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AI-RAN Gains Momentum

Download from:
https://www.softbank.jp/en/corp/technology/research/news/075/

https://www.softbank.jp/en/corp/technology/research/news/075/


Organization / Project Setup AI Technique Reported Gains

Cohere ð Universal Spectrum Multiplier 

(USM)

Commercial trials (Vodafone Spain, Bell 

Canada)
NN precoding/scheduling Up to +50% capacity

DeepSig ð Neural Receiver OTA field trial (Viettel + FlexRAN) DNN receiver (site-adaptive)
2ï3úUL throughput @ cell edge, +2 

dB SINR

DeepSig + NVIDIA (OmniPHY) AI-RAN MWC25 demo testbed
ML in reception and demodulation 

for spectral efficiency
Up to 70% throughput gains

Ericsson ð AI-native Link Adaptation Field trial with Bell Canada ML-based predictor +20% DL throughput, +10% Spec Eff

Ericsson úVodafone UK ð AI Energy-

Aware RAN
London macro sites AI control loop

33% RU power reduction, no UX 

impact

Nokia úQualcomm ð AI-CSI Feedback OTA (Qualcomm UE + Nokia gNB) Encoderïdecoder NN
+15ï95% DL throughput vs. 3GPP 

baseline

Nokia úNTT DOCOMO ð AI Air Interface OTA @ 4.8 GHz with GPU server NN-based receiver/equalizer +6ï16% (mobile), +18% (static)

Nokia ð AI-RAN Trials (MantaRay) Live customer (stc) AI-driven resource allocation
30% higher cell utilization.

10% average increase in DL.

NTT DOCOMO úNEC ð AI-assisted 

Beam Search
Distributed antennas (Beyond-5G/6G)

AI fast beam search, faster 

optimized link adaptation 

10X throughput of conventional

technique in worst case performance in 

fast-moving vehicle

Samsung ð AI UL Channel Estimation 

(PUSCH)

vDU + NVIDIA GH200 + Keysight PROPSIM 

+ UE
NN-based channel estimator +30% UL throughput

Samsung ð RAN Speed Optimizer (RSO) Commercial 5G network ML-based parameter optimizer +12% DL throughput

Commercial Examples of AI for RAN
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Institution Setup AI Technique Reported Gains

Pharos UniversityúArab Academy for 

Science, Technology and Maritime 

Transport ð DL-OFDM Channel 

Estimation

Simulation (QPSK, pilots) DenseNet + RNN/GRU
70% lower BERŹ vs. LS, 39.5% lower 

BERŹ vs. MMSE

ETH Zürich úNVIDIA ð Neural 

Receiver

Real-time Neural RX (Sionna + 

TensorRT)
CNN/FC optimized NN BLER improved; <1 ms inference

ETH Zürich úHuawei ð ñAstraò GNN 

Decoder
Simulation (LDPC/BCH-like) GNN decoder 17% vs. 14% noise tolerance (Ul/DL)

EURECOM úUniv. Tehran ð mmWave

Beamforming
System-level sim (100 GHz) Dual DNN (SE/EE-optimized) EE ŷ6ú(0.9Ÿ5.3 Mb/s/W)

Chulalongkorn UniversityúKasetsart

University úUniversity of Electronic 

Science and Technology of China ú

Guangdong University of 

Petrochemical Technology ð Pilot-

Reduced DL-CE

Simulation (OFDM) FSRCNN-based CNN CE
Maintains DL throughput with 1/8 

pilots, improved BER/MSE (UL/DL)

Tokyo Tech úNokia Bell Labs ð

QRMNet MIMO
Simulation (2ú2, 4ú4 MIMO) GNN + CNN estimator

BLER ~near-ML; >QRM baseline 

(UL/DL)

Research Work on AI for RAN
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Transformers and 
Signal Processing
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SoftBank Work on Telco AI
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AI for RAN

AI-RAN

Better gNB performance 

CAPEX Reduction

Large Telecom Model

Better Operation by AI

OPEX Reduction

Machine AI Human AI

AI-RAN and Large Telecom Model
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Announced at GTCô25

Operations Engineer

R&D Engineer

Executive

Q&A, Summarization, 

Recommendation

Transfer Learning for

AI-RAN Design

Network AI Ops

Business Units 

Applications

Democratize Operational Knowledge across the Entire Company 

using Natural Language Interaction 

Recommend config 
parameters

for a new cell adjacent to 
cells X, Y, & Z Large 

Telecom

Model

Fine-tune a channel 
estimation 

AI inferencing model

What is the root cause 
of packet core

outage in Area X?

What city customers 
are the 

happiest?

SoftBankôs Large Telecom Model



© SoftBank Corp. 11

Specific UC Example: 
RAN Config Optimization

¸ Handling congestions during events

Scenario

What LTM does

¸ Optimize RAN config parameters of 
base stations within targeted area

Fine Tuned

LTM

¸ Order for congestion handling (Intent)

¸ RAN configs of neighboring BSs

¸ RAN performance (KPI) 
of neighboring BSs

¸ RAN config parameters of BSs 
that need to be updated

Input Output

Simulated with NVIDIA Aerial Omniverse Digital Twin
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Advanced: Full RAN Config Generation

¸ Full RAN configs for 
the new BS

Output

Construction of a new building
New base station deployment
ṕwith RAN config generationṖ

¸ Order for weak signal 
area countermeasures

¸ RAN configs

¸ RAN KPIs

Input

FT

LTM

¸ Countermeasures for weak signal 
areas caused by new construction

Scenario

What LTM does

¸ Suggests location and RAN 
configs of the new base station

Simulated with NVIDIA Aerial Omniverse Digital Twin Simulated with NVIDIA Aerial Omniverse Digital Twin
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Machine AI for AI for RAN
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Background

5̧G NR complexity: flexible numerologies, MU-MIMO, dynamic 
scheduling, interference-limited deployments.

Ţraditional receivers: cascaded blocks - synchronization Ÿ channel 
estimation Ÿ equalization Ÿ demapping Ÿ decoding with heuristics.

B̧rittle to 

p̧ilot patterns, fading

şub-optimal end-to-end performance

çostly retuning for new bands, hardware

Ḑeep Learning emerges for AI-native Air Interface: CNNs capture local 
patterns but have fixed receptive fields.
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AI for RAN Activities at MWC25

AI MAC Scheduler SRS Prediction UL Channel Interpolation

Cell throughput improves

by approx. 9%
User throughput improves 

by approx. 13%

SRS

SRS transmission 

intervals become sparse

MAC scheduling 

calculations become more 

complex

UL channel degradation

SRS

MU-MIMO UL Signal ProcessingBeamforming

UL Throughput improves

by 20%+
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Goal: A unified, low-latency Transformer that replaces multiple PHY 

blocks with one attention-based backbone with the following constraints:

ÅSingle model: channel estimation, frequency interpolation, and 

demapping in a single, compact model

ÅTask-adaptive: swap only the final projection + loss without 

backbone changes

ÅDeployment: validate in OTA with 3GPP-compliant OAI+Aerial, 

meet sub-ms latency budgets

ÅSurpass: classic neural network (CNN) in performance 

Problem Statement
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Convolution
(CNN)

Self-Attention
(Transformer)

Uses a kernel (filter) to extract 
nearby local information.

Identifies and connects the most relevant 
information across the entire input.

Transformer learns symbol correlations across space/time/frequency.

Architectural Leap: Local to Global 
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The Core Challenge

A strict ~500µs processing deadline from signal reception to decoding.

Total Slot Length 500ɛs

PDCCH Prep 

Margin 2-30ɛs

PUSCH Processing Window RetransmissionSlot Reception

Challenge: The 500µs Wall 
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ừ

f
(subcarriers)

t
(symbols)

s
(antennas, etc.)

Architecture
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Key Architecture Design

ÅInput: The model takes time-frequency structured tensors (Resource Grids) as input.

ÅTokenization: Tensors are flattened along the time and frequency axes to create a 

sequence of Resource Elements (REs). Each RE is treated as an independent token.

ÅNormalization: Omitted early Normalization to preserve amplitude for PHY 

reconstruction tasks.

ÅEncoder: Multi-Head Self-Attention + Feed-Forward layers (shallow depth)

ÅHead: Lightweight post-stack (LN + MLP + Dense) for task-specific outputs (LLRs or 

complex H).

ÅDefault config: 4 layers, 4 heads, lighter variants (e.g., 1L/1H) for interpolation. 
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Why It Works? 

ÅSelf-attention models global timeïfrequencyïspatial dependencies 
(multipath, Doppler, inter-symbol effects) better than CNN

ÅRE-level tokenization keeps per-element resolution for element-wise 
regression, classification

ÅNo early normalization Ÿ preserves magnitude information

ÅShallow depth    few heads seem to suffice providing performance 
under tight latency 

ÅTask adaptation by swapping only the final head    loss function 
supports Neural Receiver, Channel Interpolation and Channel 
Estimation
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Performance Versatility Across 
the PHY Layer

Task Baseline Evaluation Key Results

Channel Freq 

Interpolation
CNN

OTA

(ARC-OTA)

Higher UL Throughput 

& Lower Latency

Neural 

Receiver

CNN  

(SIMO)
Sionna

Lower BLER (both 

SIMO and MU-MIMO)

Channel 

Estimation
CNN Sionna Lower BLER

SRS 

Prediction
MLP

SLS

(MATLAB)
Higher DL Throughput

Multi-User 

Pairing
MLP MATLAB

Higher Fairness

(PF score)
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For Further Reference:
SoftBankôs Transformer Developments

Source: SoftBank Corp. Press Release, August 21, 2025

SoftBank Corp. Boosts 5G AI-RAN Throughput by 30% with New Transformer AI

https://www.softbank.jp/en/corp/news/press/sbkk/2025/20250821_02/

Source: arXiv, September 9, 2025

A Unified Transformer Architecture for Low-Latency and Scalable Wireless Signal 

Processing

https://arxiv.org/pdf/2508.17960v2

arXivPress Release

https://www.softbank.jp/en/corp/news/press/sbkk/2025/20250821_02/
https://arxiv.org/pdf/2508.17960v2
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