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ABSTRACT 



1. INTRODUCTION 











2. FORMAL FRAMEWORK 
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𝑃𝑟𝑒𝑑𝐿 =  𝐻𝑦𝑝{𝐿−1}
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Pr (𝑃𝑟𝑒𝑑 | 𝑜)  =  𝑆𝑈𝑀_ℎ Pr (𝑃𝑟𝑒𝑑 | ℎ) Pr (ℎ | 𝑜)

Pr (ℎ | 𝑜)  =  Pr (𝑜 | ℎ) Pr (ℎ) / 𝑆𝑈𝑀_{ℎ′} Pr (𝑜 | ℎ′) Pr (ℎ′) 
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3. COMPLEXITY ANALYSIS AND TRACTABILITY ENVELOPE 
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Figure 1. Integrated Constrained Predictive Synthesis schematic showing Local MAP Scaffolding (k), 
Selective SUM Refinement (w), and Active Information Control (cost) operating inside a Tractability Envelope 
(bounded treewidth, sparse latents, posterior concentration) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Figure 2. Neural mapping schematic showing how Local MAP Scaffolding, Selective SUM Refinement, and 
Active Information Control map onto cortical motifs and measurable signals such as manifold collapse, 
message passing signatures, and LFP/spike markers, with anatomical anchors and parameter badges k, w, 
and cost 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



4. CPS ARCHITECTURE — ALGORITHMIC PRIMITIVES, 

COMPLEXITY BOUNDS, IMPLEMENTATION OPTIONS 
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5. SIMULATIONS AND COMPUTATIONAL BENCHMARKS — 

SYNTHETIC FAMILIES, METRICS, EXPECTED PATTERNS 
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6. EXPERIMENTAL METHODS AND MATERIALS 
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Figure 3

 

 

 

 

 

 



7.  PREDICTED NEURAL AND BEHAVIORAL SIGNATURES 
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Figure 4. Variance Collapse Diagram: Line plot of EEG variance over time, highlighting frontal electrodes. 

 
 
 
 
 
 
 
 
 
 
 



Figure 5. The network schematic below visualizes the parietal coherence clusters during SUM tasks, centered on the 

Pz electrode. The diagram highlights the strong functional connectivity radiating from the central Pz electrode to 

surrounding parietal (P3, P4) and parieto-occipital (PO3, PO4) sites.  

 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
Figure 5. The dual-axis plot below visualizes the relationship between the cost parameter and two distinct physiological 

measures: probe frequency and frontal theta amplitude.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Probe Frequency (Cyan, Left Axis): Shows a clear downward trend as 
the cost parameter increases, falling from 8.2 Hz at 0.1 cost to 3.4 Hz at 
1.0 cost. 

Frontal Theta Amplitude (Slate Blue, Right Axis): Exhibits a positive 
correlation with cost, increasing from 3.1 µV to 5.0 µV over the same 
range. 

 



CHAPTER 8: DISCUSSION AND RESEARCH AGENDA — 

LIMITATIONS, EXTENSIONS, AND OPEN PROBLEMS 
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