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Abstract: LOGO is a new distributed computing framework using a Non-MapReduce
computing paradigm. Under the LOGO framework, big data distributed computing is completed
in two steps. The LO operation runs a serial algorithm in a number of nodes or virtual machines
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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 RSP-LOGOML 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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val inputDataset = spark.rspRead.parquet("datas/....")

val transactions = inputDataset.getSubDataset(m)

val localTable = transactionsRDD. LO(trainDF => logoFPGrowth(support,trainDF))
val goTable = localTable. GO(mergeFPGrowth)
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Table 4 Experimental results on HIGGS dataset
i RSP-LOGOML Spark MLlIib Smile
g i} 18 (s) PERE B} [E(s) P i} 18 (s) P RE
bk AEVE| 25.6957 0.6438 94.1230 0.6227 51.4742 0.6409
HREAEAL 455.4721 0.6428 2125.0173 0.5934 X X
Vs %) 15.2526 0.7025 111.2849 0.7048 120.3926 0.7007
BEHLAR AR 73.5483 0.7061 141.2220 0.7048 238.4653 0.7025
LAEF BT 16.9560 0.6427 - - 18.3749 0.6444
TE DU 3 b 18.1460 0.6497 33.8599 0.6472
/e LY 36.5683, 0.6451 17.0502 0.6444
Fisher & 123 5 17.8329 0.6397 19.4387 0.6367
%2 B2 R ) SR 42
LR Igéﬁ MM 05 1308 0.5254 2322.0648 05279
A5 i) i R B0 2% 25.8267 0.5277 X %
[ERCINA i AV 228.7279 0.7170 13759.99 0.7106




K-¥91H 39.9498 0.5003 101.5477 0.5014 165.6183 0.5013
G-#{H 165.0775 0.5001 - - 333.9994 0.5013
X-¥H 67.1201 0.5001 - - 374.4661 0.5013
W XAIREREZ RN IRIZIT, -4bfe Spark MLIib AFAEZFIE.
5 MNIST-PCA BUEEEHISIIEE
Table 5 Experimental results on MNIST-PCA dataset
i RSP-LOGOML Spark MLIib Smile
> 5 8] (s) PERE i ) (s) PERE O] PERE
L AR 88.8204 0.8621 119.1110 0.8018 823.6211 0.8620
TR 51.5007 0.7130 111.2849 0.7216 278.8387 0.6932
BEHLAR R 107.3951 0.8330 366.5287 0.8168 637.4727 0.7870
2 P S M7 58.4430 0.7781 - - 100.8224 0.7781
Fisher £& 1351 33.1034 0.8005 - - 99.9653 0.7995
7z 7 H
4;@%52&@ 37.7638 0.4991 - - x x
T N S
Q’&%fﬂﬁ 342.6394 0.8394 - - 20793.259 0.8065
K-¥1H 68.4321 0.5292 134.4077 0.5330 X X
G- 135.2492 0.5232 - - X X
X-$1H 102.0382 0.4951 - - X X
e XAFRFRELZ R RIRIZIT, -Abfg Spark MLIib A fF{E S IE.
6 DS1HIBEAIKIGLEER
Table 6 Experimental results on DS1 dataset
ik RSP-LOGOML Spark MLIib
i 1 () P B[R] (s) PEfE
R E 76.3670 0.9135 1038.0678 0.9135
YR L 2418.0253 0.9138 10323.5590 0.9136
) 133.3115 0.8832 553.6867 0.8761
BEATLZR AL 212.4092 0.8856 1076.2559 0.8893
K-¥E 64.6130 0.9135 1040.5700 0.9137
7 DS2 HIBEMSLINLE
Table 7 Experimental results on DS2 dataset
ik RSP-LOGOML Spark MLIib Smile
O] PEfE EIO)] MERE H TR (s) PEfE
2aeaElE| 16.2989 0.9999 94.1158 0.9999 41,9044 0.9999
EVEL 41.1402 0.8205 109.3965 0.7984 107.5136 0.7655
[EYEFCTN 46.4018 0.8443 141.2975 0.8302 202.0270 0.8075
ST E=RN
SRR REAL 385.1803 0.9990 - - 49264.3644 0.9993
qEVED)
U& [a] 5 49.6568 0.9999 - - 24.4567 0.9999
Lasso [a] )5 60.8375 0.9999 - - 244.5691 0.9999
VE: -4bd Spark MLIib REEEZ R,
# 8 DS3HIBEMSLINL
Table 8 Experimental results on DS3 dataset
ik RSP-LOGOML Spark MLlIib Smile
: B[O PEfE EIO) e EIO) A
2R 28.4118 0.9997 146.8596 0.9997 122.3382 0.9999
EVEL 93.1663 0.7597 160.8822 0.7084 254.9991 0.7655
EPEE 80.5679 0.7829 183.9823 0.7560 440.2951 0.7261
SCRF I REAL 2167.53 0.9993 - - 131108.8015 0.9995
qEVED)
U& [a] 5 68.5597 0.9997 - - 98.5261 0.9997
Lasso [a] )5 71.2883 0.9997 - - 1402.9357 0.9998
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Table 9 Evaluation results on TH2 dataset

ik Precision Recall
FPG 0.9772 1
ARM 0.9845 1

F 10 TH2 HiR&E R EERIEITRE
Table 10 Runing time of different algorithms on
TH2 dataset

RSP-

i LOGOML Spark MLIib Smile
i A (s) i A (s) i 1] (S)

FPG 53.831195 72.515438 459.6327

ARM 48.263593 - 528.1199
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F 11 Kaggle BIBEMHREER
Table 11 Evaluation results on Kaggle dataset

Hik Precision  Recall
FPG 0.9003 0.9966
ARM 0.8962 0.9949

% 12 Kaggle HiE 5 & BIARYIBITRTE)
Table 12 Runing time of different algorithms on
Kaggle dataset

RSP- Spark

ik LOGOML MLIib Smile
O] O] B 18] (s)

FPG 25.9255 66.2956 184779

ARM 26,2764 - 16.2963
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