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A Unified Evaluation Framework for Trustworthy
Large Language Models, Agentic AI, and

Multimodal Systems
Shaina Raza, Ahmed Y. Radwan, Imran Liaquat, and Kathryn Hume

Abstract—Benchmark scores alone provide an incomplete basis
for assessing the trustworthiness of modern artificial intelligence
systems. Large language models (LLMs), agentic systems, and
multimodal models (MLLMs) require different forms of assess-
ment, yet their evaluation evidence must remain interpretable
for development and oversight. We propose a unified framework
that connects output-level, trajectory-level, and cross-modal as-
sessment through eight trustworthiness dimensions: capability,
robustness, safety, fairness, transparency, governance, oversight,
and efficiency. The framework preserves system-specific metrics
while mapping native measurements to common performance
bands, accompanied by uncertainty estimates and traceable evi-
dence. A meta-evaluation layer examines the validity, reliability,
and reproducibility of the evaluation itself. Multidimensional
profiles expose strengths and weaknesses, while safety-critical
overrides prevent aggregate scores from masking critical failures.
Mappings to governance frameworks, international standards,
and European Union regulatory requirements connect technical
assessment with oversight needs. The framework provides a
structured basis for assessing both system performance and the
credibility of the evidence supporting it, with empirical validation
across deployment contexts remaining an essential next step.

Index Terms—AI evaluation, large language models, agentic
systems, multimodal models, trustworthy AI, benchmarking, AI
governance, EU AI Act.

I. INTRODUCTION

MODERN artificial intelligence (AI) evaluation is frag-
mented across model classes. Large language models

(LLMs) are commonly assessed through output-level bench-
marks, agentic systems require trajectory-level evaluation of
planning, tool use, recovery, and oversight, and multimodal
systems introduce cross-modal grounding and consistency
requirements. These differences make it difficult to compare
evaluation evidence across systems and to determine whether
reported scores are sufficiently valid, reproducible, and infor-
mative for governance decisions.

This article addresses this gap through a unified evaluation
framework for LLM, agentic, multi-agent, and multimodal
systems. The framework combines a common trustworthiness
spine with model-specific assessment tracks and a meta-
evaluation layer that evaluates the quality of the evaluation
process itself. It is intended to support both AI developers
and evaluators while providing evidence that is interpretable
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by governance and assurance stakeholders and the broader
scientific community.

The framework covers three primary model classes: (1)
LLMs, including fine-tuned open and API-served models;
(2) agentic and multi-agentic systems that plan and act over
multiple steps, including tool-using and retrieval-augmented
(RAG) agents; and (3) multimodal models such as vision
language models (VLMs), omni modality, speech models,
and models that process or generate multiple modalities. The
framework operates primarily at the level of the deployable AI
system, including its prompts, tools, interfaces, and guardrails.
It can be applied during development as well as to systems
already in use. Training-time decisions are outside its primary
scope except where they affect observable evaluation evidence.
The framework is not intended to replace legal conformity
assessment, and domains for which sufficiently mature evalua-
tion instruments are not yet defined, such as embodied robotics
and real-time control, remain outside the current scope.

This framework is based on trustworthiness in AI, where
trustworthiness is understood as the ability to meet stake-
holders’ expectations in a verifiable manner. Consistent with
ISO/IEC TS 5723:2022 [1], the characteristics relevant to
trustworthiness depend on the system and service being eval-
uated, the technologies, data, and processes involved, and the
applicable context or sector. The overarching goal of this
work is therefore to operationalize this context-sensitive con-
cept through eight evaluation dimensions and the supporting
evidence required to make evaluation results independently
interpretable and verifiable.

Contributions This article makes three main contributions.
(1) It introduces a unified eight-dimensional evaluation spine
for LLMs, agentic, multi-agent, and multimodal systems while
preserving their distinct units of assessment: outputs, tra-
jectories, and cross-modal relationships. (2) It develops a
common reporting architecture that combines native metrics
with normalization, uncertainty reporting, not-applicable rules,
safety-critical overrides, and a meta-evaluation layer for as-
sessing the validity and reproducibility of the evaluation itself.
(3) It operationalizes the framework through model-specific
evaluation instruments and evidence requirements and maps
these components to AI governance and regulations, such as
EU AI Act, ISO standards and various AI Risk Management
Framework (RMF) [2].
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            Proposed Framework

1.Evaluation Principles

1. Validity
2. Reliability
3. Reproducibility
4. Proportionality
5. Transparency
6. Governance

2.Common Spine

1. Capability
2. Robustness
3. Safety
4. Fairness
5. Transparency
6. Governance
7. Oversight
8. Efficiency
9. Use-case-specific

instruments

3.Model Classes

1. Evaluation Modes:
a. Likelihood-based
b. Generation-based
c. Benchmark Selection
d. Scoring Mechanisms A-D
e. Aggregation and

uncertainty
2. Agentic Trajectory:

a. Single-Agent
b. Multi-Agent

3. Multimodal

4.Scoring & Banding

1. Six normalization families
2. Shared 0-4 band scale
3. Safety-critical overrides /

veto rules 
4. Uncertainty and NA rules
5. Coverage across system

types

5.Meta-Evaluation

1. Construct validity
2. Measurement reliability
3. Data contamination
4. Statistical reporting

6. Governance 
& Evidence

1. EU AI Act Art. 53
2. EU AI Act Art. 55
3. GPAI Code of Practice
4. ISO/IEC standards (5723,

42001, 23894, 38507, TR
5469) 

5. NIST AI RMF

7.Process Safeguards

1. Evidence submission
2. Peer review
3. Independent re-runs
4. Dispute resolution

Fig. 1: Common evaluation dimensions in the framework.

II. RELATED WORK

Evaluation Frameworks for Language Models Evalua-
tion of LLMs has traditionally focused on individual capa-
bilities or failure modes through task-specific benchmarks.
Common evaluation dimensions include factuality, reasoning,
knowledge, code generation, toxicity, adversarial robustness,
and calibration. Benchmarks such as TruthfulQA [3] and
HaluEval [4] target factuality and hallucination; GSM8K [5],
BIG-Bench Hard [6], and ARC-Challenge [7] assess rea-
soning; MMLU and MMLU-Pro [8] measure broad knowl-
edge. Safety-oriented evaluation is commonly conducted using
datasets such as ToxiGen [9], HarmBench [10], and others.

Multimodal evaluation needs to assess both individ-
ual modalities and their interactions. Existing benchmarks
cover visual question answering (VQA), captioning, retrieval,
grounding, OCR, speech recognition, and cross-modal hallu-
cination using datasets such as VQAv2 [11], MS-COCO [12],
HumaniBench [13] and others. These benchmarks are largely
task-specific and use different native metrics, comparing trust-
worthiness properties across multimodal, text-only, and agentic
systems remains difficult.

Agentic and Multi-Agent Evaluation Agentic AI sys-
tems introduce evaluation requirements that extend beyond
the correctness of a final response. Their behaviour unfolds
through trajectories involving planning, tool use, intermediate
decisions, environment interactions, and recovery from errors.
Consequently, recent agent evaluation work [14] increasingly
considers task completion, tool-use correctness, trajectory effi-
ciency, error recovery, and adherence to constraints in addition
to final task success. These efforts demonstrate that agentic
evaluation must move from output-level assessment toward

trajectory- and interaction-level analysis. However, agentic
metrics are often developed independently of conventional
LLM evaluation and broader governance requirements.

Regulatory and Standards-Based Assessment A parallel
body of work addresses AI evaluation from a governance and
risk-management perspective. The European Union Artificial
Intelligence Act 2026 [15] establishes obligations related to
documentation, transparency, model evaluation, adversarial
testing, risk management, cybersecurity, and incident report-
ing, with additional requirements for general-purpose AI mod-
els presenting systemic risk. The GPAI provides further guid-
ance for implementing these obligations. International stan-
dards provide complementary perspectives. ISO/IEC TS 5723
[1] defines AI trustworthiness concepts; ISO/IEC 42001 [16]
addresses organizational AI management systems; ISO/IEC
23894 [17] provides guidance for AI risk management; and
ISO/IEC 38507 [18] addresses governance of organizational
AI use. The NIST AI RMF similarly organizes AI risk
management around the GOVERN, MAP, MEASURE, and
MANAGE functions. These frameworks provide important
governance structures, but they typically do not prescribe a
unified set of operational metrics spanning language, agentic,
multi-agent, and multimodal systems. Conversely, benchmark-
oriented evaluation research often provides detailed metrics
without connecting them systematically to governance evi-
dence and assurance processes.

Positioning of This Work Rather than introducing another
benchmark suite, we organize existing and emerging instru-
ments around eight trustworthiness dimensions. LLMs are
assessed at the output level, agentic and multi-agent systems
at the trajectory level, and multimodal systems at the cross-
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modal level. A meta-evaluation layer further examines validity,
reliability, contamination, and statistical quality, enabling het-
erogeneous measurements to remain model-appropriate while
supporting a common evaluation and governance framework.

III. EVALUATION PRINCIPLES

Our proposed framework rests on six principles. They define
what constitutes a rigorous measurement, and every scoring
decision in Section IV is guided by these principles.

1) Validity: each metric measures the construct it is intended
to assess.

2) Reliability: measurements are stable across runs and
raters. This principle concerns measurement reliability;
reliability as a property of the system under evaluation is
assessed under Robustness (Table I).

3) Reproducibility: sufficient provenance is recorded to
support independent reproduction.

4) Proportionality: the depth of evaluation scales with the
model capability and risk, consistent with the EU’s risk-
based approach (Section V).

5) Transparency: assumptions, limitations, and negative
results are reported.

6) Governance: every reported result is traceable to an
accountable source and reproducible from an auditable
evidence trail, and each model is accompanied by its gov-
ernance artifacts (documentation, training-data summary,
access and incident controls).

A. From Native Scores to a Shared Band

In this framework, the scoring proceeds in two steps. Each
benchmark is first evaluated with its own native method,
and the native score is then mapped to a common 0 - 4
band to support consistent interpretation across heterogeneous
instruments. The mapping rule depends on the metric and is
applied by one of six normalization families. The families,
their thresholds, and the per-metric assignments are defined in
Section IV-D and specified in each descriptor (Appendix A),
so they are not restated here.

Band Reading

0 Unacceptable
1 Below expectations
2 Adequate
3 Good
4 Excellent

B. The Eight-Dimensional Profile

We report an eight-dimensional profile (Figure 2) rather
than aggregating all dimensions into a single score. A sin-
gle aggregate score may be disproportionately influenced by
capability benchmarks and could hide trade-offs such as strong
performance paired with weaker safety. A stakeholder inter-
preting the results, whether a downstream integrator, an EU
reviewer, or a consortium decision board, interprets the profile
at the level of individual dimensions. When a specific decision
needs a summary, for example, a deployment decision, a

weighted aggregation may be computed, but the weights must
be declared before scoring, recorded in the evidence package,
and justified with respect to the intended use case. The
framework prescribes no default weight vector, because the
appropriate weights depend on context.

1 · The six principles

Validity
measures the

construct it
claims to

Reliability
stable across

runs and raters

Reproducibility
full provenance,

recorded and
shareable

Proportionality
depth scales with
capability & risk

(EU-aligned)

Transparency
report limits &

negative
results

2 · How a raw score becomes a shared 0-4 band

Native score
benchmark scored its own

way

Normalize
one of 6 families

0-4 band
one common scale across all

instruments

0 Unacceptable 1 Below exp. 2 Adequate 3 Good 4 Excellent

3 · The profile is the deliverable - not a single number

Example profile ⟨3,1,2,3,2,4,3,2⟩

Capability 3

Robustness 1

Safety 2

Fairness 3

Transparency 2

Governance 4

Oversight 3

Efficiency 2

Reads at a glance
- Strong governance (4) but weak robustness (1) a
single average would bury that.
Need one number for a decision?
- A weighted summary is allowed, but weights must
be:

declared before scoring
logged in evidence
justified to the use case
No default weights.

4 · Three rules for reading the bands

Uncertainty
Every score carries a bootstrap

confidence interval - never a bare
point.

Not-applicable
No instrument for a system type →

marked N/A, not zero.
Absence ≠ failure.

Veto (hard cap)
contamination ≥ 0.40 → benchmark N/A
unsafe-action ≥ 0.20 → Safety band 0

confirmation-gating < 0.80 → Oversight
band 1

Governance
auditable

evidence trail &
model artifacts

Fig. 2: The evaluation profile. Panel 1: the six measurement
principles. Panel 2: the two-step path from a native benchmark
score to the shared 0 - 4 band. Panel 3: the eight-dimensional
profile, reported per dimension rather than collapsed into a
single average. Panel 4: the three rules governing reported
bands (uncertainty, not-applicable, and veto).

1) Interpretation of Band Scores: Three rules govern the
reported bands, and each is defined in full in Section IV-D.

Uncertainty Every score carries a bootstrap confidence inter-
val, rather than a point estimate alone.

Not-applicable A dimension with no applicable instrument
for a given system type is marked N/A rather than scored
zero, so absence of measurement is not interpreted as
failure (coverage matrix, Table IV).

Veto Three safety-critical instruments override normal band-
ing. Contamination ≥ 0.40 voids the affected benchmark,
whose construct is then marked N/A for that submission.
Unsafe-action rate ≥ 0.20 caps the Safety dimension
at band 0, and confirmation-gating < 0.80 caps the
Oversight dimension at band 1 (Section IV-D).

Model outputs can be evaluated using two scoring modes:
from its log-probabilities (likelihood-based, deterministic)
or from its generated text (generation-based, decoding-
dependent). The default protocol prioritizes likelihood-based
scoring when available. The rule, its rationale, and the mode
each instrument uses are specified in Section IV-B1.
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IV. UNIFIED EVALUATION FRAMEWORK

The proposed framework evaluates LLM, agentic, multi-
agent, and multimodal systems using a common eight-
dimensional profile, model-specific evaluation tracks, and a
meta-evaluation layer that assesses the quality of the evaluation
process itself. The goal is to support consistent interpretation
and independent scrutiny of reported results. The following
sections describe each component in detail.

A. Common Evaluation Spine

The framework adopts a common spine of evaluation dimen-
sions applied uniformly to every model, as listed in Table I.
The spine is fixed rather than selected on a per-model basis,
ensuring that systems with different modalities, capabilities,
and deployment contexts remain interpretable within a com-
mon evaluation structure and that each evaluation dimension
is explicitly considered. The spine defines what must be
evaluated, not how it should be measured. Each dimension is
operationalized using evaluation instruments appropriate for
the model under assessment, allowing the underlying metrics
to vary while preserving a consistent evaluation structure.
Safety and Governance follow a principle of proportionality:
the rigor and extent of evidence required increase with both
model capability and deployment risk, but every dimension is
considered for every system, with non-applicable dimensions
explicitly marked N/A.

Results are reported as a multidimensional profile rather
than a single aggregate score, preventing strong performance
in one area from obscuring weaknesses in others. Across
the framework, accuracy is treated as a general measurement
concept rather than as a single evaluation instrument. It is
defined as the measure of closeness of results of observations,
computations, or estimates to the true values or the values
accepted as being true [19]. Each accuracy-based metric opera-
tionalizes this definition against the reference labels, reference
outputs, task-specific oracle, or environment state.

a) Use-Case-Specific Evaluation: The common spine
remains the same across systems, but some evaluation needs
depend on how and where an AI system is used. This is espe-
cially important for agentic AI systems operating over longer,
multi-turn interactions. For example, a personal-care agent
may need to be evaluated on whether it escalates control to a
human operator when a user is in distress, while an educational
agent may need to resist sycophancy and maintain evidence-
based responses throughout a conversation. The framework
therefore allows additional use-case-specific instruments to be
added under the existing eight dimensions, without changing
the common spine. The evaluation coverage for each model
category is summarized in the coverage matrix (Table IV),
while detailed definitions and metric specifications for every
dimension are provided in the catalogue in Appendix A.

B. Model-Specific Evaluation Tracks

The framework defines three model-specific evaluation
tracks according to the unit of evaluation: LLMs are evaluated
at the output level, agentic systems over complete action

Model

Logits / log-probs Decoded text

Likelihood-based
deterministic

Generation-based
config-dependent

B. Probability
arithmetic

A. Reference
comparison

C. Judge
LLM-as-judge

D. Execution
pass / failperplexity, ECE,

likelihood ranking
EM, F1, BLEU,

ROUGE, BERTScore
toxicity, faithfulness,

win-rate, Elo
pass@k

internal scores generated string

Fig. 3: Output-level evaluation of LLMs. A model produces
two observable signals: internal likelihood scores (logits and
log-probabilities) and generated text. These support two evalu-
ation modes: likelihood-based, which is deterministic and op-
erates directly on model scores, and generation-based, which
depends on decoding configuration. Four scoring mechanisms
follow: (A) reference comparison, (B) probability arithmetic,
(C) LLM-as-judge scoring, and (D) execution-based evalua-
tion. Efficiency metrics and rule-based rates are read from
external instrumentation and are not shown.

trajectories, and multimodal systems at the level of cross-
modal relationships. These tracks are not mutually exclusive
and can therefore be combined. For example, a multimodal
agent is evaluated using trajectory-level instruments for its
actions and cross-modal instruments for its multimodal inputs
and outputs, rather than being treated as a separate fourth class.
The common spine applies in all cases, with each class adding
the instruments appropriate to its evaluation unit.

1) LLM Evaluation: Output Level: The unit of evaluation
is the model output. A model exposes two signals, and the one
that an instrument reads determines how the output is scored
(Figure 3).

a) Evaluation Modes:
Likelihood-based (log-probabilities). Likelihood-based
scoring operates on the model’s internal probability estimates.
A logit is the raw, unnormalized score assigned to each
candidate next token; the softmax turns the full set of logits
into a probability distribution over the vocabulary, and the
logarithm of those probabilities gives the log-probabilities.
For closed-form items (multiple choice), the prompt is
paired with each candidate answer and the option with the
highest log-probability is predicted; no text is generated, so
scoring is deterministic and computationally efficient. This
mode supports perplexity, calibration-error estimation, and
likelihood-based answer ranking, and is used primarily for
knowledge and multiple-choice reasoning tasks.

Generation-based (decoded text). The string the model pro-
duces after a decoding step (greedy or sampled). The text is
parsed and compared to a reference or scored by a judge:
correctness against a reference answer, toxicity classifiers,
an LLM-as-judge rating. Required for open-ended tasks such
as chain-of-thought math, code, and summarization. Results
depend on the decoding configuration (temperature, top-p,
seed) and on an answer-extraction step.
The same model can score differently under the two modes, so
the protocol specifies which mode each instrument uses and
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TABLE I: Common evaluation dimensions in the proposed framework.

Dimension What it captures

Capability Core task performance on representative workloads. The dimension operationalizes capability, defined as a measure of capacity and the
ability of an entity to achieve its objectives [1].

Robustness Consistency under repetition, distribution shift, and non-adversarial perturbation. The dimension operationalizes robustness, defined as
the ability of a system to maintain its level of performance under a variety of circumstances [20], and covers reliability, the property
of consistent intended behaviour and results [21]. Adversarial pressure is scored under Safety.

Safety Harmful outputs or actions, misuse potential, adversarial and jailbreak resistance, dangerous-capability risks, and privacy risks such
as data leakage or unauthorized disclosure. The dimension covers privacy, freedom from intrusion into the private life or affairs of
an individual [22], and security, resistance to intentional, unauthorized act(s) designed to cause harm or damage to a system [23].
Evaluation depth is scaled by proportionality.

Fairness Disparate performance or harm across groups and contexts.

Transparency Clarity of model documentation, trustworthiness of reported confidence, and the ability to provide understandable and evidence-grounded
explanations of model outputs, decisions, or actions. The dimension operationalizes transparency, defined as the open, comprehensive,
accessible, clear and understandable presentation of information [1].

Governance Evidence that the system, its provenance, and its operation can be independently checked, together with the documentation and controls
needed for accountability. For systems, accountability is defined as the property that ensures the actions of an entity can be traced
uniquely to that entity [24]. Relevant documentation and controls include model and data documentation, version and change records,
access controls, and incident-reporting processes.

Oversight Ability of a human to understand, intervene in, and halt the system. This includes controllability, defined as the property of a system
that allows a human or another external agent to intervene in the system’s functioning [20].

Efficiency Compute, latency, energy consumption, and other resource costs.

TABLE II: Representative benchmarks for LLM evaluation.
MC = multiple choice.

Construct Primary Secondary Notes

Factuality TruthfulQA [3] HaluEval [4] MC + generative scoring

Reasoning (math) GSM8K [5] MATH [25] Chain-of-thought scoring

Reasoning (general) BIG-Bench Hard [6] ARC-Challenge [7] MC likelihood scoring

Knowledge MMLU [26] MMLU-Pro [8] Use MMLU-Pro if contaminated

Adversarial HarmBench [10] AdvBench [27] Attack success rate

Toxicity RealToxicityPrompts [28] ToxiGen [9] Classifier scored

Code HumanEval [29] MBPP [30] Pass@k

Calibration ECE (MMLU) [31] – Requires log-probabilities

records the decoding configuration in the evidence package.
b) Benchmark Selection: The output-level instruments

are organized by the framework’s evaluation dimensions.
Within each dimension, benchmarks are selected to assess
specific facets of that dimension, such as factuality, reasoning,
calibration, or harmful behaviour. Table VII provides the full
metric descriptors. Where applicable, the framework identifies
a primary benchmark for consistent comparison across eval-
uations and a secondary benchmark for additional coverage.
Public benchmarks with known contamination risks are paired
with contamination checks in the meta-evaluation layer.
Candidate benchmarks and datasets, exact versions, split
hashes, and contamination controls per construct are specified
in the evaluation protocol or supplementary evaluation specifi-
cation. Table III maps each construct through the full scoring
pipeline.

c) Availability of Log-Probabilities: Likelihood-based
scoring requires access to token log probabilities, which de-
pends on how the model is served. Open-weight models run
locally expose the full logit vector. API-served models vary:
some providers return top-k log-probabilities per position,
sufficient for likelihood ranking over answer options and
for calibration error, but not for full-vocabulary perplexity;

TABLE III: LLM evaluation pipeline: construct to dimension.
Mode: L = likelihood-based (deterministic), G = generation-
based (config-dependent), ECE = expected calibration error.
Mechanisms A–D are detailed below under How outputs are
scored.

Construct Primary benchmark Mode Mechanism Dimension

Factuality TruthfulQA [3] L / G A. Reference; C. Judge Safety
Reasoning (math) GSM8K [5] G A. Reference Capability
Reasoning (general) BIG-Bench Hard [6] L B. Probability Capability
Knowledge MMLU [26] L B. Probability Capability
Toxicity RealToxicityPrompts [28] G C. Judge Safety
Adversarial HarmBench [10] G C. Judge Safety
Code HumanEval [29] G D. Execution Capability
Calibration ECE over MMLU [31] L B. Probability Transparency

others expose no log-probabilities at all, making likelihood-
based scoring unavailable. Where an instrument’s designated
mode is unavailable for a given model, the evaluation uses
generation-based scoring as a fallback, the fallback is recorded
in the evidence package, and likelihood-scored and generation-
scored results obtained under the two modes are not pooled
in comparative analyses. For models without log-probability
access, calibration (ECE) is marked N/A unless a verbalized
confidence protocol is used, in which case the protocol is
recorded.

d) Output-Level Scoring Mechanisms: Every output-
level instrument that scores the content or quality of an
output maps it to a quantitative score through one of four
mechanisms. Three of them read the decoded text and so are
sensitive to decoding stochasticity; one reads the model’s log-
probabilities and is deterministic given the model. Efficiency
metrics are instead read from instrumentation, and the rule-
based rate metrics (refusal, abstention) and the differential
fairness metrics are computed over these outputs; all are
catalogued in Table VII. The shared primitive is the softmax:
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for logits z, the probability of token i is

pi =
ezi∑
j e

zj
, (1)

log p(token) = ztoken − log
∑
j

ezj .

Throughout, ŷ is the candidate output and y the reference.
Reference Comparison. The output is compared to a

reference by an overlap or similarity function. Exact match
and token-F1, with token sets T (·):

EM =
1

N

N∑
i=1

1[ŷi = yi] , F1 =
2PR

P +R
, (2)

P =
|T (ŷ) ∩ T (y)|
|T (ŷ)|

, R =
|T (ŷ) ∩ T (y)|
|T (y)|

.

n-gram overlap (BLEU [32], with modified precision pn,
weights wn, brevity penalty BP) and ROUGE-L [33] (from
longest common subsequence):

BLEU = BP · exp

(
N∑

n=1

wn log pn

)
, (3)

BP =

{
1 c > r

e1−r/c c ≤ r

FLCS =
(1 + β2)PR

R+ β2P
.

METEOR augments this n-gram matching with stemming
and synonymy [34]. Embedding similarity (BERTScore [35])
matches each token to its closest counterpart by cosine simi-
larity of contextual embeddings:

RBERT =
1

|y|
∑
yi∈y

max
ŷj∈ŷ

y⊤i ŷj , (4)

FBERT =
2PBERTRBERT

PBERT +RBERT
.

Probability-Based Scoring. These operate directly on the
model’s token log-probabilities. Perplexity on a sequence
of length T , and length-normalized likelihood ranking over
candidate options o, are reference-free:

PPL = exp

(
− 1

T

T∑
t=1

log p(xt | x<t)

)
, (5)

score(o) =
1

|o|

|o|∑
t=1

log p(ot | prompt, o<t),

with prediction ô = argmaxo score(o). Expected calibration
error additionally requires reference labels, since it compares
confidence against realized accuracy [31], over M confidence
bins Bm:

ECE =

M∑
m=1

|Bm|
n

∣∣acc(Bm)− conf(Bm)
∣∣. (6)

Model-Based Evaluation (LLM-as-Judge). A secondary
model evaluates the candidate output. A trained classifier

derives the relevant class probability from its softmax distri-
bution; an NLI model averages entailment probability over K
claims against the source:

tox = softmax(zϕ)harmful, (7)

Faith =
1

K

K∑
k=1

pNLI(entail | source, claimk).

An LLM judge [36] is the same mechanism applied to a
general model. Pointwise, the score is the expectation over
rating tokens s ∈ {1, . . . , S}, not the top token; pairwise,
it reads the verdict-token probabilities, averaged over both
presentation orders to remove position bias:

score =

S∑
s=1

s pjudge(s | prompt, ŷ), (8)

P (A ≻ B) = 1
2

[
p(A | AB)

p(A) + p(B)
+

p(A | BA)

p(A) + p(B)

]
.

Pairwise verdicts aggregate into a ranking by Bradley–Terry
strengths β [37], or by Elo update with step K [38]:

P (i ≻ j) = σ(βi − βj) =
1

1 + e−(βi−βj)
, (9)

Ri ← Ri +K (Si − Ei),

Ei =
1

1 + 10(Rj−Ri)/400
.

Execution-Based Evaluation. Behavior is verified rather
than compared. With n samples per problem and c correct,
the unbiased estimator of solving within k attempts [29]:

pass@k = Eproblems

[
1−

(
n−c
k

)(
n
k

) ] . (10)

e) Aggregation and Uncertainty: A per-item score be-
comes reportable only after aggregation with an uncertainty
estimate. The mean over N items is reported with a bootstrap
confidence interval obtained by resampling the N items B
times [39]:

x̄ =
1

N

N∑
i=1

si ± CIboot. (11)

Together with repeated runs across multiple seeds and ap-
propriate significance testing, uncertainty estimation supports
statistically defensible reporting.

2) Agentic and Multi-Agent Evaluation: Trajectory Level:
a) Single-Agent Evaluation: The unit of evaluation shifts

from a single output to a complete trajectory of actions. The
trajectory-level instruments cover multi-step task completion,
tool-use correctness, step and cost efficiency, error detection
and recovery, goal fidelity, and oversight; full descriptors are in
Table VIII. Cumulative risk, where individually benign actions
compound within a trajectory or across collaborating agents,
is defined but scheduled for instrumentation in a later revision.
The sandbox in which trajectories are executed and logged is
defined in the toolkit.

The evaluation harness instrumented within the execution
environment provides the components required to compute
trajectory-level metrics: a programmatic task verifier that
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checks whether the agent has achieved the goal state, using
deterministic checkers for closed tasks and a fixed LLM
judge for open ones [40], [41]; an out-of-process action and
trajectory logger recording every tool call, argument, return
value, and constraint-violation flag at each step [41]; a fault
injector that introduces configurable failures mid-trajectory
to test recovery behaviour [42]; an interruption and over-
ride channel delivering stop signals and human corrections
independently of the agent’s action loop [43]; a per-step
uncertainty probe eliciting calibrated confidence estimates
at each decision point [44], [45]; a pre-execution impact
labeller assigning each proposed action an impact level before
dispatch, with high-impact or irreversible actions requiring an
explicit confirmation event [42]; and a structured evidence sink
assembling the full ordered sequence of observations, actions,
and environment responses into the evidence package [41].
The harness exposes an OpenAI-compatible interface and sup-
ports both API-served and local inference backends, so results
are comparable across proprietary and open-weight models.
Each trajectory is reproducible given five evaluation artifacts:
environment version, task specification, agent configuration,
decoding parameters, and random seed [40].

Scoring reuses the four output-level mechanisms: task suc-
cess, tool-call accuracy, and pass@k are execution checks;
open-ended goal verification and trajectory-optimality judge-
ments are model-scored; the per-step uncertainty probe is
probability arithmetic; and cost and consistency are read from
instrumentation. The one metric specific to this evaluation
level is step efficiency, the ratio of a reference-optimal path
length to the agent’s step count:

ηstep = min

(
1,

L∗

L

)
, L = steps, L∗ = optimal, (12)

capped at 1 so detours are penalized and shortcuts cannot
inflate the score. Because ηstep is bounded in [0, 1] and higher-
is-better, it is banded under the higher-is-better rate family of
Table V, not the ratio-to-budget family.

b) Multi-Agent Evaluation: When several agents collab-
orate on a task, failure modes arise that may not be observable
at the single-agent level: miscoordination, redundant or con-
flicting actions, cascading errors across agents, and emergent
unsafe behaviour. Recent MAS benchmarks therefore comple-
ment final task success with process-level evaluation. Mul-
tiAgentBench measures planning, communication, individual
contribution, and milestone progress across different coor-
dination topologies [46], while Collab-Overcooked evaluates
agents’ ability to initiate and respond to collaboration [47].
Failure analyses further identify inter-agent misalignment and
incorrect verification or termination as failures that may re-
main hidden when only the final outcome is considered [48].
Process efficiency and scalability are also explicit concerns.
For example, GEMMAS introduces Unnecessary Path Ratio
(UPR) to quantify redundant reasoning paths [49], while
SILO-BENCH introduces Relative Coordination Cost (RCC)
to measure performance lost to coordination overhead relative
to a single-agent baseline as team size increases [50].

The framework therefore evaluates a multi-agent system at
the level of the joint trajectory of all agents and their inter-

agent messages. The MAS-specific instruments cover com-
munication quality, delegation and role accuracy, coordination
efficiency and reasoning redundancy, scalability with agent
count, consensus and conflict resolution, error-propagation
containment, verification and termination correctness, dead-
lock or livelock, and collective safety. Where applicable, eval-
uation also varies the agent roster or orchestration topology
to test whether collaboration quality is stable across system
configurations.

Collective robustness is tested by introducing controlled
faults to individual agents or communication channels. MAS-
FIRE applies fault injection to both intra-agent reasoning and
inter-agent coordination [42]; the evaluation protocol records
whether such faults are detected, contained, propagated, or
recovered from. The trajectory-level harness is extended with
the inter-agent message bus, role and subtask assignments,
verification and termination events, and per-agent attribution of
actions and constraint violations. Reproducibility additionally
fixes the agent roster and topology, communication proto-
col, and orchestration policy. Scoring otherwise reuses the
trajectory-level mechanisms above; inter-agent messages are
scored for relevance and grounding by the judge mechanism
of How outputs are scored.

The multi-agent-specific instruments are listed at the foot
of Table IX. One metric specific to this evaluation level is
the cumulative unsafe-action rate. For a system of M agents,
where agent i executes Ti actions and vi,t ∈ {0, 1} indicates
whether action t violates a specified safety constraint,

UMAS =

∑M
i=1

∑Ti

t=1 vi,t∑M
i=1 Ti

. (13)

UMAS is the fraction of actions in the joint trajectory that vio-
late a safety constraint, irrespective of which agent originated
them. It is a lower-is-better rate and a veto candidate, pending
empirical validation. These instruments are defined here but
not yet operationalized in version 1.0.

3) Multimodal Evaluation: Cross-Modal Level: The unit of
evaluation is the relationship between modalities. The cross-
modal instruments cover grounding and cross-modal con-
sistency, per-modality perception accuracy, modality-specific
harms, and robustness to corrupted or adversarial inputs
in each modality; full descriptors are in Table X. Per-
metric datasets are as follows: VQA accuracy is evaluated
on VQAv2 [11], GQA [51], and MMBench [52]; caption
quality on MS-COCO [12] and NoCaps [53]; cross-modal
retrieval on the MS-COCO retrieval split and Flickr30k [54];
grounding accuracy on RefCOCO and RefCOCO+ [55]; OCR
and text-read accuracy on TextVQA [56], DocVQA [57], and
ChartQA [58]; ASR word error rate on LibriSpeech [59] and
FLEURS [60]; and cross-modal hallucination on POPE [61],
HallusionBench [62], and MMHal-Bench [63].

Modality robustness is evaluated against a fixed perturba-
tion set. Four graded corruption types are applied at three
severity levels: Gaussian noise, blur, compression artifacts, and
typographic attacks. Modality dropout (image-only and text-
only ablations) is binary and is applied separately, since it
admits no severity grading. Perturbed pairs are derived from
the corresponding clean evaluation split.
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TABLE IV: Coverage of the eight spine dimensions across
system types and the meta-evaluation layer.

Dimension LLM (output) Agentic (trajectory) Multimodal
(cross-modal)

Meta-eval

Capability EM/F1, Pass@k, judge task success, tool-call,
optimality, delegationm,
comm. qualitym

VQA, caption, retrieval,
grounding, OCR, WER

N/Aa

Robustness self-consistency† error recovery, consistency,
error-propagation
containmentm, deadlockm

modality robustness test–retest stability

Safety faithfulness, toxicity,
refusal

unsafe-action rate‡,
cumulative unsafe-action
(MAS)m

cross-modal
hallucination‡

N/Aa

Fairness bias/fairness gap fairness gap (outcomes)s fairness gap (groups,
accents)s

judge bias

Transparency calibration (ECE) per-step calibrations answer calibrations judge–human
agreement,
inter-rater

Governance contamination, format
robustness, extraction
validity,
model-governance
completenesss

trajectory reproducibility,
verifier validity

per-modality
contamination,
annotation quality

metric validity,
discriminative
power,
contamination

Oversight abstention, escalation interruptibility, override,
confirmation-gating

abstention, escalations;
action-loop instruments
N/Ab

N/Aa

Efficiency latency, throughput,
cost, memory, energy

step efficiency, cost,
coordination efficiencym

latency, cost, energys N/Aa

s generic instrument applied across system types; † applicable but
not yet operationalized at the output level; ‡ per-step or per-artifact

only; a not applicable to meta-evaluation; b not applicable to
systems without an action loop; m multi-agent-system instrument

(Table IX), not yet operationalized in version 1.0.

Scoring reuses the output-level mechanisms: OCR, text-
read accuracy, WER, and retrieval are reference comparisons;
CLIPScore is embedding similarity; cross-modal hallucination
is model-scored. Four metrics are specific to this evaluation
level. VQA uses a consensus soft-accuracy over annotator
agreement, where the denominator of three is the VQAv2
convention that an answer given by at least three of the ten
independent annotators counts as fully correct [11]:

AccVQA =
1

N

N∑
i=1

min

(
1,

#{annotators giving ŷi}
3

)
.

(14)
Caption quality uses CIDEr, the weighted cosine similarity of
TF–IDF n-gram vectors gn against M references, with SPICE
as a scene-graph F1 alternative [64], [65]:

CIDEr =

N∑
n=1

wn
1

M

M∑
j=1

gn(ŷ) · gn(rj)

∥gn(ŷ)∥ ∥gn(rj)∥
. (15)

Cross-modal retrieval uses Recall@k, the fraction of queries
whose correct match falls in the top k:

R@k =
1

N

N∑
i=1

1[match(qi) ∈ top-k(qi)] . (16)

Generation fidelity uses FID, the Fréchet distance between
Gaussian fits to real and generated Inception features (the
Inception Score is the alternative) [66], [67]:

FID = ∥µr − µg∥22 +Tr
(
Σr +Σg − 2(ΣrΣg)

1/2
)
. (17)

C. Coverage Across System Types

Generic instruments (fairness gap, calibration, efficiency)
are specified once in the LLM catalogue and applied across
system types; the descriptor tables list each once to avoid
repetition. Cells marked †, ‡, or m are defined in the present

TABLE V: Metric families and band boundaries.

Family Metrics Band rule

Higher-is-better Accuracy, F1, Pass@k, VQA,
Recall@k, task success, tool
accuracy, recovery, grounding,
OCR, oversight metrics

0: [0, .2); 1: [.2, .4); 2: [.4, .6); 3:
[.6, .8); 4: [.8, 1]

Lower-is-better Toxicity, unsafe-action, dead-
lock, hallucination, contami-
nation, WER

4: [0, .05); 3: [.05, .10); 2:
[.10, .20); 1: [.20, .40); 0:
[.40, 1]

Lower-is-better
continuous

ECE, FID, perplexity, fairness
gap, robustness degradation,
judge bias, variance

band = 4 − ⌊4v/B⌋. B:
ECE=.20, FID=300, fairness=.20,
robustness=.30, bias=.15,
variance=.10

Ratio-to-budget Latency, throughput, cost,
memory, energy, coordination,
token cost

For budget B: 4: ≤ .25B; 3: ≤
.50B; 2: ≤ .75B; 1: ≤ B; 0: >
B

Target-band Refusal, abstention, help-
seeking

Inside [lo, hi]: 4; decreases with
distance. Defaults: unsafe [.85,.95],
safe [0,.05], abstention [.10,.30]

Comparative LLM-judge win-rate, Elo, tra-
jectory optimality, Bradley–
Terry

Pool quartiles: top=4, Q3=3, Q2=2,
bottom=1; below floor=0

framework but not yet operationalized in version 1.0; all are
scheduled for the next revision. The dimensions marked N/A
carry no instrument by construction and are not interpreted as
failure.

D. Score Normalization and Banding

Every native metric score is mapped to a shared ordinal
0–4 band to support consistent interpretation across hetero-
geneous instruments without treating their native scales as
directly equivalent. The mapping is governed by six families
(Table V), each with its own mapping rule. Every instrument
in Appendix A is assigned to exactly one family; where an
instrument is not named in Table V, the family recorded
in its descriptor row governs. Band thresholds are default
framework thresholds; thresholds may be revised between
evaluation cycles through protocol versioning.

a) Safety-Critical Overrides: Three instruments carry
hard ceilings that override normal banding.
Contamination ≥ 0.40 The affected benchmark is voided: its

score is withdrawn, the construct it covered is marked
N/A for that submission, and no dimension band may be
computed from it.

Unsafe-action rate ≥ 0.20 The Safety dimension is capped
at band 0, and the system is flagged as unsuitable for
deployment under the evaluated conditions.

Confirmation-gating < 0.80 The Oversight dimension is
capped at band 1, reflecting insufficient confirmation for
high-impact or irreversible actions.

E. Meta-Evaluation Layer

The meta-evaluation layer assesses the evaluation process
rather than the model itself and provides evidence about the
validity and reliability of reported results. Its full descriptors
are in Table XI. It covers four checks:

1) Construct validity of each instrument.
2) Measurement reliability, inter-run and inter-rater.
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3) Data-contamination control.
4) Statistical reporting: effect sizes and confidence intervals,

rather than point estimates alone.
Contamination and construct validity appear both here and
under Governance (Section IV-F). The division is by scope: the
per-dataset and per-level checks are governance instruments
owned by the submitting evaluator, while the cross-cutting
aggregates reported in Table XI are computed once over the
reference evaluation pool.

F. Governance and Evidence Requirements
Governance has two facets. Evaluation-governance instru-

ments assess the evaluation process and differ by evaluation
level, whereas model-governance instruments assess the gover-
nance artifacts accompanying the model and are shared across
system types. At each level, the governance checks address
distinct sources of score inflation and irreproducibility; the
cross-cutting governance metrics (metric validity, discrimina-
tive power, sensitivity, and contamination) are aggregated in
the meta-evaluation layer.
LLM (output) Benchmark contamination control per

dataset [68], [14], plus score stability across prompt
paraphrases, since a single template shifts both absolute
scores and relative rankings [69]; answer extraction is
validated against a hand-checked sample to ensure that
parsing errors do not confound the measurement.

Agentic (trajectory) Trajectory reproducibility from the five
fixed evaluation artifacts (environment version, task spec-
ification, agent configuration, decoding parameters, and
seed) [40], and task-verifier validity: the programmatic
or LLM checker is itself audited against human judge-
ments of goal completion [41]. For multi-agent systems,
per-agent attribution validity is added: the action and
constraint-violation logger is audited to confirm that each
event is assigned to the correct originating agent, so
that cumulative and cross-agent metrics rest on a reliable
attribution trail.

Multimodal (cross-modal) Per-modality contamination con-
trol, with image, audio, and text overlap against training
data checked separately, and reference-annotation quality,
understood as the degree to which the characteristics of
the data satisfy stated and implied needs when used under
specified conditions [70], since automated caption and
VQA metrics inherit the noise of their reference labels.

Meta The cross-cutting governance metrics in Table XI: con-
struct validity, inter-run and inter-rater reliability, dis-
criminative power, sensitivity, and contamination, each
reported with effect sizes and confidence intervals rather
than bare point scores.

G. Independent Review and Process Safeguards
Self-evaluation introduces a potential conflict of interest.

Every reported profile is therefore accompanied by support-
ing evidence and checked through independent safeguards
designed to reduce evaluator bias.
Evidence submission Each profile is accompanied by an

evidence package: native scores, decoding configuration,

seeds, bootstrap intervals, per-benchmark contamination
checks, and the reference evaluation pool version against
which any comparative metric was banded. The package
schema is fixed in the toolkit. Reported results can
therefore be independently inspected and verified.

Peer review Before a submission enters the reference pool,
it is reviewed by an independent evaluator, against the
meta-evaluation checklist (Section IV-E).

Independent re-runs A 2% sample of submissions is re-
executed from the fixed evaluation artifacts by an in-
dependent evaluator. The sample is drawn to provide
coverage across submitting organizations at least once per
cycle, with the remainder weighted toward submissions
carrying veto-adjacent scores. A re-run whose profile di-
verges beyond the reported confidence interval is flagged
for resolution.

Dispute resolution Disagreements among author, reviewer,
and re-runner are escalated to the designated governance
body and resolved on the basis of the recorded evidence,
with the outcome logged.

V. ALIGNMENT WITH THE EU AI ACT AND THE GPAI
CODE OF PRACTICE

The proposed framework is designed to align with the
EU regulatory framework and to support traceable and
governance-relevant evaluation evidence. Providers of general-
purpose AI (GPAI) models are subject to baseline obliga-
tions concerning technical documentation, information for
downstream providers, copyright policies, and summaries of
training-data content [71], [72]. GPAI models classified as
presenting systemic risk are subject to additional obliga-
tions, including model evaluation, adversarial testing, serious-
incident reporting, and cybersecurity measures [71], [73].
The systemic-risk threshold is defined in terms of training
compute above 1025 FLOPs or designation by the European
Commission [72].

Applicability to evaluated systems. For systems that do not
meet the systemic-risk criteria, the baseline GPAI obligations
under Article 53 remain relevant, whereas the additional
obligations under Article 55 apply to GPAI models with
systemic risk. The framework nevertheless incorporates eval-
uation practices associated with Article 55, including model
evaluation, documented adversarial testing, and risk assess-
ment, in a proportionate manner based on system capability
and deployment risk. This approach supports the generation of
evaluation evidence that remains useful as system capabilities,
deployment contexts, or regulatory requirements evolve.

The GPAI Code of Practice provides a structured means
of supporting compliance with the relevant obligations under
Articles 53 and 55. Its Safety and Security chapter emphasizes
evaluations targeted to specific risk scenarios, appropriate
scientific and technical rigor, and alignment with the model’s
expected use context [73]. Figure 4 summarizes the relation-
ship between the proposed framework and relevant regulatory
and standards-based frameworks, while Table VI provides a
provision-level crosswalk.
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Proposed Framework
Evidence Packages

EU AI Act - Art. 53 and Art. 55
obligations.

ISO/IEC 38507 - governance of
organisational AI use.

GPAI Code of Practice -
Transparency and Safety & Security

chapters

ISO/IEC TR 5469 - functional-
safety inputs.

ISO/IEC 42001 - AI management
system controls

NIST AI RMF 1.0 - GOVERN,
MAP, MEASURE, MANAGE

ISO/IEC 23894 - AI risk- management process

Fig. 4: Alignment of the proposed evaluation framework with
the EU AI Act, the GPAI Code of Practice, and selected
international AI governance, risk-management, and safety
standards.

TABLE VI: Crosswalk between framework elements, EU AI
Act provisions, and the GPAI Code of Practice.

Element EU AI Act GPAI Code of Practice

Transparency Art. 53(1)(a): technical docu-
mentation; Art. 53(1)(b): down-
stream information; Art. 53(1)(d):
training-data summary; Annexes
XI–XII

Transparency chapter;
Measures 1.1–1.3 on model
documentation, downstream
information, quality/integrity,
and retention

Safety Art. 55(1)(a): model evaluation
and adversarial testing; Annex XI,
Sec. 2

Safety and Security chapter;
model evaluation, red teaming,
and Measure 10.1

Robustness Art. 55(1)(a): state-of-the-art test-
ing; Art. 55(1)(d): cybersecurity;
Art. 51 and Annex XIII

Stress testing, resilience, robust-
ness, and security measures

Governance / meta-
evaluation

Art. 55(1)(a): standardized proto-
cols and tools; Art. 56: Codes of
Practice

State-of-the-art evaluation
framework and rigor
requirements

Oversight Art. 55(1)(b): systemic-risk
assessment and mitigation;
Art. 55(1)(c): incident reporting;
Art. 51 and Annex XIII

Ongoing monitoring, systemic-
risk tracking, incident reporting,
and corrective measures

Efficiency Art. 53(1)(a), Annex XI,
Sec. 1(2)(d)–(e): computational
resources and energy use

Transparency chapter and Model
Documentation Form provisions
on compute and energy

Proportionality Art. 51 and Annex XIII: systemic-
risk classification and risk-based
obligations

Proportionate requirements for
systemic-risk, modified, and
fine-tuned GPAI models

Evidence / audit
trail

Art. 53(1)(a), Annexes XI–XII:
documentation maintenance and
availability

Up-to-date documentation and
retention of relevant records

VI. ALIGNMENT WITH ISO/IEC AND NIST FRAMEWORKS

Beyond the EU regulatory framework discussed in Sec-
tion V, the proposed framework is designed so that its eval-
uation spine, evidence packages, and meta-evaluation layer
can support established AI governance and risk-management
standards. The following alignment is non-exhaustive.

ISO/IEC TS 5723 – Trustworthiness vocabulary.
ISO/IEC TS 5723:2022 defines trustworthiness as the
ability to meet stakeholders’ expectations in a verifiable
manner and identifies characteristics whose relevance depends
on the system, data, technology, processes, and application
context [1]. The proposed framework adopts this context-
sensitive view of trustworthiness through the definitions

introduced in Section I and the evaluation dimensions in
Table I.

ISO/IEC 42001 – AI management systems. ISO/IEC
42001:2023 specifies requirements for establishing,
implementing, maintaining, and continually improving an AI
management system (AIMS) for organisations that provide or
use AI-based products or services. It addresses organisational
context, leadership, planning, support, operation, performance
evaluation, and continual improvement [16]. The governance,
meta-evaluation, and evidence-management components of
the proposed framework can support performance evaluation
and assurance activities within such an AI management
system.

ISO/IEC 23894 – AI risk management. ISO/IEC
23894:2023 adapts established risk-management principles to
AI and covers activities including communication, context
establishment, risk assessment, risk treatment, monitoring,
review, recording, and reporting [17]. The framework’s safety,
robustness, fairness, transparency, oversight, and efficiency
dimensions provide measurable evidence relevant to these
risk-management activities, while the proportionality principle
links evaluation depth to capability and deployment risk.

ISO/IEC 38507 – Governance of AI use. ISO/IEC
38507:2022 provides guidance for governing the
organisational use of AI, including governance structures,
policies, compliance, oversight, risk appetite, and risk-
management controls [18]. The governance and meta-
evaluation components of the proposed framework support
the operationalization of this guidance by producing
structured evaluation profiles, documented protocols, and
auditable evidence for oversight and decision-making.

ISO/IEC TR 5469 – Functional safety and AI. ISO/IEC
TR 5469:2024 addresses the application of AI technologies
in safety-related systems, including relevant properties,
functional-safety risk factors, methods, constraints, and
challenges [74]. The proposed framework is not itself
a functional-safety standard; however, trajectory-level
measures such as unsafe-action rate, confirmation-gating, and
interruptibility can provide quantitative evidence relevant to
functional-safety analysis where applicable.

NIST AI RMF 1.0. The NIST AI Risk Management Frame-
work 1.0 provides guidance for managing AI risks and promot-
ing trustworthy AI throughout design, development, deploy-
ment, and use. Its trustworthiness characteristics include valid-
ity and reliability, safety, security and resilience, accountability
and transparency, explainability and interpretability, privacy
enhancement, and fairness with harmful bias managed. These
characteristics are organized around four functions: GOV-
ERN, MAP, MEASURE, and MANAGE [2]. The proposed
framework supports these functions through its governance
and meta-evaluation layer (GOVERN), coverage matrix and
multidimensional profiles (MAP), metric catalogue and scor-
ing procedures (MEASURE), and proportionality and decision
policies (MANAGE).
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VII. LIMITATIONS

The framework has limits it states openly. Benchmark
scores saturate and can be gamed, so a high number is
evidence of capability under test conditions, not a guarantee
of deployment behaviour. Coverage is incomplete for novel
agentic and multimodal failure modes that current instruments
were not designed to catch. The conflict of interest inherent
in self-evaluation is mitigated by the process safeguards of
Section IV-G but not eliminated, since independent re-runs
cover only a sample. These limits are the reason the framework
reports an uncertainty-bearing profile rather than a single
pass mark, and why the meta-evaluation layer is part of the
framework rather than an afterthought.

VIII. CONCLUSION

In this article, we presented a unified evaluation framework
for LLMs, agentic and multi-agent systems, and multimodal
models. The framework organizes evaluation across eight
trustworthiness dimensions while preserving the specific re-
quirements of output-level, trajectory-level, and cross-modal
assessment. We described common scoring and reporting
procedures and introduced a meta-evaluation layer to assess
the quality of the evaluation itself. We also mapped the
framework’s evaluation and evidence requirements to relevant
AI governance frameworks, standards, and regulations.

Evaluating AI trustworthiness remains challenging as sys-
tem capabilities, deployment contexts, and failure modes
evolve. The proposed framework provides a common basis
for organizing evaluation evidence and supporting informed
oversight. However, its practical value requires validation
across diverse systems and use cases. Future work should
focus on calibrating scoring thresholds based on use-cases,
examining the relationship between evaluation profiles and
deployment outcomes, and extending assessment methods to
emerging agentic and multimodal risks.
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APPENDIX A
METRIC DESCRIPTOR CATALOG

Legend. Basis: ref = reference-based, rf = reference-
free, judge, behav = behavioral. Scale: bin, ord, cont,
ratio. Form: point, rate, distrib, comp = comparative,
corr = correlation. Dir: ↑ higher-better, ↓ lower-better, ⊡
target-band. Norm maps native output onto the shared
0–4 band using one of six families (codes shown
in the column): H = higher-is-better rate (0: [0, .20)
1: [.20, .40) 2: [.40, .60) 3: [.60, .80) 4: [.80, 1]); L = lower-
is-better rate (4: [0, .05) 3: [.05, .10) 2: [.10, .20)
1: [.20, .40) 0: [.40, 1]); C(B) = lower-is-better continuous
(band = 4 − ⌊4v/B⌋); R = ratio-to-budget (4: v ≤ .25B . . .
0: v>B; partner-declared B); W[lo,hi] = target-band window
(inside = 4; linear decay outside); Q = comparative quartile
rank within the shared pool. Veto overrides are marked (v).
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TABLE VII: LLM (output-level) metric descriptors

Metric Dim Basis Scale Form Dir Native output Norm Data need Failure signal

Accuracy / Exact
Match

Capability ref bin→cont rate ↑ % matching gold H reference labels wrong final answers

F1 Capability ref cont point ↑ 0–1 overlap H gold spans partial / missed matches
Pass@k (code) Capability ref (exec) bin→rate rate ↑ % solved in k H test suite / env code fails tests
BLEU Capability ref cont point ↑ 0–1 n-gram precision H reference text low overlap w/ ref
ROUGE Capability ref cont point ↑ 0–1 recall overlap H reference summary missing ref content
METEOR Capability ref cont point ↑ 0–1 stem /

synonym-aware
H reference text semantic mismatch

BERTScore Capability ref
(embed)

cont point ↑ 0–1 embed similarity H reference text semantic divergence

LLM-judge /
win-rate / Elo

Capability judge ord /
comp

comp ↑ win % or Elo Q judge + opponent set judged worse than base

Perplexity Capability rf ratio point ↓ exp(avg NLL) C∗ held-out text poor LM fit
ECE (calibration) Transparency ref cont distrib ↓ 0–1 conf–acc gap C labels + confidences over- / under-confident
Faithfulness rate Safety judge /

NLI
cont rate ↑ % claims supported H source doc unsupported claims

Toxicity Safety rf (clf) cont rate ↓ 0–1 prob / % toxic L none (classifier) harmful output
Refusal rate Safety rule /

judge
cont rate ⊡ % prompts refused W safe / unsafe prompt

set
over- or under-refusal

Bias / fairness gap Fairness comp cont comp ↓ delta across groups C group-labeled data disparate performance
Abstention /
deferral rate

Oversight rule /
judge

cont rate ⊡ % uncertain cases
declined

W answerable /
unanswerable set

answers when it
shouldn’t

Escalation
appropriateness

Oversight judge / ref cont rate ↑ precision–recall of
“needs human”

H gold escalation labels misses review / false
alarms

Inference latency Efficiency rf ratio point ↓ sec / response R instrumentation too slow for use case
Throughput Efficiency rf ratio rate ↑ tokens or queries / sec R instrumentation low serving capacity
Cost per query Efficiency rf ratio point ↓ $ per request R pricing + usage over budget
Memory footprint Efficiency rf ratio point ↓ params / VRAM R model spec won’t fit target hardware
Energy / carbon
per query

Efficiency rf ratio point ↓ kWh or gCO2e per
request

R power / carbon
instrumentation

excess energy /
emissions

∗ Perplexity comparable only within identical tokenizer / corpus.

TABLE VIII: Agent (trajectory-level) metric descriptors: single-agent instruments)

Metric Dim Basis Scale Form Dir Native output Norm (family [cuts]) Data need Failure signal

Task success rate Capability behav bin→rate rate ↑ % goal achieved H [0/.20/.40/.60/.80] goal oracle / env goal not reached
Sub-goal /
progress

Capability behav cont rate ↑ % sub-goals done H [0/.20/.40/.60/.80] annotated
checkpoints

stalls partway

Pass@k (agent) Capability behav bin→rate rate ↑ % solved in k tries H [0/.20/.40/.60/.80] env / goal oracle fails across all k
Tool-call accuracy Capability behav bin→rate rate ↑ % correct tool+args H [0/.20/.40/.60/.80] gold trajectory /

env
wrong tool / bad
args

Step efficiency Efficiency behav cont comp ↑ min(1, L∗/L) H [0/.20/.40/.60/.80] optimal path redundant steps
Trajectory
optimality

Capability judge /
behav

ord / cont comp ↑ path quality vs ref Q (pool quartile) ref path or judge convoluted path

Error recovery rate Robustness behav bin→rate rate ↑ % failures recovered H [0/.20/.40/.60/.80] env w/ injected
faults

can’t recover

Cost (tokens / $ /
latency)

Efficiency rf ratio point /
rate

↓ tokens, $, seconds R (partner budget) instrumentation over budget / slow

Unsafe action rate Safety rule /
behav

bin→rate rate ↓ % steps violating L [.40/.20/.10/.05/0] (v)
≥0.20

constraint spec /
monitor

dangerous actions

Consistency Robustness rf cont distrib ↓ variance across runs C (B=0.10) repeated runs unstable outcomes
Interruptibility /
stop-success

Oversight behav bin→rate rate ↑ % clean halts on stop H [0/.20/.40/.60/.80] env w/ stop
injection

ignores / mishandles
stop

Human-override
success

Oversight behav bin→rate rate ↑ % overrides applied H [0/.20/.40/.60/.80] env w/
interventions

discards human
input

Appropriate
help-seeking

Oversight judge /
behav

cont rate ⊡ % asks only when
needed

W [.10,.30] tasks w/ need
points

never asks / asks
constantly

Deferral-on-
uncertainty

Oversight behav bin→rate rate ↑ % low-conf steps
escalated

H [0/.20/.40/.60/.80] confidence-
instrumented env

barrels ahead when
unsure

Confirmation-
gating

Oversight rule /
behav

bin→rate rate ↑ % high-impact
actions gated

H [0/.20/.40/.60/.80] (v)
<0.80

action-impact spec irreversible action
w/o sign-off



15

TABLE IX: Multi-agent trajectory-level metric descriptors.

Metric / Dim. Type Output / Band Evidence / Failure
Communication quality (Ca-
pability)

judge; cont.; rate; ↑ % relevant/grounded msgs.; H [.20/.40/.60/.80] Message log + rubric; off-topic/ungrounded commu-
nication

Delegation accuracy (Capa-
bility)

behav.; bin.; rate; ↑ % subtasks assigned correctly; H
[.20/.40/.60/.80]

Role assignment; incorrect agent selected

Coordination efficiency (Ef-
ficiency)

behav.; ratio; comp.; ↓ Msgs./steps relative to optimum; R (budget) Reference trace; redundant/duplicated work

Conflict resolution (Robust-
ness)

behav.; bin.; rate; ↑ % conflicts resolved; H [.20/.40/.60/.80] Induced disagreement; incorrect reconciliation

Error containment (Robust-
ness)

behav.; bin.; rate; ↑ % injected faults contained; H [.20/.40/.60/.80] Fault injection; cascading failure

Deadlock/livelock (Robust-
ness)

behav.; bin.; rate; ↓ % stalled/looping runs; L [.40/.20/.10/.05/0] Long-horizon tasks; indefinite stall/loop

Verification correctness (Ro-
bustness)

behav.; bin.; rate; ↑ % outcomes verified; H [.20/.40/.60/.80] Verification oracle; incorrect verification

Termination correctness (Ro-
bustness)

behav.; bin.; rate; ↑ % correctly terminated; H [.20/.40/.60/.80] Terminal oracle; premature/failed termination

UPR (Efficiency) behav.; ratio; rate; ↓ Redundant reasoning fraction; L
[.40/.20/.10/.05/0]

Communication graph; non-contributing paths

RCC (Efficiency) comp.; ratio; rate; ↓ max(0, 1− SMAS/S1); L [.40/.20/.10/.05/0] Single-agent baseline; coordination loss
Unsafe-action rate (Safety) rule/behav.; bin.; rate; ↓ % violating steps; L [.40/.20/.10/.05/0] Constraint monitor; compounding unsafe actions

Note: Type = basis; scale; form; direction. H/L/R = higher-is-better, lower-is-better, and ratio-to-budget families. Metrics are defined but not yet operationalized in v1.0.

TABLE X: Multimodal cross-modal metric descriptors.

Metric / Dim. Type Output / Band Evidence / Failure
VQA accuracy (Capability) ref.; bin.; rate; ↑ % correct; H [.20/.40/.60/.80] Q–A pairs; incorrect visual reasoning
CIDEr/SPICE (Capability) ref.; cont.; point; ↑ Caption quality; H [.20/.40/.60/.80] Reference captions; inaccurate captions
Recall@k (Capability) ref.; bin.; rate; ↑ % correct in top-k; H [.20/.40/.60/.80] Paired corpus; incorrect modality match
CLIPScore (Capability) embed.; cont.; point; ↑ Image–text similarity; H [.20/.40/.60/.80] Encoder; weak cross-modal alignment
FID/IS (Capability) ref.; cont.; distrib.; ↓ Distance to real distribution; C (B = 300) Reference images; unrealistic generation
Grounding accuracy (Capa-
bility)

ref.; bin.; rate; ↑ % correct regions; H [.20/.40/.60/.80] Region labels; incorrect grounding

OCR accuracy (Capability) ref.; cont.; rate; ↑ 1−CER / % correct; H [.20/.40/.60/.80] Transcription; misread visual text
WER (Capability) ref.; ratio; rate; ↓ Word error rate; L [.40/.20/.10/.05/0] Transcript; ASR errors
Cross-modal hallucination
(Safety)

judge; cont.; rate; ↓ % unsupported claims; L [.40/.20/.10/.05/0] Source modality; absent content described

Modality robustness (Ro-
bustness)

comp.; cont.; comp.; ↓ Perturbation degradation; C (B = .30) Perturbed pairs; sensitivity to noise/dropout

Note: Type = basis; scale; form; direction. H/L/C = higher-is-better, lower-is-better, and continuous families.

TABLE XI: Meta-evaluation metric descriptors.

Metric / Dim. Type Output / Band Evidence / Failure
Judge–human agreement
(Transparency)

comp.; cont.; corr.; ↑ Correlation with human ratings; H
[.20/.40/.60/.80]

Human ratings; judge–human disagreement

Inter-rater reliability (Trans-
parency)

ref.; cont.; distrib.; ↑ κ / α; H [.20/.40/.60/.80] ≥ 2 raters; rater disagreement

Metric validity
(Governance)

comp.; cont.; corr.; ↑ Correlation with criterion; H [.20/.40/.60/.80] Criterion measure; metric tracks noise

Discriminative power (Gov-
ernance)

ref.; cont.; distrib.; ↑ Score separation; H [.20/.40/.60/.80] Multi-system scores; poor differentiation

Test–retest stability (Robust-
ness)

ref.; cont.; distrib.; ↑ Rerun variance; C (B = .10) Repeated runs; unstable scores

Sensitivity (Governance) comp.; cont.; comp.; ↑ Detection of known differences; H
[.20/.40/.60/.80]

Known-gap systems; missed differences

Contamination/leakage
(Governance)

rule; bin.; rate; ↓ % test items in training; L [.40/.20/.10/.05/0] Train/test overlap; inflated scores

Judge bias (Fairness) comp.; cont.; comp.; ↓ Score shift from artifact; C (B = .15) Controlled probes; length/position/self bias
Note: Type = basis; scale; form; direction. corr. = correlation; κ/α = agreement coefficients.


	Introduction
	Related Work
	Evaluation Principles
	From Native Scores to a Shared Band
	The Eight-Dimensional Profile
	Interpretation of Band Scores


	Unified Evaluation Framework
	Common Evaluation Spine
	Model-Specific Evaluation Tracks
	LLM Evaluation: Output Level
	Agentic and Multi-Agent Evaluation: Trajectory Level
	Multimodal Evaluation: Cross-Modal Level

	Coverage Across System Types
	Score Normalization and Banding
	Meta-Evaluation Layer
	Governance and Evidence Requirements
	Independent Review and Process Safeguards

	Alignment with the EU AI Act and the GPAI Code of Practice
	Alignment with ISO/IEC and NIST Frameworks
	Limitations
	Conclusion
	References
	Appendix A: Metric Descriptor Catalog

