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Abstract

We introduce RUM, a unified, lifecycle-aware framework
for facilitating the engineering and assessing Trustworthy AI
Components (AICs). Unlike model-centric evaluations, RUM
treats AICs as indivisible units whose behavior must be un-
derstood across specification, development, operation, and
updating phases, in conjunction with system’s engineering
End2End methodological activities. This announcement pa-
per presents a series of research articles that establish the
foundation of RUM: (1) a formal argument for the atomic
nature of Trustworthy AICs; (2) a structured set of novel
trust metrics, many of them being of non-aggregative nature,
spanning the AIC’s lifecycle; and (3) an operational frame-
work introducing AI Blueprints to support runtime monitor-
ing, human-in-the-loop usage, and temporal maintainability
while facilitating the evolution of AICs at different stages.
RUM offers a methodological contribution, aligning with AI
deployment’s needs in industrial contexts.

Introduction
As AI systems transition from research prototypes to
mission-critical components in real-world applications, the
question of trustworthiness becomes central, especially in
industrial settings where safety, reliability, and long-term
maintainability are essential. While substantial progress has
been made in evaluating individual Machine Learning (ML)
models, most existing approaches remain model-centric and
narrowly scoped. They fail to address the realities of de-
ployment, where AI capabilities are present in Trustwor-
thy AI Components (AICs) which incorporate software
units embedding pure and statistical functions, associated
datasets and calibration parameters within real-world sys-
tems, which in turn interact dynamically with complex op-
erational environments. These deployed AICs, which inte-
grate ML inference with decision logic, state management,
and runtime behavior, challenge classical assumptions of
modularity, testability, and transparency. Strong entangle-
ment between AIC elements (different models, datasets, hy-
perparameters) prevent from replacing one element by an
other with similar interface/behaviour. As such, unlike iso-
lated models, AICs often resist clean decomposition, mak-
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ing them opaque to traditional verification methods and dif-
ficult to monitor or maintain once integrated with respect to
associated datasets and calibration parameters. Deployment
failures, stakeholder misalignments, and unpredictable be-
havior frequently stem from this structural indivisibility and
from the absence of lifecycle-aware evaluation frameworks.
To address these challenges, we introduce RUM: a prin-

cipled, component-centric methodological contribution for
engineering and assessing AI trustworthiness of industrial
AICs. RUM (Robustness, Uncertainty & Monitoring) de-
parts from conventional model-focused views and instead
treats AICs as atomic units, characterized not just by their
performance, but by their interaction with evolving con-
texts, human oversight, and software systems over time.
The framework, open-sourced at https://catalog.confiance.
ai, supports the combination of simple and complex (e.g. sta-
tistical) trust metrics and introduces AI Blueprints: reusable,
lifecycle-guided design patterns that align AIC behavior
with system goals & operational constraints.
This article announces a series of articles proposing foun-

dational contributions that underpin the RUM framework
and serves as a unified survey of the contents of the different
articles that will constitute the series. It is organized as fol-
lows: we will first position RUM within the current and rich
ecosystem of research and industry entities focusing on en-
gineering of trustworthy AI Systems; we will then proceed
to present RUM’s core contributions in a simplified manner,
concentrating on surveying their relevance rather than their
technical detail; and finally, we will exemplify RUM’s over-
all actionable outcome on a Visual Inspection Use-Case.

Situating RUM in an Ecosystem for Contributing
to the Engineering of Trustworthy AI Components
RUM sits within the broad and rapidly evolving domain of
engineering trustworthy AI systems, which spans concerns
from technical robustness and transparency to lifecycle gov-
ernance and human-AI interaction. This domain is highly
active, reflecting both the growing maturity of AI deploy-
ment in real-world settings and the pressing need for struc-
tured, actionable approaches to manage trustworthiness be-
yond academic benchmarks.
The trustworthiness of AI is closely linked to: account-

ability (O’Neill 2014), which can be seen as either a fac-
tor of or an alternative to trust; dependability (Avizienis
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et al. 2004), encompassing attributes like safety (Cho et al.
2019), reliability, and maintainability, is also crucial. More-
over, the Assessment List for Trustworthy AI (ALTAI 2019)
outlines seven core pillars: human agency and autonomy,
technical robustness and security, privacy and data gover-
nance, transparency, diversity and fairness, societal and en-
vironmental welfare, and accountability. Nevertheless, while
much research focuses on algorithmic features of trustwor-
thiness, systemic analysis remains under-explored (Mattioli
et al. 2023a, 2024). The latter must be evaluated across the
AI lifecycle, involving various stakeholders and quantified
using metrics or accuracy indicators (Braunschweig, Gelin,
and Terrier 2022). At both model and system levels, it in-
volves robustness, effectiveness, and dependability, requir-
ing validation of intrinsic properties like accuracy, safety,
and security. Thus, AI systems must remain robust in dy-
namic environments, avoid causing harm, and ensure hu-
man autonomy in decision-making. Trustworthiness assess-
ment depends on context-specific attribute selection, mod-
elled through the Operational Design Domain (ODD) and
stakeholder roles (Confiance.ai 2024).
Under different degrees of modularity assumptions, at-

tributes may be quantitative or qualitative, and their ag-
gregation can be challenging due to incommensurability,
requiring transformations to jointly commensurable scales
that reflect stakeholder preferences. Multi-Criteria Deci-
sion Aiding (MCDA) (Grabisch and Labreuche 2010) pro-
vides a framework for such evaluations, using aggregation
operators to derive representative values from diverse cri-
teria. The Confiance.ai approach extends MCDA (Matti-
oli et al. 2023b) through structured steps: defining trust-
worthiness attributes, organizing them hierarchically, ensur-
ing commensurability by assigning Key Performance Indi-
cators (KPIs) to atomic attributes, and aggregating these
indicators using advanced functions (Mattioli, Gonzalez
et al. 2024). This approach accommodates dependencies and
stakeholder-weighted preferences.
The problem of evaluating AI systems has historically fo-

cused on models, defined as trainable units optimized for
performance on curated tasks. However, the increasing inte-
gration of AI into real-world software architectures has cre-
ated a gap between model-level evaluation and system-level
deployment. AI is not just about optimizing predictive accu-
racy but also designing reliable, maintainable, and account-
able components embedded in larger systems.
Several global initiatives have emerged, proposing

generic methodological frameworks and principles to ad-
dress this gap, contributing to ensure more trustworthy AI.
Among them, the Guidelines for Trustworthy Artificial In-
telligence (Poretschkin et al. 2023) offers a general-purpose
methodological approach for responsible AI development.
In France, the Confiance.ai program (Confiance.ai 2024;
Mattioli, Gonzalez et al. 2024) and its Canadian counter-
part Confiance.ia have been pivotal in defining industrial-
grade trustworthy AI practices. Similarly, the UK’s Respon-
sible AI (RAI UK) initiative (Abeywickrama and Ramchurn
2024) contributes with a national roadmap to integrate trust-
worthiness into AI development. In parallel, more focused
works have emerged targeting specific types of AI models.

For example, Fraunhofer’s framework on systematic weak-
nesses in vision models (Gannamaneni et al. 2025) pro-
vides a structured evaluation of ML model limitations using
human-interpretable dimensions. Others concentrate on ap-
plication domains, such as the Safe.trAIn project’s analysis
of AI safety assurance in autonomous systems (Safe.trAIn
2024). Complementing these efforts, research has also ad-
dressed specific activities in the AI lifecycle. The project
(CERTAIN Project 2024) articulates a ”Trust by Design”
method in AI engineering, while the AI4CCAM project in-
troduces novel testing strategies (Mazouni et al. 2025). Fur-
thermore, as AI systems increasingly interact with human
users, questions about human-AI symbiosis and cognitive
integration arise such as (Panai 2025), arguing for AI align-
ment with human cognitive models.

The Limits of Modularity in AI Components. Classi-
cal software engineering is grounded in the principle that
complex systems can be decomposed into smaller, indepen-
dently verifiable modules. This principle is formalized in
what (Gentile 2013) has described as aModularity Hypothe-
sis, the idea that systems composed of pure functions can be
functionally decomposed down to atomic constituents, al-
though ”modularity” is a complex notion, and there is no
consensus on what its definition should be in the research
community (Sun 2023, Table 1.1). In the context of AI,
however, this hypothesis is intensively challenged. While
there have been research efforts to retrofit modular structures
onto AI systems (Sun 2023; Golechha et al. 2025; Csordás,
van Steenkiste, and Schmidhuber 2021; Pfeiffer et al. 2023;
Dorrell et al. 2025; Abeywickrama and Ramchurn 2024),
these approaches often rely on intensive human intervention
and engineering heuristics that are not representative of how
AICs are deployed in production settings. Moreover, even
controlled efforts to standardize data acquisition frequently
result in divergent model behavior, highlighting their brittle-
ness and contextual dependence (Recht et al. 2019).
As a consequence, attempts to audit or certify AICs using

function-level unit tests, type contracts, or common behav-
ioral assertions will fail to capture key risks: the presence
of statistical functions within AICs gives rise to complex,
non-aggregative metrics, trustworthiness properties such as
maintainability under drifts, or operator interpretability of
edge cases, that cannot be reduced to, or inferred from, sim-
ple & element-wise metrics alone. This complexity calls for
a shift in perspective: AICs must be treated as atomic units of
analysis, characterized by their externally observable behav-
ior and their lifecycle dynamics, rather than through internal
decomposition into functional parts in a quest for a final &
immovable static behaviour validation. RUM emerges from
this shift as we will see in the next section.

RUM for Component-Level Trustworthiness –
Overview of the Upcoming Series

RUM provides a methodological framework for structuring
the design, evaluation, trust management, engineering, and
evolution of AICs. It does so by focusing on real-world de-
ployment contexts and leveraging a clear system of non-
aggregatable trade-offs that cannot be combined into a single
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metric. It is based on three interlocking core principles:
1. Atomicity of AI Components – AICs are treated as in-

divisible units, embedding both deterministic logic, sta-
tistical functions, associated datasets and calibration pa-
rameters used to construct the AIC, and with inputs and
outputs defined by operational requirements, not unitary
isolated metrics associated to the AIC internal elements;

2. Lifecycle-Aware Trust Trade-Offs – Trustworthiness in
AICs emerges frommultidimensional trade-offs that can-
not be reduced to a single global score, and must be eval-
uated contextually across different lifecycle stages and
stakeholder perspectives. In short, their complex & non-
aggregatable nature reflect that of the AICs themselves;

3. AI Systems are Operation-Centric – The centre of
gravity for activities to build and maintain an operational
AI system shifts towards the operational part of its life-
cycle. The value of new data and user feedback is essen-
tial for improving performance and expanding the ODD
along the AI system’s life-cycle. The challenge is there-
fore to define the system integrating an AICwith minimal
specification ready to be deployed, with the ability to ex-
tract data and feedback to initiate the loop of incremental
improvement driven by the operations teams.

We highlight that these principles share a common degree of
genericity: they are relative to classes of use-cases. A class
of use-cases refers in this work to a family of related AI
functions that share common goals (operational purpose),
problem types, data modality, human-AI interaction and so-
lution patterns, but may differ in data contents and contex-
tual instantiations, or domain implementations. In the con-
text of AI systems, a Use-Case Class (UCC) defines a level
of abstraction that is more general than a single deploy-
ment context, yet specific enough to support reusable design
patterns and architectural templates unified by similar func-
tional intent or technological approach, analogue to those in
software development (Gamma et al. 1994) but AI-focused.

Together, these principles aim to provide a framework,
as illustrated in Figure 1, for aligning the technical affor-
dances of AI with the operational demands of complex sys-
tems. Unlike system’s engineering management method-
ologies, which guide the end-to-end design and validation
of systems, RUM focuses specifically on post-deployment
observability, updates, and evolutive adaptation, offering a
lightweight, component-centric layer whose objective is to
complement rather than replace the End2End Methodology
(Quintero et al. 2025).

We now present the main topics of the upcoming series of
articles that form the conceptual foundation of RUM, each
aligned with a core principle.

RUM’s Atomic approach for conceptualizing Trustwor-
thy AI Components. This topic in the series establishes
the conceptual foundation of RUM by introducing the notion
of indivisible AICs as the basic unit of trustworthiness anal-
ysis. Departing from conventional model-centric and func-
tionally decomposed views, we support this view by for-
malizing an Indecomposability Principle, which posits that
the presence of statistical measures within AICs inherently
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Figure 1: AI Governance and Observability to manage the
deployment and operation of Trustworthy AI Components.

breaks modularity. This principle builds on Gentile’s Mod-
ularity Hypothesis, asserting that when statistical functions
are involved, the classical process of functional decomposi-
tion from systems engineering fails to reduce the system into
isolated, pure functional blocks.

As a result, AICs, particularly those embedded in percep-
tion, prediction, or decision-making systems, exhibit non-
aggregative trust characteristics that cannot be captured
through analysis of submodules alone. We will provide spe-
cific examples of these in the Application section. Neverthe-
less, we highlight the fact that this consideration was cen-
tral in the HLIF Competition feedback (Laudy et al. 2025)
which ultimately concluded on the impossibility to linearly
score the competition solutions without constructing a proxy
of the expected fusion problem, stepping away from the re-
ality of the fusion problem challenges. AICs must instead be
treated as atomic, with their trustworthiness defined through
a combination of simple metrics, as the Out-of-Distribution
(OOD) ratio per class of objects, and complex & emergent
metrics like performance under distribution shift, context
sensitivity & reliability across scenarios. This indivisible
view forms the theoretical backbone of RUM and reframes
how we specify and evaluate AI behavior in real-world de-
ployments, where we need to be able to deal with inherently
complex AICs. The way AICs are structured does not follow
a modular logic but rather consists of interdependent statis-
tical elements, which co-evolve incrementally (see Fig. 2).

RUM is designed to reflect how AI is actually deployed,
both in modular parts and atomic units within industry-scale
AI Systems. The atomic aspect is easily visualised and un-
derstood when looking at the AIC’s development cycle. As
such, the take-away is that, to deliver this atomic concep-
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Figure 2: Development cycle of an AIC. The atomic aspect is easily exemplified: given AIC Design Specification, it consists
on interdependent updates that allow to determine trade-off’ values, which will be part of the AIC calibration tuning.

tualization within the broader AI system, it is necessary to
integrate the AIC Design Specification heavily relying on
the (Quintero et al. 2025) methodology, data, models, and
supplementary algorithms to produce both the AIC and its
corresponding AIC design calibration.

RUM’s Contextual Trade-off and Aggregation Met-
rics along AI Component’s Life-Cycle. Building on the
atomic view of AICs established in the prior topic, this topic
introduces the core evaluative framework of RUM through a
structured set of trustworthiness metrics that span the entire
lifecycle of an AIC. These metrics are play different roles
corresponding to a different lifecycle phases: specification,
development, operation, and updating. Crucially, the metric
framework reflects the foundational insight that AICs em-
bedding statistical functions cannot be exhaustively decom-
posed into modular, aggregable subcomponents. As such,
RUM accounts for both simple metrics and a significant
class of complex, non-aggregative metrics that emerge from
the statistical and systemic behavior of the AIC as a whole.
Each metric set captures distinct trust trade-offs encoun-

tered in real-world engineering contexts. For example:
• Contextual uncertainty dynamics regarding a specific
ODD perturbation dimension;

• Robustness estimation associated to a specific ODD zone
of the overall process;

• Data temporal drift characterisation & prediction.
These will be illustrated in the Application section (Figure
7). By treating trustworthiness as a multi-stage, lifecycle-
aware concern, this paper provides both a vocabulary and a
quantification strategy to evaluate AICs in situ, even with-
out full transparency into internal mechanisms. The frame-
work supports tasks such as auditing, risk mitigation, and
stakeholder communication, and is designed to extend, not
replace, existing model-centric evaluation tools. It helps to
identify trust issues not only at the design phase but also
across deployment and evolution, which are frequently ne-
glected in conventional assessment methods.

RUM’s Operation-Centric Orientation for Actionable
Trust in Runtime – Sustaining Human-in-the-Loop Con-
fidence in Indivisible AI Components. This topic posi-
tions RUM as an operation-first methodological contribu-
tion: designed to manage the evolution of existing AICs,
that are already embedded and in use within deployed AI
systems, in order to provide tight feedback loops within the
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Figure 3: Cyclic evolution stages of AICs.

End2EndMethodology accounting for evolving AI Systems.
It introduces the concept of an AI Blueprint, a concept that
provides ready-to-use templates for the trust engineering and
evaluation of an AIC during operation, while also serving as
a backward interface for iterative improvement and reuse.
The genericity of such templates is neither absolute nor ad-
hoc. In other words, there is no universal template aiming
to cover all use-case typologies and there is no template that
is applicable per unitary Use-Case. Instead, templates are
designed per class of Use-Cases to tackle the curse of con-
figuration dimensionality.
The two core ideas behind AI Blueprints are RUM’s

operation-centric approach and per Use-Case Class
(UCC) genericity as explained earlier. On the one hand,
AI systems need to evolve more frequently and easily than
common software systems to be able to benefit from newly
gathered data as well as operation feedback in order to im-
prove incrementally the efficiency of the AI system. In order
to do this, we need to know when and how these incremen-
tal actions shall be injected inside the End2End methodol-
ogy activities (see Fig. 3). More specifically, we claim that
there is a 3-stage of evolution process inside an AI sys-
tem. Such evolution can be performed in operation - e.g.
using only new data and feedback to allow operation teams
to make evolutions - but also in development and scoping.
RUM presents views for these stages and two corresponding
transition artifacts as a way to define how to interact with
the End2End Methodology activities around the evolution
of an existing AI system. On the other hand, AI Blueprints
are needed as templates for Component-level design patterns
per UCC, both avoiding a curse of configuration complexity
and optimizing reusability of the resulting templates.
In short, AI Blueprints’ structure presents the associated

Intended Purpose of the AI Function that will be specialized
for a specific instance in a UCC, a conceptualization of the
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Figure 4: Operation cycle of an AIC. Provided an AIC design calibration, it interacts with different components of the AI
system and the operator teams, and provides real-time & batch-wise feedback, ensures traceability and insight on AIC updates.

system’s artifacts interaction with the AIC, three views re-
flecting the ordered stages in which RUM analyses AICs,
and two new artifacts as transition elements between stages.
The first stage, illustrated in Figure 4, focuses on opera-

tion, where trust issues such as ambiguous behavior, perfor-
mance drift, or misaligned operator expectations can man-
ifest. RUM’s lifecycle-aware metrics, are shown to remain
fully actionable in this setting. Human operators interacting
with an AIC (e.g., in decision support or visual inspection
contexts) can benefit from runtime visibility into the com-
ponent’s uncertainty estimates, OOD flags, and system-level
anomaly status. This supports a form of in situ calibration of
trust, where feedback loops enable KPI monitoring, targeted
retraining, or operational override.
The second stage focuses on development: concretely,

on how RUM contributes to identifying which aspects of a
deployed AIC require updates. This reverse perspective is
complementary with the End2End Methodology’s activities,
enriching the latter by creating elements needed to compose
the AIC and its associated trade-offs. RUM assumes an AIC
already in operation and asks: ”What needs to change in this
component to sustain or improve trustworthiness?” This can
include the co-update of its model weights, confidence es-
timation logic, monitoring mechanisms, or interpretability
tools, all of which are captured in the AI Blueprint’s AIC
Design Calibration artifact. The indecomposability princi-
ple takes a further and decisive meaning in our work: it does
not relate to AI/ML architectures but to trained AI/ML mod-
els: an architecture might be replaced by a different one (as
replacing a ResNet backbone with a ViT) but once models
are trained/finetuned/adapted within the developing stage of
the AIC, they become functionally inseparable from it.
Finally, the third stage explores how RUM informs scop-

ing decisions when transferring or adapting an AIC within
a use-case class (UCC). For instance, the detection of a new
source of perturbation can entail an update of the AI sys-
tem’s ODD or taking into consideration an observed bias
in the way the operator team is exposed and interacts with
the AIC’s associated information. While accounting for the
evolution in AIC Design Calibration is an objective in the
development stage, in order to define the different degrees
of freedom that the AIC possesses, one needs at least an in-
tended purpose, an ODD, User interactions and functional
performance exigencies, all captured in the AI Blueprint’s
AIC Design Specification artifact for the scoping stage. The

transition decision from scope to development stage lever-
ages the End2EndMethodology to produce needed elements
for stakeholders determined by the latter.
Overall, AI Blueprints serve as a comparative lens: they

help to identify operational invariants and development de-
pendencies that are likely to remain valid across all instances
of a UCC. This facilitates the specification of a new AIC
that is context-appropriate while maintaining alignment with
trustworthiness standards. Through the structure ” operation
→ development→ scoping ”, RUM highlights its distinctive
positioning. It does complements the End2End Methodol-
ogy by offering a practical, runtime-grounded methodolog-
ical per-UCC contribution to maintain, evaluate, and adapt
trust in AICs after they are in use. As such, RUM bridges the
gap between real-time system usage and structured assur-
ance practices, contributing toward sustained, auditable, and
human-centered AI operation in industrial environments.

Applying RUM to Sustain Trust in Real-World
Scenarios – A Visual Inspection Use Case

We now illustrate, the practical relevance of RUM and give
a unified view of it, demonstrating the value of its key con-
cepts on a use-case derived from a real industrial scenario.
We provide non exhaustive examples of the tools at our dis-
posal and concentrate on their use. Further quantitative and
qualitative analysis will be done in the forthcoming articles.
Visual Inspection constitutes a class of use-cases char-

acterized by the goal of automated analysis of products for
quality assessment or anomaly detection using data close
to image format such as ultrasound or multichannel infor-
mation. That includes a wide variety of tasks such as weld
inspection in automotive manufacturing, defect detection in
semiconductor production, or surface analysis in food pro-
cessing. These scenarios all rely on similar data structures
(e.g. images), decision types (e.g. anomaly detection from
different possible classes), unbalanced data and human over-
sight roles, allowing them to share a common blueprint
structure for the AIC, despite differing in operational envi-
ronment, domain constraints, or regulatory standards.
A particular instance within this UCC was demonstrated

by an automotive industry customer, focusing specifically on
weld inspection under their unique operational constraints:
in one of their car manufacturing facilities, multiple vi-
sual inspection stations are positioned along each produc-
tion line. Each station is equipped with cameras that capture
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Figure 5: Sketched illustration of the exemplified AIC, its interaction with operator teams and post-operation data annotation.

images of welds on vehicle chassis. These images are se-
quentially reviewed by a human operator, who must decide
whether each weld is acceptable or defective. On a typical
production day, an operator review a total of 1,000 images,
making this a high-frequency, fatigue-prone task. Error rates
tend to change and usually increase over the course of a shift
due to monotony and cognitive fatigue.

In our scenario, an AI system as illustrated in Figure 5 has
already been integrated into production lines to assist human
operators in inspecting welds on car chassis. Cameras cap-
ture images of each weld, which are then analysed by an
AIC that flags potential defects. Human operators remain in
the loop, making the final decision for each weld. From a
ML-centric point of view, it consists on:
• A binary classifier trained using both adversarial and
conformal objectives (Liu et al. 2024);

• A conformal predictor (CP) that outputs CP sets and con-
fidence intervals. Additionally, to each label in the con-
formal prediction set, we associate calibrated probabili-
ties following (Kotelevskii et al. 2025);

• An OOD detector calibrated via conformal thresholding
methods (Bates et al. 2023; Novello et al. 2025);

• An Assembler that outputs an “Unknown” label when
confidence is low or inputs are flagged as OOD. It com-
bines simple metrics and non-linearly interdependent in-
ternal metrics;

• The AIC is calibrated to guarantee a 95% probability
that the true class lies within the prediction set, based
on stakeholder consensus.

The Visual Inspection AI Blueprint. Figure 6 illustrates
the different structural components that constitute the Visual
Inspection AI Blueprint. Given organic information about
use-case context, it presents the following elements:
• Intended Purpose: This AIC is dedicated to a partially
automatize anomaly detection from images using Ma-
chine Learning in order to improve productivity and qual-
ity of customer team preserving the expertise and know-
how of quality control team;

• Norms & Standards: The normative reference for im-
plementing the blueprint’s default parameters is QIMA’s
Acceptable Quality Limit (AQL), associated with stan-
dard ISO 2859;
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Figure 6: Visual Inspection AI Blueprint.

• Interaction with the production system: The blueprint
interacts with the components for : data acquisition, op-
erator interaction, quality control evaluation the AIC im-
plementing Visual Inspection through anomaly detection.

• A setting, operational context and perimeter of covered
use-cases which will be explained in detail in the corre-
sponding paper of the series.
The Visual Inspection AI Blueprint is generalizable to a

broad class of visual inspection use-cases across manufac-
turing, healthcare, and critical infrastructure, exemplifying
the extensibility and applied relevance of RUM: maximize
return on investment by aligning AI behavior with produc-
tion metrics and operational requirements; maintain qual-
ity assurance through accountability and traceability of de-
cisions regarding non-aggregative trust metrics tied to the
AIC’s lifecycle; support normative and regulatory compli-
ance by ensuring traceability and stakeholder-informed con-
trol; help trustworthy human-AI collaboration by preserving
accountability and oversight in operational contexts.

In sum, this use-case demonstrates how RUM supports
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trustworthy AI integration at all stages of the lifecycle,
from real-time use and metric-driven adjustments, to tar-
geted development updates, to informed scoping for system
redesign. The methodological contribution supports sustain-
able deployment by maintaining alignment between compo-
nent behavior, stakeholder expectations, and system goals.
Now let’s take a look on the 3 different stages of the AIC
supported by this Blueprint and sketch how to use them.

Out-of-ODD Images
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Figure 7: (Up) Latent reduction clustering & Blur distribu-
tion for valid images. (Middle) AIC Statistical Coverage of
one ODD Dimension (Blur). (Down) Invalid images.

Operate Stage: Monitor and adjust the existing AIC.
RUM begins with the system in operation: the deployed AIC
is running in production, supporting the operator in real-
time. This stage provides the operator teams with:
• The AIC outputs: a binary prediction for weld validity,
a conformal prediction set and confidence estimates for
each label in that set, calibrated to ensure 99% coverage,
an OOD status for input images;

• A subset of images and associated real-time properties
that are presented to the operator, for samples whose la-
belling was not automatically performed by the system,

• Per period (e.g. days) properties: drift, and aggregates;
• Information of what performance improvement can be
expected from other versions of the AIC (existing or us-
ing new data captured during the prior days). RUM gen-
erates artifacts to make traceable comparisons between
the active version of the component and other versions
of it. This helps the operator teams to determine if the
number of images presented to the operator would have

been lower, or the level of uncertainty would have been
better, or the number of errors reduced, etc., in order to
decide to select one version of the AIC over another for
the following days.

These outputs allow the operator to understand and trust the
AIC’s decisions, decide when to escalate cases to an ex-
pert, and flag unusual patterns. RUM enables monitoring
of system health across batches of inputs and surfaces per-
formance drifts that may arise from environmental changes
(e.g., occlusions, lighting variations).
Concretely, as in Figure 7, “homogeneous” clusters are

identified using HDBSCAN applied on a UMAP-reduced
latent space produced by a VAE, graphically representing
a data temporal drift by projecting it onto a 2D or 3D space
used to display the drift and propose potential predictions
such as predicting an evolution on the overall uncertainty of
the AIC along a specific ODD dimension for which the AIC
might have an estimated/expected robustness determined as
part of the AIC design calibration. The middle statistical
curve shows that the AIC covers all the specified Blur ampli-
tude for the observed batch of images. This feedback loop al-
lows demanded corrective action (e.g. by providing tools to
better capture expert feedback, physically removing occlud-
ing objects from the data acquisition physical environment)
which do not require the support of the development team
(i.e. without requiring development activities). Instead, the
focus is on making the AIC’s behavior interpretable, steer-
able, and auditable using RUM’s runtime trust metrics.

Develop Stage: Update the AIC to restore trustworthy
performance. When operational metrics reveal issues re-
quiring the intervention of the development team, such as
degraded accuracy, frequent uncertainty, or unanticipated
edge cases, RUM supports such team in formulating tar-
geted updates to the AIC. Here, the development team pro-
vides an additional trade-off dimension to the operations
team by adding a visual representation with a configura-
tion item in the AIC Calibration. For example, the operation
team can choose the threshold for triggering the automatic
response of the AIC (without operator intervention) based
on specific combination of model uncertainty level and dis-
tance from the source data. Then another trigger selector &
threshold is added for a new type of welding part, since there
is no reason to have the same threshold for different types
of weld. This kind of modification requires a development
action as opposed to a simple retraining and/or making a
change in the automatic response trigger threshold for the
same type of weld, which can be done without development.
This might include: retraining the classifier under updated
objectives or constraints (e.g., adversarial training with con-
fidence preservation); recalibrating the conformal predictor
to maintain desired error bounds; Adjusting or replacing the
OOD detection module and its integration; tuning hyper-
parameters or revising the logic that governs how the AIC
combines its metrics into outputs.
These interventions reflect deeper modifications that re-

quire coordination among developers, operators, and domain
experts. RUM facilitates these updates by making the com-
ponent’s performance interpretable and by anchoring them
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in metrics that trace their operational causes.

Scope Stage: Renew the AIC to tackle newUC’s contexts.
Finally, AI Blueprints support the transition of an AIC to
new deployment contexts while preserving trust. This might
involve: adding a new interactions & integrating the AIC
with a new production system; applying the AIC to a dif-
ferent family of car chassis with new geometric features;
adjusting the human–AI interaction loop or expanding the
set of possible labels. Here, RUM enables engineers to iden-
tify structural invariants and transferable components from
the existing Blueprint, guiding the design of a new, fit-for-
purpose AIC. The Blueprint concept serves here as an orga-
nizational tool for aligning trust, reuse, and adaptation.

Conclusions
This paper announces a series of articles devoted to intro-
duce RUM as a unified methodological framework for eval-
uating, managing and designing the trustworthiness of AICs
in industrial deployment contexts. Building on existing ob-
servations around the indecomposability of AICs within AI
systems, we consolidate a set of practices into a coherent
methodological contribution grounded in lifecycle aware-
ness, metric granularity, and operational alignment. RUM
addresses a critical gap in the demand for methods that ac-
count for the complex, non-modular, and context-dependent
nature of deployed AICs. By taking AICs as atomic units of
analysis, RUM proposes tractable and actionable concepts
that align with how AI is engineered, validated, and operated
in industry. Beyond theoretical grounding, its operation-
centric & human-in-the-loop focus, and compatibility with
industrial workflows make it directly relevant to the con-
cerns of AI engineers, quality assurance leads, system ar-
chitects, and standardization and regulatory experts.
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