣ let datasets ,ܤ

𝑛஺ = 𝑛஻ ,|ܣ| = and 𝑛஼ |ܤ| =  :respectively. The SCEntroy of dataset C is given by ,|ܥ|

஼ܪ = ஺ܪ + ஻ܪ + ஺∩஻ܪ (2) 

where ܪ஺∩஻ = − ∑ ∑ log1≤k<l≤௡಴,(i,j)<(k,l)1≤i<j≤௡಴ (1 − | ௜ܵ௝ − ܵ௞௟|) .ݏ (3) ,௜ܥ})    .ݐ ௝ܥ , ,௞ܥ {௟ܥ ∩ ܣ ≠ ߶ ) ∧ ௜ܥ}) , ௝ܥ , ,௞ܥ {௟ܥ ∩ ܤ ≠ ߶ ). 

The constraint implies that the intersections of {ܥ௜ , ௝ܥ , ௞ܥ ,  are  ܤ and  ܣ ௟}  with both datasetsܥ

non-empty. In other words, for {ܥ௜ , ௝ܥ , ௞ܥ ,  and ,ܣ ௟}, at least one element must belong to datasetܥ

at least one element must belong to dataset ܤ, simultaneously. ܪ஺∩஻ ≥ 0, quantifies the structural 

disorder between subsets A and B. Equality, ܪ஼ = ஺ܪ + ஺∩஻ܪ ஻ is achieved if and only ifܪ = 0. 

This condition signifies that the combined set ܣ ∪  is characterized by a perfectly uniform  ܤ

distribution of pairwise similarities. This non-negativity guarantees that ܪ஼ ≥ ஺ܪ +  ஻, formallyܪ

proving that any partitioning of the data reduces the overall structural complexity, as shown in fig 

1(c). This mathematically grounds the intuition behind hierarchical decomposition. 

Property 4: Unified Criterion for Structural Discovery. 

SCEntropy provides a unified, global criterion for structural analysis, replacing the multiple 

level-specific thresholds required by conventional methods. As illustrated in Fig. 1(d), SCEntropy 

intrinsically captures inconsistencies in the relational distribution, allowing a single threshold on 

structural complexity to guide the entire multi-level hierarchy construction. In contrast, methods 

like agglomerative clustering lack such a unified principle and rely on distinct, ad-hoc similarity 

thresholds at each dendrogram level. This makes SCEntropy-driven clustering more robust and 

semantically grounded. 

 



A New Clustering Paradigm: Construction with Structural Complexity 

Constraints 

Theoretically, minimizing SCEntropy provides a direct path for hierarchical decomposition. 

However, pursuing this minimization to its logical conclusion leads to a binary tree where every 

internal node contains only two elements. While structurally minimal, this overly fine-grained 

partitioning is semantically impoverished: it shatters the data into an excessive number of leaf nodes 

and fails to produce the rich, multi-element intermediate concepts that are essential for human-like 

reasoning and interpretability. The resulting hierarchy, though perfectly minimized in complexity, 

loses its value as a meaningful representation of the data's intrinsic semantic structure.  

To bridge the gap between theoretical minimalism and semantic utility, we introduce the 

SCEntropy-driven Hierarchical Clustering (SHC) algorithm. The core innovation of SHC lies in its 

treatment of SCEntropy not as an objective function to be minimized, but as a dynamic constraint 

to regulate structural complexity during the hierarchy construction process. This shift in perspective 

is crucial. Instead of asking "what is the absolute simplest structure?", SHC asks "what is the richest 

meaningful structure we can build without exceeding a manageable level of complexity?" This 

allows the algorithm to autonomously construct multi-branch, semantically coherent hierarchies 

with a single, user-specified complexity threshold 

The SHC algorithm proceeds through a bottom-up, iterative merging process, detailed in the 

following steps: 

1. Input Representation: The algorithm begins with a dataset ܥ = ௜|0ܥ} ≤ ݅ ≤ 𝑛௖}, where 

each element ܥ௜ is represented by its feature vectors. 

2. Complexity Threshold Specification: A single threshold, ܪ௧ℎ , is set to define the 



maximum allowable structural complexity for any cluster. This threshold is the sole parameter 

governing the granularity of the resulting hierarchy. 

3. Iterative Cluster Formation: 

a. Seed Merging: Identify the two closest clusters ܥ௜ and ܥ௝ and merge them to form a new 

cluster ܥ௡௘௪. 

b. Constrained Candidate Selection: From the remaining elements, identify a candidate set 

 ௡௘௪ than it is to any element not inܥ ௞ is closer to some element inܥ where each candidate ,{௞ܥ}

 .௡௘௪. This ensures the candidate is locally closest to the growing clusterܥ

c. Optimal Merging based on Structural Cohesion: From the candidate set for each 

candidate. Select and merge the candidate ܥ௞ that results in the lowest SCEntropy for the new 

union. This step prioritizes the merger that best preserves or improves the structural consistency of 

the cluster. 

d. Complexity Check and Cluster Finalization:  

if ܪ(ܥ௡௘௪) ≤  ௧ℎ , the cluster can continue growing. Return to step (b) to select a newܪ

candidate. 

If ܪ(ܥ௡௘௪) >  ௧ℎ, the cluster has reached its maximum allowable complexity. Reverse theܪ

last merge. the centroid of ܥ௡௘௪ is calculated based on all its finalized constituent elements as the 

feature of ܥ௡௘௪. The algorithm then returns to step (a) to begin forming a new cluster. 

4. Termination: The algorithm terminates when no further merging is possible without 

violating the ܪ௧ℎ constraint, typically when only two clusters remain or no three clusters can be 

merged without exceeding the threshold.  

SHC represents a fundamental departure from classic hierarchical clustering paradigms, such 



as agglomerative clustering, in two critical aspects: 

Unified Criterion vs. Multiple Thresholds: Traditional methods first construct a full binary tree 

(dendrogram) and then perform post-hoc cuts at different similarity levels to extract a flat clustering. 

To obtain a multi-level hierarchy, one must define a distinct threshold for each desired level. In stark 

contrast, SHC employs a single, unified criterion—the SCEntropy threshold ܪ௧ℎ—which governs 

the entire, multi-level hierarchy construction from the outset. This ensures global structural 

consistency, as the same principle of manageable complexity applies at every level of the tree. 

Construction-Time vs. Post-Construction Cutting: Perhaps the most significant algorithmic 

innovation is that SHC performs complexity-based "cuts" during the tree construction, not after it. 

This "construction-time cutting" allows for continuous centroid updates and enables the formation 

of multi-branch nodes. A traditional algorithm, once a merge is done, never revisits it. SHC, by 

contrast, dynamically decides when a cluster is "full" based on its structural complexity, then stops 

its growth and starts a new one. This results in a more natural and adaptive fit to the data's intrinsic, 

multi-branch semantic organization. 

In summary, SHC leverages the principle of structural complexity not as a final arbiter of 

simplicity, but as a guiding principle for building rich, useful, and computationally tractable 

knowledge hierarchies. This makes it a powerful tool for enabling structural reasoning in AI systems. 

Results 

Autonomous Emergence of Multi-Branch Hierarchies 

A cornerstone of human intelligence is the ability to organize concepts into flexible, multi-

branch hierarchies. We first demonstrate that our SHC algorithm autonomously uncovers such 

human-aligned structures from high-dimensional image data, transcending the limitations of 



traditional clustering paradigms. As shown in Fig.2. 

(a) Agglomerative clustering result on FashionMNIST       (b) SHC result on FashionMNIST 

(c) Agglomerative clustering result on CIFAR-10           (d) SHC result on CIFAR-10 

 

(e) Partial result of SHC on CIFAR-100 

Fig.2| Hierarchical concept discovery results by SHC and agglomerative clustering. SHC 

uncovers hierarchical structures that align with human cognitive organization, producing multi-

branching semantic groupings without predefined class numbers. This approach enhances 

interpretability and reflects natural conceptual relationships in the data.   

On FashionMNIST40, SHC moves beyond pixel-level similarity to uncover functional 

groupings (Fig. 2(b)). It intuitively coalesces upper-body garments (T-shirts, pullovers, shirts) under 



a common branch, while distinctly separating footwear (sneakers, sandals, ankle boots) and trousers, 

forming a taxonomy that aligns with human cognition. This stands in stark contrast to the rigid, 

binary-tree architecture produced by agglomerative clustering on the same dataset (Fig. 2(a)). This 

trend of forming more semantically coherent conceptual groupings is consistent on CIFAR-1041 (Fig. 

2(c) and Fig. 2(d)), where SHC's multi-branch structure, for instance, aggregates a broader set of 

animals under a unified super-category compared to the sequential, pairwise merging of 

agglomerative clustering. 

 Most notably, on the more complex CIFAR-100 dataset41, SHC demonstrates a remarkable 

ability to autonomously reconstruct the dataset's underlying semantic taxonomy. As revealed in our 

concept discovery results (Fig. 2(e)), SHC does not merely group visually similar items, it tends to 

recover cohesive high-level concepts that align with the human-defined superclasses. Specifically, 

the algorithm successfully formed a cluster that is an exact match for the “people”, “household 

furniture” and “flowers” superclasses, cleanly grouping its five constituent subclasses.  

The hierarchies produced by SHC are inherently adaptive and data-driven. This structural 

flexibility directly enhances interpretability, providing transparent, multi-level conceptual 

groupings. Moreover, since clusters are formed without manually tuned distance thresholds or 

predefined taxonomies, SHC demonstrates a significant leap in autonomy for structural discovery, 

paving the way for the quantitative and advanced semantic analyses that follow. 

SCEntropy as a Portable and Robust Clustering Principle  

Traditional clustering metrics are inadequate for evaluating hierarchies, as they penalize 

semantically coherent superclasses, such as a cluster that correctly combines "trees" and 

"landscapes" into a "geographic environments" concept. We therefore introduce the Hierarchical 



Semantic Coherence (HSC) score, a novel metric that quantifies the semantic completeness of a 

cluster by its completeness in capturing entire superclasses. For any given cluster, let ݇௜ be the 

total number of subclasses in superclass i, and ݉௜ be the number of those subclasses present in the 

cluster. Let n = ∑ ݉௜௜  be the total number of subclasses in the cluster. Let K be the number of 

superclasses. The HSC for the cluster is defined as: 

2

1

1 K
i

i i

m
HSC

n k=

=  .           (4) 

Unlike purity or adjusted Rand index that penalize any combination of multiple superclasses, 

HSC explicitly rewards clusters that capture complete semantic concepts. The mathematical 

formulation ensures that a cluster containing entire superclasses achieves high scores, while 

fragmented clusters are penalized. This aligns with the cognitive science insight that human 

conceptual organization favors coherent, self-contained units. For a detailed introduction to HSC, 

refer to Supplementary Information Section 5. 

Using this measure, our SHC algorithm demonstrates a fundamental advance by producing 

hierarchies of unprecedented semantic quality. On CIFAR-100 (Fig. 3a), SHC generates a compact 

hierarchy of only 31 intermediate conceptual clusters, which is threefold fewer than the 99 nodes 

produced by conventional agglomerative methods. Critically, these clusters exhibit significantly 

higher semantic coherence, with a mean HSC of 0.745 compared to ~0.566 for traditional 

approaches (Ward: 0.559; Average: 0.605; Complete: 0.536). The distribution reveals a more 

profound distinction: merely 22.6% of SHC clusters fall below the HSC=0.5, whereas 

approximately half of traditional clusters (e.g., 53.5% for Ward) demonstrate poor semantic integrity. 

This evidence underscores that traditional clustering, constrained by its binary merging, produces 

semantically ambiguous nodes. In contrast, SHC's complexity entropy principle enables the 



autonomous discovery of coherent, human-aligned conceptual hierarchies.  

(a)  SHC produces semantically coherent hierarchies with fewer conceptual clusters 

(b) SHC provides robust structural discovery across diverse conceptual domains 

Fig. 3 | Quantitative evaluation of structural complexity entropy principles in visual 

concept discovery. 

This capability to automatically form compact, meaningful hierarchies without predefined 

cluster counts or similarity thresholds represents a significant step toward AI systems that can 



intrinsically understand and organize complex information structures. 

The transferability of SCEntropy across diverse conceptual domains provides compelling 

evidence for its role as a fundamental principle of structural organization. As demonstrated in Fig. 

3 (b), when SCEntropy values derived from individual CIFAR-100 superclasses were employed as 

global thresholds for organizing the entire conceptual space, the resulting hierarchies consistently 

maintained high semantic coherence that ranges from 0.671 to 0.714. 

This remarkable consistency, which was achieved across 20 distinct conceptual domains from 

"people" to "household electrical devices", demonstrates that SCEntropy captures a universal 

property of structural organization rather than dataset-specific patterns. The method's robustness to 

threshold selection underscores its practical utility in real-world applications where optimal 

parameters are unknown. The consistent superiority over traditional methods demonstrates that 

SCEntropy-driven structural discovery transcends parameter tuning to embody a principled 

approach to conceptual organization. This capability to autonomously derive effective 

organizational criteria from the data's intrinsic structure represents a significant advance toward AI 

systems that can develop human-aligned conceptual frameworks without explicit supervision. Most 

importantly, the finding that a known concept's SCEntropy can guide the organization of unknown 

data reveals a concrete mechanism for conceptual induction. Here, SCEntropy serves not merely as 

a clustering parameter, but as a cognitive scaffold. This mechanism enables machines to leverage 

mastered concepts as a stable foundation for discovering and structuring novel, semantically 

coherent categories in truly unsupervised settings. 

Structuring Cognition: Scaffolding for Coherent Dialogue 

Beyond its applications in visual concept organization, we demonstrate that SCEntropy-



derived hierarchies serve as fundamental cognitive scaffolds for structuring language generation. 

This approach addresses a core limitation in current large language models (LLMs): their inherent 

lack of explicit structural reasoning capabilities41. By treating sentences as structural elements and 

organizing them through SHC, we provide LLMs with explicit representations of conceptual 

relationships that mirror the hierarchical nature of human thought processes. 

Our method reveals that latent hierarchical structures naturally emerge from LLM outputs, and 

that these structures provide a principled framework for constraining content generation. When new 

content is required to extend specified nodes within the SHC-derived hierarchy while preserving 

surrounding structural relationships, the generated text maintains thematic coherence and logical 

flow across multiple dialogue turns. This structural guidance proves particularly crucial for complex, 

multi-faceted queries where maintaining coherent reasoning chains is challenging. 

As illustrated in Fig. 4, the efficacy of this approach becomes evident when examining content 

expansion under structural constraints. For the problem of “How to balance commercial 

development and cultural authenticity in the digital preservation of cultural heritage?”, the response 

of the LLM consists of 13 sentences, with each sentence being treated as a separate element. SHC 

organizes the initial response into a coherent hierarchical structure (Fig. 4(a)). When expanding 

specific content—here, sentence S12—unconstrained generation (Fig. 4(b)) produces semantically 

divergent outputs (S13, S14) that disrupt the original conceptual organization, even altering 

relationships at the root level. This structural disintegration directly induces thematic drift, 

undermining the logical coherence and argumentative focus of the narrative. In stark contrast, SHC-

constrained generation (Fig. 4(c)) produces tightly aligned expansions that preserve the structural 

integrity of the original response, with only minimal, locally-contained adjustments. This 



demonstrates that structural complexity entropy provides not merely a technical constraint, but a 

cognitive framework that guides LLMs toward human-like conceptual organization. 

Fig.4 | Comparison of the content structure generated under the tree-structured constraints 

based on SHC 

Mitigating Semantic Drift: A Quantitative Evaluation 

To quantitatively evaluate the efficacy of structural constraints in mitigating semantic drift, we 

conducted systematic experiments on 100 complex questions spanning diverse domains. We 

employed a challenging content expansion task: for each initial LLM response, the sentence with 

the highest perplexity was identified as the target for expansion, thereby focusing the evaluation on 

the most semantically ambiguous and drift-prone components. The newly generated content was 

evaluated against human-authored reference expansions using a comprehensive suite of metrics: 

BERTScore38 (assessing semantic alignment via Precision, Recall, and F1), METEOR40 (evaluating 
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(a) Constructing the content structure 
for the initial response to the question. 
13 sentences (S0-S12) were generated 
to address it. Using SHC, the content 
structure of these 13 sentences was 
organized, with labels L0-L4 
representing the intermediate stages of 
this process. 

(b) Content structure formed by newly 
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sentence (S12) resulted in sentences S13 
and S14, leading to a revised structure. 
The expanded content diverges from 
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(c) The content structure formed by the 
newly generated content under structural 
constraints, combined with the original 
content. Sentence S12 was expanded 
into S13 and S14. The content of S13 
and S14 is highly relevant to S12, and 
the original content structure remains 
intact without disruption. 



semantic faithfulness and fluency), and ROUGE39 (measuring lexical and phrasal overlap via 

ROUGE-1, -2, and -L, each with Precision, Recall, and F1). 

As definitively summarized in Table 1, the application of SHC-derived structural constraints 

yielded substantial and consistent improvements across all evaluation dimensions, confirming its 

role in disciplining generative processes. 

The gains in semantic alignment, as measured by BERTScore, were robust and balanced. 

Precision increased from 0.7504 to 0.7783 (~3.7% improvement), indicating enhanced alignment 

of the generated content with reference semantics. Recall saw a more pronounced rise from 0.7540 

to 0.8126 (~7.8% improvement), reflecting a superior coverage of relevant conceptual information. 

Consequently, the overall BERTScore F1 improved from 0.7519 to 0.7946 (~5.7% improvement), 

demonstrating a coherent advancement in semantic fidelity. 

The most dramatic improvement was observed in the METEOR score, which surged from 

0.1585 to 0.2972—an increase of 87.5%. This leap signifies an exceptional gain in semantic 

faithfulness and fluency preservation, moving the generated text much closer to human-like 

language quality. This suggests that structural constraints directly target and ameliorate the 

incoherent and often tenuous phrasing characteristic of unconstrained LLM expansions. 

A nuanced yet highly informative pattern emerged from the ROUGE metrics. ROUGE-1 F1 

score improved from 0.2515 to 0.4814 (a 91.4% increase), demonstrating a major enhancement in 

unigram-level lexical coverage and relevance. The constrained model’s Recall (0.5756) 

substantially outstripped its Precision (0.4273) on this metric, indicating a tendency to generate 

more comprehensive content that captures relevant ideas, even at the cost of some lexical 

precision—a trade-off favorable for content expansion. 



Most strikingly, the ROUGE-2 F1 score exhibited an extraordinary near-nine-fold increase, 

from a baseline of 0.0257 to 0.2429 under constraints. This 845% improvement is a pivotal finding, 

as it specifically measures bigram overlap. It provides strong quantitative evidence that SHC 

constraints crucially enhance the model’s capacity for maintaining phrasal coherence and structured 

expression, forcing it to build new content that logically connects with existing ideas at a local, 

syntactic level. Similarly, ROUGE-L F1 improved from 0.2079 to 0.4287 (~106% increase), 

confirming better long-sequence agreement. 

This comprehensive quantitative profile elucidates the mechanism of SHC’s effectiveness. The 

method does not merely induce lexical matching (which would inflate ROUGE Precision alone) but 

orchestrates a structured conceptual expansion. The exceptional gains in METEOR and ROUGE-2, 

in particular, underscore that the SCEntropy principle guides the LLM to extend discourse along 

semantically faithful and phrasally coherent pathways, effectively instituting a form of “cognitive 

chunking” that curtails meandering and preserves thematic integrity. These results establish that 

structural complexity entropy provides not only a theoretical framework but also a practical, 

empirically validated mechanism for instilling structural discipline into generative AI systems. 

 

Table 1. Performance comparison of generated content with and without SHC-based 
structural constraints 

Method 
BERTScore 

METEOR 
Precision Recall F1-score 

Unconstrained 0.7504 0.7540 0.7519 0.1585 

Constraint 0.7783 0.8126 0.7946 0.2972 

 

Method 
ROUGE-1 ROUGE-2 ROUGE-L 

Precision Recall F1-score Precision Recall F1-score Precision Recall F1-score 

Unconstrained 0.2481 0.2597 0.2515 0.0251 0.0270 0.0257 0.2046 0.2152 0.2079 

Constraint 0.4273 0.5756 0.4814 0.2117 0.2999 0.2429 0.3805 0.5137 0.4287 



Discussion 

Our work establishes SCEntropy as a foundational principle for structural machine intelligence, 

addressing a fundamental gap in AI's capacity to autonomously reason about information 

organization. The consistent performance of SCEntropy across visual concept discovery and 

language generation demonstrates that this metric captures a universal property of structural 

coherence that transcends specific domains or data modalities. 

The quantitative results reveal several profound implications for AI systems. In In visual 

concept discovery, SHC produces semantically coherent hierarchies with significantly fewer nodes 

than traditional methods (31 vs. 99 in CIFAR-100) while achieving superior semantic coherence 

(HSC: 0.745 vs. ~0.566), demonstrating that SCEntropy offers a more natural principle for 

conceptual organization than purely similarity-driven merging. This aligns with the cognitive 

science insight that human categorization follows structural coherence. The transferability of 

SCEntropy thresholds across domains further confirms its generalizability. A key demonstration of 

SHC's autonomy is its discovery of novel, semantically coherent super-categories. These are 

evaluated through their high HSC scores and human-aligned interpretability, validated through our 

proposed framework, as external ground truth is unavailable for novel knowledge structures. This 

highlights SHC's capacity for autonomous conceptual abstraction. 

Beyond these quantitative advances, the SCEntropy principle offers a mechanistic, 

computational account for the cognitive naturalness of certain groupings. We posit that the drive to 

minimize relational dissonance, as formalized by SCEntropy, mirrors a fundamental cognitive 

operation aimed at reducing mental effort. A cluster with low SCEntropy constitutes a stable 

'conceptual chunk' that can be efficiently processed as a single unit, whereas a high SCEntropy set 



corresponds to a cognitively taxing assembly of disparate elements. Thus, our framework 

establishes a quantifiable link between information-theoretic structure and the subjective experience 

of conceptual coherence, potentially informing future studies on the neural correlates of concept 

formation in biological intelligence. 

Most profoundly, our results establish that the transferability of SCEntropy constitutes a form 

of conceptual bootstrapping. This phenomenon occurs when the signature of a single known concept 

guides the organization of an entire conceptual space. This provides a compelling case that 

SCEntropy captures a fundamental "structural grammar" for knowledge. While the current work 

demonstrates this principle within the constrained ontology of benchmark datasets, it provides a 

pathway for AI systems to move beyond organizing predefined categories, and toward genuine 

open-world conceptual discovery: the identification and definition of truly novel categories in 

entirely unknown data. 

In natural language generation, our results reveal how explicit structural awareness can directly 

discipline and enhance generative processes. The quantitative evaluation demonstrates that SHC-

derived constraints do not merely nudge lexical output but induce a systematic shift toward higher-

quality discourse. The 87.5% improvement in METEOR score signifies a leap in semantic 

faithfulness and fluency, directly countering the vague or inconsistent phrasing typical of 

unconstrained expansions. Crucially, the extraordinary near-nine-fold increase in ROUGE-2 F1-

score (from 0.0257 to 0.2429) is particularly telling: it demonstrates a dramatic gain in phrasal 

coherence, indicating that the model learns to build new content that connects logically at a local 

syntactic level. This pattern of “constrained creativity”, where thematic consistency is maintained 

alongside appropriate lexical variation, successfully mitigates the semantic drift that plagues multi-



turn LLM generation. It provides a concrete mechanism by which explicit hierarchical 

representations can scaffold coherent long-form reasoning. 

Our findings collectively suggest that a key limitation of current AI systems in advanced 

reasoning may stem not from a deficit in pattern recognition, but from a lack of principled 

mechanisms for structural self-organization and self-discipline. By introducing SCEntropy as a 

universal measure of structural disorder and SHC as an algorithm for complexity-constrained 

building, we provide AI with the tools to autonomously develop and utilize hierarchical 

representations that reflect the intrinsic architecture of information. This dual advance in structural 

discovery (inductive organization) and structural control (deductive guidance) enables a more 

holistic form of machine intelligence—one that does not merely process data but comprehends and 

manipulates the relational fabric that gives data meaning. 

Considerations and Future Directions 

Several considerations and limitations warrant attention, pointing to fruitful avenues for future 

research. 

First, we address the choice of baseline comparisons. In this work, we selected classical 

agglomerative clustering methods as our primary baselines. This decision was strategic: these 

algorithms are well-understood, and their fundamental operating principle, which is greedy, 

pairwise merging based on local similarity, stands in direct, clear contrast to SHC's principle of 

global structural complexity management for multi-branch growth. This contrast allows for a purer 

evaluation of the intrinsic value of the SCEntropy principle itself.  

Furthermore, this principled approach distinguishes SCEntropy from other contemporary 

paradigms for structural discovery. For instance, neuro-symbolic methods12 often integrate neural 



networks with symbolic reasoning and knowledge graphs, requiring pre-defined logical rules or 

schema. In contrast, SCEntropy provides a foundation for structural discovery that is purely based 

on information-theoretic measurement, emerging directly from the data's relational fabric without 

requiring symbolic representations. Similarly, while deep clustering methods42 excel at learning 

powerful representations, their hierarchical construction often remains reliant on sequential, binary 

merging paradigms. SHC complements these approaches by introducing a fundamentally different 

organizational principle, namely global structural complexity management. This principle could be 

integrated with learned representations in future work to jointly optimize for feature learning and 

coherent structure formation. 

While deep clustering methods have achieved impressive results by learning powerful 

representations, the hierarchical construction process in many of these approaches still often relies 

on a sequential, binary merging paradigm or post-hoc processing of learned flat clusters. A highly 

valuable direction for future work is the integration of the SCEntropy principle with deep 

representation learning, potentially creating architectures that learn features optimized for structural 

coherence from the outset. 

Second, the computational complexity of the current SCEntropy calculation, which scales with 

the fourth power of the set size O(N⁴), presents a challenge for scaling to extremely large datasets 

(A detailed Analysis of computational complexity is provided in the Supplementary Information 

(Section 3.2)). This is a recognized trade-off for achieving high-fidelity structural discovery. We 

envision several paths to mitigate this. Future work will explore efficient approximations, such as 

sampling-based estimation of the similarity variance or leveraging low-rank approximations of the 

similarity matrix. Furthermore, in many practical applications, such as the class-level clustering and 



sentence-level structuring demonstrated here, the number of conceptual elements is manageable. 

The scalability challenge thus does not diminish the utility of SCEntropy as a powerful tool for 

understanding and organizing medium-scale conceptual spaces, a critical step in developing 

structural reasoning. 

Beyond these considerations, the current formulation of SCEntropy relies on second-order 

relational patterns, potentially missing higher-order interactions that could further enrich structural 

understanding. Developing more sophisticated complexity measures that capture these higher-order 

relationships would provide a more comprehensive framework for structural analysis. 

Future work should explore the integration of SCEntropy with neural-symbolic reasoning 

frameworks, where structural representations could guide both perceptual processing and logical 

inference. A promising direction for developing more generally intelligent systems is the application 

of these principles to other AI domains, particularly reinforcement learning for hierarchical task 

decomposition and knowledge graph organization. Furthermore, investigating the neural correlates 

of structural complexity entropy in biological intelligence could provide insights into the 

fundamental principles of structured information processing across natural and artificial systems. 

In conclusion, SCEntropy provides a unified framework for quantifying, discovering, and 

utilizing hierarchical organization in complex information. By enabling AI systems to autonomously 

reason about structural relationships, we move closer to machines that not only recognize patterns 

but understand how those patterns are organized—a crucial step toward artificial intelligence that 

truly comprehends, rather than merely processes, the complex structure of information in our world. 

Methods 

Experimental Setup 



Image Clustering Experiments: We evaluated our SHC algorithm on the FashionMNIST33, 

CIFAR-1034, and CIFAR-10034 datasets to demonstrate its efficacy in visual concept discovery. As 

baseline methods for comparison, we employed standard agglomerative hierarchical clustering with 

Ward, Average, and Complete linkage criteria36. The primary metric for evaluating the quality of the 

resulting conceptual hierarchies was our proposed Hierarchical Semantic Coherence (HSC) score, 

defined in Equation (4) of the main text. 

Language Generation: A dataset of 100 complex questions spanning diverse domains such as 

technology, culture, and ethics was constructed. The initial response for each question was generated 

by calling the Zhipu.AI (GLM-4, https://www.zhipuai.cn/en/) API without any specific prompting. 

The generated content was then evaluated using BERTScore43 (reporting Precision, Recall, and F1), 

ROUGE44 (1, 2, L), and METEOR45 to systematically compare outputs generated with and without 

structural constraints derived from SHC. For the constrained generation tasks, the DeepSeek-R1 

model was utilized. 

Feature Extraction and SCEntropy Calculation 

For feature extraction in the image clustering experiments, we used a ResNet-50 model pre-

trained on ImageNet46, which was subsequently fine-tuned on each specific experimental dataset 

(FashionMNIST, CIFAR-10, CIFAR-100). After fine-tuning, features for each image were extracted 

using this model. The feature representation for an entire image class was then defined as the 

centroid (mean) of the feature vectors of all images within that class. For the natural language 

generation experiments, each sentence was treated as a distinct element, and its feature vector was 

obtained using the Sentence-BERT model47, specifically the all-MiniLM-L6-v2 variant. 

The normalized similarity ௜ܵ,௝  between two elements (whether image classes or sentences) 



with feature vectors ௜ܸand ௝ܸ was calculated based on cosine similarity:  

௜ܵ,௝ = 0.5 × (1 − )𝑛݁݅ݏ݋ܿ ௜ܸ , ௝ܸ  )).      (5) 

This formulation ensures that ௜ܵ,௝ lies within the interval [0, 1], meeting the requirement for 

SCEntropy calculation. The Structural Complexity Entropy (SCEntropy) for a set was then 

computed according to Equation (1) in the main text. For computational efficiency, the calculation 

iterated only over the upper triangular part of the similarity matrix to avoid redundant computations. 

Selection of the SCEntropy Threshold 

The SCEntropy threshold ܪ௧ℎ is a key parameter governing the granularity of the hierarchies 

produced by SHC. For the image clustering experiments on FashionMNIST, CIFAR-10, and 

CIFAR-100, where clustering was performed on the class-level features (centroids), the thresholds 

were set as follows: ܪ௧ℎ = 0.4 for FashionMNIST and CIFAR-10, and ܪ௧ℎ = 6 for CIFAR-100. 

These values were determined by a principled heuristic: we identified a putative "minimal cluster" 

(a coherent group of classes) and calculated its SCEntropy.  

In the second image clustering experiment on CIFAR-100 (Fig. 3), we aimed to validate that a 

universal principle, derived from the data itself, could effectively govern the construction of the 

global hierarchy. To this end, we did not use a single fixed threshold. Instead, for each of the 20 

human-defined superclasses (e.g., "fish", "flowers"), we calculated its intrinsic 

SCEntropy,  ௦௨௣௘௥௖௟௔௦௦ , as the global clustering threshold, which represents the structuralܪ 

complexity of a known, coherent semantic concept. 

For the natural language generation experiments, the SCEntropy threshold was empirically set 

to a fixed value of ܪ௧ℎ = 1. 

Text Generation with Structural Constraints 



The process for applying SHC-derived structural constraints to guide text generation involved 

the following steps: 

Initial Response and Structure Building: The initial answer to a query was generated by the 

base LLM (GLM-4). The SHC algorithm was then applied to the sentence embeddings of this 

response to construct an initial hierarchical content structure tree. 

Target Sentence Selection: For each question, we calculated the perplexity (using a GPT-2 

model) for each sentence in the initial response. The sentence with the highest perplexity was 

selected as the target for content expansion. 

Constrained Expansion and Iterative Refinement:  

a. Initial Expansion: The target sentence was expanded using the LLM (DeepSeek-R1) with 

the prompt:  

"Please ensure the generated expansion sentences maintain similarity to the original sentence 

and guarantee semantic consistency." 

b. Structural Coherence Check: The newly generated sentences were combined with the 

original text, and the SHC algorithm was run again to build a new content structure. The critical 

check was whether the newly generated sentences shared a direct common parent node (one hop up 

in the hierarchy) with the original target sentence in this new structure. 

c. Iterative Correction: If the common parent condition was not met, indicating semantic drift, 

a correction prompt was used to guide the LLM:  

"Please avoid repeating the following phrasing, and generate content that is semantically closer 

to the target sentence: {previous_content[-1]}" 

Here, previous_content[-1] refers to the last generated sentence that failed the check. This process 



(steps a-c) was repeated iteratively until all newly generated sentences shared a direct common 

parent node with the original target sentence, ensuring the preservation of thematic coherence within 

the discovered hierarchical structure. 

Code Repository Declaration 

All code necessary to reproduce the experiments, implement the Structural Complexity 

Entropy (SCEntropy) metric, and run the Structural Hierarchical Clustering (SHC) algorithm is 

publicly available at: https://github.com/SCEntropy/SCEntropy_master 
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