Net wor k Wor ki ng G oup A. Akhavai n

I nternet-Draft H. Mussa
I ntended status: |nformational Huawei Canada
Expires: 23 January 2026 22 July 2025

Al Network for Training, Inference, and Agentic Interactions
dr aft - akhavai n- moussa- ai - net wor k- 00

Abst r act

Artificial Intelligence (Al) is rapidly reshaping industries and
daily life, driven by advances in |arge | anguage nodel s (LLMs) such
as Chat GPT, C aude, G ok, and DeepSeek. These nodel s have
demonstrated the transformative potential of Al across diverse
applications, fromproductivity tools to conpl ex deci si on-nmaki ng
systens. However, the effectiveness and reliability of Al hinge on
two foundational processes: training and inference. Each presents
uni que chall enges rel ated to data managenent, conputation
connectivity, privacy, trust, security, and governance. This
docunent introduces the Data Aware-Inference and Trai ni ng Network
(DA-ITN)—a unified, intelligent, multi-plane network architecture
designed to address the full spectrumof Al systemrequirenents. DA-
I TN provi des a scal abl e and adaptive infrastructure that connects Al
clients, data providers, service facilitators, and conputationa
resources to support end-to-end Al lifecycle operations. The
architecture features dedicated control, data, and operations &
managerment (OQAM) planes to orchestrate training and i nference while
ensuring reliability, transparency, and accountability. By outlining
the key requirenments of Al systens and denonstrating how DA-ITN
fulfills them this docunent presents a vision for the future of Al-
native networking—an "Al internet"—optimzed for continuous | earning,
scal abl e depl oyment, and seam ess agent-to-agent collaboration

Status of This Meno

This Internet-Draft is submtted in full confornmance with the
provi sions of BCP 78 and BCP 79.

Internet-Drafts are working docunents of the Internet Engineering
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Internet-Drafts are draft docunents valid for a maxi num of six nonths
and may be updated, replaced, or obsol eted by other docunents at any
time. It is inappropriate to use Internet-Drafts as reference
material or to cite themother than as "work in progress."
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1. Introduction

Al has becone a major focus in recent years, with its influence

rapi dly expandi ng from everyday tasks |ike scheduling to conpl ex
areas such as healthcare. This growh is largely driven by advances
in large | anguage nodels (LLMs) |ike Chat GPT, C aude, G ok, and
DeepSeek, which are now wi dely used for tasks such as brainstormn ng,
editing, coding, and data analysis. These real-world applications
highlight AI’ s transformative power to boost productivity and
simplify life. 1t s clear that Al is not a passing trend but a

| asting and evol ving force.

However, it is crucial to recognize that the success of Al systens
relies on two fundanental pillars: training and inference. Both of
these pillars have a nunber of factors and noving parts that need to
be carefully coordi nated, designed, and managed to ensure accuracy,
resilience, usability, continuous evolution, trustworthiness, and
reliability. Moreover, once deployed, Al systenms nust be
continuously nonitored and governed to safeguard user safety and
soci etal well -being.

As such, aspects such as data nmanagenent, conputational resources,
connectivity, security, privacy, trust, billing, and rigorous testing
are all crucial when handling Al systens. Thus, it is inportant to
clearly understand the requirenents of the Al systens from both the
training and inference prospective as both of these pillars
constitute an entangl ed framework and cannot be tackled in isolation

In this docunent, we present a vision of an ecosystem especially
designed to satisfy the requirements of Al fromtraining and

i nference points of view W propose a unified, intelligent network
architecture—the Data Aware-Inference and Trai ning Network (DA-1TN)
Thi s ecosystemis envisioned as a conprehensive, nulti-plane network
wi th dedicated control, data, and operations & nmanagenent (QAM

planes. It is designed to interconnect all rel evant stakehol ders,
including clients, Al service providers, data providers, and third-
party facilitators. |Its core objective is to provide the

infrastructure and coordi nati on necessary to support an ecosystem for
enabling Al of the future at scale.
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Thi s docunment ains to introduce the DA-1TN vision and establish a
compel ling case for its central role in enabling a new generation of
Al -native networks, i.e., Al internet. These networks will be
optimzed not only for learning and i nference but also for seanl ess
col l aboration, interaction, and comunication anong Al agents. To
that end, we begin by outlining the specific requirenments of Al from
both the training and inference standpoints. W then introduce the
core components of the DA-1TN and illustrate how they collectively
meet these requirements. Finally, this network is positioned as an
ecosystem for agent-to-agent collaborations, interactions, and
communi cati ons.

2. Training Requirements

Al nodel training is the foundational process through which an
artificial intelligence systemlearns to performtasks by anal yzing
data and adjusting its internal paraneters—typically the weights in
neural networks—to mininmize prediction errors. At its core, this
process involves feeding input data into a nodel, and applying

optim zation algorithms to iteratively refine the nodel’ s
performance. Anong the nost influential outcones of this process are
foundati on nodels, such as ChatGPT and its peers, which are capable
of performing a wide range of tasks across domains. Training these
nodel s now occurs at an unprecedented scale, requiring nassive
compute infrastructure, enormous anmounts of training data, high-speed
i nterconnects, and parallelized training frameworks (e.g., data,
nmodel , and pipeline parallelisnm

2.1. Centralized versus Decentralized Training

It is clear fromthe above that no matter how advanced the nodel
architecture may be, the success of any training process ultimtely
hi nges on two fundamental conponents: the nodel and the data. Wile
the nodel itself is often devel oped and hosted in a centralized

| ocation—typically within the secure infrastructure of the nodel
owner or designer—data is inherently distributed. It originates from
sensors, devices, |logs, events, docunments, and other diverse sources
spread across different geographies and domains. To be exact,

whet her due to geographi c dispersion, organizational silos, privacy
constraints, or edge-device generation, data rarely exists in a
single, clean repository.

Today, nodel training can happen in one of two ways or a comnbination
thereof: centralized or decentralized. 1In centralized training,
thanks to the devel opnent of robust data collection techniques and
hi gh-t hroughput connectivity networks, it is now feasible to collect
data and bring it to where the nodel training would occur. This
tradi tional approach is often referred to as nodel -centralized
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training. On the other hand, a nore recent paradi gm known as nodel -
foll owdata has emerged, advocating for the reverse: rather than
transporting | arge volumes of potentially sensitive data to a centra
| ocation, the nodel is dispatched to where the data resi des—enabling
distributed or federated training.

Accordingly, to facilitate the training process, rendezvous points
schedul i ng between distributed data, conpute and storage resources,
and an Al nodel awaiting training needs to be arranged and nanaged,
whi ch is fundanental for successful nodel training. However, this
schedul i ng process introduces a nunber of chall enges spanning
privacy, trust, utility, and conputational and connectivity resources
managenment. Moreover, as Al adoption accelerates, both centralized
and decentralized approaches will drive increasing pressure on
underlying connectivity infrastructure. Therefore, to ensure

scal able, efficient, and cost-effective Al training, it is vital to
i npl ement intelligent nechanisns for nmanagi ng data and nodel
nmovement, selecting relevant subsets for training, and nminin zing
unnecessary transfers.

In the sections that follow, we explore the architectural and
operational requirenents needed to support this vision and lay the
foundation for a high-performance, Al-native training ecosystem

2.2. Requirenents Breakdown

Consi der a number of Al nodel training clients awaiting training
service. An Al nodel training client is a user with a raw or a pre-
trai ned nodel who wishes to train or continue training their Al nodel
usi ng data that can be found in the data corpus. The data corpus
(the gl obal dataset), as has been previously established, consists of
a group of datasets that are distributed across various geographica
|l ocations. Al clients require access to this data either in a
centralized or distributed manner.

2.2.1. Data Collection/Mdel Dispatching

As previously discussed, data is inherently distributed. In
centralized training paradigns, this data nmust be transferred from
its sources to centralized | ocations where nodel training occurs.
Consi der a scenario involving nultiple clients, each awaiting
centralized training of Al nmodels using distinct data sets of
interest. Aggregating |arge volunes of data from geographically

di spersed sources to centralized servers introduces severa
significant chall enges
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*  Conmuni cation Overhead: The sheer volune of data to be transnitted
can place substantial strain on the underlying transport networKks,
resulting in increased | atency and bandw dth consunption

* Redundant Know edge Transfer: Despite originating fromdifferent
sources, data sets may carry overl apping or identical know edge
content. Transmitting such redundant content |eads to unnecessary
duplication, wasting resources w thout providing additiona
traini ng val ue.

* Tinmely Delivery: In certain applications, the freshness of data is
critical. Delays in transm ssion can degrade the value of the
i nformati on, as these applications are sensitive to the Age of
Information (Aol)—the time el apsed since data was | ast updated at
the destination.

* Milti-Mdal Data Handling: Data often exists in various
format s—such as text, inages, audio, video, etc—each with distinct
transm ssion requirements. Ensuring accurate and reliable
delivery of these diverse data types necessitates differentiated
Quality of Service (QS) levels tailored to the characteristics
and sensitivity of each nodality.

* Het erogeneous Access Media: Data may reside across diverse
communi cation infrastructures—for exanple, sone data may be
accessible only via 3GPP nobile networks, while other data may be
confined to wireline networks. Coordinating data collection
across these heterogeneous dommi ns, while naintaining
synchroni zati on and consi stency, presents a significant
operational challenge.

I mportantly, many of these challenges are alleviated in decentralized
training frameworks, where data remains local to its source and is
not transferred over the network. |Instead, the nodel itself is
distributed to the various data | ocations. However, this alternate
paradi gmintroduces its own set of unique chall enges

As previously noted, nodern Al nodels are growi ng increasingly |arge
in size. 1In decentralized training, it is often necessary to
replicate the nodel and transmt it to nmultiple, geographically

di spersed data sites. This results in a different but equally
significant set of |ogistical and technical hurdles:

* Communi cation Overhead: Wile data transfer is avoided,
di spatching | arge nodel files across the network to multiple
destinations can still inpose substantial |oad on comunication
infrastructure, particularly in bandw dth-constrai ned
envi ronment s.
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2

* Redundant Know edge Transfer: Data residing at different |ocations

may share overl appi ng know edge content. Sending nodels to
multiple sites with redundant know edge content |eads to
inefficient use of network resources. In some cases, even when
know edge content is only partially redundant, it may be nore
ef fici ent —consi deri ng comuni cation cost —to forego nargina
training benefits in favor of reduced overhead.

* Tinmeliness and Data Freshness: In certain applications, the Age of
Information (Aol) remains critical. Prioritizing nodel dispatch
to data sources with soon-to-expire or tinme-sensitive information
is essential to maximze the utility of training and to maintain
up-to-date nodel perfornance.

2. Data and Resource Discovery

Gven the distributed nature of data, there must be a nechani sm

t hrough whi ch data owners can advertise infornmation about their
datasets to Al nodel training clients. This requires the ability to
describe the characteristics of the data—such as its know edge
content, quality, size, and Age of Information (Aol)—in a way that
allows Al clients to discover and eval uate whether the data aligns
with their training objectives. Training objectives can be one or
nmore of: target performance, convergence tine, training cost, etc.

Crucially, this discovery process may need to operate across multiple
net wor k domai ns and het er ogeneous conmuni cati on infrastructures. For
exanple, an Al training client operating over a wireline connection
may be interested in data residing on a 3GPP nobile network. This
rai ses an inportant question: How can data owners effectively
advertise their datasets in a way that is discoverable across diverse
domai ns? To enabl e such cross-domain data visibility and discovery,
the follow ng key requirements nust be consi dered:
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* Data Descriptors: These are netadata objects used by data owners
to reveal essential information about their datasets to Al
clients. Effective data descriptors nmust be self-contained,
privacy-preserving, and informative enough to support deci sion-
maki ng by training clients. They should allow data owners to
sel ectively disclose details about their data—such as type,
rel evance, quality metrics, freshness, and perhaps cost of
utility—while concealing sensitive or proprietary informtion
(privacy preservation). Data descriptors also need to be easily
nodi fi ed as data can be dynanic, and the change in data needs to
be effectively reflected into the data descriptions. To ensure
interoperability, data descriptors can either follow a
standardi zed format or adopt a flexible but well-defined structure
that enabl es consistent interpretation across different systens
and domai ns.

* Data Discovery Mechani sns: These refer to the processes by which
Al training clients locate and identify datasets across
potentially vast and heterogeneous environments. An effective
di scovery mechani sm shoul d support gl obal -scal e searchability and
cross-domain operability, allowing clients to find rel evant
dat asets regardl ess of where they reside or which comunication
infrastructure they are accessible through. Discovery protocols
may be standardized within specific domains (e.g., nobile
networ ks, 10T platforms) or designed to function interoperable
across multiple domains, enabling seam ess integration and
visibility. It should also be highlighted that, discovery
mechani sns shoul d be considerably up-to-date with the changes that
woul d occur as the underlying data changes dynam cally.

* Data Relationship Maps: Training often requires identifying groups
of datasets that collectively neet specific requirenents.
Eval uati ng each dataset in isolation may be insufficient.
I nstead, a nmechanismis needed to establish relationshi ps anong
datasets, enabling Al training clients to assenble the appropriate
conbi nation of data for their tasks. These relationships can be
envisioned to | ook |ike maps or topologies. This is a crucia
step as if an Al nodel client was not able to find the right
dat aset that satisfies its requirenents, the client m ght choose
not to submt the nodel for training at this time which may reduce
resource wastage fromthe get go

* Tinely reporting: Gven the dynanic nature of data availability,
characteristics, and accessibility, it is essential to have
adverti senent nechani sns that can pronptly reflect any changes.
Real -tinme or near-real-tinme updates ensure that the Al training
process renmains aligned with the nbst current data conditions,

t hereby maxi mi zing both effectiveness and accuracy. Tinely

Akhavai n & Moussa Expi res 23 January 2026 [ Page 8]



I nternet-Draft Al -1 nt er net July 2025

reporting hel ps prevent training on outdated or irrelevant data
and supports optinmal decision-naking in nodel selection and
training pipeline configuration

Additionally, it should be highlighted that in Al training,

di scovering data alone is not enough. For instance, third-party
resources |like conpute and storage are essential, and the providers
of those resources nust be able to advertise their capabilities so Al
clients can locate and utilize themeffectively. Just like with
data, resource discovery requires descriptors, nmulti-donain
accessibility, and tinely updates to support seam ess coordination
bet ween nodel s, data, and infrastructure. It should be highlighted
that data and resource discovery is essential in both centralized and
decentralized training, as both can be done on third party
infrastructure

2.2.3. Mobility and Service Continuity Handling

In sone decentralized training applications, Al nodels are designed
to traverse a predefined route, training on multiple datasets in a
sequential or federated manner. This introduces the need to nmanage
nodel nmobility. However, the underlying data | andscape is often
dynani c—new data is continuously generated, existing data nmay be
del eted, or datasets may be relocated to different nodes or donmins.

As a result, enabling reliable nodel nobility in such a fluid

envi ronment requires robust mobility managenent nechani sns. For
instance, while a nodel is en-route to a specific data | ocation for
training, that dataset may be noved el sewhere. |In such cases, the
nmodel must either be re-routed to the new |ocation or redirected to
an alternative dataset that satisfies simlar training objectives.

Additionally, since training occurs on renote conpute infrastructure
and can be tinme-intensive, unexpected resource shutdowns or failures
may interrupt the process. These interruptions can |lead to service
di scontinuity, which nust be addressed through mechani sms such as
checkpoi nting, fallback resource selection, or dynamic rerouting of
nmodel or data to maintain training progress and systemreliability.

Additionally, nodel nobility may involve training on datasets that
are distributed across heterogeneous comuni cation infrastructures.
Sone infrastructures, such as enmergi ng 6G networks, offer built-in
mobi l ity support —for exanple, when data resides on nobil e user

equi prrent (UE), its location can be tracked using native features of
the network. However, such nobility handling capabilities may not
exist in other infrastructures, such as traditional wreline networks
or | egacy systens, naking seam ess nodel novenent and data access
nmore chal l enging in those environnents.
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2.2.4. Privacy, Trust, and Data Omership and UWility

Privacy and trust are nutual responsibilities—both data owners and
nodel owners nust be protected. Ganting clients access to data for
training and know edge buil ding should be a regul ated process, with
mechani snms to track data ownership and future use. Initial

di scussions on this topic have taken place in foruns such as the Al-
Control Working G oup.

Equal |y inportant is ensuring that nodel owners are protected from
data poi soning. They nust have confidence that the datasets they use
are accurately described and not nisrepresented. |f data owners
provide fal se metadata—intentionally or otherwi se—nodel owners may
unknowi ngly train on unsuitable or harnful datasets, leading to
degraded nodel performance. To safeguard both parties, innovative
verification and enforcenent nechani sns are needed. Technol ogi es

|Ii ke bl ockchain could offer potential solutions for establishing
trust and accountability, but further research and exploration are
necessary to devel op practical frameworks.

2.2.5. Testing and Performance Managenent

Anot her critical aspect of training is testing and performance

eval uation, typically carried out using a separate subset of the data
known as the testing dataset. This dataset is not used to update the
nmodel ’ s weights but to assess its performance on unseen sanples. In
centralized training, this process is straightforward because al

data resides in a single, accessible location, making it easy to
partition the dataset into training and testing subsets. However, in
distributed training environments, where data is spread across

mul tiple locations or devices, creating a representative and unbi ased
testing dataset w thout aggregating the data centrally becomes a
maj or chal | enge. Devel oping effective, privacy-preserving nethods
for testing in such settings requires innovative solutions

2.2.6. QS Cuarantee

Beyond ensuring traditional Quality of Service (QS) for data

transm ssion, a new di mensi on of QoS nust be consi dered—the QS of
training itself. In Al training workflows, it is crucial to
guarantee that key performance indicators (KPIs) related to training,
such as accuracy convergence, training time, and resource
utilization, are net consistently. This raises several inportant
questions: * How can these training KPls be guaranteed in dynamc or
di stributed environnents?

* \What mechani sms can be used to nonitor and track training
performance in real tinme?
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* Should Al training be treated like best-effort traffic, where no
guarantees are made and resources are allocated as avail abl e?

* O should training tasks receive prioritized or differentiated
service levels, simlar to high-priority traffic in traditiona
net wor ks?

Addressing these questions is essential to ensure predictable and
reliable Al nodel devel opnent, especially as training workl oads grow
in conplexity and scale. It may require introducing new QS
franmeworks tailored specifically to the needs of Al training systens.

2.2.7. Charging and Billing

The Al training process involves a diverse ecosystem of stakehol ders,
i ncludi ng data owners, nodel owners, and resource providers. Each of
these parties plays one or nore vital roles in enabling successfu
trai ni ng workfl ows.

For exanpl e, communi cation providers contribute not only by
transporting data and nodel s across the network but al so they
thensel ves nay al so serve as data providers. This is particularly
evident in the energing design of 6G networks, which integrate
sensing capabilities with communication infrastructure. As a result,
6G operators are uniquely positioned to offer both connectivity and
data, nmaking themcentral players in the training pipeline.

Despite their different roles, all parties contribute to enabling Al
training as a service, a conplex and resource-intensive process that
is far fromfree. Therefore, it is essential to establish a robust
charging and billing framework that ensures each participant is
fairly conmpensated based on their contribution.

Several open questions arise in this context:

* Should training services follow a prepaid nodel, or adopt a pay-
per-use structure?

* WII there be tiered service offerings, such as gold, silver, and
pl ati num each providing different |evels of performance
guarantees or priority access?

*  How should these tiers be defined and enforced in terns of service
quality, resource allocation, and response tinme?

Devel oping fair, transparent, and scal able billing nmechanisns is

critical to facilitating coll aboration across stakehol ders and
sustaining the econonmic viability of distributed Al training
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ecosystens. These challenges call for further research into
incentive structures, dynamc pricing nodels, and smart contract-
based enforcement, especially in scenarios involving cross-
organi zati onal or cross-network cooperation

3. | nf erence

Inference is critical because it represents the phase where the node
begins to deliver practical value. Unlike training, which is
typically a one-tinme or periodic, resource-intensive process,

i nference often needs to operate continuously and efficiently,
sonetines in real-time. Although inference is a | ess resource-

i ntensive process, it has strict requirenments that govern its
success. |In what follows, we explore these requirenents that shal
enabl e a successful Al inference ecosystem

3.1. Requirenment Breakdown

We envision an inference ecosystem conposed of a |arge nunber of pre-
trained Al nodels (or agents) distributed across the globe. These
nmodel s are capable of performing a wi de range of tasks, such as image
classification, |anguage translation, or speech recognition. Sone
nodel s nmay specialize in the same task but vary in perfornmance,
accuracy, latency, or resource demands. This diverse pool of nopdels
is accessed by nunerous inference clients (users or applications) who
submit inputs, referred to as queries, and receive task-specific

out put s.

These queries can vary greatly in conmplexity, structure, and
nmodality, with sone requiring the cooperation of nmultiple nodels to
fulfill a single request. The overarching goal of the ecosystemis
to efficiently match incom ng queries with the nost suitabl e nodels,
ensuring accurate, tinmely, and resource-aware responses. Achieving
this requires intelligent orchestration, |oad bal ancing, and
potentially dynanmic npdel selection based on factors such as
performance, availability, cost, and user-specific requirenents. In
what follows, we discuss the various aspects of this ecosystem and
di scuss the different requirements needed for its success.

3.1.1. Model Deploynment and Mbility

The first step toward building a successful Al inference ecosystemis
the optinmal deploynent of trained nodels, or agents. |In this
context, optimality refers to both the physical or network | ocation
of the nodel and the manner in which it is deployed. Al nodels vary
significantly in size and resource requirenents—ranging from

I i ghtwei ght nbdels that are only a few kil obytes to | arge-scale
nmodel s with billions of parameters. This wi de range nmakes depl oynent
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decisions critical to achieving both efficient performance and
effective resource utilization. Also, a unique factor to Al nodel s/
agents is the fact that they are software components that are not
bounded to a certain hardware. They can be del eted, copied, noved,
or split across multiple conpute locations. Al these uni que aspects
provide flexibility in design if the real-tine status of the
under | yi ng network dynanics and resources is made accessi bl e.

* Choosing the right facility to host a nodel: whether it’s a
| i ght wei ght edge device, a local server, or a high-performance
cloud data center, deploynment will depend on the nodel’s size,
conmput ational requirenents, and expected query volune. For
exampl e, snmaller nodels night be best suited for depl oynment on
edge devices closer to users, enabling | owlatency responses. In
contrast, larger nodels may require centralized or specialized
infrastructure with high conpute and nenory capacity.

* Load bal ancing: Once nodel s are deployed, inference traffic begins
to flow, with users or applications sending queries to the
appropriate agents. |If not managed properly, this traffic can
|l ead to congestion, creating bottl enecks that degrade inference
performance through increased | atency or dropped requests. To
avoi d such scenarios, nodels should be deployed strategically to
distribute the | oad, ensuring snooth operation. Traditional |oad
bal anci ng techni ques can be enployed to redirect traffic away from
over burdened nodes and towards underutilized ones. However, nore
sophi sticated strategies may involve replicating nodels and
pl acing these replicas closer to regions with high query demand,
thereby mninmizing | atency and easing network traffic engi neering
chal | enges

* Mbility-aware depl oynent: the dynamic nature of inference traffic
necessitates mobility-aware deployment. For instance, consider a
| arge data center acting as a centralized inference hub, hosting
nunerous nodel s and handling a significant volunme of queries.

Over tine, this hub nay experience traffic overload. In such
cases, mgrating certain nodels to alternative |locations can help
all eviate pressure. However, nodel migration is not without its
chal  enges—particularly if a nodel is actively serving queries at
the tinme of migration. In such situations, nobility handling
mechani sns nmust be in place to ensure seanl ess service continuity.
These nechani sns coul d i nvol ve session handovers, tenporary state
preservation, or nodel version synchronization, all designed to
mai ntain uninterrupted service during the mgration process.
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I'n sunmary, optinmal nmodel depl oyment requires careful consideration
of nmodel size, resource needs, query distribution, and real-tinme
adaptability. Achieving this lays the foundation for a responsive,
scal able, and resilient Al inference ecosystem

3.1.2. Model Discovery and Description

Just as data descriptors and di scovery nechani sns are essenti al
during the training phase, Al nodel inference clients also require a
r obust di scovery nechanismduring the inference stage. In an
ecosystem popul ated by a | arge and di verse pool of nobdel s—each with
uni que capabilities and specializations—clients are presented with
significant flexibility and choice in selecting the nost suitable
model s for their queries. However, to make inforned decisions,
clients nmust have access to information that enables themto

di stingui sh between nodel s based on criteria such as perfornmance,
speci ali zation, availability, and resource requirenents.

Thi s di scovery process becones even nore conpl ex when it needs to
function across nultiple network domai ns and het er ogeneous

communi cation infrastructures. For instance, a client connected via
a wireline network mght need to interact with a nodel deployed on a
mobi | e 3GPP network. Such scenarios raise a critical question: How
can nodel owners advertise their nodels in a way that ensures

di scoverability and interoperability across diverse donmai ns?

Addressing this challenge requires the devel opment of standardized
nodel advertisenent and di scovery protocols that can operate

seam essly across infrastructure boundaries. These protocols nust
acconmodat e di fferences in network technol ogy, |atency constraints,
and security requirenments while providing consistent and reliable
access to nodel information. Ensuring cross-domain discoverability
is crucial to unlocking the full potential of a globally distributed
i nference ecosystem

To enabl e such cross-domain nodel visibility and discovery, the
foll owi ng key requirenents nust be considered:
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* Mbdel Descriptors: These are netadata objects used by nodel owners
to reveal essential aspects about their datasets to Al inference
clients. Effective data descriptors nmust be self-contained,
privacy-preserving, and informative enough to support deci sion-
maki ng by inference clients. They should all ow nodel owners to
sel ectively disclose details about their nodel —such as skills,
performance reviews, trust level, relevance, quality netrics,
freshness, and perhaps cost of utility—while concealing sensitive
or proprietary information. To ensure interoperability, node
descriptors can either follow a standardi zed format or adopt a
flexible but well-defined structure that enabl es consi stent
interpretation across different systens and donmi ns.

* Mbdel /agent Di scovery Mechani sms: These refer to the processes by
which Al inference clients locate and identify nodel s/agents
across potentially vast and heterogeneous environnments. An
ef fective di scovery nmechani sm shoul d support gl obal -scal e
searchability and cross-dormain operability, allowing clients to
find rel evant nodel /agents regardl ess of where they reside or
whi ch communi cation infrastructure they are accessibl e through.
Di scovery protocols may be standardi zed within specific domains
(e.g., nobile networks, 10T platfornms) or designed to function
i nteroperabl e across nmultiple donmains, enabling seanl ess
integration and visibility.

* Mbdel /agent relationship maps: As queries nmay requiring the
col | aborati on between nultiple nodel s/agents, relationships
bet ween nodel s/ agents with respect to different task m ght present
useful tools as to help clients choose the appropri ate subset of
nodel s/ agents that woul d handl e their queries.

* Timely Reporting: Simlar to data, the status of a nodel can
change over tine—for exanple, due to shifts in workload or
resource availability. It is inportant that such changes are
reported pronptly and accurately, allowing clients to nake
i nformed deci sions based on the nodel’ s current state. This is
essential for ensuring efficient nodel selection and maintaining
hi gh-quality, reliable inference outcones.

It is inportant to enphasize that nodel discovery differs
fundanentally fromdata di scovery. Wile data are passive objects
that require external querying or manipul ation, nodels are
intelligent, autononous agents capabl e of meki ng deci si ons based on
their own capabilities, status, and context. This distinction opens
up new and nore dynam c possibilities for how nodels are di scovered
and engaged in an inference ecosystem
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In traditional data discovery, clients search for and retrieve

rel evant datasets based on nmetadata or predefined criteria. However,
in the case of nodel discovery, the process can be nmuch nore
interactive and flexible. One approach involves the client actively
di scovering nodels by querying a directory or registry using nodel
descriptors. Based on these descriptors, the client selects one or
nmore nodels to handle a specific inference task. However, given that
model s can reason and act independently, nodel discovery does not
have to be limted to client-driven selection. An alternative
approach is to reverse the flow of interaction. |Instead of clients
seeki ng out nodels, they can publish their tasks to a shared task
pool, accessible to all available nodels. These tasks include
descriptors that define the type of work to be done, expected
outputs, and quality-of-service requirenments. Mbddels can then

aut ononously scan this pool, evaluate whether they are well-suited
for specific tasks, and choose to express interest in executing them
This self-selection process allows nodels to play an active role in
task matching, inproving systemscalability and efficiency.

The final assignment of a task can be handled in different ways.
Clients may retain full control and approve or reject interested
nodel s based on their preferences or priorities. Alternatively, the
system may operate in a fully autononous node, where tasks are
assigned automatically to the first or best-nmatching nodel, without
requiring client interventi on—depending on the client’s chosen

policy.

This agent-driven paradigmreflects the shift toward nore
decentralized and intelligent Al ecosystens, where nbdels are not
merely passive conputation endpoints but active participants in task
negoti ati on and resource allocation. Such a systemnot only enhances
scalability and flexibility but also allows for nore efficient
utilization of the avail abl e nodel pool, especially in heterogeneous
and dynam c envi ronnents.

3.1.3. Query and Inference Result Routing

A significant challenge in Al inference networks lies in efficiently
routing client queries to the appropriate inference nodels and
ensuring the corresponding results are reliably delivered back to the
client. This becones particularly conplex in scenarios involving
mobility and nulti-domain environments, where both the client and the
model may exi st across different types of network infrastructures.
The key chal | enges and consi derations incl ude:

* Query Routing Across Heterogeneous Networks: Wen a client

accesses the inference ecosystemthrough a nobile network such as
3GPP 6G and the target nodel is hosted in a wireline or cloud-
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based infrastructure, routing the query across these distinct
domains is non-trivial. Differences in network architecture,
protocol s, and service guarantees conplicate the end-to-end fl ow.

* NMbbility Managenent During |Inference Execution: Wile nobile
networks |ike 6G are designed to handl e user nobility, inference
tasks may take time to process—particularly when using |arge
nmodel s or perform ng conpl ex conputations. During this time, the
client may change physical |ocation, switch devices, or even go

offline. Ensuring that inference results can still reach the
client under these dynami c conditions poses a significant
chal | enge

* Handling Client State Changes: If a client becones idle or
di sconnects entirely during inference, the system nust deci de what
to do with the conpleted result. Should it be queued, buffered,
forwarded to another |inked device, or sinply discarded? A robust
mechani smis needed to track client state, nmaintain context, and
guarantee result delivery or at |east graceful degradation

* Support for Live and Stream ng Inference: Sone use cases, such as
real -tinme audio transcription, involve live stream ng of data from
the client to the nodel and vice versa. These sessions require
sustai ned, |ow | atency connections and are particularly sensitive
to interruptions caused by nobility or handoffs between networks.
Ensuring session continuity and maintaining stream ng quality
across network boundaries is a conmplex but critical aspect of
real -worl d inference depl oynents.

* Cross-Domain Connectivity and Session Management: The invol venent
of multiple network operators and domai ns introduces questions
around interoperability, session tracking, and handover
coordination. There is a need for intelligent infrastructure
capabl e of end-to-end session nanagenent, including naintaining
nmet adata, context, and service quality as the session traverses’
di fferent networks.

3.1.4. Inference Chaining/Collaborative |Inference

Anot her critical aspect of an Al inference ecosystemis the need for
nodel collaboration to fulfill conplex or nulti-faceted tasks. Not
all inference requests can be handl ed by a single nodel; in many
cases, collaboration between multiple nodels is necessary.

Ef fectively managi ng this task-based collaboration is essential to
ensure accurate, efficient, and scal able inference services. Mde
col l aboration can take several distinct forns:

Akhavai n & Moussa Expi res 23 January 2026 [ Page 17]



I nternet-Draft Al -1 nt er net July 2025

* |nference Chaining: In this nodel, the output of one nodel serves
as the input to the next in a sequential pipeline. Each nodel
perfornms a specific stage of the task, and the fina
result —produced by the last nodel in the chain—is returned to the
client. This is comon in nulti-stage tasks such as inmage
processing foll owed by object detection and then classification

* Parallel Inference: Here, a conplex task is decomposed into
mul ti pl e subtasks, each of which is assigned to a specialized
nodel . These nodel s operate concurrently, and their outputs are
aggregated to forma unified inference result. This approach is
particularly useful when dealing with |large data sets or when a
task spans different domains of expertise

* H erarchical inference: A nodel is assigned as a task manager and
is responsible for del egating tasks to service nodel s

* Collaborative Inference: In this nore dynam c and decentralized
form the task is assigned to a group of nodels that are capable
of discovering one another, assessing their respective
capabilities, and coordi nating anong thensel ves to devise a shared
strategy for conpleting the task. This nodel requires nore
sophi sti cated comuni cation, negotiation, and orchestration
mechani sns.

Regardl ess of the collaboration format, the success of such nulti-
nmodel interactions depends on the availability of a robust nmanagenent
infrastructure. This infrastructure nust enabl e seamnl ess

coordi nati on between nodel s, even when

* The nodel s are hosted by different providers,

* They are depl oyed across heterogeneous comuni cati on networ ks,
* They use varying protocols, or

* They have differing perfornmance characteristics.

Such a managenment system nust abstract away the underlying

conpl exities and provide standardi zed interfaces, discovery

mechani sns, comuni cation protocols, and coordination franeworks that
all ow nodels to interact effectively. Wthout this, collaborative
inference woul d be brittle, inefficient, or inpossible to scale. In
essence, the ability to orchestrate nmodel coll aboration across
diverse environments is a cornerstone of a flexible, intelligent, and
robust Al inference ecosystem
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5. Conpute and Resource Manhagenent

In many scenarios, the conpute infrastructure used to host and run
i nference nodels is nanaged by third-party providers, not the nodel
owners thensel ves. These conpute providers are responsible for
meeting the Quality of Service (QS) |evels agreed upon with the
nmodel owners—such as latency, uptinme, throughput, and reliability.

* Ensuring these service levels are consistently net raises the
question of accountability. |[If perfornmance degrades due to
conput e resource issues—such as overl oaded hardware or network
outages—who is responsible for the failed inference tasks?

* There must be clear, enforceable service-level agreenents (SLAs)
that define roles, responsibilities, and penalties for non-
conpl i ance.

* Mechani sns for performance nonitoring, auditing, and dispute
resolution need to be integrated into the ecosystemto make such
arrangenents vi abl e and trustworthy.

6. Privacy Preservation and Security

Wil e nodels are the intellectual property of their owners, they may
operate on infrastructure owned by others. This raises significant
concerns around privacy and intellectual property protection

* Sensitive nodel details such as architecture, weights, and
optinmization strategies nust be protected from exposure or reverse
engi neering by untrusted conpute hosts.

* Techni ques such as secure conputing, encrypted nodel execution,
and renote attestation protocols may be necessary to ensure that
nmodel s run securely without revealing proprietary details.

*  Model owners nust al so be assured that inference inputs and
outputs remain confidential, particularly in applications
i nvol ving personal or sensitive data.

7. Uility Handling and QoS Requirenents

Uility handling refers to the regulation, protection, and fair
gover nance of how nodel s are used, accessed, and nonitored throughout
the ecosystem This encompasses several critical questions:

*  How can we guarantee that a nodel depl oyed on renvote
infrastructure is not being tanpered with, copied, or
intentionally repurposed?
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*  How do we ensure that workload distribution is fair across
avai |l abl e nodel s, preventing nonopolization by a few and giving
equal visibility and opportunity to all participating nodel s?

* \What protections are in place to ensure that nodels are not being
poi soned, exploited, or involved in illegal activities, either
through malicious inputs or untrusted outputs?

* How do we ensure the integrity of inference results, so that
outputs are delivered to clients without alteration, manipulation,
or censorship? Addressing these concerns may require digita
ri ghts nmanagenent (DRM for Al nodels, usage nonitoring tools, and
potentially bl ockchain-based | ogging or audit trails to ensure
transparency and traceability.

On the other hand, the definition of Quality of Service (QS), when
it comes to inference tasks, is very broad and can take nmany forns.
For instance, QS could be to guarantee a certain accuracy of a
response, or tine of the response, or expertise |level needed. W
believe that the topic of QoS guarantee requires extensive studying
and anal ysi s.

3.1.8. Mbddel Upgrade Streaniining

Al nodels are not static; they undergo continuous upgrades,
i mprovenents, and fine-tuning to maintain accuracy, adapt to new
data, or support evolving tasks.

* The ecosystem nust support seanl ess nodel versioning, including
addi ng, renoving, or nodifying nodel agents w thout disrupting
ongoi ng servi ces.

* Updated nodel profiles nust be instantly reflected in the
di scovery layer, ensuring clients always have access to the nost
current and accurate nodel descriptions.

* For large nodels, upgrade procedures nust be efficient and
bandwi dt h- consci ous, potentially using increnental update
techni ques to avoid full redepl oynent.

* NMbreover, strategies nust be in place to handl e hot-swappi ng of
nmodel s, where an old nodel is gracefully decomi ssioned and
repl aced by a new one—w thout causing inference failures or data
|l oss during the transition
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3.1.9. Charging and Billing

The Al inference process involves a diverse ecosystem of

st akehol ders, including nodel owners, conpute providers, and

conmuni cati on providers. Each of these parties plays one or nore
vital roles in enabling successful inference workflows. Therefore,
it is essential to establish a robust charging and billing franework
that ensures each participant is fairly conpensated based on their
contri buti on.

Several open questions arise in this context:

* Should inference services follow a prepaid nodel, or adopt a pay-
per-use structure?

* WIIl there be tiered service offerings—such as gold, silver, and
pl ati num—each providing different |evels of perfornmance guarantees
or priority access?

*  How should these tiers be defined and enforced in terns of service
quality, resource allocation, and response tinme?

* \What about discovery franmework providers? Wuld they be offering
a free service |like google search or would it be nore structured?

Devel oping fair, transparent, and scal able billing mechanisms is
critical to fostering collaboration across stakehol ders and
sustaining the economc viability of distributed Al training
ecosystens. These challenges call for further research into
incentive structures, dynamc pricing nodels, and smart contract-
based enforcenent, especially in scenarios involving cross-
organi zational or cross-network cooperation

4. Data Aware Inference and Training Network (DA-ITN): Genera
Fr amewor k

The DA-1TN is envisioned as a nulti-domain, multi-technol ogy network
operating at the Al |ayer, designed to address the various |ayers of
complexity inherent in nodern Al ecosystems. It ains to support a
wi de range of requirenents across Al training, inference, and agent-
to-agent interaction, as previously outlined. To nanage these
conplexities and cater for the requirenments, we propose structuring
the DA-1TN around four core components: a Control Plane (CP), a Data
Pl ane (DP), an Operations and Managenent (OAM Plane, and an
Intelligence Layer. It is inportant to note that the DA-ITN is
agnostic to the underlying comunication infrastructure, allowing it
to operate sean essly over heterogeneous networks, whether nobile,
wireline, or satellite-based. he DA-I TN integrates with these
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underlying infrastructures through any avail abl e neans, enbedding its
control and intelligence capabilities to coordinate and nanage Al -
specific services in a flexible and scal abl e manner

4.1. Control plane and Intelligence Layer

The Control Plane and Intelligence Layer work together to enable an
efficient, reliable, and tinely information collection
infrastructure. They continuously gather up-to-date information on
data availability, nodel status, agent conditions, resource
utilization, and reachability across all participating entities. The
collected information conmes in the formof dynam c descriptors for
data, nodels, and resources, essential conmponents for enabling
intelligent, context-aware decision-nmaking within the Al ecosystem as
has previously been highlighted. Also, with the help of data,
resource, and reachability topol ogy engi ne (DRRT) housed within the
intelligence |ayer, the gathered information and descriptors can be
used to construct neani ngful relationships across the ecosystem
These are captured in the formof dynanic topol ogies or nmap-like
structures, which help optim ze deci sion-nmaki ng processes across
training, inference, and agent-to-agent collaboration tasks. This
desi gn provides a continuous awareness that is very essential for the
success, reliability, accuracy, and responsiveness of the Al
functionalities and services enabled by the DA-ITN within the Al
ecosystem

The DA-1TN control plane also lays a foundation for an advanced

di scovery infrastructure where the generated descriptors can be nade
easily accessible to all authorized participants to facilitate their
required Al service For exanple, Al clients subscribed to training
services can access up-to-date data descriptors and resource
topol ogi es, enabling themto sel ect appropriate datasets and conpute
resources that align with their performnce and accuracy goals.
Simlarly, inference clients or agents seeking collaboration can

di scover npdels based on capabilities, or submit task descriptors
that enable nodels to respond intelligently and aut ononously.

Aside from descriptor collection, topol ogy creation, and discovery,
the DA-1TN control plane al so supports a secure and trusted

envi ronment where clients, data providers, nodel providers, and
resource providers can engage in Al processes w thout conpronising

integrity or accountability. It also plays a key role in managi ng
charging, billing, and rights enforcenent, ensuring that all
contributors to the Al service chain are fairly conpensated and

pr ot ect ed.
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It is worth noting that the DA-ITN s Control Plane is not constrained
by specific protocol stacks. Instead, it provides a flexible
connectivity and coordination infrastructure upon which various Al-
rel ated protocol s—such as Agent-to-Agent (A2A), Mdel Contro
Protocol (MCP), or Al Coordination Protocol (ACP)—can operate.
Regardl ess of the protocol used, inplenmentations nust neet the core
DA-I TN requirenents, including timely informati on exchange, flexible
descriptor encapsul ation, support for nulti-nmodel and nulti-domain
environments, and robust security and privacy protections. The DA-
ITN is also designed to support both centralized and decentralized
nodes of operation, offering high adaptability across different

depl oynent cont exts.

4. 2. Dat a Pl ane

On the other hand, the Data Plane of the DA-1TN provi des support for
nmobi | ity managenent and intelligent scheduling, enabling the dynanmc
creation of rendezvous points where data, queries, nodels, and
compute infrastructure can be brought together with mninmal |atency
and overhead. Thanks to its infrastructure-agnostic nature, the DA-
I TN | everages exi sting comuni cation networks—such as those of fered
by 6G or edge service providers—as tools to enable nodel mohility,
data nobility, and agent-to-agent coordination. This capability is
essential for supporting scenarios where nobility or geographica

di spersion of resources would otherw se | ead to performance
degradation or inefficiency.

4.3. Operation and Managenent Pl ane (OAM

Finally, the Operations and Managenent (OAM |ayer plays a critical
role in supporting the day-to-day operational needs of the Al
ecosystem This layer is responsible for a wi de range of essenti al
functions, including nonitoring, registration, configuration, fault
managenent, and |ifecycle maintenance of nbdels, data, and services.
It serves as the managenent backbone of the DA-1TN, ensuring
transparency, accountability, and operational control throughout the
system

Consi der the scenario of an Al nodel training client deploying a

nodel into the ecosystemfor training. Through the capabilities of
the OAM | ayer, the client can continuously nonitor the training
performance of their nodel in real tinme—tracking key performance

i ndi cators such as convergence speed, |oss netrics, resource usage,
and network traversal. The nodel’ s location within the ecosystem can
be dynami cally tracked, allowing clients to know exactly where their
nodel resides or which data centers or devices it is interacting

wit h.
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Moreover, the OAM | ayer enables interactive control. dients can use
it to adjust training parameters on the fly, such as learning rates,
data sampling strategies, or the choice of collaborative partners.
They can even pause, resune, or termnate the training process at
will, giving themfull agency over the lifecycle of their nbpdels

This flexibility is crucial in adaptive Al systens where

responsi veness and real -time deci sion-maki ng are val ued.

In this way, the OAM | ayer effectively functions as the contro
dashboard or command-line termnal of the DA-I TN enabl ed Al
ecosystem Whether through a graphical user interface (GUJ), APIs,
or automated orchestration scripts, the OAM provi des the necessary
tools for fine-grained managenent, status visualization, and policy
enf orcenent .

Beyond i ndi vi dual nopdel control, the OAM | ayer also facilitates
systemw de coordination and policy adm nistrati on—ensuring
conmpliance with service-level agreenents (SLAs), enforcing data
gover nance policies, and managi ng access rights across domains. It
pl ays a foundational role in building trustworthy, maintainable, and
operationally efficient Al services across diverse infrastructure
provi ders and st akehol ders.

4.4. Summary of the DA-ITN General Franmework

Accordingly, the DA-1TN is well positioned and designed to provide a
range of intelligent services that can be | everaged by both Al
clients and service providers. It forns the foundation for a

scal abl e, decentralized Al internet, driving the enmergence of a

vi brant and cooperative agent-based ecosystem By enabling the
formati on of adaptive and intelligence-driven topol ogi es and being
agnostic to the infrastructure, the DA-ITN facilitates nore effective
decisions in Al training, inference, and agent-to-agent
interactions—ultimtely supporting a nore responsive, resilient, and
capable Al infrastructure that can scale with future demands

In the followi ng sections, we provide nore detailed insights into the
specific DA-1TN conponents that support training and inference
servi ces

5. DA-ITN for Training

The training architecture of the DA-1TN consists of five layers: i)
the termnal layer; ii) the network layer; iii) the data, resource,
and reachability topology layer (DRRT); iv) the DA-1TN intelligence
| ayer; and v) the OAM |l ayer. The |l ayers interact together using
control and data planes (CP and DP respectively) as is discussed in
the follow ng.
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First, the network |layer, which is at the heart of the DA-1TN
training system is responsible for providing connectivity services
to the four other layers. It provides both control and data pl ane
connectivity to enabl e various services. The network | ayer connects
to the terminal and DRRT |layers via CP and DP |inks, and connects to
the intelligence layer via a CP link only. The network |ayer also
enabl es the overarching OVA | ayer by enabling a nulti-Iayer
connectivity structure.

Second, the terminal |ayer, the lowest layer in the architecture,
contains the term nal conponents of the system These include nodes
that host the training data, facilities that provide conputing
resources where the nodel can be trained, and newy proposed
components that we refer to as the nodel performance verification
units (MPVUs), where the nodel testing phase takes place. It should
be noted that facilities providing conputing resources cone in
various forns including private property such as personal devices, in
a distributed formsuch as in the case of nobile edge conputing in 6G
networ ks, on the cloud such as on the AWS cl oud, or anywhere that is
accessi ble by both the data and the nodel and hol ds sufficient
compute for training. As for the MPVU, this unit is inmportant when
conducting distributed training as it takes the role of a trusted
proxy node that holds a globally constructed testing dataset - the
dataset is constructed via collecting sanple datasets from each
participating node - and provi des safe and secure access to it.

Last, the terminal |ayer also hosts the Al training clients.
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The terminal layer relies on the network layer to build an
overarchi ng know edge-sharing network. To be exact, the network

| ayer provides three main services to the termnal |ayer, namely: i)
nmovi ng nodel s and data between the identified rendezvous conpute

poi nts where training can happen; ii) noving the nodels towards the
MPVU units where performance eval uati on can be conducted to keep
track of the training progress; and iii) enabling Al training clients

to subnmit their nodels, nonitor the training progress, nodify
training requirenents, and collect the trained nodels. Control and
data traffic exist for each one of these services. For instance,
moving a nodel toward a conpute facility requires authorization for
the utility of the resources; hence, authorization control data is
required to be exchanged over the Terminal -NET CP links. The service
al so requires the physical transm ssion of the nodel to the computing
facility which is handl ed over the Terminal -NET DP link. Simlar
situations can be extrapolated for the other provided services. It
is worth noting that the network | ayer can be built on top of any
access network technol ogy including 3GPP cellular networks, WFi,
wireline, peer-to-peer, satellites, and non-terrestrial networks
(NTN), or a conbination of the above. These networks can be used to
buil d dedicated CP and DP links strictly designed to enable the DA-
ITN training systemand its services.

Third, the DRRT layer holds all the information required to make
accurate decisions and sits between the intelligence |ayer and the
term nal layer. It consists of a DRRT-manager (DRRT-M wunit which is
the brain of this layer and interfaces with the other |ayers over CP
links. The DRRT | ayer provides the intelligence |ayer with
visibility and accessibility services to specific informtion about
the underlying terminal |ayer’'s data, resource, and reachability
status. To be exact, the DRRT | ayer holds information regarding the
type, quality, anount, age, dynanics, and any other essenti al

i nformati on about the data available for training. It also provides
reachability informati on of the participating nodes to avoid
unnecessary comuni cati on overhead and packet droppage. Lastly, the
DRRT al so contains informati on about conputing resources and MPVUs
such as resource availability, location, trustworthiness, and nature
of the testing datasets hosted at the different MPVF units.

The DRRT relies on the network layer to collect the necessary
information to build the d obal -DRRT topology (G DRRT). The G DRRT
is a none nodel specific topology, it is rather a |large canvas that
hol ds the high-level view of the data, resource, and reachability
information. The DRRT-Munit in the DRRT |ayer comunicates with the
network | ayer over CP links to manage the collection process of the
required information. For instance, the DRRT-M may instruct the 3GPP
conmponent of the network | ayer to convey connectivity infornmation
about the data nodes, or it might instruct it to wake up an idea
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data provider device. It might also instruct satellites to share GPS
| ocati ons of mobile data nodes. The collected data by the network

| ayer are then shipped toward the G DRRT conponent of the DRRT | ayer
over DP links. The G DRRT hosts intelligence that allows it to
convert the collected information into useful global topology ready
to provide services to the Al training clients.

Fourth, The Intelligence Layer is responsible for hosting the

deci sion-nmaking logic required to fulfill the specific training
requirenents submtted by clients. It contains several key
conponents that collaboratively determ ne how, where, and whet her
training should proceed. Anong these is the Model Training Route
Conput e Engi ne (MIRCE), which identifies suitable rendezvous points
bet ween nodel s and data. Another critical conmponent is the Training
Feasibility Assessnent Mdule (T-FAM, which functions as an

adm ssion control |l er—eval uati ng whether a submtted nodel, given its
requi renents and constraints, can be effectively trained within the
avai | abl e ecosystem

Additional intelligent nodul es include the Training Al gorithm
Generator (TAG and the Hyperparaneter Optim zer (HPO . These
conponents are responsible for selecting the appropriate training

par adi gm—such as reinforcenent learning (RL), federated | earning
(FL), or supervised learning (SL)—as well as determ ning other
configuration details |ike the number of training epochs, batch size,
and optimzation strategy. The Intelligence Layer also interfaces
with both the Network Layer and the DRRT Layer to acquire the context
needed for effective decision-making. Fromthe Network Layer, it
receives control data over CP links—this includes nodel structure,
target accuracy, convergence tinme, nmonitoring instructions, and
client-specified training preferences. It also receives feedback
data that allows the TAG and HPO modul es to refine their
recomrendat i ons dynam cal |l y.

Meanwhil e, the Intelligence Layer connects to the DRRT Layer via both
CP and DP links to access up-to-date visibility into training data,
conpute resources, and node reachability. This information is
essential for components |ike MIRCE and T-FAMto make routing and

adm ssion decisions. To further enhance decision efficiency, the
Intelligence Layer may al so host a DRRT-Adaptability Unit (DRRT-A).
Thi s optional npdule works in coordination with MIRCE, T-FAM and the
DRRT Manager (DRRT-M to generate nodel -specific DRR

topol ogi es—1ightweight, targeted representations carved out fromthe
gl obal DRR topol ogy. These customni zed topol ogies are optimzed to
reduce conputational overhead and accel erate deci si on-naki ng for

i ndi vidual training requests.
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Last, the OAM | ayer, which spans all the layers, is mainly intended
as a managenent |layer to configure the training conponents, the
connectivity of the network | ayer, and enabl e feedback functions
essential for progress nonitoring and nodel |ocalization and
tracking. It is also intended to provide feedback to the clients
about their submitted nodels every step of the way.

6. DA-1 TN for Inference

The Inference architecture of the DA-ITN provi des automated Al
i nference services using a simlar structure to the training
architecture with a few differences

First, unlike training, where the noving conponents are nodel s and
training data, and the rendezvous points are conputing facilities, in
i nference, nodel s/agents and queries/tasks are the noving conponents
that require networking, and the rendezvous points are nodel hosting
facilities.

Second, in inference, the clients are both the task/query owners as
wel | as the nodel /agent owners. Query owners are the inference
service users who send their queries into the systemand collect the
resulting inference. On the other hand, nodel owners are divided
into two types. The first type consists of nmodel hosts - the nodel
used for inference does not have to be owned by them but it is
hosted on their conputing facilities. The second type consists of
nmodel providers - they devel op nodel s and deploy themeither at their
own facilities or at nodel hosts. Mdel owners are represented in
the termnal |ayer as nodel deploynent facility providers (MDFP)

whi ch are distributed across the gl obal network.

Third, the network | ayer provides the follow ng services to the

term nal layer using its control and data planes: i) nodel mobility
from nodel generators to nodel hosts; ii) query routing towards
nodel s depl oyed on MDFPs; iii) nodel nobility fromone |ocation to
the other in case of |oad balancing situations; iv) nodel nobility
towards re-training and calibration facilities which nay be hosted on
MVPF units; v) query response and inference result routing towards
the query owners or any indicated destination around the gl obe; and
vi) feedback and nmonitoring information to nodel and query owners.

Fourth, the DRRT layer is replaced by a query, resource, and
reachability topology (QRRT) layer. It provides the sanme type of
services to the other |ayers; however, fromthe point of view of
queries and nodels. That is, it provides information about both
nodel s and queries such as i) for nodels: nodel |ocations, nodel
capabilities, current |oading conditions, inference speed, inference
accuracy, nodel reachability and accessibility (i.e., reachability
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and accessibility of the MDFP), and ii) for query: query patterns and
dynanics (could be associated with a geographical |ocation), query
types, and reachability status of query owners for response

conmuni cati on purposes. The information collected by the QRRT is
used to nmake appropriate decisions about nodel deploynment and
distribution strategies, query-to-nodel routing decisions, and
response routing decisions. The QRRT has a managenent function that
coordinates with the Network layer to collect the required
information fromthe termnal |ayer to build the d obal - QRRT
(GQRRT). It also optionally comunicates with the QRRT-adaptation
(QRRT-A) function in the inference intelligence layer to build query-
or nodel -specific QRRTs.

Last, the inference intelligence |layer hosts different intelligent
deci si on- maki ng conponents including the Query Feasibility Assessnent
Module (Q FAM), the Query Inference Route Conpute Engine (Q RCE), and
the Model Depl oynent Optinizer nodule (MDO). Just like with the
training, these conponents nmake deci sions based on the QRRT. For

i nstance, the Q FAM hosts intelligence that acts as an adni ssion
control unit that evaluates if a submtted query could be serviced
given the current network inference capabilities. The Q RCE handl es
query routing towards the correct nodels whil e observing | oading
conditions. Furthernore, the MDO nodul e acts as an adm ssion
controller for newy subnitted nodels where it eval uates depl oynment
feasibility based on the submitted nodel’s architecture, conpute

requi renents, and storage requirenents. It matches these
requirenents to the currently avail able resources indicated in the
QRRT and nmakes an admittance decision. It also handl es depl oynent

| ocation optimzation, aimng to mninize query response tine and
cost for inference.

7. DA-ITN-Facilitation Agentic Networks

Wi |l e agent-to-agent interaction is commonly associated with task-
oriented coll aboration—often relying on inference chaining as

di scussed in the inference secti on—we propose that this only reflects
one side of the coin. W believe there is a transformative
alternative: collaborative agent training, where agents not only work
together to conplete tasks, but also contribute to each other’s

| earning and evolution. This paradigmmarks a significant shift from
traditional nodels and positions the DA-1TN as an ideal enabler of a
truly agentic future, where intelligent agents can grow, adapt, and

i mprove continuously through structured cooperation

It is inportant to distinguish clearly between coll aborative training
and task-based collaboration. |In task-based coll aboration, agents
exchange data or partial inferences related to the execution of a
specific, external objective—such as processing a query or generating
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an output. Their internal nodels remain unchanged; they sinply
contribute to a shared conputational goal. |In contrast,

col l aborative training focuses on internal evolution: the goal is not
to solve an external task, but to enhance the capabilities of the
participating agents thensel ves.

In a collaborative training setup, agents nmay exchange nodel
paraneters, training datasets, or know edge representations. They
may engage in distributed training paradignms such as federated

| earni ng, where |earning happens |ocally and updates are shared

global ly, or continual |earning, where agents adapt over tine based
on new experiences. They may al so enpl oy know edge distillation or
transfer | earning, where nore advanced "teacher agents" guide

"student agents" through structured training prograns. One can even
envision a highly dynam ¢ and aut ononous system where agents attend
“agent schools” —virtual environments where they gather to |earn, be
tested, and graduate. |In this inagined scenario, teacher agents
woul d be responsible for training student agents, evaluating their
performance, and possibly issuing certifications or verifiable
credentials that guarantee the agent’ s conpetencies and readi ness for
depl oynent. These credentials serve trust foundations in the broader
agent ecosystem ensuring that certified agents can be reliably

sel ected and trusted by inference clients or other agents.

To support such a vision, a w de range of new functional and
techni cal requirements nmust be addressed. These include secure node
sharing, certification and validation infrastructure, identity
managenent, trust negotiation, resource discovery for training, and
schedul i ng of |earning sessions. Fortunately, nmany of these
requirenents align naturally with the capabilities and conponents of
the DA-1TN architecture—including its support for mobility,

di scovery, descriptor sharing, trust enforcenment, dynam c rendezvous,
and topol ogy nmanagenent .

8. Security Considerations

Security considerations are as outlined within the docunment under the
privacy and security requirenents

9. | ANA Consi derations

Thi s docunent has no | ANA acti ons.
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10. Concl usi ons

As Al continues to evolve and integrate into every facet of nodern
life, it becomes increasingly clear that the supporting

infrastructure nust evolve with it. The training and inference
processes—central to the success of Al —are no |longer sinple, isolated
tasks; they are conplex, distributed, and require intelligent

coordi nati on across data, compute, and communi cati on domai ns.

The DA-1 TN architecture offers a forward-I|ooking response to this
conpl exity by providing a cohesive, scalable, and intelligent network
ecosystem Wth its dedicated control, data, and operations &
managenment planes, DA-1TN not only supports the technica

requirenents of training and inference but al so addresses critica
concerns such as nobility, privacy, trust, and agent coll aboration

Utimately, DA-ITN |l ays the foundation for a new generation of Al-
native networks—capabl e of enabling persistent |earning, dynanic
agent interaction, and decentralized intelligence at scale. As we
move toward an Al -driven future, such architectures will be essential
for building reliable, trustworthy, and efficient Al ecosystens.
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