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Abstract:

The fast development of artificial intelligence (Al), especially in deep learning, generative Al, and large language
models (LLMs), has increased the need for powerful computing hardware. GPUs and special Al accelerators have
become an important part of modern Al systems. NVIDIA has been one of the main companies contributing to
this development through different GPU architectures, such as Ampere, Hopper, and Blackwell. This paper studies
the development of NVIDIA Al accelerators and their effect on the performance of modern Al models, focusing
on the NVIDIA A100, H100, H200, and Blackwell B200 architectures. The study looks at improvements in tensor
processing, memory capacity and bandwidth, numerical precision, interconnect technologies, and other
technologies designed for Al workloads. The comparison shows that improvements in GPU architecture have
helped reduce the time needed for model training and inference and have made it possible to work with larger and
more complex Al models. The move from A100 to H100 introduced important technologies such as fourth-
generation Tensor Cores and the Transformer Engine. The H200 mainly improved memory capacity and
bandwidth, which makes it more suitable for large language models. The Blackwell architecture provides further
improvements through fifth-generation Tensor Cores, lower-precision computing, improved memory systems, and
faster communication between chips. Results from MLPerf also show clear improvements in Al training and
inference performance across these generations. However, the performance of an Al model does not depend only
on the processing power of the GPU. Memory bandwidth, model design, software optimization, communication
between GPUs, and energy efficiency also have an important effect. The paper concludes that the development of
NVIDIA AT accelerators and the development of Al models are strongly connected. Improvements in hardware
have helped researchers and companies build larger and more capable Al models, while the increasing size and
complexity of these models have created a need for more advanced Al hardware.

Keywords: Artificial Intelligence, Al Accelerators, NVIDIA, A100, H100, H200, Blackwell,
GPUs, Deep Learning, Large Language Models, Generative Al, Tensor Cores.
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1. Introduction
Artificial intelligence (Al) has developed quickly during the last ten years. This development
has been supported by improvements in machine learning methods, the availability of large
datasets, and the continuous development of computer hardware. Deep neural networks,
transformer-based models, generative Al, and large language models (LLMs) need a large
amount of computing power for both training and inference. As Al models have become larger
and more complex, traditional central processing units (CPUs) are not always able to provide
the required performance. For this reason, there has been an increasing need for processors that
can perform many operations at the same time [5,6].
GPUs were originally developed mainly for computer graphics, but they have gradually become
important computing platforms for Al applications. One of their main advantages is their ability
to perform many matrix and vector calculations in parallel, which are common in neural
network operations. In addition, special processing units such as Tensor Cores can speed up the
matrix calculations used in many deep learning models. Another important development is
mixed-precision computing. It can reduce memory use and increase computing speed while
keeping the model accuracy at an acceptable level [4,7].
NVIDIA has played an important role in this development. The introduction of the NVIDIA
A100, based on the Ampere architecture, was an important step in the development of GPUs
designed for Al workloads. The A100 included third-generation Tensor Cores, Multi-Instance
GPU (MIG) technology, support for sparse calculations, and high-bandwidth memory and
interconnect technologies. Several independent studies have also investigated the architecture
and performance of the A100. These studies show the importance of Tensor Cores, memory,
and data movement in the performance of modern GPU workloads [1, 8,9].
After Ampere, NVIDIA introduced the Hopper architecture with the HI00 GPU. The H100 was
designed with the increasing requirements of transformer-based models in mind. It introduced
fourth-generation Tensor Cores, FP8 support, the Transformer Engine, and improvements in
memory and GPU interconnection. The Transformer Engine can use lower numerical precision
when it is suitable for the calculation, which can improve the efficiency of transformer models
during training and inference [10].
The H200 continued to use the Hopper architecture but focused more on improving memory
capacity and bandwidth. This is especially important for large language models because these
models require a large amount of memory to store their parameters and other data during
processing. The H200 provides 141 GB of HBM3e memory and up to 4.8 TB/s of memory
bandwidth. These improvements allow larger AI models to be processed more efficiently
compared with previous generations [11].
The Blackwell architecture represents another important step in the development of NVIDIA
Al accelerators. Blackwell GPUs use 208 billion transistors and a dual-die design connected
through a high-speed chip-to-chip connection. The architecture also introduces fifth-generation
Tensor Cores and new technologies aimed at improving the performance of generative Al and
reasoning models. These developments are important because current Al models continue to
increase in size and require more computing resources [11,12].
Based on these developments, this study focuses on the following research question:
How has the evolution of NVIDIA Al accelerator architectures from A100 to H100, H200,
and Blackwell affected the performance, scalability, and efficiency of modern artificial
intelligence models?

2. Research Objectives
The main objective of this research is to study the relationship between the development of
NVIDIA Al accelerators and the improvement of Al model performance. The research focuses
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on how changes in GPU architecture, memory, processing units, and communication
technologies have affected the ability to train and run modern Al models.
The specific objectives of this research are:
1. To examine the development of NVIDIA A100, H100, H200, and Blackwell Al
accelerators and the main changes introduced in each generation.
2. To compare the computational capabilities and memory technologies of these
accelerators.
3. To study the role of Tensor Cores in improving the performance of Al workloads.
4. To investigate the effect of different numerical precision technologies, including FP16,
FP8, and FP4, on Al processing.
5. To examine how memory capacity and memory bandwidth affect the performance of
large Al models.
6. To analyze the role of interconnect technologies in improving communication and
scalability in multi-GPU Al systems.
7. To compare available benchmark results for Al training and inference workloads.
8. To examine the relationship between the development of Al hardware and the increasing
size and complexity of modern Al models.

3. Research Methodology

This research uses a comparative and analytical approach to study the development of NVIDIA
Al accelerators and their effect on Al model performance. The study is based mainly on
technical documentation from NVIDIA, research studies, academic publications, and
standardized Al benchmark results.

The research focuses on four NVIDIA accelerators that represent important stages in the
development of Al hardware:

o NVIDIA A100 - based on the Ampere architecture.

e NVIDIA H100 — based on the Hopper architecture.

o NVIDIA H200 - based on the Hopper architecture with improved memory capacity and
bandwidth.

o NVIDIA Blackwell B200 — based on the Blackwell architecture.

These accelerators were selected because they show the major changes in NVIDIA's approach
to Al acceleration. The A100 provides a strong starting point for modern data-center Al
computing, while the H100 introduced technologies that were more focused on transformer
models. The H200 improved memory capacity and bandwidth to support larger models, and the
Blackwell architecture introduced further improvements for generative Al and other demanding
workloads.

The comparison is based on five main areas:

1. Computational performance: The study examines the processing capabilities of each
accelerator and how they affect Al workloads.

2. Memory capacity and bandwidth: The research compares memory technologies and
their importance for large Al models.

3. Tensor Core architecture and numerical precision: The study examines the
development of Tensor Cores and the use of different numerical formats, such as FP16,
FP8, and FP4.

4. Interconnect and scalability: The research consider technologies that allow several
GPUs to communicate and work together efficiently.

5. Training and inference performance: The study compares available benchmark
results to understand how the different accelerator generations perform in practical Al
workloads.

MLPerf is used as an important source for comparing Al performance because it provides
standardized benchmarks for different Al workloads. MLPerf Training measures the time
needed for a system to train a model to a defined target quality, while MLPerf Inference
measures the performance of AI models during inference under different conditions.
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In addition to benchmark results, the research considers technical specifications and findings
from previous studies. This approach allows the study to compare both the theoretical
capabilities of NVIDIA accelerators and their practical effects on Al workloads.

It should be noted that benchmark results can be affected by several factors, including the
number of GPUs, software optimization, model architecture, numerical precision, batch size,
and system configuration. Therefore, the results are interpreted carefully rather than assuming
that a higher theoretical GPU performance always produces the same improvement in every Al
application.

Overall, this methodology provides a basis for understanding how improvements in NVIDIA
accelerator architecture have contributed to the development of faster, larger, and more efficient
Al models.

4. Evolution of NVIDIA AI Accelerators

4.1 NVIDIA A100 and the Ampere Architecture

The NVIDIA A100 was introduced in 2020 and was an important step in the development of
GPUs for artificial intelligence. It is based on the Ampere architecture and includes third-
generation Tensor Cores, which are designed to perform the matrix operations commonly used
in deep learning models [13].

One of the important features of the A100 is its support for different numerical formats. This
allows the GPU to use different levels of precision depending on the type of calculation. This
is useful in deep learning because many operations do not need to be performed using full FP32
precision. Using lower precision can reduce memory use and improve the speed of computation
while maintaining suitable model accuracy [4].

The A100 also introduced Multi-Instance GPU (MIG) technology. MIG allows one physical
GPU to be divided into several separate GPU instances. Each instance can be assigned to a
different workload. This can improve the use of GPU resources in data centers, especially when
several users or applications need to use the same GPU [14].

Another important feature of the A100 is its support for structured sparsity. Some neural
networks contain parameters that have little effect on the final result. When the model and
software support structured sparsity, some of these calculations can be skipped. The A100
provides hardware support for this type of operation, which can improve performance for
suitable Al workloads [15].
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Memory and communication between GPUs are also important parts of the A100 architecture.
The A100 uses high-bandwidth memory and supports NVLink and NVSwitch technologies for
communication between GPUs. Depending on the A100 configuration, NVIDIA reported
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memory bandwidth of up to about 2 TB/s, together with high-speed GPU interconnection
technologies [16].

Independent research on the Ampere architecture has also shown that the A100 introduced
important changes in its instruction set, memory system, and Tensor Core design. These
changes affect how researchers and developers can optimize Al and scientific applications for
the GPU [1].

Overall, the A100 provided an important foundation for large-scale AI computing. Its Tensor
Cores, memory system, sparsity support, and GPU partitioning capabilities made it suitable for
both Al training and inference workloads.

4.2 NVIDIA H100 and the Hopper Architecture

The NVIDIA H100 was introduced with the Hopper architecture as a new generation of Al
accelerator designed to meet the increasing computational requirements of large Al models,
especially transformer-based models. The growth of large language models and generative Al
made these improvements increasingly important.

One of the main new technologies in the H100 is the Transformer Engine. Transformer
models perform many matrixes multiplication and attention operations, which require high
computational performance. The Transformer Engine allows the H100 to use different
numerical precisions, including FP8, during calculations when appropriate. This can improve
processing speed and reduce memory requirements while maintaining the required model
accuracy [17].

The Hopper architecture also introduced fourth-generation Tensor Cores and the Tensor
Memory Accelerator. These technologies were designed to improve both computation and data
movement. The Tensor Memory Accelerator helps move data between memory and the GPU
processing units more efficiently, which can reduce some of the delays caused by data transfer
[10].
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The development from A100 to H100 was therefore not only an increase in the number of
processing units. It also represented a change toward designing the hardware specifically for
modern Al models. In particular, the HI00 was developed with transformer workloads in mind,
which became increasingly important with the growth of generative Al and large language
models [17].

NVIDIA reported significant performance improvements for H100 systems compared with
A100 systems in MLPerf Training benchmarks. In some of the initial comparisons, NVIDIA
reported up to 6.7 times higher performance for H100 systems than A100 systems on selected
training workloads [18].
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Actual performance can be different depending on several factors, including the model
architecture, number of GPUs, batch size, numerical precision, software libraries,
communication between GPUs, and the overall system configuration. Therefore, benchmark
results are useful for showing the potential improvement between generations, but they should
be interpreted according to the specific workload being tested [19].

The H100 can therefore be considered an important step in the development of specialized Al
hardware. It improved computational performance while also introducing technologies that
were designed to address the specific requirements of transformer-based models.

5. NVIDIA H200: Increasing Memory Capacity for Large Models

The NVIDIA H200 is based on the Hopper architecture used by the H100, but it introduced a
major improvement in memory capacity and bandwidth. This is important because memory has
become one of the main limitations when working with very large Al models.

The H200 provides 141 GB of HBM3e memory and up to 4.8 TB/s of memory bandwidth.
According to NVIDIA, this represents nearly twice the memory capacity and 1.4 times the
memory bandwidth of the H100, allowing larger Al models to be processed more efficiently
[20].
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This improvement is especially useful for large language models. These models may contain
billions or even hundreds of billions of parameters. In addition to the model parameters,
memory is needed for activations, intermediate results, and the key-value cache used during
language model inference. As a result, the amount of required memory can become very large.
When the complete model cannot fit into the memory of one GPU, it may need to be divided
across several GPUs. This process can increase communication between GPUs and may reduce
overall performance. Increasing the memory capacity of a single accelerator can reduce the
need for this type of model partitioning in some situations.

The H200 therefore shows an important point in the development of Al hardware. Improving
Al performance does not depend only on increasing the number of processing units or the
theoretical computing power of the GPU. Memory capacity and memory bandwidth are also
very important, especially for large language models [21].

The higher memory bandwidth of the H200 allows data to move between memory and the
processing units at a faster rate. This can help reduce memory-related bottlenecks and improve
the performance of workloads that frequently access large amounts of data [21].

This is particularly important for inference. During inference, the GPU must repeatedly access
model parameters and other data while generating results. For large language models, memory
access and data movement can therefore become major factors that affect response speed [22].
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For this reason, the H200 can be viewed as an important development that focuses not only on
computation but also on the memory requirements of modern Al models. It demonstrates how
changes in hardware design are increasingly influenced by the growing size and complexity of
Al models.

6. NVIDIA Blackwell Architecture

The Blackwell architecture is another important step in the development of NVIDIA Al
accelerators. It was designed to support the increasing requirements of generative Al, large
language models, and other workloads that require a high level of computing power. As Al
models become larger, the hardware needs to provide not only more processing power but also
faster memory and communication between different parts of the system.
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According to NVIDIA, Blackwell GPUs contain about 208 billion transistors. The architecture
uses a dual-die design, where two large dies are connected through a high-speed chip-to-chip
connection. This design allows the GPU to provide higher performance while keeping the two
dies connected as a single computing system [23].

One of the main improvements in Blackwell is the use of fifth-generation Tensor Cores.
These processing units are designed to accelerate the matrix calculations used in many Al
models. Blackwell also supports very low numerical precision, including FP4 for suitable Al
workloads. This is especially important for generative Al models because lower precision can
reduce the amount of memory needed and can increase the amount of computation that can be
performed in a given period of time [23].

However, using lower numerical precision also requires careful control. If the precision is
reduced too much or used in an unsuitable part of a model, the quality of the results can be
affected. Therefore, the use of FP4 and other low-precision formats should be combined with
appropriate software techniques to maintain the required level of accuracy.

Memory performance is another important improvement in the Blackwell architecture.
NVIDIA documentation reports that the B200 can provide up to 180 GB of HBM3e memory
and up to 8 TB/s of memory bandwidth in current HGX configurations [24]. The higher
bandwidth allows large amounts of data to move between memory and the processing units
more quickly. This is important for large language models and generative Al applications,
where memory access can have a strong effect on overall performance.

Blackwell also improves communication between GPUs and between the main components of
the accelerator. This is important because modern Al models are often too large to run
efficiently on a single GPU. Several GPUs may need to work together, and fast communication
between them can reduce the time spent transferring data [25].
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Independent research has also examined the Blackwell architecture through micro
benchmarking. [26] studied several features of Blackwell, including its fifth-generation Tensor
Cores, low-precision FP4 and FP6 operations, memory system, and overall performance
characteristics. Their work provides additional information about how the new architecture
behaves in practical workloads and how it differs from the previous Hopper generation.

The development of Blackwell shows that NVIDIA is moving toward a more specialized
approach to Al hardware. The main goal is not only to increase the number of calculations per
second, but also to improve memory access, communication, numerical efficiency, and support
for the specific operations used by modern Al models [26].

In general, Blackwell can be seen as a response to the rapid growth of generative Al and large
language models. Its improvements in Tensor Cores, low-precision computing, memory
bandwidth, and interconnect technologies are intended to make it possible to train and run larger
Al models more efficiently. This also shows the close relationship between Al model
development and hardware development, because increasingly complex models create new
requirements that influence the design of the next generation of Al accelerators.

7. Comparative Analysis

The following table summarizes the major architectural differences [23,26].

[Feature  ||A100 IH100 IH200 |Blackwell B200 |
’Architecture HAmpere HHopper HHopper HBlackwell ‘
Main Al . Generative

focus Deep Learning/HPC Transformers/Al Large AI/LLMs Al/Reasoning
‘Tensor CoresH3rd generation H4th generation H4th generation HSth generation ‘
Memory Hippnoe HBM3 HBM3e HBM3e
technology

Memory i) 1 80 GB 80 GB 141 GB Up to 180 GB*
capacity

Memory

bandwidth ~2 TB/s ~3.35 TB/s 4.8 TB/s Up to 8 TB/s

’FP8 support HNO native Hopper FP8 HYes HYes HYes ‘
’FP4 support HNO HNO HNO HYes ‘
Traqsformer No Yes Yes Enhanced

Engine

gg;lllit;gGPU NVLink/NVSwitch  [NVLink/NVSwitch |NVLink/NVSwitch [NVLink 5

Main . |[Transformer . Al  performance
advantage General Al acceleration acceleration Memory capacity and efficiency

Table 1: Specifications can vary depending on the specific product and system configuration.

The comparison between the A100, H100, H200, and Blackwell shows that NVIDIA's
development has not focused only on increasing the basic floating-point performance of its
GPUs. Each new generation has introduced improvements in several areas that are important
for Al workloads, including processing power, memory, numerical precision, and
communication between GPUs.
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The main development can be summarized as follows:

for transformer
models

Feature Development
A100 — | The A100 provided a strong foundation for large-scale Al computing
Improved through its Tensor Cores, high-bandwidth memory, and support for
computational parallel processing.
performance
H100 — | The H100 introduced the Transformer Engine, fourth-generation Tensor
Better support | Cores, and FP8 support. These features were especially useful for

transformer-based models and large language models.

H200 — | The H200 focused mainly on increasing memory capacity and
Increased bandwidth. This improvement is important for large Al models that
memory capacity | require a large amount of memory during training and inference.
Blackwell — | Blackwell introduced fifth-generation Tensor Cores, support for low-
Low-precision precision formats such as FP4, higher memory bandwidth, and improved
computing, communication technologies. These features are designed to support the
higher scale, and | increasing requirements of generative Al and large-scale models.
generative Al

optimization

Table 2: . The main development of A100, H100, H200, Blackwell

This development shows that modern Al accelerator design is becoming more specialized. The
main goal is no longer only to increase the number of calculations that a GPU can perform. It
is also necessary to improve memory access, reduce communication delays, support lower
numerical precision, and provide better support for the operations used by current AI models.
8. Impact on AI Model Training
Training modern Al models requires a large amount of computing power. During training, the
model processes large datasets many times and continuously updates its parameters. When the
number of parameters increases, the amount of computation and memory required for training
also increases [27].
The development of NVIDIA Al accelerators has helped reduce the time required for these
operations through improvements in several areas:

e Matrix multiplication performance.

e Memory bandwidth.

e Numerical precision.

o Communication between GPUs.

e Parallel processing.

o Integration between hardware and software.
The transition from the A100 to the H100 was particularly important for transformer-based
models. The H100 introduced the Transformer Engine, which allows the use of FP8 computing
in suitable operations. This can increase processing speed and reduce memory requirements
while maintaining the required level of model accuracy [17].
The H200 continued this development by providing more memory capacity and higher memory
bandwidth. These improvements can be useful when training large models because more model
data can remain in GPU memory. This may reduce the need to divide the model across a large
number of GPUs and can also reduce some communication between GPUs.
Blackwell continues the same direction but introduces additional improvements in computing,
memory, and numerical precision. The use of lower-precision formats such as FP4 can provide
higher computational efficiency for suitable workloads. This is particularly relevant to modern
generative Al models, where the amount of computation and memory required can be very
large.
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Therefore, the development of NVIDIA Al accelerators has contributed to a continuous
relationship between hardware and Al model development. This relationship can be described
as a simple cycle:

Better hardware

|

I

Faster model training

J

v

Ability to train larger
models

!

Development of more
complex Al architectures

l

Need for more powerful
hardware

Table 3: relationship between hardware and Al model development.
This cycle is important for understanding the rapid development of modern artificial
intelligence. As hardware becomes faster and more efficient, researchers can experiment with
larger models and larger datasets. At the same time, the increasing size of these models creates
new hardware requirements [27].
The relationship is therefore not one-directional. Hardware improvements support the
development of Al models, while the requirements of new Al models also influence the design
of future accelerators. This continuous interaction between hardware and models is an
important part of the development of modern Al systems.
9. Impact on Al Inference
Training is an important part of the Al model lifecycle, but it is not the only stage. After a model
has been trained, it needs to perform inference when it is used by users or other applications.
During inference, the model receives an input and produces an output based on what it learned
during training [28].
Inference can be especially demanding for large language models. The system needs to process
the user's input and generate the output step by step. At the same time, it needs to keep different
types of intermediate information in memory. As the size of the model increases, these
requirements also become greater [29].
For this reason, GPU memory capacity and memory bandwidth have become very important
factors in Al inference performance. A GPU with more memory can store more model data
locally, while higher memory bandwidth can help move this data more quickly during
processing.
MLPerf Inference provides standardized benchmarks for measuring Al inference performance
across different types of workloads. These workloads include large language models, computer
vision, recommendation systems, and other Al applications [30].
The MLPerf Inference v5.0 benchmark also included larger language-model workloads, such
as Llama 3.1 405B and Llama 2 Chat 70B. The inclusion of these models shows how large
generative Al models have become an important part of evaluating modern Al hardware [30].
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This development is important because Al accelerator evaluation is no longer focused mainly
on traditional workloads such as image classification. Large language models and generative
Al now represent an important part of Al computing. As a result, new GPU architectures need
to provide good performance not only for training but also for serving large numbers of
inference requests efficiently.
Another important factor in inference is response time. In many applications, users expect an
Al system to respond quickly. Therefore, improving inference performance can help reduce
response time and allow a system to serve more users at the same time. This makes
improvements in GPU memory, computing power, and communication especially important
for large-scale Al services [30].
10. The Role of Memory in AI Performance
One of the main conclusions from comparing NVIDIA's different accelerator generations is that
computational performance cannot be considered separately from memory performance.
An Al accelerator may have very high theoretical computing performance, but this performance
cannot be fully used if data cannot reach the processing units quickly enough. In this situation,
some of the processing units may remain idle while waiting for data. This is generally known
as a memory bottleneck [31].
Memory bottlenecks become more important as Al models become larger. Large language
models require memory for model parameters, intermediate values, activations, and other
information used during training and inference.
The development from the H100 to the H200 provides a clear example of how memory
improvements can help address this problem. The H200 keeps the main Hopper architecture
but provides a much larger memory capacity and higher memory bandwidth. This allows more
data to be stored close to the processing units and can reduce some of the limitations caused by
memory access [32].
For large language models, this can be particularly useful because the system may spend a
significant amount of time moving model parameters and intermediate data. If memory access
is slow, increasing the computational power of the GPU alone may not provide the expected
improvement.
Research on Al hardware also shows that data movement, memory access, and communication
can become important performance limitations as neural networks continue to increase in size
and complexity (32, 7).
Therefore, the development of Al accelerators needs to consider both computational
performance and memory performance. A balanced system is more likely to provide better
real-world performance than a system that focuses only on increasing the theoretical number of
calculations [32].
11. The Role of Numerical Precision
Numerical precision is another important factor in the development of Al accelerators. In earlier
neural network applications, FP32 calculations were commonly used for many operations.
However, modern Al systems increasingly use lower-precision formats such as FP16, BF16,
FP8, and FP4[26, 4].
Using lower numerical precision can provide several advantages:

1. It can reduce the amount of memory required to store data.

2. It can increase computational throughput.

3. It can reduce the amount of data that needs to be transferred.

4. It can improve energy efficiency in suitable workloads.
Mixed-precision training showed that neural networks can often use lower-precision
calculations while maintaining good model accuracy when appropriate methods are used [4].
The development of NVIDIA accelerators reflects this change. The Hopper architecture
introduced specific hardware support for FP8-based transformer computation, while the
Blackwell architecture extends low-precision acceleration to formats such as FP4 for suitable
workloads.
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The development can be simplified as:

FP32

v

FP16/BF16 FP32

FP32

\ 4

However, this does not mean that using lower precision is always better. Different models and
different operations may require different levels of precision. If the precision is reduced too
much in an unsuitable part of a model, the quality of the results may decrease.

For this reason, modern Al accelerators need to support several numerical formats rather than
depending on only one format. The ability to select a suitable precision for each workload
allows developers to balance performance, memory use, energy consumption, and model
accuracy.

This is one reason why technologies such as the Transformer Engine are important. They help
Al systems use lower precision where it is appropriate while keeping higher precision where it
is still needed [17].

12. Interconnect and Multi-GPU Scaling

Modern Al models can be too large to fit into the memory of a single GPU. They can also
require more computational power than one accelerator can provide. As a result, large Al
systems often use many GPUs working together [33].

When several GPUs are used, communication between them becomes an important part of
overall system performance. During distributed training, GPUs may need to exchange model
parameters, gradients, and other information many times. If this communication is slow, it can
reduce the benefits of using additional GPUs [34].

NVIDIA has developed technologies such as NVLink and NVSwitch to provide high-speed
communication between GPUs. These technologies allow multiple accelerators to exchange
data more efficiently and are important for large Al systems [35].

The importance of communication becomes greater as the number of GPUs increases. A system
with hundreds or thousands of GPUs needs a high-speed interconnect network to keep the
accelerators working efficiently.

This means that the performance of a modern Al system cannot be explained by GPU
computing power alone. A more complete view can be represented as:

GPU computation + memory + interconnect + software

All of these components work together to determine the actual performance of an Al system.
The importance of multi-GPU and multi-node systems can also be seen in recent MLPerf
benchmark results. Many benchmark submissions use several GPUs and multiple computing
nodes to train and run large Al models.

Therefore, improvements in interconnect technology are an important part of the evolution of
Al accelerators. Faster communication allows more GPUs to work together and makes it
possible to train and run Al models that would be difficult or impossible to handle efficiently
on a single accelerator.

13. Software-Hardware Co-Design

The development of Al systems cannot be explained by improvements in hardware alone.
Software also plays an important role in making full use of the capabilities provided by modern
Al accelerators. As NVIDIA GPUs have become more specialized for Al workloads, the
software ecosystem has also developed to support these new hardware features.

NVIDIA provides several software technologies and libraries, including CUDA, cuDNN,
TensorRT, NCCL, and Transformer Engine. These tools allow developers and Al frameworks
to use the specific capabilities of NVIDIA GPUs more effectively.

This development has created a close relationship between hardware and software. In this
approach, the GPU architecture and the software libraries are developed together so that each
can take advantage of the other. This is often described as hardware-software co-design.
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For example, Tensor Cores can provide high performance for matrix operations, but the Al
software needs to be designed and optimized so that these operations can be efficiently executed
on the Tensor Cores. In the same way, technologies such as FP8 and FP4 require software
support to select and manage numerical precision correctly.

This means that the performance of an Al accelerator depends on two main factors:

Hardware capability + Software utilization

A GPU may have very high theoretical performance, but an application may not achieve this
performance if the software is not properly optimized. Therefore, technical specifications alone
should not be considered a complete measure of real-world Al performance.
Software optimization can also reduce communication delays, improve memory use, and select
appropriate numerical precision. As a result, the same GPU may provide different levels of
performance depending on the Al framework, software libraries, model implementation, and
optimization techniques being used [36].
The close relationship between hardware and software has therefore become an important part
of modern Al development. Improvements in one area can create new possibilities in the other
area, helping researchers and developers build more efficient Al systems [36].
14. Benchmark-Based Performance Analysis
Benchmarking is important for understanding the practical effect of new Al accelerator
architectures. Technical specifications can show the theoretical capabilities of a GPU, but
benchmark results can provide a better idea of how a complete system performs when running
real Al workloads.
MLPerf is one of the important benchmark platforms used for this purpose. It evaluates
complete Al systems rather than looking only at individual GPU specifications. MLPerf
Training measures how quickly a system can train a model to a defined target quality, while
MLPerf Inference measures the performance of trained models under standardized inference
conditions (MLCommons, 2026).
Historical MLPerf results show a significant improvement between the A100 and H100
generations. NVIDIA reported that H100 systems achieved up to 6.7 times higher
performance than A100 systems in selected initial MLPerf Training comparisons. This result
demonstrates the potential of the Hopper architecture for large-scale Al training.
However, the 6.7% result should not be understood as a fixed improvement that applies to every
Al model. The actual difference between two GPUs depends on the type of model, number of
GPUs, numerical precision, software optimization, and other system factors.
More recent MLPerf results also show continued improvements with newer GPU architectures,
including Blackwell-based systems. The MLPerf Training v5.1 results included large-scale
generative Al workloads and showed the increasing importance of newer accelerator
architectures for training modern Al models (MLCommons, 2025).
Benchmark results are useful because they provide a common way to compare different
systems. However, they must be interpreted carefully because many factors can influence the
final result. These factors include:

e Number of GPUs.

e Model implementation.

o Batch size.

e Numerical precision.

e Software libraries.

o Interconnect technology.

o Hardware and software optimization.

e Opverall system configuration.
For this reason, a fair comparison should use the same model, benchmark, accuracy target, and
system scale whenever possible. This makes it easier to identify whether a performance
improvement comes mainly from the GPU architecture or from differences in the complete
system [36].
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15. Discussion

The comparison presented in this study shows that the development of NVIDIA Al accelerators
has taken place in several different areas rather than through a simple increase in computational
power.

The A100 provided an important foundation for large-scale Al and high-performance
computing workloads. Its Tensor Cores, high-bandwidth memory, support for sparsity, and
Multi-Instance GPU technology made it suitable for many different machine learning
applications.

The H100 introduced a more specialized approach to Al acceleration. Instead of focusing only
on increasing general computational performance, the Hopper architecture introduced
technologies specifically designed for transformer-based models. The Transformer Engine and
FP8 support were particularly important as transformer models became widely used in
generative Al and large language model applications.

The H200 demonstrated that memory capacity and bandwidth can be as important as
computational performance. Large language models require a large amount of memory for their
parameters and intermediate data. With 141 GB of HBM3e memory and up to 4.8 TB/s of
memory bandwidth, the H200 was designed to address some of these memory limitations
(NVIDIA, 2024).

The Blackwell architecture continues this development by combining high computational
performance with greater memory bandwidth, fifth-generation Tensor Cores, lower numerical
precision, and improved communication between GPUs. These features are aimed particularly
at the growing requirements of generative Al and large-scale reasoning models.

The development of these architectures can therefore be understood as a gradual change in the
role of GPUs in artificial intelligence. The process can be summarized as follows:

General-purpose GPU acceleration

l

Specialized Al acceleration

l

Optimization for transformer and large language models

/

Full-stack acceleration for large-scale generative and reasoning Al

Figure 1: Steps of development of GPU

This progression shows that modern Al accelerators are no longer designed only to provide
more computing power. They are increasingly designed around the specific requirements of
modern Al models. Memory, numerical precision, communication, software, and specialized
processing units all contribute to the final performance of an Al system.

Therefore, the evolution of NVIDIA accelerators and the development of AI models should be
viewed as closely connected processes. Larger and more complex Al models create new
hardware requirements, while improvements in hardware allow researchers and companies to
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develop models that would have been difficult to train or run efficiently with previous
generations of technology.

16. Challenges and Limitations

Although NVIDIA Al accelerators have provided major improvements in Al computing,
several challenges and limitations still need to be considered. These challenges are related not
only to the GPU itself but also to energy use, cost, software, memory, communication, and the
way performance is measured.

16.1 Energy Consumption

High-performance Al accelerators require a large amount of electrical power. This issue
becomes more important when Al systems use hundreds or thousands of GPUs at the same
time. In large data centers, electricity consumption and cooling requirements can become major
parts of the total infrastructure cost [37].

For this reason, Al accelerator performance should not be evaluated only by the number of
calculations that a GPU can perform. Performance per watt is also an important measure
because a system that provides high performance while using less energy can be more practical
for large-scale Al applications.

16.2 Cost

Another important limitation is the cost of high-end Al accelerators. The GPU itself is only one
part of the total cost. Large Al systems also require high-speed networking, storage, cooling
systems, electricity, and other data-center infrastructure.

The high cost can make advanced Al computing difficult for small research groups, universities,
and organizations with limited budgets. As a result, access to large-scale Al computing is still
concentrated in organizations that can afford expensive computing infrastructure [38].

16.3 Software Dependence

The performance of an Al accelerator depends partly on the software used with it. Modern
GPUs contain many specialized features, but these features cannot provide their full benefit if
the application or Al framework is not properly optimized.

For example, an application may not achieve the expected performance from Tensor Cores if
its matrix operations are not efficiently mapped to the hardware. Similar issues can occur with
lower-precision formats and multi-GPU communication [39].

Therefore, software libraries, compilers, Al frameworks, and optimization techniques are
important parts of the overall performance of an Al system.

16.4 Memory and Communication Bottlenecks

As Al models become larger, memory limitations can become a major problem. A model may
require more memory than one GPU can provide, which means that its parameters and other
data must be distributed across several GPUs.

This creates another problem because the GPUs need to communicate with each other. If
communication is slow, the additional GPUs may not provide the expected improvement in
performance.

Therefore, increasing computational capacity alone is not always enough. Al systems also need
sufficient memory capacity, high memory bandwidth, and fast interconnect technologies [33].

16.5 Benchmark Limitations

Benchmark results are useful for comparing Al hardware, but they do not always represent the
performance of every real-world application.

For example, a GPU that performs very well when running a large language model may not
provide the same level of improvement for a computer vision model or another type of
workload.

Benchmark results can also be affected by the number of GPUs, software optimization,
numerical precision, model implementation, batch size, and system configuration.

For this reason, benchmark results should be used carefully, and comparisons should consider
the conditions under which the results were obtained [36].
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17. Future Directions

The development of Al models is continuing at a rapid pace, and future Al accelerators will
need to address the new requirements created by larger and more complex models. Several
areas are likely to receive more attention in future accelerator architectures.

17.1 Lower Precision

Lower numerical precision is expected to become increasingly important, especially for Al
inference. Formats such as FP4 can reduce memory requirements and increase computational
throughput for suitable workloads.

However, future systems will need to manage the balance between performance and accuracy.
Lower precision will not be appropriate for every operation, so flexible precision support will
remain important [40].

17.2 Larger Memory

As Al models continue to increase in size, larger accelerator memory will become increasingly
important. More memory allows a larger part of a model to remain on the accelerator and can
reduce the need to divide the model across many GPUs.

Higher memory bandwidth will also be important because large models require frequent
movement of data between memory and processing units [33].

17.3 Advanced Interconnects

Future Al systems will increasingly depend on fast communication between accelerators. Large
models may require hundreds or thousands of GPUs, making communication speed an
important factor in overall system performance.

For this reason, future architectures are expected to continue improving GPU-to-GPU and node-
to-node communication [41].

18. Conclusion

The evolution of NVIDIA Al accelerators from the A100 to the H100, H200, and Blackwell
architectures shows a strong relationship between the development of hardware and the
development of artificial intelligence models.

The A100 provided an important foundation for large-scale deep learning by combining Tensor
Cores, high-bandwidth memory, sparsity support, and multi-GPU technologies. It provided the
computing capabilities needed for many Al and high-performance computing workloads.

The H100 introduced a more specialized approach to Al acceleration. Through the Transformer
Engine, fourth-generation Tensor Cores, and FP8 support, it was designed to improve the
performance of transformer-based models. This was particularly important as large language
models and generative Al became more widely used.

The H200 addressed another important challenge: memory capacity and bandwidth. Its larger
HBM3e memory and higher memory bandwidth make it more suitable for large AI models that
require significant amounts of memory during training and inference.

The Blackwell architecture represents a further development toward specialized Al
acceleration. Fifth-generation Tensor Cores, lower-precision computing, higher memory
bandwidth, and improved communication technologies are designed to support the increasing
requirements of generative Al, large language models, and reasoning workloads.

The comparison also shows that Al performance cannot be explained by computational power
alone. Memory capacity, memory bandwidth, numerical precision, interconnect technology,
software optimization, and energy efficiency all have an important effect on the final
performance of an Al system.

The relationship between Al models and hardware can therefore be understood as a continuous
cycle. As Al models become larger and more complex, they require more powerful and efficient
hardware. At the same time, improvements in hardware allow researchers to train and deploy
models that were previously too expensive or difficult to run.

This relationship has played an important role in the rapid development of modern Al. The
evolution of NVIDIA accelerators has therefore not only increased the speed of existing Al
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workloads, but has also helped expand the practical limits of Al model size, complexity, and
application.

In conclusion, the development from A100 to H100, H200, and Blackwell shows that the future
of Al performance depends on the combined development of hardware, software, memory,
communication technologies, and Al algorithms. Continued progress in these areas will be
necessary to support the next generation of large-scale and increasingly capable artificial
intelligence systems.
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