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Management Summary

This paper proposes AI Spaces as a framework for enabling AI systems to collabo-
rate across organizational boundaries under real-world constraints of data sover-
eignty, confidentiality, regulation, and misaligned incentives.

Many of today’s industrial and societal challenges cannot be resolved within the information 
held by any single organization. Responding to demand fluctuations in supply chains, acceler-
ating product development in manufacturing, enhancing diagnostic support in healthcare, and 
optimizing operations in next-generation smart buildings — all of these require the secure, sov-
ereignty-preserving utilization of data and knowledge distributed across multiple organizations. 
AI Spaces address these challenges by integrating Data Spaces infrastructure with AI, enabling 
cross-organizational intelligence without the need for centralized data aggregation.

Three fundamental patterns of cross-organizational AI collaboration underpin AI Spaces. The 
first is collaborative model development, where organizations jointly improve models through 
federated learning while retaining full control over their data. The second is inter-organizational 
model inference, enabling AI systems to perform reasoning by selectively accessing distributed, 
sovereign data at inference time. The third is autonomous agent collaboration, where multi-
agent systems coordinate decisions and actions across organizational boundaries. These patterns 
are applicable across domains, and real-world systems frequently combine more than one.

The sustainable operation of AI Spaces cannot be guaranteed by technical feasibility alone. This 
paper identifies three mutually reinforcing institutional conditions. The first is incentive design: 
organizations sustain participation not only through financial reward, but through non-mon-
etary value such as access to shared data, participation in governance, and reputation derived 
from visible contributions. The second is technology standardization: without interoperability at 
the interaction layer — spanning agent communication protocols, semantic frameworks, policy 
languages, and trust and identity infrastructure — the network effects essential to AI Spaces 
cannot be realized. The third is quality management, centered on the AI Bill of Materials (AI 
BOM), which ensures the transparency, traceability, and auditability of composite AI systems.

At the technology layer, concrete approaches including Federated RAG (F-RAG), the Secure Inter-
Agent Gateway, Digital Rehearsal, and Optimization under Incomplete Information demonstrate 
practical feasibility across diverse domains, from pharmaceutical logistics to healthcare and smart 
buildings.

AI Spaces represent essential infrastructure for overcoming data silos and harnessing collective 
intelligence across organizations in a secure, trustworthy, and scalable manner. Realizing this 
vision requires coherent effort across both technical architecture and institutional design.
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1.	 Use Cases

This section presents four representative use cases that illustrate how AI and Data Spaces jointly enable cross-organizational 
intelligence under each participant’s full ownership and control over incentives, constraints and contributions. Together, they 
form the foundation for the subsequent discussion on the institutional and technical conditions that underpin AI Spaces.

1.1.	 Automated Delivery Adjustment  
in Supply Chain Management

In the pharmaceutical supply chain, planning is complicated by 
limited information exchange, reflecting the inherent restriction that 
confidential data cannot be shared between companies. Pharmaceu-
tical supply chains however require frequent delivery re‑adjustments 
due to demand fluctuations and sudden order surges caused by 
widespread disease outbreaks or disasters. As a result, fragmented 
information among shippers and carriers leads to labor‑intensive and 
sub-optimal ad-hoc coordination.

This use case demonstrates a concrete and operational proof-of-con-
cept in which multiple AI agents collaborate across organizational 
boundaries under strict information‑sharing constraints, showing 
that cross‑company optimization is already feasible using AI‑enabled 
Data Spaces.

In this case study, a shipper‑side AI agent and multiple carrier‑side AI 
agents were shown to automatically and rapidly optimize updated 
delivery plans by securely exchanging only minimal information, 
such as proposal satisfaction and acceptance status. This mechanism 

is enabled by two novel technical solutions: Optimization under 
Incomplete Information, which derives supply‑chain‑wide solutions 
through proposal–response exchanges without disclosing sensitive 
information such as detailed costs or constraints, and a Secure Inter-
Agent Gateway, which protects confidential information and privacy 
through decentralised AI collaboration under dedicated guardrails 
(see Section 7. Sovereign Multi‑Agent Coordination for more detail).

The FY2025 Promotion Theme Project final report under COCN—a 
public-private partnership framework aimed at strengthening Japan’s 
industrial competitiveness— positions this use case as a concrete 
example for realizing resilient supply chains (COCN, 2026, see Figure 
1: Supply chain optimization proposed in COCN project), high-
lighting its ability to enable optimized inter‑company coordination 
without human intervention during sudden demand spikes, reducing 
delays and excessive costs. Beyond pharmaceuticals, this use case 
also provides a model applicable to other industries, with ongoing 
large‑scale validation across end‑to‑end supply chains.
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Figure 1: Supply chain optimization proposed in COCN project
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1.2.	 New Product Development: AI-Enabled Data Spaces  
as Catalysts for Collaborative Innovation

Building on the supply chain example, this use case illustrates 
how AI‑enabled Data Spaces extend from operational coordi-
nation to knowledge‑intensive, cross‑organizational product 
development. In industries such as automotive, aerospace, and 
industrial manufacturing, innovation is constrained by frag-
mented engineering data locked in organizational silos. AI‑en-
abled Data Spaces address this challenge by enabling secure, 
sovereign data sharing while mobilizing collective intelligence 
for faster, higher‑quality product development. The approach is 
based on three pillars (Fraunhofer ISST, 2025).

The first pillar is accelerated development through horizontal 
data integration. Interoperable Data Spaces, based on standard-
ized protocols, enable real‑time synchronization of engineering 
data across organizations. Multi‑agent AI systems automatically 
manage dependencies and propagate design changes, com-
pressing iteration cycles from months to weeks and reducing 
R&D costs, while enabling broader design exploration and SME 
participation in innovation networks.

The second pillar is enhanced innovation through collective 
intelligence. Federated Knowledge Networks connect engi-
neering artifacts, regulations, and design rationales, enabling 
design reuse, early conflict detection, and large‑scale design 

space exploration across organizational boundaries. This results 
in faster development and higher‑quality products that incor-
porate validated solutions and best practices from across the 
ecosystem.

The third pillar ensures sovereign collaboration through Fed-
erated Governance. Machine‑readable usage policies, feder-
ated learning, and automated compliance monitoring enable 
cross‑organizational collaboration without centralizing sensitive 
data, while respecting intellectual property, contractual, and 
regulatory constraints.

Together, accelerated integration, collective intelligence, and 
sovereign governance position AI‑enabled Data Spaces as 
essential infrastructure for next‑generation product develop-
ment. Early adoption allows industry leaders to capture the full 
value of collaborative innovation, while policymakers can lever-
age Data Space infrastructures to strengthen industrial compet-
itiveness and ensure that the benefits of AI‑driven innovation 
are broadly distributed.
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1.3.	 Healthcare and Medical Domains

In healthcare and medical domains, AI has significant potential 
to enhance diagnostic support, treatment planning, and per-
sonalized medicine. By handling vast medical literature, clinical 
guidelines, and domain expertise, AI can serve as a powerful 
intellectual partner for medical professionals, helping them 
make more informed and timely decisions.

To deliver reliable outcomes, AI must access highly specialized 
and continuously evolving medical knowledge. Rather than 
relying solely on pre-trained capabilities, this requires the ability 
to reference the latest expert knowledge and sensitive, institu-
tionally distributed information at the point of decision-making. 
This includes clinical records, test results, and other medical 
data that cannot be centralized or freely shared due to privacy, 
regulatory, and ethical considerations.

In this scenario, an important mechanism is Federated Retrieval 
Augmented Generation (F-RAG) which combines AI with a Data 
Space infrastructure. By utilizing F-RAG, each medical institu-
tion can retain full control over its own data while enabling 
secure and selective access under clearly defined conditions. 
This allows AI to retrieve and integrate insights from multiple 
institutions and specialized databases without requiring cen-
tralized data aggregation, supporting diagnosis and treatment 
planning without compromising patient privacy or data sover-
eignty (see Figure 2: Healthcare and medical AI).

The practical benefits are substantial: clinicians gain access to 
broader and more up-to-date knowledge for diagnosis and 
treatment planning; patients receive care informed by a wider 
evidence base; and institutions can collaborate meaningfully 
while maintaining trust and regulatory compliance.
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Figure 2: Healthcare and medical AI
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1.4.	 Next-Generation Smart Buildings

In next-generation smart buildings, buildings function as 
intelligent systems that can perceive, make decisions, and 
continuously optimize operations. AI serves as the core of this 
intelligence, enabling flexible decision-making across multiple 
concurrent objectives — reducing energy consumption, ensur-
ing equipment reliability, enhancing occupant comfort, and 
maintaining security — even when these goals involve inherent 
trade-offs.

To deliver real value, AI must access highly diverse and up-to-
date information at the point of decision-making: equipment 
states, real-time sensor data, building utilization patterns, occu-
pant behavior, and security information. Without such access, 
AI would be limited to abstract recommendations insufficient 
for real-world building operations.

However, data in smart buildings is inherently distributed across 
equipment, subsystems, and operational stakeholders. Central-
izing all data is often infeasible due to security, governance, and 

operational constraints. Data Spaces address this challenge by 
enabling each stakeholder and system to maintain data sover-
eignty while sharing data in a secure and interoperable way. By 
combining this Data Space mechanism with AI and implement-
ing it in an F-RAG system, AI agents can dynamically reference 
and integrate multiple distributed data sources, enabling flexi-
ble operations far beyond static control workflows (see Figure 
3: Next-generation smart buildings).

The value delivered is transformative: building operators gain 
holistic, real-time optimization across different domains; occu-
pants experience more responsive and comfortable environ-
ments; and facility owners achieve greater operational efficien-
cy without compromising data governance. 

This integration of Data Spaces and F-RAG therefore rep-
resents an essential infrastructure for realizing truly intelligent 
next-generation smart buildings.
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Figure 3: Next-generation smart buildings
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2.	 AI Spaces: An Overview

The four use cases presented in Section 1 —supply chain management, collaborative product development, med-
ical decision support, and next-generation smart buildings — cover four domains with considerably different 
issues and solution maturity levels. Yet they share a common underlying challenge: how to realize meaningful AI 
collaboration across organizational boundaries under real-world constraints of data sovereignty, confidentiality, 
regulation, and misaligned incentives.

Addressing this challenge requires analysis along two dimensions. The first relates to the patterns through which 
AI systems collaborate across organizations. The second concerns the conditions that enable such collaboration 
to remain sustainable over time. This section brings both dimensions together to offer a structured account of AI 
Spaces and to establish the analytical framework guiding the remainder of the paper.

2.1.	 Three Patterns of Collaborative AI

Across the use cases, three fundamental patterns can be identified through which AI systems collaborate across organisational 
boundaries (see Figure 4: Types of collaborative AI technologies). These patterns describe structural modes of collaboration rather 
than application domains, and real-world systems frequently combine more than one.

Type 1:
Collaborative 

AI model development

Type 2:
Inter-organizational 
AI model inference

Learning by sharing data and
parameters between organisations

Share data between organisations
to enhance existing AI models

Type 3:
Inter-organizational 

AI agent collaboration

Collaboration AI / LLM models 
between organisations

Data 
Space

Data 
Space

Data 
Space

Data
Data
Parameter

Query /
Answer

Figure 4: Types of collaborative AI technologies

Type 1 focuses on inter‑organizational AI model development, 
where organizations jointly improve models through federated 
learning while retaining full control over their data.

Type 2 addresses inter‑organizational AI model inference, 
enabling AI systems to perform reasoning by selectively access-
ing distributed, sovereign data at inference time.

Type 3 centers on autonomous inter‑organizational collabo-
ration, where multi‑agent systems coordinate decisions and 
actions across organizational boundaries.

For more details on these collaboration patterns, please refer 
to our previous whitepaper “Decentralized and Collaborative AI 
for Data Spaces“ (Fujitsu, 2025a).
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2.2.	 Three Conditions for Sustainability

The collaboration patterns describe what AI Spaces can do. Implementing them in practice, however, requires more than technical 
capability alone. Figure 5: AI Spaces layer structure represents AI Spaces as a layered structure in which each inner layer serves as a 
prerequisite for the layer that surrounds it.

Type 1
Decentralized learning (3*)

Foundation layer 
Data Spaces

Technology layer
What can be done?

Type 2
F-RAG (6)

Type 3
Multiagent (7)

Incentives (3)

Standardization (4)

Quality (5)

Supply chain (1.1)
Type 3

New Product Development (1.2)
Type 1 + 3

Healthcare / Medical (1.3)
Type 2

Smart Buildings (1.4)
Type 2 + 3

Institutional layer
Why does it sustain?

Application layer
Where is it used?

The numbers in parentheses indicate section numbers
* Discussed in the context of incentive design

At the center lies Data Spaces — the shared infrastructure that 
connects all layers while preserving each organization’s data 
sovereignty.

Surrounding it is the technology layer, comprising the three 
collaboration patterns described above. These patterns define 
the value that AI Spaces create, yet their operation depends on 
the institutional conditions that enclose them.

The institutional layer comprises three mutually reinforcing 
conditions. Incentives (Section 3) ensure that organizations have 
sufficient motivation to contribute data, models, and operation-
al knowledge on an ongoing basis, rather than free-riding or 
withdrawing participation. Standardization (Section 4) estab-
lishes the common protocols and interoperability rules without 
which cross-organizational data exchange cannot function at 

scale. Quality management (Section 5) provides the transparen-
cy, traceability, and accountability necessary for regulatory com-
pliance and for building trust across organizational boundaries.

At the outermost ring are the use cases — the domains in 
which this layered structure generates tangible value. Their 
position reflects the principle that application is only possible 
once the underlying foundation, technology, and institutional 
conditions are in place.

The layer structure in Figure 5: AI Spaces layer structure directly 
informs the organization of the remainder of this paper. Section 
3 through 5 address the institutional layer, and Section 6 and 
7 the technology layer. Together, they elaborate the conditions 
under which AI Spaces can deliver reliable, accountable, and 
scalable cross-organizational intelligence.

Figure 5: AI Spaces layer structure
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3.	 Economic Incentives and  
Compensation Mechanisms

3.1.	 Incentive Challenges in AI Spaces

AI Spaces enable organizations to jointly create AI-driven value 
by contributing heterogeneous resources — data, models, 
computational capacity, and operational know-how. Because 
participation is voluntary and contributions are unevenly distrib-
uted, incentive design is a central determinant of sustainability.

This challenge runs through all four use cases in Section 1. In 
the pharmaceutical supply chain, coordinated delivery optimiza-
tion is possible only if participants remain motivated to contrib-
ute data and models on an ongoing basis. Equally, collaborative 
product development and federated knowledge sharing in 
healthcare depend on participants being confident that their 
contributions will be met with commensurate value.

Each contribution carries direct costs as well as opportunity 
costs such as information leakage risks, compliance overhead, 
and operational complexity. When contributions are not clearly 
linked to the benefits participants receive, rational actors 
may limit their engagement or free-ride. Empirical studies of 

initiatives such as Catena-X confirm that organizations hesi-
tate to participate when this relationship is opaque (Gelhaar 
et al., 2023), and that participation is driven by a combination 
of monetary rewards, access rights, ecosystem influence, and 
future market opportunities (Data Spaces Support Centre, 
2024).

Federated Learning (FL) exemplifies these dynamics. While 
FL enables collaborative model training without sharing raw 
data, it also allows for — oftentimes undetectable — free-rid-
er behavior. Nakamura (2026) addresses this by detecting 
non-contributing participants through model weight analysis, 
while DeFedOblivio framework enables specific contributions to 
be removed from the global model via decentralized unlearning 
functionality (Fraunhofer-Gesellschaft, 2026). Though neither is 
an incentive mechanism per se, both demonstrate that contri-
butions can be assessed on technical grounds while preserving 
data sovereignty — a prerequisite for credible incentive design.

3.2.	 Objects of Rights in Collective AI Systems

Incentives in AI Spaces cannot be designed uniformly because 
collectively developed AI systems are not single, indivisible 
assets. Collaborative model generation and inference give rise 
to multiple distinct objects, each subject to different rights and 
governance arrangements:

The Training Data Corpus and Synthesized Dataset
Algorithmic Architectures and Source Code
Pre-Trained Foundation Weights and Parameter Matrices
Hyperparameters and Training Methodologies
Parameter-Efficient Fine-Tuning (PEFT) Adapters
Prompts, Retrieval Contexts, and Inference Outputs
Hardware Infrastructure and Digital Twins

These objects differ in how contributions can be attributed and 
how control can be exercised. Data carries strong sovereignty 
and usage constraints; weight parameters aggregate contribu-
tions in ways that resist individual attribution; model architec-
ture is tied to governance authority. Treating these as distinct 
objects of rights provides the analytical foundation on which 
incentive and compensation mechanisms are built.
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3.3.	 Incentive and Compensation Mechanisms in AI Spaces

Incentives in AI Spaces are best understood as structural con-
ditions for sustained participation rather than short-term behav-
ioral triggers. Effective incentive structures combine financial 
elements with non-monetary value: access to shared data and 
AI services, participation in governance, and reputation derived 
from visible contributions (Data Spaces Support Centre, 2024). 
The healthcare use case illustrates this well — hospitals and 
research institutions are motivated primarily by access to broad-
er evidence bases and professional trust, not financial reward 
alone.

Incentive and compensation mechanisms should therefore span 
monetary, access-, governance-, and reputation-based catego-
ries (Gelhaar et al., 2021; Data Spaces Support Centre, 2024), 
and be positioned as integral components of ecosystem-level 
governance, coupled with contribution visibility and differen-
tiated rights across the objects that constitute collective AI 
systems.

4.	 Technology Standardization  
and Global Interoperability

Until now, interoperability usually meant that data is collected, structured, and reported in pre-agreed, stan-
dardised formats so that it could be utilised across different stakeholders. This approach has driven decades 
of progress in data exchange standards, from Electronic Data Interchange in supply chains to Health Level 7 
in healthcare. With AI Spaces, this paradigm shifts fundamentally: the focus of interoperability moves from 
the data layer to the interaction layer. This shift does not remove the need for foundational data standards, 
but adds a new interoperability dimension focusing on the protocols, interfaces, and behavioral contracts that 
govern how AI systems request information, delegate tasks, negotiate access rights, and coordinate actions 
across organizational and regulatory boundaries. This transition has significant implications for standardization 
strategy. Whereas data interoperability could often be achieved through bilateral agreements or industry-specif-
ic formats, AI interaction interoperability requires ecosystem-wide coordination to ensure that agents developed 
by different organizations, using different frameworks, can seamlessly collaborate within the ecosystem.

4.1.	 Key Standardization Domains for AI Spaces

Achieving robust AI interaction interoperability requires coor-
dinated standardization efforts across multiple domains: agent 
communication protocols such as Model Context Protocol 
(MCP) define how agents share context information and coordi-
nate workflows. Semantic frameworks including Asset Admin-
istration Shell (AAS) enable cross-domain understanding. Policy 
languages ensure machine-readable access rights that agents 

can interpret and enforce autonomously. Trust and identity 
frameworks establish authentication and provenance verifica-
tion for agents. Quality certification standards enable partici-
pants to assess partner agent reliability. Each domain addresses 
a distinct aspect of the challenge, and gaps in any of these 
areas can undermine the functionality of the overall ecosystem.



12

Quality Management: AI Bill of Materials

4.2.	 Global Harmonisation and Ecosystem Alignment

The standardization landscape is shaped by regional initiatives, 
each bringing distinct strengths to the global ecosystem. Rather 
than viewing these regional differences as barriers, they should 
be seen as opportunities for global harmonization, since diverse 
approaches generate practical learnings across ecosystems. 
However, without deliberate coordination, fragmentation risks 
would limit the network effects essential to AI Space value 
creation. 

Ensuring interoperability across heterogeneous infrastruc-
tures requires meta-level protocols and harmonized policy 
frameworks that respect regional contexts while enabling 

cross-border collaboration. Effective standardization there-
fore demands multi-stakeholder governance, early alignment 
between standardization bodies and regulators, and invest-
ment in reference implementations. Stakeholders who engage 
proactively by contributing use cases, technical expertise, and 
implementation experience will shape the emerging rules of 
engagement. The decisions made in the next years will deter-
mine whether AI Spaces fulfil their potential as infrastructure 
for collective intelligence, or fragment into isolated islands that 
reproduce rather than transcend the data silos of the previous 
technological generation.

5.	 Quality Management:  
AI Bill of Materials

The central challenge of quality management in AI Spaces is 
how to ensure transparency, traceability, and auditability of 
AI systems that are increasingly composite in nature. With the 
widespread adoption of generative AI, it has become common 
for AI systems to be constructed by combining foundation 
models, fine-tuned models, datasets, external APIs, and RAG 
pipelines. In such configurations, risks are not confined to 
individual components; they can materialize through upstream 
model changes or deficiencies in data provenance. Moreover, 
in environments where models and external dependencies are 
frequently updated, manual documentation practices are not 
sustainable, making integration with CI/CD and MLOps pipe-
lines essential. The AI Bill of Materials (AI BOM) is positioned as 
the central quality management mechanism to address these 
challenges.

This positioning is reinforced by converging regulatory and 
standardization pressures. The EU AI Act mandates risk-based 
technical documentation (European Union, 2024), while ISO/
IEC 42001 requires evidence-based documentation capable of 
supporting audits and certification (ISO/IEC, 2023). CycloneDX’s 
ML BOM (CycloneDX, n.d.) has emerged as a standard for 
describing models, data, and configuration information in a 
machine-readable format, signaling a convergence between AI 
governance requirements and existing supply-chain manage-
ment practices.

A practical AI BOM must integrate three layers of information: 
component-level information on models and data, made explic-
it through Model Cards that clarify intended use, evaluation 
conditions, limitations, and provenance (Mitchell et al., 2019); 
system- or service-level context describing which models and 
data are used, for which purposes, and under what operational 
conditions; and operational evidence enabling ex post verifi-
cation, such as evaluation runs, configuration changes, and 
approvals.

In the context of AI Spaces, the importance of the AI BOM is 
further amplified. In environments where models, data, and 
agents contributed by multiple organizations are combined in 
complex configurations, it becomes inherently difficult to trace 
which components underpin which decisions. This require-
ment appears consistently across the use cases examined in 
this paper. In collaborative product development, it means 
making explicit which models and datasets underpin specific 
design decisions across organizational boundaries. In supply 
chain management, it means clearly distinguishing between 
disclosed and non-disclosed agent components while maintain-
ing regulatory compliance. In healthcare, it means reconciling 
patient data sovereignty with the traceability of diagnostic 
reasoning. By providing a structured representation of these 
composite systems, the AI BOM enables regulatory compliance 
and cross-organizational accountability to be achieved simulta-
neously, without undermining data sovereignty.
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6.	 Development Approaches for  
AI & Data Spaces Integration

6.1.	 Next-Generation Connector Technologies

There is a strong need for next-generation connectors that 
enable AI agents and LLMs to directly interact with Data 
Spaces. Unlike conventional static data provisioning models 
used during the learning phase, these connectors must allow 
AI systems to dynamically retrieve data at the reasoning phase 
according to contextual requirements.

Leveraging MCP is effective in designing such connectors. MCP 
provides mechanisms that allow models to understand their 
execution context and communicate securely with external data 
sources, enabling flexible connectivity between AI systems and 
Data Spaces.

The target databases extend well beyond text-based embed-
ding search databases used in conventional RAG. They encom-
pass: graph-based knowledge representation databases capa-
ble of semantic reasoning; relational databases for numerical 
data; real-time streaming databases reflecting IoT and opera-
tional data; and geospatial databases such as GIS.

To dynamically utilize such heterogeneous sources, connector 
designs must incorporate AI-interpretable data descriptions, 
connection control mechanisms, and access policy manage-
ment. Key research challenges include:

First, techniques to predict which databases likely contain 
relevant data based on query content, reducing remote queries 
and improving execution performance. Second, when federat-
ed databases are heterogeneous — for example, with differing 
embedding spaces — techniques for evaluating and re-ranking 
multiple returned results.

These developments enable dynamic, low-latency data utiliza-
tion. Continuous tracking of MCP developments and adaptive 
R&D strategies remain essential for constructing next-genera-
tion intelligent digital infrastructure.

6.2.	 Retrieval-Augmented Generation (RAG)  
and Federated RAG (F-RAG)

RAG allows LLMs to perform reasoning while accessing 
external data sources. A vector database containing pre-em-
bedded information is prepared in advance. When responding 
to a query, the system retrieves data with embeddings close 
to the query and generates an answer based on the retrieved 
information.

F-RAG (Amano et al., 2025) extends RAG by enabling secure, 
federated use of vector databases and other kinds of databas-
es owned by multiple organizations (see Figure 6: RAG and 
F-RAG). Data owners dynamically determine whether search 
access is permitted based on data sovereignty. A user query is 
issued to each distributed database, and from the aggregated 
results, the system generates a response using the most rele-
vant data (see Figure 7: F-RAG Architecture (Matsunaga, 2025)).

Several challenges arise in realizing F-RAG in practice. Coor-
dinating retrieval across heterogeneous data sources requires 
agents capable of dynamically formulating optimal acquisition 
plans — an approach exemplified by LLMind (Cui et al., 2024). 
Confidentiality presents a further concern, as retrieved context 
must remain protected throughout the retrieval and genera-
tion process; approaches like C-FedRAG (Addison et al., 2024) 
address this through confidential computing environments that 
enable secure collaborative inference without centralizing data.

The use of AI agents further extends this paradigm by dynam-
ically adapting data access workflows rather than following 
static definitions. When an LLM acting as an agent determines 
that querying a Data Space would yield a more accurate 
response, it autonomously performs the search, selectively 
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determining and executing necessary processing steps. Scalabil-
ity across distributed and heterogeneous sources remains an 
active research challenge, with work on federated search meth-
ods and approximate vector search contributing to improved 
performance (Guerraoui et al., 2025).
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7.	 Sovereign Multi‑Agent Coordination

7.1.	 Challenges in Multi-Agent Collaboration

In industrial domains such as supply chains, AI-driven deci-
sion-making necessarily spans organizational boundaries. 
Responding to demand fluctuations, supply constraints, and 
transportation disruptions requires coordinated judgment 
across multiple actors — yet real-world environments impose 
three fundamental constraints that make such coordination 
non-trivial.

First, information sharing cannot be assumed. Organizations 
retain data on inventory levels, cost structures, and contrac-
tual conditions as sources of competitive advantage, and full 
disclosure is rarely realistic even where a shared optimization 
objective exists. AI Spaces must therefore operate under the 
assumption that only partial information is available at any 
point. 

Second, confidentiality and data sovereignty are hard require-
ments. Cross-organizational agent collaboration carries the 
risk that sensitive information may be inadvertently inferred 
or leaked through learning, inference, or dialogue processes. 
Effective mechanisms must enable cooperation while ensuring 
that confidential information remains protected throughout.

Third, decisions must be validated before deployment. In 
domains where the consequences of decisions propagate across 
multiple actors, trial-and-error in live operations is not accept-
able. Virtual simulation mechanisms are therefore necessary to 
evaluate outcomes in advance under realistic scenarios.

These challenges cannot be resolved by improvements to data 
quality alone. They require new technological frameworks 
capable of supporting sound decision-making under con-
strained information environments.

Company A

Agents operating 
within a single company

Company A

Company B Company C

3rd party agent 3rd party agent

Example

Transportation
and delivery
planning

Agents collaboration and negotiate across multiple 
companies, potimizing, coordinating, and making 
decisions while protecting each company´s data.

Figure 8: Multi-AI agent collaboration

Source: Fujitsu (2025b)
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7.2.	 Enabling Technologies

Figure 8: Multi-AI agent collaboration contrasts multi-agent sys-
tems operating within a single organization with those that col-
laborate across organizational boundaries. Realizing the latter 
— enabling agents from different organizations to coordinate 
under incomplete information while preserving data sovereign-
ty — requires a dedicated technological foundation (Fujitsu, 
2025b). Three core technologies underpin this approach. 

Optimization under Incomplete Information 
Rather than aggregating complete data prior to optimization — 
an approach that is infeasible in most industrial settings — this 
technique derives coherent system-level decisions through the 
exchange of only the minimum information each actor is able 
to share. Each organization’s agent maintains its own con-
straints and objectives internally, while estimating the overall 
situation through interactions with peer agents. In supply chain 
settings, this enables decisions that avoid inventory imbalances 
and transportation bottlenecks without requiring full disclosure, 
producing outcomes that transcend local optimization (Asai, 
Akima, & Takemori, 2025). 

Secure Inter-Agent Gateway 
Communication encryption alone is insufficient in cross-or-
ganizational settings, as confidential information may still be 
inferred through agent interactions. The Secure Inter-Agent 
Gateway addresses this by ensuring that raw data are never 
shared externally: only abstracted knowledge necessary for 
peer agents’ decision-making is exchanged. All inter-agent 
interactions are mediated by the gateway, which enforces con-
trolled collaboration and incorporates guardrail mechanisms to 
prevent unintended disclosures and manipulation by malicious 
agents (Fujitsu, 2025b). Organizations can thus participate in 
collaborative decision-making while preserving their competi-
tive advantages and full data sovereignty.

Digital Rehearsal 
To validate decisions before deployment, collaborating AI 
agents are simulated within a virtual environment, allowing 
outcomes to be assessed against scenarios such as sudden 
demand shifts, component shortages, or route disruptions 
(Fujitsu, 2026). This pre-decision simulation enables organiza-
tions to avoid trial-and-error in live operations while building 
justified confidence in AI-driven collaborative decision-making.

8.	 Conclusion

As the four use cases examined in this paper demonstrate, the value of AI is no longer determined by analytical 
capability within a single organization, but by the capacity to collaborate across organizational boundaries. The 
transition from silos to sovereign, cross-organizational intelligence is not a technical aspiration but an opera-
tional necessity across industries.

AI Spaces provide the framework for this transition. Yet their sustainability cannot be guaranteed by technology 
alone. Incentive design, standardization, and quality management are institutional conditions inseparable from 
the technology layer — and it is only when all are in place that reliable, scalable cross-organizational AI becomes 
achievable. The decisions made in the coming years on standards, governance, and incentive frameworks will 
determine whether AI Spaces fulfil their potential as essential infrastructure for collective intelligence.
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