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Evolution of Telco Networks

2000s 2010s 2020s - ', 2030s

Closed Hardware Platforms | Virtualized Networks Cloud Nativeness | * * Al nativeness
- Proprietary : - HW/SW decoupling - Containerization - Al-embedded capabilities |
- Difficult to Innovate - - Separate Control/Dataplane - Micro-Services - Al native infrastructure | %Ry =

- -

- Network Programmability - Orchestration - Intelligent and Autonomous Control

— Rule-based, reactive - Rule-based Control-loops, | - Proactive, Intelligent Management
Management traditional algorithms - 1000s Al Models

e : > E ; ., ’ -
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Key Enablers for Al Nativeness

Al Agents
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Example: Al-Driven Network Management

RAW TELEMETRY (E2SM-KPM) Ve SR

LAT: 28s
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>

PKT_LOSS: 0.01%

AI-DRIVEN

CONTROL LOOPS
0-RAN /
CORE NETWORK

T_PUT: 8.2 Gbps
LAT: 2ms PKT_LOSS: 0.01%

Near-RT RIC

B E « A ~—
- L:){E
- \—
PKT_LOSS: 0.01%

UPF Near-RT RIC

0 --
°

Most Al-Apps consume telemetry to configure network elements
Configurations need to be updated through Al Models
Proactive Network Management requires Forecasting
Example of Al-based Timeseries Forecasting Apps

Q Traffic Demand,

O Ressource Availability,
aQ Anomaly Detection,

aQ User Mobility ..
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Al-based App examples (some)

rApps XApps
(Non-RT RIC) | (Near-RT RIC)
A , A
® Host Location: N ® Host Location: N Host Location:
Central Cloud Regional Cloud Edge Cloud
@ Control Loop: @ Control Loop: Control Loop:
> 1 second 10ms - 1 second | < 10 milliseconds
® Optimization Focus: ® Optimization Focus: Optimization Focus:
Policy Management & Resource Control & Real-time Radio Access &
Long-term optimization Traffic Steering Beamforming
® Update Tolerance: e Update Tolerance: Update Tolerance:
High tolerance for Moderate; sensitive to Extremely fragile. Spawning
deployment delays. extreme queuing. ) delays instantly violate SLAs.
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Al-native stack in CNCF

Data Architecture @ Data Science @ Vector Databases ®
o 7 P ; . A.
RN Tl CickHouse q “3) druid 4@? @ "@ rarceAn | presto | M g 4'0‘ Kkafka | Zpuisar ) Jupyter 4'0‘ ) PyTorch @' . w
b 30 1% T cassan dra | scyLLa | Uod s & trino SPOT‘"(‘Z & éFlink §8 «marmo |\ - o )
i gt 1 D Kubeflow Milvus

Kubeflow

FUID | o % & @ e oms + o @

CNCF INCUBATING ALLUXIO || beflow

General Orchestration & Model/LLM Observability @&
A\ S .
) RANNIESVHEEIE HE ) YN W | — JES Q -
) ) * 0000 A’“ ,\?« HAMi koordinator trulens Okahu

TT T35 || e e e e e e .
kubernetes KARMADA VOLCANO 0 e' L
O OpenlT  Decori

CNCF GRADUATED CNCF INCUBATING CNCF INCUBATING

Governance, Policy & Security @ CI/CD - Delivery @ Open Enterprise Al Blueprints &

<> q S}
I\/“.\/\ 27 ‘ APervFY I\:‘x/\ 24 Higress ‘E miflow 3
T spicedb {3son}  stackiok Kubefiow fitdeeid

o oo
Kyverno YCLOAK ¥
MLRun

CNCF GRADUATED CNCF INCUBATING

@ um 4 & % /LM % & & g @ 5 owes
- KAITO RBG Nttt Grafana

Figure from: https://landscape.cncf.io/?group=cnai&view-mode=grid

4[0‘ Opyroreh || () pytoreh f % [ .. 1[0‘ @ (6

Kubeflow Kubeflow

Many generic tools - How to use them in Telco Al-native Networks?
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(Al) Model as a Service

= Model as a Service (MaaS).
— make Al models repeatable, deployable, and consumable at scale

— models are treated as managed assets

= Automation of the “model pipeline” ETSI GR NFV-EVE 027 v0.06 @ozsc2)

— Al Model Benchmarking
- which model fits my data and use-case best?
- Data preparation, Feature enrichment, Hyperparameters
« Model Training, Model evaluation, Model versioning

— Al-Lifecycle Management
- when to re-train and redeploy Al model where?

* Deployment’ monltorlng Network Functions Virtualisation (NFV) Release 6;
. . : Evolution and Ecosystem;
Dynamlc updatlng - hard Report on Model-as-a-Service (MaaS) in NFV

= Typical capabilities
— High-performance inference service (quantization, pruning, runtime optimization, ...)
— Privacy-preserving learning - Federated and Split Learning support
— Integration with Al Agents
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The Pain of finding a good Al-Model

Start Here: Build & Compare Models: Evaluate & Tune:

Define the Task III Linear / Tree Models 7/ Validation & Testin
g

Classify? Predict? Generate?

Know Your Data m Transformers

:...: Tune Hyperparameters

L_/‘l"l Compare Performance

How much data? What type?

/\}\ CNN / Vision Models
Set Success Metric Q) Check Speed & Cost
Accuracy, Speed, Cost? | ./_K/ Time Series Models

;» Key Questions to Ask: <—J
B e @ © Q =

Input & Output? Enough Data? Accuracy Needed? Speed & Cost?  Interpretability? ~ Pretrained Model?

Good Model? Need to benchmark several ones on your dataset - Need to implement

basic blocks for each Al-Model - Labour intensive - Automate!
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Key Factors to Consider when Choosing an Al Model

Model Performance Infrastructure & Deployment
> Accuracy / F1-Score @ Training Cost / Time
Predictive quality =» Time and resources needed
Calibration / Fairness - -' z Memory Usage
'> 5 B Bias, fairness, reliability S? RAM and storage
Robustness / Stability @ Cost / ROI
.’ Generalizability, noise Cost per request
Inference Speed Energy Consumption
" Time per prediction Power and efficiency

Evaluation KPIs:

OO0 @K G

Accuracy /F1 Latency/ Memory Usage Cost/ ROI Interpretability = Complexity Energy Efficiency
Throughput

Need to consider infrastructure KPIs for optimal deployment decisions!

Example: If two model have similar accuracy, pick the one with lower energy consumption
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The Reality of ML Model Development and Benchmarking

The Deep Learning Factory (The Future)

~

Fragmented Workflows (The Past)
Manual Data | 3
Slicing N
Single CPU
N Training
Ad-hoc I /\\/}?)
Batch Sizes N
Post-hoc
Inference

[Tensor Dimensions: N x T x F]

i:} Multivariate DL Qf

Massive GPU/Cluster

Parallelization °(§>
[SLURM/Lightning Integration]

[DatalLoaders, Unified Formats]

239 Standardized Tensor I/0 i>°

[Consistent, Scalable Outputs]

65 Deterministic Inference‘jé

Al-based Models demand infrastructure built natively for Deep Learning, PyTorch

Lightning, SLURM/K8S to automate ML Model benchmarking at Scale
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Key Requirements for Al Model Benchmarking as a Service

Comprehensive Support Automated & Efficient Scalable & Reliable

Evaluate a wide range of models Fast, hands-off execution and reports Handle large workloads consistently
and tasks

BENCHMARK

= (_ E 5

,'/ y

Customizable Metrics Secure & Compliant User-Friendly Interface
Flexible KPI selection and criteria Protect sensitive data and privacy Easy-to-use dashboards and APIs
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ML Model Development Automation

& o B\
Hydra parallelization procedure
Data Management % Model definition @ Training procedure 4=
- Load csv file or load a - Define the architecture - Define the optimizer and
benchmark dataset sl - Define the splitting memme)  scheduler
- Create a ts object procedure - Define the number of
- Define the timeseries - Select the scaler epochs
- Save best and last model
= Lis)

Inference \ Comparison Stacked model

- On the test set - Get prediction - Select a pool of models
- On a new dataset - Compare RMSE over

- On custom historical dataset horizon steps

Whole Pipeline automated - Only YAML files/GUI for configuration

Automated training, versioning, inference and KPI scoring of diverse ML-Models
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Al Model Benchmarking Framework Architecture

Top Layer:
The Control Plane

Middle Layer:
The Engine

Bottom Layer:

The Nervous System

K8S Integration can launch training and inference on different hardware to compare

Grafana Dashboards (Monitoring/Telemetry) AIM WebUI (Experiment Configs)

Kubernetes Pod 6

RPC AIM Service
RPC streams

Kubernetes Pod @

DSIPTS-P
Framework

Writes

ReadWriteMany
“AIM” Volume

metadata

Envoy Proxy Envoy Proxy

Prometheus
(Metrics)

Kepler |

(Power)
® (ds

Loki-DB

performance vs. energy consumption (through Kepler)
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Example: HISTM - Complexity vs. Accuracy

Input Frames Encoding Layer xN

Model MAE| RMSE| R2Scoret SSIM? = = = — =]
PatchTST 20231 45235 05635 09187 = f s = = =]
STN 73908 16.8824 09546 09853 s H - . — a1
VMRNN-B  7.1659 19.0876 09420  0.9843 S e l ““““““ s {AH R -
PredRNN++ 7.0000 19.1650 09425  0.9893 - G o [ RS
xLSTM 64672 15.0901 09637  0.9870 - el I LS
VMRNN-D 64151 163284 09575  0.9873

STTRE 55558 11.4426 09791  0.9917

Autoformer 5.5850 12.2750 0.9762 0.9920 . , Trentino Traffic Heatma
Informer 54100 114600 09792  0.9922 Mian raffic Heatmap

TimesNet 53540 11.3270 09797  0.9922 B

HiSTM 52196 11.2476 09799  0.9925

40
—— Actual Traffic
rrrrrrr Predicted Traffic

450

60

80
250

100

100

0 20 40 60 80 100

Example Evaluation: Parameter Size vs Accuracy
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Supported Model Architectures (many more...)

Native Custom
Loss Functions

Transformer Variants Generative / Advanced

Autoformer Informer D3VAE - L1 & MSE

PatchTST Crosformer Custom Diffusion
- SMAPE

iTransformer TFT VQ-VAE
- Quantile Loss

- Mean Directional

Convolutional / Encoder-Decoder Accuracy (MDA)

Linear / MLP

- Dilated Loss

Dilated Conv Layers : ,
(penalizes miss-

Custom RNN/Conv Mix predicted output
shape)

Additional support for SplitLearning, Federated Learning, LSTM, xXLSTM, Mamba,

STNSs, Bring your Own Model
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Massive Parallel Hardware Accel. Training/Inference Jobs

Single Node: Standard @ RunParams
execution.

§s.activetios
ot conflgr. tlast strstegy
voed Lge. 4 medel
venflge. Irepent_rste
2 ronflge
endt_yenfly

Joblib Back-end: Local
config.yam]l [ummm parallel execution across
multiple CPU/GPU cores.

Metrics

Last Value

SLURM Cluster: Custom :' = OWZM:
launcher allocating

resources seamlessly without p e s o
breaking cluster policy rules.

K8S/SLURM Integration: launch Al-model benchmarking jobs(trainig/inference) for
100s models on different hardware accelerators at scale
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DSIPTS-P Federated and Split-Learning

Traditional Tools
(Kubeflow, MLflow, PyTorch) DSIPTS-P

Network-aware distributed learning

GPU/Edge-aware pod placement

Real-time per-container energy telemetry

Automated SL round recovery

Declarative YAML edge-cloud configuratiol

—J

Recent extensions natively support Federated Learning and Split Learning (clients and

servers are different training pods, connected through K8S network interfaces)
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DSIPTS-P Federated and Split-Learning

1. Zero-Touch Deployability 2. Integrated Observability

Helm charts define resource limits, Fine-grained energy, communication,
Q O GPU affinity, and node placement and latency telemetry natively

without custom code. integrated via Prometheus and Kepler.

Automating the Full ML
Lifecycle via Split Learning
and Federated Execution

)
7
3. Fault-Tolerant Microservices

SL/FL pipelines deployed as scalable,
isolated pods across heterogeneous
nodes with automated recovery.

Khalid Ali, Phil Aupke, Andreas Kassler: DEMO: Distributed Edge & Split Learning for Energy-Aware Spatiotemporal Forecasting,
to appear in IEEE Infocom 2026, Tokio, May 18, 2026.
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Infocom 2026 Demo

Scenario A

Split Learning
Optimization

Balancing energy draw
and end-to-end latency
via dynamic model
partition points.

Scenario B

Resilience Under
Chaos

Surviving controlled
network impairments,
packet delays, and
catastrophic pod
failures.

T

Scenario C

Hardware Agility

Seamless hot-swapping
between CPU edge
nodes and GPU cloud
clusters with
multi-model
deployment.

Target Environment: Real-world 5G base station traffic and gNB RB datasets
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Scenario A

Per-Container Energy Draw Activation Traffic

@ o D T T T T L T T N e e R % —
—_— 1 K03 ¢ v—w D
Edge | = N— 1R Cloud
Nodes A i s Nodes
Slider Switch
Communication Overhead Edge Energy Draw

Through GUI, change SL partition points to explore tradeoffs between energy draw,

communication overhead and accuracy
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Scenario B

Steady-State Training

Training Convergence

Controlled Pod Crash /
Latency Injection

y

y N
A A\
Ve '8 .
s

Persistent
Checkpoint

Result: Zero-touch
forward/backward recovery
without manual intervention.

Time
Simple YAML file configuration inject faults in inter-pod communication to evaluate

impact on convergence and inference time, crash recovery, etc.
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Scenario C

Model Swap Interface Heterogeneous Compute Allocation

& Workload
T xsT™ J i !
Configuration: Identical SL Partitioning ...

Edge CPUs Cloud GPUs

Real-time Telemetry Impact

XLSTM (Accelerated) A 1 +45%

Edge CPU  —— Edge -60%

Resource Utilization gy 4 Cloud - 95%

Convergence Speed

Through GUI - compare performance of different ML-models in terms of convergence

speed, resource utilization, GPU power, ....
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6G MLOps Pitfall

Now you found the best model using our Framework. Are we done?

Current State Operations

em R ? AL

Scale: Thousands of heterogeneous models
across constrained edge nodes.

Adaptability: Continuous real-time

v resulting in vendor lock-in. retraining on fresh environmental data.
‘\“\V 7 / = ""‘ Vi VB AN ‘\ v /\ & %\ /O
O0-RAN Integration: Unspecified life-cycle 0-RAN Integration: Tightly coupled to
management running outside native loops. rApps, xApps, and dApps.
| \ L

The Mandate: Relying on manual heuristic updates risks disruptive rollouts or forces
networks to lag behind optimal performance. Automation is a structural necessity.
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Why Al-model Update is hard in Telecom?

Deployment examples Dynamically updating Al-Models is difficult
1. ML lifecycle complexity
m » drift detection and retraining trigger
Trafflc steering xApp - hyperparameter search / model selection
Learns cell-load imbalance » accuracy vs. latency vs. robustness after each new version
and hands over users
proactively - )

- Needs recalibration after oo -
traffic mix, mobility, or 2. Deployability complexity

topology changes * low-downtime rollout, canary, rollback
) « hardware-aware runtime choice (CPU/GPU/NPU, cloud/edge)

* energy-aware placement and inference optimization

Energy-saving dApp 3. Telecom integration complexity
/ PRB slicing policy « where should it run: rApp, xApp, or dApp? On which node?
Turns carriers/features on- + which telemetry to subscribe to, from which data source / query IDs?
off or reslices PRBs under - which API calls close the loop, and what latency / compute budget is
demand variatic_)n tolerated?
* Needs versioning across L J

sites and different gNB
hardware The challenge is not only finding a good or better model - it is

updating the right model, in the right place, at the right time with
the right interfaces, without breaking the network operation.
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6G Al Model Benchmarking as a Service Framework

DSIPTS-P Future Extensions ©

1. Cloud Training

Continuously generates
new ML model
candidates (Major
versions X.0, Minor
patches X.Y) from
global telemetry data.

-

2. Knowledge Base

Catalogs each version
alongside its precise
resource footprint,
security score, and
verified accuracy
metrics.

I

3. Update Agent

Autonomously decides
when and where a
model is re-deployed.

=5

Live Edge Telemetry & Feedback
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4. Container
Orchestrator

Executes the rollout
across heterogeneous
edge worker nodes,
ensuring uninterrupted
SLA compliance.
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Al Model Benchmarking Framework Architecture

Grafana Dashboards (Monitoring/Telemetry) AIM WebUI (Experiment Configs)

—— = Al Model
Container

Top Layer:
The Control Plane

Agent rApp

Kubernetes Pod 6

AIM Service

Kubernetes Pod 6

DSIPTS-P RPC
Framework

e

Middle Layer: Writes

The Engine

ReadWriteMany
“AIM” Volume

RPC streams metadata

Envoy Proxy

Bottom Layer:
The Nervous System

Prometheus Kepler |

(Metrics) (Power)
® d<

Al Model Update agent decides when which models need updates
optimizes placement of Al model, wires it with 6G Telemetry
Those can be implemented through Al Agents for continuous reasoning




Example: Model Repository

The Models The Upgrades

[XYYY) dddil

——

= Major Versions:

e +2% Accuracy | -2%
Stability | -7% Service
Time

|

TTY?;
ML-d1 | ML-d2

= Minor Versions:

e +0.1% Accuracy | -0.1%
Stability

ddddd d4didd

EEE] EEEES mr
ML-x2 ML-r1 ML-r2

Update Agent: Decide when and where to update which Al-Apps: (1) Always Update (2)

Never Update (3) Random (4) Server Load-based (5) Drift Detection Triggered
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Future Research Directions

ML / MLOps research

Model quality optimization

over time
« drift detection, active
retraining
« HPO / NAS / model
selection
« compression and inference
optimization

+ benchmarking frameworks
and experiment tracking

Reliable and efficient
deployment

« K8s orchestration,

canaries, rollback

* hardware-aware

scheduling and compilation

« Multi-KPI aware placement

/ autoscaling (energy,
accuracy, latency)

* observability, fault

tolerance, policy control

Telecom / O-RAN
research

Network-specific control

integration

* rApp/xApp/dApp placement

and functional split

- telemetry subscriptions and

data pipelines

« E2/Near-RT/Non-RT

control APIs and loop
timing

* per-use-case latency,

compute, and SLA budgets

Existing solutions usually optimize one space or a pair of spaces

Telecom-grade continuous Al-model updating needs all three at once
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» Telco Al cloud needs Al Infra, Al Agents, MaaS, Digital Twin

* Finding a good model requires benchmarking at scale > HPC, K8s, Al Infra

= We provide a framework for automating Al model benchmarking and
versioning at scale (incl. Split- and Federated Learning)

— It can also be exposed for customers/users who want to train their own Al
Algorithms, not necessarily related to Telco - Stock prices, Solar Power, ...

» MLOps principles need to be integrated into 6G architecture for
continuously updating to the best Al models
— MLOps and Telco need to be integrated into coherent E2E framework

— Can be done by Al Agent connected to dApps for model benchmarking,
versioning, automatic deployment orchestration HPC required for massive loads
of 1000 models retraining continuously
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Thank You!

» Have Questions? - kassler@ieee.org
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