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1. Introduction 
Enterprise language-model adaptation is a systems decision. Retrieval can externalise changing knowledge and provide 

addressable evidence [1], while fine-tuning can alter stable task behaviour. Comparative studies show that the relative advantage 

depends on the type of knowledge, the task, the data, and the evaluation protocol rather than on a universal hierarchy [2], [3]. 

Retrieval-aware tuning further shows that context and weight adaptation can be combined instead of treated as mutually exclusive [4]. 

 

The practical choice has also expanded beyond the four labels used in early enterprise guidance. Context may be supplied as 

bounded long context, standard retrieval, or adaptive and self-reflective retrieval [5]-[9]. Behaviour can be shaped by prompt 

optimisation, constrained decoding, or parameter-efficient adaptation [10]-[19]. Routing, caching, compression, batching, and adapter 

multiplexing can change the cost and latency of the same apparent model choice [20]-[25]. A decision framed only as ‘prompt versus 

RAG versus fine-tuning’ therefore hides the configuration that must actually pass a security review, a load test, and a release gate. 

 

Existing decision aids commonly mix three different questions: whether an option is allowed, whether it is likely to address the 

diagnosed failure, and whether stakeholders prefer its trade-offs. When a legal prohibition or hard latency ceiling is placed in the same 

weighted sum as quality or cost, a strong score elsewhere can compensate for a condition that is not tradeable. Fixed archetype scores 

also create false precision because the score for ‘RAG’ changes with the retriever, corpus, entitlement filter, reranker, model, serving 

region, and refresh process. 

Abstract:  

Enterprises do not choose among prompt engineering, retrieval-augmented generation (RAG), 

fine-tuning, and hybrids in the abstract. They choose deployable combinations of model, context, 

behaviour control, orchestration, and serving under task-specific constraints. This paper presents 

E-LADF 2.0, a design-science decision artefact for configuration-level feasibility, value functions, 

and robustness. It begins with a registered acceptance test, diagnoses the locked baseline, freezes a 

causally plausible configuration shortlist, applies noncompensatory feasibility gates, and then 

combines anchored 0-to-100 value functions with analytic hierarchy process weights. A bounded 

uncertainty analysis perturbs criterion weights and performance values. A configuration is 

recommended only when its worst-case advantage exceeds a predeclared practical difference; 

otherwise the framework returns ‘not separated’ and prescribes a targeted pilot. Five constructed 

scenarios directly supply every partial value, criterion weight, and uncertainty input used in the 

arithmetic and, by design, exercise prompt, RAG, PEFT, hybrid, and abstention outcomes. They 

demonstrate execution, traceability, and edge-case handling, not empirical effectiveness. The 

contribution is a configuration-level procedure that separates constraints from preferences, 

replaces universal archetype scores with case-specific partial values, and treats uncertainty as a 

decision outcome. 

 

Keywords:  

Multi-Criteria Decision Analysis, Enterprise AI, Retrieval-Augmented Generation, Parameter-

Efficient Fine-Tuning, Analytic Hierarchy Process, Robustness, AI Governance. 



*
Karan Nisar [2025]       

Designing a Multi-Criteria Decision Framework for Enterprise Language Model 

Optimization 

 

 

 
170 

This paper asks: RQ1, how can enterprises compare concrete language-model adaptation configurations in a repeatable and 

auditable manner? RQ2, how should hard constraints, stakeholder preferences, measurement uncertainty, and abstention be combined 

without double counting? RQ3, what information must be retained so that a recommendation can be reproduced and revisited? 

 

The revised artefact makes four contributions: 

 A configuration grammar that separates model, context, behaviour, orchestration, and serving levers. 

 Configuration-specific pass, fail, or unresolved gates applied before any preference score. 

 Case-specific 0-to-100 value functions and AHP weights with complete consistency and sensitivity reporting. 

 A robustness and abstention rule that replaces a scale-dependent percentage margin with an absolute, predeclared practical 

difference. 

 

2. Related Work and Decision Scope 
2.1. Adaptation Mechanisms have become Composable 

RAG combines parametric generation with external memory [1]. Later work demonstrates that retrieval can be conditional, 

iterative, or self-critical [5], [6], and that long context and retrieval are complementary design options whose performance varies by 

corpus and query [7]-[9]. Evidence comparing knowledge injection by retrieval and tuning cautions against treating weight 

modification as a simple substitute for current or obscure factual content [2], [3]. RAFT illustrates a hybrid recipe in which tuning 

teaches a model to use retrieved evidence and ignore distractors [4]. An enterprise-oriented synthesis further distinguishes prompting, 

retrieval, PEFT, and hybrid architectures by where task knowledge resides and which component is mutable at run time [26]. E-LADF 

extends that descriptive taxonomy to complete, versioned configurations. 

 

The behaviour lever is equally varied. Automatic prompt optimisation and compiled prompting pipelines can improve an 

inference-only baseline [10]-[12]. Grammar-constrained generation can guarantee syntactic membership or enforce structured output 

without changing model weights [13]-[15]. LoRA and QLoRA reduce the resources needed to train task adapters [16], [17], but fine-

tuning may still change previously learned behaviour and create a versioned model asset that must be tested, served, and rolled back 

[18], [19]. The framework therefore requires constrained generation to be tried before interpreting schema errors as evidence for 

tuning. 

 

Cost and latency are configuration properties. Frugal routing, preference-trained routers, prompt-state reuse, prompt 

compression, efficient structured execution, and multi-adapter serving can materially change the operating frontier [20]-[25]. An 

analytical cost-of-ownership model likewise shows that fine-tuning break-even depends on request volume, input-token price, prompt-

length reduction, and serving commitments, while retrieval is ordinarily justified by freshness, provenance, or accuracy rather than 

intrinsic savings [27]. E-LADF represents these choices on separate levers so that a serving optimisation is not mistaken for a new 

adaptation archetype. 

 

2.2. Evaluation and Security Alter the Feasible Set 

RAG evaluation is modular: retrieval, faithfulness, evidence coverage, citation entailment, and answer utility can fail 

independently [28]-[31]. Model-based judges can be useful but require bias-aware validation and should not silently replace the task 

owner’s acceptance test [32], [33]. A held-out set, temporal separation, and a failure taxonomy are therefore part of the decision 

record rather than a post-selection evaluation plan. 

 

External context creates an attack surface as well as an update mechanism. Knowledge-base poisoning and blocker documents 

can steer or jam retrieval, while indirect prompt injection can cross the boundary between retrieved content and model instructions 

[34]-[36]. The security gate consequently evaluates the exact ingestion, retrieval, tool, and privilege path. ‘Uses RAG’ is neither a 

security pass nor a security failure. 

 

2.3. Governance and Operations 

The NIST AI Risk Management Framework is voluntary and lifecycle-oriented, and its generative-AI profile and secure-

development profile provide risk and control prompts rather than a universal architecture mandate [37]-[39]. The EU AI Act assigns 

obligations by role and system or model category [40]. The July 2025 general-purpose AI guidance and Code of Practice further clarify 
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provider-facing expectations [41], [42]. E-LADF does not infer a blanket citation obligation from these instruments. Evidence 

requirements are activated by the applicable role, use, law, professional rule, contract, or registered acceptance test. 

 

Operational literature consistently treats production ML as a sociotechnical system with data, deployment, monitoring, lineage, 

ownership, change-management, and workflow-standardisation dependencies [43]-[48]. E-LADF converts those general lessons into 

configuration evidence: a data-flow record, asset inventory, load test, threat model, monitoring owner, rollback procedure, and re-

entry triggers. 

 

2.4. Scope 

The unit of analysis is a versioned configuration for one task, deployment boundary, workload, and decision horizon. The 

framework does not rank foundation models in general, interpret legal obligations for the reader, or estimate causal deployment 

outcomes. It structures a decision after the organisation has identified the applicable requirements and produced evidence for the 

candidate configurations. 

 

3. Research Method and Design Objectives 
This study follows the design-science research tradition [49], [50]. Its contribution is an artefact, not an empirically validated 

prediction model. The process comprises problem identification, definition of design objectives, construction of E-LADF 2.0, 

demonstration through composite cases, and analytical evaluation of internal consistency, traceability, and boundary-condition 

handling. MCDA supplies the distinction between alternatives, criteria, value functions, and stakeholder weights [51], [52], while 

sensitivity analysis addresses the dependence of a rank on uncertain judgments [53]. 

 

Six design objectives govern the artefact: 

 Begin with a measurable acceptance test rather than a preferred technology. 

 Represent alternatives as implementable configurations, not broad category labels. 

 Apply legal, contractual, safety, and operational requirements as noncompensatory feasibility constraints. 

 Separate stakeholder preferences from measured or explicitly assumed configuration performance. 

 Propagate uncertainty and decline to select when evidence does not distinguish alternatives. 

 Make the decision revisable when models, prices, workload, sources, requirements, or organisational capabilities change. 

 

4. The E-LADF 2.0 Procedure 
E-LADF 2.0 contains five layers and a lifecycle loop (Figure 1). Layer 0 fixes the decision record and acceptance test. Layer 1 

diagnoses the locked baseline and attributes its failures. Layer 2 generates and freezes a causally plausible configuration shortlist. 

Layer 3 applies configuration-specific feasibility gates. Layer 4 applies the anchored value model, AHP weights, uncertainty analysis, 

and stopping rule. This order prevents preferences from influencing candidate generation and prevents a value score from restoring a 

failed or unresolved configuration. 
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Figure 1. E-LADF 2.0 Decision Flow. Layer 3 Removes Failed Configurations and Suspends Unresolved 

Configurations Pending a Named Evidence-Acquisition Test. Only Configurations that Pass Every 
Activated Gate Enter Layer 4. Lifecycle Triggers Return the Decision to Layer 0 

 

4.1. Configuration-Level Alternatives 

A candidate configuration is represented as follows: 

x = (M, C, B, O, S) 

 

Here M is the base model and immutable version, C is the context mechanism, B is the behaviour-control mechanism, O is the 

orchestration mechanism, and S is the serving arrangement. Data sources, training sets, indexes, tools, deployment locations, retention 

settings, and update processes are attached to the record. A hybrid is any configuration that activates more than one adaptation lever, 

not a fifth indivisible archetype. 

 

Table 1. Configuration Morphology and Minimum Versioned Record 
Lever Permitted values Required record 

Model (M) Named model and immutable version Provider, licence, context limit, release date, 

safety controls, evaluation date 

Context (C) C0 no external context; C1 bounded or long context; 
C2 standard retrieval; C3 adaptive or iterative 

retrieval 

Corpus, chunking, index, entitlement, refresh, 
reranking, evidence linkage 

Behaviour (B) B0 base; B1 prompt or few-shot; B2 constrained 
generation; B3 PEFT; B4 full tuning 

Prompt, schema or grammar, training set, 
objective, adapter or checkpoint 

Orchestration 
(O) 

O0 single call; O1 deterministic workflow or tools; 
O2 router; O3 bounded agent loop 

Tools, permissions, stopping rules, retry policy, 
trace 

Serving (S) Managed shared or private; dedicated tenancy; self-
hosted; hybrid; declared optimisations 

Region, hardware, retention, capacity, caching, 
batching, compression, adapter multiplexing, 

rollback 
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Figure 2. Four Orthogonal Configuration Levers. The Model Version is Fixed Separately, And Only 

Causally Plausible Combinations Enter the Shortlist 
 

The full Cartesian product is not evaluated. The prompt-and-inference baseline remains in the set, after which one lever is 

added at a time when it has a plausible causal relationship to a registered failure. Missing or changing knowledge introduces a context-

bearing candidate. Residual stable behavioural failure introduces PEFT if learning assets are adequate. Deterministic tools precede an 

agent loop when the required action can be specified. Serving optimisations enter when measured latency, throughput, or cost supplies 

the reason. 

 

4.2. Layer 0: Decision Brief and Acceptance Test 

Layer 0 creates the record before any candidate is scored. A candidate that misses a hard threshold is not deployable even if it 

later has the highest aggregate value. Evaluation data used to configure a prompt, retriever, or adapter cannot also serve as the held-

out test set. 

 Business objective, accountable decision owner, user population, operating context, and prohibited uses. 

 Held-out evaluation set with inclusion, exclusion, temporal-split, adjudication, and leakage rules. 

 Primary task metric plus hard quality, behavioural, safety, evidence, latency, capacity, and availability thresholds. 

 Forecast workload, concurrency, input and output length, traffic shape, and decision horizon. 

 Data and source inventory with sensitivity, ownership, permitted purposes, retention, residency, deletion, and update cadence. 

 Locked inference-only baseline including permitted few-shot examples and constrained generation. 

 Failure taxonomy separating missing knowledge, stale knowledge, retrieval, behaviour, schema, safety, orchestration, and 

serving failures. 

 Predeclared value anchors, stakeholder roles, weighting hierarchy, practical-difference threshold, and uncertainty set. 

 

4.3. Layers 1 and 2: Diagnostic Profile, Candidate Generation, and Shortlist Freeze 

Diagnostics generate configurations but do not determine the winner and are not entered again as preference criteria. For each 

authoritative source s, the knowledge profile reports three anchored components: material-change frequency Uₛ, required propagation 

time Lₛ, and the consequence Cₛ of acting on superseded content. If a scalar is useful for triage, it may be recorded per source as KVIₛ = 

(Uₛ + Lₛ + Cₛ)/3. The component vector remains primary, and unrelated sources are not averaged because a benign source could 

conceal a safety-critical one. 
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Behavioural specificity is measured only after the locked inference-only baseline receives all facts needed for the task and uses 

permitted prompt optimisation and constrained decoding. Blinded reviewers classify residual schema, style or register, and procedural 

failures. The reported behavioural-failure proportion includes sample size, confidence interval, reviewer agreement, and adjudication 

rule. A schema failure corrected by grammar-constrained generation is not evidence for tuning. 

 

Table 2. Diagnostic Anchors Used to Generate, Not Rank, Candidate Configurations 
Score Material-change 

interval U 
Required 

propagation time L 
Staleness consequence C Residual behavioural-

failure rate 

0 >365 days >90 days No material decision effect ≤2% 

25 91-365 days 31-90 days Minor and readily reversible >2% to 5% 

50 31-90 days 8-30 days Material but reversible >5% to 10% 

75 2-30 days 1-7 days Major financial, service, or 
professional consequence 

>10% to 20% 

100 ≤1 day or continuous <24 hours Safety, legal, or difficult-to-reverse 

consequence 

>20% 

 

For demonstration, define Kₛ = 1 when max(Uₛ, Lₛ, Cₛ) ≥ 50. Define Bₛ = 1 when the behavioural-failure score is at least 50 or its 

95% confidence interval crosses the 5% boundary. P is always generated, R is added when Kₛ = 1, F when Bₛ = 1, and H when both 

triggers are active. Feasibility gates are applied afterward. These midpoints are transparent design inputs, not empirically validated 

universal cutoffs. 

 

Layer 2 converts each generated code into a complete versioned record x = (M, C, B, O, S), attaches the relevant data, index, 

adapter, region, retention, telemetry, and rollback records, and freezes the shortlist before weights or values are revealed. In the 

constructed demonstration, P, R, F, and H remain templates and all gate results are explicitly labelled assumptions. A field decision 

cannot gate an incomplete configuration record. 

 

4.4. Layer 3: Configuration-Specific Feasibility Gates 

Each gate returns pass, fail, or unresolved. Any fail excludes the configuration before weighting. An unresolved gate suspends it 

pending a named evidence-acquisition test. Unknown is never treated as pass. The gates are noncompensatory relative to preferences 

but need not be evaluated in a fixed order. 

 

Table 3. Configuration-Level Noncompensatory Feasibility Gates 

Gate Noncompensable question Minimum evidence 

G1 Data purpose 
and boundary 

Is every inference, embedding, logging, caching, evaluation, and 
parameter-update flow permitted and inside the required 

residency, retention, and deletion boundary? 

Dataset-by-purpose rights matrix 
plus an end-to-end data-flow 

record 

G2 Evidence and 
provenance 

Can the exact configuration provide and retain the source, 
version, entitlement, and claim linkage required by the decision 

record? 

Citation-coverage and citation-
entailment test, if activated 

G3 Update and 
erasure service 

level 

Can a correction, withdrawal, deletion, or policy change stop 
affecting outputs within the registered interval? 

Measured refresh, purge, rollback, 
or retraining procedure 

G4 Assets and 

operational 
controls 

Do the lawful corpus, training and test sets, versioning, 

monitoring, rollback, incident response, and accountable 
owners exist before release? 

Dataset cards, leakage checks, 

control checklist, tested rollback, 
named owners 

G5 Prototype hard 

thresholds 

Does the complete deployed path meet task, safety, security, p95 

latency, peak-throughput, and availability thresholds? 

Configuration-specific evaluation, 

threat model, adversarial tests, 
and load test 
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G2 is activated only when the registered task has a source-evidence obligation. Plain prompting can pass if the request supplies 

an authoritative record and the system links claims to it. Fine-tuning can pass when tuning uses a separate lawful behavioural dataset 

and current knowledge remains addressable at runtime. Conversely, a nominally self-hosted RAG system can fail G1 if its embedding, 

telemetry, backup, or logging path crosses a prohibited boundary. 

 

4.5. Layer 4a: Anchored Value Functions 

Only configurations that pass all gates and hard acceptance thresholds enter the preference model. The fixed 1-to-5 archetype 

suitability table is replaced by measured or explicitly assumed case-specific performance transformed to a cardinal 0-to-100 partial 

value. 

Benefit:  vᵢ(z) = 0 if z ≤ bᵢ; 100(z - bᵢ)/(aᵢ - bᵢ) if bᵢ < z < aᵢ; 100 if z ≥ aᵢ 

Cost:  vᵢ(z) = 100 if z ≤ aᵢ; 100(bᵢ - z)/(bᵢ - aᵢ) if aᵢ < z < bᵢ; 0 if z ≥ bᵢ 

 

For a benefit criterion, bᵢ is the worst feasible reference and aᵢ the aspiration. For a cost criterion, aᵢ is the aspiration and bᵢ the 

worst feasible reference. Nonlinear or categorical functions may be used when approved before results are revealed. Highly correlated 

criteria are combined or one is removed, and the additive model is used only after stakeholders accept preferential independence. 

 

In a field application, each partial value must be derived from a raw measurement, declared anchors, and a preapproved 

transformation or complete categorical rubric. The constructed demonstration begins at the partial-value stage instead. Its 0-to-100 

values are disclosed synthetic inputs used to demonstrate aggregation, sensitivity, and abstention; they are not transformations of 

observed organisational measurements and do not validate the measurement-to-value step. 

 

Table 4. Reference Criterion Register for Field Applications. The Constructed Demonstration Supplies 

Partial Values Directly 
ID Criterion 0 Anchor 100 Anchor 

C1 Task quality Minimum deployable result Predeclared stretch target 

C2 Behavioural conformance Minimum acceptable schema, style, 
taxonomy, or procedure compliance 

Stretch conformance rate 

C3 Change agility Maximum permitted change-to-deployment 
interval 

Preferred interval 

C4 Traceability and failure 
diagnosability 

Minimum evidence; failures cannot be 
localized 

Material outputs are traceable and 
failures can be localized 

C5 Governance and security 
controllability 

Only mandatory gate controls are 
demonstrated 

Full weighted control set is 
independently verifiable 

C6 Latency headroom p95 equals the hard ceiling p95 meets or improves on the 
preferred target 

C7 Annual operating cost Approved maximum annual cost Preferred cost target 

C8 Time to production Latest acceptable date Preferred production date 

C9 Ongoing operating burden Maximum available annual operating 

capacity 

Preferred operating-effort target 

 

4.6. Layer 4b: AHP Weighting and Aggregate Value 

AHP elicits criterion weights, not alternative performance. Stakeholders compare criteria within a predeclared hierarchy. For a positive 

reciprocal matrix A, the priority vector p is the normalised principal right eigenvector [51]: 

Ap = λₘₐₓp,      ∑ⱼ pⱼ = 1 

CI = (λₘₐₓ - n)/(n - 1),      CR = CI/RIₙ 

 

A field matrix with CR > 0.10 returns to stakeholders for review. When multiple stakeholders participate, their matrices are aggregated 

entrywise by weighted geometric mean before priority extraction, using role weights fixed before elicitation: 

aᴳᵢⱼ = ∏ₕ (a⁽ʰ⁾ᵢⱼ)^(qₕ),      ∑ₕ qₕ = 1 
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The constructed demonstration does not simulate elicitation. It begins with declared synthetic criterion weights and defines 

unrounded reciprocal matrices by aᵢⱼ = wᵢ/wⱼ. These matrices are exactly consistent by construction, so Aw = 9w, λₘₐₓ = 9, and CR = 0. 

This identity demonstrates reproducibility only; it is not evidence of stakeholder agreement or judgment quality. 

V(x) = ∑ᵢ wᵢ vᵢ(zᵢₓ),      ∑ᵢ wᵢ = 1 

 

Table 5. Constructed Scenario Weights. The Corresponding Unrounded Direct-Ratio Matrices are Exactly 
Consistent 

Scenario C1 C2 C3 C4 C5 C6 C7 C8 C9 CR 

Manufacturing .20 .10 .05 .05 .10 .13 .13 .13 .11 .000 

Banking .21 .07 .17 .19 .15 .08 .05 .04 .04 .000 

Healthcare .25 .23 .04 .04 .10 .14 .13 .03 .04 .000 

Legal .25 .19 .13 .16 .10 .05 .03 .03 .06 .000 

Retail .24 .15 .15 .07 .08 .08 .08 .07 .08 .000 
C1-C9 are defined in Table 4. Each row sums to 1.00. A rounded display of the Manufacturing reciprocal matrix appears in Appendix A; 

all matrices use unrounded aᵢⱼ = wᵢ/wⱼ ratios. 

 

4.7. Layer 4c: Uncertainty, Robustness, and Abstention 

The smallest practically meaningful difference ε is declared in absolute points on the anchored value scale before results are inspected. 

The demonstration uses ε = 3.0. Each weight varies by a multiplier mᵢ in [0.8, 1.2] and is renormalised: 

wᵢ(m) = wᵢ⁰mᵢ / ∑ⱼ wⱼ⁰mⱼ,      mᵢ ∈ [0.8, 1.2] 

 

Each criterion value has a symmetric scenario-specific uncertainty half-width uₛ and remains within [0, 100]. For nominal leader t and 

challenger b, the conservative advantage is: 

D⁻ₜ,ᵦ = minₘ ∑ᵢ wᵢ(m)[max(0, vₜᵢ - uₛ) - min(100, vᵦᵢ + uₛ)] 

 

The clipping operators preserve the declared value range. Because the clipped pairwise criterion differences are fixed for a given 

scenario, the objective remains linear-fractional in the weight multipliers. Evaluation of all 2⁹ = 512 corners therefore bounds the 

continuous multiplier box. 

 

The leader is recommended only if D⁻ₜ,ᵦ > ε for every feasible challenger. Otherwise the output is ‘not separated,’ and the pilot 

varies the attribute responsible for the rank reversal. A percentage of the leading score is not used because it depends on the arbitrary 

scale origin. 

 

Table 6. Defined Decision States and Required Outputs 
Condition Required output 

Baseline passes and no alternative is robustly 
better by more than ε 

Retain baseline under the Progressive Adaptation Principle 

One configuration clears every gate and robustly 
dominates 

Recommend the named configuration with validity conditions 

Two or more are not robustly separated Pilot the configurations that differ on the rank-changing uncertainty 

Only one is feasible Report ‘sole demonstrated feasible configuration’; deploy only if it 
passes acceptance 

A gate is unresolved Acquire the specified evidence before scoring 

No candidate is feasible or feasible candidates fail 
acceptance 

No-go or change the task, requirements, deployment boundary, data, 
or candidate set 

All candidates are practically equivalent Report an equivalence set; any lower-commitment tie-break is a policy 
choice, not an MCDA result 
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4.8. Lifecycle Loop and Progressive Adaptation Principle 

Every recommendation records an expiry condition and trigger register. Re-entry occurs when volume crosses a switch point, 

model or token price changes, a base model changes, an update or erasure service level is missed, the task distribution shifts, a new 

legal or security requirement applies, an adversarial test exposes a failure, or a diagnostic component crosses a registered threshold. 

 

Progressive Adaptation Principle. Begin with the lowest-commitment configuration that could plausibly satisfy 

the acceptance test. Escalate only after a measured, reproducible failure has been assigned to a specific lever. Re-

evaluate the complete configuration after each escalation because context, behaviour, orchestration, and serving 

choices interact in operation. 

 

5. Analytical Demonstration 
The framework is demonstrated on five constructed enterprise scenarios. These synthetic records are designed to expose the 

inputs, calculations, gate behaviour, and stopping rule. They are not observations of deployed systems, do not estimate industry 

prevalence, and do not establish comparative effectiveness or empirical validity. All assumed techniques were available by the 31 

October 2025 cutoff. 

 

5.1. Common Protocol and Candidate Configurations 

Each scenario fixes the acceptance test and workload, locks and diagnoses the baseline, generates and freezes candidates, 

applies G1-G5, assigns partial values only to configurations that pass every activated gate, and then executes the value and robustness 

calculations. The four classes in Table 7 are configuration templates rather than products. For each synthetic scenario, the model and 

serving identifiers are held fixed, and Table 10 reports constructed gate assumptions. A field application would replace every code with 

a complete vendor, model version, region, data-flow, corpus, index, adapter, and serving record. 

 

Table 7. Configuration Templates Used in the Constructed Demonstration 
Code Constructed configuration template 

P Versioned prompt, few-shot examples, schema or grammar-constrained generation; 
task records may be supplied directly; no managed retrieval or parameter update 

R P plus access-controlled lexical and vector retrieval, reranking, source identifiers, 
claim-level citations where required, and incremental index refresh 

F P plus a separately versioned PEFT adapter trained on curated task examples; no 

runtime retrieval 

H R plus a PEFT adapter trained with retrieved contexts, including negative or 
distractor contexts; index and adapter remain independently replaceable 

 

Table 8. Constructed Scenario Conditions and Hard Acceptance Thresholds 
Scenario Constructed conditions 

Manufacturing shift 
handover 

25,000 requests/month; p95 ≤2.0 s; 99.5% schema validity; no external-source citation obligation. 
PEFT G4 threshold: 2,000 training and 500 temporally separated tuning-validation examples; 150 

and 30 available. uₛ = 2.0. 

Banking policy QA 300,000 requests/month; p95 ≤3.5 s; policy propagation ≤4 h; source and citation entailment 
≥99% for every material answer. PEFT G4 threshold: 5,000 training and 1,000 tuning-validation 

examples; 8,000 and 1,200 available. uₛ = 1.0. 

Healthcare registry 

abstraction 

1.2 million abstractions/year; private-tenancy PHI processing; p95 ≤1.0 s; macro-F1 ≥96%; schema 

validity ≥99.8%. PEFT G4 threshold: 20,000 training and 5,000 tuning-validation examples; 
100,000 and 20,000 available. uₛ = 1.5. 

Legal contract 

review 

60,000 contracts/year; p95 ≤8 s; issue recall ≥93%; section-level evidence; playbook changes ≤24 

h. PEFT G4 threshold: 10,000 training and 2,000 tuning-validation examples; 30,000 and 5,000 
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available. uₛ = 1.0. 

Retail product 
support 

2 million interactions/month; p95 ≤2.5 s; task success ≥91%; policy and tone conformance ≥98%; 
daily catalogue updates. PEFT G4 threshold: 10,000 training and 2,000 tuning-validation examples; 

24,000 and 6,000 available. uₛ = 1.0. 
PEFT counts are predeclared constructed inputs for lawful, representative, versioned, and temporally separated training and tuning-

validation sets. They exclude the held-out acceptance-test set and are not universal sample-size minima. uₛ is the partial-value 

uncertainty half-width. 

 

Table 9. Constructed Diagnostic Profiles and Generated Candidate Sets 

Scenario U L C KVI Residual Behavioural 
Failure after Locked P 

Baseline 

B Score Generated 
Set 

Manufacturing 25 
180 
d 

50 
14 d 

50 
material, 
reversible 

41.7 29/600 = 4.8% 
95% CI 3.4-6.9% 

25* P, R, F, H 

Banking 75 
14 d 

100 
4 h 

75 
major service 

83.3 80/1,000 = 8.0% 
95% CI 6.5-9.8% 

50 P, R, F, H 

Healthcare 25 

180 
d 

25 

60 
d 

25 

minor, 
reversible 

25.0 140/1,000 = 14.0% 

95% CI 12.0-16.3% 

75 P, F 

Legal 75 

14 d 

100 

12 h 

75 

major 
professional 

83.3 136/800 = 17.0% 

95% CI 14.6-19.8% 

75 P, R, F, H 

Retail 100 

1 d 

100 

12 h 

50 

material, 
reversible 

83.3 156/1,200 = 13.0% 

95% CI 11.2-15.0% 

75 P, R, F, H 

KVI = (U + L + C)/3. P is always generated; R follows a knowledge trigger, F a behaviour trigger, and H both. *Manufacturing scores 

25 by its point estimate, but the 95% interval crosses the 5% boundary, so PEFT-bearing candidates are retained. Gates are applied 

only after generation. 

 

Table 10. Constructed Feasibility Assumptions. Failed or Non-Generated Configurations Receive No 

Numerical Score 
Scenario P R F H Reason for exclusion 

Manufacturing Pass Pass Fail G4 Fail G4 150 training and 30 tuning-validation examples are 
below the predeclared 2,000 and 500 PEFT thresholds 

Banking Fail 
G2/G3 

Pass Fail 
G2/G3 

Pass P and F cannot meet clause-level evidence or four-
hour propagation 

Healthcare Pass Not 
generated 

Pass Not 
generated 

The diagnostic profile activates behaviour adaptation 
but not external context 

Legal Fail G2 Pass Fail 
G2/G3 

Pass P and F cannot meet section evidence; F also cannot 
update within 24 hours 

Retail Pass Pass Pass Pass All configurations satisfy the constructed gates 
 

5.2. Complete Criterion Values and Results 

Table 11 reports every synthetic partial value used in the demonstration. These values are direct assumptions on the anchored 

0-to-100 scale, not measurements transformed from operating data. Consequently, the nominal totals and robustness calculations are 
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reproducible, but the demonstration does not evaluate or validate the transformation from raw evidence to partial value. Table 12 

reports the nominal and worst-case pairwise gaps. 

 

Table 11. Complete Partial-Value Matrix and Reproducible Weighted Totals for Feasible Configurations 
Scenario Cfg C1 C2 C3 C4 C5 C6 C7 C8 C9 V 

Manufacturing P 86 92 90 70 88 92 95 95 94 90.20 

Manufacturing R 84 92 88 85 78 70 72 68 65 76.90 

Banking R 91 85 96 96 92 72 72 72 70 88.46 

Banking H 94 95 91 94 78 58 48 38 40 81.58 

Healthcare P 73 76 92 70 88 88 80 92 90 80.09 

Healthcare F 95 98 68 60 80 94 96 60 74 89.81 

Legal R 80 65 95 96 90 66 62 60 65 79.92 

Legal H 99 99 93 97 85 58 52 42 48 88.27 

Retail P 65 70 60 50 84 90 88 92 90 73.20 

Retail R 89 84 96 90 88 68 70 72 68 83.22 

Retail F 78 92 50 40 74 88 86 58 65 71.92 

Retail H 97 98 94 92 80 66 66 55 60 84.13 
V is the weighted total using Table 5. Totals are rounded to two decimals. No value is shown for a configuration that failed or was not 

generated in Table 10. 

 

Table 12. Outcome of the Bounded Robustness Analysis 
Scenario Feasible set Leader Runner-up Gap Robust gap Decision 

Manufacturing P, R P R 13.30 6.94 Prompt + constraints 

Banking R, H R H 6.88 3.17 RAG 

Healthcare P, F F P 9.72 3.91 PEFT 

Legal R, H H R 8.35 3.41 Hybrid 

Retail P, R, F, H H R 0.91 -2.56 Not separated: pilot R/H 
ε = 3.0. Score uncertainty half-width uₛ is 2.0 for Manufacturing, 1.0 for Banking, 1.5 for Healthcare, 1.0 for Legal, and 1.0 for Retail. 

 

 
Figure 3. Nominal Leader and Runner-Up Values. Retail’s Numerical Leader is not recommended because 

its Robust Gap is below Ε 
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5.3. Scenario Interpretations 

 Manufacturing: prompt and constrained generation: The task is stable, structured, and supplied with the shift record in the 

request. The diagnostic uncertainty generates all four templates. F and H then fail G4 because 150 training and 30 tuning-

validation examples miss the predeclared 2,000 and 500 PEFT thresholds. P and R pass. P scores 90.20 against R at 76.90. 

With uₛ = 2.0, its minimum combined-uncertainty advantage is 6.94, so P clears ε. The validity condition is stable task 

behaviour; a sustained terminology or schema failure reopens B3. 

 Banking: entitlement-aware RAG: P and F fail G2 and G3 because they cannot demonstrate complete clause-level evidence or 

guaranteed four-hour policy propagation. R and H remain feasible. R leads 88.46 to 81.58, and its worst-case advantage is 

3.17 with uₛ = 1.0. The recommendation is R, narrowly above ε. A larger uncertainty range or a material increase in residual 

behavioural error would change the output to a pilot rather than silently preserve the rank. 

 Healthcare: PEFT for stable registry abstraction: This is structured abstraction from the note supplied in the request, not 

guideline question answering. Current external knowledge and claim citations are not part of the acceptance test, while 

latency, macro-F1, schema validity, and annual volume are decisive. The diagnostic profile therefore generates P and F; both 

pass. F scores 89.81 against P at 80.09. With uₛ = 1.5, its robust advantage is 3.91. F is recommended with adapter lineage, 

memorisation tests, general-capability regression, and rollback retained under G4 and G5. 

 Legal: retrieval plus PEFT: Contract review combines a changing playbook with stable firm-specific issue taxonomy and 

fallback behaviour. P fails the evidence gate; F fails both the evidence and update gates. R and H pass because knowledge 

remains in an addressable playbook, and H tunes only lawful behavioural examples. H scores 88.27 against R at 79.92. Its 

robust advantage is 3.41 with uₛ = 1.0, so the hybrid is recommended. The index and adapter remain independently 

replaceable, and playbook content is excluded from the adapter unless separately authorised. 

 Retail: not separated: All four configurations pass. H leads R by only 0.91 nominal points. Under the [0.8, 1.2] weight box, the 

H-minus-R difference changes sign; after uₛ = 1.0, its conservative advantage is -2.56. Both remain ahead of P and F, but 

neither clears ε. The output is ‘not separated: pilot R against H.’ The pilot holds the base model, retrieval stack, traffic, and 

evaluation set constant while varying only the adapter. If practical equivalence remains, choosing R is an explicit lower-

commitment policy tie-break rather than an MCDA finding. 

 

The demonstration exercises prompt plus constrained generation, RAG, PEFT, hybrid, and abstention outcomes by construction. 

This is a coverage test of artefact behaviour. It does not show that the framework predicts deployment success or that these 

configuration classes occur with equal frequency. 

 

6. Discussion 
6.1. The Decision Object Changes the Conclusion 

The central correction is to evaluate concrete configurations. ‘Fine-tuning is prohibited’ may be false when the restricted corpus 

is only retrieved and the adapter learns from a separate lawful behavioural set. ‘Self-hosted RAG is allowed’ may also be false when 

embedding telemetry or backups cross a boundary. The configuration record exposes the relevant data use, location, control, and 

update path. 

 

Separating levers also improves diagnosis. Constrained decoding can solve syntax without changing weights [13]-[15]. Adaptive 

retrieval can avoid indiscriminate retrieval for simple queries [5], [6]. Prompt caching, compression, and structured runtimes can 

move a candidate inside a latency or cost boundary [22], [24], [25]. These are not after-the-fact implementation details because they 

can change feasibility and value. 

 

6.2. Constraints, Diagnostics, and Preferences Must not be Counted Twice 

A hard legal or safety requirement appears in a gate. Its residual quality within the feasible range may appear in a value 

function, but the missing mandatory control is never assigned a low compensable score. Knowledge and behavioural diagnostics 

generate candidates, then leave the preference model. Generic organisational maturity is not both a gate and a criterion; G4 asks 

whether the actual controls required by the configuration exist, and C9 measures residual operating burden after they do. 

 

6.3. Abstention is a Substantive Result 

A point-score model always produces a first place, even when the difference is smaller than measurement and preference 

uncertainty. E-LADF’s absolute ε and bounded sensitivity test converts that uncertainty into an action. The Retail pilot is specific 
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because the configurations differ only in the adapter. A pilot that changes the model, retriever, traffic, and prompt simultaneously 

would not resolve the rank-changing uncertainty. 

 

6.4. Governance Implications as of October 2025 

The governance gate is deliberately role- and use-specific. NIST guidance helps structure risk management but is voluntary 

[37]-[39]. EU obligations depend on whether the organisation is a provider, deployer, importer, distributor, or another actor and on 

the relevant system or model category [40]-[42]. The framework therefore requires the organisation to register the applicable 

obligation and the evidence that tests it. It does not convert broad regulatory concern into an automatic RAG preference. 

 

Security evidence must also follow the architecture. A retrievable corpus supports correction and provenance but introduces 

poisoning, jamming, and instruction-channel risks [34]-[36]. A tuning pipeline avoids runtime retrieval but introduces training-data 

rights, leakage, memorisation, versioning, and rollback concerns. A hybrid inherits both control surfaces and cannot be scored as an 

average of its components. 

 

7. Limitations and Research Agenda 
E-LADF 2.0 remains a design-science artefact demonstrated analytically. The five cases are intentionally contrasting synthetic 

records. They cannot estimate how often a configuration would be selected, whether the recommendations outperform expert 

judgement, or whether the procedure improves realised quality, cost, latency, incident, or governance outcomes. 

 

The diagnostic anchors and candidate-generation thresholds are operational definitions, not validated measurement 

instruments. Inter-rater reliability, convergent validity, sensitivity to task sampling, and predictive association with successful 

configurations remain open. The value model depends on criterion choice, anchors, stakeholder judgments, and preferential 

independence. AHP consistency detects some contradictions but does not establish that a judgment is correct. 

 

The uncertainty model is transparent but stylised. A 20% independent multiplier box and symmetric value half-widths are 

suitable for demonstrating mechanics, not for every decision. Field work should use bootstrap intervals for held-out metrics, repeated 

load-test distributions, workload and price scenarios, stakeholder-specific weight intervals, and documented dependence among 

criteria. Structural uncertainty from an incomplete candidate set remains outside any numeric interval. 

 

The morphology is broader than a four-archetype taxonomy but remains bounded. New retrieval, test-time computation, 

routing, tool-use, and serving mechanisms may require new lever values. Every lifecycle re-entry therefore includes a candidate-set 

completeness review rather than forcing a new method into an old category. 

 

A suitable empirical programme would apply the artefact retrospectively to documented decisions, compare it with unaided 

expert recommendations, use independent raters for gates and diagnostics, preregister prospective recommendations, and track 

realised outcomes over time. Until then, E-LADF should be presented as a transparent decision procedure and research proposition, 

not a validated universal selection rule. 

 

8. Conclusion 
Enterprise language-model adaptation is not a contest among four labels. It is a choice among versioned configurations that 

place knowledge, behaviour, control, and operational commitment in different parts of a system. E-LADF 2.0 makes that choice 

inspectable: define acceptance first, diagnose the locked baseline, freeze a causally plausible shortlist, eliminate failed or unresolved 

configurations, transform case evidence through anchored values, elicit consistent stakeholder weights, and recommend only when the 

result survives declared uncertainty. 

 

The constructed demonstration shows the procedure returning prompt, RAG, PEFT, hybrid, and an abstention without scoring 

excluded alternatives or claiming empirical superiority. Its governing principle is progressive adaptation: make the smallest 

commitment that can satisfy the acceptance test, and escalate only on measured failure attributed to a specific lever. 
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displays entries to three decimals, so its printed values do not preserve exact reciprocity. All calculations use the unrounded ratios, and 

CR is reported as 0.000 to three decimal places. 

 

TABLE A1. ROUNDED DISPLAY OF THE DIRECT-RATIO AHP MATRIX FOR MANUFACTURING. 

 C1 C2 C3 C4 C5 C6 C7 C8 C9 

C1 1.000 2.000 4.000 4.000 2.000 1.538 1.538 1.538 1.818 

C2 .500 1.000 2.000 2.000 1.000 .769 .769 .769 .909 

C3 .250 .500 1.000 1.000 .500 .385 .385 .385 .455 

C4 .250 .500 1.000 1.000 .500 .385 .385 .385 .455 

C5 .500 1.000 2.000 2.000 1.000 .769 .769 .769 .909 

C6 .650 1.300 2.600 2.600 1.300 1.000 1.000 1.000 1.182 

C7 .650 1.300 2.600 2.600 1.300 1.000 1.000 1.000 1.182 

C8 .650 1.300 2.600 2.600 1.300 1.000 1.000 1.000 1.182 

C9 .550 1.100 2.200 2.200 1.100 .846 .846 .846 1.000 

 

The nominal Manufacturing prompt score is: 

V(P) = .20(86) + .10(92) + .05(90) + .05(70) + .10(88) + .13(92) + .13(95) + .13(95) + .11(94) = 90.20 

 

For each leader-challenger pair, the audit multiplies every one of the 512 vectors m ∈ {0.8, 1.2}⁹ by the base weights, renormalises, and 

evaluates the clipped lower-minus-upper criterion values. None of the reported pairwise values reaches a 0 or 100 clipping boundary, 

so this is numerically equivalent here to subtracting 2uₛ from each weighted difference. The smallest result is compared with ε = 3.0. 

The robust gaps are 6.9400, 3.1742, 3.9121, 3.4063, and -2.5630 for Manufacturing, Banking, Healthcare, Legal, and Retail respectively. 

 

APPENDIX B. MINIMUM FIELD DECISION RECORD 

A field application should retain the following artefacts as a single versioned decision package: 

Decision owner, task boundary, prohibited uses, acceptance test, held-out set, and temporal cutoff. 

Configuration identifiers for model, prompt, context, behaviour, orchestration, serving, data, tools, index, and adapter. 

Gate status with evidence, owner, test date, and a named evidence-acquisition action for every unresolved gate. 

Raw measurements, uncertainty, value-function anchors, transformed values, and acceptance-threshold results. 

Individual and group AHP matrices, role weights, consistency ratios, final priorities, and preferential-independence review. 

Nominal values, full sensitivity set, pairwise robust gaps, practical-difference threshold, and abstention rationale. 

Recommendation or no-go state, pilot design, validity conditions, rollback plan, expiry date, and lifecycle triggers. 


