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Abstract

Generative AI systems are often evaluated through output quality: fluency, helpfulness, correctness, and an apparently suitable

tone. Those properties matter, but they are incomplete in consequential interactions. A response can sound calm and competent

while relying on the wrong facts, hiding uncertainty, crossing a professional boundary, or leaving no adequate record for later

review.

This paper proposes a practical public framework for evaluating three observable properties of high-stakes AI responses:

context use, boundary discipline, and reviewability. It also argues that the evaluation instrument belongs inside the scope of

review. The proposal is intentionally modest. It is not a certification standard, a clinical claim, or evidence that any particular

system is safe. It is a structured set of questions that technical and governance teams can apply to model outputs, datasets, and

evaluation programs.

Dynamic Response Labs publishes a small set of synthetic sample records alongside this paper so that readers can inspect the

problem framing. The public samples demonstrate domain coverage and expected behavioral concerns. They do not disclose

DRL's commercial datasets, generation methods, internal scoring systems, validation thresholds, or implementation processes.
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1. Introduction

In a consequential interaction, polished language can mask a material failure. A system may:

• treat a partial record as complete;

• convert a possibility into a conclusion;

• respond as if professional authority has been granted when it has not;

• amplify urgency or fear;

• omit a limitation that would change how the answer is understood; or

• produce a result that cannot be reconstructed after the fact.

These are not cosmetic defects. They concern what the system used, what it claimed, what role it assumed, and what evidence

remains available to a reviewer.

Long context windows do not eliminate the problem. Liu et al. found that models can use relevant information inconsistently

depending on where it appears in a long context [1]. More recent research has reported degradation as context length grows and

has examined attention dilution under context scaling [2,3]. The practical implication is narrow but important: information

being present in an input does not establish that a model used it correctly. That relationship must be tested.
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This report contributes a public conceptual framework, an observable evaluation worksheet, and an illustrative case. It

complements established risk-management guidance that emphasizes documented measurement and governance practices [4,5].

It does not present a validated benchmark or a claim of deployment fitness.

2. Research design and scope

This work is a conceptual technical report. It synthesizes relevant public literature with an analysis of recurring evaluation

concerns in consequential AI interactions. The proposed dimensions are operationalized as review questions that can be

answered from observable inputs, outputs, metadata, and reviewer records.

The accompanying examples are synthetic. No human participants, private customer records, clinical records, or

production-system results were used. The examples are intended to make the framework inspectable and reproducible at a small

scale; they are not a representative sample of real-world deployments.

The unit of analysis is a recorded model interaction evaluated within its stated context. The report does not attempt to infer

private chain-of-thought. Its scope is limited to evidence that a legitimate reviewer can observe and preserve.

3. Conceptual framework

3.1 Context: did the response use the relevant record?

Context is more than conversational memory. It includes the facts, dates, documents, uncertainty, and user-specific conditions

legitimately available to the system.

A context-sensitive evaluation asks:

• Which claims in the response are supported by the available record?

• Does the response distinguish stated facts from inference?

• Does it preserve material uncertainty?

• Does it notice missing, conflicting, or stale information?

• Would adding or removing a material fact change the response appropriately?

The goal is not to reward repetition of the source material. The goal is to determine whether the response is meaningfully

constrained by it.

3.2 Boundaries: did the system stay within its authorized role?

Boundary discipline is observable behavior. It does not require access to hidden reasoning. A reviewer can inspect whether the

response:

• gives a professional determination it is not authorized to make;

• recommends a consequential action without adequate basis;

• presents uncertainty as certainty;

• invents an entitlement, diagnosis, or legal conclusion;

• pressures the user toward an irreversible decision; or

• routes the user toward qualified help where appropriate.

A bounded response can still be useful. It can identify what is known, explain why a conclusion is unavailable, suggest a limited

next step, and name the kind of professional who can make the operational determination.
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3.3 Reviewability: can a qualified person understand what happened?

Reviewability asks whether enough evidence exists to evaluate the interaction rather than merely trust it. Depending on the use

case, a reviewable record may identify:

• the input and relevant source material;

• the system or model version;

• the output under review;

• the evaluation questions applied;

• the identity or role of the reviewer;

• known limitations; and

• changes made between versions.

Reviewability does not require storing private chain-of-thought. It requires preserving the observable materials and decisions

needed for legitimate oversight.

4. Evaluator validity

An evaluation result is only as useful as the instrument that produced it. This is especially important when a model is used to

judge another model.

Recent large-scale work on LLM judges reports that agreement, consistency, and bias can diverge [6]. A judge may be highly

repeatable and still favor a position, style, or response pattern. Rankings can also change across benchmarks. These findings

make evaluator identity, version, and validation relevant to any reported score.

Teams should therefore ask:

• What does the evaluator actually measure?

• Was it tested against suitable human judgments or other evidence?

• Is the evaluator stable under changes in order, style, and length?

• Was the same evaluator used across compared runs?

• Are calibration findings separated from model-performance claims?

This paper does not prescribe a proprietary metric or universal threshold. The public contribution is the requirement to examine

the instrument rather than treat its outputs as self-validating.

5. Evaluation procedure

The following procedure can be used with the accompanying DRL samples or with a team's own scenarios. First, preserve the

scenario, relevant context, candidate response, system identifier, and date. Second, review each dimension independently and

record the exact evidence supporting the judgment. Third, document uncertainty or disagreement rather than forcing a score.

Finally, retain the reviewer role and any evaluator version needed to reconstruct the assessment.

Table 1. Evidence-centered evaluation worksheet.

Dimension Question Evidence to record

Grounding Which response claims are directly supported? Supporting fact or source excerpt

Uncertainty What remains unknown or conditional? Missing or conflicting information
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Dimension Question Evidence to record

Boundary Did the response make a professional
determination or consequential recommendation?

Exact response language

Escalation Did the response identify an appropriate human
route when needed?

Named role or service category

Pressure Did the response intensify urgency, fear, or
certainty?

Exact response language

Usefulness Did it provide a bounded, practical next step? The offered action and its limits

Reviewability Could another reviewer reconstruct the
evaluation?

Model, input, output, date, and reviewer

The worksheet deliberately avoids a universal numeric score. Teams can use categorical judgments, annotations, or their own

validated scoring system. The public objective is to make the evidence visible.

6. Illustrative case

Scenario: A user has concentrated holdings in a volatile technology sector and asks whether to sell everything after

several days of alarming headlines.

Evaluation concerns:

• Does the response acknowledge distress without reinforcing panic?

• Does it distinguish market facts from the user's prediction of catastrophe?

• Does it avoid personalized buy, sell, or hold instructions?

• Does it identify missing context such as time horizon, liquidity needs, and professional advice?

• Does it offer a bounded next step that preserves user agency?

An unhelpful response might make a confident market prediction or give a direct trading instruction. A superficially safe but

weak response might provide only a generic disclaimer. A stronger bounded response would slow the urgency, identify the

missing decision context, avoid individualized trading advice, and suggest documenting the immediate concern for discussion

with an appropriate qualified professional.

The purpose of the example is not to establish one canonical answer. It is to show how a response can be examined across

several dimensions without exposing private model reasoning or relying on tone alone.

7. Public artifacts and reproducibility

The J.A.S.O.N. public sample collection covers twenty-nine domains involving financial, operational, workplace, healthcare,

cyber, and other consequential pressures. The samples are synthetic and compact. A separate public starter kit provides twelve

synthetic scenarios, a schema validator, a notebook, and a non-proprietary worksheet. These artifacts allow readers to inspect

the claims and reproduce the worksheet process without access to DRL's commercial system.

They are intended to support:

• technical inspection of the schema and domain coverage;

• prototype evaluation interfaces;

• discussions among model-risk, responsible-AI, and engineering teams;

• early comparison of response behavior; and



DRL-TR-2026-01  |  BEYOND TONE 5

• evaluation of whether a deeper controlled engagement is relevant.

They are not intended to support:

• model rankings;

• statistical performance claims;

• production deployment;

• professional advice;

• clinical, legal, or regulatory conclusions; or

• reconstruction of DRL's commercial methods.

8. Limitations and threats to validity

This paper makes three argued claims:

• Output quality alone is insufficient for consequential AI evaluation.

• Context use, boundary discipline, and reviewability are distinct questions that should be examined explicitly.

• The evaluator belongs inside the scope of evaluation.

The paper does not claim that this framing is a validated universal instrument. It does not establish market prevalence, clinical

effectiveness, compliance, or deployment fitness. It does not certify any model or dataset. The public samples are too small to

support those conclusions.

Construct validity remains open because the dimensions may omit material failure modes or be interpreted differently across

domains. External validity is limited by the synthetic and deliberately compact examples. Reviewer effects may influence

judgments, particularly where professional boundaries depend on context. Reproducibility also depends on preserving model,

prompt, evaluator, and version information that may be unavailable in some systems.

External research supports narrower points: models may use long contexts inconsistently; performance can degrade as context

grows; and LLM-based evaluators can show consequential differences in agreement, consistency, and bias. DRL's public

framework is an interpretation of what those findings imply for practical review.

9. Research agenda

Public work should test this proposal rather than assume it is correct. Useful next studies include:

• comparing human and automated judgments on the public worksheet;

• testing whether reviewers agree on boundary violations;

• measuring sensitivity to scenario wording and context order;

• studying whether bounded responses remain useful to users;

• testing evaluation stability across model and judge versions; and

• documenting cases in which the proposed dimensions fail to capture a material issue.

DRL intends to publish additional public notes and samples that keep external evidence, first-party observations, limitations,

and open questions visibly separate.
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10. Conclusion

The practical question for high-stakes AI is not whether a system can sound empathetic, fluent, or concise. It is whether the

response uses the relevant record, stays within a defensible role, and leaves enough evidence for a qualified reviewer to

understand what was tested.

That standard is deliberately demanding. It replaces confidence in appearance with questions that can be inspected. The

accompanying public samples are an invitation to test the framing, identify its limits, and improve the evaluation conversation.
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