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Abstract 8 

Contemporary enterprise IT operations are implemented largely atop Shannon–Turing 9 

computing: programs execute read–compute–write cycles over data structures, while 10 

governance (fault handling, configuration control, auditability, and continuity) is applied 11 

externally through infrastructure platforms, observability stacks, and human processes. 12 

This separation scales analytic throughput but accumulates coherence debt: locally expe- 13 

dient commitments whose provenance and revisability degrade until exposed by shocks 14 

(failures, security incidents, regulatory demands, or architectural transitions). We synthe- 15 

size a model evolution that integrates computation with regulation at two distinct levels: 16 

(i) Distributed Intelligent Managed Elements (DIME), which modifies the Turing cycle to 17 

read–check-with-oracle–compute–write by infusing a signaling overlay and FCAPS su- 18 

pervision into computation in progress; and (ii) AMOS, which fully decouples the process 19 

executor from governance by treating any Turing-equivalent engine as a replaceable exe- 20 

cution substrate while elevating knowledge structures—encoded as local and global Dig- 21 

ital Genomes—to first-class operational state in a governed Knowledge Network. We fur- 22 

ther present implementation evidence via a microservice transaction testbed that opera- 23 

tionalizes dynamic topology as data, a capability-oriented control plane, decoupled ap- 24 

plication-layer FCAPS from IaaS/PaaS FCAPS, and policy-selectable consistency/availa- 25 

bility semantics. We argue that the principal benefit of AMOS is not “circumventing” im- 26 

possibility results such as CAP, but governing their trade-offs as explicit commitments 27 

with auditable lineage and controlled convergence back to coherent state. 28 

Keywords: coherence debt; governance; CAP theorem; FCAPS; autonomic computing; 29 

digital genome; knowledge networks; structural machines; DIME; AMOS; service orches- 30 

tration. 31 

 32 

1. Introduction 33 

Big data analytics (BDA) and cognitive computing increasingly sit inside core busi- 34 

ness processes—pricing, credit and fraud decisions, supply-chain actions, personaliza- 35 

tion, and compliance—where outputs are not merely “predictions” but operational com- 36 

mitments with economic, legal, and reputational consequences. There is a compelling 37 

need arising for integrative approaches that connect BDA, AI, and cognitive computing 38 

to business model innovation (BMI) and sustainable value creation, beyond isolated tech- 39 

nical advances. 40 
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Yet most enterprise IT operations remain grounded in an implementation regime 42 

shaped by Shannon–Turing structures: computation is realized as read–compute–write 43 

transformations over data structures, while governance (fault handling, configuration 44 

control, auditability, continuity, and security) is applied externally via IaaS/PaaS controls, 45 

observability tooling, and human incident processes. This separation scales throughput, 46 

but it is structurally weak at reducing operational complexity, because each new layer 47 

added to restore reliability (retries, sidecars, controllers, policy scripts, runbooks) in- 48 

creases indirection while leaving the meaning and warrant of commitments under-speci- 49 

fied inside the computing model. 50 

 51 

A succinct way to name the limitation is the absence of model closure: general-pur- 52 

pose computers can model external physical systems with arbitrary precision, but face 53 

logical constraints when the modeled world includes the computer itself. Cockshott and 54 

colleagues capture this in the observation: “We can use them to deterministically model 55 

any physical system, of which they are not themselves a part.” The operational conse- 56 

quence is practical: when governance remains outside computation, a system cannot na- 57 

tively represent—and therefore cannot reliably govern—the operational context, con- 58 

straints, and commitments that determine safe, explainable behavior under uncertainty. 59 

 60 

This paper focuses on the resulting organizational liability: coherence debt. We de- 61 

fine coherence debt as the accumulated liability created when operational commitments 62 

(decisions encoded in configurations, workflows, policies, model deployments, routing 63 

rules, and automated actions) cannot be reconstructed, criticized, and safely revised be- 64 

cause their justificatory lineage has degraded. Coherence debt increases when the system 65 

fails to preserve (i) provenance (inputs, context, dependencies, versions), (ii) warrant (pol- 66 

icy constraints and reasons that made an action admissible), and (iii) repair obligations 67 

(the required convergence pathway back to intended invariants under partial failure). Co- 68 

herence debt is distinct from technical debt: it is not primarily a code-quality problem, but 69 

a governance-of-commitments problem that manifests as brittle incident response, 70 

opaque AI behavior, costly change failure, and escalating integration complexity. 71 

 72 

The problem becomes acute in distributed big-data systems where partitions and 73 

partial failures are normal. Impossibility results such as CAP do not “go away”; rather, 74 

under Shannon–Turing SOTA they are frequently handled implicitly through timeouts, 75 

retries, and emergent platform behavior, producing accidental divergence and post-hoc 76 

reconciliation. As BDA and cognitive computing are embedded deeper into decision 77 

workflows, this implicitness becomes a barrier to BMI: organizations cannot sustain ex- 78 

plainability, accountability, and regulatory readiness if the governance of commitments 79 

is not first-class. 80 

 81 

Motivated by this gap, we present a coherent evolution of operations models that 82 

integrates computation and regulation at two distinct levels: 83 

 84 

Shannon–Turing SOTA operations, where computation and governance are sepa- 85 

rated and CAP trade-offs often emerge as incident-time surprises. 86 

 87 

DIME (Distributed Intelligent Managed Elements), which modifies execution seman- 88 

tics toward read–check-with-oracle–compute–write by infusing a signaling overlay (ad- 89 

dressing, alerting, mediation, supervision) closer to computation-in-progress, thereby re- 90 

ducing accidental divergence. 91 

 92 
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AMOS, which fully decouples the process executor from governance and elevates 93 

knowledge structures—encoded as local and global Digital Genomes—into a governed 94 

Knowledge Network where workflow regulation is implemented as explicit constraints 95 

(constitution, legislation, self-regulation of form and function). 96 

 97 

Our central claim is deliberately conservative: these models do not violate distributed 98 

impossibility results; rather, they operationalize trade-offs as explicit, auditable commit- 99 

ments with defined degradation and convergence pathways, thereby reducing coherence 100 

debt while improving the reliability and governability required for AI-enabled business 101 

model innovation. 102 

2. Background and Model Evolution: SOTA → DIME → Mindful Ma- 103 

chines (AMOS) 104 

In this section, we will review the evolution of computing structures and their impact 105 

on Coherence Debt in IT Operations. 106 

2.1. Shannon–Turing SOTA IT Operations: Architecture and Structural Shortfalls 107 

Modern “state-of-the-art” enterprise IT operations are largely built on the computing 108 

model shaped by Claude Shannon and Alan Turing: read–compute–write over data struc- 109 

tures, with reliability and governance provided by external control layers. In practice, this 110 

is realized through cloud-native stacks that separate a control plane (desired state, sched- 111 

uling, policy distribution) from a data plane (workload execution and traffic). For exam- 112 

ple, Kubernetes formalizes cluster control-plane controllers and node-level agents to place 113 

and maintain workloads, providing “self-healing” via reconciliation loops. Likewise, ser- 114 

vice meshes such as Istio introduce sidecar proxies in the data plane and a control plane 115 

that programs routing and security policies. 116 

2.1.1. Shortcoming (relevant to complexity and coherence debt). 117 

These architectures excel at scaling compute and managing infrastructure churn, but 118 

they externalize the governance of meaningful commitments—“what must remain true,” 119 

“what counts as an acceptable degraded mode,” “what evidence justified an automated 120 

action,” and “how we converge back to coherence.” As a result: 121 

• Governance becomes a patchwork of infra policies, mesh rules, re- 122 

tries/timeouts, and human runbooks—often non-composable across layers.  123 

• Failure handling is frequently implicit (emergent from timeouts, retries, 124 

backoff, and partial writes), so the enterprise discovers its effective semantics 125 

during incidents rather than selecting them as auditable commitments. 126 

• The system manages “compute and connectivity,” but not the computer and 127 

the computed (the governed knowledge/commitment structures that must 128 

remain stable under uncertainty), which drives operational opacity and es- 129 

calating integration complexity. 130 

This is the architectural pathway by which Shannon–Turing SOTA stacks tend to in- 131 

crease coherence debt as organizations scale BDA and AI into decision workflows. 132 

2.2. DIME Computing: Historical Response to SOTA Shortfalls 133 

The Distributed Intelligent Managed Element (DIME) computing model emerged as 134 

an explicit attempt to address the “externalized governance” problem by infusing FCAPS 135 

(fault, configuration, accounting, performance, security) management into the computing 136 

substrate via a signaling overlay and supervision mechanisms. In DIME, each node re- 137 

mains a conventional executor (a Turing-equivalent process), but it is paired with 138 
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management and signaling structures so the distributed workflow can be governed “in 139 

parallel” with computation.  140 

A canonical expression of this idea is to modify the basic loop from read–compute– 141 

write to a regulated form that resembles read–check(with oracle)–compute–write, in- 142 

spired by Alan Turing’s oracle-machine framing: computation proceeds, but is gated or 143 

supervised by context-sensitive management channels and best-practice “oracle” guid- 144 

ance. 145 

2.2.1. What DIME solved (relative to SOTA). 146 

DIME’s key innovation is architectural: it reduces reliance on ad-hoc external man- 147 

agement layers (hypervisors, after-the-fact scripts, manual interventions) by making su- 148 

pervision and signaling part of the distributed execution fabric. This supports patterns 149 

such as auto-failover, auto-scaling, live migration, and workflow resilience with less ex- 150 

ternal glue code.  151 

2.2.2. Why DIME is still incomplete for “AI-era governance.” 152 

DIME substantially improves managed execution, but it largely remains a managed- 153 

process paradigm: it strengthens FCAPS and supervision around executors, yet does not 154 

fully elevate knowledge/meaning (semantic commitments, warrant, provenance, revision 155 

rules) into first-class operational structures shared across the system. This becomes limit- 156 

ing when enterprises deploy BDA/AI inside workflows that must be explainable, audita- 157 

ble, and revisable as part of business model innovation (BMI). The subsequent evolution 158 

toward Mindful Machines can be understood as closing this gap: moving from “managed 159 

computation” to “governed knowledge-centric commitments.” 160 

(That interpretation is supported by later Mindful Machines work explicitly position- 161 

ing itself as a shift from conventional and agentic AI toward integrated governance, trace- 162 

ability, and self-regulation grounded in knowledge structures.) 163 

2.3. From Data Structures to Knowledge Structures: GTI, BMT, PMK, and Deutsch 164 

Mindful Machines extend the DIME motivation (embed regulation) but shift the ob- 165 

ject of regulation from processes and infrastructure toward knowledge-bearing structures 166 

that govern commitments under uncertainty. 167 

2.3.1. General Theory of Information and operational schemas 168 

Mark Burgin’s General Theory of Information (GTI) provides a broader basis for 169 

treating information/knowledge as more than signal or data. In the Mindful Machines lin- 170 

eage, GTI motivates representing enterprise operations as schemas/structures that can be 171 

reasoned about and governed—not merely as data flowing through compute pipelines.  172 

A concrete step in this direction is the transition “from data processing to knowledge 173 

processing” via operational schemas—structures encoding roles, relations, constraints, 174 

and allowable transformations as manipulable operational artifacts. 175 

2.3.2. Burgin–Mikkilineni Thesis (BMT) and structural machines 176 

The Burgin–Mikkilineni Thesis (BMT) frames autopoietic and cognitive behavior in 177 

artificial systems as requiring multi-level information processing and, axiomatically, effi- 178 

cient realization via structural machines (machines operating on structures, not only sym- 179 

bol strings). This provides the theoretical bridge from “managed executors” to 180 

“knowledge-centric substrates,” consistent with using graphs/networks as first-class com- 181 

puting objects rather than incidental storage 182 

2.3.4. Deutsch: discernible explanations as the unit of knowledge 183 

David Deutsch’s epistemic framework emphasizes explanatory knowledge—good 184 

explanations that are hard to vary and that enable reliable intervention in reality. In this 185 

paper’s framing, Deutsch provides the “why” behind coherence debt: when systems can- 186 

not preserve the explanatory lineage of commitments (what was believed, why it was be- 187 

lieved, what constraints applied, how it can be revised), organizations lose the ability to 188 
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reliably shape outcomes—precisely the failure mode seen when AI outputs are operation- 189 

alized without governance. 190 

2.4. AMOS: Practical Implementation of Mindful Machines 191 

AMOS is presented as an implementation substrate that decouples executors from 192 

governance. Instead of modifying each executor to embed the oracle/FCAPS manager 193 

(DIME’s direction), AMOS treats any Turing-equivalent component as a replaceable pro- 194 

cess execution engine and elevates governance into shared knowledge structures (Digital 195 

Genomes) within a governed knowledge network. 196 

Implementation evidence reported in Mindful Machines work includes: 197 

• A Digital Genome approach for specifying distributed application structure 198 

and behavior, with associative memory and event-driven history for tracea- 199 

bility and adaptive regulation (e.g., video streaming/service continuity).  200 

• An AMOS-orchestrated loan default prediction system demonstrating auto- 201 

poietic regulation (deployment, scaling, recovery), cognitive network man- 202 

agement (connectivity semantics), and workflow preservation under disrup- 203 

tion—explicitly arguing a shift from static prediction pipelines to governed, 204 

knowledge-centric systems.  205 

• Formal grounding that explicitly integrates GTI, BMT, and Deutsch’s epis- 206 

temic stance in the architecture narrative for Mindful Machines.  207 

Net evolution claim (Section 2 synthesis):. 208 

• SOTA (Shannon–Turing): strong execution scale; governance externalized; 209 

coherence debt rises as layers accumulate.  210 

• DIME: governance infused nearer to execution via oracle-like supervision 211 

and FCAPS overlays; reduces ad-hoc external management, but remains cen- 212 

tered on managed processes.  213 

• Mindful Machines (AMOS): governance becomes first-class knowledge 214 

structure (Digital Genomes + event histories + policy constraints), with exec- 215 

utors decoupled and coordinated through a governed knowledge network. 216 

2.5. Bridge to Section 3: AMOS, CAP Trade-offs, and Decoupling “Computer vs. Computed” 217 

Section 3 builds on this evolution to analyze distributed database behavior under 218 

partition: CAP does not disappear, but AMOS reframes CAP as explicit, governable com- 219 

mitments. The key move is the decoupling of the computer (process executors, storage 220 

engines) from the computed (knowledge structures encoding policy, warrant, topology, 221 

and convergence obligations). In this framing, CAP trade-offs become selectable and au- 222 

ditable at the workflow/knowledge-governance layer, rather than being discovered inci- 223 

dent-by-incident as emergent behavior of timeouts, retries, and infrastructure controllers. 224 

If you want, I can rewrite Section 3 in the same style with (i) a CAP taxonomy for 225 

practitioners (where trade-offs “hide” in SOTA), (ii) DIME’s oracle-gated mitigation pat- 226 

terns, and (iii) AMOS policy-encoded convergence workflows, including a clean mapping 227 

to decoupled application-FCAPS vs IaaS/PaaS-FCAPS. 228 

3. AMOS and the Governance of CAP Trade-Offs: Decoupling the 229 

Computer from the Computed 230 

The CAP theorem formalizes a constraint: in a partitioned distributed system, de- 231 

signers cannot simultaneously guarantee consistency and availability. In practice, CAP is 232 

not merely a database property; it is a constraint on enterprise commitments (transactions, 233 

decisions, policy-gated actions) executed across distributed components under partial 234 

failure. When those commitments are made implicitly—through timeouts, retries, default 235 
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replication behavior, and ad-hoc failover scripts—organizations accumulate coherence 236 

debt because they cannot reliably explain what happened, why it was allowed, and how 237 

the system is obligated to converge back to a coherent state. 238 

This section argues that the decisive innovation in AMOS is to treat CAP trade-offs 239 

as governable commitments encoded in knowledge structures, not emergent properties 240 

of “whatever the platform did during the outage.” 241 

3.1. SOTA: CAP Trade-Offs as Emergent Behavior and Incident-Time Surprises 242 

Shannon–Turing SOTA operations typically handle CAP implicitly. Even when 243 

teams intend a “CP” or “AP” posture, the effective posture is often defined by: 244 

• client retry patterns, 245 

• load balancers and service mesh timeouts, 246 

• leader election and failover defaults, 247 

• cache staleness and read fallback, 248 

• asynchronous replication lag, 249 

• and human incident actions. 250 

The result is a familiar operational anti-pattern: the system’s actual semantics are dis- 251 

covered during failures, and then retrofitted into runbooks and postmortems. That is co- 252 

herence debt accumulation by construction. 253 

3.2. DIME: Oracle-Mediated Gating Close to Execution 254 

The DIME computing model arose as a response to this shortfall by embedding man- 255 

agement (FCAPS) into the execution fabric using a signaling overlay and supervised pro- 256 

cess dynamics. DIME prototypes are explicitly described as incorporating FCAPS via a 257 

signaling network overlay and dynamic control of DIME nodes.  258 

Framed as execution semantics, DIME pushes systems toward a regulated loop: 259 

• read → check (oracle/supervision) → compute → write 260 

Operational implication for CAP: DIME does not invalidate CAP, but it reduces ac- 261 

cidental divergence by allowing the “check/supervision” phase to: 262 

• block unsafe mutations during suspected partition conditions, 263 

• force an explicit degraded mode, 264 

• redirect computation to quorum-reachable components, 265 

• and accelerate recovery actions via supervision that is closer to runtime exe- 266 

cution than post-hoc ops tooling. 267 

DIME is therefore best understood as making CAP trade-offs explicitly mediated 268 

near the compute step, rather than left to emergent failure behavior. 269 

3.3. AMOS: CAP as a Governed Commitment in a Knowledge Network 270 

AMOS extends the DIME motivation (integrate regulation) but changes where and 271 

what is regulated. 272 

• DIME integrates regulation into the executor’s runtime loop. 273 

• AMOS decouples the executor and makes the regulated object a knowledge 274 

structure: policies, topology, invariants, provenance, and convergence obli- 275 

gations encoded in Digital Genomes and enforced through workflow regu- 276 

lation. 277 

This approach is articulated in the Mindful Machines implementation literature by 278 

Rao Mikkilineni and W. Patrick Kelly (and coauthors such as Gideon Crawley) as a shift 279 

from treating knowledge as “after-the-fact annotation” to treating it as an organizing sub- 280 

strate that shapes computation 281 

 282 
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3.3.1. Decoupling “computer” vs “computed” 283 

In AMOS, the computer is any process executor (symbolic, sub-symbolic, probabilis- 284 

tic, LLM, rules engine, database engine). The computed is not merely data output; it is the 285 

governed commitment structure: 286 

• what invariants are in force, 287 

• what evidence/policy warranted an action, 288 

• what degradation is permitted, 289 

• and what convergence workflow is mandatory after disruption. 290 

AMOS integrates computer and computed by making the computed commitments 291 

explicit, versioned, and enforceable in a shared governance substrate (local + global Digi- 292 

tal Genome), rather than implicit in emergent platform behavior. 293 

 294 

3.3.2. CAP in AMOS: from “impossibility” to “policy-governed trade space” 295 

Under AMOS, CAP is handled as follows: 296 

• Partition tolerance is assumed (not treated as an exception). 297 

• Consistency vs availability becomes a workflow policy choice, not an acci- 298 

dent: 299 

o some workflows are CP-leaning (block or degrade under partition), 300 

o some are AP-leaning (continue with bounded divergence), 301 

o many are “governed hybrid” (quorum rules, bounded staleness, 302 

compensation). 303 

• Divergence is treated as governed coherence debt, meaning: 304 

o it must be recorded with provenance, 305 

o bounded by explicit rules, 306 

o and reconciled by a defined convergence workflow. 307 

This is the precise, defensible claim: AMOS doesn’t “circumvent CAP”; it operation- 308 

alizes CAP trade-offs as auditable commitments. 309 

3.4. Concrete Mechanisms: How AMOS Implements Governed CAP Trade-Offs (with Evidence) 310 

This subsection maps the AMOS stance to concrete engineering primitives, using 311 

your Transactions/AEM+proxy testbed as an implementation bridge. 312 

 313 

3.4.1. Topology-as-data: governance starts by making structure explicit 314 

AMOS implements governed CAP trade-offs by making the conditions of distributed 315 

commitment explicit and machine-actionable, rather than letting them emerge from 316 

timeouts and retries. In the Transactions/AEM+proxy testbed, this begins with topology- 317 

as-data:  318 

• services ingest runtime connectivity payloads via /network-config, using 319 

typed edges (e.g., API↔AEM, AEM↔proxy) and  320 

• an idempotent guard so the system’s dependency graph is first-class opera- 321 

tional state, not hidden in DNS or deployment YAML.  322 

This matters for CAP because, under partitions, reachability and quorum eligibility 323 

must be computed from governed structure, not guessed from incidental failures. On top 324 

of this explicit structure, the AEM encodes the CAP posture as an explicit commitment 325 

policy—all, quorum, or one—that determines how multi-backend operations are adjudi- 326 

cated: 327 

• all is CP-leaning (commit only if every target succeeds),  328 

• quorum is a governed hybrid (bounded availability with majority agreement), 329 

and  330 
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• one is AP-leaning (prioritize availability while explicitly accepting divergence 331 

and therefore creating a stronger reconciliation obligation).  332 

The key difference from SOTA is that these trade-offs are not implicit in client retry logic; 333 

they are inspectable, auditable workflow rules attached to execution. 334 

 335 

In summary: 336 

1. SOTA tends to realize CAP trade-offs as emergent behavior; coherence debt 337 

accumulates because commitments are not first-class. 338 

2. DIME improves matters by introducing supervised, oracle-mediated gating 339 

closer to execution via a signaling overlay.  340 

3. AMOS/Mindful Machines go further by decoupling executors and elevating 341 

governance into knowledge structures (Digital Genomes + policy-regulated workflows), 342 

making CAP trade-offs explicit, auditable commitments with defined degraded modes 343 

and convergence pathways. 344 

 345 

4. Architectural Design and Implementation of a Capability-Oriented 346 

Distributed Orchestration Framework 347 

The system represents a fundamental shift from traditional database-centric architec- 348 

tures toward a capability-oriented control plane. Legacy designs often require the orches- 349 

tration logic to possess direct knowledge of database types, drivers, and schemas, which 350 

tightly couples logic to storage details and hinders scalability. By introducing generic 351 

Proxy Services, the architecture achieves a clean separation of concerns: the Application 352 

Event Manager (AEM) manages coordination and policy, while the proxies encapsulate 353 

the complexities of specific backends. This allows the system to evolve and extend 354 

through deployment rather than core code modifications, mirroring modern service 355 

meshes and data fabrics. 356 

 357 
The Control and Data Planes 358 

The framework is bifurcated into a Control Plane and a Workload & Measurement 359 

Plane, implemented as a containerized microservice testbed. 360 

4.1.  Database Proxy Services (MySQL and PostgreSQL) 361 

The proxies provide a uniform HTTP control surface, abstracting backend-specific 362 

operations. 363 
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• Lifecycle Management: Proxies support multiple control drivers, including 364 

Docker, systemctl, and no-op modes. 365 

• State Tracking: They monitor granular lifecycle states, including running, 366 

stopped, starting, stopping, and degraded. 367 

• Health and Schema: Proxies execute periodic SELECT 1 queries to verify 368 

reachability and support the auto-creation of transaction tables at startup. 369 

4.2. Application Event Manager (AEM) 370 

The AEM acts as a stateless fanout broker responsible for routing commands and 371 

maintaining target registries. 372 

• Execution Strategies: It supports diverse routing policies, including broad- 373 

cast (all/quorum/one), round-robin, and primary-secondary failover. 374 

• Replication Coordination: The AEM facilitates synchronization between het- 375 

erogeneous engines through replication watermark tracking and incremen- 376 

tal row transfers. 377 

4.3. Database Manager (DB_Manager) and UI 378 

The DB_Manager serves as the primary control plane, coordinating infrastructure 379 

and issuing lifecycle commands. It communicates with a web-based frontend that visual- 380 

izes system state and provides interactive controls. To ensure robustness, the manager can 381 

bypass the AEM and invoke proxies directly if communication fails. 382 

4.4. Dynamic Topology and Service Discovery 383 

To avoid the brittleness of static addressing, the system utilizes Service Environment 384 

Manager (SEM) payloads for runtime configuration. 385 

• Graph-Based Discovery: Services receive a topology payload describing con- 386 

nectivity via typed edges (e.g., API_AEM, AEM_MYSQL). 387 

• Idempotency and Safety: Configuration updates use a config_id guard to 388 

prevent repeated application. State management employs thread-safe locks 389 

to protect registries and lifecycle status during concurrent updates. 390 

 391 

 392 
Table 1: Features and Implementation details 393 

 394 

5. Lessons Learned 395 

This section distills the engineering and conceptual lessons from implementing and 396 

exercising the Transactions testbed, with emphasis on how the design reduces coherence 397 

debt and clarifies CAP trade-offs in practice. 398 

Feature Implementation Detail 

ID Allocation 
Uses a locked, in-memory allocator (NEXT_ID) seeded from the AEM's 
maximum ID to prevent collisions during bursts. 

Fault Isolation 
Wraps upstream failures as HTTP 502 errors to distinguish backend 
issues from local API faults. 

Data Merging 
The UI merges records by ID, displaying MySQL and PostgreSQL 
observations in a single row for consistency analysis. 

Availability 
Signals 

Displays "not available" based on AEM state to prevent misinterpretation 
of missing records. 
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5.1. Make topology a first-class operational artifact or you cannot govern distributed behavior 399 

The most consequential practical shift was treating service connectivity as explicit 400 

state rather than an implicit byproduct of deployment tooling. Implementing /network- 401 

config across services and applying topology payloads idempotently via config_id con- 402 

verted “what depends on what” into inspectable, replayable knowledge.  403 

Lesson: If reachability and dependency are not first-class, CAP behavior becomes an 404 

emergent accident of timeouts and retries, and incident explanations remain narrative ra- 405 

ther than reconstructable. 406 

5.2. The capability/proxy boundary dramatically lowers integration complexity 407 

Encapsulating each database behind a uniform proxy interface eliminated database- 408 

specific handling from the orchestration layer, enabling extensibility by deployment (add 409 

a proxy) instead of orchestration code changes.  410 

Lesson: This boundary is a practical mechanism for transitioning from data-structure 411 

coupling (clients embed storage semantics) to knowledge-structure coupling (clients rea- 412 

son over capabilities and policy). 413 

5.3. Explicit commitment policies (all/quorum/one) turn CAP from incident behavior into design 414 

behavior 415 

Implementing requirement policies in AEM made the “consistency vs availability” 416 

posture explicit and inspectable rather than an implicit outcome of infrastructure defaults.  417 

Lesson: Most organizations already operate with different semantics across work- 418 

flows (e.g., payments vs recommendations). Encoding these differences as explicit policies 419 

is the first step toward governing CAP trade-offs as commitments rather than discovering 420 

them in outages. 421 

5.4. Health checks are necessary but not sufficient—systems need declared degraded states and 422 

admissibility rules 423 

The system benefited from health probing and routing strategies, but the more im- 424 

portant lesson was that “up” and “down” are too coarse. Proxies explicitly tracked lifecy- 425 

cle states including degraded, and surfaced them through health endpoints.  426 

Lesson: To reduce coherence debt, a system must encode admissibility: which oper- 427 

ations are permitted under which states, and what obligations are created (e.g., reconcili- 428 

ation after AP-leaning operation). 429 

5.5. Decoupling application FCAPS from IaaS/PaaS FCAPS enables portability and auditability 430 

By exposing lifecycle controls through multiple actuation drivers (Docker/system- 431 

ctl/no-op), the proxies supported both “self-managed” and “externally managed” data- 432 

bases without changing higher-level policy logic.  433 

Lesson: Substrate self-healing (restart/reschedule) does not address semantic correct- 434 

ness. Application FCAPS must exist above the substrate to govern commitments, espe- 435 

cially when BDA/AI workflows are embedded in operations. 436 

5.6. A stateless coordinator is a strength when coupled to an explicit knowledge substrate 437 

The AEM’s statelessness simplified reliability and scaling while still allowing rich 438 

behavior via explicit configuration (targets + policies).  439 

Lesson: “Intelligence” should not be hidden in mutable coordinator state; it should 440 

live in governed knowledge objects (topology, policy, provenance), which can be ver- 441 

sioned, audited, and replayed. 442 
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5.7. Fallback pathways reduce single-point brittleness and improve explainability during incident 443 

response 444 

Allowing DB_Manager to call proxies directly when AEM is unavailable improved 445 

robustness and reduced “control plane outage cascades.”  446 

Lesson: Incident response often fails because operators cannot act when the control 447 

plane is degraded. Designing explicit fallback control paths reduces coherence debt by 448 

making “how to act during failure” part of the system, not just a runbook. 449 

5.8. Convergence must be treated as a first-class workflow, not a background hope 450 

The testbed’s replication mechanisms (watermarks, incremental transfer) highlight 451 

the core requirement for any AP-leaning behavior: divergence is acceptable only if con- 452 

vergence is governed.  453 

Lesson: In coherence-debt terms, divergence creates an obligation. If the obligation is 454 

not structurally encoded, the organization pays later through manual reconciliation, data 455 

disputes, and compliance risk. 456 

5.9. UI design is part of governance: “Not available” is better than silent absence 457 

The UI explicitly displayed backend “not available” states to prevent misinterpreta- 458 

tion of missing records as semantic absence.  459 

Lesson: Coherence debt often grows through interpretive errors. Operator-facing 460 

surfaces should encode uncertainty and partial failure explicitly to preserve correct rea- 461 

soning. 462 

5.10. Implication for AMOS/Mindful Machines: the testbed identifies the minimum viable “gov- 463 

ernance substrate” 464 

Across experiments, the irreducible set of primitives for coherence-debt reduction 465 

were: 466 

• Topology-as-data with idempotent updates.  467 

• Capability boundaries (proxies) separating orchestration from backend spe- 468 

cifics.  469 

• Explicit commitment policies (all/quorum/one; routing strategies).  470 

• Declared degraded modes + lifecycle state for admissibility.  471 

• Convergence workflows (replication/reconciliation) as obligations.  472 

Lesson: These primitives are sufficient to demonstrate how an AMOS-style approach 473 

can govern CAP trade-offs as auditable commitments and reduce coherence debt without 474 

requiring immediate replacement of existing executors (databases, services, or ML com- 475 

ponents). 476 

6. Conclusions 477 

This paper set out to articulate IT professionals and researchers on an alternative way 478 

to improve IT operations while decreasing coherence debt—especially in enterprises 479 

where big data analytics and cognitive computing are embedded in mission-critical deci- 480 

sion workflows. Aligning with the integrative perspectives connecting BDA, cognitive 481 

computing, and business model innovation, we framed operational reliability not only as 482 

an infrastructure problem, but as a governance-of-commitments problem. 483 

We made three core contributions: 484 

1. A coherent model evolution: We contrasted (i) Shannon–Turing SOTA oper- 485 

ations—where computation and governance are separated and complexity 486 

is managed externally—against (ii) DIME, which reduces accidental diver- 487 

gence by infusing oracle-like supervision and signaling closer to 488 
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computation, and (iii) AMOS/Mindful Machines, which decouple process 489 

executors and elevate governance into knowledge structures (Digital Ge- 490 

nomes) within a governed knowledge network. 491 

2. A conservative, technically defensible CAP claim: We emphasized that CAP 492 

is not “circumvented” but can be governed. AMOS enables explicit, audita- 493 

ble selection of consistency/availability trade-offs as workflow commit- 494 

ments, with defined degraded modes and convergence obligations rather 495 

than incident-time surprises. (users.ece.cmu.edu) 496 

3. Implementation evidence and migration primitives: Using the Transactions 497 

testbed, we demonstrated the minimum operational primitives required to 498 

reduce coherence debt: topology-as-data with idempotent updates, capabil- 499 

ity boundaries via database proxies, explicit commitment policies 500 

(all/quorum/one), declared degraded states and lifecycle admissibility, and 501 

reconciliation mechanisms as first-class convergence workflows. 502 

Taken together, these results support the main thesis: coherence debt is the hidden 503 

limiter of AI-enabled business transformation, and it grows when governance remains 504 

external to computation. DIME reduces coherence debt by moving supervision closer to 505 

the execution loop; AMOS reduces coherence debt more fundamentally by making gov- 506 

ernance a first-class knowledge substrate that decouples the “computer” (executors) from 507 

the “computed” (governed commitments, warrant, and convergence obligations). 508 

6.1. Future Work 509 

Future work is needed across theory, engineering, and empirical evaluation to ad- 510 

vance coherence-debt–aware operations from prototype demonstrations to widely 511 

adoptable enterprise practice. 512 

6.1.1. Formalizing coherence debt metrics and benchmarking protocols 513 

While this paper operationalized coherence debt using practical proxies (decision re- 514 

construction time, provenance completeness, recovery energy), a more rigorous bench- 515 

marking suite should be developed, including: 516 

• standardized failure injection (network partitions, replica loss, partial 517 

writes), 518 

• workload classes (strict consistency vs bounded divergence vs read-only de- 519 

grade), 520 

• and governance maturity measures (policy versioning, audit completeness, 521 

reconciliation determinism). 522 

A useful outcome would be a repeatable benchmark analogous to fault-tolerance test 523 

harnesses, but focused on governance of commitments rather than only throughput or 524 

availability. 525 

6.1.2. Extending Digital Genome expressivity for workflow commitments 526 

The testbed demonstrates policy knobs (requirement policies, routing strategies) and 527 

runtime topology. A next step is to encode a richer Digital Genome schema for: 528 

invariants and admissibility constraints (what must never happen), 529 

• allowable degraded modes per workflow, 530 

• reconciliation obligations (who/what/when/how to converge), 531 

• and explicit provenance fields for warrant and policy lineage. 532 

This would strengthen the “constitution/legislation/self-regulation” layer from con- 533 

ceptual framing into machine-interpretable governance. 534 

6.1.3. Integrating AI/Cognitive components as governed executors 535 

A critical direction for BDCC relevance is to integrate cognitive computing executors 536 

(e.g., retrieval-augmented LLM services, anomaly detectors, forecasting models) as nodes 537 
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in the same governed knowledge network. The key research question is: what additional 538 

governance is required for AI-driven commitments (e.g., confidence thresholds, counter- 539 

factual checks, explanation constraints, and human-in-the-loop escalation policies) to re- 540 

duce coherence debt rather than amplify it? 541 

6.2.4. Multi-region and multi-cloud experiments with explicit CAP policy selection 542 

The Transactions testbed can be extended to: 543 

multi-region deployments with controlled partition scenarios, 544 

heterogeneous latencies and asymmetric partitions, 545 

and different storage replication models. 546 

The goal is to quantify how explicit policy selection (all/quorum/one) and governed 547 

convergence workflows change failure outcomes, reconciliation cost, and decision audita- 548 

bility compared to SOTA defaults. 549 

6.1.5. Security and compliance governance as first-class commitments 550 

The present implementation focuses primarily on fault/config/performance seman- 551 

tics. Future work should add explicit identity, authorization, and compliance policy en- 552 

forcement—particularly: 553 

• signed topology payloads and policy objects, 554 

• provenance integrity guarantees, 555 

• and audit logs suitable for regulatory workflows. 556 

This is essential for demonstrating that coherence debt reductions translate into com- 557 

pliance readiness—directly relevant to BMI and sustainable AI adoption. 558 

6.1.6. Longitudinal field studies linking governance maturity to business model out- 559 

comes 560 

Finally, to connect architecture choices to BMI as requested by the Special Issue, lon- 561 

gitudinal studies should evaluate whether organizations with higher governance ma- 562 

turity exhibit: 563 

• lower incident cost variance, 564 

• lower change failure rate, 565 

• faster time-to-certify AI-enabled workflows, 566 

• and improved trust/retention outcomes attributable to explainable, auditable 567 

operations. 568 

6.3. Closing Remark 569 

The long-term implication is that enterprise advantage shifts from “more analytics” 570 

to better governed commitments. In that sense, AMOS/Mindful Machines propose not 571 

merely an operations toolkit but an evolution of the computing model: a move from ex- 572 

ternally governed Shannon–Turing execution toward knowledge-centric, self-regulating 573 

structural machines that can sustain trustworthy BDA and cognitive computing at scale. 574 
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