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Abstract. As the volume of model data increases, traditional machine learning is not able to train
models efficiently, so distributed machine learning is gradually used in large-scale data training.
Currently, commonly used distributed machine learning algorithms are based on data parallelism,
and often use an overall synchronous parallel strategy when passing data, but using this strategy
makes the overall training speed limited by the computation speed of the slower workers in the
cluster. While the asynchronous parallel strategy maximizes the computational speed of the
cluster, there is a delay in updating the parameters of the global model, which may lead to
excessive computational errors or non-convergence of the model. In this paper, the author
combines these two data delivery methods by grouping workers together and using synchronous
parallelism for the workers in the group and asynchronous parallelism for the components for
training. The experiment shows that the hybrid parallelism strategy can reduce the training time
with guaranteed correctness.
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Asynchronous parallel.

1. Introduction

With the wide spread of smart devices in recent years, machine learning has become very popular.
However, with the explosive growth of data volume, iterative computation of models requires multiple
days of training on a single GPU, so using computing resources of clusters to speed up the training of
deep networks becomes a currently more optimal way, i.e., distributed machine learning. However, the
training speed of distributed does not increase linearly with the number of workers. For example, on
MapReduce, a programming model for parallel computing with large-scale datasets, training a deep
learning model with 10 GPUs is only 4.4 times faster than training with 1 GPU [1]. This is because
distributed workers require frequent large-scale model information interactions with each other, making
network communication one of the main factors affecting distributed efficiency. On the one hand, with
the deployment of underlying hardware gas pedals (e.g., TPU, GPU, etc.), each worker generates more
data per unit time, making the network pressure further aggravated. On the other hand, the current
hardware computation speed is higher than the network communication speed between two machines,
making the computation speed block the network communication. Microsoft research shows that in a
100 Gbps RDMA (Remote Direct Memory Access) network environment, even if there are only four
GPU workers on a server, the training speed of each GPU is reduced by about 50% compared to one
GPU [2][3]. In summary, it is of high practical value to improve the training efficiency of machine
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learning algorithms in a distributed environment by optimizing and improving the communication
strategy of distributed machine learning.

2. Related work

2.1. Overall synchronization parallel strategy

Currently, the most common training mode in machine learning is the iterative convergence training
mode, the current mainstream distributed implementation process is to iterate gradient descent for each
worker, submit the obtained local gradient to the parameter server, enter the synchronization barrier
until all workers complete the iteration, and then release the synchronization barrier for the next iteration
[4]. As shown in Figure 1, this parameter communication strategy that adds a synchronization barrier to
ensure global consistency when updating parameters is called the overall synchronization parallel
strategy.
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Figure 1. Synchronous Data Parallelism [5].

However, the overall synchronous parallelism of the model has a high peer overhead, which also
makes the problem of distributed deployment of large machine learning models difficult to achieve. The
results of the literature show that when 32 machines are in overall synchronous parallelism, the workers
spend six times more time in communication than the time spent in the computational iteration process
[6]. Also during the iterative process there will be some workers slower than others, which makes the
overall speed receive impact and waste the computational power of the rest of the workers. This problem
will appear more serious when the number of workers is larger.

In the literature [ 7], the training duration of 50 workers in the Amazon EC2 cluster was counted, and
the measurement results are shown in Figure 2. A quarter of these workers have latency higher than 0.1
s. And among these slow workers, about one-third of them have about 5 times higher latency compared
to the average worker.
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Figure 2. Diagram of the time required for communication
between 50 workers in an Amazon EC2 cluster [7].
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2.2. Asynchronous parallelism strategy

To solve the problems of synchronous parallelism strategy, A. Ahmed et al. [8][9] proposed the concept
of asynchronous parallelism as shown in Fig. 3. The asynchronous update strategy means that each
worker does not need to wait for other workers. After completing a computation, the result is sent
directly to the parameter server and then the global update parameters are obtained for the next iteration.
This approach results in the highest utilization of the computational power of each worker.
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Figure 3. Asynchronous Data Parallelism [5].

Although the overall iteration speed problem is solved, the asynchronous parallel strategy suffers
from the problem of gradient obsolescence [10]. The computationally faster workers precede the update
of the global parameters, while the computation of some of the slower workers results in a relatively
outdated gradient. This slows down the convergence of the model when the overall parameters are
updated, and it is even difficult to reach convergence when the arithmetic power gap between two
workers is too large [11-13].

Figure 4 shows the update process of the global parameters by four workers in an asynchronous
parallel strategy, where W, is the global parameter, n is the number of parameter updates, AW,, is the
local gradient, and A is the learning rate. As shown in the figure, Worker 1 submits the local gradient
AWy to the parameter server after completing the iteration with the global parameter Wy,. Then, the
parameter server updates the global parameter and sends the updated global parameter W;4; to Worker
1 for the next iteration. Worker 2 finishes the iteration with global parameter Wyg, sends the local
gradient AWyg to the parameter server, and gets the updated global parameter W;q, for the next
iteration. Then, the global parameter AW, is sent to the parameter server to get the updated global
parameter W;o3 for the next iteration. Finally, Worker 4 completes the iteration with the global
parameter Wyg and updates the global parameter for the 104th time. It can be seen that due to the slow
computation speed of worker 4, the local gradient calculated from the global parameters obtained from
the 99th update is used for the 104th update of the global parameters, thus feeding the model with an
outdated gradient. This problem is aggravated when the computational delay of the lagging workers is
too large or when the number of workers in the cluster is large [14].
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Figure 4. Asynchronous parallel strategy update schematic.
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2.3. Hybrid parallelism

In order to solve the problems of synchronous parallel strategy and asynchronous parallel strategy, this
paper proposes a new type of parallelism, namely the synchronous-asynchronous hybrid parallel strategy.
By combining synchronous parallelism and asynchronous parallelism, a balance between convergence
speed and convergence progress can be achieved.

The main idea of synchronous-asynchronous hybrid parallelism is to group different workers
according to their computational speed, so that workers with a similar speed are divided into groups.
The communication between the parameter server and the worker group is carried out through an overall
synchronous parallel strategy, while within the group, an asynchronous parallel strategy is used between
the workers. In this way, the synchronization overhead of the overall synchronous parallel policy can be
effectively reduced due to the small speed difference of the workers within the group. Moreover, after
grouping, the gradient results submitted by each group to the parameter server contain the computation
results of multiple nodes, thus reducing the impact of the asynchronous parallel strategy on the
convergence of the model.

The overall design of the synchronous-asynchronous hybrid model is shown in Figure 5, in which
there are nine computational workers, which are divided into three groups according to the
computational speed, and each computational worker corresponds to the gradient of one data block.
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Figure 5. Synchronous and asynchronous mixed parallel strategy graph..

3. The proposed approach
There are many different grouping schemes for multiple workers, for example, a total of
C3 x CE x C3 = 1680 results under 9 compute workers. If one grouping scheme is randomly selected,
the computing power of each worker may not be fully exploited. Therefore, in this paper, the workers
are grouped by the training speed of each worker.

In order to measure the training speed of the workers conveniently, a pre-training process is set up
in this paper. The pre-training orders each worker to train asynchronously and in parallel, and sets a
small global training step number. First, the local training step is initialized and then the training loop is
entered. At each training step, the batch data is read from the dataset and the feed dict is generated, then
the train_step is called to execute the training once, and the training is stopped when the global training
step reaches the preset value. By pulling the number of iterations of each worker in this process, the
computational speed of each worker can be known, and then the grouping is completed.

The grouping algorithm of the overall workers is shown in the following.

Algorithm: workers grouping

input: dataset, number of workers N, number of groups n, number of global training steps i
output: Grouping Results

1 load dataset

2k=N/n

3 K=[]

4  g«gradienti/ Asynchronous parallel iteration with workers uploading the gradient

5  iternumber++
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6 /* Iterations*/

7 for t=1,2....N do

8  Ke—{“Wt”:iternumber(t)}// Pull the number of iterations for each worker

9 End for

10 sorted K(value)

11 for t=1,2....n do

12 fora=1,2....k do

13 Print(K key)

14 Ki.append(K.key)// Derive the results for each group

15  End for 16 Print(Kn)

17  Print(“one group”)

18 End for

The experiments are performed on the TensorFlow platform using an asynchronous parallel strategy

and deployed on the parameter server side to achieve hybrid parallelism. First, pre-training of workers
is required, and then the workers pass the computed gradient and index values to the parameter server
in the iterative computation phase. Finally, the model is updated for the next iteration after the response
from the parameter server. For the parameter server, after receiving the pre-training results, the grouping
of workers is carried out first, and after the worker pushes the gradient value, the grouping information
is found according to the index value and the gradient value is saved.

4. Experiment
The hybrid parallel strategy proposed in this paper is implemented on the TensorFlow distributed
platform, and the parameters of the experimental hardware platform are shown in Table 1.

Table 1. Hardware platform parameters.

Hardware Configuration Parameters
CPU Intel i7-7700
GPU GTX 1060
RAM 16G

Disk 512G

The parameter servers and workers used in this paper all work under the windows operating system,
and their software versions are shown in Table 2.
Table 2. Software Version.

Software Name Versions
Python 3.9
TensorFlow 2.6.0
cuda 10.0
cuDNN 7.4

In this paper, experiments are conducted using the cifar-100 dataset. A 9-layer convolutional network
neural model is used for the experiments. The convolutional kernel size is set to 3*3, and 64, 64, 128,
and 256 convolutional kernels exist in the input layer, respectively, and the RELU function is used for
the convolutional layer activation function. After that, the feature map is input to a 2*2 pooling layer
for maximum pooling. After the pooling process, the feature map is fed into the Flatten layer for one-
dimensionalization. The final result is input to the fully connected layer, where the RELU function is
used for the activation function of the fully connected layer. The dropout operation is used in the fully
connected layer to prevent overfitting. The results are then fed to the fully connected layer with SoftMax
activation function for classification. The loss function is calculated based on the output values and the
data label values, and then the gradient values are calculated for the model update.
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The experimental parameters of this paper are set as shown in Table 3.
Table 3. Neural network parameter setting.

Parameter Name Numerical value
Batch-size 128

Dropout 0.5

Epochs 70

Learning Rate 0.01

5. Experimental results and discussion

In Fig. 6, it can be seen that the final accuracy values of all three parallel strategies decrease with the
increase in the number of workers. This is because the experiments use a small batch gradient descent
algorithm for model update training. It has a certain error that is amplified when the number of workers
increases. In the case of 9 workers, the error of this algorithm has a low impact on the accuracy of all
three communication strategies. From the experimental results, it can be seen that the overall
synchronous parallel strategy is less affected and the asynchronous parallel strategy is more affected by
this error. The reason for this is that as the number of workers increases, the gradient obsolescence
problem becomes more severe, and therefore the accuracy of the final model of the asynchronous
parallel strategy is more severely affected. Compared to the asynchronous-only strategy, the mixed
synchronous-asynchronous parallel strategy is less affected by errors. This is because by grouping, the
synchronous-asynchronous hybrid parallelism aggregates the computational results of multiple workers
to update the global parameters in each group. This can reduce the impact of the possible gradient
obsolescence problem in the asynchronous parallel strategy on the slow convergence of the model to a
certain extent. After comprehensive consideration, a cluster of 9 workers are used in this chapter for

further experiments.
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Figure 6. Accuracy comparison of parametric parallel strategies.

In the experiment, 9 workers and 1 parameter server are used, 2 workers are randomly selected for
delay processing, and time.sleep(0.2) is used to set the delay value to 0.2s. The artificial delay is used
to simulate the situation of slow workers with high load and slow computing speed in the distributed
cluster, so as to simulate the cluster environment with uneven computing speed. By comparing the
performance of the overall synchronous parallel strategy, asynchronous parallel strategy, and mixed
synchronous-asynchronous parallel strategy, the model accuracy over time is shown in Figure 6.
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Figure 7. The accuracy of the three strategy models varies over time.

It can be seen that when there are slow workers in the distributed cluster, the synchronous-
asynchronous hybrid parallel strategy outperforms the overall synchronous-parallel strategy in terms of
model convergence speed. It also outperforms the asynchronous-parallel strategy in terms of final model
accuracy while being not worse than the overall synchronous-parallel strategy. Therefore, the hybrid
synchronous-asynchronous parallel strategy can perform better than the overall synchronous-parallel
strategy and the asynchronous-parallel strategy in the case of uneven computation speed of cluster
workers.

6. Conclusion

At this stage, distributed machine learning mainly uses the overall synchronous parallel strategy and
asynchronous parallel strategy. However, the above two approaches may slow down the training speed
when there are slow workers, and even the computation results converge incorrectly.

To solve the problems of these two strategies, this paper combines the synchronous parallel strategy
and the asynchronous parallel strategy. Workers in the distributed cluster are grouped according to the
computational speed so that workers with similar speeds are in the same group. And the global
parameters are updated by the overall synchronous parallel strategy within the group and the
asynchronous parallel strategy is used between the groups to communicate with the parameter server to
update the global parameters. After grouping, each group sends multiple results of computation to the
parameter server uniformly for updating, which effectively eliminates the effect of gradient
obsolescence on the overall model convergence. The experimental results show that the hybrid parallel
strategy achieves the best balance between convergence speed and computational accuracy with good
results in the case of an uneven computational speed of workers in distributed clusters.

However, this paper only investigates the case of several workers, and the extension of this strategy
to the case of more workers is yet to be experimented with and studied, and it is hoped that its
effectiveness in the case of more workers can be verified in the future.
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