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A Synchronized Gradient Descent Algorithm Based on Distributed Coding

LI Bowen|, XIE Zaipeng, MAO Yingchi, XU Yuanyuan,ZHU Xiaorui,ZHANG Ji
(School ofiComputer and Information, Hohai University , Nanjing'2111004 China)

[ Abstract] The Asynchronized’ Stochastic Gradient Descent (ASGD) algorithm based on data parallelization require
frequent gradient data exchanges between distributed computing nodes/ which affects the execution efficiency of the
algorithm. This paper/propeses a Synchronized Stochastic Gradient Descent/(SSGD) algorithm based on distributed
coding. The algorithm uses the redundancy allocation strategymof cemputation tasks to quantify the intermediate
transmission time of each node, and thus reduces the consumed time [for training of a single batch. Then the amount of
data transmitted between nodes is reduced by using the groupedtdata exchange mode of the coding strategy for data
communication. Experimental results show that with a suitable hyper parameter configuration, the proposed algorithm
can reduce the average distributed training time of/Deep Neural Network (DNN) and Convolutional Neural Network
(CNN) by 53.97% and 26.89% compared withthe 'SSGD algorithm, and by 39.11% and 26.37% compared with the
ASGD algorithm.It can significantly reduce the communication loads of the distributed cluster and ensures the training
accuracy of neural networks.
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BN  dataget'E, iteration. T

#H  final model parameter w'

L.initialize all w" and w,(0) to the same value for all i;

i B+O=D‘D

2.each node i gets the dataset D, using algorithm 2;

3.fort=1,2,---,Tdo

4 .for each node i in parallel, compute local update Aw,(t)
using step 3;

5.for each node, encode and push Aw,(t) using‘algorithm 3;

6.for each node , receive and decode Aw (t), using algorithm 4 ;

7.set w,(t) < w(t) for all i, where w(¥)\is defined in
step 4;//4 JRy 45 KA IF

8.update w' «— argmin F(&);

wel{ww)}

9.end for

10.return w';
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i\ dataset F,node set U,batch size b

4 H “\data assignment D for each node i

1.C < combinations(U, r) ; /3R HUZH & 45

2.F « split_into_batch(F, b) ;/3 BUFE A mini batch

3.D « (DD, =@}; /g BT B IG AAREA S

4.for each F; in F do

5.« split(F,, C.size)://4 F 3955 4 € {3

6.fori=1,2, -, C.sizg do

7.for each N, in C; do

8.D,.add(P,);

9.end for

10.end for

11.end for
12.return D
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B\ list of all gradient matrix B,cdrrent node N,
redundancy r

I  intermediate result set €

l.initialize C as empty sety

2.for each R in combinations( B’ #)3do

3.initialize M as 0;

4.initialize P, ¥ as empty set;

S.initialize T as empty list;

6.for each G in R'do

7.P < P + position_of (G, N);

8.J «— J + block 4d of (G);

9.M <= M + content_of (G,N);

10.T <~ T + adversary_of (G);

11.end for

12.T <« get_singularity (T);

13.C<C + pack (M,P,J,T);

14.end for

15.return C;
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