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Abstract. The distributed alternating direction method of multipliers
is an effective method to solve large-scale machine learning. At present,
most distributed ADMM algorithms need to transfer the entire model
parameter in the communication, which leads to high communication
cost, especially when the features of model parameter is very large. In
this paper, an asynchronous distributed ADMM algorithm (GA-ADMM)
based on general form consensus is proposed. First, the GA-ADMM algo-
rithm filters the information transmitted between nodes by analyzing
the characteristics of high-dimensional sparse data set: only associated
features, rather than all features of the model, need to be transmitted
between workers and the master, thus greatly reducing the communica-
tion cost. Second, the bounded asynchronous communication protocol is
used to further improve the performance of the algorithm. The conver-
gence of the algorithm is also analyzed theoretically when the objective
function is non-convex. Finally, the algorithm is tested on the cluster
supercomputer “Zigiang 4000”. The experiments show that the GA-
ADMM algorithm converges when appropriate parameters are selected,
the GA-ADMM algorithm requires less system time to reach conver-
gence than the AD-ADMM algorithm, and the accuracy of these two
algorithms is approximate.

Keywords: GA-ADMM - General form consensus + Bounded
asynchronous - Non-convex

1 Introduction

Information processing is an important research field of science and technol-
ogy. With the advent of the era of big data, information processing has become
more and more complex, and the classification and systematization of big data
has become a research hotspot. The classification problem of big data can
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be abstracted to solve the optimization problem, which can be described by
formula (1):
minf,(z, D), (1)

where D € R™*" represents the training samples, x € R™ is the model parame-
ter. m represents the number of samples and n represents the number of features.
Due to the large amount of data, in formula (1), sometimes not only is the data
set size large but also the number of features is large. Therefore, it is often
difficult to solve the above problem in a valid time with a single node, and
how to solve large-scale optimization problems by the distributed environment
is the main problem at present. The distributed alternating direction multiplier
method (ADMM) is an effective method to solve the optimization problems.
Moreover, its decomposability makes it suitable for distributed systems. The
main idea of the distributed ADMM algorithm is to transform large global prob-
lem into multiple small, local sub-problems, and derive the solution of global
problem by coordinating the solutions of sub-problems [1]. We can transform
formula (1) into a global consensus optimization problem, as shown in formula

(2):
M
miani(flfi,Di),
i1

st.ox;=z10=12,...., M,

(2)

where D; € R™*", Zf\il m; = m, M represents the number of nodes,
x; € R" represents the local variable, z € R™ represents the global variable, and
fi + R — R is the loss function. In the formula (2), the data set D is decom-
posed into D;(i = 1,2,..., M), which can be distributed and stored in different
nodes. Moreover, each sub-problem f;(x;, D;) can be solved by one node in paral-
lel. This method of data parallelism can effectively solve the problems caused by
the large number of samples. [11] uses MapReduce to implement the distributed
ADMM algorithm, and in [15], the distributed ADMM algorithm is implemented
by MPI and applied to large-scale neural networks. As the number of working
nodes increases, the convergence speed of the distributed ADMM algorithm will
slow down. At the same time, due to the difference between nodes and network
delay, each node may update variables at a different rate. So, the performance
of the system is determined by the slowest node, which is called the “straggler”
problem [19]. In order to speed up the convergence of distributed ADMM algo-
rithms, [16] proposes a group-based ADMM algorithm (GADMM), which accel-
erates the convergence speed of the algorithm by grouping working nodes, but it
will cause a certain precision loss. In order to solve the “straggler” problem, [19]
proposes an asynchronous distributed ADMM algorithm (async-ADMM), which
uses bounded delay and partial obstacles to ensure the convergence of the algo-
rithm. All distributed ADMM algorithms introduced in [11,15,16,19] need to
transmit the whole model parameter in each iteration, thus the communica-
tion cost is high. Especially, when the features of the model parameter is very
large, the communication efficiency becomes the bottleneck of the distributed
ADMM algorithm. However, for large-scale and high-dimensional sparse data set,
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some features are only related to partial data blocks. For example, when dealing
with text classification problems, some words appear only in part of the text, so
each processor can only handle words that appear in the local corpus. Similarly,
when solving global consensus optimization problem, each worker can only pro-
cess the model parameter associated with its local data set, and only need to
interact the associated model parameter with the master. In this case, we can
convert formula (2) to formula (3):

M
min (@i, Di),
;f( ) 3

st.xi=z2¢,1=12,..., M,

where x; € R™ is the local variable, z € R™ is the global variable, zg, € R™
represents global variables associated with the local variable x; and it is a lin-
ear function of the global variable z. The problem described by formula (3) is
also called the general form consensus optimization problem [1]. To solve the
problem (3), we only need to transfer the n; features of the model parameter.
So when n; < n, the communication cost will be greatly reduced compared to
transmitting the entire model parameter.

In this paper, an asynchronous distributed ADMM algorithm (GA-ADMM)
for general form consensus optimization is proposed by analyzing the charac-
teristics of large-scale sparse data set and distributed systems. The distributed
ADMM framework is used to solve the problem of general form consensus with
regularization optimization, and the communication efficiency of the algorithm
is improved by filtering features. The bounded asynchronous communication
protocol is adopted to improve the scalability of the algorithm. Moreover, the
GA-ADMM algorithm is not only applicable to convex optimization, but also
applies to non-convex application.

The rest of the paper is arranged as follows: In Sect.2, we introduce
the related work of distributed algorithms, and in Sect.3 we describe the
asynchronous distributed ADMM algorithm for general form consensus with
regularization optimization (GA-ADMM). The convergence of the GA-ADMM
algorithm is analyzed in Sect.4. In Sect.5, the GA-ADMM algorithm is used
to solve the sparse logistic regression problem with L1 regularization, and the
public data set is used to test the performance of the algorithm on the “Zigiang
4000” of Shanghai University, and the performance of the algorithm is compared
with the AD-ADMM algorithm [2]. Finally, we summarize the work of this paper
in Sect. 6.

2 Related Work of Distributed Algorithms

Memory and I/O resources are the bottlenecks of solving large-scale optimization
problems with a single machine. A large number of distributed algorithms have
emerged to solve these problems. [12] proposes a distributed SGD algorithm.
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[18] proposes a distributed ADMM algorithm for linear classification, which has
a faster convergence rate than the distributed SGD algorithm. [16] introduces a
group-based ADMM algorithm (GADMM), which speeds up the convergence of
the algorithm by relaxing global consensus constraints. But the accuracy of the
algorithm decreases. These algorithms are all based on synchronous communi-
cation protocol. All nodes must wait for other nodes to complete the calculation
before the next iteration, so the performance of the system is determined by the
slowest node. Compared with synchronous algorithms, asynchronous algorithms
can better adapt to heterogeneous distributed systems. [4] and [8] introduce
the distributed asynchronous SGD algorithm, [10] implementes an asynchronous
random coordinate descent algorithm. [19] proposes an asynchronous ADMM
algorithm, which is mainly for the case where the objective function is con-
vex. [2] and [3] propose an asynchronous AD-ADMM algorithm for non-convex
functions. [5] and [17] use hierarchical communication structure to reduce the
communication between nodes, thus improving the communication efficiency of
distributed ADMM. Although asynchronous communication protocol can effec-
tively solve the problem of slow nodes in the system, it is still necessary to pass
the entire model parameter in each iteration. When the dimension of the data
set is very high, the communication efficiency of the system is still the bottleneck
of the algorithm. This is also a common problem of distributed algorithms based
on data parallelism.

Another type of distributed algorithm is the distributed algorithm based on
model parallel. This kind of algorithms divide the data set by features, and each
node only processes the features associated with it, which can reduce the com-
munication cost. [4] proposes an asynchronous random coordinate descent algo-
rithm, which achieves the linear acceleration ratio in the multi-core systems. How-
ever, in [4], the shared memory method is used to implement model parallelism,
which is not suitable for large-scale distributed systems. In [14], the model par-
allel method is used to implement the distributed dual coordinate descent algo-
rithm. [7] proposes an stochastic coordinate descent algorithm (DF-DSCD) that
supports both data parallelism and model parallelism. Each node of the DF-DSCD
algorithm only needs to handle part of samples and part of features. It is not only
suitable for environments with large-scale data set, but also for the scenes with
high-dimensional data set. However, the main research object of this algorithm is
the logistic regression problem, and there is no further research on the case that the
objective function is non-convex. Moreover, stochastic coordinate descent algo-
rithm is not applicable to optimization problems with constraints. Compared with
the distributed stochastic coordinate descent algorithm, the distributed ADMM
algorithm can be better adapt to the distributed environment, and has a faster
convergence speed. In [13,20], the stochastic ADMM is proposed to solve the con-
vex optimization problems. [6] proposes an incremental asynchronous distributed
ADMM algorithm, which can solve the non-convex and non-smooth optimiza-
tion problems. However, its workers are only responsible for calculating the gra-
dient information, and it does not make full use of the advantages of distributed
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nodes. At the same time, the algorithm uses approximate calculations for solving
sub-problems, which may require more iterations to achieve convergence, thus
bringing greater communication cost.

This paper proposes an asynchronous distributed ADMM algorithm based on
general form consensus (GA-ADMM) for large-scale and high-dimensional sparse
data set. This GA-ADMM algorithm is based on data parallelism. Unlike [2], each
worker in the GA-ADMM algorithm only needs to transmit associated features
to the master, which can effectively reduce the communication cost. Different
from the algorithm in [6], the worker in the GA-ADMM algorithm not only
calculate the local variable, but also calculate the dual variable. The master is
only responsible for the update of the global variable, and the solving process of
the sub-problem can be controlled flexibly. Moreover, the algorithm is applicable
not only to convex optimization problem, but also to non-convex optimization
problem.

3 The Distributed Asynchronous ADMM Algorithm
Based on General Form Consensus with Regularization

In this section, we first introduce how to use the ADMM algorithm to solve the
general form consensus with regularization optimization problem, and further
proposes an asynchronous distributed ADMM algorithm to solve this kind of
problems.

3.1 General Form Consensus with Regularization Optimization and
ADMM

For the optimization problem of large-scale and high-dimensional sparse data
set, although the features of the model parameter is very large, there are fewer
features associated with each data block. This kind of problems is abstracted
into the general form consensus optimization problem in [1] (as shown in
formula (3)). Formula (4) adds a regularization term based on formula (3), called
the general form consensus with regularization optimization [1], which is more
general than (3).

M
mmizzlfi(ﬂcmDi) +9(2), (4)

s.t.x; = ZGwi = 1,2, ...,]\47

where g : R — RNoo is the regularization term. In formula (4), the local variable
x; only needs to be consistent with the associated global variable z¢,, so when
solving the local variable, only the associated global variable z¢, to be used, but
not the entire global variable. For the sake of presentation, we give the following
definition:
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Definition 1. I'(i) represents the set of features associated with the i-th
(i=1,. . ., M) worker, and |I'(i)| represents the size of the set I'(i). ®(j) repre-
sents the set of all workers associated with the j-th (j=1, . . ., n) feature, and
|P(j)| represents the size of the set $(j). z; represents the j-th feature of the
global variable z. x;; represents the local variable associated with z; in the i-th
node, and y;; is the corresponding dual variable. The set {2 represents all the
(i,4) pairs, and the pair (i,j) represent the i-th node associated with the j-th
feature.

By Definition 1, the set {2 can be expressed as shown in formula (5) and we can
convert formula (4) into formula (6):

n M
Q={{7)) _ied()}={0G45>_jel{} (5)
=1 i=1

n M
mz’nz Z f(xij, Di) + g(2),

Jj=11i=1 (6)
s.t. Ti5 = ZJ,V(Z,]) e (.

Using the ADMM algorithm framework to solve formula (6), the iterative for-
mulae are shown in (7)—(10):

. ?Jz
2t = argmin(fi(ei D) + Y Glleig + L — 2FIP), (™)
) . P
JET(4)
n k'
2= argmin, Z z k+1 pj Zsz) +9(2)), (8)
j=licd(j
zg+1 = {zj|vg‘ € I'(4)}, 9)
yitl = g+ p(alt = ), i e (). (10)

In the distributed system, the master updates the global variable, and M workers
update the local variables and dual variables respectively. The topology diagram
is shown in Fig. 1. The worker first updates the local variable, and then sends the
local variable and dual variable to the master. After collecting the local variables
and dual variables from all workers, the master updates the global variable.
Finally, the master sends the associated global variable to each worker. After
the worker receives the associated global variable, it updates the dual variable
and loops until the stop condition is satisfied. The description of the synchronous
ADMM algorithm based on general consensus is shown in Algorithm 1.
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Fig. 1. The topology diagram of the ADMM algorithm based on general form consensus
with regularization.

Algorithm 1. The synchronous distributed ADMM based on general form
consensus with regularization

Algorithm of the Master:

Initialize 2° and set k = 0.

repeat
if k==0 then
‘ wait until receiving xffl, yl; and I'(i) from all workers.
end
else

‘ wait until receiving xffl, yfj from all workers.
end
update 2*1 using (8)
update z¢, using (9)
send zg, to all workers.
set k«— k+1
until the stopping conditions are satisfied;
Algorithm of the i-th worker:
Initialize 22,y and set k;=0.
repeat
update xf}“ using (7)

if k; == 0 then

‘ save the set I'(z) and send xffl, yt;, I'(i) to the master
end
else
‘ send xffl, y!; to the master
end
wait until receive zg, from the master
update yff“ using (10)

set kl «— kl + 1
until the stopping conditions are satisfied;

3.2 Asynchronous ADMM Algorithm Based on General Form
Consensus

In Algorithm 1, the master cannot update the global variable z until it receives
information from all workers. This makes the system performance determined
by the slowest worker. In this paper, the algorithm is further improved, and the
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asynchronous ADMM algorithm is used to solve the general consensus optimiza-
tion problem. In each iteration, the master only needs to receive part of the
workers’ information to update the global variable. In addition, we first update
the dual variable, and then update the global variable, so that the latest dual
variable is used to update the global variable, which can reach convergence faster.
The iterative formulae are shown in (11)—(14):

k
Yij

) p -
xi’H_l = argmm(fi(xi,D,-) + Z §H$U + — — Z]‘HQ))7 (11)
= p
JET(3)
yi =yl + p(al - 5),V(0) € 1), (12)
n p Ykt ~
= argmin, (g(z) +Z Z (§||xfj+1 AN B ZjH2) + 5”2 _2R)12), (13)
' p
j=1ied(j)
zai = {z;|Vj € I'(1)}, (14)

in which zj is the latest associated global variable received by the worker. In
Eq. (13), we add the term %|[z — 2*||> to ensure the convergence of the algo-
rithm. According to the characteristics of Eq. (13), we need to sum local variables
and dual variables when updating the global variable z. Therefore, in the com-
munication process, the worker send w (whose definition is shown in Eq. (15))
to the master, instead of sending local variable and dual variable respectively.
This will further reduces the amount of information that the worker sends to
the master:

k k
wij—‘rl = pr] + yi;_l. (15)

Since the global variable associated with each worker is different and there is
only one master to update the global variable in the algorithm. Therefore, after
updating the global variable z, we need to update the global variable zg; asso-
ciated with each worker. The update formula of zg; is as shown in Eq. (14).
Algorithm 2 describes the GA-ADMM algorithm: the worker independently
updates its local variable x; and the dual variable y;, and computes w;. Then
sends w; to the master. After receiving the parameter information of A (4 < M)
workers, the master updates the global variable and the associated global vari-
able zg;, and then sends zg; to the corresponding worker. This loop does not
stop until all the stop conditions are met. In order to avoid the mater using too
old parameter information, when updating z, the algorithm requires that each
worker be updated at least once in the fixed period 7. We set an independent
counter t; for each worker and save it in the master. When the worker’s infor-
mation reaches the master, the corresponding counter t¢; is set to 0, otherwise
the counter ¢; is incremented by 1. All counters must be less than 7 in the iter-
ations. Since the global variables associated with each worker are different, at
the first iteration, each worker needs to mark the global variable associated with
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it and sends this information to the master. In the Algorithm 2, B represents
the index subset of workers from which the master receives information during
iteration k, and Bj represents the complementary set of By.

Different from the literature [6], in each iteration, we get the exact solu-
tion of the local variable z;. The time required for solving the sub-problem is
higher in the system running process. Therefore, different solving algorithms
can be selected according to the specific problems in the system implementa-
tion, such as the dual coordinate descent method and the Trust Region Newton
method(TRON) [9]. These two algorithms are implemented in the system. Users
can select different solutions by passing parameters.

4 Convergence Analysis

In this section we analyze the convergence of the GA-ADMM algorithm. First,
we make the following assumptions:

Assumption 1. t; is the delay number of the i-th worker, and T (i, j) represents
the mazimum difference of the delay numbers of all workers associated with z;
(Namely, T(i,j) = max|t; — ti|,Vi,k € @(j)). The mazimum delay number T
satisfies the condition 0 < 7 < T(i,7),¥Y(i,j) € 2. And there is a constant
A € [1, M] such that the condition |B*| < A is satisfied in each iteration.

Assumption 2. Each function f;;(x;;) is twice differentiable and there is a con-
stant L;; > 0 such that the gradient of fi;(x;;) satisfies the Lipschitz continuous
condition.

Assumption 3. The regularization function g is a convex function and the
domain of g is compact. Moreover, the solution of formula (1) is bounded below

and there is an optimal value f > —00.

Theorem 1. If Assumptions 1-3 are true, and appropriate parameters are
selected to satisfy the formula (20)—-(22):

50> Ly(a 40, %) — f > 0, (20)
(14 Ly +L%) + \/(1 + Lij + LE)? + 8L
2 _ . . _ .
L5 A+ ) = Y max(T(i,j)) — max @U)‘p,v(i,j) €N, (22)

2

then, the sequence of ({af}Ly, {yf 3L, {2F}7_,) generated by the GA-ADMM
is bounded and has limit points which satisfy the KKT conditions of problem (4).

It is implied by Theorem 1 that the GA-ADMM is guaranteed to converge to
the set of KKT points so long as p and  are large enough. It can be seen from
formula (22) that A should be increased as the number of workers M increases
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Algorithm 2. GA-ADMM: The asynchronous distributed ADMM based
on general form consensus with regularization

Algorithm of the Master:

Initialize 2° and set k = 0,t1 =ta=...=ty =0.
repeat
if k==0 then
wait until receiving w;; and I'(¢) from all workers, set By, = ¢.
wit = w;. (16)
end
else
wait until receiving w;; from all workers ¢ € By, such that |Bx| > A and
(t1,t2...tar) < 7, and then update
0:VieB
t; = ! E, " (17)
t¢+1 . V’L c B;i,
Wij; : Vi € By,
A S A (18)
w;; 1 Vi € B.
end
update
k - po Wi 2 k
41 . 7 2 2
HH i argmin.(92) + 3 3 (G120 = 5If) + Jlla = . (19)
J=1ied(j)

update zg; using (14)
send zg; to the workers in By.
set k—k+1

until the stopping conditions are satisfied;
Algorithm of the i-th worker:

Initialize 22,y and set k;=0.
repeat

Bitl kil
update x;7 ", y;; 7 using (11) and (12)
if k; == 0 then

| save the set I'(4)

end
compute wfj“ using (15)
if k; == 0 then

‘ send wfjﬂ, I'(7) to the master
end
else

‘ send wfjﬂ to the master

end
wait until receive zg; from the master
set k; — ki +1

until the stopping conditions are satisfied;
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if the maximum delay number 7(7 > 1) remains unchanged. This is because the
larger M, the larger |®(j)|, and the more outdated information is used for each
update, so the threshold A should be increased in order to ensure the convergence
speed. On the other hand, when 7 = 0, the GA-ADMM algorithm is equivalent
to the synchronization algorithm, and 7 can be set to 0. Otherwise, v should
increase as T increases.

5 Experiments and Discussion

In this section, we use the GA-ADMM algorithm to solve the sparse logistic
regression problem, test its convergence and performance, and compare the algo-
rithm with the asynchronous distributed ADMM (AD-ADMM) algorithm pro-
posed in [2]. The sparse logistic regression problem can be described as shown
in formula (23):

M
1
min - " log(1 + exp(~b;Df x)) + Bz (23)

i=1

where D; € R" is the sample dataset, x € R" is the model parameter,
b; € {—1,1} is the label of the sample and S > 0 is the scalar regularization
parameter.

5.1 Experimental Environment and Parallelization Implementation

We tested the algorithms on the cluster supercomputer “Zigiang 4000”7 of
Shanghai University. Each node of the cluster has an Intel E5-2690 CPU (2.9
GHz/8-core) processor and 64 GB of random access memory. The network band-
width of the cluster is 5.6 GB. We use the KDDb (raw)! and KDDa? as the test
data sets. The KDDb (raw) has more than 19 million samples and one million
features, the KDDa has more than eight million samples and 20 million features.
We implement the algorithm use MPICH v3.2.1 as the inter-processor commu-
nication and use C++ as the programming language.

In the system, we use nine computing nodes and 65 processes, one processes
is selected as the master and the others as workers. The initial residual r* and
the dual residual s*, which are defined as formula (24), are used to set the stop-
ping criterion of the GA-ADMM algorithm. The algorithm doesn’t stop until
the initial residual and the dual residual satisfy formula (25) and (26):

1 _
IIT’“IIS=MEL’1 > Nk = 2513, 11sK115 = P21l — 2713, (24)
JET(4)

! https://www.csie.ntu.edu.tw/~cjlin/libsvimtools/datasets /binary.html#kdd2010
raw version (bridge to algebra).

2 https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets /binary. html#kdd2010
(algebra).
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M
1
|r*]|l2 < ABS % /m + REL x maX{M Z l2¥]2, 1212}, (25)
i=1
| M
Is*]l2 < ABS + v/m + REL M; Iy l2: (26)

where m represents the total number of samples, both the absolute error ABS
and the relative error REL are set to 0.001.

5.2 Convergence Test of the GA-ADMM Algorithm

In this section we test the convergence of the GA-ADMM algorithm. 64 workers
are used in the experiment, and different thresholds are selected to test the
algorithm. When testing with the data set KDDb (raw), the threshold A is taken
as 64, 32, and 8, respectively. While the data set KDDa is used for testing, the
threshold A is taken as 64, 16, and 4, respectively. The maximum delay number
T is set to 5, and the penalty term parameter p is set to 6. The sub-problem
is solved by the TRON. When the threshold A is set to 64, the algorithm is
synchronous, and the maximum delay number has no effect on the algorithm.
Figures2 and 3 respectively show the convergence of the algorithm when the
data set is KDDb (raw) and KDDa.

Figures2 and 3 show that when the other parameters are the same, the
total number of iterations required for the GA-ADMM algorithm to converge
increases as the threshold decreases, but the total system time decreases. This
is because the smaller the threshold, the more outdated information the master
uses to update the global variable, so the total number of iterations increases.
However, since the waiting time and the sending time of the master decrease,
the total time decreases instead. Figures 2 and 3 also show that the convergence
of the GA-ADMM algorithm can be guaranteed when appropriate parameters
are selected.

A=64 0.70 4 A=64
— = A=32 — == A=32
0.65 A=8 0.65 A=8

0.55 4

Objective Value

0.35 0.35
g&:ﬂz"—_‘l—-—-m ;—

T T T T 1
0 5 10 15 20 25 30 0 20 40 60 80 100 120

System time(second) ) Iteration o
(a) System time vs. Objective Value (b) Iteration vs. Objective Value

Fig. 2. Convergence of the GA-ADMM algorithm: the data set is KDDb (raw) and A
represents the threshold
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8 0.3 S %31
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024 02 %
0.1 T T T T T T T T T J 0.1 T T T
0 200 400 600 800 1000 1200 1400 1600 1800 0 50 100 150 200
System Time(second) Iteration
(a) System Time vs. Objective Value (b) Iteration vs. Objective Value

Fig. 3. Convergence of the GA-ADMM algorithm: the data set is KDDa and A repre-
sents the threshold

5.3 Performance Test of the GA-ADMM Algorithm

We test the system time cost and accuracy of the GA-ADMM algorithm in this
section, and compare it with the AD-ADMM algorithm. The setting of relevant
parameters is the same as in Sect. 5.2.

The system time is the running time of the master, which includes communi-
cation time and computation time. The communication time includes the time
when the master waits to receive w from the workers and the time when the
associated model parameters are sent to the workers, and the computation time
includes the update time of the global variable z and the associated global vari-
able zg;. Figure 4 shows the system time cost of the GA-ADMM algorithm and
the AD-ADMM algorithm with different thresholds.

704 " 1

[ computation time 3000 —

[ communication time [ computation time
€0 25004 [ communication time
20004

1500 4

1000

System Time(second)
8
System Time(second)

500 +

0+ o0
(1,64) (0,64) (1,32) (0,32) (1,8) (0,8) (1,64) (0,64) (1,16) (0,16) (1,4) (0,4)

(ty,A) (ty,A)

(a) KDDb(raw) (b)KDDa

Fig. 4. The system time of the GA-ADMM and the AD-ADMM: ty represents the
algorithm type, ty = 0 represents the GA-ADMM algorithm, and ty = 1 represents
the AD-ADMM algorithm. A represents the threshold

It can be seen from Fig. 4 that the system time cost of the GA-ADMM algo-
rithm is less than that of the AD-ADMM algorithm with the same parameters.
On the one hand, in the GA-ADMM algorithm, only the associated parameters
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need to be transmitted between nodes, so the communication time is greatly
reduced. On the other hand, when updating the global variable, the AD-ADMM
algorithm needs to compute all features of the model, and the GA-ADMM
algorithm only needs to compute the association features of the correspond-
ing worker, so the computation time required for each iteration is reduced. This
advantage becomes more apparent as the number of features of the data set
increases. As shown in Fig. 4, since the features of data set KDDa is much larger
than that of data set KDDb (raw), the comparison of the computation time is
more obvious.

Finally, we test the accuracy of the GA-ADMM and the AD-ADMM. The
accuracy is defined as the proportion of correctly predicted samples to the total
number of samples, and can be described by Eq. (27):

Accuracy = (Nyp + Nin)/Niotal, (27)

where Ny, represents the number of the predicted correct positive sample, Ny,
represents the number of predicted correct negative sample, and Nyo¢q; represents
the total number of samples.

Figure5 shows the accuracy of the GA-ADMM and the AD-ADMM at dif-
ferent thresholds. As can be seen from Fig. 5, the difference in accuracy between
these two algorithms is not obvious. In the same situation, when the data set
KDDb (raw) is used for testing, the accuracy of the GA-ADMM algorithm is
slightly higher than that of the AD-ADMM algorithm, while when the data set
KDDa is used for testing, the accuracy of the AD-ADMM algorithm is higher.
However, the accuracy of the GA-ADMM algorithm decreases with the decrease
of the threshold. This is because the global variable associated with each worker
in the GA-ADMM algorithm is different, the update time of each feature of
global variable is also different. When the threshold is too small, the difference
will increase, which will lead to a decrease in accuracy. As shown in the analy-
sis in Sect. 4, when the number of workers increases, the threshold should also
increase in order to ensure the convergence of the algorithm.
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Fig. 5. The accuracy of the GA-ADMM and the AD-ADMM: ty represents the algo-
rithm type, ty = 0 represents the GA-ADMM algorithm, and ty = 1 represents the
AD-ADMM algorithm. A represents the threshold.
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6 Conclusion

In order to reduce the communication cost of large-scale distributed algorithms,
this paper first proposes an asynchronous distributed ADMM algorithm based
on general consensus (GA-ADMM) by analyzing the characteristics of high-
dimensional sparse data set and distributed ADMM algorithms. In the GA-
ADMM algorithm, each worker only needs to process the associated features of
the model parameter, and only the associated features need to be passed between
nodes, but not all the features, thus greatly reducing the communication cost.
Then, bounded asynchronous and partial obstacles are used to ensure the con-
vergence of the algorithm, and the convergence of the algorithm is analyzed. This
algorithm is not only suitable for convex optimization problem, but also for non-
convex optimization problem. Finally, the algorithm is used to solve the logis-
tic regression problem with L1 regularization on the high-performance parallel
platform “Zigiang 4000” of Shanghai University, and the algorithm is tested by
KDDb(raw) and KDDa data sets. The experimental results show that the algo-
rithm converges with reasonable parameter settings. Moreover, we compare the
performance of the GA-ADMM algorithm to the AD-ADMM algorithm. Exper-
iments also show that under the same conditions, the GA-ADMM algorithm
requires less system time than the AD-ADMM algorithm, and the accuracy of
these two algorithms is approximate. In this paper, the distributed ADMM algo-
rithm is optimized mainly by reducing the communication cost between nodes.
The time proportion of solving sub-problems of the algorithm is also large. We
will further study the optimization strategy of solving sub-problems in the future.
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