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facebook surpassed 1 billion active users

A Statistics

A More than 1 billion active users, even more objects
A Average user has 130 friends and connected to 80 community pages, groups, and events

A Graph characteristics
A Topology: Interaction graph is low-diameter and has no good separators
A Irregularity: Communities are not uniform in size
A Overlap: individuals are members of one or more communities

A Sample queries:
A Allegiance switching: identify entities that switch communities.
A Community structure: identify the genesis and dissipation of communities
A Phase change: identify significant change in the network structure



http://www.new.facebook.com/album.php?profile&id=20531316728
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Alrregularity in data structures

A Pointer- or linked-list based data structures such as graphs, unbalanced trees,
unstructured grids

A Very poor spatial and temporal locality
V Unpredictable data accesses
V Fine grained data accesses

Alrregularity in control
A Divergent branches
V If (vertex==x) z; else k
Alrregularity in communication patterns

A Unpredictable and fine grained communication
A A consequence of irregularity in data structures and in control

June 14, 2021
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AVery large datasets
A Way more than what is currently available for single cluster nodes
A Very difficult to partition in a balanced way

ALarge amounts of parallelism (e.g., each vertex, each edge in the graph)

A Usually, high synchronization intensity
A Concurrent activities accessing the same elements of the data structures

A Datasets may be dynamically updated

June 14, 2021
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AThe HPC community builds systems for scientific simulations.

AWe need systems for data analysis, discovery, and inferencing.

June 14, 2021



\%/ Desirable System Features for Irregular

Pacific

Northwest ~ Applications

AMultithreading
A Tolerate, rather than reduce (with caches/locality) data access latencies

A Global Address Space
A No necessity to explicitly partition the dataset

A Fine-grained synchronization
A May need to lock a single memory word

A Optimization: aggregation of fine-grained data accesses

June 14, 2021



\?/ Exemplar Irregular & Data Analytics Application:

Pacific

Northwest  (Sraph Databases

APromising solution to store large and heterogeneous datasets of these
application fields

A Organize data in form of triples
A Subject-predicate-object
A Following the Resource Description Framework (RDF)
A Set of triples represent a labeled, directed multigraph

AQueried through languages such as SPARQL
A Fundamental operation is graph matching

June 14, 2021
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A A software stack that implements a RDF
(graph) database on a homogeneous
commodity cluster

GEMS A Uses graph methods

A Converts SPARQL to graph pattern
matching routines in C++

SPARQL

Hand-coded C++

A Employs a custom Runtime (GMT i
Global Memory and Threading) which

provides:
[V.G. Castellana, A. Morari, J. Weaver, A. Tumeo, D. Haglin, O. A nghtwelght software mU|t|thread|ng
Villa, J. Feo:In-Memory Graph Databases for Web-Scale Data. A Message aggregation

IEEE Computer 48(3): 24-35 (2015)] A Global address space

June 14, 2021
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» Return the names of all persons owning at least two cars, of which at
least one Is a SUV

PERSON1 has_name JOHN

PERSON1 has_address ADDRI1 .

PERSON1 owns CAR1 . @ @ @
CAR1 of_type SEDAN .

CAR1 year 1997 .

PERSONZ2 has_name BOB
PERSON2 has_address ADDR2

PERSON2 owns CAR2 . ADDRI @ @ @ ADDR2 @ @
CAR2 of_type SEDAN .

CAR2 year 2012
PERSON2 owns CAR3
CAR3 of_type SUV

PERSON3 has_name MARY .

PERSON3 has_address ADDR2

has address pbwns \has name has name [owns has address \ owns has address /owns \has name

year of type of type year of type \year

PERSON3 owns CAR3
(a) Dataset in simplified N-Triples format (b) RDF Graph
SELECT DISTINCT ?I’lame 1 has_name = get_label ("has_name")
2 of_type = get_label ("of_type")
WHERE { 3 owns = get_label ("owns")
4 suv = get_label ("SUV")
?person owns ?Carl . 5 forall el in edges(x, of_type, suv)
6 ?2carl = source_node(el)
?person owns ?Car2 - 7 forall e2 in edges(», owns, ?carl)
8 ?person = source_node (e2)
?person has_name ?name - 9 forall e3 in edges(?person, owns, )
10 ?car2 = target_node (e3)
?Carl Of_type SUV . 11 if (2carl != ?car2)
12 forall e4 in edges (?person,has_name, x)
FILTER ( ?carl != ?car2 ) 13 ?name = target_node (e4)
14 tuples.add (<?name>)
} 15 distinct(tuples)

(c) Simplified SPARQL query (d) Pattern graph (€) Pseudocode
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Source Code Example

void search (Graph * graph, NodeIld var_2, Label p_var_3, LabelId

p_var_4, Labelld p_var_5, Labelld p_var_7,
Labelld p_var_9) {

LabellId p_var_8,

size_t in_degree_var_2 = getInDegree(graph, var_2);
Edge = var_2_1_inEdges = getInEdges(graph, var_2);
for(size_t i_var_3 = 0; i_var_3 < in_degree_var_2; i_var_3++) {
Labelld var_3; //el. with label "ub:subOrganizationOf"
var_3 = var_2_1_inEdges[i_var_3].property;
NodeId var_1; //el. with label "?Y"
var_1l = var_2_1_ inEdges([i_var_3].node;
if(var_3 == p_var_3)
size_t in_degree_var_1l = getlInDegree(graph, var_1l);

Edge % var_1_3_inEdges = getInEdges (graph,

var_1l);

for(size_t i_var_7 = 0; i_var_7 < in_degree_var_1; i_var_7++)

{

Labelld var_7; //el. with label "ub:worksFor

"

var_7 = var_1_3_inEdges[i_var_7] .property;

Nodeld var_6; //el. with label "?X"

var_6 = var_1_3_inEdges[i_var_7] .node;

if(var_7 == p_var_7) |
size_t out_degree_var_6 = getOutDegree(graph, var_6);
Edge * var_6_5_outEdges = getOutEdges(graph, var_6);
for(size_t i_var_9 = 0; i_var_9 < out_degree_var_6;

i_wvar_9++) {

Labelld var_9; //el. with label "rdf::type"

var_9 = var_6_5_outEdges[i_var_9)] .property;
NodeId wvar_8; //el. with label "ub:FullProfessor"”
var_8 = var_6_5_outEdges[i_var_9].node;
if((var_9 == p_var_9) && (var_8 == p_var_8)) {
size_t out_degree_var_1l = getOutDegree(graph, var_1l);

Edge + var_1l_7_outEdges = getQutEdges(graph, var_l);
for (size_t i_var_5=0; i_var_5<out_degree_var_1;

i_wvar_5++) {
Labelld var_5; //el. with label

"rdf::type"

var_5 = var_1_7_outEdges[i_var_5] .property;

NodeId wvar_4; //el. with label "ub:Department"”
var_4 = var_1_7_outEdges[i_var_5].nocde;
if((var_5 == p_var_5) && (var_4 == p_var_4))

insertResults(var_6);

void kernel(size_t i_var3, Edge * var_2_1_inEdges, Graph

* graph, Nodeld var_2, Label p_var_3, LabellId
p_var_4, Labelld p_var_5, LabelId p_var_7, Labelld
p_var_8, Labelld p_var_9) {

LabellId var_3; //el. with label "ub:subOrganizationOf"

var_3 = var_2_1_inEdges[i_var_3].property;

NodelId var_1; //el. with label "2Y"

var_1l = var_2_1_inFdges[i_var_3].ncde;

if (var_3 == p_var_3) {
size_t in_degree_var_1 = getInDegree(graph, var_1);
Edge = var_1_3_inEdges = getInEdges(graph, var_1);
for(size_t i_var_7 = 0; i_var_7 < in_degree_var_1;

i_var_T7++) |
// Same as Fig. 5a lines [13--38]

void search(Graph *» graph, Nodeld var_2, Label p_var_3,

Labelld p_var_4, Labelld p_var_5, Labelld p_var_7,
LabelId p_var_8, LabellId p_var_9) {
size_t in_degree_var_2 = getInDegree (graph, wvar_2);
Edge * var_2_1_inEdges = getInEdges(graph, var_2);

size_t i_var_ 3;
for (i_var_3=0; i_var_3 < in_degree_var_2%4; i_var_3++)
{
kernel (i_var3, var_2_1_inEdges, graph, p_var_3,
p_var_4, p_var_5, p_var_7, p_var_8, p_var_9);

}

for(; i_var_3 < in_degree_var_2%4; i_var_3+=4) {
kernel (i_var3, var_2_1_inEdges, graph, p_var_3,
p_var_4, p_var_5, p_var_7, p_var_8, p_var_9);
kernel (i_var3+l, var_2_1_inEdges, graph, p_var_3,
p_var_4, p_var_5, p_var_7, p_var_8, p_var_9);
kernel (i_var3+2, var_2_1_inEdges, graph, p_var_3,
p_var_4, p_var_5, p_var_7, p_var_8, p_var_9);
kernel (i_var3+3, var_2_1_inEdges, graph, p_var_3,
p_var_4, p_var_5, p_var_7, p_var_8, p_var_9);
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(a)

(b)

Fig. 5: Pseudo code for the pattern matching routines of example query Q6
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AFPGAs provide an opportunity to implement application specific accelerators i
fast, and power efficient

AFlexibility challenge: implementing accelerators in RTL (Register Transfer
Level) languages is complex and time consuming

A High-Level Synthesis (HLS): synthesizing RTL from descriptions in higher level
languages (e.g., C)

A However, conventional HLS tools typically target Digital Signal Processing algorithms,
| .e., typical Aregqgul aro applications

AWe can accelerate GEMS by:
A Implementing some parts of the runtime on FPGA

A Directly synthesizing queries (i.e., graph pattern matching routines)
V Synthesis time is not a limitation: queries do not change often, datasets do

June 14, 2021
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. AC code generated by GEMS SPARQL-to-C++
tﬂ translator
oy sasensse 1 ACode is then processed by Bambu, a High Level
s . = Synthesis tool from Politecnico di Milano
T e A Heavily modified to support our new architectural
****** templates

ANote: accelerating graph walks is a more complex
problem than accelerating table operations

Bambu
HLS

[V. G. Castellana, M. Minutoli, A. Morari, A. Tumeo, M. Lattuada, F.

/

| MPI+pthread || Verilog Ferrandi: High Level Synthesis of RDF Queries for Graph Analytics.
l ICCAD 2015]
Y
Commodity Cluster FPGA/ [M. Minutoli, V. G. Castellana, A. Tumeo: High-Level Synthesis of
ot EEi=allE SPARQL queries. SC15 poster]

June 14, 2021
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AChallenge 1: Coarse grained parallelism exploitation

A Most HLS approaches focus on exploiting ILP and do not support TLP specifications
(expressed through parallel programming APIs such as OpenMP, CUDA, OpenCL)

A Concurrency and synchronization management

A Target architecture design: HLS flows usually generate Finite State Machines with
Datapaths, which are inherently serial

AChallenge 2: Support for complex memory subsystems
A Dynamic resolution of memory addresses
A Pointer-based data structures
A Memory consistency and synchronization
A Barriers, Atomic memory operations
A Distributed/multi-ported memories

June 14, 2021



7 Solving Challenge 1: Parallel Distributed

Pacific

Nerthwest — Controller

AFrom serial FSMD to a parallel distributed controller

A Architecture:

A Set of communicating control elements, called Execution Managers (EMs)
V Each EM establishes when an operation/task can start at runtime
V Dynamic execution paradigm

A Dedicated hardware (Resource Managers i RMs) for checking:
V Satisfaction of dependence constraints
V Resource availability

A Natural support for variable latency operations/tasks
V ASAP execution

June 14, 2021



Pacific

Northwest Example of Parallel Distributed Controller

‘ o,
EM1 l slarts, h‘
cone
et T~

U U — <
FU: A FU: B A 4 e 1]
Ems 2 —

I -

donal . I
EME e F s
1 choned J ) RM




7 Solving Challenge 2: Hierarchical Memory
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Northwest  [Nterface Controller (HMI)

start-i start-j

_ - _ -
address-i - address-| -
data-i - data-j - Ve Castel AT -
| load-i | load] [V.G. ..ase ana, . Tumeo, F.
58 - 58 - Ferrandi: An adaptive Memory
sel store-i > MIC sel store-j - MEMORY Interface Controller for improving
PORTS - J bandwidth utilization of hybrid and
. . figurable systems. DATE 2014.]
done-i done-j recon
-4 -
result-i result-j
-4 -

A Allows concurrent memory accesses on distributed/multi-ported shared
memories

ADynamically resolves memory addresses
AManages concurrency and synchronization (supporting atomic operations)
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AManages concurrency
A Provides memory scrambling (solves hotspot)

A Collects memory requests, and if their target addresses collide, it forwards them one at
a time

A Each memory port is managed by a dedicated arbiter
A No delay penalties

AManages synchronization
A Directly implements atomic operations (e.g. atomic increment, compare and swap)
A Inside the interface, through dedicated hardware
A While running, atomic operations lock the associated memory port

June 14, 2021
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funA MODULE
funC MODULE
7};;7Bﬁl\7/i656i_Eﬁi funD MdDULE funE MODULE
) M| M| M| M|
) funA | funB | | funD | funE
A A A A
runD reqD rung reqE
Y 4
runA regA ackB reqB ARBITER funC
A
runC reqC
un| ARBITER funA

A A function is a module, and can contain other function modules

A Function modules can use parallel controller (e.g., launching iterations of a loop, where each iteration has a
corresponding hardware kernel), or a FSMD module (e.g., the loop iteration itself)

A Allows generating accelerators for irregular codes with nested loops
A Graph algorithms & queries
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A Lehigh University Benchmark (reference benchmark for the semantic web)
A 5,309,056 triples (LUBM-40); Queries Q1-Q7

June 14, 2021



