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Abstract Unlike the popular MapReduce computing framework, LOGO is a new distributed computing
framework using a LOcal-GlObal computing paradigm. Under the LOGO framework, big data distributed
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computing is completed in two steps. The LO operation runs a serial algorithm in a number of slave nodes or
virtual machines to process independently the random sample data blocks, generating local results. The GO
operation uploads all local results to the master node and integrate them to obtain the approximate result of the
big data set. The LOGO computing framework eliminates data communication between nodes during iterations
of the algorithm, greatly improving computing efficiency, reducing memory requirements, and enhancing data
scalability. This article proposes a new distributed machine learning algorithm library under the LOGO
computing framework. A new distributed computing is divided into two parts: the serial algorithm executed by
the LO operation and the ensemble algorithm executed in the GO operation. The LO operation can directly
execute existing serial machine learning algorithms without the need to rewrite them according to MapReduce.
The GO operation executes ensemble algorithms of different kinds depending on the ensemble tasks. In this
article, the principle of LOGO distributed computing is introduced first, followed by the algorithm library
structure, the method for packaging existing serial algorithms and the ensemble strategy. Finally,

implementation in Spark, App development, and the results of performance tests for various algorithms are

demonstrated.
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1 valinputDataset =spark.rspRead.parquet("datas/....")
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IEFE Master 17 & _Fi21T, NEIERLE 48 GB
HAE
4.2 VFEHIEFR

iZ AT B« A LA RSP-LOGOML.  Spark
MLIib F! Smile 5 v7; (1) 32 1T B 18] & & 1 5 A0%
RSP-LOGOML 5% 1732 17 B 18] 32 9 A LO #:1E
TFIE%E] GO #E1E45 R Spark MLIib A1 Smile 5%
[IE 4TI [ R SR AR I T B 450K .

PERE: 0 REVEH 4 RKE (ACC) WA
BE, oUW
ACC— TP+TN @
TP+TN+FP-+FN

Hrf, TPOYIESRIERA 2 RMIFEAS: FPOYIESR
BRI RIIREAR S TN N 57 2 R H 7 R R A
s FENOFSER DRI

[ V3 S5 9% P 4 1 I A s R R VP A
e, HEAN

»_,_SSE
R*= SST (5)
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Lo 1x
Purlty= N Z maxie(l,zw,w” |U.)k N C,‘| (6)

H, NANBERRBE 1NE SR
K NSEBRBEIINEG w N kDN EEES, ke
(1,2, ,K} s ¢, RS i MRS, (1,2, 1}
lw, N el NEBES o ME LA ¢ 1785 1R
KREE.

T RSP-LOGOML %3 e Hf ) 4 5 I 48 5
R IR T, LA Spark MLIib B¢ Smile
M S s ON B, HME A% Sun 2514R
HH () 53 A0 AR ROTVEVEAS , PERE VAl SR ARG 1 2
(Precision) F173 [ % (Recall) 15415

TP

Procision—
recision TP FD 7
TP
Recall=
eca TP EN (8)

Hrh, TP A RSP-LOGOML kit 4t Erp -y &
(A B IR AL (R B FP AN B A B AL A
IAE RSP-LOGOML i+ H 45 R # & FN N4

I AELE RSP-LOGOML i+ 5 45 5 ob i)y 3k
AR A
43 LWLER
43.1 3. RBLRER

7£ RSP-LOGOML ik F 11 4> 43 2K B Al
3 ANRFEES HIGGS &3k IR, 45 3
K APR. HEkaERLAIER, a3 AN
N 2K Bk . RSP-LOGOML. Spark MLIib 1
Smile [ 1P 5 R HIE AT E AT RE . B F
BT 4 N REEREATE ], RSP-LOGOML 5
V5 JEE 138 47 1 1) /T Spark MLIib Al Smile ) —
2. b, Smile i RF MBS IZEA
R JEER . BERZEMR, £ RSP-LOGOML
SR EE R, B R UH R SRR A2 AL SR PR
T Spark MLIib [A] 25 £ B4 ¥ k5 &, [A  RSP-
LOGOML LR 7 R 2 SRR Y . fE 3 M
Y, Spark MLIib A1 Smile 550325 % () P e 45 5
#H3E, 1H RSP-LOGOML & JE A A L T
10% %4, Spark MLIib A1 Smile 592 2 F 4= &

#z 4 HIGGS HIBEMSINER

Table 4 Experimental results on HIGGS dataset

" RSP-LOGOML Spark MLIib Smile
i I 8)/s PERE I 8)/s PERE I} [fl/s PERE
bk AV 25.695 7 0.643 8 94.123 0 0.622 7 51.4742 0.640 9
SCFEI AL 455472 1 0.642 8 2125.0173 0.593 4 X X
Ay ) 152526 0.702 5 111.2849 0.704 8 120.392 6 0.700 7
BEHLAR A 73.548 3 0.706 1 141.2220 0.704 8 238.465 3 0.702 5
ANk 73 H 16.956 0 0.642 7 — — 18.3749 0.644 4
TR 53 4 18.146 0 0.649 7 — — 33.8599 0.6472
ZIRFN Y 36.568 3 0.645 1 — — 17.050 2 0.644 4
Fisher & 1457 17.8329 0.639 7 — — 19.438 7 0.636 7
% RIS 2 N 2% 105.132 8 0.5254 — — 2322.064 8 0.527 9
A7 o) 5 B 0 246 25.826 7 0.5277 — — X X
ERCINE S =AY 228.7279 0.7170 — — 13 759.990 0 0.710 6
K-YfH 39.949 8 0.500 3 101.547 7 0.501 4 165.618 3 0.501 3
G-¥IE 165.077 5 0.500 1 — — 333.9994 0.5013
X-ME 67.120 1 0.500 1 — — 374.466 1 0.5013

T XA Z R I BHRIEAT; —AbdE Spark MLIb A F7EZ 5%
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Kb

4y 5 HUfg Ee RSP-LOGOML F1 Smile
FIEPEREE R, nTLLEH, WA E R RIER
R FEREAAH R, B 1 A0 2 A SRk i o B[]
Rz A, fE H A 2 5 0% s i 5% B, RSP-
LOGOML #: Lt Smile ByE ) THE I B FE5 % .

X FREFL, Spark MLIb H R K-$51H
BAEMOT EL . 3N FE R B EE R R R R A A
7], {H RSP-LOGOML % yZ: 132 17 i [B) 22 bk HoAth
PIAN R SRR 2

MNIST-PCA #§ 4 & 19 Wl ik 25 2R a0 % 5 fr
Mo HTXANEMEES 1045, LERA
TR, R R B 7 A R
Mg . mar 3ANEIEME R/ 5 Spark
MLIib F1 Smile 5 7% P 1) B AR AH L, RSP-
LOGOML #.¥2: JE 1) £5 il i B 22 {1 s 5 RSP-
LOGOML [ 54 BLy%AH LG, Spark MLIib [
% B 5 vk Bg 4F . [N RSP-LOGOML H A T
10% HI%4E . Mg H i e &, RSP-LOGOML
SRR B T AR AN I L

X F HoAth 4 28503, Smile 4% 7] 3 bR £
YR TCIF AL BE MNIST-PCA ##E4E, RSP-LOGOML

SRV )R TN B RN T B S J) R O AL B3 R T
Smile [ [FRIZEHE,

Xt R, Smile Y K-H1MH . G-¥I1H
XS 1H B R W AF B AN T 8 v A B
MNIST-PCA ##54, Spark MLIlib R4 K-¥J{E nf
., KM HES RSP-LOGOML ) K- {E AL,
{HIZATH KA 2

N L& H) DST #0481 Se i 45 a3k 6 fir
N, T DS1H#EAEIR K, Smile JoiE T8 AL
R, DA, 2 6 HA Smile ISR EE R

Mg 47 E E K E, RSP-LOGOML Hik J#
Lt Spark MLIib 595 FERER FEA3 2 o XF LB/ T
HIGGS Al MNIST-PCA % #% 4, RSP-LOGOML
FLEAE DS1 B4 I E BRI A R
7EMERE |, RSP-LOGOML Hi% 45 B 5 Spark
MLIib 5k FE (1) 45 FAHIT .

4.3.2 B[ SEEG 4

6 AN ENASETE R £4E DS2 A1 DS3 b5t
ERNFR 7~ 8 Fian. Spark MLIib KA 3 4|
HEETH . WA ERE, X 3 A ERREIEE
HEMEBERIL, {2 RSP-LOGOML #.% 72 K 10%
(P H5 4 BT, T A P AN R0 4 A A

%5 MNIST-PCA ¥iB&EHSLINLE

Table 5 Experimental results on MNIST-PCA dataset

- RSP-LOGOML Spark MLIib Smile
i a)/s PERE I a)/s TERE i)/ R
bk ACIVE| 88.820 4 0.862 1 119.111 0 0.801 8 823.621 1 0.862 0
TRATHS 51.500 7 0.713 0 111.2849 0.721 6 278.838 7 0.693 2
BEHLARK 107.3951 0.8330 366.528 7 0.816 8 637.4727 0.787 0
LRI 43 B 58.4430 0.778 1 — — 100.822 4 0.778 1
Fisher £k 14431 33.1034 0.800 5 — — 99.965 3 0.799 5
A7 e 5 B 9 246 37.763 8 0.499 1 — — X X
P& BT 342.6394 0.8394 — — 20 793.259 0 0.806 5
K-¥M6 68.432 1 0.5292 134.407 7 0.5330 X X
G-¥IE 135.249 2 0.5232 — — X X
X-¥ME 102.038 2 0.495 1 — — X X

T XA Z R I BHRIEAT; —AbdE Spark MLIb A F7EZ 5%
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#*6 DS1 BIBREHKINER
Table 6 Experimental results on DS1 dataset
RSP-LOGOML Spark MLIib
APS
i 1a)/s TERE i al/s AR
bk AV 76.367 0 0.913 5 1038.067 8 0.913 5
SCHEI AL 2418.0253 09138 10323.559 0 0.913 6
TRATH 133.3115 0.8832 553.686 7 0.876 1
BEATLARAR 212.409 2 0.885 6 1076.2559 0.889 3
K-#)fH 64.613 0 0.913 5 1040.5700 0.913 7
*7 DS2 HIBEMZIWLER
Table 7 Experimental results on DS2 dataset
. RSP-LOGOML Spark MLIib Smile
i B Til/s TERE A Ti/s PERE i a)/s PERE
LR Rl 16.2989 0.999 9 94.115 8 0.999 9 41.904 4 0.999 9
EVEE) 41.1402 0.8205 109.396 5 0.798 4 107.513 6 0.765 5
[EVEFERAN 46.401 8 0.8443 141.297 5 0.8302 202.027 0 0.8075
SCREIEAL (B1H) 385.1803 0.9990 — — 49264.364 4 0.999 3
U4 [m )5 49.656 8 0.999 9 — — 24.4567 0.999 9
Lasso [a]) 60.8375 0.999 9 — — 244.569 1 0.999 9
. —AbdE Spark MLIib ANfE4E %5492
#* 8 DS3 HWEMLHLLER
Table 8 Experimental results on DS3 dataset
, RSP-LOGOML Spark MLIib Smile
ik I} [fl/s PERE N J8/s L I [al/s PERE
LRI A 28.4118 0.999 7 146.859 6 0.999 7 122.3382 0.999 9
EEE) 93.166 3 0.7597 160.882 2 0.708 4 254.999 1 0.765 5
EPEFRS 80.5679 0.7829 183.9823 0.756 0 440.295 1 0.726 1
SCREEAL ([515) 2167.5300 0.9993 — — 131108.8015 0.999 5
LEEVE| 68.5597 0.9997 — — 98.526 1 0.999 7
Lasso [A]})4 71.2883 0.999 7 — — 14029357 0.999 8

VE: —K4b¥E Spark MLIib ANE7E %54

BE. fEi8 i [A] I, RSP-LOGOML [ ¥E i 5
Flo WM TIEME AR, KLAH b H A 5k,
Smile [ 52 ¥ [l E AL A Lasso [A] 4 7E B AL | 4b £
DS2 A1 DS3 Kl 4 i ZER BT ] o
4.3.3 PUETEEIZIE L4645 R
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Precision Al Recall & & .

1 461247 Spark MLIib ff] FP-Growth. Smile
] FP-Growth 1 Associaton Rule Mining %.7%, it
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[
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+F9 TH2 BIEEHIMEREER

Table 9 Evaluation results on TH2 dataset

F 11 Kaggle HIREIMERELS

Table 11 Evaluation results on Kaggle dataset

Rk Precision Recall

Hik Precision Recall

FP-Growth 0.9772 100%

Associaton Rule Mining 0.984 5 100%

FP-Growth 0.9003 0.996 6

Associaton Rule Mining 0.896 2 0.9949

F10 TH2 HEEZEENESITEE

Table 10 Runing time of different algorithms on

F+ 12 Kaggle HiEE &S B EHE TR E]

Table 12 Runing time of different algorithms on

TH2 dataset Kaggle dataset
i RSP-LOGOML  Spark MLIib Smile i RSP-LOGOML  Spark MLIib Smile
BFS 7S
i [A)/s I 1 /s I ) /s I 1) /s I IAl/s I ) /s
FP-Growth 53.8312 72.5154 459.6327 FP-Growth 25.9255 66.295 6 18.4779
Associaton Rule Mining 48.263 6 — 528.1199 Associaton Rule Mining 26.276 4 — 16.296 3

WE: —Ab4R Spark MLIib AR7FAEZH%:

RSP-LOGOML [f] FP-Growth Al Associaton Rule
Mining % 7%, 1F 5T LI S % midE, A A aC
(1)~ X (8) 115 Precision fl Recall. 4™ 5% (1
Precision F1 Recall 25 5414 9 Frox: PANEIVLER
133 100% A 212, i B RSP-LOGOML 1] LA
3BT SRS KRR T 97%,
JESEBR R E K

1% 10 Af %0, RSP-LOGOML #3534
L Spark MLIib B IEF AL, Lk Smile FAL
HERBORS

Kaggle ¥ S ) sLI6 25 B ank 11~38 12 fy
/N RSP-LOGOML %32 [A) 4 5 i1 (1) A [7] 22 0
2190% K5 . 5 TH2 BEEM L, Kaggle £
PEEERL /N, W E N RSP $dl Bt i/, i o
VERGEE TR, RIS, A 2 S I (R G T
Gy 1R A TP = £ 1 S O 7 T W i GV S N
P ETFE R EAIR RIS, Fenl & myleiE
A PE ) EAE s FEANBARE TR B, ARES MK
T
44 TLS5HH

Smile #47 EIEE R S 2B 5 F 5 KNEIE
HEEHE Mt (B EE AL PR RE ) 2 BLTHE

#: —Kbfg Spark MLIib AMFLEIZ S

BEUR IR B SRR ARG K, LR AT
SR AT AR 3 L8 M DA J2 KB BT R 75 2K

a3 A R IEAT TH B KB 5 A 0 R B
{H&, FET28 MapReduce gmfE A Fl 1 S HE SR
FEFEAT R EAR 73 AT IAT TH BN AR AE U0 R
(1) BT & 4= 8 47 5354 LU MapReduce 4 F2 15
RS, RS R oA O AT T A
AR5 (2) MapReduce i1 5 AE S E PuAT IR RS
VRIS T R E] PR B 18 A B K R B AT 2K
REK, HIRHER I WAL, KREUEY e
Mz,

LOGO THHHEZE MR A |74 % T MapReduce
(RS, JERE T BRAT RIS . B
RHAT A0 RIHAT IR, K T
AT R IAT R R

RSP-LOGOML 5% Fe 7 R #4073 An it &
I —FlBr AR . ASCSEIRgs R, TR KM
B gk, RSP-LOGOML 5% FE i 8Lk i it
AL AR e g vy T ) R ARUVE I LT B AR A Spark
MLIib H* MapReduce %2 [F] 28 B L iH B
RSP-LOGOML H i [ w1 55035 1 g &5 A Blong
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