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SUMMARY

Many advancements in the machine learning field have led to Graphics Processing Unit
(GPU) being the de facto standard of large scale matrix computation accelerator. This
work aims to answer questions about how difficult it is to use the traditional Central Pro-
cessing Unit (CPU) with matrix accelerators and prefetching hardware integrated into the
core instruction set for Artificial Intelligence (Al)- and Large Language Model (LLM)-like
workloads. Specifically, this work focuses on the usage of stream prefetchers to optimize
the performance of tile multiply instructions on Intel’s Sapphire Rapids processors, referred

to as the Advanced Matrix Extensions (AMX) instruction set.

Xiil



CHAPTER 1
INTRODUCTION AND BACKGROUND

The field of high performance computing has long been focused on maximizing compu-
tational performance. Performance can come from many areas, whether that is increased
power, optimized code, architectural advancements, parallelism in all of its different vari-
ations, speculation, caching, or any of the other great advancements over the last few
decades. The contemporary computing landscape is focused on Al workloads and all the
ways that the computational resources we have at our disposal can be leveraged to accel-
erate them. Primarily among those is the usage of GPUs in massively parallel data center
compute clusters that manipulate hundreds of gigabytes of data to draw inferences on ev-
ery dataset from images to language to processor behavior. This work intends to analyze
a small portion of relatively new hardware advancements in CPUs from Intel Corporation
that may show a new way forward for the miniaturization and distribution of this technol-

ogy to a greater number of people.

1.1 CPUs in AI Workloads

Typically, the role of the CPU in Al workloads is that of a host processor that coordinates
the efforts of the accelerator hardware that executes the various kernels of a neural net-
work. In this case, the CPU packages data, and sends it over various interfaces into the
accelerators’ memory and initiates the kernel that will be executed on that data before re-
trieving it and storing it somewhere else. However, CPUs in most modern machines utilize
complex instructions that allow them to execute sophisticated operations using hardware
that is integrated into the processor’s chip itself, as shown by extensions like SSE, AVX,
MMX, etc [1] [2]. Many of these extensions allow CPUs to exploit Single Instruction,

Multiple Data (SIMD) behaviors [3]. A common example of this is vector units being used



to replace loops at compile-time by converting a set of identical instructions into a single
vector instruction that executes all or part of a loop in parallel. This is useful when these
instructions would normally require a looping construct to execute. In this work, we focus

mostly on the AMX instruction set [2].

1.1.1 SIMD Programming on CPUs

SIMD programming can be done in multiple ways: inline assembly, intrinsic functions, and
other higher-level programming approaches such as classes or dedicated multi-threaded

approaches.

Inline Assembly

Inline assembly is the most direct way to access the exact instructions needed to perform
a given operation other than directly writing assembly-level code, but it also tends to be

unwieldy or slow to write.

Intrinsic Functions

Intrinsic Functions are functions that provide an abstraction of Inline Assembly that is
friendlier to use for programmers. The trade-off is that the programmer must know of the
existence of said functions and the limitations that they have. There is also no guarantee

that the intrinsics are optimized as highly as possible.

Higher-Level Programming

Writing code that performs SIMD-style execution can often make the most sense to pro-
grammers but comes at a much greater performance cost than using intrinsics. This kind
of implementation should generally only be used when a given operation is too sophisti-
cated to use the available intrinsics, and can often be combined with intrinsics for further

optimization.



1.1.2 AMX Instructions

Intel’s AMX Instructions are an extension of the instruction set that enables the use of

hardware matrix multipliers on the INT-8 and BF16 data types directly on the CPU.

INT-8 Data

INT-8 data is 8-bit integer data that can represent the values 0 to 255 or -128 to 127. It is
popular for its use in quantization in Deep Neural Network (DNN) applications [4]. It is
used in this context by setting a known scaling factor for your data, and then storing all of
the data in a matrix of 8-bit integers. This trades the runtime execution of Real _Number =
stored_integer x scaling_factor for the reduced memory footprint of 8-bit integer data.
For example, a scaling factor of 27!° might be chosen such that all of the weights stored
in the INT-8 matrix are scaled by a factor of 271 when used at runtime. The reason this
is done is that the weight data for matrices in many DNN workloads exceeds hundreds of

MB, and in the cases of LLMs can even reach hundreds of TB [5] [6].

BF16 Data

Brain Float 16 (BF16) is a floating point data storage type that acts as a shortened 16-
bit version of the classical 32-bit IEEE 754 floating point number representation [7]. It
consists of 1 sign bit, 8 exponent bits, and 8 significand bits, 7 of which are explicitly
stored and one being implicitly stored as 1, according to the implicit bit convention [8].
This is different from the typical float16 storage type in that the number of bits that are
spread between the exponent and the significand are 5 and 11, respectively, in floatl6 as
illustrated in Figure 1.1. This is typical in Al workloads because it allows the hardware to
easily use the same memory space to expand to different data sizes, at the cost of precision

in the significand.



IEEE half-precision 16-bit float
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Figure 1.1: The different floating point representations use different bit layouts, which
give different precisions and value ranges. This choice can also affect the ease with which
a stored value can be converted to a higher precision value in hardware. Image credit:
Wikimedia Foundation.

Hardware Components

Intel’s AMX instructions make use of eight tile registers, a Tile Control Register (TILECFG)
and a matrix accelerator called the Tile Matrix Multiply Unit (TMUL). The tiles are two-
dimensional, and can be configured up to 16x32-entry BF16 or 16x64-entry INT-8. TMUL
is a generic accelerator that can be extended or upgraded by later revisions to the hardware,

as long as it complies with the instructions as defined in [2].

Typical Operation

The AMX instruction set utilizes twelve different instructions for its operations [2]. These
instructions allow the programmer to configure the tile sizes, load data, store data, zero
out tiles, release tiles, and run different matrix multiply operations using provided CPU
intrinsics.

The workflow of using this hardware is shown in Algorithm 1. The matrix multiply
function can be either the dedicated BF16 function, if the data is in BF16 format, or one

of the four INT-8 functions, depending on the ordering and signedness of the input tile



data in INT-8 format. Depending on the size of the output matrix data0 and each input
matrix datal, data2, it might be necessary to write a looping version of this code that loads
data from the input tiles and performs the matrix multiply function multiple times before
storing the data back to data0, as shown in Algorithm 2. In our testing, AMX instructions
support this accumulation implicitly without needing to store after every invocation of the
matrix multiply function because the data storage format of the output tile defaults to INT-
32 when using INT-8 data, and the data storage format of BF16 is a floating-point number

representation.

Algorithm 1 General AMX hardware workflow

Require: data0,datal,data2, config
load_config(con fig)
load_data(tile0, data0)
load_data(tilel, datal)
load_data(tile2, data?2)
matrix_multiply(tile0, tilel, tile2)
store_data(tile0, data0)
release _tile(¢ile0)
release_tile(tilel)
release_tile(tile2)

1.2 GPUs in AI Workloads

The role of the GPU in AI workloads is that of the accelerator. All the data sent from the
CPU is executed in kernels chosen by the programmer that run on the GPU. GPUs are de-
signed to exploit massive-scale SIMD-style parallelism directly in the programming model.
They contain thousands of processing units that batch data together such that hundreds of
identical instructions can operate on different values simultaneously. Traditionally, these
were developed as a means to accelerate the linear algebra workloads that are common to
graphics rendering, but the hardware has since been employed in other workloads and is
used more commonly in data-processing and neural networks, as evidenced by NVIDIA’s

earnings in data center GPUs totaling over $18 billion and its other earnings totaling to less



than $4 billion [9].

GPUs are the dominant force in this area. The goal of this work is not to disprove the
value of GPU-dominance in this field, but to analyze whether the CPU can be leveraged
as more than a host device. As most computing technology advances, there are pushes to
miniaturize existing solutions, either to increase density or portability, or to reduce power
consumption. An increase in CPU-based solutions could present a way to shift computation
to mobile processors, like cell phones, or possibly for end users to run these demanding
workloads on their own machines without needing expensive dedicated processors or a fast
internet connection. At present, GPUs are the best solution for performance and cost, but

we hope to show that there is viability in more CPU-based approaches.

1.3 Prefetching

Prefetching is a speculation technique that involves fetching data from farther-away mem-
ory, such as Dynamic Random Access Memory (DRAM) or the disk, and loading it into
closer memory in the expectation that it will be used soon by the processor. It is employed
in numerous ways, both automatically and manually, statically and dynamically, to increase
performance in nearly all applications executed on modern processors. The most common
form of prefetching is done in the caching hierarchy on CPU chips, where a full cache
line is loaded in upon a cache miss, instead of a single value. This is done because of the
simple logic that data close to whatever the processor just loaded from memory is likely to
be used soon after the data that is needed during the current instruction. An entire cache
line is then prefetched from higher up the hierarchy so that on the high chance that close
data is needed, there is not another immediate cache miss. This logic can be extended to
page faults loading full pages into DRAM from disk, and many other intermediate memory
accesses and loads [10].

Another typical form of prefetching is manual prefetching expressed by a programmer.

In this case, an entire chunk of data might be loaded directly into memory because the



programmer knows that it will be used in the immediate future. This kind of prefetching
is very useful for regular data access patterns, like those in matrix arithmetic operations,
where a large amount of data whose location is computable or known is worked on for a
significant volume of instructions. The prefetching that we will be focused on this work is
from this latter category.

When using prefetching to accelerate matrix workloads, there are a number of advan-
tages. First, matrix sizes might be known at compile time, and they will definitely be known
at runtime. This is hugely advantageous for prefetching, because if the programmer knows
how much data needs to be loaded, they can manually insert prefetch instructions that the
compiler can use to optimize memory accesses [2]. Alternatively, should the system an-
ticipate a matrix workload, cache loads can be optimized to stream data in and out of the
memory system so that the majority of execution time is not spent waiting on memory.

The prefetching models we have focused on are the following:

1.3.1 Stream Prefetcher

Stream prefetching, or the use of stream buffers in caches, is the most typical form of
hardware prefetching. The original use of stream buffers is that, upon loading an address
A, an additional n subsequent addresses are also loaded under the assumption that they will
be used soon [11]. These additional subsequent addresses of data are stored in a stream
buffer of depth n and will be loaded into the cache in a queue-like fashion if the processor
requests that data, instead of going up to the next level of memory.

For example, if address A is requested by the processor, and the cache loads it, then
addresses A + 1 through A + n will be loaded into the stream buffer in sequential order.
When the processor requests address A + 1, it is loaded from the head of the stream buffer
queue into the cache, and the rest of the addresses in the stream buffer are moved forward,
such that address A + 2 is now at the head, followed by A + 3 and so on, until A + n

[11]. This approach is called Sequential Prefetching and can be extended such that there



are multiple stream buffers for a given cache (shown in Figure 1.2) [12]. The exact depth of
a stream buffer that is ideal for a given workload and microarchitecture must be determined
experimentally [11] [13]. Typically, this type of hardware prefetching is used for instruction
prefetching, as it is fairly likely that the next instruction in memory is the one that will be

executed next.

Processor

Legend

{

» Prefetch Request

L1 Cache

p Prefetched Data

£
f

A+l

A+2

A+3

Stream Buffer 1

Stream Buffer 2
Stream Buffer 3

A+4

Lower level memory

Figure 1.2: An illustration of stream buffers as they were originally proposed by Norman
Jouppi in 1990 and expanded upon by Yasuo Ishii in 2009. Image credit: Wikimedia
Foundation.

1.3.2 Stride Prefetcher

This hardware prefetching technique actively monitors memory accesses to determine pat-
terns in the distance between subsequent accesses, referred to as strides. The types of
strides can be broken down further into three subcategories: regular strides, irregular spatial

strides, and irregular temporal strides. This was first implemented via Reference Prediction



Tables (RPT) in [14] in 1995.

Regular strides s are consistent accesses at consistent intervals. For example, a looping
construct is consistently accessing every third address in a memory region, so the prefetcher
computes s = 3, then prefetches every third entry in the region, anticipating that the CPU
will continue this pattern.

Irregular spatial strides s_,, feature inconsistent access distances that still follow a pat-
tern. For example, consider a memory access pattern of A, A+ 1, A+3, A+7, A+15, A+
16, A+ 17, A+ 19, A+ 23, A+ 31, ... This pattern is two iterations of five accesses, where
the distance between each subsequent access is doubled, starting with s = 1. There are
prefetcher designs that could predict this access pattern, as discussed in [15], and measur-
ably increase performance through an intelligent prefetching scheme.

Irregular temporal strides sg_,, feature consistent patterns that insert themselves in oth-
erwise inconsistent streams of accesses. For example, an access stream featuring the same
four addresses, or (more generally) the same pattern between four subsequent addresses,
at seemingly random intervals, with no discernible pattern separating intervening accesses
to those four addresses. There is a discussion at [16] that utilizes a Global History Buffer

(GHB) to design a prefetcher that is able to predict these types of access patterns.

1.3.3 GHB Prefetcher

The GHB prefetcher was created with the goal of solving three major problems with
prefetch tables. First, prefetch accuracy suffers when table data becomes stale. Second,
reducing table conflicts results in ballooning memory requirements and increases the pro-
portion of stale data in the table. Third, increasing the prefetch history stored per entry
has the same drawbacks as increasing the table size [17]. To solve these issues, Nesbit and
Smith designed the GHB prefetcher using two major components: the Index Table (IT) and
GHB. The IT is a table keyed with a value like the Program Counter (PC) or cache miss

address which accesses an entry in the GHB. The GHB is an n-entry First-In First-Out



(FIFO) table that holds the n most recent L2 miss addresses [17]. Each entry contains the
global miss address and a link pointer, which is used to chain GHB entries into an address
list. An address list is the time-ordered sequence of addresses that have the same IT key.
Because of how the tables are structured, GHB prefetching can be used to implement
many history-based prefetching algorithms, including stride prefetching discussed in sub-
section 1.3.2 [17]. Nesbit and Smith explain in their paper how to use the GHB prefetching
to implement local delta correlation, stride, and markov prefetchers using this system. The
GHB prefetcher implemented in our testing framework is the C/DC prefetcher described in

[18].

1.3.4 2-Delta Correlation (2DC) Prefetcher

The 2DC prefetcher is an implementation of the Data-Correlating Prediction Tables (DCPT)
discussed in [19]. DCPT combines RPTs with a technique known as PC/DC prefetching,
which calculates the deltas between successive cache misses and stores them in a delta-
buffer. This delta-buffer can be used to correlate the deltas in an access stream and deter-
mine a pattern which can be used to prefetch data. When used, the correlated deltas are
added to the currently missed address to prefetch the data that is assumed to be needed
next.

The design of a DCPT uses a large table for delta correlation indexed by the PC of a
given load instruction. Each entry in the table contains the PC, the last address, the last
prefetch, the deltas for accesses 1 through n, and the delta pointer. The last address field is
filled in with the missed address (as in the RPT prefetcher), and each delta is initialized to
zero with the delta pointer pointing the to the head of the circular buffer containing the n
delta fields. When the circular buffer is updated, the deltas are traversed in reverse order,
looking for a match to the two most recently-inserted deltas. If a match is found, the first
prefetch candidate is computed by adding the last address value to the matched delta, and

the next is computed by adding the next delta to the first computed candidate. These values

10



are stored, and the process is repeated for each delta after the matched pair, including the
two newest-inserted deltas. If the addresses in the prefetch candidate buffer do not already
exist in cache, they are checked against the miss status registers in the memory system to
see if the cache lines have already been requested. If not, they are checked against another
prefetch request register to see if the thirty-two registers in their system hold the addresses,
indicating that they have already been requested to be prefetched. If this buffer does not
contain them, but is full, the prefetch is discarded. At the end of this process, the last
prefetch field is set to the address of the issued prefetch, if it was not discarded [19].

The “2-delta” portion of this correlation refers to the fact that the newest two deltas

inserted into this system are the deltas being correlated against the access history.

14 LLMs

LLMs are an application of a DNN to generate human-like language. At a high level, they
do this using massive training data sets that allow the neural network to predict words or
phrases based on the context of the previously-generated or user-prompted linguistic input.
The primary hardware systems that are used for these models are massive data center-scale

GPU systems, but there are ports of some LLMs to run entire on CPU [20].

1.5 Other Workloads

There are other workloads, such as graphics rendering and various forms of scientific com-

puting, which utilize matrix operations extensively to model physical systems.

11



CHAPTER 2
METHODOLOGY

The data collection process began with a performance analysis of various LLMs running
natively on Intel Sapphire Rapids machines. The purpose of this was to confirm that the
primary compute kernel consisted of vector operations that could be modeled instead as
matrix operations. Sapphire Rapids was chosen because it has instruction set-level support
for matrix multiplication operations that are not present in other commercial processors.
These operations are referred to as AMX instructions.

After collecting these native data, a simulation model of the AMX instructions was
required in MacSim with a configurable simulated prefetching system. Before these could
be built, MacSim required upgrading and extending to support AMX instructions. Once
these pieces were in place, MacSim could be used to generate cycle-accurate simulation

data on traces of matrix multiplication workloads.

2.1 MacSim Upgrade

MacSim is a cycle-driven heterogeneous computer architecture simulator developed in
Georgia Tech’s HPArch Lab that supports simultaneous simulation of CPU and GPU pro-
grams. Before the start of this project, it supported x86 architectures like Intel Skylake and
NVIDIA instructions like Parallel Thread Execution (PTX), which is used in CUDA as an
assembly layer of instructions. To collect simulated performance data on AMX code, we
needed to support two additional things: trace generation of AMX code, and simulation of

AMX instructions in MacSim.
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2.1.1 Trace Generation

To generate traces of running code for MacSim, we use Intel’s Pin program, which allows
us to instrument programs at the instruction level to perform a large variety of tasks. This
can be used to generate a large number of statistics for code running in Pin’s black box, and
for our purposes can be used to generate a text output that details various things about an
instruction, like its PC, the registers it uses, the X86 Encoder Decoder (XED) category of an
instruction, the exact instruction mnemonic, etc. All of this information is used to generate
a runtime trace of the executing program, but it forces the execution to take significantly
longer.

In order to support AMX instructions in the trace generation step, a number of small
changes were required in the trace generation code that comprises our “pintool.” A pin-
tool is a small application that uses Pin’s Application Programming Interface (API) and is
passed into the Pin program to perform the exact instrumentation needed for a given pur-
pose. HPArch lab has already created a pintool for this purpose, and our job was to extend
it. First, we had to take the most up-to-date list of XED categories from Intel, and ex-
pand the support for these categories at every stage of the MacSim’s pipeline. Second, we
needed to add logic into the trace generator pintool to determine which AMX instructions
were being executed so that we could grab the information that we needed from them. This
required checking the XED category and then extracting the instruction mnemonic using
Pin’s API. Most instructions did not require any additional special instrumentation, but all
memory operations did. In these cases, we determined that, while it would be possible to
support arbitrary AMX tile configurations, it would be a better usage of our time to assume
that the tiles always used their full size, and that any matrix operations performed were
using matrix dimensions that were multiples of the base AMX tile matrix. This limits the
applications that we can model and test in the current framework, but it does not reduce our

ability to experiment on high-volume matrix workloads.
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AMX Code Traces

Traces were generated of code that executed the algorithm presented in Algorithm 2. The
code is structured such that the matrices are first generated with the given dimensions. Once
generated, the AMX system is initialized by loading the chosen configuration, which in our
case was always the maximum tile size configuration of 16x64 INT-8. Then, the tiling of
the result matrix is computed to determine the looping dimensions for the multiplication.
Finally, in the loop body each tile is loaded into the appropriate tile register to be multiplied
and accumulated in the result tile. The tile loading instruction supports striding through a
buffer, and allows us to avoid costly memory operations for computing the stride ourselves.
After accumulation, the tile is stored back to the result matrix, and when all result tiles are

computed, the tile registers are released.

2.1.2  AMX Instruction Support

As stated in subsection 2.1.1, we assumed that tile data was being loaded at its maximum
size. This means that for INT-8 data and BF16 data, there are 16x64 entries and 16x32
entries, respectively, in a tile. What this meant for simulator support was essentially rout-
ing data to the correct locations. Initially, we were worried that the increased size of the
memory loads would be a problem in MacSim because it was written with the assumption
that data loads never exceeded 16, but this did not matter. Due to our earlier assumption
that we load matrices only of size equal to the entire tile, we can model the tile load as
16 loads of 64 bytes each. This greatly simplified the implementation of this instruction

handling and allowed us to proceed to generating and simulating workloads fairly quickly.

2.1.3 Validation

Concurrently with the work to modify the trace generator in MacSim, we also developed
a manual trace generation scheme that produced simple traces of AMX code without a

running application. This code was identical to the basic application test that we used,
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which consisted of loading the tile configuration, creating and filling three matrices of size
16x64, loading those matrices into tiles, executing an INT-8 matrix multiply, storing the
data back to memory, and then releasing the tiles. We knew what the expected results were
for this simple program and executed both traces on different versions of MacSim, both
of which supported the new AMX instructions. Having generated the same statistics for
AMX instruction count, loads, and stores, we felt confident that the upgrade was success-
ful and proceeded to creating a larger testing framework, which would also be used for

performance analysis once the prefetching schemes had been implemented.

2.2 Prefetching in MacSim

As discussed in section 1.3, we integrated four different prefetching methods into MacSim.
The descriptions of each algorithm are included in their respective subsection in chap-
ter 1, and the exact implementation in MacSim differs very little from these descriptions.
Namely, the stream prefetchers do not utilize separate buffers in our design, and instead
prefetch directly into the cache for the sake of simulation simplicity. It is assumed that
if data is in the stream buffer, then it can be accessed immediately by the cache, and the
stream buffer’s start and end points are stored to check whether a given address would be

placed in the cache by that buffer.
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Algorithm 2 AMX Traces
Require: dimA,dimB, dimC, config
matA < gen_matrix(dimA, dimB)
matB < gen_matrix(dimB, dim(C")
matC' < zero_matrix(dimA, dimC)
load_config(con fig)
(matCTiles PerColumn, matCTiles Per Row| <— compute_tiling_dimensions(matC)
[matAT'ilesPer ResTile, mat BTiles Per ResT'ile] — com-
pute_tiling_length(mat A, mat B)
if matATilesPer ResTile # matBTilesPer ResT'ile then
abort()
end if
V0
while V' < matCTilesPerColumn do
H<+0
while H < matCT'ilesPer Row do
load_tile(tile0, dataC')
tile < 0
while tile < matATilesPerResTile do
shift_src_windows(data A, dataB, tile)
load_tile(tilel, dataA)
load_tile(tile2, dataB)
amx_mult(tzle0, tilel, tile2)
end while
H+ H+1
end while
store_tile(tzle0, dataC")
copy_tile(dataC', matC')
V—V+1
end while
release_tile(tzle0)
release _tile(tilel)
release_tile(t:le2)
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CHAPTER 3
RESULTS

3.1 Baseline Performance

A baseline configuration is needed to accurately assess the value of any changes made dur-
ing the experiments. The memory system configuration for all of the base runs is shown in
Table 3.1. This base configuration was chosen to match the largest per-core cache configu-

ration of an Intel Sapphire Rapids processor. Additionally, a perfect instruction cache was

assumed.
Table 3.1: Baseline Memory System Configuration
Memory Component L1 L2 L3
Number of Sets 48 512 14440
Set Associativity 16 32 64
Cache Line Size (bytes) 64 128 128
Latency (cycles) 3 24 50
Total Size (KiB) 48 2048 115200
Table 3.2: Baseline Square Matrix Simulation Results
Matrix Dimensions 512x512  1024x1024 2048x2048 4096x4096
Cycle Count (Millions) 16.592 88.057 593.551 4476.096
L1 Hits (%) 4.907 6.845 11.305 15.069
L2 Hits (%) 64.343 70.546 21.990 91.847
L3 Hits (%) 0.235 3.394 73.466 97.596

AMX Instructions (%) 7.71918 20.8951 30.8621 14.8731
Binary Core Instructions (%)  31.42 39.7539 46.0535 20.2618
BR Instructions (%) 18.6285 15.0794 13.1963 5.18295
Data Xfer Instructions (%)  23.6168 14.9861 6.87301 0.422488

In Table 3.2, Table 3.3, and Table 3.4, the cycle count, cache hits, and the four instruc-
tion categories with the largest presence in runtime are given for each trace. The square

matrix traces are each a single matrix multiply operation between two square matrices of
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Table 3.3: Baseline Small ML Matrix Simulation Results

Matrix Dimensions 256x256x768 256x768x256 256x768x768
Cycle Count (Millions) 10.402 10.159 19.634
L1 Hits (%) 3431 3.879 3.619
L2 Hits (%) 64.612 49.401 56.904
L3 Hits (%) 0.364 0.350 0.191
AMX Instructions (%) 3.86523 3.47137 8.10351
Binary Core Instructions (%) 28.9853 28.8648 31.5616
BR Instructions (%) 19.4049 19.7165 18.1872
Data Xfer Instructions (%) 26.63 26.4373 24.4127

Table 3.4: Baseline Large ML Matrix Simulation Results

Matrix Dimensions 256x768x2304 256x768x3072 256x3072x768
Cycle Count (Millions) 46.668 60.173 60.500
L1 Hits (%) 20.482 23.267 4901
L2 Hits (%) 86.184 87.583 53.099
L3 Hits (%) 0.327 0.279 1.699
AMX Instructions (%) 3.05501 3.12271 7.55835
Binary Core Instructions (%) 6.64637 6.20462 17.1885
BR Instructions (%) 2.89325 2.50564 7.60857
Data Xfer Instructions (%) 2.80016 2.20829 8.98159

the given dimensions that are tiled using Intel’s AMX instructions. In Table 3.3 and Ta-
ble 3.4, the middle dimension is the shared dimension, and the traces are also a single
matrix multiply. The dimensions of the matrices in the traces used in Table 3.3 and Ta-
ble 3.4 were chosen based on the six layers of the Bert benchmark.

As expected, the baseline workloads presented here show a positive correlation be-
tween cycle count and the dimensions of the result matrix. This gives a trend of increasing
Last-Level Cache (LLC) hits as cycle count and result matrix dimensions increase. The
increased number of cache hits can be seen as well in the massively decreased volume of
data transfer instructions as the matrices get larger and can fetch data from higher level
caches instead of DRAM. Likewise, there appears to be no relationship between the size of
the shared dimensions and execution time. The execution time scales the most with the di-
mensions of the result matrix. This is likely because larger dimensions in the result matrix

results in a larger number of looping passes which execute the interior multiplication logic.
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The number of multiplies per result tile scales only with the size of the shared dimensions

and remains constant throughout execution.

3.2 Prefetcher Testing

Table 3.5: Prefetcher Basic Configurations

Prefetcher 2DC GHB Stream Stride
Prefetch Degree 16 16 — —
Max Prefetch Degree 32 32 — 4
Associativity 4 — — —
Line Size 1 — — —
Prefetch Distance — — 64 16
Buffers — 256 256 —

The first thing to test was each of the four prefetchers on their base configurations.
These configurations are given in Table 3.5, and the results of these tests are summarized
in Figure 3.1. The stream prefetcher, with no special configuration, showed the best per-
formance increase of the four tested, so further efforts were focused on optimizing the

performance of the stream prefetcher with the benchmarks enumerated in section 3.1.

3.3 Stream Prefetcher Manipulation

Two major parts of the stream prefetcher were manipulated to find optimized performance:
the prefetch distance and the number of stream buffers. The prefetch distance determines
how many addresses are pulled into the buffer when a stream buffer is allocated, and the
number of stream buffers determines the number of outstanding streams that can be allo-
cated to prefetch data from. The prefetch distance was varied across the following values:
16, 64, 256, 512, 1024, and 2048. The number of stream buffers was varied across the
following values: 64, 128, 256, and 512. The results are summarized in Figure 3.2 and
Figure 3.3. The data that all of the figures in this chapter are derived from are presented as

tables in Appendix B, as they are too numerous to display in this chapter.
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Figure 3.1: Average runtime decrease for each of the four prefetchers tested in their default
configurations.

In each figure, the data points represent the average increase in performance for all
experiments matching that configuration. For example, the first data point in Figure 3.2
is the average performance increase for every experiment where the stream buffer has a
prefetch distance of 16 addresses, the second data point is the average performance increase
of every experiment where the stream buffer has a prefetch distance of 64 addresses, and
SO on.

These two figures allow us to pinpoint an expected range in which we will see the best
performance increase for a given stream prefetcher configuration: 256-address prefetch dis-
tance in 128-256 buffers. Additionally, the two figures show us that prefetch distance has a
larger positive and negative affect on the performance outcome than modifying the number
of stream buffers. After 128 stream buffers are allowed in the system, the performance not

only does not improve, but it worsens.
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Figure 3.2: Average performance increase with increased stream length.

3.4 Data Trends

The tables in Appendix B show that smaller benchmarks benefit from stream prefetching
more. Figure 3.4 shows that four out of the ten benchmarks (all of those which have
dimensions less than 1000 in all matrices) are the only benchmarks which consistently
reached and exceeded 1% improved performance with prefetching enabled. All four of
these benchmarks are those which can fit all three working matrices into the L2 and L3
caches at once. Despite this being far lower than expected, it was surprising that this
occurred because their ability to stay present in L2 and L3 should give them the largest
headroom of all the benchmarks tested, and therefore less responsiveness to prefetching
beyond the L1 cache. However, it is just as likely that simple cache fetching was enhanced
by the prefetcher’s ability to fill the cache with the necessary data quickly, and because the

caches had the space for it, a sustained performance increase was more noticeable.
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Figure 3.3: Average performance increase with increased number of stream buffers.

3.5 Data Outliers

The tables in Appendix B show some consistent outliers across multiple configurations.
Namely, the L1 cache performance of the 512x512 square matrix benchmark is always
significantly improved over the baseline (over 800% increase in cache hit percentage), and
the L3 cache performance of the 256x3072x768 benchmark, especially once the stream
prefetchers’ sizes reach an excess of 128 buffers with 64-byte prefetching distance (160-

700+% increase in cache hit percentage).

3.5.1 L1 Caches in 512x512 Benchmark

Considering the sizes of the caches in the system, shown in Table 3.1, the sizes of the
matrices used in these benchmarks are all too large to fit entirely in L1. The L1 data cache

is 48 KiB, and the smallest benchmark (256x256x768) contains 256 KiB in matrix source
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Figure 3.4: Average performance improvement per benchmark across all experiments with
different stream prefetcher configurations.

data; the 512x512 matrix benchmark is double this size at 512 KiB of matrix source data.
Knowing this, we can expect a decent amount of performance gains in L1 from prefetching,
but only after each tile load has initially missed. Due to the nature of AMX instructions,
matrix elements are not loaded completely sequentially. The 512x512 matrices benefit
from this because the amount of data that they use can be prefetched in an almost perfect

sequential ordering, with a few caveats, as discussed in section 4.1.

3.5.2 L3 Caches in 256x3072x768 Benchmark

The L3 cache of Intel’s Sapphire Rapids processor line is capped at 112.5 MiB. This large
size allows this cache to hold the entirety of any and all of the matrices used in these
experiments. The largest storage requirement is in the 4096x4096 benchmark, which is 48

MiB between both sources and the result matrix. As expected, the number of cache hits
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Figure 3.5: Average percentage of matched address loads of prefetched data vs. prefetch
distance.

in L3 for this benchmark is very high with and without prefetching, never going below
93%. The 256x3072x768 benchmark, in contrast, has very different behavior. Its baseline
L3 performance is the best of the Bert-derived benchmarks, but it only has a 1.699% hit
rate. This again, is likely due to the imperfect sequential accesses of AMX instructions. In
a square matrix like the 4096x4096 benchmark, the accesses can be predicted somewhat
easily because every matrix has the same size and shape. This is not the case with the
256x3072x768 benchmark, as all three matrices involved have a different size and shape.
What this leads to is an inconsistent number and sequence of prefetch requests being sent
through the memory system at all levels of the cache hierarchy. Because all three tiles (both
sources and the result) must be present for the instruction to execute, this can cause erratic
stalling as one tile’s data is available but another tile has not yet finished being fetched.

This will be discussed further in subsection 4.1.1.
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3.6 Prefetched Data Usage

As the prefetch distance increases, the amount of data loaded into the cache by a single
prefetch request increases multiplicatively. Likewise, the usage of this data drops expo-
nentially as the caches are overfilled with data that they do not use before it is replaced.
Figure 3.5 shows how rapidly the usage of prefetched data falls when the prefetch distance
is increased. Because L1 is the primary issuer of prefetch requests, when the prefetch dis-
tance is increased, it results in the cache being flooded with data on a miss, followed by
immediate misses on any non-matrix loads. This issue is discussed extensively in subsec-

tion 4.1.1 and a potential solution to these problems is discussed in section 4.2.
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CHAPTER 4
DISCUSSION

As shown in chapter 3, the hardware prefetchers used in conjunction with Intel’s AMX
hardware were less effective than expected. Our hypothesis is that this occurs because of
way that instructions are structured and executed with the AMX instruction set alongside

the behavior of a traditional caching system and classical hawrdware prefetchers.

4.1 How the Prefetchers are Failing

In a traditional O(n?®) matrix multiply operation, the matrices are accessed perfectly se-
quentially. A skilled programmer could possibly reorient the right operand matrix such
that it is stored as a transposition, assuming row-major data preparation. This would al-
low the access patterns to each matrix to be perfectly sequential as each result entry in
the computed matrix is calculated. This is a perfect case for the stream prefetcher and
works in favor of a cache’s spatial locality-focused design. AMX enforces this row-major
and transposed-right-operand assumption for the programmer’s convenience, but in a larger

matrix it only benefits from cache’s spatial locality-focused design.

4.1.1 AMX Instruction Memory Accesses

AMX s tile load and tile store instructions accesses memory in a strided pattern. The way
this is implemented in hardware is by up to sixteen consecutive loads of up to sixty-four
bytes of data, depending on the configuration of the tile, separated by however many bytes
are indicated in the stride variable. In the case of our tile configuration, this results in
sixteen sixty-four-byte loads per tile load instruction and the same amount of stores per tile
store instruction.

In the smallest stream prefetcher configuration with the 512x512 benchmark discussed
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in section 3.3, this will result in sixteen cache lines being prefetched into L1 on each miss.
At sixty-four bytes each, this is enough to prefetch two whole rows of one of the source
matrices. Two whole rows prefetched means that only eight of those load instructions will
allocate stream buffers and issue prefetch requests. Additonally, because our prefetcher
places data directly into the cache rather than queuing data to be placed in the cache when
needed, we do not have to access the entire first row before the second row starts to be
available at the head of the prefetch queue. The problem is that we are prefetching a
massive amount of data into L1. The cache is 48 KiB, and the requests generated from one
tile load equate to 64 x 16 x 8 x 3 = 24 KiB. This is why the L1 cache performance of this
benchmark is so greatly increased, as discussed in section 3.5. We fill half the cache with
relevant data on the first set of misses, assuming there are no cache collisions. But what
happens when the matrix is bigger? The 1024x1024 benchmark would fetch one entire
row from each matrix on the first missed tile load, but that uses 64 x 16 x 16 x 3 = 48
KiB of cache. The entire cache, again assuming there are no collisions, has now been
completely filled with matrix data from a single tile load instruction. This means that every
time the computation loop executes, there will be a new cache miss on any data that is not
from the matrices. This intense cache pollution in L1 cascades through every step of the
multiplication operation, and is shown by the extremely small usage of prefetched data,
as shown in section 3.6. This same behavior explains the massively increased L3 cache

performance for the larger matrix benchmark, discussed in subsection 3.5.2.

4.1.2 Alternative Stream Buffer

If we had instead used a traditional stream which stores a queue of memory blocks and
moves them into the cache from the head of the queue when they are requested, it is possible
that this pollution issue would be resolved. However, it would introduce a new issue in
the smaller benchmarks when the stream buffer contains two overlapping rows of matrix

data. In this case, the eight prefetch requests above would become sixteen, and half the
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data in each prefetch request would be redundant. This might not have a noticeable effect
on performance, and also might be preferable to cache pollution, but the inefficiency of
the hardware prefetcher would be a detriment in other ways, such as power usage or the

increased latency of servicing more requests.

4.2 Possible Solution

To stop the extreme cache pollution while maintaining a sequential access pattern, the fol-
lowing solution is proposed: a tile prefetcher. This prefetcher would achieve two things.
First, the tile prefetcher will enable the prefetching of the large chunks of data that are
consumed by the AMX instruction set. Second, the prefetcher will avoid cache pollution
caused by overloading the cache with matrix data. The prefetcher will function as a classi-
cal queue-based stream prefetcher with a few major changes. Primarily, the memory blocks
that it enqueues will be the exact shape and size of the configured AMX tiles. If it is possi-
ble to utilize the AMX hardware to issue tile loads through the prefetching hardware, this
will enable the creation of a sizable prefetch queue that continuously loads a new tile from
the head of the queue into the L1 cache without pollution.

Because the tile configuration is known, and an initial tile load instruction must cause
a cache miss for the prefetcher to engage, the exact number of tiles to prefetch should
be dynamically computable. For example, in the 512x512 benchmark, a single tile in the
result matrix is computed with the accumulated result of eight 16x64 AMX matrix multiply
operations. The prefetcher could compute this by taking the stride value from the tile load
instruction and dividing it by the width of the tile. It could then allocate a buffer of size
16 x 64 x (512/64) = 8192 bytes to prefetch those tiles. When the next tile load instruction
is issued, it can then pass the data from the stream buffer into the tile register and shift
the rest of the queue forward. This could be extended to track how many tiles would be
necessary against how many have been prefetched so that the maximum size of the buffer

can be optimized to relatively low number. In this state, the buffer could continue to stream
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in tiles as they are consumed, until all required tiles have been accumulated.

A system like this would consume significant space on the processor die, as it would
require a large amount of storage to function, but there are prefetchers in existence with
history tables up to 18 KB in size [17]. More experimentation and analysis would be

required to determine the optimal size of the buffers used in this proposed design.
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CHAPTER §
CONCLUSION

Prefetchers have evolved significantly since their inception, but the core principal is the
same as it has always been: bring the data closer to the processor faster, and stay out of the
way. Current prefetcher designs achieve the former, but fail to achieve the latter when used
in conjunction with Intel’s AMX instruction set, leading to marginal gains in performance.
These gains could potentially be enhanced through the design of a highly specific hardware
prefetcher that is designed with an understanding of the memory access patterns and cache
limitations of the hardware which utilizes it, but without this advancement, it is unlikely that

these prefetching schemes will result in significant improvements for these applications.
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APPENDIX A
EXPERIMENTAL EQUIPMENT AND SOFTWARE

The following software was used to build and test the pre-fetcher designs used in this work:
* MacSim

— MacSim is a heterogeneous trace-driven cycle-accurate simulator used to model
systems that contain multiple distinct processing units. In this case, it was used
to model the pre-fetchers alongside a CPU model of Intel’s Sapphire Rapids

processor.

— https://github.com/gthparch/macsim
* Intel Pin

— Intel’s Pin is a tool used to instrument software live as it runs on a computer
system. In this case, it allows us to create a PinTool that we configured to

instrument and print out traces that we use in MacSim.
— https://www.intel.com/content/www/us/en/developer/articles/tool/
pin-a-dynamic-binary-instrumentation-tool.html

e Linux Perf

— Linux’s Perf tool is a program that allows users to generate performance metrics
of programs when running them on a given computer system. In this case, it was
used to generate performance metrics of software running natively to compare

against our simulation results.

— https://perf.wiki.kernel.org/index.php/Main_Page
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APPENDIX B
DATA PROCESSING

Data was processed using Microsoft Excel before being added to this document. The fol-
lowing tables were the result of that data processing. In each row labeled “% Difference
from Baseline,” the baseline referred to is that shown in section 3.1. This percent differ-
ence is calculated as follows: dif f = (exp_val — base_val)/base_val. Each row labeled
“X % 1s the calculation of Hits or Matches as a percentage of the total. For the caches, this
is calculated as hits/(hits + misses); for the prefetch queue requests, this is calculated
as matched_requests/sent_requests. The benchmarks’ naming scheme is described in
section 3.1.

Table B.1: Experiment: 16-entry Prefetch Distance and 64 Stream Buffers

Benchmark 512 1024 2048 4096 256-256-768 256-768-256 256-768-768 256-768-2304 256-768-3072 256-3072-768 Average
Cycles 16375821 87819461 593337991 4466102891 10175421 9918531 19387561 46455751 59985391 60212911

% Difference from Baseline -1.30143%  -0.26970% -0.03586% -0.22325%  -2.17635%  -2.36274%  -1.25331%  -0.45466% -0.31260% -0.47509% -0.88650%
L1 Hit 333150 2173813 16246312 94465450 165160 159502 359197 953922 1252039 1229963

L1 Miss 6432625 29567295 127091668 518606622 4621286 3924490 9536642 3706386 4138693 23841091

L1 % 4.92405% 6.84857%  11.33427% 15.40854%  3.45058% 3.90554% 3.62978% 20.46908% 23.22577% 4.90591% 9.81021%
% Difference from Baseline 866.39773% 0.05935%  0.25850%  2.25062% 0.57615% 0.69451% 0.28496% -0.06226% -0.17717% 0.11006% 87.03924%
L2 Hit 38471 194520 315312 37083310 17369 13325 34991 86817 114100 69827

L2 Miss 15422 57003 944653 3829914 9663 9399 17820 17277 22402 44749

L2 % 71.38404%  77.33686% 25.02546% 90.63893%  64.25348%  58.63844%  66.25703%  83.40250% 83.58852% 60.94383% 68.14691%
% Difference from Baseline 10.94285%  9.62565%  13.80297% -1.31581%  -0.55446% 18.69933%  16.43607%  -3.22745% -4.56126% 14.77342% 7.46213%
L3 Hit 36 1972 674107 3503133 36 29 38 35 33 1001

L3 Miss 14886 53218 206063 86288 9448 9213 17615 12045 14338 43225

L3 % 0.24125% 3.57311%  76.58827% 97.59605%  0.37959% 0.31378% 0.21526% 0.28974% 0.22963% 2.26337% 18.16901%
% Difference from Baseline 2.71766% 5.28549%  4.24992%  -0.00018%  4.25981% -10.24740%  12.58143%  -11.44066%  -17.76407%  33.18735% 2.28294%
Prefetch Queue Matched Requests 588 58054 352813 9108956 593 1778 5219 14738 19452 32975

Prefetch Queue Sent Requests 74580 316173 961175 8234052 34864 28433 69044 138073 179355 112852

Prefetch Queue % 0.78842% 18.36147% 36.70643% 110.62544% 1.70089% 6.25330% 7.55895% 10.67406% 10.84553% 29.21969% 23.27342%

Table B.2: Experiment: 16-entry Prefetch Distance and 128 Stream Buffers

Benchmark 512 1024 2048 4096 256-256-768 256-768-256 256-768-768 256-768-2304 256-768-3072 256-3072-768 Average
Cycles 16374501 87803981 593342721 4467031731 10176521 9916001 19397021 46451021 59980001 60199271

% Difference from Baseline -1.30939%  -0.28728% -0.03506% -0.20250%  -2.16578%  -2.38764%  -1.20513%  -0.46479% -0.32155% -0.49763% -0.88768%
L1 Hit 333176 2173812 16246299 94468772 165191 159501 359194 953932 1252064 1229982

L1 Miss 6427703 29558860 127093403 519227857 4616289 3925617 9530409 3703990 4132950 23833346

L1 % 4.92800% 6.85039%  11.33412% 15.39340%  3.45481% 3.90444% 3.63204% 20.47978% 23.25090% 4.90750% 9.81354%
% Difference from Baseline 867.17304% 0.08591%  0.25721%  2.15015% 0.69951% 0.66612% 0.34735% -0.01002% -0.06918% 0.14247% 87.14426%
L2 Hit 38326 194565 317226 37082980 17376 13420 35303 86031 114418 71697

L2 Miss 15481 57030 943992 3830929 9737 9531 17903 18406 22088 45129

L2 % 71.22865%  77.33262% 25.15235% 90.63661%  64.08734%  58.47240%  66.35154%  82.37598% 83.81903% 61.37076% 68.08273%
% Difference from Baseline 10.70135%  9.61963%  14.38003% -1.31834%  -0.81159% 18.36321%  16.60215%  -4.41854% -4.29807% 15.57744% 7.43973%
L3 Hit 37 1955 673638 3502304 38 32 39 31 33 1129

L3 Miss 14911 53264 206112 88458 9509 9320 17653 12071 14377 43262

L3 % 0.24752% 3.54045%  76.57153% 97.53651%  0.39803% 0.34217% 0.22044% 0.25616% 0.22901% 2.54331% 18.18851%
% Difference from Baseline 5.38730% 4.32304%  4.22712%  -0.06118%  9.32579% -2.12754% 15.28040%  -21.70432%  -17.98664%  49.65995% 4.63329%
Prefetch Queue Matched Requests 711 58103 352280 8666589 588 1671 5231 14792 19577 32093

Prefetch Queue Sent Requests 72540 316374 963842 8238831 34289 28856 69127 136574 180138 116182

Prefetch Queue % 0.98015% 18.36529% 36.54956% 105.19197% 1.71484% 5.79082% 7.56723% 10.83076% 10.86778% 27.62304% 22.54814%
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Table B.3: Experiment: 16-entry Prefetch Distance and 256 Stream Buffers

Benchmark

Cycles

% Difference from Baseline
L1 Hit

L1 Miss

L1 %

% Difference from Baseline
L2 Hit

L2 Miss

L2 %

% Difference from Baseline
L3 Hit

L3 Miss

L3 %

% Difference from Baseline

Prefetch Queue Matched Requests

Prefetch Queue Sent Requests
Prefetch Queue %

512
16359761
-1.39822%
333179
6423357
4.93121%
867.80344%
33648
15539
68.40832%
6.31808%
37

14925
0.24729%
5.28869%
646

63704
1.01407%

1024
87819131
-0.27008%
2173805
29561075
6.84989%
0.07862%
205474
58048
77.97224%
10.52630%
2427
53265
4.35790%
28.41004%
41954
330511
12.69368%

2048
593333701
-0.03658%
16246385
127090826
11.33438%
0.25949%
319871
943756
25.31372%
15.11384%
673245
206133
76.55923%
4.21038%
350440
967914
36.20570%

4096
4467207531
-0.19857%
94466733
519317384
15.39087%
2.13338%
37085279
3830043
90.63910%
-1.31563%
3502827
87245
97.56983%
-0.02705%
8686041
8185821
106.11081%

256-256-768
10187301
-2.06214%
165197
4619133
3.45288%
0.64318%
17371
9745
64.06181%
-0.85110%
33

9518
0.34551%
-5.09894%
647

33479
1.93255%

256-768-256
9934041
-2.21006%
159493
3924491
3.90533%
0.68902%
13657
9502
58.97059%
19.37169%
31

9289
0.33262%
-4.86052%
1335
29068
4.59268%

256-768-768
19398451
-1.19784%
359206
9531114
3.63189%
0.34343%
36048
17924
66.79019%
17.37301%
40

17695
0.22554%
17.95884%
4205
69655
6.03690%

256-768-2304
46455531
-0.45513%
953929
3704047
20.47947%
-0.01150%
86330
18132
82.64249%
-4.10930%
31

12075
0.25607%
-21.73019%
14836
137133
10.81869%

256-768-3072  256-3072-768
59989941 60204991
-0.30503% -0.48818%
1252065 1229974
4136293 23836280
23.23649% 4.90689%
-0.13111% 0.13013%
114167 74756
22479 45433
83.54946% 62.19870%
-4.60585% 17.13669%
33 1365
14366 43289
0.22918% 3.05684%
-17.92399%  79.87833%
19533 30978
179596 119221
10.87608% 25.98368%

Table B.4: Experiment: 16-entry Prefetch Distance and 512 Stream Buffers

Benchmark

Cycles

% Difference from Baseline
L1 Hit

L1 Miss

L1 %

% Difference from Baseline
L2 Hit

L2 Miss

L2 %

% Difference from Baseline
L3 Hit

L3 Miss

L3 %

% Difference from Baseline

Prefetch Queue Matched Requests

Prefetch Queue Sent Requests
Prefetch Queue %

512
16359761
-1.39822%
333179
6423357
4.93121%
867.80344%
33183
15521
68.13198%
5.88861%
37

14924
0.24731%
5.29573%
617

61951
0.99595%

1024
87819131
-0.27008%
2173805
29561045
6.84990%
0.07871%
208283
58110
78.18636%
10.82982%
2508
53265
4.49680%
32.50295%
32753
335431
9.76445%

2048
593333701
-0.03658%
16243827
127094958
11.33247%
0.24260%
345168
1003079
25.60124%
16.42136%
724324
206131
77.84622%
5.96219%
251475
1123040
22.39235%

4096
4466569421
-0.21283%
94465725
519073908
15.39684%
2.17299%
37084079
3828577
90.64207%
-1.31239%
3502297
86712
97.58396%
-0.01257%
8720546
8218044
106.11462%

256-256-768
10187301
-2.06214%
165197
4619133
3.45288%
0.64318%
17364
9745
64.05253%
-0.86547%
33

9517
0.34555%
-5.08901%
582

33459
1.73944%

256-768-256
9934041
-2.21006%
159493
3924491
3.90533%
0.68902%
14030
9497
59.63361%
20.71381%
31

9281
0.33290%
-4.77878%
891

29346
3.03619%

256-768-768
19398451
-1.19784%
359206
9531114
3.63189%
0.34343%
36536
17920
67.09270%
17.90462%
40

17698
0.22550%
17.93889%
2806
69552
4.03439%

256-768-2304
46455531
-0.45513%
953903
3705148
20.47419%
-0.03729%
87685
16143
84.45217%
-2.00952%
33

14174
0.23228%
-29.00221%
10991
140507
7.82239%

256-768-3072  256-3072-768

59990391 60206591
-0.30429% -0.48553%
1252047 1229968
4136752 23836750
23.23425% 4.90678%
-0.14072% 0.12779%
116445 77967
20318 45507
85.14364% 63.14447%
-2.78567% 18.91781%
37 1383
15379 43292
0.24001% 3.09569%
-14.04628%  82.16469%
18064 29684
184080 122588
9.81312% 24.21444%

Table B.5: Experiment: 64-entry Prefetch Distance and 64 Stream Buffers

Benchmark

Cycles

% Difference from Baseline
L1 Hit

L1 Miss

L1 %

% Difference from Baseline
L2 Hit

L2 Miss

L2 %

% Difference from Baseline
L3 Hit

L3 Miss

L3 %

% Difference from Baseline

Prefetch Queue Matched Requests

Prefetch Queue Sent Requests
Prefetch Queue %

512
16364051
-1.37237%
333148
6422619
4.93131%
867.82354%
37710
15405
70.99689%
10.34116%
39

14980
0.25967%
10.55878%
473

83751
0.56477%

1024
87838491
-0.24809%
2173839
29557887
6.85068%
0.09013%
244743
55730
81.45258%
15.45971%
1926
53364
3.48345%
2.64356%
632
528206
0.11965%

2048
593309831
-0.04060%
16231067
127094098
11.32465%
0.17337%
295287
1087579
21.35326%
-2.89629%
794626
206208
79.39638%
8.07224%
68047
1688905
4.02906%

4096
4472709321
-0.07566%
94111826
529125719
15.10047%
0.20631%
37139514
4179002
89.88589%
-2.13570%
3795014
105130
97.30446%
-0.29895%
6929826
17296279
40.06542%

256-256-768
10190421
-2.03215%
165208
4609775
3.45987%
0.84690%
17398
9835
63.88573%
-1.12363%
34

9573
0.35391%
-2.79310%
503

40828
1.23200%

256-768-256
9948671
-2.06604%
159506
3921107
3.90887%
0.78041%
12846

9640
57.12888%
15.64358%
28

9389
0.29733%
-14.95271%
459

32839
1.39773%

256-768-768
19433761
-1.01800%
359224
9533502
3.63119%
0.32405%
33958
18007
65.34783%
14.83830%
36

17764
0.20225%
5.77528%
408

83041
0.49132%

256-768-2304
46482031
-0.39835%
953935
3689356
20.54437%
0.30536%
87604
14306
85.96212%
-0.25751%
34

12315
0.27533%
-15.84491%
373

188535
0.19784%

256-768-3072  256-3072-768

59965081 60272101
-0.34635% -0.37725%
1252046 1229912
4120092 23836432
23.30629% 4.90663%
0.16890% 0.12472%
116056 76125
17263 45511
87.05136% 62.58427%
-0.60750% 17.86281%
34 1206

14691 43368
0.23090% 2.70561%
-17.30900%  59.21071%
406 46762
247820 148015
0.16383% 31.59274%

Table B.6: Experiment: 64-entry Prefetch Distance and 128 Stream Buffers

Benchmark

Cycles

% Difference from Baseline
L1 Hit

L1 Miss

L1 %

% Difference from Baseline
L2 Hit

L2 Miss

L2 %

% Difference from Baseline
L3 Hit

L3 Miss

L3 %

% Difference from Baseline

Prefetch Queue Matched Requests

Prefetch Queue Sent Requests
Prefetch Queue %

512
16360641
-1.39292%
333148
6417917
4.93475%
868.49761%
34064
15718
68.42634%
6.34609%
36

15029
0.23896%
1.74264%
470

75736
0.62058%

1024
87828591
-0.25933%
2173830
29557070
6.85083%
0.09232%
244627
55781
81.43159%
15.42995%
1930
53423
3.48671%
2.73967%
623
528206
0.11795%

2048
593322921
-0.03840%
16230928
127098011
11.32425%
0.16988%
294722
1088374
21.30886%
-3.09821%
795165
206254
79.40383%
8.08237%
68293
1688636
4.04427%

4096
4472690651
-0.07607%
94111354
529323905
15.09561%
0.17403%
37137106
4172323
89.89983%
-2.12052%
3791210
105095
97.30270%
-0.30075%
6952250
16960325
40.99125%

256-256-768
10188031
-2.05512%
165215
4612664
3.45792%
0.79004%
17247

9894
63.54593%
-1.64954%
31

9620
0.32121%
-11.77425%
425

40808
1.04146%

34

256-768-256
9936351
-2.18732%
159517
3920531
3.90968%
0.80132%
12768
9724
56.76685%
14.91074%
27

9440
0.28520%
-18.42325%
447

32679
1.36785%

256-768-768
19419461
-1.09083%
359215
9536647
3.62995%
0.28975%
33555
18090
64.97241%
14.17855%
32

17824
0.17921%
-6.27240%
392

79027
0.49603%

256-768-2304
46474831
-0.41377%
953957
3686066
20.55932%
0.37832%
87467
14387
85.87488%
-0.35874%
35

12387
0.28176%
-13.87885%
368

188445
0.19528%

256-768-3072  256-3072-768
59951581 60267421
-0.36878% -0.38499%
1252056 1229901
4120584 23831295
23.30430% 4.90759%
0.16034% 0.14439%
115904 84041

17335 46757
86.98955% 64.25251%
-0.67808% 21.00455%
35 2043

14715 43413
0.23729% 4.49446%
-15.02119% 164.47445%
369 33092
247629 171424
0.14901% 19.30418%

Average

-0.86218%

9.81193%
87.19381%

68.05466%
7.49577%

18.31800%
8.61056%

21.62648%

Average

-0.86327%

9.81157%
87.19231%

68.60808%
8.37030%

18.46462%
9.09356%

18.99273%

Average

-0.79749%

9.79643%
87.08437%

68.56488%
6.71249%

18.45093%
3.50619%

7.98544%

Average

-0.82675%

9.79742%
87.14980%

68.34687%
6.39648%

18.62313%
11.13684%

6.83279%



Table B.7: Experiment: 64-entry Prefetch Distance and 256 Stream Buffers

Benchmark

Cycles

% Difference from Baseline
L1 Hit

L1 Miss

L1 %

% Difference from Baseline
L2 Hit

L2 Miss

L2 %

% Difference from Baseline
L3 Hit

L3 Miss

L3 %

% Difference from Baseline
Prefetch Queue Matched Requests
Prefetch Queue Sent Requests
Prefetch Queue %

512
16361191
-1.38961%
333150
6418047
4.93468%
868.48449%
33172
15708
67.86416%
5.47236%
37

15032
0.24554%
4.54107%
423

73525
0.57531%

1024
87823641
-0.26495%
2173833
29557196
6.85081%
0.09206%
240726
57149
80.81444%
14.55514%
2669
53435
4.75724%
40.17700%
3009
489493
0.61472%

2048 4096
593318411 4472697001
-0.03916%  -0.07593%
16226161 94114678
127101536 529073116
11.32102% 15.10214%
0.14133%  0.21735%
358814 37134587
1049360 4174253
25.48080%  89.89501%
15.87364% -2.12576%
758722 3792882
206292 105284
78.62290%  97.29914%
7.01940%  -0.30440%
66785 6966817
1744433 16953222
3.82846%  41.09435%

256-256-768 256-768-256
10191811 9936351
-2.01879%  -2.18732%
165217 159523
4614677 3919636
3.45650% 3.91068%
0.74877% 0.82708%
17162 12607
9937 9740
63.33075%  56.41473%
-1.98257% 14.19796%
31 30

9657 9457
0.31998% 0.31622%
-12.11120%  -9.55025%
445 413

40550 32520
1.09741% 1.26999%

256-768-768
19413631
-1.12053%
359220
9535110
3.63056%
0.30667%
33943
18099
65.22232%
14.61773%
31

17836
0.17350%
-9.25729%
425

79104
0.53727%

256-768-2304
46473351
-0.41695%
953902
3687255
20.55311%
0.34801%
77290
19743
79.65331%
-71.57766%
37

16029
0.23030%
-29.60736%
1553
161453
0.96189%

256-768-3072
59957091
-0.35963%
1252025
4120575
23.30389%
0.15861%
109976
20538
84.26376%
-3.79029%
42

16916
0.24767%
-11.30292%
1018
232002
0.43879%

256-3072-768
60265771
-0.38772%
1229905
23830424
4.90778%
0.14818%
93664
47363
66.41565%
25.07832%
2397

43424
5.23123%
207.82936%
23067
191947
12.01738%

Table B.8: Experiment: 64-entry Prefetch Distance and 512 Stream Buffers

Benchmark

Cycles

% Difference from Baseline
L1 Hit

L1 Miss

L1%

% Difference from Baseline
L2 Hit

L2 Miss

L2 %

% Difference from Baseline
L3 Hit

L3 Miss

L3 %

% Difference from Baseline
Prefetch Queue Matched Requests
Prefetch Queue Sent Requests
Prefetch Queue %

512
16361191
-1.38961%
333150
6418034
4.93469%
868.48636%
32343
15783
67.20484%
4.44767%
37

15027
0.24562%
4.57577%
371

71057
0.52212%

1024
87823641
-0.26495%
2173833
29557073
6.85084%
0.09244%
227826
57934
79.72634%
13.01276%
2691
53438
4.79431%
41.26950%
1663
448311
0.37095%

2048 4096
593319291 4472705611
-0.03901%  -0.07574%
16221484 94118035
127106525 529141633
11.31773%  15.10093%
0.11224%  0.20936%
392104 37134276
1045222 4182621
27.28010% 89.87673%
24.05594% -2.14567%
750159 3797008
206285 106837
78.43209%  97.26329%
6.75967%  -0.34114%
32899 6936816
1791940 17172530
1.83594%  40.39484%

256-256-768 256-768-256

10191811 9936351
-2.01879%  -2.18732%
165217 159523
4614677 3919646
3.45650% 3.91067%
0.74877% 0.82683%
17176 12768
9937 9753
63.34968%  56.69375%
-1.95326% 14.76277%
31 30

9654 9461
0.32008% 0.31609%
-12.08398%  -9.58837%
394 369

40582 32617
0.97087% 1.13131%

256-768-768
19413631
-1.12053%
359220
9535110
3.63056%
0.30667%
33872
18100
65.17355%
14.53203%
31

17834
0.17352%
-9.24713%
403

78375
0.51419%

256-768-2304
46473351
-0.41695%
953855
3687254
20.55231%
0.34410%
72100
23152
75.69395%
-12.17175%
37

18228
0.20257%
-38.08223%
1025
149120
0.68737%

256-768-3072
59957941
-0.35821%
1251923
4121877
23.29679%
0.12808%
96307
26924
78.15160%
-10.76896%
71

21544
0.32848%
17.63532%
3058
195339
1.56548%

256-3072-768
60266261
-0.38691%
1229905
23830583
4.90775%
0.14755%
100572
48295
67.55829%
27.23021%
3008

43433
6.47704%
281.13852%
14303
207407
6.89610%

Table B.9: Experiment: 256-entry Prefetch Distance and 64 Stream Buffers

Benchmark

Cycles

% Difference from Baseline
L1 Hit

L1 Miss

Ll %

% Difference from Baseline
L2 Hit

L2 Miss

L2 %

% Difference from Baseline
L3 Hit

L3 Miss

L3 %

% Difference from Baseline
Prefetch Queue Matched Requests
Prefetch Queue Sent Requests
Prefetch Queue %

Table B.10: Experiment: 256-entry Prefetch Distance and 128 Stream Buffers

Benchmark

Cycles

% Difference from Baseline
L1 Hit

L1 Miss

L1 %

% Difference from Baseline
L2 Hit

L2 Miss

L2 %

% Difference from Baseline
L3 Hit

L3 Miss

L3 %

% Difference from Baseline
Prefetch Queue Matched Requests
Prefetch Queue Sent Requests
Prefetch Queue %

512
16345131
-1.48640%
333138
6427469
4.92763%
867.10164%
37946
15888
70.48705%
9.54879%
37

15295
0.24133%
2.74781%
325

90200
0.36031%

512
16343041
-1.49900%
333141
6426254
4.92856%
867.28375%
37961
15922
70.45079%
9.49243%
37

15376
0.24006%
2.20784%
321

90465
0.35483%

1024
87813521
-0.27645%
2173886
29552204
6.85205%
0.11008%
244761
55926
81.40059%
15.38602%
1925
53611
3.46622%
2.13584%
504
538743
0.09355%

1024
87814511
-0.27532%
2173862
29564633
6.84929%
0.06984%
236097
58156
80.23606%
13.73528%
2902
53951
5.10439%
50.40630%
2637
507466
0.51964%

2048 4096
593321601 4471908371
-0.03862%  -0.09355%
16232194 94115473
127008765 527805790
11.33209% 15.13302%
0.23922%  0.42229%
324429 37125565
1088098 4651861
22.96799% 88.86513%
4.44665%  -3.24706%
788668 4139694
206464 118939
79.25260% 97.20711%
7.87653%  -0.39870%
584 537716
1856293 28700118
0.03146%  1.87378%

2048 4096
593309501 4471646241
-0.04066%  -0.09941%
16231936 94124491
127095210 527392462
11.32510%  15.14432%
0.17735%  0.49724%
302469 37140352
1102922 4637123
21.52205%  88.90042%
-2.12871%  -3.20863%
800793 4125088
206511 119979
79.49864% 97.17368%
8.21143%  -0.43295%
771 545812
1836973 28597504
0.04197%  1.90860%

256-256-768 256-768-256
10175131 9916991
-2.17914%  -2.37790%
165230 159549
4611163 3914667
3.45930% 3.91607%
0.83055% 0.96586%
17256 12608
10151 10098
62.96202%  55.52717%
-2.55326% 12.40132%
34 23

9832 9711
0.34462% 0.23629%
-5.34496%  -32.41481%
649 264

44946 35683
1.44395% 0.73985%

256-256-768 256-768-256
10162111 9919521
-2.30431%  -2.35299%
165226 159550
4612044 3915311
3.45859% 3.91547%
0.80960% 0.95051%
17159 12542
10245 10106
62.61495%  55.37796%
-3.09042% 12.09927%
36 24

9885 9756
0.36287% 0.24540%
-0.33263%  -29.80803%
510 211

45026 36027
1.13268% 0.58567%

35

256-768-768
19405271
-1.16311%
359249
9533924
3.63128%
0.32650%
33764
18494
64.61020%
13.54203%
33

18127
0.18172%
-4.96145%
291

85216
0.34149%

256-768-768
19390751
-1.23706%
359253
9530884
3.63244%
0.35842%
33725
18564
64.49731%
13.34365%
33

18177
0.18122%
-5.22241%
204

85696
0.23805%

256-768-2304
46437961
-0.49278%
953951
3691129
20.53680%
0.26841%
87635
14630
85.69403%
-0.56858%
36

12492
0.28736%
-12.16774%
206

191197
0.10774%

256-768-2304
46428131
-0.51384%
953950
3690912
20.53775%
0.27301%
87403
14795
85.52320%
-0.76679%
37

12599
0.29281%
-10.49952%
171

191080
0.08949%

256-768-3072
59962911
-0.34995%
1252094
4126426
23.27953%
0.05388%
115825
17526
86.85724%
-0.82914%
37

14957
0.24677%
-11.62715%
237

250965
0.09444%

256-768-3072
59956681
-0.36031%
1252091
4125535
23.28334%
0.07027%
115773
17559
86.83062%
-0.85953%
39

15011
0.25914%
-7.19684%
181

251101
0.07208%

256-3072-768
60252181
-0.41018%
1229943
23834236
4.90717%
0.13589%
104770
49411
67.95260%
27.97280%
3781

43675
7.96738%
368.83726%
483

260179
0.18564%

256-3072-768
60264951
-0.38907%
1229937
23834947
4.90701%
0.13259%
98398
52874
65.04707%
22.50091%
5690

43687
11.52358%
578.10062%
706

243969
0.28938%

Average

-0.82606%

9.79712%
87.14725%

67.93549%
7.43189%

18.74437%
18.74334%

6.24356%

Average

-0.82580%

9.79588%
87.14024%

67.07088%
7.10018%

18.85531%
28.20359%

5.48892%

Average

-0.88681%

9.79749%
87.04543%

68.73240%
7.60996%

18.94314%
31.46826%

0.52722%

Average

-0.90720%

9.79819%
87.06226%

68.10004%
6.11174%

19.48818%
58.54338%

0.52324%



Table B.11: Experiment: 256-entry Prefetch Distance and 256 Stream Buffers

Benchmark 512 1024 2048 4096 256-256-768 256-768-256 256-768-768 256-768-2304 256-768-3072 256-3072-768 Average
Cycles 16340331 87814181 593310821 4471840061 10156941 9917341 19392841 46426821 59965361 60257901

% Difference from Baseline -1.51533%  -0.27570% -0.04044% -0.09508%  -2.35402% -2.37445% -1.22642% -0.51665% -0.34588% -0.40073% -0.91447%
L1 Hit 333142 2173871 16207611 94112540 165227 159553 359251 953837 1251924 1229956

L1 Miss 6425792 29560384 126812184 527590918 4610251 3915331 9531231 3693140 4131439 23835340

L1 % 4.92891% 6.85023%  11.33242% 15.13785%  3.45990% 3.91552% 3.63229% 20.52597% 23.25543% 4.90701% 9.79455%
% Difference from Baseline 867.35263% 0.08363%  0.24219%  0.45434% 0.84804% 0.95184% 0.35436% 0.21550% -0.04971% 0.13249% 87.05853%
L2 Hit 37998 235411 389513 37129104 17149 12627 33866 67546 89665 96096

L2 Miss 15956 58103 1059994 4650573 10258 10068 18475 24425 30656 54422

L2 % 70.42666%  80.20435% 26.87210% 88.86882%  62.57161%  55.63781%  64.70262%  73.44272% 74.52149% 63.84353% 66.10917%
% Difference from Baseline 9.45492% 13.69034% 22.20057% -3.24305%  -3.15750% 12.62526%  13.70445%  -14.78387% -14.91371% 20.23433% 5.58117%
L3 Hit 37 2942 749864 4139571 36 24 33 46 151 6581

L3 Miss 15352 53938 206576 118400 9887 9713 18126 19790 24427 43732

L3 % 0.24043% 5.17229%  78.40157% 97.21933%  0.36279% 0.24648% 0.18173% 0.23190% 0.61437% 13.08012% 19.57510%
% Difference from Baseline 2.36724% 52.40706% 6.71813%  -0.38617%  -0.35272% -29.49806%  -4.95622% -29.11783% 120.02146%  669.69427%  78.68972%
Prefetch Queue Matched Requests 298 3380 2932 546363 398 160 147 468 349 1391

Prefetch Queue Sent Requests 90293 504946 2002892 28590939 45469 36178 85743 163733 216174 238833

Prefetch Queue % 0.33004% 0.66938%  0.14639%  1.91097% 0.87532% 0.44226% 0.17144% 0.28583% 0.16144% 0.58242% 0.55755%

Table B.12: Experiment: 256-entry Prefetch Distance and 512 Stream Buffers

Benchmark 512 1024 2048 4096 256-256-768 256-768-256 256-768-768 256-768-2304 256-768-3072 256-3072-768 Average
Cycles 16340331 87813961 593310841 4472224121 10156941 9917341 19392841 46426711 59963671 60258891

% Difference from Baseline -1.51533%  -0.27595% -0.04043% -0.08650%  -2.35402%  -2.37445%  -1.22642%  -0.51689% -0.34869% -0.39909% -0.91378%
L1 Hit 333143 2173874 16205320 94040356 165227 159553 359251 953857 1251952 1229955

L1 Miss 6426104 29560296 126530923 527730009 4610251 3915331 9531231 3696955 4136429 23835345

L1 % 4.92870% 6.85026%  11.35333% 15.12461%  3.45990% 3.91552% 3.63229% 20.50947% 23.23429% 4.90700% 9.79154%
% Difference from Baseline 867.31074% 0.08404%  0.42713%  0.36649% 0.84804% 0.95184% 0.35436% 0.13497% -0.14055% 0.13239% 87.04694%
L2 Hit 38080 236266 386960 37055918 17149 12627 33859 68341 90463 96533

L2 Miss 16037 58218 1063253 4699694 10256 10068 18472 24182 30278 54343

L2 % 70.36606%  80.23050% 26.68298% 88.74476%  62.57617%  55.63781%  64.70161%  73.86380% 74.92318% 63.98168% 66.17085%
% Difference from Baseline 9.36074% 13.72741% 21.34052% -3.37811%  -3.15043% 12.62526%  13.70267%  -14.29529%  -14.45507%  20.49451% 5.59722%
L3 Hit 37 2945 750568 4129808 36 24 33 44 186 6600

L3 Miss 15366 53903 206609 189922 9883 9713 18129 19417 23936 43738

L3 % 0.24021% 5.18048%  78.41476% 95.60338%  0.36294% 0.24648% 0.18170% 0.22609% 0.77108% 13.11137% 19.43385%
% Difference from Baseline 2.27419% 52.64835% 6.73608%  -2.04192%  -0.31253%  -29.49806% -4.97192%  -30.89320% 176.14315%  671.53308%  84.16172%
Prefetch Queue Matched Requests 262 2696 7352 569777 380 160 115 187 190 2109

Prefetch Queue Sent Requests 90267 505333 2030048 28376604 45485 36178 85749 164037 215633 237912

Prefetch Queue % 0.29025% 0.53351%  0.36216%  2.00791% 0.83544% 0.44226% 0.13411% 0.11400% 0.08811% 0.88646% 0.56942%

Table B.13: Experiment: 1024-entry Prefetch Distance and 64 Stream Buffers

Benchmark 512 1024 2048 4096 256-256-768 256-768-256 256-768-768 256-768-2304 256-768-3072 256-3072-768 Average
Cycles 16399011 87855241 593344921 4471111061 10209701 9969241 19437831 46493641 60010181 60306631

% Difference from Baseline -1.16166%  -0.22907% -0.03469% -0.11136%  -1.84680%  -1.86355%  -0.99727%  -0.37347% -0.27140% -0.32018% -0.72094%
L1 Hit 333098 2173847 16232131 94122459 165203 159522 359185 953939 1252076 1229893

L1 Miss 6466689 29556862 127013166 527419684 4610380 3921407 9538147 3697276 4131635 23838305

L1 % 4.89865% 6.85092%  11.33170% 15.14338%  3.45933% 3.90896% 3.62911% 20.50946% 23.25675% 4.90619% 9.78944%
% Difference from Baseline 861.41380% 0.09371%  0.23580%  0.49100%  0.83118% 0.78272% 0.26648% 0.13490% -0.04403% 0.11577% 86.43213%
L2 Hit 35064 244656 325991 37117080 17096 11595 33110 87464 115878 96082

L2 Miss 17975 56032 1087242 4656885 10134 10615 18842 14814 17744 54669

L2 % 66.10984%  81.36540% 23.06704% 88.85218%  62.78369%  52.20621%  63.73191%  85.51595% 86.72075% 63.73556% 67.40885%
% Difference from Baseline 2.74586% 15.33614% 4.89709%  -3.26116%  -2.82925%  5.67884% 11.99857%  -0.77521% -0.98498% 20.03100% 5.28369%
L3 Hit 34 1915 788145 4141285 32 27 31 33 37 6881

L3 Miss 15952 53687 206506 118028 9837 10157 18406 12633 14987 44004

L3 % 0.21269% 3.44412%  79.23835% 97.22894%  0.32425% 0.26512% 0.16814% 0.26054% 0.24627% 13.52265% 19.49111%
% Difference from Baseline -9.44577%  1.48465%  7.85713%  -0.37633%  -10.93998%  -24.16662%  -12.06270% -20.36431%  -11.80361%  695.73480%  61.59173%
Prefetch Queue Matched Requests 650 507 552 236997 586 459 224 169 225 541

Prefetch Queue Sent Requests 89305 541324 1861269 29960705 47727 37609 88614 192364 252258 252423

Prefetch Queue % 0.72784% 0.09366%  0.02966%  0.79103% 1.22782% 1.22045% 0.25278% 0.08785% 0.08919% 0.21432% 0.47346%

Table B.14: Experiment: 1024-entry Prefetch Distance and 128 Stream Buffers

Benchmark 512 1024 2048 4096 256-256-768 256-768-256 256-768-768 256-768-2304 256-768-3072 256-3072-768 Average
Cycles 16393091 87868441 593352731 4471103411 10192911 9951641 19442971 46487971 60007321 60294751

% Difference from Baseline -1.19734%  -0.21408% -0.03338% -0.11153%  -2.00821% -2.03681% -0.97109% -0.38562% -0.27615% -0.33982% -0.75740%
L1 Hit 333111 2173780 16231901 94119628 165206 159521 359183 953945 1252081 1229898

L1 Miss 6466634 29600970 127098971 527183879 4608050 3920193 9539130 3695680 4129145 23838604

L1 % 4.89887% 6.84122%  11.32478% 15.14874%  3.46108% 3.91010% 3.62873% 20.51660% 23.26758% 4.90615% 9.79038%
% Difference from Baseline 861.45726% -0.04811% 0.17453%  0.52657% 0.88216% 0.81210% 0.25598% 0.16977% 0.00253% 0.11496% 86.43478%
L2 Hit 35166 233365 303786 37139679 16948 11772 32980 87186 115632 94693

L2 Miss 17652 61597 1101880 4637418 10287 10536 18891 14763 17626 55396

L2 % 66.57958%  79.11697% 21.61154% 88.89962%  62.22875%  52.77031%  63.58081%  85.51923% 86.77303% 63.09123% 67.01710%
% Difference from Baseline 3.47591% 12.14897% -1.72180% -3.20951%  -3.68814% 6.82071% 11.73303%  -0.77140% -0.92529% 18.81756% 4.26800%
L3 Hit 34 3498 799994 4127008 35 26 33 33 37 6995

L3 Miss 15971 55477 206545 115454 9956 10082 18473 12749 15060 44311

L3 % 0.21243% 5.93133%  79.47968% 97.27861%  0.35032% 0.25722% 0.17832% 0.25818% 0.24508% 13.63388% 19.78250%
% Difference from Baseline -9.55326%  74.77281% 8.18563%  -0.32544%  -3.78007% -26.42621%  -6.73836% -21.08703% -12.23008% 702.28032%  70.50983%
Prefetch Queue Matched Requests 550 1126 774 221411 241 172 144 203 212 330

Prefetch Queue Sent Requests 89925 524099 1840689 28887499 48242 38274 88849 192084 252047 250923

Prefetch Queue % 0.61162%  0.21484%  0.04205%  0.76646%  0.49956% 0.44939% 0.16207% 0.10568% 0.08411% 0.13151% 0.30673%

36



Table B.15: Experiment: 1024-entry Prefetch Distance and 256 Stream Buffers

Benchmark

Cycles

% Difference from Baseline
L1 Hit

L1 Miss

L1 %

% Difference from Baseline
L2 Hit

L2 Miss

L2 %

% Difference from Baseline
L3 Hit

L3 Miss

L3 %

% Difference from Baseline

Prefetch Queue Matched Requests

Prefetch Queue Sent Requests
Prefetch Queue %

512
16395401
-1.18342%
333099
6467260
4.89826%
861.33582%
35201
17805
66.40946%
3.21152%
34

15992
0.21216%
-9.67178%
342

89769
0.38098%

1024
87868661
-0.21383%
2173793
29593195
6.84293%
-0.02308%
236037
60248
79.66552%
12.92655%
3080
55110
5.29301%
55.96400%
663
531295
0.12479%

2048
593354491
-0.03308%
16215724
125464573
11.44529%
1.24057%
403135
1048572
27.76972%
26.28249%
737055
207673
78.01769%
6.19561%
5903
2438097
0.24212%

4096
4471517961
-0.10227%
94107764
527707388
15.13436%
0.43119%
37132881
4646785
88.87788%
-3.23318%
4141764
111656
97.37491%
-0.22676%
190504
27564288
0.69113%

256-256-768
10192911
-2.00821%
165206
4608050
3.46108%
0.88216%
16948
10289
62.22418%
-3.69521%
35

9956
0.35032%
-3.78007%
171

48415
0.35320%

256-768-256
9949461
-2.05827%
159531
3921101
3.90947%
0.79574%
11818
10484
52.99076%
7.26697%
26

10088
0.25707%
-26.46986%
157

38306
0.40986%

256-768-768
19442861
-0.97165%
359187
9539234
3.62873%
0.25601%
33407
18693
64.12092%
12.68220%
33

18313
0.17988%
-5.92500%
120

89344
0.13431%

256-768-2304
46491111
-0.37889%
953844
3695873
20.51402%
0.15718%
67258
24941
72.94873%
-15.35704%
37

20159
0.18320%
-44.00237%
264

169572
0.15569%

256-768-3072
60014051
-0.26497%
1251947
4131515
23.25543%
-0.04971%
89221
31201
74.09028%
-15.40605%
128

24968
0.51004%
82.65859%
236

222825
0.10591%

256-3072-768 Average
60294421

-0.34036% -0.75549%
1229893

23837345

4.90638% 9.79959%
0.11960% 86.51455%
95407

55012

63.42749% 65.25250%
19.45082% 4.41291%
7046

44025

13.79648% 19.61748%
711.84824%  76.65906%
339

252327

0.13435% 0.27323%

Table B.16: Experiment: 1024-entry Prefetch Distance and 512 Stream Buffers

Benchmark

Cycles

% Difference from Baseline
L1 Hit

L1 Miss

L1%

% Difference from Baseline
L2 Hit

L2 Miss

L2 %

% Difference from Baseline
L3 Hit

L3 Miss

L3 %

% Difference from Baseline

Prefetch Queue Matched Requests

Prefetch Queue Sent Requests
Prefetch Queue %

512
16395631
-1.18203%
333099
6468048
4.89769%
861.22443%
35167
17792
66.40420%
3.20334%
34

16001
0.21204%
-9.72248%
330

89782
0.36756%

1024
87869101
-0.21333%
2173787
29598553
6.84176%
-0.04020%
233114
60697
79.34148%
12.46721%
2955
55444
5.06002%
49.09878%
563
517382
0.10882%

2048
593354821
-0.03302%
16218086
125275570
11.46206%
1.38888%
407971
1048426
28.01235%
27.38583%
734891
207533
77.97881%
6.14268%
3094
2445204
0.12653%

4096
4472716761
-0.07549%
93992522
525021476
15.18423%
0.76212%
37015001
4770346
88.58369%
-3.55348%
4093006
2777170
93.64484%
-4.04871%
174280
27912721
0.62437%

256-256-768
10192911
-2.00821%
165206
4608050
3.46108%
0.88216%
16948
10289
62.22418%
-3.69521%
35

9956
0.35032%
-3.78007%
171

48415
0.35320%

256-768-256
9949461
-2.05827%
159531
3921101
3.90947%
0.79574%
11818
10484
52.99076%
7.26697%
26

10088
0.25707%
-26.46986%
157

38306
0.40986%

256-768-768
19442861
-0.97165%
359187
9539234
3.62873%
0.25601%
33407
18693
64.12092%
12.68220%
33

18313
0.17988%
-5.92500%
120

89344
0.13431%

256-768-2304
46491111
-0.37889%
953844
3695873
20.51402%
0.15718%
67258
24941
72.94873%
-15.35704%
37

20159
0.18320%
-44.00237%
264

169572
0.15569%

256-768-3072
60014051
-0.26497%
1251947
4131515
23.25543%
-0.04971%
89221
31201
74.09028%
-15.40605%
128

24968
0.51004%
82.65859%
236

222825
0.10591%

256-3072-768 Average
60294421

Table B.17: Experiment: 2048-entry Prefetch Distance and 64 Stream Buffers

Benchmark

Cycles

% Difference from Baseline
L1 Hit

L1 Miss

Ll %

% Difference from Baseline
L2 Hit

L2 Miss

L2 %

% Difference from Baseline
L3 Hit

L3 Miss

L3 %

% Difference from Baseline

Prefetch Queue Matched Requests

Prefetch Queue Sent Requests
Prefetch Queue %

512
16400461
-1.15292%
333084
6498708
4.87550%
856.86963%
32698
19608
62.51290%
-2.84439%
34

16511
0.20550%
-12.50529%
659

89438
0.73682%

1024
87855241
-0.22907%
2173847
29556862
6.85092%
0.09371%
244656
56032
81.36540%
15.33614%
1915
53687
3.44412%
1.48465%
507
544396
0.09313%

2048
593344921
-0.03469%
16232131
127013166
11.33170%
0.23580%
325991
1087242
23.06704%
4.89709%
788145
206506
79.23835%
7.85713%
552
1864341
0.02961%

4096
4471152411
-0.11044%
94122690
527398776
15.14392%
0.49459%
37115659
4659207
88.84687%
-3.26695%
4141429
118915
97.20879%
-0.39697%
201495
30421784
0.66234%

256-256-768
10209701
-1.84680%
165203
4610380
3.45933%
0.83118%
17082
10136
62.75994%
-2.86602%
32

9837
0.32425%
-10.93998%
296

50171
0.58998%

256-768-256
9969241
-1.86355%
159523
3921406
3.90899%
0.78335%
11152
10794
50.81564%
2.86395%
27

10314
0.26110%
-25.31795%
210

39483
0.53187%

256-768-768
19437831
-0.99727%
359184
9538148
3.62910%
0.26620%
32227
19453
62.35875%
9.58546%
31

18833
0.16433%
-14.05322%
226

91032
0.24826%

256-768-2304
46493641
-0.37347%
953939
3697276
20.50946%
0.13490%
87464
14814
85.51595%
-0.77521%
33

12633
0.26054%
-20.36431%
169

193388
0.08739%

256-768-3072
60010181
-0.27140%
1252076
4131635
23.25675%
-0.04403%
115878
17744
86.72075%
-0.98498%
37

14987
0.24627%
-11.80361%
225

253282
0.08883%

-0.34036% -0.75262%
1229893

23837345

4.90638% 9.80608%
0.11960% 86.54962%
95407

55012

63.42749% 65.21441%
19.45082% 4.44446%
7046

44025

13.79648% 19.21727%
711.84824%  75.57998%
339

252327

0.13435% 0.25206%
256-3072-768 Average
60308501

-0.31709% -0.71967%
1229887

23839073

4.90602% 9.78717%
0.11224% 85.97776%
94913

55189

63.23234% 66.71956%
19.08329% 4.10284%
6652

44527

12.99752% 19.43508%
664.83371%  57.87941%
280

253661

0.11038% 0.31786%

Table B.18: Experiment: 2048-entry Prefetch Distance and 128 Stream Buffers

Benchmark

Cycles

% Difference from Baseline
L1 Hit

L1 Miss

L1 %

% Difference from Baseline
L2 Hit

L2 Miss

L2 %

% Difference from Baseline
L3 Hit

L3 Miss

L3 %

% Difference from Baseline

Prefetch Queue Matched Requests

Prefetch Queue Sent Requests
Prefetch Queue %

512
16395221
-1.18450%
333097
6502476
4.87299%
856.37768%
32600
19736
62.28982%
-3.19110%
34

16597
0.20444%
-12.95773%
508

89608
0.56691%

1024
87865581
-0.21733%
2173758
29649599
6.83070%
-0.20178%
229262
64668
77.99884%
10.56401%
3782
57036
6.21855%
83.23625%
771
524938
0.14687%

2048
593352731
-0.03338%
16231904
127098953
11.32478%
0.17456%
303134
1102401
21.56716%
-1.92359%
800296
206552
79.48528%
8.19325%
742
1843081
0.04026%

4096
4471100461
-0.11160%
94124186
527160130
15.14994%
0.53455%
37139189
4639277
88.89553%
-3.21396%
4126459
115772
97.27096%
-0.33327%
194399
29241386
0.66481%

256-256-768
10192801
-2.00927%
165207
4607900
3.46120%
0.88592%
16938
10300
62.18518%
-3.75557%
35

9959
0.35021%
-3.80895%
326

50337
0.64763%

37

256-768-256
9953841
-2.01515%
159518
3920232
3.90999%
0.80932%
10997
10912
50.19398%
1.60557%
26

10396
0.24947%
-28.64288%
166

39528
0.41996%

256-768-768
19442971
-0.97109%
359179
9539157
3.62868%
0.25463%
32185
19349
62.45391%
9.75270%
33

18831
0.17494%
-8.50827%
156

91237
0.17098%

256-768-2304
46487971
-0.38562%
953945
3695680
20.51660%
0.16977%
87186
14763
85.51923%
-0.77140%
33

12749
0.25818%
-21.08703%
203

193108
0.10512%

256-768-3072
60006991
-0.27670%
1252082
4128952
23.26843%
0.00617%
115611
17665
86.74555%
-0.95666%
37

15068
0.24495%
-12.27656%
204

253055
0.08061%

256-3072-768 Average
60302011

-0.32782% -0.75324%
1229886

23837822

4.90626% 9.78696%
0.11716% 85.91280%
94336

55495

62.96160% 66.08108%
18.57343% 2.66834%
6892

44555

13.39631% 19.78533%
688.30048%  69.21153%
275

253346

0.10855% 0.29517%



Table B.19: Experiment: 2048-entry Prefetch Distance and 256 Stream Buffers

Benchmark

Cycles

% Difference from Baseline
L1 Hit

L1 Miss

L1%

% Difference from Baseline
L2 Hit

L2 Miss

L2 %

% Difference from Baseline
L3 Hit

L3 Miss

L3 %

% Difference from Baseline

Prefetch Queue Matched Requests

Prefetch Queue Sent Requests
Prefetch Queue %

Table B.20: Experiment: 2048-entry Prefetch Distance and 512 Stream Buffers

Benchmark

Cycles

% Difference from Baseline
L1 Hit

L1 Miss

L1%

% Difference from Baseline
L2 Hit

L2 Miss

L2 %

% Difference from Baseline
L3 Hit

L3 Miss

L3 %

% Difference from Baseline

Prefetch Queue Matched Requests

Prefetch Queue Sent Requests
Prefetch Queue %

512
16394091
-1.19131%
333101
6483322
4.88674%
859.07603%
34109
18373
64.99181%
1.00824%
34

16291
0.20827%
-11.32619%
350

92059
0.38019%

512
16394451
-1.18915%
333097
6490544
4.88151%
858.05002%
33694
18796
64.19127%
-0.23592%
34

16408
0.20679%
-11.95718%
384

91278
0.42069%

1024
87866351
-0.21645%
2173771
29629081
6.83514%
-0.13684%
232190
63119
78.62612%
11.45318%
3321
56525
5.54924%
63.51431%
472
531553
0.08880%

1024
87866461
-0.21633%
2173738
29652474
6.83002%
-0.21165%
228292
64195
78.05202%
10.63938%
3214
57207
5.31934%
56.74005%
568
515532
0.11018%

2048
593356691
-0.03271%
16215957
125341387
11.45540%
1.32996%
401709
1051722
27.63867%
25.68653%
737023
209145
77.89557%
6.02938%
3748
2457308
0.15252%

2048
593354601
-0.03306%
16216049
125301604
11.45868%
1.35895%
406154
1048852
27.91425%
26.93972%
735513
208655
77.90065%
6.03629%
1758
2464960
0.07132%

4096
4471414371
-0.10459%
94116028
527486437
15.14087%
0.47438%
37121612
4647032
88.87435%
-3.23702%
4141168
112250
97.36095%
-0.24107%
177366
27821746
0.63751%

4096
4472726991
-0.07526%
93998692
524327962
15.20211%
0.88075%
37016935
4779423
88.56498%
-3.57386%
4115579
254737
94.17120%
-3.50938%
173125
28489178
0.60769%

256-256-768
10192801
-2.00927%
165207
4607900
3.46120%
0.88592%
16936
10306
62.16871%
-3.78106%
35

9961
0.35014%
-3.82820%
166

50528
0.32853%

256-256-768
10192801
-2.00927%
165207
4607900
3.46120%
0.88592%
16936
10306
62.16871%
-3.78106%
35

9961
0.35014%
-3.82820%
166

50528
0.32853%

38

256-768-256
9951311
-2.04005%
159524
3920201
3.91017%
0.81373%
11500
10643
51.93515%
5.13013%
26

10200
0.25425%
-27.27519%
158

40088
0.39413%

256-768-256
9951311
-2.04005%
159524
3920201
3.91017%
0.81373%
11500
10643
51.93515%
5.13013%
26

10200
0.25425%
-27.27519%
158

40088
0.39413%

256-768-768
19443101
-0.97043%
359185
9539245
3.62871%
0.25536%
33091
18850
63.70882%
11.95800%
33

18450
0.17854%
-6.62230%
116

92176
0.12585%

256-768-768
19443101
-0.97043%
359185
9539245
3.62871%
0.25536%
33091
18850
63.70882%
11.95800%
33

18450
0.17854%
-6.62230%
116

92176
0.12585%

256-768-2304
46491171
-0.37876%
953854
3695982
20.51371%
0.15567%
67214
24990
72.89705%
-15.41700%
37

20188
0.18294%
-44.08266%
260

170982
0.15206%

256-768-2304
46491961
-0.37707%
953866
3695607
20.51557%
0.16475%
67127
25151
72.74432%
-15.59423%
37

20292
0.18201%
-44.36873%
173

171014
0.10116%

256-768-3072  256-3072-768 Average

60015041
-0.26332%
1251941
4133435
23.24705%
-0.08571%
89098
31312
73.99552%
-15.51425%
141

24845
0.56432%
102.09567%
359

223833
0.16039%

256-768-3072

60014851
-0.26364%
1251935
4132685
23.25020%
-0.07216%
89011
31489
73.86805%
-15.65979%
160

24955
0.63707%
128.15051%
161

223708
0.07197%

60297831
-0.33473%
1229886
23838168
4.90619%
0.11577%
95318
54988
63.41596%
19.42911%
6745

44321
13.20840%
677.24277%
396
254140
0.15582%

-0.75416%

9.79852%
86.28843%

64.82522%
3.67159%

19.57526%
75.55065%

0.25758%

256-3072-768 Average

60297831
-0.33473%
1229886
23838156
4.90619%
0.11582%
95369
54957
63.44145%
19.47712%
6690

44311
13.11739%
671.88749%
396

254141
0.15582%

-0.75090%

9.80444%
86.22415%

64.65890%
3.52995%

19.23174%
76.52533%

0.23873%
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