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Abstract—Several hardware companies are proposing native
Brain Float 16-bit (BF16) support for neural network training.
The usage of Mixed Precision (MP) arithmetic with floating-point
32-bit (FP32) and 16-bit half-precision aims at improving memory
and floating-point operations throughput, allowing faster training
of bigger models. This paper proposes a binary analysis tool
enabling the emulation of lower precision numerical formats in
Neural Network implementation without the need for hardware
support. This tool is used to analyze BF16 usage in the training
phase of a 3D Generative Adversarial Network (3DGAN) simu-
lating High Energy Physics detectors. The binary tool allows us
to confirm that BF16 can provide results with similar accuracy
as the full-precision 3DGAN version and the costly reference
numerical simulation using double precision arithmetic.

Index Terms—Reduced Precision, Brain Float 16 (BF16),
Mixed Precision (MP), 3DGAN, Binary Analysis Tool, High
Energy Physics, Generative Adversarial Networks.

I. INTRODUCTION

Following the progress made in image classification
tasks [1], [2] by Khrizhevsky et al. [3], Szegedy et al. [4] and
He et al. [5], Deep Neural Networks (DNNs) [6] have been
successfully applied to domains like biology [7], economy [8],
chemistry [9], or sports management [10]. Many refined tech-
niques have emerged to tackle these new problems beyond
image classification. Among them, the Generative Adversarial
Networks (GAN) proposed by Goodfellow et al. [11]. CERN
has recently proposed to drive High Energy Physics (HEP)
simulations using GANs [12]–[16].

Models based on DNNs must be trained on large sets of data
to reach acceptable accuracy levels. Training incurs very large
computational and memory training costs. Several novel tech-
niques are aimed at decreasing the training costs by avoiding
the use of floating-point 32-bit (FP32) numerical datatype, and
replacing it with non-standard low precision data representa-
tions formats [17]–[19]. Recent hardware products support 16-
bit half-precision to accelerate training. Micikevicius et al. [20]
and Kalamkar et al. [21], show how to train DNNs using
Mixed Precision (MP) approaches. A combination of FP32
and half-precision representations using either the floating-
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Fig. 1: Floating-point Formats. S sign bit, E exponent bits, M
mantissa bits.

point 16 (FP16) or the Brain floating-point (BF16) datatypes,
which we display in Figure 1, reaches the same accuracy levels
as FP32 arithmetic for many DNN applications. A strong
emphasis is given to Fused Multiply-Add (FMA) instructions
computing A ·B + C, which represent the largest part of the
computational time. The MP approach for FMAs uses FP32
precision to accumulate the contributions of A · B and C,
while the multiplication uses half-precision inputs, as seen in
Figure 2.

In this paper, we adapt and demonstrate the capacity of
MP arithmetic to train GANs driving HEP simulations. In
particular, we focus in MP FMAs combining BF16 and FP32,
which Figure 2b represents.

We leverage a binary analysis tool based on PIN [22] to
emulate lower precision numerical formats without the need
of native hardware support. The binary analysis tool intercepts
FMA instructions and modifies its operands at the register level
to emulate low-precision arithmetic. In particular, we use the
Rounding to Nearest Even (RNE) to convert FP32 values to the
BF16 format. Once the conversion is done, our binary analysis
tool gives the control back to the training process, which
implies that the FMA instruction is natively executed with
some of its operands truncated to 16-bits representation. Our
tool can be applied to either the PyTorch [23], the Caffe [24],
or the Tensorflow [25] frameworks.

Our evaluation shows that 98% of floating-point instructions
are FMAs, and that we just need to compute in full single-
precision (FP32) the 0.001% of them, as Section V indicates.
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In addition, we empirically validate that MP FMAs using BF16
are able to train GAN models with the similar accuracy as full
FP32, and a real physical Monte Carlo reference simulation.
Section VI contains this evaluation. To the best of our knowl-
edge, this is the first proposal that trains GAN models using
MP and applies them to HEP simulation problems.

II. MIXED PRECISION TRAINING

BF16 is a numerical datatype created by Google used in
their Google Brain group [26]. It was initially created to reduce
the amount of data shared by different computing nodes during
distributed DNN training, and used specifically on their Tensor
Processing Units (TPU). However, since BF16 has the same
dynamic range as FP32, as both have the same number of
exponent bits (see Figure 1), the conversion between these
two formats is very simple and it shows great robustness
while training DNNs. On the other hand, the floating-point
16 (FP16) data type requires scaling factors to perform the
conversion from/to FP32. For these reasons, BF16 has become
a reference datatype with hardware support announced for
multiple upcoming computer architectures from vendors like
Nvidia [27], Intel [28], and Arm [29].

However, training with BF16 requires careful attention to
arithmetic sensitive parts of the algorithm such as weights
updates, batch normalization, and gradients summation. This
leads to the usage of a MP approach, where a combination of
FP32 and BF16 is used in different places and flavors. When
employing MP, FMA instructions (MP FMA) combine half-
precision and FP32 input values and usually accumulate in
FP32 as shown in Figure 2.

Figure 2a details the type of FMA instruction employed
in Nvidia’s MP training [20]. An FMA instruction computes
D = A · B + C. Input parameters A and B are represented
in FP16, the result is added to the third input C, typically
a weight of the master copy represented in FP32. The final
output D is also represented in FP32. This approach requires
additional steps to enforce that FP32 values that are converted
into FP16 fall into the representative range of the latter by
applying a scaling factor.

Figure 2b shows the FMA implementation used by
Kalamkar et al. in [21], which is similar to the one previously
described. The only difference is about the low precision data-
type used to do the calculations which is BF16, simplifying
the conversion from/to FP32. Since the BF16 data type is only
available on the proprietary Google TPU, this study of MP
employing BF16 was performed without hardware support, by
modifying the evaluated neural networks to perform library
calls to do the conversion from FP32 to BF16 in software,
using truncation and RNE rounding. In this regard, Intel’s
next generation family of Intel Xeon processors, code named
Cooper Lake, will incorporate BF16 hardware support to use
MP approaches in the training processes of DNN [28].

Additionally, there is another possible FMA instruction
implementation, as shown in Figure 2c, where all inputs
and outputs are represented using BF16. However, using this
approach during training does not provide good converge

properties for the most popular DNNs. This is caused by
the absorption issue during the addition step in the FMA
instruction. That is, when right-shifting the smaller of the two
operands to align bits with the same exponents, the lowest
bit cannot be represented in the rounded result. The smaller
number can even be entirely absorbed due to the limited
number of mantissa bits, this issue is known as swamping [19]
or absorption in the computer arithmetic field, and leads to
information loss when the magnitudes of the added operands
have a difference > 2mantissa+1 bits. In the case of BF16
with 7 mantissa bits, the swamping threshold is 256.

Regardless of the MP FMA implementation used, some
phases of the training process require FP32 precision to keep
the same accuracy when training the DNN models. This is the
case of the weight updates (WU), batch normalization (BN),
and soft-max layers.

In this paper we demonstrate the feasibility to apply MP
training to GAN models for HEP simulations. The following
section introduces a three-dimensional GAN model and out-
lines the computational challenges it presents, which can be
mitigated by applying MP. Therefore, the use of MP can help
advance this field by enabling larger input datasets or models
with additional complexity that can be trained in a sensitive
amount of time, with the objective to achieve better simulation
results.

III. THE 3D CONVOLUTIONAL GAN

Within the field of HEP, Monte Carlo simulation represents
a heavy computational task, and generative models are being
studied as possible alternatives [12]–[14]. 3DGAN [15] repre-
sents the first application of three-dimensional convolutional
Generative Adversarial Networks to the simulation of high
granularity electromagnetic calorimeters, detectors that can
measure particles energy with a high level of precision. The
aim of the study is to produce a network which can receive
as input a particle type and energy, and which will produce
an accurate simulation of the corresponding particle detector
output. In particular, the detector geometry is chosen to be an
example of future calorimeters, characterized by a regular grid
of small sensitive cubic cells (5.1 mm3). Individual electrons,
photons, charged pions, and neutral pions are shot into the
calorimeter volume at various energies and represent a single
event in the training data set. For each event we take a
25 × 25 × 25 cell volume of the electromagnetic calorimeter
(ECAL) and store them as a 3D array containing information
about the energy deposited in each cell.

3DGAN implements an architecture that is similar to the
Auxiliary Classifier Generative Adversarial Network [30] the
generator and discriminator models consist of four 3D con-
volution layers and the discriminator performs an auxiliary
task by estimating the particle energy. Details of the archi-
tecture can be found in Figure 3. Leaky ReLU activation
functions are used for the discriminator network layers. A
batch normalization layer is added after all activations except
the first layer. The output of the final convolution layer is
flattened and connected to a sigmoid neuron corresponding to



(a) MP FMA with FP16 and FP32 inputs (b) MP FMA with BF16 and FP32 inputs (c) BF16 FMA where all inputs are BF16

Fig. 2: Different alternatives when computing a Fused Multiply-Add (FMA) instruction.
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Fig. 3: 3DGAN model architecture.

real/fake output of GAN as well as a linear unit for energy
regression. The generator has a latent vector of size 128 and a
similar architecture with leaky ReLU (ReLU for the last layer)
activation functions. Batch normalization layers are added after
the first and second layers. The GAN cost function is modified
to include an auxiliary energy regression task as well as checks
on total energy deposited in order to constrain the distribution
of individual cell energies.

GANs are a class of networks that are used to learn and
reproduce the results of complex data distributions. As later
explained in section VI, the 3DGAN performance is compared
to the classical Monte Carlo approach. Monte Carlo simula-
tion requires a high level of accuracy, the more precise the
simulated data set in terms of physics results, the smaller the
uncertainty will be on the final physics measurement. In order
to keep a similar level of accuracy both the 3DGAN training
and inference process use FP32 by default. Unfortunately, as
models in the HEP field become more complex, they also
become more expensive in terms of memory capacity and
memory bandwidth. 3DGAN represent a relatively lightweight
prototype optimised to simulate a small portion of a HEP de-
tector, in order to develop it into a production ready algorithm,
capable of generating data for full scale detectors, memory-
related challenges need to be addressed. A similar constraint

prevents today the full optimisation of image reconstruction
models, used to analyse the output of state-of-the-art neutrino
detectors, such as Liquid Argon Time Projection Chambers
(LAr TPC) [31]. TPC produce sets of images of such size
(millions of pixels) that segmentation is today the only viable
approach to their analysis. The possibility to reduce the mem-
ory footprint in such cases would certainly improve the final
physics results. As discussed below, the MP approach helps
improve this situation while maintaining the results accuracy
at a reasonable level.

IV. MP EMULATION TOOL

Without available hardware implementing the BF16 numer-
ical format, several approaches have been used in the past
to emulate the behaviour of reduced floating-point represen-
tations. Most notably, these efforts have focused on libraries
that perform transformations like truncation and rounding [21],
[32]. However, such an approach requires a significant effort
to port every new target neural network to use these libraries,
leading to a tedious process that needs to be repeated for each
network.

To have a generic mechanism that can be seamlessly ap-
plied to any neural network and DNN framework, we have
developed a binary level emulation tool. This tool enables



Fig. 4: Overview of the MP training process.

evaluating the impact that MP has on the accuracy of a
target model. Our binary tool is based on Intel PIN 3.7 [22],
a dynamic instrumentation framework for x86 64 architec-
tures. The tool captures and instruments dynamic instructions,
which enables modifying numerical operands to the targeted
numerical data format. Our approach seamlessly works on
complex frameworks like PyTorch, Tensorflow, or Caffe, with
interpreted languages, and is able to instrument instructions
triggered by dynamically linked libraries. One of the most
important advantages of our tool is the capacity to adapt
to new DNN frameworks without any or minimum effort
to support them. Despite having no significant overhead in
memory consumption, out tool induces a reasonable slowdown
of 7 to 20x over the original training time. This allows full
training of full size data-sets with a conventional level of
hardware resources.

Our binary analysis tool performs the following steps:

• Checks the current execution routine to determine if we
are executing routines that belong to weight update or
batch normalization layers. In that case, computation
proceeds in FP32.

• The tool intercepts all floating-point instructions of the
workload, including FMAs. For each FMA instruction,
operands that need to be rounded to BF16, depending on
the current routine, are rounded using RNE algorithm.

• The tool can dynamically change its operation mode via
a simple inter-process communication method that can
be invoked from the python high-level interface, this
is useful to test some additional scenarios, or to avoid
instrumenting all the preprocessing steps involved during
the training process of DNN.

Figure 4 shows an overview of the steps needed to im-
plement MP. As can bee seen in the figure, the input to
the network is typically represented with FP32 values. Our
binary analysis tool seamlessly converts the FMA inputs A
and B to BF16 using RNE rounding on all forward pass
computations. These are then accumulated in FP32, as defined
in MP training (see Figure 2b). Similarly, in the backward
step the FMA inputs A and B are again converted to BF16,
and the final result in FP32 contains the weight gradients.
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Fig. 5: Instruction Breakdown for multiple neural network
models.

Finally, the weight gradients will be used to update the weights
using FP32 arithmetic, which is crucial [19]–[21] to obtain
the same accuracy as state-of-the-art FP32 training methods.
These steps are repeated for each batch during the training
process of the 3DGAN model. Note that the amount of
computation (FMAs) done during the forward and backward
passes is orders of magnitude larger than computation done
in the layers that employ FP32 arithmetic. More details about
this in Section V-B.

V. EVALUATION METHODOLOGY

A. Evaluation platform and Training Parameters

Our experiments are performed on Intel Xeon Platinum
8160 processors, which include the AVX512 ISA extension. To
train and test the 3DGAN implementation we use Tensorflow
1.15 [25] and Keras 2 [33]. We use Intel MKLDNN [34] Deep
Neural Network library 0.18.0 and the Intel MKL 2019.0.3
library [35] to run numerical kernels since both libraries are
optimized to run on our testing infrastructure. The binary
analysis tool uses PIN 3.7 and is compiled with GCC 8.0.

The 3DGAN network is trained for 60 epochs using the
Adam optimiser and a batch size of 128. The training dataset
consists of 180,000 25x25x25 three-dimensional images gen-
erated using classical Monte Carlo, each representing a single
electron of variable energy entering the detector volume.

B. Use case characterization

Figure 5 shows the percentage of instructions being pro-
cessed by several DNN models. While training DNNs the
compute units (GPU, CPU) perform, due to the nature of
neural network architectures, a substantial amount of addi-
tions and multiplications. These in the end are calculated
using specialized hardware instructions inside the computing
units, called FMAs. As shown in Figure 5, FMA instructions
represent a large portion of the overall instruction mix. The
Other FP32 category are floating-point instructions that are not
FMA, and No FP are integer, memory, and branch instructions.

In the figure, well known DNN models such as AlexNet [3],
Inception [4], ResNet [5] and seq2seq [36], [37] are shown
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to stress the importance FMA instructions have on any DNN
training process. The percentage of FMA instructions for these
models is 57.42%, 60.93%, 62.95%, and 56.44%, respectively.
In 3DGAN, our use case, 374 ∗ 109 instructions are executed
during one training batch, the percentage of FMAs is of
48.80%, which is a significant portion, opening an opportunity
to apply a technique such as MP to improve throughput
and reduce bandwidth requirements. Note that, as mentioned
before, certain layers or routines still need to be computed
using FP32 (weight updates, batch normalization and soft-
max); however, the number of FMAs attributed to these layers
or routines is not significant, less than 0.001% of the total
number of FMAs for the 3DGAN model.

VI. RESULTS

The 3DGAN aspires to generate scientific data leveraging
an approach borrowed from the domain of visual images. It
is therefore highly crucial to understand if these techniques
can retain the high level of accuracy required for a scientific
simulation. Each simulated image represents the pattern of
energy depositions in a HEP detector, when a primary particle
enters the detector volume. This pattern of energy depositions
also known as “shower” has distinct physical features. These
features are important information pertaining to a certain type
of particle, the energy with which it strikes the detector, as
well as the geometry of the detector.

The 3DGAN performance is validated by comparing GAN
images to the Monte Carlo data in terms of several relevant
physics distributions. Here we further compare features from
images generated by networks trained using FP32 and the MP
data types. The Monte Carlo data set used in this experi-
ment represents the geometry of a sampling calorimeter. In
a sampling calorimeter there are alternate arrays of passive
and active layers. Energy is only recorded in the active
layers and thus is a fraction of the energy of the incident
particle. The sampling fraction (SF ) is the ratio of the energy
recorded in the detector to the energy of the incoming particle

(Ep): it represents the detector response. Figure 6 presents
the sampling fraction calculated from images simulated using
Monte Carlo and 3DGAN. There is a high level of agreement
for most of the Ep range for the GAN generated images using
both the FP32 and MP approaches.

The geometry of the generated shower is often used in
particle identification. There can be a number of ways to
quantify geometrical features. The shower shapes are the
distribution of the deposited energy along a certain detector
axis. The Z axis is along the depth of the calorimeter, while X
and Y axes are the transverse directions. Figure 7 compares the
shower shapes for Monte Carlo images with images generated
by the models trained using the FP32 and MP approaches.
The top row shows the shower shapes in linear scale. The log
scale plots in the bottom row are added to better appreciate
the agreement at the tails of the showers. The training with
MP approach is able to achieve a similar level of accuracy as
the higher precision 32-bit approach.

As explained in Section II, we created the binary analysis
tool to emulate MP training, since the real hardware to perform
the tests was not available at the time of the experiment.
By using our developed binary analysis tool, we have been
able to demonstrate that MP training can be used for HEP
simulations. MP delivers the same level of accuracy as higher
precision approaches implemented using FP32. Furthermore,
using real hardware implementations, this approach would
reduce memory storage and bandwidth requirements by nearly
50% compared to full FP32 implementations, and increase
the FMA throughput by at least twice for the same hardware
vector register size. Performance improvements can be even
better with dedicated wider units targeting BF16, such as
the one available on the recently released Intel Cooper Lake,
Nvidia Tensor Core or Google TPU.

VII. RELATED WORK

A. Machine learning in scientific applications

The HEP community has a long tradition of using Neural
Networks and Machine Learning methods (Random Forests,
BDT, MLPs) to solve specific tasks, in particular related
to a more efficient selection of interesting events over the
overwhelming background produced at colliders such as the
Large Hadron Collider (LHC). In the recent years, several
studies have demonstrated the benefit of using Deep Learning
(DL) to solve typical tasks related to data taking and analysis.
Building on these examples, many HEP experiments are now
working on integrating DL into their workflows for many
different applications: from data quality assurance [38], to
real-time selection of interesting collision events [39], to
simulation [40] and data analysis [41]. For example, generative
models, from GAN to Variational Auto-Encoders (VAE), are
being tested as fast alternatives to Monte Carlo based sim-
ulation. Anomaly detection algorithms are being explored to
improve data quality monitoring, to design searches for rare
new-physics processes, or to analyse and prevent faults in
complicated systems such as detectors and accelerators control
system.
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Fig. 7: Shower shapes (energy distribution) for Monte Carlo (red), GAN FP32 (blue) and GAN MP (magenta) along X , Y
and Z axis. In linear scale(top row); and in log scale (bottom row).

Training of such models has been made tractable with the
improvement of optimization methods and the advent of dedi-
cated hardware well adapted to tackle the highly-parallelizable
task of training neural networks. Memory consumption, how-
ever, still represents a limiting factor in many applications:
HEP detectors output is represented by millions of read-out
channels and it is usually too large to be processed as a
whole. The standard approach in these cases is segmentation
and selection of regions of interest for further processing. The
possibility to analyse larger input samples and process deeper
models represents an advantage in terms of data processing
efficiency and accuracy and computing resources exploitation.

B. Generative Adversarial Networks (GAN)

HEP simulations with detailed Monte Carlo methods is a
highly resource intensive task, consuming more than 50% of
the Worldwide LHC grid (WLCG) resources [42]. In the past
few years, development and optimisation of generative models
to speedup or entirely replace Monte Carlo simulation has
become a lively research field. CALOGAN [12] simulated
particle showers in a simplified calorimeter conditioned on
the primary particle energy (1 − 100 GeV). DL was used
for fast simulation of the ATLAS calorimeter [13]. Showers
with energies 1 − 260 GeV and pseudorapidity |η| in range
of 0.2 − 0.25 were generated using both VAE and GAN.
The showers were generated as a flattened array of pixels.
The GAN generated showers were reported to have better
agreement to the Monte Carlo data as compared to the VAE
generated showers. DijetGAN [43] used GAN for simulation
of diject events: a background process for important physics
studies at LHC. WGAN was used to simulate the LHC detector
output collapsed into a two dimensional array of cells [14]. A
pretrained regressor network was incorporated into the GAN
setup. The results were reported to be promising although
more work was required for practical implementation.

3DGAN [15] is one of the most realistic and accurate
model for the simulation of a HEP detector. The showers
are generated for particles coming within the 2 − 500 GeV
energy range, with a speedup of several orders of magnitude.
Due to the generation of 3D images, large training data and a
deeper model, the training can benefit greatly from reducing
the data resolution. On the other hand scientific simulation is
also a performance critical task, and must retain a high level
of accuracy.

C. Mixed Precision Training

Exploring lower precision numerical formats for DNN train-
ing has been an active research topic in the recent years. Some
works propose non-standard data formats as an alternative
to FP32. For example, prior work indicates that dynamic
fixed-point is effective to train DNN with low-precision mul-
tipliers [17]. This approach obtains state-of-the-art results
by uniformly applying the dynamic fixed-point format with
different scaling factors, which are driven by the overflow
rate displayed by the fixed-point numbers. Gupta et al. [26]
show the benefits of applying stochastic rounding to 16-bit
fixed-point multiply and add operators. This work relies on
FPGA emulation to show the benefits of stochastic rounding
when applied to a custom fully connected neural network
dealing with the MNIST dataset. Wang et al. [19] propose
to train DNNs using 8-bit floating-point (FP8) numbers, by
relying on a combination of 8-bit and 16-bit arithmetic and
by using stochastic rounding to obtain state-of-the-art results.
Additionally, Sun et al. [44] present a novel approach similar
to the previous one, but without the use of stochastic rounding;
however, they require a quantization, and two newly defined
FP8 numerical data types.

Recently released and announced hardware products support
new numerical data types to train DNNs. For instance, Nvidia
GPUs support Mixed Precision (MP) training by leveraging
their tensor cores, which combine FP16 and FP32 in their



Volta architecture [20], and more recently proposed the TF32
format using up to 19-bits [27]. Similarly, Kalamkar et al. [21]
propose a MP scheme using BF16 and FP32 formats. They
emulate this approach using library calls that need to be
integrated into the target DNN models. The conversion from
BF16 to single precision does not require a scaling factor as
both types are covering the same range. Conversion from 32
to 16 bits just requires a RNE rounding operation.

FMA instructions that implement a MP approach bring
significant benefits since they require less memory bandwidth
and register storage than FP32 FMAs. Additionally when using
BF16, there is essentially no significant modifications or new
hyper parameters for the targeted DNN model, as it operates
on the same value ranges as FP32, allowing trivial adoption
of this approach by the community.

VIII. CONCLUSIONS

The use of DNN to lower the computational requirements
of Monte Carlo based HEP simulations has received a lot
of attention in recent years. In particular, GAN models stand
out as the most accurate solutions to simulate HEP detectors.
However, as models in the HEP field become more complex,
requirements for memory bandwidth and capacity increase.
Moreover, in a production-ready GAN algorithm capable of
generating data for full scale detectors these memory-related
challenges would be exacerbated.

The use of lower precision numerical formats can help
alleviate these constrains. However, HEP simulations require
a high level of accuracy in order to minimize uncertainty on
the final physics measurements. In this paper, we undertake a
study to determine if reduced precision training based on MP
attains similar levels of accuracy as the default FP32 reference
training.

To accomplish this, we propose a binary analysis tool that
enables the emulation of lower precision numerical formats
without the need for hardware support. Using this tool we
show that FMA instructions are responsible for a significant
chunk of the total computational workload when training well
known DNN models, as well as our 3DGAN use case, for
which FMAs account for 48.80% of the total of instruction
count. By training the 3DGAN network for 60 epochs using
a representative dataset, we have been able to show that
MP training employing the BF16 numerical format is able
to deliver the same level of accuracy as higher-precision
approaches implemented using FP32.
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