Pre prints.org

Review Not peer-reviewed version

Performance Scaling of Silicon after
Moore's Law

Ohm Rishabh Venkatachalam *

Posted Date: 30 November 2023
doi: 10.20944/preprints202311.1929.v1

Keywords: semiconductors; chips; hardware; large scale silicon die; chiplets; quantum hardware

E Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions of research outputs permanently
y available and citable. Preprints posted at Preprints.org appear in Web of
ar Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.



https://sciprofiles.com/profile/3286580

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 November 2023 doi:10.20944/preprints202311.1929.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article
Performance Scaling of Silicon after Moore’s Law

Ohm Rishabh

Department of Electrical Engineering, Indian Institute of Technology Delhi, Delhi; ohmrishabh@gmail.com

Abstract: Semiconductors play a very important role in modern society. The improvement in
performance of semiconductors is what has enabled the world to grow at such a fast pace. For
decades scaling has been done through Moore’s law i.e performance improvements have been
obtained due to transistor scaling where the number of transistors per unit area increase is what has
contributed to the increase in performance. However, with transistor scaling reaching its limitations
we need to find alternate methods to enhance silicon design to suit the computational need of modern
society. To address this problem we will be looking into a few methods that enable performance
scaling with a focus on analysing the most popular implementation of each in the industry.
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1. Introduction

Moore’s Law is a prediction and observation made by Gordon Moore, founder of Intel, that
number of transistors in the microchip will double every two years. This will lead to exponential
increase in computing power, while the per unit transistor cost will decrease. This has been achieved
due to rapid advances in design and manufacturing technologies in past. The trend told by this law is
how computational power scaling has been grown for decades. But this law has reached its end.

Future transistor scaling is impossible as we have reached the physical limits of reducing the
size of transistors[1,2]. High-end modern day silicon are made up of billions of transistors and
each transistor is made up of only a few atoms. Moreover, we can see in Figure 1. that post 2010
although the transistors are scaling (number of transistors per unit area), the operating frequency,
power consumption and even the single threaded performance improvements have flattened or are
growing at a much slower pace. This means that the generational leaps of performance and efficiency
that we have experienced in the 2000s are no longer possible. Moreover this scaling not only applies
for the processor but for other components like DRAM[3] as well. So the amount of information that
we can store per unit area is also decreasing making us unable to design devices that can handle high
amounts of data in a small footprint. This motivates the need for us to look for new methods that
enable us to achieve performance scaling.

To achieve further scaling in performance we need to use alternate methods to achieve the
performance gains. This motivates the need for us to develop new architectures, design methodologies,
manufacturing technologies etc. A lot of work is being done in both industry and academia in order to
tackle this problem. Various new architectures have been developed each for a specific application. For
instance, there have been processors like ARM cortex-M series[4] targeted towards general purpose low
power and low area applications. With the Al boom there has also been a huge number of development
in chips that have been specifically optimized for ML calculations[5], especially matrix multiplications
as well as devices for edge AI[6]. There has also been a huge boom in nano-electronics[7] and 2-D
semiconductors[8,9]. There has also been work done on cramming more components within the same
resource[10]. All these are various attempts that have been made in order to tackle future computing
requirements.

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Transistor Scaling.

In the past literature reviews have covered the end of Moore’s Law and its alternate computing
methods but there has been no focus on products used in industry. In this paper we will focus on the
most popular methods that are currently being developed with a focus on their use in Industry. In this
paper we discuss 3 popular methods that are used to achieve high performance after the transistor
scaling has ended. These are Large Scale Silicon Die, Chiplets and Quantum Hardware. We will have a
brief introduction to what these design methodologies are and their benefits. Which is followed by a
look into the most advanced and commercially used product/technology available in each of these
design methodologies. Further we will be discussing the pros and cons of each method.

2. Large Scale Silicon die

Traditional Moore’s law is scaling up of performance by increasing the number of transistors.
Moving along the same line of thought, apart from scaling transistors per unit area increasing the
area of the silicon die i.e making the Monolithic die bigger which in effect leads to more transistors
overall seems to be the most logical next step in silicon scaling. Large Scale silicon die’s allow us
to pack more components into one single chip offering us higher performance levels. This offers
numerous advantages like lower power consumption, higher performance, improved scalability etc.
Large scale silicon die’s are primarily focused for Al applications and HPC uses due to their high
computational capacities. Furthermore, due to the fact that it has a large area, it does not make it
suitable for application with high area constraints.

In this section the focus will be on Cerebras Systems Wafer Scale Engine (WSE) [11,12] as it is the
most advanced large scale silicon die currently made. This is a system where the processor itself if of
the size of a wafer and is primarily made for ML models and computations. The first iteration was
released in 2019 and the second iteration (WSE-2) was released in 2021. The processor produced from
WSE-2 has an area 0f 46000mm?2, contains 2.6 trillion transistors and has 850000 cores on it. It also
uses only SRAM (occupying 50% of the die area as shown Figure 2) and no DRAM so as to provide
full data flow for every single core in the processor. Furthermore, the system uses fine grained data
flow accelerators which is extremely useful for sparsity calculations. Combining the factors of high
speed memory access along with the increased data flow acceleration, the WSE-2 system is particularly
suited for neural networks and ML workloads whose memory requirements have grown exponentially
as seen in Figure 3 which shows the memory requirements of various state-of-the-art neural networks.
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Figure 2. Cerebras Silicon Physical Design.
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Figure 3. Memory Requirements of various ML models.

An interesting observation to be made in the Cerebras WSE-2 engine is that they only use SRAM
and no DRAM. So why is there a need to use only SRAM instead of DRAM? Typical modern processors
have a shared central DRAM and often times a shared SRAM cache as well. However, the DRAM
access is slow due to its limited bandwidth and is far lower than core data path bandwidth. In a
traditional way avoiding this bottleneck is done using caches. In the Cerebras WSE-2 engine by using
only SRAM it provides full memory bandwidth to all data paths. The memory is entirely distributed
nearby the point of usage in order to do this, enabling memory bandwidth equivalent to the operand
bandwidth of the main data channel. This is achieved by making the distance of communication
between cores and memory as small as possible. It’s crucial to remember that each core addresses
the memory individually. No shared memory in the conventional sense exists. All memory sharing
across cores is done explicitly over the fabric to provide genuinely scalable memory. There is a
software-managed cache in addition to the high-performance SRAM, which is used for frequently
accessed data structures like accumulators. This cache is compact and located very close to the data
path in order to reduce power consumption from frequent accesses. Other benefits of using only
SRAM instead of DRAM is that we are able to achieve a higher area density of SRAM in the chip as
compared to the traditional approach of using caches etc as there is not no need for extra hardware like
multi-porting, cache controllers, HBM memory controllers etc. By using such a memory architecture,
we are able to run the chip at full performance at all BLAS(Basic Linear Algebraic Subroutines) levels.
Whereas in a traditional chip we are limited to running only GEMM(general matrix-matrix multiply)
operations only. This is one of the biggest advantages for machine learning workloads where matrix
based computations are used extensively. Furthermore, more than 50% of the silicon die is made of
SRAM showing its immense capabilities of storing data.
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Some other impressive capabilities of the WSE-2 includes its ability to be used as a single Matrix
Multiply unit which can prove to be very useful for ML applications. Another crucial innovation in
the WSE-2 is the high-bandwidth and low latency fabric. It enable efficient communication across the
wafer reducing latency and increasing the overall performance of the chip. This fabric is especially
useful in neural network computation. Furthermore, the cores use fine-grained data flow further
increasing on-chip communication quality.

Some other popular wafer scale chip is the Graphcore Colossus GC2 IPU [13]. This is a large scale
chip that is designed for artificial intelligence and offers parallel processing capacities suited for ML
workloads. Bitmain BM1397 is another large scale silicon die that is designed and used for crypto
currency mining.

Although this solution can be used in several applications, it has several limitations. The first
being that while computational power is increased, it cannot be used in applications with huge area
constraints. Moreover, designing such a large scale system is very difficult. This is because of the
various design constraints, physical factors, complications etc involved in designing all the components
in a single die[14]. Also there is a huge problem in extending this method for 2-D semiconductors[15].

3. Chiplets/Multi-Chip Module (MCM) technology

This is a method that has been invented in order to increase the flexibility in design, improve
manufacturing and scaling of silicon dies. By focusing efforts on making the best possible component
that does a specific function and later integrating it seamlessly into a larger system opens up huge
possibilities for performance scaling in silicon design.

Here multiple individual semiconductor components, or "chiplets," are integrated onto a single
package as show in Figure 4. Each chiplet perform can be a specific function or can be a component
like CPU, GPU, 1/0O controller, memory etc. They offer several benefits[16,17]. The most important
benefits being modularity where they are able to mix and match individual components to best suit
the application. They are also very scalable as you can keep adding and removing chiplets to achieve
are desired specification. Furthermore, in this methodology multiple chiplets can be made with
manufacturing processes that best suit them and can then later be integrated leading to better chip
performance. Moreover, it becomes cheaper to produce small chiplets and then later integrate them
into one singe die than massively producing one large die. This is because we are now using less
materials and the fact that the turnaround time for multiple chiplets is much faster and can be done
in parallel when compared to a Monolithic die. Moreover, the yield is higher when manufacturing a
chiplet as compared to a large Monolithic die.

Here we will look into AMDs chiplet design approach. A key component in the chiplet design
approach are their interconnects[18]. The key enablers of AMDs chiplet based design is its infinite
fabric[19]. The infinite fabric is a high speed interconnect which allows for high speed, high bandwidth
and low latency communication between different chiplets within the same module. This fabric also
allows for Cross-CCX communication between chiplets and CCX clusters. The same is also true for
communication between memory controller, CPU and other chiplets. Another important function of
the fabric is its ability to allow high speed communication between CPU and GPU allowing for hybrid
CPU-GPU architectures. However, the most important benefit of the fabric is that it enables scalability
as the latency for large scale server applications are now reduced. The architecture that AMD used for
this is called the zen architecture. Here various “zen cores” are connected with memory controllers,
chiplets, GPU etc in order to form the final chip. The enabler of all of this is the infinite fabric.
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Figure 4. Monolithic Die(left) vs Chiplets(right).

The next stage of development is the AMD infinite architecture. This is foundational model that
AMD has developed primarily focused on its data centre applications. This technology offers a huge
advantage in using specific technology nodes for different components. For instance, 7nm CPU cores
can be combined with 14nm IO and memory components as these are more optimised at 14nm. This
helps us take advantage of the best and most optimised process node technology for each component.
A SoC design that does away with the requirement for several external support chips and the I/O
latency’s they cause is made possible by the use of multiple dies and a fast fabric interface. This
leads to a wealth of computing resources having helped data center use cases and also providing high
performance and increased hardware security. The most notable application of this approach is the
EPYC processor family of AMD[20]. Another example where the chiplet technology is used is in the
Apple M-series line of processors where multiple M1 max chips are combined together to produce the
M1 Ultra chip.

Here we see that this method addresses the problem of design constraint and flexibility that
the large scale silicon dies do not offer. This solution addresses performance scaling by enabling
smart design and choosing the best possible sub-component in the whole system. This is best shown
However, this system as well has severe area constraints when it comes to designing because to achieve
a huge amount of performance we will need to keep adding more and more chiplets which means we
will need more area, which arguably can be more area and power hungry that integrating everything
into one singe die.

4. Quantum Computing

Quantum computers provide a new, unique way of looking into data and processing data. This
is a method developed in order to achieve computing capabilities that are impossible with classical
computer. The basis of a quantum computer is qubits(quantum bits), which is used instead of bit0/bit1.
A qubit can be 0 or 1 simultaneously as shown in Figure 5. This means we can assign probability to the
state of a specific qubit. This enables us to perform calculations on the qubits using its probability, which
in turn enables us to compute vast amounts of data. They first superpose all possible computational
states and then use the interference circuitry to determine the state of the superposition to give the
output. We first look into the 3 most commonly used technologies for quantum computing[21].
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Figure 5. Traditional bits vs Qubits.

Firstly there is Quantum Annealing. This is the easiest system to build and its computational
power is similar to traditional computers. It is mainly used in optimisation problems. The second is
Quantum Simulation. This is more powerful that Quantum Annealing and has the power to do more
complex computations for chemical and material applications. The last method is Universal Quantum.
This is the most powerful but the most difficult system to build. These systems can be used in all types
of applications from optimisation to medical to cryptography to fintech[22].

Compared to the previous 2 methods discussed above quantum computing is not a direct
extension of any modern day computing methodology. This technology has the potential to overcome
the constraints discussed above i.e it has the potential to achieve the performance requirements we need
at the area and power constraints that a lot of application demand. However, developing quantum
computers is proving to be a humongous task.

There are several challenges that need to be addressed in order to develop quantum computers.
Firstly there are the material issues[23,24]. Modern day material are lacking because they often have
noise and loss leading to unreliable quantum hardware. The second challenge is to extend the life of the
qubits and to prevent decoherence of qubits. The next challenge is to improve scalability of quantum
hardware as currently the number of qubits we have is very limited. Moreover, corresponding software
stacks should be developed in order to use the computational capabilities of quantum hardware. This
should include making it as similar and usable as the software interface of classical computers as only
this will this be able to be widely adopted without any problems.

Quantum computing can be used in a wide variety of applications from healthcare in order to
analyse chemical and biological compositions to security in cryptography to financial market predictors.
A notable application in in cryptography[25] where we are able to use quantum computing based
random number generators to make better of use of such cryptography based algorithms. The wide
variety of applications in quantum computing make it an appealing method in scaling post Moore’s
Law. Some companies that work on quantum technology are Google (Figure 6), IBM (who are working
on a 1000 qubit quantum computer[26]) and D-Wave Systems. D-Wave systems is the 1st company to
release a public quantum annealing computer in the market. This technology is still in its early stages
and will need to have more time and investment in order to mature.
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Figure 6. Google Quantum Computer.

5. Discussion and Conclusions

In this paper we have explored 3 methods that are used in performance scaling. The first method
is the most natural extension of Moore’s Law where we increase the area to increase the number of
transistors along with increasing number of transistors per unit area. However, this imposes strict area
constraints and it is difficult to design and manufacture. The second method offers us huge flexibility
for design and manufacturing, but still does not address the area problem. The last method will solve
both the area and performance problems as it is a completely new approach to computing, but since the
technology is in its early stages we will have to wait for it to fully develop. These methods summarize
the three most common methods used in the industry but they are by no means and exhaustive list.

Some other promising endeavours include analog computing[27] where we remove the need to
take computation into the digital domain and do all computing in analog form (as is true with most
signals). This eliminated the need for DACs and other digital only components helping us save in
terms of area, power and latency. However, this too has been extremely difficult as designing in analog
is magnitudes harder that designing digital systems.

Another popular approach is to use neuromorphic computing[28] where we try to mimic the
computational structure of the human brain i.e our neurons. This also is a promising avenue especially
from an energy standpoint as the human brain is one of the most efficient computing mechanisms out
of every organism and machine in the world. Other areas for improvement include research on new
materials and 2-D semiconductors.

In conclusion, we have explained the need of alternate design approaches that are required for
scaling up of computing system in modern times along with popular methods that are being used in
industry in order to achieve performance scaling. Although transistor scaling is approaching its end,
this does not stop us from thinking of new and innovative architectures and design methodologies to
meet our computing needs. To meet the computing needs of the future we will have to keep innovating
on how to increase the performance of semiconductors.
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