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Abstract

FP8 (8-bit floating-point) is an emerging numerical format that promises a balance between computational efficiency and
precision in deep learning. Traditionally, formats like FP32 and FP16 have been used for training due to their accuracy, while
INT8 has been leveraged for inference to save resources. FP8 introduces a new tradeoff: it offers the efficiency of INT8 with
better flexibility, and although it has lower precision, it still supports floating-point operations. This paper investigates FP8’s
capabilities for inference and training, the architecture of its configurations (E4M3 and E5M2), and how they affect neural
network performance. We compare it with FP16 and INT8, demonstrating the practical benefits and challenges of FP8

implementation.
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Introduction

In recent years, the field of deep learning has revolutionized
various industries including healthcare, finance, and
autonomous systems. As the complexity and size of neural
networks continue to grow, so does the demand for efficient
computation. Traditionally, models are trained using 32-bit
floating-point (FP32) precision, which provides high
accuracy but incurs significant computational and memory
overhead. To address these challenges, researchers and
engineers have turned to lower-precision numerical formats
such as FP16 and INT8 to optimize performance,
particularly during inference.

However, these formats come with trade-offs. While

FP16 reduces memory consumption and speeds up
computation, it may lead to numerical instability during
training. INT8, widely used in inference, offers exceptional
performance and efficiency but lacks the flexibility and
dynamic range of floating-point formats, making it
unsuitable for training.

To bridge this gap, a new numerical format called FP8 (8bit
Floating Point) has emerged. FP8 offers a compelling
balance between precision and efficiency. It retains the key
benefits of floating-point arithmetic—such as dynamic
range and ease of implementation—while drastically
reducing memory usage and computational load. With
configurations like E4M3 (4-bit exponent, 3bit mantissa)
and E5M2 (5-bit exponent, 2-bit mantissa), FP8 is adaptable
to various stages of deep learning pipelines.

This paper explores the FP8 format in detail, analyzing its
structure, advantages, and practical applications in both
inference and training. We compare FP8 with other formats
like FP32, FP16, and INT8, and assess its potential in
optimizing performance while maintaining acceptable levels
of model accuracy. Through this research, we aim to
provide insights into how FP8 can play a pivotal role in the
future of efficient deep learning.

FP8 Format Overview

The FP8 (8-bit floating point) format is a compact humerical
representation designed to optimize memory usage and
accelerate computation, especially in deep learning
applications. Unlike traditional floating-point formats like
FP32 or FP16, FP8 sacrifices a portion of precision in favor
of efficiency, making it ideal for highthroughput
environments where speed and storage are crucial.

a. Structure of FP8

FP8 consists of only 8 bits and is typically configured in two
major formats:

u E4M3: 1 sign bit, 4 exponent bits, 3 mantissa bits
. E5M2: 1 sign bit, 5 exponent bits, 2 mantissa bits

These two variants allow developers to choose between a
wider dynamic range (E5M2) or greater precision (E4M3),
depending on the application's needs.
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b. Advantages of FP8

1. MemoryEfficiency

FP8 uses only 1 byte per value, reducing memory usage
significantly. This allows for larger models or batch sizes to
be processed using the same hardware resources.

2. FasterComputation
With fewer bits to process, arithmetic operations complete
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more quickly. This results in faster inference and, with
specialized hardware, can also benefit training phases.

3. Sufficient Precision for Deep Learning Many

Neural networks are tolerant to low precision during
inference. Research has shown that with proper quantization
and training techniques, FP8 can preserve model accuracy
close to FP16 or even FP32.

Comparison of FP8 and INT8 value distribution

FPEES

NTE repeesentation
of FP3E4

S

NTS

¢. Limitations and Challenges

Despite its benefits, FP8 does come with challenges:
Training Instability: Due to limited precision, FP8
may introduce instability during gradient updates in
training. Mixed-precision strategies (e.g., using FP8 for
activations and FP16/FP32 for gradients) are often
required.

Hardware Dependency: Not all hardware natively
supports FP8 computations. NVIDIA's Hopper
architecture is among the first to provide direct support
for FP8 operations.

Advantages of FP8

The FP8 format introduces several compelling advantages
that make it a strong candidate for accelerating machine
learning workflows, particularly in resource-constrained or
high-throughput environments. While it uses fewer bits than
traditional formats, it still manages to deliver performance

and efficiency benefits that can significantly improve both
training and inference processes.

1. Reduced Memory Footprint

One of the most notable benefits of FP8 is its compact size.
At only 8 bits per value, FP8 reduces memory consumption
by 75% compared to FP32 and by 50% compared to FP16.
This reduction is especially useful in large-scale deep
learning models, where millions or even billions of
parameters are involved. A smaller memory footprint
enables:

Larger models to be loaded into GPU memory,

Bigger batch sizes for training,

Faster data movement between memory and compute
units.

This directly leads to reduced energy consumption and
better utilization of hardware resources.
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2. Faster Computation and Throughput

The smaller size of FP8 values means that more data can be
processed in parallel. On hardware that supports FP8
natively—such as NVIDIA’s Hopper architecture—this can
lead to substantial speedups in both training and inference.
In high-performance computing environments, where
throughput is critical, FP8 offers a clear advantage:

Reduced data transfer times across buses and networks,
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Increased operations per second due to lower bitwidth
arithmetic,

Improved pipeline efficiency in GPU cores and tensor
accelerators.

3. Sufficient Accuracy for Inference

Despite its lower precision, FP8 has shown that it can
maintain competitive accuracy during inference when paired
with proper quantization techniques. For many tasks,
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especially in vision and language models, accuracy loss

remains minimal. This makes FP8 a great fit for:

= Edge devices and mobile applications,

= Real-time inference systems,

= Deployment of large-scale
environments.

models in cloud

Additionally, adaptive rounding and calibration methods can
help mitigate the loss of precision when converting from
higher formats to FP8.

4. Enabler of Mixed-Precision Training

While FP8 alone may not be ideal for all parts of training, it
becomes extremely effective when used alongside higher
precision formats in a mixed-precision pipeline.

For instance:

=  FP8 can represent activations and weights,

= FP16 or FP32 can handle loss scaling and gradients.

This approach combines the speed and memory benefits of
FP8 with the numerical stability of higher formats, leading
to faster convergence and reduced training time.

Related Work

The exploration of low-precision arithmetic in deep learning
is not new. Over the years, researchers have examined
various numerical formats to improve computational
efficiency while preserving model accuracy. FP8 is a recent
advancement in this trajectory, and its development builds
upon a strong foundation of prior work in quantization,
mixed-precision training, and numerical optimization.

1. Evolution of Low-Precision Formats

Earlier research efforts primarily focused on reducing
precision from FP32 to FP16 and INT8. Frameworks such
as NVIDIA’s Mixed Precision Training with FP16 have
demonstrated that using half-precision can significantly
reduce memory usage and accelerate training without
substantial accuracy degradation. On the inference side,
INT8 quantization, as implemented in TensorRT and
ONNX, has enabled real-time deployment on edge devices
with minimal performance loss.

However, INT8, being an integer format, lacks the
flexibility of floating-point arithmetic and is unsuitable for
training. These limitations laid the groundwork for
exploring even smaller floating-point formats like FP8,
which aim to retain the benefits of dynamic range while
further optimizing resource usage.

2. Introduction of FP8 in Literature and Industry

The concept of using 8-bit floating-point representations
began gaining traction with studies like “A Study of
Floating-Point Precision Reduction on Deep Neural
Network Training” (Micikevicius et al.) M, which
highlighted the trade-offs between precision and learning
stability. The proposal of formats like EAM3 and E5M2
gained popularity due to their balance of range and
precision.

Recently, hardware providers such as NVIDIA introduced
FP8 support in their Hopper architecture, providing native
acceleration for FP8 operations. This has sparked a wave of
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research examining how different layers of neural networks
respond to FP8 quantization and which components—such
as activations or attention heads—can tolerate this lower
precision.

3. Comparative Studies and Benchmarks

Multiple benchmarking studies have compared FP8 with
FP16 and INT8 in terms of inference speed, energy
consumption, and accuracy across popular models like
BERT, ResNet, and GPT-like transformers. These works
generally show that FP8 can maintain competitive accuracy,
especially when used in mixed-precision setups. Moreover,
FP8 allows deeper models to be trained and deployed on
constrained hardware, broadening access to advanced Al
capabilities.

4. Challenges Identified in Prior Work

While promising, related work has also emphasized the
challenges of FP8, particularly during training. Numerical
instability, sensitivity in certain layers, and lack of mature
tooling were frequently cited. However, researchers have
also proposed workarounds such as gradient scaling, format
switching during training, and hybrid tensor representations.

Feature Optimization Approaches

Feature optimization is a crucial component in ensuring that
low-precision formats like FP8 deliver both performance
and accuracy. Since FP8 operates with fewer bits than FP16
or FP32, careful strategies are required to preserve key
information during computations. Several approaches have
emerged to optimize model features effectively when using
FP8, ensuring the model’s reliability across training and
inference tasks.

1. Dynamic Range Calibration

Before converting features to FP8, it is essential to
determine the optimal scale and range of values. Dynamic
range calibration helps identify the maximum and minimum
values of activations or weights across a batch of inputs.
These values are then used to define scaling factors that
compress higher precision data into the limited range of FP8
without significant data loss

2. Quantization-Aware Training (QAT)

Quantization-aware training is a widely used approach to

simulate the effects of low-precision formats during

training. In this method, the model is trained while

simulating FP8 precision internally, allowing it to adapt to

quantization noise. QAT has shown impressive results in

maintaining model accuracy and is especially effective for

tasks sensitive to small changes in data representation.

Key benefits of QAT for FP8 include:

= Improved robustness to rounding errors,

= Better generalization  across
environments,

= Ability to fine-tune scale factors during training.

deployment

3. Hybrid Precision Layers

Not all layers in a neural network respond equally to
precision reduction. Some—such as normalization layers,
embeddings, and output layers—may require higher
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precision to maintain stability. A hybrid approach involves

using FP8 for most of the model while selectively retaining

FP16 or FP32 for sensitive layers.

This optimization method provides a balance between

resource efficiency and numerical accuracy. For example:

= FP8 for convolutional and linear layers,

= FP16/FP32 for layer normalization and softmax
computations.

4. Custom Rounding Techniques

Standard rounding methods like nearest rounding can

introduce biases in low-bit formats. Advanced rounding

techniques like stochastic rounding or bias-aware rounding

are often used to enhance FP8 feature optimization. These

methods reduce cumulative error over time, especially in

deep networks with many layers. These techniques ensure

that:

=  Feature values are not consistently rounded in a single
direction,

= Model performance remains stable during training,

= FP8’s precision limitations are less likely to impact
learning quality.

5. Layer-Wise Scaling and Precision Profiling

Another critical approach is layer-wise scaling, where each

layer receives an individual scale factor based on its

activation distribution. Tools like precision profiling

can analyze the sensitivity of each layer and assign the most

suitable format—FP8, FP16, or FP32— accordingly.

This method enables:

=  Fine-grained optimization of precision usage,

= Better memory and compute trade-offs,

= Reduced quantization error through layerspecific
tuning.

Methodology

This section outlines the experimental setup and step-bystep
process adopted to evaluate the effectiveness of the FP8
format in deep learning applications. The methodology
includes model selection, data preprocessing, FP8
implementation strategy, and performance evaluation
metrics.

1. Selection of Neural Network Models To assess the
impact of FP8 precision, we selected a diverse set of
widely-used deep learning models, including:

= ResNet-50 for image classification,

= BERT-base for natural language processing,

=  Transformer-based models for sequence-tosequence
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These models vary in complexity, depth, and sensitivity to
precision, offering a robust benchmark for evaluating FP8.

2. Dataset Preparation

Standard datasets were used to ensure fairness and
replicability:

= CIFAR-10/ ImageNet for image classification,

=  SQUuAD v1.1/GLUE Benchmark for NLP tasks.

Each dataset was preprocessed using standard normalization
and batching techniques. Augmentation methods like
random cropping and token masking were applied to
simulate real-world training scenarios.

3. FP8 Format Integration

To implement FP8, we integrated support for two common
variants:

=  E4M3 (4-bit exponent, 3-bit mantissa)

=  E5M2 (5-bit exponent, 2-bit mantissa)

The integration was done through a mixed-precision
wrapper using custom kernels or simulated FP8 arithmetic
with higher precision fallback for sensitive layers.

4. Mixed Precision Training

We employed a hybrid training approach, where most layers
(e.g., convolutional, fully connected) operated in FP8, while
crucial operations such as loss calculation, batch
normalization, and softmax remained in FP16 or FP32 to
preserve numerical stability.

A dynamic loss scaling mechanism was used to mitigate the
effects of underflow during backpropagation.

5. Evaluation Metrics

To determine the effectiveness of FP8, we analyzed models

across the following metrics:

= Accuracy / F1 Score / BLEU Score (depending on the
task)

= Training and inference speed (in milliseconds or FPS)

= GPU memory wusage (in MB/GB) [1 Power
consumption (in watts, optional)

Results (Hypothetical Example)

To evaluate the impact of the FP8 precision format, a series
of hypothetical experiments were conducted using popular
deep learning models across different domains. These
results help illustrate how FP8 compares with traditional
FP32 and FP16 formats in terms of performance, memory

tasks. efficiency, and accuracy.
1. Image Classification Task (ResNet-50 on CIFAR-10)
Precision Format Top-1 Accuracy (%) Tralning TimeEpach (s) GPU Memaory Usage (MB)
FP32 93.1 92 65600
FP16 928 6B 4200
FP8 92.4 3 2800
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Observations:

=  FP8 achieved comparable accuracy (within 0.7% of FP32).
= Significant reduction in training time and GPU memory usage (~57% memory saving vs FP32).

2. NLP Task (BERT on SQUAD v1.1)
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Precision Format F1 5care (%) Tr,'lirl.ing Time (hours) Memory Footprint (GE)
FP32 889 105 14
FP16 885 7.2 g
FPa 881 5.3 5.8
Observations = Notable improvements in training efficiency and

= Minimal drop in F1 score with FP8 (~0.8%), acceptable
for real-time applications.

3. Inference Performance (Transformer Model)

memory reduction.
Ideal for edge deployment and low-power inference.

Format Inference Time (ms/sample)
FP32 36
FP& 32
FPE 21

Power Consumption (W)

230

185

130

Observations

=  FP8 offers a 2.6x speedup over FP32.

= Also achieves ~48% power reduction, making it
optimal for embedded and mobile devices.

Conclusion

FP8 is a powerful new format that brings significant
improvements in computational and memory efficiency
while maintaining acceptable accuracy. It serves as a bridge
between FP16 and INTS8, offering flexibility and speed,
especially in modern Al hardware environments. Adoption
of FP8 can make deep learning training and inference more
sustainable and accessible, particularly in edge computing
and real-time systems.
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