
Theoretical and Technical Foundations of IGS 

Technical Foundations of Artificial Intelligence Systems 

While regulatory frameworks establish the external obligations that govern organizational 
use of AI, they do not account for the underlying technical behaviors that make modern 
systems fundamentally different from traditional software systems. To build effective 
oversight, ethical AI committees and auditors must not only understand what regulators 
require but also be able to comprehend how AI systems operate and where risks arise from 
those operations. Modern AI, especially transformer-based and agentic systems, works on 
statistical, probabilistic, and, therefore, sometimes, unpredictable ways. Understanding 
these foundations is essential for designing governance structures that correctly interpret 
model behavior, audit risk, and supervise autonomous decision making.  

The following concepts from artificial intelligence systems, machine learning, and neural 
networks, form the technical basis for IGS. They do not require deep mathematical 
knowledge or computer theory; instead, they are presented in a way to provide a functional 
understanding of how these systems behave and why governance must be layered, 
traceable, and continuously monitored. 

Overview  

AI model outputs are generated through probabilistic inference over learned data 
distributions and do not constitute deterministic factual reasoning. Outputs therefore 
reflect estimated likelihood rather than verified truth claims. Governance mechanisms 
predicated solely on outcome validation are insufficient and lead to internal systemic rot. 
The Integrated Governance Stack (IGS) implements process-level oversight designed to 
trace, interpret, and regulate probabilistic model behavior across generation, confidence, 
and decision pathways. 

1. Transformers 

Transformers form the architectural backbone of contemporary large language models, 
replacing sequential processing with parallel attention mechanisms that weigh 
relationships between all input elements simultaneously. This enables multi-step 
reasoning chains, context coherence along long-range dependencies, structured 
actions in multi-agent systems, and dynamic patterns rather than fixed-state rules. 
Transformers ability to operate within sophisticated and nuanced ecosystems also 
introduce non-linear complexity where small input perturbations can cascade into 
disproportionate output shifts.  

2. Latent Space 



Latent space is a high-dimensional internal manifold into which raw data, such as 
concepts, relationships, and patterns, are compressed numerically into conceptual 
relationships rather than symbolic knowledge. In latent space, similar ideas form 
clusters, related concepts exist proximately, unrelated or conflicting concepts remain 
isolated, and the model navigates this mathematical space to determine what output is 
best fit for the given input. Points in this space encode meaning, yet the geometry 
remains largely opaque and non-Euclidean. The continuous, interpolated nature of 
these latent representations create the space for unintended conceptual drift, bias and 
stereotype persistence, and repetition of specific model degradations.   

3. Attractor Basins 

Within latent space, attractor basins are stable regions toward which nearby states 
converge during inference, shaping consistent model responses to similar prompts. 
These topological areas emerge from training dynamics rather than deliberate design, 
creating deep grooves of probabilistic preferences. As iterative interactions deepen 
these basins, errors can harden into normalized behaviors and failure modes can 
expand across user sets. 

4. Tokens, Token Prediction, Probabilistic Sampling, and Verbalized Sampling 

Tokens are the smallest discrete units of information processed by the model. At each 
generation step, the model performs token prediction by assigning a probability 
distribution across a vast vocabulary of possible next tokens based on prior training. 
Sampling strategies (such as greedy decoding, temperature adjustment, top-k 
sampling, or nucleus (top-p) sampling) convert these probability distributions into 
discrete output sequences, directly influencing variability, determinism, and risk of 
divergence in generated responses. 

Verbalized sampling refers to cases in which internal reasoning trajectories are 
expressed through natural language output rather than remaining hidden to latent 
internal states. Because these trajectories are generated through probabilistic 
sampling, verbalized reasoning may surface low-probability pathways that would 
otherwise remain unseen. Additional exposure introduces stochastic amplification 
effects, in which unlikely but high-impact token sequences can disproportionately 
influence downstream outputs, increasing the likelihood of undesirable probabilistic 
pathways. 

5. Reinforcement Loops 

Reinforcement loops arise when model outputs feed back into training, evaluation, or 
deployment environments, creating self-reinforcing cycles that amplify initial 



tendencies. Such loops can accelerate capability growth or entrench harmful patterns 
without explicit human intent. These dynamic feedback effects require continuous 
monitoring of input-output cycles to prevent runaway amplification, strengthening of 
misaligned behaviors, and value drift. 

6. RLHF 

Reinforcement Learning from Human Feedback (RLHF) aligns models by optimizing a 
reward model derived from human preference rankings rather than ground-truth 
objectives. This process introduces subjective human values into probabilistic policy 
gradients, often masking misalignments behind superficial coherence. Final output 
metrics overlook the indirect, proxy-driven nature of RLHF objectives, necessitating the 
inspection of model preferred datasets and reward model fidelity. 

7. Recursive Learning 

Recursive Learning occurs when a model iteratively refines its own outputs or trains on 
data partially generated by prior versions, compounding internal reasoning patterns 
across iterative generations. This self-referential process can rapidly concentrated 
capabilities or errors, as well as result in unexpected emergent patterns and harmful 
reinforcement cycles. Models should be governed in totality, not isolation to account 
for recursive inheritance, requiring lineage tracking and differential analysis across 
consecutive versions.  

8. Context Windows and Memory Constraints 

Context windows impose a fixed token limit on the input sequence a model can process 
simultaneously, forcing compression or truncation of prior information and creating 
artificial memory constraints. Beyond this boundary, earlier context is effectively 
forgotten, affecting workflows and how agentic systems maintain state. Assumptions of 
persistent statefulness across interactions ignore these hard architectural restrictions, 
mandating explicit mechanisms for long-term memory or context summarization to 
mitigate continuity and coherence risks. 

9. Vector Databases and RAG 

Retrieval-Augmented Generation (RAG) augments models by querying external vector 
databases of embedded documents, injecting retrieved chunks into the context 
window to ground and frame responses. This hybrid architecture shifts reliance from 
pure parametric memory to dynamic retrieval, enabling reduction of hallucinations, 
updates of systems without retraining, and truthfulness in regulated settings; this also 
introduces new failure modes in embedding alignment and ranking. Governance must 



extend beyond the core model to encompass all relevant retrieval corpora, index 
freshness, and similarity thresholds. 

10. Data Provenance 

Data provenance tracks the origin, transformation, and licensing history of all data 
ingested during training; in large-scale pretraining, this lineage is frequently obscured or 
irreversibly mixed, leading to absence of granular provenance. Regulatory approaches 
focused solely on model outputs neglect this foundational transparency that is required 
for auditable data pipelines. 

11. Distribution Shifts 

Distribution shifts occur when the conditions of deployment diverge from the original 
training data, causing probabilistic predictions to degrade unpredictably outside 
explicitly reinforced patterns. Models exhibit graceful in-distribution performance but 
become brittle during processes requiring extrapolation of data. Examples of 
distribution shifts include new cultural terminology not seen during training, changes in 
business processes, emerging fraud mitigation tactics, and regulatory changes that 
alter how decisions must be made. The continuously changing environments that AI 
systems operate within requires mandated monitoring for variations and concept drift, 
coupled with mechanisms to detect and respond to out-of-distribution conditions in 
real time instead of during post hoc investigations. 

12. Hallucinations 

Hallucinations manifest within data as confident but factually unsupported outputs 
arising from overgeneralization within the statistical distributions. These reflect gaps or 
inconsistencies in training data, not only in retrieval failures. Regulatory frameworks 
must distinguish probabilitistic fluency from verifiable truth, requiring confidence 
calibrations and uncertainty signaling as core tenets.  

13. Emergent Behaviors 

Emergent behaviors are capabilities or failure modes that appear abruptly at scale, 
while being absent in smaller models despite identical architectures and training 
procedures. These arise from complex interactions across billions of parameters rather 
than through explicit training and programming. Examples include spontaneous 
development of multi-step reasoning, unexpected tool use, intra-agent coordination 
without programming, or failure modes not predicted during training. Threshold effects 
that result in emergent behaviors necessitate AI governance capable of the transparent 
auditability of complex, changing systems, rather than static controls. 



14. Generative Outcomes vs Agentic Outcomes 

Generative Outcomes are single-pass completions conditioned on prompts with no 
autonomous effect, while agentic outcomes arise from iterative, goal-directed loops 
involving long-term planning, tool use, self-critique of outputs, and real operational 
impact. The transition from passive generation to active agency vastly expands the risk 
surface of AI systems through extended interaction horizons. Autonomous systems 
require stricter oversight, tighter feedback loops, and higher governance maturity, 
where the cumulative decisions chains can escape immediate human review and 
escalate to unintended optimization goals. 

15. Safety Layers and Guardrails 

Safety layers and guardrails are post-hoc filters, such as prompt wrappers, refusal 
classifiers, or output scanners, applied on top of base models to suppress undesired or 
harmful content. These layers do not change the underlying model; they regulate the 
interaction between the AI system and the user or environment within which the AI is 
interacting. While these provide rapid mitigation towards explicit circumstances, they 
remain brittle against adversarial bypasses and create a false sense of comprehensive 
control. Guardrails cannot be used as substitutes for intrinsic model alignment and 
must be evaluated for their coverage, robustness, and interaction with users and 
environments. 

16. Chain-of-Thought 

Chain-of-thought elicits the intermediate explanatory steps that mirror the model’s 
internal reasoning, improving coherence and auditability on complex tasks by 
structuring inference within the human readable context window. However, these 
visible chains remain only generated as statistical reports and probability artifacts, not 
factual transcripts. Model assessments must examine not only final outputs but the 
intermediate steps, requiring human verification to avoid over-trust. 

17. Auditable Decision Trees 

Auditable decision trees attempt to extract or impose interpretable rule-based 
approximations onto inherently distributed neural representations, offering human-
readable proxies for black-box decisions; they should include actual operational 
sequences, tool use, agent calls, intermediate states, and triggered critical control 
points. These approximations inevitably sacrifice fidelity for legibility, masking residual 
probabilistic influence. Reliance on these decision trees must acknowledge their status 
as partial distillations of internal architectural matrices and model behavior. 



The technical concepts reviewed in this section highlight several governance critical issues 
associated with modern AI systems. 

1. Artificial intelligence systems outputs are probabilistic, not factual – Oversight must 
evaluate confidence scores contextual reasoning, and decision matrices rather 
than assume internal correctness. 

2. Behavioral tendencies cluster into attractor basins – Certain types of errors or 
biases, that are reinforced through user interactions, become repeatable and 
predictable, requiring structured monitoring. 

3. Reinforcement and recursive learning amplify patterns – For AI systems, patterns 
are neither good nor bad, and these patterns must be bounded and auditable. 

4. Model collapse and hallucinations are a systemic risk – This becomes particularly 
prevalent when AI learns from its own outputs without external oversight, 
underscoring the need for strong data governance. 

5. Verbalized reasoning traces and sampled chain-of-thought provide insight into 
model behaviors – Understanding that these human interpretable explanations are 
artifacts of internal model reasoning and are not mechanistic interpretability of 
deeper internal reasoning patterns is necessary. 

6. Decision-tree reconstruction is required for human readable auditability – This is 
especially pertinent for autonomous systems whose decisions and actions affect 
real-world processes and systems. 

7. Generative outcomes and agentic outcomes require different governance 
intensities. 

Cohesive and coherent human-AI governance frameworks must operate across multiple 
domains and cannot be confined to singular controls, policies, or layers.  Oversight needs 
to integrate across: 

- The Global Layer: Regulatory and Organizational 
- The Relational Layer: Human-AI Oversight and Decision Auditing 
- The Internal Layer: Technical Guardrails and Traceable Infrastructure 

Inclusion of these technological foundations illustrates that ethical alignments, 
auditability, traceability, and shared accountability can be engineered into the systems, 
consistent with emerging global regulatory risk and compliance standards. 

 


