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Performance Is Important
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PageRank Example in C++

void pagerank(Graph &graph, double * new_rank, double * old_rank, int * out_degree, int max_iterK

for (I = 0; | < max_iter; i++) {

for (src : graph.vertices()) {

for (dst : graph.getOutgoingNeighbors(node)) {
new_rank[dst] += old_rank[src]/out_degree][src]; } }

for (node : graph.vertices()) {

new_rank[node] = base_score + damping*new_rank[node]; }
swap (old_rank, new_rank); }

}



PageRank Example in C++

void pagerank(Graph &graph, double * new_rank, double * old_rank, int * out_degree, int max_iterK
for (1 =0; 1 < max_iter; 1++
for (src : graph.vertices()) {
for (dst : graph.getOutgoingNeighbors(node)) {

new_rank[dst] += old_rank[src]/out_degree[src]; } }
or (node : graph.vertices
new_rank[node] = base_score + damping*new_rank[node]; }
swap (old_rank, new_rank); }

}




PageRank Example in C++

void pagerank(Graph &graph, double * new_rank, double * old_rank, int * out_degree, int max_iterK
for (i = 0; 1 < max_iter; I++) {
for (src : graph.vertices()) {
for (dst : graph.getOutgoingNeighbors(node)) {
new_rank|dst| += old_rank|src]/out degree]src];

}



Hand-Optimized C++

void edgeset_apply_pull_parallel(Graph &g, APPLY_FUNC apply_func) A

int64_t numVertices = g.num_nodes(), numEdges = g.num_edges();
parallel_for(int n = 0; n < numVertices; n++) { MOre than 23X faSter

f (int ketId = 0; ketId < _get_num_pl (); ketId++) { .
O otal mew rank[socketTdl [n] = nen rankInls y 3 o ¢ socxenian Intel Xeon E5-2695 v3 CPUs with 12 cores
int numPlaces = omp_get_num_places();
10T MTBEGTETES = 6 e Al e each for a total of 24 cores.

int segmentsPerSocket = (numSegments + numPlaces - 1) / numPlaces;
#pragma omp parallel num_threads(numPlaces) proc_bind(spread){
int socketId = omp_get_place_num();
for (int i = 0; i < segmentsPerSocket; i++) {
int segmentId = socketId + i x numPlaces;
if (segmentId >= numSegments) break;
auto sg = g.getSegmentedGraph(std::string("sl"), segmentld);
#pragma omp parallel num_threads(omp_get_place_num_procs(socketId)) proc_bind(close){
#pragma omp for schedule(dynamic, 1024)
for (NodeID localld = 0; localld < sg—>numVertices; localld++) {
NodeID d = sg—>graphId[localld];
for (int64_t ngh = sg—>vertexArray[localld]; ngh < sg—>vertexArray[localld + 1]; ngh++) {
NodeID s = sg—>edgeArrayl[nghl;
local_new_rank[socketId] [d] += contribl[s]; }}}}}
parallel_for(int n = 0; n < numVertices; n++) {
for (int socketId = 0; socketId < omp_get_num_places(); socketId++) 1
new_rank[n] += local _new rank[socketId][nl; }}}
struct updateVertex {
void operator() (NodeID v) {
double old score = old_rankl[v];
new_rank[v] = (beta_score + (damp * new_rankl[v]));
error[v] = fabs((new_rank[vl - old_rankl[v])) ;
old_rank[v] = new_rankl[v];
new_rank[v] = ((float) @) ; }; };
void pagerank(Graph &g, double *xnew_rank, double xold_rank, int xout_degree, int max_iter) {
for (int i = (0); i < (max_iter); i++) {
parallel_for(int v_iter = 0; v_iter < builtin_getVertices(edges); v_iter ++) {
contrib[v] = (old_rank[v] / out_degreelvl);};
edgeset_apply_pull_parallel(edges, updateEdge());
parallel_for(int v_iter = 0; v_iter < builtin_getVertices(edges); v_iter ++) {
updateVertex() (v_iter); }; }

v



Hand-Optimized C++

void edgeset_apply_pull_parallel(Graph &g, APPLY_FUNC apply_func) A

int64_t numVertices = g.num_nodes(), numEdges = g.num_edges();
parallel_for(int n = 0; n < numVertices; n++) { MOre than 23X faSter

f (int ketId = 0; ketId < _get_num_pl (); ketId++) { .
O otal mew rank[socketTdl [n] = nen rankInls y 3 o ¢ socxenian Intel Xeon E5-2695 v3 CPUs with 12 cores
int numPlaces = omp_get_num_places();
10T MTBEGTETES = 6 e Al e each for a total of 24 cores.

int segmentsPerSocket = (numSegments + numPlaces - 1) / numPlaces;
#pragma omp parallel num_threads(numPlaces) proc_bind(spread){
int socketId = omp_get_place_num();
for (int i = 0; i < segmentsPerSocket; i++) { -
int segmentId = socketId + i x numPlaces; MUItl'Threaded
if (segmentId >= numSegments) break;
auto sg = g.getSegmentedGraph(std::string("sl"), segmentld);
#pragma omp parallel num_threads(omp_get_place_num_procs(socketId)) proc_bind(close){
#pragma omp for schedule(dynamic, 1024) l'()E!(i ESE]IEir\(:GEC’
for (NodeID localld = 0; localld < sg—>numVertices; localld++) {
NodeID d = sg—>graphId[localld]; - .
for (int64_t ngh = sg—>vertexArrayl[localld]; ngh < sg->vertexArray[localld + 1]; ngh++) { NUMA Opt|m|zed
NodeID s = sg—>edgeArrayl[nghl;
local_new_rank[socketId] [d] += contribl[s]; }}}}}
parallel_for(int n = 0; n < numVertices; n++) { o
for (int socketId = 0; socketId < omp_get_num_places(); socketId++) { Cache Opt|m|zed
new_rank[n] += local _new rank[socketId][nl; }}}
struct updateVertex {
void operator() (NodeID v) {
double old score = old_rankl[v];
new_rank[v] = (beta_score + (damp * new_rankl[v]));
error[v] = fabs((new_rank[vl - old_rankl[v])) ;
old_rank[v] = new_rankl[v];
new_rank[v] = ((float) @) ; }; };
void pagerank(Graph &g, double *xnew_rank, double xold_rank, int xout_degree, int max_iter) {
for (int i = (0); i < (max_iter); i++) {
parallel_for(int v_iter = 0; v_iter < builtin_getVertices(edges); v_iter ++) {
contrib[v] = (old_rank[v] / out_degreelvl);};
edgeset_apply_pull_parallel(edges, updateEdge());
parallel_for(int v_iter = 0; v_iter < builtin_getVertices(edges); v_iter ++) {
updateVertex() (v_iter); }; }
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Hand-Optimized C++

void edgeset_apply_pull_parallel(Graph &g, APPLY_FUNC apply_func) A

int64_t numVertices = g.num_nodes(), numEdges = g.num_edges();
parallel_for(int n = 0; n < numVertices; n++) { MOre than 23X faSter

for (int socketId = 0; socketId < omp_get_num_places(); socketId++) { .
local_new_rank[socketId] [n] = new_rank[n]; } } Intel Xe0n E5'2695 V3 CPUS W]th 12 cores

int numPlaces = omp_get_num_places();
int numSegments = g.getNumSegments("s1"); each for a total of 24 cores.
int segmentsPerSocket = (numSegments + numPlaces - 1) / numPlaces;

#pragma omp parallel num_threads(numPlaces) proc_bind(spread){

int socketId = omp_get_place_num();

for (int i = 0; i < segmentsPerSocket; i++) { -
int segmentId = socketId + i *x numPlaces; MUItl'Threaded
if (segmentId >= numSegments) break;
auto sg = g.getSegmentedGraph(std::string("sl"), segmentld);
#pragma omp parallel num_threads(omp_get_place_num_procs(socketId)) proc_bind(close){
#pragma omp for schedule(dynamic, 1024) l'()E!(i EBE]IEif\(:GE(’
for (NodeID localld = 0; localld < sg—>numVertices; localld++) {
NodeID d = sg—>graphId[localld]; - .
for (int64_t ngh = sg—>vertexArrayl[localld]; ngh < sg->vertexArray[localld + 1]; ngh++) { NUMA 0pt|m|zed
NodeID s = sg—>edgeArrayl[nghl;
local_new_rank[socketId] [d] += contribl[s]; }}}}}
parallel_for(int n = 0; n < numVertices; n++) { o
for (int socketId = 0; socketId < omp_get_num_places(); socketId++) { Cache Opt|m|zed
new_rank[n] += local _new rank[socketId][nl; }}}
struct updateVertex {
void operator() (NodeID v) {
double old score = old_rankl[v];
new_rank[v] = (beta_score + (damp * new_rankl[v])); i
error[v] = fabs((new_rank[v] - old_rank([v])) ; (1) Hard tO erte CorreCtIy'
old_rank[v] = new_rankl[v];

new_rank[v] = ((float) 0) ; }; }; 1fFf3 :
void pagerank(Graph &g, double *xnew_rank, double xold_rank, int xout_degree, int max_iter) { (2) EXtremer dlﬁlCUIt to experlment
for (int 1 = (0); i < (max_iter); i++) { - s o g
parallel_for(int v_iter = 0; v_iter < builtin_getVertices(edges); v_iter ++) { ‘A’rtl] (jlfffarfar]t (:()'11t)|r]€it|()r1f; ()f
contrib[v] = (old_ranklv] / out_degreelv]);}; == 5
edgeset_apply_pull_parallel(edges, updateEdge()); Optlmlzatlons

parallel_for(int v_iter = 0; v_iter < builtin_getVertices(edges); v_iter ++) {
updateVertex() (v_iter); }; }
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Graphlt

A Domain-Specific Language for Graph Applications

e Decouple algorithm from optimization for graph applications
e Algorithm: What to Compute

e Optimization (schedule): How to Compute

10



Graphlt

A Domain-Specific Language for Graph Applications

e Decouple algorithm from optimization for graph applications
e Algorithm: What to Compute
e Optimization (schedule): How to Compute

e Optimization (schedule) representation
e Easy to use for users to try different combinations

* Powerful enough to beat hand-hand-optimized libraries by up to 4.8x
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Outline

Graph Applications Overview
Optimization Tradeoff Space

Graphlt DSL

Evaluation
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Data-Driven Algorithms
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Data-Driven Algorithms




Data-Driven Algorithms

! :
7

Work on a subset of vertices and edges
(Data-Driven)
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Data-Driven Algorithms
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Graph Execution Hardware

Xeon Phi

Distributed Cluster
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Outline
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Push Traversal




Push Traversal

=73

Incurs overhead with atomics
Traverses no extra edges
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Pull Traversal
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N\,

Incurs no overhead from atomics

Traverses extra edges
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Partitioning




Partitioning




Partitioning

?

Improves locality
Needs extra instructions to traverse two graphs
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Optimization Tradeoff Space

Locality

Parallelism Work-Efficiency
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Optimization Tradeoff Space
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Optimization Tradeoff Space
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Optimization Tradeoff Space

Locality

@® Push
@® Pull

@® Partitioning
@® Vertex-Parallel
@ Bitvector

Parallelism Work-Efficiency



Optimizations
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Optimizations
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Algorithms

Optimizations
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Graphs

%z*i ® f Hardware

Algorithms

Optimizations
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Graphs

Hardware

Algorithms

Optimizations

Pull
Partitioning

Vertex-Parallel
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Graphlt DSL

]

T
o o

Algorithm Representation Optimization Representation Autotuner
(Algorithm Language)

e Scheduling Language
e Schedule Representation
(e.g. Graph lteration Space)
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Graphlt DSL

Algorithm Representation
(Algorithm Language)



Algorithm Language
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Algorithm Language




Algorithm Language

to(vertexset)

.srcFilter(func)
.dstFilter(func)

.apply(func)
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Algorithm Language

edges.apply(func) edges.from(vertexset) |yertices.apply(func)
to(vertexset)

.srcFilter(func)
.dstFilter(func)

.apply(func)

50



PageRank Example

=<

func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank[src] / out_degree|[src]
end

51



PageRank Example

O
.( func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank[src] / out_degree|[src]

end

?
func updateVertex (v: Vertex)

{i
.

new_rank|[v] = beta_score + 0.85*new_rank]v];
old_rank[v] = new_rank|v];
new_rank|v] = 0;

end

52



PageRank Example

O
.( func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank[src] / out_degree|[src]

end

?
func updateVertex (v: Vertex)

{i
.

new_rank|[v] = beta_score + 0.85*new_rank]v];
old_rank[v] = new_rank|v];
new_rank|v] = 0;

end

func main()
fori1in 1:max_iter
#s1# edges.apply(updateEdge);
vertices.apply(updateVertex);
end
end

53



PageRank Example

Q(" func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank[src] / out_degree|[src]
end
?
func updateVertex (v: Vertex)

new_rank|[v] = beta_score + 0.85*new_rank|v];

old_rank|[v] = new_rank|v];
new_rank|v] = 0;
end
S
func main()
O

foriin 1:max iter

ts1# edges.apply(updateEdge);

vertices.apply(updateVertex);
end
end

54



PageRank Example

func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank[src] / out_degree|[src]
end

func updateVertex (v: Vertex)
new_rank|v] = beta_score + 0.85*new_rank|v];

old_rank|[v] = new_rank|v];
new_rank|v] =

func main()
@ for i in 1:max_iter

55



Graphlt DSL

Optimization Representation

e Scheduling Language
e Schedule Representation
(e.g. Graph lteration Space)
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Graphlt DSL

Optimization Representation

e Scheduling Language
e Schedule Representation
(e.g. Graph lteration Space)
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Scheduling Language

func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank[src] / out_degree|[src]
end

func updateVertex (v: Vertex)
new_rank|[v] = beta_score + 0.85*new_rank]v];
old_rank[v] = new_rank|v];
new_rank|v] = 0;

end

func main()
fori1in 1:max_iter
#s1# edges.apply(updateEdge);
vertices.apply(updateVertex);
end
end

58



Scheduling Language

func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank[src] / out_degree[src]
end

func updateVertex (v: Vertex)
new_rank[v] = beta_score + 0.85*new_rank|v];
old_rank[v] = new_rank][v];
new_rank[v] = 0;

end

func main()
for 1 in 1:max_iter
#s1# edges.apply(updateEdge);
vertices.apply(updateVertex);
end
end

58



Scheduling Language

Algorithm Specification

func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank][src] / out_degree|[src]
end

func updateVertex (v: Vertex)
new_rank[v] = beta_score + 0.85*new_rank][v];
old_rank|[v] = new_rank[v];
new_rank[v] = 0;

end

func main()
foriin 1:max_iter
#s1# edges.apply(updateEdge);
vertices.apply(updateVertex);
end
end
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Schedule 1

func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank][src] / out_degree|[src]
end

Algorithm Specification

func updateVertex (v: Vertex)
new_rank[v] = beta_score + 0.85*new_rank][v];
old_rank|[v] = new_rank[v];
new_rank[v] = 0;

end

func main()
foriin 1:max_iter
#s1# edges.apply(updateEdge);
vertices.apply(updateVertex);
end
end

Scheduling Functions

schedule:
program->configApplyDirection(“s1”, “SparsePush”);
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Schedule 1

func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank][src] / out_degree|[src]
end

Algorithm Specification

func updateVertex (v: Vertex)
new_rank[v] = beta_score + 0.85*new_rank][v];
old_rank|[v] = new_rank[v];
new_rank[v] = 0;

end

func main()
for

ax_iter

M lges.apply(updateEdge);
vertices.apply(updateVertex);
end

end

Scheduling Functions

schedule:
program->configApplyDirection

SparsePush”);

o1



Schedule 1

Algorithm Specification Pseudo Generated Code
func updateEdge (src: Vertex, dst: Vertex) double * new_rank = new double[num_verts];
new_rank[dst] += old_rank[src] / out_degree[src] double * old_rank = new double[num_verts];
end int * out_degree = new intflnum_verts];

func updateVertex (v: Vertex)
new_rank[v] = beta_score + 0.85*new_rank][v];

gleo‘l,i?::&‘g,]lng;vv_rank[v]; for (NodelD src : vertices) {

end for(NodelD dst : G.getOutNgh(src)){

new_rank|[dst] += old_rank|src] / out_degree[src];
func main() )

fg a=lzmax_iter
#s1# e

lges.apply(updateEdge); ]
2s.apply(updateVertex);

end

Scheduling Functions

schedule:
program->configApplyDirection

SparsePush”);
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Schedule 2

Algorithm Specification Pseudo Generated Code
func updateEdge (src: Vertex, dst: Vertex) double * new_rank = new double[num_verts];
new_rank[dst] += old_rank[src] / out_degree[src] double * old_rank = new double[num_verts];
end int * out_degree = new intflnum_verts];

func updateVertex (v: Vertex)
new_rank[v] = beta_score + 0.85*new_rank][v];

zleo‘l,i?::m,]lng;‘mrank[v]; parallel_for (NodelD src : vertices) {

end for(NodelD dst : G.getOutNgh(src)){
atomic_add (new_rank|[dst],

func main() old_rank[src] / out_degree[src] );

foriin 1:max_iter
#s1# edges.apply(updateEdge); }
vertices.apply(updateVertex); ]
end
end

Scheduling Functions

schedule:
program->configApplyDirection(“s1”, “SparsePush”);
program->configApplyParallelization(“s1”, “dynamic-vertex-parallel’);
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Schedule 3

Algorithm Specification

func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank][src] / out_degree|[src]
end

func updateVertex (v: Vertex)
new_rank[v] = beta_score + 0.85*new_rank][v];
old_rank|[v] = new_rank[v];
new_rank[v] = 0;

end

func main()
foriin 1:max_iter
#s1# edges.apply(updateEdge);
vertices.apply(updateVertex);
end
end

Scheduling Functions

schedule:
program->configApplyDirection(“s1”, “DensePull”);

Pseudo Generated Code

double * new_rank = new double[num_verts];
double * old_rank = new double[num_verts];
int * out_degree = new int[num_verts];

parallel_for (NodelD dst : vertices) {
for(NodelD src : G.getinNgh(dst)){

new_rank[dst] += old_rank[src] / out_degree|[src];

}
}

program->configApplyParallelization(“s1”, “dynamic-vertex-parallel”);
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Schedule 4

Algorithm Specification Pseudo Generated Code
func updateEdge (src: Vertex, dst: Vertex) double * new_rank = new double[num_verts];
new_rank[dst] += old_rank[src] / out_degree[src] double * old_rank = new double[num_verts];
end int * out_degree = new intflnum_verts];

func updateVertex (v: Vertex)

new_rank[v] = beta_score + 0.85*new_rank][v]; for (Subgraph sg : G.subgraphs) {
gleo:’i?::&ﬂ]':"g;‘"—ra"k[v]’ parallel_for (NodelD dst : verticesa) {
end for(NodelD src : G.getiInNgh(dst)){
new_rank[dst] += old_rank[src] / out_degree|[src];
func main() !
foriin 1:max_iter
#s1# edges.apply(updateEdge); }
vertices.apply(updateVertex); ]
end
end

Scheduling Functions

schedule:
program->configApplyDirection(“s1”, “DensePull”);
program->configApplyParallelization(“s1”, “dynamic-vertex-parallel”);
program->configApplyNumSSG(“s1”, “fixed-vertex-count”, 10);
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Speedups of Schedules

18.75

12.5

Speedups

6.25

o .

Schedulel Schedule2 Schedule3 Schedule4

Intel Xeon E5-2695 v3 CPUs with 12 cores each for a total of 24 cores and 48 hyper-threads.
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Many More Optimizations

* Direction optimizations (configApplyDirection),
e SparsePush, DensePush, DensePull, DensePull-
SparsePush, DensePush-SparsePush
 Parallelization strategies (configApplyParallelization)
* serial, dynamic-vertex-parallel, static-vertexparallel,
edge-aware-dynamic-vertex-parallel, edge-parallel
e Cache (configApplyNumSSGQG)
* fixed-vertex-count, edge-aware-vertexcount
* NUMA (configApplyNUMA)
* serial, static-parallel, dynamic-parallel
e A0S, SoA (fuseFields)
* Vertexset data layout (configApplyDenseVertexSet)

* bitvector, boolean array
6/



Graphlt DSL

Optimization Representation

° Schedulini Laniuaie
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Schedule Representation

Algorithm Specification Scheduling Functions

schedule:
program->configApplyDirection(“s1”, “SparsePush”);
program->configApplyParallelization(“s1”, “dynamic-vertex-parallel”);

func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank[src] / out_degree|[src]
end

func updateVertex (v: Vertex)
new_rank|[v] = beta_score + 0.85*new_rank|v];
old_rank|[v] = new_rank][v];
new_rank|[v] = 0;

end

func main()
foriin 1:11
#s1# edges.apply(updateEdge);
vertices.apply(updateVertex);
end
end

LT

Graphlt Compiler
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Schedule Representation

Algorithm Specification Scheduling Functions

schedule:
program->configApplyDirection(“s1”, “SparsePush”);
program->configApplyParallelization(“s1”, “dynamic-vertex-parallel”);

func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank[src] / out_degree|[src]
end

func updateVertex (v: Vertex)
new_rank|[v] = beta_score + 0.85*new_rank|v];
old_rank|[v] = new_rank][v];
new_rank|[v] = 0;

end

func main()
foriin 1:11
#s1# edges.apply(updateEdge);
vertices.apply(updateVertex);
end
end

%

Graphlt Compiler

Pseudo Generated Code

parallel_for (NodelD src : vertices) {
for(NodelD dst : G.getOutNgh(src)){
new_rank|[dst] = atomic_add ( new_rank|dst],
old_rank[src] / out_degree[src] );
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Schedule Representation

Algorithm Specification Scheduling Functions

schedule:
program->configApplyDirection(“s1”, “SparsePush”);
program->configApplyParallelization(“s1”, “dynamic-vertex-parallel”);

func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank[src] / out_degree|[src]
end

func updateVertex (v: Vertex)
new_rank|[v] = beta_score + 0.85*new_rank|v];
old_rank|[v] = new_rank][v];
new_rank|[v] = 0;

end

Internal Schedule Representation

func main()
foriin 1:11
#s1# edges.apply(updateEdge);
vertices.apply(updateVertex);
end
end

Pseudo Generated Code

parallel_for (NodelD src : vertices) {
for(NodelD dst : G.getOutNgh(src)){
new_rank|[dst] = atomic_add ( new_rank|dst],
old_rank[src] / out_degree[src] );
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Schedule Representation

Algorithm Specification Scheduling Functions

schedule:
program->configApplyDirection(“s1”, “SparsePush”);
program->configApplyParallelization(“s1”, “dynamic-vertex-parallel”);

func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank[src] / out_degree[src]
end

func updateVertex (v: Vertex)
new_rank|[v] = beta_score + 0.85*new_rank|v];
old_rank|[v] = new_rank][v];
new_rank[v] = 0;

Internal Schedule Representation

end
func main()
foriin 1:11
#s1# edges.apply(updateEdge); o ] o
vertices.apply(updateVertex); Reason about Optimization Composition,
en‘;"d Validity, and Code Generation

Pseudo Generated Code

parallel_for (NodelD src : vertices) {
for(NodelD dst : G.getOutNgh(src)){
new_rank|[dst] = atomic_add ( new_rank|dst],
old_rank[src] / out_degree[src] );
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Iteration Spaces

* \ery versatile representation of lteration Space Representation
dense loops and arrays i (1)_@_@_@ g}_@_@_@
e Used for:

+ Program analyses O—0O—0O—0 O—O—0O—0
—O—0O— —O0—0—<

e Composition of complex <

loop transformations O—O)—O—)—1 (O—COO)—O)—)—1

e Framework for code
generation

lteration Space Vectors

<i, j> <i1, J1, i2, j2>
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Iteration Spaces

* \ery versatile representation of lteration Space Representation
dense loops and arrays i (1)_@_@_@ g}_@_@_@
e Used for:

+ Program analyses O—0O—0O—0 O—O—0O—0
—O—0O— —O0—0—<

e Composition of complex <

loop transformations O—O)—O—)—1 (O—COO)—O)—)—1

e Framework for code
generation

lteration Space Vectors

_ <i, j> <i1, J1, i2, j2>
We extend it to sparse loops

4



Graph Iteration Space

Edges.apply(F);

Input Graph



Edges.apply(F);

Input Graph

\ 4

Outerlter [dst]

—

/6

Graph Iteration Space

Innerlter [src]
VO V1 V2 V3

Adjacency Matrix



Dense lteration Space

Innerlter [src]
VO V1 V2 V3

Edges.apply(F);

1%

for Outerlter in [vO-v3] do %

for Innerlter in [vO-v3] do [T

If edge (Outerlter, Innerlter) exists —

[

F(Outerlter, Innerlter) =

done O
done

Iteration Space Vector Adjacency Matrix

< Quterlter, Innerlter >

’r’



Dense lteration Space

Innerlter [src]
VO V1 V2 V3

Edges.apply(F);

1%

for Outerlter in [vO-v3] do %

for Innerlter in [vO-v3] do [T

If edge (Outerlter, Innerlter) exists —

O

F(Outerlter, Innerlter) =

done O
done

Iteration Space Vector Adjacency Matrix

< Quterlter, Innerlter >

/8



Edges.apply(F);

for Outerlter [dst] in vertices:
for Innerlter [src] in in_ngh(Outerlter):
F (Outerlter,Innerlter);

Ilteration Space Vector

< Outerlter|[dst], Innerlter|src] >

79

Outerlter [dst]

<
O

<
—

<
N

<
o

Graph Iteration Space

Innerlter [src]
VO V1 V2 V3

0

0

0

o | O | O | O

Adjacency Matrix



Graph Iteration Space

Innerlter [srcl

Edges.apply(F);

VO V1 V2 V3

=
3 0 O

o
S 0O O

O
1 0

Segmented Subgraphs
(SSG)

30



Edges.apply(F);

Ilteration Space Vector

Graph Iteration Space

Innerlter [srcl

VO VL VA VS

<
.-

Outerlter [dst]

I

Blocked

Subgraph
(BSG)

Segmented Subgraphs
(SSG)
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Edges.apply(F);

for SSG In partitioned SSGs:
for BSG in SSG:
for Outerlter [dst] in BSG:
for Innerlter [src] in_ngh(Outerlter):
F (Outerlter,Innerlter);

Ilteration Space Vector

Graph Iteration Space

Innerlter [srcl

VO VL VA VS

<
.-

<
N

Outerlter [dst]

<
oy

I
Blocked
Subgraph

(BSG) Segmented Subgraphs

(SSG)
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Graph Iteration Space

Innerlter [srcl

VO VL VA VS

Edges.apply(F);

for SSG In partitioned SSGs:
for BSG in SSG:
for Outerlter [dst] in BSG:
for Innerlter [src] in_ngh(Outerlter):
F (Outerlter,Innerlter);

:
Iteration Space Vector Blocked

Subgraph
(BSG)

< SSG, BSG, Outerlter [dst], Innerlter [src] >

<
.-

<
N

Outerlter [dst]

<
oy

Segmented Subgraphs
(SSG)
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Graph Iteration Space

Innerlter [srcl

VO VL VA VS

Edges.apply(F);

for SSG In partitioned SSGs:
for BSG in SSG:
for Outerlter [dst] in BSG:
for Innerlter [src] in_ngh(Outerlter):
F (Outerlter,Innerlter);

:
Iteration Space Vector Blocked

Subgraph Segmented Subgraphs
(BSG) (SSG)
< SSG [tags], BSG [tags], Outerlter [dst, tags], Innerlter [src, tags] >

<
.-

<
—

<
N

Outerlter [dst]

<
oy

Augmented with Parallelization, Partitioning, Data Layout Tags
84



Graphlt DSL
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Schedule 4

func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank][src] / out_degree|[src]
end

Algorithm Specification

func updateVertex (v: Vertex)
new_rank[v] = beta_score + 0.85*new_rank][v];
old_rank|[v] = new_rank[v];
new_rank[v] = 0;

end

func main()
foriin 1:11
#s1# edges.apply(updateEdge);
vertices.apply(updateVertex);
end
end

Scheduling Functions

schedule:
program->configApplyDirection(“s1”, “DensePull”);
program->configApplyParallelization(“s1”, “dynamic-vertex-parallel”);
program->configApplyNumSSG(“s1”, “fixed-vertex-count”, 10);
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Schedule 4

func updateEdge (src: Vertex, dst: Vertex)
new_rank[dst] += old_rank][src] / out_degree|[src]
end

Algorithm Specification

func updateVertex (v: Vertex)
new_rank[v] = beta_score + 0.85*new_rank][v];
old_rank|[v] = new_rank[v];
new_rank[v] = 0;

end

func main()

fo;i 1i; 121 v(undateEdae) Finding the best schedule can

s1# edges.apply(updateEdge);

e e T T o FL A o o be hard for non-experts.
end

end

§ Scheduling Functions
$ schedule:
a program->configApplyDirection(*s1”, “DensePull”); &

program->configApplyParallelization(“s1”, “dynamic-vertex-parallel”); 5 ,
program->configApplyNumSSG(“s1”, “fixed-vertex-count”, 10); ; :
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oal

2\
;

E Algorithm Specification

\
)

func updateEdge (src: Vertex, dst: Vertex) |
new_rank[dst] += old_rank][src] / out_degree|[src] ? :
end ¥

Ideally, the user only need
to write the algorithm

func updateVertex (v: Vertex)
| new_rank[v] = beta_score + 0.85*new_rank][v];
h old_rank[v] = new_rank[v];
new_rank[v] = 0;
end

func main()
foriin 1:11
#s1# edges.apply(updateEdge); -
| vertices.apply(updateVertex);
4 end
3 end
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Algorithm Specification ) ®
func updateEdge (src: Vertex, dst: Vertex) @<
new_rank[dst] += old_rank][src] / out_degree|[src]
end ‘Q\I

func updateVertex (v: Vertex) Input Graphs
new_rank[v] = beta_score + 0.85*new_rank][v];

old_rank[v] = new_rank]v];
new_rank|[v] = 0;
end

func main()
foriin 1:11
#s1# edges.apply(updateEdge);
vertices.apply(updateVertex);
end
end

Autotuner
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Algorithm Specification ) ®
func updateEdge (src: Vertex, dst: Vertex) @<
new_rank[dst] += old_rank][src] / out_degree|[src]
end ‘Q\I

func updateVertex (v: Vertex) Input Graphs
new_rank[v] = beta_score + 0.85*new_rank][v];

old_rank[v] = new_rank]v];
new_rank|[v] = 0;
end

func main()
foriin 1:11
#s1# edges.apply(updateEdge);
vertices.apply(updateVertex);
end
end

Scheduling Functions Autotuner

schedule:
program->configApplyDirection(“s1”, “DensePull’);
program->configApplyParallelization(“s1”, “dynamic-vertex-parallel”);
program->configApplyNumSSG(“s1”, “fixed-vertex-count”, 10);
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ours

Autotuner

A few weeks for

exhaustive search
400

300
200

100

Exhaustive Search

B Schedule Search Time
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Uses an ensemble

of search methods.

Build on top of
OpenTuner
[PACT14]

ours

400

300

200

100

Autotuner

A few weeks for
exhaustive search

<2 hrs

Autotuner Exhaustive Search

B Schedule Search Time
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Autotuner

A few weeks for

exhaustive search
400

300

ours

200

100

_ <2hrs
Finds a few schedules that

outperform hand-tuned Autotuner  Exhaustive Search

schedules |
B Schedule Search Time
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Outline

Graph Applications Overview
Optimization Tradeoff Space

Graphlt DSL

Evaluation
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State of the Art and Graphilt

E ~ 1.64 = 1.51
;
PR PR PR
Ligra GraphMat GreenMarl
(PPoPP13) (VLDB15) (ASPLOS12)
E 3 [1.26 3
PR
Graphlt
(OOPSLA18)
PR PR PR
Galois Gemini Grazelle
(SOSP13) (OSDI16) (PPoPP18)

Intel Xeon E5-2695 v3 CPUs with 12 cores each for a total of 24 cores and 48 hyper-threads.
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State of the Art and Graphilt

Most frameworks are good at
certain applications and graphs
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State of the Art and Graphilt

Most frameworks are bad at
certain applications and graphs
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State of the Art and Graphilt

Previous work support a
subset of optimizations
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Speedup over State of the Art
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4.15 7Y 2.6 | 1 PRPRTY 7 .44 o (259 @254 combinations of optimizations
269X 2.16 5 o 161 19.06|7.04 | 151 o 1.26 2.45 EESIREED . ERTIEN
6.17 [N 4.94 V2 - =l 1 R 1T 1.07
PR BFS CC SSSP PR BFS CC SSSP PR BFS CC SSSP E
Ligra GraphMat GreenMarl %
(PPoPP13) (VLDB15) (ASPLOS12) 0 1_231_43
1.41 205 178 = 126 222 246 157 = 93 1.38 - 1
'.43 = 126 1.64 PEIIEIN = 18 1.17 1.94
= = PR BFS CC SSSP
183 @ 152167 o 1.26 1.28 1.64 Graphit
> 49 = 00PsiArg
BFS CC SSSP PR BFS CC SSSP PR BFS CC SSSP
Galois Gemini Grazelle
(SOSP13) (OSDI16) (PPoPP18)

Intel Xeon E5-2695 v3 CPUs with 12 cores each for a total of 24 cores and 48 hyper-threads.

102



FT RDWBTW LJ

FT RDWBTW LJ

Ease-of-Use

Reduces the lines of code

- 164 JFFAEXT) 186 - 151 183 FN] 182  byan order of magnitude
compare to the next
BCE) 113 FRP2 114 = 234 [CEIEEN 162 = 242 CIRIGREY 1.41
IR 1.42 20143 © 2.14 [ o 2.59 EEG 2.54 fastest framework
. . . . m . . . . m . . .
269X 2.16 5 = 161 19.06|7.04 | 151 = 126 245
6.17 [N 4.94 V2 - :
PR BFS CC SSSP PR BFS CC SSSP PR BFS CC SSSP E -
Ligra GraphMat GreenMarl §
(PPoPP13) (VLDB15) (ASPLOS12) c 1.23 KN 143 KD
, - - , , 4
1.41 205 178 = 126 222 246 157 = 93 1.38 -
'.43 = 126 1.64 PEIIEIN = 18 1.17 1.94
= = BFS CC SSSP
183 @ 152167 o 1.26 1.28 1.64 Graphit
> 49 = 00PsAre
BFS CC SSSP PR BFS CC SSSP PR BFS CC SSSP
Galois Gemini Grazelle
(SOSP13) (OSDI16) (PPoPP18)

Intel Xeon E5-2695 v3 CPUs with 12 cores each for a total of 24 cores and 48 hyper-threads.

103



Related Work

Graph optimizations:

Ligra [PPoPP13], Galois [SOSP13], Propagation Blocking [IPDPS17], CSR
Segmentation [BigData 17], Grazelle [PPoPP18] ...

e We focus on composing the optimizations
Graph DSLs:

GreenMarl [ASPLOS12], EmptyHeaded [SIGMOD16], Elixir  OOPSLA12],
Gluon [PLDI18], Abelian [EuroPar18]...

e We expose extensive performance tuning capabilities
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Summary

» Graph application’s performance bottleneck depends on
data, algorithm, and hardware.

e Decoupling algorithm from optimization achieves consistent
high-performance and ease-of-use

 Open source (graphit-lang.org).
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