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ABSTRACT

Graphical processing unit (GPU) can support multiple operations in parallel by exe-
cuting it on multiple thread unit known as warp i.e. multiple threads running the same
instruction. Each time miss happens at private cache of Streaming Multiprocessor (SM),
the request is migrated over the network to shared L2 cache and then later down to Mem-
ory Controller (MC) for supplying memory block. The interconnect delay becomes a
bottleneck due to a large number of requests from different SM and multiple replies from
the MCs. The compression technique can be used to mitigate the performance bottleneck
caused by a large volume of data. In this work, I apply various compression algorithms
and propose a new compression scheme, Data Segment Matching (DSM). I apply approx-
imation to the floating point elements to improve compressibility and develop a predic-
tion model to identify number of approximation bits. I focus on compression techniques
to resolve this bottleneck. The evaluations using a cycle accurate simulator show that
this scheme improves Instructions per Cycle (IPC) by 12% on an average across various
benchmarks with compressibility 50% in integer type benchmarks and 35% in floating-
point type benchmarks when the proposed scheme is applied to packet compression in the

interconnection network.
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1. INTRODUCTION

During the last decade, we have seen a significant number of applications such as
image processing, data mining, data analytics, computer vision using graphics processing
units (GPUs) due to their tremendous computing power [1][2][3][4]. GPU possesses a
simpler control hardware. It has more hardware for computation and is potentially more
power efficient. GPU is designed for throughput rather than latency. Its primary goal
is to maximize the number of tasks completed per unit time. For instance, in computer
graphics, we care more about pixels per second rather than the amount of time taken by
a particular pixel. GPUs are also used in Bioinformatics and life sciences to improve the
throughput of DNA sequencing alignment [5]. Overall, GPUs provide high computation
power and are used for many data intensive applications that make researchers motivate to
work in this domain.

GPU is composed of streaming multiprocessors (SMs) and on-chip memory controllers
(MCs) that are connected to each other through a global crossbar interconnect network.
The interconnection network plays an essential part in the GPUs and is critical to determine
its performance. GPU applications involve large amount of data which results in many
memory accesses. GPUs have thousands of ALU and employ a Single Instruction Multiple
Thread (SIMT) architecture [6]. It can run hundreds of processes and has many threads
running in parallel for executing the instruction with a combination of multiple threads
known as warp. In the modern GPU architecture with a high degree of parallelism, a
major challenge is how to efficiently feed data to thousands of threads running at the same
time. On a Load instruction, SM requests the data from L1 cache. Every time, a miss
happens at L1 cache, this miss results in a request for data needed to be served by L2

shared cache or MC directly connected to main memory. This results in a lot of read/write



requests packet traffic from SM to MC and similarly Read/Write Reply packet traffic from
MC to SM inside the network. GPU is designed to hide long memory access latency of
stalled threads by interleaving execution of other threads on processing cores. Increasing
parallelism would be able to hide more latency, but the limited resources on the cores
constrain the maximum number of active threads. Eventually, this long memory access
latency cannot be hidden and often becomes a major limiting factor to performance. As the
memory latency cannot be hidden, this leads to overall system performance degradation.
A considerable portion of memory access time comes from the MC bottlenecks where a
large amount of reply data from MCs to SMs cannot be injected into the network due to
restricted terminal bandwidth at the MC routers even when the data is ready to be sent [7].
Therefore, it is critical to explore solutions in the interconnect network to alleviate the MC

bottlenecks.
1.1 Motivation

A lot of real world applications using GPGPU are data intensive, and there is a large
volume of data going through the network. A miss at L1 cache would require the request
to be sent over the network. Such requests are frequent, and the cores place heavy stress
on a few MCs by sending a large number of requests in a bursty manner. The few MCs
respond to the many cores by sending the memory reply data from L2 cache or DRAM.
This burstiness and large volume of reply data from MCs create a severe bottleneck in
the reply network. In the figure 1.1, we can see that on an average, MCs are being stalled
during 39.06% out of the total execution time as reply network cannot accept reply packets.
This MC bottleneck affects the overall execution time. It is critical to reduce the number of
reply packets in the network. One intuitive way for lowering network traffic is to reduce the
number of packets injected into this network. Data compression can be a viable solution

that can effectively increase network bandwidth by reducing traffic data size.
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Figure 1.1: MC Stall percentage across various Benchmarks

We can apply compression on the data replied by the MC and send a compressed packet
through the network. The ideal packet compression should be fast and simple regarding
execution and hardware. Since in the case of packet compression, both compression and
decompression lies on the critical, therefore, latency overhead should be minimal. The
additional delays of adding this hardware should not offset the gains from packet com-
pression. In addition to simpler hardware, the compression algorithm should also demon-
strate a high amount of compressibility. Therefore, low latency and high compression ratio
are critical design constraints for packet compression. However, existing compressors for
lossless compression satisfy only one of the constraints. BDI [8] shows low compression
latency with moderate compressibility. FPC [9] also shows moderate compressibility as it
focusses on narrow value i.e. smaller values stored in large datatypes. SC? [10], FPH [11]
and CPACK [12] achieve high compressibility by using a dictionary of frequent values,
while BPC [13] uses a smart data transformation technique and applies compression with
a combination of Run Length Encoding and FPC. However, these schemes have long la-

tency overhead.



Due to limited compressibility in floating point (FP) data with lossless data compres-
sion algorithms, lossy data compression has been adapted data to further enhance com-
pressibility at the cost of an application error [14]. The least significant bits of mantissa
part of FP data is truncated for approximation. This idea of reducing FP precision is also
widely studied in several areas [15][16][17][18][19]. Many applications in domains like
computer vision and machine learning are tolerant to inaccuracies in computation, how-
ever, it is not clear to decide how many mantissa bits can be approximated to guarantee
a user-defined error range for a given application. Truncating more number of mantissa
bits can result in high error. For example, an application error in a common data mining
application, Kmeans, is sensitive to cluster size and input data size. Even with the same
number of approximation bits, an application with slightly different input makes a huge

difference in the application error.
1.2 Our Approach

In this thesis, we design and apply packet compression across various compression
algorithms and propose a new compression algorithm. We implement compressor and
decompressor unit for compression algorithms and place it inside the GPU. A compressor
compresses the data coming from L2 cache or main memory. The compressed output
is stored in a compression buffer. Before injecting this into the network, we first need
to convert into a network transfer unit called flit. Flits is then injected into the network.
Similarly, when the flits are ejected out of the network, we first recombine the flits to form
a compressed packet, it is then be decompressed using decompressor unit and send it to
the SM. We can apply this approach to existing compression algorithms to evaluate their
effectiveness for packet compression.

Apart from existing algorithms, we approach the compression in an another way. Ini-

tially, some of the data may not be compressible, but we can try to process the data to make



it compressible. For instance, a 32B data may contain eight integer elements. These inte-
ger elements may have dynamic least significant bytes but identical higher bytes. We can
preprocess the data in such a way that all the corresponding nibble positions of integers
are brought next to each other which increases the chances of compression. We can use
the processed data and try to map in the resolution of 8 bytes of identical nibbles by a sin-
gle nibble. This way we can try to compress the packet which was earlier uncompressed.
We apply lossy compression for FP data elements. We also develop a prediction model to
estimate the approximation bits satisfying an error range considering application charac-
teristics, input data and error evaluation metrics. We evaluate this compression technique
with the existing compression algorithms.

The key criteria to determine the effectiveness of these compression algorithms will
be compression ratio(CR), latency, Instructions per Cycle (IPC) improvement and area
overhead. A packet is divided into multiple flits. CR is defined as the number of flits
reduced divided by the number of original flits.

We determine the compressor latency which is number of cycles taken to compress the
packet and decompressor latency which is number of cycles to decompress the packet. We
calculate IPC improvement with respect to the baseline where no compression is applied.
The cost of additional hardware is related to the area overhead of the compressor and
decompressor.

We implement the compression and decompression algorithms inside GPGPU simula-
tor. We test these algorithms across multiple benchmarks and run it in the simulator. The
benchmarks can be integer type and floating type and support various real world applica-
tions such as page view rank, string matching, Linear decomposition. We also model the
latency in our design to make it realistic. We simulate the compression algorithm across

various benchmarks and calculate IPC improvement and compression ratio.



1.3 Organization

Chapter 2 describes the prior work in compression inside GPU and lossy and loss-
less compression algorithms. Chapter 3 describes the conventional GPU architecture and
proposed design for compression in the GPU. Chapter 4 illustrates proposed lossless com-
pression scheme. Chapter 5 discusses lossy compression in the proposed scheme and
hardware design for the overall compression scheme. In Chapter 6, we evaluate vari-
ous existing compression algorithms as well as proposed compression algorithm with key
metrics: IPC, compression ratio, area, power and latency overhead. In the end, we present

conclusion and future work in chapter 7.



2. PREVIOUS WORK

Several works have been proposed in the field of compression. There are generally
2 types of compression algorithms: lossy and lossless. In the lossy algorithm, the data
used for compression and data received after decompression may or may not be same.
To achieve higher compressibility, exactness needs to be sacrificed and lossy compression
can be used in applications such as image and voice where loss of data does not affect
the overall application quality. Whereas in the lossless algorithm, data recovered from
decompression will be exactly same as the original data used for compression.

There are frequent redundancy patterns seen across multiple application data which
can contribute to increasing compressibility. Firstly, there are a lot of zeros present in the
application data. Zeros are used to initialize any data, to represent NULL values or false
boolean values. Many compression schemes consider zeroes as a particular case or model
their design around it to take benefit from the many zeros. Secondly, in the multimedia
application, a large contiguous region of memory may contain a value repeated multiple
times. Since these values are similar, there is a high of compression and representing them
by few bits. For example in an image, with a large section of region having the same color
will exhibit the similar pattern. Thirdly, a lot of time a smaller value is stored using a large
data type. This is because the design is made generic and to account for the worst case
and datatypes used in this case may not require data to consider all the bits. For example,
one-byte value stored as a 4-byte integer. So, here the only byte has a significant value and
rest bytes are zeros, and that makes compression quite practical. Compression technique
can take advantage of these patterns and can reduce the size of the data. In this thesis, we
will focus on hardware compression algorithm specifically employed in GPU and general

lossy and lossless compression algorithms.



2.1 Data Compression in GPGPU

Several studies for data compression have been conducted in GPU architecture for en-
ergy savings and off-chip memory bandwidth reduction. To reduce the power consumption
of register files, Lee et al. proposed a warp level register compression scheme. The reg-
ister values of threads within the same warp exhibit similar values and sometimes there
is a small variation between the successive thread registers. This paper employs BDI [8]
compression scheme to reduce the data redundancy and therefore reducing the effective
register width and power consumption. Pekhimenko et al. addressed increased dynamic
energy caused by the frequent communication switching from O to 1 or vice versa, while
transferring compressed data across on-chip and off-chip interconnect [20]. The transfer
of compressed data in comparison with uncompressed data leads to higher number of bit
toggles from O to 1 or 1 to O due to the increased per bit entropy as same amount of data is
represented by smaller bits.

Sathish et al. applied both lossless and lossy compression. The paper uses CPack [12]
for lossless compression for data transferred from GPU to off-chip memory to alleviate the
memory bandwidth bottleneck. To further reduce this bottleneck and have high compress-
ibility, lossy compression is proposed in which least significant bits of data are truncated
[14].

BPC [13] focusses on compression between MC and off-chip to address the off-chip
bandwidth bottleneck problem in GPU. It starts with a smart data transformation, Delta-
BitPlane-Xor (DBX) to improve the compressibility of the data. DBX consists of three
transformations. First, it subtracts the value from the neighboring values which help in
creating small values. It then rotates the input values such that each of its output value
includes one bit of every input symbol. Lastly, it takes xor of the neighboring values. It

uses preprocessed data and applies the compression algorithm. It applies FPC and run-



length encoding (RLE) by maintaining a pattern table. If the bit plane is zero, it uses RLE
to encode with neighboring bit planes if there are any. For non-zero, it uses 4 patterns.
First, it encodes a bit plane with all ones by a 5-bit code. Second, a bit plane with zero
Delta Bit Plane and non-zero DBX is encoded with 5 bits. Third, two consecutive ones in
the DBX then it is encoded with 10 bits. Another pattern is single one in which DBX has
a single one and rest all zeros. which has patterns such as all ones, single one, consecutive
ones, etc. One bit is used to denote the uncompressed data. Overall this compressor has a
compression latency of 11 cycles.

The recent studies explored compression and applied in register files, on-chip to off-

chip memory data transfer but packet compression has not been explored yet.
2.2 Lossless Compression Algorithms

The compression algorithms can be categorized as pattern-based and dictionary-based.
The pattern-based approach compresses data with predefined static patterns into fewer bits
whereas dictionary based maintains a global dictionary for frequent values.

FPC [9] compression algorithm is based on Significance Based Compression which
compresses the cache lines on a word by word basis. Zeroes are frequent in the data and
it encodes them into fewer bits. It also builds on the observation that some of the data
patterns are frequent and can be compressed to a fewer number of bits. Many integers
can be of small value and can be stored in 4, 8 or 16 bits but are usually stored in 4-byte
or 8-byte data type depending on the architecture. Since the occurrence of this pattern
is frequent, these can be stored in a compact form inside cache thereby increasing cache
capacity. It applies compression and decompression on each cache line. It divides the
cache line into smaller segments of 4-byte resolution. For example, for a 128B cache line,
there will be 32 segments or words. It applies compression on each word if it matches a

pattern. FPC maintains a fixed pattern table of 8 entries and has patterns such as all zeros,



4-bit sign extended, 1-byte sign extended, 2-byte sign extended, halfword padded with
zero halfword, two halfwords each a byte sign extended and containing repeated bytes. If
the word does not match, it is encoded as 111. Since there are eight entries, it uses 3-bit
prefix to identify the type of pattern used for compression and appends it to the compressed
word. For example, if the word is 0x00000004 then the compressed word size will be 7
bits. 3 bits will be used for encoding status and 4 bits for the non-zero nibble.

BDI [8] is a low latency compression algorithm which compresses data between on-
chip caches and main memory. The last level cache stores the compressed data. It is based
on the observation that there is regularity in the data which can be seen when memory is
allocated to represent large data. Values in a cache block have a low dynamic range within
their values that is the differences between the values stored in the cache line are small.
BDI uses two base values to compress the data. One of the bases chosen is always zero
which takes care of small integer values which are close to zero. Second base chosen is
based on the first uncompressed value and typically pointers in a cache might have a small
difference between other uncompressed values. BDI utilizes patterns such as all zero,
repeated value and narrow value. It compresses the data with two bases: zero as inherent
base value and first uncompressed value as second base. BDI divides the value in a cache
line into words of 8-byte, 4-byte or 2-byte. It then tries to represent the value in a compact
form by using a base value and representing other words with respect to that common
base by taking the difference. BDI uses only two bases as multiple bases can improve
compressibility but lead to an extra overhead due to storage of the bases. The compression
logic of BDI consists of 8 compressor units. Six units for different base sizes of 8, 4 and
2 bytes and two units for zero and repeated value compression. The compressor takes in
the cache line and tries to compress the data using all the compressor units in parallel. It
selects compressed block whichever has higher compression and append the encoding bits

corresponding to that base.
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The dictionary-based approach maintains frequent redundant values in a dictionary
table, and encode its appearance with a few bits. CPack [12] maintains a pattern encoding
table which has six entries: all zeros (zzzz), 3 zero and one non-zero (zzzx), not matching
with any patterns (xxxx), word matches in the dictionary (mmmm), 2 bytes matched and
rest is unmatched (mmxx) and 3 bytes matched and 1 byte unmatched. It takes two words
as input and compares each word with zzzz and zzzx pattern. If there is a match, it appends
the encoding bits and unmatched part. Otherwise, it compares the word with the contents
of the dictionary and tries to match with other patterns. It appends the encoding bits,
unmatched bytes and index of the dictionary entry. This approach has a certain bottleneck
when we are adopting this compression method for packet compression over the network,
as each time we compress and send a packet over the network, we need to ensure that we
have updated global dictionary before the same packet is decompressed. This implies that
every time we compress any packet, we need to inject extra control message in the network
for global dictionary update. This may negate the improvement in the IPC we got from
packet compression if there are many dictionary updates.

SC? [10] uses Huffman-coding [21] which produces variable length encodings. It
maintains a dictionary of top 1k entries word and constructs the encoding. It assigns more
frequent word smaller length encoding whereas less frequent word gets more number of
bits. FPH [11] is designed for compressing FP data. It divides floating point into four
groups: sign, mantissa low, mantissa high and exponents. It maintains a value frequency
table for exponent, mantissa low and mantissa high and builds a separate Huffman tree
for each of these groups similar to SC?. In this dictionary based approach, there is long
compression and decompression latency overhead on achieving high compression due to

variable length encoding.
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2.3 Lossy Compression Algorithms

A few research done for lossy data compression can be categorized in three ways [22].
First, the compression exploits inherent impreciseness characteristics of storage devices.
Many applications in domains like computer vision and machine learning are tolerant to
inaccuracies in computation. Sampson et al. saves energy and gains higher write speed by
relaxing strict data precision constraint on write operations in PCM [23] and improves life-
time by using failed cell blocks to store approximate data. Liu et al. propose a technique
to reduce refresh power in DRAM memories. It uses regular refresh rate for a portion
of memory containing critical data while employs low refresh rate for non-critical data in
DRAM to achieve energy savings at the cost of increased data corruption [24]. Second,
the compression exploits value similarity between existing data. The intuition behind this
approach is easily understandable from the similarity between neighboring sets of pixels in
an image. Miguel et al. deduplicate cache blocks with approximately similar values [25].
Miguel et al. design a new cache where the addresses of similar data blocks share the
same cache location so that the data is reused for all accesses of associated addresses [26].
Third, data is approximated explicitly. Sathish et al. truncate a certain number of bits from
the mantissa bits [14]. This work is similar to us in terms of the approximation target, but

it does not address how to decide approximation precision to satisfy a user-defined error.
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3. GPU ARCHITECTURE

In this section, we discuss the conventional GPU architecture. We also describe the

proposed platform for packet compression inside the GPU.
3.1 Conventional GPU Architecture

In this section, we first discuss the basic architecture of GPU as shown in figure3.1.
It consists of multiple cores known as Streaming Multiprocessors (SM) in Nvidia termi-
nology and Computing Unit in AMD terminology. Each SM contains private L1 cache,
texture cache, constant cache and shared memory. The SMs connected to memory parti-
tions by the interconnection network. The other end of the network is directly connected
to a L2 cache which is shared by all the cores and MCs. There are multiple MCs and each
memory partition is controlled and managed by one MC. The memory controller requests
and schedules the data from the memory partition. The CUDA compiler compiles the pro-
gram and split into two sections: CPU and GPU. The parallel parts of the application are
written in CUDA [27] and are offloaded to the GPU by launching the kernel. The CPU
and GPU have separate memory and CPU copies the data into the GPU memory. Once the

kernel is finished, GPU copies computed data back to GPU.
3.2 Proposed Architecture

We design data compression scheme to effectively remove network bottlenecks by
reducing the amount of traffic in the network. Figure 3.2 illustrates the proposed platform.
We apply data compression in a reply network from MC to SM. The L2 cache will contain
the uncompressed data which it gets via MC and off-chip memory. When a global memory
access request arrives in L2 cache, the data accessed from L2 cache or main memory is

first compressed. Before this data is injected into the network interface, it needs to be
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Figure 3.1: Conventional GPU Architecture

converted into network transfer unit called flits. The compressed data is delivered through
the network interface. The data in a reply packet is decompressed right after the packet is
depacketized in SM NI and thus L1D cache keeps uncompressed data only.

The floating point number show limited compressibility due to the significant varia-
tion in mantissa bits. We have enabled lossy compression that approximates the data at
the cost of the application errors. The platform controls the application errors under user’s
acceptable error limit. To support lossy data compression with application output quality
control, we propose a prediction model that is used to estimate the approximation preci-
sion satisfying user’s acceptable application error. The approximation platform performs
lossy compression based on the precision for approximable data, while it performs lossless

compression for non-approximable data. The scope of the approximation is limited to FP
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Figure 3.2: Overview of Platform with Lossless/Lossy Data Compression Capability

data. To utilize the proposed approximation platform, a user is assumed to run an applica-
tion with a batch of datasets. A user runs an application with a subset of datasets on the
approximation platform with different predefined approximation precisions and obtains
application errors according to each precision to collect training data for the prediction
model. The approximation precision can be defined as approximating 4, 8, 12, 16 and 20
mantissa bits. The application error depends on the approximation precision as well as
characteristics of input data and application constraint. So, for the training data, metadata
of each input dataset, application constraint and measured application error are used as at-
tributes of the model. By providing the trained model with metadata of a new dataset and
user-acceptable maximum application error, a user can obtain the approximation precision

for the new dataset.
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4. LOSSLESS DSM COMPRESSION ARCHITECTURE

In this chapter, we design a new lossless compression scheme, Data Segment Matching
(DSM). We preprocess the uncompressed data to increase its chances of compressibility.
The preprocessed data is used by the DSM compressor to compress it with low latency

overhead.
4.1 Data Remapping

Before applying data compression, we preprocess an uncompressed cache block data
into the compressible form. The Data preprocessing helps us in creating frequent Con-
secutive Same Nibble (CSN) pattern that are used by our proposing compressor as a com-
pressible pattern. CSN pattern refers to nibbles with similar values consecutive to each
other. For Example, let’s consider a 4byte preprocessed data Ox11111111, where all the
nibbles are one and it is a CSN pattern.

The data remapping function clusters the corresponding nibbles across data elements.
A GPU often works with primitive data types, especially INT and FP. The numerically
intensive computation from a host CPU is offloaded to a GPU. This results in storing of
series of data elements at contiguous memory locations with the displacement correspond-
ing to data type size. We observe that the corresponding nibbles often have the same value
in the data elements with value redundancy. When the corresponding nibbles are closely
rearranged, it is possible to create CSNs. For instance, in Figure 4.1, we take a 16-byte un-
compressed data. Here, a nibble of 3 is present near MSB in all the four elements. These
nibbles can be contiguously rearranged to form four consecutive nibbles. Thus, we can
create value redundancy by applying data remapping. In this thesis, we explain the data
remapping for 4B data elements since the most benchmarks rely on INT or single preci-

sion FP. However, this can be easily extended to other data types such as double precision
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Figure 4.1: Example of Data Remapping and Lossless DSM Compression

FP (8B) and half precision FP (2B).
4.1.1 CSN Pattern Formation

Data remapping can help us in creating CSN for a narrow value and redundancy. How-
ever, we need to see if we can frequently form CSN with other redundancy patterns such
as all zeros, repeated value and similar values that other compressors rely on. All zeros
pattern is often found when program variables are initialized to zeros and since all the
nibbles are same, it is itself a CSN pattern. Second, repeated values occur when variables
are initialized as a value. For example, when the variables are set to a maximum value of
INT type, all of them store 7{ffffff. Thus, data remapping creates CSN patterns of 7 and
f. Third, value similarity pattern is found in image files or video frames. A pixel is stored
in 4B space where 3B RGB and 1B zeros for padding are placed. Due to the color close-

ness in adjacent pixels, the corresponding RGB data is similar. For same RGB values and
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padding zeros, data remapping clusters these values to form a CSN pattern. Data remap-
ping effectively creates CSNs when data elements with the same type of data redundancy

are contiguously stored, which is commonly seen in GPU.
4.2 Lossless DSM Compression and Decompression

DSM compression algorithm compresses a packet on a segment-by-segment basis by
detecting segments of consecutive same nibble (CSN) patterns. We decompose an input
data into a set of segments with the minimum compression resolution size (8B). If a seg-
ment matches the CSN pattern of a nibble value, then we encode it into the nibble value
(4bit). Otherwise, the segment is encoded as its raw value. DSM produces the compressed
data as an output if it is smaller than the uncompressed one; otherwise, its output is the
uncompressed data. We set the compression flag (C) to 1 if the output is the compressed
format. Each bit in ES indicates if the corresponding segment is compressed or not. The
encoding data for all segments is stored at £ D in order.

DSM decompression algorithm recovers a compressed segment as consecutive 16 nib-
bles of its 4bit code. An uncompressed segment is recovered with its encoding value. We
examine each bit in £/S to see whether a segment is compressed or not. To read the corre-
sponding encoding data for each segment, we compute the offset from the starting address
of ED. The bitwise offset of the ith segment is calculated by using the encoding status bits
of the previous ¢ — 1 segments, which is the sum of the number of compressed segments
x 4 and the number of uncompressed segments x resolution bits.

Figure 4.1 shows an example of compressed data, assuming that the compression res-
olution is 2B to ease explanation. The data remapping creates 3 CSN-patterns of nibble
value 6, ¢ and 3. They are encoded as their corresponding nibbles, while others are en-
coded as its 2B raw value. The encoding status of 8 segments is encoded as 000001115 in

the E'S field.
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5. LOSSY DSM COMPRESSION ARCHITECTURE

Due to limited compressibility in FP elements, we add another step of preprocessing
in lossless DSM which is Data Approximation to enhance the compressibility in FP. In
this chapter, we use a DSM(Data Segment Matching) and make two levels of data pre-
processing: data remapping and data preprocessing as shown in figure 5.1. We apply
data remapping and compression as described in the previous chapter. We discuss data

approximation and overall hardware for the DSM compression scheme in this chapter.
5.1 Data Approximation

It is difficult to create redundancy for the FP elements just by applying remapping as
most of the time these values are normalized and mantissa part is varying. We attempt to
approximate floating point values to overcome a fundamental limit of lossless compres-
sor’s low compressibility. Data approximation replaces LSBs of FP element with zeros
by the number of bits that a user specifies. The mantissa part is 23 bits on a single preci-
sion FP. Since the corresponding nibbles of data elements are already grouped by the data
remapping, the approximation can be performed together for the data elements. Figure 5.2
shows an example where a user wants to approximate 8 LSBs. The first two groups of 4
nibbles which contain 8 LSBs of each data elements are set to zero. This results in consec-
utive nibbles of 0. Blindly, truncating the fixed number of LSBs can result in information
loss. Therefore, we need to identify the ideal number of LSBs that can be truncated. How-
ever, to avoid the use of extra hardware, we rely on our compressor where the nibbles can
be compressed with smaller bits.

In order to approximate FP data elements, we need to tackle two major issues: how to
identify approximable data and how to decide the approximation bits (i.e. the number of

approximable LSB bits in the mantissa part).
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We require the programmer to specify approximable memory space with non-zero ap-
proximation bits to identify approximable data. Before a host CPU launches a kernel, it
often allocates the memory space in GPU through CUDA API (cudaMalloc) to keep three
types of data: input data from a CPU, intermediate computing results and output data re-
turning to the host. The first two types of data is a key target for approximation. If the
memory space is used for storing approximable FP data, the programmer specifies the
number of approximation bits as an extra function parameter. CPU completes the internal
operation of CUDA API on the GPU by sending a set of commands to the GPU. Through
this process, the user defined approximation bits is assumed to be sent. Based on the allo-
cated memory space and the approximation bits delivered by cudaMalloc, GPU maintains
an approximation memory map where the start and end address of the approximable region
are associated with the approximation bits. The memory access within the approximable

address range triggers data approximation function.
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We implement a prediction model that satisfies a user defined application error to de-

application errors is minor [14]. However, it is application-dependent. The error varies
with not only the approximation bits, but there are also other three factors such as in-
put data, application constraint and error metric. To obtain reliable approximation bits,
a user trains an application-specific prediction model with prior knowledge of errors ob-
tained from different configurations. To collect the training data, a user first chooses an
application constraint and an error metric, and then execute an application with different
approximation bits on different datasets. A user computes an error by comparing a precise
output to a approximated output based on the chosen metric. The user collects informa-

tion such as measured error, input metadata and application constraint as input attributes,
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and approximation bits as a target attribute. Through the trained model, a user later ob-
tains the approximation bits for a new dataset by providing the model with input metadata,
application constraint and target application error.

We implement the prediction model by employing a neural network with backprop-
agation created with an input layer of 4 nodes, a hidden layer and an output layer of 5
nodes. We define an input vector X = {S,CN, AC, AE} where S is an input data size,
C'N abase-10 log of a condition number (a property of a matrix that assesses the accuracy
of the solution to linear system) [28] of a matrix input, AC' an application constraint and
AFE a measured application error. An output vector O ={4,8,12, 16,20}, which is the
approximation bits. The application constraint is a flexible configuration defined by an
application. An example of application constraint is a cluster size in Kmeans application.
We employ a mean square error as the stopping criteria of iteration and gradient descent

for weight update and set a learning rate as 0.01.
5.2 DSM Compression and Decompression

The output of data approximation is used to apply compression. Figure 5.2 shows an
example of compressed data, assuming that the compression resolution is 2B to ease ex-
planation. As, previously discussed, the data remapping creates 3 CSN-patterns of nibble
value 6, ¢ and 3 using data remapping. The data approximation creates 2 more CSN-
patterns of 0. This improves the overall compressibility. The encoding status of 8 segments

is encoded as 11000111, in the E'S field.
5.3 Hardware Design

In this section, we discuss the hardware design of Data Remapping Unit, Data Approx-

imation Unit, DSM Compressor Unit and DSM Decompressor Unit.
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5.3.1 Data Remapping Unit

Data Remapping Unit rearranges the data to improve compressibility. The signals of
the input data is remapped to produce the output as illustrated in Figure 5.2. The remapped
data is readily recovered to an original data through reverse remapping. The proposed

remapping is obtained with negligible hardware overhead.
5.3.2 Data Approximation Unit

Figure 5.3 illustrates hardware design of data approximation unit. The design has a
8 approximation entry memory map which contains start address and end address for the
approximation. There is also a 5-bit approximation number which tells us how many levels

we have to approximate. With this information, we can get the block address from the
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cache block and compare if it lies in the approximable address ranges. If the address range
is present between the start address and end address, then based on the approximation bits
which are one corresponding contiguous block of data is set to zero. For a 128B cache
block, let’s say, the decoding bits 11100, generated for the approximation bit numbers 12

tells us that the first three 16B blocks are set to zeros.
5.3.3 DSM Compressor Unit

Figure 5.4 illustrates detailed hardware design of the compressor unit with 8B resolu-
tion. Given a 32B data, it produces a compressed output which contains compression flag,
encoding status bits and encoded data in Figure 5.2. The hardware has various components
such as CSN detector, variable length concatenator and compression checker. The input
data is divided into 8B segments, each of which is fed to a corresponding CSN Detector.
A CSN detector contains comparators that will compare if each nibble in an 8B is same

or not. Figure ?? shows the design of a 2B CSN detector. Here, first comparator com-
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pares nibble 1 and nibble 2 and next one compares the other nibbles. The next comparator
compares the nibble 1 and nibble 3 and then detect if all the nibbles are same by checking
the comparator output. The output is produced based on ES bit. This can be easily ex-
tended to 8B CSN detector. CSN detectors work in parallel and examine if the segment is
a CSN pattern. Then, each CSN Detector produces both the examination result as a 1bit
encoding status bit and 8B segment value as an output. Combining all encoding status
bits creates E'S bitstream field. However, the encoding data of segments have variable
length, 4bit or 8B whether or not the CSN pattern is found in a segment. Thus, we design
a circuit for concatenating variable-length encoding data in order. As shown in Figure 5.4,
the concatenation is performed for two consecutive segments and then the concatenated
segments are again merged into a single encoding data. The compressor finally creates
a compressed data by combining a compression flag bit set to 1, the encoding status bits
and the encoding data. If no CSN pattern is found, all encoding status bits are set to ones,
which is detected by Comp Checker. Then, DSM outputs an input data as it is. Otherwise,

it outputs compressed data.
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5.3.4 DSM Decompressor Unit

Figure 5.6 shows hardware design of the decompressor unit. The decompression unit
has various components such as unpacker, bit counter, shifter and segment recover. The
decompression starts by using unpacker which decodes the compressed packet into com-
pression flag ('), encoding status bits (£S) and encoding data (E'D) fields. When C' is
set to one, the decompression logic attempts to restore the encoding data to original data.
Unlike an encoding status bit that is stored at the static position for a corresponding seg-
ment, the encoding data for each segment is stored at variable positions according to the
compression status of previous segments. For the ith segment, ¢ + 1 possible offsets from
the beginning of £ D exist. For instance, for the third segment in Figure 5.4, all, one,
two or none of previous three segments can be compressed. To examine this, Bit Counter
counts the number of ones in E£'Sy, of previous segments (k = 0..2 — 1). Shifter decides the
start location according to the number of counts and relays an 8B value from the location
to Segment Recover. If the encoding status bit associated with Segment Recover is set

to one, Segment Recover takes 4bit from the relayed 8B value and produces 8B-CSN of
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the 4bit as a restored value. Otherwise, Segment Recover uses the relayed 8B value as an
output. Decompressed data is created by combining all restored segments. If the C' is set

to zero, a final output will be same as input data.
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6. EVALUATION

We evaluate existing compressors and DSM compressor across various benchmarks
and assess the IPC improvement, compression ratio and hardware area overhead. We
first explain how to integrate the DSM compressor to MC NI for packet compression.
Then, we describe evaluation methodologies and discuss the evaluation results such as

IPC improvement, compressibility, area, power and application error.
6.1 DSM Compressor Integration

We attempt to compress a read reply data returning from MC to SM before it is sent
to network, while we send the write reply data without compression as shown in Figure
3.2. We integrate a compressor before a sender NI and a decompressor after a receiver NI.
Thus, the compression lies on the critical path of packet transmission. To hide some of the
compression latency, some compressors [29][30] have overlapped a flit traversal time and
the compression operation. In the same principle, the decompression time can be hidden.
However, we do not choose such design to compare all compressors with their inherent
latency overhead. Decompression latency has a minor impact on throughput performance

of GPU.
6.2 Methodology

We integrate compressors into a cycle-accurate GPU simulator, GPGPU-Sim 3.2.2 [31].
Table 6.1 shows the detailed system parameters to model our baseline Fermi GPU architec-
ture [1]. There are 15 SM and 6 MC and different crossbars for request and reply network.
We measure performance with instruction per cycle (IPC) and packet compression rate as
the number of reduced flits divided by the number of flits for uncompressed data.

We evaluate DSM(+APPROX), BDI, FPC, CPACK and BPC. CPACK uses a dynamic
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dictionary that is updated with the first occurrence of any words and uses the index of
the dictionary for compression. To apply packet compression in CPACK, we need to
maintain separate dictionaries near the MC side and SM side and these dictionaries should
be synchronized to restore a compressed word correctly. Therefore, we implement extra
packet communication protocol for synchronization. We have excluded other dictionary-
based compressors, SC? and FPH from our evaluation which have the similar overhead of
the extra communication for dictionary synchronization.

We choose a mix of INT type and FP type applications from multiple benchmark suites:
Rodinia [32], Parboil [33], Mars [34], CUDA_SDK [35] and PolyBench [36] as shown in
Table 6.2 and Table 6.3. Rodinia contains linear algebra applications which are composed
of computation on a wide range of data with a good scope of redundancy. Another set
of applications chosen is Parboil, which includes computational and throughput-oriented
applications. These set of applications depicts the true essence of GPU architecture with
high memory intensive operations. MARS includes set of applications like Page view
rank, page view count and inverted index. These applications are associated with inten-

sive data computations like web-based data whereas CUDA_SDK is a parallel computing
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System Parameters Details
Shader Core 15 Cores, 700Mhz
Memory Model 6 MCs, 924 Mhz
Warp Scheduler Greedy-then-oldest(GTO)
L1 Inst. Cache 2KB (4 sets, 4-way LRU)
L1 Data. Cache 16KB (32 sets, 4-way LRU)
Shared Memory 48KB
L1 Texture Cache 12KB
L2 Cache 64KB (8-way LRU)
Min L2 hit latency 120 cycles
Min DRAM Latency 220 cycles
Interconnect 2 cross-bars for request/reply network

Table 6.1: System Configuration Parameters

benchmark. PolyBench suite contains benchmarks such as ATAX, BICG and 2DCONV
which involves matrix multiplication and linear algebra. To obtain performance results,
we run benchmarks until the end or till they reach 1 billion instructions in GPGPU-Sim.
We also run a benchmark till the end through a functional simulator, CUDA-Sim [31] to
obtain final output due to the longer simulation time of GPGPU-Sim. Data approximation
function has been integrated to CUDA-Sim to get the approximated output.

To simulate approximation, we set the memory space keeping FP value as input data
and intermediate data as approximable data regions. The number of approximable data
regions for each benchmark is summarized in Table 6.3. The approximation bits is set to
4 for R-GE and R-LUD, and 12 for other FP-type benchmarks to conservatively assess
increased compressibility by approximation. We compare the application output from the
precise data to the output from the approximated data to evaluate an application error. We
measure an error based on application-specific error metrics shown in Table 6.3. For N-SP,
R-SRAD?2 and R-HYS, we employ the Normalized Root Mean Square Error (NRMSE) as

an error metric. For P-ATAX, P-BICG and P-2DCNYV, we use the Mean Relative Error
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INT Data Type
Benchmark (Abbr.) Dataset
Heartwall (R-HW) 50MB AVI File
BFS (R-BFS) 1M Nodes
BFS (P-BFS) 1M Nodes
Histo (P-HIST) 4MB Bins
B+tree (R-BTR) 1M Nodes
Page View Rank (M-PVR) 35MB Web Log
Page View Count (M-PVC) 43MB Web Log
Reduction (N-RED) 16M Integer Data Points
Similarity Score (M-SS) | 1024 x256 Data Points

Table 6.2: Summary of INT Benchmark and Dataset

FP Data Type
Benchmark(Abbr.) Dataset Error Metric
Hybridsort (R-HYS) 500000 Data Points NRMSE
LUD (R-LUD) 512x512 Matrix MRE, NRMSE
ScalarProd (N-SP) 256 Vectors of 4096 FP Values NRMSE
Srad2 (R-SRAD2) 2048 x2048 FP Values NRMSE
Gauss. Elimination (R-GE) 208 x208 Matrix Loo-norm
Kmeans (R-KM) 20000 Instances of 34 Attributes| HM of Precision/Recall
ATAX (P-ATAX) 4096 x4096 Matrix Mean Relative Error
BICG (P-BICG) 4096 x 4096 Matrix Mean Relative Error
2DCONYV (P-2DCNYV) 4096 x4096 Matrix Mean Relative Error

Table 6.3: Summary of FP Data Type Benchmark, Dataset and Error Metric

Figure 6.3 shows the normalized IPC when different compressors are used. To com-

6.3 IPC Performance Analysis
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normalized between 0 and 1. For R-KM, we use a harmonic mean of precision and recall

about the membership of input instances. For R-GE, we use a Loo-norm.

pare the effectiveness of lossless/lossy compression, we use two configurations for our

algorithms. The first one, denoted as DS M is set to use DSM compressor only, and the




Normalized IPC

Benchmarks

mBDlI ®FPC ™ CPACK ®WBPC ™DSM ™ DSM+APPROX

Figure 6.2: IPC Performance Comparison among Compression Algorithms

mBDI ®FPC mCPACK mBPC mDSM =DSM+APPROX

g100
2
Q.
£
3 %
B 40
Dot o o o d
o
g’lg il ll W0 1 il
< S q-eo%oeo 6 A& O
& & & L LS &S F eSS
Q}@@@é& &YQ" Q'NQ%QEVQ'Q',Q'Y(SJ;Q(‘Q@?V/
. S & & N
K INT Type A K FP Type

Figure 6.3: Compression Ratio Comparison among Compression Algorithms

second one, denoted as DSM+APPROX, adds approximation to DSM. We could make
a conclusion that DSM+APPROX is more effective than other compressors in the packet
compression, thereby obtaining higher IPC improvement.

DSM+APPROX obtains the IPC improvement, 12% on average, while BDI, FPC,
CPACK and BPC does 3%, 4%, -14%, 8% improvements, respectively as shown in Figure
6.3. The performance benefit is correlated to the compression rate. Compared to BDI,
FPC and CPACK, DSM+APPROX gains higher compressibility by around 22%. CPACK

has slightly better compressibility than FPC and BDI, but it causes performance degrada-
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tion due to the extra control packet that synchronizes a dictionary between a sender and a
receiver node. The network bottleneck mitigated by compressed packets is shown as the
reduced stall time in an MC NI in Figure 6.1. When DSM and DSM+APPROX are used,

the stalled time is reduced by 20% and 27%, respectively compared to baseline.
6.4 Compression Performance Analysis

In this section, we analyze the compressibility of INT type and FP type in Figure 6.3.
In INT type, DSM achieves higher compressibility than BDI, FPC and CPACK by around
11%. It is mainly because data remapping contributes to creating frequent 8B-CSN pat-
terns. To understand this, we have analyzed the data redundancy patterns in INT type
applications. The commonly known data redundancy patterns, all-zeros, narrow value,
repeated value, and value similarity exist by 19.7%, 41.5%, 18.5% and 20% on average.
The prevalence of these redundancy helps in creating frequent CSN-patterns. BPC shows
higher compressibility than DSM by 8%. Unfortunately, the benefit of such higher com-
pressibility is actually taken off by its long decompression latency, as we already discussed
in Section 6.3.

In FP type, DSM+APPROX achieves 35%, while BDI, FPC, CPACK, BPC and DSM
achieve 2%, 3.3%, 21% and 11.6%. As data approximation sets the partial mantissa bits
of FP values, more zero CSN patterns are created, which enables higher compressibility.
If DSM+APPROX aggressively approximates FP data by increasing the approximation
bits to 20 bit, a compression rate can reach up to 80%. As we will discuss later, some
benchmarks have near-zero errors with such high approximation bits. BPC and DSM still
can achieve more than 10% compression rate by exploiting data redundancy in a sign bit
and an exponent part of neighboring FP values. BPC has shown high compressibility in
R-KM [13] because a default dataset provided by Rodinia benchmark suite [32] contains

frequent zeros in FP type, while our dataset contains entirely non-zero FP values.
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Figure 6.4: Error Distribution of Applications

6.5 Application Error Analysis

In this section, we analyze how data approximation affects application error across FP
type benchmarks. The approximation bits is a primary factor affecting an application error.
First, we characterize the sensitivity of benchmarks to the approximation by assessing an
application error with different approximation bits. Among the approximation-sensitive
applications, we analyze other factors affecting the application error. Last, we show the
accuracy of the model that predicts the approximation bits satisfying a target application
error.

Figure 6.4 shows violin plots for the distribution of measured errors. For each bench-
mark, 50 application errors are measured by varying the approximation bits from 4 bits to
20 bits for ten datasets. All benchmarks except R-GE and R-LUD achieve near-zero errors
when small approximation bits (i.e. 4 or 8s) are used. In particular, three benchmarks,
P-BICG, R-HYS and R-SRADV?2 are insensitive to approximation, yielding 0%, 2% and
10% even with 20 approximation bits respectively. On the other hand, R-GE and R-LUD
are very sensitive to the approximation and start to have near to one normalized errors in

50% of all measured cases. P-2DCONYV, P-ATAX and N-SP have normalized errors from
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0.2 to 1 at high approximation bits (i.e 16 and 20 bits). Unlike other benchmarks, R-KM
has application errors dispersed from O to 0.4.

Now we show that 4 representative factors affect the application errors through two
benchmarks R-LUD and R-KM in detail. First, we observe that a condition number of an
input matrix affects an application error. Figure 6.5 shows the application errors of R-GE
when matrices have a log base 10 of their condition number varying from 1 to 6. For a fixed
approximation bits, as the condition number increases, the error caused by approximation
also increases. For instance, the approximation errors increase up to the log value 5 in
4 approximation bits, while it increases up to log value 3 in 8 approximation bits. The
association of a condition number and accuracy of a solution in a linear system(Axr =
b) has been studied [28]. Coefficient errors of an ill-conditioned matrix that has high
condition number can cause large error in a solution of the linear system, as we can see
that 4 approximation bits make 93% application error for a matrix having 5 log base 10 of

a condition number.
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Second, an application constraint, a cluster size in R-KM affects an application error.
The measured application errors at 4 different cluster sizes, 2, 5, 10 and 20 are shown
in Figure 6.5. When the approximation bits 4 and 8 are used, the cluster size does not
have much effect on the error which constantly stays under 1.3%. However, as cluster
size grows, application error also increases for approximation bits from 12 to 20. In other
words, as the larger number of central coordinates are exposed to high errors, the chance
of grouping input instances into different clusters increases. However, the mis-grouping is
saturated for approximation bits 12 and 16 when cluster size is 20.

Third, input data size also affects application error in R-KM. Figure 6.5 shows applica-
tion errors when four input data sizes 2500, 5000, 10000 and 20000 instances are used. We
observe that application error is proportional to input data size except for the interval from
10000 to 20000. For instance, small approximation bits, 4 and 8 make a small error (less
than 1.3%) in 2500 instances, while they do 5.5% and 14.3% application errors in 10000,

respectively. This occurs because errors from the larger number of instances propagate to
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the central coordinates of clusters. The similar relationship is also observed in R-LUD.
Another possible characteristic of input data is the number of attributes, but our analysis
(not plotted) with three attribute sizes, 17, 34 and 68 shows that the application error is
independent of the attribute size.

Last, application error depends on error metrics. Figure 6.5 compares 50 application
errors when we use Mean Relative Error and NRMSE for R-LUD. The values on y-axis
associated with first 10 points on the x-axis indicate errors when 4 approximation bits
are used for 10 different datasets, respectively. In the same manner, 10 errors for other
approximation bits are plotted. The errors under NRMSE is overall measured with lower
values compared to the Mean Relative Error. For instance, 100% error appears from 20
approximation bits with NRSE, while it appears from 8 approximation bits with Mean
Relative Error.

With the above-detailed analysis, we design the approximation bits prediction model

for each benchmark. We achieve 95% prediction accuracy as shown in Figure 6.9. R-
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Figure 6.8: Error Metric

KM uses an input size, a measured error and a cluster size as attributes. R-GE uses the
log base 10 of a condition number and a measured error. R-LUD uses a data size and a
measured error. Other benchmarks use a measured error as an attribute. In the benchmarks
using the single attribute, error ranges are clearly separated according to the approximation
bits across different datasets. Thus, we achieve very high accuracy in those benchmarks,
while we achieve an accuracy of 80%, 89% and 87% from R-KM, R-GE and R-LUD

respectively.
6.6 Hardware Cost

We designed the hardware in Verilog and synthesized using Synopsys Design Vi-
sion [37] with 45nm open source standard cell library developed by Nandgate [38]. The
proposed design is synthesized at 800Mhz frequency conservatively taking extra uncer-
tainty to account for worst case delays seen during placement and routing. Table 6.4

categorizes the area, overall de/compression cycles and power at the maximum frequency.
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The evaluated compressors except BPC and DSM were designed for CMP that has 64B
cache block. To support GPU with 128B cache block, we used their latency overhead
reported in their literature, assuming that two de/compressors are integrated in parallel.
FPC, C-PACK and BPC have 3, 16, and 11 cycles for compression and have 5, 9 and 11
cycles for decompression, which is high latency overhead as shown in table 6.5. Similarly,
DSM is designed for 64B and two DSMs are integrated in parallel as others. DSM is sim-
ple, realistic and fully pipelined, and complete lossless compression and decompression
in 2 and 1 cycles respectively, which is similar to the BDI. The approximation unit for
DSM adds another 2 cycles which is used for higher compression in FP data. Since the
decompression hardware has 1 cycle latency overhead, it can be effectively exploited in
the latency-sensitive ones such as L1D cache and register file [39].

The overall area includes both combinational and sequential area. The overall area

overhead for approximation unit, compressor and decompressor for 128B cache block is
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0.0185 mm?, 0.023 mm? and 0.0163 mm? which are roughly equivalent to 24K, 29K and
20K 2-input NAND gates, respectively. The breakdown of the area is 10% for the ap-
proximation unit,15% for the compressor, 12% for the decompressor and remaining 63%
for the pipeline registers. The area overhead of DSM without approximation (29K) and
DSM with approximation (53K) is smaller than BPC (68K) by 57% and 22%, respectively.

DSM can be effectively used for energy savings with better power efficiency.

Latency (cycles) | Comb. Area(mm?) | Overall Area(mm?) | Power(mW)
Approx. Unit 2 0.00535 0.0185 20.22
Compressor 2 0.009 0.023 20.9
Decompressor 1 0.00699 0.0163 12.76

Table 6.4: Synthesis Results of DSM De/Compressor

BDI | FPC | CPack | BPC | DSM | DSM+APPROX
Comp. Latency | 2 3 16 11 2 4
Decomp. Latency | 1 5 9 11 1 1

Table 6.5: Latency Overhead

6.7 Power Comparison

In this section, we calculate dynamic power for various benchmarks across multiple
compression algorithms. We use DSENT simulator [40] to calculate normalized dynamic
power for the network as shown in figure 6.10. The network power across various bench-
marks is normalized with respect to the baseline. The baseline power is taken as 1 in which

no compression is applied. The packet compression results in the reduction of number of
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Figure 6.10: Network Power

flits injected into the network. The number of buffer reads and writes are reduced which
contributes to reduction of power. The benchmarks which gave higher compression ratio
resulted in higher reduction in network power. Overall, on an average DSM+APPROX
shows 17% reduction in power whereas BDI, FPC, CPACK BPC and DSM shows 10%,
8%, 13%, 16% and 13% respectively. The gate count for BDI, FPC, CPACK, BPC, DSM
and DSM+APPROX is approximately around 30k, 150k, 40k, 68k, 29k and 53k respec-
tively. BDI, DSM and CPACK have lower area overhead and will result in lesser combi-
national power followed by DSM+APPROX, BPC and FPC. Since the area overhead of
compressor in comparison with the GPU is not much, the additional hardware should not

have much impact on overall power.
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7. CONCLUSION AND FUTURE WORK

In this thesis, we present a new low latency compression scheme, DSM with two-level
data preprocessing. Data remapping clusters nibbles at same positions from different data
elements so as to create CSN patterns. Then, data approximation sets partial mantissa bits
of FP data to zeros within the maximum error range, which is predicted by our neural
network model to satisfy a user-defined application error constraint. Finally, DSM com-
pressor compresses CSN patterns into small bits. We applied DSM compressor to packet
compression. We achieved 12% IPC improvement with compressibility 50% and 35% in
INT type and FP type benchmarks, respectively. The prediction model that estimates the
approximation precision to satisfy user-defined error limit with 90% accuracy.

Due to low latency overhead of DSM compressor, we will apply this in caches to store
compressed data. Motivated from our analysis of Kmeans application, we will extend our
work for more machine-learning applications as future work. The approximation on FP
data is indiscriminately considered as bringing minor error, but we identified that there
is a class of applications sensitive to the FP approximation. Due to the limited machine-
learning benchmarks, an important part of the future work will include developing more

benchmarks using machine-learning algorithms.
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