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MepiAnyn

Agbopévng g avgavouevng Sagopag otnv taxutnta enegepyaciag petaly mg KUplag
pvhung kat g KME, o poAog tewv kpudpov pvnuev tng KME oty eriteudn tng péyiong du-
vatng taxvtntag eneepyaoiag ivat 1000 onpaviukog 6co note dAdote. Kdbe npooBaon otnv
KpU®r) pvhiurn rou dev Ppioketl ta debopéva mpérmet va Kael v KUpla Pvipn, XProtonot-
wviag 6exadeg, av o1 ekatovtadeg, KUKAOUG tng punxavng. H mpoBAsyn ng oupnepidpopdag
plag Siepyaoiag mptv ano v EKTEAECT] TG O H1APOPETIKEG APYITEKTOVIKEG KPUPIG PVIING
eivat éva onpavuko épyo. ®a Pondrost va kabopiotei rolog enegepyaotris Sa Asttoupyrioet
KaAuUtepa yla €va mpoypappa 1 neg va katavepndei BéAtiota n unoloylotiky oyxug. O
AJe00g OTOX0G auTrg g 61atpiBrig eival va mpoteivel €va JIOVIEAO PNXaviKAg Pabnong mou
9a mpoBAéretl pe 600 10 Huvatov peyadutepn akpiBela Ti§ aoTtoyieg otV KPUQr) PVHIL £VOS
TIPOYPAPIATOG, AVAAOYd ATTOKAEIOTIKA € TV APXITEKTOVIKY TG KPUGPLHS PUVHHNG, TOV KOO1-
Ka TOU IPOYPAPHATOS KAl Td 10TOYPAPpata TV Aarootdoeny enavaypnotpornoinong. a
Vv eriteudn autoy tou oTOX0U, MPOTEIVOUNE £vav aplOpd HOVIEA®V PETACKNIATIOIOV TIOU
ouvbUuddouV TOV PNETACKHATIONEVO KOSIKA £10060U pe TANpodopieg péoa ota 1otoypappata
ATIO0TACER®V ETTAVAXPTO1HOTION0NG KAl EKTIHOUV TO TI0000TO ACTOX10V Kpudpng pvhipung. Ex-
nadevoape Kat H0KIPACAPE autd td PoviEAa pe npooopowwpieva dedopéva Katl mapnyape
nipoBAEWelg VYPnAng akpiBelag yia peydado apiBpd MOATIKGOV AVIIKATAOTAONG KAl PEYEOmV
Kpuong pvhpng LLC. Autd ta diktua pmopouv va AEtoupyrjoouv oG €va XPHotpo epyaleio
otnv npoBAsyn g KPUPING PVIING KAl PITOPOUV va XPNotponotnfouv os IPAYHATIKEG 1i1)-
XAaVEG og PEAAOVIIKT] Epeuva.
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Neupwvikd diktua






Abstract

Given the increasing difference in processing speed between the main memory and
the CPU, the role of CPU caches in achieving the maximum possible processing speed
is as big as ever. Every cache access that doesn’t find the data has to invoke the main
memory, using tens, if not hundreds, of machine cycles. Predicting the behavior of a
process prior to execution on different cache architectures is an important task. It will
help determine what processor will work best for a program or how to distribute comput-
ing power optimally. The immediate goal of this thesis is to propose a machine learning
model that will predict as accurately as possible the cache misses of a program depending
solely on the cache architecture, the program code, and the reuse-distance histograms.
To achieve this goal, we propose a number of transformer models that combine the trans-
formed input code with information within the reuse-distance histograms and lead to an
output cache miss ratio. We trained and tested these models with simulated data and
produced high-accuracy predictions for a large number of replacement policies and LLC
cache sizes. These networks can act as a useful tool in cache prediction and may be used

on real machines in future research.

Key words: Computer architecture, cache misses, machine learning, neural networks
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Chapter E

Introduction

1.1 Problem introduction

Let’s delve into the dynamic realm where the architecture of a computer isn’t just a
blueprint but a catalyst, wielding immense influence over performance outcomes. From
the intricate dance of processors to the labyrinthine pathways of memory, every archi-
tectural facet orchestrates a symphony that determines the speed, efficiency, and trans-
formative power of computing. Understanding this intricate interplay opens doors to
unlocking unparalleled performance potentials, reshaping the digital landscape one ar-
chitectural innovation at a time.

When establishing the pivotal role of computer architecture in shaping the perfor-
mance landscape, it’s imperative to recognize the intricate dynamics behind this techno-
logical symphony. Computer architecture goes beyond being a mere blueprint; it serves
as the cornerstone dictating the efficiency and capabilities of modern computing. To
comprehend its profound impact, it’s essential to examine the intricate orchestration of
processors and memory pathways, exploring how each architectural facet harmonizes to
define the speed, efficacy, and transformative potential within the digital realm.

The relentless pursuit of faster and more efficient CPUs has been a tale of continual
innovation and technological advancement. Since the inception of computing, the quest
for speed has driven engineers and scientists to push the boundaries of what’s possible.
Initially, CPUs were constructed using basic electronic components. However, as tech-
nology advanced, the late 20th century witnessed a monumental shift with the advent
of integrated circuits and microprocessors. Moore’s Law, formulated by Intel co-founder
Gordon Moore in 1965, predicted the doubling of transistor counts on a chip approx-
imately every two years. This principle became a guiding force, driving the industry’s
aspirations for rapid advancements. Over time, the manufacturing process underwent
significant enhancements, transitioning from larger transistors to smaller, more densely
packed ones, leading to increased processing speeds and improved efficiency. Innova-
tions in semiconductor technology, such as the development of silicon-based chips, the
introduction of multicore processors, and the refinement of architectures through pipe
lining and parallel processing, have been pivotal in the relentless march towards faster
CPUs. Additionally, advances in materials science, nanotechnology, and chip design

methodologies have collectively contributed to the ongoing evolution of CPUs, fueling an
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era of computational power that continues to redefine the boundaries of technological
possibility.

CPU caches serve as a crucial mechanism to alleviate bottlenecks in performance by
minimizing the time it takes for the processor to access frequently used data. When
a CPU performs operations, it constantly fetches data and instructions from memory.
However, accessing data directly from the main memory can be relatively slow due to
the speed difference between the CPU and the memory. Caches act as a high-speed
intermediary between the CPU and the main memory, storing frequently accessed data
and instructions. By doing so, they reduce the latency in retrieving information required
by the CPU. When the processor needs data, it first checks the cache. If the required data
is found in the cache (cache hit), it can be accessed much faster than fetching it from
the slower main memory. This avoids the need to wait for data from the main memory,
thus alleviating the performance bottleneck caused by memory access latency. Effectively
utilized caches optimize the CPU’s efficiency by reducing idle time, allowing for quicker
access to data and enhancing overall system performance across various computational
tasks.

Cache misses induce substantial time penalties in computational workflows. When
the CPU seeks data that isn’t stored in the cache, it triggers a cache miss, prompting the
processor to pause its execution while retrieving the required information from the slower
main memory. This transition between the cache and main memory incurs a notable delay
due to the significant speed gap between these memory tiers. This delay, termed the cache
miss penalty, results in tens if not hundreds of idle processor cycles, hindering the smooth
execution of instructions and impeding overall system performance. Therefore, identifying

and elucidating performance bottlenecks that result from cache misses is crucial.

1.2 Suggested solution

The diversity in cache designs, sizes, mapping strategies, replacement policies, and
technological advancements among different CPUs results in varying cache miss behav-
iors, making it essential to consider the specific characteristics of each CPU architecture
when analyzing cache performance.

Cache miss behavior can fluctuate significantly across different CPUs due to variations
in cache architecture, size, organization, and access policies. Different CPUs may employ
diverse cache designs, such as different levels of cache (L1, L2, L3), cache sizes, associa-
tivity, replacement policies, and prefetching strategies. These architectural discrepancies
can impact how cache misses occur and their subsequent penalties.

Moreover, architectural advancements and innovations in newer CPU generations
often introduce optimizations aimed at reducing cache misses. Improved prefetching
techniques, smarter prediction algorithms, or changes in cache hierarchy can impact
how cache misses manifest on newer CPUs compared to older ones.

Simulation of a CPU cache serves as an indispensable tool in modern computing,
offering crucial insights and optimizations. By mimicking the behavior of caching mech-

anisms, simulations enable in-depth analysis of cache performance, aiding in the design,
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evaluation, and optimization of cache architectures. These simulations facilitate the ex-
ploration of diverse cache configurations, replacement policies and associativity allowing
engineers to pick the most efficient setups for specific applications. Moreover, cache sim-
ulations offer a deeper understanding of how different workloads interact with the cache
and impact the cache misses.

The process of simulating CPU caches can be time-consuming due to various factors.
The complexity involved in emulating cache behavior requires significant computational
resources and time. Handling large traces of memory access patterns for accurate simula-
tions adds to the time needed for processing. Furthermore, incorporating intricate cache
designs, such as multiple cache levels (L1, L2, L3), diverse cache sizes, associativity
schemes and advanced cache algorithms, contributes to the computational complexity
and duration of the simulations. Hence, these simulations prove to be extremely time
consuming and a better way of computing miss ratio is needed.

The solution to this problem are prediction mechanisms. The importance of a model
that can accurately predict the miss ratio of a workload without having the burden of
simulating each aspect of it is immense. Almost all of the existing models for predicting
miss ratios are created for LRU or random replacement policies [3, 4, 1]. The only existing
model [3] that can use other replacement policies than LRU, needs to know, prior to
execution, analytically all the configuration details. This leaves a large part of the problem
unanswered, since most modern CPU processors don’t use the LRU replacement policy

in their caches and, in most cases, we don’t know what replacement policy is being used.

1.3 Thesis structure

In this thesis we are tackling this problem of predicting cache misses on any given
architecture by using machine learning. We propose a number of different networks
that have the goal of estimating cache miss ratios as accurately as possible. Inspired by
StatCache 2.2, the existing probabilistic approach to this question, we decided to use the
same data that it uses for its prediction to train and evaluate a machine learning network.
The current rise in popularity of NLP networks motivated us to add a transformer branch
to the networks, that uses this new technology of understanding the source code, to
obtain better results.

We created a total of three different network architectures that predict the cache miss
ratio of any program for set cache sizes with any replacement policy. These networks
perform really well for any replacement policy. We also introduced one that predicts the
miss ratios for any cache size and any replacement policy, whose function we showcased
on LRU. In the case of LRU, all of these networks predict the cache miss ratios significantly
better than the existing probabilistic approach to the question.

This thesis is structured into five main chapters, each contributing uniquely to the
exploration and analysis of miss ratios. Chapter 1 introduces the fundamental concepts
and the theoretical framework that supports the study, presenting an overview of the
historical context and the significance of predicting cache misses. Chapter 2 delves into

the existing literature, critically examining prior research that will help understand what
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this thesis is trying to address. Chapter 3 outlines the research methodology adopted,
detailing the chosen approach, data collection methods and network architectures used.
It also holds individually the results for each one of the networks that we will propose.
Chapter 4 presents the collected results derived from our networks, offering an analysis
and comparison of the data collected. Finally, Chapter 5 synthesizes the findings, dis-
cusses their implications, and offers conclusions along with recommendations for future
research cache miss ratio prediction.

In summary, this thesis aims to use the current advancements in machine learning
in order to predict the cache miss ratios of any program on any cache architecture. By
exploring possible solutions to this problem such as the probabilistic approach or NLP
algorithms, this study intends to shed light on the difficulty and the many aspects of
predicting cache misses accurately. The following chapters will examine these concepts
in detail. Chapter 2 will focus on related work that has been done, while Chapter 3
will delve into our proposal to solve this issue. This structured approach will provide
a comprehensive understanding of predicting cache misses. Now, let’s proceed to delve

deeper into these areas, starting with the StatCache probabilistic approach.
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Related Work

2.1 Cache hierarchy

Back in the history of computer development, CPU speeds were outpacing memory
access speeds. This discrepancy led to idle CPUs waiting for data from main memory.
Enter cache memory, a concept first proposed by British computer scientist Maurice
Wilkes in 1965 [5]. Early cache models improved data access latency, but making main
memory entirely high-speed was prohibitively expensive. Researchers explored better
designs, eventually leading to the idea of multi-level caches. These multi-level cache
models, such as the three-level caches found in Intel’s Core i7 products, strike a balance
between cost and performance. Now, CPUs can tap into a hierarchy of caches, each level
serving as a buffer between the processor and main memory, ensuring efficient data flow
and faster execution.

Each one of these caches has its own size, and inner structure, independently of
caches of other levels. There are many ways to configure a cache as to the structure. The
important ones that we are going to discuss are the size, associativity and replacement
policy. For the size, its only dependency is to be larger than the size of the cache in the
lower levels. Generally meaning that the size(L3) > size(L2) > size(L1). This is because
the speed of lower level caches is supposed to be higher and therefore a smaller cache
is required. Associativity is referring to the inner structure of this cache, specifically, it
deals with the methods used to determine where data can be stored within the cache.
In our case, we will be using set-associative caches, but there also exist fully-associative
and direct mapping caches.

Lastly, it is important to define the replacement policy of the cache. Replacement
policies are algorithms or strategies used to decide which cache entries to replace or
evict when new data needs to be loaded into a full cache. These policies are crucial for
maintaining the efficiency and performance of the cache system, as they directly influence
the hit rates of cache accesses. LRU is the most known replacement policy that removes
the cache entry that has not been accessed for the longest time. Modern processors
use more modern replacement policies that are often not known to the user of a CPU.
Therefore, we will be using a range of different replacement policies in this thesis, to show
that the predictions consistently exhibit high quality across various machines. SHiP [6],

SRRIP [7] and Mockingjay [8] are modern replacement policies that aim at predicting the
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reuse of a cache entry and replace the least likely to be reused.

2.2 StatCache

There have been statistical attempts of estimating cache-miss ratios for the LRU re-
placement policy. Namely, StatCache [1] offers a probabilistic approach towards this goal
using the reuse distances of said program.

Firstly, it is necessary to state that the data is stored in cache-line-sized pieces of data
within the memory. We denote as a memory access the access to a cache-line-sized block.
Let N be the number of memory accesses that occur during the execution of the program.
We can enumerate those accesses from 1 to N. Suppose i <j < N where i and j accesses
to the same block and no accesses to the same block have occurred between i and j. We
can say that the reuse distance of this is i-j-1, or, equally, the accesses that happened
between 2 consecutive accesses to this block are i-j-1. We gather these reuse distances

into a histogram h, where h(i) denotes the accesses that have a reuse distance of i.

Cacheline | A C C D C A D

Time

v

Figure 2.1. The figure illustrates the reuse distances. The arrows indicate reuse of cache
lines, and the numbers next to the arrows are the corresponding reuse distances assigned
to the memory references pointed at by the arrows [1]

Using those reuse distances, a mathematical equation is derived:

RN ~ h(1)f(R) + h(2)f(2R) + h(3)f(3R) + ... 2.1)

where R is the miss ratio, N is the highest possible reuse distance, h is the afore-
mentioned histogram where h(i) tells us that there are h(i) references with reuse distance
i.

F(n) denotes the probability of the cache line not staying in cache after n misses. So,
assuming the cache is fully associative and has L cache lines, the probability that a line
will not remain in the cache after n misses is:

Smy=1-1Q-1/L)"

This is basically StatCache’s probabilistic approach to the question. Each reuse dis-
tance together with its probability of staying in the cache computes a number of cache

misses that, summed up, give the total misses of the execution. Benefits of this method of
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estimation are that it’s simple and quick to calculate. The main downside of this method

is that it only works for the LRU replacement policy.

2.3 Neural Networks

2.3.1 Other usages

Deep neural networks have shown their capabilities of analyzing and understanding
complex patterns in multiple kinds of problems, such as image classification [9, 10]. In
our case, helpful are researches that are concerned with computer code [11, 12].

In parallel with these, there is also a rise in popularity of neural networks within
the contexts of computer architectures. For example, many compiler optimizations have
resulted from the implementation of machine learning techniques. In instruction schedul-
ing, the preference function of one scheduling over another can be computed by the RL
algorithm’s temporal difference [13]. The LSTM-based model [14], circumvents manual
feature engineering, autonomously acquiring compiler heuristics from raw code. This
enables the construction of appropriate embeddings for programs while simultaneously
mastering the optimization process.

Many different machine learning networks have been used for predicting similar prob-
lems to ours [15]. Dong et al. [16] use artificial neural networks to predict higher-level
features (like miss of cache read /write and instructions per cycle) from-lower level features
(cache associativity, capacity and latency) for non-volatile memory based cache hierar-
chies. Other machine learning networks have been introduced to help predict efficient
resource allocation [17] and task scheduling [18], to always select the path of maximal
instructions per cycle.

Numerous introductions of machine learning into the realm of computer architectures,
both similar and distinct, have sparked our curiosity. This motivation led us to explore

the cache miss ratio prediction problem-solving through the lens of machine learning.

2.3.2 Multi-Layered Perceptron

Via stimuli that happen on receptors all around the body, the human brain can reach
several conclusions about the environment and on what actions to take accordingly.
Inspired by the structure of the human brain, researchers proposed a structure that
would process information similarly to the human brain, by breaking it down into smaller
chunks and understanding the dependencies between those. These structures revolu-
tionized the modern era of computing. Due to their similarity to the human brain, they
were named neural networks and proved to have significant success in understanding
massive data sets.

Just like a physical neural networks consists of neurons, neural networks in artificial
intelligence consist out of many smaller parts, that cooperate to create a system. One of
those many smaller parts is called a perceptron [19]. Perceptrons are so called neurons
that execute one simple function each. They take as input a number of values, say x;

where i € [1, n]. These values get multiplied by a weight, say w; where i € [1, n]. Then the
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Figure 2.2. One perceptron neuron. X; are the inputs to the neuron. Each input is multiplied
by the weights W; on the connecting arrow. Each neuron has one bias b. The output y is
derived by applying the activation function ¢() over the sum of weighted inputs and the
bias.

output is computed by adding all those values together, adding an extra weight b that’s
known as a bias and applying a function ¢ onto the result, aka the activation function.

Meaning, each perceptron neuron derives it’s output from the formula:

Y= @(fox * Wi+ b)

This is a linear equation which can also be described as a multiplication of two vectors
x* wT, where x = [1,x1, X2, ..., Xp], W = [b, Wy, Wa, ..., Wr].

It is clearly visible that the parameters we can control are the weights of the vector w.
These are the parameters that are changed according to the data set to compute the best
possible output and are usually initialized to random float numbers and fitted in training.

Feeding the same data into a large number of perceptrons creates a group of percep-
trons where each neuron will compute a different output according to the value of it’s
weights. All the outputs of those perceptrons are collected and fed into either another
group of neurons or an output neuron that will calculate the final output of the whole
structure, according to their outputs. This group of neurons is called a layer and since it’s
output is not visible to the outside, but fed into the next layer it’s named a hidden layer. If
more than 2 hidden layers exist in a network it is called a deep neural network [20]. Deep
neural networks are particularly interesting in cases of difficult problems, since they de-
tect more similarities and connections between the input data than a shallow perceptron
can with only one hidden layer. This is because the modular function is applied more
times to each data point, discarding for each perceptron layer more unimportant features
of previous layers. Therefore, since the multi-layer perceptron is either way the multiple
application of the above function, the understanding of the data will be more accurate
and more efficient.

Fitting such a network to data is called training and it is the process of changing
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the parameters w’,'{ for each of the perceptrons k in each layer j of our system with the
goal of achieving the least amount of possible error. To train a MLP a process called
backpropagation is used.

Forward propagation is the calculation of the output. Since we are using a MLP where
each neuron applies the function y; = ¢(2L_, x; * w; + b), we just have to substitute x;
and w; with the values of the previous layer. Therefore, if the intermediate values of the
layer j are:

a{c = e(Xi, a !« w’kl + b), k € [1, layer_size], m = neurons of layer k-1.

Or, equivalently:

a = e(@ W), w=[bw, .. wl =1, .. d ]

The first layer a! relies solely on the input layer x and the known weights, therefore we
can calculate it’s values. Then the next layer can be computed and so on, until we reach
an output y (aka a® where L denotes the last hidden layer). The output of the forward
propagation, has a deviation from the real value of y - v and a loss of C(y - v), where C is
a loss function and v the real value.

In the backpropagation step derivatives are being used to fit the values of the weights.

Firstly, if we declare the weighted input of a layer 1 as z!, a derivative of the loss
towards the input can be expanded to:

9Cc _ dc  dat . _dZt . dal 97!

9x ~ dal " dZl " dalT Tttt dzl T 9x

The derivative of % equals to the weights that are used for this layer w'. Additionally,
the derivative %‘: denotes the derivative of the activation function ¢. Hence, the previous
equation can be denoted as:

VxC =V C-(e") - (- (") o (61 - (wh)T

Here, we declare an additional parameter 6' which stores the values after the layer I:

8=V C- (") - ()T - (") - (@Y - (DT - (!

Clearly, &' has a size of the neurons in layer 1. Each one of those neurons gets a value



Chapter 2. Related Work

and that value is interpreted as the contribution of this neuron towards the computed
output and therefore loss. Also this helps in the recursive computation, since we can
express 6! as :

§1 = (1Y - (whHT - 6, and

6 =(e) - vaC

which is computable. Lastly, due to the layer output of layer 1-1 being left when we
differentiate over the weights of layer 1, the gradient of the weights of layer 1 is:

V. C = 8(aHT

As previously mentioned, this whole process is called backpropagation and the ob-
jective is tweaking the weights of our network after each iteration over an object in the

training dataset to give a better result. That is how a neural network learns.

2.3.3 Long Short-Term Memory

Recurrent neural networks are another type of neural network, different from the
previously mentioned MLP. RNNs consist of neurons that perform a feedback operation.
This means that neurons, together with passing their result to the next layer to create
the forward passing, just like the aforementioned MLP networks, they re-feed the output
as input to themselves. This concept has been applied to many areas of interest, such
as handwriting recognition [21] or acoustic modeling [22]. Similarly, we hypothesize
that this method could help our model understand the reuse distances better since the
reuse distances are not incoherent data-points that just exist; they are a sequence where
consecutive buckets have similar access points.

The most known type of RNNs are the Long Short-Term Memory models. These were
introduced in 1977 [23] and has since been used in multiple applications. Goal of these
networks is combating the vanishing gradient problem. This is a problem that occurs in
RNNs where one gradient is applied multiple times and if it’s small it will multiply itself
into insignificance. This is a problem which will cause parts of the network not being able
to fit [24].

LSTM units take as input 3 parameters one being the input step from the input
sequence and the other 2 a cell state and a hidden state. The cell state is the important
one, which holds the information passed to our unit from previous time steps. The hidden
state is the state that holds the output of the previous timestep and that will hold the
output of this timestep once finished.

Each unit of a LSTM network goes through 3 stages in it’s execution.

Firstly, the forget state determines how much of the input state C;_; will be forgotten.
It executes the formula:

Jt = o(Wy - [h-1, x¢] + by)

Basically, this takes into account the h;,_; and x;, then, due to the sigma function,
computes a number between in the range [0, 1] and multiplies the C,_; state with it.

Second phase is the input gate. This is when the new information is being added to
the cell state f; * C;— 1 to compute it’s new value C;. For this purpose, we need to calculate

a G, value from the inputs x, h;—; and a multiplier i; which is going to decide how big the
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impact of the new state will be. The way to do that is just as before, using the respective
functions and weights.

C; = tanh(W; - [he—1. %] + by)

it = o(W; - [he—1, x¢] + by)

Consequently, the current state is computed as:

Ce=fixCi1 + i+ G

Lastly, we have the output phase. To compute an output given an input we’ll just
apply tanh to the cell state and multiply it with a factor that results from the previous
hidden state.

ht = o(W, - [h-1, X¢] + bo) - tanh(Cy)

This is the output h; that will be forwarded to next layers.

2.3.4 Convolutional Neural Networks

Convolutional Neural Networks are a fundamental component of image recognition
and classification. They appear in all sorts of problems involving image classification and
or recognition [25, 26] , but they appear in other sectors as well such as stock market
analysis [27] or NLP [28]. They use a simple yet effective method of tackling the problem
of having too many parameters and limited memory. This method involves convolution
from which the name is derived.

First step, is creating a kernel of a specific size, which holds the weights that we want
to create a convolution with. Then, this kernel is moved over every possible position of the
input matrix and make a convolution between it’s values and the input matrix’s values.
A convolution is simply a sum of the multiplication of each value that is covered by the

kernel times the value of the kernel in it’s respective cell.
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Figure 2.5. Convolution Operation [2]

After a CNN layer a pooling layer is often added [29]. Max and average pooling layers
are the most frequently used. It has been shown that max-pooling layers accelerate
convergence, enhance generalization as well as selection of better invariant features by
[30]. This has also been mathematically proven by [31].

These pooling layers, unlike other layers that have been discussed, have no weight
parameters and aim at lowering the data dimensions. They construct a Kernel of shape
(Kn, Ky) and apply it to the input matrix in contiguous rectangular areas. To each one of
those clusters the function from which the layer takes it’s name is applied, i.e. a max-
pooling layer takes the max from each cluster it covers and an average-pooling layer the

average. This reduces the dimensions of the CNN’s output by (K, K,,) respectively.

2.4 Embeddings

To use the program code as input for our network we will need to convert it into usable
data by a neural network. Embeddings are these representation of objects as vectors. A

function converts an object which is recognizable to a human into a vector of numbers,
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which can be recognized by a program with the least possible loss of data. This method of
representation is used frequently in NLP where each word in the dictionary is converted
into a number and fed into a neural network.

A similar technique has been developed for creating embeddings of code [32, 33]
where the symbols of code are being used to convert a sequence of code symbols into the
embedding vector. Each symbol takes a value from O to N where N is the arbitrary number
of symbols we want to consider (the rest we discard) and this is known as a vocabulary.
Then this conversion of symbols will be used by some mechanism to transform those
arrays of symbols into a vector with the least possible loss of data.

In our case we will be using the IR2Vec [32] for the creation of our embeddings.
IR2Vec is an embedding calculator that has the goal of creating a vector representation as
accurate as possible of an IR file. IR file stands for intermediate representation file. It is
the file that the input code is transformed into by the compiler before it gets transformed
to machine code. In this stage of compilation the code has already been optimized and all
the flags have been applied which makes it the ideal starting point to create an accurate
vector representation of the program.

Via unsupervised learning the authors of IR2Vec created a network that identifies and
represents these IR files accurately. Their network was trained and tested on the SPEC
CPU 17 benchmarks and Boost library. Their experimental outcomes ensure the practical
viability of this network in our problem, since our experimental data also stems from the
SPEC benchmark suites as we’ll discuss later on. Thus, we are going to use this network
and vocabulary as a black box to transform the source code of our dataset. Output of this
procedure is a vector of size 300 which is supposed to give our model vital information

about the proceedings of the program and how to understand the reuse distances.
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Approach and Methods

3.1 Overview

Our goal with this thesis is to predict the cache miss ratios given a program and
a cache architecture. To use a program as input, we need to convert its features into
usable data for our network to predict from. For this purpose, according to StatCache
2.2, we need the reuse distances of each program in our benchmark set. Reuse distances,
as mentioned previously, are the distances between consecutive accesses to the same
address in memory. These distances depend mainly on the program and its inputs; they
vary very little between different architectures and therefore will only be captured once
from each trace of a program. They are going to be stored in a histogram, and one branch

of the network will try to predict the miss ratios using them.

Next, we need to transform the input code into a vector (embedding) so that the
network can retrieve even more information from the input code about the structure of
the program, the flow of data, etc. To predict the cache miss ratios accurately, we need
to interpret the transformed data appropriately. The embeddings vector can be fed into
a dense neural network, so this is what we do for the transformer branch. The reuse
distance histograms, on the other hand, are more complex to understand; a simple dense
neural network is not the most well-suited network to fully understand the complexity of

this problem.

For this purpose, we introduce three different models that understand reuse distances
differently. The first one is a shallow multi-layered perceptron that computes the miss
ratio solely based on reuse distances. Next, we introduce a double LSTM layer and a
CNN network that has the purpose of better understanding the reuse distances given the
neighboring reuse distances. These two networks compute the cache miss ratio better,

using the reuse distances as well as the transformer branch.

Lastly, we introduce a deep MLP that takes as input the reuse distances and embed-
dings, introduces the LLC size as a parameter, and computes the miss ratios for other

cache architectures with the same replacement policy.
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3.2 Experimental setup

3.2.1 Simulator

The initial input data for our system consists of the SPEC 2007 and SPEC 2016
benchmark suites [34, 35]. SPEC are benchmark suites designed to provide a com-
parative measure of compute-intensive performance across the widest practical range of
hardware using workloads developed from real-user applications. These suites are per-
fect to showcase our goal since they provide a large variety of problems and algorithms
covering a wide range of computing tasks.

To simulate these programs, we use ChampSim, a processor simulator aimed primar-
ily at simulating the memory subsystem and branch prediction as accurately as possible
[36]. We use this simulation tool to collect the runtime data that we will need in the
next section. It executes the trace of a program on a simulated machine based on a
given architecture. For this purpose, we use the traces given by the 3rd Data Prefetching
Championship. These traces consist of 2 billion instructions each and cover large parts
of the execution of a benchmark. Each benchmark has anywhere from one to six traces
to its name, each representing a given percentage of its execution. Later on, we’ll use
this percentage as a weight to compute the cache misses of a benchmark as a weighted
average of the miss ratios of its traces.

The cache that suffers the longest miss latency is the LLC. This makes the prediction
for it far more valuable than for other-level caches. Therefore, in our approach, we
keep the lower-level caches invariant. L1D is of size 48KB, associativity of 12 and LRU
replacement policy, and the L2 cache has a size of 512KB, with associativity 16 and LRU
replacement policy. We conducted the simulations mentioned in the next chapters with
a wide range of cache sizes and four replacement policies for the LLC to cover a large set
of real-world architectures. We used the cache sizes mentioned in table 3.1. The LLCs
with sizes of 768KB, 1536KB, 3072KB, and 6144KB are 12-way associative, whereas the
1024, 2048, 4096, and 8192KB-sized caches have an associativity of 16.

Replacement policy LLC size [KB]
LRU 768, 1024, 1536, 2048, 3072, 4096, 6144, 8192
SHiP 1024, 2048, 4096, 8192
SRRIP 1024, 2048, 4096, 8192
Mockingjay 1024, 2048, 4096, 8192

Table 3.1. LLC cache configurations

3.2.2 Dataset

Collecting reuse distances

The collection of reuse distances during run time is pretty simple. We implemented a
reuse distance profiler to be used within ChampSim. It is given an address and a state,

and it calculates the reuse distance. We did this via a simple function that checks the
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last time this block was accessed and increments the reuse distance in the histogram.
Afterward, the data address gets stored for future reuse distance calculations, and we
continue. This implementation is lightweight, since nothing but a few instructions are
added on execution, and effective, since efficient data structures are used, such as hash
maps.

To use this reuse distance profiler, we added it to the replacement policy of L1D that
executes this aforementioned process every n-th time the cache is accessed. This n has
to be small enough to get a representative view of the reuse distances in our dataset, but
not too small, since we don’t want to run the reuse distance profiler for each data access
because it increases processing time. In our case, we use n = 16 accesses. This is a
bit too meticulous for 512k accesses, but we wanted to ensure that the outputs don’t get
affected by this and thus sacrificed some processing time.

The fluctuation of cache misses throughout the execution of the program can be an
issue that negatively influences our estimation. As the program goes through the different
execution phases, the cache miss ratio changes over time. According to the StatCache
paper [1], dividing the profilers’ output into windows with a smaller number of accesses
is the solution to this issue. The rationale behind it is that the number of accesses will be
small enough so that each window’s cache miss ratio is likely to be constant over time.

To accomplish this, we simulated the traces, and for every 512k accesses, we returned
the state of the reuse distance histogram. We noticed that this size works best in our case
since it gives the simulation time to fill part of the caches and still sample the program’s
execution frequently enough to not notice the fluctuation. Now, for each benchmark
trace, we have a number of windows with 512k accesses each. Each window consists of
the reuse distances that occurred within those 512k accesses and the LLC miss ratio that
those correspond to. Let it be known that some traces have far fewer than 512k accesses
within their execution. We used a window for each one of these traces regardless, so that
their data doesn’t get lost, but some of them will result in some problems later on due to
their different scale.

To calculate the overall miss ratio of a benchmark, one has to average the miss ratio
of every window in a trace. This miss ratio is calculated by cache misses/cache accesses
to the LLC over each window’s period of 512k accesses. Then, each trace’s miss ratio
is multiplied by a weight, which represents the percentage of the total execution of the
benchmark that this trace simulates. The sum of these miss ratios multiplied by the
trace’s weight constructs a weighted average, which will be the miss ratio of the whole
benchmark.

As we can see, the average cache miss ratio of all the benchmarks is at 90% for
the smallest cache and keeps gradually getting lower, until 55%. This is an immediate
consequence of the fact that, on average, larger caches result in lower miss ratios since
they can store more information.

To summarize and be more precise, our dataset contains 1 to 373 windows for each one
of the 186 traces that result from 47 benchmarks. Each window contains the histogram
of reuse distances and the cache miss ratios that were captured during 512k continuous

memory accesses during the benchmark’s execution. The cache miss ratios are numbers
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Figure 3.1. Average miss ratio of all benchmarks with LRU replacement policy

in the range [0, 1] based on the simulated values of ChampSim for each one of the LLC
configurations mentioned in Table 3.1. These reuse distances will be the input for the
first branch of our network, and the miss ratios are the real output onto which the output

of the network will be fitted in training and compared against in testing.

Embeddings

Each benchmark’s code needs to be transformed into a form that can later be converted
into an embedding. For this reason, we compiled the SPEC files via clang-16 into IR files.
LLVM IR files are essentially intermediate assembly instructions that are used to create
the compiled code. The compiler options we used to generate these IR files are the default
ones suggested by the SPEC toolchains.

We will be using the pre-trained model of IR2Vec for the transformation of the code into
vectors. With it, we create 47 vectors (one representing each benchmark) of 300 values.
This is the transformer branch of our networks. This helps the rest of the network, via the
program code, understand program properties, which will help compute a more accurate
miss ratio.

IR2Vec generates either one embedding for each function in the program or one em-
bedding for the whole program at once. The benefit of having one embedding for each
function is the precision as to what part of the execution we want to focus on. The

program-wide embedding will convert the whole benchmark into one vector of 300 di-
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mensions. In our case, we do not know the function or the part of the program that is
being executed in each trace; thus, we use one vector that’s the embedding of the whole

benchmark and one only with the main function’s vector for each benchmark.

Train-test split

Another concern is the split of the dataset, into a train and test set, which is not trivial
at all. Our dataset consists of tuples. As described previously, each tuple contains a win-
dow’s reuse distance histogram, miss ratios, as well as the embeddings of the benchmark
that it stems from.

The reuse distances have been selected from one trace file at a time, so all the items
that result from the same trace file will have a similar reuse distance structure. The same
is true for the embeddings; we have collected them from benchmark-compiled code, and
all the trace files that have been produced by the same benchmark with different configu-
rations will have the same embedding file as input. For example, the traces 435.gromacs-
111B, 435.gromacs-134B, 435.gromacs-226B, and 435.gromacs-228B have all been pro-
duced by the 435.gromacs benchmark from SPEC and thus have the same embedding in
each item of the dataset. Due to this similarity, we can’t have items of a benchmark in
the train set as well as in the test set; it would skew our data since the network will have
been trained on this structure.

Our initial thought for the train-test split was to separate 20%-30% of the dataset’s
benchmarks for the test set. But, since our dataset is pretty small, only consisting of 47
benchmarks, separating 20%-30% of the benchmarks for a test set wouldn’t be optimal.
It would result in a test set that is very small and, most likely, not indicative of all possible
programs that the network could face. For this reason, we decided to use a method called
leave-one-out cross-validation [37]. We separate one benchmark at a time and try to
predict its miss ratios with the network trained on the other 46 benchmarks. This way,
we cycle through the 47 benchmarks and get 47 results, one for each benchmark of the

dataset.

3.2.3 Metrics

For training and testing of the networks, we used the TensorFlow libraries in Python.
The processing times for the networks are from our training and testing procedures that
were conducted using an NVIDIA T4 GPU.

We used a mean squared error metric for the training process. This works because,
regardless of the window’s weight in the final outcome, we want the least possible deviation
from its estimated value. It works better than a weighted average (where the weight of a
window will be trace_weight * 1 /windows_per_trace) or a mean absolute error function
because it forces the network to reduce the largest deviations. This, in turn, forces the
overall average deviation to be smaller.

A normalization layer can boost the accuracy of our model.There are enormous de-
viations between the numbers in the reuse distance histogram buckets since they are

reflective of real cache accesses. A simple standard scaler that is being fit on the training
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set proves very helpful for resolving this issue. This one performs a simple transformation
of z = (x — u)/s, where x is our row, u is a row of means, and s is the standard deviation
of each column. Then, we apply this scaler to the train and the test set and continue.
Note that this scaler has to be trained only on the train set to not falsely create better
results. Calculating the standard deviation on the whole dataset could introduce a bias
that would cause the result to be better than the real one in the test set.

The training was done with an Adam optimizer [38], a stochastic method for tweaking
the weights of the networks for optimization. Our learning rate was 0.001, batch size
was 16, and we trained the network for 50 epochs. For these variables, we tried lots of
different configurations and kept this one since it provided the most accurate results.

To evaluate how good a prediction of a network is, we are going to evaluate its absolute
error from the real miss ratio. To compute this, we need to average the output of the
network for each window in a trace. Afterwards, a weighted average over a benchmark
has to be calculated with the trace weight and subtracted from the real value. We’ll refer
to the absolute value of this subtraction as the absolute prediction error. For each one
of the 47 benchmarks in our dataset, an error will be computed with the training set
for the other 46 benchmarks, as explained in 3.2.2. To compare these sets of errors
with each other and with StatCache predictions, we will use a geometric mean. It has
to be mentioned that this way of calculating the overall result of a benchmark loses
some information in the data in the analysis. Some traces’ differences between prediction
and real value vary significantly in some benchmarks, up to 70%. Also, the windows’
difference between prediction and real value can vary within a trace. These differences

are supposed to even out over the multiple windows and traces.

3.3 StatCache calculation

The outputs of StatCache need to be calculated. It is important to have a competi-
tive, state-of-the-art predictive approach that also relies on reuse distance histograms to
compare our results with. Comparing the two will allow us to quantify the effect of using
neural networks as opposed to an analytic approach, given the same input data.

StatCache is a probabilistic approach to the problem for LRU replacement policy, and
its values are obtained by the formula 2.1. When computing this formula, we get a miss
ratio for each one of the windows. After averaging them over each trace and computing
the weighted average over each benchmark, just like before, we compute the predicted
miss ratio for each benchmark. The absolute error deviations of the predictions from the
real values, as depicted in figure 3.2 for the 47 benchmarks, seem to be following a folded
normal distribution. This is expected since the approach is trying to predict the value of
the real miss ratio. Hence, the absolute error of this prediction should be the absolute
of a normal distribution around zero. We’'ll use the geometric mean to summarize the
distributions as one number and compare the outputs with each other. The geometric
mean of absolute prediction errors from the StatCache model is 5.4%, 8.3%, 8.7%, and
8.5% for the caches of sizes 1MB, 2MB, 4MB, and 8MB, respectively.

This folded normal distribution results in boxplots such as the ones shown in figure



3.3 StatCache calculation

3.3. The orange line represents the median. The interquartile range (IQR) represents
25% of the values on each side of the median. The whiskers have a maximum length of
1.5 * IQR and all values outside of this range are considered outliers. All the boxplots of
absolute prediction errors that we’ll discuss in this thesis will have a similar structure for
this problem. The mean is very low and thus we’ll have little boxes and some outliers in

the boxplot.
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Figure 3.2. StatCache’s absolute prediction errors for LRU



Chapter 3. Approach and Methods

Prediction of the StatCache network

80 A

o
o] o}
70 4 o]
o)
o
60 1
o)
o
50 1
_ o] B
R
= 40
(=]
=
w
30 1
201
10 A
0 —T— 1 1 L
T T T T
1024 2048 4096 8192

Cache size [KB]

Figure 3.3. StatCache’s absolute absolute prediction errors.

3.4 Shallow Multi-Layered Perceptron

First, we created a simple MLP to predict the miss ratios solely from the reuse dis-
tances. Reuse distances are enough data to predict such values with high accuracy,
especially for the LRU replacement policy. StatCache predicts the miss ratios with a low
error, only knowing those; therefore, we suppose that there’s enough data to make an
initial prediction and create a first model for it.

The model we created is an MLP with one hidden layer of 512 neurons. It takes
as input the reuse distance histogram and produces four outputs, one for each cache
size (1MB, 2MB, 4 MB, and 8MB). These four outputs are the cache miss predictions of
the network for how the machine with the specific architecture will respond to the given
problem.

Since this is the simplest of the networks that we are going to examine, its training

time is also the lowest. It only needs 1ms/step, resulting in 1 second per epoch.

3.5 LSTM Network

Our quest for a superior solution has lead us down this path of maximizing our under-
standing of the reuse distances. When looking at a reuse distance, it is necessary to take
into consideration the reuse distances larger and smaller than it to reach a conclusion.
For this purpose we will try using an LSTM network.

An LSTM takes as input a series of consecutive values, iterates over them, and com-
putes for each value an output, keeping in a hidden state parameter the values that have

already passed. For our problem, we converted our array of reuse distances into a series
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and fed it into an LSTM network. Thus, the network can compute a value for each one of
the reuse distance histogram’s buckets given the previous values that have passed from
smaller reuse distances’ buckets.

Similarly, we want the network to be able to compute a value for a certain histogram
value given the values that are after it from larger reuse distances’ buckets. For this
reason, we reversed the reuse distance histogram and fed it into a second layer of LSTM
units. For this second layer to act as a continuation of the first layer, the output cell and
hidden state have to be initialized as the final ones from the first one. Now, the second
layer will act as a continuation of the first layer with separate weights.

Originally, the thought behind this network was to utilize attention. This would benefit
us in terms of understanding how important a feature is and where to focus when looking
at the data. With this reasoning, we implemented an attention layer right after the two
LSTM layers to combine them. Attention layers are attention mechanisms inspired by the
human brain’s cognitive attention. They detect the importance of each datapoint within
the outputs via a softmax function [39].

Even though the intuition of using such a network seems correct, the training and
output did not perform as well as expected. Its predictions were slightly worse than
StatCache’s, and therefore we won’t show them. This is probably a consequence of not
having enough training data. The attention matrix is computed from every output of every
LSTM unit within the LSTM layers. This puts an enormous weight on every one of them
and includes too many weights to optimize with training.

As an alternative to that, as depicted in figure 3.4, we opted to use a dense perceptron
layer to understand the outputs of the LSTM layers. A concatenate and a flatten layer
transform the output shapes from the LSTM layers into shapes acceptable to the dense
layer. This dense network understands the problem better and can predict miss ratios
with more accuracy.

For this network, in addition to the reuse distances, we implemented the transformer
branch. We added the embeddings of the code into a parallel layer of perceptrons, input_1
in figure 3.4. The embeddings resulting from IR2Vec are not normalized, so a normal-
ization with a similar scaler as we used for the reuse distances provides us with better
results. Then, we connected all those to the last hidden perceptron layer and, lastly, to
the output layer. All of the dense neural networks use a relu activation function except
the output layer, which uses the sigmoid function since the miss ratio is a probability in
the range [O, 1].

We added some normalization layers in between the small dense layers of the inputs
and the big dense layer of the output. These seem to have a positive impact on the
outcome of the model. Each one trains on the data of the training set and normalizes
the outputs created by the dense neural networks. Layer normalization is beneficial,
even though the input data is normalized, because it enables smoother gradients, faster
training, and better generalization accuracy. We tested all possible placements of these
layers in the network, and the best-performing one was right after the small, dense layers.

As to the specifics of the network, our LSTM layers are of size 4 units each. We

experimented with lots of values for the network in the range 1-16 LSTM units and
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Figure 3.4. LSTM network’s structure. input_1 are the embeddings, input_2 is the reuse
distance histogram and input_3 is the reuse distance histogram reversed (from largest to

smallest)
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discovered that 4 units per layer seems to be computing best.The dense layers right after
(dense and dense_1 in figure 3.4) are of size 128 neurons, whereas the last dense layer
(dense_2) is larger with a size of 1024. The size of the smaller layers doesn’t influence the
precision too much; sizes of 128, 256, and 512 all have similar results. This size of the
larger layer, on the other hand, worked better than other values such as 512 and 2048.

In addition, we use a drop-out layer. This layer randomly sets 20% of its inputs to
zero to prevent over-fitting.

This network is the slowest and most difficult to train network that we’ll introduce. It

trains with an average of 50ms/step or 18 seconds per epoch.
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3.6 Convolutional Neural Network
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Figure 3.5. Conwolutional neural network’s structure. input_1 are the embeddings and
input_2 are the reuse distances.

Convolutional layers exist to help the network identify similarities between features
close to each other that might get lost or overlooked if we use a dense network. Convo-
luting neighboring reuse distances could result in better performance since the input to
the dense layer will be more informative.

Then, immediately after, a pooling layer has the purpose of reducing the dimensional-
ity of the previous output. The convolutional layer has n filters, thus producing n results
per histogram input. The histogram input is a matrix of shape (896,1); therefore, the
output matrix will be ((896 — n)/stride, n). We’re using our max-pooling layer to reduce
those to dimensions horizontally to ((896 — n)/(stride = K), n), where K is the kernel size.

There are alternatives to the pooling layer for reducing dimensions, some of the more
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popular being max and average pooling or using a larger stride. In this problem, a small
stride and max-pooling computed the best outputs, so we used those.

Again, just like in the LSTM implementation, the output of this pooling layer is con-
nected to a dense MLP layer with relu and a normalization layer. The rest of the network
is the same as before.

It is worth noting that, with this network, unscaled reuse distances work best. The
StandardScaler on the unscaled reuse distances that we used previously doesn’t improve
our prediction at all. Quite the opposite, the prediction gets worse because the scaling
influences the output of the convolution; this results in smaller differences between the
resulting values of the convolution and consequently worse understanding. The network
prefers unscaled reuse distances passed through it, which will then be passed by the
first perceptron layer. Then, a normalization layer will normalize the results of this dense
layer, rather than having pre-scaled data. All the possible places to insert normalization
layers, with all the possible combinations, were tried, and simply one layer after the
perceptron produces the best predictions.

As to the specifics of the network, our CNN network consists of filters that iterate over
the input reuse distances with a stride and compute the convolution over a kernel. We
experimented with lots of combinations for these three numbers (filter number, stride,
and kernel size) in the ranges [1, 20] for each number. This testing concluded that the
best combination is 6 filters, kernel size 8, and stride 4. The dense layers right after (dense
and dense_1 in figure 3.5) are of size 512 neurons, whereas the last dense layer (dense_2)
is larger with a size of 1024. The size of the smaller layers influences the precision a little
bit; sizes 128 and 256 have a geometric mean of absolute prediction errors of about 0.5%
less. This size of the larger layer, on the other hand, worked better than other values
such as 512 and 2048.

This network’s training needs on average 6 ms/step or 3 seconds/epoch, which is far

quicker when compared to the LSTM network’s 50 ms/step or 15 seconds/epoch.

3.7 Deep Neural Network

Lastly, we wanted to see if we could create a network that predicts the miss ratio on
any LLC cache size. This has the goal of accurately estimating the miss ratio of each
cache size and, ultimately, showing which is the best cache architecture for a specific
problem. For this purpose, we simulated the traces again, using in-between cache sizes
to create a bigger dataset. This contains the data for LLC cache sizes [768, 1024, 1536,
2048, 3152, 4096, 6044, 8192] KB with the LRU replacement policy.

This network can be used in two separate ways. If we have a program for which we
have the data on one or more machines, we can add it to the training set and predict how
high of a miss ratio it will have with other cache sizes. The second way of using it is for
a new program that hasn’t been seen by the network. This second way will in general
be more useful than the previous three networks since it will be able to predict the miss
ratio for any cache size and not just be restricted to the ones that it has been trained on.

Inspired by the MLP network 3.4, we implemented a deep neural network that is a bit
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Figure 3.6. Deep Neural Network for predicting other cache sizes. input_4 is the size of
the cache, input_5 are the reuse distances and input_6 are the embeddings.

more complicated. For this network, as shown in figure 3.6, we use 4 hidden layers. We
want each layer to make predictions according to the size of the cache; that’s why we feed
the input size to each hidden layer by concatenating it with the output of the previous
layer. Each one of the hidden layers has 512 neurons; the first four use the relu activation
function, and the last one and the output layer use the sigmoid activation function. This
configuration was tested and seemed to have the best results. More hidden layers or more
neurons didn’t compute a better prediction, perhaps due to creating too many variables.

All three of the inputs contain a normalized version of reuse distances, embeddings,
and cache sizes. The reuse distances and embeddings are normalized with the same
method as in other networks. The input size was divided by 512KB, resulting in values

ranging from 1.5 - 16.0 for each one of the caches.
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Experimental evaluation

4.1 Predicting the miss ratio of an unknown application

4.1.1 Predicting for LRU replacement policy

The problem that we are about to discuss is very straight forward to describe. We are
trying to predict the miss ratios of any application that our networks are met with. To
show that we use the aforementioned method of leave-one-out cross-validation where we
separate one benchmark, train the network on the other benchmarks and try to predict
it. This way we will have the best possible prediction for every workload without having
seen it previously.

The search for the most accurate miss ratio prediction has led us to introduce four
models in total: the MLP, CNN, LSTM, and DNN networks. Each of these models repre-
sents a distinct approach to predicting cache miss ratios as accurately as possible. Let’s
compare and discuss the overall predictions of our networks. For this purpose, we will
choose a replacement policy and compare the prediction errors that we have computed
with each one of our networks.

The LRU is the only replacement policy for which we can compare StatCache and the
DNN networks as well. StatCache was invented and works only on the LRU replacement
policy. Our DNN network is probably capable of predicting any replacement policy, but
we would need more data on other replacement policies to confirm that it actually predicts
any cache size. The DNN network that we are going to show results from is the DNN that
has been trained on the 4 cache sizes (1MB, 2MB, 4MB, and 8MB) with the same method
of leave-one-out cross-validation as the other networks.

It is clear that all of our networks outperform significantly the StatCache predictions.
The outliers, the boxes, and the medians of absolute prediction errors in the boxplot of
4.1 are noticeably higher for the StatCache prediction. It is also clearly noticeable that
the geometric means of prediction errors in table 4.1 are clearly worse than any of the
other networks in the three lower cache sizes and equal to the worst for the 8MB sized
cache.

It is also clearly visible that for larger cache sizes, the absolute prediction errors
become larger. For larger cache sizes, the average miss ratio drops drastically. This leads

us to believe that for larger caches, even though it is easier to predict a range where the
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Figure 4.1. Prediction errors of the MLP, LSTM, CNN, DNN networks and StatCache for
LLCs with LRU replacement policy

miss ratios will be, it is harder to predict the exact miss ratios.

The shallow MLP is overall the weakest of our networks. The fact that it is not getting
as much information as other networks, due to it not having the transformer branch,
as well as the worse understanding of the reuse distances, result in larger errors than
the other networks. Its prediction errors have higher medians, larger boxes, and many
outliers when compared to the CNN and LSTM networks’ prediction errors. We also see
that by the fact that it consistently produces the second largest prediction error in table
4.1. The goal of this network was to show that it is possible with a simple MLP to produce
similar, if not better, results than StatCache only using reuse distances. The results

indicate that we have successfully reached this goal.

The other three networks have access to the transformed code of the program, so
their predictions are undeniably better than the ones from the MLP. To analyze their
predictions more precisely, we will inspect the histograms of their absolute prediction
errors 4.2. Since the histograms are similar for other cache sizes as to the shape, we will

only show the ones from the 4MB cache size that are representative.

It is obvious that the prediction of StatCache is worse than any of the other predictions.
Many large outliers, fewer benchmarks close to zero error, and an almost even distribution
in the range of its values make it clear why the predictions of Statcache are worse. The
highest column for all other histograms is the smallest one. The LSTM and the CNN
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Cache size [MB]
Network
1 2 4 8

StatCache 5.4% | 8.3% | 8.7% | 8.5%
MLP 4.1% | 7.2% | 6.3% | 8.5%
LSTM 3.6% | 3.9% | 5.3% | 6.4%
CNN 3.9% | 4.6% | 5.5% | 6.2%
DNN 3.6% | 4.0% | 6.0% | 8.1%

Table 4.1. Geometric mean of absolute prediction errors for the caches with LRU replace-
ment policy.

networks absolute prediction errors have very similar shapes close to zero, with many
benchmarks very close and less further away. What differentiates them is that CNN has
many outliers. This is also visible in 4.1, where the CNN network’s absolute prediction
errors have far more outliers than the LSTM network’s.

Assessing the DNN network’s prediction in comparison to the others is a bit more
difficult. Its absolute prediction errors seem to have a more even distribution within the
range of O to 0.2 with very few outliers. This is slightly worse than the LSTM network’s
absolute prediction errors. When looking at the cumulative boxplot 4.1, its predictions
seem to be better than LSTM’s for smaller values of cache size. The geometric means
for both of these are almost equal. This means that the network has the capability of
predicting cache miss ratios as well as the LSTM network, if not better, for small cache
sizes. This also means that this DNN-structured network has a weakness for larger cache
sizes.

Overall, the best-performing network for all cache sizes with an LRU replacement
policy is the LSTM network, closely followed by CNN. The DNN network has a certain

weakness for larger values, for which it doesn’t predict as well as the other networks.

4.1.2 Predicting any cache size with LRU replacement policy

After analyzing the results of all networks on these four cache sizes, we want to
present the versatility of the DNN network. The DNN network takes as input the cache
size parameter and can understand any cache size’s miss ratio. Therefore, we have the
miss ratios of more cache sizes in the LLC to show that this DNN network can actually
predict them.

In this section, we try to predict any unknown program for any cache size with the
given replacement policy. We have the LLC sizes [768, 1024, 1536, 2048, 3152, 4096,
6044, 8192] KB and replacement policy LRU. We are going to use the method of cross-
validation for our test set, just like in chapter 3.4, where we’ll iterate through the bench-
marks and predict them with a network trained on the other 46 benchmarks. In the end,
we will have 47 predictions, one for each benchmark, with the network trained on all
other benchmarks each time.

For less than 3 cache sizes in the training set, the prediction holds no value since

the network can’t understand the size parameter. When the network is trained on one
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Figure 4.2. StatCache, LSTM, CNN, and DNN absolute prediction errors for LLC of size
4MB with LRU replacement policy

cache size, the size parameter is not changing in the training set, so the network will
just assign random values to it. When two cache sizes are used in the training set, the
network understands it as a binary problem and tries to apply a sigmoid function to it.
This makes the predictions unreliable. So we will show the predictions with 3, 4, and 6
cache sizes in the training set.

The network has been trained with the 1MB, 2MB, and 8MB cache sizes in the training
set. As we can see in figure 4.3, the absolute prediction errors for the lower caches are
very good. The medians are low and steady. There is mostly only one outlier for these
caches, and that is the prediction for the 416.gamess benchmark; its miss ratio is always
predicted to be higher, and it will be miss-predicted in the future as well, for good reason.
This benchmark consists of one trace, which only has 17k accesses to the LLC, which
means that the network reads one window of reuse distances with 17k accesses and tries
to predict the miss ratio of it. The majority of reused distance windows that our network
is trained on consist of 512k accesses. Thus, the network sees the low number of reuse
distances and assumes lots of accesses that only happen once and therefore don’t have
reuse distances. These result in misses (cold misses), and therefore the network computes

a higher miss ratio. We can safely ignore this output since, with a 30x longer simulation,
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Figure 4.3. DNN network’s absolute prediction errors, trained on the 1MB, 2MB and 8MB
cache sizes.

the output would most likely get closer to the real value.

As for the larger LLCs, the predictions are gradually getting worse. The precision of
the network for these caches is significantly worse than the ones from the LSTM network,
as suggested by their geometric means 4.2. The geometric means of prediction errors are
close to those predicted by the LSTM for smaller cache sizes and get drastically worse for

larger cache sizes.

Train-set cache Cache size [KB]

sizes [MB] 768 | 1024 | 1536 | 2048 | 3072 | 4096 | 6144 | 8192
1,2,8 3.0% | 3.1% | 3.8% | 5.0% | 5.8% | 6.2% | 6.5% | 8.5%
1,2,4,8 3.8% | 3.6% | 3.1% | 4.0% | 5.1% | 6.0% | 6.9% | 8.1%
0.75,1,2,4,6,8 | 2.5% | 3.4% | 4.1% | 3.5% | 4.2% | 5.3% | 7.2% | 9.7%
LSTM Network - 3.6% - 3.9% - 5.3% - 6.4%

Table 4.2. Geometric mean of DNN networlk’s absolute prediction errors, trained on different
cache sizes. Together with the LSTM network’s Geometric mean of absolute prediction
errors, for comparison.
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Next, we added the 4MB-sized cache’s data to the training set. Now we have the data
for 1, 2, 4, and 8 MB-sized LLCs in the training set. This means that the network trains

on the exact same data as the previous networks that we introduced.

Prediction of the DNN network
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Figure 4.4. DNN network’s absolute prediction errors, trained on the 1MB, 2MB, 4MB and
8MB cache sizes.

It is interesting how this addition influenced the prediction of the 4MB-sized cache
very little, in the figure 4.4 or in the table 4.2. Apparently, the network could already
predict the miss ratios for the 4MB cache size well enough when trained on three cache
sizes, therefore, the addition of it changed it very little.

This addition helped our network understand some of the smaller caches better. When
first training a network, we trained it only on the 2MB cache size. Only knowing the 2 MB
cache gave us a prediction with a geometric mean of absolute prediction errors of 4.7% for
the 2MB column. It is interesting how the geometric mean of the 2MB-sized cache (row 2
of table 4.2) is lower than the one predicted with only this cache in the training set. This
means that the network gained some insight into the miss ratios of the 2MB-sized cache

from the addition of the 4MB-sized cache to the training set.
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Lastly, we trained the network on six cache sizes: 0.75, 1, 2, 4, 6, and 8 MB-sized
LLCs. This is just to see how the network will behave with such an addition of cache

sizes.

Prediction of the DNN network
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Figure 4.5. DNN network’s absolute prediction errors, trained on the 0.75, 1, 2, 4, 6, 8 MB
cache sizes.

The predictions of this training set in figure 4.5 seem very similar to the previous
prediction’s errors. The sizes and shapes of the boxes in the boxplot are fairly similar to
the one trained with 4 cache sizes. The only difference is that 416.gamess’s predictions
have gotten a bit better for smaller cache sizes, but not enough.

In the third row of the table 4.2 we can see that the prediction of the 768 KB cache got
even better, as well as the prediction for the 2MB-sized cache. Now, the geometric mean
of absolute prediction errors for the 2MB-sized cache is lower than the LSTM network’s
prediction that we mentioned at the start. This means that most likely for any cache
size lower than 4MB this DNN network will have similar results to the LSTM network. It
is also interesting that the geometric mean of absolute prediction errors for the 6 and 8
MB-sized caches has risen. The network focuses more on predicting the small cache sizes

exactly and apparently cannot understand the larger ones as precisely.
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4.1.3 Predicting other replacement policies
SHiP replacement policy

For the other three replacement policies, we only have the prediction errors from
the MLP, CNN, and LSTM networks. The StatCache’s prediction is designed to describe
the behavior of LRU caches, and therefore can’t be applied to other cache replacement
policies. The DNN network is only trained and tested on the LRU replacement policy;
for other replacement policies, we don’t have enough data for enough cache sizes to

accurately evaluate its performance in between cache sizes.
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Figure 4.6. Prediction errors of the MLP, LSTM, CNN networks for LLCs with SHiP replace-
ment policy

Cache size [MB]
Network
1 2 4 8
MLP 5.6% | 7.7% | 9.8% | 8.6%
LSTM 2.7% | 4.1% | 3.7% | 7.6%
CNN 5.3% | 7.3% | 5.8% | 9.4%

Table 4.3. Geometric mean of prediction errors for the caches with SHiP replacement policy.

The best prediction when looking at the prediction errors, figure 4.6, or their geometric
means, table 4.3, is clearly the LSTM prediction. All the means are closer to zero than

any of the others, and the boxplots look better for all cache sizes. The geometric means
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of the network are at least 2% better than the geometric means of the smallest of the
other two networks. They also don’t deviate more than 1% from the geometric means
of prediction errors of LSTM for LRU replacement policy. This means that they have
the same range as the ones predicted for LRU and show the stability of this network
despite the change in replacement policy. The prediction errors from the CNN network
for this replacement policy are very similar to the MLP network’s prediction errors, which
indicates that the CNN network shows some weakness for this replacement policy. This
still raises the question, what makes the LSTM predict so much better than the other two

in this replacement policy.

SRRIP replacement policy

Absolute prediction errors for SRRIP replacement policy
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Figure 4.7. Prediction errors of the MLP, LSTM, CNN networks for LLCs with SRRIP re-
placement policy

Again, the predictions of the LSTM network seem to be the strongest ones. The
prediction errors from the CNN network are better than the ones that we had for SHiP,
looking similar to the LSTM network’s prediction errors. They have smaller boxes in the
boxplot, meaning that the prediction error is pretty stable. Still, the LSTM network’s
prediction errors are better regarding means and geometric means. What is also worth
mentioning is that this is the lowest geometric mean of prediction errors that we have had
for the 8MB-sized cache.
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Cache size [MB]
Network
1 2 4 8
MLP 5.7% | 8.0% | 8.6% | 9.3%
LSTM 3.1% | 4.6% | 5.5% | 5.7%
CNN 4.7% | 5.2% | 6.4% | 7.4%

Table 4.4. Geometric mean of prediction errors for the caches with SRRIP replacement
policy.

Mockingjay replacement policy

Absolute prediction errors for Mockingjay replacement policy

o B MLP
70 7 o Em STM
BN CNN
60 - o
Qo
50 - o o
o) 04 90 o
— O CJ O
£ 40 - o o
- o O
g
w 30 -
20 1
10 - i
0 .
1024 2048 4096 8192

Cache size [KB]

Figure 4.8. Prediction errors of the MLP, LSTM, CNN networks for LLCs with Mockingjay
replacement policy

Lastly, there is the Mockingjay replacement policy. Just like before, the MLP network
is clearly worse than the other two networks in predicting the caches with this replacement
policy. The LSTM network outperforms the other networks significantly. Every box in the
boxplot of prediction errors from the LSTM network is smaller, lower, and has a smaller
mean than the others.

Mockingjay is a cache replacement policy that relies on reuse distances. It tracks
them, calculates the likelihood of reuse, and then decides if an object will stay in the
cache. This would lead us to the conclusion that a process such as a double LSTM layer

helps the network understand reuse distances better and how the cache will behave with
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Cache size [MB]
Network
1 2 4 8
MLP 6.2% | 7.8% | 9.0% | 8.8%
LSTM 4.9% | 3.6% | 5.3% | 6.2%
CNN 5.3% | 6.2% | 7.6% | 8.3%

Table 4.5. Geometric mean of prediction errors for the caches with Mockingjay replacement
policy.

this replacement policy. But the LSTM network doesn’t predict Mockingjay significantly
better than any of the other replacement policies. This leads us to believe that there is

still room for improvement when it comes to this network.

4.1.4 Benchmarks

This section of the thesis aims to dissect and compare the outcomes of the aforemen-
tioned networks. We are going to compare and discuss the strengths and weaknesses of
our networks, on individual benchmarks. Let’s begin this result comparison by assessing

the predictions of our networks for one specific benchmark.

Prediction for 416.gamess, with Iru replacement policy

100
—8— Simulation
-@- MLP
. LSTM
80 1 +""::“-.L —4- CNN
i\h*____'___“___“_ _______ _
— BRRDD ST
.E'E. 60 M—h‘-‘*
i=]
+—
1]
o
i
IE 40 -
L L & 9
20 A
O T T T T
1024 2048 4096 8192

Cache size [KB]

Figure 4.9. Network predictions for 416.gamess with LRU replacement policy.

Foremost, let’s address the most miss-predicted benchmark in our dataset. The
416.gamess benchmark consists of one trace with 17k accesses within it. The major-
ity of windows that our network is trained on consist of 512k accesses. When confronted

with a window of this size, our network assumes that most of the accesses that happen
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are cold misses, and as a result, they don’t have reuse distances. Therefore, the predic-
tion is much higher than the actual value. As we can see above, in figure 4.9, the three
first networks predict a much higher miss rate than the actual. This type of benchmark
can be safely ignored since, with a longer simulation, the result will be more accurate.

Moving onto some of the worst-predicted benchmarks by all of our networks. In figure
4.10 we are presenting three of the benchmarks for which we have the largest deviations
between the predicted and the simulated value. These three benchmarks are 401.bzip2,
434.zeusmp, and 456.hmmer. All of them are highly intensive programs with millions of
accesses each. We show the outputs of our networks for the four replacement policies.
For LRU, since we depict separately the predictions of StatCache, MLP, CNN, and LSTM
from the DNN networks to preserve clarity. The DNN predictions (plots d, e, and {) are
labeled as DNN-i, where i is the number of training cache sizes of the network. We also
show the predictions from the DNN-1 and DNN-2 networks, to show that their predictions
indeed are unreliable. It is clear to see that all the DNN-1 networks are random, and that
is because the network doesn’t understand the size parameter, since it was trained on
only one size parameter.

The 434.zeusmp is a program that simulates astrophysical phenomena based on the
ZEUS-MP computational fluid dynamics code. It is clear that the prediction from Stat-
Cache for this benchmark is the only one that is lower than the actual simulated miss
ratios. All the predictions from the networks that we proposed seem to agree that the
miss ratio should be significantly higher than the simulated one. Even though this holds
true for most networks, LSTM seems to have made a valiant attempt at closely predicting
the miss ratio for the Mockingjay replacement policy (plot m).

401.bzip2 is a compression algorithm that compresses a range of files throughout
its execution. StatCache’s prediction for this benchmark is very accurate, beating our
networks by quite a bit. The misprediction of our networks for this benchmark is not as
bad as for the other two benchmarks. The prediction of miss ratios is always accurate for
the smallest cache size, and then as the cache sizes get larger, it deviates.

Lastly, the 456.hmmer file is a computation of profile Hidden Markov Models to do
sensitive database searching using statistical descriptions of a sequence family’s con-
sensus. Again, the prediction of Statcache is far better for this benchmark. The steep
drop-off in miss ratio for large cache sizes seems to confuse our networks, since they
always predict higher for the larger cache sizes, even though for the smallest ones they
get it correct. It is interesting how the DNN network (plot f) creates seemingly the same
prediction shape when it is trained with 1, 2, or 3 cache sizes, upwards of the fourth. On
the other hand, it seems to understand the shape of the benchmarks better and move to
overcome it. The LSTM also seems to have the correct shape when compared to the other

two networks, but it doesn’t quite seem to understand the steepness of the curve.
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Prediction for 434.zeusmp, with LRU replacement policy

Prediction for 401.bzip2, with LRU replacement policy

Prediction for 456.hmmer, with LRU replacement policy
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Figure 4.10. Some of the worst benchmark to predictions.
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Figure 4.11. Some of the best benchmark predictions.

Some of the best predicted files are shown in figure 4.11. This time, the predictions
from the networks are very close to the simulation’s cache miss ratios. The three bench-

marks that we show have some of the best predictions from our networks. These are
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obviously not all the benchmarks with good predictions, just some that are indicative.
It is interesting how, for almost all of these predictions, the best prediction is the one
from the LSTM network. It understands these problems almost perfectly, having minimal
deviations from the real values. Furthermore, it really shows how a better understanding
of the problem applies to the prediction.

The CNN and MLP overall seem to have small deviations from the simulation’s values,
larger than the ones of the LSTM network. The DNN network seems to understand the
problem as well, and with more data, the predictions get better as well. Again, we have
the untrained DNN-1 plot that visibly doesn’t understand the size parameter.

Lastly, StatCache is outperformed significantly on those predictions. The predictions
of StatCache are not bad for all of those benchmarks. They may be bad for the 458.sjeng
benchmark, but for the other ones, the predictions from our networks are far more accu-

rate.

4.1.5 Conclusion

In conclusion, the LSTM network consistently predicts the most precise results of the
networks we proposed. As we can see in figure 4.12 its absolute prediction errors are
just as good as for any replacement policy. Its results showed that it can predict any
cache size that it is trained on consistently with very low geometric means of prediction
errors. It also showed that it is very consistent in its predictions, as the geometric means

of prediction errors in table 4.6 don’t vary too much on different replacement policies.

Replacement 1MB oMB 4AMB 8MB
policy

LRU 3.6% 3.9% 5.3% 6.4%
SHiP 2.7% 4.1% 3.7% 7.6%
SRRIP 3.1% 4.6% 5.5% 5.7%
Mockingjay 4.9% 3.6% 5.3% 6.2%

Table 4.6. Geometric mean of LSTM network’s absolute prediction errors

A simpler and less costly alternative to it is the CNN network, which has the capability
to predict very accurately and is much faster to train, with about 20% of the training
time of the LSTM. But it is also inconsistent for some replacement policies, with similar
predictions to the MLP, which is not optimal. The DNN network shows the most potential,
since it has the best predictions for lower cache sizes within the LRU replacement policy,
but still has room for improvement on the larger caches. Overall, these results emphasize
the different intricacies of the problem and show that it is indeed possible to predict it

accurately.

4.2 Predicting the miss ratio of a known application

Lastly, there is another usage that we can have with this network. Suppose we have

a few machines in place that have a specific architecture. We want to predict how a
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Absolute prediction errors of the LSTM network
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Figure 4.12. LSTM Network’s absolute prediction errors

program that has been executed on these machines will behave when being executed by
machines with the same replacement policy and other LLC sizes. To model this use case,
we will use the simulations of the benchmark suite for some cache sizes and move the
others to the test set. This way, it will be like having machines with the LLC cache sizes of
the training set and LRU replacement policy and predicting the miss ratios for the cache

sizes within the test set.

For this problem we will be keeping all the benchmarks for some cache sizes within
the training set. Then, the network will be trained on these cache sizes and try to predict

the miss ratios of all other cache sizes.

Firstly, we moved the data for one cache size from the train to the test set to see if and
how well the network can predict it based on the rest of the benchmarks. More precisely,
the test set consists of the column for cache size 3MB and the train set of the other 7
cache sizes [768, 1024, 1536, 2048, 4096, 6044, 8192] KB.

The predictions are way better than any other network could make. The geometric
mean of the above errors is 0.9%, as shown in the last row of table 4.7. The geometric
mean of LSTM’s absolute prediction errors previously predicted for LRU are 3.9% and
5.3% for the two neighboring cache sizes of 2MB and 4MB, respectively. This means that
this prediction is undeniably far better than the best prediction we had until now. It was
expected that this result would be good, since the network has a very large dataset to

train on and can understand the problem very well.
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Prediction of the DNN network
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Figure 4.13. DNN absolute prediction errors for 1 cache size, trained with 7 cache sizes’
Miss ratios

This result is a good indicator that our network is suitable to predict this kind of
problem. It also begged the question of how few cache sizes are needed in the training set
to have an accurate prediction, since simulating seven cache sizes to predict the eighth

is not a realistic problem.
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Train-set cache Cache sizes [KB]

sizes [MB] 768 | 1024 | 1536 | 2048 | 3072 | 4096 | 6144 | 8192
1,2,4,8 1.4% - 0.8% - 0.9% - 1.1% -
0.75,1,2,4,6, 8 - - 0.8% - 0.8% - - -
0.75,1,1.5,2,4,6,8 - - - - 0.9% - - -
LSTM Network - 3.6% - 3.9% - 5.3% - 6.4%

Table 4.7. Geometric mean of DNN network’s absolute prediction errors.

The immediate next step towards answering this question is to remove another cache

size and observe how the predictions’ error behaves.

Prediction of the DNN network
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Figure 4.14. DNN absolute prediction errors for 2 cache sizes, trained with 6 cache sizes’
miss ratios

The geometric mean for the two columns of sizes 1.5MB and 3MB is 0.8% and 0.8%,
respectively. We can see that these geometric means are just as good as the ones we
observed before.

It is clearly visible that, for each cache size, there is one by far worst predicted bench-
mark. This is the prediction for the benchmark 416.gamess; its miss ratio is always
predicted to be higher, and it will be miss-predicted in the future as well, for good reason.
This benchmark consists of one trace, which only has 17k accesses to the LLC, which
means that the network reads one window of reuse distances with 17k accesses and tries
to predict the miss ratio of it. The majority of reused distance windows that our net-
work is trained on consist of 512k accesses. Thus, the network sees the low number of

reuse distances and assumes lots of accesses that only happen once and therefore don’t
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have reuse distances. These result in misses (cold misses), and therefore the network
computes a higher miss ratio. We can safely ignore this output since, with a 30x longer
simulation, the output would most likely get closer to the real value.

Lastly, we keep the four most likely LLC caches that a real architecture will have and
try to predict the other four values. Namely, we keep the LLC caches of 1024, 2048,
4096, and 8192 KB in the training set and try to predict the behavior of the benchmarks
that were simulated with 768, 1536, 3152, and 6044 KB sized LLCs. With this input, we
compute similar results as previously. The scale of the geometric means in the third row
of table 4.7 is similar to the one for the six cache sizes in the training set.

We can observe in 4.15 that the outliers’ errors still persist. It is also worth mentioning
that the prediction for 768 KB LLC is clearly, but not a lot worse than the other three
predictions. This is a result of it not being in between the cache sizes that have been
seen by the network. For example, the network knows the output for 1MB and 2MB sized
caches, and therefore it can better understand how a machine would behave for a 1536
KB sized cache. For the 768KB, it is more difficult to extrapolate the behavior of the
program, and therefore the errors rise. This error is still much lower than the best error

we had by predicting the 1MB-sized cache previously.

Prediction of the DNN network
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Figure 4.15. DNN absolute prediction errors for 4 cache sizes, trained with 4 cache sizes’
miss ratios

Again, having less cache sizes in the training set doesn’t make sense, therefore we
won’t show them.

Overall, it is clear that with this usage, the network predicts the problem with utmost
precision. The predictions are undeniably better than any other predictions made before
without knowing the problem. The downside of this network is that it needs to be executed
and trained on all of these different cache architectures. So it is application-specific if
this is worth it.
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Conclusion

5.1 Concluding thoughts

In this thesis, we introduce a number of machine learning networks that offer solutions
for the problem of predicting miss ratios on different cache architectures. Knowing the
cache miss ratios of a program on different architectures is important since it lets the
user know what is the best machine to execute said program on. Simulating a process
is a difficult and time-consuming process, and skipping it through a prediction is a very
efficient solution to this problem.

We introduce four machine learning networks that understand the problem in their
own unique way. Inspired by StatCache’s already-existing probabilistic approach to this
question, we decided to use the same data that it uses for its predictions to train and
evaluate a machine learning network. First, a simple MLP network shows that it is quite
simple to predict the network as well as the StatCache probabilistic method. This network
is based on the reuse distances of one execution of the program and applies to any cache
size and any replacement policy. It predicts the miss ratios of any program with any
replacement policy with a geometric mean similar to the one that StatCache introduces.

The path to understanding the input data as accurately as possible led us to intro-
duce two new networks. Together with the NLP embeddings of the programs as input,
these try to understand the reuse distances differently and thus compute more accu-
rate predictions of the problem. The first one is the LSTM network, which, as the name
suggests, understands reuse distances via an LSTM layer. This network is the most
time-consuming to train, but it produces the best results of all our networks by far. It
produces stable, accurate predictions of miss ratios for any replacement policy and cache
size that it is trained on. The CNN network takes the reuse distances as an input to a
CNN layer that has the purpose of understanding the reuse distances via a convolution
of the values within proximity. This network is significantly less costly to train but has
the downside of not being as accurate as the LSTM network. Its predictions are mostly
slightly less accurate than the LSTM network’s predictions, but for some replacement
policies, such as the SHiP, they are even worse, similar to the MLP network’s predictions.
These two networks are the essential steps that this thesis takes towards understanding
this problem accurately.

Lastly, we introduce a deep neural network that works for any cache size. This one,
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just like the previous ones, uses reuse distances and the embeddings of the code to
understand the problem. The difference is that this one uses the cache size as input and,
as we have shown, is able to understand the problem for any cache size. This network
that we propose is very strong for smaller cache sizes, but has a slight weakness for
larger ones. This network also produces highly accurate results if it already knows the
real value of a problem for some cache sizes, and then it can predict any cache size’s miss
ratio with unseen accuracy. This network can be a stepping stone for further research in

the direction of similar architectures that understand the problem better.

5.2 Discussion

The preceding result section, introduced a comprehensive analysis of the empirical
data gathered in this study. This discussion section aims to get a deeper understanding
of the significance of these results in connection with the broader context of machine
architectures. By examining these findings through various lenses, this section seeks to
elucidate their meaning, significance, and potential impacts within the realm of computer
architectures. Furthermore, this discussion will critically analyze the implications of
these results in relation to existing literature, aiming to contribute new perspectives and
avenues for further exploration within the field.

The models that we propose in this thesis challenge the outputs of previous prediction
mechanisms that have been the best estimations of this problem. They prove to be better
than the predictions of StatCache by a significant margin, and also predict the output of
any replacement policy. This means that the prediction of cache misses on a machine
can now be described as a matter of training a machine learning model on a machine’s
outputs and letting it predict the miss ratios. The introduction of such a network would
not only simplify the process of deciding what is the best architecture for a problem; it
would also skip lots of hours of processing or simulation time.

To further contextualize these findings, it’s imperative to consider the broader fac-
tors that might influence our networks. The introduction of custom-made traces for the
benchmarks, and together with that, the embeddings of the specific part, could influence
our results a lot. Anetwork’s prediction, that knows what part of the program is executing
in each trace, can improve the predictions from these networks significantly. Additionally,
avenues for further exploration could be made towards data that results from parallel pro-
cessing or data from real machines. Predicting the miss ratio of processes executing on
multiple cores within a machine will introduce much higher difficulty to the problem and
should be a subject for further exploration. The data that we used for this thesis is the
data produced by a simulation program. It would be interesting to see how these results
compare with the networks trained on a real machine, since each has its own difficulties.

Additionally, there is potential for improving our networks. As discussed previously,
the LSTM and CNN networks show potential to have even better results. An introduction
of more benchmarks to the dataset or a significant change in their architecture could
improve their predictions even more. The DNN network is a network that hasn’t been

explored to the same depth as the other networks by us. Different network architectures
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and implementations could reduce its errors significantly. It could even be expanded to
have an additional input, the cache miss ratio of one execution on a cache, and then
make estimations for other cache sizes.

In summary, the in-depth analysis and interpretation of the findings presented in this
discussion underscore the complexities inherent in predicting cache misses. Ultimately,
this study stands as a stepping stone in the continual quest to unravel the complexities
of computer architecture, encouraging further scholarly inquiry to advance our under-
standing of this field.
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IlepiAnypn

Agbopévng g avgavouevng Sagopag otnv taxutnta enegepyaciag petaly mg KUplag
pvhung kat g KME, o poAog tewv kpudpov pvnuev tng KME oty eriteudn tng péyiong du-
vatng taxvtntag eneepyaoiag ivat 1000 onpaviukog 6co note dAdote. Kdbe npooBaon otnv
KpU®r) pvhiurn rou dev Ppioketl ta debopéva mpérmet va Kael v KUpla Pvipn, XProtonot-
wviag 6exadeg, av o1 ekatovtadeg, KUKAOUG tng punxavng. H mpoBAsyn ng oupnepidpopdag
plag Siepyaoiag mptv ano v EKTEAECT] TG O H1APOPETIKEG APYITEKTOVIKEG KPUPIG PVIING
eivat éva onpavuko épyo. ®a Pondrost va kabopiotei rolog enegepyaotris Sa Asttoupyrioet
KaAuUtepa yla €va mpoypappa 1 neg va katavepndei BéAtiota n unoloylotiky oyxug. O
ApPe00g OTOX0G auTrg g 61atpiBrig eival va mpoteivel éva POVIEAO PNXaviKhg pabnong mou
9a mpoBAéretl pe 600 10 Huvatov peyadutepn akpiBela Ti§ aoTtoyieg otV KPUQr) PVHIL £VOS
TIPOYPAPIATOG, AVAAOYd ATTOKAEIOTIKA € TV APXITEKTOVIKY TG KPUGPLHS PUVHHNG, TOV KOO1-
Ka TOU IPOYPAPHATOS KAl Td 10TOYPAPpata TV Aarootdoeny enavaypnotpornoinong. a
MV eriteudn autoy tou oTtOX0oU, MPOTEIVOUPE évav aplOpo HOVIEA@V PETACKIHATIOIOV TTOU
ouvbUuddouV TOV PNETACKHATIONEVO KOSIKA £10060U pe TANpodopieg péoa ota 1otoypappata
ATIO0TACER®V ETTAVAXPTO1HOTION0NG KAl EKTIHOUV TO TI0000TO ACTOX10V Kpudpng pvhipung. Ex-
nadevoape Kat H0KIPACAPE autd td PoviEAa pe npooopowwpieva dedopéva Katl mapnyape
nipoBAEWelg VYPnAng akpiBelag yia peydado apiBpd MOATIKGOV AVIIKATAOTAONG KAl PEYEOmV
Kpuong pvhpng LLC. Autd ta diktua pmopouv va AEtoupyrjoouv oG €va XPHotpo epyaleio
otnv npoBAsyn g KPUPING PVIING KAl PITOPOUV va XPNotponotnfouv os IPAYHATIKEG 1i1)-
XAaVEG og PEAAOVIIKT] Epeuva.

A£Ee1g KAe1614 : APXITEKTOVIKY] UTIOAOY10T®V, Aotoxieg Kpudng pvAung, Mnxavikn padnon,

Neupwvikd diktua
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Abstract

Given the increasing difference in processing speed between the main memory and
the CPU, the role of CPU caches in achieving the maximum possible processing speed
is as big as ever. Every cache access that doesn’t find the data has to invoke the main
memory, using tens, if not hundreds, of machine cycles. Predicting the behavior of a
process prior to execution on different cache architectures is an important task. It will
help determine what processor will work best for a program or how to distribute compu-
ting power optimally. The immediate goal of this thesis is to propose a machine learning
model that will predict as accurately as possible the cache misses of a program depending
solely on the cache architecture, the program code, and the reuse-distance histograms.
To achieve this goal, we propose a number of transformer models that combine the tran-
sformed input code with information within the reuse-distance histograms and lead to an
output cache miss ratio. We trained and tested these models with simulated data and
produced high-accuracy predictions for a large number of replacement policies and LLC
cache sizes. These networks can act as a useful tool in cache prediction and may be used

on real machines in future research.

Key words: Computer architecture, cache misses, machine learning, neural networks
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Ke¢paAaro ﬂ

Ewcaywyn

Ag epBabuvoupe ot duvapikn opaipa OIoU 1 APXITEKTOVIKI] £VOG UTIOAOY10Tr) Oev givatl
anm\®g €va oxEd10 adAd €vag KataAutng, TIOU aoKEel TEPAOTIA EMTIPPOT) OTA ATIOTEAEOPATA TV
ermbooewv. ATO TOV IEPIMAOKO X0PO TWV EMELEPYAOTOV £0G Ta Satdadwdn povorndtia g
PvNung, Kabe apXITEKTOVIKI] ITTUXT EVOPXNOTPWVEL Hild oUupd@via ou kabopidet v taxutn-
1a, TV arodoTKOTA KAl T HETaoXNPatiotiky duvapun v uroloyotov. H katavonon
autrg g repindokng aAAnAenidpaong avoiyel Tig MOPTeS yia v arteAsubBEpwon anapdpii-
Aev duvatotfov anodoong, avadlapopdevoviag To PnPlako TOrmo HPeE pia apXTEKIOVIKN
Kawotopia ) @opda.

Katd ) 6laniotwon tou KopBikoU poAoU TG APXITEKTOVIKIG UTOAOY1OTOV otr Siapop-
(POOT TOU TOTTOU TeV eTdO0E®V, £1val EMITAKTIIKY AVAYKI) VA AVAYVOPICOUNE TiG TIEPITTAOKES
duvapikég miom and autr) v eEXVOAOYIKY oupdevia. H apX1teKtoviki) UTIOAOY10T®V UTEp-
Baivel to podo evog amdou oxediou- xpnolpevel g 0 akpoymviaiog AiBog rmou urnayopeust
MV arnodotkotnta Kat 11§ Suvatotnteg g ouyxpovng minpodopikng. I'a va katavorjoou-
pe tov Babu avikiuno g, €ival anapaitnto va eSeTdooUE TV TIEPITAOKT] EVOPXIOTP®OT)
TV EMESEPYACTMOV KA TRV POVOITATIOV PVIHING, dlepeuvaviag rog KABe apXIIEKTOVIKY| ITTUXH
evappovidetatl yia va kabopioel tnv 1ayVInia, Vv ArnoteAeopatikoIa Katl 11§ HETaoXatt-

otKEG Suvatdtnteg oto YPndplako redio.

H adidxkorn embindn taxUtep@v Kal arodoTtKotepV ereiepyactov eival pia totopia
OUVEXOUG KAWVOTONIAS KAl TEXVOAOYIKLG TPoddou. Amod v arnapyn g MANPOPOPIKNG, 1
avadntnon g Taxutntag 0dnynoe T0ug PNXavikoug Katl ToUg EMOTIHOVES va §lieupuvouy ta
opla ou ediktou. Apxikd, ot KME kataokeuddoviav pie ) Xpron Paoikev NAEKIPOVIK®OV -
Eapuatev. Qotdoo, kabmg n texvodoyia egeAtoodtav, ota 1éAn tou 2000 al®va onueldnke
Ha pvnpewdng addayn pe v €AEUOH TOV OAOKANPOPEVEOV KUKAGUATOV KAl TOV HIKPOE-
nie€epyaotov. O vopog tou Moope, mou datunabnke arod tov cuvibputy) g Ivied Topbov
Moope 10 1965, ripoéBAeye Tov SimAactacpo 1ou ap1Bou TV IPaviiotop ot £va TolT TIEPITToU
KAaOe &vo xpovia. H apxr) autr) €yve kateubuvirpla §Uvaurn, odnyoviag tig @idododisg g
Blopnxaviag yua taxeia npoodo. Me v niapodo tou Xpovou, n diadikaocia KATAOKEUNS U-
nEoty onpaviikeg Bedtiwoetlg, petabaivoviag anod peyaAutepa Ipaviiotop o€ PKPOTEPd, IO
UKkvda toroBetnpéva, odnywviag o au§npéveg tayutnieg eneepyaoiag Kat PeAtopévn amno-
Sotkotnta. O1 KAOTopieg oty TEXVOAoYia TV NUIAYRY®V, OMKS 1] AvAITtugn tout pe Bdao
10 TUPITIO, 1] £10AYRYT] TTIOAUTTUPT VOV EMECEPYACTOV KAl 1] PEATI®ON TOV APXITEKTOVIKGOV PECW®

g eréviuong owANveVv Kat g rapdAAnAng eneepyaoiag, unrpiav KaBopiotikng onpaciag
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yla mv adidxornn nopeia mpog taxutepoug enegepyaotés. ErmurmAéov, ot mpoodot otnv eru-
Ot T®V UAK®V, T vavotexvoloyia kat tig pebodoAoyieg oxediaopol tewv tout ouvéBadav
ouldoyika ot ouveyxn e§éAidn twv KME, 1po@odotmviag iia ermoxr] UTOAOYIOTIKLG 10XU0G
mou ouveXilel va enavarpoabilopidel ta 0pla TV TEXVOAOYIK®OV dUvaToTTOV.

Ot KPUQEG NVIHIES ETESEPYAOTE] XPIOIHEVOUV OG £vag KPiollog pnXaviopdg ya my ap-
BAuvon tev onpeiov oupgopnong otig ermdooelg, EAAXIOTOMOI®VIAS TOV XPOVO TOU XPpelade-
Tal 0 ene§epyaotng yia v mpooBaorn oe ouyvda xpnotporolovpeva debopéva. ‘Otav pa
CPU ektelel Asttoupyieg, avaktd ouvexodg dedopiéva Kat eviodég amo tn pvhpn. Qotdoo,
n npooBaorn oe dedopéva ameubeiag and v KUpPla PVIHn WPIopel va ivatl oXetka apyr
Aoyw g dlagopdg taxutntag petagy mg KME kat tng pviung. Ot KpUugEg pvijeg evepyouv
®g evd1apeoog uwnAng taxutntag petasu tng KME kat tng Kuplag pvhpng, anobnxkevoviag
b6edopéva kat eviodég otig omoieg yivetat ouyvr nipooBaor. Me 1oV TpOmo auto, PELDVOUV
Vv KaBuoTEPnon otV avAakinon MAnPopopiev mou arattovvial and mv KME. 'Otav o e-
negepyaotng xpeladetal debopéva, eAéyxel mpota tv Kpudrn pvhaun. Edv ta anatovpeva
dedopéva Bpebouv otnv kpudr| pvhun (cache hit), propet va yivel mpooBaon oe autd oAU
o ypryopa armo v avdakinot] Toug amnd v o apyn Kupta pviapn. Me tov tpdro autd
Aro@eUYETAl 1 AVAYKI] avapovhg yla dedopéva amod v Kupla Pvhiprn, PE anotédsopa va
apBAuvetal i Suoxépela emdooewmv OV MPOoKaAAsgital and v Kabuotépnon npooBaong ot
pvnun. Ot anoteAeoPaTIKA XP1O1H0IIOI0UHEVEG KPUGEG PIVIHES BeATioTOTIONUV TV artodoon
g CPU pewdvoviag tov Xpovo adpavelag, ertpernoviag taxutepn npooBaon oe Sedopéva kat
BeAtiwvovtag tn 0UVOAIKY] artodooT) TOU CUCTAPATOG 08 H1APOPES UTTOAOYIOTIKES EPYAOIES.

Ot aotoyieg otV KUy PV IIPOKAAOUV ONIAVIIKEG XPOVIKEG IOWVEG OTLG UTIOAOY1-
otkeg pogg epyaoiag. 'Otav n CPU avalntd Sedopéva mou dev eivarl anmobnkeupéva otnv
KPU®I] UVAHN, MPOKAAsital actoxia otV Kpudr] Uvhlr, YEYovog mou wbel Tov enedepyaots)
va 61aKOYEL TNV EKTEAECT] TOU, EVE AVAKTIA TI§ ATTAITOUHEVES TTANPOPOPIEG ATIO TV IO ApYH
KUpla pvAun. Auth) n petdBaon petady g Kpudrg PVIIng Kat tng KUplag PvHIng rpoKda-
Ael a§loonpeiot kabuotépnon AOy® g ONUAVIIKIG dlapopdg taxutntag HETaiy autev Tev
emmedev pvrpng. Autr n kabuotépnor), rmou ovopdadetal ovr) actoxiag otn Pvipin gagne,
éxel g anotédeopa Sexadeg, av ox1 ekatoviadeg, adpaveig KUKAOUG eregepyaotr), mape-
prodidovtag v opaAr] eKTEAECT TRV EVIOA®V KAl Sucyxepaivoviag ) OUVOAIKY arnodoor) tou
ouotpatog. Qg €K TOUTOU, O EVIOIIONOS Kat 1 §1aAeUKavaorn TV ONPEiOV oUPPOPNoNg TRV
€MOOOEMV TTIOU TIPOKUITTOUV AIo TI§ ACTo)ieg TG KPpUudhng Pvhpng eival {®tkng onpaociag.

H mowilopopdia ota oxédia, ta peyedn, TG oTpATNYIKEG AVIIOTOIX10NG, TIS ITOALTIKEG
AVTIKATAOTAOTG KAl TG TEXVOAOYIKEG £8§edi§elg petalu tov S1a@oprv eMESEPYAOTOV E£XEL G
arnoteAeopa H1aPopPETIKEG CUPTIEPIPOPES AOTOX1AG OTNV KPUPIH] PV, YEYOVOG IToU Kabilota
anapattn v e&€taon v 161aitep®V XapaKInploTKOV KAOe apXIIEKTOVIKES EMESEPYAOTE)
Katd v avaduorn g anodoong g Kpupng Pvinpng.

H oupnepipopd 1@V aotox1ov tng KPUPrg PVIInNG UIOpel va KUPAIVETAL ONAVIIKA -
1afu Sagpopetikov KME A0ym tov 51apoporotfjoemy oty apXlteKtoviky, 10 peyebog, tnv
0PYAV®OOI KAl TG MOATTIKEG TpdoBaong g Kpudng pvhpng. Atagpopetikég KME pmopet va
XPNOOTIOI0UV H1aPOPETIKEG OXEDIATEIG KPUPT|G PVIING, OTIOG S1apOpETIKA eMTineda KpUPr§
pvnung (Al, A2, A3), peyébn Kpudng PVNING, CUCXETIOTIKOTTA, TTOAITIKEG AVIIKATACOTAONS

KAl OTPATNYIKEG TIPOPOPTMONG. AUTEG Ol APXITEKTOVIKEG ATTIOKAIOE1G UITOPOUV VA ETNPEACOUV
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TOV TPOIIO [ TOV oroio oupBaivouv Ol actoXieg OtV KPUQL PV Katl T enakoAoubesg
KUPWOELS TOUG.

ErurAéov, ot apyitektovikég eedifelg Kat o1 kawvotoyieg oe veotepeg yevieg CPU ouyva
€10AyOUV (EATIOTOIIO0EIG PE OTOXO0 11 Pelwon teov actoxXiev g Kpudng pvhung. Ot BeA-
TIOPEVEG TEXVIKEG TTPOPOPTROTG, Ol eGUITVOTEPOL adyop1lOpotl mpoBAewng 11 ot addayég otnv
lEpapxia g KPUGPHS PVIING PITOPOUV VA ETNPEACOUV TOV TPOIIO HE TOV OrToio ekdnAmvoviat
01 aotoyxieg Kpupng pvhpng otig vedtepeg CPU o oUyKplon pe T TAAAloTePES.

H nipooopoiwon piag kpugpng pvhpng CPU xpnoiievsl ®g anapaitnto epyaieio ot ouy-
XPOVH MANPOPOPIKY], TPOCPEPOVIAG KPIo1EG YVOOELS Kal BeAtiotontow)oelg. Mipioupevol
ouUnIEPIPOPA TOV PNXAVIOH®OV IIPOOKPIVIG AoBNKeUong, 0l IIPOCOHOINOELS EMTITPEIIOUV )
oe Babog avdduon tev ermbooswy g KPUPHS Pvhnung, Bonbaviag oto oxediaopod, tnv adlo-
Aoynon kat ) BEATIOTONOINOT TOV APXITEKTOVIK®OV KPUPLG PVAING. AUTEG Ol TIPOCOHOIMOELS
81eukoAUvVoUV 11 Glepelivnon MOKIAOV S1apopP®OE®V KPUPHG PVIING, ITOAITIKOV AVIIKA-
1A0TAoNG KAl OUCXETIOROU, EMMTPEIIOVIAG OTOUG PUNXAVIKOUG va erMAEEOUV TIG IO ATIOO0TIKEG
pubpioeig yia ouykekpipéveg epappoyes. EmmA¢ov, o1 mpooopoi®oelg Kpupng PVHInG mpo-
opEpouV pia Pabutepn KATavonon Tou TPOIOU HE TOV OIMOoio Ol H1aPopol POPTIol epyaciag
aAAnAsmudpouv pe v Kpudr) PV Kat ennpeddouv Ti§ aotoXieg g KpUudng Pvhng.

H Sadikaoia npooopoiowong kpueprg pvhung CPU pmopel va eivat xpovoBopa Adyw dia-
POP®V Iapayoviev. H MOAUMAOKOTA TTOU CUVETTAYETAL 1] IIPOCOHO0IM0T TG CUNIEPIPOPAS
NG KPUONG PVIING Aattel onpavitkoug UTTOAOY10TIKOUG ITOPOUG Kat Xpovo. O Xe1plopdg pe-
VAAQV 1XVOV MPOTUTI®V TIPOCIIEAACTG UVIJING V1a AKP1BElg TIPOCO0I00ELS AUTAVEL TOV XPOVO
rou arnatteital yia v enegepyaoia. Ermrmiéov, n evoopdtoorn mepindokmv oxediov Kpupng
pvnung, onwg rmoAdanAd smineda kpugng pvhung (L1, L2, L3), nmowida peyébn xkpuong
BVIING, OUCTHHATA CUCYXETIOHOU Kal MPOoNnypévol alyoptdpol Kpudng pvipung, oupBaldiet
OtV UTTOAOY10TIKI] TIOAUTTIAOKOTITA KAl 1] §14pKEld TRV IIPOCOHOIDN0E®V. QG €K TOUTOU, AU-
T€G Ol IIPOCOMOINOELS AroSekvUovTIal eEaPeTIKA XpovoBopeg Kat aratteitat évag KaAutepog
TPOIT0G UTTOAOY10H0U TOU ITOCOOTOU aotoXiag.

H Aton og autd 1o mpoBAnpa sivat ot pnyaviopoi ipoBieyng. H onpaocia evog poviédou
ToU prtopet va poBALPet pe akpiBela To P10G PATIO EVOG (POPTOU £pyaOiag XWPIg va €XEL TO
Bapog g pooopoinong KAOe Tuyng Tou eivatl tepdotia. Lxedov 6Aa ta urnapyovia HoviéAa
npoBAeYng ToU 110G patto £€xouv dnuioupynOet yia moduikég LRU 1) tuxaiag aviikataotaong
[1, 2, 3]. To pévo untapxov povigdo [1] rou PIopet va XPnotono|oet AAAEG TIOATTIKEG AVTL-
Kataotaong ektog g LRU, mpémnet va yvopidel, pv aro v eKTEAEOT, AVAAUTIKA OAEG TIG
Aerttopépeleg Sapoppnong. Autd adrvel Eva peydlo péPog Tou ImPoBANIATog avaravinto,
adou o1 rep1o00TEPOL ouyxpovol ereiepyactég CPU 6ev Xpno1poiolouy ty moAITIKY avitkd-
tdotaong LRU otig KpudEg PVIHES TOUG KA1, OTIS TTEPIOCOTEPES TIEPUTIWOELS, HeV yvwpiloupe
TT01d TTOALTIKY] AVIIKATACTAONG XPNOlonoteitat.

Ztnv ntapouoa 81atpiBr] avipeterti¢oupe autod 1o mpoBAnpa tng PoBAEYPng TOV AoToX1®OV
NG KPUPIG Pvhpng oc ortotadrnriote SebopEv) apXITEKTOVIKY] HE 1] XPH O PUNXAVIKAG Padn-
ong. Ipoteivoupe évav ap1Bpo 61aPpopeTKOV S1IKTUGV ITOU £X0UV WG OTOXO TNV 000 10 duvatdv
akp1Beéotepn EKTIPNOT T@V AvaAoyliwv actoxiag otnv Kpudr pvhnun. Epmveuopévol amo v
16n undpyxouoa mOavoAOyIKn IIPOCEYY1OL O€ AUTO TO {NThld, YV®Ootr Kal @G Xtatdgne 2.2,

anogaocioape va xpnotpornotrjooupe ta idia dsdopéva mou xpnotpomnotel yia v mpobAeyrn)
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10U yia va ekraidevooupie Kat va aglodoyrjooupe éva diktuo pnyxavikng pabnong. H onpept-
v avgnon g dnpotikotntag twv Siktuewv NLP pag rapaxivnoe va rpoobecoupie évav KAado
petaoxnpatioty] ota diktua, 0 ormoiog XPnolpoolel autr) ) véa TeXVoAoyia Katavonong tou
nnyaiou k®dika, yla va emruxouile KaAutepa anotedéopatd.

Anpioupynoapie CUVOALKA Tpelg S1aPOPETIKEG APYITEKTOVIKEG SIKTUMV TTOU TIPOBAETIOUV TO
TO000TO aoto)iag otnv Kpudr) PVIiL 0IotoudnIote rmpoypdppatog yta kabopiopéva peyedn
KPU(PIG PVIPING He oroladIiote MOAITIKI] aviikatdotaong. Autd ta diktua amnodidouv mo-
AU kaldd yla oroladnrote MoAlTiKY aviikatdotaons. Eiodyape ermiong €éva mou mpoBArmet
10 I0000TA aotoxiag yla ormolodrmote pEyebog Kpudpng PVHHNG Kat oroladrote IoAttt-
KI] avukatdotaong, ) Aettoupyia tou oroiou napouoiacapie oto LRU. v niepinmoon tou
LRU, 6Aa autd ta diktua katavoouv 1o rpoBAnpa onpaviikd KaAutepa ano v undpyouoa
mOavoAOY1KY TIPOCEYYIOT) TOU {NTHatog.

H mapouoa 6iatpiBny eivatl Sopnpévn oe mévie KUpla Kepadala, kabéva arod ta oroia
oupBaAAdel povadikd ot Siepeuvnon Kat avdduorn v avadoyiov aoctoxiag. To Kepdldaio
1 ewoayet g Sepedidderg £vvoleg Kal 10 JempnTIKO mAaiolo rmou unootnpidet ) peAétn, na-
pouc1adoviag Hid EMOKOI0T TOU 10TOPIKOU MAAIGI0U KAt TG onpaciag g npoBAsyng tov
aotoX1wVv g Kpudpng pvnpng. To kepddaio 2 gpBabuvel oy unapyxouca BiBAloypadia,
e€etadoviag Kpukd mponyoupeveg épeuveg rou da Bonbriocouv otv Katavonon v -
patev nou nipoortaBei va avupetemnioet ) napovoa SwatpBry. To repdalaio 3 meprypadet
MV EPEUVNTIKI] PeBodoAoyia Tou U100t )BnKe, TIEPIYPAPOVIAG AEMMIOPEPDOS TV ETTAEYHEV
TIPOOEYY101), T1G 1eO6S0Ug oUuAdoYHG BedOIEVOV KAl TI§ APXITEKTOVIKEG HIKTUOU ITOU XP101110-
now|Onkav. Ermiong, katéxet §exmpiotd ta anotedéopata yia kabe éva and ta diktua rou da
nipoteivoupe. 210 Kepdaldaio 4 apouotadovral ta cUuAAexBévia amotedéopata rmou nNpoEKuYPav
aro ta 5iktud pag, mPoopEPOVIAg tia avaduon Kal oUYKPLor oV 8edopévav ou oUuAAEXOn-
kav. Tédog, 1o Kepadato 5 ouvBEtetl ta euprjpata, oudntd TG EMITIOOELS TOUG KAl IIPOOPEPEL
oupnepdopata padi pe ouotaoeig yia PeAAoviKY épeuva TIpoBAeyng ToU TTI0000TOU actoxiag
OtV KPUGI) PVIHr).

Zuvoyidovtag, 1n mapouvoa dH1atpBn £XElL WG OTOXO VA XPIOHOIIOIN0EL TI§ TPEXOUOES €-
Eedifelg ot pnxavikn pabnon mPoKelPEVOU va mPoBALYel ta MMOCOOTA ACTOXiAG KPUQNS
HVAHNG OIMO10UdNIOTeE MPOYPAPHATOS O OTIOAOHIIOTE APXITEKIOVIKI] KPUPrg pvnung. Me
) Siepevvnon mbavev AUcemv o autd 1o POoBANpa, Onweg r mbavoloyiKr) POCEYYIon 1
ot adyopiOpot NLP, n mapovoa pedétn OKOrevel va pigel @og ot Suokodia kat tig rmoA-
Aég muxég g akp1Boug rpoBAeyng v gagne poosg. Ta ermopeva kepddata Sa egetacouv
Aerttopepwg autég g evvoleg. To repdaAalo 2 Sa emkevipmbel oe OXETIKEG £pyanieg Tou
EXOuV yivel, eved 10 RePddato 3 da gpBabuvel oty mpdtact] pag ya v ermiduon autou
ToU {nupatog. Autn n dopnpévn mMPooEyylon da mapEXEL Pla OAOKANPGOHEVI] KATAVON 0T
G IPOBAEYNGS TRV acToX1wV g Kpudng pvnung. Towpa, ag npoxwprjcoupe ot Babutepn
epBdaObuvorn oe autég TG TIEPIOXEG, SeKvVOVTag te tnv rmbavoloyikn rpoogyyion StatCache.
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OsPNTIKO unobabpo

2.1 Iepapyia RPUPOV PVIRAOV

Zuv 10topia g avantuing 1oV uroloyotev, ot taxutteg g CPU genepvovoav g ta-
Xutnteg rpooBaong ot pvhpn. Autn n Stapopd odnyouvoe oe abpaveig KME rou mepipevav
b6edopéva anod v kupla pvnpn. Ewoayetat n kpudn pvhpn, pa 18éa mou npotabnke yia
MPWTN POopd aro tov Bpetavo ermotrpova vnoAoyiotwv Maurice Wilkes to 1965 [4]. Ta ipot-
Ha poviéda kpugng pvnung Bedtiooav v kabuotépnon npocBaong ota Sedopéva, aidd to
va yivel n Kupla Pvipn evieA®g UPnirg taxutntag {Iav arnayopeutikd akplBo. Ot epeuvniég
diepeuvnoav kadutepa oxédia, odnywviag TeAkd oty 16€a TV MOAUEIINESOV KPUPQOV 11vi)-
pov. Autd ta moAuverineda povieAa Kpuprg PvHnG, OTi®G 01 KPUPES PVITHES TPV ETUITES DV
rou PBpiloxkoviat ota npoidvia Core i7 g Ivied, ermtuyxavouv pid 100pporia Petady KOoToug
kat anodoong. Topa, ot CPUs priopouv va aglornotrjoouv pia epapXia Kpupov pvipev,
K@Oe eminedo g onoiag Aettoupyel @G PUOPIOTIKOG XOPOG PETAU TOU €Iedepyaots) Katl g
KUplag pvnung, sgaopalidoviag arotedeopatiky) por] §edopévav Kat tayxutepr) eKTEALOT).

KdBe pia and autég 1ig KpupEg pvipeg £xet 1o S1K0 g PEyeb0g Kat ) H1Kr) TG E0RTEPKT)
Sour), aveidptnta amno g Kpupég puvrpeg dAdwv ermredov. Ymapyxouv roddoi tporot da-
HopPOOoNg Pag KPpUudng Pvnung ©g mpog t dour) mg. Ot onpavukoi rmou 9a oudnircoupe
etvat to 1€yebog, 1] CUOXETIOTIKOTHTA KAl 1] TIOATTIKY avtikataotaong. 'a to péyebog, n povn
e€aptnot) Tou eivat va eivat peyaiutepo and to péyebog g Kpudng Pvhing ota Xapniotepa
ertineda. Tevika onpatvel ot 1o péyeBog(L3 > péyebog(L2) > péyebog(Ll). Autd ogeidetal
OTO YEYOVOG OTL 1] TaXUTNTA TOV KPUPQOV PVIING XapnAotepmv emnedmv urotiBetat ot ivat
UYPNASTEPT KAl EMIOPEVOG ATIATETAl PIKPOTEPT Kpudrn pvhpn. H ouoxétion avagépetat otnv
E0MTEPLKY] OO AUTHG TG KPUPIG PVIUNG, OUYKEKPIPEVA, aoxoAsital pe tig pebddoug rmou
Xpnotpornolouvial yia va Kabopiotel ou prnopouv va anobnkeutouv ta Sedopéva eviog ng
KPU®ng Pvnung. Itnv mepintoon pag, 9a Xpnoiponotjoouiie set-associative gagneg, aiia
uniapyouv emiong fully-associative kat direct mapping caches.

TéAdog, eival onpavikd va KaBopiotel 1) TTOATIKI] AVIIKATACTACNG TS KPUPHG PVHHNG.
O1 moAttikég avukatdaotaong €ivat adyopiBpot 11 oTpainyikeg mou XPnolonolovviatl yia va
anopaolotel Toleg eYYPAPES TG KpUudpng pvrpng da avukataotabouv 1 9a ekdiowyBouv otav
PETEL va Poptbouv véa dedopéva oe pia mANpn Kpudrn pvipn. AUTEG Ol TTOATTIKEG €ivatl
{OTKNG onpaociag ya ) diat)pnon g anodotkotIag Kat g anodoong tou oUCTAToS

KPUOng pvhpng, kabwg ermpealouv dpeca ta ITOCOOTA EMMITUXIAG TOV TIPOCTIEAACERDV TG
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Kpuong pvhung. H LRU eivat 1 o yveotr) oAtk avukatdotaong, 1 oroia adatpet tmyv
KATaXwpnorn mg Kpupng PviHng rou dev €xel mpooredaotel yia 10 PEYAAUTEPO XPOVIKO
d1aoctmpa. O1 oUyXpoVol eMedepyaotég XPNOTOIIOI0UV IO CUYXPOVEG TMTOAITIKEG AVIIKATACTA-
ong Mou ouyxvd dev eival yvwotég otov xprjotr piag CPU. Qg ek toutou, 9a Xpro1j10Iot|ooupie
Hia oe1pd arod S1aPopetKeG TTOATIKEG AVIIKATACTACTG 08 autr) Tr) diatpiBr), yia va ei§oupe
ott o1 IpoBALYPe1g Ttapouctalouv otabepd UWPnNAr rolotnta oe Siadopeg pnyaveg. Ot SHiP [5],
SRRIP [6] kat Mockingjay [7] eivat oUuyXpoveg ITOATTIKEG AVIIKATAOTAOTG ITOU OTOXEVUOUV 0TIV
nPOBAEYT NG EMAVAXPNOHOIIOINOoNG PG EYYPAPG OV KPUPL] PVIHIN KAl aviikafiotouv

) Atyotepo mbavn va enavaypnotponoinOet.

2.2 StatCache

'Exouv yivel otatiotikég rpoornabeleg eKTiNoNg 1oV IOCO0T®V ACTOoX1ag KpUPng Pviung
yla moAttikég avuikataotaong LRU. Zuykekpipéva, to StatCache [3] mpoogépet pia mbavo-
AOY1KY] TIPOGEYYIOT TIPOG AUTOV TOV OTOXO0 XPIOTHOIOIOVIAG TI§ ATIOOTACELS EMAVAXPTOTH0-
oinong ToU v AOY® IPOYPAPHATOS.

YupBoAidoupe ®g pooreAaoct) Pvhpng tig 61eubuvoelg evog PNrAok dieubuvoewv peyeboug
ypapung kpuong pvhapng.’Eotow N o apibpog tov nmpoomeddocenv pvipng nou ocupbaivouv
KATA TNV EKTEAEOT) TOU TTPoypappatog. Mriopoupe va anapiOprooupe aUTteG TG TIPOoBACELS
aro 10 1 €¢og N. 'a k&be i < j < N omou i katj ripoorieAavvouy ta id1a dedopéva kat dev €xouv
oupBel evBiapeoeg PooTeAACElg, PITOPOULLE VA MTOUE OTL Il ATO0TACT EMAVAXPNOTHO0IT0iNong
autou eivat i—j—1. Auto onpaivel 0t ot ipootieddoeig rou cuveBnoav petagu duo diadoyikaov
MPOOTIEAACE®V Plag d1eubuvong pvipng os avtd ta dedopéva eivat i —j — 1. Xt ouvéyela
OUYKEVIPOVOUPE AUTEG TG mpooBaocelg oe éva otoypappa h. e autd 1o otdypappa hii)
UNodNA®VeL TG TIIPOOTIEAACELG TTIOU £X0UV ATTO0TACT] £MAVAXPTO1O0NIoNonNgG i.

Xprnoornoimvag Tig arnootAaoelg EMAVAX P OO0 oG, PITOPOUHE va KATAANSOUE otV
e€rg eCiowon :

RN =~ h(1)f(R) + h(2)f(2R) + h(3)f(8R) + ...

orou R eivat 1o mooooto actoxiag, N eivatl i peyadutepn duvaty) andotaor enavaypn-
oworoinong, h eivat éva otoypappa orouv to h(i) pag Aéer du undpyxouv h(i) avagpopég pe
anootacn enavaypnotpornoinong i, kat t€Aog

H ocuvdpinon F(n) dndovet tv mmbavotnta n ypappn Kpudng Pvhing va pnv napapeivet
otV KPu@drn pvApn petda ano n actoyieg. 'Etol, umobBitoviag ot n kpugr] pvhun eivat
MANP®G CUCYETIOTIKT) KAt €xel L ypappég kpudng pvhpng, n rmbavotnta pa ypapprs va pnv
MAPAPEIVEL OTNV KPUPT] PvI N PETd and v avadpopég etvat:

Smy=1-1Q-1/L)"

Autr) gival ouclaotikad 1 rmBavoAoyikn npoogyylon g StatCache oto epompa. Kabe
amootact enavaypnotponoinong padi pe v mbavotna mapaplovyg g otV Kpudr) PV
uroAoyidet évav apiBpo aoctoyiwv otV Kpudr pvipn nou, abpoidopeveg, divouv tig ouvo-
Akég aotoyieg g ektédeong. Ta mAeovektrpata autng g pebodou extipnong eivat 6t o
UTIOAOY10110G TG €ival amdog Kat ypryopos. To KUplo peloveKTnpa autig g 1ebodou sivat

oTl Aettoupyel povo yia v moAttikr) avukataoctaong LRU.
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2.3 'AAAeg xprioeig Neupmvikov Atktuov

2.3 'AAAeg Xpnoeig NeUpOVIKAOV ALRTUOV

Ta Babid veupevikd Siktua €xouv amodeifel TG 1KAVOTNTEG TOUG VA AvaAUOUV KAl va
Katavoouv ouvbeta potiBa oe 1oAAd €i6n mPoBANPATOV, ONKg 1 tagvopnorn ewovev [8, 9.
Zinv nepini®on pag, XPHotpeg eivatl ot €peUveg TIOU acyoAouvial Pe Tov KOS1Ka UTIOAOY10T®OV
[10, 11].

IMapdAAnAa pe autég, mapatnpeital emong pia avinon g SNUOTKOTNTAS TOV VEUPGOVL-
KOV 1KTUGV ota rAaiola tov apXIteKToViK®V urtodoylotov.[a mapadetypa, rmoAAég BeAtioto-
IO 0€1G PETAYADTUOT®V £X0UV IIPOKUYEL ATIO TNV EPAPHOYT] TEXVIKGOV PUNXAVIKLYG 1abnong.
ZTOV TIPOYPAPHATIONO EVIOA®V, I OUVAPTN O IPOTIPNoNG £vOg IIPOYPAPHATIOHOU £VaVil &-
vog dAAou prmopel va unodoyiotel ano 1 xpoviky Siagopd tou adyopibpou RL [12]. To
povtédo rou Baociletat oe LSTM [13], mapakdprttet ) XEPOKIvVI TN PNXAVIKI] XAPAKTINP10Tl-
K®V, AIOKIOVIAS AUTOVOHA EUPETIKEG AEITOUPYIEG TOU HPETAYADTIION] And TOV aKATEPYAOTO
KOOIKA.AUTO EMMITPETIEL TV KATAOKEUL] KATAAANA®V EVOOIATOOL®V Yid IIPOYPAPHATd, EVQ
Tautoxpova Katexel i dtadikaocia PeAtiotonoinong.

[ToAAd dradopetika diktua pnyavikig pabnong £xouv xpnotpononel yia v rpobieyn
napopolev rpoBAnpatev pe 1o 61k6 pag [14].Dong et al.[15] xpnotponolouv texvntd veu-
POVIKA biKtua yla v mpoBAeyrn XapaKInploTK@OV UPNAGTEPOU eMMITESOU (0TIOG aoto)ieg ot
cache read/write kat instructions per cycle) ano-xapnAdtepou emmEdou XapaKinEloTKda
(0niwg cache associativity, capacity, latency) yia epapxieg Kpupov pvnpuev Bacilopéveg oe
B mnukn pvhpn. ‘AdAa diktua pnxavikng padnong €xouv ewoayBei yia va fonOrjocouv otnv
MPOBAEYN ATIOTEAEOPATIKAG KATAVOUNG TOp®V [16] Kal Xpovorpoypappatiopou pyactev
[17], wote va eruAéyetal mavia n 61adpopr] TV PEYIOTOV 08Ny10V avd KUKAO.

[ToAudap1Bpeg e10ayDYEG TNG PNXAVIKEG PAONong ot opaipd 1oV apXITEKTOVIKGOV UTIOAO-
Y10T®V, TO00 TAPOJI0IEG 000 KAl S1aPOPETIKEG, £XOUV MTPOKAAECEL TNV TIEPLEPYELA Pag. AUTo
10 Kivntpo pag odnynoe va Giepeuvriooupie v emiduon tou mpoBArpatog npoBAsyng Tou

IT00O0TOU A0ToX1ag otV KPudI) VI HPéoa armo 1o mpiopa g PnXavikng paénong.

2.4 Evoopatnoceilg

O1 evoepatwoeig eivatl avanapdotaot) IOV avIiKEPEVaV g Stavuopata. Mia ouvdptnon
HETATPETIEL £Va AVIIKETHIEVO TTOU £ival avayvepioo aro tov avBprno ot éva diavuopa apid-
BV, 10 o1toio propet va avayveplotel anod éva mpoypappla pe ) pikpotepn duvatr) anmieia
6edopévav. Autr n pébodog avamapdaoctaong xpnotponoleitat ouyxva oto NLP, orou kabe
A£En tou Ae§1koU petatprnetal oe apOpo Kat IpoPpodoteital oe £va VEUP®VIKO SIKTuo.

Muia tapopola teXViky £xet avartuyBet yia ) dnpiovpyia evoeopat®oeov kodika [18, 19]
Orou ta oUpBoAd ToU KOd1Ka XPprolponolouvial yld I PETaTportt) piag akoAoubiag evioAwv
k®d1ka oto diavuopa evoepdtoong. Kabe eviodn nmaipvetl pua tpr aro 1o 0 €éwg to N érou
N eivat o aubaipetog ap1Bpog ocupBolwv mou Yédoupe va AdBoupe umoyn (ta umodoirna
1A AOPPIIITOUE) KAl AUTO £ival Yvoto ©¢ As§A0y10. Itr) OUVEXELd, AUTH 1] PETATPOIN] TV
oupBoA®v 9a xpnotpornoinbel armo KAMo10 PNXaviopo yld vd PJETATPEWPEL auTtoug TOUG TTIVAKEG
oupBoAmv oe éva Siavuopa rmob avarnapnotd 1o POYPAPHd HE T MIKPOTepr Suvatn anwisia

bedopévav.
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v nepinoon pag 9a xpnotponowjooupe 1o IR2Vece [18] ya ) dnpioupyia tov ev-
oopataoenv pag. To IR2Vec 6&xetal wg €i0060 v evdlapeon avanapdaotact T0U KOSIKaA
kabwg Kat éva AeSAdyio, petatpenet 1o apyeio IR o évav mivaka aplbpwov Kat ot ouvexela
1pogodotel éva diktuo, 10 omoio £xel oxeblaotel yia va Kataypdgel tr ouviagn Kat t on-
paowodoyia. 'Etodog autrig tng Sadikaoiag eival éva diavuopa peyéboug 300, to oroio
urotiBetatl ot Sa d®oet oto poviedo pag {WTKEG MANPOPopieg OXETIKA e TG Sladikaoieg Tou
MPOYPAPIATOS KAl TOV TPOIT0 KATAVONOTG TV AIT0CTACE®V EMAVAXPNOIHOIT0iNong.

Méowm pabnong xopig eniBAeyn o1 ouyypageig tou IR2Vec Snpioupynoav éva 6iktuo mou
avayvopidel kat avanapiotd pe akpiBela avta ta apyeia IR. To 6iktuod toug exknaidevtnke
kat Soxipaotnke ota Bevgnuapkg SPEC CPU 17 kat otn BiBA1o6nkn Boost. Ta neipapatika
1oug aroteAéopata e§aodPaAiouv v MPAKTIKT Bl@OIIoTTd autoy T0U S1KTU0U OTo TTPOBAn-
1d pag, kabwg ta d1kd pag nepapatka 6edopéva mPoEpovIal miong anod Tg couiteg ou-
ykplukov dokipov SPEC, énwg 9a culntrjooupe otn ouvexela. 'Etot, Sa xpnotpomnowcoupie
autd 10 6ikTuo Kat 1o Ae§A0Y10 ®G PaUpo KOUTE yld va PETATPEWOUHE ToV Iyaio KOdika
tou ouvodou Hedopévav pag. H €§odog autng g dadikaociag eivatl éva diavuopa peyéboug
300, 1o ormoio urotiBetatl ot Ya doOoel 0To0 POVIEAD 11aG {PTIKEG TIANPOPOPIEG OXETIKA HE TG
d61ab1kaoieg TOU TIPOYPAPATOS KAl TOV TPOIO KATAVONONG T®V AIOCTACE®V EMAVAXPTOH0-

noinong.
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Kegpalatro E

IIpooéyyion kat pébodot

3.1 Emoxkonnorn

O ot6)0g pag oe autrn ) SatpiBr eival va poBAEPoue Ta IT0CO0TA AoToXiag tng KPu-
®1)¢ PvHpng 6edopévng evog mPOypAapPIatog Katl P1ag apXIeEKTOVIKAG Kpudrg pvhpung. [a va
XPNOLHOIO)0OUNE £va TIPOYPAPHA ©OG £10060, TIPEMEL VA PETATPEWOUE TA XAPAKTINPIOTIKA
Tou ot ¥priowa dedopéva yia va npoBAgyet 1o §iktuod pag. a 10 okomod auto, ouppava pe
10 StatCache 2.2, xpelaldpaote T artootdoelg EMIAVAYXPIOTHOII0INoNng KAbe mpoypapiatog
oto oUvoAo avadopdg pag. Ot anootdcelg EMavayPnotponoinong, onwg avapepbnke mpon-
YOUHEV®G, £lval Ol arnootdcelg Petagu dadoxikwv mpooreddoewv oty ibia ievbuvon ot
Pvrun. AUTEG Ol Arootdoelg £6apTOVIAl KUPIng ard 1o mpoypappa Kat g £1068oug tou-
Srapépouv oAU Alyo petal S1aPopetiKOV APXITEKTOVIKOV KAl EMOPEVRS da Kataypadouv
povo pia @opd amo kabe ixvog evog mpoypappatog. ®a anobnkeutouv oe €va 10toypappa
Kat évag kKAadog tou Siktuou Sa npoonadrioel va PoBAEYPEL Ta TTOCOO0TA ACTOXiAg XP1O1H10-
o1®VTag td.

I ouvéxeld, TPETEL va PETATPEYPYOUHE TOV KOO1IKaA €10060U ot iavuopa (evoopdi®on),
®OoTE TO HIKTUO va UIOPEL va AVAKINOEL AKOWN TEPLO00TEPES AN POPOopieg And Tov KOSiKa
€10080U oxeTIKA pe 1 Sopr| Tou TIpoypappatog, ) por) v dedopévav k.Am. Ta va mpo-
BAéwoupe pe akpiBela ta OCOOTA AotoXiag OtV KPUudpr] PV, TIPETEL va EPUNVEUCOUNE
KatdAAnAa ta petaocxnpatiopéva dedopéva. To dravuopa evoopdtoong propet va tpopodo-
Ol 0 €va MTUKVO VEUPOVIKO H1KTUO, OMOTE AUTO KAVOUE Yid TOv KAAS0 Tou petaoyxnpatt-
otr). Ao Vv dAAn mAeupd, Ta 10TOYPAPHIATA TG ATIO0TACNS EMAVAX PN OIH0NoiNong eivat mo
MTOAUTTIAOKA OTNV KATAVONon- €va arAod IMUKVO VEUPGOVIKO S1KTUO dev eival 1o 1m0 KatdAAnlo
biKtuo yia v mAnpn Katavonor) g MOAUMAOKOTNTAG AUToU Tou TpoBAnpatog.

Ia tov oKOoIo autod, €10ayoUne Tpia §1adopetikd POVIEAA TTOU KaAtavoouv pe Siagpope-
TIKO TPOITO TI§ ATOCTACElS enavaypnolpornoinong. To mpodto eivat éva pnxo roAverinedo
TIEPGETTIPOV ITOU UITOAOYidel v avadoyia aotoyiag amoxkAeloukda pe BAon TS AIrOCTACELg
ermavaypnotponoinong. Xin ouvéxeld, sloayoupe eva H1rmdo otpopa LSTM kat éva Siktuo
CNN 10U €X€1 ®§ OKOMO TNV KAAUTEPT KATAVON 0T T®V AITOCTACERDV EMAVAXPTN OO0 0NS
5edOPEVOV TOV VEITOVIK®V AITOOTACE®V EMAvVAXPnotponoinong. Autda ta o diktua urolo-
yidouv ralAutepa tov Adyo aotoxiag otnv Kpudr] PVAHL, XPNOIOIoWVIAS TI§ ArooTAoelg
ermavaypnotponoinong Kadomg Kat tov KAAdo petacypatiopou.

Téldog, eloayoupe éva Pabu MLP nou AapBavel g €10060 11§ artootdoelg enavaypnot-
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poroinong Kat g EVOOPAT®oelg, elodyet To péyebog LLC og apdperpo kat uroAoyidet ta

ITO0OO0TA 110G Y1a AAAEG APXITEKTOVIKEG KPUGDLG PVI NG e TNV 161a MTOALTIKT) avTlKATdoTaong.

3.2 TIIelpapatiki opyaveorn

3.2.1 IIpooopoiwon

Ta apxika dedopéva £10060U yia 1o cUCTNPA Pag aroteAouvial amnod 11§ OOUITEG CUYKPLTL-
KoV doxkipov SPEC 2007 kat SPEC 2016 [20, 21].Ta SPEC eivat ouvola dokipov avapopdg
mou £€Xouv oxeblaotel yia va Iap€XouV £va CUYKPITIKO PEIPO TRV ermBO0E®V ViAo S UTIOAO-
Y1Op0U o€ éva euputato MPAKIIKO @ACHA UAIKOU, XPNOTHOTIOmVIASg (pOpToug £pyaoiag mou
€xouv avarttuxOel anod epappoyeg MPAYHATIKOV XP1NOTOV. AUTEG 01 00ULTEG gival 16avikeg yia
TV [apouociact Tou otdXoU pag, Kabmg mapéxouv pia peyddn nowkidia mpoBAnpatev Kat

aAyopifpev rmou KAaAUTIIouV £éva eUpU (ACHA UTIOAOY10TIKOV EPYACIMV.

Ma mv mpooooi®on AUtV TV MPOoYPAPATeV, Xpnotonoovpe to ChampSim, évav
IPOCOOIWTY] EMESEPYAOT] IIOU OTOXEVUEL KUPING 0TV 600 10 Suvatdv akpilBEotepr MPOOO0-
1®OT1 TOU UTIOCUOTNIATOS PVAING Kal TG NpoBAeyng drakdadnoenv [22]. Oa xpnoiaorot-
fjooupe autd 1o gpyaleio mpooopoimong yia ) culdoyr) tov 6edopévav Xpovou eKTEAEONS
(aotoxieg KAl ATOCTACELS £MAVAXPNOIIOIIOINONG TS KPUPHS UVAUNG, Onwg eénysital oto
enopevo kepadao 3.2.2). Exteldel éva mpoypappia og jiid POoCoRol@EVE punxavn nou Pa-
oidetat oe pla 6edopévr apxteKToviKn. Q¢ €K TOUTOU, yla va exktedéooupe 1o ChampSim,
Xpeadopaote ixvn amno ta apyeia avadopdg tou SPEC. I'a 10 okomod auto, Xprolonolovpe
1a ixvn rou divovrat aro 1o 3rd Data Prefetching Championship. Autd ta ixvn anotedouviat
arno 2 Sioekatoppuptla EVIOAEG 10 KaOEva Katl KAAUITTOUV peydAa THNHIATA TG EKTEAEONG EVOG
apxeio avagopdg. Kabe apyeio avagpopag £xet anod éva €ng €81 ixvn oto dvoud tou, kabéva
anod ta oroia £ival avilrpPOOOIIEUTIKO £VOS OUYKEKPTHIEVOU TTOOOOTOU TG EKTEAEOTG TOU. Ap-
yotepa, 9a Xpnotomno)coUHE autod T0 IT0CO00TO 0§ BAPOS Y1a VA UTTOAOYIOOUIE TS A0TOXieg
KPUONG PVIUNG €VOG apXeiou avapopds g otabPiopévo PECO OPO TV ITOCOOTOV A0TOXiag

TRV 1XVOV TOU.

H kpu¢n pvhun nou napayet ) peyaAutepn kKabuotépnorn aotoyiag eivat np LLC. Auto
Kab1otd v poBAsyn yla autrv moAv rmo MoAUTIHn and 0,1l yid TI§ KPUPES Pvijieg dAAou
eruniedou. Emopéveg, otnv mpoogyyion pag, Siatnpoupe apetdBAnteg T1g KPUPEG PVIHES
Xapnotepou srurédou L1D kat L2C pe peyebn 48KB kat 512KB, cuoystiotukotia 12 kat
16 avtiotoixa kat moAttikég avuikatdotaong LRU. Ilpaypatonoijoape 11§ IpOCOHOIO0ELG
TOU avagEPovial otd eMOPevVa Kedpadaila He €va eUpU @Aaopd Peyebmv Kpuprg Bving Kat
TE00EPIG TIOATTIKEG aviikatdotaong yia v LLC, dote va kaAluyoupe €va Peyddo oUvoAo
APXITEKTOVIKGV TOU MPAYHATIKOU KOOHOU Kat va §eifouiie Ot eival eUpEwg X P O1H10TTOO1jT.
Xprnowornor)oape ta Peyedn Kpupng pvrung mou avagépovral otov rivaka 3.1. Ta peyedn
LLC tov 768KB, 1536KB, 3072KB kat 6144KB £xouv cuoxeuioukotnta 12, eve ot Kpudeg
pvnueg peyeboug 1024, 2048, 4096 kat 8192KB £xouv cuoyxetiotukota 16.
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3.2.2 Xuvolo 6edopévav

Replacement policy LLC péyebog [KB]
LRU 768, 1024, 1536, 2048, 3072, 4096, 6144, 8192
SHiP 1024, 2048, 4096, 8192
SRRIP 1024, 2048, 4096, 8192
Mockingjay 1024, 2048, 4096, 8192

[Tivaxag 3.1: Aiapop@pwoeis Kou@rc uvnung LLC

3.2.2 ZTuvolo dsdopivav
Zulldoy1] aNOCTACEGV EMAVAXPNCLHONOinong

H oculloyr) 1@V anootdoemv enavayxproljlonoinong Katd ) 81apKela 10U XpOVou eKTEAE-
ong €ival apKetd amAr]. YAOIojoape £€vav avaAutr] arootdoe®V ENAVAX PN o000 G TTOU
9a xpnowortoinOei oto ChampSim. Tou &ivetal pia dievbuvon katl pia Katdotaon Kat U-
rmoAoyidel v andotaon £navayprnotponoinong. Autd €ylve PEO® H1Ag AITANG OUVAPTNONG
rmou, Kabe @opd 1mou Kaleital, €A€yyel v Tedeutaia @opd mou £ylve mpooBacr oe autd
1a debopéva kat v audavel oto otoypappa. X ouvéxela, n dievbuvorn v Sedopévav
anoBnkevetal yla PeAAOVIIKOUG UITOAOYIOPOUG TG AIO0TAONS EIAVAXPIOIHO0oinong Kat
ouveyidoupe. Autn 1 vldomoinorn eivat edappild, apou Sev mipootiBevial mapd POvVo PEPIKES
€VIOAEG KABe Popd TOU KAAEiTAl, KAl ATIOTEAECHATIKY], APOU XP1OII0II0O10UVIAL ATIOO0TIKESG
dopgg Hebopévmv, OTIOG 01 XAPTEG KATAKEPHATIOHOU.

I'a va Xpnoiiornotjooulle autdV 1oV avaAuty] TG ArTOOTACERV ETAVAY P OO0 oNng, ToV
npooBEocapie otV MOATIKY aviikatdotaong tou L1D mou ekteAel autr) tv nipoavadpepHeica
Sradikaoia kdBs v-oot] Popd ToU KalAeital. AUTO 1O Vv MPETIEL va €ival APKETA HIKPO yid
va £X0UTLE H1a AVIUTPOO®ITEUTIKY] £1KOVA TV AIOOTACE®V EMTAVAYXP1O1H10IT01N0NG OT0 GUVOAO
6edopévav 11ag, addda ox1 oAU pikpo, Kabog dev YEdoupe va ekteAoUPE TOV avadutr) Aaro-
OTACE®V EMAVAXPNOII0Ioinong pe kabe npoobaon oe 6edopéva, emetdr) avtd augdvel tov
XPOVOo enedepyaoiag. Ztnv Iepirmtaor] pag, XPnotpornoovpe v = 16 mpoorieddoetg. Autod
etvat urtepBoAikd oxodaotiko yia 512k mpoorieddoelg, adAda 9édovpe va Staopalicoupe ot
ot £€80bo1 bev ennpeadovial and autd kat €tot Yuoiaocapie Aiyo xpovo enegepyaoiag.

H Swakupavon teov actoxiev g Kpupng pvhiung kad oAn i diapkela g eKTteAeong
TOU MPOYPAPPATog PIopet va eivatl éva {Ninpa mou ennpeddel apvniika Vv eKTINoT Hag.
KaBaog 1o mpoypappa riepvast amnod tig d1adopeg @Aoelg EKTEAEOTG, 0 AOYOG TRV ACTOXIOV OTNV
Kpudn pvhun adiddadet pe v napodo tou xpovou. Zupdeva e 1o eyypado g StatCache
[3], 0 Baxwpilopog tng €§060u v avadutwv os tapdbupa pe PKPOTEPO aplOpo TPOoTTe-
Adoewv eivatl n Avon oe auto 1o {npa. H oxkéyn mioo amd autod sivat 6t o apibpog wov
ipooTieAdocenv da eival apketd PIKpOg, €101 @OTe 0 AOY0G aotoxiag Kpudrng pviung Kabe
napaBupou va eivat mbavotata otabepog pe tnv rapodo tou Xpovou.

Ia va 1o metuXoupe auto, MPOCOPOIMOAE Td XV KAl yia Kabe 512K mpooreAdoeg,
EMMOTPEPAE TNV KATACTAOCT TOU 10TOYPAPHATOg TG andotaong enavaypnotpornoinong. Ila-
patnprnoape Ot auto 1o Peyebog Aettoupyel kadutepa oty repimworn pag, kabwg divel otnv
MIPOCONO0I®OT XPOVO Yld va YeEPIoEl éva PEPOS TOV KPUPHOV HVIHES KAl MApOAd autd va
detypatoAnruiel 1 eKTEAE0T TOU MPOYPAPPATOS APKETA OUXVA OOTE va PNV IApAtnpeital 1

Siakupavorn. Topa, ya kdBe ixvog avadopdg, £xoupe evav apOpo nmapadbupov pe 512k
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TPooTIeEAAOELS TO Kabéva. kabe mapabupo amotedeital anod 11§ ATTOCTACELS EMTAVAXPTOLHOTTIO-
inong mou epgaviomkav péoa oe autég tig 512k mpooreddoeslg Kat tov Adyo actoyiag LLC
OTOV OTT010 AVIIOTOIX0UV aUTEG. Ag eival YvoTto 0Tt oplopéva iXvr) €X0UV TTOAU Atyotepeg Ao
512Kk mpooTieAdoelg EVIOG NG EKTEAEONS TOUG. Xpnolpornotjoape éva napddupo yia Kabe
éva and autd ta ixvn avefaptna, €10t @ote va pnv xabouv ta debopéva toug, aAdd kamnola
arnod auvtda 9a 0dnyroouv oe KArola poBAnpata apyodtepa A0y® g Sadopetikyg KATpakag
T0UG.

[a Tov UTTOAOY10110 TOU GUVOATKOU AGYOU a0T0X1aG P1ag CUYKPTTIKLG a§loAdynong, mpEret
va UTtoAoylotel 0 PE€00G OPOg TOU AOYoU aoctoxiag kabe mapabupou oe €va ixvog. AuUTog o
Adyog aotoyimv urtodoyilstatl anod 1o actoyiee Koudng uvnunc/ mooomeAdoels Kou@ng Hunung
otnv LLC katd 1 6idpkela g neptodou 512k npoonieddoemv kabe mapabupou. Xt ou-
VEXEWd, 0 AOYOG aotoX1Ov KABe ixvoug moAAardaoialetatl pe éva BAapog, 10 Oroio avurpo-
OMIIEVEL TO TIOCOO0TO TNG OUVOAIKHG EKTEAEONG TOU AP)XEl0 avapopdg ImOU IIPOCOHOIMVEL AUTO
10 1xvog.To aBpolopa autev T®v avaloylov actoyiag rnodAandactaldopevo pe 1o Bapog tou
ixvoug kataokeudalel évav otabpiopévo péco 6po, o oroiog Ya eivat n avaloyia actoyiag

0AOKANPOU TOU apxeiou avadpopdag.

LLC cache miss ratio
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T T T T T T T T
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Cache size [KB]

Zxnpa 3.1: Méoog dpog Aoywv aotoxiag OA®V TV dpxXeiov avapopds Ue Otk avtika-
taotaong LRU

'Onwg BALroupe, 0 PECOG AOY0G ACTOX1WV OTNV KPUQT] PV OA®V TOV CUYKPITIKGOV HOK1-
Hov Bpioketat oto 90% yia ) PIKPOTEPT KPUGPT PVIIN KAl ouveyiel va petwvetal otadaxd,

péxpt 1o 55%.AuUtd eival Apeorn CUVENELA TOU YEYOVOTOG OTL, KATd HECO 0pO0, Ol PEYaAUTe-
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3.2.2 Xuvolo 6edopévav

PEG KPUPEG Pvpeg odnyouv oe YapnAotepa rmocootd aoctoxiag, dedopévou ot pmopouvv va
anoBnKeVOOUV TIEPICOOTEPES TTANPOPOPIES.

Ia va ocuvoyicoupe Kat va yivoupe mo akpiBeig, T0 0UVoA0 SedopEvav 1ag TIEPIEXEL ATIO
1 ¢wg 373 mapdabupa yia kabe éva aro ta 186 ixvn mou mMPoKUItouV amnod 47 CoUYKPITKA
pérpa.Kabe mapdBupo mepléxel 10 10TOYPAPHA TOV ATOOTACE®V EMAVAXPT OO0 0NG Kat
1a ITO0O0TA aoto)iag g KPUng PVipng Iou Kataypddnkav katd i) didpkela 512k ou-
VEX®V IMPOOTIEAA0E®V PVIING Katd 1 S1apKela g eKtEAeong tou apyeiou avadopdg. O1
Aoyotl actoyiag Kpudrg pvrung ivatl apiBpol oto €upog [0, 1] pe Bdon T1g MPOCOPOIDNEVES
Tipég tou ChampSim yia kabe pia amo g Stapoppwoeig LLC mou avagépoviatl otov mivaka
3.1. Autég ol anootdoelg enavaypnotponoinong Sa anotedéocouv v £i0odo yla tov p®to
KAAdo tou HikTUoU pag Kat ot avaloyieg actoyiag eivat n mpaypatky £5odog oty oroia Sa
nipooappootei 1 £6060g Tou H1ktuou Katd v eknaidevorn kat 9a cuykpiBei pe autrv kata

) Soxkur).

Evoopatoosig

'Onwg oulnmbnke otnv evotnta 3.2, €xoupe petayAwttiost 1ov kodika oe apxeia IP. Ba
XPIN OO0 |COUHE TO TIpo-eKaldeupévo poviedo tou IR2Vec yia ) petatportr) 1ou Kodika
oe Gltavuopata. Me auto, Snuoupyoupe 47 diavuopata 300 Siaoctdoemv, £€va IOU avipo-
oIIeVEl KAOe onpeio avapopdg. Autdg eival 0 KAAG0G HETAOXNIATIONOU TV S1KTUGV Hag.
Auto Bonba 1o urolouro §iKTUO, PEO® TOU KOSIKA TOU MPOYPAPHATOG, VA KATAVONOEL TG
181011TEG TOU TIPOYPAPIATOG, YEYOVOG TIou da BonOr)joel 0Tov UTIOAOY10110 £VOG TT10 aKp1Boug
Aoyou actoyiag.

To IR2Vec mapdyet €ite pia evoOPAT®on yia KaBs ouvAaptnor Tou poypdppatog ite pia
EVOOPAT®OT Yia 0AOKANPO 10 mpoypappa tautdyxpova. To rmAeovéktnpa g Unapsng piag
EVOOUATOONG yia Kabe ouvaptnon eivatl n akpiBela og mpog 10 1010 PEPOG TG EKTEAEONS
9¢Adoupe va eotiacoupe. H evoopdtmon yia 0do 1o rmpoypappa S9a petatpePpel 0AOKANPO 1o
apxeio avagpopdg oe £va diavuopa 300 draotdoswv. LV nepinmoon pag, dev yvopidoupe
ouVAPTNon 1] TO PEPOG TOU IIPOYPAHIATOG IOV eKTeAeital o KAOE X VOG- £101, XPNOOTIOI0ULE
éva dlavuopa mou eivatl 1 evoPAT®or 0AOKANPOU TOU apXeiou avadopdg Kat Eva Povo pe

10 Hravuopa g KUplag ouvaptnong yla Kabe apyeio avapopdg.

Train-test split

Ma dAAn pépava sivat o Saxwpilopog tou ouvodou §ebojévmv, TO OMOl0 MPOKUITIEL
arnd ta phpata 3.2.2 kat 3.2.2, o éva ouvolo eknaideuong Kat Eva oUVOAO SOKILG, TO
ortoio 6ev eival kKaBoAou TeETPIPPEVO. TO GUVOAO Sedopévav pag amoteAdeitatl amo mAsiadeg.
'Oneg rneptypagetal otg evotnteg 3.2.2 kat 3.2.2, kaBe mAeldda mepiéxel 10 10t0ypappa
TG AMOOTACNS EMAVAXPIOIH0II0iNoNg £vog apadupou, 1a Mocootd actoxiag, Kabng Kat Tig
EVOOUATWOELS TOU apXeiou avadopdg armod 10 oroio IPoEPXETAL.

Ol anootdoelg enavaypnotponoinong £€xouv ermleyel amo éva apyeio 1xvov kabe @opd,
OITOTE OAd TA OTOIXEla ITOU MPOKUITIOUV aro 1o 1610 apxeio xvov Sa €xouv mapopola dopr
anootaong enavaypnotporoinong. To 1610 10xUel KAl YA TG evOOPATOOEG- TG OUAAETa-

pe amo tov KOdKa ToU £Xel PETAYADTIIOTEL Ao TOV OUYKPITIKO deiktn Kat 6Aa ta apyeia
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Kepaldawo 3. IIpoogyyion kat pebodot

V@V TIou €xouv rapaxOel amo 1ov 1810 CUYKPITIKO Oeiktn pe S1apopeTKEG S1aPopPROoELS
Ya éxouv wg £10060 10 1610 apyeio evoopdiwong. Na napaderypa, ta ixvn 435.gromacs-
111B, 435.gromacs-134B, 435.gromacs-226B & 435.gromacs-228B ¢xouv 0Aa napayBel
aro 1o apxeio avapopdg 435.gromacs ano 1o SPEC kat ouvenwg £€xouv v id1a evoopdie-
on oe kAaBe otorxeio 10U ocuvolou debopévav. Aoy authg tng opowdtntag, dev propouviie va
€Xoupe otolxeia evog apxeiou avadopdg 1600 oTto oUVOAO eKraidsuong 000 Katl 0T0 CUVOAO
doxkung- auto Sa daorpéBlove ta debopéva pag, apou 1o Siktuo da €xel eknaibeutel oe
aut ) 6opn.

H apykr) pag okéyn yia 1o Staxwplopd eknaideuong-6oking frav va diaxmpiooupe to
20%-30% 10V apxeiov avapopdg tou cuvolou Hedopévev yia 1o ouvodo dokipov. ‘Opeg,
debopévou 6l 1o oUvoro Hedopévav pag eival apketd PiKpPO, AroteAoUPevo Povo aro 47
apxeta avagopdg, o Staxwpilopodg tou 20%-30% tewv onpeiov avapopdg yia éva ouvolo 6o-
Kng dev Sa nrav BéAtiotog. Oa eixe @G amotédeopa €va ouvolo dokipev ou Sa fjtav oAU
MKpo Kat, mbavotata, dev 9a frav evlelKUIKO OA®V TV mbavev mpoypappdieov nou Sa
HITIOPOUOE VA AVIPEIRIToEL T0 6iktuo. T'a 1o Adyo autd, arnopacicajie va XPnoonol|oou-
e pa pébodo mmou ovopddetat leave-one-out cross-validation [23]. Eexwpidoupe éva apyeio
avagdopdg KAbe @opd Kal npooraboupe va MPoBALYPOUE Ta MMOCOOTA ACToXiag Tou HE 10
biktuo nou ekmnaidevtnke ota aAda 46 onpeia avagopdag. Me autdv tov tporo, Sratpeéxoupe
1a 47 onpeia avadopag kat AapBavoupe 47 anotedéopata, £éva yia Kabe apyeio avadopdag

10U OUVOAOU Sebopévav.

3.2.3 Metpikrig

Ia wmyv eknaibevon kat ) Soxkipr) 1V 1KUY, Xprnopornowoape 11§ B1BA100nkeg Ten-
sorFlow otrnv Python. Ot xpdvot ene§epyaoiag tov Siktuev npoépyoviat arno ug Siadikaoieg
exnaideuong Kat SoKIG IOV Tpaypatonoinoape pe ) xpron piag NVIDIA T4 GPU.

Xpnotpomno)oape pia PETPIKY PECOU TETPAYOVIKOU odpdApatog yia ) dadikaoia exma-
i6evong. Autod Asttoupyel emnetdr), ave§dpt)ta ano ) Paput)ta tou rapabupou oto TeEAKO
arotédeopa, 9edoupe ) PkpoOtEPn Suvatr] ArOKAION A0 TV EKTIUOUEVI T Tou. Aegt-
Toupyel Kadutepa amnd évav otabpiopévo pEco 6po (61ou to Bapog evog rmapabupou Sa sivat
trace_weight = 1 /windows_per_trace) 1) pia ouvaptnon 1£00U arndAutou oPpAApatog, eneldn)
avaykdadel 1o 81KTuo va Peinoet 11§ PeyaAUTepeg anmokrAioelg. Auto, Pe 1) oglpd Tou, el
OUVOAIKT] PE0T ATOKA10T va £lvatl Pikpotepn.

H exnaideuon éyive pe évav Bedtiotoriowty Adam [24], pla otoyxaotikr péBodo yia tn
pubnion v Bapwv v Siktiev yia Bedtiotonoinon. O pubpog pdbnong nrav 0,001, to
péyebog g naptidag frav 16 kat eknaibevoape 1o diktuo yua 50 enoxég. a autég g pe-
taBAnteg, Soxkipaoape moAAeg Sradopetikeg S1aP0pPMOOEIS KAl KPATNOAPE AUTHV €60, KaB®OG
napeiye 1a mo akpiBr] anoteAéopara.

TMa va a§odoyrjooupe ooo kKadn sivatl ) poBAeyrn) evog diktuou, Sa aflodoyrjooupe 1o
anoAuto odpdApa Tou and Vv MPAYHATKL avadoyia aotoyiag rmou urnoloyioape oto 3.2.2.
Ia va to uroAoyicoupe auto, MPETEL va UTTOAOYIcOUHE TO PHECO OPO TG £§060U ToU H1KTUOU
yla kaBe tapabupo oe €va ixvog. Lt CUVEXELD, IPEMEL VA UTIOAOYIOTEL €vag oTtabpiopévog

H€oog 0pog ot €va onpeio avadopdg pe 1o BApog Tou iXvoug Kat va agpatpebel amo v
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3.3 YrmoAoyiopog StatCache

npaypatiky tpn. H anmddutn tyun auvtig g agaipeong 9a avagépetal @G 10 aroAuto
opdaApa nipoBAeyng. Ta kabe éva amnod ta 47 onpeia avagpopdg oto ouvodo dedopévev tag, Sa
urtoAoytotel €éva opadpa pe 1o ouvoAo eknaideuong yia ta adda 46 onpeia avapopdg, OTIOG
e€nyeitat oto 3.2. Ta va ouykpivoupe autd ta cUVoAd OPAAPAT®V PETail TOUG KAl PE TG
nipoavadepBeioeg ipoBALyelg g StatCache, Sa xpnotpomnouw|covpe €vav YEQUETPIKO HECO
opo. Ipémnet va avapepBel 6T P1E AUTOV TOV TPOTTO UTOAOY1IOI0U TOU CUVOAIKOU AITOTEAE011ATOS
H1aG OUYKPITIKAG agloAoynong xaveral karowa Siakupavorn tev 6edopévav otnv avaiuor.
Ot S1a@opég petadu tng mpoBAeywng Kat g IPAYHATIKNG TIHAS OPIOHEVOV 1XVOV MTOKIAAOUV
ONHAVIIKA OE oplopéva onpeia avadopdg, £ng kat 70%. Emniong, n diadopd teov tapabupev
petady mpoBAeyng KAt Ipaypatikng THNG HItopel va MOKIAAEL EVIOg evog iXvoug. AUTEG ot

Srapopeg eloopportovvial oe roAAarAd rapdbupa xat ixv.

3.3 YmnoAoywopodg StatCache

O1 £€€0b01 g StatCache mpérnet va uroAoyiotouv. Eivat onuavuko va éxoupe pia avia-
Y®VIOTIKL], OUYXPOVH TIPOCEyylon npoBAeywng mou Pacidetal emiong oe 1otoypappata aro-
OTACE®V EMAVAXPNOIONoiNoNg yia va ouykpivoupe ta anotedéoparda pag. H ouykplon tev
600 9a pag emIPEWPEL va TTIOCOTIKOTIO|OOUHE TNV eMibpaoct g XPHong VEUPOVIKGOV S1KTU®V
o€ avtiBeorn) pe pia avadutike MPooeyyor), debopévav tav 181ov 6edopévav e10660u.

To StatCache eivat pia mBavoAoyiky) IIPOCEYY1OoT TOU IIPOBANIIATOS Yid TV TOAITIKY a-
vukatdotaong LRU kat ot tijég tou AapBavovtat arod tov TUTIo IoU avapEPETAl 0T0 KEPAAA10
2.2. Katd tov urodoylopo autou Tou turou, AapBavoupe eévav Aoyo actoxiag yia Kabe éva
and ta napdbupa. APou ta UTIOAOYiooUHE KATd PECO OpO Yia KABe 1Xvog Kal UTIoAoyiooupe
Tov otabpiopévo pEco 0po yia Kabe onpeio avagopdg, oneg akplBmg Kat MPONyoUHEVRG,
untodoyiloupe tov mpoBAeropevo Adyo actoyiag yia kabe onpeio avapopdag. Ot aroAuteg
arnorAiocelg oPpAApatog 1oV MPoBALPemv amo 11§ MPAYHATIKEG TIHEG, OIS Arelkovi{oviatl oto
oxnua 3.2 yia ta 47 apxeia avapopdg, @aivetal va akoAoubouv pia avadimA@Ev) KAVOVIKI)
Katavopr]. Auto givat avapevopevo adou 1) IIPOocEyylon mpoorabel va mpoBALyet v Tur)
TOU IMPAYHATIKOU Aoyou actoxiag. Qg €K ToUTOU, TO ArtOAUTO opdAApa authg g rpoBAsyng
Sa mpémet va eival 1o aroAuto Plag KavoviKig KATtavourng yup® aro to pndév. Oa xpnot-
HOITO|00UIE TOV VEMHEIPIKO HECO OPO Yid VA OUVOWIOOUNE TI§ KATAVOPES ©OG Evav apldpo
Kal va ouykpivoupe tg €§06oug petaiy toug. O yerperplkdg PECOS OPOg TRV ATIOAUTOV
opaApatev poBleyng amno to poviedo StatCache eivat 5,4%, 8,3%, 8,7% xkat 8,5% ya tig
KpUpEg pvrpeg peyeboug 1MB, 2MB, 4MB kat 8MB, avtiotoixa.

Auty] 1 avadimAe®pévn Kavoviky katavopn odnyel oe 9nroypdppata Onwg autd Iou
paivovtat oto oxnpa 3.3. H moptokali ypappn avurnpoonnevet ) Sidpeco. To evbotetap-
mpopako eupog (IQR) avurpoowenievet 1o 25% tov TIpOV ot KAOe mAsupd tng drapécou.
Ta pouctakia £xouv péyioto pnkog 1,5 * IQR kat 6Aeg o1 TiI€G €KTOG AUTOU TOU £UPOUG
Yewpouvial akpaieg. 'OAa ta Snroypdppata @V andAvtev oparpdiev rpoBieyng rou Sa
oulnooupe o auty ) Statpibr) Sa £xouv mapopola dopr yla autod to mpobAnpa. O pécog
0pog eival oAU Xapnldog kat €101 9a £Xoupe PIKPA KOUTIA KAl KATIOIEG AKPAIeg TIPEG OTO

Snkoypdappata.
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Histogram of predictions, 1024 KB cache Histogram of predictions, 2048 KB cache
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Zxnpa 3.2: Ta andAvia opaiuata mpobAsyng tng StatCache yia tqv LRU

3.4 Pnxo noAuvcsninedo perceptron

[pwtov, dnuioupyroape éva ardé MLP yia va ripoBAéyoulie ta ooootd actoyiag aro-
KAE10TIKA Ao TI§ ATOOTACELS Enavaypnotponoinong. Ot arootdoelg EMAvVay P oonoinong
etvatl apketrd 6edopéva yia v npoBAeyn TETOOV IOV Pe HeYAAn akpibela, £dka yla v
moAttikr] avukatdotaong LRU. To StatCache mpoBAériel ta mooootd actoyiag pe Xapnio
opaipa, yvepiloviag povo autd- eMopEvag, UTTOOETOUHE OTL UTTApXoUV apketda Sedopiéva ya
va KAVOUPE Pla apXiKn npoBAsyn Kat va dnpioupyriooupie €va Imp®To POVIEAO Y1 auTo.

'Eva oTp®11a KavoviKoroinong PIopet va evioXUoet Ty akpiBeld Tou PoviEAoU pag. umap-
XOUV TePACTIEG ATIOKAIOELG PETAtU TV aplOP®V 0TOUG KEAIDV TOU 10TOYPANHATOS ATIO0TACTS
EMAVAXPNOHONOINoNG, KAO®G avikatomtpidouv 11§ MPAYHATIKEG IIPOOTIEAACELS OTNV KPUDT)
pvAaun. M amdn turikn KAipaka mou npooappodetatl oto ouvolo ekraidsuong armodet-
KVUETAl TIOAU XPHOn yid TV €rmAuocrn autoy tou {niipatog. Autog extedel évav ardo
petaoxnuatiopd z = (x — w)/s, onou € eival n ospd pag, u eival pla oslpd PECHV KAt s
elval n TUTIKI] arokAlon Kabe otnAng. Xt ouvéxeld, £papPofoUpe auTOV TOV KAPAK®TH
OT0 OUVOAO eKmaideuong KAl 0to oUVOAO SOKIPNAG Katl ouveyidoupe. Znpel®wote 0Tl autog O
KAPAKQOTHG TIPETEL va eKNTAISEVUTEL 1OVO OTO OUVOAO eKaideuong yia va pnv dnpioupynoet

Peudng kadutepa arotedéopata. O UMOAOYIOPOG NG TUITIKNG AMOKAIONG 0€ OAOKANPO 1O
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3.4 Pnxo noAuverninedo perceptron

Prediction of the StatCache network
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Zxnpna 3.3: Ta anoAvia ogaiuara npo6isyng g StatCache.

ouvodo Sebopévev Sa pmopouvoe va s10dyel pia pepoAnyia nou Ya npokadovoe KAAUTEPO

ATOTEAE0PIA ATIO TO TIPAYHATIKO OTO CUVOAO SOKIJNG.

To poviédo nou dnuoupynoape ival éva MLP pe éva kpudo emninebo 512 veupovaov.
AapBavel g €10060 10 10TOYpapPpa TG AMOOTACNG EMAVAX PN OO0 0NG KAt TIAPAYEL TEO-
oepig €§06oug, pia yla kabe péyebog kpudrig pvnung (1 MB, 2 MB, 4 MB kat 8 MB). Autég
o1 téooepig €500t eival o1 PoBAEWPELG TOU BIKTUOU yid TI§ ACToXieg OtV KPUudr Uviun yia
10 TiOG Ya avianokpiBel To PrXAavnia He T CUYKEKPIIEVI] APXITEKTOVIKI] OT0 OUYKEKPTHIEVO

nipoBAnua.
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3.5 Aiktuo LSTM

'Eva LSTM 6éxetatl wg 10080 pia og1pd §1a80X1KOV TGV, Ti§ ertavalapBdavel Kat UTtoAo-
yidel yia kafe tpr) pa €§060, Satnpoviag oe pia mapdperpo KPpuPprng Katdotaong g Tieg
mou €xouv 1noén nepaocel. 'a to mPoBANPA pag, PETATPEPAIE TOV TTIVAKA TRV ATIOOTACEDV
EMAVAXPNOP0II0inong oe oelpd Kat tov tpododotrjoape ot éva diktuo LSTM. 'Eto1, 10 diktuo
propet va urtoAoyiost pia tpn yla kKabe évav amo toug KAdoug ToU 10ToypAPatog oV a-
TMTOOTACERV ETIAVAXPNOIOToINong, AapBavoviag uroyn 1§ PONyoOUHEVES TIHEG TIOU £XOUV
MEPAOEL ATIO TOUG KASOUG HIKPOTEP®V ATTOOTACERV EMTAVAXPTO1H10TTI0iNoNg.

Opoing, 9¢doupe 1o Hiktuo va pmopel va umodoyidel pa TP yla pia OUYKEKPIHIEVD
TIPN TOU 10TOYPAPHATog, 5e60EVOV TOV TINOV ITOU AKOAOUBOUV HETd aro autrVv and Toug
KAd0oUg PeyaAUTepOV AMOOTACE®V eravaypnotponoinong. I'a 1o Adyo autd, avuotpeyape
10 10TOYpAPA TG and0oTaong EMAVAX PN OO0 0NG KAl T0 Tpododotrioajie o €va deUtepo
ertinedo povadamv LSTM. I'a va Asttoupyr)oet auto 10 SeUTEPO OTPONA WG CUVEXELA TOU TIPOTOU
OTP®UATOG, T0 KeAl e€060U KAl 1) KPUPI] KATACTAOT] TIPETIEL VA APXIKOTIONO0UV 0G 01 TEAIKEG
aro 1o pato. Topa, 1o deutepo otpodpa Ja Asltoupyel WG CUVEXELA TOU TIPWIOU OTPDATOS
e Eexwpiotd Bdpn.

Apx1kd, n oKEWn mioe ard autd 1o §IKTuo fjtav va aglormolr)oet ToV UnXaviopo g mpo-
ooxns. Auto Sa pag wdpslovoe 6oov adopd TV KATAvOonon Tou MOoo CNHIAVIIKO €ivatl éva
XAPAKTNPIOTIKO KAl IOV va eotiacoupie otav egetadoupe ta 6edopéva. Me auto 10 OKEMUKO,
vlorooayie éva oTpoPd IIPOCoXNS apéoms petd ta duo orpepata LSTM yia va ta cuvdu-
aocoupe. Ta orpopata poooyng eivat pnxaviopol Ipoooyg EPUITVEUCHEVOL ATTO T YVOOTIKI)
MPOCOXT] TOU avOp®@ITIVOU eyKeEPAAOU. AviXveUouv 1r) onpaocia kabe onpeiou Sebopévav peoa
otg £5060ug péow pag ouvdaptnong softmax [25].

[Mapoddo mou 1 61aicBnon g XPrjong Evog TETO10U HIKTUOU QAiveTdl 00OTr), 1] eKnaibeuon
Kat n €§0dog dev anédwoav 1éoo kadd 6co avapevotav. Ot rpoBALwelg Tou nNrav eAappwg
Xepotepeg and autég tou StatCache kat yia 1o Adyo autd dev da g mapouctacoupe. Auto
etvat mbavotata cuvenela tou ot dev eixape apkerd debopéva eknaidevong. O mivakag
npoooxrg urtodoyietat ano kabe £5060 kaOe povadag LSTM evidg twv otpopdtov LSTM.
Autod 9€tet éva tepaotio Bdpog oe kabe pia amod autég kat eptdapBavel mapa moAdd Bapn
yia va BeAtiotontonBouyv pe v eknaidsvon.

Evallaktikd, oneg aneikovidetatl oto oxrua 3.4, emAé{ape va Xpnoipooi)ooue &va
TMTUKVO OTPWHA TEPGEITIPOV Y1d VA KATAVONOOUNE T1§ £5060U¢ twv otpewpdtov LSTM. 'Eva
OTP®IA GOVGATEVATE KAl £VA OTPWHA QAATIEV PETATPEIOUV Ta oXIpata §68ou aro ta orpopa-
ta LSTM oe oxnuata anodektd arnd 10 ITUKVO oTpdpd. AUTO TO TUKVO §IKTUO KATAVOel Ka-
AUtepa 10 TIpoBANpa Kat propet va mpoBAgyet ta mocootd actoxiag pe peyadutepn akpiBela.

Ia auto 1o 6iktuo, €KTOG ATIO TIS ATIOOTACELS EMAVAXPNOIHOI0IN0NG, UAOTIOIOAE TOV
KAAS0 petaoynpatiopou. IlpooBioaie T1g EVOOPATOOEIS TOU KOO1KA 0¢ £va IapdAAnAo orpopa
niepgertpovg, input_1 oto oxfjpa 3.4. Ot evoepatdoelg Iou poKuItouy ano to IR2Vec dev
elval KavoVIKOTIOUPEVEG, OTIOTE Pld KAVOVIKOIIOINOoT] PE TTAPO}010 KATHAK®TY] OIS XPNOot-
POTIOU|0aE Y1d TI§ ATTOCTACELG ETTAVAXPTO10TIONN0NG Pag IIapEXEl KAAUTEpA AnoteAéopatd.
It ouvéxela, ouvbéoape 6Aa autd oto TeAeutaio Kpudpo orp®pia perceptron kat, 1€Aog, oto

otpopa €§06ou. 'OAa ta MUKVA VEUPKVIKA SIKTUA XPIOIHOIIOI0UV H1d OUVAPTIOT] EVEPYO-
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3.5 Aiktuo LSTM

roinong relu eKtoOg Ao 10 oTPWHA £§060U, TO OI0I0 XPNOIHOTIOET T Olyoe1dr] ouvaptnor),
b6edopévou ot o Adyog aoctoxiag etvat pia mbavotnta oto gupog [0, 1].

[MpooBéoape PEPIKA OTPOHIATA KAVOVIKOIIOINoNG Hetady TV HIKP®V ITUKVAOV OTPOUATOV
TV £1006@V KAl TOU PEYAAOU TTUKVOU OTPWHATOG g £§060u. Autd @aivetat va éxouv Seuko
AVIIKTUTIO 0T0 arotéAeopa tou poviedou. Kabe éva amd autd sxknaibsvetal ota 6edopéva
TOU GUVOAOU eKIaideuong Kal Kavovikorotel tig e§odoug rou dnpoupyovviat arod ta ImuKkvd
veupwvikd diktua. H kavovikomoinon tov oIpopdiev eival €UEPYETIKY], TAPOAO TOU Td
6edopéva €10660u eival kavovikoronpéva, S10TL ermTpenel opalotepeg KAIOElG, TaXUTEPT)
exknaideuon kat kaAutepn akpiBela yevikeuong. Aokipdacape oAeg tig rubaveg tortobeoieg
AUTEV TRV OTPOUATOV 010 S1KTUO Katl 1 KaAutepn amnodoorn nrav akpiBog HPeEta Ta PiKpd,
MTUKVA oTpepatd.

'‘Ocov adopd 18 1dlattepdtreg tou Siktuou, ta orpopata LSTM pag sivat peyéboug 4
povadwv 1o kabéva. Ilepapatiomkape pe moAAEG TiEG yia o diktuo oto eupog 1-16 po-
vadeg LSTM kat avakadupape ot ol 4 povadeg avd otpopia @aivetal va eivat 11 KaAutepn
UTIOAOY10TIKI] TIPN). Ta ITUKVA otpopatd apéowng peta (dense kal dense_1 oto oxnpa 3.4)
£€xouv néyebog 128 veupovav, eve 1o Tedeutaio MUKVO otpwpa (dense_2) eival peyaiutepo
pe péyebog 1024. To péyebog TV PIKPOTEP®V OTPOUAT®V dev emnpeddel TTOAU v akpiBeia-
1a peyébn 128, 256 kat 512 €xouv napopola anotedéopata. Autod 1o péyebog tou peyaAute-
pPOU OTPOPATOG, Ao TNV AAAT TMAEUPA, Ae1TOUPYNos KaAuUtepa amo aAAeg Tipég onwg 512 kat
2048.

ErumAéov, Xpnotpornotovpe éva otpopia sykatdAseiypng. Autod 1o otpopa 9étetl tuyaia 1o

20% teV £1008@V TOU 010 PN6EV Yia va aroTpeWel TV UIEPBOALKT) IIPOOAPIOYT.
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Kepaldawo 3. IIpoogyyion kat pebodot

input_2 | InputLayer

input_3 | InputlLayer Istm | LSTM

N

lstm_1 | LSTM

\

concatenate | Concatenate

flatten | Flatten

input 1 | InputLayer

dense 1 | Dense dense | Dense

Y

layer normalization 1 | LayerNormalization

A A

layer normalization | LayerNormalization

\ /

concatenate 1 | Concatenate

A |
dropout | Dropout

dense 2 | Dense

dense 3 | Dense

Zxnpa 3.4: Aoun tou éuktvou LSTM. input_1 sivar ot svowuatwostg, input_2 1o 10t0ypappa
amootAsE®WV EMAVA)PNOUOTONoNS Kat input_3 10 10T0ypauiia anootdos®y enavaypnoioTno-
inong ue avtiotpogn ocipa (ano peyadvutepn TN mPog Y UIKeoTeen).
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3.6 ZUVEAKTIKO VEUP®VIKO S1KTUO

3.6 ZTUVEALKTLKO VEUPWVIKO SiKTUO

input_2 | InputLayer

convld | ConvlD

A

max_poolingld | MaxPoolinglD

flatten | Flatten input_1 | InputLayer
A Y
dense 1 | Dense dense | Dense
\ A A
layer normalization 1 | LayerNormalization layer normalization | LayerNormalization

\ /

concatenate | Concatenate

Y

dropout | Dropout

dense 2 | Dense

dense 3 | Dense

Zxnua 3.5: Aoun tou ovveiktikoU veupwuikou Siktuou. input_l sival ol eVOWUATOOES Kal
input_2 givat o1 anootaoelg ETAvayPnoUOTOMoNS.

Ta otpopata ouveAEng UTapyouV yia va Bonbouv to §iKtuo va eviortidel o010t teg He-
1adV XapakInplotK®V Mou Bpiokoviat Kovid to €va oto dAdo, ol oroieg propel va xabouv
1] va ayvonBouv av Xprotono)coupe éva Tukvo Siktuo. Ot artootdoelg YEITOVIKG erava-
Xpnowornoinong pe ouvedigelg Sa propovoav va odnyrjoouv oe kaAuteprn anddoorn, Kabwg
1 £10060G 01O TTUKVO oTpwpa da €ival o KATATOTOTIKI).

It ouvéxela, APEo®G HETA, £va OTPWHA OUYKEVIPMONG £XEl WG OKOIIO T HEIwon tng
Sraotaukdtntag mg nponyoupevng e€6dou. To otpodia CUVEAIKTIKOU S1KTUOU £xet v piAtpa,
napayoviag £tol v anoteAéopata ava €i0odo 1otoypappatog. H eicodog 10toypappatog eivat
évag miivakag oxfjpatog (896,1)- snopévag, o mivakag e€66ou Ya stvat (896 — n)/step, n).

Xpno1ponolove 10 OTPOHIA CUCCHPEUOTS HEYIOTOU Yid Va HEIDOOUPE AUTEG TIS S1a0TACELS
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Kepaldawo 3. IIpoogyyion kat pebodot

optgovua ot ((896 — n)/(step = K), n), orou K eivat to péyebog tou muprjva. Yndpyouv
eVAAAAKTIKEG AUCELG OTO OTPOHIA CUCCOPEUOTG Yid 11| HEl®on TV S1a0TdoenV, NEPIKEG Ao
T1G 1110 SNPOPAELG €ival 1 CUYKEVTP®OT] PEYIOTOU KAt PECOU 1) 1) XP101 PeyaAutepou Brjpatog.
e autd 1o poBAnpa, £va Mikpo Bripd Kat 10 OTp@Ha CUCO®PEUOTS HPEYIOTOU UTIOAGY10aV Td
KaAUtepa anotedéopara, Orote XPNO10Io|odie autd.

Kat rdAt, 6nwg akpiBog kat oy epappoyr) LSTM, n £€§060g autou tou otpopatog ou-
YKEVIp®ONG ouvdéetat pe éva rmukvo otpopa MLP pe relu kat éva otpopa Kavovikoroinong.
To unoAoirno diktuo eivat to 1610 OTIHG Kal PO YOUHEVRG.

AZicel va onpeldei ot1, pe autd to HiKktuo, o1 P KAHAKOUHEVEG ATTOCTACELS EMAVAXPT-
o0TIoINoNg A1toupyouv KaAutepa. O KAPNAK®TNG 0TS I KATPAKOTEG ArT0oTACELS EMAvVa-
XPNOHOTIOIN0NG TTOU XPIOTHOIIO|CAE IIPONYOUEV®S Oev BeATidvel KaBoAou tnv mpoBAe-
Y1) pag. AkpiBog 10 avtibeto, 1 ipoBAeyrn xeipotepeviet emeldr] 1] KAPAK®OT) EMNPEAdEL TV
£€060 G CUVEANG- AUTO €XEl WG ATIOTEAEoA PIKPOTEPES H1aPopEg PeTay TOV TIH®V IToU
IPOKUITIOUV Arto Tr] OUVEASH KAl KATd OUVENElWd Xe1potepn Katavonon. To diktuo mpotipa
TG PN KAIPAOK®OPEVEG ATTOOTACELS EITAVAYXPIOHOII0INoNG MoU MEPVOUV arod autd, Ol OI0ieg
ot ouvéxela 9a mepAcouv arnod 10 MPAOTO OIpEPaA perceptron. Xin ouvéxela, €va orpopd
KAVoVIKOIoinong 9a KavoviKOITO)0el Ta AIrOTEAE0IATA aUToU TOU ITUKVOU OTP®HATOG, avil
va €xel Ipo-rATHakepéva debopéva. Aokippdaotnkav oAd ta rmbavd onpeia yia myv e10ayeyn
OTPOUAT®V KAVOVIKOITOINong, He 0Aoug Toug duvatoug ouvduaopoug, Kal amid éva otpopa
HETd TO MEPGEMTPOV MAPAYEL TIS KAAUTEPES ITPOBAEYETG.

'‘Ocov adopd 11g 16rattepotnteg 1ou diktuou, 1o CNN diktuo pag arnotedeital ano @idtpa
OV enavaAapBavouv Ti§ ArooTAcelg EMAvVAXPNOTHOoiNong 10060V P éva Brjpa Kat uro-
Aoyidouv ) ouvédi€n nave oe évav ruprjva. Ilepapatiomkape pe moAAoug ouvbuaopoug
yla autoug toug Tpetg aptfpoug (aptdpog gidtpou, Prpa kat péyebog rmuprjva) otg meplo-
x£g [1,20] yia xkabe ap®pod. H Soxur) autt] katéAnie oto ocupriépacpa Ot 0 KaAUtepog
ouvbuaouog eivat 6 @iAtpa, pEyebog ruprjva 8 kat otpide 4. Ta MUKVA OTp@HATA APECOG
petd (dense xkat dense_1 oto oxfpa 3.5) €xouv péyebog 512 veupmvav, eved 10 tedeutaio
nukvo otpopa (dense_2) eivat peyadutepo pe péyebog 1024. To péyebog tov PKpOTEPDV
otpepAatev ennpealet Altyo v akpibela- ta peyedn 128 kat 256 £€X0UV YEOUETPIKO PECO OPO
AroAUTOV opaApdiov poBieyng niepinou 0,5% Atyotepo. Auto 10 PEyeBog ToU PeyaAUuTeEPOU
otpOHatog, and v AAAn mAsupd, Asttoupynoe KaAutepa amod dAdeg Tpég onwg 512 kat
2048.

H exmaidsuon autou tou §iktuou xpeladetal katd peéco opo 6 ms/step 1 3 Seutepole-
mra/emnoyn, KAt Tou €ival oAU o YPHyopo ot ouykptlorn pe ta 50 ms/step 1) 15 deute-

poOAsrta/smnoxr) tou diktvou LSTM.

3.7 BaOu veupwVIKO Siktuo

AQoU skTPHOaE TV TIOWOTNTA TOV IIPONYOUPEV®OV AMOTEASOPATOV KAl yid Ta 4 Peyedn
Kpuong pvnpng (1, 2, 4 kat 8 MB), 9eArjoape va doupe av Sa priopovoape va dnuioup-
yrjooupe €va H1ktuo 1ou va 1poBAETEl TO TOCOOTO A0ToXiag 08 0rTo10dHTIoTE PEYED0g KPUPT|G
pvnung LLC. Auto €xel oG otdXo v akpibr] EKTIPNOCI TOU ITOCOOTOU aotoxiag yia KAade

Héyebog KpuPrg Pving Kat, tedikd, va 6eifetl rmota eivat n KaAutepr ap)ITEKTOVIKY] KPUPHS
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3.7 Babu veupwviko diktuo

BVAHDNG yia éva ouykekpipévo ripdBAnpa. T'a tov okono autd, mpooopolwoape sava ta ixv,
Xpnotpornowwviag evdiapeoa peyedn Kpudng Pvipng yia va Snpioupyrjcoupie €va peyaAute-
po ouvolo Hebopévev. Auto mepiExetl ta dedopéva yia ta peyebn kpugrg pvnung LLC [768,
1024, 1536, 2048, 3152, 4096, 6044, 8192] KB e v moAttiky) avukataoctaong LRU.

Auto 10 Siktuo propet va xpnotpornownfel pe dUo drapopetikoug 1pornoug. Edv éxoupe
£éva mpoypapiiia yia to oroio £xoupe ta dedopéva oe £va 1] IeEPLo0oTEPA P XAVI|ATa, PUITOPOo-
Upe va 1o 1poobeooulie 0to oUVOAO eKItaideuong Kal va npoBAEWoupe ooo UPnAo rmocooto
aotoyiag Sa £xetl pe adda peyebn kpugpng pvnung. O devutepog Tpomog Xprong eivat yua eva
véo mpoypappa rou dev £xet Het 1o Siktuo. Autog 0 Heutepog Tporog da eival yevika 1o
XpHopog amod ta tpia mponyoupeva diktua, kabwg Sa propet va npoBAéwetl v avaldoyia
aotoyiag yta ortolodrrote peyebog Kpudrg pvrpng Kat dev Sa replopidetal povo o autda ota

ortoia £xel ekrnaldeutet.

input 6 | InputLayer input_5 | InputLayer input 4 | InputlLayer

eV

concatenate 5 | Concatenate

\

dense 5 | Dense

l

concatenate 6 | Concatenate

dense 6 | Dense

concatenate 7 | Concatenate

dense 7 | Dense

concatenate 8 | Concatenate

\

dense 8 | Dense

N\

concatenate 9 | Concatenate

y

dense 9 | Dense

Zxnpa 3.6: Badu vevupwuiko OiKtuo yia tv mpobAsyn dAAov ueyedwv Kougng punung. in-
put_4 givat 1o puéyedog g KpuPng Lunung, input_5 sivai o1 anootdoelg Emavayenoonoinong
Kat input_6 eivat ot EVOOUATHOOELS.
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Kepaldawo 3. IIpoogyyion kat pebodot

IMa auto 1o diktuo, 6mwg gaivetat oto oxfpa 3.6, xpnotpomnotove 4 Kpudpd orpOPAtd.
®¢Aoupe kAbe orpopa va Kavel poBALwelg avdadoya pe 1o péyebog tng Kpudrng pvhpng- yu
auto tPododotoupe 10 Péyebog £10680u o KAOBe KpuPo otpodpa ouviiadovidg to pe v £5060
10U TIponyoupevou otpopatog. Kdabe éva amod ta kpupd otpopata £xel 512 veupmveg- ta
T€00EPA TIPWTIA XPIOI0II00UV T OUVAPTH O EVEPYOITOINONG PEAU, £V TO TeAgutaio orpona
Kat 10 otpopa e§060U XPNO10II00UV 1) Oy H0Ed] OUVAPTN oL evepyoroinong. Aut n dia-
Popdwon dokipdaotnke Kat @avnke va anodidsl kadvtepa. Ilepioocotepa Kpupd orpwparta
EP100OTEPOL VeEUupmveg Sev anedidav kaAutepr mpoBleyn, 100G Adyem g dnpioupyiag moA-
Awv petabBAntov.

Kat ot tpeig €i00601 mep1EXoUV Pia KavoviKOIOPEVT €KS00T TOV ATTOOTACE®V ETTAVA-
XPNOHOTTION0NG, TV EVOMHATOOE®V KAl 1@V Peyebnv g Kpudng pvrpng. Ot anootdoeslg
EMAVAXPNOTHOOIN0NG KAl 01 EVOOUATMOEIS KAVOVIKOITO0UVIdl e v 161a pébodo ornwg kat
ota dAa Siktua. To péyebog g £10660u Srapebnke pe 512KB, pe amotédeopa va mpo-

KUWPOUV T1i€g TTou Kupaivovtat aro 1,5 - 16,0 yia kabe pia and tig Kpugpeg Pvrpeg.
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Ke¢palaio ﬂ

ZUYKP101] ANOTEAECRATOV

4.1 IIpdBAewn yla ayvoota npoBAnpata

4.1.1 TIIpo6Aewn yua tnv MOALTIKY aviikatdotaong LRU

To pdBANIa TTIOU MIPOKELTAL VA CUNTIICOUNE lval TTOAU UKOAO va Tieptypaget. [Ipooma-
Youvpe va mpoBAféyoupe ta mocootd actoyiag orotacdnIote epappoyng rmou ouvaviovv td
biktud pag. Ta va 1o deifoupe autd ypnowporoovpe v npoavadepbeioa peébodo leave-
one-out cross-validation o6mou dayxwpidoupe éva Bevgnuapk, eknaidsvoupe 1o Hiktuo ota
aAda Bevgnpapkg kat rmpoortabouiie va 1o nipoBAsyoupie. Me autdv tov 1porto Sa £xoupe v
KaAutepn Suvartn ipodBAeyn yia KABe popto epyaoiag Xopig va tov €xoupie 6l ITPONyoOUEVRG.

H avalntnon g akpiBéotepng npoBAeyng ToU IOCOCTOU actoyiag pag odrnynoes otnyv £1-
Oay®y1 TE00AP®V OUVOAKA POVIEA®V: TV diktuov MLP, CNN, LSTM kat DNN. Kdbe éva
Ao autd ta POoVIEAd aVIUPOOITEVEL [d §EXMPLOTL MPOOLYYLon yia v 6oo to Suvatdv a-
Kp1Béotepn mPoBAewn TV avaloyl®v actoxiag otnv Kpudr pvipn. Ag ouykpivoupe Kat ag
OULNTHOOUHE TIS OUVOAIKEG TIPOBAEYELS TOV S1kTU®Y pag. T'a to okord autd, da ermAéiou-
€ P1a MOALTIKI) aviKATAotaong Kat 9a ouykpivoulle ta opaipata npoBAeyng mou £XoUe
untoAoyioet pe kaBe éva aro ta diktud pag.

H LRU eivat n povn moAttikn avukatdotaong yla v oIoia PIopouie va ouyKpivoupe
1000 10 Ltatdgne ooo Kat ta diktua DNN. To Ztatdgne smvonbnke Katl Aettoupyei povo pe
TV oAtk avukatdaotaong LRU. To §iktud pag DNN eivat rmbavotata ikavo va ripoBAgpet
OIT01adNIOTE TOATTIKY] aviikatdotaong, addd da xpeiadopaoctav neploootepa dedopéva yia
AAAeg MOATTIKEG AVIIKATAOTAOTG Yiad va ermBeBai®ooupie 6Tl pdypatt ipoBAErnet orolodr)note
peyebog xkpuorg pvnung. To diktuo DNN ard 1o omoio Sa napouciacoupe arotedéopata
etvat to DNN rou €xet exntaideutet ota 4 peyebn kpuong pvhung (1MB, 2MB, 4MB kat SMB)
pe v 161a pébodo Sraoctaupoupevng emkUpwong leave-one-out orwg kat ta dAda diktua.

Eivai oagég 6t 6Aa ta diktud pag gerepvouv onpavukda g npoBAéyeig g StatCache.
Ot akpaieg T1jEG, Ta mAaiola Kat 01 H1apPecot TV AOAUTEV opaApdtev rpoBieyng oto 9n-
Koypappa tou 4.1 eivat aiobnta vyndotepa yia v npoBAeyn g StatCache. Eivai emiong
0apag adloonpeinto Ott 01 YERHETPIKOL PE0OL TV OPaApdtov rpdBAeyng otov rivaka 4.1
eival capng Xepotepol anod orolodnmote addo diktuo ota tpia Pikpotepa PeyEdN Kpudng
PVNING KaAt 1001 J1€ ToUg XEPOTEPOUG Y1a TNV Kpudr) pviun peyéboug SMB.

Eival emtiong cadwg opato Ot yia peyaAutepa peyedn KpupHg Pving, Ta arnoAutda opal-
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Outputs for LRU replacement policy

80
B sStatCache O
mm MLP © ©
70 1 o
Bl LSTM O
EE CNN o
60 1 0 8o
1 DNN O o
o o o o
50 - O
—_ o e o o
&
— 40 - o 8
=] 8 o O
E
] O 8 ]
30 - o @
0 O
o
20 . o
10 ¥ é
0 .
T T
1024 2048 4096 8192

Cache size [KB]

Zxnpa 4.1: XZgaduara mpo6isyne twv diktvov MLP, LSTM, CNN, DNN kat StatCache yia
LLC pe mofuwkn avukataotaong LRU

pata nipdBAeyng yivovral peyadutepa. [Ma peyaldutepa peyedn Kpudrg pvhpng, o PECOG
Aoyog actoyiag pewpverat Spactikd. Autd pag odnyet oto ocupnEpacpa Ot yia PEYaAUTEPES
KPUQEG PVIIEG, TTAPOAO TTOU £ival EUKOAOTEPO va MPoBAEWoulie éva eupog orou Sa sivat ta

mooootd aotoyiag, eivat §uokodotepo va rpoBAeyoupe 1a akpiBr] Tocootd actoyiag.

To pnxo MLP eivat ouvoAikd to o aduvapo amnod ta diktuda pag. To yeyovog ot Hev
AapBdvet 100eg MAnpodopieg 600 ta dAAa Siktua, Adywm TOU OTL Hev £xel Tov KAAdO Tou pe-
TaoXNpatot], Kabmg Kal 1 XEPOTEPT KATAvOnol IOV AIOOTACE®V EMAVAXPNO0oinong,
€XOUV ®¢ amnotéAdeopa peyadutepa opaipata amo ta adda diktua. Ta opddpata ipoBAeyng
TOU £X0UV UYPNAOTEPES H1aPI€00UG, PNEYAAUTEPA KOUTIA Kal TTOAAEG akpaieg TIHEG O OUYKPL-
on pe 1a opdaApata npoBAeyng v diktuwv CNN kat LSTM. Auto to BAénoupe kat anod 1o
YEYOVOG 0Tl Tapayetl otabepd 10 Sevtepo peyadutepo opaipa rpoBieyng otov rivaka 4.1.
O o016x0g autou tou S1Kktuou rjtav va Seifel ot eivat duvatov pe éva ardo MAII va rapayet
napopola, av Oyt KaAutepa, amotedéopara and 1o StatCache ypnowornoiwviag povo tig
arootdoelg enavaypnotpomnoinong. Ta amoteAéopata deiyvouv Ol ermtuyape pe emruyia
autov oV OToXO.

Ta dAAa tpia diktua €xouv npoéoBacn OToV PETAOYXNIATIONEVO KOSIKA TOU Mpoypdppa-
10G, omote o1 TIPoBALYelg TOUG eival avapdiobrtnta KaAutepeg anod auvteg tou MLP. T'a va
avaAucoupe g nPoBALyelg Toug pe peyadutepn akpiBela, Sa e€etacoupe ta otoypappata

1OV arnoAUTeV odpaipatev npoBAsyng 4.2. Asdopévou ot ta 1otoypappata sivat mapopola
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4.1.2 TIIpoBAeywn ortoloudriote pey€0oug Kpupng PV NG yid TV MOATKY aviikatdotaong LRU

yla dAAa peyebn Kpugng PVHING ®S Ipog T0 oXnud, 9a rmapoucidooule 1OVo autd Ao 1o

péyebog g kpuong pvnpng 4MB mou eivatl avirnpooeeutikd.

Cache size [MB]
Network
1 2 4 8

StatCache 5.4% | 8.3% | 8.7% | 8.5%
MLP 4.1% | 7.2% | 6.3% | 8.5%
LSTM 3.6% | 3.9% | 5.3% | 6.4%
CNN 3.9% | 4.6% | 5.5% | 6.2%
DNN 3.6% | 4.0% | 6.0% | 8.1%

[Mivaxkag 4.1: T'e@UETOIKOG PECOS OPOG TOV anoAUTOV oPaiudiov meobAeyns yia 1ig KoUPES
uvnueg ue mojtukn avtukaraoraong LRU.

Eivat mpopavég o1t i mpoBAeyn g StatCache eivat xelpotepn and omnoladnmote AAArn
nipoBAeyn. IToAAég peyaldeg akpaieg Tipég, Atydtepa onpieia avapopdg KOvid OT0 PNOeviKo
opdApa kat pia oxedov opolopopdn KATtavopr OT0 €UP0G TRV TIH®V TG KaO10TouvV oadeg
ylati ot ipoBAgywelg tou StatCache eivat xeipotepeg. H uypndotepn omin yua o6Aa 1ta diAa
otoypappata givat n pikpotepr). Ta andduta opdApata pdBreyng tov diktvov LSTM kat
CNN £xouv oAU mapdpola oxnuata kKovta oto pPndév, pe moAdd onpeia avagopdg rmoAu
KOVTA Kdal Aly0tepa o pakpld. Autd mou ta dtagoporotei eivat ot to CNN €xel moAAgg
akpaieg TpEg. Auto eival emiong opatd oto 4.1, omou ta andduta opddpata rpoBAeyng
tou 8iktuou CNN £€xouv TIOAU TEPIOOOTEPES AKPAieg TIHEG Ao ta odpdApata poBAsyng Tou
dwktvou LSTM.

H a&oddoynon g mpdBiewng tou Siktvou DNN oe oUykpion pe ta adAa eivat Aiyo 1o
6UokoAn. Ta andAuta opdApata POBAEWPnS TOU @Aivetal va £€X0UV Hid ITo Opo1OPopdn Ka-
tavoprn oto eUpog aro 0 €wg 0,2 pe oAU Alyeg akpaieg Tipég. Auto eival eAadppmg XEPOTEPO
aro ta arnoAuvta opdipata rpdBlewng tou diktvou LSTM. 'Otav edetadouie 10 aBpolotiko
Inxkoypappa 4.1, ot mpoBAéyelg Tou @aivetal va eival kaAutepeg ano autég tou LSTM yia
HKPOTEPESG TIHEG TOU HeYEBOUG NG Kpudrng pvhung. Ot yeoperpikol P€cotl Opot Kat yia Tig
6U0 autég neptioelg eival oxedov i0ot. Auto onpaivel ot to HIKTUO €XEL TNV 1KAVOTNTA vd
MPOBALIEL Ta TTOCO0TA ACTOXiag tNG KPUPrg PviHng £6icou kaAd pe to diktuo LSTM, av oxt
KAAUTEPA, Via PIKPA PEYEDN Kpupng pvhpng. Auto onpaivel emiong 0Tl auto 1o §iKTuo pe

Sdour DNN éxet aduvapia yla peyadutepa peyedn Kkpudng pvipns.

4.1.2 TIp6BAewn omoloudnmote peyéOoug KPUPNG UVIIING Yid TNV MOALTIKY
avtikataotaong LRU

A@poU avaAuoape 1a AroteAéopPata 0A®V IOV SIKTU®V 08 aUtd Td T€00epa PEYEDN Kpuopng
pvhung and ta diktud pag, 9édoupe va rnapouoidooupie v euedi§ia tou Siktvou DNN.
To diktuo DNN 6éxetal wg €ioobo v mapdperpo tou peyeboug g Kpuodng Pvipng Kat
propel va katavorjoet v avaloyia actoyxiag ortotoudrote peyeboug Kpudpng pvrpung. Qg
€K TOUTOU, £XOUHE Td P0G PATIOG MEPLOCOTEPROV Peyebwv Kpudrg pvhung otnv LLC ya va

Sei€oupie 611 autd 1o Hiktuo DNN propet rpaypartt va ta ripoBAgyet.

AitAeopatxny Epyaocia m



Kepadao 4. ZUYKP1On ATOTEAEOPATOV

Histogram of predictions, 4096 KB cache Histogram of predictions, 4096 KB cache
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Yxnua 4.2: StatCache, LSTM, CNN, and DNN absolute prediction errors for LLC of size 4MB
with LRU replacement policy

Y& autn Vv evotnta, rpooniabouiie va rpoBAéyoupe orolodHote Ayveoto IIpoypappa
yla ortolodrnote peyebog Kpudrg Pvhpng pe  Sedopévr moAtikr avukataotaong. ‘Exou-
pe ta peyebn LLC [768, 1024, 1536, 2048, 3152, 4096, 6044, 8192] KB kat moAKn
avukatdaotaong LRU. @a ypnotporotjooupe 1) 1EO060 g 61a0TtaUpoUpEvng EMMKUPKONS
(gpooo-aAibatiov) yia 1o cUvoAo SoKIPOV pag, onwg akplBwg Kat oto Kepadato 3.4, orou Sa
dlatpéfoupe ta apxeia avapopag xkat Sa ta rpoBAéwoupie pe éva SIKTUO Mou eKMASeUTnKe
ota adda 46 apxeia avadopag. Zto t€Aog, da £xoupe 47 mpoBAéyelg, pia yia kabe onpeio
avagopdg, pe 1o diktuo va exnadevetal KAOBe @opd o 0Aa ta dAAa onpeia avadopdag.

Ma Awyotepa amd 3 peyédn Kpudng Pvrung oto ouvoldo ekmaideuong, n npoBAeyn dev
éxel kapia adia, kabog 1o diktuo Hev Propel va KATAVONoetl v MAPAHETPO TOU peyefoug.
'Otav 10 diktuo exkmaidevcetal oe €va PEyebog KpuPng PvNnG, n mapapepog peyeboug dev
aAAddet oto oUVoAO exkTiaideuong, onote 10 HikTUo anAag 9a g arodidet tuxaieg Tipeg. ‘Otav
Xpnotporotovuvtat §Uo peyédn Kpudrg PvHing oto ouvolo ekraideuong, to 6iKTuo 10 Kata-
voel oG duadiko poBAnpa kat rpoorabel va epappPooel 0 AUTO Pld OlyHOES] ouvAaptnon.
Auto kabiota tg nipoBAéyetg avadiomoteg. 'Etot, 9a napoucidcoupe tg rpoBAéweig pe 3, 4
Katl 6 peyedn Kpudng PvHHng oto ouvolo exknaideuong.

To diktuo ekmadevnKke pe 1a Peyedn g Kpuodng pvhung 1MB, 2MB kat 8MB oto

m Awtflopatkn Epyaoia



4.1.2 TIIpoBAeywn ortoloudriote pey€0oug Kpupng PV NG yid TV MOATKY aviikatdotaong LRU

Prediction of the DNN network
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rxnupa 4.3: AndAvta opadiuara mpo6Asyng tov Suktvou DNN, ekmaideupeva os Ueyedn Kougpng
uvnung 1MB, 2MB kai SMB.

ouvodo exkmnaibeuong. 'Onwg PAémoupe oto oxfpa 4.3, ta andAuta opaipata rpoBAeyng
yla 1§ XapnAotepeg KpUuPeg pvrpieg eivat moAu kadda. Ot diapecot eivat xapndoi kat otabe-
poi. Kuping urapyet povo pia axkpaia Tipn yia autég Tig KpUPEG PVIHES, KAl autr) eivatl 1)
npoBAeyn yla to onpeio avagopdg 416.gamess- o Aoyog aotoyiag tou mpoBAénetal nmavia
upnAodtepog Kat Sa eivatl kat oto pEAAov, yia Kado Adyo, n ipoBAeyn actoxiag. Auto to on-
peto avapopdg arotedeital aro €va ixvog, to oroio £xel povo 17k mpooreddoetg oty LLC,
mpaypa rou onpaivetl ot 1o diktuo 6taBadel £va mapdBupo ArooTACERV EMAVAXPIOLHOITI0-
inong pe 17k npoorieddoelg kat ripoortabel va nipoBAEwet 1o piog patio tou. H mAsiovotnta
1OV Tapablp®Vv €Mavaypnoliool0UHEVEOV ATOOTACE®Y OTd Ortoia ekraldevetal 10 HiKTuo
pag anotedeital and 512k nipooniedacelg. 'Etot, 1o fiktuo BAémet tov xapundo aptOpo arno-
OTACE®V EMAVAXP1O1OTIOINoNG Kat UTtofETel TOAAEG TIpooTieAdoelg TIou oupBaivouy povo pia
(POPA KAl ETIOPEVROG eV £XOUV ATTOOTACELS EMAVAXPINOTHOI0INoNG. AUTA £€X0UV WG AITOTEAE-
opa aotoyieg (SoAS piooeg) Kat eMOpPEVES TO §1KTUO UTTOAOYI¢El UPNAGTEPO TTOCOCTO actoXiag.
Mropotjie pe acpdldela va ayvorjooupe aut) v £§060, Sedopévou Ot, pe pia rpocoio-
iwon 30 @opég peyalutepng Hiapkelag, n £5odog rmbavotata Ya mAnoiale mePlOCGTEPO TV
MPAYHATIKY] TUL).

'‘Ocov apopa 1g peyadutepeg LLC, ot poBAiyweig xepotepevouv otadiaka. H akpiBeia
ToU S1IKTUOU Yla aUTEG TIG KPUPES PV HES elval onpaviika Xe1potepn anod ekeivry tou Siktuou
LSTM, onwg urodnAovouv o1 YE®HETPIKOL P€ocol opot toug 4.2. O1 YEQUETIPIKOT PECOL TV
opaApatev rpoBAeyng eival Kovid oe autd nou npoBAérnetl 1o LSTM yia pikpotepa peyedn

KPUONS PVIIING KAl XEPOTEPEVOUV HPaAOoTIKA yia PeyaAutepa Peyedn KpUupHg Pvipng.

AitAeopatxny Epyaocia m



Kepadao 4. ZUYKP1On ATOTEAEOPATOV

Train-set cache

Cache size [KB]

sizes [MB] 768 | 1024 | 1536 | 2048 | 3072 | 4096 | 6144 | 8192
1,2,8 3.0% | 3.1% | 3.8% | 5.0% | 5.8% | 6.2% | 6.5% | 8.5%
1,2,4,8 3.8% | 3.6% | 3.1% | 4.0% | 5.1% | 6.0% | 6.9% | 8.1%
0.75,1,2,4,6,8 | 2.5% | 3.4% | 4.1% | 3.5% | 4.2% | 5.3% | 7.2% | 9.7%
LSTM Network - 3.6% - 3.9% - 5.3% - 6.4%

[Tivakag 4.2: e@Uepikdg UECOG OPOC TV amoAUTOV 0@ajludiov Tpo6Asyng tou StKTuou
DNN, sknaibsupévo oe Siapopetika psyedn kpu@ng uvnung. Madi |e 1oV Ye@UETOIKO UECO GpO
IOV anoAvtev opaiudtov mpo6isyng tou duktvou LSTM, yia ovuykpion.

AinAeopatxny Epyaocia



4.1.2 TIIpoBAeywn ortoloudriote pey€0oug Kpupng PV NG yid TV MOATKY aviikatdotaong LRU

It ouvéyela, poodeoayie ta dedopéva tng KpuPpng pPvnung peyeboug 4MB oto ouvolro
exknaidevong. Topa éxoupe ta 6edopéva yia tig LLC peyéboug 1, 2, 4 kat 8 MB oto ouvoldo
eknaibevong. Auto onpaivel ou 1o Siktuo exkmnaidevetal ota ida akpBwg dedopéva pe ta

ponyoupeva SiKtud Imou MApOUCIACA}IE.

Prediction of the DNN network
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Zxnua 4.4: Anojluta opaiuata mpo6isyng tou duktvou DNN, eknaibevpéva og Ueyedn koupng
uvnung 1MB, 2MB, 4MB xai SMB.

Eival evbiagépov wg autr) 1 mpoobrKr ernpéace moAu Alyo v mpoBAeywn g KPUpHg
pvnung peyéboug 4MB, oto oxnua 4.4 1) otov niivaka 4.2. Ilpodpavag, to diktuo priopouos
1ndn va npoBAEyel ta mocootda actoxiag ywa 1o péyebog g Kpudpng pvnpng 4MB apketa
KaAd Otav eKnaibeutnKe o tpia PeEYEDN KPUPHS PVI NG, £MOHPEVKG, 1] MIPOCONKI TOU TO
aAAage oAU Aiyo.

Autn n ipooBnKn BoriBnoe 1o 61KTuod Pag va Katavor|oel KAAUTEPA OPIOPEVES ATIO TIG Hl-
KPOTEPES KPUPES Pvrpeg. 'Otav eknaibevoape yia npotn @opd eva §iKtuo, 1o eKmatdevoape
povo yua to pEyebog tng kKpugpng pvnung 2MB. H yvdon povo ng xkpuong pvinung 2 MB
pag €dwoe pa pdBAeyn e VEMHEIPIKO PECO OPO ATOAUT®V Opaipdtov rpoBieyng 4,7%
ya m otAn 2MB. Eivatl eviiagépov mig 0 YEQUETPIKOG HECOG 0pO0G NG KPUPNS VNG
peyeboug 2MB (ypappr) 2 tou mivaka 4.2) eival xapnAotepog arno autdv 1ou rpoBAEpOn-
Ke € POVO aUTi] TNV KPu@dr] PVAHL oto oUvoAo ekmaideuong. Auto onpaivel 6t 1o §iktuo
ATEKTI0E KATIOW £1KOVA Y1d Td IT0000TA aoctoyiag tng Kpudrng pvipng peyeboug 2MB amnd

NV IPOCHNKN NG KPUPng pvrung peyeboug 4MB oto ocuvolo eknaibeuong.

AitAeopatxny Epyaoia



Kepadao 4. ZUYKP1On ATOTEAEOPATOV

TéAdog, exnadevoapie 1o 6iktuo oe €81 peyebn kpuprig pvhung: 0,75, 1, 2, 4, 6 ka1 8 MB
peyéBoug LLC. Autd yivetar armieg yia va doupe nwg Sa cupriepipepBel to diktuo pe pa
T€T01a TIPOCONKN Peyeb®V KPUhr§ PVIING.

Prediction of the DNN network
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rxnpa 4.5: AndAvta opdiuara mpo6Asyng tov Suktvou DNN, ekmaiSeupeva o Ueyedn Kpu@png
uvnung 0.75, 1, 2, 4, 6 kar 8 MB.

O1 poBAEWELg AUTOU TOU GUVOAOU ekTtaideuong oto oxnpa 4.5 gaivovial oAU apooieg
He ta opaApata 1oV mponyoupevev mpobAéysmv. Ta peyédn kat ta oxnpata 10V KOUTIOV
oto dnKoOypappa eival apKetd Mapopold Pe EKEIVO TTIOU eKMABeUTNKe Pe 4 Peyedn Kpudng
pvnung. H povn Stagopd eivat 6t o1 mpoBAéweig tou 416.gamess £ytvav Alyo KaAutepeg ya
HiKpOTEPA PEYEDN KPUPNG v NG, AAAd 0X1 apKeTd.

Ty tpitn ypappr tou mivaxka 4.2 BAéroupe ot i poBAeyn g Kpudrng pvnung 768
KB ¢ywve akopn kadutepr, Kabmg Katl n poBAswn ya myv Kpuor) pvhun peyeboug 2MB.
Topda, 0 YEOPEIPIKOG PECOG OPOG TV ATTOAUTOV OPAAPATOV TTPOBAEWNG Yia TV KpUPI] VI
peyeboug 2MB eival xapnAotepog ano v rpoBAeyn tou diktuou LSTM nou avagpépape otnv
apxt). Autd onpaivetl 6t mbavotata yia orolodnrote PEyebog Kpudprng PUVHING HIKPOTEPO
artd 4MB auto 1o 6iktuo DNN 9a £xet mapopola aroteAéopata pe to diktuo LSTM. Eivarl -
riiong evilapEpov 0Tt 0 YEMHPETPIKOG PECOG OPOG TOV ATIOAUT®OV OPAAPATOV IIPOBAEYNG Yia TIg
KPUPEG pvreg peyeboug 6 kat 8 MB éxet augnbei. To Siktuo eotidlel MeP1oCOTEPO OV AKPL-
Br) pdBAEY TOV MIKPOV PEYEODOV KPUPNS PVIHING KAl TPOoPpavmg Sev ITTOPETL va KATAVOL)OEL

e v 1d1a akpiBela ta peyavtepa.
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4.1.3 TIIpoBAeyn moAtukng avukataotaong SHiP

4.1.3 IIpo6BAsywn moAttikig aviikataotaong SHiP

IMa 11§ aAAeg TPEIG TIOATTIKEG AVIIKATACTAONG, £XOUHE 110VOo tTa odpdApata rpoBAeyng aro
ta diktua MLP, CNN, kat LSTM. H npdBAeyn tou StatCache éxer oxediaotei yia va mept-
ypdaogel ) ouprniepipopd 1oV Kpudwv pvrpng LRU kat, enopéveg, dev propel va epappootet
o€ AAAeg MOAITIKEG avukataotaong Kpuopng pviung. To Siktuo DNN €xel eknaibeutel kat
Soxrpaotel poOvo yla v moAttiky] aviikataotaong LRU- yia aAAeg OATTIKEG AVIIKATAOTAOTG,
bev éxoupe apketd dedopéva yia apKetd Peyedn Kpugng Nvning Wote va a§loAoyrnooupie pe
akpiBela v anodoor] 1ou oe Stapopa PeyeON KPUPng PvHns.

Qutputs for SHIP replacement policy
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Zxnua 4.6: Zgajiuara mpobisyng towv diktvwv MLP, LSTM, CNN ywa LLC pe moAitikn avtuka-
taotaong SHiP.

Cache size [MB]
Network
1 2 4 8
MLP 56% | 7.7% | 9.8% | 8.6%
LSTM 2.7% | 4.1% | 3.7% | 7.6%
CNN 53% | 7.3% | 5.8% | 9.4%

[Tivaxag 4.3: Te@UETOIKOG UECOG OPOC TOV OPAAUATOV TPOEAYNS Yia TI KOUPES UVNUES UE
nojlikn avukataotaong SHiP.

H kaAutepn npoBleyn otav egetdloupe ta opdApata rpdBieyng, oxrua 4.6, 1 toug
VEWMUETPIKOUG PECOUG OpOoUg Toug, Tiivakag 4.3, givat cadpwg n rpoBiewn LSTM. ‘OAot ot

AitAeopauxny Epyaocia m



Kepadao 4. ZUYKP1On ATOTEAEOPATOV

€001 6pO1 €ivat TT0 KOVTA 010 Pndév amnod orolovdnote aAlo Kat ta Snkoypappata gaivoviat
KaAutepa yla 0Aa ta peyedn g Kpudng pvhpng. Ot yeoperpikol péoot tou diktuou eivat
Toulddytotov 2% KaAUtepol amo ToUG YEMUETPIKOUG PNECOUG TOU PIKPOTEPOU Arto Ta dAAa duo
diktua. Emiong, Sev amoxkAivouv nepioootepo anod 1% amnd 10ug YEOPETIPIKOUG PECOUS TRV
opaApdatev poBAeyng tou LSTM yua v moAttiky avukatdaotaong LRU. Auto onpaivet ot
£xouv 10 1810 gUpog pe autd rou npoBAernoval yia LRU kat deiyxvouv 1 otabepotnta autou
10U S1KTUOU mapd trv aAAayr) g MoATKYg avukataotaons. Ta opdaApata mpoBAsyng amno
10 Siktuo CNN yla autr) TV MOALTIKI] AVIIKATACTAOoNG £ival MTOAU Tapopold Pe ta opaipata
nipoBAeyng tou Siktuou MLP, yeyovog mou Seixvel ot 1o diktuo CNN mapouoiadetl karowa
aduvapia yla aut) wv OATIKY aviikatdaotaong. Auto e§akolouBei va eyeipet 1o epwtnua,
Tt Kavel 10 diktuo LSTM va mpoBAémet 1600 oAU Kadutepa amnod ta adda &Uo og auty) v

TTOATTIKI] AVIIKATAOTAOLG.

4.1.4 IIpo6BAsywn moArtikyg aviikataotacng SRRIP

Outputs for SRRIP replacement policy
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rxnpa 4.7: Zgaiuara mpo6Asyng tov dSuctvwv MLP, LSTM, CNN ywa LLC ue mouiky aviika-
taotaong SRRIP.

Kat dAt, ot mpoBAéyeig tou Siktuou LSTM @aivetat va givat ot woxupotepeg. Ta opdi-
pata mpoBAeywng aro 1o diktuo CNN eival kadutepa amno auvtd rou eixape ya to SHiP kat
poiadouv pe ta opdipata npoBleyng tou diktuou LSTM. 'Exouv pikpotepa miaiola oto 9n-
KOYPAPHA, [MOU Onpaivel ot 10 opddpa rpoBAeyng sivatl apketd otabepo. IlapoAa auvtd,

1a opdApata nipoBAsywng Tou diktvou LSTM eivatr kaAuUtepa 000V adopd Toug PECOUG Kat

m AinAeopatxny Epyaocia



4.1.4 TIIpoéBAeyn moAttikng avukataoctaong SRRIP

Cache size [MB]
Network
1 2 4 8
MLP 5.7% | 8.0% | 8.6% | 9.3%
LSTM 3.1% | 4.6% | 5.5% | 5.7%
CNN 4.7% | 5.2% | 6.4% | 7.4%

[Tivakag 4.4: Te@UETOIKOG UECOS OPOC TOV OPAAUATOV TPOBALYNS YIA TG KOUPES UVNUES UE
nojitikn avtikataotaong SRRIP.

TOUG YEMUETPIKOUG Péooug. Autd mou agilet emiong va avagepbei eival ot mpoxettat yia tov

XAPNAOTEPO VEDPETPIKO PECO TOV OPAAPATOV ITPOBAEYNG TTOU €1XAIE YA TNV KPUPL) PVI N
peyéboug SMB.

AitAeopauxny Epyaocia m



Kepadao 4. ZUYKP1On ATOTEAEOPATOV

4.1.5 IIpo66Asywn moAttikiyg aviikataotaong Mockingjay

Outputs for Mockingjay replacement policy
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rxnua 4.8: Zgaiuara mpo6Asyng tov duktvewv MLP, LSTM, CNN ywa LLC ue mouiky aviika-
taotaong Mockingjay.

Cache size [MB]
Network
1 2 4 8
MLP 6.2% | 7.8% | 9.0% | 8.8%
LSTM 4.9% | 3.6% | 5.3% | 6.2%
CNN 5.3% | 6.2% | 7.6% | 8.3%

[Tivaxag 4.5: I'e@UETPIKOG UECOG GPOC TOV 0PaudIoV TPOGALYNGS Yia TI¢ KOUPES LUUNUES LUE
nmojlttikn avukataotaong Mockingjay.

TéAog, undpxel 1 MOATIKY aviikataotaong tou Mockingjay. 'Onwg Kat mponyoupévag,
10 &6iktuo MLP eivatl capag Xeipodtepo anod ta dAda duo Siktua otnv poBAsYn TV KPUP®V
HVNING PE auty) TV MOATKY) aviikataotaong. To diktuo LSTM urmepéxel onpavilka £vavtt
10V dAdov Siktuev. Kabe mAaiolo oto Snkoypappa tov opaipdtov npoBAsyng anod 1o 6iktuo
LSTM eivat pikpotepo, XapnAotepo Kat £Xel PIKPOTEPO PECO OPO ATIO Ta AAAd.

To Mockingjay eivatl pia ImOAITIKY avilKatdotaong Kpuopng pvipng rouv Pacidetal otig
arnootdoelg enavaypnotponoinong. Tig mapakoAouBei, urodoyidel v mbavotnta enava-
XPNO1HOTIOINOoNG KAt 0T OUVEXEL anodacilel av éva aviukeipevo Sa mapapeivel oty Kpuon

pvnun. Auto 9a pag odnyouoce oto cupniEépacpa ot pua dadikacia onwg €va HimAo orpopa

m AinAeopatxny Epyaocia



4.1.6 AvdAuorn OUYKEKPIIEVOV £EQAPHOY®V

LSTM Bonbd 1o §iktuo va Katavor|oel KaAutepa TI§ AIOOTACELS EAVAYPTOHOoNoNng Kat
g 9a oupnepipepOel 11 KPUPL PVNIN HPE AUTH TNV TOATIKY avukataotaons. AAAA 1o
oiktuo LSTM bev mpoBAérner 1o Mockingjay onpavuikd kaAutepa aro orotadrote dAArn mo-
AKY) avuikataotaong. Auto pag odnyeil 0Tto cupPEpacpa Otl UnAapXouv akopn replbopla

BeAtinong 6cov adopd autod 1o Siktuo.

4.1.6 AvAAuUO1 CUYRERPLHEVOV EGAPHOYDV

Autn n evotnta g S1atp1Brig £XE1 G OTOXO0 va avaAuUoel KAl va GUYKpivel ta anotedéopata
OV npoavapepbeviov Siktiwv. Oa ocuykpivoupe kat Sa oudntriooupe ta MAgoveKTPATA
kat g aduvapieg 1OV SIKTUV pag, divoviag £pdaoct Ota OXETIKA TTAEOVEKTINIATA TOUG OF
IPAYHATIKEG EPAPHOYES. AG SEKIVHOOUE 1) OUYKP10T) TeV anotedeopdtov adlodoyoviag tig

nPoBALYPELS TV SIKTUGV [1ag Yla OPloPEva OUYKEKPIREVA apXeia avapopdag.

Prediction for 416.gamess, with Iru replacement policy
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Zxnpa 4.9: Ipo6Asyeig diktvou yia 416.gamess ue moftukn avikataotaong LRU.

[Mpota art 6Aa, ag acXoAnBoujie He T0 oNpeio avapopdg e TiG EPIOCOTEPES AavOAoIEVES
ipoBAéywelg oto ouvodo Sedopévav pag. To onpeio avapopag 416.games aroteleital and
€va 1xvog pe 17k mpoonieAdoelg péoa oe autd. H mAelovotnta twv napabupev ota oroia ex-
nadevetal 1o iktuo pag amnotedeital ano 512k mpoonieddoelg. 'Otav EPXETAL AVIIPEIOITIO PE
£€va rapdabupo autov Tou Peyeboug, 1o §1KTUO Pag UTIOOETEL OTL O1 TIEPIOCOTEPES TIPOOTIEAAOELS
tou oupBaivouv eivat cold misses kal, ®G €K TOUTOU, eV £XOUV AMTOOTACELS EMTAVAXPIOH10-
roinong. Qg ek ToUToU, 1 IIPOBAeW eival TOAU UWPNAOTEPT) ATTO TV MPAYHATIKY Tipn. 'Oneg
BA¢émoupe mapandve, oto oxnpa 4.9, ta pia npwta diktua mpoBAémouv oAU vWPnAotepo
TI0000TO A0ToXiag Arod 10 MPAYHATIKO. AUTOg 0 TUIOG avapopdg HIopel va ayvondesi pe

aoddAela, KabBoG, e Pia PeEyaAutepn MPOoopoimor, To anotédsopa da eivat mo akpiBeg.
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Kepadao 4. ZUYKP1On ATOTEAEOPATOV

[Tepvapie os PePIKA ATIO Ta XEPOTEPA TTPOBAETIONEVA onjieia avadpopdg arnod oAa ta Siktua
pag. o oxnpa 4.10 napouoctddouiie tpia anod ta onpeia avapopdg yia ta oroia £€Xoupe Tig
peyalutepeg anokAioslg petady g mPoBAEmOPevNg KaAl TG IIPOCOUOIRUEVNS TIHNG. Autd
1a Tpia onpeia avagopag sivat ta 401.bzip2, 434.zeusmp kat 456.hmmer. '‘OAa toug eivat
0laitepa eviatkd mpoypappata e eEKatoppupla mpoorieddoetg 1o kabéva. ITapouoiadoupie
TG €§060UG TV SIKTUGV 11ag Yla TS TE00EPIS TOALTIKEG aviikataotaong. 'a v LRU, 6g6o-
pévou ot draxwpioape 1ig poBAeéywetg tov StatCache, MLP, CNN kat LSTM a6 ta diktua
DNN yua va diatnpricoupe ) caprjvela. Ot ipoBAéyeig 1wv DNN (Sraypdppata d, e kat )
ermonpaivovtat ®g DNN-i, omou i eivat o apiBpog tov peyebwv g Kpugpng Pvung eKmna-
i6euong tou Siktuou. Eivat ocagég ot 0Aa ta diktua DNN-1 eival tuxaia kat auto opeidetat
OTO Yeyovog 0Tl 10 S1KTuo Oev Katavoel v mapdperpo peyeboug, kKabwg £xel exkmaldsutet
névo oe pia mapdaperpo peyeboug.

To 434.zeusmp eivatl éva mPOypappd ITOU ITPOCOHOIWVEL ACTPOPUOIKA QAVOLIEVA e
Baon tov kAd1Ka uroAoylotikrg peuotoduvapikng ZEUS-MP. Eivat cagég ot n ipoBieyn
arno 1o StatCache yia autd to onpeio avagopdg eivat n povr nou eivat xapndotepn anod
TG TIPAYHATIKEG TIPOCOPOIRHEVEG avadoyieg aotoyiag.’OAeg o1 poBAEyelg aro ta Siktua
TTOU TIPOTEivape @aivetal va oupdevouv 0Tt o Adyog actoyiag Sa mpéret va eival onpavika
uYPnAodtepog amno tov rpocopotwpévo.Ilapddo rmou autd oyxvet yia ta neploootepa diktud, 1o
LSTM @aivetat va €xel kavel pia yevvaia ripoortabeia va ripoBAgyet pe akpibela tv avaoyia
aotoyiag yla v oAtk avukatdaotaong Mockingjay (§iaypappa m).

To 401.bzip2 eivat évag aAyopiO110g cupIiieong rou CURPITIEEL Pia oe1pd apXeimv Kad' 0An
m 6udprela g exktédeong tou. H mpdbBAleyn ng StatCache yia autd 1o apxeio avadopdg
elvat oAU axkpBrg, Sernepvoviag ta diktud pag katd modu.H AavBaopévr mpoBAewrn tov
dkTUWV pag yia auto 1o apxeio avagpopdg Sev elval 1000 KAy 600 yia ta adda 6o apyeia
avagpopdg.H poBAeyn tov mocoot®v actoyiag eivat mavia akpiBng yia 1o pikpotepo peyebog
KPUONG PVIING Kat otr) ouvexeld, Kabwg ta peyédn Kpudrng pvipng yivoviat peyadutepa,
artorAivet.

TéAog, 10 apyeio 456.hmmer eivat évag UTToAOy10110G TV TIPOPIA KpuPp®V Poviedav Mdap-
k0B ya va yivel euaiodnin avalfinon oe Pacelg §e601EVEOV XPNOIOMIOIWVIAS OTATIOTIKES
mePypaEg tng ouvaiveong piag olkoyevelag akodoubiwv. Kat mdAt, n mpoBisyn tng Stat-
cache eivatl moAvU kKaAutepn yia autod 1o onpeio avagopdag. H andtopn moon ng avaloyiag
aotoyiag yla peydda peyébn kpupng pviung @aivetat va prnepdsvet 1a diktua pag, ago-
U mpoBAériouv mavia vpnAdtepa yla ta peyadutepa peyedn Kpudpng pvipng, rmapolo mou
yla ta pikpotepa ta Ppiokouv owotd. Etvat evdiagépov niag 1o diktuo DNN (Siaypappa f)
dnuioupyel @awvopevikd 1o 1610 oxnpa npoBAsyng otav exknaidevetatl pe 1, 2 11 3 peyédn
KPUONG PVHHNG, and 1o TETAPTo Kal MAve. Ao Vv dAAn mAeupd, @aivetal va Katavoet
KaAUTepa 10 OXHA TOV CUYKPITIKGOV TIHOV Kat va Kiveital yla va to gerepaoet. To LSTM @a-
tvetal emiong va €X€1 10 0OOTO OXla O0€ OUYKP1on e ta adda duo Siktua, addd dev gaiverat

va kataAaBaivel akpBmg TV AroTop KAPUITUAT.
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4.1.6 AvdAuorn OUYKEKPIIEVOV £EQAPHOY®V

Miss Ratio [%]

Miss Ratio [%]

Miss Ratio [%]

Miss Ratio [%]

Miss Ratio [%]

Prediction for 434.zeusmp, with LRU replacement policy

Prediction for 401.bzip2, with LRU replacement policy

Prediction for 456.hmmer, with LRU replacement policy
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Zxnpa 4.10: Mepwkég and g xeyp0tepeg MPoGALwels apyelov avagpopdag.
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Kepadao 4. ZUYKP1On ATOTEAEOPATOV

Prediction for 625.x264_s, with LRU replacement policy

Prediction for 605.mcf_s, with LRU replacement policy

Prediction for 458.sjeng, with LRU replacement policy
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xnpa 4.11: Mepikeg ano tig kailvtepeg mpobALywels apxelov avapopdg.

Optopéva arno ta kaAutepa mpoBAsniopeva apxeia mapouotadovral oto oxnua 4.11. Auvtn
m @opd, ot poBAEwelg ard ta diktua eival moAU Kovid ota IMOCO00Td A0ToXiag NG KPUPnS

HVAING NG IIPOCOHOinoNG.
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4.1.7 Zuunepdopata

Ta tpia apxeia avagopd mOU MAPOUCIAOUE £XOUV HEPIKEG ATIO TS KAAUTEPEG IIPO-
BAtywelg amo ta diktua pag Ilpopavag dev eival 0Aa ta apxeia avapopdg e KaAég mpo-
BAtyelg, anmdwg pepka evdeiktuika. Eivat eviiapépov nwg, ylia oxebov 0Aeg auteg TIg IIpo-
BAgweig, n kaAUtepn npoBAeyn eivat autn tou diktvou LSTM. Katavoei autd ta ripoBAnpata
oxedov tédela, €xovtag eAAX10TEG ATTOKAIOEIS ATIO TIG TIPAYHATIKEG TIHEG. Aeiyvel paypatika
MG 1] KAAUTEPT KATAVON 0N ToU IpoBAnpatog epappodetal otnv mpoBAeyn.

To CNN xat 1o MLP cuvoAika @aivetat va €Xouv PIKPEG ATIOKAIOEIS Ao TG TIHEG NG
TIPOCON0IMOoNG, HNEYAAUTEPES Ao autég tou diktuou LSTM. To diktuo DNN @aivetat va ka-
tavoel eriong to mpoBAnpa, kat pe neplocotepa dedopéva, ot PoBALYelg yivovral emiong
Kadutepeg. Kat mdAt, éxoupe 1o pn eknadeupévo diaypappa DNN-1 nou gpgavag dev
KatadaBaivel tv MapdapeIpo tou peyeboug.

Téldog, 1o StatCache uneptepel onpavika oe autég tig rpoBAéyelg. Ot ipoBAEWeELg TOU
StatCache &ev eival kakég yia 6Aa autd ta onpeia avagopdg. Mropel va eival Kakég yia
10 onpeio avapopdg 458.sjeng, adAd yia ta urddorna, ot poBALYelg TV S1KTU®V pag eivat

oAU 110 aKP1BEiG.

4.1.7 Zupnepacpata

Zupnepaopatikd, to diktuo LSTM npoBAeniel otabepa ta o akpiBr) arotedéopata ano
1a §iktua nou npoteivape. 'Onwg PAEnoupe oto oxnua 4.12 1a anddvta opdApata rpoBAe-
WHG Tou eivatl €§ioou Kaldd yla orotadnrote MoAUK: aviikataotaong. Ta aroteAéopatd tou
£degav o propei va poBAgwet e ouvénela onoodrote PEyeB0g KPUPG PV NG OTO O-
moio ekmaidevstal pe mMoAU XapnlAoug YEOUEIPIKOUG PEOOUS OPOUS OPAAPAT®OV TIPOBAEYNG.
"Ebei&e eriong ot eivatl oAy ouvernég otig rpoBALPelg g, KAB®G 01 YEWHIETPIKOL PECOL TRV

opadpatev npoBAsyng otov mivaka 4.6 6ev SiapEpouv TOAU OTIS S1aPOPETIKEG TTOALTIKES

aAviKkataotaons.
Hodwuer avawa- | 2MB 4MB S8MB
1aotaong
LRU 3.6% 3.9% 5.3% 6.4%
SHiP 2.7% 4.1% 3.7% 7.6%
SRRIP 3.1% 4.6% 5.5% 5.7%
Mockingjay 4.9% 3.6% 5.3% 6.2%

[Tivakag 4.6: ewuerpikog HECOG OpO¢ TV andoAvIeOV o@ajiudtov Tpo6Asyng tou Sitktuou
LSTM

Mua amdouotepn Kat Atyotepo Saravnpr) evadAaktikr) AUor) og auto sivat 1o diktuo CNN,
10 oroio €xet ) Suvatotnta va npoBAémnet pe peyddn akpibela kat exraldevstatl oAU 1o
ypnyopa, pe niepinou 20% tou xpovou eknaidsuong tou LSTM. AAAG eival emiong aOUVETIEG
Y14 OP1OPEVEG TIOATTIKEG AVIIKATACTAONS, HE ITApOHo1eg IpoBAEyelg pe to MLP, paypa mou
bev etvatl BéAtioto. To Siktuo DNN mapouoiddetl T1g meploootepeg duvatotnieg, Kabwg £xet
TG KaAUtepeg TIPOBALYPELS Yia MIKPOTEPA NEYEDN KPUPHS PVIIING OTO MAAiO10 TG IOATTIKAG
avukataotaong LRU, aAAd e§akodouBei va éxet mepiBopila BeAtionong otig peyadutepeg Kpu-
(PEG PIVIHEG. LUVOAIKA, TA AMOTEAEOHRATA AUTA UTTOYPAPPiCouv TG H1apOpeETIKEG TIEPUTAOKES

ToU TPOoBAIatog Kat delyxvouv ot eivat pdypatt Suvatt| n akpBng rpoBAsyr) tou.
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Kepadao 4. ZUYKP1On ATOTEAEOPATOV

Outputs of the LSTM network
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Ixnpa 4.12: Anofvta ogpaiuata mpo6isyng ouv diktvou LSTM

4.2 TIIpdBAewn YvKOOTOU MPOYPAPRRATOG

Yrnidpxet katr pa dAAn xpron autou tou S1KTUou. Ag UroBéooupie OTL €XOUNE HEPIKA
HNXavipata mou €X0UV Pld CUYKEKPIHEVE] APXIIEKTOVIKY. @®fAoupe va mpoBALPoulle THG
Ya oupnepipepOel Eva Poypappia Iou €Xel eKTeAEOTEl 08 AQUTEG TIG PNXAVEG, OTaV eKTeEAeOTEl
arno pnyaveg pe tmy idta moAttikn aviukataotaong Kat dAAa peyebn LLC. T'a va poviedorot-
1)OOUIE AUTH] TNV MEPIMI®OT XPong, 9a XPNO1HOMO|00UE TIS IIPOCOUOINCELS TG 0oUiTag
avagpopdg yla oplopéva peyetn Kpupng pviung Kat 9a PetapEéPoulie Ta UTTOAOTA OTO OUVO-
Ao doxmpov. Me autov tov Tporo, da eival oav va €Xoupe PnXavég e ta Peyedn Kpuong
pvnung LLC tou cuvoAou eknaibeuong kat moAttikn avukatdotaong LRU kat va ripoBAéniou-
HE Ta I0o00Td AoToXiag yia ta HeyEDn Kpudng PV NG eViog Tou cuvodou Sokiung. Kabe
@OPA, OAOKANPO TO OUVOAO T®V CUYKPITIKOV SOKII®V dlatnpeital oto ouvolo exkmaidsuong
Kat nipoortaBoupe va poBAEPoUe OAEG TIG OUYKPITIKEG BOKIPIEG TAUTOXPOVA.

Apxikd, petaxkivrjoape ta 6edopéva ya éva peyebog Kpudrg PVAENG Adro 10 0UVOAO
exnaideuong oto ouvolo SOKIPNG yia va doupe av Kal 1oco Kadd to diktuo pmopet va to
nipoBAEwet pe Pdaon ta unodona apyeia avapopag. ITio cuykekpipéva, 1o oUvodo SoKIPG
artotedeital ano ) otnAn yia péyebog kpuorg pvnung 3MB kat 1o oUvoldo eknaideuong ano
1a dAda 7 peyébn kpuong pvhung [768, 1024, 1536, 2048, 4096, 6044, 8192] KB.

Ot poBAgyetg €ivatl TIOAU KaAUtepeg aro 0,1t 9a Propovoe va KAVEL ortolodnrote aAAo

1KTUO. T ) 5 ) TV IT a4 1T 1 ,9%, om VET
Olktuo. O YEOUEIPIKOG HNEOOG 0POG TRV IAPAAVE opadpdatev eival 0,9%, onwg gaivetat
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4.2 TIpoBAeyn yvoOToU IpOoypapatog

Prediction of the DNN network
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rxnupa 4.13: Anofvta opaiuata mpobisyng tov DNN yia 1 uéyedog Kougng pvnung, ekmat-
b6euévo pe Tooootd aotoyiag 7 UEYEdMU KoUPHG UVTUNG.

otV Tedeutaia ypapyr) tou mivaka 4.7. O YE@HEIPIKOG PECOG OPOG TOV ATIOAUT®OV CHAAPATOV
ipoBAeyng tou LSTM rmou eixe ripoBAedpBel pornyoupévag yia 1o LRU eivat 3,9% kat 5,3%
yla ta duo yettovikd peyebn kpuong pvhpng 2MB kat 4MB, avtiototya. Autd onpatvetl ot
autr n mpoBAsyn eivatr avapdloBrinta oAU KaAUtepn amnod v KAAUTePn MPOBAEWn rmou
eixape péxpt wpa. ‘Hrav avapevopevo ot auto 1o anotédeopa 9a fiav kado, dedopévou
Ot 10 6IKTUO £€Xel €éva TOAU peydadlo ouvolo dedopévav yia va exkmaitbeutel kat propei va
KATavonoel TI0AU KaAd 1o ripoBAnua.

Auto 10 amotédeopa eival pia KaAn €vdeign ot 1o Hiktuo pag sivat katdAAndo yia tnyv
npoBAeyn autou Tou €idoug npoBAnpatog. IIpokdAeoe €miong 10 EPWINHA Yid TO TTOoa Atya
PeyEDn Kpugng Pvhung Xpetddoviat oto oUVoAo eKmaideuong yla va £€Xoupe pia axkpibn
poBAeyn, apou N IPOCOP0IOoT EITTA PeYEDOV KPUPHS PVIIING Yia TNV rpoBAewrn tou 6ydoou

Oev elval éva peaAlotiko rpoBAnpa.
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Kepadao 4. ZUYKP1On ATOTEAEOPATOV

Train-set cache Cache sizes [KB]

sizes [MB] 768 | 1024 | 1536 | 2048 | 3072 | 4096 | 6144 | 8192
1,2,4,8 1.4% - 0.8% - 0.9% - 1.1% -
0.75,1,2,4,6, 8 - - 0.8% - 0.8% - - -
0.75,1,1.5,2,4,6,8 - - - - 0.9% - - -
LSTM Network - 3.6% - 3.9% - 5.3% - 6.4%

[Tivakag 4.7: Te@Uepikdg UECOG OPOC TV amoAUTOV O0@ajludiov Tpo6Asyng tou SIKTUou
DNN.

To apéong smopevo Pripa yla va aravinBel autd 1o epatpa sivat va apaipsbet dA-

Ao éva péyebog Kpudng Pvnpng Kat va mnapatnpndel nwg oupnepipepetal 10 oPpdipa v
IPOBAEPERDV.

Prediction of the DNN network
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Zxnupa 4.14: AndAvia opaiuara mpo6Asyng tou DNN yia 2 peyédn Kou@nge Lunung, eKmat
Sevugvo e moooata aotoyiag 6 Ueyedwv Kougng Uunung

O yewpeTp1kog PECOG 0pog yia Tig duo otrAeg peyeboug 1,56MB kat 3MB eivat 0,8% kat
0,8%, avtiotoixa. BAémoupe 6t autoi o1 yewperpikol péoot eivat e§icou kadoi pe autoug
IOV IMAPATNPLOAPE IIPONYOUHEVRG.

Eilvat capog opatd ot yia kabe pEyebog Kpudpr)g PvNHng, UMIAPXEL €va PAKPAv Xel-
potepo TpoBAemiopevo onpeio avadopag. Autn eivat ) poBAsyn yia 1o apxeio avapopdg
416.gamess- 10 ITOCOOTO ao0toXiag tou mpoBAéretal mmavia uyniotepo kat da mpoBAsmetat
Kat oto péAAov, yla kado Adyo. AuUTO 10 apxeio avadopdg arotedeital amno eva ixvog, 1o
ortoio €xel povo 17k mpooneddaoelg oty LLC, nipdypa nou onpaivetl ot 1o diktuo SraBalet

éva apdbupo TV arnootdos®y enavaypnoponoinong pe 17k npoomneddaocelg Kat ripooradet
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4.2 TIpoBAeyn yvoOToU IpOoypapatog

va 1ipoBAéyet 10 T0cootd actoyiag tou. H mAsiovointa tov napablupev arnootdosmy enava-
Xpnotpornoinong ota onoia eknaidevstal 1o Hiktuo pag arotedeital amo 512k npoorteAdocelg.
'Et0o1, 10 6iktuo BAémetl 1ov Xapndo apiBpo anootdaoe®v eravayprolionoinong Kat urnobetet
TTIOAAEG TTPOOTIEAAOEIS TIOU oUPBAivVOUV 110V Hia (opd KAl EMOPEVAG HEV £XOUV ATIOOTACELS
EMAVAXPNOIHOTIOIN0NG. AUtd £X0UV ®¢ armotédeopia aoctoyieg (cold misses) Kat emopévag 1o
biktuo umodoyidel vPnAodtepo nmoocootd actoxiag. Mrmopoupe pe acpddela va ayvorjoouple
autr) v £5060, Sedopévou ot1, pe pa npocopoinon 30 @opég peyadutepng H1dpkrelag, 1)
£€060g bavotata da minoiale ePlOCOTEPO TNV MPAYHATIKY TUAL).

TéAog, kpatdpe TG T€00ep1g o mbaveg Kpudeg pvrpeg LLC mou Sa €xet pia mpaypatike
APXITEKTOVIKI] Ka1 Ipoortabouiie va ripoBAEyoupe 11§ AAAeg T€ooeptg TIEG. AnAadn, Kpatdape
1§ Kpudég pvhpeg LLC tov 1024, 2048, 4096 kat 8192 KB oto ouUvolo sknaibeuong Kat
ipooTtaBouiie va PoBALYPoue T oUNIEPIPOPA TOV APXEIOV avapopdg ITou IIPocoPolndn-
kav pe LLC peyéBoug 768, 1536, 3152 kat 6044 KB. Me autr] tv €icodo, uroloyiloupe
apOP01d ATTOTEAECHATA OTIRG ITPONYOUHEVRS. H KATpaKa TV YEQUETIPIKOV PEC®V OTNV TPITN
0e1pd tou mivaka 4.7 sivat tapdpola pe exkelvn yua ta €81 peyedn Kpupng Pvring oto oUvVoAo
exknaidevong.

Mrtopoupe va rapatnprjocoupe oto 4.15 6t ta opdApata tov akpaiov Tipov e§akoloubo-
Uv va ugpiotaviat. Agiet ertiong va avagépouie 6t 1) ipoBAeyn yia 768 KB LLC sivat oadpwg,
alAAd ox1 TTOAU Xe1plTepn) amo Tig AAAeg Tpelg poBALwelg. Auto eival arotédeopa 1ou ot Sev
Bpioketatl petady v peyebwv g Kpupng puvrung rou £xet det 1o diktwo. Ta mapadeypa,
10 §iktuo yvepilel v £6060 yia kpudég pvrpeg peyéboug 1MB kat 2MB kat, £nopévag,
propet va katavorjoet KaAutepd NG 9a CUPIEPIPEPOTAV H1d PNXAVE] Yid Pld KpUud) Pviun
peyéboug 1536 KB. T'a ta 768 KB, eival o dUoKoAo va MpoeKIeivel 1] CUPTIEPIPOPA TOU
MPOYPANHATOG, KAl @G €K TOUTOU auddvovial ta opdaipata. Auto 1o opdaApa e§akoloubet
va eivatl oAU XapnAotepo and 10 KAAUTEPO OPAAPA TOU eiXape MPOoBAETOVIAG TV KPUQT)

pvnun peyéboug 1MB mponyoupévaeg.

Prediction of the DNN network
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Zxnua 4.15: AndAvia opaiuata mpobisyng tou DNN yia 4 psyédn Kou@ng Lunung, ekmat
Oeulévo e Tooootd aotoyiag 4 peyedwv Koupne Uunung
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Kepadao 4. ZUYKP1On ATOTEAEOPATOV

Kat rdAt, n vnapén pikpotepov peyebwv Kpudprig PVHING oto ouvolo exraideuong Sev
€XEL vonua, enopéveg dev Sa ta mapouocidcoupie.

ZUVOAIKA, eival oagég 0Tl pe autn tn Xprorn, 1o diktuo npoBAénel to mpoBAnpa pe a-
moAuTy akpiBela. Ot poBAéyelg eival adtap@loBiinta KaAUtepeg Ao OO1ECONTIOTE AAAEG
npoBAEWeELg TIOU elxav yivel IPONyoupeveg X®wpis va yvepiloupe 1o poBAnpa. To peto-
VEKTNIA AUTOU TOU OIKTUOU £ival OTL TIPETEL va €KTEAEOTEL KAl va EKTTAIOEUTEL O OAeg AUTEG
TG 51aPOPEUKEG APXITEKTOVIKEG KPUGPNG pvhung. Ermopéveg, efaptatal amo v £KACTOTE

epappoyrn av auvto ailel T1ov KOro.
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KegpaAatro E

KataxkAeida

5.1 Zupnepaopata

Ztnv napouoa Siatpibr), apouotdoupe Evav aplfpo SiIKtumv Pnxavikng pabnong mou
TIPOOPEPOUV AUOELS Yia T0 IPOBANUIA g PoBAePng 1wV IOcooT®V acto)iag oe dlapopett-
KEG ApPXLIEKTOVIKEG Kpudng pvhung. H yvdon tev mocootev actoxiag tmg Kpupng pvipung
€VOG TIPOYPAPHATOG O H1aPOPETIKEG APXITEKTOVIKEG £1val ONPIAVIIKY, KAODG EMTPETIEL OTOV
XpHotn va yvepidel mota eivatl ) KaAutepn HNXavr] yid va eKTEAECEL T0 €V AOY® TIPOYPA}-
pa. H mpooopoinon piag Sadikaociag eivatr pia §UokoAn kat xpovoBopa dadikacia kat
N napdAswrn g péo® pag mpoBAsyng eivat pla moAU anoteAeopatikn AUon 0€ Auto 1O
npoBAnpa.

[Mapouciadoupe 1éooepa iktua Pnxavikng padbnong mou Katavoouv to ipoBAnua pe tov
81K0 ToUg povadiko tporo. Epnveuopévotl ano v 118 undpyouoa rmbavoloyiKr TIPocEyyl-
on tou StatCache oe autd 1o {Ninpa, anodpacioajie va Xpnoponotrjoovie ta i6ta dedopéva
IOV XP1OHOTotel yia g IpoBAEWELS TOU yla va ekmaideooupe Kat va agloAoyrjooupe €va
biktuo pnxavikng pabnong. Apxikd, éva armdo diktuo MLP Seiyxvel ot eival apketd amio va
npoBAEPeL ToUg AOyoug actoyiag pe napopola akpiBela onwg n mbavodoyikn peéBodog tng
StatCache. Auto 1o 6iktuo Baociletal oTlg ArOoTACELS EMAVAXPTOTHONOINoNG Plag EKTEAE-
Oong TOU IIPOYPAPHATOS KAl EPAPUOLETal o Omolodnnote PEyefog KPUPHS PV NG Kat oe
oro1adnote MOATTIKY aviukataotaong. [IpoBAémel ta mocootd actoyiag oroloudr)ote mpo-
YPAPATog e o1to1ad1)IIoTE MOAITIKY] AVIIKATAOTAOTS HE VAV VEDUETPIKO PEGO OPO TIAPO010
He autov mou swodyet i StatCache.

H mopeia mpog tv 600 10 duvatov akpiBeotepn KATAvonor tov dedopevav e10060u pag
0dnynoe otV eloaywyr) 6Uo vémv Siktuev. Madi pe tig NLP evoopatooetg 1oV poypapiatov
®g €10080, autd npoonabouv va KAatavorjoouv §1adopeTtikd 1§ ATOOTACELS EMTAVAX P00
inong Kat €10l va urtoAoyiocouv akpiBéotepeg poBAéwetg tou rpoBAnpatog. To mpoto eival
10 &iktuo LSTM, 10 ormoio, 0remg urtoSnA®vel Kal To Ovopd ToU, KATavoel T1G drootAoElg £1a-
Vaxpnoonoinong péowm evog otpopatog LSTM. Autd 1o §iktuo eival 1o mo XpovoBopo yia
Vv eknaidevorn 10U, aAAd apdyel Pakpdv ta KAAUtepa anoteAéopata and oAa ta Siktu-
a4 pag. Ilapayet otabepég, akpiBeig mpoBAéwelg tov avadloyldv aotoxiag yla orotadrote
MOATIKY] avtikatdotaong Katl péyebog Kpuorng pvnung nou exknaidevetat. To diktuo CNN
AapBdvel 11§ arootAcelg enavaypnoponoinong ®g €i0odo oe éva otpopa CNN rou £xel wg

OKOTTO TV KATAVO1|01] T®V ATTOOTACERDV EMAVAYX P OTOIT0IN0NG HECK 11§ OUVEAENS TV TGOV
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KepdAao 5. KataxkAeiba

mou Bpiokoviatl o Koviivy anootaocn. H exkmnaibeuon autou tou §1KTtUou eival onpavuka At-
yotepo Saravnpr], addd €xel 1o peloveKTua ot dev elvat 1000 akpBég 6co 1o diktuo LSTM.
O1 poBAeyelg tou eival @G erti 10 TAEioTOV €AaPpidg Atyotepo akpiBeig aro tig nPoBAEYelg
tou Siktiou LSTM, aAAd yia 0plopéveg TIOATIKEG AVIIKATAOTAONG, oTiwg 1 SHIP, eivatl akopn
XEPOTEPEG, TIApPO}IoLeg He TG ITpoBAEwelg Tou Siktuou MLP. Ta §uo autd diktua aroteAouv ta
Baowka Bripata rmou kavet 1) mapovoa datpidr) yia v akpiBr] Katavonon tou IpoBAnpatog.

TéAog, mapouoiddoupie éva Badu veupaviko SiKTUO rou Asttoupyel yia orolodrote péye-
Yog kpuerg pvnung. Auto, ONeG KAt td IIPONyoUHEvd, XPNOIHOIIOLEL TI§ ATTOOTACELS EITAVA-
XPNOTHOTIOINOoNG KAl TG EVO®HPATOOEIS TOU KOS1KA yia TNV Katavonon tou npoBinpatog. H
dladopa eival ot autod xpnotpornotet 10 PEyeog g KpuPng PvHINg oG i0odo kat, onwg oe-
€ape, eivat oe 9¢orn va Katavonoet 1o rmpoBAnpa yia orolodnrote 1€yebog Kpupng PvHung.
Auto 10 6iKkTUO TOU TIPOTEiVOUPE £lval TTOAU 10XUPO yla PIKPOTEPA PEYEDN Kpudpng Pviung
Katl €xel pua pikpn aduvapia yla peyadutepa. Auto 1o Siktuo mapdyet emiong oAU akpib)
arotedéopata eav yvopilel non v mpaypatiki) T £vog rpoBAnpatog yia oplopéva pe-
Y€0n Kpudrg Pviipng Kat tote propet va rpoBAéyetl v avaloyia actoXiov oroloudrote
peyeboug Kpuorg pvhpng pe abéatn akpiBela. Autod 1o diktuo propet va arnotedéostl edpal-
P10 Y14 TEPALTEPR® £PEUVA ITPOG TNV KATEVOUVOTN MTAPOHPOIDV APXITEKIOVIKGOV TTOU KATAVOOUV

KaAutepa 1o poBAnpa.

5.2 Zulntnon

H mponyoupevn evétnta anoteAeopdt®v, IO IAPOUCIACTNKE 010 Kepadato 4, mapouoia-
O€ 11a OAOKANP®HEVI] AVAAUOT TV EPIEIPIKOV 6E60PEVOV TIOU CUYKEVIPOONKAV OtV Iapo-
voa peAétn. Autn n evotnta oudl)tnong anookorel oty Babutepn KATavonon ng onpaciag
AUTOV TV ATIOTEAEOPATOV O OXEOT] € TO EUPUTEPO MMAAIO10 TRV APXITEKTIOVIK®OV Unxaveov. Me
NV €6£TA0T AUTOV TRV EUPNUATOV HE€oa ard §1adpopoug @akoug, 1 evotnta autr ermdioKel va
dleukpvioel 1o vonpa, I onpaocia Kat 11§ mbaveg eEmmtaoelg 1oug oto nedio 1@V apXlteEKTo-
Vvikev urodoylotev. Ermmiéov, n oulfinon aut 9a avaAloel KPUKA TI§ EMUTIOCELS AUTOV
TV ATTOTEAEOPATOV O OXEOT HE TV uttdpxouoa BiBAloypadia, e 0TOXO0 VA CUVEIOPEPEL VEEG
TIPOOTTTIKEG KAl HPOPOUG yla repattép® diepevyvnon oto medio.

Ta poviéda mou mpoteivoupe otnv mapouoa S1atpiBr) apgioBniouv ta anoteAéopata
MPONYOUHEVOV HUNXAVIOR®OV MPOBAEWPNS ITOU ATIOTEAECAV TIS KAAUTEPESG EKTIHUINOELS Yld TO
npoBAnpa autd. Arnodeikviovial KaAutepa aro 11§ PoBALWPELg ToU ZTatdgne Pe ONHAVIIK)
dlapopd katl rpoBAernouv eriong v £€§060 0MO1ACSMIIOTE MOATUKIG AviKATAotaong. Autd
onpaivel 0Tl 1 MPOBAeYn TV ACTOX1OV NG KPUGNG PVIING O [l PNXavi) PIopet miéov
va nepypadel wg 9épa ekmnaibeuong evog POVIEAOU UNXavikrg pabnong otg e§odoug piag
HNXavig Kat va 1o adprjooupe va rpoBAéyet ta rnocootd actoXiwv. H sioaywyr) evog tétolou
diktuou Hev Sa ardorolovoe povo ) Sadikacia anddaong yla to mola givat 1 KaAutepn
APXITEKTOVIKY Yla éva rpdBAnpa- Sa napéleirne eniong rnoAAég mpeg enegepyaoiag 1 rpooo-
poiwong.

Ma v mepattépe mAaloinon autdV TOV UPNHATOV, £ival EIMTAKTIKY AVAYKLN va ege-
TACOUE TOUG EUPUTEPOUG ITAPAYOVIEG TTOU UITOPEL va ennpedcouv ta Siktud pag. H eloaywyn

TIPOCAPHOCHEVEV 1XVAOV Y1d Td apXeia avapopdg, Kat padi je auto, 0l EVOIATOOELS TOU OU-
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5.2 Zudnnon

YKERPIPEVOU TRHIATOG, da ennpéadav moAU ta anotedéopatd pag.H mpoBAeyn evog diktuou
IOV YV®PIdel TTO10 PEPOG TOU Mpoypappatog ekteAeital oe kaBe iyxvog, onwg oudnteitat otnv
evotnta 3.2.2, prnopet va PeATiooel onpavika 1ig rmpoBAeyeig anod auvtd ta diktua.EmumAéov,
9a propouoe va yivel riepattépem §1eupuvon pog SedopEva rmou MPOKUITIOUV Ao MapdAAnin
enegepyaoia 1 dedopéva anod npaypatikeég pnxaveg.H npdBAeyn g avadoyiag actoxiag tov
d1epyaociav 1mou ekteAouvial oe MOAAAAOUG ITUPLVEG PE€oa O pia pnxavr) 9a e10ayet oAU
peyaAutepn 6uokoAia oto ipoBAnpa Kat Sa mpéEmnet va anoteA€oel avilkeipevo iepattépm die-
peuvnong.Ta Sedopéva mou Ypnoponotjoapie yia v napouvoa diatpiBr) sivatl ta Sedopéva
TIOU TtapAyovial aro &va mpoypappa mpooopoioong. Oa nrav evéiadépov va dovpe nwg
ouykpivovial autd ta arotedéopata pe ta diktua mou eknatdeutnkav oe éva IPAYHATIKO
pnxavnpa, 6sdopévou ot 1o Kabéva £xel TG 61KEG TOU HUOKOAIEG.

ErumAéov, unidpyxouv duvatotnieg PeAtioong tov Siktimv pag. 'Onwg oudntmOnke mpon-
youpéveg, ta diktua LSTM kat CNN napouociadouv duvatdtnteg va £Xouv akopn KaAutepa
anotedéopata. H eloaywyn neplooodtepov kptinpiov avapopdg oto ouvodo dedopévav 1 pa
ONPavtikn aAlayr) oty apXlIeEKTOVIKY ToUug 9a PIopouce va PEATIOOEL AKOUTL TIEPLOCOTEPO
TG rpoBAéywetg toug. To Siktuo DNN eivat éva §iktuo to ortoio dev £xet e€epeuvnBel anod epag
oto 1610 BdBog pe ta dAAa Siktua. AlapopeTKEG APXITEKTOVIKEG KAl UAorotfoelg Siktumv Sa
HIopouoayv va PEICOUV ONHIAVIIKA Ta opAApatd tou. Oa propovdos aKOPn Katl va enektadet
@OTe va €Xel pa poodetn €10060, 10 ITOCOOTO AotoXiag NG KPUGLG PVIHNG Hag EKTEAEONS
0€ J11a KPU@PI)] PVI T KAl OTN CUVEXELA VA KAVEL EKTIPINOELG Yia AAAa PeyEOn Kpupng pvhpng.

Zuvoyidovtag, 1 e1g fABog avaAuorn Kat 1) epunveia T@V eUPNPATOV IOV Ttapouctadovial
0€ aUTI) 1 OUd)TN o) UIoypapiiouv tv oAUunmAoKOtnta Iou EVUITAPXEL OV IIPOBAEY) TOV
aoToX10V otV Kpudr) pvhun. Ev tédel, n pedétn autn anotedel €va OKAAOIATL Ot OUVEXT)
ipooTtdBeia va 51aAeukavioUv o1 TIOAUTIAOKOTNTEG THG APXITEKTOVIKAG TRV UTIOAOY10T®V, EV-
Sappuvoviag v MEPATEP® EMIOTNIOVIKY £pEUVA V1A TV TTPowOnorn g Katavonong autou

TOU TopEéa’.
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Recurrent Neural Network
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Convolutional Neural Network
Deep Neural Network
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