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Abstract—Training large-scale deep neural networks (DNNs)
using a large number of parameters requires significant com-
putational resources. Despite the rapid advancements in GPU
technology, limited budgets have forced many institutions to
gradually build GPU servers, leading to growing challenges with
resource heterogeneity. However, most open-source distributed
deep-learning libraries use synchronous training algorithms
that perform better on homogeneous GPUs than on hetero-
geneous GPUs. Therefore, many researchers have struggled to
efficiently conduct distributed training on heterogeneous GPU
clusters owing to the straggler problem. In this study, we
introduce Efficient Distributed Deep learning lIbrary based on
SoftMemoryBox(EDDIS), a novel data-parallel distributed deep
learning library. EDDIS overcomes the scalability limitations
caused by heterogeneity, enabling the efficient utilization of het-
erogeneous GPU resources. EDDIS trains DNNs synchronously,
asynchronously, and in a hybrid manner and supports Ten-
sorFlow and PyTorch. In a heterogeneous GPU environment,
EDDIS’s three training modes—synchronous, asynchronous, and
hybrid synchronous—accelerate distributed DNN training by
approximately 8.2x, 19x, and 18.7x on 16 nodes, respectively,
compared to a single node. In particular, the EDDIS hybrid
synchronous training mode achieves training speeds that are 2.8
times faster than PyTorch DDP and 2.3 times faster than Horovod
when training the YolovSm model.

Index Terms—Data-parallel Training, Deep Neural Network,
Distributed Training, DNN, EDDIS, Heterogeneous GPU, Hybrid-
EASGD, SoftMemoryBox, SSGD,

I. INTRODUCTION

As deep-learning continues to advance, there is an increas-
ing demand for models with more capabilities (multimodal)
and higher performance (accuracy). Deep neural network
models that generally offer a higher performance and more
functionalities have more parameters [1]. Larger models must
be trained with more data to achieve better performance.
Consequently, training DNN models with superior capabilities
and accuracy requires an exponential increase in computational
power [2]-[4]. To address the rapidly increasing computa-
tional requirements, high-performance computing(HPC) sys-
tems must be used to train DNNs in a distributed manner.
The distributed training of DNN models using HPC sys-
tems requires a very high communication bandwidth among
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the distributed processes. Insufficient bandwidth can lead to
communication bottlenecks and prevent efficient distributed
DNN training. Furthermore, as the number of distributed
training processes (each process typically occupies one GPU)
increases, the communication bottlenecks become more pro-
nounced. Thus, the overall training time does not decrease
linearly, and as the scale of distributed training exceeds a
certain level, the training time increases. The rapid advance-
ment and high cost of GPUs have led institutions to build
fragmented, small-scale, heterogeneous GPU servers incre-
mentally. Except for TensorFlow, the majority of open-source
deep-learning libraries, such as Horovod and PyTorch DDP,
support only synchronous training methods that perform better
in homogeneous GPU environments. Therefore, they cannot
effectively perform distributed training in environments that
utilize heterogeneous GPUs owing to straggler problems.

In this study, we propose EDDIS, which reduces the
scalability limitations and inefficiencies in distributed DNN
training on heterogeneous GPU clusters, enabling faster and
more cost-effective deep-learning model development. ED-
DIS is the successor version of ShmCaffe [5], which is
a distributed deep learning technique that extends Caffe
using SoftMemoryBox [6], [7] and TensorFlow based on
SoftMemoryBox(TFSM) [8], a distributed deep-learning li-
brary based on TensorFlow v1.x. EDDIS supports data-parallel
distributed training of DNN models written in TensorFlow
v2.x. and PyTorch v1.x. It can significantly reduce the training
time of computationally intensive DNNs with large amounts
of training data by efficiently performing distributed training
on heterogeneous GPU servers.

EDDIS is also more convenient than the conventional
parameter server method for developing asynchronously dis-
tributed training codes. In general, asynchronously distributed
training codes using the parameter server approach require
separate implementation of code logic for the parameter
servers and training workers with manual connection con-
figurations between the parameter servers and workers in
the source code, and they need to be executed separately
individually. However, EDDIS enables all training workers to
run simultaneously via the Message Passing Interface (MPI)
library, whereas SoftMemoryBox (SMB) servers run as back-
ground daemons, allowing for easy initiation and termination
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of the training processes. Additionally, during distributed
training, stopping a single mpirun process terminates all the
training worker processes in the batch. Unlike the conventional
parameter server model, the SMB servers in EDDIS operate
as daemons and support distributed training for other DNNs.

The contributions of this study are as follows:

1) EDDIS can support data-parallel distributed training
in various hardware environments, including homoge-
neous GPU and heterogeneous GPU environments, by
providing three training modes that enable customized
utilization of computing resources.

EDDIS offers high-speed asynchronous parameter shar-
ing through global parameter sharding across multiple
SoftMemoryBox servers and particularly achieves ef-
ficient GPU utilization capabilities by controlling the
number of trained mini-batches per GPU differently
based on the computing capacity.

EDDIS provides a fully parallelized technique between
the threads responsible for performing training and
updating global weights, which helps alleviate com-
munication bottlenecks when training in a heteroge-
neous GPU environment using asynchronous/hybrid ap-
proaches. This technique allows the communication time
to be masked as much as possible by computational time.
We propose Hybrid-EASGD (HEASGD), a new dis-
tributed training algorithm that improves asynchronous
training performance over the Shared Memory-based
EASGD (SEASGD) algorithm [5].

The remainder of this paper is organized as follows. Section
IT describes the background of the key concepts in this
study. Section III introduces EDDIS. Section IV presents
a comprehensive guide for training DNNs using EDDIS in
a distributed manner. Section V presents the performance
evaluation results of EDDIS. Finally, Section VI summarizes
our study and discusses future research.

2)

3)

4)

II. BACKGROUND

Distributed deep learning is performed using data parallel,
model parallel, or both. Data parallelism is an approach in
which multiple workers train replicas of DNNs using a subset
of the training dataset. Model parallelism is an approach in
which multiple workers train a portion of the DNNs with the
entire dataset [2], [9]-[12]. This paper discusses distributed
deep learning with a focus on data parallelism, which is one
of the two main methods.

In data-parallel training, distributed workers must peri-
odically synchronize newly explored parameters with other
workers, typically after each mini-batch training(i.e., step in
PyTorch). Global parameter synchronization algorithms can be
broadly classified into two categories: Synchronous Stochastic
Gradient Descent (SSGD) and Asynchronous Stochastic Gra-
dient Descent (ASGD). In the SSGD method, gradients are
exchanged using all-reduce, and local weights are updated,
which can lead to synchronization overhead [13], [14]. By
contrast, the ASGD method uses a parameter server to receive
gradients from workers, update global weights, and send the
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updated weights back to the workers. Although ASGD allows
faster training with less synchronization overhead, it may
take longer to achieve effective learning owing to gradient
staleness [15]. EASGD is a model-averaging method in which
each deep-learning worker trains a copy of the DNN model
and exchanges weights with a parameter server to update the
local weights [16], [17]. Stale Synchronous Parallelism (SSP)
blends SSGD and ASGD by synchronizing gradients within a
set delay, reducing the impact of outdated information [18],
[19]. Chen’s research showed that ASGD converges more
slowly and yields lower accuracy than SSGD, making SSGD
the preferred method for large-scale distributed deep learn-
ing [14]. Recent SSGD studies have improved accuracy and
reduced communication overhead [20]. SSGD is most effective
in homogeneous GPU clusters, particularly with Tesla GPUs
that offer superior communication capabilities such as GPUDi-
rect RDMA(Remote Direct Memory Access). However, in
heterogeneous GPU clusters, the straggler problem can lower
GPU utilization. HetSeq [21] approached this problem by us-
ing different batch sizes for heterogeneous GPUs and averag-
ing losses based on the batch size to calculate gradients. How-
ever, HetSeq does not fully solve the straggler problem, and
its need for tight integration with the model code significantly
reduces its usability. Therefore, the training modes should
be dynamically adjusted based on GPU resources: SSGD for
homogeneous clusters, ASGD for heterogeneous clusters, and
a combination of both, when different GPU types are used at
the node level. ShmCaffe [S] combines the parameter server
approach of DistBelief [10] with the shared memory access
method of Hogwild [22]. SoftMemoryBox [6], [7] provides a
remote shared memory buffer to store global weights among
distributed workers, thereby creating the illusion of lock-free
data access. However, unlike Hogwild, because the actual data
reside in remote memory, updating weights without locks
can lead to data races, potentially causing a loss of learned
data. To address this issue, SoftMemoryBox ensures data
consistency on the server side. Unlike traditional parameter
servers, SoftMemoryBox does not depend on specific model
network information and operates as a daemon that supports
various models. Therefore, distributed workers must request
updates directly from the global weights in SoftMemoryBox at
a low level (e.g., tensor). EDDIS was developed based on this
need and built upon SoftMemoryBox. The zero-redundancy
optimizer (ZeRO) [23] is a technique that overcomes GPU
memory limitations, requiring sufficient communication band-
width between the GPU and the host memory or SSD. ZeRO is
only effective for Tesla GPUs. Although open-source libraries
such as DeepSpeed [24], Megatron-LM [25], and AxoNN [26]
utilize ZeRO, this study does not include a direct comparison
with ZeRO-based libraries because it targets heterogeneous
GPUs such as GTX, RTX, and Tesla GPUs.

III. EDDIS

A. Software architecture

EDDIS is a high-speed data-parallel deep learning library
based on SoftMemoryBox [7] designed for efficient distributed
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Fig. 1. Software architecture of EDDIS

DNN training in heterogeneous GPU environments. Fig. 1
shows the high-level software architecture of EDDIS. It uti-
lizes SoftMemoryBox servers for parameter exchange and
operates in conjunction with TensorFlow or PyTorch. To train
DNNs in a distributed manner using EDDIS, some code
must be modified using the EDDIS API. TensorFlow/PyTorch
handles local parameter training, while EDDIS manages global
parameter training. EDDIS comprises TensorFlow and Py-
Torch adapters, EDDIS Core module, and SoftMemoryBox.
The adapters provide APIs to modify the original code for
distributed training, whereas the EDDIS Core module handles
parameter exchanges and updates, working with SoftMem-
oryBox EDDIS Core also adjusts the training load based
on the processor’s computational power. EDDIS uses the
SoftMemoryBox framework [6], [7] to exchange and update
global parameters, and employs multiple SMB servers and
RDMA to reduce communication bottlenecks in InfiniBand
networks.

EDDIS utilizes SMB for asynchronous and hybrid param-
eter updates. The SMB framework creates an environment
similar to a virtual shared memory buffer by pooling the
available memory segments from remote nodes for distributed
processes. Fig. 2 illustrates the parameter update method using
SoftMemoryBox for distributed training in EDDIS. EDDIS
consolidates all DNN parameters into a single large tensor,
with the SMB framework allocating a virtual shared buffer
of matching size. By pooling equally sized memory segments
from remote servers, this buffer enables seamless global pa-
rameter sharing across distributed training processes. EDDIS
avoids communication bottlenecks and optimizes bandwidth
utilization by evenly distributing memory segments across a
scalable set of SMB servers, thereby dynamically increasing
the number of servers required to satisfy the bandwidth
requirements for training.

B. Data-parallel training modes

EDDIS supports three data-parallel training modes for
distributed training. The manner in which the distributed
processes update their local and global weights varies, de-
pending on the training mode. First, EDDIS supports a syn-
chronous training mode using the Synchronous Stochastic Gra-
dient Descent (SSGD) algorithm such as Horovod, PyTorch
Distributed Data Parallel(DDP), or TensorFlow distribution.
Fig. 3 a) illustrates the operation of the synchronous training

181

VA space

Distributed Process(Master)

Concatenated Weights in
Communication Buffer

VA space

Distributed Process(Slave)

Concatenated Weights in
Communication Buffer

<

w
4

ke

w
1

W
2

W
3

w [

w
n

w
1

W
2

Communication

utier

uffer

| Communication

Global Parametersin
Consolidated Shared

Memory Buffer
Shared
Memory

Segment(1)

SMB server 1

Shared

Memory |:|

Segment(2)
SMB server 2

Shared
Memory
Segment(3)

SMB server 3

| Segment(n)

Shared
Memory

i

SMB server n

VA : Virtual Address, SMB: Soft Memory Box 4@ Explicit R/W using SMB API

Fig. 2. The consolidated shared memory buffers are used for communicating
global parameters among distributed processes.

mode(SYNC). Each distributed deep-learning process, which
occupies one GPU in a computing node, trains a mini-batch
with all the parameters. After calculating the gradients from
the minibatch, the processes average the gradients using the
AllReduce communication API of NVIDIA Collective Com-
munications Library(NCCL) or MPI. The local weights are
then updated using the averaged gradients. All processes start
with the same initial weights and update the weights with
the same averaged gradients; therefore, the weights of all the
processes have the same values. Second, EDDIS supports an
asynchronous training mode(ASYNC), as shown in Fig. 3).
The asynchronous mode is particularly suitable for distributed
training when GPUs are heterogeneous. It is also an algorithm
that can be used in homogeneous GPU environments. Finally,
EDDIS supports the hybrid training mode(HSYNC), as shown
in Fig. 3 ¢). The HSYNC model combines the benefits of
both SYNC and ASYNC training methods. In this mode, each
distributed-training worker belongs to a specific subgroup. For
example, in Fig. 3 c), the distributed processes within a single
computing node belong to the same subgroup. The key feature
of this approach is that training is performed synchronously
within each subgroup, whereas training between subgroups is
performed asynchronously. Fig. 3 c) illustrates the operation
of the hybrid algorithm. After completing mini-batch training,
the distributed processes within each subgroup exchange and
average gradients using NCCL AllReduce, and then update
their local weights based on the averaged gradients. The rep-
resentative processes of each subgroup read the global weights
from the SoftMemoryBox server, update the local weights, and
then update the global weights using the differences between
them.

C. Distributed optimizer algorithms

EDDIS supports a few parameter-update algorithms, such
as SSGD, ASGD, SEASGD, and HEASGD. The SSGD algo-
rithm is the only parameter update algorithm for the SYNC
training mode. The others are used in the ASYNC and HSYNC
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Fig. 3. Comparison of the three data-parallel training modes of EDDIS

training modes. Equation (1) is the local and global weight

update formula for SSGD (w’: updated weights, w: weights,

7 is the learning rate, ¢ is the averaged gradient).
w =w—ng

6]

Equation (2) describes the manner in which the global (w)
and local weights (w,) are updated in the ASYNC training
mode(g,: gradients of x workers).

ﬁ)/ =w - NGz

2

/

N
Wy, = W

Equation (3) expresses the SEASGD algorithm [5]. Concep-
tually, this algorithm updates local and global weights using
the EASGD algorithm. After computing the local gradients
from each minibatch training, each distributed process up-
dates its local weights(w, — ng,) using a locally computed
gradient(g,,). Second, it updates the local weights using the
weight difference (Aw = w, —w) between the global weights
(w) and local weights(w,). After the local weights are updated,
the weight difference(Aw) is uploaded to the SoftMemoryBox
servers and used to update the global weights (w’). The
moving rate(a) is a hyperparameter that represents the extent
to which the local and global weights are updated immediately
from the weight differences(Aw). The SEASGD algorithm
generally uses a tuned value for the moving rate(«) starting
from the reciprocal of the number of workers (N), which is
1/N. / .

W, = Wy — NGy — & (Wy — W)

W =0+ a(w, — W)

3

Equation (4) illustrates the newly proposed HEASGD algo-
rithm, which is a variant of SEASGD. The local weight update
equation for HEASGD is the same as SEASGD. However,
the value of the moving rate() is applied different from that
used in SEASGD. The moving rate(ar) is applied with the
value of (N —1)/N. Conceptually, the global weight update of
HEASGD in Equation (4) combines the global weight update
methods of ASGD and SSGD. The difference from the global
weight update method of ASGD in Equation (2) is that the
gradients are divided by the number of workers(N) before
updating the global weights.

/ N
W, = Wy — NGz — & (Wy — W)

Equation (5) represents the formula for sequential global
weight updates by N workers along the time axis, starting

from time ¢.
t

strl ot 92
i W ~
)]
BN = @ttN-1 _ ngitN -1
N

Equation (6) is the integrated formula derived from Equa-
tion (5). When the formulas for the global weight updates
by N workers are combined in Equation (6), it is similar
to the SSGD algorithm in Equation (1), which updates the
global weights using the average weights of N workers.
However, in the SSGD algorithm, each worker averaged
the gradients learned from the same weights, whereas in
the HEASGD algorithm, each worker averaged the gradients
learned from slightly different weights. We estimated that the
averaged gradients(g) of SSGD and the averaged gradients(g)
of HEASGD are very similar(§ ~ §). Through extensive
experimentation, we aim to prove that the aforementioned
estimation enables the scaling of asynchronous distributed
training.

o onlgh + gt 44 gt

At+N A
w =w —
N

=w' —ng (6)

D. Full-parallel and uneven-batches training

EDDIS supports SoftMemoryBox-based, full-parallel, and
uneven-batch trainable asynchronous parameter updates. ED-
DIS improves upon ShmCaffe [5], where computation and
communication are performed in a half-parallel manner by
enabling full-parallel global weight updates. In addition, it
introduces the capability of distributed workers running on
heterogeneous GPUs to train an uneven number of batches
during each epoch. In Fig. 3 b) and c¢), it can be observed that
a global batch counter(gbc) is allocated in the SoftMemoryBox
servers and shared among the workers. This counter is atom-
ically shared among workers via InfiniBand RMDA atomic
operations, and is used to control uneven batch training.

Fig. 4 illustrates the procedure between the main
thread responsible for local training and the GWU thread

~t ~
w =w —
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Fig. 4. The procedure of the full-parallel training and parameters updating
for SEASGD and HEASGD algorithms

HEASGD algorithms. Specifically, during step Gl(n-1), the
COPY_FROM_GPU(Aw,) phase involves reading Aw,, from
the GPU memory of worker z into host memory. In step
G6(n-1), the most recent global weights are read in advance
and copied to the GPU’s global weights buffer. Computation
and communication were parallelized by having the GWU
thread performing RDMA_READ(w) & COPY_TO_GPU(w),
the computation and communication are fully parallelized. In
general, the training time of the M1(n) phase is longer than
that of the entire G1-7 phases. However, in cases where the
time of G1-7 phases is longer than the training time of M1(n)
owing to large parameters or limited network bandwidth, the
main thread may need to wait until the completion of the G1-7
phases in the GWU thread. Both threads employ control locks
to control the flow between them.

The procedure in Fig. 4 was applied in HSYNC training
mode. However, gradient averaging among the same subgroups
of workers was included, such as M1-1(n). The calculation of
weight differences (Aw,), second update of local weights, and
communication with the SoftMemoryBox server for updating
global weights(w) were performed by a representative worker
of the subgroup. The representative worker broadcasts the sec-
ondarily updated local weights to the other distributed workers
within the same subgroup using NCCL/MPI Broadcast in
phase M5-1(n), enabling them to proceed with the training
of the next mini-batch. The ideal hardware environment for
applying this hybrid algorithm is when the GPU servers
internally have the same type of GPUs but there are different
types of GPUs across servers.

E. EddisOptimizer

The Optimizer class in TensorFlow or PyTorch is crucial
for computing gradients and updating weights. EddisOptimizer
is a wrapper function that takes an instance of the original
optimizer class, creates a new class that extends it based on
the training mode, and returns an instance of this new class.
As shown in Fig. 5, EddisOptimizer outperforms the methods
based on the training mode.

a) SYNC
EddisOptimizer

b) ASYNC
EddisOptimizer

TR/PT
Optimizer

compute

gradients
update
weights

TF/PT
Optimizer

compute |

gradients
update
weights

c) HSYNC

compute update
gradients weights

-
allreduce
gradients

5
Update global
weights

d) Original

EddisOptimizer EddisOptimizer

TF/PT
Optimizer

et

Fig. 5. The EddisOptimizer based on training modes and environment.

compute
gradients
T
allreduce
gradients

TF/PT
Optimizer

update
weights
+
Update global
weights

e SYNC mode (Fig. 5 a)): Overrides compute gradients
method to perform an all-reduce operation that averages
gradients among all distributed processes.

e ASYNC mode (Fig. 5 b)): Extends update weights
method to perform a second update based on the dif-
ference between local and global weights, and triggers
an update of the global weights.

o« HSYNC mode (Fig. 5 ¢)): Overrides both compute gra-
dients and update weights methods, with the all-reduce
operation averaging gradients only among distributed
processes within the same subgroup.

If training is not distributed, EddisOptimizer returns the
original optimizer instance without modifications (Fig. 5 d)).

IV. DISTRIBUTED TRAINING USING EDDIS

To perform data-parallel distributed training using EDDIS,
researchers must modify the code for training a DNN model
according to the manual modification procedures of EDDIS.
The basic modification procedures for TensorFlow and Py-
Torch training codes are as follows.

A. Initializing and preparing distributed training

During the initialization of EDDIS, different parameter
communication threads are launched depending on the training
mode, with SMB initialization handled accordingly. In the
SYNC mode, each process runs a main thread for local
parameter training and a gradient communication thread that
exchanges gradients during backpropagation to overlap com-
munication with computation. SMB is not initialized in SYNC
mode. The SMB should be initialized in the ASYNC or
HSYNC modes. Each process starts with a global weight
update (GWU) thread (Fig. 4) to establish reliable InfiniBand
connections to the SMB servers using the SMB API [7].
Additionally, a global batch counter (gbc) is allocated and
initialized to zero.

1) Initializing codes: First, the eddis.tensorflow or ed-
dis.torch packages initialize the EDDIS framework by calling
eddis.init(). Users can specify the data-parallel training mode
and moving rate for ASYNC/HSYNC modes as arguments of
eddis.init().

eddis.init (training_mode=eddis.HSYNC, sgd_type=eddis.HEASGD
, moving_rate=0.75).
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2) Adjusting learning rate: The initial learning rate in the
existing training code was optimized for training on a single
GPU. Generally, in the SSGD training mode, as the number of
distributed training processes increases from / to n, the batch
size increases proportionally. Consequently, the learning rate
should also be scaled by the same factors. If the training mode
is ASYNGC, it is not necessary to adjust the learning rate. If the
training mode is HSYNC, rather than multiplying the learning
rate by the total number of distributed processes n, users scale
it by the number of processes within each subgroup, denoted
as m. For instance, a subgroup may consist of all GPUs within
a single node.

3) Wrapping Optimizer: Developers or researchers need
to wrap the existing TensorFlow or PyTorch optimizer into
the EddisOptimizer, allowing it to support the three training
modes in EDDIS while preserving the default behavior of
the original optimizer. Thus, the functions for the compute
gradients and update weights of the original optimizer are
selectively expanded based on the specified training mode in
the initialization phase.

optimizer = optimizers.SGD (learning_rate=0.01xn, momentum
=0.9) # adjusted learning rate

optimizer = eddis.EddisOptimizer (optimizer) #Wrap optimizer

B. Controlling training loop

TensorFlow uses tf.data.Dataset or tf.data.lterator, whereas
PyTorch uses ftorch.utils.data.DataLoader to feed training
data. If these classes are not used as repeat options, they stop
providing mini-batches after the total number of steps required
for an epoch. This study proposes a training progress control
technique to enhance training efficiency in heterogeneous GPU
environments. In the SSGD mode, when scaling to n training
processes, each process trains the same number of mini-
batches (total_steps_per_epoch/n). However, this method is
inefficient when GPUs have different computational powers.
To address this, we propose a technique that adjusts the
training steps such that faster GPUs train more mini-batches,
whereas slower GPUs train fewer mini-batches. This allows
each distributed process to train a different number of mini-
batches, thereby efficiently utilizing heterogeneous GPUs. For
training codes that utilize a Data Iterator or DataLoader, the
DataGenerator class is used to provide a variable number
of minibatches during an epoch instead of a fixed number.
This allows the distributed processes to train different numbers
of minibatches. The EDDIS DataGenerator class is instan-
tiated with arguments, such as the optimizer, data source,
and steps_per_epoch, enabling it to efficiently supply varying
mini-batches to the distributed processes. The DataGenerator
instance shares the total number of minibatches trained by all
distributed processes through a global batch counter on the
SoftMemoryBox server. It calculates the number of averaged
mini-batches trained, and continues feeding mini-batches until
the average count reaches the steps_per_epoch specified as an
argument.

184

1) Instantiating DataGenerator: To effectively utilize het-
erogeneous GPUs in ASYNC or HSYNC modes, users can
optionally create DataGenerator instances as follows:

data_generator = eddis.DataGenerator (optimizer, data_source
= train_data_iterator, steps_per_epoch =

iterations_per_epoch // eddis.size())

2) Modifying training loop: To enable heterogeneous GPU-
based distributed training, as previously mentioned, users must
modify the training loop using an instance of DataGenerator.

for i (images and labels) in data_generator:

C. Other modification procedures

1) Modifying validation codes: Typically, training codes
include codes for evaluating the trained model on the vali-
dation data at specific intervals, such as after each training
epoch. Because it is not necessary for all distributed processes
to execute these validation codes, users can restrict them to
only the master process. In this case, although the training
time is reduced to 1/n using distributed training, the validation
time remains unchanged. However, it is possible to reduce the
training time further by dividing the validation computation to
distributed processes.

2) Restricting codes for master process: The training ac-
tivities that should be performed only by the master (or root)
process include saving or loading the checkpoint, standard
output and logging, and validation.

D. Starting and stopping distributed training

EDDIS runs distributed DNN training processes concur-
rently using MPI, unlike PyTorch DDP and TensorFlow, where
each distributed process must be launched separately. The
mpirun command in MPI allows running a large number of
distributed processes simultaneously, with the added advantage
of terminating them all at once if necessary during distributed
training, such as when DNN training is not progressing as
expected because of incorrect hyperparameters. Furthermore,
in the event of abnormal termination of any distributed process,
the remaining processes can be terminated simultaneously,
preventing a scenario in which the DNN training stalls while
still occupying GPU resources.

V. EXPERIMENTAL STUDY
A. Environments

1) Hardware environments: We used nine Supermicro
4028GR-TRT2 servers, four 4124GS-TNR servers, two
7048GR-TR servers, and an ASUS ESC4000A server. The
4028GR-TRT?2 servers are equipped with two Intel Xeon ES5-
2690 v4 CPUs (14 cores, 2.3 GHz), 128 GB DDR4-2400 MHz
memory, and four Nvidia GPUs. The 4124GS-TNR servers
featured two AMD EPYC™ 7343 CPUs (16 cores, 3.2 GHz)
and 256 GB DDR4-3200 MHz memory. The 7048GR-TR
servers had two Intel Xeon E5-2620 v4 CPUs (8 cores, 2.1
GHz) and 128 GB DDR4-2400 MHz memory. The ESC4000A
server has an AMD EPYC 7313P CPU (16 cores, 3.0 GHz)
and 128 GB DDR4-3200 MHz memory. The GPUs used were
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NVIDIA GTX Titan Xp, GTX Titan V, RTX 2080TI, RTX
Titan, RTX 3090, Tesla P100, and Tesla A100. Each server
was connected via an HDR InfiniBand HCA (200 Gbps) to a
Mellanox QM8700 InfiniBand switch.

2) Software environments: The operating system was
Ubuntu 20.04, and the Linux kernel version was 5.4.0-135-
generic. We used CUDA 11.4 (including cudnn 8.2.4), Ten-
sorFlow 2.5, PyTorch 1.10.1, EDDIS v1.5 and USMB v2.0.

3) DNN & dataset used in the experiments: For this experi-
ment, we selected two convolutional neural networks (CNNs):
ResNet50 [27] for image classification and Yolov5 [28]-[31]
for object detection. ResNet50 is one of the most widely
used DNNs for evaluating the parallel training of distributed
data [32]-[35]. Many researchers have demonstrated their
work by showcasing the results of the distributed training of
ResNet50 using the ILSVRC 2012 ImageNet dataset [36]. In
this study, YOLO, which has gained the widest user base
as an object detection model, was evaluated by conducting
distributed training on the YOLOvVS medium [31] using the
COCO dataset [37].

B. Comparison of training time among three training modes

Fig. 6 compare the training times of ResNet50 implemented
in TensorFlow using the three EDDIS training modes: SYNC,
ASYNC, and HSYNC. The experiment began with a single
node and was scaled up to 16 nodes, doubling the number of
nodes at each step. The graph shows the training times for
100 epochs for the Imagenet1K dataset.

Fig. 7 compares the training times for YOLOv5Sm im-
plemented in PyTorch for the three EDDIS training modes.
This graph shows the training times for 300 epochs on the
COCO dataset, using the same hardware environment as that
in Fig. 6. Uniform batch sizes were used in all the experiments
(ResNet50: 64, YOLOv5Sm: 16), and SGD was used as the
local optimizer. There were five for ResNet50 and three for
YOLOvV5m, with a weight decay of 5e-4 for YOLOv5m. The
learning rates, weight decay (for ResNet50), and moving rates
(only for ASYNC and HSYNC) were tailored to the node
count for each experiment, as listed in Tables I and II.

TABLE I
HYPER-PARAMETERS FOR RESNET50 TRAINING

Training weight learning rate(moving rate) (#Nodes)
mode decay 1 2 4 8 16
SYNC le-5 0.4 0.8 1.6 3.2 6.4

ASYNC le-4 0.1 0.2 0.2 0.2 0.2

(0.75) | (0.875) | (0.938) | (0.969) | (0.984)

HSYNC le-4 0.2 0.2 0.2 0.4 0.6

le-4 - (0.5) 0.75) | (0.875) | (0.938)
SYNC with SSGD and ASYNC/HSYNC with HEASGD
TABLE II
HYPER-PARAMETERS FOR YOLOVS5M TRAINING
Yolovsm learning Moving rate (#Nodes)
rate 1 2 4 8 16
SYNC | 0.01x#NT - - - - -
ASYNC 0.01 0.25 | 0.125 | 0.0625 | 0.0625 | 0.035
HSYNC 0.01x4 0.5 0.25 0.15 0.1

T'#N : Number of Nodes(each node has 4 GPUs)

The experiment was conducted using 16 nodes with het-
erogeneous GPUs. The baseline training time for a single

185

node was determined by averaging the times across all the
nodes, whereas for two, four, and eight nodes, the average
training time was calculated by grouping nodes with different
heterogeneous GPU combinations into two or more sets. Fig. 6
and Fig. 7 displays the training speedup as a line graph,
illustrating the improvement when using 2, 4, 8, and 16 nodes
compared to a single node.

1) Synchronous training: According to Fig. 6 a), and Fig. 7
a), the training time for ResNet50 using the SYNC mode on
one node was approximately 59 h and that for YOLOvSm
was 62 h and 53 min. With 16 nodes, the training times for
ResNet50 was reduced to approximately 7 h and 1 min and
for YOLOvVSm, it was 7 hours and 48 min, respectively. times
higher than speedups of 8.39 times for ResNet50 and 8.06
times for YOLOvSm. Despite utilizing 16 times the resources,
the scaling efficiencies were approximately 52.4% and 50.3%,
respectively, owing to GPU heterogeneity.

2) Asynchronous training: Fig. 6 b) and Fig. 7 b) shows
the results obtained using the ASYNC training mode. For 16
nodes, the training times for ResNet50 was approximately 3
h and 13 min, whereas for YOLOv5m, it was 3 h and 6 min,
respectively. This corresponds to speedups of 20.1 times for
ResNet50 and 17.8 times for YOLOv5m, with scaling effi-
ciencies of 125.5% and 111%, respectively. Scaling efficiency
cannot technically exceed 100%, but in this experiment, it did
due to the “fallacy of average”. The baseline was set using
the average training speed across all the nodes, which un-
derestimated the potential performance. During scaling, faster
GPUs handled more work, resulting in scaling efficiencies that
exceed 100%. This outcome was further attributed to EDDIS’s
ability of EDDIS to effectively utilize heterogeneous GPU
nodes through uneven batch training, leading to even higher
scaling efficiencies.

3) Hybrid training: Fig. 6 c) and Fig. 7 c) shows the
results for the HSYNC mode. On 16 nodes, the training times
for ResNet50 was approximately 3 h and 22 min and for
YOLOvVS5m, it was 3 h and 9 min, respectively. This results
in speedups of 17.5 times for ResNet50 and 19.9 times for
YOLOvV5m compared to a single node. The scaling efficien-
cies were approximately 109.3% and 124.5%, respectively.
HSYNC mode is more than twice as fast as SYNC mode,
with training times on 16 nodes being 2.08 times and 2.46
times faster for ResNet50 and YOLOvS5m, respectively.

C. Comparison of scaling performance between SEASGD and
HEASGD algorithms

Through our experiments, we confirmed that the deep-
learning performance (e.g., accuracy) of the previously pro-
posed SEASGD algorithm degraded significantly as the num-
ber of workers increased. Fig. 8 a) depicts the training per-
formance (Top-1 Accuracy) of ResNet50 when trained using
the SEASGD algorithm in ASYNC training mode. As the
number of training workers increased from one node(4GPUs)
to 16 nodes(64GPUs), the training performance degraded
significantly. A previous study mitigated this issue to a certain
extent by introducing the HSYNC training mode [5]. This
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Fig. 7. Comparison of EDDIS (PyTorch) Training Time of Yolov5

is because in HSYNC mode, the training workers are sub-
grouped, reducing the number of workers updating the global
weights asynchronously from 64 to 16. Fig. 8 b) illustrates the
training performance when using the SEASGD algorithm in
HSYNC mode. It can be observed that in a 16-node, 64-GPU
environment, the performance degradation in ASYNC mode
was 14.1%, whereas in HSYNC mode, it decreased by only
0.68% as shown in Fig. 8 b). However, even when training in
HSYNC mode, there is an increased performance degradation
as the scaling factor increases. This study addresses this issue
by using the newly proposed HEASGD algorithm. Fig. 8
c) shows the performance when trained using the HEASGD
algorithm in ASYNC training mode. In a 16 nodes 64 GPUs
environment, the HEASGD algorithm experienced a 1.08%
degradation in training performance. As seen in Fig. 8§ d),
in HSYNC mode, the performance degradation is limited
to only 0.27%. Fig. 9 directly compare the SEASGD and
HEASGD algorithms. Looking at Fig. 9 a), it can be seen that
the HEASGD algorithm is 12.3% better than the SEASGD
algorithm in ASYNC training mode, and Fig. 9 b) shows
that HEASGD outperformed SEASGD by 0.41% in HSYNC
training mode.

D. Comparison of accuracy among three training modes

Fig. 10 compares the top-1 accuracy of ResNet50 across
the three training modes: SYNC, ASYNC, and HSYNC. In
the SYNC mode, the SSGD algorithm was used, whereas
HEASGD was employed in both ASYNC and HSYNC modes.
As the number of workers increased, the training performance
tended to degrade across all training modes. According to
Fig. 10, in SYNC mode, the training performance decreases
by 0.34% as the number of nodes increases from 1 to 16.
Although ASYNC mode shows a better performance than the
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Fig. 11. Comparison of Tensorflow Resnet50 Training Time between Horovod
and EDDIS(HSYNC)

achieves better performance than the SYNC mode, even as the
number of nodes increases. This experiment was conducted to
compare the performances across the three training modes.
The lower performance observed compared with the model’s
best-known performance is due to the lack of optimizations,
such as data augmentation, in the training process.

E. Training comparison of EDDIS, Horovod, and DDP

Fig. 11 compares the training times of the Tensorflow
ResNet50 model with those of the baseline(1GPU), Horovod
(HVD), and EDDIS(HSYNC) models when training the
ResNet50 model on the ImageNet1K dataset for 100 epochs.
EDDIS completed training 46.36 times faster than the baseline,
with a scalability efficiency of 72.43%. EDDIS also achieved
2.53 times faster as Horovod in a 16-node, 64-GPU environ-
ment. The final training accuracy was 76.63% for the baseline,
75.42% for EDDIS, and 73.4% for Horovod, with EDDIS
showing a 2% better training performance than Horovod.

Fig. 12 a) compares the training times of the YOLOv5m
model among the baseline(1GPU), PyTorch Distributed Dat-
aParallel(DDP), Horovod(HVD), and EDDIS(only SYNC
mode). Fig. 12 b) compares the training times of the
YOLOv5m model using the three training modes, DDP, HVD
and EDDIS, on 16 nodes with 64 heterogeneous GPUs. The
EDDIS SSGD training mode achieved a similar training time
to Horovod and was 1 h and 20 min faster than DDP. EDDIS
HSYNC training mode is 2.8x and 2.3x faster than DDP and
HVD respectively in training the YolovSm model with 300
epochs on the COCO dataset. We achieved a similar training

a) Training Time compared with
1GPU vs 64GPUs
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Fig. 12. Comparison of YolovSm Training Time among a) PyTorch(1GPU,
baseline), EDDIS(SYNC), DDP and Horovod(16 Nodes, 64 Heterogeneous
GPUs), b) DDP, Horovod, EDDIS(SYNC, ASYNC, HSYNC)

performance (mAP) using EDDIS. When training the Yolov5Sm
model, the baseline trained on one GPU achieved 0.441, DDP
trained on a 16-node 64-GPU environment achieved 0.429,
Horovod achieved 0.426, and EDDIS achieved 0.431.

VI. CONCLUSION

In this study, we propose EDDIS, which addresses the
communication bottleneck in distributed deep neural network
(DNN) training and efficiently utilizes heterogeneous GPUs
to significantly speed up training. EDDIS offers three training
modes—SYNC, ASYNC, and HSYNC—allowing the selec-
tion of the optimal mode based on the combination of available
GPUs. This approach facilitates the distributed training of
DNNSs written in TensorFlow and PyTorch with minimal mod-
ifications to the existing code. EDDIS has strong node scala-
bility and operates by increasing the number of SMB memory
servers to secure the required bandwidth as the communication
volume increases with the expansion of the training nodes.
EDDIS also fully overlaps computation and communication
times, significantly reducing the synchronization time between
nodes.

EDDIS achieves approximately 8.2 times, 19, and 18.7
times faster training compared to using a single node when
employing 16 nodes in the SYNC, ASYNC, and HSYNC
modes, respectively. Notably, EDDIS(HSYNC) delivers train-
ing speeds that are 2.8x and 2.3x faster than DDP and
Horovod, respectively. To address the scaling limitations of the
existing SEASGD algorithm, we introduced a new HEASGD
algorithm. The HSYNC mode in HEASGD further improves
performance over the SYNC mode. EDDIS leverages MPI
to enable concurrent deep learning process execution and
termination, but requires uniform hyperparameters across pro-
cesses. This limitation restricts the batch size to the GPU
with the smallest memory in heterogeneous setups, potentially
underutilizing GPUs with a larger memory. EDDIS partially
addresses this by enabling the asynchronous training of more
batches on GPUs with larger memory.
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In future research, we plan to adapt asynchronous algo-
rithms for heterogeneous GPU environments with varying
numbers of GPUs per node and evaluate the performance
of distributed training. Additionally, to address the conver-
gence issues in the HSYNC method, we will enhance EDDIS
scalability by extending the unit of subgroups from a single
node to a multi-node configuration. Furthermore, experiments
will be conducted on large language models (LLMs) such
as BERT within the EDDIS framework, followed by further
optimization based on the results.
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