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Wireless Big Data Analysis Matters

Modeling, analyzing, and predicting wireless service traffic in the
communication systems are pivotal to achieving network intelligence.




Wireless Big Data Analysis Matters

dWireless traffic prediction is crucial in future Al-empowered

communication systems, with prediction we can:
* Improve network management through dynamic congestion control
 Reduce operating expenditure by accurate radio resource purchase
 Enhance energy efficiency by intelligent BS on/off

QUALITY




Wireless Traffic Prediction

Predicting communication system’s future traffic (short- or long-term)
based on historical wireless traffic and cross-domain data by
designing novel Al algorithms under various application scenarios.
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Reduce OPEX Enhance energy efficiency
Historical data (PRB usage/mobile traffic/connected = Future traffic
users...)



Existing Methods and Challenges

dCentralized methods, e.g., ST-DenseNetl'l and STC-Net!?!
* Need to transfer raw data to datacenter to learn a generalized model
« Consume lots of bandwidth
« May have high latency for mission-critical tasks
* Involve no cooperation from multiple MNO due to data privacy

QFully distributed methods, e.g., Gaussian Process Regressionl®!
« Could not capture spatial dependences among different BSs/cells/regions
* May have limited data, especially in places with newly deployed infrastructures
* Involve no cooperation also due to data privacy

1. C. Zhang, H. Zhang, D. Yuan and M. Zhang, "Citywide Cellular Traffic Prediction Based on Densely Connected Convolutional Neural Networks," in IEEE Communications Letters, vol. 22, no. 8, pp. 1656-1659, Aug. 2018
2. C.Zhang, H. Zhang, J. Qiao, D. Yuan and M. Zhang, "Deep Transfer Learning for Intelligent Cellular Traffic Prediction Based on Cross-Domain Big Data," in IEEE Journal on Selected Areas in Communications, vol. 37, no. 6, pp.

1389-1401, June 2019
3. Y. Xu, F.Yin, W. Xu, J. Lin and S. Cui, "Wireless Traffic Prediction With Scalable Gaussian Process: Framework, Algorithms, and Verification," in IEEE Journal on Selected Areas in Communications, vol. 37, no. 6, pp. 1291-1306,

June 2019



What Do We Need for Wireless Traffic Prediction

dWe need a model that can
« Capture both spatial and temporal dependencies
» Be trained/deployed at the edge to reduce latency
« Without transferring data from local to datacenter
» Collaborate between multiple MNOs to fully release the power of data

JFederated learning can fulfill the above requirements |
« Temporal dependencies are modeled by local model, spatial dependencies are
captured through model aggregation
« Can be trained/deployed at the edge sever
* No need to transfer raw data, just model
e Can be readily shared among different MNQOs



Federated Learning Basics

Central server

Round ¢t t SR
7 L - _ ()
#H L

Update wt using local data and get new local model wi*!



Federated Learning Basics

1 t+1

Round t

Iteré;é the above

: N A ((‘ ’)) process until end,
i Local clients El = “then we get the
} — final model

Send wi*?! to the central server for model aggregation
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FedAvg For Wireless Traffic Prediction

It works, but suffers from
precision problem

- Wireless traffic data are highly | ¢ L |
heterogenous, different places = | wafﬂ \ NSRS
hgve different traffic patterns . | | Tmeinenas stogram

« Simple average of local model to MWMWWM
produce the global one VLA ol ot —
generalize not well o e g

QMotivation S
 Train a well-generalized global B e AU R

Time intervals

model by reducing heterogeneity
of wireless traffic



System Model and Workflow
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. Each BS calculates its hourly- |

" average traffic value per ,
Data . week and send the ¢% data to

0ol a1 i) | central, where a quasi-global

. model is trained

_____________________________________________

__________________________________________

Central server cluster the BSs ', |
SRR VEERle | into different groups, based
. on the augmented data and

' geolocation

__________________________________________

__________________________________________

l Perform global model training
\lele[CIN(F=1s][sleM ' using dual attention-based
. optimization scheme
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Problem Formulation

# of clusters # of BSs in cluster ¢

# of BSs

¢ e Loss function
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Dual Attention Based Federated Optimization

aye; )
1
arg min < E §ac£(wt, witH? 4

wtt+1

2,0I£w wo)? ¢
\CIl /

Local Attention Quasi-global Attention |k
Layer-wise attention score Layer-wise attention score computed
computed via the distance between via the distance between

model and the model model and the model

o EThe global model has a minimum Euclidean distance to
 i Intra-cluster update | each local model (enhance generalization) and quasi- |
~ Inter-cluster update | global model (reduce heterogeneity) in parameter space. |

____________________________________________________________________________________________________________________________



FedDA

Local update wi“ = wi — nVﬁ(wi; T,)

C

c=1



Dataset Explanation

dThe wireless traffic data analyzed here comes from a large
telecommunications service provider in Europe, Telecom ltalia, as part
of the "Big Data Challenge”
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Data Introduction

dThe city is divided into 100*100 cells and
each cell covers an area of 235m * 235m
dEach cell’s call detailed records (CDRs)

of Telecom ltalia were logged
¢ SMS-In / SMS-Out
« Call-In / Call-Out
* Internet traffic

dTime granularity & span

* 10 minutes
« Two months from 2013-11-01 to 2014-01-01
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Selected Areas for Spatiotemporal Analysis
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dTemporal traffic dynamics

Number of events

Data Analysis From the Temporal View
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In the city center, all three types of traffic are
high.

In bustling areas, SMS and CALL traffic

decrease on weekends, but internet usag;e;,_f EEME

remains unchanged.

In the Navigli area, traffic increaseS'With the
arrival of night, showing a significant “delay”
during peak hours.

The pattern of internet usage is relatively
complex.



Data Analysis From the Temporal View

JdTemporal autocorrelation

1.00

Autocorrelation, also known as serial
correlation, is the correlation of a signal
with itself at different points in time.
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Data Analysis From the Spatial Perspective

dSpatial traffic dynamics and its correlations
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The spatial distribution is uneven, but small intervals
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4G & 5G Wireless Data (PDCP SDU4essr=
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Experiment Settings

1100 cells are selected for experiments

dData are scaled to [0,1] using Min-Max normalization

dThe first seven weeks data is used for training and the last one weeks
data is for test |

dModel is a simple three layer LSTM since we care only about FL, -
each layer has 64 hidden dims

dThe lengths of closeness dependence and periodicity dependence are
set to 3

dSDG optimizer with learning rate of 0.01 (decay), 100 rounds, 20 local
batch size, 0.1 available cells in each round

d The weight of qualsi-global model is selected through a grid search



Experiment Results

Milano Trento
Methods MSE MAE MSE MAE
SMS Call Internet SMS Call Internet SMS Call Internet SMS Call Internet
Lasso 0.7580  0.3003 0.4380 0.6231  0.4684  0.5475 4.7363 1.6277 5.9121 1.3182  0.8258 1.5391
SVR 0.4144  0.0919 0.1036 | 0.3528  0.1852  0.2220 | 5.2285 1.7919 5.9080 1.0390  0.5656 1.0470
LSTM 0.5608  0.1379 0.1697 0.4287  0.2458 0.2936 3.6947  1.1378 4.6976 0.9426  0.5013 1.1193
FedAvg 0.3744  0.0776 0.1096 0.3386  0.1838 0.2319 2.2287  1.6048 4.7988 0.7416  0.5319 1.0668 -
FedAtt 0.3667  0.0774 0.1096 0.3375  0.1837  0.2321 2.1558 1.5967 4.7645 0.7444  0.5306 1.0629
FedDA (p=1) 0.3559  0.0752 0.1118 0.3353  0.1820 0.2367 | 2.1468 1.4925 4.4335 0.7478  0.5140 1.0212
FedDA (p=10) 0.3481  0.0753 0.1062 | 0.3321  0.1810 0.2275 | 2.0719  1.1699 3.9266 | 0.7320  0.4548 0.9504
FedDA (¢=100) | 0.3322 0.0659 0.1033 | 0.3214 0.1741 0.2211 | 1.9703 1.0592 2.4473 | 0.6920 0.4281 0.7471
T (p=100) | +9.4% +14.9% +58% | +4.8% +52%  +4.7% | +8.6% +33.7% +48.6% | +7.0% +19.3% +29.7%

_______________________________________

Our method achieves the
best prediction results

_______________________________________

The more data shared, the

pm—————————

better prediction performance

T




Prediction Versus Ground Truth

_______________

. FedDA |-
. achieved | 7
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Accuracy Versus Communication Rounds

Milano-Call Trento-Call
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___________________________________________________________________________________________________________

FedDA can achieve higher prediction
accuracy with fewer communications
. between local client and central server

. Quasi-global attention (model) can
indeed improve prediction performance
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Revisit Wireless Traffic Prediction Under FL

dSpatial modeling under FL relies:
« BS/Cell/Cloud unit clustering using location information
« Shared (augmented) data

dTraining a model needs frequently communications between local

clients (BS/Cell/Cloud unit) and the central server

 Consumes lots of bandwidth
* Not works for LLMs

Training wireless traffic prediction model under the
scenario of FL with the properties of spatial-temporal
modeling and low communications

______________________________________________________________________________________________________________________



Evidence on the Deficient of FedAvg for WTP
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System Model

___________________________________________________ Z fagg{¢(gf)’3 = Mt}

Low communications meM,
solution '
| . . i Small Cloud Unit
__Gradient Compression Fure vattc_
Small Cloud Unit @: BBU pool @
+ _»@: Future traffic @ r : = : ]

W1 | p(g")

Load-aware

Spatial dependence
modeling solution
Gradient Correlation

Small Cloud Unit ™

4 @ Future traffic @
. >
BBU pool

~ Federated Learning with Gradient
- Compression and Correlation for
Wireless Traffic Prediction

management



FedGCC Algorithm

dGlobal model optimization

T 0o Wil =Wy = ]/\/l\ > 9
] p ___________________ : L meM;

~ Ourglobal model W1 = Wy — E fagglo(g;)|s € M, }
. optimization E meM,
Heuristic personalized - Gradient compression .
gradient aggregation - scheme at the local client

strategy side

________________________________________________________________________________________________



FedGCC Algorithm ) B

(] SGD update

@ server,

; | client drift

IV . w*
B @}

dLocal model optimization with error feedback
Gt.co\= €t ‘|‘vfm(wtca ) hy"

Example of |
gradient tracking
round

Gradient of current step on
step batch data B with
parameter w

[ true opt.

client 2 [ client opt.

client Gradient tracking: correct

the gradient direction
Error feedback: accum.

of gradient errors ‘

' Local gradient is corrected by using a) non-transferred gradients in
previous rounds; b) current ‘true’ gradients on local batch data; c) the
gradient difference between local client and central server.

______________________________________________________________________________________________
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Example of Gradient Compression & Correlation

Gradient Correlation Matrix p
A B C D FE

1.0 0.9 02 0.1 0.7
g (™) (g™) 0.9 1.0 0.1 0.1 0.3
k-relevant 0.2 0.1 1.0 04 038 all-correlated
1.2 1.2 1.2 1.0 09 02 0.1 o0.7| |01 01 04 L0 07 46 69 02 01 07
0.2 0 0 0.9 1.0 0.1 0.1 0.3 (9703 08 0.71.0] 159 10 0.1 0.1 0.3
0.1 0 0 0.2 0.1 1.0 0.4 0.8 o-threshold  [0.2 0.1 1.0 0.4 0.8
09 0 0.9 0.1 0.1 0.4 1.0 0.7 [1.0 0.9 0.2 0.1 0.7 {0.1 0.1 0.4 1.0 0.7
0.7 0.3 0.8 0.7 1.0 (0.9 L0 0.1 0.1 03| 10.7 0.3 0.8 0.7 1.0
0.4 0 0 0.2 0.1 1.0 0.4 08
y=10 =02 ~=04 bg7) < ol97) +¢(e7) {01 01 04 1.0 07| Hg) ;ﬁD,me(Q;n)
0.7 0.3 0.8 0.7 1.0

D(g) + b(g?)

Gradient compression
(sparsification) with Gradient correlation with

different ratios different strategies



Experiment Results

Mil Trenti
Method Notes Han rentne AC (MB)
RMSE MAE R?2 Score  RMSE MAE R? Score

FedAvg [37] ; 0.1401 0.0965 0.9371 1.0504 0.5834 0.7871 126.27/322.68
= 0.01 0.1398 0.0960 0.9373 1.0057 0.5581 0.8129

FedProx [24] nw=0.1 0.1400 0.0963 0.9373 1.0402 0.5774 0.7936 126.27/322.68
=1 0.1339 0.0869 0.9446 1.1615 0.6475 0.7114

FedAtt [38] ; 0.1357 0.0898 0.9431 0.9194 0.5269 0.8637 126.27/322.68
=1 0.1339 0.0816 0.9466 0.7391 0.3933 0.9264 126.30/322.74

FedDA [36] © =10 0.1308 0.0795 0.9493 0.7823 0.4188 0.9143 126.55/323.39
© = 100 0.1301 0.0790 0.9493 0.7711 0.3918 0.9217 129.06/329.81

FedCOMGATE [22] - 0.1438 0.1027 0.9317 0.7427 0.3849 0.9273 14.373/38.449
k-relevant 0.1299 0.0788  0.9501 0.6935 0.3621 0.9431

Proposed S-threshold 0.1301 0.0797 0.9486 0.6943 0.3638 0.9423 3.1494/7.5843
all-correlated  0.1300 0.0795 0.9483 0.7048 0.3805 0.9499




Average Loss

Experiment Results
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Conclusion

dWireless traffic prediction supports Al native of 6G

dFedDA: Dual attention based wireless traffic prediction
 Clustering for spatial dependence modeling

« Augmented data sharing for reducing heterogeneity

« Dual attention based federated optimization

dFedGCC: Gradient compression and correlation for wireless traffic

prediction
« Gradient compression for reducing communication between local clients and
the central server
« Gradient correlation for spatial dependence modeling
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Thanks for your time !

B chuanting.zhang@sdu.edu.cn

A https://chuanting.github.io
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