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Abstract. In this paper, we present work towards the development of a
new data analytics and machine learning (ML) framework, called Mag-
maDNN. Our main goal is to provide scalable, high-performance data
analytics and ML solutions for scientific applications running on current
and upcoming heterogeneous many-core GPU-accelerated architectures.
To this end, since many of the functionalities needed are based on stan-
dard linear algebra (LA) routines, we designed MagmaDNN to derive
its performance power from the MAGMA library. The close integration
provides the fundamental (scalable high-performance) LA routines avail-
able in MAGMA as a backend to MagmaDNN. We present some de-
sign issues for performance and scalability that are specific to ML using
Deep Neural Networks (DNN), as well as the MagmaDNN designs to-
wards overcoming them. In particular, MagmaDNN uses well established
HPC techniques from the area of dense LA, including task-based paral-
lelization, DAG representations, scheduling, mixed-precision algorithms,
asynchronous solvers, and autotuned hyperparameter optimization. We
illustrate these techniques and their incorporation and use to outperform
other frameworks, currently available.

Keywords: Machine learning - high-performance DNN - data-driven
scientific computing

1 Introduction

Powered by hardware advances and availability of massive training data, data
analytics and machine learning (ML) research, e.g., using Deep Neural Net-
works (DNN), have exploded in recent years, making major contributions in
applications of computer vision, speech recognition, robotics, natural language
processing, and many others. Many of these are scientific applications, where ac-
celerating the DNN training is a major challenge and a current main bottleneck
to scale the computation on current and up-coming architectures. In this paper,
we present a new data analytics and machine learning framework, called Mag-
maDNN. Our main goal is to provide scalable, high-performance data analytics
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and ML solutions for scientific applications running on current, as well as up-
coming heterogeneous many-core GPU-accelerated architectures. To this end, as
much of the functionalities needed are based on standard linear algebra routines,
we designed MagmaDNN to derive its power from the MAGMA library [15].
The close integration provides the fundamental (scalable high-performance) lin-
ear algebra routines available in MAGMA as a backend to MagmaDNN. We
present some design issues for performance and scalability that are specific to
machine learning (ML) using Deep Neural Networks (DNN), as well as the Mag-
maDNN designs towards overcoming them. In particular, MagmaDNN uses well
established HPC techniques from the area of dense linear algebra, including
task-based parallelization, DAG representations, scheduling, mixed-precision al-
gorithms, asynchronous solvers, and autotuning. We illustrate these techniques
and their incorporation and use to outperform other frameworks, currently avail-

able.

2 MagmaDNN design

Many ML and data analytics problems can be cast as linear algebra (LA) prob-
lems, and therefore can be accelerated with familiar algorithms, e.g., BLAS,
linear solvers, eigensolvers, or singular value decomposition (SVD), that are
routinely used in HPC. These LA algorithms are readily available in highly
optimized numerical LA libraries on new architectures, like MAGMA, which is
used by MagmaDNN (see the MagmaDNN software stack illustrated on Fig-
ure 1, Left). Figure 1, Right shows that significant acceleration can be achieved
by using HPC library like MAGMA, e.g., in this case on SVD for square matri-
ces in double precision on two 10 core Intel Haswell E5-2650 v3 CPUs with an
NVIDIA V100 GPU accelerator [7].
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Fig. 1. Left: MagmaDNN software stack. Right: MAGMA backend speedup in accel-
erating fundamental data analytics kernels, e.g., SVD.
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Related to DNNs, MagmaDNN’s design is modular with each component
built on top of each other in increasing levels of abstraction. The core component
is the MemoryManager (2.1), which handles the underlying memory opera-
tions. On top of the MemoryManager, sits 3 other components: Tensor (2.2),
Layer (2.3), and Model (2.4). All of these compose the typical MagmaDNN
program workflow (2.5).

2.1 MemoryManager

Typical deep learning frameworks hide memory from the user in a Python inter-
face. MagmaDNN accomplishes similar abstraction through its MemoryManager
class, which defines and controls memory movement in the framework. Memory is
broken into four types: HOST, DEVICE, MANAGED, and CUDA_MANAGED.
The latter two are both managed style memory, which keep track of data on both
the CPU and GPU. CUDA_MANAGED uses CUDA’s unified memory. Similar
to unified memory MANAGED keeps track of CPU and GPU data, however it
must be explicitly synchronized.

Memory bugs are common in GPU and especially C/C++ code. The Memo-
ryManager solves this development hurdle for the library user, while still giving
explicit control over memory transactions.

In addition to providing a simple modular interface the MemoryManager pro-
vides a flexible platform for MagmaDNN to optimize memory tasks in training.
In deep learning data sets are typically large and create a memory bandwidth
bottleneck. Several tricks are employed in MagmaDNN such as asynchronous
data prefetching and custom synchronization scheduling. Additionally, the cus-
tomizable nature of the class allows for future work in memory optimization.

2.2 Tensor

At the core of most deep learning frameworks is the tensor: a structure stor-
ing multi-dimensional data. In addition to the tensor itself, essential to deep
learning is also a collection of math functions, which operate on tensors. Mag-
maDNN defines many tensor operations using a combination of its own defini-
tions, MAGMA, and CuDNN [6]. The close relation to linear algebra exposes the
opportunity to use high performance LA packages, such as MAGMA, to use both
the multi-core CPU and GPU devices [15]. Other operations are implemented
using optimized CUDA kernels.

The tensor implementation in MagmaDNN wraps around the MemoryMan-
ager and gives structure to the linear memory. It aims to provide a simple inter-
face for tensor interaction in addition to Pythonic style indexing.

Modern networks are more than just linear transformations and are typically
composed of convolutional and recurrent layers. MagmaDNN provides convolu-
tional support through Batched GEMMs [2], the Winograd algorithm [5], and
FFTs [16,13], but for current performance defaults to CuDNN [6].
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2.3 Layer

MagmaDNN provides a simple Layer interface for creating network layers. Each
layer keeps track of its own forward/backward pass function, weight tensor and
bias tensor. Currently MagmaDNN provides seven layer types: Input, Fully Con-
nected, Activation, Conv2D, Pooling2D, Dropout, and Qutput.

Despite all layers inheriting from a base Layer class they each define their
own set of parameters. The activation layer accepts tanh, sigmoid, and relu
as activation functions and it is simple to define new ones. By all inheriting
from the same Layer superclass it is possible to define custom layers for use in
training.

2.4 Model

MagmaDNN’s Model class defines a typical training routine. This routine will
load new data, forward propagate, backward propagate, and update the net-
work. It calculates and stores simple training metrics such as loss, accuracy, and
training time.

Typical DNN framework users are not concerned with the specifics of network
training routines. Models removes the necessity for end-users to implement their
own training loop.

2.5 Workflow

Figure 2 illustrates the typical kernels that are needed in a DNN. As shown,
the neural network can be organized into L fully-connected "layers’ (i = 1, ..., L)
with n; nodes (or artificial neurons) per layer that function together to make
a prediction. The connections between layers ¢ — 1 and ¢ are represented by
numerical weights, stored in matrix W; of size n; X n;_1, and vector b; of length
n;. Thus, if the input values for layer ¢, given by the values at the n;_; nodes
of layer ¢« — 1, are represented as a vector a;_; of size n;_1, the output of layer
1 will be a vector of size n;, given by the matrix-vector product Wja;_1 + b;.
As training will be done in parallel for a batch of nb vectors, the input matrices
A;_1 are of size n;_1 X nb and the outputs are given by the matrix-matrix
products Z; = W;A;_1 + b;, where “4+” adds b; to each of the nb columns of
the resulting matrix. The Forward propagation process, given by steps O, ..., L,
represents a non-linear hypothesis/prediction function Hyp(X) = A for given
inputs of X and fixed weights W, b. The weights must be modified so that the
predictions Hy ,(X) become close to given/known outcomes stored in Y. This is
known as a classification problem and is a case of so called supervised learning.
The modification of the weights is defined as a minimization problem on a cost
function J, e.g.,

N
. 1
I‘l;l[/{il J(W,b), where J(W,b) = N ;yl log Hyp(z;)+(1—y;) log(1 —Hw p(x;)).
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This is solved by a batch SGD that uses a batch of nb training examples at a
time. The derivatives of J with respect to the weights (W and b) are derived over
the layers using the chain rule for differentiating compositions of functions. They
are computed then by the backward propagation steps L+ 1, ..., 2L, and used to
modify their respective weights W;, b; during the iterative training process for
each layer i as:

W; =W, — AdW,;, b; =b; — A\db;,

where ) is a hyperparameter referred to as learning rate. The o1, ..., o, functions
are the activation functions for the different layers of the network, and ¢’ are
their derivatives. The “.*” notation is for point-wise multiplication. The case
of nb = 1 is the standard (synchronous) SGD. As illustrated, the main kernels
are GEMMs, other BLAS, simple auxiliary LA kernels, and various activation
functions, which are accelerated using the MAGMA backend.
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Fig. 2. Typical DNN computational kernels (Left) and MagmaDNN workflow (Right).

MagmaDNN is capable of many different workflows, however it is designed
towards the linear one depicted in Figure 2, Right. Each level of the workflow is
supported by some functionality in MagmaDNN, however, currently the Train
Model step is the focus of development.

3 Hyperparameter optimization

MagmaDNN uses a Random and/or Exhaustive Grid Search technique to opti-
mize hyperparameters. The routine is modular and able to add new dimensions
to the search space. In grid search, a parameter server sends a parameter set to
each node, where the model is trained according to its received parameters. The
parameter server, or master, in turn receives the training time, accuracy, and
loss associate with each parameter set. Using some objective function, typically
a combination of training duration and accuracy, the optimization routine gives
the optimal training parameters. Grid search can be run to exhaustively search
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a range of parameters (with a given step size). MagmaDNN provides the full
search capability as one option. However, this is often too large to be feasible.
For these reasons grid search can be ran using random sampling until some ac-
curacy threshold is met. We use the openDIEL framework [17], described next,
to run the hyperparameter search in parallel.

3.1 openDIEL Framework Design Overview

The openDIEL system consists of a library that contains all of the function
needed to manage modules. Typically, a main driver file is created which contains
all of the needed function calls to set up the main MPI communicator that the
IEL library uses, set up necessary modules for tuple space communication, and
calling the user defined modules.

The main way that users interact with the system is through a configuration
file. There are two major components of the openDIEL system: the executive
library, and the communication library (see Figure 3).
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Fig. 3. openDIEL architecture: (A) GUI launcher creates a configuration file for the
workflow, and executive will read this file to set up workflows; (B) After initial con-
figuration, executive starts all modules; (C) The modules have access to the commu-
nication library, and directly communicate or utilize tuple space communication.

Configuration File Information about how modules communicate and rely
on one another is contained in a configuration file. The configuration file defines
what resources the modules requires, such as the number of cores, and number of
GPUs required by the module. After defining the modules themselves, a section
of the file subsequently defines the manner in which groups of modules depend
on one another, how many iterations need to run, amongst other characteristics.
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Communication Library The communication library is essentially a wrapper
around various MPI calls, and is responsible for managing both tuple space
and direct communication between modules. This is done by creating a main
MPI_.COMM_WORLD communicator in which all of the modules run, and then
subdividing this main communicator at the level of single modules. If there are
multiple concurrent copies of the same module running at the same time, the
module sub-communicator is further subdivided between the copies [17].

Two different methods of communication are provided by an API: tuple space
communication, and direct module-to-module communication. With tuple space
communication, a tuple server module is used that allows modules to concur-
rently send data to and receive data from a shared associative array. Modules
can use this form of communication to send and receive data from the tuple
space respectively. Each module that puts data into the tuple space can issue
a non-blocking (IEL_tput) function call, and provide a tag for the data placed
in the tuple space. The receiving module can use a blocking (IEL_tget) function
call to retrieve the data with the specified tag.

‘ Client ‘ ‘ Client ‘
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s AC ) e Distributed Tuple Space ~-------------f----------- -
. | )

Metadata Server Tuple Server Tuple Server

®

IEL_gist_tput(y
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Fig. 4. Distributed tuple server model: (A) Client data is distributed across an array
of tuple servers; (B) Metadata for the distributed data is stored in a metadata server;
(C) When data is to be retrieved, first the metadata is retrieved, and (D) the data
itself is retrieved from the distributed array of tuple servers. The received data is then
reconstructed and returned to the requesting client.

The tuple space can also be distributed across a number of different modules,
essentially providing a way to store and retrieve data in a distributed manner.
The functions IEL_dist_tget and IEL_dist_tget utilize this multiple tuple server
model. The TEL_dist_tget function will take a pointer to data and a string to tag
the data, and distribute it amongst an array of tuple servers. Information about
the distribution of the data is stored on a meta-data server. The IEL_dist_tget
function will retrieve the data by querying the meta-data server, which returns
the locations of the servers holding the data, the data servers are queried, and
the stored data is reconstructed.
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Executive Library The executive library is the other major part of the library
responsible for starting job and managing dependencies. When a job starts, the
executive will read in a workflow configuration file, and then based on this file,
the executive will create a dependency graph of the specified workflow, and then
start modules based on the graph. Typically, a module is included in openDIEL
by linking a library against a driver file, and function pointers are provided to
the executive so that they can be called with the appropriate arguments [17].
Executables can also be run by calling fork() and exec() in an MPI process,
but limits the ability of the module to use the inter-modular communication
provided by openDIEL.

Typical Usage Typically, all of the needed functions are called in a main
driver file. This driver file will call MPLinit, and then it will call openDIEL
member function IELAddModule, which will take a pointer to the function in the
linked library for the module. This will be used later to start the module in the
workflow. For modules that are executables, a model that calls fork() and exec()
on the proper arguments is started for each serial module. After this setup, the
main IELExecutive() member function is called. This function will split up the
MPI_COMM_WORLD communicator into the appropriate subcommunicators,
resolve dependencies from the configuration file, and then start modules.

3.2 Grid Engine

One of the goals of the framework is to not only provide facilities for hyperparam-
eter optimization and search, but also to allow for users to readily use existing
libraries to perform these tasks. One such implementation is a grid search engine
that uses the openDIEL tuple space communication to distribute parameters to
worker processes in an exhaustive search of a specified parameter space, collect
the results, and report the best parameters found.

The module consists of a master process that chooses hyperparameters, and a
set of processes that receive the hyperparameters. The master process first selects
a set of parameters, distributes them to the workers via the tuple space, and waits
for the group to finish. The group of worker processes receive the parameters,
train, and report their results to the trainer via tuple space communication.
These results are then gathered by the master process, and then the next group
of processes is started on the next batch of parameters.

4 Performance results

4.1 MNIST Test

Since its introduction by Lecun et. al. [11] the MNIST data set has become
a standard for learning and training neural networks. The data set consists of
60000 images of handwritten digits that are 28x28 pixels in size.
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Fig. 5. Left: Time comparisons of MagmaDNN training to other popular frameworks
on a single GPU. Right: Scalability and MagmaDNN SGD speedup and peak asyn-
chronous SGD (ASGD) speedup vs. TensorFlow SGD training.

As a baseline test MagmaDNN was compared to Tensorflow, PyTorch, and
Theano (see Figure 5, Left) on a dense network using the MNIST data set.
The layers were increased with each test to show how each framework scaled
in training time. A learning rate of n = 0.05, a weight decay of a = 0.001 and
activation function sigmoid were used in training the network. Data was loaded
into the network with a batch size of 100 samples and ran for 5 epochs. The tests
were conducted on an Intel Xeon X560 processor alongside an Nvidia 1050 Ti
GPU card. Theano was also run on CPU only to give reference to the speedups
gained by using GPUs.

From the above test MagmaDNN was the fastest at each data point. It ran
approximately 6.8 x faster than TensorFlow, and 17.8x faster than Theano-CPU.
The performance results shown are averaged over five runs.

4.2 Scaling

Despite being the fastest MagmaDNN scaled the second fastest in terms of train-
ing time. PyTorch, being the fastest scaling, performed poorly on the small data
set, but did not gain much training time as the network size increased.

Framework |A time / A layer
MagmaDNN 0.6197
TensorFlow 1.7524
Theano (GPU) 1.5271
Theano (CPU) 12.5071
PyTorch -0.08
Table 1. Change in Training Time with Number of Layers
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Due to the computational size of deep networks much effort has been put
into distribution strategies. Parallelization introduces speed increases, but can
also hurt convergence.

As evinced by Figure 5, GPUs provide a significant performance boost in
training deep networks. Thus making full use of the GPU is vital for a new deep
learning framework.

Even with the advent of GPUs in training, they are still insufficient for train-
ing larger networks (such as ResNet-50 or DenseNet) in a reasonable amount of
time. These large networks typically train on vast data sets causing memory
transferring to bottle neck the training. One solution to this problem is to use
minibatches. Batches reduce the total number cudaMemcpy calls. Using batches
also introduces additional optimization complexity by creating a new hyperpa-
rameter batch size.

In addition to adding new hyperparameters, using large batch sizes can also
hinder the convergence of the network. In order to combat the poor convergence,
tricks such as growing batch sizes [12], warm-up [8], or layer-wise adaptive rate
scaling (LARS) [18] must be used. In practice these tricks are often successful,
but only raise the batch size barrier [3]. Using these techniques and various
others You et al. were able to train AlexNet in 11 minutes on the ImageNet-1k
data set [19].

All of the above techniques are typical to modern deep learning approaches,
however, they do not address multi-node training. DNN parallelization can also
be implemented to accelerate training, while retaining convergence.

The most common of these techniques is Data-Parallelism (see Figure 6).
Older implementations of data parallelism use a master-worker model (see Figure
6, Left) for averaging weights. In this model weights are sent from a master node
to N worker nodes. Let w’ be the weights of the j-th worker node. Each node
computes the gradient Vw/ and sends it back to the master node. Once the
master node has received the gradients from each worker it calculates w <+
w—n/N Z;V:1 Vw?, the average weight, and broadcasts w back to each worker.
Modern implementations, as well as MagmaDNN’s implementation, remove the
Master node and average the gradients using AllReduce. Any CUDA-aware
MPI implementation can perform this operation, however, Nvidia’s NCCL has
in general a much faster ncc1A11Reduce between GPU nodes. Data parallelism
is a typical method used in scaling deep learning and it has shown promising
results [9][4].

While providing significant speed ups, data parallelism also provides some
drawbacks. In the Allreduce approach nodes that finish training early sit idle
while waiting on others. This creates ”lulls” where more work could be done. To
address this issue some parallel trainers utilize Model-Parallelism. Here models
are partitioned across nodes and trained in parallel. This approach can quickly
fill up device memory, thus restricting itself to smaller models and/or batch sizes.

Layer-Parallelism aims to solve the idle processor issue by pipelining network
layers, computing layers in parallel as soon as possible. Layer parallelism offers
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Fig. 6. Master-Worker Reduce (Left) and Ring AllReduce (Right).

some performance benefits and is used in practice [10][1], but creates irregular
transfer rates between processors [3].

As each distribution strategy offers unique solutions and drawbacks the best
strategy is Hybrid-Parallelism, which combines each of the previous in some
custom manner to exploit the parallel nature of a specific model. However, this
makes hybrid parallelism model specific and non generalizable.

MagmaDNN makes use of MAGMA to exploit best fine-grained parallel prac-
tices. CUDA and CuDNN are additionally utilized to exploit the highly parallel
GPU architectures. Other fine-grained acceleration is currently not within the
projects scope.

Techniques such as data parallelism and distributed training with CUDA-
aware MPI are included in MagmaDNN to employ course-grained parallelism.

MPI is utilized to distribute networks across nodes in MagmaDNN using
Allreduce to implement data parallelism. Despite MPI not being fault-tolerant
training is typically not hindered due to the large number of samples trained on
and the resilience of deep networks.

Figure 5, Right shows the speedup of MagmaDNN’s SGD training vs. Tensor-
Flow train- ing on a system with up to 8 V100 GPUs. In this case MagmaDNN
outperforms TensorFlow by about 50%. Shown also is a comparison to a peak
performance of an asynchronous SGD. The large speedups illustrate the high
potential that asynchronous methods have for accelerating the computation.

4.3 Hyperparameter optimizations

We tested the hyperparameter optimization framework on a number of applica-
tions. Most notably, we used it as a proof of concept in the design, evaluation,
and optimization of DNN architectures of increasing depth. For example, when
applied to heart disease diagnosis [14], the hyperparameter optimization led to
the discovery of a novel five layer DNN architecture that yields best prediction
accuracy (using the publicly available Cleveland data set of medical information
and a predefined search space), e.g., yielding 99% accuracy and 0.98 Matthews
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correlation coefficient (MCC), significantly outperforming currently published
research in the area [14].

5 Conclusions and future directions

As the availability of exaflop computing capabilities approaches, deep learning
continues to be far from utilizing the entirety of available computing power.
Thus, it is crucial to continue and pursue distribution strategies and techniques
for training deep networks on clusters and supercomputers.

MagmaDNN, due to its HPC MAGMA backend and initial speed, shows
potential in becoming a tool for future deep learning applications. Its native
C++ interface allows easier integration with existing C and fortran scientific
codes. However, MagmaDNN currently lacks the arsenal of features present in
other popular frameworks due to its infancy.

MagmaDNN aims to continue to add the necessary features for a full deep
learning suite, while maintaining a fast scalable interface. Future development
will focus on performance enhancements in distributed training, while provid-
ing a modular framework that allows for customization and tuning. Interfaces
and ease of use are also very important, and to be able to compete with other
frameworks, we are considering adding Python APIs to MagmaDNN.

6 Availability

MagmaDNN is currently developed and supported by the Innovative Comput-
ing Laboratory (ICL) and Joint Institute for Computer Science (JICS) at the
University of Tennessee, Knoxville and Oak Ridge National Laboratory. Source
code, documentation, tutorials, and licensing can all be found on the project’s
homepage3.
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