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Abstract—Frequent communication among computational nodes in distributed model training systems has become one of the major
bottlenecks in distributed training. For this reason, many recent studies have utilized gradient compression techniques to reduce
communications traffic and distributed training to a large extent. Therefore, gradient compression and its optimization techniques have
become a critical component of distributed model training systems and are used widely in the industry. We comprehensively survey
gradient compression techniques in distributed model training systems. Firstly, we introduce the background knowledge of the
distributed model training system at the system level, including distributed SGD, parallel training schemes, gradient synchronization
algorithms, communication system architecture, network communication bottleneck, and communication optimization strategies.
Secondly, we focus on combing gradient compression techniques in recently distributed model training systems from the algorithmic
level. We classify these techniques into three categories: sparsification compression, quantization compression, and low-rank
compression. We subdivide each category further to discuss and analyze the basic principles and advantages/disadvantages. Then,
we discuss the error feedback techniques based on memory compensation to optimize gradient compression and collate the current
mainstream distributed model training systems. Finally, we summarize the challenges of distributed model training systems at the
present phase and provide an outlook on potential future research directions. We help researchers efficiently learn about gradient
compression techniques in distributed model training systems research by thoroughly reviewing the existing literature.

Index Terms—Distributed model training systems; Distributed SGD; Parallel training schemes; Gradient synchronization algorithms;
Communication system architecture; Network communication bottlenecks; Communication optimization strategies; Gradient
compression; Sparsification; Quantification; Low-rank; Memory compensation; Error-feedback.

1 INTRODUCTION

EEP neural networks (DNNs) have facilitated the develop-
ment of artificial intelligence in recent years. To get better
inference ability, the parameter size of deep neural networks is
getting larger and larger, such as the standard ResNet-152 [1] has
about 60.2 MB of parameters, VGG-19 [2] has about 143 MB of
parameters, and BERT-Large [3] has a 24-layer network and about
340 MB of parameters. The recent GPT-3 [4] reaches a 96-layer
network and about 700GB (175 billion parameters). In deep learn-
ing, increasing the size of the training dataset and the complexity
of the model often improves the performance of the model. As the
dataset’s size and the model’s complexity increase, the traditional
single-computer training process becomes very time-consuming.
Therefore, much current research uses distributed training that
includes multiple nodes to accelerate the training process, and
popular deep learning toolkits, including PyTorch [5], TensorFlow
[6], and MXNet [7], support data parallelized training [8]. In
distributed training based on data parallelism, each node iterates
on its data partition in parallel and exchanges a large number
of gradients with other nodes in each iteration through gradient
synchronization strategies such as Parameter-Server or Ring-All-
Reduce.
However, the frequent gradient swapping of multiple nodes
makes the communication take up a large portion of the overall
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training time [9]. For example, when training Bert-Large [3] and
Transformer [10] on 16 AWS EC2 instances, each containing 8
V100 GPUs with a network bandwidth of 100 Gbps, their gradient
communication time accounted for 76.8% and 60.9% of the total
training time, respectively. Even in a smaller bandwidth net-
work environment, communication accounted for more than 90%
[11], which significantly undermines the advantages of distributed
training. Therefore, network communication has become one of
the main bottlenecks of distributed model training systems [12],
[13], [14]. To alleviate the above problem, many researchers have
proposed gradient compression during communication to reduce
the amount of transmitted data. For example, 1-bit quantization
implemented by 1-bit compression algorithm [15] can reduce the
amount of transmitted data by 96.9%. Several studies [16], [17],
[18], [19], [20] demonstrated through theory and experiments
that these compression methods have a limited impact on model
convergence and even negligible damage on accuracy. Several
large distributed model training systems have integrated gradient
compression techniques, such as Horovod [21] and BytePS [22],
which are being actively adopted by the industry (e.g., Facebook
and AWS).

We classify the gradient compression techniques in distributed
model training systems into three main categories: sparsification
compression, quantization compression, and low-rank compres-
sion. Sparsification compression reduces the amount of communi-
cation by selecting the critical information in the gradient tensor
for transmission. Quantization compression reduces the commu-
nication volume by reducing the number of bits per element in the
gradient tensor. On the other hand, low-rank compression methods
reduce the amount of communication mainly by performing a low-
rank decomposition of the gradient matrix and transmitting the



decomposed submatrix. However, sparsification or quantization
compression reduces the accuracy of the gradient, leading to
difficulties in model convergence and loss of accuracy [19], [23],
[24]. We should pay attention to matrix decomposition’s compu-
tational time overhead in low-rank compression methods [25]. In
response to the problems of gradient compression, more and more
researchers tend to optimize it using memory-compensated error
feedback-based techniques to compensate for the corresponding
performance loss. In addition, some researchers have attempted
to design and develop distributed model training systems that can
integrate more gradient compression, error feedback, and other
optimization techniques, further contributing to developing large-
scale models for communication-constrained environments.

Several survey articles have recently summarized and con-
cluded gradient compression techniques for distributed model
training [26], [27], [28], but these approaches either focus on
overall optimization methods for distributed model training system
communication or do not analyze gradient compression techniques
in depth. In this paper, we focus on the application of gradient
compression as a specific technique in distributed model training
systems. In particular, this paper also discusses and analyzes in-
depth gradient compression and its error feedback optimization
technique and distributed model training systems. However, the
above two dimensions were not or rarely mentioned in previous
surveys. Therefore, this paper better reflects the current research
status and development trend of gradient compression techniques
in distributed model training systems and facilitates the reader to
understand the field quickly and to conduct subsequent research.
To the best of our knowledge, this is the first paper that pro-
vides comprehensive survey gradient compression techniques in
distributed model training systems.

Specifically, our main contributions are as follows:

o We dissect the background knowledge included in the dis-
tributed model training system at the system level and detail
the related critical fundamentals, including distributed SGD,
parallel training Schemes, gradient synchronization algo-
rithms, communication system architecture, network commu-
nication bottlenecks, and communication optimization strate-
gies (reduced parameter update frequency, communication
and computation overlap, and gradient compression).

e We comprehensively classify existing gradient compression
techniques in distributed model training systems regard-
ing sparsification, quantization, and low-rank compression,
which corresponds to the critical sections described in this
review. We further break down each class of methods in-
depth and provide a detailed analysis and discussion of each
class’s key ideas, advantages, and disadvantages. This careful
classification aims to provide researchers with guidelines for
selecting gradient compression techniques and to facilitate
subsequent comparative studies.

e We provide an in-depth analysis of the error-feedback
schemes for the optimization of gradient compression tech-
niques using memory compensation and classify the error
feedback techniques in gradient compression into three sig-
nificant categories of error accumulation, momentum correc-
tion, and error average according to the different forms of
memory compensation, and provide a detailed analysis of the
methods in each category. In addition, we compile the current
recent distributed model training systems, which is beneficial
for researchers to select the most suitable system as a bench-
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mark and start subsequent research after understanding the
essential characteristics of the system.

e We summarize the remaining challenges of current gradient
compression techniques in distributed model training sys-
tems. And we also highlight some potential, promising, and
worthy directions to explore in the future, including adaptive
gradient compression algorithms, reducing the timeshare of
gradient decompression, better compression and communi-
cation combinations, and unified framework and evaluation
metrics for distributed model training systems. All these are
beneficial to facilitate distributed model training systems in
future research.

Fig. 1 shows the main structure of this paper, which is
organized as follows: Section 2 introduces the background knowl-
edge of distributed model training systems, including distributed
SGD, parallel training schemes, gradient synchronization algo-
rithms, communication system architecture, network communi-
cation bottlenecks, and communication optimization strategies.
Next, Section 3 classifies and discusses some gradient compres-
sion techniques in distributed model training systems. Section
4 summarizes the current error-feedback methods for gradient
compression optimization. Then, we compile the current state-
of-the-art distributed model training systems in Section 5. Finally,
Section 6 summarizes this thesis and analyzes the challenges and
potential future research work of current distributed model training
systems.

2 BACKGROUND

This section introduces the background knowledge of dis-
tributed model training systems: distributed SGD, parallel train-
ing schemes, gradient synchronization algorithms, communica-
tion system architecture, network communication bottlenecks,
and communication optimization strategies to facilitate readers’
understanding of the content of subsequent sections.

2.1 Distributed SGD

Stochastic Gradient Descent (SGD) [29] and its many variants
[30], [31] are currently the dominant model training optimizers
in machine learning. SGD is a first-order iterative optimization
algorithm. At the (¢ + 1)-th iteration of the model, SGD updates
the model parameter section denoted as:

gt = V fe(w4,&) (D
Tt41 =Tt — Mt - Gt 2

where &; denotes the mini-batch data loaded by the model in the
t-th iteration, z; € R is the N-dimensional model parameter
in the ¢-th iteration, 7, is the learning rate, and g, denotes the
stochastic gradient in the ¢-th iteration. Fig. 2 shows the training
process of the DNN. We can consider the iterative process of
SGD as having three main steps: 1) The model samples the mini-
batch data; 2) Performs the feedforward task to calculate the loss
function V f(z¢,&;) : RT—=R of the objective function; and 3)
Performs the backpropagation task to calculate the gradient value g
of each network layer and update the network parameters ;41 =
Tt — Mt * Gt-

The more the model and dataset come, the more time intensive
it tends to be to train a deep model. Therefore training using
distributed models has become increasingly common. We can
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express counterpart bulk synchronous parallel SGD (BSP SGD)
as:

git = Vfit(Tit, &) 3)
| K

Tithl = Tist ~ Mt 3z > i “
i=1

where ; ; denotes the mini-batch data loaded by the ¢-th Worker
in the t-th iteration, x;; € RY is the N—dimensional model
parameter. 7); ; is the learning rate, and g; ; denotes the stochastic
gradient V f; +(2;¢,&+) in the i-th iteration. To speed up the
convergence of the model, researchers usually introduce momen-
tum in SGD to update the parameters by using the exponentially
weighted average of the gradients instead of the original. For ex-
ample, we can express the parameter update after the introduction
of momentum in Nesterov SGD [32] as:

K
1
Vigtl = M- Vg + I Zgi,t )
i=1
Tit+1 = Tip — Mit(M - Vigg1 + Git) (6)

where 0 < m < 1 denotes the momentum factor, v; ;11 denotes
the temporary parameter, and the gradient ; ;41 of (t+1)-th iter-
ation is calculated with the temporary parameters. The difference
between distributed SGD and stand-alone SGD is that each worker
of distributed SGD computes the gradient independently and sends
the gradient for each network layer. The server aggregates and
averages gradients from each worker. The worker receives the

averaged gradients to update the parameters of their respective
models.

2.2 Parallel Training Schemes

Model and data parallelism are two parallel training schemes
commonly used in distributed deep learning. Model parallelism
training can be adopted when the trained model is too large to be
stored on a single machine. Model parallelism slices the network
model and assigns it to different workers, each of which holds
other parameters or layers of the model. Each worker collaborates
to complete the training of the model. Model parallelism can also
be further classified depending on the unit of slicing the network
model. One type of model parallelism cuts the network model
vertically, i.e., by layer. For example, the deep neural network
model assigns different layers to different working nodes responsi-
ble for only the corresponding part of the network model structure.
Each node completes the data computation and delivery process
according to the computational order of the layers assigned in the
network model. This model parallelism approach is also known
as pipeline parallelism.Another type of model parallelism is the
horizontal splitting of the network model, which allows neural
network layers containing many parameters to be split on different
machines, with the structure shown in Fig. 3 (a). The main
advantage of model parallelism is that each worker holds a subset
of the model, allowing the training of large models and reducing
the memory requirements for individual workers [27].

However, model parallelism still suffers from problems such as
unbalanced parameter sizes and strong computational dependency
on different layers of the depth model. Therefore, before slicing
the network model, it is necessary to consider the network model’s
connection structure and computational demand and assign them
to different computational nodes appropriately, which is one of the
difficulties of using model parallelism training [33].

Another parallelism scheme of distributed model training is
data parallelism, which means that the training samples are sliced
and distributed to different workers for training. As shown in Fig.
3 (b), each worker has a complete copy of the model and uses
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Fig. 3: Two common parallel schemes for distributed model
training.

the assigned data samples to train the model locally, processing
different mini-batch data to compute local gradient updates. After
the worker computes the local gradient, they communicate with
other workers to obtain the global one. Then they use the global
one to update the local parameters of the model. We formulate the
optimization problem using data parallelism techniques as follows:

K
min f(z;) := %ZEQN&, [fe; ()] Q)
i=1

xT; €R4

where x; € R? denotes the parameters of the model, K denotes
the number of workers, E¢,~p, [fc: (i)] : R?—R represents the
loss function of the model parameter x; on the samples (; in
worker 7, and D; indicates the distribution of the training samples
in worker ¢. Data parallelism has theoretical guarantees compared
to model parallelism and can achieve the same convergence effect
as single-machine single-card training. Data parallelism does not
require consideration of model slicing, and parallel implemen-
tation is relatively simple, which has become the mainstream
distributed training scheme.

2.3 Gradient Synchronization Algorithms

Many workers are involved in the data parallel distributed training.
Each worker calculates the gradients locally and then communi-
cates with other workers to obtain the calculation results of other
workers and finally get the global one. In this process, the gradient
synchronization algorithm decides the frequency of communica-
tion among the workers and the timing of the global gradient
update. We classify the gradient synchronization algorithms into
three categories: synchronous SGD, asynchronous SGD, and local
SGD.
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Synchronous SGD. Synchronous SGD [34] means that, be-
fore starting the next iteration, each worker needs to wait for all
other workers in the cluster to finish their computation tasks before
updating the global gradients. Synchronous SGD introduces a
synchronization barrier technique to ensure that each worker has
finished updating the model parameters before the start of a new
iteration. The distributed training process using the synchronous
SGD technique is similar to training a single batch of data on
a single machine, and thus synchronous SGD has theoretical
convergence guarantees [35]. Synchronous SGD also has some
limitations, which have a high degree of coupling, so when the
computation speed of a worker in the cluster is slow, it becomes
a bottleneck for the whole distributed training cluster, leading to a
waste of resources of idle workers.

Asynchronous SGD. To address the problem of excessive
node dependency in synchronous SGD, asynchronous SGD [36]
proposes a solution. Each worker gets the model parameter infor-
mation from the parameter server to train the model independently
and then sends the local gradients to the parameter server. The
parameter server updates the global one as soon as it receives
the local one and does not need to wait for other workers to
send gradient information. Asynchronous SGD can reduce the
coupling between worker nodes, eliminate the delay caused by the
synchronization barrier, and speed up the training speed. However,
model training using asynchronous SGD usually suffers from
training instability and low accuracy [35].

Local SGD. Based on the synchronous SGD, Local SGD
[37] proposes a new gradient synchronization strategy. The main
idea of Local SGD is to reduce the frequency of communication
between workers. The workers in the cluster update the model
parameters directly using the local gradients instead of perform-
ing gradient synchronization communication after each iteration.
The global gradients are obtained by communication between
the workers only when the number of iterations is a predefined
particular value. Local SGD can be formulated as follows:

it — Mt it)s ift+1¢ S
x“H:{I,t it - f(2it) 1 ¢ St )

Tiy — it Zf{:l Vf(xie), ift+1eSr

where x; ; denotes the model parameters of the worker ¢ at the ¢-th
iteration. 7); ; represents the learning rate, K represents the total
number of nodes, 5/ f(-) denotes the gradient value computed
at this time, and St is the predefined set of iteration sequence
numbers used for gradient synchronization. Using Local SGD as
the gradient synchronization method enables each node to perform
multiple iterations locally before global gradient synchronization,
which can effectively save communication overhead.

2.4 Communication System Architecture

There are three typical distributed model training gradient syn-
chronous communication architectures: Parameter-Server (PS),
All-Reduce (AR), and Ring-All-Reduce (RAR).
Parameter-Server (PS): As shown in Fig. 4 (a), there are
two roles in the Parameter-Server (PS) architecture, server and
worker. The server is responsible for keeping the latest global
model and collecting updates from the worker. The worker loads
the dataset independently, extracts the latest global gradient from
the server, computes the updated parameters, and transmits them to
the server. The server is the center of the communication topology
in this architecture, so researchers also refer to PS as a centralized
framework. It is widely used in distributed training [38], [39].



The main challenge of the PS architecture is the communication
congestion of the server because all workers are communicating
with the server.

All-Reduce (AR): To avoid the communication bottleneck
in PS, researchers tend to use the All-Reduce architecture [34],
[40], [41], [42], [43] to implement gradient aggregation. In this
architecture, each device (node) has its local model and loads
parts of the dataset separately. Nodes train a model jointly by
minimizing the loss function on their corresponding dataset. To
ensure that the parameters of each node’s model are updated
synchronously, the nodes communicate with each other in a peer-
to-peer manner. As shown in Fig. 4 (b), this method has only one
role, i.e., worker. Each worker sends messages to and receives
information from all other workers. They get all gradients of all
workers and then update their local model. Thus, AllReduce is
a decentralized communication topology and a centralized model
topology because of the consistent global gradient obtained by
synchronization.

Ring-All-Reduce (RAR): This strategy uses a collective
communication primitive. A representative example is Ring-All-
Reduce [44], where all nodes are workers, which form a logical
ring (Gossip). As shown in Fig. 4 (c), RAR consists of two com-
munication steps, the first step is to aggregate the gradients along
the ring, and the other step is to propagate the updated gradients.
In addition, Ring-All-Reduce can perform batch processing of the
gradients and then partition the gradients for load balance. After
that, in each synchronization step, each worker sends a partition to
its successor worker simultaneously and receives another partition
from its predecessor to utilize its bidirectional network bandwidth
better. All workers communicate without a central server, so
researchers refer to RAR as a decentralized framework.

2.5 Network Communication Bottlenecks

The time overhead of distributed training consists of computation
and communication overhead, where each worker must frequently
communicate to exchange their local gradients to update the
local model parameters. However, the performance bottleneck in
distributed training is increasingly shifting from computation to
communication. To explore the network bottleneck in distributed
training, Sapio et al. [14] trained eight standard DNN benchmark
models using NVIDIA P100 GPUs on a cluster containing eight
workers and calculated the communication time over 10 Gbps or
100 Gbps Ethernet. Fig. 5 shows the above experimental results,
where “10 Gbps Comm” is the proportion of communication time
for gradient synchronization to the total model training time in 10
Gbps Ethernet, and “10 Gbps Overlap” indicates the percentage
of communication time overlapping with the computation time.
It shows five DNN benchmarks with more than 50% commu-
nication time in a 10 Gbps network environment, among which
DeepLight’s communication time accounts for 97%, and only
2% overlaps with the computation. In the training of DeepLight,
The communication used for gradient synchronization takes up
most of the training time, and the overlap between computation
and communication is negligible. Even in a 100 Gbps network
environment, communication time accounts for 79% of the total
training time. In contrast, the overlap between communication and
computation is only 20%, indicating that the current network is
saturated and network communication is a severe bottleneck for
distributed training.

In addition, Bai et al. [9] trained two popular DNN frame-
works, Bert-large and Transformer, on 16 AWS EC2 clusters,
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where each instance contained eight NVIDIA V100 GPUS with
a network bandwidth of 100 Gps. Without gradient compression,
the communication time accounts for 76.8% and 60.9% of the
total training time, respectively. It shows that a significant portion
of the gradient communication time does not overlap with the
computation time in the DNN computation. Gradient compression
is a popular method to reduce the amount of transmitted data
during gradient communication [18], [20] and has great potential
to solve the communication bottleneck problem [9]. For example,
the classical gradient quantization algorithm 1-bit SGD [15] can
reduce the amount of transmitted gradient data by 96.9%, signifi-
cantly reducing the overhead communication time.

In summary, network communication is still the main bot-
tleneck in data-parallel DNN training with limited bandwidth.
There is a fundamental conflict between communication and com-
putation. The communication time for gradient synchronization
accounts for a large proportion of the overall model training time,
which is more prominent on nodes with low network bandwidth.
It is often impractical to reduce communication overhead by in-
creasing network bandwidth, so researchers prefer to use gradient
compression techniques to reduce communication overhead.

2.6 Communication Optimization Strategies

The primary techniques used to reduce the communication over-
head of distributed training include: reducing the frequency of
parameter updates, increasing the overlap between communication
and computation, and gradient compression techniques. Some
schemes combine multiple optimization techniques, such as gradi-
ent compression and overlapping techniques, that can be applied
simultaneously to distributed training and work together to reduce
the time overhead. The following section will describe these
three optimization techniques’ main ideas and their representative
methods.

2.6.1 Reducing the Frequency of Parameter Updates

In distributed training, the workers exchange gradients in each
iteration to update their parameters. Hence, an intuitive way to
reduce communication overhead is to reduce the frequency of
parameter updates. There are two main improvement options: 1)
increase the Batch-size to reduce the number of model iterations
and 2) update the gradient periodically to reduce the number of
gradient exchanges.

Batch size is a significant hyperparameter for model training,
determining the amount of loaded data in each iteration. Therefore,
for a given data set size, Batch-size determines the number of
iterations and the number of gradient exchanges. When the Batch-
size is larger, the number of model iterations is smaller, and
the model parameters are updated less frequently, thus reducing
the communication overhead due to the less frequent gradient
exchange. However, a large Batch-size means a large amount
of GPU memory. In addition, because increasing the Batch-size
causes the model to converge to the local minima of the training
function [34], [45], the model will have poor model generalization
ability. Several studies have proposed including warmup strategy
[34], [46], tensor offloading [47], and layerwise adaptive scaling
[48], [49], [50] to solve this problem. For example, You et al.
[48] proposed a new layerwise adaptation strategy called LAMB.
LAMB enables adaptive adjustment of SGD learning rate and
effectively saves time when training BERT [3] and ResNet-50 [1].

Frequent gradient synchronization is another crucial reason
for the high communication time overhead of distributed training.
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Fig. 6 (a) shows the gradient synchronization strategy of vanilla
parallel SGD. This strategy communicates immediately after
computing each model layer’s gradients, significantly increasing
the time overhead. Therefore, some researchers have considered
periodic averaging of the model parameters trained on local
nodes, which can reduce the frequency of gradient synchronization
and the communication overhead of training [37], [51], [52],
[53], [54], [55], [56], [57]. Fig. 6 (b-c) show two examples of
gradient updates using periodic parameter averaging. In addition,
some researchers have demonstrated that an appropriate period
of parameter averaging does not affect training convergence [37],
[53], [58], [59].

2.6.2 Increasing the Overlap Between Communication and
Computation

In the backward propagation, the gradients are generated se-
quentially from the last layer to the first layer of the model.
During communication, workers send the gradients of each layer
to the server or other workers separately and receive the average
gradients after aggregation. There is an overlap between the com-
putation and communication of the gradients, i.e., the gradients
generated first by the later model layer can be sent first and do not
affect the generation and communication of the gradients in the
former layer [60]. Ideally, the worker can send the gradients of the
L-th layer while computing the gradients of the (L — 1)-th layer
without waiting to generate all the gradients before sending them.
This scheme prevents the network from blocking and saves the
total training time (computation + communication) by reducing
the waiting time. Therefore, the communication and computation
tasks can be described as a directed acyclic graph (DAG) for
pipeline scheduling [61]. Many studies about parallel execution
of computation and communication have recently emerged [13],
[41], [60], [62], [63], [64], [65], [66], [67], mainly to optimize the
execution order of computation and communication at each layer
of the model.

For example, some wait-free-back-propagation (WFBP)
scheduling algorithms [41], [61], [62], [68] draw on the idea of
FIFO. These algorithms overlap computation and communication
by synchronizing each layer in the network independently, requir-
ing workers to send the gradient of each layer immediately after
calculating the gradient, as shown in Fig. 7 (b). Since different
layers may have different computation and communication times,
delay terms (startup time) can cause communication delays. For
this reason, Shi et al. [60] proposed merged gradient WFBP (MG-
WFBP) to mitigate the negative impact caused by startup time.
Some studies [13], [63], [64], [65] reorganize communication
tasks and computation tasks by scheduling the execution order or
partitioning the tensor, the general idea of which is shown in Fig.
7 (c). Peng et al. [13] propose a general communication scheduler
called ByteScheduler. ByteScheduler achieves better overlap be-
tween computation and communication by partitioning and reorga-
nizing tensor transfers. Jayarajan et al. [64] implemented a similar
scheduling strategy on MXNet-PS with a higher training speedup
than the FIFO approach. In addition, some methods [24], [69],
[70], [71] consider the computation time of gradient compression
and implement pipeline parallelism between communication and
gradient compression computation.
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2.6.3 Gradient Compression

Gradient compression can reduce the amount of transmitted data.
It has been widely used in distributed training to reduce commu-
nication costs [23]. The gradient compression technique mainly
consists of two processes, compression and decompression, and
can be defined as follows:

gk = Q) ©)

1 K
9 =10 Q7' (G:) (10)
i=1

where gft represents the gradient of the L-th layer of the model
in the i-th worker at the ¢-th iteration, () represents the compres-
sor, gft represents the compressed gradient, Q' represents the
decompressor, and EtL represents the average gradient of the L-
th layer in all workers at the ¢-th iteration. As shown in Fig. 8,
in backward propagation, each worker calculates the gradient giL,t
of the L-th layer and sends the compressed gradients gft to the
receiver (server or other workers). After receiving the compressed
gradients, the receiver decompresses them using Q—l(gft) and
averages them after aggregation. After that, each worker receives
the averaged gradient gtL and updates the parameters. If the
expectation value satisfies F(Q(z)) = x for compressor @,
then (Q belongs to unbiased compression. Otherwise, it belongs
to biased compression [8].

7

In this paper, we classify the gradient compression techniques
into three significant categories: gradient quantization, gradient
sparsification, and low-rank compression. We will summarize and
analyze the gradient compression algorithms in detail in Section 3.
Most compression methods are lossy, causing poor model conver-
gence or low accuracy. Some studies introduce error feedback (or
memory compensation) mechanisms to alleviate these problems.
We will discuss the specific details and common methods of error
feedback in Section 4.

3 GRADIENT COMPRESSION TECHNIQUES

We classify gradient compression techniques into three major
categories: Sparsification compression [16], [17], [18], [69], [72],
[73], [741, [75], [761, [77], [78], [79], 801, [81], [82], [83], [84],
[85]1, [86], Quantization compression [11], [15], [19], [20], [87],
[88], [89], [90], [91], [92], [93], and Low-rank compression [25],
[941], [95], [96], [97]. We further subdivide the above classification
into random sparsification and deterministic sparsification for
sparsification compression, deterministic and random quantization
for quantization compression, and centrality and decentralism
for low-ranking compression methods. Fig. 9 shows the specific
classification of gradient compression techniques.

3.1 Sparsification Compression

Gradient sparsification compression is a promising gradient com-
pression technique applied to distributed SGD. Its main idea is to
select a subset of gradient elements for communication to reduce
the communication overhead significantly. Gradient sparsification
is more flexible, can reduce communication overhead exponen-
tially, and is easily adaptable to various network conditions [69].
Results have shown that in some cases, gradients can be sparse by
up to three orders of magnitude to zero while ensuring model
convergence [16], [17], [18], [75], [76], [77]. In this paper,
we classify sparsification compression into two main categories:
stochastic sparsification and deterministic sparsification.

3.1.1 Stochastic Sparsification

The main idea of stochastic sparsification is to randomly select
a subset of the gradients to communicate and update to reduce
communication overhead. Several implementations of stochastic
sparsification have been proposed [72], [74], [84], [85]. For ex-
ample, Konecny et al. [84] proposed two stochastic sparsification
methods, random mask and random sampling, to improve the effi-
ciency of upstream communication. Stich et al. [72] first analyzed
the convergence of Random-% by randomly selecting % indices,
transmitting only the gradients corresponding to these k indices,
and then multiplying the sparsified gradient vector by a scaling
factor to achieve an unbiased update. Considering that the variance
of the gradients would affect the convergence speed, Wangni et
al. [74] proposed an unbiased stochastic sparsification method to
maximize the sparsity and control the variance. The core idea
of this method is to randomly remove some coordinates of the
gradient vector and properly scale up the remaining coordinates to
ensure the unbiasedness of the sparsification gradients. In addition,
a similar approach has been proposed by Tsuzuku et al. [85].

3.1.2 Deterministic Sparsification

Unlike stochastic sparsification, deterministic sparsification selects
deterministic gradients for communication updates by introducing
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Fig. 9: Classification of gradient compression and error-feedback techniques.

additional computational overhead. Since most of the gradients are
around zero [84], i.e., the gradients themselves have sparse prop-
erties, selecting significant (e.g., large absolute values) gradients
for updating can reduce the communication overhead while ensur-
ing model convergence. Most of the deterministic sparsification
methods [16], [17], [18], [69], [73], [75], [76], [77], [781, [79],
[80], [81], [82], [83] use Top-k, i.e., each node transmits only
the largest k gradient elements where & is a fixed sparsity ratio,
usually taken as 1% or 0.1% [16], [18].

Most deterministic sparsification methods use the residual
gradient technique for error feedback[16], [17], [18], [78], [81]
to ensure accuracy and convergence. In each iteration, workers
accumulate the gradients not transmitted at each node locally and
add them to the gradient vector in the next iteration for delayed
updates. To reduce the computational overhead, most deterministic
sparsification methods use a threshold-based approach to achieve
approximate Top-k selection [16], [18], [77], [78], [80]. Deter-
ministic sparsification can be further divided into fixed-threshold
sparsification [17] and adaptive-threshold sparsification [16], [73],
[751, [77], [78], [79], [80], [81], [82].

Fixed-Threshold Sparsification. Fixed-threshold sparsifica-
tion compression, like other existing compression algorithms [14],
[87], belongs to the category of absolute compression, which
has an absolute constraint on the error [98]. Strom et al. [17]
proposed a sparse method that selects a fixed threshold first and
only transmits those gradients whose absolute value is greater
than this threshold. Since the subgradients on each node are very
sparse, only those gradients that have a high impact on the update
of the weights need to be transmitted. In contrast, the gradients
close to zero can be delayed and thus reduce communication
bandwidth usage. Strom et al. constructed a key-value mapping
to encode the obtained sparsification gradients, where the keys
are the indices of the complete gradients, and the values are the
corresponding individual gradient elements. This method applies
the residual gradient technique to guarantee accuracy and con-
vergence, ensuring that weights with small but biased subgradient
values will eventually be updated. However, the obvious drawback
of fixed-threshold sparsification is that finding a suitable threshold
value is difficult. If the threshold value is too high, convergence
suffers, and thus accuracy is reduced. If the threshold is too low, a

large number of gradients will be transmitted, resulting in slower
training.

Adaptive-Threshold Sparsification. To address the draw-
backs of fixed-threshold sparsification, Dryden et al. [77] proposed
an adaptive threshold sparsification method. It uses a fixed ratio
and selects two thresholds, one positive and one negative, in each
iteration to ensure the transmission and update the gradient of the
fixed percentage. This method combines the advantages of both 1-
bit quantization [15] and fixed-threshold sparsification [17] with a
trade-off between computational overhead and compression level.

Considering that previous methods are based on a specific
model structure, application to other DNNs leads to accuracy loss
and poor compression of the convolutional layers during training,
especially when compressing fully connected layers of the same
model. Chen et al. [78] proposed AdaComp. Based on simple
local sampling, AdaComp adaptively selects the degree of com-
pression sparsity according to different neural layers, mini-batch
size, and other factors. AdaComp does not require any sorting
or near-sorting computation and is computationally efficient for
high-performance systems. Since determining two thresholds [77]
is too tedious, Aji et al. [16] proposed an alternative adaptive
thresholding method that uses the layer normalization (LN) [99] to
select the global threshold and filter the Top-k elements based on
the absolute value of the gradient. To further compress and ensure
accuracy, Lin et al. [18] proposed deep gradient compression
(DGC), which reduces the overhead of global Top-k selection by
sampling and can achieve a compression rate of 99.9% with little
impact on accuracy.

To solve the problem of poor quality of threshold estimation
in previous methods [79], [81], Abdelmoniem et al. [80] proposed
a sparsity-based distributed compression method called SIDCo,
which considered the sparsity distribution property of the gradient.
SIDCo models the gradients according to some sparsity distribu-
tion [100], [101] and uses a multi-stage fitting method to obtain
the threshold value. Compared with DGC [18], RedSync [81], and
Gaussian-k [79], SIDCo is faster and has higher model accuracy
with less overhead.

Most of the deterministic sparsification methods basically use
the gradient size as an indicator to filter the gradient [16], [18],
[75], [77]. However, the size of the gradients only indicates



the optimization direction of the current model parameters. It
cannot indicate the importance of the parameters, thus may lead
to delayed parameter updates. Zhang et al. [82] proposed an
adaptive gradient sparsification framework, MIPD. Considering
the different significance of the parameters in each neural network
layer, MIPD uses the model interpretability (MI) and exponen-
tial smoothing prediction (ESP) of the gradient to calculate the
corresponding compression ratio by layer. MIPD can adaptively
select the significant gradients for transmission to reduce the
communication overhead and decrease the gradient error.

3.1.3 Discussion

Table 1 summarizes the ideas and limitations of the gradient
sparsification compression method. The critical idea of gradient
sparsification is that only significant gradients are needed to update
the model parameters. According to the way of selecting gradients,
we classify gradient sparsification into stochastic sparsification
and deterministic sparsification, represented by Random-k [37]
and Top-k [16], respectively. The stochastic sparsification ran-
domly selects a subset of the gradient, optimizes for the deviation
and variance of the gradients, and uses the memory compensa-
tion to ensure convergence speed while reducing communication
overhead. Due to the stochastic nature, selecting the significant
gradients for stochastic sparsification is difficult.

The main idea of deterministic sparsification is Top-k, pri-
marily based on selecting adaptive thresholds. Deterministic spar-
sification mainly optimizes the following aspects: 1) ensuring
convergence performance while deepening the sparsification; 2)
designing a Top-k selection algorithm suitable for GPUs with low
computational overhead; 3) exploiting the probability distribution
properties of gradients and 4) layer-wise gradient sparsification.
Experimentally, some methods exploit the properties of gradients
to design heuristics to estimate and find Top-k thresholds, which
have lower compression overhead compared to Top-k and DGC
[79], [80], [81], [98].

In summary, gradient sparsification compression reduces the
communication overhead in DNN training by selecting a subset
of the gradients and transmitting these subsets. The selection of
compression gradients may be stochastic or deterministic. The
main ways to improve the gradient sparsification compression are
as follows: 1) Most existing methods are for specific communica-
tion architectures, such as AR and PS. It is a challenge to adopt
appropriate sparsification methods in different communication
architectures. 2) Current methods mostly use gradient size as
the only indicator for gradient sparsification, but gradient size
cannot indicate the importance of the corresponding parameters.
Therefore, identifying the significant gradients and assigning them
higher update priority is a worthy research direction.

3.2 Quantization Compression

Gradient quantization truncates or maps the gradient elements to
a predefined set of discrete values, allowing the gradient to be
represented in training with fewer bits, thus reducing the impact
of gradient communication on training speed.

In this paper, we classify gradient quantization algorithms into
two categories: deterministic quantization [15], [87], [88], [89],
[91] and stochastic quantization [11], [19], [20], [92], [93], [102].
Deterministic quantization usually adopts an aggressive quantiza-
tion strategy, but there will be a particular case where training fails
to converge. In contrast, stochastic gradient quantization methods
have theoretical convergence guarantees.

3.2.1 Deterministic Quantization

The deterministic quantization method means that the quantized
gradient element values are always deterministic for a given
gradient. Seide et al. [15] proposed 1-bit SGD in 2014: using only
1 bit to represent the gradient element values. 1-bit SGD quantizes
the gradient elements smaller than a user-defined threshold (0 by
default) as ‘0’ and the remaining elements as ‘1’. At decom-
pression, ‘0’ is replaced by the average of negative elements,
and ‘1’ is replaced by the average of non-negative elements.
They also proposed an error feedback method: the worker would
locally record the difference between the quantized gradient and
the original gradient, which will be added to the quantization
computation in the next iteration. Strom et al. [17] proposed
an approach similar to the 1-bit SGD in 2015, which combines
gradient sparsification: each worker will only send the quantized
value of a specific element and the corresponding index.

An equally aggressive quantization method is the SIGNSGD
[89], [91] proposed by Bernstein et al. The main idea is to replace
the original gradient elements with the signs of the gradient
elements, which can be expressed as follows:

Tit41 = Tip — Mit - Si91(git) (11)
where x; ; represents the model weights of worker 7 at iteration
t, gi+ represents the gradient calculated at iteration ¢, sign(-)
represents the sign of the gradient element, and 7); ; represents
the learning rate of the training. SIGNSGD uses a method called
Majority Vote at the parameter server nodes, which allows the
parameter server to quantize the gradients again after aggregating
all the gradients, further reducing the amount of transmitted
data. In order to speed up the training of deep neural networks
and improve the robustness of SIGNSGD. Bernstein proposed
the SIGNUM [89], [91] method based on SIGNSGD. SIGNUM
makes the training more stable by introducing momentum in
calculating gradient updates. Since SIGNSGD loses the magnitude
and direction of the gradient, it has poor generalization ability
compared to vanilla SGD and fails to converge in some simple
cases [88]. Karimireddy et al. [88] improved SIGNSGD using an
error feedback method and proposed EF-SIGNSGD. Karimireddy
shows that the error feedback strategy can solve the problem of
failure to converge due to biased compression algorithms like
SIGNSGD.

Furthermore, Dettmers et al. [87] proposed an 8-bit quanti-
zation method to represent 32-bit single-precision floating-point
numbers as 8-bit integer numbers. This algorithm uses 1 bit as
the sign bit, 3 bits as the exponent bit, and the lowest 4 bits to
represent the mantissa, which retains more gradient information
compared to 1-bit SGD.

3.2.2 Stochastic Quantization

Stochastic rounding has been shown to perform well in low-
precision training [103]. Several studies have introduced stochastic
rounding in gradient quantization. The stochastic quantization
algorithm makes the quantization results have unbiased expec-
tations compared to biased quantization, which eliminates the
quantization error from a statistical point of view and provides
a guarantee of convergence in model training. Wen et al. [20]
proposed TernGrad in 2017. TernGrad uses a stochastic algorithm
to quantize the gradient element value into one of three elements
{—1,0, 1}, allowing us to represent a 32-bit floating-point number
with 2 bits. The quantization is as follows:

Gie = Siyt - sign(giye) o biy (12)



TABLE 1: Characteristics and limitations of several sparsification compression methods

Limitations

Targeted to the federation learning scenario and
considers only the network architecture of PS.
Converges slowly, and the degree of compression is
not adaptive.

Tends to lose some significant gradients leading to
model non-convergence.

Dims Methods Ref. EF Characteristics
° Random mask [84] Uses a random mask to transmit the sparse update matrix.
= .
8 Random-k (72] v Randomly selects k elements for transmission and ensures
g convergence speed by memory compensation.
& Variance-based [74] Ra‘mdomly removes some _grfadlent cot_)rdmates and appro-
priately scales up the remaining coordinates.
Picks a fixed threshold and only transmits and updates
Fixed Threshold [171 v elements whose absolute values are more significant than
this threshold.
Fixed Proportion (771 v Uses a fixed ratio and selec‘ts one positive and one negative
threshold to ensure transmission.
Uses the LN technique [99] to select a global threshold that
Top-k (61 v can filter the Top 1% of elements.
Adaptively adjusts the degree of compression based on
o AdaComp (781 v different layers, small batch sizes, and other factors.
é DGC (18] v Reduces the overh;ad of .Top:k selection by sampling to
E achieve a compression ratio of 99.9%.
= elects global Top-k elements from all Workers to reduce
Sel global Top-k el fi 11 Work d
3 gTop-k [75] A
> the communication overhead.
= Finds a threshold by adjusting the ratio between the maxi-
RedSync [811 v mum and average values of the gradient to filter out Top-k
elements.
. Heuristically obtains Top-k elements by fitting a Gaussian
Gaussian-k (71 v distribution to adjust the initial threshold.
Models the gradient based on some predictions and obtains
SIDCo (801 v the thresholds by a multi-stage fitting method.
Takes advantage of the model interpretability of the gra-
MIPD [82] v dient and the exponential smoothing prediction method to

filter out the significant elements in a hierarchical manner.

Difficult to choose a suitable threshold.

Needs to sort the gradient elements with high com-
putational overhead.

Only targets specific network structures and models.

Introduces new hyperparameters, which are chal-
lenging to determine the optimal values in different
models.

Needs to perform Top-k twice in the worst case,
with high computational overhead.

Doesn’t consider the sparsification of the stratifica-
tion.

Has poor prediction accuracy, and the randomness
of the filtered elements is significant.

Only sometimes satisfies the strong prior condition
in meeting the Gaussian distribution, resulting in
poor compression quality.

Doesn’t consider stratification for gradient sparsifi-
cation.

Only for PS architectures with asynchronous up-
dates.

13)

where s;; denotes the infinite norm of g; ., i.e., the largest
absolute value of each element of the gradient. o denotes the
Hadamard product. sign(-) and abs(-) represent each element’s
sign and absolute value, respectively. b; ; represents a random
binary vector, and each element of b;,; independently obeys to
the Bernoulli distribution.

TernGrad can achieve 16X compression of gradients. To
reduce the errors caused by gradient quantization, TernGrad pro-
poses layer-wise ternarizing and gradient clipping in training.
QSGD [11] proposed by Alistarh et al. is a work of the same
period as TernGrad and employs stochastic rounding to ensure
unbiased gradient quantization compression. QSGD algorithm can
be expressed as follows:

sit = [19itll o = maz(abs(gis))

Qs(g:) = llglly - sign(g:) - Ci(g, s) (14)

where s > 1 is a hyperparameter that controls the level of quanti-
zation compression. (;(g, $) is an independent random variable.

(l+1)/s, probability p(lgi| / llgll, . s),
l/s otherwise.

where p(a,s) = as — 1, a € [0,1]. | represents the interval
where the gradient elements are located, where |g;| /[lgl, €
[[/s,(I +1)/s] and 0 < I < s. QSGD maps the nor-
malized gradient elements to a uniform set of discrete values
{0,1/5,2/s,...,(s — 1/s),1}. By controlling the hyperparam-
eter s, QSGD allows trainers to make a trade-off between gra-
dient accuracy and compression level. Based on QSGD, Wu et
al. [19] proposed ECQ-SGD by introducing error feedback. It
accumulates all previous quantization errors and passes them to

Gi(g,s) = (15)

the next iteration. According to empirical evaluation, ECQ-SGD
can better suppress the effect of quantization on the upper bound
of errors compared to QSGD. Faghri et al. [92] proposed an
adaptive version of QSGD called AQSGD. AQSGD dynamically
adjusts the distribution of the discrete values /; during training to
minimize the expected value of the gradient variance, speeding up
the convergence of the model training.

Yan et al. [102] proposed DQ-SGD in the same year. DQ-
SGD is also an adaptive algorithm that dynamically adjusts the
number of compressed bits of the QSGD according to the number
of iterations and the gradient size during training. Horvéth et
al. [93] proposed Natural compression in 2022. The Natural
algorithm uses a series of powers of 2 as a set of discrete
values and outperforms the QSGD algorithm in terms of training
performance.

3.2.3 Discussion

Gradient quantization is one of the mainstream solutions to solve
the communication bottleneck problem in distributed training.
Representative works of stochastic quantization algorithms are
QSGD [11] and TernGrad [20]. Stochastic quantization algo-
rithms have unbiasedness and theoretical convergence guarantees.
However, the randomization introduced by unbiased quantization
schemes will increase the variance of the quantized gradient. In
the worst case, stochastic quantization can even lead to variance
explosion [89], severely affecting the convergence rate of model
training.

A simple compression idea for deterministic quantization is to
reduce the accuracy of the representation of the gradient elements.
Although it is usually biased, it has been shown to converge
under convexity and sparsity [104]. More aggressive representative
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TABLE 2: Characteristics and limitations of several quantization compression methods

Dims Methods Ref. EF Characteristics Limitations
Has an unbiased theorﬂ?tlcal COMPIESSION COMVETEENCE  pry ot he combined with other techniques when ap-
TernGrad [20] guarantee and can achieve significant communication . .
savings. plied to large-scale training.
Has a theoretical convergence guarantee and allows a . . . .
. - . Increases the gradient variance, which hinders the
QSGD [11] trade-off between communication efficiency and conver- conversence of the model
o gence speed. & ’
2 ECQ-SGD [19] v Introduces an error compensation strategy to improve the ~ The introduction of error feedback techniques brings
= stability of model convergence. additional computational overhead.
3} . . . .
S Natural [93] v/ Has less computational overhead. The maximum compression ratio achieved by the
©n method is limited.
Proposes a dynamic selection strategy of quantization Dynamically determines the distribution of the dis-
AQSGD [92] P Y 8y 4 crete values of the quantization, which results in
parameters to speed up the model convergence. . .
additional computational overhead.
. . . Introduces computational overhead in calculating the
DQ-SGD [102] Adap tlve} Y adjusts the numbfar (.)f QSGD compression number of compression bits and is hard to implement
bits to minimize the communication overhead. in code
. Has the highest compression ratio and can save commu-  Imposes computational time overhead for calculating
1-bit SGD [15] v L .
nication time. the gradient element average.
© Has the highest compression ratio and can achieve bi-  Has poor generalization ability and doesn’t converge
= SIGNSGD [91], [89] R . . S .
2 directional compression of data communication. in some cases.
g SIGNUM [91], [89] v Introduces momentum, which makes the model training ﬂas poor generalization ability and doesn’t converge
g more stable. in some cases.
% EF- [88] v Introduces error feedback to make the model conver-  Error feedback brings additional computational over-
= SIGNSGD gence more robust. head.
8-bit SGD (87] Solves the problem of a large batch size of 1-bit SGD in ~ The compression ratio of the method has an upper

large-scale training.

limit and cannot achieve higher quantization ratios.

works of deterministic quantization algorithms are 1-bit SGD [15],
SIGNSGD [89], [91], and EF-SIGNSGD [88]. These schemes
are usually based on the threshold or the sign of the gradient
elements, quantizing the gradient elements to fewer bits. Despite
lacking theoretical guarantees of unbiasedness, such aggressive
quantization compression methods usually perform much better
than unbiased compression [88]. It is worth noting that such biased
compression schemes are usually combined with error feedback
to obtain the expected desired performance. Table 2 illustrates
the mainstream gradient quantization compression techniques’
advantages and limitations.

No single gradient quantization scheme has an absolute ad-
vantage so far. The best-performing gradient quantization schemes
vary depending on the model and the deep-learning task selected.
Gradient quantization has the advantage of combining the multi-
threading technique to quantize and compress the gradient ele-
ments, which can reduce the computational overhead of compres-
sion to some extent. However, gradient quantization also has some
limitations: the theoretical upper limit of the compression ratio is
32 x. Moreover, the gradient quantization technique usually has to
be used in conjunction with auxiliary training techniques to get a
better training speedup.

3.3 Low-rank Compression

Most deep learning computing is performed in the form of
matrices. Real-world deep learning tasks often use millions of
magnitudes of data as training samples to improve the accuracy
and generalization of models. The exponential growth in the num-
ber of parameters and computation of models makes matrix-based
gradient operations more frequent and complex, which increases
the communication load of distributed model training. Several
studies have found that DNNs are over-parameterized while the
gradients exhibit a low-ranked structure [94], [105], [106]. Based
on this pattern, the low-rank gradient matrix can be decomposed
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Fig. 10: Schematic diagram of the decomposition process of low-
rank gradient matrix

into two submatrix products using low-rank decomposition. The
process of gradient decomposition is shown in Fig. 10. Where
the gradient matrix V' € R™*™ exhibits a low-rank structure
with a rank of size r = Rank(V), it is decomposed into two
submatrices P € R™*" and @) € R"*" products of rank 7 using
matrix decomposition. The low-rank decomposition of a matrix
avoids matrix communication by sending smaller vectors.
Although some lossy gradient compression (e.g., quantization,
sparsification) methods [11], [20], [88], [89], [91] can alleviate
the communication bottleneck in data distributed training, these
methods are prone to conflict with collective arithmetic standards
(e.g., Ring-All-Reduce) and even lead to model non-convergence.
There are three main ideas to solve the above problems [25]: 1)
linear compression utilizes the linear correlation between gradients
to achieve compatibility with collective arithmetic standards; 2)
error feedback mechanisms can compensate for the adverse ef-
fects caused by gradient compression and ensure the convergence
and accuracy of the model remain unchanged; and 3) low-rank
decomposition can achieve high-efficiency compression without
sacrificing accuracy. We classify low-rank compression methods



into centralized methods [25], [94], [95] and decentralized meth-
ods [96], [97] according to their application scenarios.

3.3.1 Centralized

Existing compression schemes either run slower than SGD with
optimized full-decrement gradient aggregation or fail to achieve
the same test performance. Wang et al. [94] proposed a general
framework for atomic sparsification of stochastic gradients called
ATOMO. ATOMO factorizes the gradient matrix to minimize
the quantized stochastic gradient variance. ATOMO does this by
controlling the gradient variance with a smaller set of primitives
representing the random gradients to produce a low-rank approx-
imation of gradients. Experiments show that applying ATOMO’s
gradient singular value decomposition (SVD) can converge the
model faster than Vanilla SGD or QSGD under the same commu-
nication conditions. However, ATOMO requires the computation
of an expensive SVD step and has poor scalability.

Vogels et al. [25] proposed PowerSGD, which uses a general-
ized power iteration to compute a low-rank approximation to the
gradient, decomposing the original matrix into a product of two
submatrices of the same rank. PowerSGD has the characteristics of
linear compression, the low computational cost of matrix low-rank
decomposition, and allows All-Reduce gradient aggregation while
having the full precision SGD test performance. In addition, Pow-
erSGD uses momentum correction to avoid introducing additional
hyperparameters. Since the current collective communication stan-
dard MPI is usually defined to handle dense data representations,
the sparse tensor after gradient sparsification compression does
not apply to AR operations. Therefore, Cho et al. [95] proposed
GradZip, which, unlike popular sparsification-based compression
techniques, uses the results of the low-rank decomposition of
the previous synchronization to provide a high-quality gradient
decomposition matrix for the current synchronization.

The essence of low-rank matrix decomposition is the output of
a dense representation of compressed gradients capable of commu-
nication and statute operations via AR, the collective computing
standard in most high-performance deep learning frameworks.

3.3.2 Decentralized

Lossy gradient compression has emerged as a practical tool to
overcome communication bottlenecks in centrally coordinated dis-
tributed training, which can be performed with a significant reduc-
tion in communication while retaining complete model accuracy.
However, algorithms for decentralized training with compressed
touch on arbitrarily connected networks have been more complex
and usually require additional memory and hyperparameters. Low-
rank decomposition performs well in centralized deep learning
[25], [28], [95] and achieves the same experimental performance
in decentralized training as compression methods with quantiza-
tion or sparsification compression [96], [97].

Yu et al. [97] first proved that CNN gradients are strongly
linearly correlated with each other and proposed a novel gradient
compression technique called GradiVeQ. GradiVeQ uses Principal
Component Analysis (PCA) to obtain the correlation between the
gradients and decomposes them to achieve compressed dimension-
ality reduction. In addition, GradiVeQ also performs aggregation
operations on the compressed directly without decompressing
them, realizing the complete parallelism of gradient compression
and RAR communication, thus significantly reducing the commu-
nication load in distributed CNN training.

12

Inspired by the centralized deep learning PowerSGD algorithm
[25] and GradZip algorithm [95]. Vogels et al. [96] proposed
a low-rank compression technique for decentralized distributed
model training called PowerGossip. PowerGossip sets the model’s
parameters as a matrix and decomposes each pair of adjacent
nodes in a low-ranked approximation to estimate the parameter
differences between the nodes. By compressing the differences in
the model, PowerGossip can achieve the low-rank approximation
without passing the whole matrix, which ensures model accuracy
and significantly reduces communication between workers.

3.3.3 Discussion

Sparsification or quantization compression methods tend to cause
non-convergence of the model or loss of model accuracy. The low-
rank compression decomposes the matrix based on the low-rank
characteristics exhibited by the gradient. It avoids matrix com-
munication by sending smaller vectors, which does not affect the
convergence of the model. Table 3 shows several methods of low-
rank compression. Among the centralized methods represented are
ATOMO [94], PowerSGD [25], and GradZip [95]. However, these
methods cannot directly aggregate the compressed gradients, thus
incurring an extended compression time overhead, which does not
apply to decentralized aggregation protocols.

Decentralized low-rank compression techniques can alleviate
the above problems, focusing on low-rank approximations of
the gradients between neighboring nodes. PowerGossip [96], for
example, is an improvement on PowerSGD and GradZip that
only requires tuning the learning rate in a more straightforward
centralized setup and then transitioning to decentralized learning,
in contrast to previous decentralized approaches that required al-
gorithm modifications and additional hyperparameters [55], [107],
[108]. PowerGossip does not require additional memory and
hyperparameters.

The disadvantages of the low-rank compression method still
exist in that the decomposition process takes up many compu-
tational resources and additional time overhead. These adverse
effects usually cannot be ignored in distributed model training.
Moreover, since different gradient matrices exhibit different low-
rank situations, using only one decomposition method does not
guarantee the best results in the subsequent synchronization pro-
cess. Therefore, low-rank compression techniques have yet to be
applied heavily in distributed model systems.

3.4 Discussion

In addition to the above three compression methods, some hybrid
methods combine quantization and sparsification compression
techniques [17], [77], [109], [110], [111], which are not discussed
here in this paper. Most of the gradient sparsification and quantiza-
tion compression methods belong to lossy compression. Usually,
the higher the degree of gradient compression, the lower the
communication delay due to gradient swapping. At the same time,
it also causes the loss of gradient accuracy and the convergence
speed of the model [11].

Furthermore, we cannot ignore the computational overhead
introduced in training by sparsification or quantization compres-
sion, which increases the overall iteration time if the overhead
is greater than the reduction gain in communication time [79],
[81], [112]. In gradient low-rank compression approaches, ma-
trix decomposition often results in substantial computational and
time overheads. And the large variety of gradient generation in
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TABLE 3: Characteristics and limitations of several low-rank compression methods

Dimension = Methods  Ref. Characteristics Limitations
Controls the gradient variance by controlling the gradient . .
ATOMO [94] variance and representing the random gradient with a set of ’l_“he decomposﬁlon using SVD has largt? computa-
f L tional and time overheads and lacks scalability.
ewer primitives.
Centralized  PowerSGD  [25] The method is ~computz.1t}onally inexpensive and has the per- The tests mainly focus on small datasets, and the effect
formance of a full precision SGD test. is not apparent on extensive models and datasets.
. The dense vectors obtained from the low-rank decomposition  Alternating low-rank decomposition causes additional
GradZip [95] R . . .
communicate and reduce directly using All-Reduce. computational overhead.
. Uses PCA to decompose the gradient and realize the gradient ~ Only applicable to the case of a strong linear correla-
GradiVeQ [97] . . . X . .
Decentralized dimensionality reduction. tion between CNN gradients.

PowerGossip [96]

No extra hyperparameters are required, and convergence is
faster, making it a plug-and-play compression algorithm.

Vulnerable to data heterogeneity.

different datasets in different models makes it difficult for low-
rank compression approaches to trade off their own computational
and communication overheads. Therefore, low-rank compression
methods are not widely used in practice. Fig. 11 shows a visual
comparison of several compression schemes mentioned above.

There are two central optimization schemes for gradient com-
pression. One of the optimization schemes is to design adaptive
and optimal compression algorithms. Some recent studies [113],
[114], [115], [116], [117], [118], [102], [119] take full advantage
of gradient compression. For example, Accordion [117] adjusts
the communication scheduling dynamically by adaptively check-
ing the gradient change when the training is in a critical state
[120]. Accordion applied to Top-k and PowerSGD reduces the
communication and increases the convergence speed with no loss
of accuracy or change of hyperparameters. Another optimization
scheme introduces error feedback, which feeds back the error loss
caused by compression to the next iteration. The error feedback
technique for gradient compression is described and analyzed in
detail in Section 4 of this paper.

4 ERROR FEEDBACK TECHNIQUE

Although gradient compression reduces the communication time
of gradient exchange to some extent, there are still problems.
These gradient compression methods are lossy compression meth-
ods of gradients, which can easily affect the accuracy of model
training or even lead to difficulties in model convergence. There-
fore, many researchers have used error-feedback (EF) or memory
to compensate for the loss of accuracy. EF was first proposed
by [15], [17] in gradient compression and subsequently [72],
[88], [120] analyzed the convergence of the EF framework and
was widely used for distributed model training [24], [120]. Some
researchers [72], [73], [88] record the difference between the orig-
inal and compressed gradients in memory by error accumulation
and compensate for it in the next iteration. Some researchers [18],
[121], [122], [123] have also used momentum correction tech-
niques to mitigate the error loss due to compression after gradient
accumulation. Other researchers [23] have significantly reduced
the communication overhead by averaging the compression errors,
requiring only the errors of the local parameters to be compressed
and transmitted. Depending on the form of memory compensation,
we classify the methods of error feedback in gradient compression
into three categories: error accumulation, momentum correction,
and error averaging. Fig. 9 demonstrates the details of the specific
classification of error feedback techniques.

4.1 Error Accumulation

Most of the gradient compression methods are lossy or biased,
which leads to poor accuracy and even failure to converge the
model [15]. Therefore, some researchers [19], [72], [73], [88]
considered adding the error between the compressed gradient and
the original gradient to the gradient of the next iteration to achieve
the accumulation of the compressed gradient error and proved
to be able to improve the convergence speed and guarantee the
accuracy of the model without affecting the communication time
overhead. For example, Karimireddy et al. [88] proposed EF-
SIGNSGD to save the compression error locally and add it to the
next step to achieve the accumulation of the compression gradient
error and obtain the same convergence rate of SGD. Their iterative
loop steps of SGD based on error accumulation are summarized as
follows: 1) add the error to the next step to achieve accumulated
error; 2) compress the gradient of accumulated error and update
the parameters; and 3) calculate the error between the actual
gradient and the compressed gradient and save it locally. Egs.
(16, 17, 18,19) represent the above corresponding steps. Where
e; ¢ denotes the error of the current compressed gradient, p; ¢
denotes the gradient after SGD introduces the cumulative error,
7;.¢ is the learning rate, Q)(+) and Q~!(-) denote the compression
and decompression functions, respectively. g; ; is the compressed
gradient.

Pit = Mi,tGi,t + €t (16)

Git = Q(piyt) (a7
| K

Tip4l = Tig + o > QM (gin) (18)
i=1

€itr1 = Pit — Jirt (19)

There are also some error accumulation-based methods [16],
[19], [77], [78], [85], [88], [111], [120], [121], [122] with similar
design ideas to EF-SIGNSGD. Stich et al. [120] further developed
EF-SIGNSGD and generalized the EF framework with improved
rates. In addition, Wu et al. [19] considered the compression error
in the current iteration and all the gradient errors in the historical
iterations to accumulate the compression error in each iteration.

4.2 Momentum Correction

Although error accumulation can mitigate the problem of model
convergence and accuracy degradation caused by gradient com-
pression, the accumulated historical errors can occupy a large
amount of memory and lead to unsynchronized node parameter
updates. Therefore, some researchers [18], [121], [122], [123]
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Fig. 11: Visual comparison of three compression schemes

considered momentum correction to mitigate the adverse effects
caused by gradient compression. Some research works consider
reducing the frequency of parameter updates to avoid the com-
munication time overhead from frequent gradient swapping, i.e.,
transmission only when the worker accumulates local gradients
to a large enough size. The specific implementation process of
accumulating gradients can be found in Section 2, Subsection 2.6
of this paper.

However, as time passes, each worker eventually sends all
the gradients. When the gradient sparsity is high, the frequency
of gradient updates increases sharply, making it difficult for the
model to converge to the minimum. As in Fig. 12 (a), the gradient
accumulation causes the model to converge only to point C, while
the model doesn’t converge to the original optimal point B.

To address the above problem, Lin et al. [18] proposed a deep
gradient compression (DGC) technique, which uses momentum
correction and local gradient clipping to maintain the performance
of the model based on gradient sparsification compression. The
momentum correction of DGC can be expressed as:

Ui p41 =M - Ujt—1 + Git (20)

Vi = Vit—1 T Uiy 20

Gi.t = Q(viy) (22)

Tiql = Tig + ni,t% f: Q (gi) (23)
i=1

where m denotes the momentum factor, u; ; denotes the momen-
tum at the ¢-th iteration, and v; ; denotes the cumulative velocity
after momentum correction. The first two items (Equ. 20, 21) are
the local gradient accumulation after momentum correction. The
accumulation velocity v; ¢ is used for the subsequent compression
and communication. The momentum correction ensures that the
update of the sparsification gradient is equivalent to the dense
update, as shown in Fig. 12 (b). In addition, the momentum
correction is only an adjustment of the update equation and does
not produce any hyperparameters. Zhao et al. [124] argued that
DGC lacks a theoretical convergence analysis and proposed a
new technique called global momentum compression (GMC).
GMC also combines cumulative gradient and momentum SGD
and theoretically proves the convergence rate of GMC for convex
and non-convex functions.

4.3 Error Average

SignSGD [91], [89] lacks generalization capability, and conver-
gence is problematic mainly due to two reasons: 1) loss of gradient
values and 2) loss of gradient directions. Recently, researchers
have introduced local error feedback methods [88] to fix the
corresponding non-negligible performance loss of SignSGD by
adding the compression error of the current iteration to the next
iteration. Local error feedback adding the current compression
error to the next iteration may cause the gradient of the next
iteration to be outdated. For this reason, Xu et al. [23] analyzed the
new “gradient mismatch” problem caused by local error feedback,
which may lead to stale gradients and may not achieve lossless
performance, proposed step-ahead error feedback (SAEF). The
primary expression of SAEF is as follows:

| K
Cin = 5 D it (24)

i=1
Tippd = Tip = Cigp (25)
Jijp+d = Vf(xi,H%;fi,t) (26)
M1 = Miyt - Mg+ Gigy L 27)
Tip41 = Ty gy L+ Nig - M1 (28)
D1 = €ip + L0401 — Titg (29)
eitt1 = D1 — Q(Di 1) (30)

where €;; denotes the average compression error of the t-th
iteration, ; ; 1 represents the parameter updated one step ahead,
9i1+ represents the gradient updated one step ahead, and m; 41
represents the momentum term. SAEF updates the parameter
Tj¢41 of the next step using the parameter T4l and the
momentum term 1m; ;41 to obtain the local parameter error Ai,t+1
of the next step, which is compressed and then sent to other nodes.
€;,t+1 represents the compressed error. The step-ahead parameter
update can alleviate the problem of ”gradient mismatch” problem
and ensure timeliness. Compared with the compressed gradient
method, the error averaging method only requires the compression
and transmission of the local parameters errors, which can vastly
reduce the amount of data transmission. Moreover, SAEF can
achieve better convergence bounds with no performance loss
compared to the general methods of full precision training and
local error feedback [20], [88], [89], [109].
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4.4 Discussion

EF is one of the popular methods to improve model convergence
and gradient compression generalization [88]. The methods of
error accumulation, momentum correction, and error average all
facilitate model convergence and prevent accuracy loss, but they
also differ significantly in their design ideas. Error accumulation
saves the errors of the original gradient and gradient compression
locally and passes them on to the next iteration, requiring only an
increase in local memory and a small amount of computation. The
error accumulation method still passes the compressed gradient
information in synchronous communication, and this method can
better compensate for the loss caused by the gradient compression.

The error averaging method passes the compression gradient
errors instead of the compressed gradient information during
synchronous communication and stores the average of the com-
pression errors of each node locally. In addition, the error aver-
aging method can significantly reduce communication overhead
compared with the error accumulation method. It is vulnerable to
the compression errors of other nodes and does not guarantee that
the gradients of each layer of the network are updated to the same
level synchronously. The momentum correction method differs
from the previous two methods in that it reduces the frequency of
parameter updates by accumulating the gradients locally until they
are large enough to be transmitted. The methods of momentum
correction mainly use the momentum accumulation rate to correct
the local parameters so that the model can converge to the original
optimal value.

5 DISTRIBUTED MODEL TRAINING SYSTEMS

Fig. 13 shows the overall architecture of the distributed model
training system, which consists of four main components: 1)
Gradient synchronization; 2) Compression techniques; 3) Opti-
mization strategies; and 4) Communication architecture. These
four components have been described in detail in the previous
sections of this paper, and most of the current research work is
focused on these four components.

Some deep learning frameworks come with API for distributed
model training, such as PyTorch [5], TensorFlow [6], and MXNet
[7]. However, they have limited functionality and do not support
the optimization and scaling of large-scale distributed model
training. Recently, some high-performance distributed training
frameworks such as Horovod [21] and BytePS [22] have in-
tegrated the above deep learning frameworks to support large-

scale distributed and simultaneous training on a cluster of GPU
resources, which are easy to use, portable, efficient, and reliable.
Therefore, many research works [8], [9], [13], [81], [125], [126]
are based on the above-distributed training frameworks and design
distributed model training systems with different features for
different application scenarios.

For example, Xu et al. [8] proposed a generic compressive
communication framework for distributed model training called
Grace. Grace integrates TensorFlow and PyTorch, implements 16
representative compression methods, and exposes the necessary
functionality for various compressive communication methods
such as compression, decompression, and memory compensa-
tion in the form of API. In addition, Grace tested convolu-
tional neural networks (CNNs) and recurrent neural networks
(RNNSs) on datasets from three different domains (e.g., datasets
image classification and segmentation, recommender systems, and
language modeling) and evaluated metrics including accuracy,
throughput, and communication, respectively, so that Grace can
serve as a benchmark for researchers to implement and evaluate
new methods. Bai et al. [9] proposed a compression-aware-based
data-parallel DNN training framework, called HiPress. HiPress
is compatible with mainstream DNN systems (MXNet, Tensor-
Flow, and PyTorch) and achieves high-performance pipelined
parallelism of computation and communication through flexible
recombination of computation and communication primitives. In
addition, HiPress integrates five advanced compression algorithms
(1-bit [15], TBQ [17], TernGrad [20], DGC [18], and GradDrop
[16]) into the DNN system. On three DNN models for computer
vision and three natural language processing, HiPress improved
the training speed by 17.2%-69.5% over current benchmark
compressed systems such as BytePS and Horovod. Song et al.
[127] proposed a distributed graph neural network (DGNN) with
gradient compression and error feedback based on PyG [128],
called EC-Graph. EC-Graph can greatly reduce the computational
and communication costs between training nodes by message
compression.

Table 4 gives an overview of several recent distributed model
training systems. grace [8] mainly implements the integration and
evaluation of multiple compression algorithms and analyzes var-
ious impact metrics of gradient compression algorithms. HiPress
[9] similarly integrates multiple algorithms and proposes a com-
patible strategy for gradient compression algorithms and gradient
synchronization to alleviate the conflict between performance
improvement and programming overhead. Therefore, Grace does
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Fig. 13: The schematic diagram of distributed model training system architecture

TABLE 4: Overview of several recent distributed model training systems

Framework Ref. Benchmark Compression methods EF Main Work
Grace [8] Horovod Quantification, Sparsification v/ Implemented 16 compression algorithms.

HiPress [9] Horovod, BytePS Quantification, Sparsification v/ Implemented 5 compression algorithms and provided a unified APIL.
CGX [125] Horovod Quantification, Sparsification Seamless, parameter-free integration with mainstream frameworks.
Bagua [126] PyTorch, TensorFlow Quantification v/ The modular design of communication algorithms.

RedSync [81] Horovod Quantification Support for sparse process and efficient system deployment.
ByteScheduler [13] BytePS Generalized tensor scheduling framework.

not analyze and address the system-level challenges compared to
HiPress. Bagua [126] modularizes the communication set to make
the system more flexible and efficient. CGX [125] uses NCCL
[129] as the communication backend to achieve higher commu-
nication efficiency than HiPress and has a better compression
ratio than Bagua. ByteScheduler [13] focuses on communication
optimization for gradient tensor optimal scheduling. In general,
many of the current compression algorithms or other optimization
strategies have not been developed, optimized, and integrated into
distributed model training systems, which puts a heavy burden
on DNN practitioners and is not conducive to the grounded
application of the methods. Therefore, designing more efficient,
easy-to-operate, and scalable distributed model training systems
remains the focus of future research.

6 CONCLUSION AND FUTURE RESEARCH WORK

We comprehensively survey gradient compression techniques in
distributed model training systems. We first present the back-
ground of the distributed model training systems, including dis-
tributed SGD, parallel training schemes, gradient synchronization

algorithms, communication system architecture, network commu-
nication bottlenecks, and communication optimization strategies.
The purpose is to provide the reader with an understanding of
the process of distributed model training. Then, we summarize
the gradient compression techniques in the distributed training
system and divide them into sparsification, quantization, and low-
rank compression. We thoroughly analyze the design ideas and
advantages and disadvantages of each category of compression
methods. In addition, we dissect the error feedback scheme op-
timized for gradient compression techniques and introduce the
latest distributed model training systems. Finally, we summarize
the existing challenges in distributed model training systems
and provide exciting and practical future research directions for
optimizing distributed model training systems.

Although there have been a large number of studies related to
distributed model training systems, they still face the following
challenges: 1) Gradient compression is flawed, and traditional
compression methods either cause model accuracy degradation
and convergence difficulties or introduce optimization measures
such as error feedback to increase memory consumption and
training complexity; 2) The time overhead of compression and



decompression is not negligible and may be greatly amplified in
the gradient synchronization process is greatly amplified, making
some compression methods inapplicable in practice; 3) There is a
lack of coordination between the computation (compression) and
communication of gradients, and there is still a large overlap time
between computation and communication, which is more promi-
nent for low-bandwidth networks; and 4) The existing distributed
model training systems are poorly integrated and lack scalability.
Integrating various existing optimization algorithms into a unified
training framework becomes very difficult. Based on the above
challenges, we look forward to some interesting future research
directions:

Adaptive Gradient Compression Algorithms. For different
datasets, the size, and sparsity of the gradients generated by
various network layers vary relatively widely, and traditional
compression algorithms are often not applicable. In the future,
we will consider adaptively setting different compression rates or
strategies at different network layers or upstream and downstream
network bandwidths to achieve efficient network communication
without affecting the accuracy and convergence of the model.

Aware Gradient Decompression Time. The current study lacks
a detailed analysis of the time overhead caused by gradient de-
compression. However, this time overhead cannot be ignored and
may significantly impact the overall communication time during
subsequent gradient synchronization. Therefore, in the future, we
will first analyze the compression time of different compression
algorithms for different data sets or network environments as a
percentage of the total communication time and then optimize the
compression scheme by combining this factor.

Efficient Compression and Communication Combinations. The
lack of coordination between the computation (compression) and
communication of gradients often results in network blocking or
incomplete utilization of network resources. In the future, we will
consider decoupling the gradient compression and communication
primitives to achieve a more optimal combination of compression
and communication or communication scheduling strategy. In
addition, the gradients can be partitioned, and the fine-grained
gradient tensor facilitates increased overlap of gradient compres-
sion and communication, thus enabling efficient pipelining of
compression and communication tasks.

Unified Framework for Distributed Training Systems. Al-
though most existing compression or communication optimization
methods are designed based on existing distributed model training
frameworks such as Horovod and BytePS. Different algorithms
or optimization methods are independent of each other and lack
a unified and standardized API interface to integrate them into a
distributed model training system. Therefore, it is crucial to design
a distributed model training system with a unified framework,
programming API, and quantitative evaluation metrics in the
future.
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