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Motivation

AXMLhasbecomethe de-facto standardfor datadistribution andexchange
ANewsfeeds,scientificdata, stocks etc.

AAnimportant problemin XMLis the filtering algorithm:
o Foreach XML documentfind the set ofgueries

that have at least 1 match in the document.

AWith the growing amount of distributed information, current software-
basedapproachesare unableto handlealargevolumeof input stream
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Related Worksgw)

\
A Xfilter (VLDB 2000
I Transform each query into an FSM.

A YFilter(TODS 2003 FSMbased approaches

I Decompose twigs into paths, and generate a
single NFA to represent the set of queries.

A LazyDFATODS 2004
I Build deterministic FSMs.

FiST(VLDB 2005
i XML filtering through the sequencing of profiles Sequencéased approaches

and of the XML document.
<
Afilter (VLDB 2006
XTrie(ICDE 2002 Others
Relational XML puksubs(SIGMOD 2004

>

> I I

_/
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Related Works (hw)

A XML Parsing

I XML Accelerator EngigeHigh Performance XML
Processing 2004Parser handles 1 byte of data
per cycle.

I 0A 1 cycleper-byte XML Parsing Accelerator
(FPGA 2010 Parser handles 2 to 4 bytes of data
per cycle; support for XML Schema validation is
also offered.
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Related Works- XML Filtering (hw)

A XML Filtering

I aBoosting XML through a scalable FR8#sed architecturée CIDR 2009
A Every query is mapped onto a hw NFA.
A Assumes a prprocessed XML document.
A No support for recursion, wildcards.
A Simultaneous matches are not handled.

I GAccelerating XML Query Matching Through Custom Stack Generation on
FPGAS HIBEAQR010

A Queries are mapped onto custom binary stacks.

A Highly parallel framework.

A High throughput (200MB/s).

A Up tothree orders of magnitudspeedupvssoftware approaches.

I dMassively Parallel XML Twig Filtering Using Dynamic Programming on
FPGAS ICDE 2011

A Queries are more complex (twigspaths).
A Fewer queries can fit on an FPGA.
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Why GPUSs

A Limitations of FPGAs

I Current generations of FPGA technologylamgted in resourceqlimit
at 8K queries).

I Query updatedncur a lengthy process:
A Regenerating hardware.
A Synthesis/Place & Route.

A GPUs as GProcessors

Highly parallelarchitectures, suitable for SIMype applications.
Operate athigh frequencieg1GHa/s200MHz).

Provide theflexibility of software.

Updatingthe functionality of the GPU is a fast process:
A Minimal query update time.
I Our proposed FPGRBased filtering algorithm can be further

extended, being a potential good fit for GPUs (thousands of simple
operations in parallel).
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Overview of GPUs

A StreamingprocessorgSPs) are Streaming Multiprocessor M
clustered intostreaming i ]
multlprocessorQSMs) ] Strea:ming ML.J’”IPFOCGSSOTZ

. L . Streaming Multiprocessor 1

A SPs within an SM communicate ShdM e o
through a fast, sma#hared kbl Unit

~ memory. | 1 7 L]

A SPs across SMs communicate || syeaming | sreaming Streaming
through the h|gh IatenCQIObaI PfOC;i'SSOf Proc;ssor °© o o Proczssor
memory.

. £ 1 3

A All SPs execute the same set of S

~ Instructions kernel). [ Constant Cache |

A The group of kernels actively -
executing on an SM at a time Is /
referred to as theblock. | Giobal Memry
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Proposed Filtering Approach
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Proposed Algorithm

A Dynamic programming approach:
i Every path is mapped to a Path Query: /a/b/*/c//d
dynamic table
I Everynodein the path query is
mapped to a stackolumn
I The dynamic table is a binary

Query PathLength

e J

stack.
I Open(tag)andclose(tag)XML
events translate intgpushand Max
pop actions on the stack, XML
respectively. Document
Depth

A Exploited parallelism:

I Inter-query parallelism-query
matching engines (dynamic
tables) operate in parallel. al b/ * cl d

I Intra-query parallelism- Query
nodes (columns) are updated in
parallel (top of stack).
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Proposed Al gc

A Inter-Column Relation@pplied on push events)
i MQ&a LINRPLI 3IIFGS RAIFI2y It fe dzZLlgl NR

right, in adjacent columns. 2 b M o d

I Custom checks have to be made when 01911914 )
LINR LJ IF0AY3 | WYmQX ol a0(1({0}1]0|KS
respective two nodes. 1lol1lolo

I Matching a path of length N requires the 0/1]19/0]0
matching of the sulpath of length NL1. 110(0|0|0O

PP LRY I YFIOKE | WmMQ 62 PushStack |S
diagonally from the first to the last column.

I Recursion is supported since multiple partial
matches can occur simultaneously.
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Path Matching WalkThrough




Path Matching WalKTl hrough W

| Push|1[9]0)0]0

a/ bl *l cll d

XML Tree QueryStack

UC Riverside




Path Matching WalKTl hrough W

a
\

X At the new top of stack of every column:
9 X I Wepf&gatediagonallyupward if:
| T 1. The previous columK 2 f R@ I
C X the earlier top of stack® | Kk Q
'e\ Push|ol1bolo]o column).
| X 1/r 0{0]|O0 2. The pusheXML element matches

| the current columrtag K S N3SR. Q

d al bl * ¢l d

XML Tree QueryStack
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Path Matching WalKTl hrough

current column.

a
/\
b X At the new top of stack of every column:
\X | YMQ  LINGRdnklFEdpviia® &
1. The previousolumnholdsl Q¥ M
0|0l1]0|O0 the earlier top of stack¥ 6 Kk Q
¢ X Push Y4 column)
[~ o(1fofofo
X 11o0lololo 2. A wildcard is mapped to the
d

e

|

d
XML Tree QueryStack
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Path Matching WalKTl hrough

a
/\
b X At the new top of stack of every column:
| \X | WYMQ  LINRdnkiEupviafiE
g ; |
~_ Push|o|o0 CO41|0| 1 The previouzolumnholdst Q¥M i
X olo 1’ olo thelz ea;)lier top of stack®F Kk Q
column).
e % ol1]o]o]o
| X 1lolololo 2. The pushed XML element matches
d the current column taghere Y0 Q
al bl * c/l d

XML Tree QueryStack
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Path Matching WalKTl hrough W

a
/\
b X At the new top of stack of every column:
‘\ , PEPUN
X Push|{0]Ol0 Al 0 I QPMLINEZ h@rtigdilyoupwaardif
g |
| ™~ 019019011101 1 Thecolumnholdsi Gi® NB). W
C X 0{0|212(0}|0
S 2. Thecolumnhasl  ‘ékatko@ship
X oo e (KSNB). wOK Kk Q
1({010]0]0
d X al bl * ¢/l d

XML Tree QueryStack
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Path Matching WalKTl hrough W

XML Tree
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Push

O|O|(Fr|F]|O

o|lr|o|lo|o|o
olo|r|olo|B

0
b/ */ cll

QueryStack

0 1
0 0
0 0
0 0
0 0
1 0
al d

A

1 I n t (le& nodea s t
column)indicates a match.




Path Filtering as Applied to GPUs




Path Filtering on GPU:

Streaming Multiprocessor M A XML document events are

s}

: : 2 | transferred to the GPU, where
Streaming Multiprocessor 2 each entry is Sit wide
Streaming Multiprocessor 1 '
Shared Memory InStS::i:tﬁon
A |
) 7Y oy

Streaming | | Streaming Streaming | f |

Processor Processor | = o o | Processor

1 2 N . .
b i i 1 bit 7 bit
Constant Cache u AXML document events are
/ / stored in global memory on
the device.
Read

Only Global Memory
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GPU Kernel

Procedure 1 GPU Kernel < :
iﬂzr?nl;;i_ge.veg — Deme A Each GPU kernel is mapped to a SP

2 matched «— 0 (handling the matching of 1 node

3 for all XML document events do column).

4 if pop event then )

5 current_level - - A Kernels within the same block have a
6 else shared memory, thus the node column
7 current_level ++ belonging to the same query must be i
8 if ‘1’ propagates diagonally upwards OR vertically single block.

upwards then
13 iﬁi;ﬂig‘fT‘t—co"'“”m] leurrent level] « 1 A Kernels have personalities, that are
1 end if initially stored in global memory, then
: fetched (once) into local variables

12 end if
13 end for

14 if current column is a leaf column then
15  mateh_state|column_I D] = matched

16 end if \_Y_A Y \ Y \ Y J

17 return

1bit 1 bit 7 bit 5-9 bit
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Common Prefix Optimizatio W

A Reduce the overall total number of query columns required for
computation, by taking advantage of common prefixes across queries
I /a/blcis commonto Q& Q
fa/biscommonto Q Q, & Q
Without optimization, 11 columns (nodes) are required
With prefix optimization, 6 columns (nodes) are required

With prefix optimization & a physical constraint of 5 on block size, 8 columns (nodes) are
required (10 counting empty nodes).

Query Set Stack Column Common Prefix Common Prefix
Dependencies Optimization Optimization
s.t. Block Size =5

| I I
! | [
I 1 3 I
QO: a/b/c/d ' QO: abc 3 I Minimum T
| | nodes b | GPU f"ﬁ{E‘ o
| LN [ : U
Ql: a/b/c/e | Ql: abce : required ci %d | BlockO: N
' £yy | VAN ' GPU
: 2: ab m
Qz: o/b/d ! 4 : d e : Block1: |2 b
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Experimental Evaluation
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Experimental Setup

A GPU tests were ran on an NVIDIA TESLA Ci(
GPU:

I 30 SMs comprising of 8 SPs each.

A Software tests comprised of:

I YFiltersoftware
(http://yfilter.cs.umass.edu/code release.him

I A 2.33GHz Intel Xeon machine with 8GB of RAM
running LinuRedhat
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http://yfilter.cs.umass.edu/code_release.htm

Datasets

DataSets DBLPSwissprot Treebankand XMark

A XMLDocuments
- GeneratedXMLdocumentsusingToXgene
- MaximumXMLtree depth=16.
- XMLsizevariedfrom 5MB ¢ 50MB.
A Queries
- Generatedwig queries(32 ¢ 128K)usingthe Yfilter querygenerator
- Maximumpath lengthvariedfrom 4 ¢ 8.

- Percentoccurrenceof'//' & '*' variedfrom 5%- 20%
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Common Prefix Optimization
Implementation Evaluation

A Implementation details available in the paper.
A Comparison here versus tmeinimal node tree
A Varying the block size will affect:
I Fragmentation (empty nodes).
I Common prefix size.
I Repeated nodes across blocks.
—e—Length4 DBLP ——Length4 Treebank  —#—Length4_Mixed
—-Length8 DBLP —<Length8 Treebank Length8 Mixed

e

7
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o
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Evaluation of the Common Prefi)
Optimization

——o—Length4_DBLP ——Length4_Treebank —t—Length4_Mixed
——-Llength8_DBLP —-—Length8_Treebank Length8_Mixed

70

60 _—\ —

40

30 A ——e % —

20

|
|

Percentage of Remaining Nodes

Percentage

10
0

32 64 128 256 512
Block Size

A The percentage of remaining nodes includes number of
empty nodes.

A Applying the optimization results in:
I 71% mean reduction of number of nodes on queries of length 4.
I 45% mean reduction of number of nodes on gueries of length 8.
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Block Size Effect on the Running Tin

A Measured the total processing time with regards to 32K queries for a
50MB XML Document.

M Pre-Processing Time M GPU Processing Time (scaled by 1/4) A Tradeoﬁ on block S|Ze
14 .
T Larger block sizes result

0 higher processing time
8 due to the elevated

resource contention.

T Smaller block sizes result
In the least optimized
guery sets, thus the high
processing time.

Time (s)

o N B OO
[

A Block sizes 128 & 256 result
with the least processing time
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Performance Evaluation

A Measured GPU throughput (MB/s) for filtering algorithm for a 50MB
documentwhile varyingquerydatasetsize

A Comparedthroughput for optimized (Opt) versus un-optimized (Unopt)
gueryconfigurations

A Blocksizeis fixed at 128,

A Optimizationsncreasethroughputby a factor of 1.6x.

——L4 Unopt -=L8 Unopt -—=+L4 Opt LE8_Opt
30
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N
o
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Number of Queries
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Speedupvs Software

A Throughputof the proposed GPUapproachis independentof the complexity of XML
documents(e.g. recursion)or twig patterns(%occurrenceof '//' and™" in twigs).

A Throughputof software approachesdegradeswith higher occurrenceof '//' and ™' in twig
gueries

A Resultinghroughputis highestand constantuntil the GPUis over-utilized
A Queriesof length8 achieve<.5 ordersof magnitudespeedup
I Upto 300x speedupwith anaverageof 4x.
A Queriesof length 4 achievesup to 10x speedup(with an averageof 2x), with slowdown

beyondl16K queries

=—L4_Unopt =—L8 Unopt =—a—L4_ Opt L8 Opt
3
2.5 -
2

o 15

3 1

Q

@ 05

o

w 0
051 INENED N
-1
-1.5

Number of Queries
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Conclusions

A Presentedan XMkEbased path matching systeasingGPUSs.

A The GPtbased framework results imatching of user profiles at a
high throughput with minimal update time of query profiles

A Tens of thousands of profiles can be matched on a G®U (
thousands on an FPGA).

A Experimental evaluatioshows:

I up to 2.5 order of magnitude speedup (300x) for linear path queries of
length 8

I andup to 10x speedup for lengthgueries, with slowdown beyond 16K
queries.
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