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Comma Separated Values
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ID,Country, ISOCode, Population\n

1,Germany,DE, 83149319\n
2,Spain,ES,47007367\n
3,France,FR,67076431\n
4, Tt alan, T 6030 71 e\ R
5,Japan, JP,126150745\n
6,China,CN,1427647786\n

Row-based text-file

7,United States of America,US,328239523\n

8, Canada,CA, 37894799\n
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Device I/O Parsing
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Scope: End-to-End
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Wait: Why CSV?
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More efficient file formats exist (e.g. Apache
Parquet)... So why CSV?

* In use for over 50 years

« platform-independent, other formats lack universal
compatibility

 Human-readable and simple

Generally accepted standard does not exist, but RFC
4180 is mostly used.

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein



Universitat Bamberg

Table of Content

1. Hardware and bottlenecks

2. Concept of the CSV Parsing Algorithm
3. Tuning Parmeter

4. Results

5. Conclusion

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein



Universitat Bamberg

Local Parser Host

Max. Parsing

Max. Parsing PCI 3.0
@16.2GB/s @12.4GiB/s @0.4GB/s
) %l ERg 00 OO
> ~—
CPU RAM (TiB
GPU + (TiB)
VRAM 32GB

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein



Universitat Bamberg

Data transfer bottleneck

Local Parser Host
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Standard version of receiving data from a data
host (Streaming)

Remote Data Host Local Parser Host
Max. Parsing PCI 3.0 Mgé' :’grBs/ing
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@12.4GiB/s
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The next bottleneck

Remote Data Host Local Parser Host :
Max. Parsing PCI 3.0 Max. Parsing
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Now: GPU interconnect via NVLink 2.0 and
GPUDirect via RDMA

Remote Data Host Local Parser Host :

NVLink 2.0
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The Problem to be solved in this paper:
data loading bottleneck

Remote Data Host E Local P "
3 . NVLink 2.0 M Para
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The GPU -
« Around 80 SMs (streaming

multicore processors) L >
 Threads within a warp can ‘; || et 7

access the same Registers &)/ |
« SIMD (Single Instruction

Multiple Data) within a

warp
» No branch prediction [ e 1 x2 esen L7777
- (Only) 32GB VRAM - -
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Concept of the CSV Parsing Algorithm -
Overview

csv
input
GPU Host
Memory Memory

Split into chucks Count delimiters Prefix-sum: Create Create tapes Deserialize
P in chunks Field offsets FieldsIndex for columns tapes
Data P: Data P Data Pi
~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ > e o

Parsers typically have complex control flow (warp divergence)

Main idea:
Simplify control flow at expense of additional data passes

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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Concept of the CSV Parsing Algorithm -
Overview

csv
input
GPU
Memory

Count delimiters Prefix-sum: Create Create tapes Deserialize

EEEERE in chunks Field offsets FieldsIndex for columns tapes

Data Pass » Data Pass Data Pass

Main goal

Deserialize: ,Converting“ the data into concrete data structures

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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Concept of the CSV Parsing Algorithm -
Overview

csv
input
GPU
Memory

Create Create tapes Deserialize

Intermediate Steps ] raesasznex for cotums

Main goal

Tapes are here to exploit the fact that there is usually only one
datatype in a column.

Which field belongs to which column? —— FieldsIndex-Array

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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Split into chucks

Count delimiters
in chunks

Prefix-sum:
Field offsets

Create
FieldsIndex

Create tapes
for columns

Deserialize
tapes

ID,Country, ISOCode, Population\n

1,Germany, DE, 83149319\n
2,Spain,ES, 47007367 \n
3,France,FR, 67076431\n
4,Ttaly,IT,60317116\n
5,Japan, JP,126150745\n
6,China,CN,1427647786\n
7,United States of America,US,328239523\n
8,Canada,CA, 37894799\n

chunk @

To exploit parallelization. One chunk per warp

ID,Country, ISOCode, Populationwnl,Germany, DE, 831493192, Spain,ES, 4

chunk 1

70073673, France,FR,67076431n4,Italy,IT, 603171165, Japan, JP, 1261

chunk 2

50745n6,China,CN,1427647786\nn7,United States of America,US, 328239

chunk 3

52318, Canada, CA, 378947999, Australia, AU, 2572189210, Russian F...

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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spise dn cmcka || |, Smisers evperm Bl B el e e e
Chunk Delimiter

chunk 0

ID,Country, ISOCode, Populationwnl, Germany, DE, 83149319012, Spain,ES, 4 11
chunk 1

7007367\n3, France, FR,67076431n4,Italy,IT,60317116w5, Japan, JP,1261 12
chunk 2

50745n6,China,CN, 14276477867, United States of America,US, 328239 8
chunk 3

52318, Canada,CA, 3789479919, Australia, AU, 257218921110, Russian F... 10

Data pass 1

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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e R reaul e e S ol R e
- Prefix
Chunk Delimiter
Sum
chun< 0
ID,Country, ISOCode, Populationwnl, Germany,DE, 8314931902, Spain,ES, 4 11 0
cnunx |
70073673, France, FR,67076431n4,Italy,IT,60317116n5,Japan,JdJP,1261 12 1
cnunk 2
50745n6,China,CN, 14276477867, United States of America,US, 328239 8 23
chun< 3
5238, Canada,CA, 3789479919, Australia,AU,25721892n10,Russian F... 10 31

No data pass needed, just an array-operation.

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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Split into chucks

Prefix
Sum
0 +
I +
23 +
31 -
Data pass 2

Count delimiters Prefix-sum: Create - Create tapes Deserialize
in chunks Field offsets FieldsIndex for columns tapes
0 | 2 3 4, 5 b 7 8, 9 0 I

ID,Country, ISOCode, Populationwnl, Germany, DE, 83149319012, Spain,ES, 4
12, 13 145 1517 8 19 20, 21 204 .23
700736713, France, FR,67076431n4,Italy,IT, 6031711605, Japan,JdP, 1261
24, 25 6 27 28 29 30 3
50745n6,China,CN, 142764778617, United States of America,US, 328239

32 33 34 35 36 57 38 39 40 4
5238, Canada,CA, 3789479919, Australia,AU,25721892n10,Russian F...

Fieldsindex
o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

0 3 1 19 30 32 40 43 52 54 60 63 72 74 81 84

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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Prefix-sum: Create
Field offsets FieldsIndex

Count delimiters
in chunks

Split into chucks

Create tapes
for columns

Deserialize
tapes

Disease, Year, Country,Cases\n
COVID-19,2020,DE, 184492\n
HIN1,2009,ES,1538\n

Spanish Flu,1918,FR,187500\n

Dcease . char(12] Year . unt(4) Country char(2]

C OV I D -11]9\0N\0 NN 21012 0 D E
HI 1 N1 |\O[\O[\O\O\O O |\O|\O 2100 9 E 'S
S'p a n i s h Folou\O 19 1 8 F IR
Data pass 2

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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& ;‘INn's
LyL1S
¥agny

be
R

P S G i chuna riata ottsats rialdsTndax “tor cotuma e
Every thread deserializes one field. So every warp
deserializes 32 fields in parallel

0x80 Field
..347,6431,972...
Register 1 Register 2
71.16]|4 3|11].1]89
0
+ 1 x10°
+3x10' = 6431
+ 4 x10°
+6x103

Data pass 3

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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Streaming

ES,47007367\n
JP,126150745\n
DE, 83149319\n
FR, 67076431\n
IT,60317116\n
CN,1427647786\n

Widow Orphan

Batch n-1 \ Batch n ‘ \ Baten n+i

«..1367\nJdP, 12615‘ 0745nDE, 83149319nFR, 67076431\\11‘IT, 60317 /116mCN, 142764. ..

Rows parsed n batch n

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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Tuning Parameter: Chunk Size(Bytes)

100 GB/s
90 GB/s
80 GB/s
70 6B/s
60 GB/s

50 GB/s

THROUGHPUT

40 GB/s

30 GB/s

20 GB/s

10 GB/s

0GB/s
0 256 SR 768 1024 1280 1536 1792 2048 2304 2560 2816 3072 3328 3584 3840 4096 4352 4608 4864 5120 5376 5632 5888 644 6400 6656 6912 7168 7424 7680 7936 BI92
CHUNK SIZE (BYTES)

int_444 dataset: homogenous with 4 digits unsigned short values

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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Tuning Parameter: Chunk Size(Bytes)

100 GB/s
90 GB/s
80 GB/s
70 6B/s
60 GB/s

50 GB/s

THROUGHPUT

40 GB/s

30 GB/s

20 GB/s

10 GB/s

0GB/s
0 256 SR 768 1024 1280 1536 1792 2048 2304 2560 2816 3072 3328 3584 3840 4096 4352 4608 4864 5120 5376 5632 5888 644 6400 6656 6912 7168 7424 7680 7936 BI92
CHUNK SIZE (BYTES)

Sweet spot between: increasing resources per warp and reduce of overhead with scheduling, launching
and processing

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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Tuning Parameter: Input Size

100 GB/s
90 GB/s
80 GB/s
70 GB/s
= B606B/s
Q-
p
8 506B/s
o
(e
-
~ 40GB/s
30 GB/s
20 GB/s
10 GB/s
0GB/s
X X X X ® <z> Q
Q\ VIR N e\ N N W
‘\Q (,9 \QQ Q,QQ {5@ Q Q)@ %QQ \QQ/ Q(?Q \ \ Q q/@;b

INPUT SIZE

int_444 dataset: homogenous with 4 digits unsigned short values

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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Tuning Parameter: StreamingBatchSize

65 GB/s __max. bandwidth NVLink 2.0

60 GB/s

® PCle 30
55 6B/s @ NVLink20
50 GB/s

45GB/s

40 6B/s
35 6B/s
30 6B/s
25 GB/s
20 GB/s
RS max. PCle 30 i 11 7 7 7 1
10 GB/s
=l
U
2 5

1 10 20 30 40 S0 60 70 80 S0 100 125 150 175 200 225 250 275 300 325 350 375 400 425 450 475 500 525
STREAMING SIZE (MEGABYTES)

THROUGHPUT

int_444 dataset: homogenous with 4 digits unsigned short values

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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Tuning Parameter: warplndexBufferSize

100 GB/s
90 GB/s
80 GB/s

70 GB/s

60 GB/s
50 GB/s
40 GB/s
30 6B/s
206B/s
10 GB/s
0GB/s

832 896 960 1024 1280 1536 1792 2048 2304 2816 3072 3328 3584 3B40 4096 4352 4608 4864 5120 5376 5632 5888 6144 6400 6656 6912 7168 7424 7680 7936 8192
WARPINDEXBUFFER SIZE (BYTES)

THROUGHPUT

int_444 dataset: homogenous with 4 digits unsigned short values
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Results on NYC Yellow Taxi dataset

33206B/s

30 GB/s
25 GB/s
20 GB/s

15 GB/s

THROUGHPUT

10 GB/s

56B/s
2.54 GB/s

003GB/s 008GB/s  017GB/s - 0256B/s

PostgreSQL HyPer OmniSci I cuDF Icsvmonkey I I ParPaRaw I ‘CUDAFastCSV—\ ‘CUDAFastCSV— \

0GB/s

PCle NVLink

GPU-based Parsers CPU-based Parsers

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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On-GPU Comparison

60 GB/s
60 GB/s

50 GB/s
40 GB/s

30 GB/s

THROUGHPUT

259 GB/s

20 GB/s

162 GB/s

10 GB/s

0GB/s
ParPaRaw CUDAFastCSV-FastMode CUDAFastCSV-QuotedMode
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NYC Yellow Taxi - streaming performance

60 GB/s
60 GB/s

S0 GB/s

40 GB/s 38.26GB/s

30GB/s

THROUGHPUT

20 GB/s

112 GB/s

10 GB/s

0GB/s
on-GPU PCle 3.0 NVLink 2.0 RDMA-GPUDirect
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Comparison between desktop-grade GPU and
server-grade GPU

110 GB/s

100 GB/s @ GTX1080 Ti (GDDR5X) 700€
® TeslaVIOO (HBM2)  7000€

1002 GB/s

90 GB/s
80 GB/s

70 GB/s

60 GB/s
60 6B/s
S11GB/s

—— 4850GB/s

THROUGHPUT

40 GB/s

30 GB/s 252 GB/s

222 GB/s

20 GB/s

10 GB/s

TPC-H Lineitem NYC Yellow Taxi int_444

0GB/s

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein
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Conclusion

 GPUs improve parsing performance

« PCle 3.0 limits performance

* Network streaming is feasible

« GPUs can efficiently handle complex data formats

« GPUs facilitate data transformation (row-to-column)

« Desktop-grade GPUs provide good performance per
cost

Fast CSV loading using GPUs and RDMA for in-memory data processing | Haderlein



