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Abstract

To address the urgent need for localized demand forecasting at warehouse nodes in e-commerce sup-
ply chains and the data privacy leakage and high latency problems faced by traditional centralized
forecasting methods, this paper proposes EdgeFL-DP, an edge intelligence-driven federated learning
framework for e-commerce supply chain demand forecasting. The framework deploys time-series
prediction models on edge warehouse nodes and achieves collaborative model optimization through
federated aggregation without sharing raw data, thereby improving global prediction accuracy. Spe-
cifically, we design a dual-branch predictor combining LSTM and Transformer architectures to cap-
ture short-term fluctuation features and long-term dependency patterns respectively, a weighted fed-
erated aggregation algorithm FedAdapt that dynamically adjusts weights based on locally reported
data quality metrics and distribution characteristics, a differential privacy mechanism for gradient
perturbation, and a Top-K gradient sparsification strategy to reduce communication overhead. Exper-
iments on simulated datasets based on real e-commerce scenarios demonstrate that EdgeFL-DP re-
duces RMSE by 17.8% compared to the centralized single-branch Transformer baseline and by 23.6%
compared to Centralized-LSTM, with the dual-branch architecture contributing approximately 6.0%
and FedAdapt contributing approximately 7.6% of the improvement. Data transmission is decreased
by 87.4% and communication latency by 65.2%. Under a privacy budget of € = 8.0, the accuracy loss
introduced by differential privacy is only 3.7%, benefiting from the noise averaging effect across mul-
tiple participating nodes.
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1. 51§

BEA& TR S R R, SRR BRI AT PR . 4 Statista ZEiT[1], 2024 EAERHR
FEHCIARNY 6.3 JifeET, FEHEKY 9.4%, HEREELHM) 20.1%. PR HFFEHEKREE S M
AT (4t R 5 ) i S8 TR 55 R P A R FE B M T AR S I R o R SROTINAE Do (it S B A AR O BR YT, LM
T PR B R M A7 R e e . DI I P T B o AR, AR G B v 35 SR T 7 92 T s = G B
Hi: B, K OREN 5 I AR BRIV R A O IR 5% R AT AE T A BE B R RS, e AR B X K
A IMES R T B, WEEWE AR A AL T S R 2 A R, A DA 2 R 3 B N S
PR R: =, A XIR)TH PR A 7R 53 RO A ik, B R IR 4 R A5 2R LIRS il e bl %
Hiu P AR MY 75 SRAFAE o

BGAT IR N B ) A 1B e R (2], BRI RE ) N A WL I B i AL
AL, AT LB 1 AR Hh Ak AR BRI SR A R o S 2 SR — M A LA A 2E 3], RirEANS
5 AL Z JFIEEAR I RTHE T UMEII A2 /AR AL, RAREA M fE N % 2 17 b Rl 253 5% . 2R,
FRIEFHR 2 2T N T I G A5 B R = SR PO AT T i 2 Bkl L & M RS URA B . %717 s A)
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Y& 73 A A7 AE Non-TID R DA FRRA PRAPHILA 51 FRO R P 68 F 58 PR J5E -

EExt EiRBRR, ASCHEH T EdgeFL-DP HERL, EETTRAEIELLT =4 H1H:

(1) Bk T — P53 S TR A, 454 LSTM (15 7% 4 3R A8 /1A Transformer (114 i
BERE ST, MENAG RAH 2SI 8%, AT 1 /5 RIU AAEas PEAT S B

(2) $#-H1 T FedAdapt DIBUHAR & 5%, M S 0FAl &1L 501 i BR800 B Got- 4R bn Al oA
FROE 2L, BOEN IR R GE, ARG T Non-1ID HHE 73 A X R 27 > WS (¥ 57 T 20 o

(3) I T AIECE R ZE 7 AL, G AERE R B e e A s S OB AL DR, TR 45 &
Top-K 6 FEAR R AL S FEAEAE TF 4 o A 2279 IS B P PR RONE, 8 DRAUIE B T AR ) P A 242
TR, RGN T FRAATUE S A0S TS 2 18 AL BU G &

2. XTI 1E
2.1. BB EEERTN

5 SR T 2 (L B A B AT AL O AU . AR50 7750 ARIMA. Fe 5P S G0 8 AR TE P AR
I[P 51) R R AT, AHME AR R 5 T AR R MRS S A T R Sk e o 6 L RS 75 SR T 4ids, [
WEEE I T KREW . ZEAZ[41FH Granger R SRAG K5 XGBoost Sy T B i i i s 2Rt
SIS VEEXT B 245 Ha i T 5 4 L E R AR S I K (1 SARIMA 5 XGBoost 44 TR RY , ] 2 %4 25 [6]7E /IMEA
AN RE Z SR PR M B R P S R TSR, SRS B BT R KR A R A )
ATRIMAEERL; FEIT HASE[8]45 & W 448 B AR 5 IR F5 4 28 X 24 T Ak 2 o 5 AL, IR AER, TRJE
S1J5 AR FE T AT A T S 1 33 2 [9]. Hochreiter 25 A [10132 H () LSTM P 2838 1 | T3 AL 1) A R
WY KR e, RN TR R 72— Vaswani 28 A[11]HEH ) Transformer 28K FEf5 H
VERINUHIER R A RS R 77 T R I H BE 0%, Zhou Z5E A\ [12]32 H Y Informer 3 I BT & /1L
HlHE— B3I TP AR . Salinas % A [13]32H 1) DeepAR 8L H [7]J58 A  £6 S IR 2 T ,
Rangapuram %5 A [14]MPERRAS 2 MM SR FE 22 S MSE &0 SR, B 5k 2 RAE g, 78
KOl B FAFA 73 A7 20 8 5 AR AE B A A2

2.2. BXFBES]

A 2% 2] tH McMahan %5 A\[3]T 2017 454, ko0 AR 1k A0 R F5A 7 E AR Hh I 2R Y,
A IE R S 4l 5B AR 4 R AR . FedAvg SN AR 4 SR BT SR A S, 38 3t 3o 442 7 i
B ZH IS 2 R R G R EE NS RRLRR THIRY I & SR .

SRIM, PS5 rh 8% P S IR B0 0 A A A 2 80 Non-1ID Rk, 7™ 5 SLMA PRI 27 ) (e Sk fn 4 =
BAKERE o ERX — R, IR FE EZEMN LR AR R 2R R T -

(1) IEME LR T, Li 22 N[16]#2H FedProx, i 7E A H A bR B0 8 0130 i T 240 R A 3 B8 397 i
B A R INR S, 2827 Non-1ID S8 uii A% vl /. Li 55 A[17]32 H MOON i B A% Lk 27 21 2
IEAHBEEH /7], Li 258 A [18]32 ) FedBN 3 id & &4tV — P AL BRARAE 70 A1 25 5%

(2) J7 4R 586 B K 1E J5 5 « Karimireddy %5 A [19]# ! SCAFFOLD, i i 5] A 4% i 45 & (control var-
fates) i TF IR IR % P o B 5 4 JR bR B2 2 [T 22, AT s sl . Wang 25 A [20]32 ! FedNova, @il
IH— 1P B A M 2R B EOA — B2 2300 B bR w2 -

(3) HIENMEAEME . BRI B NARAL H bR Esbh 5 A% E 1) A FE RO Non-1ID [l @, (HTER A
B B AT R FH ] 7 st 5 EE B AR A R 7 PE S, SR 78 70 M FH 2% %5 P s ) s o A3 B A 0 AR R . 3820
TAEERZR 7 T BEARABLEE (R 52 AR ALLBE ) B B S AL B TR S s, (FUd A B LRI — IR R .

A SCHEH ) FedAdapt 50958 158 = 28828, HAZ O/ T IR SR A 80 = . B0l g & A0 40 A A AL
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FE =ANYERE ()5 BT HEN B AW E . 5 FedProx. SCAFFOLD 8Bl 48 s A bl 25 B AR ek
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TR A B o B B0 A i 22 B KT s R SR T s, R LB B TR, W DABR GG . SRR 3 —
Y i (G B 5 e s AR DL ) Y A 1K 5 VA B, FedAdapt 1) 22 4 BRSNS 76 B8 i R 2 A5 1 L
P AL I 37 5 P LA B SR AR R

FEAE N BEATIEE, TEFR ST AN WAL T RSB B, B AR 2 Sk dlad b 5 EAS I A S AR A Ak
B Stof FEL R 5 SR TN (O B ARG B =

2.3, B ERESERRAR

DR N T B SR T R ID 5 %, SCPBUE (K I AL BN SIS HET (2] 76 BRRL R 7
i, Z5rFaAfhH Dwork ZEAN[21132H, EId 7F 251k &5 S ol i 7Y 50 5 s AR v 75, R (L T 1) B 2 B
ARBE. Abadi 58 N[220 Z 0 BB FA G IRE 2= )it fEgs &, e T DP-SGD %k, 25 N [23]3
T AR R SR ) B SN B RN A R 2 2 Uik, B B ARSI R4 S N
A3 B FARL [F A B S R4 S RS FA R PR RE . AR 1M, BNA TARED eI I N5 B R 22 S R FA- 2K
R - KGR A, A B RN TR S
3. RERMETA
3.1. R EEH

EdgeFL-DP HEZL R 4 248/ veit, i 1 R, B8 =AZER: L& AZE. BERSERMMN A
WK Z o 1B )2 AR EAS M EE X3P K AN fl/ACiE s 4L, BANY Ak P78 A b D st 4 B 500
£ Dy, HFEE R BN IR . BA RS Z DTRG0 s b A BB BE TR B, $AT AL
BHRE, ERERBHNSHHA T RER T S MHARKZR TG RN EAEHE. (N RE YR
W R S S R .
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Figure 1. Overall architecture of EdgeFL-DP
1. EdgeFL-DP ARG ERZEH
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A, ZE

ARG TAEREGSU TSR (1) PoRSSVINLERBERSEOM KB X UE T RG 2) BT
FEAIEE EHAT 2RO N EEIZR; (3) A&7 R ASHUEE AR PATHBY . 2270 B AL IR A5 R INAT Top-K
Mg e LR GRS 4 (4) BERSHHAT FedAdapt MBZKS A BB R, (5) ERPE
QE@HEEBMWEL ZRRET R IR EE U6 2 IR B A B AL T A, (L 22 70 FaRL PRI AN B AL
MR EL(E B2 560 ml s, MHLEIR mOREE 7 Hafath 2 4.

3.2. W43t FF MRS

ARSI SRS B LSTM 43 (A1 Transformer 43 SCALRE, v & /7 b & B SE B0 B A
T, HEHE 2 s

LSTMS X

(2L,dim = 128)

IHERE
L PNEZT) v R
g = oW [hi;ht]) HBHE >y

X = {xL...xT}

Transformer 53
(4L, head=4)

Figure 2. Structure of dual-branch time-series prediction model

2. W5y X AT TFUNAE BS54
LSTM 4332 A h & 117 sBEIRGE T AR A IE T8 X = {x, %y, x, | {EASRIN, Hh&A
(AP RHE I B S s (R85hni HIARHECE S, At W HFRC)S d 465 2. LSTM
BT RN TV T BT S LR R RS, HA O RS R R
f =U(Wf ~[ht71,xt]+bf),it ZG(Wi -[htfl,xt]+b"),0t =G(WO -[hH,x,]+b0)
Transformer 73 3K At 28 4549, IS 223k B R IHLER ST 21 oA 5 AN I 1a) 22 2 (8] (R AR 0%

o WNFIIZA BRGEIEN L Zgfdasdt, SNBSS 2 ERNRMARME R, Hkd
WRFEEEAZ AL AESEIRTHE A XN

Attention (Q,K, V) = soﬁmax{?/lg J 14
P73 S E R T 22 ST T RS HLREAT 8 S . i LSTM 20 SC % N i, Transformer 7332
Aty by BEE IR
g=o(We [h:h]+b*),7=gOh+(I-g)Oh,
Hrb g NIERE, O NIZBLRIE. %I U] SOV B & RBP4 70 SCRO Tk 4K 51 3h
FAERONEE IS, LSTM 73 SO B i BUE s S R 35 A0 2 )R RO E Dy EE 20, Transformer 7332 [ 57
BRIE Ko Rl J5 AR TR0 4 12 2 WS g i 24 (0 5 SR Tt A2

3.3. FedAdapt MNEX IR EE %
145 FedAvg BRGS0 m s B LB T R G, REEBIEFREM M ER . AXHEH FedAdapt
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Bid, MR LR EVEAL & T s SO EAR S R ST R AR M AR IE A 2, SRR A

i BRI AL, & R LR R G R R (SRR L B L] B RS MR YR AT R 1L 2

(U AESME AN Ty Z ), ARG A 5, DR RE AN OB 7 > 10 s B i B )
FERRIBIBEET, 1Ak FREPEE o =AM FHRE UGE: BB T nd/N (N A EHE &),

BRI T g GET 7 1 mUARHITH R R BR R R IS 1EAR), B MR R 1

8 = exp(=Dyy (P, || Pyopa)) Fe o KL HEEIHEIE &35 5 EARKRFAE A 0 2 5 R A T At 5 2, %48

ety DR A B 42 R 70 AT S i AR s AL A5 ) . Bk it 5 A 20N

ay =s0ﬁmax(ﬂl '%"'/12"]/( +ﬁ'3'“kj

FEAR Ay Ao 2 T VRAAS B, T4 = B 7 (AR 3 BV A R iy BT A ') = Y, w1
T A A 2 L 4 R O A B BRI (0 A SR i R AR S B Sy, T R B A
5T B AE AN Non-1ID 73 A7 6k 2 JRi A AR W SO AN R 520

3.4. ZESRAERIFS

N5 AL 2 5 07 TR PR A0S e T SR AR K, AR SCHE T R B AR EZ TSI AN ZE D B R Y
FARTE, R S X6 B AT e F ezl . ERRRE A SRS R, TRl & 1 SEXT BB RE AT # BT LA
PR ] BB -

. . ( C j
g, =g, min|l,——
Il g Il

Hrp CONEBTBIME. BERRNEDIES: g, =8, +N(O,02C21) o MEFEHRAEZE o HIBALTIER & RIBSFA SR
Wi o SLml o . WRAE S LI ER L 204, 76 T BIBRIIZGF, RG0H L (e, 0)-Z 0 FRAVRIE, HAm
FEURA TR B 1 40 24 J7 7% (Moments Accountant)i#E 47 F5 A8 £ [22] .

Ueah, Rt B EGEE T, ASCERRE EAL R R A Top-K M v REg, BI#&77 miA EAERR
FEAERHE R IIHET 15%7 B ARG, HRSPERMET —RIEE. FERHKZ, MR EEg
FININZ JE AT, MG ZE 0 BEAL K 5 Ab 3 52 FE (Post-processing Theorem), X1 /& 2 43 B&AA H 4 HH 3E4T4E
T E PE BB LA 3 AN 2 B ST BRALPRIE,  DRIEZ SRS ANTE W (e, 6)-22 43 BaAL A R (2170 AR ST 3 3 H%E
R RS HEL N 76 JI(LSTM 4r % %) 20 JiZ 4L, Transformer 73324 52 IS8, @& 2 Emt 24 4
JiZH), SN IR GERERE K/NZ) 3 MB (float32). % Top-K #igifba, ST M5 LA E &4
4 0.45 MB (% % 51 TF4H)-

4. LTS RO
4.1. BiEEHE

T A LA R A R I i, AN SCHE T DU SRS A A TR AR . B 8 AT s O
AN AR X35, AR AR 50 N SKU Sh287E 365 R HAAY Bid %, JEit 146,000 & FEA. %L
A I PR EE T DA R SRR (1) SRR AT, B SR AR AR R Q) ZAME
FIPERLSY, L TN RN (B R WA R F B ZE T (T AR B 8 s (3) fRBSHARem, BENLE AT
BT R BETE R (4) DX, ASIR Y s SR 5 P R R AR A A R
PIAEFL Non-IID 534345 o

KR 53 R I P13 506 1T 270 R(Z) T4%)ERIZREE, 271 & 330 R(Z 16%)1E NEiEs:, &
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A, ZE

J5i 35 R(Z) 10%)E MR EE . SNE DK T 28 K, FRINE AN 7 K.
4.2. SCIRE

LSTM 7% EB 2 B E, FR4EE N 128, Transformer 703K 4 EHwmiDds, FEJ1LE0N 4,
RIRYEE AN 2560 BALSSHELIN 76 JTi(VEN 3.4 1) BRI E E 4 RIBERECH 100 #, B AH
Wk 54> epoch, #2J%°4 0.001 (Adam fLAt2s), B6E FAERA Top-K M fL(IR B AT 15%50 ). Z57FR
RSHEINKE R ¢ =8.0, =107, HHEKEBEME C=1.0, XINBEESH o~ 1.2 (ELFESTT
%1t 5D). FedAdapt BIZHKHE 11=04, 1,=03, 13=03.

7045 (1) Centralized-LSTM: £ R LSTM 3£4E; (2) Centralized-Transformer: #7412, Trans-
former 3£#E; (3) FedAvg-LSTM: b5 if FedAvg + LSTM; (4) FedAvg-Transformer: 5 FedAvg + Transformer;
(5) FedProx-LSTM: FedProx + LSTM; (6) SCAFFOLD-DualBranch: SCAFFOLD 75 Z45 K 4[19] + A&
R A s (7) FedNova-DualBranch: FedNova JH—b R A[20] + A SCRUo AL . J57(6) ()>RS
EdgeFL-DP AR I 5r SCAH2E 31 2%, DA RS EUAUR IR 5 SRS 1R 22 5% TR ZE U0, dEvh Uk 4k
TIER B4 SOBRY R, DA FT ok SR AR AR i G 1 R S e . AR SCHR R R4 S il
R B NG S B AR 2 2] 2% R R R R R X SO EAR S L B bR . AR
AU, Y Rl S0 E e 6 b By SR R S e R A (MR R 2 R, A TR AR S S R R A SR £
HE BT PP TR R A RMSE (B 5 %) MAE CP¥40% %) MAPE (CF-H46%t 7 3 b iR
7)o PSR E T 5 RO IME Bbr i 22 DU R &5 R G vk S b

43. TESHER
X1 JEoR 1 & T IRAE A BTN REXS EE .

Table 1. Comparison of prediction performance across methods

1. BFETUM M REXSEE

Tk RMSE MAE MAPE (%) EEEMB) FEIR (ms)
Centralized-LSTM 45.82+2.1 3217+15 12.34+0.9 2840 1520
Centralized-Trans. 4256+ 1.7 29.83+13 11.07+0.7 3120 1680

FedAvg-LSTM 4123+1.6 2891+ 1.2 10.68 + 0.7 456 623
FedAvg-Trans. 39.87+1.3 27.62+0.9 1021+0.5 512 687
FedProx-LSTM 39.15+1.5 27.08+ 1.1 9.85+0.6 468 641
SCAFFOLD-DualBranch 36.08 + 1.2 25.15+0.9 9.18 £0.5 392 558
FedNova-DualBranch 36.52+1.3 2548 £1.0 9.31+0.5 365 536
EdgeFL-DP (&) 34.98 + 1.1 24.12+0.8 8.72 + 0.4 358 529

HZ 1 T LA, ARSCER K EdgeFL-DP £ =AN PG FEAR bR EI T Fra st tborid. S msy
¥ Transformer 284, EdgeFL-DP ¥ RMSE M 42.56 F#MK%E 34.98, F#IEiL 17.8%; SEEHRHN
LSTM 44, RMSE [#IRIE 23.6%; S5t EAE 7 i (FedProx-LSTM)AHEL,  RMSE F#{IK 10.7%.

BRI, EdgeFL-DP AHXT T4+ sUE L I M REAL A AR IR T D 2 S AR S AL T 2 p =01 4
MEZANHFRMLEERI: H—, EdgeFL-DP K T WU5r LAl A28, 1 46 SRR R F 50y S 28
1, BRRRILREIIAEAEZE R, RIS 4.4 A7) B — RN TTER T4 6.0%M) RMSE FfilE: =,
FedAdapt 525850 H & ML E %, 7RG RAEEEIE R 1 & SR otk #0120
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e, ZE

ZECRA SRR R, RS SR HTTERZ) 7.6%0) RMSE [l . thah, FRA1E B RE 1855
B FRARAA (1Y LSTM 4332 + FedAdapt, RMSE = 38.46) 154 T % B () 82 v 2K 84 43 37 5 28 (Centralized-
LSTM, RMSE =45.82), iX— 7 ] Gl T BRFRHELE T 22797 s 808 2 AR ME TR AL AL AR B B e, (R 7]
RE 52 BB B AR 1 (51 AR 3 B DA A A O R s, PR SRR E R I fEift— DI

TEIRE SR TTH, FEX B uRE Top-K MBi b 5nE % H 1 oimk. &5k b a4
JRAGEHE, EAEHE N 2840 MB. BXH T R AL TEEMEZ) 3 MB, 8 AN AL 100 a4
2400 MB, AHELEEH A k2T 15.5%. Top-K Wb A6 715 AL B R4 £ 2 0.45 MB, L& %
% 358 MB, AHELARFHALRIECH Rt — D0 85.1%. 454 KFE, EdgeFL-DP fEfim A%
ZI 12.6%, B{EIEEFFK 65.2%. N HRGHEM TG FedAdapt 286 SRIE AL, A SCHEAH R X3 SR A
ZER TR T 28 Non-1ID &8k, 458 3%, SCAFFOLD-DualBranch I FedNova-DualBranch 3%
ZR T RHPRUE FedAvg XU S8R, B0UE 1 % [ 144 Non-1ID 7] @ i 58 & S M (A 8k . SR,
EdgeFL-DP i — 54t T SCAFFOLD-DualBranch 3.0%#1 FedNova-DualBranch 4.2%. 1X /& [X &y SCAFFOLD
T I 7 ZE 4 oA B A P A 2  FedNova JlId 4 — A6 BR AP EOA — B, w25 X WAL JZ T 22 % Non-1ID 52
Wi, BRI P 5 ) B B0 o 22 15 B . FedAdapt 383 [N 2 & B B . BE i B A0 A AL =4
YEFEHAT BIENINAL,  FEHE T 5 2 22 AN 55 1) FRL R AR L 7 s v R B0 LR B SR PR R

4.4. jHRESCIE
RIGUES A I DTER, ARSCR T T RRERES, AR 2 FiR.

Table 2. Ablation study results
2. HAKIEER

Ak RMSE MAE MAPE (%)
EdgeFL-DP (554X 34.98 + 1.1 24.12+0.8 8.72+ 0.4
¥ LSTM 4337 (% k& Transformer) 38.46+1.5 26.87+1.2 9.89+0.7
¥ Transformer 433 (2 LSTM) 372113 25.94+1.0 9.52+0.5
FedAvg %1 FedAdapt 37.85+1.4 2641+ 1.1 9.71 £ 0.6
ZERZES A 33.72£1.0 23.28£0.7 8.41+0.4

THRSEIGEE LR (1) o RA G LL B — 2 SO R T R IV REIR T, BBk LSTM 438k
Transformer 733 73 53 RMSE _ETF 9.9%F1 6.4%, iEB 1 PR A4 248 3R ) R8I 4440 5 T ) L
M. (2) FedAdapt 28 -& HEAH LUARTE FedAvg BRI T 7.6%MH RMSE (M 37.85 [ 242 34.98), Uik | Hid&
LA E B SRS /E Non-1ID 375 F A . (3) Z o RANLH K5I T8 RMSE X 7t 3.7% (M 33.72
F34.98), KHTE ¢ = 8.0 HIFRFATE T, BRAL LRG0 TS BE I oA 2 42 1. L6 KE, TERRFRHE
ZRNFER, XUy S BRI T e A B9 S (X Transformer) Tiik 12 6.0%[] RMSE B&1%, FedAdapt #%}T
FedAvg TT#R 1 %) 7.6%1) RMSE [%1E, W& LEM R | EdgeFL-DP K% O PERER S . |EEREMZ, b
R TR E S AT LE BRI SRAESE Y AT, TR L TE v LA W B IR 53 A B AR T & b RN 2R it 5
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Table 3. Relationship between privacy budget and prediction accuracy
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Figure 3. Impact of privacy budget ¢ on prediction accuracy
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Figure 4. Comparison of federated learning convergence curves
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Figure 5. Impact of node count on system performance
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