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Graphs are widely used!

* Graph: represent data and their relationships

« Application: social network analysis, neural network modeling,
user behavior analysis, brain network modeling ...

* System & Architecture: support for graph-based applications

Application

System
Architecture
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* Sorting billions of pages according
to key words in one second
— Graph: 2.9b,0.365s
— PageRank: 0.2 b,0.30s

* Google PageRank Algorithm

— The rank of a page depends on ranks
of pages which link to it

Link

Important

too!

Page B

Page A

ﬁ a pagerank
“GOOGLE?

*teeessne®

.
RTINS

Google+ ¥#F EH #E Play YouTube #fid] Gmail % -

(=

ESE BE #igl W BH B4~ H#EIA

$#2£ 27,800,000 FER (AR 0.30 3

PageRank - £#£5%. EEMEHN&H
https://zh.wikipedia.org/zh/PageRank ~
PageRanki@idfyé & MM BHHER R BE— 1 TITEMFR - GooglelE MATIEEIBIIE
MBERIENATNESABIUEIRE » GoogleRBRFRE (BEEREMHEE
PageRankilfifEsk T2 Z 1 - PageRankE% - BGoogleiBibSIRS T A 13I8

PageRank - Wikipedia, the free encyclopedia
https://en.wikipedia.org/wiki/PageRank ~ EREILFT

Mathematical PageRanks for a simple network, expressed as percentages. (Google
uses a logarithmic scale.) Page C has a higher PageRank than Page E,

Panda - Google bomb - Google Toolbar - HITS algorithm

PageRank Checker - Instantly Check Google PageRank!
checkpagerank net/ ~ EiFHA

CheckPageRank.net is the original and most used pagerank checker and domain
analysis tool worldwide. Check Google PageRank and other SEO statistics for .

How Google Finds Your Needle in the Web's Haystack
www.ams.org/samplings/feature-column/fcarc-pagerank ~ EhZItm

{E&: D Austin - BEXE

Google's PageRank algorithm assesses the importance of web pages without human
evaluation of the content. In fact, Google feels that the value of its service is ...

What Is PageRank? - PageRank Explained

google.about.com» ... » Search Engine Optimization (SEQ) ~ &hFith5
PageRank is what Google uses to determine the importance of a web page. It's one of
many factors used to determine which pages appear in search results

* Network = Graph

1—-d
N

PageRank(p;) = ——+d >

PageRank(p;)
L(p;)

p;EM(pi)

Page, Lawrence, et al. The PageRank citation ranking: Bringing order to the web. Stanford InfoLab, 1999.



| &
RO

K

— .

N o
..........

e (Collaborative filtering based on similar users

my

(W) S10}d2e4 aINOA

| Movies [ |
m;
N
N
u;

 ALS: Alternating Least Squares

— Minimize Mean Square Error (MSE)
* Calculating using tags Iterate:

User Factors (U)

« Recommending using non-tags  u; = arg min Z (rij —m; - w)?
. e
* Sparse matrix = Graph Jent

m; = argmin Z Gl A1)

Low, Yucheng, et al. "Distributed GraphLab: a framework for machine learning and data mining in the cloud." Proceedings of the VLDB Endowment 5.8 (2012): 716-727.
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e Data & relationship = Graph
— Neuron: vertex
— Synapse: edge
— Stimulus intensity: value

Hidden
(State)

input layer

hidden layer 1 hidden layer 2

Input Image Feature Maps ‘ ------- Probability in class 1

- Probability in class 2

\\ =
= N\

\ ____________ — Probability in class N

CONV + Non Linear + Pooling CONV + Non Linear + Pooling EC + Non Linear
FC + Non Linear

Qiu, Jiantao, et al. "Going deeper with embedded fpga platform for convolutional neural network." Proceedings of the 2016 ACM/SIGDA International Symposium on Field-
Programmable Gate Arrays. ACM. 2016.



Generality requirement

* High-level abstraction model

— Read-based/Queue-based Model for BFS/APSP
[Stanford, PACT’10] X —

— GAS Model [Google, SIGMOD’10] v matrix

* In GAS (Gather-Apply-Scatter) Model o
— Different algorithms = Different Apply functions QQEEIHAT

network

— Traverse edges and scatter src to dst

Original Graph

Malewicz, Grzegorz, et al. "Pregel: a system for large-scale graph processing." SIGMOD. ACM, 2010.
Hong, Sungpack, Tayo Oguntebi, and Kunle Olukotun. "Efficient parallel graph exploration on multi-core CPU and GPU." PACT, IEEE, 2011.
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« Example: Breadth-First Search 10
— Root: vl
— Generate BFS tree

e Unstructured
— Degree=1:v7,8,9, 10
— Degree = 8: v5

— Data driven

— Example: v5, transfer updated value to 5 vertices

e Unbalanced

— Balanced in Lv.1=2unbalanced in Lv.2

 Poor locality @ , 10 Lv.1

— 4 vertices in Lv.1 spread all over graph

Lv.2

@ @
W2 @EeEOD®®Ww ., Thd3 | Thd 4




* Key in graph processing: efficient data transferring
Difficulties

Characteristics

/
Unstructured
Unbalanced

4

Data
Driven

Poor
Locality

Heavy traffics[Zhu_OSDI 2016]

System PowerG. PowerL.
Mem. Ref. 958G 87.2G
Comm. (GB) 115 38.1

Memory-hungry[Nai_HPCA 2017]

05

Solutions

Lower
traffics

Higher
bandwidth

>< o 1
3 S 04 i
S ™ 03 |
A% o2
— O 01
§ 0.0
Qf‘% 6{9 ‘90&0(_,06& 5‘9('3 Q(P&S (},}5"\ qu,&
Cache miss[Zhu_0OSDI_2016]
System Ligra Galois  PowerG. PowerL.
IPC 0.408 0414 0.500 0,655
LLCMiss 439%  49.7%  71.0%  54.9%

Sequential
access

ipaJinbaJ buliiajsue.)

ejep Jualonyg




Memristor & ReRAM

e Memristor

H wordline V(t)
— Resistance can be changed by voltage o= "5 | _ -
pECH— gij |
DAC>— Q OQ] I
* Storage 7 7 Phivine - |890080
. @ @ @ xyge'n unnae ing
— Memristor crossbar Vacancies  Gap

— Using changeable resistance to store information
 Computation

— Processing-in-memory, 10x ~ 100x energy efficiency improvement
compared with conventional von Neumann architecture

Vis et o il —————
(The structure of the MNIST NN in this paper) / f
_ ;ﬂ DAC |
g Input H& !
Vi3 O( n 2) a O( nO) E QNetWOfk = @- Negative| | Positive
b - = o RRAM RRAM
55 i) Matri Matri undant rossbars)
§F I | g || Lo ) o] e
1 ° =k ADC|| 1|,
— . — £ Output !
l VOj - Z(Vlk gkj)’ &y = M ."EZ Network = 9,3 = = \
Vos Vo; Vo3 ki e =2 si'b |

12
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* Designed for Breadth-First Search

— Using 1 bit to represent status of a vertex

RPBEF'S [Hong Kong PolyU, NVMSA 17]

Graph Bank Graph Bank Graph Bank
One Three Two

vvvvvv

— Graph Bank: edge storage

* Parallel processing

— Master Bank: vertex storage

* Centralized processing

Performance
— 33.8x speedup against CPU
— 16.0x speedup against GPU

However...

— Only for BFS
— Centralization scheme - Scalability problem

TEPS (log scale)

10" 5

-
o
©

-
(=}
®

“““““
::::::
xxxxxx
ttttt
vvvvvv

“““““

Intermediate result

RPBFS
Il GPU-Enterprise
I CPU-Parallel

14



HyYVE [Ours, DATE 18]

* Memory energy efficiency difference due to patterns
— Different patterns = corresponding memories = hybrid memory

—= Vertex: random Read/Write locally - SRAM
sequential Read/Write globally > DRAM

Off-chip Vertex ghus Computation Units
- S 4  m————_——_——_————
Memor !
Y N\ «— (*—. accelerators /
arcelerators 7/

(—45 arrcelerators /
Edge Memory > HYVE Controller 4—-> accelerators /

e — — — — — — — —

v On-chip Vertex Memory

> Edge: sequential Read globally > ReRAM

e Performance
— 114x energy efficiency improvement against CPU+DRAM

— Memory subsystem energy consumption < 50% .. m
Energy efficiency running BFS Energy efficiency running CC Energy efficiency running PR 80% | | | | | | I | | | | | |

(MTEPS/W) (MTEPS/W) (MTEPS/W)
10000 10000 1000

1000
100
20%
0 || Il
. . ’;§23§§§23§‘;§23§';§24§§§23§‘;§233';§233';§23§‘;§‘2—3
A WK AS v ™ HWE opt = SD  HWE opt  SD  HyE  opt

CPU+DRAM ®acc+DRAM CPU+DRAM macc+DRAM CPU+DRAM ®acc+DRAM PR BFS cc
macc+SRAM+DRAM macc+HyVE macc+SRAM+DRAM macc+HyVE macc+SRAM+DRAM macc+HyVE

1000
1

o
=)

[
o

m Other logic units Edge Memory  ®Vertex Memory



GraphR [Duke, HPCA 18]

* Matrix-vector representation for graph processing
— Src vertex vector, adjacency matrix = Dst vertex vector
— MVM (e.g., PageRank): direct mapping
— Non-MVM (e.g., BFS): activating each row sequentially

* Divide a large adjacency matrix into small blocks

) |
value of all vertices i
of V4

edges to V4
SN

@ processEdge \
vi [@emmVe D
@/vreduce / apply

V1Vv2 \'/4

(a) Vertex Program in Graph View (b) Vertex Program in Matrix View

16



GraphR [Duke, HPCA 18]

— MVM (e.g., PageRank): direct mapping

0.46 | 0.14 | 0.08

17



GraphR [Duke, HPCA 18]

— Non-MVM (e.g., BFS): activating each row sequentially




GraphR [Duke, HPCA 18]

* Compared with CPU

— Speedup: 16.01x
— Energy efficiency: 33.82x

* Compared with GPU

— Speedup: 1.69x ~ 2.19x
— Energy efficiency: 4.77x ~ 8.91x

140 T

100:

[Ccru H
Il GraphR(]

@R e

WV _SDAZWG LJOKWV SD AZWG LJOKWV SDAZWG LJOK WV SD AZWG LJOK CF Gm

PageRank

BFS

SSSP

SpMV

30 60
Emiceu iceu
[ cru [ ceu
Il GraphRr
10 Il Graphr
10} ]
i ] 1 |:| I
PR sSSP CF PR sSSP CF
(a) Performance (b) Energy Saving
230 T T
[cpu
100- Il GraphR}
10- ,

=

WV SDAZWG LJOKWV SDAZWG LJOKWV SDAZWG LJOKWV SDAZWG LJOK CFGm

PageRank BFS

SSSP SpMV

19




Related works — conclusion

* Energy efficiency of graph processing can be improved by
using ReRAM

) | RPBFS HyVE

ReRAM General ReRAM
storage Algorithrn  compuiaition

Algorithm Only BFS General purposed  General purposed
Storage RRAM Hybrid RRAM
Computation CMOS CMOS RRAM/CMOS

20
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However...

* GraphR: Writing ReRAM (adjacency list = block)

(r"(vz"l")ag 00 0 3 8
(3,4)|1 10 0 7 O
(0,3)[2 211 0 00 bIOCK
Eéggi 300 4 02
(3:2)5 01 2 3

* Write-and-verify scheme of ReRAM: Heavy writing overheads

LRS('1") 8 Verlfy Venfy Venfy ---------------- HRS
= ‘ /Y . .
g ‘ 5 Initial state .
g HRS('0") o E VRESET , 2 7 . InterrReglate
8| [reser L. o \_\:' j
- = I -
g Series of lg pulses
= 2
=
Voltage (a) (b)

* Sparsity of graphs: Low parallelism

60  — Torite/ Treaa=0.001
M more than 1 edge Fonly 1 edge o= Torite! Treaa= 0.01
50 o= T,,,.m/ T,."d= 0.1

99,78% 97.60%99.99%
100% 93 86.69% i £ = Tl Treaa=1
. 78.75% S 40 TorieTress=10
80% S 62.13% g Tyrite) Treaa= 100
60% 4.9 i 8 30 Tovrite! Tresa= 1000
0% 212 22
20% £ .
0% .
wv YH
0
0 10 20 30 40 50 60 22

Number of edges in a subgranh



GraphSAR Design

* Design I: Processing-in-memory

* Design II: Sparsity-aware partitioning

GraphR

[ Adj. list ]
%s’gorage
convgrsion

[ Adj. matrix ]

—— > GraphSAR

Design |
ﬁ

computation

i . Design Il . i
Adj. matrix | =" | Adj. matrix
storage
J +
stolage computation
computation

23



Design I: Processing-in-memor

* Conversion leads to low parallelism/heavy writing overheads

* Directly storing blocks on ReRAM

GraphR ~ ———— GraphSAR

[ Adj. list ]

storage Design |

rsion Adj. matrix
[ Adj. matrix ] - storagé
+
computation computation
Problem I:

- Heavy writing overheads
- Low parallelism

24



» Storing 8*8 blocks leads to memory space overheads

* Sparsity-aware partitioning

block
partition

High Low
density  density

Low density [
Low
— Divide large sparse block into small ones . density

— Drop empty blocks

recursion

GraphR = GraphSAR

i . Design Il . i
Adj. matrix | =" | Adj. matrix
storage
\ y +
stolage computation
computation
Problem lI:

- Memory space overheads

25



* For algorithms on unweighted graphs
— e.g., PageRank, BFS, etc.

— Scatter the same value to neighbors
— One bit of an edge to represent connectivity

0.8*%0.5=0. 4
0.4 0.4*%0.2=0. 08
— 0.2
0.6 0.6%0.1=0.06
0.46 | 0.14 | 0.08 0.46 | 0.14 | 0.08

GraphR GraphSAR

26



Opt. 11: lightweight clustering

* Vertex clustering = less blocks to be processed

— Consecutive vertices in the original adjacency list tend to
gather

— Original indices are not continuous
— Assign new indices to vertices when reading edges
— Only O(n) complexity

Original edge list
Src dst Src dst
B 28 | 3 371 Edge list Block Edge list Block
3 30 3 567 ® edge ® edge
3 39 3 581 02 ' ) 0>1 o o0
3 o . o 1>8 23 .
3 108 3 586 |
k. 152 3 590 235 . 14 -
3 178 3 604 34 556
3 182 3 611 47 Intervaly={0,1,2} 6>7 Interval,={0,1,2}
3 214 64 Interval,={3,4,5} 856 Interval,={3,4,5}
3 271 Interval,={6,7,8} Interval,={6,7,8}
3 286 25 6
3 300 25 8
3 348 25 19 7
3 349 23 23

{

25 28



Architecture

* According to the sparsity-aware partitioning
— Edges are stored into edge lists and block lists

— Edge lists and block lists are stored into different banks for the
alignment purpose

|bank acdge /,block
I
g
3 % ReRAM ReRAM ReRAM
o~ ;.: crossbar crossbar crossbhar
. - -
- Column Column Column block list
8 multiplexer multiplexer multiplexer 4
addr | 2 S/H SH SH AR
- I/O interface
Ei ADC | Reg S/A SALU | Scheduler
2
&)
&1 Subarray
Subarray edge list

28



Working flow

* Selecting: activate a block for processing
— GraphR: activate a row

* Processing: process edge list and block list separately
— GraphR: treat a block with one edge as a block

Selecting Flow Processing Flow

Block list Edge list
0.1:2x0.8=0.04
e H
= 2R @ @ 50,8 g O Y W 0.3:2x0.8=0.12
selected by peripheral circuits g e [] [1] [] [l:l 0.02
0.3+2x08=0.12. [ [ [ I =(+
%ﬂ dy) (dy) (d;) (dy |:_| L1:| D_J L:l di) (dy) (d;) (dy o.1g>
] 0.4+2x0.8=0.16, [ | [ L
R~ K 01 02 03 04 oagl oa('fz nags ud& [_l L] D_J Ll] k01 02 03 04 0151 o':fz 01;3 od64
rank 0. .. J X i N g .01 X X . rai . .. .. . q X X X
B Y Ty wpmemey B
-
&
-
3 LEEOO 6 0 IE
3
2
% O SO OHE G i 1
A= S7 S2 S3 Sq 3 S1 S2 S3 Sq @
i A8E A8 mins N o
= 4 I
% d dy 'd; dy 1 1 1 1 1 1 D :Il [1] m d dy d; ldy4 nf@
3 MDD PO OO0 OO0 .
i s, | s, s3 | s dp  dy  dy  dy s; | 82 83 s dp dy  dy | dy
level 1 2 3 4 1 Infl 2 Inf LM 320 1 2 2 I, 1 2 2 3 1 2 2 3 level 1 2 3 4 1 Inf 2 Inf
m 1® IG) 2® In@ 1® 2® 2® 3@ 1® 2® ZG) 3® 1® 2@ 2® 3@
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Configuration

 Datasets

--“------

7.12k 34.5k 0.88m 1.13m 1.63m 1.97m 2.39m 41.7m 65.6m 1.41b

#E 0.10m 0.42m 5.11m 2.99m 30.6m 2.77m 5.02m 1.47b 1.81b 6.64b
type social citation web commun social road commun social commun web
1ty 1cation ity

Jure Leskovec et al. SNAP Datasets: Stanford large network dataset collection.

Algorlthl l l S Haewoon Kwak et al. What is twitter, a social network or a news media?

Yahoo WebScope. Yahoo! altavista web page hyper-link connectivity graph, circa 2002.

— PageRank, Breadth-first Search, Connected Components

* Configuration

— ReRAM simulator: NVSim
* read/write energy consumption: 1.08pJ/7.4p)
* read/write latency: 29.31ns/50.88ns
* HRS/LRS resistance: 25MQ/50KQ
* read/write voltage: 0.7V/2V
e current of LRS/HRS: 40pA/2pA 3



Results — Opt. 1

* Single bit implementation
— Speedup: 1.15x
— Energy efficiency improvement: 2.37x
— Energy-Delay Product reduction: 2.73x

2 Time mPR ®BFS
| I I I l I l I l I l
0

Energy

LLLLLkLLL K

32
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Results — Opt. 11

* Lightweight clustering
— Speedup: 1.30x

— Energy efficiency improvement: 1.37x
— Energy-Delay Product reduction: 1.78x

3 Time mPR EBFS =CC
2
1
' B ' el eomn
WV HP GG YT PK CA WT ™ FS YH
3
Energy mPR mBFS =CC

[E—

. el ewes
WV HP G YT PK CA WT T™W FS YH

33
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Results — Overall performance &

S = N WA W

12

S W N O

* Compared with GraphR (already used Opt. I & II)
— Speedup: 1.85x
— Energy efficiency improvement: 4.43x
— Energy-Delay Product reduction: 8.19x

Time mPR mBFS =CC
WV HP GG YT PK CA WT ™ FS YH
Energy mPR = BFS

rTEEEI FLEF
WV HP GG YT PK CA WT W FS




64
32
16

8
4
2

[E—

* Compared with using adjacency list (need to write
ReRAM)
— Only 1.54x storage overheads
— 46.87x storage overheads when storing 8*8 blocks

m using 8x8 blocks m using 8x8 blocks and edge list
m sparsity-aware partitioning sparsity-aware partitioning + clustering

WV HP GG YT PK CA WT T™W FS

YH Mean

35
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Conclusion

* GraphSAR

— Improving energy efficiency/Accelerating graph processing
using ReRAM

— Design for different graph algorithms

— Both computation and storage optimization

: General
computation storage

optimization I optimization

GraphR  GraphSAR HyVE

Single Alg.

37
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