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Abstract 

 

Current AI systems are highly effective at generating fluent and contextually relevant 

outputs, yet they lack a systematic mechanism for determining whether those outputs should 

be trusted. As a result, improvements in model capability and orchestration have increased 

what these systems can produce without proportionally improving their reliability. 

This paper argues that the core limitation of modern AI systems is the absence of a dedicated 

validation layer. While existing approaches focus on enhancing generation through scaling, 

prompting, and agent-based orchestration, they do not provide a structured means of 

evaluating outputs before use. This creates a fundamental gap in system architecture: outputs 

are produced but not internally judged. 

We introduce validation as a first-class architectural component, defined as a structured, 

adversarial process that evaluates generated outputs against objectives, constraints, and 

potential failure conditions. Unlike conventional evaluation methods, validation is embedded 

within the system, operates on each output, and directly determines whether outputs are 

accepted, revised, or rejected. 

We formalise validation as a mechanism consisting of objective anchoring, adversarial 

evaluation, structured judgement, and decision output. Integrated into a system pipeline, 

validation functions as a control point that governs output propagation and enables iterative 

refinement through repair. 

We argue that reliability in AI systems cannot be achieved solely through improvements in 

generation, but instead emerges from structured validation that transforms hidden errors into 

observable risks. This reframes AI system design from generation-centric to validation-

centric architectures, with implications for system reliability, human–AI interaction, and the 

development of trustworthy AI systems. 

 

Section 1 — Introduction 

 

Large language models have introduced a new class of systems capable of generating fluent, 

coherent, and contextually relevant outputs across a wide range of tasks. However, fluency 

has often been mistaken for reliability. In practice, these systems frequently produce outputs 

that are plausible but incorrect, incomplete, or misaligned with real-world constraints (Ji et 

al., 2023). 

This creates a fundamental trust problem. Users are presented with outputs that appear 

authoritative, yet lack any internal mechanism for determining whether they should be 

trusted. As a result, the burden of evaluation is shifted to the human user, who must 

continuously assess correctness, identify hidden assumptions, and verify applicability before 

acting on the output. Over time, this leads to cognitive overload, reduced trust, and unreliable 

human–AI interaction (Glikson & Woolley, 2020). 



The core limitation is not that AI systems generate imperfect outputs, but that they generate 

outputs without a built-in process for judging their reliability. Current systems are 

architecturally designed to produce responses, but not to determine whether those responses 

are valid, consistent, or safe to use. As outputs become more fluent and complex, this absence 

of internal judgement becomes increasingly problematic. 

Existing approaches to improving AI performance focus on increasing model capability, 

refining prompting techniques, and developing more sophisticated orchestration frameworks. 

While these approaches expand what systems can do, they do not address whether the outputs 

produced should be accepted. As a result, capability improves without a corresponding 

improvement in reliability. 

This paper argues that the central limitation of current AI systems is the absence of a 

validation layer: a structured, internal mechanism that evaluates generated outputs before 

they are used. We define validation as an adversarial, systematic process that detects error, 

misalignment, and failure risk by assessing outputs against objectives, constraints, and 

potential real-world conditions. 

AI systems cannot guarantee correctness due to their probabilistic nature. However, they can 

become reliably usable if they include a structured validation layer that systematically detects 

and exposes potential failure before outputs are used. 

The validation mechanisms described in this paper reflect patterns that have emerged through 

the development and analysis of governed AI systems, including documented system 

behaviour in structured interaction records (Sood, 2025a–2026c; Mahdi, 2025). 

This work builds on a broader research program examining the reliability of AI systems 

through governance and structured interaction. To situate the present contribution, we briefly 

outline this lineage and its progression toward the current focus on validation. 

Research Lineage 

This work builds on a series of prior papers that examined the reliability of AI systems 

through the lens of governed, distributed cognition. Earlier work established that reliability 

does not emerge solely from model capability, but from structured system-level processes 

that manage drift, enforce constraints, and enable iterative repair (Sood, 2025a, 2025b, 2025c, 

2025d, 2026a, 2026b, 2026c). 

These systems were characterised by controlled execution pipelines in which outputs are 

generated, evaluated, and revised across successive stages (Sood, 2025a, 2025b, 2025c). 

Within this framework, validation was implicitly present as part of governance, particularly 

in stages responsible for verification and correction. 

However, validation was not previously isolated as an independent system function. The 

present work extends this research by extracting validation from the broader governance 

architecture and formalising it as a distinct layer within AI systems. 

This represents a refinement rather than a departure. While earlier work demonstrated how 

governance enables stability and reliability, this paper clarifies the underlying mechanism 

through which that reliability is achieved. By positioning validation as a first-class 



component, this work provides a more precise account of how AI systems detect, surface, and 

respond to potential failure. 

Research Progression 

The body of work presented in this research program has evolved through three connected 

stages. Initial work identified the reliability gaps in AI systems. Subsequent work introduced 

the governance architecture required to manage those gaps. The present work isolates 

validation as the core mechanism within governance that enables reliable system behaviour 

under uncertainty. Figure 1 summarises this progression. 

 

 

Figure 1 — Evolution of AI System Reliability — From Governance to Validation 

This figure illustrates the progression of the research program. Initial work identified the 

reliability problem in AI systems (Stage 1). Subsequent work built governance frameworks to 

manage this problem (Stage 2). The present paper isolates validation as the core mechanism 

within governance that ultimately enables reliable AI system behaviour (Stage 3). While 

earlier work established governance as a means of controlling system behaviour, the present 

work clarifies that validation functions as the central process through which error is 

detected, risk is surfaced, and reliability is achieved under conditions of uncertainty. 

 



Section 2 — Limits of Current Approaches 

 

Efforts to improve the reliability of AI systems have primarily focused on increasing model 

capability, refining prompting techniques, and developing more sophisticated orchestration 

frameworks. While these approaches have significantly expanded what AI systems can do, 

they do not provide a mechanism for determining whether the outputs produced are reliable. 

As a result, systems have become more capable without becoming proportionally more 

trustworthy. 

One major line of improvement has been model scaling. Larger models trained on more data 

demonstrate improved performance across a wide range of tasks, including reasoning, 

language understanding, and code generation. However, scaling does not eliminate error 

(Bender et al., 2021). Because these systems remain probabilistic in nature, they continue to 

produce incorrect or misleading outputs alongside correct ones. Although scaling can reduce 

the frequency of failure in some cases, it does not provide any mechanism for identifying 

when a specific output is wrong or should not be trusted. 

A second approach focuses on prompting and alignment techniques. Carefully designed 

prompts and instruction strategies can guide models toward more useful and contextually 

appropriate outputs. These techniques can improve consistency and reduce certain classes of 

errors. However, they remain inherently fragile. Small changes in phrasing or context can 

lead to significantly different outputs, and the effectiveness of prompting depends heavily on 

user skill. More importantly, prompting influences how outputs are generated but does not 

introduce any structured process for evaluating whether those outputs are reliable after 

generation. Existing evaluation approaches, such as benchmarks, remain external and do not 

capture real-world reliability (Srivastava et al., 2022). 

A third approach involves the use of agent frameworks and orchestration systems (e.g., Yao 

et al., 2022). These systems structure multi-step workflows, enable tool use, and coordinate 

complex tasks across multiple components. By introducing planning, memory, and execution 

layers, they improve the ability of AI systems to perform extended operations. However, their 

primary focus is on execution rather than evaluation. They enable systems to generate more 

complex outputs but do not inherently determine whether those outputs are valid, coherent, or 

aligned with real-world constraints. 

Across all three approaches, a consistent pattern emerges. Improvements are directed toward 

producing better outputs, but not toward judging those outputs before they are used. As a 

result, the fundamental problem remains unresolved: AI systems can generate increasingly 

sophisticated responses, yet they still lack a built-in mechanism for determining whether 

those responses should be accepted, revised, or rejected. 

 

 

 



 Section 3 — The Missing Validation Layer 

 

The preceding analysis reveals a consistent structural limitation across current AI systems. 

While significant progress has been made in improving the ability to generate outputs, there 

remains no built-in mechanism for determining whether those outputs should be trusted. This 

is not a limitation of capability, but of system design. 

At present, AI systems are architecturally configured to produce responses, but not to 

evaluate them. Generation is treated as the primary function, while judgement is either 

externalised to the user or handled informally through ad hoc processes. As a result, the 

system is incomplete: it can generate increasingly sophisticated outputs, yet lacks the means 

to determine whether those outputs are valid, coherent, or appropriate for use. 

This gap becomes more pronounced as system capability increases. More fluent and complex 

outputs create a stronger appearance of correctness, while simultaneously making errors more 

difficult to detect. In the absence of an internal evaluation mechanism, reliability does not 

scale with capability. Instead, the burden of judgement is transferred to the user, who must 

compensate for the system’s lack of internal scrutiny. 

We argue that this limitation arises from the absence of a dedicated validation layer within AI 

system architecture. A validation layer is a distinct component responsible for evaluating 

generated outputs against their intended objectives, relevant constraints, and potential failure 

conditions before those outputs are accepted for use. Unlike generation mechanisms, which 

aim to produce plausible responses, validation operates by interrogating those responses, 

identifying weaknesses, and surfacing risks. 

Existing approaches to evaluating AI outputs typically treat evaluation as external, optional, 

or retrospective. By contrast, validation as defined here is embedded within the system, 

operates on every output, and directly determines whether that output is accepted for use. 

This distinction shifts validation from a supporting technique to a governing system function 

that controls how outputs propagate through the system. 

The introduction of validation as a first-class architectural component addresses this gap 

directly. Rather than treating evaluation as an external or optional process, validation embeds 

structured scrutiny within the system itself. Outputs are no longer assumed to be usable upon 

generation, but must first pass through a process that determines whether they should be 

accepted, revised, or rejected. 

In this sense, the absence of validation is not a minor deficiency, but a fundamental 

architectural omission. Without a mechanism for internal judgement, improvements in 

generation will continue to increase capability without resolving the problem of reliability. 

Without validation, outputs remain unqualified and cannot be reliably used. AI systems 

therefore operate as generators of unqualified outputs rather than reliable decision-support 

systems. Validation is not an enhancement, but a necessary condition for system reliability. 

 



Section 4 — Defining Validation Systems 

 

Having established the absence of a validation layer as a structural limitation, we now define 

what such a layer entails. A validation system is not an auxiliary feature or post-hoc check, 

but a distinct system function responsible for determining whether generated outputs are 

suitable for use. 

We define an AI validation system as a structured process that evaluates generated outputs 

against their intended objective, relevant constraints, and potential real-world conditions to 

detect error, misalignment, and failure risk before those outputs are accepted. 

Validation differs fundamentally from generation. While generation mechanisms aim to 

produce plausible and contextually appropriate responses, validation systems are designed to 

interrogate those responses. Their purpose is not to improve fluency or optimise surface 

quality, but to assess whether an output meets the conditions required for reliable use. 

Validation also differs from static evaluation methods such as benchmarks or offline testing. 

Rather than operating externally or retrospectively, validation is embedded within the 

execution flow of the system and operates dynamically on each output. It is therefore context-

sensitive, objective-driven, and directly coupled to system behaviour. 

Unlike conventional evaluation methods, which provide descriptive assessments of 

performance, validation produces actionable decisions within the system. It determines 

whether outputs propagate forward, require revision, or are rejected, thereby directly 

influencing system behaviour rather than merely describing it. 

Crucially, validation does not attempt to establish absolute correctness. Given the 

probabilistic nature of AI systems, correctness cannot be guaranteed. Instead, validation 

provides a structured method for identifying and assessing potential failure under uncertainty. 

It transforms implicit risks within an output into explicit, observable issues that can be 

examined and acted upon. 

A validation system can be characterised by four core components. First, objective anchoring 

ensures that evaluation is grounded in the specific goal the output is intended to achieve. 

Second, adversarial evaluation focuses on identifying weaknesses by actively searching for 

hidden assumptions, missing constraints, and potential failure modes. Third, structured 

judgement organises identified issues according to their severity and impact, distinguishing 

between critical flaws and less significant concerns. Fourth, decision output translates this 

assessment into an actionable outcome, determining whether the output should be accepted, 

revised, or rejected. 

Together, these components establish validation as a necessary system function. Rather than 

treating outputs as inherently acceptable, validation requires outputs to pass structured 

scrutiny before they are used, thereby shifting reliability from an assumed property to an 

assessed condition. 

 



  Section 5 — Mechanism of Validation 

 

Validation operates as a structured judgement system that determines whether generated 

outputs can be accepted, revised, or rejected. Rather than functioning as an auxiliary check, it 

serves as the mechanism through which system-level decisions about output usability are 

made. It transforms generated outputs into assessed outcomes, enabling the system to regulate 

its own behaviour under conditions of uncertainty. 

The validation mechanism consists of four interrelated components. 

First, objective anchoring. Validation begins by explicitly grounding the evaluation in the 

intended objective of the output. This ensures that assessment is not performed against 

generic notions of quality, but against the specific goal the output is meant to achieve. By 

maintaining a consistent reference to the objective, this component prevents drift and ensures 

that subsequent evaluation remains contextually relevant. 

Second, adversarial evaluation. Rather than attempting to confirm correctness, the system 

actively searches for weaknesses within the output. This involves identifying hidden 

assumptions, detecting missing constraints, examining the depth and coherence of reasoning, 

and exploring potential failure modes under realistic conditions. The emphasis is on 

uncovering where and how the output could fail, rather than justifying why it appears valid. 

This adversarial stance is central to transforming validation from passive checking into active 

scrutiny. Mechanically, adversarial evaluation involves systematically interrogating outputs 

by generating counterfactual scenarios, identifying unstated assumptions, and testing the 

output against conditions under which it could fail. Rather than confirming correctness, the 

process is structured to surface potential breakdown points and expose hidden weaknesses in 

reasoning or applicability. 

Third, structured judgement. The issues identified during adversarial evaluation are 

organised according to their severity and impact. Critical issues represent fundamental flaws 

that compromise the validity or usability of the output, while non-critical issues indicate areas 

of uncertainty or limited robustness. This categorisation enables the system to move beyond 

unstructured critique and produce interpretable assessments that can inform decision-making. 

Fourth, decision output. The validation process culminates in a clear and actionable 

judgement regarding the output. Rather than presenting a list of observations alone, the 

system determines whether the output is suitable for use, requires revision, or should be 

rejected. This step transforms validation from analysis into system behaviour, enabling 

outputs to be filtered, revised, or iteratively improved based on identified issues. 

Together, these components transform validation from an informal judgement into a system-

level function that governs output acceptance. 

 

 

 



Section 6 — Validation in System Architecture 

 

Having established validation as a distinct mechanism, we now consider its role within the 

broader architecture of AI systems. Validation is not an isolated process, but a functional 

layer that operates within the system’s execution flow, shaping how outputs are accepted, 

revised, or rejected. 

A validation-enabled system can be understood as a sequence of interdependent stages. At a 

high level, this can be represented as: input, generation, validation, and output, with an 

optional repair stage following validation. In this structure, the generation component 

produces a candidate output, while the validation layer evaluates that output before it is 

presented for use. This introduces a critical separation between production and acceptance, 

ensuring that outputs are not treated as valid by default. 

To illustrate how validation operates within system architecture, Figure 2 presents validation 

as a control layer that governs whether generated outputs are accepted, revised, or rejected 

before use. 

 

 
 

Figure 2. Validation as the Control Layer in AI Systems 

This figure illustrates validation as an embedded control layer positioned between generation 

and output. Generated outputs are not accepted by default, but are evaluated through a 



structured validation process that produces explicit decisions: accept, revise, or reject. These 

decisions determine whether outputs are used directly, returned for repair, or discarded. By 

controlling output propagation and enabling iterative refinement, validation transforms AI 

systems from generation-driven pipelines into decision-regulated systems. Outputs are not 

accepted upon generation, but only after validation determines their usability. 

The inclusion of validation alters the behaviour of the system in two important ways. First, it 

introduces a gating function. Outputs are no longer directly surfaced to the user, but are 

filtered through validation, which determines whether they meet a threshold of reliability. 

Second, it enables iterative refinement. When validation identifies critical issues, the system 

can re-enter a generation phase with revised constraints or objectives, producing improved 

outputs over successive cycles. 

This iterative interaction between generation and validation transforms the system from a 

single-pass process into a feedback-driven loop. Rather than relying on one attempt to 

produce a correct result, the system progressively reduces error by exposing and addressing 

weaknesses at each stage. In this way, reliability emerges from controlled iteration rather than 

from the assumption of correctness in any individual output. 

A more structured formulation of this architecture can be expressed as a four-stage cycle: 

planning, execution, validation, and repair. In this formulation, the system first defines or 

interprets an objective (planning), produces an output (execution), evaluates that output 

against objectives and constraints (validation), and, where necessary, revises the output based 

on identified issues (repair). This cycle may repeat iteratively until a satisfactory level of 

reliability is achieved. Crucially, this structure transforms the system from a single-pass 

generation process into a controlled, feedback-driven loop in which outputs are progressively 

refined and assessed before being accepted. 

Within this architecture, validation functions as the control point of the system. Outputs are 

not accepted upon generation, but only after passing validation. System state, downstream 

actions, and user-facing results are all contingent on validation outcomes. In this sense, 

validation governs whether and how outputs propagate through the system, transforming it 

from a generation-driven pipeline into a decision-regulated process. 

This architectural pattern can be implemented in various forms, from simple validation 

checks applied after generation to more tightly integrated loops in which validation 

continuously informs generation. One example of such an implementation is a governed 

execution pipeline, in which outputs are generated, validated, and, if necessary, repaired 

before being accepted. While the specific implementation may vary, the underlying principle 

remains consistent: validation functions as an internal system layer that mediates between 

generation and use. 

By embedding validation within system architecture, reliability is no longer dependent solely 

on model behaviour or user oversight. Instead, it becomes a function of how outputs are 

processed, evaluated, and controlled within the system itself. This shifts AI systems from 

output-producing mechanisms to decision-aware systems capable of managing their own 

uncertainty. 



Governance mechanisms achieve reliability because they embed validation processes that 

continuously evaluate and regulate system outputs. In this sense, validation is the operational 

mechanism through which governance produces stable outcomes. 

The validation mechanism described here is not purely theoretical, but reflects patterns 

observed in structured AI systems that incorporate iterative verification and correction 

processes. In prior work, such mechanisms have appeared in the form of audit stages, 

verification steps, and adversarial challenge protocols embedded within governed execution 

pipelines (Sood, 2025a–2026c; Mahdi, 2025). These implementations demonstrate how 

validation can function in practice as an internal system layer that evaluates and regulates 

outputs before use. 

 

Section 7 — Implications 

 

The introduction of validation as a first-class architectural component has several important 

implications for the design and use of AI systems. 

First, it reframes reliability as a system-level property rather than a model-level property. In 

current approaches, reliability is often assumed to improve as models become more capable. 

However, as shown earlier, increased capability does not eliminate error. By contrast, 

validation-based systems achieve reliability through structured evaluation and control 

mechanisms, allowing systems to operate more dependably even when underlying models 

remain probabilistic and imperfect. 

Second, it introduces a shift in AI system architecture. Traditional architectures are centred 

around generation and, in more advanced systems, orchestration. With the inclusion of 

validation, a new layer is introduced between generation and output. This transforms the 

system from a pipeline that produces responses into one that actively evaluates and regulates 

them. As a result, system design must account not only for how outputs are generated, but 

also for how they are assessed, filtered, and, where necessary, revised before use. 

Third, validation changes the nature of human–AI interaction. In generation-centric systems, 

users are implicitly responsible for evaluating outputs, often without sufficient tools or 

visibility into potential failure. Validation-enabled systems reduce this burden by surfacing 

risks and structuring uncertainty, allowing users to make more informed decisions. This shifts 

the user’s role from that of a constant verifier to that of an informed overseer interacting with 

a system that exposes its own limitations. 

Fourth, validation provides a practical pathway for managing uncertainty in AI systems. 

Rather than attempting to eliminate error entirely, which may be infeasible given the 

probabilistic nature of these models, validation enables systems to operate by identifying, 

structuring, and responding to potential failure. This represents a shift from correctness as an 

absolute requirement to reliability as a managed condition. 

Finally, the introduction of validation as a system layer suggests a broader reorientation of AI 

development priorities. Future systems will need to place greater emphasis on evaluation, 



control, and feedback mechanisms, rather than focusing exclusively on improving generative 

capability. In this context, validation becomes not an auxiliary feature, but a central 

component of how AI systems are designed, deployed, and trusted. 

 

Section 8 — Limitations 

 

Despite the advantages of validation systems, several important limitations must be 

acknowledged. 

First, validation systems that rely on the same underlying model as the generator remain 

subject to shared biases and limitations. Because both generation and validation are 

performed by the same probabilistic system, there is no guarantee that all errors will be 

detected. In some cases, the validation process may overlook flaws or produce incomplete 

assessments, particularly when the underlying model lacks sufficient knowledge or reasoning 

capability. 

Second, validation does not establish absolute correctness. While validation can surface 

hidden assumptions, identify missing constraints, and highlight potential failure modes, it 

cannot guarantee that an output is true or fully accurate. Instead, it provides a structured 

assessment of risk under uncertainty. As a result, outputs that pass validation may still 

contain undetected errors. 

Third, the effectiveness of validation is dependent on its design and implementation. The 

quality of validation outcomes is influenced by how objectives are defined, how adversarial 

evaluation is structured, and how judgement criteria are applied. Poorly designed validation 

processes may produce superficial or incomplete assessments, limiting their usefulness. This 

introduces a dependency on system design quality that must be carefully managed. 

Fourth, validation systems do not replace the need for external verification or domain 

expertise. In high-stakes or specialised contexts, such as legal, medical, or financial decision-

making, additional verification mechanisms and expert oversight remain necessary. 

Validation systems can support these processes by highlighting potential risks, but they 

cannot serve as a sole source of truth. 

Finally, validation introduces additional computational and system complexity. The inclusion 

of iterative validation and repair loops may increase processing time and resource usage, 

particularly in systems that require multiple validation cycles. This creates a trade-off 

between reliability and efficiency that must be considered in practical deployments. 

Taken together, these limitations reinforce the central position of this paper: validation 

improves reliability by making potential failure visible and structured, but does not eliminate 

uncertainty or replace the need for careful system design and external verification where 

required. 

Validation cannot eliminate all forms of uncertainty, particularly unknown or unanticipated 

failure modes. Because validation operates within the limits of available information and 



system design, certain errors may remain undetected. Its role is therefore not to guarantee 

correctness, but to systematically reduce unobserved error and improve decision-making 

under uncertainty. 

 

Section 9 — Conclusion 

 

This paper has argued that the central limitation of current AI systems is not their ability to 

generate outputs, but their inability to determine whether those outputs should be trusted. 

While advances in model capability, prompting, and orchestration have expanded what these 

systems can produce, they have not resolved the underlying issue of reliability. 

We have identified the absence of a validation layer as a fundamental gap in AI system 

architecture. In response, we introduced validation as a first-class system component, defined 

as a structured, adversarial process that evaluates outputs against objectives, constraints, and 

potential failure conditions. By making hidden errors visible and structuring uncertainty, 

validation enables systems to operate more reliably without requiring guarantees of 

correctness. 

We further demonstrated how validation functions both as a mechanism and as an 

architectural layer, transforming AI systems from single-pass generation processes into 

feedback-driven systems capable of iterative refinement. This shift allows reliability to 

emerge from system design rather than from assumptions about model behaviour. 

At the same time, validation does not eliminate uncertainty. Systems that rely on probabilistic 

models cannot guarantee correctness, and validation processes remain subject to limitations 

in model capability and system design. However, the introduction of validation changes how 

these limitations are managed, enabling systems to detect, reason about, and respond to 

potential failure in a structured manner. 

Taken together, these contributions support a broader conclusion: the future development of 

AI systems should not focus solely on improving generative capability, but on embedding 

mechanisms for evaluation, control, and feedback. In this context, validation is not an 

auxiliary feature, but a foundational requirement for building reliable and trustworthy AI 

systems. 
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