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Introduction

The Memory Wall

Big data is an increasing key aspect in a variety of fields
including the global economy, weather prediction, and
scientific research of all kinds. With this increase in the
amount of data that is needed to be handled becoming an
exponential one it is important that it can be handled in
a efficient and effective manner which it what lends it to
the application of a HPC. This is where many problems
can arise. Until very recently the speed of CPUs has
increase in accordance to Moores Law with CPUs capable
of reaching single core speeds of 4.3 GHz in the case of
Intel’s i9-7900X and able to have a large number of core
per die for example AMD’s Ryzen Threadripper 1950X
has a total of 16 cores and is able to handle 32 threads.
This is not the case for the speed of memory access. In
this poster we discuss this issue a give a suggestion of a
interesting piece of future technology that could be of aid
to this problem.

This is the term that is used to describe the growth disparity between the speed of CPUs and the speed for off chip
memory such as RAM, Hard Disk Drives (HDDs), and Solid
State Drives (SSDs)[5]. Figure 2 there is a graph to show
this disparity. The issue occurs due to the limitation of the
memory bandwidth between the CPUs and other memory
sources.
Where as it is older data [5] mention that on average programs reference memory with 20-40% of the instructions
meaning in this means that in the best case the program
will hit the memory wall when ever tavg = 5 the equation
for this is tavg = p × tc + (1 − p) × tm where tc and tm are
the cache and DRAM access times and p the the chance of
a cache miss.

Benefits of Memristors

Big Data
Big data is a relatively new term, It refers to the capture,
curation, and analysis of massive data sets[1, 2, 3], these
data sets are so large and have such a high level of complexity
that it is highly computationally expensive to work with. Big
data was first characterized by 3v’s this has in recent years
been expanded on to form the current 4v’s Volume, Velocity,
Veracity, and Variety this is show in Figure 1. Until recently
with advancements to technology it has not been possible to
work with these types off data sets in a time frame that can
allow them to be very valuable. Big Data is used in a great
variety of fields.
Volume This is the main aspect of any data the makes it
into "Big" data and also one of the main concerns when
it comes to the handling and storage of the data in
concern. Social media is an easy example of the Volume
of data that can be involved [4]
Velocity How fast is the data produced. Just think about just
twitter for instance where every second 6,000 tweets are
tweeted this all adds up to a total of 200 billion tweets
year. All of this data needs to be able to reach the
server and be stored and indexed so that it is quickly
accessible by as many people as possible.
Variety There is a large variety in the type of data the is used
in the field of big data anywhere from simple text to
video footage depending on the situation in which it is
being used. This makes it very difficult to designed an
optimal data structure for the storage and analysis of
the data.
Veracity Veracity is a new addition to the 4v’s. Veracity refers
to the the number of abnormalities or noise with in the
data that is being archived. This is a very important aspect of Big data as the storage of useless data is a waste
an can be very costly. This mean that the "usefulness"
of the data needs to be accessed in some manner, which
when the volume and velocity of big data is taken into
account become a gargantuan task.

Figure 2: Memory wall showing the discrepancy between CPU speed and
bandwidth [6]

Bandwidth is a very important thing in the case of memory.
But just increasing the bandwidth does not necessarily improve performance it can instead impact it negatively if the
RAM’s access latency is fast enough. If this isnt the case
it will end up taking up more cycles to get the data even if
the cycles are shorter. This means that the CPU can end up
doing nothing for a decent portion of its cycles, this latency
is measure by the number of cycles it will take the memory
to respond.

Non-volatile they are able to maintain memory without the
use of constant power this can allow for the combination
of working memory and long time storage this could
even remove boot times form computers.
Low Power this means a cheaper running cost but also that
it will produce less heat which in terms means an even
lower power consumption though the use of cooling, depending on the situation that the memristors are being
use in it could lead to a increase in the number of passively cooled devices.
Non-binary the ability to have a more float point value will
allow it to more closely imitate an actual brain making
then perfect for learning systems. They have already
been proven capable of solving problems such as the
finding the shortest path in a maze [11].
Fast a memristor has the ability to be faster then flash memory. this speed comes in part from the memristor density. HP labs have measure a drift velocity of 1ms1
meaning it can switch in less the a nanosecond.
Dense this could allow for 1 petabyte to be addressed in 1 cm
of space massively reducing latency

Memristors
Conclusion
Emerging Technologies for the advancement of memory are
all memristors [7, 8, 9]. A memristor the name coming from
the phrase "resistor with memory" is a device that regulate
the flow of electrical current flow through a circuit and it
remembers the amount of charge that flowed through it, this
makes it so that a memristor can retain memory without
power. Another of these benefits is their ability to be configured as either memory or CPU. The memristor concept was
generalized by equations 1 and 2.
v = R(w)i

(1)

dw
= f (w)
dt

(2)

In 2008 a Paper in Nature was published about the discovery of the “missing" memristor the found that T iO2 could
be used to form a memristor. By sandwiched the T iO2 between two platinum electrodes when a positive voltage it applied the Doped side shown in Figure 3 which it doped with
oxygen forming a T iO2−x the spreads reducing the amount
of T iO2 in the memristor, which in turn will reduced the
resistance[10]. This is then reversed by flipping the voltage.

Figure 3: An example of how a memristor is made with two platinum
electrode on the end and oxygen doped and undoped T iO2 in the middle
Figure 1: The Four V’s of big data

Figure 4: A visualization of big data

In this poster we have discussed the memory wall as it
relates to Big Data. This issue can lead to a greater
impact on the performance of such systems. We have
given a break down of the 4 v’s involved with big data
and what the entail. Finally we gave a possible future
piece of technology that could en up solving these types
of issues. With the memristors ability tp contain logic
on them the memory bandwidth and latency would be
almost completely done away with, the density of memristors could also make the storage of such massive data
structures much more feasible especially with the rate
that the volume of this data is increasing.
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