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Distributed System for Deep Neural Network Training: A
Survey

Abstract
Recent years have witnessed a growth in computation requirement to train modern deep
neural networks with massive data volume and model size. Distributed systems are widely
employed to accelerate the training process. In this article, we survey the principle and
technology to construct such a system. Data parallelism and model parallelism are two fundamental strategies to parallelize the training process. Data parallelism separate training
data to different nodes, while model parallelism partition the model. We summarize the
architecture to utilize these strategies and how to minimize communication overhead and
reach high scalability. Besides some compression techniques to accelerate data transmission
are investigated in detail.
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1. Introduction
Deep neural network (DNN) has been proven a powerful method for tackling a wide range
of artificial intelligence tasks in recent years. Together with their success is the rapid growth
of their data volume and model size, which greatly increases the requirement of time and
computing power to train. For example, CNN for image classification might take several
weeks to train on a single GPU (Russakovsky et al., 2015). This is unacceptable for both
production and research. To solve the problem, distributed systems are widely employed
for DNN training. In a distributed training system, a large number of computation nodes
(CPU, GPU, ASIC, FPGA, etc.) are linked together to complete the training task. It is
challenging to design a system that can take full usage of these devices’ power.
Though distributed large-scale computing system has been well studied, there are some
characteristics that make distributed DNN distinguish itself from other distributed systems:
1. Data throughput: There is usually a huge amount of data transmission together
with DNN. DNN can contain more than one billion parameters (Chilimbi et al., 2014)
and millions of data samples (Deng et al., 2009). It is time-consuming to transmit so
much data. Therefore, it is critical to minimize data transmission during the training
process.
2. Noise Insensitivity: Different from most kinds of computing, DNN is insensitive
to data noise and inaccuracy up to some limit. Such sensitivity can be exploited to
accelerate computing and transmission.
3. Scalability: DNN training can be deployed to a wide range of computing clusters,
from a few machines to thousands of GPUs. A well-designed architecture should keep
high eﬀiciency in both situations. It is sometimes also necessary to be able to easily
add or remove nodes from the cluster, without redesigning the whole system.
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4. Fault Tolerance: When running a cluster of servers, especially in cloud environment
where machine and network are not reliable, node fault is a common concern. There
should be enough protection to prevent single fault ruining the whole system.
Distributed training of can be approached via two fundamental strategy: data parallelism and model parallelism. For data parallelism, training data is divided into several
parts and allotted to each node. On the other hand, model parallelism seeks splitting the
network architecture. Each worker undertakes the computation of the its own subset of the
network.
This survey is roughly divided into three parts. The first two parts focus on the algorithms and communication used in data parallelism and model parallelism respectively,
and how we can optimize these strategies. The third part discusses how to compress model
data to minimize transmission overhead with little loss of final results.

2. Data Parallelism
Data parallelism is a basic parallelism strategy. For deep learning, it means each worker
node stores a replica of the model, with their local parameters, while the dataset is divided
and stored in different nodes. When training, each node loads a minibatch of local training
data and apply specific learning algorithm such as stochastic gradient descent (SGD) to
compute how parameters should be updated. Then some synchronization mechanism is
issued to aggregate all updating information and update parameters globally (Wei et al.,
2015).
Data parallelism is easy to scale because no rearrangement of the model structure is
involved. It is suitable to process a massive set of data, which is common in modern deep
learning cases. Hence data parallelism is widely used in most of the distributed learning
tasks.
2.1 Parameter Server
When training with data parallelism, the key operation is synchronizing among worker
nodes, in order to make sure works for each node can be aggregated. Parameter Server
(PS) is a basic architecture to achieve this goal. In PS architecture, there are some nodes
called parameter server nodes. Each of the server nodes stores a part of model parameters. One parameter may be stored with a few replicas for fault recovery. There are
multiple PS nodes used instead of only one, in order to balance the load and avoid bandwidth bottleneck of a single PS node. The number of PS nodes usually increases linearly
with the number of total nodes. At the same time, training data are divided into some parts
and allotted to each worker nodes. In addition, task scheduler nodes are sometimes
needed to control the system and monitor abnormal nodes. It is noteworthy that one node
may play multiple roles in this system. For example, a PS node is usually a worker node at
the same time.
There are two basic methods to use SGD with parameter server – synchronous SGD
and asynchronous SGD, as is shown in algorithm 1. In synchronous SGD, each of server
nodes needs to wait for all worker nodes to complete their computation, then update the
parameters. Extra synchronization overhead is needed in this mode. While in asynchronous
2
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SGD, once the server received gradients from worker nodes, it immediately updates current
parameters.

Algorithm 1 Distributed SGD
Synchronous SGD

Asynchronous SGD
Worker r = 1, . . . , m:
nr
1: load training data {yik , xik }k=1
2: pull the parameters w from servers
3: repeat
4:
choosePa minibatch Br ⊆ [nk ]
∂
5:
gr ← k∈Br ∂w
L(yik , xik , wr )
6:
push gr to servers
7:
wait for wr from servers
8: until end
Servers:
1: initialize parameters w
2: repeat
3:
receive gr from some worker
4:
w ← w − ηgr
5: until end

Worker r = 1, . . . , m:
nr
1: load training data {yik , xik }k=1
(0)
2: pull the parameters w
from servers
3: repeat
(t)
4:
choose a minibatch Br ⊆ [nk ]
P
(t)
(t)
5:
gr ← k∈B (t) ∂w∂(t) L(yik , xik , wr )
r

(t)

push gr to servers
(t+1)
7:
wait for wr
from servers
8: until end
Servers:
1: initialize parameters w (0)
2: repeat
(t)
3:
wait for all gr
P
(t)
4:
w(t+1) ← w(t) − η m
r=1 gr
5: until end
6:

2.2 Synchronous SGD
Synchronous SGD is simple to implement and analyze. Because it works nearly the same
as ordinary SGD. But it also faces some limitations.
Eﬀiciency is the most prominent limitation. It is noteworthy that, the server must
receive all gradients from worker nodes to employ gradient descent. Therefore the time of
iteration is determined by the slowest node (slow in computation or network). Since network
transmission is not stable and the speed may fluctuate wildly, and the network distance from
different nodes may differ a lot, there is usually a large gap between the speed of fasted
nodes and slowest nodes. Experiments show that it is much more time-consuming to wait
for the last a few gradients than other ones Chen et al. (2017) (see Figure 1). This is called
straggler effects.
Straggler effects cause faster worker nodes stay idle for a long time, which is a waste
of computation resources. One remedy is to simply drop the slowest few nodes, which can
significantly speed up synchronization. However, if too many nodes are dropped, equivalent batchsize will be reduced then convergence will slow down. According to Chen et al.
(2017), dropping 4 nodes is the optimal tradeoff for 100 working nodes. However, the idle
phenomenon still wastes a large proportion of computation time.
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Figure 1: Waiting time for gradients

2.3 Asynchronous SGD
In asynchronous SGD, PS nodes need no waiting to synchronize between nodes. Hence
asynchronous SGD is much faster than synchronous SGD because of no synchronization
overhead is involved. In addition, asynchronous SGD is more invulnerable to machine
failures than synchronous SGD, because if one worker fails, other workers can continue
work and process training data (Dean et al., 2012).
The primary drawback is, in asynchronous SGD, the gradients pushed from worker nodes
may correspond to “stale” parameters instead of the latest ones, in lack of synchronization.
For this reason, the descent progress may not head the gradient direction. Then asynchronous SGD is potentially inferior in stability and accuracy (Chahal et al., 2018). Figure
2 is an experiment result showing how model convergence decreases with staleness (Chen
et al., 2017). If the network fluctuates too wildly, the server may update its parameters
according to too stale data. Hence the convergence of asynchronous cannot be ensured.

Figure 2: Training error increases with staleness s. It means that working node receives
parameters s iterations ago.
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Here are a few remedies for this drawback. Bounded delay is one of these methods.
Bounded delay means that a maximal delay time τ is set. When worker requests parameters,
PS inspect whether all tasks issued τ ago is completed. If not, PS will wait until all such
tasks are completed then send out updated parameters (Zhang and Kwok, 2014). In this
way, worker nodes will not use parameters too long time ago, thus improving convergence
stability.
Li et al. (2013) proved that if loss function is Lipchitz continuous and the learning rate
is small than a constant (determined by τ and Lipchitz constant of loss function), bounded
delay can finally converge to a stationary point. This implies that bounded delay may keep
most convergence property of normal SGD.
Zheng et al. (2019) proposed another promising method called Delay Compensated
ASGD (DC-ASGD): PS need not only to remember current parameters w(t) , but also parameters last pulled from each worker wbak (m). When updating the parameters according
to gradient g(m) from m-th worker, we set


w(t+1) = w(t) − η gm + λt gm ⊙ gm ⊙ (w(t) − wbak (m)) ,
(1)
where ⊙ denotes element-wise multiplication, λt is a constant depending on t. The intuition of this method is to use Taylor expansion and Hessian matrix to predict how the
gradient changes since last pulling. Convergence for convex and non-convex optimization
is theoretically proved.
Zhang et al. (2015b) provides a simpler method called Elastic Averaging SGD (EASGD)
to reach similar goal. A quadratic penalty is added to optimization function:

m 
X
2
ρ (t)
L(w1 , w2 , . . . , wm , w̃) =
x − x̃
L(wi , Xi ) +
2 i

(2)

i=1

Then each worker applies SGD on this optimization function. Experiments show that this
algorithm quickly achieves improvement compared to vanilla asynchronous SGD. Gossiping SGD is a decentralized version of EASGD (Jin et al., 2016). It uses the average of
local weights connected with each worker instead for the center variable w̃, thus eliminating
the need of a centralized PS. This method is used in decentralized architecture discussed in
later parts.
2.4 Allreduce architecture
In PS architecture, there is a prominent imbalance between PS nodes and non-PS nodes.
If PS nodes are not worker nodes at the same time, their computational resource will
be wasted; otherwise, if PS nodes are also worker nodes, their bandwidth requirement is
much larger than normal worker nodes, because they need to transmit data both to worker
nodes, but also other PS nodes. In both situations, there is some resource wasted. Some
decentralized architectures are designed to alleviate this problem.
The task of PS is to collect gradient of workers, add them up and distribute back
the result to workers. The key process is the summation. Inspired by technique common
in HPC (High-Performance Computing), Andrew Gibiansky (2017) proposed using Ring
Allreduce algorithm to complete this summation. In Ring Allreduce algorithm, workers
5
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are number as 0, 1, . . . , N − 1, and parameters are divided into N chucks 0, 1, . . . , N − 1.
Each chuck is in the charge of the corresponding worker. The algorithm is divided into two
stages. After calculating the gradient of each parameter, in the first stage called ScatterReduce, every worker sends all gradient not in its charge to corresponding workers. In the
second stage called Allgather, every worker sums up all gradients received and the gradient
calculated by itself, then send the summation to all other workers. After the two stages,
every node have the summation of all gradient sum of every parameter. (See algorithm 2
for details, or figure 3 for illustration)
Algorithm 2 Ring Allreduce of worker i
for j = 0, 1, . . . , m − 1 do
◃ Initialization
gradient-of-chunk[j] ← gradient computed for each chunk
gradient-sum-of-chunk[j] ← 0
end for
for j = 0, 1, . . . , m − 1 do
◃ Scatter-Reduce
send-to-machine(i - j + 1, gradient-of-chuck[i])
gradient-sum-of-chuck[i] += receive-from-machine(i - j - 1)
end for
for j = 0, 1, . . . , m − 1 do
◃ Allgather
send-to-machine(i - j + 1, gradient-sum-of-chuck[i])
gradient-sum-of-chuck[i - j - 1] ← receive-from-machine(i - j - 1)
end for

Figure 3: A graph credited to Chahal et al. (2018), which illustrates Ring Allreduce when
N = 3.
In Allreduce algorithm, each worker node is equal – it needs to send and receive
(N − 1)/N of total gradients. It can be easily proved that this is a lower bound of through6
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put. Because this lower bound does not depend on N , this architecture can easily scale
without a prominent increase in communication cost. Sometimes, a chuck is too big to
transmit in one time, which cannot make full use of bandwidth, thus subdivide the chuck is
needed (Patarasuk and Yuan, 2007). There are some other Allreduce algorithms, including
Recursive Halfing and Doubling algorithm based on a binary tree instead of a circle, and its improvement Butterfly-like Allreduce algorithm, Binary Blocks algorithm
(Thakur et al., 2005; Patarasuk and Yuan, 2009). These algorithms are simpler than Ring
Allreduce but slower when N is large, thus appropriate for smaller systems.
In a scenario where the system consists of network or devices of low reliability, Raft
consensus algorithm can be employed to attain fault tolerance (Ongaro and Ousterhout,
2014).
2.5 Transmission Optimization
Since network transmission and gradient computation can be done simultaneously, we can
use pipelining to overlapping transmission time and computing time to accelerate synchronization. In Poseidon framework developed by Zhang et al. (2017), a pipeline called
Wait-free Backpropagation (WFBP) is designed. Because backpropagation is executed
layer by layer, when it propagates to i-th layer, the former i−1 layers are ready to be pushed
to PS. Apart from the pipelining push process, when PS nodes are updating gradient, it
can pull back a layer immediately after updating this layer. A coincidence is that many
CNN model uses small-size, computational intensive convolutional layer in former layers,
and large-size, computational friendly FC layers for later layers. So WFBP can overlap I/O
intensive and computationally intensive process, to maximize resource utilization for these
models.

Figure 4: WFBP pipelines pull/push process. Green block represent push, while blue is
pulling. (Zhang et al., 2017)
FC layers in DNN often take up the largest amount of parameters. A key observation
to optimize FC layer transmission is to notice that, the gradient matrix of FC layers is a
low-rank matrix. If W is a weight matrix between two FC layers li and li+1 , let sj be a
sample in minibatch B. During the forward pass, sj is fed into the network and produces
aj in layer li . During BP, Ej is produced when loss propagated to li+1 . It can be verified
that for gradient of W relative to sj is Ej a⊤
j . Hence total gradient for this minibatch is
P
⊤
j Ej aj , whose rank is no more than |B|. When batchsize is not large, worker nodes can
7
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just push vectors Ej , aj (called Suﬀicient Factors) to other nodes. For example, when
transmitting AlexNet on 4 GPU nodes with batchsize 256, Suﬀicient Factors optimization
can reduce the transmitting parameters from 134.2M to 18.9M (Krizhevsky et al., 2012).
Other nodes need to execute some matrix multiplication to restore the gradient, which is a
relatively small overhead compared with transmitting a large matrix. Zhang et al. (2015a)
designed Structure-Aware Communication Protocol (SACP) to automatically choose
whether the above optimization should be used in each layer.

3. Model Parallelism
Another parallelism strategy is model parallelism. In model parallelism, a DNN model
is partitioned into M parts. Each worker node undertakes the computation task of one
part. Model parallelism is suitable for large-scale networks containing a huge number of
parameters. Because no parameter synchronization is required.
AlexNet is one typical example of model parallelism (Krizhevsky et al., 2012). Since one
GPU (GTX 580, 3GB memory) is not enough to contain 1.2 million training examples, two
GPUs are deployed to train this model. Each GPU contains roughly half of the parameters
(shown in Figure 5). When training via SGD, training minibatch is copied to each GPU
and computed individually.

Figure 5: The architecture of AlexNet. The upper and lower part are stored in two GPUs
respectively.
Deploying a model on multiple machines means frequent transmissions of parameters
and intermediate results. So it is important to minimize transmission between nodes. By
designing network hyperparameters, original AlexNet avoided data transmission between
GPUs in its 1st, 3rd, 4th convolutional layer. However, intense data transmission in other
layers is still inevitable. The author mentioned that training on two GPUs spends only
slightly less time than on a single GPU, instead of 2× acceleration. To improve scalability,
Krizhevsky (2014) later noticed that:
• Convolutional layers contains 90-95% of computation and 5% of parameters.
• FC layers contains 5-10% of computation and about 95% of parameters.
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Hence the author proposed to parallelize different layers in different ways. Specifically,
data parallelism is employed for convolutional layers, and model parallelism for FC layers.
Experiments show favorable speedup compared with other methods – 3.75× speedup with
4 GPUs and 6.25× speedup with no accuracy loss.
Though partitioning in AlexNet is quite straightforward, when the number of nodes M
is large, the designing of partitioning is getting complicated. If considering a DNN model
as a graph, to minimize inter-node communication, the goal is to partition the graph with
the least inter-part edge weights. This is an NP-hard problem in general cases. It will get
more computationally intractable if computation time is taken into account. Mirhoseini
et al. (2017) use execution time as cost function, then apply reinforcement learning method
to find an optimal partitioning strategy.
Pipelining is an alternative partitioning strategy, which means each node undertakes
the computation of one or several layers (Kim et al., 2016). Because forward pass and
backpropagation works in opposite directions, when BP tells a node the gradient, the parameters on this node have already been updated several times since the forward pass. In
other words, pipelining leads to the same “staleness” problem like it in asynchronous SGD.
Since the “staleness” is just equal to the pipeline depth, as is shown in the above section,
stable convergence can still be reached.

4. Compression Techniques
The transmission bandwidth is a primary bottleneck of distributed systems. Transmission
between different GPUs via PCIe, NVLink, or between different machines via the network
is much slower than that via GPU memory. More precisely, a typical deep model has
parameters size in the order of 10 to 100 MB (sometimes much larger). With 10 Gbps
network bandwidth, sending and receiving a set of parameters needs latency at least 10
ms – even under the assumption that there is only one active node and transmission is
perfectly reliable. This latency is at a similar order of magnitude as the time GPU completes
an iteration. Therefore if one can compress the parameter data, there will be significant
training acceleration. Besides the compression rate, it is also important to reduce the
compression cost and keep original accuracy.
4.1 Lower Arithmetic Precision
One technique of compression is to convert the parameters to lower arithmetic precision
during network transmission. Because compression and decompression are much faster
than transmitting in most of the time, such compression can reduce transmission delay
significantly.
Standard implementations of DNN typically use 32-bit floating-point precision representation. However, some works have shown that lower precision is usually suﬀicient. Courbariaux et al. (2015) experiment single-precision floating-point, half-precision floating-point,
fixed-point on MNIST and CIFAR-10, showing that loss rate only increases slightly.
Here are also some tricks that can further improve performance. Gupta et al. (2015)
noticed that rounding-to-nearest rounding strategy incurs bias during the conversion, so
stochastic rounding (round a number to its upper or lower end in lower precision with
the possibility proportional to the distance to these ends) is more recommended. Cour9
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bariaux et al. (2015) proposed dynamic fixed-point to dynamically adjust the scaling
factor of fixed-point representation according to overall parameter magnitude. Since fixedpoint can express numbers within a certain range more eﬀiciently, dynamic fixed-point can
even further compress the precision (12-bit e.g.) with little accuracy loss.
It is surprising that we can even use 1-bit precision for extreme compression, which is
called quantization with error feedback (Seide et al., 2014). A quantization function Q
is chosen to transform gradient to 1-bit value, while the inverse Q−1 is used to restore the
(t−1)
gradient from 1-bit value. Each worker i records the error induced by quantization ∆i
.
Each time t when a worker i computes a gradient g (t) , it sends out the quantized value
(t)
(t)
(t)
(t)
Gi = Q(gi + ∆(t−1) ), and update ∆i = gi − Q−1 (Gti ). Q is usually chosen as x ->
−1
x > 0, and Q varies according to current parameter mean and variance. Experiments
have shown 10× speedup while accuracy varies little after quantization, and convergence is
slightly slowed down.
4.2 Sparsification
Sparsification is a technique that when transmitting gradient, instead of sending a full set
of gradients, only gradient with a large absolute value is sent. In this way, the gradient is
represented by a sparse matrix.
The simplest strategy is to choose a static threshold and filter out all gradient smaller
than this threshold (Ström, 1997). This strategy suffers from tuning problems when choosing the threshold. Another simple strategy is to choose a drop ratio then filter out the
smallest R% gradients. To avoid error accumulation, an error feedback strategy similar to
that used in quantization is used. Experiments show that 49% speed up on MNIST and
22% on NMT can be reached without damaging the final accuracy (Aji and Heafield, 2017).
Sparsification can be also utilized combined with quantization. After sparcify the gradient,
quantization is used to further compress the data size (Strom, 2015).
To further increase the compression rate, Lin et al. (2018) proposed a compression
technique called Deep Gradient Compression based on Nestrov Momentum SGD. Since
Nestrov Momentum SGD cannot be directly applied to sparcified situation, the authors
proposed accumulating velocity to correct the bias. In addition to this issue, when sparsity
is extremely high, for parameters with small gradients, their update suffers from a long delay.
Thus when updates occur, they are based on outdated or stale parameters. This will mislead
gradient descent to the wrong direction, especially for momentum-based SGD. To alleviate
this issue, the authors applied momentum factor masking to stop the momentum for
delayed gradients, which prevents the stale momentum from leading the parameters to the
wrong direction. In this way, 600× compression can be reached without accuracy loss (see
figure 6).

5. Conclusion
In this survey, we summarize the primary architectures and techniques used in distributed
deep learning. Modern large-scale distributed training systems usually apply a large variety
of techniques to reach extreme performance. For example, Jia et al. (2018) combines mixed10
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Figure 6: Performance of Deep Gradient Compression (Lin et al., 2018)
precision technique and allreduce architecture, trained ResNet-50 with 2048 Tesla P40 GPUs
within 15 minutes.
The field of distributed training has seen great progress in recent years. Quite a few
frameworks are developed for deploying high-performance distributed training, including
DistBelief (Dean et al., 2012), Project Adam (Chilimbi et al., 2014), Poseidon (Zhang et al.,
2015a), Horovod (Sergeev and Del Balso, 2018) and so on. These frameworks are usually
a convenient encapsulation of former techniques, together with their own distinguished
features and optimizations. With an active and innovative research direction, this field is
primed to be a core component of future deep learning.
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