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Abstract. With the development of machine learning technology in var-
ious fields, such as medical care, smart manufacturing, etc., the data has
exploded. It is a challenge to train a deep learning model for different
application domains with large-scale data and limited resources of a sin-
gle device. The distributed machine-learning technology, which uses a
parameter server and multiple clients to train a model collaboratively,
is an excellent method to solve this problem. However, it needs much
communication between different devices with limited communication
resources. The stale synchronous parallel method is a mainstream com-
munication method to solve this problem, but it always leads to high
synchronization delay and low computing efficiency as the inappropriate
delay threshold value set by the user based on experience. This paper
proposes a synchronous parallel method with parameters communica-
tion prediction for distributed machine learning. It predicts the optimal
timing for synchronization, which can solve the problem of long synchro-
nization waiting time caused by the inappropriate threshold settings in
the stale synchronous parallel method. Moreover, it allows fast nodes to
continue local training while performing global synchronization, which
can improve the resource utilization of work nodes. Experimental results
show that compared with the delayed synchronous parallel method, the
training time and quality, and resource usage of our method are both
significantly improved.
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1 Introduction

With the development of 5G, AI (artificial intelligence) technology, informa-
tion technology, etc., intelligent collaborative computing is a good way to cope
with the changing world. As Al technology is widely used in all walks of life,
such as natural language processing [1], image classification [2], network traf-
fic control [3], speech recognition [4], and other fields [5,6], the data has grown
explosively, from the PB level to the EB level. It is a challenge to deal with
such a huge amount of data with AI technology in a single device, as the limited
resources of the single device. So, distributed machine learning technology, deal-
ing with large-scale data with multiple devices, has become an inevitable trend
and research hotspot.

The parameter server system is one popular distributed machine learning
method to deal with large-scale data with Al technology. It trains a global model
with the corporation of parameter server and worker nodes. Where the worker
nodes use the subset of the data set to train the local models and update the
local models to the parameter server, and the parameter server trains a global
model by aggregating local models [7,8]. As deep learning models require mul-
tiple rounds of iterations to converge, they need to transport large-scale data,
such as the parameters of the local model and global model, between servers
and workers to complete the gradient descent method [9,10]. There is extensive
communication between servers and workers. How to train a global model effi-
ciently with low communication cost is an important problem for the parameter
server system.

The bulk synchronous parallel method [11] is one of the mainstream paramet-
ric synchronization methods in the parameter server system. When the param-
eter server computes the global model by aggregating the local models, it needs
to wait for all work nodes to upload the current version of the local models.
The convergence time of model training depends on the slowest working node,
which leads to low resource utilization and long training time [12]. In order to
solve this problem, Dean et al. proposed the asynchronous parallel method [13],
where each worker node is trained asynchronously and communicates with the
parameter server to exchange models after completing a round of training with-
out waiting for other worker nodes, which significantly utilizes the computation
resources of worker nodes.

However, the uncontrollability of each node in the cluster in this method
often leads to a significant difference in the number of iterations between fast
and slow nodes, which finally makes the machine learning model converge poorly
or even fail to converge. Combining the characteristics of the above two methods,
Ho [14] et al. proposed the stale synchronous parallel method. It defines a delay
parameter representing the maximum iteration difference between the working
nodes to control the synchronization time of the work nodes. If the iteration
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difference between the work nodes is less than the delay parameter, the work
nodes will use the asynchronous communication method. Otherwise, the work
nodes will use the synchronous communication method, waiting until all work-
ing nodes have completed the current round of training and performing a global
synchronization. That is, the setting of the delay parameter affects the perfor-
mance of this method. However, the value of the delay parameter is hard to set,
as it relies on expert experience. The synchronization delay with unreasonable
delay parameters still leads to low computing performance.

In summary, the existing parameter communication methods of distributed
machine learning still have some shortcomings: (1) the bulk synchronous par-
allel method cannot fully utilize the computational performance; (2) The asyn-
chronous parallel method over-exploits the fault tolerance of machine learning,
which may eventually lead to the non-convergence of the model; (3) The stale
synchronous parallel model, in which most delay thresholds are set based on
expert experience, needs to be better adapted to the cluster environment and
wastes computational resources.

In order to solve these problems, this paper proposes a synchronous paral-
lel method with parameters communication prediction for distributed machine
learning, and we call this method the Prediction Synchronous Parallel (PSP)
method in this paper. This method controls the synchronous time of work nodes
by analyzing the last iteration of cluster training to predict the future clus-
ter performance and set the optimal synchronization timing to reduce the syn-
chronization delay. Furthermore, to further improve the utilization of cluster
computing resources, the fast node still keeps training if it enters the synchro-
nization barrier, and when it receives the latest global model parameters, it
aggregates the incremental local model training at the synchronization barrier
and uses the global model parameters as the initial model for a new round of
training. The experiment results show that our method can effectively improve
the computation performance and convergence performance and also improve
the resource utilization compared with the bulk synchronous parallel method
and asynchronous parallel method.

The rest of this paper is organized as follows. Firstly, related work is reviewed
in Sect. 2. Then, this paper describes the prediction synchronous parallel method
for distributed machine learning in Sect. 3. Experiments follow in Sect. 4. Finally,
the conclusion is in Sect. 5.

2 Related Work

Many distributed machine learning systems have been proposed to deal with
large-scale data with AT technology, such as Spark and Hadoop, which are imple-
mented based on MapReduce schema. For these systems, the server must wait
for all work nodes to update the local models before proceeding to global model
aggregation in each iteration, which causes a significant delay. In order to solve
these problems, the parameter server system has been proposed, such as Mul-
tiverso, Ray [15], etc., which can support bulk synchronous parallel method,
asynchronous parallel method, and stale synchronous parallel method.
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The bulk synchronous parallel method is one of the dominant communica-
tion methods for distributed machine learning, such as the spark-5 [16] and
MLIB16 [17]. It requires that the performance of worker nodes is similar. Oth-
erwise, the end-to-end training time of the deep learning model will be dragged
down by the worst-performing worker node. Haozhao Wang [18,19] et al. have
proved that the performance loss due to synchronous communication is vast,
even in clusters with similar computational performance.

To solve the synchronization delay problem in the bulk synchronous parallel
method, Dean [13] et al. proposed an asynchronous parallel method that can fully
utilize the computational resources of the working nodes. For the asynchronous
parallel method, the local model is sent to the server as long as the work node
calculates it, and the server updates the global model according to the local
model parameters rather than waiting for all other work nodes. Therefore, the
cluster’s performance can be fully utilized as the slow nodes do not slow down the
fast nodes. Furthermore, the asynchronous parallel method has been widely used
in Tensorflow [20]. The advantage of this method is that it can be much faster
than the bulk synchronous parallel method in the clusters with heterogeneous
computing performance of work nodes. However, as the server doesn’t need to
wait for the slowest work nodes if the parameters of the local model uploaded
by the slowest work node lag far behind the local models of other work nodes,
the accuracy of the global model will be reduced, or even not convergent [5].

In order to solve the above problems, the stale synchronous parallel
method [14] has been proposed. It combines the advantages of the bulk syn-
chronous parallel method and the asynchronous parallel method by introduc-
ing a delay threshold to limit the iteration difference between the fastest and
slowest work node. Similar to the asynchronous parallel method, the delayed
synchronous parallel method allows the work nodes not to be globally synchro-
nized until the iteration interval between the fasted work node and the slow-
est work node reaches an obsolescence threshold. There are some distributed
machine learning systems supporting the stale synchronous parallel method,
such as Petuum [21] and Bosen [22].

The stale synchronous parallel method alleviates the delay problem of the
bulk synchronous parallel method and the low accuracy caused by the slowest
work node in the asynchronous parallel method. However, it still needs to solve
the problem of low calculated performance or low convergence performance due
to an unreasonable delay threshold. Where the value of the delay threshold is set
by users, and it requires users to have knowledge of machine learning, distributed
computing, architecture, etc. So it is hard to set a reasonable value for the delay
threshold. In this paper, we propose a prediction synchronous parallel method
for distributed machine learning to improve the calculated performance and
convergence performance of model training.

3 Method

In this section, we first analyze the synchronization lag problem in detail in the
stale synchronous parallel model and then propose the synchronous prediction by
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leveraging the continuity of cluster performance and parallelizing computation
and synchronization. Finally, we prove that our proposed method is feasible from
algorithm and theory.

3.1 Features of Synchronization

The main advantage of the stale synchronous parallel model is that it com-
bines the characteristics of the global synchronous parallel method and the asyn-
chronous parallel method, accelerating the computation of distributed machine
learning models while ensuring convergence. However, there are still some prob-
lems in the previous section, not just the lag problem. This section discusses the
design philosophy and algorithm implementation of the stale synchronous par-
allel model and points out the issues it faces when running on a real distributed
machine learning cluster.
The utilization of computing resources in the stale synchronous parallel
method is:
Pt
i=1"1

p* max(t;)’

(1)

where p represents the number of worker nodes and t; represents the time spent
on local computation in this round of synchronization. In the case of the global
synchronous parallel model, max(t;) represents the time spent on local model
training by the worst-performing node. If the performance of all worker nodes is
similar, higher utilization of computing resources can be achieved. In the case of
the stale synchronous parallel model, max(¢;) represents the time taken by the
last worker node to enter global synchronization. If a suitable stale threshold is
set to make all worker nodes enter global synchronization at the same time, the
stale synchronous parallel method can achieve higher utilization of computing
resources. However, in practice, users often do not have a complete understanding
of the performance of the cluster, so the stale threshold they set may not be
able to achieve optimal utilization of computing resources. Additionally, the
performance of each worker node in the cluster may change in real-time, so a
fixed stale threshold may not be suitable for a real-world cluster environment.

We assume the ratio of the time required for one round of model training
on these three worker nodes is 1 : 2 : 3, and then there are three worker nodes
performing machine learning model training in a parameter server system.

As shown in Fig. 1, worker node 1 and worker node 2 have to wait for worker
node 3 to complete local model training, as it has not yet finished, resulting in the
stale synchronous parallel model degrading into the synchronous parallel model.
In Fig. 2, worker node 1 enters the synchronization barrier after completing 6
local model training iterations when the stale threshold is reached. At this point,
worker node 2 and 3 have also completed their local model training, and different
from Fig. 1, worker nodes 1 and 2 do not have to stop local training and wait for
worker node 3. Under ideal conditions, there is no synchronization stale, thus
fully utilizing the cluster computing performance.

resource_usage =
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Fig. 1. The delayed synchronous parallel method communication process with a delay
threshold of 1.
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Fig. 2. The delayed synchronous parallel method communication process with a delay
threshold of 5.

As shown in Figs. 1 and 2, the first problem is that the setting of the stale
threshold in the stale synchronous parallel model will directly affect the efficiency
of distributed machine learning model training. However, users often cannot set
the appropriate stale threshold based on the performance of each worker node
because they do not understand the cluster’s performance.

The second problem is that external factors that may interfere with dis-
tributed machine learning model training were not taken into consideration. In
real cluster environments, worker nodes typically perform tasks other than dis-
tributed machine learning model training. Therefore, the performance of each
worker node is constantly changing, and a fixed stale threshold cannot adapt to
the real distributed cluster environment.

As shown in Fig. 3, the initial time ratio required for one round of model
iteration among worker node 1, worker node 2, and worker node 3 is 1:1:2. At
this time, setting the stale threshold to 2 results in the minimum synchronization
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Fig. 3. The delayed synchronous parallel method under dynamic changes in the per-
formance of the worker nodes.

delay. However, after two global synchronizations, other tasks on worker node 3
preempt computing resources, resulting in a performance decline. The originally
designed stale threshold is no longer suitable for the new cluster environment.

In addition, when using the stale synchronization parallel model for dis-
tributed machine learning training in a real cluster environment, global synchro-
nization of the worker nodes is unavoidable. When a fast node enters global
synchronization, it will stop local training until every worker node in the cluster
completes local model training before proceeding to the next round of train-
ing. Therefore, nodes that complete model training earlier are still held back by
slower nodes, which affects the cluster’s computational performance. To address
this issue, this paper proposes a synchronous parallel method with parameters
communication prediction, which uses the optimal synchronization time instead
of a fixed stale threshold to solve the design problem of the stale synchronous
parallel model. This method allows for simultaneous global synchronization and
local computation, further improving the cluster’s computing efficiency.

3.2 Synchronization Prediction

In the stale synchronous parallel method, setting the stale threshold to 0 trans-
forms the stale synchronous parallel method into a synchronous parallel method,
and setting the stale threshold to infinity transforms the stale synchronous paral-
lel method into an asynchronous parallel method. The design of the stale thresh-
old in the stale synchronous parallel model directly determines the global syn-
chronization timing of nodes and directly determines the efficiency of the com-
puting cluster. The following will use a typical scenario of distributed machine
learning model training as an example to illustrate.

As shown in Fig. 1, if the time ratios required for one local model training for
three worker nodes are 1:2:3, then setting the stale threshold to 1, in an ideal situ-
ation, worker node 1 has a computational resource utilization rate of only 33.3%,
and worker node 2 has a utilization rate of only 66.7%. The overall computational
resource utilization rate of the computing cluster is 66.7%. As shown in Fig. 2, if
the stale threshold is set to 5, that is, worker node 1 enters the synchronization
barrier after completing 6 local model training, then in an ideal situation, the



392 Y. Zeng et al.

resource utilization rate of the computing cluster is 100%. Similarly, if the time
ratio for one model iteration training for three worker nodes is 1:1:3, setting the
stale threshold to 1 results in a computational resource utilization rate of 55.5%
for the computing cluster, while if the global synchronization is performed after
worker node 1 completes 3 local model iteration training, the ideal computational
resource utilization rate of the cluster can reach 100%. Therefore, selecting differ-
ent synchronization times based on different cluster performances directly affects
the computational efficiency of the computing cluster. In this paper, the defini-
tion of the optimal synchronization time is when all worker nodes perform global
synchronization at that moment, achieving the highest computational resource
utilization rate.

However, in a real computing cluster environment, users often do not have
knowledge about the performance of each working node in the cluster, making
it difficult to design a stale threshold that can achieve the optimal utilization
of computing resources. Moreover, the computing performance of each working
node may change unpredictably, and a fixed stale threshold may no longer be
suitable for the real-time changes in the performance of each working node.

Most distributed computing clusters have performance that varies in real-
time but also has continuity, meaning that the computing performance of various
working nodes in the computing cluster will not change significantly in a short
period of time. To address the above issues, the synchronous parallel method
with parameters communication prediction replaces the stale threshold with the
optimal synchronization time. Since the cluster’s computing performance has
continuity, the computing performance of each working node in the next syn-
chronization can be predicted using the performance of each working node in
the previous round of synchronization. If the time ratio of model training for
the three working nodes in the previous round of synchronization was 1:2:3, the
time ratio of model training for the three working nodes in the next round of
synchronization is also approximately 1:2:3.

According to above analysis, assuming there are P working nodes in a cluster,

and the parameter server obtains the training time {ti,%s,t3,...,tp} of each
working node from the previous iteration, then the optimal synchronization time
can be represented as the least common multiple of {t1,t2,t3,...,tp}, show in

Eq. (2), i.e., working node 7 enters global synchronization after T'/t; iterations,
gbc(tl,tg,tg,,...,tp). (2)

As shown in Fig. 4, during the first global synchronization, the parameter server
obtains the local model training time ratios of the three worker nodes, which are
1:2:3. Then, the parameter server calculates the optimal time for worker node 1
to perform global synchronization is after completing six iterations.
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Fig. 4. The predictive synchronous parallel model communication process.

3.3 Implement

This section presents the implementation of the synchronous parallel method
with parameters communication prediction. It is implemented under the param-
eter server system, where nodes are divided into working nodes and parameter
servers. The algorithmic details of the working nodes and parameter servers are
described in Algorithm 1 and Algorithm 2.

The specific execution process of Algorithm 1 is as follows:

(1) Load the sub-dataset on this worker node in line 1; (2) Line 2 - Line 9,
the work node receives the iteration number of the current round of training
from the parameter server and checks if the current iteration number is —1. If
it is V1, end the model training. Otherwise, go to (3); (3) Receive the optimal
synchronization time of this worker node. If the current iteration number has not
reached the optimal synchronization time, continue to use the local dataset to
compute the local model in line 10 - line 15. Otherwise, go to (4); (4) Calculate
the average time consumption of one local model training on this worker node,
and send the local model parameters and the average time consumption to the
parameter server in line 16- line 19; (5) Use the local dataset to train the local
model until receiving the new global model pushed by the parameter server in
line 19 -line 26.

The specific execution process of Algorithm 2 is as follows:

(1) Initialize the iteration number and optimal synchronization time for the
corresponding computing process in line 1 - line 2; (2) Receives the local model
of the corresponding computing process through MPI communication and incre-
ment the iteration number of the corresponding computing process in line 3
- line 4; (3) If the optimal synchronization time is reached, enter global syn-
chronization, wait for all work nodes to upload local models to the parameter
server, calculate the optimal synchronization time based on the time required
for each work node to perform one local model training, and wait for the param-
eter thread to aggregate the new global model parameters. Lastly, sends the
new global model parameters and the optimal synchronization time to the cor-
responding computing process through MPI communication.
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Algorithm 1: Prediction synchronous parallel method on worker node

Input : dataset subdata,iterations iteration,steps n,communication threshold
7,synchronization iterations

output:

load subdata// load local dataset

2 while ture do

=

/* Receiving the iteration number and the optimal synchronization
opportunity iteration of the worker node from the parameter
server. */

3 iternumber — MPI_RECV (ITER)

i — MPI_RECV(3)

/* If the iteration number of this iteration is -1, the model

training is finished. */
5 if iternumber == —1 then
6 ‘ break
7 end
8 start_time = now
9 end_iternumber = iternumber + ¢
/* The local model is used for model training before reaching the
optimal synchronization opportunity. x/
10 while iternumber < end_iternumber do
/* Calculating the parameter gradient of local model by back
propagation method */
11 gradient < ForwardBackward(parameters, subdata)
/* Updating local model parameters with gradient */
12 parameters «— Update(gradient, n, parameters)
13 iternumber + +
14 end
15 end_time = now
/* Calculating the average time consumption of each round of
model training. */
16 average_time = (end_time — start_time) /i

17 MPI_ISED(parameters) // Send local model
18 MPI_ISED(average_time) // Send average time

19 next_flag = false
/* Continue to train the local model while waiting synchronously.
*/
20 while Inext_flag do
21 next_flag «— MPI_RECYV (next_flag)
22 gradient «— ForwardBackward(parameters, subdata)
23 parameters «— Update(gradient, n, parameters)
24 end
/* Receiving a new global model from the parameter server x/

25 parameters «— M PI_RECV (global_parameters)
26 end
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Algorithm 2: Prediction synchronous parallel method on the server

Input : Calculation process number pid stale threshold s worker nodes p
output:

/* Initialize the iteration number and optimal synchronization
opportunity of the corresponding calculation process. */

1 iters_pid <— 0

2 iters_end_pid < iters_pid + i_pid

/* Receiving a local model sent by a corresponding computing process
*/

3 parameters_pid — M PI_RECYV (pid, parameters)

4 iters_pid = isters_pid + 1
/* Judge whether the optimal synchronization opportunity is reached,

and if so, perform global synchronization. */

5 if iters_pid = iters_end_pid then

/* Global synchronization waiting for all working nodes to upload
local models and average time consumption x/

for i =1 to p do

| wait(&send)

end

next_flag_pid = true

/* Calculate that corresponding optimal synchronization
opportunity x/

10 i-pid — Compute(time_pid)

/* Sending the global synchronization end signal and the optimal
synchronization opportunity to the corresponding computing
thread. x/

11 MPI_ISEN D(pid, nex_flag_pid)

12 MPI_ISEN D(pid,i_pid)

13 end

© o N o

3.4 Theoretical Analysis

To ensure the correctness of using the implementation of the synchronous paral-
lel method with parameters communication prediction for distributed machine
learning, the following will theoretically prove that this method has the same
correctness as the stale synchronous parallel model. We adopt the convergence
of the method as the criterion for judging the correctness of distributed machine
learning.

For the convenience of this chapter’s proof, the following assumptions are
made:

Assumption 1. The objective function F' is continuously differentiable, and the
gradient of the objective function is Lipschitz continuous [23], with a Lipschitz
constant L >0 as given in Eq. (3):

IVE(w) = VE()ll2 < Lllw = &2, 3)

where w represents the model parameters.
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Assumption 2. The loss function has an upper bound, which means:

IVE(w)| < K, (4)
where K is a constant.

Assumption 3. The gradient in stochastic gradient descent is bounded, that
is:

1
D(wlo) = 3 Jlw = w'||* < F?. ()

Most machine learning algorithms follow an iterative training pattern that
involves an optimization process. The optimization function is represented by

Eq. (6):

L= f(w) = fUL{ziyi},w). (6)

Here, f is the loss function, x;,y; is a sample in the dataset, w is the machine
learning model parameter, and y; is the expected output of the input data z;.
The loss function represents the difference between the actual output z; and the
expected output of the input. The machine learning program iterates using the
dataset to minimize the loss function. We will now demonstrate that the efficient
synchronous parallel model can ensure the final convergence of the model, using
an optimization function shown in Eq. (7):

L=fw) =) filw). (7)
t=1

where f; is the loss function at the ¢ — th iteration and f is a convex function.
The goal is to find the optimal solution w* of the machine learning model to
minimize the loss function.

We introduce a regret value to represent the deviation between the cur-
rently trained model and the optimal solution, and its mathematical expression
is shown in Eq. (8).

T
Rlel = 3" fulw) = f("). (8)

If T tends to infinity, R[w] tends to 0, it can be proven that the efficient syn-
chronous parallel model can ultimately make the machine learning model con-
verge. Based on Eq. (8), we can obtain Eq. (9):
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T T
1 * 1 *
:Tth(w)—f(w ZVft ), —w™). (9)
t=1 t:1
According to Ho [14], we can get the Eq. (10):
T
1 1 F?1
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where o = K2 P When T tends to positive infinity, both o K N and

F;ﬁ tend to 0. Therefore, if we want to prove that the regret value R[w] tends

to 0 when T tends to positive infinity, we only need to prove that %(wt — Wi, Gt)
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Let the iteration difference between the fast node and the slow node be s, from
which we can get |A:| + |Bt| < s. Let the learning rate 7, of the t iteration be

7+ Therefore, Eq. (12) can be obtained based on Eq. (11):
1 I
Z [|A] + By K* < — ZSUtK2
r= =
< LsKAVT (12)
T
=sK?

5/~

Therefore, we can get the Eq. (13):

sK? +oK? + £

Rlw] < g
VT

where, as sK?2 + 0K? + —2 is a fixed value, when 7T tends to infinity, v/T tends

2
% tends to infinitesimal, that is, the regret value R|w]

tends to infinitesimal.

The Eq. (13) shows that when the number of training iterations of the dis-
tributed machine learning model tends to infinity, the gap between the model
obtained by training calculation and the optimal model tends to zero. Overall,

(13)

to infinity and
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we prove that the efficient synchronous parallel model can ensure the final con-
vergence of the model; that is, it proves the correctness of using this model for
distributed machine learning training.

4 Experiments

4.1 Experimental Setup

Dataset. We use two widely used and publicly available datasets to validate the
effectiveness of our approach: CIFAR-10 [24] and MNIST [25]. 1) The CIFAR-10
consists of 60,000 samples, each of which is a 32 x 32 pixel colour image divided
into three channels: R, G, and B. Among these 60,000 samples, five sets are
reserved for training and one for testing. It is used for supervised learning. Each
sample contains a label indicating the category of the object, with ten categories
of images, including airplane, automobile, bird, cat, deer, dog, frog, horse, ship,
and truck. 2) The MNIST dataset is specifically designed for handwritten digit
recognition. It consists of a training set with 60,000 samples and a separate test
set containing 10,000 samples. Each sample in the MNIST dataset is a grayscale
image of a handwritten digit, with a size of 28 x 28 pixels. The dataset is widely
used as a benchmark for various machine learning algorithms and models.

Baselines. The baselines used in this study are the parameter communication
methods currently mainstream in distributed machine learning, including the
bulk synchronous parallel method [11], the asynchronous parallel method [13],
and the stale synchronous parallel method [14]. The bulk synchronous paral-
lel method, in which the server needs to wait for all work nodes to upload the
current local models, performs global synchronization after each local model
training iteration. For the asynchronous parallel method, each worker node is
trained asynchronously and communicates with the parameter server. The stale
synchronous parallel method only performs global synchronization when the iter-
ation difference between fast and slow nodes reaches a delay threshold.

Metrics. We use three metrics to evaluate the models over the above-mentioned
benchmarks: training time, training quality, and resource usage. The training
time will be measured by the time spent per epoch, the training quality will
be measured by the decrease of the loss function over time, and the computa-
tional resource utilization will be defined as the time spent on computation as a
percentage of the total execution time, as shown in Eq. (14),

Zijorkers computeime,

Zijorkers tOta‘lltimei

TeSOUT Ceysage =

(14)
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Environments. The hardware environment used in this paper is a cluster of
four servers, with one server as the parameter server and the other three servers
as worker nodes. It has the following key components: 1) Parameter server:
the CPU is an Intel Xeon processor (E7-4807) with 1.87 GHz, containing 12
physical cores in total; 2) Hyper-Threading: it has 24 logical cores, 32 GB of
memory, and 256 GB of hard disk capacity; 3) Worker node: the CPU is AMD
processor (Processor 6136) with 2.4 GHz. The nodes in the cluster are connected
to each other via Gigabit Ethernet. In addition, a scenario with 3 and 6 clients
is developed by using threads to simulate clients.

4.2 Experimental Results

Training Time

Tables 1 and 2 show the time required for different methods to achieve a given
accuracy. We report the Prediction Synchronous Parallel method as the dis-
tributed machine learning communication method, the training time of the VGG-
11 model on the CIFAR-10 dataset is reduced by up to 19.9%, and up to 55.8%
reduction is achieved when training logistic regression on the MNIST dataset.
This is because the Prediction Synchronous Method can predict the optimal
synchronization time according to the history information, which can reduce the
synchronization relay. So that, the method proposed in this paper is better suited
for natural cluster environments where the performance varies in real-time.

Table 1. Training Time for VGG-11 model on CIFAR-10 using different methods with
75% accuracy

Bulk synchronous | Asynchronous Stale Synchronous | Predictive
parallel parallel Parallel synchronous
parallel
3 clients | 4511s 4230 4133s 3756 s
6 clients | 4225 3846 s 4033 s 3419 s
Table 2. Training Time for logistic regression on MNIST using different methods with

92% accuracy

Bulk synchronous | Asynchronous Stale Synchronous | Predictive
parallel parallel Parallel synchronous
parallel
3 clients | 221s 258 353s 204 s
6 clients | 208 s 231s 445 s 197s
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Training Quality

According to Figs.5 and 6, the method proposed in this paper has better con-
vergence performance than other baselines. Although the asynchronous parallel
method has a faster speedup, it excessively utilizes the limited fault tolerance
of machine learning, resulting in inferior convergence performance compared to
our method in this paper. Moreover, while ensuring model convergence, the Pre-
dictive Synchronous Parallel method proposed in this paper has better training
speed than the bulk and stale synchronous parallel methods. Our method with
the optimal synchronization time can reduce the synchronization delay in the
bulk synchronous parallel method, solve the parameter stale problem in the asyn-
chronous parallel method, and the unreasonable delay parameters in the stale
synchronous parallel method. Therefore, regarding convergence performance, our
method is superior to the other two methods, the final model converges, and the
loss function of the Predicted Synchronous Parallel method is reduced by about
15% compared to the mainstream parametric communication method.

16 % 16 |

14 14
\ NN
12 0 12 i
" R a
8 ! ; :\\ 8 !
0.8 — 0.8 g .
06 S 06 Fhrhoy
02 =S . 02 - -
0 0
0 1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000 65000
time(s) time(s)
——BSP ——ASP ——SSP PSP ——BSP ——ASP ssP PSP
(a) (b)

Fig. 5. Convergence performance of different methods trained with VGG-11 on CIFAR-
10
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Fig. 6. Convergence performance of different methods trained with logistic regression
on MNIST
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Resource Usage

In Figs. 7 and 8, the utilization of network bandwidth is used as a metric to mea-
sure the utilization of computational resources. This is because computational
tasks require data transmission and communication between different nodes.
Our method exhibits a computational resource utilization rate second only to
asynchronous parallel methods. This is because our method has lower synchro-
nization latency compared to batch synchronous parallel methods and outdated
synchronous parallel methods. In contrast, asynchronous parallel methods do
not require global synchronization, resulting in higher computational resource
utilization. Compared to mainstream parameter communication methods, our
method improves computational resource utilization by 31%. As the number of
worker nodes increases, the computational resource utilization rates of batch syn-
chronous parallel methods, asynchronous parallel methods, sluggish synchronous
parallel methods, and our method all exhibit varying degrees of decline. This is
due to the increased number of worker nodes communicating with the parameter
server in the cluster network, leading to network congestion. More resources are
allocated to model transmission between worker nodes and the parameter server,
ultimately resulting in a decrease in cluster computational resource utilization.

Computing Resource Usage Computing Resource Usage

100

ESP ASP S5P PSP ESP ASP S5P PSP

(a) (b)

Fig. 7. Computational resource utilization of different models trained with CIFAR-10
using VGG-11 under three and six threads
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Fig. 8. Computational resource utilization of different models trained with MNIST
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5 Summary

In this paper, we propose a synchronous parallel method with parameters com-
munication prediction for distributed machine learning to solve the degraded
resource utilization problem caused by the constant delay thresholds in the stale
synchronous parallel method. It predicts the next round of training based on
the previous round of training of each node in the cluster to select the optimal
synchronization timing, thus reducing the synchronization waiting time. More-
over, the fast nodes in this method continue to train locally with local datasets
instead of stopping training while waiting synchronously, which further increases
the computational resource utilization of the cluster. The experiments show that
the method proposed in this paper has good improvements in training time,
training quality, and resource usage.
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