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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 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.
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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



Chapter 1. Introduction

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



Chapter 2. Related Work

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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Figure 2.3. Multi-Layered perceptron with 3 hidden layers

A

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
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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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Figure 2.4. LSTM Unit

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
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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
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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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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.

Absolute prediction errors for SHIiP replacement policy
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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
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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
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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.



4.1.4 Benchmarks

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.



Chapter 4. Experimental evaluation

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

10 10 100
~ e
e
80 80 —~#- CNN 80
manton | | N T e
T o0 T e T e
£ w £ w £ w
—e— StatCache —e— StatCache
21 - 1M » 21 - 15
o Smaton 2 Smaton
o
Cache size [KB] Cache size [KB] Cache size [KB]
(a) 625.x264_s, LRU (b) 605.mcf_s, LRU (c) 458.sjeng, LRU
100 ,_Prediction for 625.x264.s. with LRU replacement policy 100 .__Prediction for 605.mcf_s, with LRU replacement policy 100 -_Prediction for 458.sjeng, with LRU replacement policy
oz
o ona
o w0 o o
—e~ Simulation
T o T 6 )
& & &
£ w £ w £
oz T e
o
s o owe
Smdaton 2 Smution
o
Cache size [KB] Cache size [KB] Cache size [KB]
(d) 625.x264_s, LRU (e) 605.mcf_s, LRU (f) 458.sjeng, LRU
100 -_Prediction for 625 x264_s, with SHiP replacement policy 100 __Prediction for 605 mcf_s, with SHiP replacement policy 100 .__Prediction for 458.sjeng, with SHIP replacement policy
= Smulation
e
e
80 80 ~#- CNN 80
F o ) )
& & &
R Zw RS
ol o= smaton " ol o smaton
DA
st =
o o o
Cache size [KB] Cache size [KB] Cache size [KB]
(g) 625.x264_s, SHiP (h) 605.mcf_s, SHiP (i) 458.sjeng, SHiP
100 __Prediction for 625.x264.s, with SRRIP replacement policy 100 _Prediction for 605.mcf_s, with SRRIP replacement policy 100 ,_Prediction for 458 sjeng, with SRRIP replacement policy
= Sulation = Smuton
g D
=
80 80 ~4#- CNN 80
s ) F 0
o 2w 2w
" " ol o simiation
T
.
o s e P o s w0 o o P e P
Cache size [KB] Cache size [KB] Cache size [KB]
(j) 625.x264_s, SRRIP (k) 605.mcf_s, SRRIP () 458.sjeng, SRRIP
oo rediction for 625.x264_s, with Mockingjay replacement policy 10 Prediction for 605.mcf_s, with Mockinglay replacement polic 100 Prediction for 458.sjeng with Mockingjay replacement policy
= Smtion
e
80 80 -4- ONN 80
P ) F 0
20 —e— Simulation 20 20 —e— Simulation
e e
3 om 3 ow
.
o e o oo oo s o5 oten o o oo ez

Cache size [KB]

«
Cache size [KB]

Cache size [KB]

(m) 625.x264_s, Mockingjay (n) 605.mcf_s, Mockingjay (o) 458.sjeng, Mockingjay

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.



4.2 Predicting the miss ratio of a known application
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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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LRU
MLP
RNN
LSTM
CNN
DNN

Mean Squared Error
Intermediate representation
Natural Language Processing
Least Recently Used
Multi-Layered Perceptron
Recurrent Neural Network
Long Short-Term Memory
Convolutional Neural Network
Deep Neural Network

Reinforcement Learning
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