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Abstract Deep neural network models can achieve greater performance in numerous machine

learning tasks by raising the depth of the model and the amount of training data samples. However,

these essential procedures will proportionally raise the cost of training deep neural network models.

Accelerating the training process of deep neural network models in a distributed computing envi-

ronment has become the most often utilized strategy for developers in order to better cope with

a huge quantity of training overhead. The current deep neural network model is the stochastic gra-

dient descent (SGD) technique. It is one of the most widely used training techniques in network

models, although it is prone to gradient obsolescence during parallelization, which impacts the

overall convergence. The majority of present solutions are geared at high-performance nodes with

minor performance changes. Few studies have taken into account the cluster environment in high-

performance computing (HPC), where the performance of each node varies substantially. A

dynamic batch size stochastic gradient descent approach based on performance-aware technology

is suggested to address the aforesaid difficulties (DBS-SGD). By assessing the processing capacity

of each node, this method dynamically allocates the minibatch of each node, guaranteeing that

the update time of each iteration between nodes is essentially the same, lowering the average gra-

dient of the node. The suggested approach may successfully solve the asynchronous update strat-

egy’s gradient outdated problem. The Mnist and cifar10 are two widely used image classification

benchmarks, that are employed as training data sets, and the approach is compared with the asyn-
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Fig. 1 Parallelism
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chronous stochastic gradient descent (ASGD) technique. The experimental findings demonstrate

that the proposed algorithm has better performance as compared with existing algorithms.

� 2022 THE AUTHORS. Published by Elsevier BV on behalf of Faculty of Engineering, Alexandria

University This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/

licenses/by-nc-nd/4.0/).
1. Introduction

In the past ten years, deep learning (DL) [1–5] algorithms have
been widely used in image classification, speech recognition,

natural language processing, autonomous driving, and other
fields and have had a huge impact [6–9], which is largely due
to deeper neural network models and relatively massive train-
ing data. However, complex network models and massive

training data greatly increases the training overhead of neural
networks [10–16].

Since large-scale deep neural network training is limited by

limited computing resources, researchers have carried out a lot
of work to accelerate the neural network training using dis-
tributed computing frameworks [17–22]. For example, litera-

ture [23–24] established a cluster of multiple commercial
CPUs, and perform parallel training on data on top of it. Lit-
erature [25–26] proposed a heterogeneous computing platform

composed of nodes that integrate multiple GPUs for parallel
acceleration. Reference [27] used high-performance computing
clusters for training, etc.

In order to enable neural network algorithms to run under

the distributed computing framework, researchers usually
adopt corresponding parallel models. Currently popular deep
neural network parallel models are mainly divided into two

types: model parallelism [28] and data parallelism [29].
Model parallelism means that different hardware (CPU/

GPU) in the distributed system is responsible for different

parts of the neural network model. As shown in Fig. 1, differ-
ent network layers in the neural network model are assigned to
different hardware for execution, or within the same layer. Dif-
ferent parameters are assigned to different hardware [30]. Data

parallelism means that each node in a distributed system has a
copy of the same model, as shown in Fig. 2, each node is
assigned different training data, and then parameter server

combines the calculation results of all machines in a certain
model.
way, and finally completes the parameter update and
broadcast.

In most cases, the communication and synchronization
overhead brought by model parallelism far exceeds that of

data parallelism, and the acceleration is relatively low. There-
fore, most of the current research work is concentrated in the
field of data parallelism. The stochastic gradient descent

(SGD) algorithm [31] has many advantages such as simple
implementation, fast convergence speed, and high operating
efficiency, so it has been widely used in deep neural network

algorithms. Deep learning distributed strategies can be divided
into research based on parameter distribution and model
consistency-based research. The research of parameter distri-
bution form includes two categories: decentralized [32–33]

and centralized [34–35]. In the decentralized method, each
worker node maintains a local parameter and The specified
communication graph performs parameter transfer and

update. In the centralized approach, a central node called a
parameter server maintains the global parameters, while the
rest of the worker nodes do the computational work. The

model consistency-based research includes the synchronous
update model [36–37], the asynchronous update model [38]
and the outdated synchronous update model [39]. In the syn-

chronous update model, the SSGD (synchronization-SGD)
algorithm is based on the SGD algorithm simplest and most
straightforward distributed implementation was first proposed
by [36]. In this algorithm, the host simply divides and maps the

data to the corresponding worker nodes, and by using the dis-
play fence for forced synchronization, the host can ensure that
each worker node uses the same model parameters for gradient

calculation, but each node is forced to wait for the slowest
node in each iteration. The cost of this synchronization strat-
egy is to reduce the scalability of the SSGD algorithm and run-

time performance. To address this problem, reference [38]
Fig. 2 Parallelism data.
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proposed an asynchronization-SGD (ASGD) algorithm based
on the asynchronous update model, which overcomes the
above shortcomings by eliminating the synchronization barri-

ers between nodes. However, this asynchronous behavior
inevitably introduces ‘‘gradient obsolescence” to the entire sys-
tem. Since it takes time to calculate the gradient when a node

calculates the gradient value and submits it to the server to
update the parameters, the global parameters may have been
updated several times. Therefore, the updated parameters will

have a certain amount of outdated. Therefore, it is not the lat-
est convergence direction. This phenomenon is called ‘‘gradi-
ent outdated”. Therefore, under the premise of determining
the number of iterations, the model trained by ASGD is often

much less effective than the model trained by SSGD, and the
serious gradient value outdated will significantly slow down.
The convergence speed of the network model even stops con-

verging completely. The outdated synchronous update model
[39] is a trade-off between the synchronous and the asyn-
chronous update models. When the fast-running worker nodes

reach a certain gradient staleness, they will be forced to per-
form global synchronization operations to mitigate the effects
of gradient staleness issues.

At present, there are many studies on the gradient obsoles-
cence problem in asynchronous gradient descent algorithms.
The basic ideas of most asynchronous stochastic gradient des-
cent algorithms are roughly the same. The main difference is

that different optimization strategies are used to reduce obso-
lescence and the influence is caused by gradient. Reference [39]
used the delayed synchronization technology on the parameter

server side. For every certain number of iterations, the server
will perform a forced synchronization to eliminate the influ-
ence of gradient obsolescence. Reference [40] proposed a vari-

ant of the ASGD algorithm, which dynamically adjusts the
learning rate according to the gradient stale value at different
times, while having strong convergence. Reference [41] pro-

posed to use 5 % to 10% of the nodes can replace those nodes
with slower performance at any time, so as to ensure the con-
sistency of the performance of all nodes in the system as much
as possible. Although, these studies have eliminated the impact

of gradient obsolescence in different ways, the related algo-
rithms are all running on a homogeneous platform with aver-
age performance of each node, the commercial-grade cloud

computing environment is not fully considered. Reference
[42] mentioned three typical application scenarios in
commercial-grade cloud computing platforms:

(1) Network and computing heterogeneity. In a cluster con-
sisting of thousands of commercial machines provided
by different data centers, it is difficult for each machine

to have the same generation of processors, which makes
the performance of nodes vary.

(2) Resource competition. In a multi-user-oriented cluster,

multiple application requests usually need to be pro-
cessed at the same time, then these requests will inevita-
bly compete for scarce hardware resources on the same

node. Therefore, different instances of an application
usually have different runtimes.

(3) Spot Instance. Amazon EC2 provides services to users

by using Spot Instance. For substantial cost savings,
instances with different resource requirements can run
on the same cluster (e.g. m4.large has 2 cores, a1.4xlarge
has 16 cores). When a user submits a task on such a clus-
ter, the worker nodes assigned with low-performance

hardware need to spend more time computing the same
amount of data than the worker nodes assigned with
high-performance hardware.

These three application scenarios lead to different comput-
ing power provided by different nodes. At this time, the differ-
ence in computing performance between nodes leads to the

problem of gradient obsolescence. Based on the problem of
computing performance differences in heterogeneous environ-
ments, reference [42] through testing, it is found that the run-

ning time of the SSP model strategy on heterogeneous clusters
is about 80% slower than normal. At the same time, the learn-
ing rate is dynamically optimized on the basis of the SSP

model to solve the problems caused by the heterogeneity, while
reference is based on decentralized research and combined
with the backup works method proposed by [43] to solve the
heterogeneous problem. This paper proposes a performance-

aware technology-based dynamic batch size stochastic gradient
descent algorithm. It can effectively allocate the appropriate
amount of data according to the different performance of each

node, and finally make each node update asynchronously to
achieve essentially the same number of iterations in all cases,
thereby eliminating the effects of gradient staleness issues

caused by performance differences.
The main work of this paper has two aspects:

(1) A model that can quickly quantify the performance of
each node is proposed. This model quantifies the current
performance of the node by counting and calculating the
latest N running times of the node, so as to facilitate the

direct evaluation of the performance of each node.
(2) Based on the above node performance quantification

model, a dynamic batch size stochastic gradient descent

algorithm DBS-SGD based on performance-aware tech-
nology is proposed. After obtaining the quantified value
of each node’s performance, the algorithm can allocate

the work of each node in real time. Therefore, the run-
ning time of each iteration of each node is basically
the same, thus solving the problem of gradient obsoles-
cence caused by performance differences and eliminating

the influence of gradient obsolescence on the system.
(3) The remaining of the paper is organized as follows. Sec-

tion 2 explains the distributed neural network frame-

work. Section 3 provides the algorithm design and
analysis. Section 4 provides the simulation results evalu-
ation while Section 5 concludes the paper.

2. Distributed framework based on neural network

In this section, we will analyze the relevant theories of dis-
tributed deep learning, the overall framework of parameter
servers, and the synchronization strategy in distributed

systems.

2.1. Deep learning

The neural network algorithm performs a nonlinear transfor-
mation fh : X ! Y on a set of inputs and their corresponding
outputs by adjusting their own parameters , where h is a set
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of adjustable parameters (or called weights). For example, in
the environment of supervised learning the image classification
task below, X is the input image, and Y is the classification

label corresponding to the input image. The deep neural net-
work divides the parameter set h into multiple layers, each
layer is composed of a linear transformation and a correspond-

ing nonlinear transformation function. The non-linear trans-
formation functions include sigmoid, tanh functions, etc. In
a feedforward deep neural network, each layer is in sequence

so that the output of the L� 1 layer is passed to the input
of the L layer, and the last layer manages the output of the
entire network.

As a result bY ¼ fh Xð Þ:1, the training algorithm of the neural

network tries to find an optimal set of parameters h� that can
minimize the difference between the actual result Y and the
predicted result. The optimization algorithm used is usually

gradient descent, which is widely used in bY in the neural net-
work model, the gradient descent algorithm takes the negative

direction of the gradient as the search direction, and iteratively
solves the optimal value or local optimal value of the objective
function or loss function. Since the objective function needs to
be derived, theoretically gradient descent algorithm can

achieve linear convergence and can only solve differentiable
convex functions. The expression of the loss function is

min F wð Þ ¼ 1

N

XN
n¼1

f w; enð Þ
( )

ð1Þ

Among them, en represents the nth data in the dataset, w is

the parameter of the entire neural network, and f w; enð Þ repre-
sents the composite loss function using the parameters w and
en.

The neural network model uses the back-propagation algo-
rithm to derive the parameters in the network and update them
in turn. The expression for updating the parameters in each
iteration is as follows:

rF wj

� � ¼ 1

N

XN
n¼1

rf wj; en
� � ð2Þ

wjþ1 ¼ wj � grF wj

� � ð3Þ
where g is the learning rate and rF is the first derivative of the
loss function.

Since the gradient descent algorithm needs to be calculated
on the entire data set, the calculation time is long, and it is easy
to fall into the local optimal solution. Therefore, there are

many variants of gradient descent, such as stochastic gradient
descent algorithm, batch gradient descent algorithm, etc. The
expressions for stochastic gradient descent and mini-batch gra-

dient descent are

wjþ1 ¼ wj �rF wj

� � ¼ wj �rf wj; en
� � ð4Þ

wjþ1 ¼ wj �rF wj

� � ¼ 1

k

Xk

n¼1

rf wj; en
� � ð5Þ

(1) Stochastic gradient descent algorithm. Only one data is

selected each time for gradient calculation, and then
iterates.
(2) Mini batch gradient descent (MBGD). It is a compro-

mise between the gradient descent algorithm and the
stochastic gradient descent algorithm. It takes k data
to calculate the gradient, 1 < k � n.

2.2. Architecture of parameter

In the cluster environment, the parameter server architecture

(as shown in Fig. 3) is currently the mainstream architecture
supporting distributed parallel deep learning. Its earliest proto-
type is Distbelief developed by the Google team, which is a

large-scale architecture abstracted from the process of contin-
uous use.

In this architecture, the parameters and operations of

worker nodes are defined as follows.

(1) k. The number of working nodes.
(2) l. The size of the minibatch used by each worker node to

compute gradients.
(3) g. Learning rate, also known as step size.
(4) Timestamp. Use the count value of the scalar clock to

represent the gradient weight timestamp i. The begin-
ning point i ¼ 0. The value of the related timestamp will
grow by one with each weight change. The gradient’s

timestamp is the same as the weight’s date.
(5) si;l. Gradient stale value of worker node l. Worker node

1 sends gradient value with timestamp j to i, i � j. In the
form of i� j to compute the gradient staleness si;l, where
si;l � 0 for any i and l.

There are 4 sequential operations performed by each
worker node:

(1) getMiniatch. Randomly select a mini-batch from the
training set.

(2) pullWeights. Send a request to the parameter server to

apply for the current parameter set.
(3) calcGradient. Calculates the gradient value based on the

training error generated by the selected mini-batch
samples.

(4) pushGradient. To the parameter server, provide the
determined gradient.

The parameter server evenly retains all model parameters
and performs two operations:

(1) sumGradients. Receive and aggregate the gradient val-
ues calculated by each worker node.

(2) applyUpdate. Multiply the learning rate by the calcu-

lated gradient value and update the global parameters.

On the server side, different update strategies can be used,
including synchronous update strategies and asynchronous

update strategies. Synchronous update strategies can also be
called hard synchronization strategies (synchronous-SGD),
and asynchronous update strategies can also be called soft syn-

chronization strategies (asynchronous-SGD). Section 3 will
discuss the different effects of different update strategies on
the gradient.



Fig. 3 Parameter architecture.
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2.3. Update mechanism of parameter

The SSGD is the most intuitive implementation of the gradient
descent algorithm on distributed systems. The algorithm uses
the parameter averaging method [43] to process the updated

value of the weight on the server side. At the same time, it
can be proved that the SSGD algorithm in a distributed envi-
ronment can be mathematically equivalent. For this algorithm
in a stand-alone environment, the proof process is shown in

Appendix A. From the formulas (A1) and (A2) in Appendix
A, it can be known that the parameter server updates the i-
th value by aggregating the gradient change values submitted

by each node after the calculation of the i-th step is completed
+1 step weight, thus guaranteeing that the gradient stale
amount produced by the i-th step is 0, i.e. there is no gradient

staleness problem, so this algorithm produces the model with
the best accuracy.

The consistency of parameter updates is ensured by forced

synchronization in each iteration. When there are fewer work-
ing nodes, the algorithm has better scalability. However, in
large-scale clusters, the forced synchronization mechanism will
cause the barrel effect, which will make the entire system

becomes very inefficient, as shown in Fig. 4.
To address the aforementioned issues, the soft synchroniza-

tion technique recommends transferring the parameter compu-
Fig. 4 Parameter update flow via synchronous mechanism.
tation process from the parameter server to the node, making
parameter updating easier.:

Dwi;j ¼ arLj ð6Þ

wiþ1 ¼ wi � 1

n

XN
j¼1

Dwi;j ¼ 1

n

Xn

j¼1

wi � arLj ¼ 1

n

Xn

j¼1

wi;j ð7Þ

When the server still uses the synchronization method to

update the parameters, this method is completely equivalent
to the parameter averaging method. However, after the server
relaxes the synchronization constraints, when the server

receives the new parameters calculated by any one node, it
immediately updates the global parameters, instead of waiting
for the calculation results of all nodes. This strategy becomes
the ASGD scheme, as shown in Fig. 5. It has two main

advantages:

(1) The data throughput of the entire distributed system is

increased, and each worker node can devote more time
to computing instead of waiting for other nodes;

(2) Compared with the synchronous update method, each

node can obtain the information (parameter update
value) of other nodes faster.

The asynchronous update strategy not only obtains the

above advantages, but also brings new overhead. When the
Fig. 5 Parameter update flow via asynchronous mechanism.



Fig. 6 Global update mechanism.
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global parameter adopts the asynchronous update strategy, the

problem of gradient obsolescence also follows. Because the cal-
culation of the gradient itself takes time, when a node When
the gradient value is calculated and submitted to the parameter
server, the global parameters maintained by the parameter ser-

ver may have been updated many times. The specific process is
shown in Fig. 6.

As can be seen from the parameter update process shown in

Fig. 6, the value of w101 is calculated based on w97, not the most
recent value of w100. The difference between the subscripts of
the two weights is greater than one, which means that the gra-

dient of update is not based on the latest parameters, so the
gradient is outdated. Reference [27] discussed that the mini-
mum average outdated value of the gradient under this model
is the number of working nodes n, in fact, due to the different

number of iteration clock cycles of each node, the gradient
outdated value is generally greater than n, and the gradient
outdated problem is more serious due to the increase in the

number of nodes in the system and the increase in the perfor-
mance difference between nodes.

In addition, there is an n-soft synchronous update strategy

based on ASGD strategy. As shown in Fig. 7, for gradient
computation, each worker node acquires the most recent
parameter values from the parameter server and pushes the

computed results to the server. After collecting at least
c ¼ bk=nc parameters, the parameter server conducts a global
update (n:1 to k), then the parameter update strategy of the
n-soft synchronization strategy is:

c ¼ bk=nc ð8Þ

rwi ¼ 1

c

Xc

l¼1

rwl ð9Þ
Fig. 7 Update mechanism based on top-k
wiþ1 ¼ wi � arwi ð10Þ
This update strategy can better solve the gradient obsoles-

cence problem caused by the asynchronous update strategy,
but it is only suitable for the case where the performance of
each worker node is relatively average. Section 3 will quantita-

tively analyze the gradient obsolescence problem of different
strategies.

3. Algorithm design

The SSGD algorithm mentioned in Section 2 uses an explicit
synchronization barrier. In the process of each step forward

iteration, the parameter server will perform a forced aggrega-
tion operation, so the parameters obtained by each worker
node from the server side are all is the latest, that is, the gradi-
ent outdated value is 0. But when the update strategy becomes

asynchronous, the gradient outdated problem is inevitably
introduced. In order to solve this problem, we must first ana-
lyze the causes of gradient outdated.

3.1. Obsolescence performance of inconsistent node

Assuming that there are 30 working nodes in the parameter

server system, that is, k = 30. Then for the 1-soft update strat-
egy, the server needs to collect the gradient values from the
working nodes 30 times, and then perform parameter reduc-

tion and update operations. Similarly, For the 2-soft update
strategy, the parameter server needs to collect 30/2 = 15 gra-
dient values from worker nodes before updating the parame-
ters. According to [27,40], for each worker node, no matter

how the size of its batch_size and the size of the training model
change, the empirical experimental results similar to Fig. 8 can
be obtained. From Fig. 8(a), it can be seen that for the 1-soft

update strategy, the gradient value is out of date and is 0, 1, 2.
For the 15-soft update strategy in Fig. 8(b), the average gradi-
ent stale value becomes 0 to 30. If it is a 30-soft synchroniza-

tion strategy, the parameter server receives computations
from any worker node After the result, the parameters are
updated, which is equivalent to the ASGD algorithm. There-
fore, for this algorithm, the outdated value of the gradient is

0 to 60, which is Gaussian distribution. It can be seen that in
the ASGD algorithm, the increase in the number of working
nodes leads to the gradient increase of obsolete value. As

can be seen from Fig. 8(a)-(b), for the n-soft strategy, the aver-
age gradient obsolete value is close to n. This is based on the
situation that the performance of each worker node is com-

pletely consistent. If the performance of each working node



Fig. 8 Two and fifteen soft gradient distributions with synchronous mechanism.

Fig. 9 Two and fifteen soft gradient distributions with different mechanisms.

An efficient algorithm for data parallelism 12011
is quite different, the average gradient stale value generated by

the algorithm will become larger, and the gradient stale value
will change from a relatively stable Gaussian distribution to a
more random distribution. As shown in Fig. 9(a)-(b), the gra-

dient value is at nAt the same time, where the probability of
occurrence of the two sides is low, the probability of their
occurrence has increased instead. This will cause the loss func-
tion to vibrate violently during the convergence process, which

will affect the final convergence efficiency and results. The idea
of DBM-SGD algorithm is to dynamically allocate different
workloads to each node according to the real-time perfor-

mance of each node, that is, the value of batch_size. Through
this operation, the time of each iteration of each node is basi-
cally the same. Then in this case, the distribution of the gradi-

ent outdated values of the entire system will regress to the
normal Gaussian model again, the average gradient outdated
amount will be reduced to n, tend to be stable, and finally con-

verge to normal.

3.2. Influence of batch size on the performance

In previous studies [31,33,39–40], the value m of batch_size is

usually set to a fixed value, so, the amount of data trained
by each node is the same, and m is generally selected temporar-
ily or through empirical testing. Reference [44] proposed that

dynamically adjusting the value of batch_size in the process
of neural network training can accelerate the convergence of
the algorithm, which indicates that the value of batch_size is
actually a key variable, and its changes will have intricate

effects on the performance of the neural network. On the
one hand, the variance (that is, the degree of convergence) of
the stochastic gradient decreases linearly with the value of m,

then a larger batch value can obtain more specific gradient
information, thereby reducing the overall number of conver-
gence steps. On the other hand, each time the computational
cost of iteration increases linearly with the value of m, so,

the variance and time cost can be traded off linearly. From
the formula of the stochastic gradient descent algorithm for
each update of the parameters, it can be seen that the stochas-

tic gradient descent algorithm only uses 1 value calculated
from the sample data is used for parameter update, while the
gradient descent algorithm uses the value calculated from all

the data to update. Reference [45] mathematically proved that
the final convergence trend of the two is consistent. The gradi-
ent descent algorithm that updates the sample has the optimal

direction of convergence (the gradient is the steepest), while the
stochastic gradient descent algorithm using 1 sample data has
large fluctuations in the direction of convergence each time.
Because it is not the best way to go, so the result of this jitter

will lead to an increase in the overall number of iterations of
the function on the one hand, and on the other hand, make
the function have a high probability to jump out of the local

optimal area, so as to find a better solution.
The mini batch SGD algorithm compromises the value of

batch_size of each node (1 < k � n), and each node does

not have to calculate the entire training sample set, which saves
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time and does not make each node due to the randomness of a
single data. There are too many fluctuations in the direction of
the second convergence. From this, the basic idea of the DMB-

SGD algorithm can be obtained as follows: the first choice is to
count the performance indicators of each node’s recent N runs
(in this algorithm, each node runs the neural network once cal-

culated wall time is used as the performance parameter of the
node), and then different workloads are allocated to each node
in real time, so that under the asynchronous update strategy of

each node. The wall time of each node for gradient calculation
is roughly the same. Keep the overall gradient stale value in a
low range ([27] have proven that ideally, in a distributed envi-
ronment, the gradient stale value is at least n, where n is the

number of worker nodes in the distributed system), so that
while maximizing the use of the computing power of each
working node, it will not cause a greater impact on the conver-

gence trend and iteration times of the entire model.
According to the analysis, it can be concluded that, in each

iteration of neural network training, the size of the training

data, that is, the value of batch_size determines the accuracy
of the convergence direction of this iteration. The smaller the
value of batch_size, the greater the volatility of convergence.

If batch_size = 1, the equivalent for SGD algorithm. The lar-
ger the value of batch_size, the more accurate the direction of
convergence. If the value of batch_size is n, it is equivalent to
the GD algorithm. Therefore, the value of batch_size is

dynamically adjusted in the process of each iteration (whether
distributed or stand-alone) does not affect the overall conver-
gence trend.

3.3. Performance evaluation of DBS-SGD scheme

Combined with the analysis of the value of batch_size in Sec-

tion 3.2, in a cluster that uses processors as computing
resources, the performance-aware model can predict and
obtain the current performance data of the node by analyzing

the working state of the node. The factors that affect the oper-
ation of the program in a single node are: There are many,
including hardware architecture, operating system, compila-
tion environment, programming framework, algorithm, etc.

The more parameters involved in the model, the more accurate
the predicted results, but at the same time the cost of collecting
data will also increase. The goal is to predict the operating effi-

ciency of worker nodes in real time, so the timeliness of data
should be given priority. Secondly, in heterogeneous applica-
tion scenarios, the underlying hardware architectures are often

different, so, the overhead of data collection also increases. It
can be seen that, the parameters selected in the performance-
aware model should have both timeliness and accessibility.
The performance evaluation of a single node is mainly repre-

sented by relatively intuitive parameters (the number of itera-
tions and running time). The main reason for the outdated
gradient is that there are too many nodes. In addition, the

computing performance between nodes is inconsistent, which
makes the time interval for the nodes to update the parame-
ters. The main application scenario of this paper is the latter

case. In order to minimize the impact of gradient obsolescence,
the iteration time of each node should be consistent, rather
than the final number of iterations. At the same time, the run-

ning time is easy to obtain and can more intuitively reflect the
current running efficiency of the node. Therefore, it is more
reasonable to choose the running time of one node iteration
as the quantitative standard. From the Nth round (that is,
the average running time is not calculated during the initial

operation), and then each iteration takes the average running
time of the node for the most recent N times (after analysis
of the results of many experiments, the statistical effect is bet-

ter when the value of N is set to 5 to 10) as the current perfor-
mance index of each node, in order to quantitatively evaluate
the computing performance of all nodes.

Combined with the above performance perception model,
the operations performed by the DBS-SGD algorithm are as
follows: each node uses a set of vectors of length N to save
the working state of the local node, and the vector saves the

running time sequence of the last N iterations of the local
node, and each round of iterations completion, add the run-
ning time of the latest round to the vector to replace the run-

ning time of the oldest round. If the local node is the
benchmark node, then it needs to send this value to the server
while counting the running time of the latest N iterations. The

running time of the benchmark is broadcast to other worker
nodes through the server. In the deep learning algorithm, the
amount of computation for each node to compute one instance

process is the same. So the time used for each iteration is pro-
portional to the amount of training data. In the algorithm,
node 0 is used as the benchmark. Each iteration of the local
node is compared with the average running time of the latest

N rounds of node 0. If the ratio falls within a certain range,
it means that the performance of the node is similar to that
of the benchmark node. Its batch_size does not need to be

adjusted, otherwise the batch_size of the node needs to be
enlarged or reduced in equal proportion. Through the schedul-
ing of the algorithm, the running time of all nodes in the whole

system is roughly maintained at the same level as the running
time of node 0, which ultimately avoids the gradient outdated
problem caused by the large performance difference between

nodes. The algorithm also needs to add a 1-dimensional vector
on the parameter server side to save the running time of node
0. Because the running time of each iteration in the parameters
are relatively intuitive, it is very convenient to obtain and

count them, and it is easy to ensure their timeliness. At the
same time, the calculation operation of quantizing nodes is
not complicated. So even if performance quantification is

required in each iteration, the increased computational over-
head is also negligible relative to the calculation process of
deep learning itself. Based on these theories and models, Algo-

rithms 1 and 2 can be obtained.

Algorithm 1: Working node algorithm

Input: CPU clock count of the last m times of the current node

Output: The batch_size value to be used by the current node in the

next round

1: Receive the latest global parameters and the last m

computation time of node 0 from the server

2: for iteration number i to N

3: S = sum(calculation time of the last m times of node 0)/sum

(calculation time of the current node of the

last m times)

4: If current node – 0

5: if 1� Sj j � A

6: batch_size ¼ X� S
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a (continued)

Algorithm 1: Working node algorithm

7: else

8: batch_size remains unchanged

9: end if

10: else

11: batch_size ¼ X

12: Send the current running time of node 0 to the server

13: end if

14: Apply the batch_size and the received global parameters for

batch gradient calculation

15: Push the number of CPU clocks of the latest iteration of the

current node into the stack, and pop the

latest m + 1 data from the stack

16: Transfer the calculation results to the server for global

parameter update

17: End for

Algorithm 2: Server-side algorithm

1: While true do

2: if received request – node 0

3: Send the last m iteration time of node 0, and send the latest

updated global parameters

4: end if

5: If receives the information of node 0

6: Push the time of the latest iteration of node 0 into the stack,

push the latest m + 1 data out of the stack,

and send the latest updated global parameters

7: end if

8: end while

Note: The values of X and m need to be given by experiment to
give better values, not the smaller or the bigger the better. A is

a constant.
Ideally, the proposed algorithm can make each node gener-

ate an implicit fence, which can approach or achieve the effect
of synchronous update under the constraints of the explicit

synchronous fence.

4. Simulation results

In order to test the efficiency of the algorithm, this paper eval-
uates the efficiency of the single machine running and using the
ASGD model and the algorithm optimized method on the

Mnist and cifar10 benchmarks.
The test environment of the experiment is Intel � Core TM

i7-6700 CPU with a core frequency of 3.40 GHz and a memory

of 8 GB. The software used in the experiment is tensorflow 1.6-
CPU version. In order to simulate a distributed operating envi-
ronment with large performance differences, this experiment

adopts container mechanism to limit the number of CPU
resources or CPU cores that the container can use through -
c -- cpu - share or -- cpus. In the experimental test, the dis-
tributed training scenarios of 4 and 8 nodes are simulated

respectively, in order to simulate a heterogeneous environ-
ment, half of the node CPUs are configured with 1 CPU load
(the docker configuration parameter is -- cpus = 1), and the
other half of the node CPUs are configured with 1.5 times
the CPU load (the docker configuration parameter is --

cpus = 1.5), indicating that the CPU load of the first half of
the nodes is about 70% of that of the second half of the nodes.
The memory configuration is to allocate 5 GB of memory

evenly to each container. The container system creates a
unique IPC namespace for each container by default. There
is no shared memory between them, and the shared memory

mechanism is not used in the experiment in order to simulate
the distributed environment more realistically.

The Mnist (mixed National Institute of Standards and
Technology) dataset comes from the National Institute of

Standards and Technology in the United States. It is a hand-
written dataset and is a very general dataset for classification
testing. It includes a training image set, 1 A training label

set, a test image set and a test label set, in which the 50,000
training data consists of 28 � 28 pixel handwritten digital pic-
tures, and the test data contains 10,000 pictures.

The cifar10 dataset has a total of 60,000 color images,
which are 32 � 32 pixels and are divided into 10 classes with
6,000 images in each class. 50,000 images in each class are used

for training, constituting 5 training batches, each batch has
10,000 images. The other 10,000 images are used for testing,
forming a separate batch. The data in the test batch is taken
from each of the ten categories, and 1,000 images are randomly

selected for each category. After extraction, the remaining ran-
dom permutations make up the training batch. The number of
different types of images in a training batch is not necessarily

the same. In general, there are 5,000 images in each type of
training batch. It should be noted that these ten types are all
are independent and do not overlap.

For the Mnist dataset, a fully connected neural network is
constructed, which includes two hidden layers and 1 output
layer, the hidden layer contains 200 neurons, and the output

layer is a 10-way output function softmax(), the function gen-
erates the corresponding probability distribution over 10 out-
put classes, the learning rate is set to 0.001, and the loss
function is optimized. The optimization function is adamopti-

mizer(). For setting the batch_size, it is set to 256. Each worker
node is visited in order to read batch_size data from the dataset
as sub-datasets.

For the cifar10 dataset, the original data is first prepro-
cessed, the 32 � 32 image is resized from the center to a size
of 24 � 24, and then operations such as inversion, adjustment

of brightness, and contrast are performed to increase the
capacity of the dataset to ensure Better learning effect. Then,
the LeNet convolutional neural network is also used, with
two convolutional layers. Each convolutional layer is con-

nected to a pooling layer, and the size of each convolutional
layer convolution kernel is five, and the number of kernels is
5. The kernel size of the pooling layer is 2, and the step size

is 2. The method is to take the maximum value of the region,
and then a fully connected 2-layer neural network, including
128 neurons, and an output layer with 10 output functions.

The softmax() function generates probability distributions
over 10 output classes, the learning rate is set to 0.0001, and
the loss function is optimized. The optimization function is

adamoptimizer(). For the batch_size setting, similar to the
Mnist dataset, just each worker node randomly reads batch_-
size data from the dataset as sub-datasets in order.



Fig. 10 Comparison of loss function.

Fig. 11 Comparison of loss function with Mnist 60% reduction.
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The size of the Mnist dataset is about 55 MB (about 11 MB
after compression), the cifar10 dataset is about 180 MB (about
140 MB after compression), and the LeNet model contains

about 60,000 parameters, and the data size is about 240 KB.
The memory space given to docker is much larger than the
storage space required for datasets and network models, and

the entire training process can be performed in memory, so
there is no delay in data access between memory and hard disk.

The simulated network between nodes is a 2-layer switching

network, and its network delay is between 0.04 and 0.08 ls. At
the same time, the calculation time of one iteration of the neu-
ral network needs at least 0.15 s (the LeNet model is used for
both data sets in the experiment). So the overhead due to net-

work communication between containers is negligible relative
to computation.

First, the performance prediction model is tested. On the

node, the fully associative neural network and the LeNet net-
work are used for the Mnist data set. The LeNet network is
used for the cifar10 data set. The test results are shown in

Table 1. In the cifar data, set the number of iterations to
1000, we can see that the running time of the program is lin-
early related to the value of batch_size, and the value of

batch_size doubles, the running time of the program also dou-
bles. The same phenomenon can also be found on the Mnist
dataset. It is observed that on the Mnist data set, when using
the fully associative network test, the test results are not very

accurate when the number of iterations is set to 1000. The rea-
son for this phenomenon is that the Mnist data set is a black
and white image, and the structure is relatively simple. Com-

pared with the convolutional neural network (CNN) network,
the amount of computation is relatively small, and the number
of iterations set at the end is also lower. Therefore, the running

time of the program is very short and thus, the results are not
stable. When the number of iterations is set to 2000, it can be
seen that the results have returned to normal. This test result is

consistent with the theoretical analysis of the previous perfor-
mance prediction model.

The data set used in Figs. 10–13 is Mnist, which is com-
pared with the proposed, ASGD, SSGD, and n-soft algorithm

in the case of 4 nodes, where the parameter in the n-soft algo-
rithm is set to 2, that is, each server receiving the update values
of 2 nodes, the global parameters are updated once, and the

SSGD algorithm based on the synchronous update strategy
has a gradient staleness of 0, which is used as a benchmark
to test the final convergence accuracy of the remaining algo-

rithms. The value of batch_size in the four algorithms is set
Table 1 Comparison of running time of algorithms.

block size Running time (s)

No. of iterations = 1000 No. of iterations = 2

Mnist full

100 2.14 4.34

200 3.16 6.27

300 6.08 11.84

400 8.43 16.65

500 10.45 21.06
is 400, and all use the LeNet model for training. In Figs. 10-

11, ASGD-0.78 indicates that the percentage of the lowest per-
formance node and the highest performance node after perfor-
mance quantification is 78% among the 4 nodes. From Fig. 10,

we can see the optimization of the proposed algorithm, within
the same number of iteration steps, its convergence speed is
faster than ASGD and n-soft algorithm, and slightly lower

than SSGD algorithm. Fig. 11 shows that after algorithm opti-
mization, the loss function value is the same as the number of
iterations is reduced by 60%. Fig. 12 shows the speedup

achieved by the algorithm when scaled to 8 nodes. It can be
seen in Fig. 13 that in the heterogeneous environment, after
the algorithm optimization, the accuracy convergence curve
Running time (min)

000 No. of iterations = 200 No. of iterations = 1000

Mnist LeNet Cifar 10 LeNet

33.26 2.28

63.50 4.50

122.76 9.26

186.19 14.10

246.79 18.42



Fig. 12 Comparison of ratio of speed-up versus number of

nodes.

Fig. 13 Comparison of accuracy of the algorithms.
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of the neural network model is the steepest and reaches the

optimum in fewer iteration steps. The trend is close to that
of the SSGD algorithm based on the synchronization strategy.

For the cifar data set, a comparison test with the ASGD,

SSGD, and n-soft algorithms was also done, where the param-
eter in the n-soft algorithm is set to 2. That is, the server
Fig. 14 Accuracy comparison of the algorithms versus number

of iterations for cifar 10.
updates the global once every time it receives the update value
of any two nodes. Like the experiment on the Mnist dataset,
the SSGD algorithm based on the synchronization strategy is

also used as the benchmark to test the final convergence accu-
racy of the other algorithms. The value of batch_size in the
four algorithms is set to 400, and the LeNet model is used

for training. From Fig. 14, we can see that in the case of four
working nodes, the greater the performance difference between
the nodes, the more frequently the jitter occurs during the con-

vergence process, and the larger is the jitter amplitude. The
serious gradient outdated problem leads to frequent jitter in
the convergence process and affects the final convergence accu-
racy. After the algorithm is optimized, the convergence process

of the neural network appears to be relatively stable, and the
convergence accuracy is also improved by 10%, its effect is
better than ASGD and n-soft algorithm, slightly lower than

SSGD algorithm based on synchronization strategy. It can
also be seen in Fig. 15 that in heterogeneous environment,
the loss function value of neural network after algorithm opti-

mization is also 10% decrease, its convergence trend is also
faster than that of ASGD and n-soft algorithm, which is close
to the convergence curve of SSGD algorithm based on syn-

chronization strategy. In Fig. 16, the speedup achieved when
the algorithm is extended to 8 nodes is shown, which is close
to linear acceleration.

The overhead generated by using this algorithm is described

in Section 3. Only each time the node communicates with the
parameter server, an additional set of vectors about the latest
m iterations of node 0 is transmitted, and its data size of the

batch_size is less than 1% relative to the global parameters.
At the same time, the calculation amount of the dynamic
batch_size on the working node is also less than 1% relative

to the calculation amount of the deep neural network algo-
rithm. Therefore, the overhead generated by the proposed
algorithm is very small, which can be ignored, and the test

results on 2 datasets also indicated. The image size used in
the Mnist dataset is small, and the neural network structure
for classification is relatively simple. In this case, the proposed
algorithm can still achieve approximately linear acceleration,

indicating that the overhead generated has little effect on the
overall convergence. For cifar10 with a larger dataset and a
more complex convolutional neural network, the overhead
Fig. 15 Comparison of loss function versus number of

iterations.
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nodes.
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generated by the proposed algorithm accounts for ratio will be

smaller so that it does not affect the convergence.
It can be seen from the experiment that compared with the

asynchronous gradient descent and the n-soft algorithms, the
proposed algorithm removes the waiting time and makes full

use of all computing resources. However, the proposed algo-
rithm reduces the impact of gradient obsolescence through rea-
sonable task allocation, so we can see faster convergence and

better performance in the same amount of time.

5. Conclusion

In order to solve the problem of gradient obsolescence caused
by the parallel process of deep learning data, the proposed
model solves the problem that the performance of each node

in distributed systems is not easy to quantify. The convergence
of the algorithm is theoretically proved. It detects the comput-
ing performance of each working node in real time through the

performance-aware model, and dynamically allocates the cor-
responding workload to the working nodes with different com-
puting performance. Thus, it solves the gradient outdated
problem and making the neural network converge and the

speed is accelerated. The experimental results show that the
proposed algorithm makes the single iteration time of each
node in the distributed system consistent, and solves the prob-

lem of gradient obsolescence. Compared with the traditional
ASGD and improved n-soft algorithms, the proposed algo-
rithm has a faster convergence speed and stability of the neural

network under the same number of iterations, and the algo-
rithm can obtain a nearly linear speedup ratio.

Future work includes two directions: (1) how to assign cor-

responding weights to the unequal tasks of each node to better
quantify the contribution of each node in each submission of
gradient updates; (2) combine the first research direction, the
algorithm is applied to the synchronous update strategy, which

can make the number of neural network convergence to reach
the theoretical minimum.
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