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Graph Analytics keeps growing in popularity and . e
possibilities ome » Uncategorized » Graph Analytcs xpan

Graph continues to be the fastest growing segment of data manage
and collecting, thanks to the arrival o e mrternet and eaj

pur Graph Analytlcs Expands to the Cloud
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Wy concrete workloads !
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Graph Databases for Beginne we care about? A
( Graph TeChnOI()gy IS the Future e !.‘o (] # Home » Architectures » DARPA ERI: HIVE and Intel PUMA Graph Processor

s °-™ DARPA ERI: HIVE and Intel PUMA

. @
;

R Graph Processc

society, powers all the incredible advances we see today in t
artificial intelligence (AI) and Big Data.

The Future of Data: A Decentralized
Graph Database

October 14th 2019

Modern microprocessors ard
through a hierarchy of cache @eCads exhibit relatively
at can be exploited via spatial locality and temporal locality.

predictable general memory pa



spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

Graph Analytics Fundamental Problems and Algorithms [1, many others]

[1] A. losup et al.: LDBC Graphalytics:
A benchmark for large-scale graph analysis
on parallel and distributed platforms. VLDB’16.
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hardware resources
to store them

What does
“huge” mean?
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Lossless compression incurs expensive decompression and
it hits fundamental storage lower bounds [1,2]

=5 - 7=
[1] Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs

>233TB

271 billion vertices,
12 trillion edges [1]

What does

o ’)
h uge mean ? [1] M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18

[2] M. Besta, T. Hoefler. “Survey and taxonomy of lossless graph compression and space-efficient
graph representations”, arXiv’19
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Remove some What if we don’t want full precision?

edges and / or
vertices (i.e., Run graph analytics workloads

sparsification) on these sparsified graphs

Let’s see a curious motivation...




JPEG compression level: 1%
File size: 823.4 kB




JPEG compression level: 50%
File size: 130.2 kB




JPEG compression level: 90%
File size: 50.1 kB




JPEG compression level: 99%
File size: 33.3 kB




JPG & MP3 target specific things | Slim Graph targets specific classes

(pictures & sound) of graph workloads / properties
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Number of ways [1] to sparsify

o (compress) a graph with n vertices
... Abstraction & programming model for [1] R. C. Entringer, P. Erdos.

Journal of Combinatorial
Theory 1972

. . (n) “On the Number of Unique
easy development and rapid prototyping of Ol 2\2 Subgraphs of a Graph”,

lossy graph compression methods
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Slim Graph: Abstraction & Programming Model Compilation,
parallel execution

Kernels focus on:

Triangle

Vertex e

A developer specifies
compression kernels

Central concept is compression B Different kernels
kernels: small code snippets enable different

that remove specified local compression
parts of the graph methods

examples...
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Slim Graph: Abstraction & Programming Model QREiSEEGEEEEONIREHESREGIES

Connected components (other than

V) single vertices) are preserved

Before compression: During compression: After compression:

Degree-0 vertices will be : Connected components (other
removed by vertex kernels S CEIMITE e Ll othan single vertices) preserved




Slim Graph: Abstraction & Programming Model

Connected components (other than
0) single vertices) are preserved

kernel (V v) {
1f(v.deg==0)
atomic SG.del(v);



spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

Sparse/dense neighborhoods
preserved w.h.p.

Relative neighborhood sizes provide
information about., e.g., vertex importance

After compression:

Before compression: During compression:

_ Relative sizes of
Example Example Executing Overlaping o neighborhoods
high-degree /— low-degree edge kernels ... kernel are preserved w.h.p.

ertex vertex instances
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Slim Graph: Abstraction & Programming Model Edge kernels: random uniform sampling
_ Sparse/dense neighborhoods
0) preserved w.h.p.

Relative neighborhood sizes provide

information about., e.g., vertex importance

random_uniform_kernel (E e) {
double edge_stays = SG.p;
1f (edge_stays < SG.rand(0,1))
atomic SG.del(e);
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Slim Graph: Abstraction & Programming Model D @

Diameter of one kernel
each cluster: —_ instance
O(logn)

Before Deriving a spanner Decompose the input graph, One thread Find inter-cluster spanner edges, After
compression: fork=2 find intra-cluster spanning trees: executes remove intra- and inter-cluster edges: compression:

Non-tree
edges will
be removed

— Shortest

Certain inter-cluster
path, length =9

edges will be removed
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1 /xxx*xxxx*xx* Single-edge compression kernels (§ 4.2) ##xxwwxkxsssrrrxx/

Slim Graph: Abstraction & Programming Model More kernels ®

2 spectral_sparsify(E e) { //More details in § 4.2.1
double Y = S5G.connectivity_spectral_parameter();

double edge_stays = min(1.0, Y / min(e.u.deg, e.v.deg)); 2 the input graph, One thread Find inter-cluster spanner edges,
if(edge_stays < SG.rand(8,1)) atomic S5G.del(e); ster spanning trees: executes remove intra- and inter-cluster edges:

3
4
5
6 else e.weight = 1/edge_stays; one kernel
7
8
9

instance

23 /##*xxxxxxxx Single-vertex compression kernel (§ 4.4) #xsssssnxsxxsssn/

24 low_degree(V v) {
25 if(v.deg==0 or v.deg==1) atomic SG.del(v); }

26 /##*kkkxxxxxixx Subgraph compression kernels (§ 4.5) ##xxxxswsikkrssssn/

27 derive_spanner (vector<V> subgraph) { //Details in § 4.5.3
12 28 //Replace "subgraph"” with a spanning tree

13 29 subgraph = derive_spanning_tree(subgraph);

14 30 //Leave only one edge going to any other subgraph.

15 31 vector<set<V>> subgraphs(SG.sgr_cnt)};

32 foreach(E e: SG.out_edges(subgraph)) {

33 if(!subgraphs[e.v.elem_ID].empty()) atomic del(e);

17 34 1)

18 35 derive_summary (vector<V> cluster) { //Details in § 4.5.4

19 36 //Create a supervertex "sv" out of a current cluster:

20 37 V sv = SG.min_id(cluster);

21 38 SG.summary.insert(sv); //Insert sv into a summary graph

27 39 //Select edges (to preserve) within a current cluster:

40 vector<E> intra = 5G.summary_select(cluster, 5G.€);

41 SG.corrections_plus.append(intra);

42 //Iterate over all clusters connected to "cluster":

43 foreach(vector<V> cl: S5G.out_clusters(out_edges(cluster))) {

44 [E, vector<E»] (se, inter) = SG.superedge(cluster ,cl,5G.€);
45 SG.summary.insert(se);

46 SG.corrections_minus.append(inter);

47 }

48 SG.update_convergence ();

/] 49 3
v @ (se\ecfé“) W

o

omly Non-tree
rand orroTtest _Kernel edges will Certain inter-cluster —— Shortest
path, length =7 instances be removed edges will be removed path, length =9
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Spectral sparsifiers
(preserve spectra)
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500 papers to disti
key classes of graj

sparsification
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Slim Graph delivers a simple, intuitive, versatile ...

0 Compression method that preserves
different graph properties that are important
for the practice of graph processing
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Slim Graph: A Novel Compression Method "Triangle Reduction” Triangle kernels:

Triangle Reduction

e

Each triangle, with a certain Here, we consider As we show later, it
selected probability p, is ,,reduced” one edge in a preserves different
— some of its parts are removed. triangle graph properties

Before compression: During compression: After compression:

Maximum-weight

Minimum edges in sampled @ VST weight
spanning tree : triangles will be is preserved
Overlaping removed
kernels \ AL

edges are
arts of
etected Kernel

triangles instances
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Slim Graph: A Novel Compression Method "Triangle Reduction” Triangle kernels:

Triangle Reduction

e

Each triangle, with a certain Here, we consider As we show later, it
selected probability p, is ,,reduced” one edge in a preserves different
— some of its parts are removed. triangle graph properties

Before compression: During compression: After compression:

. Maximum-weight
Minimum edges in sampled oiMSTweight

spanning tree triangles will be s preserved

How versatile is
Triangle Reduction?

edges are
arts of
etected Kernel

triangles instances
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The key intuition behind preserving distances by Triangle Reduction

Now we
ply Triangle By how much

uction! can distances

This is the shortest path
between two green vertices

in the uncompressed graph
In the worst-case, this will

be a new shortest path in
the compressed graph

20
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Theoretical Analysis of Slim Graph

#Connected Chromatic Max. indep.  Max. cardinal.

Shortest Average Average Maximum .
#Triangles oo
matching size

Vi |E| s-t path length path length Diameter degree degree components number set size

olSpRIe
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Theoretical Analysis of Slim Graph Different graph properties (...+ some others ©)

We analyzed the impact of 6 fundamental

Different compression ,
lossy graph compression methods

methods

(implemented with different compression
kernels) on >12 different graph properties

29
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Theoretical Analysis of Slim Graph Different graph properties (...+ some others ©)

We derive / provide
60+ bounds (it’s
actually close to

100 now)

Shortest Average Average Maximum #Connected Chromatic Max. indep.  Max. cardinal.

s-t path length path length Diameter degree degree #Triangles components number set size matching size

oEISEEE

We analyzed the impact of 6 fundamental

Different compression ,
lossy graph compression methods

methods

(implemented with different compression
kernels) on >12 different graph properties

29
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Theoretical Analysis of Slim Graph Different graph properties (...+ some others ©)

We derive / provide
60+ bounds (it’s
actually close to

Shortest Average
100 nOW) s-t path length path length Diameter degree degree

Average Maximum #Connected Chromatic Max. indep.  Max. cardinal.
#Triangles

components number set size matching size

— — ~~

Original graph T Cr Ig MC

&5Y| gummarization --— __-__-___
> i on (=pm e (I-pd  (1-pd (1-p)T <Chpm >Cr—pm  <Is+pm >Mc—pm

@‘é ... N D D D D D N G S D S

We analyzed the impact of 6 fundamental

Different compression ,
lossy graph compression methods

methods

(implemented with different compression
kernels) on >12 different graph properties

29
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Theoretical Analysis of Slim Graph Different graph properties (...+ some others ©)
We derive / provide
60+ bounds (it’s
actually close to
100 now) . fﬁifétisﬁgth pﬁ‘f{ff;h Diameter OIS N e ATrangles O e setee’ matchmg e

n D
ummarization --— __
e sampling on (l-pm e

(ral sparsifiers [0 (FOGE) (NS

Original graph

ol&pEe

We analyzed the impact of 6 fundamental
lossy graph compression methods
(implemented with different compression

Different compression
methods

kernels) on >12 different graph properties

29



spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

Slim Graph delivers a simple, intuitive, versatile ...

e ... Criterion (criteria?) to assess the

accuracy of lossy graph compression methods

0V
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Slim Graph: Criteria for Compression Accuracy Which compression scheme is

better (= more accuracy) for
‘,‘ which graph property?

One can analyze this in theory. This

gives fundamental insights. But... it
may be very hard or impossible.
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Let’s use degree

T f kload output:
ype of workload outpu centrality

vertex importance scores
Time to compress! ©

Examples: Degree
Centrality, Betweenness
Centrality, Katz Centrality

Metric: #reorderings,
i.e., “How many pairs of
vertices swapped their

importance after
compression?”
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vl v2 v3 v4 v5 v6 v7 v8 vl v2 v3 v4 v5 v6 v7 v8

P(x): Probability Q(x): Probability
D IV E RG E N C E (distribution before ’ distribution after )

compression compression
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Slim Graph delivers a simple, intuitive, versatile ...

Q ... High-performance and extensible
system for implementing and executing lossy
graph compression
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Slim Graph: High-Performance Extensible System

”;1.. ..‘9é;" Abstraction & Programming Model »/Compilation\ Processing Engine
«v"'@® // Example kernel: AOUIEAE (EEIE @il In stage 1 Distributed

: ’ memories or
compression kernels /O engines

atomic reduce_triangle(...) { Edge
/I Remove an edge from ®
/[ a triangle with a given
3 J Vertex

O

are executed in parﬁllel can be used
to compress graphs  f5r very large

graphs
SS
-— -’

/I probability
}

A developer specifies
compression kernels

Triangle
that remove selected @
parts of a graph,
constituing different
compression methods Subgraph

Analytics Subsystem & Accuracy Metrics /' :
I thread ) ) e

In stage 2, graph
algorithms are executed
on compressed graphs

W, Generation of graphs
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Abstraction & Progr amml Model

‘.._-_-_- o o o o oo o Add new compression
// Example kernel: .
 atomic reduce_triangle(...) { Edge 0 schemes by modifying

/I Remove an edge from current kernels or adding

0 //a triangle with a given
§ // probability Vertex new ones

’ O
i A developer specifies ,

compression kernels  Triangle |
l that remove selected i
i parts of a graph, 0
constituing different
'compressmn methods Subgraph, )
- ca eaER aeceaEBR ecamR eaeao e e & &

Analytics Subsystem & Accuracy Metrics

W, Generation of graphs
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§Iim Graph: High-Performance Extensible System

” ’ . :..1 ﬁ - .
LR MR  Compress graphs ek C",m.p'”‘.t"l‘- - -'1°£eis£'g.Eﬂg£'i
; : Distributed
(g0 off node if I comp!?egts?c?r? Izérnels (e & ¢l '
necessary) | are executed in parallel - begused
to compress graphs  for very jarge

graphs |

Analytics Subsystem & Accuracy Metrics

YT Y X X X X XX rrrrrrx g4

-
W, Generation of graphs
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S AR ] a il Model /Compilation\ Processing Engine

[ 4 In stage 1, Distributed ¥

o off node if :
t I compression kernels rlrllgrré%neﬁe%r I
necessary) l are executed in parallel gl
can be used
) tocompress graphs for very large i
0 graphs |
0
0
0
0
Evaluate selected 0
graph algorithms RS : /'
th
L-------------'

I In stage 2, graph I
algorithms are executed I
0 on compressed graphs 0

e e e P Er GO Gd G @ @& & a» F

-
W, Generation of graphs
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Slim Graph: High-Performance Extensible System
Y el
",. ->c® Abstraction & Programming Model //CompilationX\ Processing Engine

Analytics Subsystem & Accuracy Metrics Use and add

r T X ? S new accuracy
By SR/ metrics
. ~
[
\

- o
W, Generation of graphs
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SI|m Graph High-Performance Extensible System
‘e .'ge: Abstraction & Programming Model //Compilation\ Processing Engine

Analytics Subsystem & Accuracy Metrics

W, Generation of graphs
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SI|m Graph High-Performance Extensible System

e .‘-;‘ Abstraction & Programming Model //Compilation™ Processing Engine
- Kernels focus on: Distributed

/I Example kernel: In stage 1

atomic reduce_triangle(...) { Edge . : memories or
- pression kernels :

O Ao ® are executed in paraliel g 539125

/I probability Vertex 19 G~ ry large

aphs

A developer specifies

compressiga

that re

s The \mp\
constitu

compress

=
=

Ut
i[:

0
ersten/ SlimGraP"

2 ‘k.‘
thre ééé'" b

= In stage 2, graph
o @ algorithms are executed
‘O o on compressed graphs

W, Generation of graphs

Analytics
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PERFORMANCE ANALYSIS — "S5 £ 1TSS
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e DN

2 CSCS Cray Piz Daint,
~ 64 GB per compute node

CSCS Ault server, 768 GB of DRAM
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Storage Reductions vs. Speedups vs. Accuracy Loss [vs. Compression Overhead]
. Various workloads and graphs

AP v emw ETHziirich

Storage
reductions

Compression

/ method B

Compression
method A

Slim Graph enables comparison

and analysis of four aspects of
lossy graph compression
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Triangle Reduction Analysis
Workload: BFS traversal

Selected insights...

Social network Social network Web metadata

e

0.1 0.3 0.5 0.7 0.9 0103050709 0.10.30520.70.5
p: probability of reducing a triangle

oo =
o nn o
|

Storage reduced even by > 4x
(depends on the structure)

Surprising effects
: Nayi.. MG -
revealed: runtime can e ompression ratio:

: : m ; .
increase with fewer effic; er of edges in the

edges (synchronization!) . o:icéit:j gfan;::er of

Runtime reduced even by > 50%
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Triangle Reduction Analysis
Workload: BFS traversal

e

\ Social network

o =
o
L

o
o
I

| | | | | | I | | I
0.1 0.3 0.5 0.7 0.9 7.5 050709 0.103050.70.59
p: probability of reducing a triangle

Storage reduced even by > 4x
(depends on the structure)

Surprising effects
revealed: runtime can

: : m ; .
increase with fewer effic; er of edges in the

edges (synchronization!) . O:icgit::l g?an;:a]er of

Runtime reduced even by > 50%
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Storage reduced by
> 10x

Distances increase
at most by 8x, but

Runtime reduced by proportionally to
> 75% the original ones
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Metrics Analyses

EO EO Uniform Uniform Spanner Spanner Spanner
0.8-1-TR 1.0-1-TR (p =0.2) (p =0.5) (k=2) (k=16) (k= 128)

s-you 0.0121  0.0167 0.1932 0.6019 0.0054  0.2808 0.2993
h-?;ud 0.0187  0.0271 0.0477 0.1633 0.0340  0.2794 0.3247
il-dbl  0.0459  0.0674 0.0749 0.2929 0.0080  0.1980 0.2005
Graph v-skt ~ 0.0410  0.0643 0.0674 0.2695 0.0311 0.1101 0.2950

v-usa 0.0089  0.0100 0.1392 0.5945 0.0000  0.0074 0.0181

S_you 1 1-38 1-544 . OIT .U T I.TT1TOU J.OLDT T.OZ0 U.UT T AP VAV AV

Graph

Original
0.2-1-TR

s-flx  9.389 0.645 0.017 0.075 1.173 4.802 6.933 0.000 0.070 0 0.001 0.219
s-flc 1091 6.845 0.164 8.765 136.6 557.9 250.7 1.327 0.001 0 0.016 1.517
s-cds 3157 18.56 0.561 25.24 394.8 1615 844.5 45.392 0.001 0 0.015 4.821
s-lib  938.3 31.51 0.902 7.569 1169 480.2 8259 167.0 5.708 0 0.000 0.042
s-pok 59.82 10.25 0.280 0.480 7.494 30.58 41.27 0.362 0.000 0 0.005 1.962
h-dbp 6.299 1.158 0.072 0.051 0.822 3.218 2.295 0.440 0.002 0 0.020 1.981
h-hud 14.71 1.832 0.083 0.117 1.839 7.538 7.373 0.001 0.000 0 0.005 2.495
[-cit 5973 1.994 0.091 0.048 0.747 3.059 5.128 0.240 0.000 0 0.007 1.931
I-dbl  45.57 6.144 0.257 0.365 5.671 23.33 22.64 0.033 0.004 0 0.066 8.572
v-ewk 235.2 14.13 0.422 1.886 29.33 120.3 110.0 0.034 0.000 0 0.008 2.436
v-skt 50.88 2.642 0.099 0.395 6.455 26.01 22.24 5.777 0.502 0 0.016 2.376
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Metrics Analyses

Both reordering and divergence based accuracy

metrics’ values increase monotonically (in all
the cases) with the scope of compression. r

v
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SLIM GRAPH ENABLES DISTRIBUTED

w
.--

ot

' ——--l

- — p———
"2 4

|

Sl € |
| " l -1 g ! ;

| Abstraction & Programming Model //Compilation\ Processing Engine

/I Example kernel: Kernels focus on: In stage 1 Distributed
atomic reduce_triangle(...) { Edge compression kernels ~ memories or
/I Remove an edge from are executed in parallel I/0 engines
/I a triangle with a given to compress graphs can be used
/I probability Vertex for very large
/ \ graphs
A developer specifies : s s
compression kernels ~ Triangle — R —
that remove selected
parts of a graph,
constituing different
compression methods Subgraph

Analytics Subsystem & Accuracy Metrics

In stage 2, graph
algorithms are executed
on compressed graphs

°
W Generation of graphs
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Distributed Large-Scale Lossy Compression with Slim Graph @

Compression takes 3.8s Compression takes 3.6s
Uncompressed 40% edges removed 70% edges removed

5 largest publicly available
real-world graphs

Results for the largest graph:

Fraction of
vertices

10" 10? 10  10° 10° 10*
Outdegree
>

T Graph to Slim Graph enabled us to discover

find novel use an interesting effect of “removing
cases of lossy

1/0 time is reduced
(benefits any

the clutter” — (mild) sampling could
be used as preprocessing

computation) graph compression
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AAAA
OO o
[= - = I - N ]
ybp-y

. 1072 {7~ Sampling (p=0.7)
Spanners (k=32) PR 1072 1 N -
b 10°° 1 : -
- : : “\ 1951 . \-‘ \ é

1024 No compression
: 107 B s
107 " ] “
- = | -
Spanners (k=2) & : 7 —
x# Sampllng (p=0.4) . 5=

‘ .spectral—avgdeg Dspectral—lognl

Al /'1'1"&,.

up-y
np-yY

JEENE -
o\o\olol
o o N
T

compression
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Slim Graph delivers a simple, intuitive, versatile ...
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A VERSATILE COMPRESSION SCHEME COMPRESSION ACCURACY CRITERIA

swins  ETHZzUrich

. Slim Graph: A Novel Compression Method "Triangle Reduction” Timeto
Slim Graph: Abstraction & Programming Model Compilation, Each triangle, with a certain Here, we consid As we show later, it Triangle Reduction compress! &
parallel execution selected probability p, is ,reduced” preserves differentl,_ Examples: et e Time to
Kernels focus on: Tri | - some of its parts are removed. e graph properties ‘v Centrality, i @ compress! &
riangle i
Metric: #reorderings, wis @ i
i, "How many pairs of m;o I IIII
o . vertices swapped their s g : NK i I In I I -
Minimum eda)g;nll.'lllrrsl-;vnsl H MST welght ir:‘pnﬂar::: afESl s o B vl vZ v3 w4 V5 V6 VT vB V1 V2 v3 vé v5 vE V7 vE
Vertex ~ Edge spanning tree Overiaping  teanalos wil b 0 < preserved T i | I KL(amw. | s )
. removed 1 ( divergence be: compression 7 compression
kemels.\ =
A developer specifies =~ \ given distribution i the i N
compression kernels Subgraph gy redd 5

Central concept is compression { Different kernels
kernels: small code snippets enable different
that remove specified local compression
parts of the graph methods

Let’s see
some
examples...

eg;égeadr? : [ / "‘P"i“"“ ' ° d Io
arts of
Sk = Ve Guidelines Q CD @

https://github.com/
rgersten/SlimGraph

HIGH-PERFORMANCE SYSTEM

.S8
¢ THEORETICAL ANALYSIS & EVALUATION

[ ==
/

|

I

ETHzirich

§Iim Graph: High-Performance Extensible System

: 1 ﬁ il H : . o 3
Abstraction & ngra'r:lenr:‘n:g x::::e‘lml Compilation Processing Engine ) : = ectral sparsifiers ﬁ -E% Cut sparsifiers
I/ Example kernel: . Distributed w—-a - _‘

e =l (preserve cuts)

o g In stage 1 .
atomic reduce_triangle(...) { Edge : ¥ memories or
1/ Remove an edge from compression kernels &g ninog
b

/l a triangle with a given
1/ probability
}

Vertex

an @ SE 500 papers (theory) to

enables exX B distill the key classes of
Al

fundamenta\ classes =  graph sparsification

I ULy e——
of 58 ﬁih“fé‘gllk% S
- / = Spanners EE‘E" [E= )
Summarizations EE—EM:E {preserve ?ﬁiﬁiﬁ-

(preserve I-’E:E F  pairwise 121* =
neighborhoods) JESa@lEE distances) %@1 '

In stage 2, graph
algorithms are executed
on compressed graphs
.

w Generation of graphs s
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Backup Slides and Slides’ Variants

58
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Various workloads are considered Various real-world graphs are used

emien  ETHZUrich

ETHziirich SIPCL

Graph Analytics Fundamental Problems and Algorithms [1, many others] [Extreme-Scale] Graphs ¥ Engineering networks
° »/‘ Why do we care? e - 2

iy
g —.8 Machine learning 8 Biological networks R‘:;-'CX
. hemes 2 - e
3 \terative SceRal’\k) w‘,"‘/* ES Physics, chemistry ““CEEEE"—" " Ta—ra
3 (e‘g"Pag T :'!\30 % =y
¢ Pogehank 39 : =

Connect'\vity related

y A (e-8 ﬁconnected
pmb\emi ~ components)
(e.g, MST,

colorings, -
.

\s
Graph traversa
(e.g BES, 5SSP)

g & \earning

[1) A. losup et al.; LDBC Graphalytics: Graph mmmle Count‘lng)

[ ] ]
Il Illf Abenchmark for large-scale graph analysi .
S e I e Ct e d I S I on ::v(aI::l‘;ndn;ui'r?:ui::\';;:r,::av{;;vls (e-8 Triang!
o0

Edge kernels (Random uniform sampling and spectral sparsifiers) Triangle kernels (Triangle p-1-Reduction) Subgraph kernels (spanners and graph summarization)
‘§§ s—-cds s-cds s—-pok v-ewk s-cds s-pok v-ewk s—cds s—pok v-ewk
5o 1.00 - 1.00 -
3 8-28" ¢ III 101 a78- 078 7
c . T 4 4 a T
25 05 n o> {ilinlim DREEN B 2 i 2 3
c2oa i ibmm  UEE 0N o Enls DREED DEEen faeme DHEE Deew i
EEY 0.8 4 p
s e ) ] 4] 05 %8
=15 050- 4 2- 6 0.50 -
02 [l | e (i i Hun h.
22 050 Il 02 . (BN Few 5 DEEEE peme= (- HEEN CHEE Nlew oG-
g } 0.4 1.00 1.00
2 050 m Il 53 55 45
2E 0225- Il 58 [ [ [ H "HEm | III 38- 397
- i 0.25 0.25 0.25
§§ 0.00 - .- O_O‘I.g- 000 0.00‘.--- LT .-- 0.00 4
5L 06 010 06 0.75 g7
£% 0.4- 0.05 0.4 - 0.50 7 0.50
52 02l [ooo M | S /®____| 0> ] ool 9231
£8 00T T PRPN? EHFP? HR P T T, L 00 _ﬁﬁ g VOGP O L b ferror
RE T P> O 0 OO0 o N PR, P
ig Q).\g(.?gopgl.\g?’ Q.Q Qo> OO Q(-) NI Q.Q Q-0 Q'-\Qr-bgﬁg/-\gg Q’.\Q(.bgbgl.\ Q?’ Q- Q(-bg@g’-\ Q?) N - N - N € o%%"e bound)
= p (sampling prob.) p (p log(n) edges are removed from each vertex) p (probability of sampling (removing) a triangle) k (determines subgraph size) 025 0.75
Colors indicate the compression ratio: ratio of the number of edges in the compressed graph to the number of edges in the original graph 0.50




spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

Compressing Largest-Scale Graphs with Slim Graph

The first
No compression Spanners (k=2) Spanners (k=32) an aIysis of
18;2[ T~ N : )4 = the impact
(7] 7 . - .
8 1071 N e \\_‘ = of spanners
= ' ' — : on degree
5 1074 - \ \ it distribution
6 2
6 10 . | ) | —
© L . T. An
(© -2 : : .
S 1072- X o . .
L 107 < A interesting
10_6' @ o . V)
T .I =1 T T .I T T |' T - 1 T Ievellng
10° 10* 10* 10° 10° 10% 10* 10° 10° 10% 10* 10° effect
Degree
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How large are extreme-scale graphs today? & OLJ g

Laboratory for Web Algorithmics datasets [1]

: >233TB
Graph ¢ Crawl date ¢ Nodes ¢ Arcs $ o~ :

l 271 billion vertices,
uk-2014 2014 787801471 47614527250 [ > 875 GB 12 trillion edges [4]
eu-2015 2015, 1070557254 91792261600/ 1.7 TB
gsh-2015 2015 988490691 33877399152 | 5 625 GB The runs used nearly all

memory on compute
nodes of Taihulight!

: - . X\ V
Web data commons datasets [2] >2.5TB - % <
Granularity #Nodes #Arcs | = oo
Page 3,563 million 128,736 million
Hnct 101 millinn 2 NA2 millinn
[1] http://law.di.unimi.it/datasets.php / .

[2] http://webdatacommons.org/hyperlinkgraph/2012-08/download.html
[4] Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist



http://law.di.unimi.it/datasets.php
http://webdatacommons.org/hyperlinkgraph/2012-08/download.html

How about
lossless
compression?

spcl.inf.ethz.ch R
v orien  ETHzUrich
| BFS I PageRank Triangle Countin
o ° D 75 X o 47 ) ? !
E | - E”Tml T E, -
g 4_ -+ | '_': =1 = )
2 250 g,
© © ©
S 27 B 2.5- =
[ o < _
e Tl dl ol 20 0 | i]ﬂ |
o EL EL EL K oo ML WL WL W 0- i i J
L & & & & o’?’ & $ & &
Scheme: MWHTrad EERB [IDMd [IDMf [IWG
1.00 -
(o)) )
n B Trad
® B DMd
> 0.504 [ 1DMf
: s
EC]|:> 0.25 + Wa
0.00 - T T T T T T T T T T
o\@s*‘?*&\s"»@ s*@é@\é"\‘*@‘o«\“@“

[1] M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
[2] M. Besta, T. Hoefler. “Survey and taxonomy of lossless graph compression and space-efficient graph representations”, arXiv’19
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Problems! - - —

\)%e -— storage !
- “ ~— lower
E'/t 5‘\1'e % bounds

But... we show [1,2] that \mportant
~20-30% less storage is conclusion:

really as good asyoucan S theory won't
get due to fundamental let us €0 (too
storage lower bounds. nuch) further

n: #vertices

How about lossless m: #edges
@ compression? |

[1] M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
[2] M. Besta, T. Hoefler. “Survey and taxonomy of lossless graph compression and space-efficient graph representations”, arXiv’'18




Use a hybrid
CPU-FPGA
setting!

Output a
compressed
graph
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Process different kernels independently (e.g.,
-amove from the pipeline based on the
compression kernel code)

Kernel
arguments
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Slim Graph: Abstraction & Programming Model QREiSEEGEEEEyONTREHESRVEGIES

Al IeaSt,tWO This poor Betweenness Centrality [1] relative
paths (this one one has 0 (‘-}
i< relevant!) V scores are preserved [2]

/ Betweenness centrality of a vertex determines

the vertex importance (#shortest paths)

[1] M. Barthelemy. “Betweenness Centrality in large complex networks”, The European physical journal B, 2004
[2] J. Matta. “Comparing the speed and accuracy of approaches to Betweenness Centrality approximation”, Computational Social Networks 2019
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P Engineering networks

...even philosophy © s4es—
Why do we care? M n13chine learnir orks

Physics, chemistry =l

FOSDEM 2016 / Schedule /| Events / Developer rooms / Graph Processing / Modeling a Philosophical Inquiry: from MySQL to a graph database

L e Modeling a Philosophical Inquiry: from MySQL to a graph
promats _, & I, database

g - -, rwing

2pmapprmenct| @ ¢
Sanathcepryramins shorol™ g7 SWEve scd

y-: s The short story of a long refactoring process
O S syl R e -

beeane scd @
sa by bty de

A Track: Graph Processing devroom
2rvacntcnitesd 2 . A Room: AW1.126
\ i @ Day: Saturday

| p Start; 1245

| m End: 13:35
Bruno Latour wrote a book about philosophy (an inquiry into modes of existence). He decided that the paper book was no
place for the humerous footnotes, documentation or glossary, instead giving access to all this information surrounding the
book through a web application which would present itself as a reading companion. He also offered to the community of
readers to submit their contributions to his inquiry by writing new documents to be added to the platform. The first version
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Slim Graph: Abstraction and Programming Model _ ,
Edge kernels: implementing

spectral sparsification and
sampling

1 /xxx*xxx%xxx%x Single-edge compression kernels (§ 4.2) *xxkxkxkxkkkkkkxk*/

2 spectral_sparsify(E e) { //More details in § 4.2.1
3 double Y = SG.connectivity_spectral_parameter();

4 double edge_stays = min(1.0, Y / min(e.u.deg, e.v.deg));
5 if(edge_stays < SG.rand(0,1)) atomic SG.del(e);

6 else e.weight = 1/edge_stays;

7 }

8 random_uniform(E e) { //More details in § 4.2.2
9 double edge_stays = SG.p;
10 if(edge_stays < SG.rand(0,1)) atomic SG.del(e);

11 3}
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Slim Graph: Abstraction and Programming Model BSVo{Elal G SR EIRIES
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Slim Graph: Abstraction and Programming Model BSVo{Elal G SR EIRIES

Before Deriving a spanner Decompose the input graph, One thread Find inter-cluster spanner edges, After S
compression: fork=2 find intra-cluster spanning trees: executes remove intra- and inter-cluster edges: compression: 0 Istances
Diameter of one kernel pvet preserved well
e instance m = O(n*<)

each cluster: —_
O(logn)

o2

e ﬁ%"
/

¢
< X
— 4\
= ='v€

Non-tree
edges will
be removed

Shortest _ Kernel
path, length =7 instances

Shortest

Certain inter-cluster
path, length =9

edges will be removed
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Slim Graph: Abstraction & Programming Model D @

Before Example Find supervertices A kerne.l decides which Supervertices + supered After compression:
neighborhood CIR T aree  supervertices are connected el TIERT
\ with a superedge —
/
. #edges added
Kernel instances<~__, /] / o o > o
AN =</

+

depends on € >
\Ilerttices in— >
- ap clusters are
merged into
supervertices + Differences in neighborhoods
" Edges between are determined by € @)
) selected clusters—’_' " iti a .
L : are merged into ed%gglgl?;‘ailed —_Corrections
' — superedges 4 + when merging g (used to
Ny, poive Bolded o ( ot aas ecompress)
C superedges
will be edges i » € determines
omitted —— ?rl;?on;ﬁrgeerc_l + . Dashed edges the scope
P 7
(selected edges are omitted s:_ossy of lossy
randomly) SR /4 summarization) compression




Slim Graph: Abstraction & Programming Model

23 /xxxxkxxxxx* Single-vertex compression kernel (§ 4.4) *xsxdxakkskrkrss/

24 low_degree(V v) {
25 if(v.deg==@ or v.deg==1) atomic 5G.del(v); }

26 /xxsxxsxxxsxxx Subgraph compression kernels (§ 4.5) ##ssxsassdrssrns/

27 derive_spanner (vector<V> subgraph) { //Details in § 4.5.3
28 //Replace "subgraph” with a spanning tree

29 subgraph = derive_spanning_tree(subgraph);

30 f/Leave only one edge going to any other subgraph.

31 vector<set<V>> subgraphs(5G.sgr_cnt);

32 foreach(E e: 5G.out_edges(subgraph)) {

33 if(!subgraphs[e.v.elem_ID].empty()) atomic del(e);

34} 3}

35 derive_summary(vector<V> cluster) { //Details in § 4.5.4

36 J/Create a supervertex "sv" out of a current cluster:

37 V sv = S6.min_id(cluster);

38 5G. summary.insert(sv); //Insert sv into a summary graph

39 f/Select edges (to preserve) within a current cluster:

40 vector<kE> intra = 5G.summary_select(cluster, 5G.€);

41 5G.corrections_plus.append(intra);

42 f{fIterate over all clusters connected to "cluster":

43  foreach(vector<V> cl: SG.out_clusters(out_edges{(cluster))) {

44 [E, wvector<E>] (se, inter) = 5G.superedge(cluster ,cl,5G.€);
45 SG.summary.insert(se);

46 5G6.corrections_minus.append(inter);

47 }

48 SG.update_convergence();

49 1}

spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

R

172



spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

Slim Graph: Abstraction & Programming Model

S @)

l /x#xx*xxx+xx% Single-edge compression kernels (§ 4.2) ###xxssassnnrnss/

2 spectral_sparsify(E e) { //More details in § 4.2.1

3 double Y = SG.connectivity_spectral_parameter();

4 double edge_stays = min(1.8, Y / min(e.u.deg, e.v.deg));
5 if(edge_stays < SG.rand(@,1)) atomic SG.del(e);

6 else e.weight = 1/edge_stays;
7
8

}
random_uniform(E e) { //More details in § 4.2.2

9 double edge_stays = SG.p;
10  if(edge_stays < SG.rand(@,1)) atomic SG.del(e);

11 }

12 /o kkkkkkhkdkkkdhk Triangle compression kernels (§ 4.3) ###xxxxadkdxrrtsn/

13 p-1-reduction(vector<E> triangle) {
14 double tr_stays = SG.p;

15 if(tr_stays < SG.rand(@,1))

16 atomic 5G.del(rand(triangle)); }

17 p-1-reduction-EO0(vector<E> triangle) {

18 double tr_stays = SG.p;

19 if(tr_stays < SG.rand(0,1)) {

20 E e = rand(triangle);

21 atomic {if(!e.considered) SG.del(e);

22 else e.considered = true; } } }
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Graphiis
connected

Now we
The key intuition behind some derivations for Triangle Reduction PRSI

g Reduction!

- Canwe

A triangle is
. 3-cycle!
disconnect a
raph? 9] @
&rap N Graph is still

connected

45
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Challenge 2: Theoretical schemes are complex
and hard to code and use — how to simplify? =

= G(D), let Hi,..., H; be the
¥on H, and let Wq,..., W, be the
vertex sets of Hy,..., Hg. Let Hy be the graph on vertex set D with edges 9 (W1,...,W;). We
may assume by way of induction that

k
_ Hy + Zﬁa
G = Sparsify(G,e,p), where G = (V, E,w) and w(e) < 1 foy i=1

0. Set Q = [6/€], b= 6/e, c = 6/e, ¢ =¢/6, and | = [log, is a (1 + é)%-approximation of . We then have
G=G(V-D)+H+d(V-D,D)

~ . 1. For each edge e € E
(G = Sparsify2(G, e where G = (V, E, w) has al ’ N .
P y ( ’ ’p), ( T ) a. choose 7, so that Q < 2™w, < 2Q <(1+8) (Gl +H+O(V - D’D)) ’ by assumption 2,
4a. Let 6V be the set of vertices in V with degr b. let g. be the largest integer such that ¢.2 " < w, <(1+8) N 1+ A)d iﬁ_ +Hy)+8(V-D,D) by inducti
. . = € i - D, , induction,
vertices attached to edges in E*. Let %V’ be t] c. set z, = q.27"e. 1 T\5 ’ '
-~ k
. . 2. Let G = (V, E, z), and express . ~ ~
4b. For each 4§, let °Ci, . .. ,‘5(7,15 be the sets of for ( ) G=Y 2 < (14 et (Gl +D_Hi+Hy+d(V - D, D))
i ’ i=1
have an edge of E' on their boundary. Let . =0 1o (G LA ( :
. . here in each graph G* all edges have weight 1, and =(1+¢ G+ H;+a(V—-D Wy, ....W) |.
has more than 2°*2 edges of E' on its boung \ﬁog2 20 of thfsezraphs. Ben e e ' ; ' *
has between 2% and 292 edges on its bounda One may similarly prove

L. . i . 3. Let E* be the edge set of Gi. Let E<! = UjS,;Ej. For e
subdivision in the paragraph immediately aft connected components of V under E<i. For i = 0, set L

. . A (1+™MG = (Gi+ Y Hi+d(V—-D,Wi,...,Wy) |,
the resulting collection of sets. 4. For each i for which E' is non-empty, ( =1 )
establishing (19) for G.

We now consider the case in which Vol (D) > (1/29)Vol (V). In this case, let # = G(D) and
I=G(V —D). Let Wy,..., W, be the vertex sets of Hi,..., H and let Uy, ..., U; be the vertex
sets of T, .. E By our inductive hypothesis, we may assume that o (Wy,...,W;) + Ele H;is
o~ ) o ) ) a (1 + €)"-approximation of H and that 9 (Uy,...,U;) + Z;f:l I; is a (1 + é)%approximation of
de. Let H* = BoundedSpars ify(HZ, é,p/(cs’nl log c-. LEt'_ﬂ' be the map of partition Cf,... =Olz¢i: and | 1 These two assumptions immediately imply that

(W?*, E") under =. . i
d. H! = BoundedSparsify(H*, ¢, p/(2nl)). AWy, Wi Uy, UG + ZFI, + Z I;
e. Let G be a pullback of H' under 7 whose edges 2| i=1 i=1

L. i a. Let V' be the set of vertices attached to edges in
4c. Let 7 be the map of partition of W* by the setd b. Let Cf....CL, be the sets of form DS 11V thy

. . i . . :
of (W”, Ez) under 7. edge of E on the%r bollgcliary, (that. is, the‘ interd
contracting edges in E="7"). Let W* = U:,CJ’-‘

under 7w whose edges are a subset of F.

5. Return G = ¥, 271G,

46
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Challenge 3: What schemes

matter in practice?

TTT 7 DT TIC SCT UL VeI TICeS TCTUI oW Uy APPIUECUG: IT 7 VT CIICIT O = I, VVO IS0 COITSICITT
the case in which Val (D) < (1/29)Vol (V). In this case, let H = G(D), let Hy, ..., Hy, be the
graphs returned by the recursive call to PartitionAndSample on H, and let Wy,..., W} be the
vertex sets of I;’l, e ,ﬁk. Let Hy be the graph on vertex set D with edges 9 (W1,..., W};). We
may assume by way of induction that

(Neo4j Blog)«—[:BACK]

Graph Databases for Beginners: Why ot S
G raph TEChnOIOgy IS the FUtu re is a (1 + &)%-approximation of H. We then have7
9 Bryce Merkl Sasaki, Editor-in-Chief, Neo4j G=GV -D)+H+d(V-D,D)

Amino ACi:iS ? <(1+8 (él +H+d(V-D, D)) , by assumption 2,
k
et ° ) < (1+¢) (él +(1+e)¢ (Z H; + HU) +a(V - D,D)) , by induction,
=t =2, ® i=1
The world of graph techng N e - X
. A Aromatics @ & w=tie <+ (G + Y Hi+ Hy+0(V - D,D)
. P Dl o e :
Wm‘au hm.? P @ mlmvm:b asa Li p i d s =1
- e 3 e ‘
o/ @ . AL e PSS =1+ |G+ > H; +8(V—-D,W W)
o R :‘A::: @ e e ® Wk 1 i IAAS EREEEERAS ] -
S S, i el i=1

sae

One may similarly prove

k

(148G = (él + Zﬁi +a(Vv - D,Wl,...,Wk)) ,
i=1

establishing (19) for G.

We now consider the case in which Vol (D) > (1/29)Vol (V). In this case, let H = G(D) and
I=G(V —D). Let Wi,...,Wj be the vertex sets of Hy,..., Hi and let Uy, ..., Uj be the vertex
sets of 11, ... 1:, By our inductive hypothesis, we may assume that 9 (Wy,...,W;) + Ele H; is
a (1 + é)“-approximation of H and that @ (Uy,...,U;) + Y0_, I; is a (1 4 é)-approximation of
1. These two assumptions immediately imply that

k J
AWy Wi U, U+ Y Hi+ Y L
i=1 i=1
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=

—~

Original graph i m T C Cr Ig
m =+ 2em d T +2em C +2em Cgr £ 2em Ig +2em
(1—p)m X d 1-p)T <cC ;r pm > Cg—pm <Tg+pm
O(n/e?) O( >d/2(1+€) On3?/e3) e <d/2(1+¢€) >2(1+e€)n/d
. — 1-1/k
1 O(n1t1/k)y O(kP) O(kP) O(kD) W17k <d O(nlt2/k) C O(n'*logn) O (T{)

pT w.h.p. pT w.h.p.

<m-Lt < P+pP gﬁ+n(n_]] < D+pD <d >d/2 <(1-B)T C >Cr—pT <Ts+pT

n—k m—k P >P- kD >D-2 ¢ d T C Cr >Is—k M >Mc—k
om ah algorithms. Bounds that do not include inequalities hold de nistically. If

Summa rlzatlons Sampllng |S accurate only [d w.h.p. (if the involved quantities are Iargienough). Note e the IiEted
: - ) ph of the original graph, m, Cg, d, d, T, and Mc never inc ver, P, P,D,
< are not accurate [ in expectation (or w.h.p.) EEEiEE R
(graphs can get and when not many edges
arbitrarily go (all depends on whether Some are new and non-trivial, for
disconnected) a graph gets disconnected) example we prove constructively a
lower bound on the maximum

Spanners and spectral sparsifiers preserve well cardinality matching (MCM) size that
their associated properties depends only on the original MCM size

wv
)
S
)
<
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v
c
Q
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v
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4 IE| Shortest Average Diamet #Triangl #Connected Chromatic Max. indep.  Max. cardinal.
s-t path length path length rameter rlangies components number set size matching size
Original graph n m T C Cr Tg Mc
| Lossy e-summary n m+2em T +2em C+2em Cgr £ 2em Ig +2em Mc +2em
[Simplep=sampling ™ 1 (1-p)m (1-p)T <Ctpm >Cr—pm  <Is+pm >DMc—pm
~ ~ hep.
Spectral e-sparsifier n O(n/e?) €) O(n3?/e3) e < d/2(1+¢€) >2(1+€)n/d >0
1-1/k
O(k)-spanner n O(n11t1/k) <d On'1+2/k) C O(n'*logn) O (nlogn ) >0
w.h.p. . =
EO p-1-Triangle Red. no<m-b < >d/2 <(1-B)T C >Cg—pT <Ts+pT > Mc/2
remove k deg-1 vertices n — k m—k d T C Cg >Tg—k >Mc —k
Table 3: The impact of various compression schemes on the outcome of selected graph algorithms. Bounds that do not include inequalities hold deterministically. If
not otherwise stated, the other bounds hold in expectation. Bounds annotated with w.h.p. hold w.h.p. (if the involved quantities are large enough). Note that since the listed
compression schemes (except the scheme where we remove the degree 1 vertices) return a subgraph of the original graph, m, Cg, d, d, T, and M¢ never increase. Moreover, P, P,D,
C, and Is never decrease during compression. € is a parameter that controls how well a spectral sparsifier approximates the original graph spectrum.

Triangle Reduction is versatile; it

, Preserves provably
also has properties of 2-spanners Preserves exactly

well distances, cuts,
and the degree
distribution

(or —w.h.p. — O(log n) spanners), connectivity and the
cut sparsifiers (and is thus a special MST weight

case of spectral sparsifiers)
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Triangle Reduction is versatile; it also has properties of:

2-spanners
O(log n) spanners (w.h.p.),

cut sparsifiers
(and is thus a special case of spectral sparsifiers)

Preserves provably well
distances, cuts,
matchings, the degree
distribution, and others..

Preserves exactly

connectivity and the
MST weight
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Various workloads are considered Various real-world graphs are used
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Various real-world graphs are used

+ ETHzirich

Various workloads are considered

ASPCL
Graph Analytics Fundamental Problems and Algorithms [1, many others] [Extreme-Scale] Graphs Y
d :”‘ Why do we care? N nyachine learning :

\s
Graph traversa
(e.g. BFS, SSSP)

G \terative schemes b Y -2
. (e PageRank) "/\“ 5 ‘3
v Pagehanky & 9

Connect'wity re\atzd
> (e-8 gconnecte

pmb\mi components)

(e.g., MSL

colorings, -

0 ing
mining & learn!
Graph i Countin g)

(e-8- Trian

[1) A. losup et al.; LDBC Graphalytics:
A benchmark for large-scale graph analysis

Selected insights...
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VY g P Selected insights...
Workload: BFS traversal A W
S

Social network Social nhetwork Web metadata

c -

'% ) E)gg i We use subgraph kernels to express and implement

3 ‘é - spanners [1]: a form of lossy compression where the input
Y v 050 - graph is decomposed into a set of (interconnected)

“E’ = 025 B spanning trees, with all other edges removed

= 2 0 - 00 o (GiStRL==— qee '

é‘ no %Ua

v

o< Diameter D of subgraph kernels 0.25 0.75
o (higher D = more edges are removed) 0.50
Storage reduced even by > 10x Runtime reduced %;ﬁiﬁ:t:ﬂigfgp;j;f :\nr:;;o:
(depends on the structure) even by > 75% compressed graph to the number of

[1] D. Peleg. “Graph spanners”, The Journal of Graph Theory, 1989 edges in the original graph
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Compressing Largest-Scale Graphs with Slim Graph

The first
No compression Spanners (k=2) Spanners (k=32) an aIysis of
18;2[ T~ N : )4 = the impact
(7] 7 . - .
8 1071 N e \\_‘ = of spanners
= ' ' — : on degree
5 1074 - \ \ it distribution
6 2
6 10 . | ) | —
© L . T. An
(© -2 : : .
S 1072- X o . .
L 107 < A interesting
10_6' @ o . V)
T .I =1 T T .I T T |' T - 1 T Ievellng
10° 10* 10* 10° 10° 10% 10* 10° 10° 10% 10* 10° effect
Degree
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5355
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Figure 7: (Accuracy) Impact of random uniform sampling on the degree distribution

of large graphs (the largest, h-wdc, has ~128B edges).

Counts of compute
nodes used to compress

Largest-scale graph
compression so far

5 largest publicly available
real-world graphs

“removing the clutter” —
(mild) sampling could be

used as preprocessing?
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Various real-world
graphs are used

Storage Reductions vs. vs. Accuracy Loss

Kullback-Leibler divergence values between PageRank

probability distributions in the original vs. the compressed graph

Triangle Edge sampling Spanners @
Graph @ Reduction 09
s-you | 0.0121 0.0167 0.1932 0.6019 0.0054 0.2808 0.2993
h-hud | 0.0187 0.0271 0.0477 0.1633 0.0340 0.2794 0.3247
il-dbl 0.0459 0.0674 0.0749 0.2929 0.0080 0.1980 0.2005
v-skt 0.0410 0.0643 0.0674 0.2695 0.0311 0.1101 0.2950
v-usa | 0.0089 0.0100 0.1392 0.5945 0.0000 0.0074 0.0181

In each category, columns
to the right indicate more
edges removed

The KL divergence is always larger

when more edges are removed




