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Abstract: The Stochastic Gradient Descent (SGD) algorithm randomly picks up a sample to estimate gradients,
creating big variance which reduces the convergence speed and makes the training unstable. A Distributed SGD
based on Average variance reduction, called DisSAGD is proposed. The method uses the average variance
reduction based on historical gradients to update parameters in the machine learning model, requiring little
gradient calculation and additional storage, but using the asynchronous communication protocol to share
parameters across nodes. In order to solve the “update staleness” problem of global parameter distribution, a
learning rate with an acceleration factor and an adaptive sampling strategy are included: on the one hand,
when the parameter deviates from the optimal value, the acceleration factor is increased to speed up the
convergence; on the other hand, when one work node is faster than the other ones, more samples are sampled
for the next iteration, so that the node has more time to calculate the local gradient. Experiments show that
the DisSAGD reduces significantly the waiting time of loop iterations, accelerates the convergence of the
algorithm being faster than that of the controlled methods, and obtains almost linear acceleration in distributed

cluster environments.
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HIN: learning rate A.

HiH: w and g for next epoch.
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Initialize w using plain SGD for 1 epoch;
while not converged do

w <+ 0,
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6 Randomly sample it = {1,2, -, m} without replacement;
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(9) Update ézalnd w using equation(1l) and equation(3),
respectively;

(10) end

(11) end
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1) Initialize wp;
) for s=1,2, -, Ndo
) for each node k € {1,2, -, p}do
4) Call subroutine avr _hg(A);
) end
)

(
(
(
(
(
(

Return all Wkt and fk,:(w) from node k to server;
1 k
(7) Compute w* ™! = % Z w; and f(w) using equation(4)
=1
on the server side;

k
() @ =w oA > VA,
(9) end

(10) wp « w?;
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