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Abstract

Graphs play an important role in various practical application areas from social science to
machine learning. However, due to the irregular data access pattern of graph computation,
there is a major challenge in graph processing.

The emergence of the technology called Hybrid memory cube(HMC) has helped graph pro-
cessing accelerators to overcome this issue. This hardware provides efficient bandwidth to
the graph computation, however, the communication traffic between memory cubes limits
the performance. To overcome this issue we proposed a new approach for HMCs based
accelerators by adding a packet compression/ decompression unit. We used Message Fus-
sion and Tesseract as our baseline system. In our approach, the data sent between the
memory cubes will be compressed before being sent into the network. From the experi-
mental result, the proposed approach showed 1.7x performance improvement on average
over the baseline systems. In addition, the energy consumption by the transmission of the
network is reduced by 47.28% over the baseline system and the compressor/decompressor

unit takes 25% of the total area.
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Chapter 1

Introduction

Graphs play an important role in various practical application areas. Most real world data
can be represented as graphs for better readability and understanding. Hence graphic data
processing is an important subject attracting the attention of researchers. This chapter
discusses about the general background information, motivation, problem statement and

contributions of this research work.

1.1 Motivation

Most real world data can naturally be represented as graphs, and therefore graphs play
important role in various application areas. Some application areas of graph processing
are: cyber security [1], social media [2], natural language processing [3, 4, 5], and machine
learning [6, 7, 8]. In general, these applications are have high bandwidth requirement,
therefore they require efficient way of implementation.

Conventional computer hardware architecture has limitations in graph processing. In
the conventional computer hardware structure, the data which will be executed is stored
near to processor (cache) for further processing. This approach fails for graph process-
ing,because it puts high pressure on memory. That is, there is high memory communication
with low computation in graph processing. In addition there is random access of memory

in graph computation. This condition leads to low cache hit rate. This means the cache
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can’t predict the next memory access. Therefore the use of cache is meaningless in this
kind of application.

Another approach emerged was the so called data-centric approach. This approach is also
called in memory processing approach. Farly works on processing in memory architec-
tures didn’t get much of attentions due to lack of appropriate technology and unpracticed
data-intensive applications[9]. However; it started to get much attention in recent re-
searchers [9, 10, 11] due to emergence of new 3D memory technologies and wide uses of
data intensive applications[9]. In this kind of approach the processor will be near to where
data resides. The main advantages of this approach are:- (1) distance between processing
unit and memory will be reduced. (2) Scalability of the system increases. There are two
common 3D memories technologies; namely, High Bandwidth Memory (HBM) and Hybrid
Memory Cube (HMC).

Junwhan et al. (2015) tried to implement graph computation in HMC for the first time and
it showed high improvement in computation time over conventional architecture. How-
ever, this solution provides limited energy benefit due to high intercommunication between
cubes. In addition they tried to show the performance of graph computation in HMC is
much lower than ideal HMC memory technology can provide, that is due to high inter
cube communication. Therefore; they implied the need of work to fill this gap. Different
papers tried to reduce interconnection issue by reducing data communication [11, 10]. This
reduction of data in communication showed a huge improvement on computational time.

But still it doesn’t meet the full potential of what HMC can provide.

1.2 Objective

1.2.1 General Objective

The general objective of this thesis is to improve computational speed and reduce energy
consumption of HMC based graph processing accelerators by providing additional compo-
nent called compress/decompress unit. This unit reduce the inter communication between

the cubes by providing compression of data before it sent into network as packet.
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1.2.2 Specific Objective

e Understand Huffman and cantor paring data compressing algorithm

e Design packing unit in to the baseline system. This packing unit packs multiple

packets in to one.

e Add compressor/decompress unit to baseline architecture and compare the compu-

tational time and energy improvement over the baseline system

1.2.3 Research Methodology

A quantitative approach was followed. This research uses correlational study to compare
proposed approach with existing graph processing accelerators. Computation time used
as comparing parameter of the two systems.

Correlational study was selected to show computation time improvement of proposed sys-

tem from current system.

1.2.3.1 Research Setting

The study was conducted on multicore machine. We used CasHMC and Booksim to

simulate our architecture and our baseline system.

1.3 Scope

The research considers the improvement of HMC-based graph processing accelerators by
adding additional component hardware called compress/decompress units. This unit uses
to compress data. After compression of the data, the multiple packets can be packed as one
before sending it to the network. The research is only conducted for PageRank, Breadth-
First Search (BFS), Single source shortest path algorithm (SSSP), and Sparse Matrix-
Vector Multiplication (SpMV) algorithms. We used the Huffman encoding algorithm to
compress our data. We didn’t consider the improvement of the compression algorithm in

this thesis and we left it as future work. We compared our results based on computational
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speed and energy consumption as the metrics.
The proposed architecture is simulated by custom simulation software built by Booksim

and CasHMC. The energy consumption of the system is tested by Orion.

1.4 Contribution

The thesis has the following contributions:

e We add compressor/decompress unit and packing unit to HMC based architecture.

This reduces the number of packets send between HMC cubes

o We evaluated our system on four algorithms with four different dataset and we got
up to 1.7x performance improvement over our baseline system.In addition the energy

consumption by transmission of the network is reduced by 47.28%

1.5 Thesis Organization

The thesis is organized in to six chapters including this introduction as chapter 1. Chapter
2 describes the theoretical background about HMC based accelerators and different graph
processing algorithms. Chapter 3 contains the literature review on different graph pro-
cessing accelerators. In Chapter 4 the proposed approach is presented. Chapter 5 explains
the experiment result of the proposed architecture and our baseline system while Chapter

6 is conclusion and recommendations of the work.



Chapter 2

Background

This section discusses about Graph representation, HMC architecture, our baseline archi-

tecture, common graph algorithms and the category of our proposed architecture.

2.1 Graph representation

A graph is typically represented as G = (V,E), where V represents the vertex set and
E represents the edge set. An Edge of graph can be represented as e = (vi,vj), where
vi stands for source vertex and vj stands for destination vertex. A vertex degree of v
represents the total number of edges with the source vertex v. For example, the degree of
vertex0 in figure 1 is three. There are two type of graph based on edge values. These are
weighted and unweighted graph. The weighted graph is a graph that, any of its edge has
a cost called weight. On the other hand unweighted graph has edges, which don’t have
cost or weight. The graph shown in figure 1 is weighted graph and figure 2 is unweighted
graph.

2.2 Graph Representation on Memory

There are two common types of graph representations on memory. These are adjacency
matrix and adjacency list [13]. In adjacency list representation graphs are stored as a list

5
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FIGURE 1: A typical graph and its representation.
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FIGURE 2: Graph representation on memory

of order pairs and values. That is source vertex, destination vertex and graph values. For
example data of an edge 1-6 in figure 1 can be represented as (1,6,1). The other way of

graph representation is adjacency matrix. In this representation graph data is stored as

matrix format as shown in figure 2(b).

We used adjacency list for our representation. This is because matrix representation wastes

memory for sparse graphs.

(b) Adjacency matrix representation of graph
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2.3 HMC Architecture

HMC is a 3D memory technology. It is a package of four or eight DRAM die and logic die,
which is attached together by silicon via technology (TSV). Within HMC each memory
organized as an independent component called vault. A vault is a simple combination of
one logic layer and 4 or 8 DRAMs. Logic layer contains memory controller and computing
unit. The memory controller is used to control memory read and write operations. And
the other component called computing unit performs some tasks on data. For example in
graph computation, a graph data will be stored in dram memories and the graph compu-
tation will be performed by compute unit, which is located at logic layer. In this research
a HMC with a total of 32 vaults are used. The overall architecture of HMC is shown in
figure 3.

The main advantage of HMC hardware is they provide higher parallelism of data, provide
near memory computing and provides a high bandwidth up to 320GB per second. In ad-
dition, due to data transfer can be reduced, the power consumption is reduced. However
it has a high inter cube communication issue for data intensive applications such as graph

processing. Therefore an efficient implementation of this system is needed.

2.4 Graph Data Partitioning

The graph data from the user is first handled by the CPU. It is The CPU’s duty to parti-
tion data and distribute them into HMCs. Efficient way of partitioning mechanism is an
open research area due to irregular structure of graph data. The main challenges in par-
titioning graph data are load imbalance issue because of irregular structure of graph, and
a high dependence between a graph data [23]. The common graph partitioning methods
used in current graph accelerators are source oriented partitioning, destination oriented
partitioning and grid partitioning method. The source oriented partitioning method works
as follows. First the vertices of the graph are divided in to K parts based on their IDs.
The value of K is determined by number of vertices and the memory capacity of graph

processing accelerator. And then, each vertices stores its own out-edges. Out-edges of
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FIGURE 3: A typical graph and its representation.

vertex A is any edge, which its source vertex is vertex A. The other partitioning method
called destination oriented partitioning is similar with source oriented partitioning method
but the difference is its partitioning scheme is based on destination vertex rather than the
source vertex. The other partitioning method called grid partitioning method is a two
dimensional partitioning mechanism. That is the partitioning is based on both source and

destination vertices.

2.5 Network Topology

Network topology determines the geometric representation of how nodes and routers are
connected to each other. In our case the cubes are Hybrid Memory Cubes (HMC). The
most common topology used to connect multiple HMCs are mesh topology and dragonfly
topology. A mesh architecture is one of the commonly used topologies in HMCs. It can
be represented as a k-n cubes where k is the number of routers and n is the number of

dimensions. In Mesh topology each cubes connected to all other cubes by specific point to
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(a) Mesh topology: all cubes are connected to (b) Dragonfly topology: each group is con-

every other cubes with specific link. nected to every other cube by mesh topology
and again every links in the group is intercon-
nected using mesh topology

FIGURE 4: The two common network topology for connecting HMCs.

point link. It reduces the data traffic issue, due to the dedicated link between any of two
terminals [10]. In dragonfly topology the cubes are split into multiple groups [14]. Then
each group interconnected to other group using any other topology. An example of these
typologies is shown in figure 4.

We used mesh topology to interconnect memory in our system.

2.6 Graph Algorithm

In this thesis, four common graph algorithms are used. These are PageRank, Single Source
Shortest Path (SSSP), breadth first search (BFS) and Sparse matrix-vector multiplication
(SPMV). Google search engines uses PageRank algorithm to list related searches. This
algorithm calculates the popularity of the page. This popularity of the page is measured
by number of pages, which links to it. When many pages have links to one page, it will
be assumed that the page is more important. However one can artificially create new
pages which link to his/her page to increase the popularity of his own page. To avoid this
situation PageRank looks the popularity of other links, which linked to the page as well.

The PageRank of different links can be calculated as:
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PR(A) = (1 — d) + d((PR(T)/C(T4)) + ... + (PR(Tn)/C(Tn))) (1)

Where d = damping factor, PR = PageRank value, T = vertices have links to A, C =

number of vertices Ti linked to.

The other common kind of algorithm is Breadth first search algorithm. This algorithm is
used for transverse and search data, which is stored in tree data structure. It starts from
source vertex and transverse all neighborhoods until all vertices of a graph are visited.
Pseudo code of BFS algorithm is shown in figure 5.

The SSSP algorithm computes the shortest path from a source vertex to other vertices. It
needs more memory space than BFS because each vertex may be visited more than once.
The other algorithm called SPMYV is used to calculate multiplication of a sparse matrix.

A sparse matrix is simply a matrix with many 0 values.

Procedure BFS(G,S)

For each vertex v € V do
visted[v] = false
value[v] = =

end for

[/ s is start vertex

visited[s] = true

value[s] = @

9 add s toQ // Q is a queue

10 while Q is not empty do

0 = Oh LN

1 u = pop(Q)

12 for each n neighborhood to u do

13 if not visted[n] then

14 visted[n] = true

15 value[n] = value[u] + 1
16 push(Q, n)

17 end if

18 end for

19 end while
20 end procedure

FIGURE 5: Pseudocode of BFS Algorithm

2.7 Data Compression Algorithm

Huffman algorithm
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Huffman is a loss less data compression and decompression algorithm. In Huffman coding
the compression of the data is based on frequencies, which follows a concept called code
tree. Huffman coding almost compress data by half. A code tree is a simple tree with
value 0 and 1. The left transversal assigned to 0 and the right transversal assigned to 1.

The example of code transversal is shown in figure 6.

FIGURE 6: Code Tree

The main goal of Huffman coding is reducing the code tree and it works as follow.

Step 1: Create a leaf node for each node

Step 2: Add a leaf node to the queue

Step 3: While queue is more than one. Make a two leaf node tree from them. And make
value of this node the sum of frequency of the two.

Step 3.1: Remove 2 nodes with low frequency

Step 3.2: Create node with the two leaf nodes. The value of the node is the sum of the
two frequencies.

Step 3.3: Add the new node to the queue
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Step 4: Only one node in the queue, the remaining node is the root node and the Huffman

algorithm completes.

The Huffman encoding algorithm is shown below:

Huffman Encoding:

Algorithm Huffman(A):

n = A.size()

Q

for i =1 ton

priorityQueue()

n = node(A[i])
Q.push(n)
end for
while Q.size() !=1
T = new node()
.left = x = Q.pop

T
T.right = y = Q.pop
T

.frequency = x.frequency
+ y.frequency
Q.push(T)
end while

Return Q

The decoding of the compressed data is simply changing stream of prefix value to individual

byte value. It works as follow:

Step 1: for all compressed bit values

Step 1.1: start from root node

Step 1.2: while the node is not leaf node.

Step 1.2.1: if value is 0 transverse to left and if value is 1 transverse to write

Step 1.3: If leaf node print leaf node value.
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Add charater to queue

i

Remove 2 nodes with low
frequency

create new nodes with 2 nodes
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Add new node to queue

only one node in queug
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No | No

make node root node

!

print code with Huffman coding

.

Finish

(a) flow chart of Huffman encoding (b) flow chart of Huffman decoding

F1cURE 7: Huffman Algorithm flow chart

The flow chart of Huffman encoding and decoding are shown in figure 7.

The Huffman decoding algorithm is shown below:

Huffman Decoding:

Algorithm HuffmanDecoding(root, S):
n := S.length()
for i :=1 ton
temp = root
while temp.left != NULL
and temp.right != NULL
if 8[i] =0

temp <= temp.left
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else
temp <= temp.right
endif
i=1i+l
endwhile
display temp.value

endfor



Chapter 3

Literature Review

Given wide applicability of graph models, developing efficient graph processing accelera-
tor architecture has been a great research interest area. Accelerators feature of massive
parallelism and high memory access had attracted a lot of researchers to investigate how
to apply accelerators to improve computation. However, Graph processing accelerators
face such problems: (1) Poor locality, (2) high memory bandwidth requirement and (3)
low memory capacity[17].

A graph algorithm has random memory access. Due to this property of graph algorithm
the processor can’t predict the next memory access, which is known as poor locality. The
other challenge of graph computation is, a graph data has a high memory communication
to computation ratio which leads to a high memory bandwidth requirement. In addition,
most of graph data are large in size. Therefore providing memory which can store this
large data is another issue. To overcome those challenges different research papers have
proposed different solutions such as processing on CPU, processing on GPU, in memory

processing and external memory support based processing[15,16,17].

15
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3.1 Related work on Graph processing Hardware Architec-

ture

3.1.1 Conventional System

Conventional approach which load data from memory to CPU and do computation is not
suitable and efficient method for data intensive application [12]. The traditional memory
hierarchy consists of storage to cache. The cache implementation is introduced to make
data near to memory. However, graph computation has random access of memory that
means the cache hit rate is very low. This means that the probability of finding a data
from cache is very low. Abraham et al. (2018) tried to increase hit rate of cache based
on the property of real world graph data. Most real world graph data follows power law
distribution. That is 80% of edges are incident to approximately 20% of vertices. Using
this property of graph they tried to store 20% of vertices in to the cache to increase the

hit rate. They showed improvement over the conventional method.

The evolution of hardware architecture from early computers to in-memory computation
is shown in figure 8 [12]. Early computers only have DRAM and processors computers.
To speedup computation a single core with embedded cache was introduced. The cache is
used to store data, which is used by core frequently.

To further improve performance of computers multi core with different level of the cache
was introduced. This approach is used as a conventional architecture of current comput-
ers. However some computations need high memory communication. Therefore the con-
ventional system fails for data intensive applications. There are two categories of graph
processing in conventional system. These are distributed systems and servers. Distributed
systems use many processors to support massive data. But this kind of approaches suffers
from communication overhead and load imbalance issue. The other category called servers
holds most of graph data in large main memory. These kind of systems are very rare be-
cause of high hardware cost. This high hardware cost is due to need of main memory,
which has high memory capacity.

To improve the issue of conventional system near memory computing is introduced. In

near memory computing some cores are stored near memory as shown in figure 8(d). To
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further increase performance of computers in data intensive applications, approach called
computation in memory introduced. In this approach the compute unit is in the memory.

The detail of this approach is explained in the next section.

Core Core Core 1 Core n ‘ Core ] Core |

I I [
[ cache ] [ cache | [ Ulcache | cache cache
T T
L2 cache L2 cache
L3 cache
E |
‘ DRAM | DRAM DRAM DRAM [ Core DRAM
I I '
‘ NVM | NVM NVM NVM foee Core Computation-in
Memary
(a) Early (b} Single core with (c) Multi/many core with (d) Near-Memory (e) Computation-in
Computers embedded cache L1, L2 and shared L3 Computing Memory

FIGURE 8: Evolution of hardware architecture [12].

3.1.2 Graph processing on GPU

GPU shows greater performance than conventional CPU systems but they still suffer from
issues such as load imbalance and superfluous global memory access. Therefore graph
applications don’t work well in graph processing systems [13]. The other issue is GPU
systems are known with relatively high energy consumption.

Amir et al. (2018) proposed a new graph transformation method called split transforma-
tion to overcome load imbalance issue. In split transformation approach, irregular graph
data is converted in to more regular one by splitting the high degree value vertices. The
degree of a graph V is the number of vertices adjacent to a vertex V. They test this ap-
proach in GPU processor and it showed improvement. However, in split transformation
a high degree graphs are represented in two layers, which leads to more memory usage.
In their proposed approach a graph represented as virtual layer and physical layer. This
is to avoid a physical graph transformation. But this leads to additional memory us-
age to store both data. In addition this approach fails for HMC based accelerators. We
tried to implement this approach in HMC and it reduced the performance of conventional
HMC system [9]. These is because splitting of data leads to pressure on processing unit.
But when we see HMC systems, they are designed for applications with low computation
to memory communication ratio. That is they have relatively minimum processors than
memory. Therefore splitting of data will add more pressures to these limited processors.
Then this leads to worst performance in HMC based system. On the other hand for GPU

system, it works efficiently. That is because GPUs are designed as multiprocessor units.
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3.1.3 In memory processing

As explained before, conventional architecture is not able to perform computation ef-
ficiently for data intensive application. The emergence of this 3D memory technology
attracted most researchers to focuses on in-memory processing to overcome graph compu-
tation issues. In this approach processing unit is on memory that is where the data resides.
These kinds of approach have a great advantage for data intensive applications because
they provide high bandwidth. These can be implemented by the emerged 3D technolo-
gies such as: HMC, High bandwidth memory (HBM) and ReRAM. This method reduces
data movement and, thus, it solves high bandwidth requirement issue of graph processing.
However it provides limited performance due to high communication overhead between
inter memory cubes. This issue is explained by [9] that there is a need of additional work
to utilize the bandwidth provided by those 3D technologies.

To overcome this issue [16] proposed efficient data partitioning mechanism. They pro-
posed source cut partitioning mechanism to improve communication between different
partitions of cubes. They partitioned edge data based on its destination vertex. There-
fore, if edge(u,v) is assigned to one cube, all edges with the form (*,v) will also be assigned
to the same cube. In addition each source vertex has replica in other cubes as shown in
figure 9(b). In each update of source vertex the corresponding replica of the vertex in the
other cubes will be updated. They called this updating process as replica synchronization.
For example consider master vertex vi in cube 1 shown in figure 10. And let assume the
only cubes which contains edges, which starts with vi, are cube 0 and cube 2. In replica
synchronization, the cube containing vi needs to send updated value of vi to cube 0 and
cube 2. In this case one massage, which contains vi value, will be sent to cube 0 and cube
2. Even if there are many edges starts from vi in cube 0 or cube 2, sending one message is
enough for further processing. By this way improvement of intercommunication between
cubes can been achieved. However, this kind of partitioning scheme has drawback such
as use of additional replica leads to additional memory usage and graphs are difficult to
partition to optimize network traffic, balancing load, etc... Song et al. proposed ReRAM
based graph processing by using computation in compressed format concept. A sparse ma-

trix can be represented as a compressed matrix representation. Most of previous systems
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Cube 0 Cube 1 Cube 0 Cube 1
———
—

(a) Communication between different cubes (b) Communication between different cubes
without replica. with replica of v1 in cube 2.
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FIGURE 10: Graph partitioning methods

decompress compressed matrix before processing it. To further improve the hardware ar-
chitecture of graph processing system, they used compressed format for further processing
without decompressing it [17]. This has the advantage in three ways: graph computation
to memory communication ratio can be increased, inter memory communication can be
reduced and no need of additional unit to decompress data. The compressed matrix for-
mat of a sample graph is shown in figure 11 (c).

Leul et al. (2019) based on the observation of graph algorithm, they proposed in route
computation concept. Most of graph computations are commutative by nature. Based
on this observation they implemented computation unit in each router. This approach

showed improvement over the baseline system [9].

3.1.4 External memory support based processing

Alternatively, disk-based single-machine graph processing systems stores active graph data
in memory and store the remainder to disks [18]. This is because the real world graphs

are so large that main memory can’t hold. Disk based processing has slow speed because
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there is high distance between processor and the disk. Therefore this kind of approaches

can’t be efficient for graph computations.

3.2 Related work on Graph compression techniques

The graph compression algorithms can be lossless and with loss. The graph data is very

sensitive to loss, therefore a lossless compression algorithms are must in graph compression.

Rushabh et al. (2018) Proposed graph compression method using Huffman coding. They

applied this compression algorithm on graph data, which stored in memory, and showed up

to 80% reduction in space required to store the graphs as compared to using the adjacency

matrix.

Yuho et al. (2006) proposed a new packet data compression technique for network. From

their custom compression algorithm they were able to compress a packet of five data in

to a packet of three data. This technique showed 48% performance improvement over

other network on chip architectures [25]. Cheng et al. (2018) proposed new approach
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to store data and transfer data in compressed format in HMC based memory. They
mainly considered to reduce communication between HMC and other system for general
applications. Their proposed architecture showed improvement over baseline system by
42.4%. But still for graph computations, we can further improve performance by providing
reduction of transmission of data between HMCs using reduction of packet sent in them.
Our proposed system has used compression technique in transferring and storing data.
In our baseline system data was sent between each HMC in packet format. By using
compression technique to compress data, we were able to send two packets per time.
Cheng et al. (2018) proposed new approach to store data and transfer data in compressed
format in HMC based memory. They mainly considered to reduce communication between
HMC and other system for general applications mot specifically for graph algorithm. Their
proposed architecture showed improvement over baseline system by 42.4%. However they
didn’t consider the packet sent between HMCs. In our proposed approach we were able

to add compress unit to reduce packets sent between HMCs and got impressive result.
Summary

Graphs are powerful abstraction mechanisms for representing relationships between data
entities. It plays important role in different areas. In this section, a number of graph
processing systems and the challenges inherent in processing graph applications are re-
viewed. Graph processing accelerators face (1) Poor locality, (2) high memory bandwidth
requirement and (3) low memory capacity issue. To overcome these problems researchers
proposed several ways to perform graph processing such as conventional system, GPU
based system, in memory processing and external memory support. Conventional archi-
tecture and GPU based systems didn’t work very well for graph applications. To overcome
problems of this system different researchers did different works [19, 15]. However there
is still a gap in performance of these systems due to a requirement of high memory com-
munication in graph applications. To overcome this issue, in-memory processing approach
is introduced. This approach provides efficient system for data intensive applications by
reducing the distance between memories and processing unit, since the processor is stored
within memory. However this kind of system faced high intercommunication between cores

issue [9]. To overcome this problem different researches have been and on being done on
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this area [16, 9]. But still efficient use of In memory processing hardware is an open

question.



Chapter 4

Proposed Methodology

4.1 The baseline system

We selected Tesseract[9] and messageFusion[10] architec- ture, which uses 32 vaults in each
HMC, as our baseline system. The logic layer of HMC in baseline system contains pro-
cessing element. This processing element performs graph computations. And the system
uses 16 HMCs interconnected by mesh topology as shown in figure 2. We selected mesh
topology because of its efficiency. In mesh topology each node can transmit to and receive

from more than one node at the same time.

In the baseline system the storage is divided in to three components such as Active list
scratchpad, source scratchpad and destination scratchpad. The source scratchpad stores
all vertices within a partition for current algorithm iteration. Destination scratchpad stores
updated vertex information temporary. And the active list scratchpad tracks the active

vertices in the iteration. The overall structure of the storage is shown in figure 12.

Our base line system has reduced unit in each routers to provide computation within a
network. This approach showed 1.7x improvement from previous baseline architecture

called Tesseract [9]. The overall architecture of our baseline system is shown in figure 13.

23
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FIGURE 13: The baseline system architecture [10]

The baseline system consists of four HMCs interconnected by mesh topology. Each HMC
connected with other by router. The router contains Reduce module, input buffers, VC
allocator, switch allocator and crossbar switch. The router architecture of proposed system
is shown in figure 14. Reduce module is used for in route computation. Reduce phase of
a graph computation is handled by this module. The other components of a router are
Input buffers, which used to store temporary data for computation. And a single buffer is
assigned to each input.

The other element of router is VC allocator. It assigns virtual channel to each input.
Virtual channels are buffer management flow control systems. The other component called
Crossbar switch is used to connect inputs to outputs. For example in n x m crossbar switch,
n inputs are connected to m outputs [20]. The typical cross bar switch is shown in figure
15.

In the HMCs network data is sent as packet from source to destination node. A packet is
combination of flits. A flit consists of head flit, body flit and tail flit [20]. The body flit

consists the data and the head flit consists the information required to transverse data.
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4.2 QOur proposed architecture

We added the hardware compressor and decompressor in baseline architecture. The com-
pressor used to compress data before it sent in to the network. Our proposed architecture
is shown in figure 16. The data from a router is in the form of array of integers. It
contains source vertex id, destination vertex id, destination core id, and value of a vertex.
Our proposed system works as follow. First the input data is stored in buffer. Then it
pass through decompression unit. This decompression unit performs decompression to
the input data. Then the decompressed data is inserted in to route computation unit.
The route computation unit computes graph computation based on input data. Then the
result will be compressed using compression unit. This compressed data will be sent to
other router. Instead of sending one flit per packet we are able to send more than one
flit per packet. This reduces total number of packet send between nodes and reduces the

overall computational time of graph processing system.

In this research Huffman encoding algorithm are used to compress and decompress data.

The detail background explanation of Huffman coding and cantor paring algorithm are
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found in section 1.2.5. we implemented Huffman encoding algorithm in c++ code. Efficient

hardware implementation for Huffman algorithm is beyond this scope.

4.3 Hardware simulators

We used booksim to simulate interconnection between HMCs. Booksim [23] is a open
source simulator used to develop inter connection networks. It supports 10 topologies.
The simulator follows event driven simulation approach. It is developed in C++ program-
ming language. And It helps to design route algorithms, allocators allocation and packet
organization. However It doesn’t support area and power simulation. We simulated the en-
ergy and power consumption of system using Orion[26]. Orion is power, area and energy
estimation tool for network on chip architectures. It useful to model a power consumption
for links, crossbar switches,and buffers. It is implemented by c++ programming language.
We used CasHMC to simulate hardware architecture of HMCs. CasHMC is an open
source simulator used to develop HMC arcitecture. It is developed in c++ programming
language. The main advantage of this simulator, is it have object composition similar to

actual HMC hardware[24]. CasHMC implements data request packets with various widths
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ranging from 16 bytes to 256 bytes. Every character of HMC can be simulated using this

software.



Chapter 5

Experiment

5.1 Experimental setup

We modeled the baseline system using a software called Booksim and CasHMC. The
research used 16 HMCs which connected by mesh topology. The 4x4 mesh topology with
interconnect of HMCs is modeled by Booksim and the internal structure of HMC is modeled
by CasHMC. Each routers has four virtual circuits and each HMCs has 32 vaults. Each
vaults provides 16 GB/s of internal memory bandwidth. We use conventional Huffman
encoder/decoder to compress/decompress data. And we modeled the power and energy of
proposed system using ORION 3. The hardware and software specification of the machine

used for this thesis is given in table 1.

Specification of the machine used in this thesis

Manufacturer Dell Inc.

Processor Intel(R) Core(TM) i5-2450M CPU @ 2.50GHz
Memory 8GiB, SODIMM DDR3

Operating system | Linux 5.4.0-70-generic

TABLE 2: The hardware and software specification of the machine used in this thesis

28
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5.2 Workloads

We used four common graph algorithms to check the performance of proposed architec-
ture, which are Sparse Matrix-Vector Multiplication(SpMV) , PageRank(PR), Bredth first
search algorithm(BFS), Single source shortest path algorithm(SSSP). We evaluated these
algorithms in four data sets ranges from mid level to large data set. These data sets are
from SNAP[21], which is shown in Table 2. In the table we report vertex and edge sizes

of the data-sets.

5.3 Evaluations Result

5.3.1 Computational speed evaluation

Speed up obtained by our proposed architecture over baseline system is almost 1.7x in

average.
Name Description vertices edges
WV Wiki-votel 7.1K 103.7K
WG Web google3 875K 5M
CA RoadNet-CA4 2M 2.8M
SD Slashdot2 82.2K 1M
OK Orkutb 3.1M 117.2M

TABLE 3: Data sets used in our experiment [21]

From the total computational time of graph computation almost 60 % is from memory
communication[10]. Therefore to see significant improvement on computational time, it is
important to reduce communication between memories.

The improvement of speed in Page-rank algorithm is shown in figure 21. The peformance
improvement on web-google data-set is 2x over baseline system Tesseract[9] and 1.7x over
MessageFussion[10]. For lower size graph data such as Wiki-vote the improvement is rela-
tively low. The improvement of computational time increase while the size of input graph
data edges increases for PageRank algorithm. From this observation we can conclude that

the proposed approach is effective on graph data-sets which have large edge count, for
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FIGURE 18: Performance improvement over Tesseract[9] and MessageFussion[10] for
SPMV algorithm

PageRank algorithm. The improvement of speed in SPMV algorithm is shown in figure
22. The result obtained from this algorithm is simlar with PageRank algorithm. Again the
improvement of speed for web-google data-set is 2x over baseline system Tesseract[9] and
1.7x over MessageFussion[10] as the same case for PageRank algorithm. The improvement
of computational time increase while the size of input graph data edges increases for SPMV
algorithm. From this observation we can conclude that the proposed approach is effective
on graph data-sets which have large edge count, for SPMV algorithm. The similarity of
the performance in PageRank and SPMV is because of algorithm similarity. These two

algorithms are tested for unweighted graphs. The performance improvement of proposed
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FIGURE 19: Performance improvement over Tesseract[9] and MessageFussion[10] for SSSP
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FIGURE 20: Performance improvement over Tesseract[9] and MessageFussion[10] for BFS
algorithm

architecture over Tesseract[9] and MessageFussion[10] for SSSP algorithm is shown in fig-
ure 23. From observation the high improvement in proposed architecture is achieved in
Web-google data-set. The performance improvement is about 2.2x over Tesseract[9] and
1.7x over messageFussion[10]. We used weighted graph version of the data-sets, because
the algorithm works on weighted graphs.

In case of BFS algorithm the average improvement in the performance is 2x. Like other
algorithm high achievement is gain for web-google data-sets. There is performance sim-
ilarity between SSSP and BFS algorithm because of their algorithm similarity.  Total
number of messages sent in the network for pageRank algorithm is shown in figure 25.

From observation there is high reduction of message traffic in our proposed algorithm over
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FIGURE 22: total number of messages in network for SPMV algorithm

the Tesseract and messageFussion. Web-google data-set achieved higher improvement than

the other data-set in pageRank algorithm. This is due to it has the highest edges from the

others. As edge increases the message between core increases. In Wiki-vote and Road-net

data-sets our architecture showed similar performance with the other systems. From this

we conclude that the high performance achieved in the higher edge count data-sets. The

same condition is happened for SPMV algorithm.
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5.3.2 Energy and Area Evaluation

We evaluated power and energy consumption of the system using Orion 3. The energy
consumption by transmission of the network is reduced by 47.28% over the baseline sys-
tem. This is a high achievement because 62% of overall energy consumption is because of
communication[10].

The baseline system took the total of 13.1% of the available area. And Huffman compres-
sor/decompressor unit takes 25% of total area. Therefore our proposed system takes the
38% of available area. The area of this system can be reduced using efficient design of

compressor and decompressor but this is beyond the scope of this thesis.
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5.4 Future work

we recommend efficient design of compressor/decompressor unit as a future work. By
efficient design of graph compressor/decompressor unit, a higher performance and the

decrease in area of the system can be achieved.



Chapter 6

Conclusion

In conclusion, graph applications has great advantages in machine learning, social me-
dia application and so on. For speed improvement of graph applications, HMC based
hardware is introduced. Even though this hardware can provides efficient bandwidth for
graph processing, the intercommunication between memory parts of HMCs have limited
the performance. To overcome this issue, We proposed compression unit in to it. Instead
of sending plain data to another partition, our system compress the data before transmis-
sion and we reduce packet sent between HMCs by compressing packet data.This approach
able to reduce number of data transmitted between memory partitions. We added our
compression unit to baseline systems called MessageFussion [10]and Tesseract[9] . From
the experimental result, our proposed approach showed 1.7x of performance improvement
in average over our baseline systems. In addition the energy consumption by transmission
of the network is reduced by 47.28% over the other two systems. Further improvement
can be achieved by designing efficient compressor unit. Efficient hardware design of com-

pressor /decompressor unit is beyond the scope of this thesis.

35



Appendix A

Appendix

Result in clock cycle for different algorithms and different hardware architecture
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