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Motivation

1. In distributed settings, distributed algorithms with exact
gradient need massive calculation.

2. To increase the convergence rate of existing distributed
stochastic first-order gradient methods, a momentum
term is combined with a gradient-tracking technique.

3. Deep learning methods show great potential in
computer-aided diagnosis.



Main idea

1. The momentum term is combined with a gradient-
tracking technique to achieve an increased convergence

rate over undirected networks.

2. The random average gradient technology is introduced in
the proposed algorithm, to reduce the cost of calculating
the random gradient at each iteration.



Method

Local update of solution:
X = szjxl{ ~ay, + /B(x/i -x/, )
j=l
Local update of random gradient:
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Local update of gradient tracking: l
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a is the step size of the algorithm, 8 is the momentum parameter, and w;

is the element on row / and column j of the double random weight matrix
w.



Method (Cont’d)

Linear convergence condition:
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where P:=max, {p,}, p:=min, {p,}, L; is a Lipschitz constant,
and yu is a strong convexity parameter.

O=L,/u, HW——I 1 |<1.




Major results

1. Experimental results over logistic regression
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Fig. 2 Logistic regression over an undirected network
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Fig. 3 Comparison of accuracy performance



Major results (Cont’d)

2. Experimental results over the least-square method of
distributed signal and distributed quadratic programming
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Fig. 4 Performance comparison over the least-squares Fig. 5 Performance comparison over an undirected
method of distributed signal processing network when condition number @ = 500



Major results (Cont’d)

3. Test results of different experimental accuracy

Table 1 Convergence performance comparison over

Table 2 Convergence performance comparison over
logistic regression

least-squares

Algorithm Number of epochs Algorithm Number of epochs

Accuracy=10—-2 10—% 10-°% Accuracy=10-1 10—2
Proposed algorithm 8 22 35 Proposed algorithm 3 18
GT-SAGA 16 46 79 GT-5AGA 6 8
EXTRA 193 549 935 EXTRA 7 20

Table 3 Convergence performance comparison over
the distributed gquadratic programming

Algorithm Number of epochs

Accuracy=10—1 10—2
Proposed algorithm 1472 2747
GT-SAGA 4412 8237

EXTRA 1657 3097




Conclusions

1. A distributed stochastic algorithm was presented which
is capable of solving large-scale optimization problems
over undirected networks.

2. It was shown that the proposed algorithm achieves
accelerated linear convergence with a constant step size.

3. Extensive experiments on real-world datasets illustrated
that the performance of the proposed algorithm is superior
to those of other comparable algorithms.
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