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Laura Lucaj1,2, Alex Loosley3,4, Håkan Jonsson4, Urs Gasser2, Patrick van der Smagt5,6

1Volkswagen Group,
2Technical University of Munich,
3Capgemini Deutschland GmbH,

4Zalando SE,
5Foundation Future Industries,

6ELTE University Budapest
laura.lucaj@argmax.org

Abstract

Operationalizing the EU AI Act requires clear technical doc-
umentation to ensure AI systems are transparent, traceable,
and accountable. Existing documentation templates for AI
systems do not fully cover the entire AI lifecycle while meet-
ing the technical documentation requirements of the AI Act.
This paper addresses those shortcomings by introducing
open-source templates and examples for documenting data,
models, and applications to provide sufficient documentation
for certifying compliance with the AI Act. These templates
track the system’s status over the entire AI lifecycle, ensuring
traceability, reproducibility, and compliance with the AI Act.
They also promote discoverability and collaboration, reduce
risks, and align with best practices in AI documentation and
governance.
The templates are evaluated and refined based on user feed-
back to enable insights into their usability and implementabil-
ity. We then validate the approach on real-world scenar-
ios, providing examples that further guide their implemen-
tation: the data template is followed to document a skin tones
dataset created to support fairness evaluations of downstream
computer vision models and human-centric applications; the
model template is followed to document a neural network
for segmenting human silhouettes in photos. The application
template is tested on a system deployed for construction site
safety using real-time video analytics and sensor data. Our
results show that TechOps can serve as a practical tool to en-
able oversight for regulatory compliance and responsible AI
development.

Introduction
AI is increasingly used in areas where managing its risks
is difficult, especially when protecting people’s fundamen-
tal rights (Brundage 2019; O’neil 2017; Barocas and Selbst
2016; Critch and Russell 2023; Solow-Niederman 2023).
Many AI systems use complex, opaque models that make
it hard to explain their predictions and outcomes. This com-
plexity makes it challenging to manage risks throughout de-
sign, development, and deployment (Mittelstadt et al. 2016;
Smuha 2021).

Policies are emerging worldwide to address the harms and
risks associated with the deployment of AI systems. The
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UK (Nodes 2024) and Switzerland (Digital Society Initia-
tive 2021) have been adapting existing laws to govern AI. In
contrast, globally, approaches vary from strict frameworks
in China (Project 2022; for Security and CSET) and Brazil
(Partnership 2023) to sectoral or executive orders and pro-
posed bills in the US (Register 2020, 2019; Congress 2021;
of Science and Policy 2022) with stricter state-level legisla-
tions such as Colorado and many other federal states (As-
sembly 2024). The EU AI Act is the first law in the world
to comprehensively regulate AI systems, categorizing them
into different risk categories to determine the legal require-
ments they are subject to (Commission 2024).

Nonetheless, turning such abstract legal requirements into
operational solutions remains a challenge. The debate has
focused on methods and tools to solve such gaps and the
critical need for mechanisms that enable adequate oversight
of AI systems, such as robust documentation (Lucaj, van der
Smagt, and Benbouzid 2023; Veale and Zuiderveen Borge-
sius 2021; Alder et al. 2024; Dı́az-Rodrı́guez et al. 2023).
Documenting an AI system enables transparency, account-
ability, as well as proof of adherence to legal requirements
(Gebru et al. 2021; Mitchell et al. 2019; Chmielinski et al.
2024; Kroll 2021; Raji et al. 2020; Naja et al. 2021).

Prior work has already provided several artifacts to sup-
port the recording of specific lifecycle processes or compo-
nents, or to provide a high-level mapping of the AI Act’s
technical documentation requirements. However, none of
these tools offers comprehensive coverage of the whole AI
system lifecycle in a manner that meets the AI Act’s obliga-
tions while also enabling a coherent and actionable overview
of system functionality. To bridge this gap, we introduce
TechOps, a set of open-source automatable templates for
documenting data, models, and applications. Our templates
are designed to fully align with the AI Act’s technical doc-
umentation requirements by following all stages of the AI
lifecycle. This approach facilitates a clearer understanding
of system performance, supports the timely identification
and resolution of issues, improves overall quality, and helps
to prevent the accumulation of technical debt.

Currently, there is a critical need to develop comprehen-
sive technical documentation templates that account for all
the processes throughout the AI lifecycle. This work bridges
best-practice AI documentation and the EU AI Act’s practi-
cal requirements. In the next section, we outline the AI Act’s
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documentation requirements and current best practices. We
then introduce TechOps, delineate the structure of each tem-
plate, and explain how they enable tracking the system’s sta-
tus over the entire AI lifecycle, ensuring traceability, repro-
ducibility, and compliance with the AI Act. We then eval-
uate the templates on user feedback. This helps us identify
implementability and usability issues, as well as opportuni-
ties. We illustrate this with real-world datasets, models, and
applications, then compare TechOps with current AI doc-
umentation practices, summarizing feedback from industry
stakeholders. Finally, we outline its limitations and propose
future improvements.

Related Work
Documentation is a key practice for AI transparency and ac-
countability. It records decisions across the lifecycle, such
as system purpose, design choices, and development steps
to enable stakeholders to assess behavior, limitations, and
risks (Gebru et al. 2021; Mitchell et al. 2019; Königstorfer
and Thalmann 2022; Winecoff and Bogen 2024). Struc-
tured documentation also supports audits, enabling regula-
tory oversight and responsible deployment (Arnold et al.
2019; Birkstedt et al. 2023; Arnold et al. 2024). Here, we po-
sition our work within existing literature, underscoring the
role of structured documentation for compliance, account-
ability, and transparency.

Documentation and AI Act Compliance
The EU AI Act sets out detailed technical documentation re-
quirements (Art. 11, 56, Annex IV) to support transparency,
accountability, and demonstrable compliance (Commission
2024). These include a description of the system’s intended
purpose and interactions, along with comprehensive records
of its design, data use, testing procedures, performance met-
rics, risk management strategies, and post-market monitor-
ing plans. The requirements are summarised in Fig. 2.

Studies have identified the necessary information to be in-
cluded when documenting AI systems for AI compliance
(Hupont et al. 2023; Golpayegani et al. 2024). Two meth-
ods specifically target AI Act compliance: Use Case Cards
(Hupont et al. 2024), which document intended purpose
and stakeholders, and AI Cards (Golpayegani et al. 2024),
a high-level template covering technical features and risk
management. While valuable, these approaches do not cap-
ture the full complexity of AI system components or the
technical practices across the entire machine learning life-
cycle, design, development, deployment, and post-market
monitoring. They lack the granularity needed for a com-
plete understanding of such systems. In the next section,
we review best practices in AI documentation and show
how our work addresses these gaps to operationalize the AI
Act’s technical documentation requirements while retaining
established practices. The European Commission recently
published a concise documentation template for general-
purpose AI models to provide an overview of the data origin,
list main data collections, and explain other sources used
(Commission 2025). While the current documentation guid-
ance for GPAI focuses primarily on transparency around

training data sources and rights reservations, TechOps ex-
tends this scope by incorporating explicit fields for disclos-
ing user data usage, data protection impact assessments, and
aligning documentation practices with core GDPR obliga-
tions often overlooked in existing guidance.

Existing documentation practices
Early oversight is critical, as inadequate governance can
lead to costly retrofitting or fines when regulations take
effect (Holland et al. 2020). Data documentation has
emerged as a foundational oversight tool. ”Datasheets for
Datasets” (Gebru et al. 2021) set a de facto standard by
outlining questions on purpose, composition, processes, dis-
tribution, maintenance, and impact. Other templates, such
as Open Datasheets (Roman et al. 2023), Dataset Nu-
trition Labels (Holland et al. 2020; Chmielinski et al.
2022), and full lifecycle frameworks (Hutchinson et al.
2021) have extended this work to improve usability, trans-
parency, and governance. Drawing from software engi-
neering, some frameworks document the dataset lifecycle
from requirements through maintenance (Hutchinson et al.
2021). Tools like Data Cards (Pushkarna, Zaldivar, and
Kjartansson 2022), Data Statements (Bender and Fried-
man 2018), and Data Portraits (Marone and Van Durme
2024) expose decisions affecting model performance, bias,
and exclusion. Domain-specific approaches, such as Aug-
mented Datasheets (Papakyriakopoulos et al. 2023), Reflex-
ive Documentation (Miceli et al. 2021), and CrowdWork-
Sheets (Dı́az et al. 2022) target accountability in areas such
as speech and vision.

Model documentation practices have evolved alongside
system-level approaches to give a full view of a model’s
design and development. Properly documenting the model
lifecycle ensures it is not only functional but also reliable,
fair, and aligned with its intended purpose.

Early adoption is key to assessing AI systems and
prompting developers to identify, understand, and address
product limits before release (Raji et al. 2022). Model
Cards (Mitchell et al. 2019) provide a template to document
an AI model’s intended use, performance, and limitations.
They concisely report performance across domains to help
prevent unintended uses and unsuitable applications. In-
spired by “Supplier’s Declarations of Conformity” (SDoCs),
Factsheets (Arnold et al. 2019) expand this to include prove-
nance, safety, and security considerations. Related frame-
works include Method Cards (Adkins et al. 2022), System
Cards (Procope et al. 2022), and Explainability Fact Sheets
(Sokol and Flach 2020), each targeting different issues such
as detection of functional fallacies, transparency in the archi-
tecture, and explainability. Moreover, tools like Value Cards
(Shen et al. 2021) and Interactive Model Cards (Crisan et al.
2022) further explore trade-offs and promote the inspection
of specific aspects of the ML lifecycle, and understand the
functionality and limitations of the systems. While these
approaches represent significant contributions, neither fully
captures the technical documentation requirements of the AI
Act and the intricacies of AI system components or the tech-
nical practices applied across the AI lifecycle, including de-
sign, development, deployment, and post-market monitor-

1648



Figure 1: AI system documentation hierarchy. Arrows
point in the direction of referral. For example, applications
that rely on various models and datasets should refer to the
corresponding documentation. Going the opposite direction,
model and dataset documentation can also refer to known
applications but do not have to.

ing. This limitation makes it difficult for large organizations
with diverse stakeholders to develop a comprehensive un-
derstanding of these systems. Existing studies adopt varying
perspectives on documentation. Some propose static docu-
ments describing the dataset or model at a specific point in
time, while others advocate for evolving documents or inter-
active dashboards. However, it is important to document the
status of the AI System at every point in time separately to
make sure that everything can be tracked back, and past re-
sults can be easily reconstructed (Gei and Jonsson 2023).
Hence, a specific version of the documentation templates
should be treated as an immutable artifact at a certain point
in time. Therefore, to address such a gap whilst maintaining
the existing best practices, we introduce three separate tem-
plates for data, models, and applications to enable compli-
ance with the requirements of the AI Act, as well as enabling
sustainable maintenance of such practices within organiza-
tions and relevant stakeholders.

TechOps Development Methodology
To align with established best practices in AI documenta-
tion, this paper introduces three distinct documentation tem-
plates: for data, for models, and for applications. This sepa-
ration acknowledges the distinct roles each component ful-
fills, letting those responsible for each component focus on
providing documentation they are responsible for, while ref-
erencing information from the other components, so that in-
formation is not duplicated (see Fig. 1). The documentation
templates presented in this paper merge the technical doc-
umentation requirements of the AI Act with the documen-
tation of the different stages of the ML lifecycle and the
practices of machine learning operation (MLOps). MLOps
streamline all the practices conducted throughout the life-
cycle of AI systems, from design to continuous integra-
tion/delivery, data management, model development, test-
ing and validation, deployment (including cloud and edge),
post-market monitoring, and continual learning. Therefore,
MLOps provide a guide for implementing all documenta-
tion requirements throughout the design, development, and
deployment lifecycle of AI systems (Billeter et al. 2024).

The templates were developed iteratively, incorporating
feedback from diverse stakeholders across the AI lifecycle
and from different companies (see Tab. 1). Participants in-

cluded AI system developers, data and model platform en-
gineers, tech law and governance experts, managers, and
non-technical product specialists. A key challenge was bal-
ancing the right level of technical, legal, and ethical de-
tail with readability. Because documentation serves multi-
ple audiences, it had to reflect their varied responsibilities
and backgrounds. Many existing templates sacrifice techni-
cal depth for simplicity; our approach preserves necessary
detail on processes that link system performance to legal and
ethical considerations. We focused on balancing conciseness
with the detail needed to prove compliance and give all rel-
evant stakeholders a clear view of design, development, and
deployment. To help maintain both overview and depth, we
recommend rendering documentation so users can navigate
high-level summaries and easily drill down into specific sec-
tions (tested method described below).

These documentation artifacts aim to help all responsi-
ble stakeholders for each AI lifecycle component understand
what must be documented for AI Act compliance and to as-
sess the system’s quality, reliability, and robustness.

By following best practices and dividing the approach into
three templates, we created a maintainable solution for orga-
nizations. Each stakeholder can focus on the sections rel-
evant to their role: data teams on provenance, collection,
preprocessing, labeling, and curation; model teams on train-
ing configurations, evaluation metrics, hyperparameters, and
performance (while referencing data documentation); and
application teams on intended use, limitations, and user
interaction (while referencing model and data documenta-
tion). This separation lets stakeholders access only relevant
details, improving clarity, transparency, accountability, and
compliance across the lifecycle while supporting effective
oversight and evaluation of each component.

One of the main challenges was the translation of abstract
legal and ethical requirements into concrete documentation
of the technical measures implemented across the AI system
lifecycle—spanning design, development, deployment, and
post-market monitoring (Shneiderman 2020). The templates
we propose address this issue by blending legal and techni-
cal language to enable usability across all stakeholders. To
reflect the diversity of roles involved in AI development, the
templates accommodate input from multiple stakeholders,
each responsible for distinct phases and tools. For example,
technical documentation of data management processes is
directly linked to broader questions about their ethical and
regulatory implications. This traceability enables stakehold-
ers to assess both the localized and systemic impact of each
process, offering granular insight as well as a holistic view
of compliance. Another challenge was making the templates
generalizable across organizational functions with differ-
ent terminology, tools, and data formats. We addressed this
by unifying role-specific documentation requirements into
a single structure, enabling contributors to add relevant in-
formation without losing completeness. For highly technical
phases, the templates provide clear definitions and step-by-
step guidance so governance stakeholders—including au-
ditors, AI testers, and regulators—can access and under-
stand the content, promoting transparency and accountabil-
ity across the lifecycle.
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TechOps
We introduce TechOps documentation templates, divided
into data, model, and application templates, for all processes
along the AI lifecycle that must be documented to enable
the necessary oversight for compliance with the AI Act (see
Fig. 2). TechOps can enable organizations to delineate de-
sign choices and development processes, as well as monitor-
ing the performance after market deployment, and document
roles and responsibilities along the AI lifecycle. 1

Data Documentation Template
This template builds on existing data documentation litera-
ture (Gebru et al. 2021; Roman et al. 2023; Pushkarna, Zal-
divar, and Kjartansson 2022; Chmielinski et al. 2022; Hol-
land et al. 2020; Bender and Friedman 2018). It also com-
plements existing efforts in data documentation, fostering
transparency regarding the origin, quality, and potential bi-
ases of the data (Hutchinson et al. 2021). Moreover, this sec-
tion builds on the work assessing the quality dimensions of
data that must be documented for transparency and explain-
ability (Afzal et al. 2021; Castelijns, Maas, and Vanschoren
2020; Hiniduma et al. 2024). That includes greater trans-
parency about data and accountability for decisions made
when developing it (Kale et al. 2023; Kroll 2021). In this pa-
per, we introduce a framework to enable compliance as well
as transparency and accountability throughout dataset devel-
opment. This allows organizations to systematically record
all critical stages of the data governance lifecycle, facili-
tating the evaluation of data quality metrics, assessment of
model performance, and adherence to the legal requirements
of the AI Act (Bhardwaj et al. 2024a,b; Micheli et al. 2023;
Dı́az-Rodrı́guez et al. 2023). We based the design of this ar-
tifact on the studies that guide the design of templates based
on ML practitioners’ needs, such as integration into existing
tools and workflows (Heger et al. 2022).

This template focuses on the requirements for data gov-
ernance laid out in Article 10 and Article 11 paragraph
2(d) (Commission 2024) for documenting datasets, includ-
ing data types and characteristics, origin and source, pre-
processing steps, transformation steps that enable inferences
about the quality as well as the annotation and validation
steps to detect implicit data biases and limitations. (i.e. what
biases existed in the data generating process?) This approach
enables the overview of the composition of the dataset,
ensures transparency by helping downstream dataset users
(e.g. developing an AI Model or evaluating an AI System),
understand the potential limitations of the data selected, and
whether it is appropriate for the intended use.

It is important to note that datasets, though often curated
with a particular AI Model or AI System in mind, are not
necessarily associated with any one AI Model or AI Sys-
tem. Thus, the data documentation template is designed to
be filled without complete knowledge of all downstream AI
models and systems. The focus is on enabling data own-
ers to make clear statements about the intended and unin-

1More details on the iterative design and the guidance for the
implementation of the the templates can be found on the extended
version of the paper at https://arxiv.org/abs/2508.08804.

tended downstream usages of the dataset, potentially also
with hypothetical examples of appropriate and inappropriate
AI models and systems. As usages become known, down-
stream developers that use the dataset are encouraged to con-
tribute information to a “Known Usages” section.

As a generic example portraying the version-controlled,
distributed approach to contributing to dataset documen-
tation, consider a dataset of high-resolution human faces
and corresponding genders. A downstream model developer
wants to develop an AI model that estimates skin health pa-
rameters and performs reliably irrespective of gender, skin
tone, skin oiliness, and facial shape. As a result, the model
developer would like to train and evaluate their model on
data that are representative of these four attributes. The
model developer works to curate a dataset of the three miss-
ing attributes given the faces, say by means of subject in-
terviews and crowd-sourced data annotation. The model de-
veloper now has two choices. They can either partner with
the original dataset owner to merge their new results with
the original dataset, creating a new version of that dataset
with updated dataset documentation, or create a new sepa-
rate dataset with its own documentation that focuses on the
new dataset while referencing the existing dataset documen-
tation. In both cases, the existing data documentation update
or new data documentation would mainly focus on providing
representation statistics of the three new attributes, informa-
tion about the data-generating / collection process (including
known annotation/annotator biases, etc.), and information
about the intended and unintended usages of these data. In
the latter case, in which a new dataset and data documenta-
tion is created by the model developer, the model developer
would also ideally be encouraged to contribute a “Known
Usage” entry to the original data documentation.

Dataset Status, Characteristics, Origin and Source The
first section enables capturing the dataset’s maintenance sta-
tus, core characteristics (e.g., data types, volume, number
of instances), and intended AI use cases, including any as-
sociated systems. It also includes details on features, anno-
tations, and target variables to support broad applicability.
Provenance and sourcing are documented through descrip-
tions of data origin, collection methods, platform, update
frequency, and associated risks. This ensures transparency
and reliability in understanding the dataset’s composition
and lifecycle context.

Data Pre-Processing; Versioning, Access, Retention and
Deletion This section outlines key practices in data collec-
tion, pre-processing, and post-processing, including clean-
ing, transformation, feature engineering, dimensionality re-
duction, and augmentation. It documents annotation pro-
cedures and quality assurance to ensure labeling accuracy.
Dataset licensing, distribution, and versioning are addressed
to support transparency, traceability, and usability. Guidance
on access, retention, and deletion is included to promote
secure and accountable data management within research
workflows. It is important to log this information to promote
clarity, accountability, and secure data handling in research
workflows.
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AI Act Technical Documentation 
Requirements 

1. General Description of the AI System (I)

(a)  Intended purpose and version (II)

(b) System interaction with software and 

hardware (III)

(c) Software Versions and Updates (IV)

(d) Deployment format (built-in software, 

download, APIs) (V)

(e) Hardware requirements description (VI)

(f) Visuals explaining product design and 

integration (VII)

(g) User-interface description (VIII)

(h) Instructions for the deployer (IX)


2. Detailed description of the elements and 
development of the system (X)


(a) Development methods (XI)

(b) Design specifications (XII) 

(c) System architecture (XIII) 

(d) Data requirements and datasheet (XIV)

(e) Human-oversight measures (XV)

(f) Pre-determined changes and solutions 

for compliance (XVI)

(g) Validation, testing and performance 

metrics, logs (XVII) 
(h) Cybersecurity measures (XVIII)


3.  Monitoring, functioning and control (XIX)

4. Performance metrics (XX) 
5.  Risk-management system (XXI) 
6. Lifecycle changes (XXII)

7. Standards applied (XXIII)

8.  EU declaration of conformity (XXIV) 
9. Post-market monitoring (XV)


TechOps Data Documentation 
Template 

1. Dataset Overview (I) (XIV) 
(a) Dataset Description (II)

(b) Version and status (II, V)

(c) Relevant links (V) 
(d) Developers

(e) Owners

(f) Instructions and user interface 

description (VIII, IX) 
2.  Data Versioning (IV) 
3. Known Usages (XII) 

(a) Model(s)

(b) Application(s)


4. Dataset Characteristics (XIV)

5. Data Origins and Source (X, XI) 
6. Provenance (Collection Method(s) 
and Source Description) (XIV)

7. Data pre-processing (XI, XIV)


(a) Data Cleaning

(b) Data Transformation

(c) Feature Engineering

(d) Data Augmentation


8. Data Annotation (XV)

9. Dataset distribution (XIV, XXII)

10. Access, Retention, Deletion(XIX)

11. Data Risk Assessment (XVIII, XXI)

12. Cybersecurity Measures (Storage, 
Transfer, Processing) (XVIII)

13. Documentation Metadata (XXII) 
14. Standards applied (XXIII)

15. Data Monitoring (XV) 

TechOps Model Documentation 
Template 

1. Model Overview (I, II,  IV) 

(a) Model Type (I)

(b) Model Description (I, II)

(c) Relevant links (V)

(d) Developers

(e) Owners

(f) Version Details ans Artefacts


2. Intended and Known Usage (In 
and Out of Scope Use) (VII, IX)

3. Model Architecture (X, XI, XII, XIII)


(a) Datasheet (XIV)

(b) Model Training

(c) Model Validation(XVII)


4. Model Testing and Evaluation 
(XIX, XX, XVII)


(a) Accuracy, precision, recall, F1 
score for classification. - MSE, 
RMSE, MAE for regression. 


(b) ROC Curve and AOC


5. Model Bias and Fairness Analysis 
(XV, XXI)


(a) Bias detection methods used 

(b) Mitigation Measures (XIX) 
(c) Retraining(XXII)

(d) Post-Processing (XV)


6. Model Interpretability and 
Explainability (XV)

7. Documentation Metadata

8. Standards Applied (XXIII)


TechOps Application Template 

1. General Information (I) 
(a) Intended Purpose (II) 
(b) Status

(c) Relevant links (V)

(d) Developers

(e) Owners


2. Intended/Known Usage (VII, IX, 
XII)

2. AI Act Risk Classification (XXI)

3. Data Documentation (XIV)

4. Model Documentation (XII, XIII)

5. Deployment


(a) Infrastructure and 
Environment Details (III, V, 
VI)


6. Integration with External 
Systems (III, V) 
7. Deployment Plan (XIX)


(a) Risk Management System 
(XXI)


(b) Risk Mitigation Measures 
(XIX)


8. Testing and Validation (XVII)

9. Human Oversight (XV)

10. Monitoring (XIX, XV)

11. Incident Management (XV)

12. Standards applied (XXIII)

13. EU declaration of conformity 

Figure 2: AI Act Requirements and Template Mapping.

Data Risks and Security The cybersecurity section of the
documentation template outlines protocols for safeguarding
data. Key measures include documenting methods for se-
cure storage through encryption, role-based access, and in-
tegrity monitoring; secure transfer and data masking; and
secure processing using trusted execution environments, au-
dit logging, and data minimization. These steps ensure data
confidentiality, integrity, and compliance across its lifecycle.

Model Documentation Template
This template operationalizes the AI Act’s model docu-
mentation requirements by building on best practices for
enabling structured reporting of intended and unintended
uses, model architecture, training processes, hyperparame-
ters, and evaluation metrics to enable deeper insight into
model behavior (Chudasama et al. 2023; Kreuzberger, Kühl,
and Hirschl 2023; Gong et al. 2023; Tagliabue et al. 2021;
Arboretti et al. 2022; Kim, Comuzzi, and Di Francesco-
marino 2024; Sovrano et al. 2022). It builds on founda-
tional work such as Model Cards (Mitchell et al. 2019),
Factsheets (Arnold et al. 2019), and other key frame-
works (Richards et al. 2020; Crisan et al. 2022; Golpayegani
et al. 2024; Hupont et al. 2024).

As with the data documentation template, it is important
to note that AI models, though designed for a particular AI
system, are not necessarily associated with any one AI Sys-
tem. Thus, the model documentation template is designed
to be filled without complete knowledge of all downstream
AI Systems. Instead, the focus is on enabling model owners

to make clear statements about the intended and unintended
downstream usages of the model, potentially also with hypo-
thetical examples of appropriate and inappropriate AI Sys-
tems. As known usages become known, downstream devel-
opers that use the model are encouraged to contribute infor-
mation to a “Known Usages” section.

As a generic example portraying the version-controlled,
distributed approach to contributing to model documenta-
tion, consider again an AI model that estimates skin health
parameters for dermatologists based on high-resolution face
images (henceforth skin parameter model). A downstream
AI System developer wants to develop an AI System that
provides Skincare advice based on the skin parameter
model, as well as other models and logic, and wishes to fine-
tune the existing skin parameter model to output a particu-
lar type of score. The downstream system developer would
then create the appropriate downstream AI system docu-
mentation based on the application documentation template,
as well as model documentation for the new fine-tuned AI
model. In both cases, the new application and model docu-
mentation would refer to the existing model documentation,
and the downstream AI System developer would also ideally
be encouraged to contribute to a “Known Usages” section
of the skin parameter model documentation. The following
sections describe key sections of the model documentation
in more detail.

Model Overview, Intended Purpose, Architecture This
section provides an overview of the model, including its ar-
chitecture, key components, parameters, and selected train-
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ing method, as well as duration and compute resources. It
also documents input and output formats. The Model Pur-
pose subsection defines the model’s intended and known ap-
plications, operational domains, and specific tasks, to sup-
port ethical and regulatory assessment. It includes known
use cases and their associated risk levels under the AI Act,
and it clearly identifies unsuitable applications to promote
responsible and safe deployment.

Model Validation The Model Validation section provides
a structured approach for documenting model performance.
It focuses on assessing predictions using a validation dataset,
monitoring metrics like accuracy, F1 score, and RMSE,
and tracking validation loss to detect overfitting that com-
promises generalization. It also includes benchmarking re-
sults, stress testing, and real-world performance assessments
across diverse environments to ensure an overview of ro-
bustness. Key optimization strategies, such as hyperparam-
eter tuning, regularization, and early stopping, can be docu-
mented to demonstrate efforts to enhance generalization and
prevent overfitting. This part ensures a transparent, repro-
ducible, and comprehensive validation process.

Model Evaluation The Model Evaluation section in the
template enables a comprehensive assessment of the model’s
performance using a variety of metrics and techniques. It
begins with the computation of performance metrics on the
test set, such as accuracy, precision, recall, and F1 score for
classification tasks, or MSE, RMSE, and MAE for regres-
sion tasks. Moreover, the documentation of confusion ma-
trices provides detailed insights into classification outcomes,
while ROC curves and AUC scores offer a deeper evaluation
of binary classifiers. Feature importance analysis enhances
interpretability by highlighting key contributors to predic-
tions. Robustness testing can be documented to assess per-
formance on edge cases or adversarial examples, ensuring
model reliability under challenging conditions.

Model Bias and Fairness The Bias Detection and Miti-
gation section in the template provides a structured frame-
work to document efforts in identifying and addressing bi-
ases within a model. This part was particularly challenging
to draft as significant research has been conducted on the in-
compatibility of various fairness criteria in algorithmic de-
cision making (Loosley et al. 2023; Zehlike et al. 2025).
Hence, in this section, we build on the methods developed
to interpolate between different fairness criteria (Zehlike
et al. 2025), and understand what to document along the
AI lifecycle, to understand where bias can enter ML mod-
els (Barocas and Selbst 2016; Friedman and Nissenbaum
1996; Corbett-Davies et al. 2023; Barocas, Hardt, and
Narayanan 2023), for instance, through non-representative
training data. This part provides a structured guide on bias
detection methods across three stages: pre-processing (re-
sampling, reweighting, relabeling), in-processing (transfer
learning, constraint optimization, adversarial learning), and
post-processing (calibration, thresholding). Results from
bias testing can be recorded to assess the extent of dispar-
ities and develop mitigation strategies such as demographic
parity and adversarial debiasing. Retraining methods, such

as fairness regularization, recalibration, and output pertur-
bation, can be documented to understand the model’s per-
formance. A Fairness Impact Statement concludes the docu-
mentation, outlining trade-offs made to ensure transparency
and accountability.

Model Transparency and Explainability This section
documents the methods and tools used to make the model’s
decision-making process transparent and comprehensible,
such as Shapley Values, LIME, or Counterfactual Explana-
tions. This documentation ensures that stakeholders can as-
sess the interpretability of the model and trust its decisions.

Application Documentation Template
This template focuses on documenting how AI models and
other logic are integrated to form an application, including
APIs, deployment environment, and user interaction. This
helps developers and end-users understand operational as-
pects of systems. AI applications are complex systems that
must be documented as they often include multiple compo-
nents whose interaction significantly affects the overall per-
formance and impact of the system (Smart et al. 2024; Lee
2023; Micheli et al. 2023; Madaio et al. 2020). For this tem-
plate, we build on the best practices promoting the docu-
mentation of systems in their entirety, with each component,
such as factsheets (Arnold et al. 2019; Adkins et al. 2022),
system cards (Procope et al. 2022). Moreover, this section
builds on the research analyzing the provision of evidence
about the safety and security (Brundage et al. 2020), fair-
ness, accuracy, accountability, reliability, and privacy pro-
tection of AI systems (Brundage et al. 2020; Li et al. 2023;
Schoenherr et al. 2023; Dobbe 2022).

AI Systems General Information, Risk Assessment,
Functionality This section outlines the AI system’s pur-
pose, target users, deployment context, and key performance
goals, while addressing ethical considerations, prohibited
uses, and AI Act–based risk classification. It describes sys-
tem functionality, including capabilities, input requirements,
usage scenarios, and limitations, with guidance on inter-
preting outputs. A high-level architecture overview covers
core components and emphasizes integration with documen-
tation, logging, and responsible contacts to support trans-
parency and accountability.

System Deployment The Deployment section provides a
concise framework for documenting the infrastructure, in-
tegration, and operational requirements of the AI system.
It outlines the deployment environment and the integration
with external systems is detailed through dependencies, data
flow diagrams, and error-handling mechanisms. The sec-
tion also includes a deployment plan covering infrastruc-
ture, steps, and security compliance, alongside a monitor-
ing framework to track performance. Finally, it provides user
documentation to support operators and end-users in effec-
tively using the system.

Lifecycle Management The Lifecycle Management sec-
tion documents procedures for monitoring performance to
comply with the post-market monitoring requirement of the
AI Act, ethical compliance, and versioning throughout the
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system’s lifecycle. It outlines metrics for application perfor-
mance (e.g., response time, error rate), model accuracy, and
infrastructure usage. Key activities to be described include
real-world monitoring, addressing drifts or failures, and pe-
riodic model updates. Monitoring logs, incident reports, re-
training logs, and audit trails can be inserted here to ensure
transparency, compliance, and continuous improvement.

Risk and Incident Management The Risk Management
can be documented according to the Article 9 requirements,
by outlining measures to ensure safe and ethical operation
along frameworks like ISO 31000 or NIST (Force 2018). It
enables documenting identified risks and potential harmful
outcomes (e.g., bias, privacy breaches) and assessing their
likelihood and severity. Preventive measures, such as data
validation and bias mitigation, can be documented alongside
protective measures, including contingency plans to min-
imize impact. It covers the documentation of all possible
incidents, such as infrastructure challenges alongside inte-
gration problems. Strategies for ensuring data quality, han-
dling model issues like drift, and addressing safety or secu-
rity risks can be delineated.

Testing and Validation (Accuracy, Robustness, Cyberse-
curity) The Testing and Validation section ensures the AI
system’s reliability is documented through rigorous evalu-
ation of accuracy, robustness, and cybersecurity. It outlines
performance metrics (e.g., accuracy, F1 score) and valida-
tion results against benchmarks, with measures about the
data curation, algorithm optimization, and real-time feed-
back to maintain accuracy. Robustness can be documented
through the deployment of adversarial training, stress test-
ing, and fail-safes to handle edge cases and uncertainty. Cy-
bersecurity documentation focuses on threat modeling, se-
cure development, and post-deployment monitoring, with
detailed documentation for compliance and accountability.

Human Oversight The Human Oversight section follows
the requirements of Articles 13 and 14 of the AI Act (Com-
mission 2024). Details mechanisms for integrating human
judgment into the AI system, such as human-in-the-loop
decision-making and override options for emergencies, can
be documented. It includes information about user training
and space for guidelines to ensure safe operation, along with
the documentation of clear statements of the system’s limi-
tations and potential weaknesses to promote responsible use.

Validation
The templates are tested through their implementation and
rendering on real-world example scenarios. Such practical
example implementations augment the templates for further
guidance to documentation developers. In the data documen-
tation example, a skin tone dataset used in an E-Commerce
AI system is documented to highlight potential biases and
support fairness evaluations (Loosley et al. 2023). This use
case validates the utility of the TechOps approach as it pro-
vides an overview of all the necessary information to help
downstream stakeholders understand the dataset, providing
information about the distribution of skin tones in the cus-
tomer images dataset. In fact, the documentation readers can

easily find out that the dataset is made up primarily of light
skin tone users and would potentially underperform for users
with underrepresented skin tones. In the model documenta-
tion example, the performance and limitations of the AL-
iSNet segmentation model are documented to guide down-
stream developers in identifying risks, particularly related
to body shape bias. Both examples show how the templates
help developers meet regulatory requirements and conduct
more informed system evaluations (Seifoddini et al. 2023).

Data Documentation Example
The context of this example is an E-Commerce company de-
veloping an AI System to improve size and fit recommen-
dations based on customer images to estimate body mea-
surements (Loosley et al. 2023). In the real example, the
E-Commerce company conducted a fairness evaluation to
ensure the system did not systematically underperform for
customers of certain genders, body shapes, or skin tones.
A Skin Tones Dataset based on human annotations of skin
tones of real customer images was curated to carry out this
fairness evaluation and is the subject of this data documen-
tation example.

The skin tones dataset documentation provides an
overview of all the necessary information to help down-
stream stakeholders understand the dataset. It provides infor-
mation about the distribution of skin tones in the customer
images dataset, the potential biases arising from the data-
generating process (in this case, human annotation), and the
intended purpose and usage of the dataset. Documentation
readers can, for example, easily find that the dataset is made
up primarily of light skin tone users. This documentation
can be used to help developers of downstream AI Systems
identify and assess risks, such as the system potentially un-
derperforming for users with underrepresented skin tones.
Ultimately, for providers of high-risk AI Systems based on
components trained or tested with the skin tones dataset, the
skin tones data documentation can be used to, in part, com-
ply with the technical documentation requirements set forth
in Annex IV in order for them to pass a conformity assess-
ment.

Model Documentation Example
The context of this example is again an E-Commerce com-
pany developing an AI System to improve size and fit rec-
ommendations based on customer images to estimate body
measurements. One key component of the AI System is a
neural network-based image segmentation model called AL-
iSNet that outputs silhouette images of customers based on
front and side photos the customer takes with their mobile
phone (Seifoddini et al. 2023).

The ALiSNet model documentation provides an overview
of all the necessary information to help downstream stake-
holders understand the model, including its intended use,
how well it performs overall, under what circumstances it is
prone to systematic underperformance, known caveats, and
ethical considerations. Documentation readers can, for ex-
ample, easily find that the model performs well regardless
of gender and skin tone, but there is a statistically signifi-
cant detectable difference in how the model performs with
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respect to body shape. Despite this, on an absolute scale, the
underperformance for some body shapes is not likely severe
because the absolute average length scale of error of silhou-
ettes obtained by the model on images of customers with the
weakest performing body shapes was still below the typical
body measurement error of a trained human taking measure-
ments. Thus, this documentation helps downstream AI Sys-
tem developers, like those developing an AI System for Size
and Fit recommendations, identify and assess potential risks,
such as the system potentially underperforming for users of
certain body shapes. Even though the underperformance on
specific body shapes is minimal from the AI Model itself,
even small errors can be amplified as they propagate through
the various components making up the AI System. Thus, the
AI System developer is informed by this model documen-
tation that they should probably also test their AI System
end-to-end to ensure that the system overall does not under-
perform for certain body shapes.

This model documentation not only guides the down-
stream AI System on how they may want to design a fair-
ness evaluation, but also documents crucial data sources the
AI System developer can use to perform the fairness evalu-
ation. Thus, the AI System developer does not have to rein-
vent the wheel.

Ultimately, for providers of high-risk AI systems that use
ALiSNet as one of their components, the model documenta-
tion can be used to, in part, comply with the technical docu-
mentation requirements in Annex IV in order to pass a con-
formity assessment.

Application Documentation Example

The application documentation example is applied to a high-
risk AI system developed to enable construction site safety
using real-time video analytics and sensor data. Deployed
on-site with edge devices and cloud integration, it identi-
fies unsafe behaviors (like lack of PPE or entering danger
zones) and hazardous conditions to trigger alerts, reduce ac-
cidents, and support regulatory compliance. The documenta-
tion process enables gaining insights into whether the appli-
cation is designed for site supervisors and safety managers
or whether the system aligns with GDPR and the EU AI
Act, with human oversight built in for alert validation. This
process provided critical visibility into its functionality, data
flows, model limitations, and associated risks, enabling bet-
ter governance, regulatory alignment, and continuous sys-
tem monitoring and improvement.

Rendering of Templates and Examples

To ensure that both documentation developers and users can
optimally view complex documentation without getting lost
in the details, we provide an mkdocs based open source ren-
dering so that one can always maintain a documentation
overview while deep diving into specific sections of interest
(https://github.com/aloosley/techops). For convenience, we
have also rendered all documentation templates and exam-
ples online at https://aloosley.github.io/techops/ (see Fig. 3).

ID Role Organization Background
U1 Researcher Industry Mathematics
U2 Senior Researcher Robotics Informatics
U3 Researcher Industry Informatics
U4 Senior Researcher Industry Informatics
U5 Senior Researcher Industry Informatics
U6 Manager Industry Informatics
U7 Researcher Industry Informatics
U8 Senior Developer Industry Informatics
U9 Senior Developer Industry Informatics
U10 Team Lead Industry Informatics
U11 Senior Data Scientist Finance Data Science
U12 Project Manager Banking Economics
U13 Researcher Tech Mathematics
U14 Researcher Academia Law
U15 Researcher Academia Law

Table 1: User Study Participants

Evaluation and Feedback

This section offers a thematic analysis of the qualitative in-
sights gained from conducting semi-structured interviews
with users and practitioners along the AI lifecycle (Clarke
and Braun 2017; Terry et al. 2017; Braun and Clarke 2022;
Squires 2023). The practitioners were recruited through the-
oretical sampling, which required participants in the study to
work along the AI lifecycle as either an ML engineer, a data
scientist, a legal expert, or an auditor. This methodology en-
abled us to collect feedback from the relevant stakeholders
around the AI lifecycle and make sure that the templates en-
able all information relevant for different stakeholders (see
Tab. 1). Due to the novelty of the research topic in best prac-
tices for AI governance, the “snowball” technique was ap-
plied to expand the network through the connections of the
interview candidates (Naderifar, Goli, and Ghaljaie 2017).
We used an inductive thematic analysis to organically iden-
tify and analyse patterns in the stakeholder feedback data
to capture all potential improvement suggestions that would
enable us to increase the templates’ implementability (Braun
and Clarke 2024, 2022).

Theme 1: Avoiding Duplication of Information

One of the main issues that emerged is the duplication of in-
formation that can occur when navigating separate templates
of intertwined components, which might lead to unsustain-
able maintenance issues (User 1, 2, 3, 4, 5, 6, 8, 9). In or-
der to avoid duplication of information, we have color-coded
in the application template the information that must be re-
trieved from the data and model documentation in order to
enable maintenance in the long term, while keeping a clear
oversight on the data and model selection practices that im-
pact the overall quality and impact of the application. More-
over, some users found this approach helpful in document-
ing beyond compliance needs for business and research pur-
poses (User 5, 13, 14). For instance, the templates could be
useful to fill the documentation requirements “when publish-
ing research on AI” (U5) or when “discussing with clients
the AI system provided” (U13, U14, U15).
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Figure 3: Template and example rendering snippet. (See https://aloosley.github.io/techops/)

Theme 2: Implementability Issues
Users were concerned with the comprehensiveness of the
templates covering all tasks along the AI lifecycle, which
would make the templates too overwhelming for practition-
ers focusing on a specific task (User 1, 2, 3, 5, 7, 8, 9).
Hence, not just a task related but use-case related automa-
tion would be necessary for customization (User 1, 5, 7, 8,
9). Practitioners also expressed their concerns about mak-
ing sure that the templates can be easily implemented within
the organizational workflows to optimize their usability and
maintenance (User 1, 2, 3). In practice, developers would
mainly be able to log relevant information if it is automati-
cally generated whilst coding and send this information di-
rectly to a report. Hence, this framework can help develop-
ers understand which decisions must be logged and why,
and can serve as a guiding framework that collects all rel-
evant information to be documented. A solution could be
to adopt methods such as the automatic versioning of Git,
like GitHub Actions, where practitioners can check the git
repository to see who worked on which part of the templates.
We made sure that automating our documentation is fully
achievable. Compared to existing templates, certain users
(User 1, 5, 7, 8, 9) found Techops to be easier to follow from
a technical perspective, which enables them to better docu-
ment their code, as other templates, such as datasheets, are
more abstract and therefore more challenging to fill. More-
over, some users (U12, U13, U14, U15) found the templates
approach helpful in navigating interdisciplinary teams’ bar-
riers to understanding the translation of abstract concepts
into actionable processes along the lifecycle.

Theme 3: Guidance for documentation
A theme that emerged is that many practitioners, especially
those without a legal background, are unaware of the doc-

umentation requirements of the AI Act (User 1–13). This
clearly delineates the need to implement better governance
strategies across the companies to clarify what must be doc-
umented. However, this is currently challenging due to the
lack of standards and open-source solutions. A clear differ-
ence we could observe was the awareness of adopting such
practices early on between the users in startups and those
in highly regulated industries such as banking and finance
(U11, U12). This finding suggests that SMEs lack the re-
sources currently on the market to implement such solutions
and understand the implications of good governance prac-
tices early on. Moreover, a clear gap emerged in the knowl-
edge of the technical and legal implications of certain deci-
sions and the necessity to document them between the users
with different backgrounds. Certain users needed more in-
formation and examples to understand the implications of
deploying certain systems, as well as the necessity to doc-
ument certain processes along the lifecycle (User 5, 7). For
instance, certain developers did not understand the necessity
for documenting specific details such as the hyperparame-
ters (User 3, 5). We had to explain that in highly regulated
fields like finance, for instance, inspecting hyperparameters
enables us to see how potentially biased a model is. Hence,
such inspection is necessary to avoid overfitting of sensi-
tive attributes and making models simpler and less likely to
memorize biased patterns. User 3 was concerned with the
initial sections defining in and out of scope use-cases, as it is
hard to predict for developers inappropriate usage. However,
this process is fundamental to defining liability and delineat-
ing the safe extent of deployment of certain systems by out-
lining what they were optimised for. We included examples
to guide users in delineating the safe extent of deployment.
Moreover, certain users (User 4, 5) needed more guidance on
the distinction between documenting necessary information
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for governance purposes, whilst avoiding the documentation
of important intellectual property information. We clarified
how to keep the balance in the templates, such as how model
type and architecture can be described without disclosing
business-critical information,such as fine-tuning strategies
or optimization methods.

Discussion
In all our tests and feedback sessions, a significant issue
raised by the users has been the absence of open-source
templates and standards targeting the AI Act’s documen-
tation requirements throughout the entire lifecycle. Many
companies openly struggle to meet these requirements and
remain unsure about documentation standards. Users ex-
pressed concern over the perceived gaps in current AI com-
pliance solutions, which often lack guarantees and remain
unaffordable for SMEs. We therefore stress the importance
of guidance from the open-source community. Existing best
practices in AI documentation do not capture the entire AI
lifecycle while aligning with the specific legal obligations
related to risk management, data governance, human over-
sight, robustness, and accuracy, as well as a framework for
continuous monitoring and lifecycle updates. Moreover, ex-
isting practices lack the legally required level of detail to
document system interactions, software versions, deploy-
ment methods, and human oversight measures. Compared
to the existing open-source templates, users found TechOps
to help bridge the gap between abstract legal requirements
and actual documenting of practices along the AI lifecycle.
For instance, compared to questionnaire-based approaches
such as datasheets, Techops was found to be better at en-
abling this overview for different stakeholders and guid-
ing technical practitioners to understand the implications
of their choices. The templates provided in this paper cap-
ture decision-making processes across the AI lifecycle, from
design to post-market monitoring. They do so by tracking
performance metrics over time, as everything is under ver-
sion control so it is easy to identify causes of variation, and
benchmark across models. Finally, they improve auditability
by providing a central repository of all relevant information,
simplifying the audit process for both auditors and auditees.
By integrating these structured practices, the proposed doc-
umentation templates not only facilitate compliance with the
AI Act but also enhance fairness, trust, transparency, and ac-
countability in AI system development.

Our findings show that practitioners still need help apply-
ing documentation solutions consistently throughout the AI
system lifecycle, as this is not yet a common practice. There
is a significant gap between legal and technical experts in un-
derstanding why certain elements must be documented and
what their legal and technical consequences are. This com-
bined expertise is rare and typically found in auditors. To
address this gap, the templates should be reviewed in multi-
disciplinary meetings at each stage of the lifecycle to ensure
effective auditing and oversight.

TechOps can guide stakeholders across the entire AI life-
cycle, serving not only as a tool for documenting compliance
with the AI Act but also as a framework for fostering the de-
velopment of safe, robust, fair, and reliable AI systems. By

systematically bridging the gap between legal and technical
literacy, this approach mitigates the risk of ethics washing,
ensuring that the completion of documentation templates in-
volves substantive reflection on both the functional charac-
teristics of the system and its legal implications. Our users
said that they could also benefit from using TechOps to sub-
mit documentation when publishing AI research or open-
sourcing their AI systems, models, and datasets. Therefore,
we hope that TechOps provides a standardized and adapt-
able framework that contributes to emerging best practices.
We hope it serves as a building block toward a more consis-
tent and thoughtful approach to AI development—one that
not only meets regulatory demands but also fosters trust, ac-
countability, and collaboration within the broader research
and developer communities.

Limitations

AI systems are currently used in many domains, which
means that these templates are not to be seen as a one-
size-fits-all solution but as a contribution to enable relevant
stakeholders to understand what to document throughout the
AI lifecycle. The aim was to provide guidance through the
translation of the legal requirements; however, it is unlikely
that these templates can completely capture all components
and practices across the different vertical domains in which
AI is used. Moreover, we are aware of the complexity vs.
applicability dilemma that such thorough documentation is
time-consuming and might not be sustainable and maintain-
able. However, we believe that without thorough guidance
and an overview of the components and processes of the
AI lifecycle, efficient governance measures cannot be imple-
mented. We thus encourage organizations and stakeholders
to adapt these templates to their own context of deployment.

Documenting datasets, models, and applications to com-
ply with the AI Act in the industry still remains a challenge
due to the lack of resources and solutions, constant inno-
vation, iterative design and engineering approaches, lack of
reliable testing resources, and many other reasons that make
documentation a challenge. Here, we provide open-source
templates that can be automated, addressing a clear gap in
governance and oversight practices to help companies navi-
gate legal uncertainties around AI Act documentation.

Conclusion
We propose TechOps: templates and examples for docu-
menting data, models, and applications to provide sufficient
documentation for AI Act certification. TechOps addresses
the gaps between the existing documentation templates by
enabling a holistic approach to documenting all components
and processes across the lifecycle while meeting the techni-
cal documentation requirements of the AI Act. We believe
this work to be a key input in the ongoing efforts to opera-
tionalize the AI Act requirements. Beyond regulatory align-
ment, the templates serve as practical tools for governing AI
systems by helping responsible stakeholders assess quality
metrics, identify risks and biases, and prevent the accumula-
tion of technical debt throughout the system lifecycle.
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