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Parallel model training algorithm
based on multiple online kernel Extreme Learning Machines
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(School of Computer Science and Technology, Donghua University, Shanghai 201620, China)
[ Abstract] Aiming at the training problem of traditional data processing technology for multiple learning machines, due to the
increase of time complexity in serial data processing, according to the characteristics of big data and data processing technology,

multiple online cores based on MapReduce are proposed. The parallel algorithm of the Extreme Learning Machine model allows a
MapReduce job to perform predictions for multiple models. The example test proves that the MapReduce integration algorithm in this

paper can effectively improve the accuracy of the model and the real-time training speed.
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context.write(new Text( “initial”) ,piStripe) ;
for(int i = 0;i < kelm.numStates;i ++) |
for(intj = 0;j < kelm.sigmaSize;j ++) |
em_tmp[j] = new  DoubleWritable(kelm.
adjustmentMatrix[i][j] ) ;
}
adjustmentStripe.set(em_tmp) ;
Context.write(new Text( “adjust from” +
hiddenSequence.toString () ) ,adjustmentStripe) ;
%
4.2 MROS-KELM #%H] Reducer LI
HIAW < key, value > X}H& Mapper 43 )%
i, Bl < string © initial >, initialProbabilities > ; < string
“emit from’, +states, Stripe adjustmentMatrix > Fl <
string ‘ produce from’ , +states, Stripe produceMatrix
>; Reducer #93 %F A~ [\] f4) Mapper #8453 A& 5 >k i) 5%
PEIATIEA A, B KELM ZEZRRAS, N —4 1k
AR . L) < key, value > XTHKIR K<
string  initial * , initialProbabilities >; < string * emit
from’ , +states, Stripe adjustmentMatrix > Fll < string
‘produce from’ , +states, Stripe produceMatrix>
MROS-KELM 345 Reducer SEEHE 45T
CE =7 BN sIE W TR
Public static class KelmParallelReduce
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