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Abstract: Computing power Internet of things (CPIoT) integrates Internet of things (IoT) devices with substantial compu-
tational resources to support data-intensive tasks, facilitating intelligent decision-making. Within the context of privacy
protection requirements for CPIoT, federated learning (FL) that is a distributed learning technique upholds data privacy,
and offers a novel approach to addressing data silos for executing complex training tasks, and training large models.
Although researchers have been committed to develop more mature federated learning systems to adapt to the CPIoT envi-
ronment, current research lacks in-depth exploration of the strengths and limitations, technical features and differences,

and support and applicability of federated learning system design techniques. Firstly, the most influential federated
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learning systems in the industry were studied, including open-source frameworks and benchmarking platforms. The sys-

tem design differences in various technical dimensions of CPIoT in an in-depth comparison were analyzed. Detailed crite-

ria and recommendations for selecting open-source frameworks and benchmarking platforms in the CPIoT environment

were established, so that developers could efficiently choose the most suitable frameworks and platforms. Seeondly, vari-

ous experiments for selecting federated learning systems and building complete systems were presented in multiple

CPIoT scenarios, to assist developers in better realizing federated learning applications by utilizing the aforementioned

technologies. Finally, the current state of standardization and development challenges in the field of federated learning

system design were summarized, and future development prospects were discussed. The purpose is to provide a compre-

hensive overview of FL systems and the design research progress, serving as a reference for the deep integration of CPloT

and FL networks and offering insights for future research.

Key words: CPIoT, FL, open-source framework, benchmarking platform, computing paradigm
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A PrimiHub HEZ S | AH RS

FERE AR EE G R, LA, FATE. Feder-
atedScope. PaddleFL. PrimiHub. Rosetta. PySyft
SEHEZRAE B A ORAP SR 7 T AT R E IR B T 5
M. AHLL T AMESE, [H N FLHESEE 8 N
BR 22 7 B AL Z AN R AL OR3P SRS SR 4 1 BB 47 0 52
Fro TENERME, SRR N E R E
FaAAfRY MK, W FEDnAESE. R, fEfd XL
HEZMEFL RGN, JTFAH T 2 B A7 LI R TR
AN

x5 HEZRRAFARIF SRR XS EL
HEZE A FR ZEGr TN Eri e oan g A& TEE Fof
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ML RFAE R LS 4> (oblivious transfer) DH(diffne hellman key [ 25 I 75 &
BEWL B 7 B exchange) \Feldman Vss(feldman verifiable
secret sharing) #/33
FederatedScope RiEDP API PEHEF IR L I R A )RR SCFF Paillier 55 x  TE T W g
IS
PaddleFL DP-SGD 5% SCRF ABY3M =5 g A i SR x x -
PrivC* g 77 S Y

Mindspore g 75 75 2 F1 SignDS YRETZHRETHENZERETE x x -

Federated TE

PrimiHub DP-SGD 3% Y ABY3 . crypTFlow2 . cheetah 5 L Paillier N# 7%V LHEPIR.PSIAN

Z 5w AL EHURFAIE TR

SecrectFlow UK e HFFSPDZ i X FF Paillier\BFV . x -

CKKS.TFHE.
OUKF %

FedLearner x SCRRE TR LI 2 T AT X HEPaillier % % % -
FedLab X x x x -
Rosetta x 2 HF SecureNN =75 22 4 W3, £ 5 = 241 x x -

FENRUE B MY Mystique
Fedlearn-Algo X X X X -
ONFL X X X X -
FedML(FedNLP) DP-SGD %12 T WEIEINZ T w A SCFFRSATNE TR x -
Flower DP-SGD 532 x x x -
TFF DP-SGD %12 x x x -
PySyft DP-SGD A1 PATE %4> X FFSPDZ YFECKKSME TR x -
B AL
OpenFL X FFK H Opacus 1 £ F x x x -
Z24y B AL
FEDn x x x x -
APPFL S7#F Laplace ML x x x -
FLSim L T % x X x -
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B SCREAE SO, X FRHELL AT 1 AW AL
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BeRE . fE LLADENAESE S, A7 8 MEZE SRR AR
W, R 8 M HEZE SRR Tl AR TifE 94
FEAMEZE, A HESRER SR AR FT, (HACH 44
MESE S HE Tl A= X L DL, 7R R A
B SCR R b, B N ATE SR FLAESEAH 2 . 2R
MM, AE DM AUR SRR b, B AESERS
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ZRAE TV AE PG AF 2 1T R R AN SRR . i
AN —LEHESL, U FedML, 1EiZ#i R kA= J7 1A
K JE . Flower. TFF. OpenFL. FEDn % £ 22 3: %
T2 AR

*=6 HEZR T 55 ARG EAFZE L

ERIZEFN
HEZR & Fi
- Tk A P
FATE NN SRR T A N E T AT
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Scope
PaddleFL ¥ AL B 1] )
Mind:
EPOTE GO  E H
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PrimiHub v v PrimiHub JFJ A% . PrimiHub £ \V A7
SecrectFlow v J TAPATHE AL T2 20 B B
FedLearner N x FATBRBNTH ) A A AT AL R
FedLab X N -
Rosetta HESLLE FL 4045 (1) & JBATI(E
Rosetta X N .
v
Fedlearn-Algo  x N -
9NFL Vooox g E e R AR
S T ML AR A, S RE A b
FedML v o - o s
FF R IR 3 4 P SR [ s T 7%
Flower X N -
TFF x -
PySyft Voo -
OpenFL X N -
Reducer-Combiner WX 25 3¢ iH45 & 1 4
FEDn NN i N , -
b2z 4 ThiE B 3 P T 2RI
APPFL x A -
1 FedML [ NLP T-HEZL N 22 A
FedNLP NN e
TF AN Tl A 77 5 A
FLSim x -

ER AT, —SiE AFEmL RS
T T Db B R U )RR L. 940, FATE HEZE
X HE R R4, Mindspore Federated A1 ONFL £ AE
P N S T I I O S Sl S R 2 TR G R 2L S < W]
FedNLP &4 T H A S ab B4, Jf B v LUK
FedML AESESCHLAE TV R 7 ()8 . X HE/F R
NFERFRME T G R, H A IPE 1A
[F] FLAE R 70 25 ST IR i& B o, JEAREAT 45 75k
WA EMEE KW EFL R % . B, JTFRET
DUAR R [ B 75 >R 5 b i 8 58 FH T4 52 40U I AE 42
KA FL R
2.1.5 #Ef34E

EEX FIRMEZS, b5 EATT RIS A Sy 3T
T, AR IR A IR RIS
15 J S DA % A% 75 52 4% FL W 2% 4 ZE A3 3 /S 7 T
AT BT 3 B T AR e HE 2R 2 [R] fR 3815 g
ZE5p . MEBLE SR SR LR 7, @i b gt i aT
LA, 78 BiRHEZE T, BR T FedML. PySyft Al
FedNLP, HAth FL AE 22 #RAN SRR H 5 LN 2% $ 4 o

x=7 HERIBISRESIXTEE
[EEEIEN N FL k4%
AR e R e
FATE X gRPC,HTTP/HTTPS X
FederatedScope x gRPC X
PaddleFL x gRPC,Gloo x
Mindspore
Federated : rer.HITe :
PrimiHub X gRPC X
SecrectFlow X gRPC X
FedLearner X gRPC X
FedLab x Gloo X
Rosetta X IR E BATSE x
Fedlearn-Algo X gRPC X
ONFL x gRPC x
MQTT+S3,MPI,
FedML N NCCL,MQTT,gRPC, X
PyTorch RPC %
Flower x gRPC N
TFF x gRPC x
PySyft N gRPC x
OpenFL X gRPC X
FEDn X gRPC,HTTP/HTTPS X
APPFL X gRPC,MPI X
FedNLP MPI,RPC,MQTT X

FLSim X Gloo X
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Ak, TEMZE PR ZERA T T, A Flower #2417
CEIMZERN SCHF . RIS R Ui S R 71, gRPCIH
B UCR SRR R V2 1), R HELNE S R 2 Flud s
Ja i iR . Hod, FedML 4B (S )G b () 57 Fr
FhiR 2, ZHEZESZFF MQTT+S3. MPI. NCCL.
MQTT. gRPC. PyTorch RPC 252 Fiuifi {5 Wil o
2.1.6 FRIEZAREFIIER LS

FEZEAE AR G5 @ AT R FL R4 T K,
RNGAETF RIS 13 RS0 758 T A 2R () g RS
BRI KA ZE SRR SRR A, X
AJ DA BT 3 R A M B AR ME SR (R $E e 8 4, DA
EEMELEM AN, JEE s A ARESE . HE
DRGmARTE 5 AR BE S ST HE S S RIS DX L LR 8,
AfLUE IR HESLES SCHFAS H Python S FE15 & i
17IFR, Hr, FATE. Flower f FEDn HE 4234 $2 {1
T Z2MITREES M. 1EKZIRE S ST HESE
SCFFJ7TH, PyTorch #1 TensorFlow s& H 1 =5 Uit 1A

E SIHESE, FEFLAEZR SR 7 2 SRR, 1M
—UEHELE (41 PaddleFL. Mindspore Federated. Se-
crectFlow) &2 T HALTHE ST EN . 2
ERE M A, FedNLP Ji 2 52 #F PyTorch, {H 3%
TensorFlow, K ¥ &% # 7] L %2 Fa 1o 52 31 Tensor-
Flow 32N . &3d %, FATE. Flower #l1 OpenFL
HEZRAE R J2 IR L 2 ST B SCHF T N T R B #R AL T
BOAEERIRE . ZRE SHELER RIS T S A
JEJZ IR 2 S HESR K SCRFIE S, FATE Hl Flower HE
BAESLAESE R A T e A
217 HFH XG5 LH

AR T BB HESE 150 F 77 N5 R SRR,
FEdAT TR L. XS b, AT DR YR R
PR R E R R AE S, N FL RA WS et
5], MEZEEE T NG SRR LU W 9, AT LLE
H, FIANEZRERSZFEAE Linux #1E R4 LB, 1M
/b HOHE 4238 32 FF AE Mac F11 Windows #:1E 5 4t _F &

=8 ERRIZES MIRE F JIERIFE R
HEB 7 WIE S JRJZ R JEE 2 STHE S 3 RF
RETLEHRIES HREES R PyTorch Tensorflow HoAh
FATE Python, Java, C++ Python, Java,Go, J J 7% Spark \EggRoll 7347 2\ it 5 5] 2
Scala,R &
FederatedScope Python Python N N -
PaddleFL Python, C++ Python x x H:F PaddlePaddle &) HHEIAE L
Mindspore Federated Python, C++ Python x x 3£ MindSpore 1 HAHESE
PrimiHub Python, C++ Python N X -
SecrectFlow Python Python x x BT i PERE 2 A 2UHESE Ray
FedLearner Python Python X N -
FedLab Python Python J x -
Rosetta Python, C++ Python x N -
Fedlearn-Algo Python Python J x Fe4% OneFlow IR &2 > T B HESE
9NFL Python, C++ Python x N -
FedML Python Python J x -
Flower Python Python, C++,Java J N SCHFAE TensorFlow . PyTorch . Hugging
Face.PyTorch Lightning.MXNet.Pandas.
fastaiJAX.scikit-learn % IR 2 2]
HEZEFN B 7 5L &
TFF Python, C++ Python X N -
PySyft Python Python N X -
OpenFL Python Python N N AEAS Flax IR S HESE
FEDn Python Python, Java, N x HEFS Keras VR JE 57 S HESE
CH+4&
APPFL Python Python N x -
FedNLP Python Python v x 7] 3e %% Tensorflow HE 42
FLSim Python Python N X -
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LxE LA B EE SCHRFULH i
FATE J N VS v J x X « _ J
Docker-compose
F1 Kubernetes
FederatedScope N N v N N X X X - J
PaddleFL N N Vi V N N x x - N
Kubernetes
Mindspore \/ \/ x x \/ X \/ x - \/
Federated
PrimiHub N N NS x J x x x - x
Docker-compose
SecrectFlow N N J X N X x x - x
FedLearner N NS J J J x x - x
Kubernetes
FedLab N N N N N v x x - J
Rosetta N N X X N X X X - x
Fedlearn-Algo N N X X J X x x - x
9NFL N NET x J x x x - J
Kubernetes
FedML(FedNLP) N N N N N N N Vv %HeRaspberry PIEk
NVIDIA Jetson %
VI B 25
Flower N N x x N J N v % H:Rapsberry PIEL N
NVIDIA Jetson %
IR I 1 7
TFF N N N N N N x x - x
PySyft N J vV % ¥ Docker- N N J x x _ %
compose Fll Kuber-
netes
OpenFL N N J x VooxiRIEE o« « _ «
FEDn VX FfDocker-  x J x x x - J
compose
APPFL N N N x N x x x - x
FLSim N N X x J X x x -
Fo ERETT AT, AMgmiF LB KL HAELR  FLAESE. flan, 7EMRM B BBy sh, wf

# SR T 3, B 0 HE SRR S TG B 4 2 A
Docker #5033 . EAFEZEMNZ, FEDniE
BEIFAC R AR g e 22 2%, HECEMXN E e, &
I 55 22 1E 3 & FHLEUR ML _E 75501 578 LAl S RF il
%% . Combiner fll Reducer ) & 2& . FEBEA S #7577
T, K 22 B5OHE B840 SR 780 38 1Y) IR 25 2% B AR s B
hE, DEAELRIE R EM B % EE . Ut
Ab, —UUREZSR AL OB AR R .

AR EAR M R, T DU B &R e R )

PLIEFE SRV B 2 IAESE, W FedML Al Flower
X BEHE SRR AL 1 3d F T Ik A% 1 R B R AE A
RS, TRUA SO TE IR 2 IR & Lk AT
FL. 546, fERMBER LIERN ST, T
WP FF AR HE IR E AE 4L, 41 FEDn #l FATE 5 4E
A, IREEHESL L % M R AT T EARE S M e

A DLAE KU AR s AT FLAT 45 . AR HAK
(08 TR IE B A E AR, AT DA oK PR E H il 2
RYMIER, FHIRFL RS R Stk
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B3 AN F R FL R AENA T &, Xt 7 lE
B, WEHERE. WERE. WEER. R
WOMIIH FFIRAE A 6 N 4ERE, DMETHER AN R E
MLHE T A AN R R AE DT & 2 [ 1) 22 7, 9 CPloT
I FH 44 R 08 I HE A B 3R S5

FL B #1316 0 b W52 10, o LA H 3 A4
PR AE T B, (H13 072 FedScale #i
7 FE MBS E, FE 70 24N LA ¥
SRR, HoA i B G T AL o ST Y B R A .
TE VB YR T H, LEAF 424t T 54N B s d 4
TG BG4, FedScale #2141t 1 20 4N H 92 %
4, 1M FedEval 241 T 6 NS4l 45 . IX LE 4
AW KU R BRE S S AN, 1]
DA AN R S 37 e B /5 oKk o A8 P B B0 T T
FedScale #2fit T FedAvg #ll FedYogi, LEAF #2ft T
FedAvg 1 mini batch SGD, fij FedEval $2{t J” FedProx.
FedAvg. FedOpt. FedSTC. FedSGD. SecAgg-.
HEAgg 2557k IXSEyRIE R T FL PRI R 4
SHAMMMNEFATL S . ETETEAR 71, FedBEval $2 4t
TR S A T PR FR AR, IR T 4 S FL AR AT
ik 77 T R 22 PR AR AN SR R DG

2% b, FedScale #2415 N=F& M il & 152 4L A
TRE R4, 1M FedEval W) F 4 58 4 T 1) 00U & VTl
fabr. LEAFE N FITEIF6, BAHEZM

|47 N i P 5 B - R R N 75 1K =P SO
o BN ANERI R R R, T K AT LG
FFAr /7RI FL ZEHEDIR T 6
3 A[ECPIoT # R THIFL REIEEMES
infE

N T HENRGIT RN Rt KEEFERF& CPloT
RIFHETE R A7 g E &7 T R R%, &K
FRAE IS W FL RGN A5, BT 44
REMER CPIoT 5 NI FL RS EAE5S, W
AR RIEFEAE N RGBTt R AT 28T
REFEHELE
3.1 YIENIMETHEG S KES

BE# 10T W4 R A RNEAGHL T Je, A fe
YA K& R . B S T LR b 4k
) — A RBAT S5, B NGBR3 AR 20,
filan, WA, s MRS ¥ BRSBTS
T BRI 25 2 TR B 1) FL R g b b AT b B
A DU H AR A 5 B H iR 95 T 1% CPIoT 375 5~ A
K FAES

1P Flower HEZL/E AR, PRI DLERFA Hh
B 7£ Raspberry PI 4 4B W % 4 L, H ol DL3f
KPR EIRE 2 IHESE, 3K A [RI b St 3 [
TR FL R 40 (0 #6  TAR SR 7 OR B4 . it
Hb, ZHELLIE SCRFARAR 5 EEAC B M 28 P Bl gk AT 58
B 1) >R B e DX 8 B S5 06T 27 S i R = AR () s e, {H Bl

*=10 FL EZENR &5t
LEAF FedScale FedEval
TRE A CNN, LR, Stacked LSTM £14% BobileNet, ResNet, RNN, LeNet, VGG,LR ~ LeNet, MLP, Stacked LSTM, LR

FE N R FIALER 2 IR, DL ROR B T S LA
U IR, 31t 70 24>

Europarl, Blog Corpus, Stackoverflow , Amazon

iNature , FMNIST, Openlmage , Google
Landmark, Charades, VLOG , Waymo Motion,

Celeba, FEMNIST, FedImage,
FedMatrix , Sentiment140,
Shakespeare

Review, CoQA, LibriTTS , Google Speech,

Common Voice, Taxi Trajectory , Puffer, Taobao,

T Hdh FMNIST, Celeba, Shakespeare ,
Synthetic Dataset
TiE H FedAvg, mini batch SGD
ESERE  EIERPRAR L R S
SR 1B SR A R L
EizEY
TFIR X BSD-2
T THRAEAR 20184

FedAvg,FedYogi

Go dataset
FedProx,FedAvg, FedOpt, FedSTC,
FedSGD, SecAgg, HEAgg %

PR RE BE A5 WA T FL [ 4 /N A PPAL J5 1 <
Bl et G R AR,
A & A 2 IR 4R BR AN
S R R I I
Apache-2.0 TR
2021 4F 2020 4
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T ARSI R F LS BRI %, TR TS 2000 FH T 2%
AN

SEI6 8 F 4 5 Raspberry PI 4 Fl12 & NVIDIA
Jetson Nano ¥k WM # %, H ' — & Raspberry PI 4
ENF O RS 48, H TR A, f#H CIFAR-
10 1 SVHN P A~ % 485 £ 43 70l AT BB 43 AT 55
CIFAR-10 #E 4 2 — A 2 H T B 73 BAE 5 1
T RGEIREE, B85 10251 RGB E 4
B . SVHN U £ 2 — AN TSt B A i 27l
RS, HKEGOE NI ENET, HE
&K H Google Earth # 5 Bt TS, KRR E
GERETEE T BR RE R, XN T # R
AIHERE o IR EE B B A F HF L AR
s B VPR R R A EE T FL BRI o S8 i A2
Pa e F YR H BRI £ M 4% (CNN, convolutional
neural network) M Fl Adam L L 8%, F T HE N
0.01, EN09, PEIFERW N0, KH FedAvg 5
EHATERY R G o 257 I A MO EC I A A 1] 52 9
SEIRIGI AR, IXAE AT DLRE Gt ASTADL A B P A 55 v i
Z A )22 5 o

TE{E H Flower #58 R 4i 1 #2H, T PyTorch
SELNZRE 18, N Linux R4010 6 & Y01 %
/T Python th 595 FL M AR, H, k%
Ui M2 P AR T FLAE S5 1 AR Ji 3 . il Flower %X
PR PE ] DU RS BRI AR ETIN R SR, A
Ja, MRPREIEAE AR AL R AR AE, ST
WA DIAMPEARLES . 158 Flower 5 B& 5 5 B
2 H FedAvg K IE B 1. RGHIE MRS W
WAL RPCHE(E RS, HR A VBN K&
A H J 38 H B2 A RPC B AE PR i S ik 55 A%
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SEHUEAE . NG REF, MRS (Ace)s Bk
(Loss) 25 45 b HH Flower HE 22 B FR AR 55 %8 1K 2 H
B 5E I -

AT S 10 IR 5% 52 56 BaE BT 3 E
CIFAR-10 F1 SVHN #( 4 ££ 7£ Flower HE 42 T 1Yt 84
a2 s SEERZs R, £ CIFAR-10 #i4fE
£ B2 T 300 F0 UKV S5 5 MUK B2 A 21 70%
1M SVHN 4 45 A 38 T [F)FF IS 2 7 2 22
/B 380 5 VR . SVHN i 48 0 & B St Ao
5 R TS S S, X S % K H Google £ 5t
i, BB 2R, flin, ARFERESE. T
FUREE, X e Ry 14 AT RE IS N 7 SVHN #4542 1) X
B, DROAASE R T B B 0 AR 26 R I 8 7 2 15
ITUHER 2 B HIRE 1. EIRSEIIGIE T iZ ARG HE
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32 EFSEE@ TP O EEFOHE
i

B EALRVE 2 R 5 BUR o I AT 55 I E EE Tl
HODIR, GEMGECHE. 285 0 BRI ARSI . A SCsE
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HCT UG LI SAS B8 B e s, Xy
& KER 2D &, &1t 107 731 5K 32 pxx
32 px JOSH G . [FRE, S8 T 40 CPIoT KAt
LR ML FL ORI ERE E 7, T 64
ERNUERNS 577, S5+ BT LR H GPU
B s T H 5 DA A R N SR B (R0 . T
FedML HEZ2 0] DA(E 5 b 3 2 p O Ak 5 25 HO K FL
24, NWE T AFEEEHISHARERESE, JEa
VEAir Bl Docker 25 #% 43 A PR3l #5038 31 %5 i, ALt
ZHER I T A AT 45 T 3K o FedML MLOps 7 4 1]

3.0
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IR AR AREE K

(b) Loss

2 CIFAR-10 F1 SVHN #4275 Flower HE 42 T (1S Sl it 28
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N EEAS YN 2R FE AR A Docker 25 4% [ 3134 58 A1 25
BAR AT ALALIBER, AT DAFE 2 A O A6 FL I 5 18 B
Hu M E RS 571 A, XAF T Rss R
MEEE 53HT .

TE 18 42 7 48 1) i 78 7 R F FedML Beehive 3 5]
APL, oA S5 T gRPC B S B LS B, )14
Hh BT A S0 L 38 3 S JZ 1) FedML-core 21 44 S8 A%
e B, TEE BN E %% FedML 15 W AR %5
SRJG . I SR R & 14 46 E 31 FedML MLOps
P&, FESEIINS BN BATERE . X T
TR ZE ), A FedAvg 53, JFig Il
— G RUHUEATOIRS . T E O A
#, 1 F Decentralized FL vk, 3 A% BN
Be BB YR, HomR o A3 e i R LML S A7
PR o B B SR T A 4 AT, (HE DL4ERFFL
AR, HRRME LB SSH T e
R SMAFT AWM ZER . P FLIE&SE
i S P 45 B . E Organ-SMINIST. Organ-
AMNIST £ Organ-CMNIST %5 45 £5 ) T &b BR B B
K H Dirichlet 77 VA" A AR M ST [7] 73 A7 0. X)) 73 25
HREMHL. RS R Adam AL 35, HIREE
H0.01.

TEREAT 7 200 %6 B AL 25 )5, Organ-S/A/
CMNIST 7£ FedML A 0o A6 A1 25 Hr O AL 224 T 1)
BAUREE WLER 11, nTRLEH, 7EH O SR A
(OR[N SNy S vk s I T s . AL el )
SR B RURE B SRR T R O A R4 T 0 RS TR )
FEIE, XAl T 2RO 2B R RS 55T
— RN SR IE VSRR T A HAh S 5 5 B
RERI DTk, 7E L2, MRS )
THE AT LIRS 220K 0 48 AH AR A5 B AR AR
RUFEE T, PRI E S BEJ5 A 2 109 A 3 (A AL PE e
FRE ALY SAFEE R 5%

3.3 &Rt e R P iE 29 KU E) @ T 59 9N =) BX 7B
=i

WATIE ISP hies E X EENER, BH

RRBAT IR OSSR G B S EUE
RE P EA R, P A R RHE Rk

HEAT RS E B 2 O ERAT L R R R R 2 —
Default of Credit Card Clients £ #& %4140 7% 2005 4F
W 4—9 H AR G E M R % P LR, &P &R
R AP AR AR R EE R, k3 TR

11 Organ-S/A/CMNIST 7£ FedML 8970 L F1
EF R T RREEE

e S Haot
WALl A2 TR Wai4 WESs Waie B
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20 2991 3354 3343 3354 3421 29.02 46.23
40  30.01 41.56 38.71 51.56 49.83 39.23 53.68
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DL R ARAT % BRI 515 8. RAW 63
WL WERNZ 5T, P88 Linux #44E R4
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