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Federated Wireless Traffic Prediction Model Based on Attention Mechanism
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*(Qilu University of Technology (Shandong Academy of Sciences), Jinan 250353, China)
3(College of Computer Science and Technology, China University of Petroleum, Qingdao 266580, China)

Abstract: As mobile data is growing everyday, how to predicate the wireless traffic accurately is crucial for the efficient and sensible
allocation of communication and network resources. However, most existing prediction methods use a centralized training architecture,
which involves large-scale traffic data transmission, leading to security issues such as user privacy leakage. Federated learning can train a
global model with local data storage, which protects users’ privacy and effectively reduces the burden of frequent data transmission.

However, in wireless traffic prediction, the amount of data from the single base station is limited, and the traffic patterns vary among
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different base stations, making it difficult to capture the traffic patterns and resulting in poor generalization of the global model. In
addition, traditional federated learning methods employ averaging in model aggregation, ignoring the differences in guest contributions,
which further leads to the degradation of the global model performance. To address the above issues, this study proposes an attention-
based “intra-cluster average, inter-cluster attention” federated wireless traffic prediction model. The model first clusters base stations based
on their traffic data to better capture the traffic variation characteristics of base stations with similar traffic patterns. At the same time, a
warm-up model is designed to alleviate data heterogeneity by a small amount of base station data to improve the generalization ability of
the global model. The study introduces the attention mechanism in the aggregation stage to quantify the contributions of different objects
to the global model and incorporates the warm-up model in the model iteration process to improve the prediction accuracy of the model.
Extensive experiments are conducted on two real-world datasets (Milano and Trento), and the results show that the DuallCA outperforms
all baseline methods. The mean absolute error performance gain over the state-of-the-art method is up to 10.1% and 9.6% on the two
datasets, respectively.

Key words: wireless traffic prediction; federated learning; clustering; attention mechanism
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By, XM P RIF IR s B (Tl _ERAHER Bes) AR E IR SR R P 52 13070, B 2019 4F
%5 B EE (5G) MmOk, X T2 6 AR INEE (6G) FIEEIRe A REH R B I L & 51 T
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A HIAS R TR 22 5, D] A P 4 o) TR AR R Fo00 S DA B, VEAR B SR SR8 3.2 Wb 4.

STy

A= ﬁl Cluster 1
I @F.’_'

\ K-means

SR - ‘ Cluster 2
B / :
Eggéb////%M%% :

Y I Cluster C
%ﬁﬁ 1 @{a_l

K4 sl

XS 2 AN 3 1o T e R AT IR, [ — B PE AR [F B 2 G v 2R RO R 2 e 1, TR S ek = R
BE AT ARV STABAR A, L5 18] v BEAR DG, [ B 22123 A B o m] DA Hh kol o0 A 2 v E S M . RIS, BLASEAS
I Sl e AR At T BB AR AE AR AR ERT0b, G R ) P AR AU 14 [0 P PR AL S A PR S e o oy 2 B () L. I L AE IR
IR E T, WEEE HA RO B 70 i Bk 5 S RAE, b S IR 55 280 X 5 i 2 R A s A, To ik f ikl
ISR S5 R P AR TR Fr s, BT G 22 3 VI R4S BT AR B2 A RE D A 72 . O T R RO e v 3 S I TR A R i 22
i R, AT T — A TR, an &l 5 s, FE TR b, 4 BS BEHLIRCH IR B R BRI « (A2
L) #B43 ROIR L i I R S5 25, SR rh U IR 55 28R R H 30 1) - el 1)U B O 2R I R4S B TRV AL, n A 5 (8).
NI 9), Hrhw TR ¢ YOS BT ZHL, o RRINGIA, » REF 2 H. L1 ZRINGRAE R, &
SR TSR W, .
w, = ®(as) (8)

W;:l =w, +y®(asS,w)) )

K5 T

RT3 7 AN vl 3 70 H0His, (R ol Tk S i ok B AN R 3, B0 17 A Bk ol a8 fL s
PE, BRIAE — e RE P R GRff 1 K .

B, FEALGENLAS 2 5T vh, BRI ZRTT 40 0 #8 CLRE AL UG AL IO TR SRSV UG 24, SR 5 oo AN i Il ZRak A0
ST, B AT RN TR, SR, BENLAIAG AL R TR RENL IR B, AR TR DU 8. DRt FRATIRE |
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AR S EAE RIS, BART BENLRIA LR AR, Inide e RS, PRI UL, 7R/ BB RY )5, sl 5%
N TR S W, (ENRENIIESH N KT BS, BS fES 4 w, Bt L llgk A & . 7E— 50l U,
Sl Y SR AT ST, IR SRS T S B Bl b SR IR S5 s, b b SRR S5 sk T Sk v B AR R S 4
BEATR A #5 2, 1X R B SRALT 650 iR, 38 1 e 36 R0 iR A M SR DRAS 2R AU SIGE L. RN, 9 7
T RAE PRI, FATH BB R 4 R o, (A AR AR A R R 5 I R R — e AR A, ik — 2P
S T AR 1 T A A
3.3 XA KEBHKBRAURE

R B A R IR 2 20 vh B Bl A e B B R 2y, e T SRk B & P A B R 0 AT R AR A
A R AR I T A IR R A S, R IR G BTN TIER MU, R RN T AR, A
P T 3 WU X KAt R PR AN TR 2 P Skt AT B, AR B 1 2 RO E L 73 BB DA SRR 4 Ry .

FUARTT 5, BATIBT R G SR 3E0 08 3 28, W&l 6 Fron. 55 1 20X SEub HEAT TR AT, MR Rkl it A okt
FEHAT IR, A SEAR A ol 1 AR AR 5. 2 2 AP AT IS AR (11 i, ) P T AAVRR 7R 0 A 00 S A X 4
AL AN, [N, A PR R B R SERE LT Aa PL B, DA ARSI B RAR AL SR & R A A 58 3 00, 1 24T
FPRTY IR S AN SR . AT I PRI IR A, ol T[] — SR A B O AR AR AL, AR I 1 FedAvg
S, (SR BME 5 AR A AR 1 14T SR (A5 R 5 5 I SATTR PV E B 0L, S AN R SR A A R 5t
BRZE 5, AN TR R AR R 2 BC AN R (RO RS, R4, A 4 R Y o in N 7 TR TR, DL g S50 S A il L. e
Ja, 2 2 N ZRE A BB & I JSRE A R P Y 4 R R,

y &. Cluster 1 : >
I K-means
o @- Cluster 2 d W é Wy & @ W
[y / - ' > . B
: ____}@,‘ &_,_y 5%39\ “->§\»'“u
g;ﬁ: =y N d&ﬂ Average\ \% Wl Average’ &E Wi Average ~ﬂ§‘
luster ¢ ¥ E
] e "'Cluster 1 2 Cluster 272 Cluster € 72

K6 RHE & PR A

i R R, EBFRERYIZRrp, I AN I 1T sl A8 F I 2 SRR 25, T2 A2k — 2 HCR I s, &
— AR BEHLLE B i B AT YISk, 25 R BB ZRE 1l 9 1 e e SRS AR b B B AR UL A e, (B b T B
el MR PR T AP SR O (R — 3, 3 SRR R R Tk S IR SIS PRy 5 s B AR AR 1 ) 0 AL, o S 0) P A S ol AT 2R
FHRAE, RIS AR vh B LI I — 5 BRI R w2 SRR BRI I 2. Horh RAR 2 di 2 1 AR R i
B RIGRAT, AT 5 1A bR &6 1 Bt LI B v 2 15 )5 S ZRad 2, O i e 21 i 2 it i
HIE SR EE AT 5 2 A 7 A L.

WE 6 froR, L1 REBMEG, 5538 C AR Hrh, wil FoRS ¢ KI5 n NEu A 24, wi!
FoRFN ¢ L RIRA BRI A IAT C DA, 73 BIX R C ADNRAMBERZH (Wit} wi! RoRH 141
NGRS RA MY 519 2 10 42 R 24 1 S iR 55 2 BEAT IS R A AL I B A 4k B — N e 2 )R
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REE F: AT EEANA G BEA L LA T TANAEE 723

TER Z AT BTA BS B9 & AR B A G IR iz AL RE J1. A TR BIXAN H 1, & RBAROZ LR BS (12K
PR RIS T Y A AR A 2 B B — N A T4 . DRI, ZE R R IR 7 S8 v, B AR 1) A 4 Bl — ANl A Hh S R
TR (1) 2 8023 (A () A R A 2, (Rl IR B2 2% S B B I B S A AR it & R S B ) ook 22 5. DAL, 4K H
A 38 T P 13 23 B D, A A RIS B 2 ) s I B e /. B P A il R 1 X S
argrr:in{z —a.L(wg,wi'!) +2pﬁl"(w’6,wp)2} (10)
H, a, =), M p= g, REIEENWEF G, 533 FRE o NSRBI RIS — 2 S EoTiho B
IALEE, Ji'%ﬂ“’?ﬁlﬂé\):\'ﬁ, o Re— N E5MAAES AR IENL S5, vT DR SEIe BoR T2 B, N T IREAE o, ,
FRAVE A WU, R E R TR X R S0 6 T8 ¢ DNRAHBR, 55 7 R S HRRR y wi L JE
TEEZH, 5 e+ 1 WNGRAIEA A i 1 E— I 5 4 R wi) & 2 S 88 f ] LU e A1
Z ) Frobenius K115, BIK R M-
di: =T i) = it = well (an
B 5, 1 H Softmax I%li}lﬁﬁ“ﬁﬁﬁ%E‘HF%/E%E‘JEE%@ d, AT, R e TSNy C A A AR T AR
AN X PR 2, AT LA E S F AR 1 TR, RV Softmax BT () TR

+1,j
edLL

Z e’
FAhdth, I T LAASE] B HUME. 1EAF3 o M B J5, 45 R A ZH00T LGB IR B2 1 B AT SO0, | it A
2 (5) KT wi (1 HL, 153 BUAH RO B

a/+] Jo— O_(dt+1 1) -

(12)

V= Zm(wc—wfj)wﬁ(wc—w,,) (13)
PR HR U BA B 2 0T Bk B T 77 s
1+1—WG ')/(ZQ'(WG—W’ZCI)-F‘Dﬁ(WG Wp) (14)

Horr, oy S ANTSEHAE P, 27 A2 R wi, 7R REIGE AR R R R S R ET7 [ B8 B R AT A (9)
X4 R AT IE AT T, 45 B R 2 ) 4R, JRATD0 AR DuallCA AN ST IR T TRk, W5k 1
PR, [, O9 7 38T AR B ik, JAVESE AT VIR, LA RIS EAE S 4 515 5 E rh AT
T RN SRR .

3% 1. DuallCA.

i \: Traffic dataset {S', S°,..., 8"}, cluster number C, proportion o and learning rate y in pre-warm model,
regularization parameter p, fraction of BSs d, total number of iteration 7}
it : Global model W;.

1. {C))S, « K-means{S',S?,...,5"} /* Clustering BS to C clusters */

Wi = Z
3./* Intra—cluster average */
4. 5§ ={5',82,..., S™} « Random select m BSs to participant training process (m< r)
5. Wi =wh+ye (oS, w)
6. /* Constructing pre-warm model */
7. for i=1 to T'do
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8. K<« max(m-6,1)
9. /* Randomly select K BSs */
10. for j=1 to K BSs do

C
11. wit = wi — y(z @, (W'G - W'[C‘) +pB (W5 —w,) /* Inter-cluster attention */

c=

1
12. Obtain global traffic prediction model W

4 LWEROH

T BAEASCHR B TR DuallCA YRS, TRATIEPI AN LSt FEHR L LT T — R FISL56. AT
F BT AR, FEE VAR SRR B AT UL, FEXT S8 4 AT X EE ARG 23 A
4.1 BURENLA

AR ST A FE B 40 S R R R R A A ) AR A RO PRl Y, 3 A R R AR K 22 AR A 3 v A L X
VRN R E S OO IR, FIR A X BRI S KNy Ex o (Kex 88 ) (IR, AR TR AN 7 B R
AT, o, KX BRI 43 D9 10000 AN BTG, RS BRI 22 A 6575 AT, fEEEAN ST, P HLE
BN H BS LIRSS ANC SR, FIIRATH BS RE£R | AT, BURE P A 3 MM LRI E, 7 B T4
& 1B EEIEF M RS, R SEICR% T 2013 4 11 1 H-2014 4 1 A 1 HWAH AR 408, 4 10 min
S — IR AR B 755 8L F 15 SEge v, i HO A3 N R BN R SR 1 IR, 8 S BRI TR R B N SR AR
B E R /s i AR B I ZR AR
4.2 FEFFEMITN IR

PAVER B TE LR E TR S R 7 I 3 T 5 4T E L.

« SVRFU: SVR &2 i HLES % 2] 43 F VL2 —, D4 sl H it i 790

« LSTMP: LSTM it} [7] 511550 S 1R 5k A ARG 7, 387 LR MBI R R 2 ML 3 SIS A SR A T .

* FedAvg"™: FedAvg A& Fifi 25 BE 2 510X — M2 i HH B 7o 2 (IR P S0 B8 78 i 7 04T 4 S 5 78 SR A5 iR
T HUAS AR TR PSS R VSR SR A SR A,

* FedAtt""): FedAtt 55 FedAvg HI{BL, ME— N[l 578 T AT IR A 1, FedAtt 51N T M8 LD, & S HREA
) A R RS 2R 1) DT R 22 S SR S L4 OB, E T BB A SRS B, B R B T N R A M Y (AR A ZE e, AR AR T T
T 14 R

* FedDA®Y: FedDA 7£ FedAtt (56 A T3 — D Bcdh, BN T — AN A RS BRGS0 5744 b ab,
FedDA ¥ it 17— ANk AR SR AR [R] I il ik [ 0 23 [A]fRRRe P, 55 IS & TG 2k 2 Tl 17 5.

* AD+MKrum®™: AD+MKrum £ JE 2k it S Tl 5 P AACE BRI 5 P o, S B0 Bog A v e 75 5 52 3
JB T B I R, i T AR e 2 T ) S ) UM Y, U TE T AH BRI P B0 S W SR X AR B ek

« MAML™: MAML J2& — b i ORI BE S 02 5 7 ik, B0 FH AN [ 35 A4 O 500l R 2 S0 4 R AR . RIS, 58
T —ANETFE B BB RS SR AT I B 2 5, R SRA A [R) X g ) e 25 (M 6 &R

RICR 48507 22 (mean absolute error, MAE) F1°F33%) 75 1% 7% (mean square error, MSE) {E NN TE AR,
HHEARXDT:

1 n

MAE = - i = Jils
n;w 3
] n

MSE = — =97
nZI(y 9

43 BHRE
FT A SEBIA7E Intel (R) Core (TM) 15-4200H CPU @ 2.80 GHz 2.79 GHz, 1% 8 GB HIZEi0 A _LidtAT, SLsbis
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REGMEH PyTorch 4’5 . FEAK—MERE LR, B INGTTF AT, AT ZG R B4 R REHLIE S 100 N3
i % 515k, Hxix L BRI 3 PO IR E AR AT LI, Foh, B EOEE T 7 AR E NIk
SRPIARTY, B 5 1 R R AR i A SR A B e R 748 F I 20 & 7 R SRk AR i), S5 2 AR Y
KB p FE AR KT ¢ #5E R 3, AR A 5o 7. RAMER LSTM 1E MR I rp 4 2 9 A
LSTM &, BE&A 64 MM EAT. &5, 1 — AW B R AFEBE Dy — N AN BUIE. v T AP I, B
RIEE SN, BT B2 77 180K F AR [R] R X 28 G544 BRAE 3 U0 B, 75 W FRATTEE AR Hh 2 7 s A e e JIR 4545 22 1]
BAAHEAT 100 5238145, JFIR AR 200 TEMIETI p A2 10 3 PR 48 2R 1 5 1SR B 8 1, BB T B D03 22 0.3, 25K
9 0.1, PSRBT AR S 42 R R (B2, BE2K KN C WEN 16. 5 FL P2k (R kRv ¥ B 2R 8L, Ak AR Hm
AR AFERL RO /INME 23l B B D 1 A0 20, FERE—FRIRAE h, BENLA T ) 100 4> FEub hik £ 10% L2
5 7RV gk, FATE FHBENLAESEE T F% (stochastic gradient descent, SGD) {E AL 28 K HH BATHIFR AL, 23] K
0.01. 4 T EREHE 73 A0 XAEE, o B 10, Hoh, o BYMUE AR SRl 4 = B30l o5 2ol e o S b, Bk
B 5 Al S EAR BN 10%. H, o MEUE W] DAEHT R g %, B R HUEEROR, <P R vl & i & ka2 A
U Z, 4 R PR MR GT. R 2, 4 o MBUEL /NG, BTl & 15 B A IR, Jov2i 2 M A0 54 1St
fEA. B, EZE AW 225, BATE o WE 9 10, XAERERT DLARURYE o FI1EH, (5] BS SCREORIEE 5l By 3 =2 1 8k
A2 AR AR, e F 2, o B 10 B, TEILSTE AL T R AR, AP RFESZEE 10% N
e BEAARHHE BT AT. FEIX P S b, IX e K SRR P it RIS e H 208 5 P SRR TG VAR R o R R 2
4.4 LWHERKTH

AN [ (R B 26 07 RAE AR (R Se 30 26 A0 R AT 1 SR8, SEIR 5 IR AR 1. B R, R Zroim T Tl
PARERL SR TS 77 TG ISR O, TR v 08 AR A L ) i B 10, BRREANBESE R 4 tH B SHAER 10% 2L
PR R TR, X AR IS St HH 2 BT DA S2 1. e Ab, BT DUIE IS PR 5 p (9 {8 Sk el TR Y 70 4 R 70 vp iy
d L. R ERIE S A UL, BT 4 R AR o =10 FIE O AR, AR 1 T BUE B, F-ATH DuallCA
TERAN B AR IS P E L TP e AR T BTG IR 4 5 ik,

L1 AFETTEAERA AR L I RE E L
Milano Trento

Methods MSE MAE MSE MAE
SMS Call  Internet SMS Call  Internet SMS Call  Internet SMS Call  Internet
SVR 0.4144 0.0919 0.1036 0.3528 0.1852 0.2220 52285 1.7919 59080 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 22287 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 0.3481 0.0753 0.1062 0.3321 0.1810 0.2275 2.0719 1.1699 3.9266 0.7320 0.4543 0.9504
AD+MKrum 0.4342 0.0816 0.1158 0.3583 0.1867 0.2359 42458 1.7817 5.1978 0.9830 0.5600 1.1011
MAML 0.3472 0.0743 0.1051 0.3301 0.1783 0.2243 2.0515 1.1419 3.9056 0.7212 0.4432 0.9413
DuallCA-W  0.3565 0.0806 0.1219 0.3363 0.1841 0.2358 3.7893 1.2510 4.1231 0.8899 0.4658 0.9612
DuallCA 03164 0.0692 0.0912 0.3198 0.1710 0.2062 19183 0.9011 3.5812 0.7072 0.4201 0.8543

1 (%) 9.1 8.1 14.1 3.7 5.5 9.4 7.4 23 8.8 34 7.5 10.1

VE: 138 7"DuallCA 5 FedDA XS LU P RE 4 75

Bk, 3T Milano BUREME S HIEM BB IRS 3 FGLin &, A7 F 25 E L8 p R I B AT 7%
FedDA f§%t kb, DualICA 7£ LT 3 fh LR i S MSE #2550 58 4.3%. 8% M 14.2%. FIFERT, 7€ Trento
HPE4E L, DuallCA 7 LG & _FPEREIRTH O I, B3I T 23%, 7558015 AV E B 45 _E 1032 T+ 5 Milano %4
£ FARRL, 23008 7.4% I 8.8%. Bt MAE favnili 5, BARCGEMURA I MSE Wl &, (HR2TE 2 MNMR4EMN 3 Fitk
mE FVREEA/NIRTE. 7 Milano #E4E L, 3 FEL IR EHIETE MAE LI 7H 2.7%. 5.5%. 9.6%.
£ Trento i 4 L, 3 PR AR AU 25 M43 BISK B 3.4%. 7.5%. 10.1%. SART 5, BARITIE AR A LI
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H 10%, (HRALEMERE ERI—RARBORM, LIRSS SRR T TR A, 3 = N URIE R R R A i R AR R
PR AN AT 208 ). 5 HAth ) LR R4 5 VA L, DuallCA B4 A i R RA 2540 °F

B G5 3T 4 SRA9%: SVR AN FRKJE IR A FE 51 (1) LSTM ST3EAH b, DuallCA 15 FH ¥ 3h B 1 =X o8 4 1) 3
T B AR A . FIEF, DuallCA I T ARSI HEA [ 28 0L i 878 R o, BRI TEPERE B R IAiiR. 515
I H % FedAvg Fl FedAtt ALK, DuallCA AN T Pl #8425 o ik 1 K1 Bkl 22 T o o 5 0 A =X o B SR A T
SRR AR RNZ AGEE 1 Z R A . DuallCA 5 FedDA FHEL, (EUEFEANT EASR A E R KX . DuallCA Jax)
AR EE A L AT R, 2 5 I bR (3L 3 i AT BN LI B, B AR T FedDA J7 7 [RIE Y (1) 3L b
B /b, I D05 25 AT M L3k B 776 (10 52 il 28 20 SRR 170 0 . b, A R ASE 2 SR R A FE AN [RI B 3 )
R B A A, TR T S INUE R A T, 77 % AD+MKrum 78 % F& 7 B T e 5] B 3B g e 7 I 2o 2 b 2
TE T T e I (AT 2 4 ) L, (R PR TSl SRS I N 2 M T B R T B 2R . MAML ) FH 21 BE 28 1
BURBIEATIE B R A, AHXT FedDA KL BTt R4 THAUR A BR. [FB, SA 1 EDUERT @1 1 TR B e 2445
RUIREIA, 7E DuallCA-W HET T 5246, 45 SRR A i AR /5, A0 Tl 14 e BA 2 e

BeAh, AT 1 g BT LUE H, 5 O A R A L, JE TR 3T B S AT DUSEELE A5 A TN AP, FedAtt
FINTER AL, M e AR T2 M1 FedAve Hik. HE BT Z LR AR, BESE T &R HUR
FERIBR. T S 0B AP S ) 3 A T e e, S AN [ A ) BRI B SR EAT 1 BB, AR 1 R T L
E %, FedDA. MAML Tl 14 BEAHMEA. 1E /2, FedDA 543 U7 vk 58 AR, RIAESR I = 274U, T MAML AT &
W05 ) i S AR SCTE R, BRItk 256 BT Re AN 75 SR v D7 v, 9 SN [R] S A 0 TR 2 IR, FRAT T3 ¢

FedDA #EAT FUME A FLSLABXT LE, & 7 &7 T DuallCA 55487715 FedDA HIXf HLZ R,
o o 12°F — DuallCA — Ground truth — FedDA
E £
= =2 8F
2 2
0 n 4r ;
r% y \ < e E 0t 3
0 20 40 60 80 100 120 140 160 0 20 40 60 80 100 120 140 160
Time index Time index
2
) — DuallCA  — Ground truth  — FedDA © 4| — DuallCA — Groundtruth — FedDA
g 1k £
= =
S S
3 3 0f
o -1 - = - ] )
0 20 40 60 80 100 120 140 160 0 20 40 60 80 100 120 140 160
Time index Time index
%) 0 24 F
g 15t — DuallCA — Ground truth  — FedDA g — DuallCA — Ground truth  — FedDA
= = 16 L
S ot S
B T 8
515 5
0 20 40 60 80 100 120 140 160 0 20 40 60 80 100 120 140 160
Time index Time index
(a) Milano 4 5 I BEAILHE 5 1 T 45 R (b) Trento Hrdfi £ b BEHLEL (1 T 25 2R

K7 FME S B E R
7(a) A& 7(b) 73 B JE/R T DuallCA Bt HbJ7 % FedDA 76 2 MRS I 3 Fho2kift & 504 e 5 5
SCAB 9% 2. ARG 4R vh i Ja — FA O B0 PSR MR A R, WT DU H A2 7 A Bt 2 vh Je ki B 40 5 I 1) /7 51
K, EUHHARIL. VAR, £ Milano £df 4210 3 FICLI B H0E O T L, DuallCA #ERILH T 5 il 7 11k
RE, JUHAE AL AN L o I 55 B (O TN 42 FedDA SEIIREH. AHBLAC, X T Trento ¥4 £E, DuallCA 1EFE 5 E L1
TR PERE S FedDA AH 22 JFEA B 8. SRTM, A6 FL U A o0 fiR 55 198 e 01 2 AL 8 5040 b T 78 e 0 22 B DU A o I8
FEPE AN E 2 LTI BEXT LR AT — A BB 3L A 5, 75 %€ DuallCA 57558 FedDA 122 5| #5 th BLAE I B Ve
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AT AL, WEBWE A PRI ZIE LT AR, p Y T TS BYLE 4> RS 8 o BT o Lb A, 6P SR fr T0 14 e
S B K. I AR o (R R U0 R TS 2R o R R R R, S 2 SR 8 AN 9 Fia. P 8 R 9 rRBIfEAR T
BEAILE Milano F1 Trento 85 B p AR (0B (0 F0M 4 g A8 4k, I BAEH B RPE0 1FE S JER T MSE F
MAE 1RFr&E 8. p ZIIEEIN-0.3 £ 0.3, 5K 0.1.

B 7 ARSCHR AL, SEXS L T HAR IR LR T VETE p SUR I BTRE RE AL, Hoh, FedAtt. FedAvg. AD+
MKrum PL A& MAML J7vk BARBRALE T BN S 3), ER IR ISR AR, BT L AT 00 25 SR AE [ i BEALRD 1 1)
TR T R B T AR, HA B p 18T K A . 7E ] 8 Milano 4 4E |, DuallCA 15 3 T /MR ZE. [FIR,
B p H9 K, DuallCA #3211 MAE Rl MSE #7687 HUNA3EIN, &b T A A2 € HRA . 1IX 3R 9 DuallCA MEEFEA T
AR T TR, FedDA TESHT IR HIL T BIZ R %, H7E ST B ML o B3GR 015 3. 0f b AR 28 7
% FedAtt fl FedAvg, BT 8k Z Jo30 5001, B RNR 22 RO B AR, (2 T FedDA. 7E Trento ¥4 I,
FedDA W31 ., b 7 4815 T, 75 HRil A b AR 45 i b B AR 72 52 p SR, 8 T FedDA X Sc50 kiR
MR P 5 . T DuallCA WA J, FEAR AL TR IRAS, 52 p MM /N, 25 B A ml J, ZERR b i A S 56 iR
oA TR M B B 2 A IE T AT PR SR T, DuallCA H1 FedDA PRI JFVELE RS NN T 5636 50 IE LT, A SEI6 25 5L A
3T AT LA H FedDA RV RR 32 S50 K1 IR K SR, T DuallCA JUTE A BT /)N iR 22 1 1% 0 B A T AR e
KA, BT HAMEELR 7%

L FedAv 048 FedAv,
037 0.240 f TR THY
036+ | Bt 042+ B/t
o e 0.225 - DuallCA | . & FedCA
&) 035+ ‘Fed‘E)/\ o B S . i
3l SHRET ) Soaiof 1 3
' R ! i ] 030} ]
033 10195
———
032 /"‘//'—7 1 o1sof e — 024 f i
03 <02 0.1 0 04 02 03 03 02 0.1 0 04 02 03 03 02 0.1 0 04 02 03
p p p
045 — - & 0.16 ————
FedAvg 042 FedAvg
0.42 e 0.14} T T
- ::gﬁ"‘\ i ;\\A‘%t\‘q’\i-l(nlm 036 L 1 &%{{Y‘}E-KI\IIY\
s | L 0.30 i
039+ < DuallCA A2 1 30 ¢
8 8 8
=036} 1 <ol | =024
018}
033} ] 0.08 f——p———t——t—t—rgrrf
—— : 0.12 | H
030 o 006 s > S————
~03 -02 0.1 0 04 02 03 ~03 -02 0.1 0 04 02 03 03 02 0.1 0 04 02 03
p p p
(a) SMS (b) Call (c) Internet

K8 £ Milano $dls 5 - p X T 1k BE A 2

9T AR [ R R O 2R B 2, S A R R BURK I [, AR SCHR R T LIRS, Ser AR A
BT AT RIARAE 2 G T AT IR SR 72, Jorh, K/ C Y T IRA S 5 2 RN IR A 12 A Y
B K. PRI, C (R AR 2 5 M o SO B2 (1 TR0 14 8. A 7 R0 SRR/ Al 52 DualICA F T 8, TEA R
R R/IMEBL N BT 7 5256, 4558 W 10. B 10(a) ATE 10(b) 2351 7R T 7 Milano 1 Trento $3E4E b 1Szt 45
B RN FEERLE 3 PN, B C=1. C=16 f1 C=32. H i, C=1 SR RARLLEMN. 7T LLEE], C HIkiExt
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