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e Website: https: / / lakesoul-io.github.io/

CILF Al & DATA

e GitHub: https://github.com/lakesoul-io/LakeSoul

Originated in the real-
time data flow scenario
of large
recommendation and
advertising businesses

LakeSoul
Domestic self-
research flow
batch integrated/
Iake warehouSe
framewo‘rk open

Refactoring
metadata to
improve
concurrent
update and
transaction
capahilities

Release Flink CDC
multi-table
automatically

into the lake,

support the
whole library.-~~ -
synchroni/z/a't/ion,
automatiE DDL

chaggé
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LakeSoul Open source lake warehouse framework introduction

Release of Native
IO to expand
performance
leadership.
LakeSoul Project
was donated to
Linux, Foundation
[ncubation

DMetaSoul

2023.06"Now

Release the full
link flow
incremental
calculation,
automatic merge
and ot/h;ef/
funetions.
Support for

/ PyTorch, Ray, and

Pandas reads


https://lakesoul-io.github.io/
https://github.com/lakesoul-io/LakeSoul
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LakeSoul Open source lake warehouse framework introduction

Open source project positioning: one-stop Data +

Al Lake warehouse framework

Transition from ETL to ELT Bl / Al integration, a variety of
computing modes and multiple
Automates data integration in real-time computing engines directly read the
data
Incremental data modeling for computations
and queries Unify the data architecture and caliber
........................................................................................................ Unified |
ELT Streaming/Bat Multiple
~ warehouse p ch applications
Build data warehouses on the data Flow batch unified computing link, unified
lake infrastructure storage, unified data link
Integrate the advantages of lake and Support concurrent writing, Upsert, ACID,

warehouse snapshot reading and other functions
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LakeSoul Overall architecture

service lavyer
Schema ACID Data ”Real-tlme.
Manage Control Distribution/Stats ‘-onC‘Lr rent
Stream updates
data
Metgdata
pushydown Data + Al integrated
SprK éFllnk prEStO PyTorché RAY
Batch
data Engine Engine Flow batch
Catalog Data Source

—
e e el

Increment

s orage ayer

M INIO
Amazon83 HBFS B‘JEz:oss

stora Hot
data
optlm cache

ize
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Problems facing the current data

lake architecture

data * Need to support a variety of data
. source collection, CDC flow update,
Integratlon improve the real-time performance

* Cloud native architecture, computing

data
storage

and storage separation, and cloud

storage performance optimization

data * Need to support high performance, low
hand“ng latency flow, batch computing

Data * Need to support big data, Al multiple
app|ication scenarios, computing ecology
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LakeSoul, Open source lake warehouse framework imuoduction

LakeSoul Framework solution: Native 10

layer
 Support multi-source heterogeneous I/ ________________ \I
data data source and data acquisition tools, | I t : |
: 4 " redl-time
Integration support real-time CDC writing, Upsert | |
update S 4
g . Separation of storage and calculation, { \
ata _ ' . . | | d : I
storage elastic capacity expansion, and highly : Clou native :
5 optimized for cloud object storage D et TR R R / * N 3 t | ve I O
________________ N
data ; Support. high performance I?atch | h 1 g h - |
. computing, low delay real-time | £ |
handlmg incremental computing '\_E_e_r__o_[[n_ép_c_g_ !
ro T T 0 - N\
Data  Data application requires data

|
|
e consumption to support a variety of |
application application scenarios (Al, Bl) '
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design goal

02

Unified packaging
* Unified IO implementation, encapsulate Upsert and MOR logic

* Independent of the computational engine implementation
* Package the Java / Python interface

Multi-engine ecology

* Vectorized memory format, zero-copy across languages
* Vectorization computing framework, Al framework docking

high-performance

* For high-throughput batch reading and writing design

* Separated elastic Compaction, reduced write magnification

* Use fully the asynchronous parallel means to improve the storage
system access performance

ataFun.
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Technical selection

* Implementation language: Rust * NativelO SDK :
e data format:  Arrow C data interface
* Apache Parquet (disk) + Apache Arrow * Java: com.github.jnr:jnr-ffi
(memory)

e Rust: std::ffi, arrow::ffi
e There are main key table, no primary key table
 Python: cython, ctypes, pyo3
* Physical implementation
* Engine Connectors
 Apache DataFusion

* Apache Arrow-RS * Spark/Flink/Presto

« Tokio  PyTorch/Pandas/Ray
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NativelO Overall architecture

|
| e i .
4 Data Sources | DATA« 1 |  Compute Framework Execution A
| FUSICN |
Spark | ” |
| |
| Lol Pl P | PhysicalExec
Flink : :
| : ﬂ |i [ AggExec JoinExec
| |
| |
SQL : PhysicalPlan > :
| |
| B eieietetetet \,
|
Pataframe : ﬂ : : ScanExec DMLExec l
I I l I
[ . | )
Connectors PhysicalExee | | S—————— | ——————
N | : 1r | Y
| |

L
Native 10 <:> >>> Recordgr;fcﬁ .u
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Table file organization format

e partition table

e Supports multilevel range partitions, with one

. DB
subdirectory per level —
Tables Direct @. Data file partitioning reduces
* table_path/’date=20240110’/ () I e _ query time.
i —— e
. 1 ! | —
i Ma|n key table S T — Partitions Subdirectories are created
(sub-directory) for each unique value of a
partition column.
* Monolayer of LSM-Tree L o
. . .. . . — Buckets
* Upsert When the file is divided according to the main P —c T

key hash, and the main key is sorted within the shard

Photo credit: https: / / www.simplilearn.com/tutorials/hadoop-tutorial/data-file-partitioning
 Support for reading and writing in CDC format
 With a rowkind hidden column:1 /U /D

e Support for concurrent partial field updates (Partial
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The execution position of hash slice

Primary Key table write process

(Repartition) and sorting can be adjusted

Plan Tree l flexibly
e Spark: Sding and sorting are
Insert Into:
FilePath = TablePath/Partition/prefix-{version_id } {bucket_id}.parquet performed in Spark
_ * Flink: Sding is performed in Flink
—————— ———— Native Interface -———————————-
and sorting is performed in
Repartition:

Partitioning = HashPartitioning(HashKey, HashBucketNum) NativelO layer

* Engine global fragmentation to reduce
—————— *l———— Native Interface —-——————————- .
the number of small files
Sort: * Native Level sorting uses Spill Sort to
SortKey=[HashKey]
save memory
—————— ‘l———— Native Interface ——————————— « Write path without Compaction
Native Parquet Writer (additional automatic Compaction

service)
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Primary key table read process

Async RecordBatch Virtual Groups By Vectorized Interleaving
Streams(Sorted) Primary Key(Sorted)
c - ~ r N\
>>> RecordBatch ||| —— P riorityQueue Merged
Key = HashKey + Versionld RecordBatch
Version=1
y fFsz:kl_ _________________ } MergedRow,,
| !
>>> RecordBatch JJ = tJLJL] y
Version=2 | m——————— e — — — — — — —
|( Key=kn }
) IL | MergedRow,,
>>> RecordBatch _u':> N J \. J

Version =3
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Primary key table read process

[RecordBatch],
batch_size=2
Hash Value
01 a
01 b
11 a
21 a
21 b
21 C
21 d
31 a
31 b

BatchRange
Hash Value
01 a
01 b
11 a
21 a
21 b
21 C
21 d
31 a
31 b

* The same primary key may come from the
same batch, multiple batch per file, and a batch
of different files

* Organize the same primary key together using
the priority queue (record stream id, batch id,

row id, no data copy)
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Primary key table read pro¢:

PiorityQueue
Key = HashKey + Versionld

—_————— e — — — e — — — — — — ————

—_———— . ——— e — — — — — — — — ———

——— ————— ——— — — — — — — — — — — — —

Key=k1

Hash C1 C2
k1 Vi1 Vi1
k1 V1, Vi,
k1 Va1
k1 Vi1
k1 V3,
k1 V33
Hash C1 C2
(latest) (sum)
kl Vi3 V1,14V1,24V
2,1

~

N o o — — — — — — — —— —— —— —— —— — — — — — — — —

Each group selects the line number corresponding to the latest primary key to form the {stream id, batch _id, begin / end _row id} quple

Batch final output using the Arrow Interleave operator

AN

aFun
cIll

\

— e e e o — — — — — — — — — — — — e e e

entatfoRe @

Merged RecordBatch

MergedRow,,
interleave

all
rows

MergedRow,,
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CDC (Change Data Capture) native support

Automatically add the

RowKind hidden columns

PK | Value | RowKind
01 |a I
01 |b U
11 |a I
21 |a I
21 | b U
21 | null D

The deleted row is
automatically filtered during
the batch read
(Spark/Flink/Presto/PyTorch)

PK | Value
01 b
11 a

aFun
eIl

Flow read automatically fill
Flink RowData.rowKind Field

antaieR”

PK | Value | RowKind
01 |a I

01 |b U

11 |a I

21 |a I

21 |b U

21 | null D

N ETR

DMetaSoul
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Column cutting push down

1

Non HashTable ‘

ParquetScan

Projection
TableScan
HashTable
MergeOnReadScan
ParquetScan

1

2 LakeSoul
atioRes*”

TableScan

Non HashTable

‘ HashTable

MergeOnReadScan
(ProjectedSchema)

1

ParquetScan
(ProjectedCol)

ParquetScan
(ProjectedCol)

STk

DMetaSoul
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Filter Push it down

1

(ParquetFilter, OtherFilter)

)

TableScan

Non HashTable

DMetaSoul
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* Partition cropping is done in advance at
the engine layer to reduce the Plan Task

number

OtherFilter * Parquet RowGroup Stats Cropping (the

main key point check effect is obvious)

* Parquet Reader Filter: Off off (effective

TableScan

with large proportion filtering)

A

HashTable

ParquetScan

N HashTable
Non HashTable
MergeOnReadScan
ParquetScan
ParquetScan (ParquetFilter)

MergeOnReadScan
(ParquetFilter)

i

ParquetScan
(ParquetFilter#HashCol)
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Object storage performance optimization

* Cloud Object Storage Features:

* High bandwidth, high concurrency, and high latency

* Single-threaded synchronization: read 30 MB/s, write 20 MB /s
* Object storage performance optimization:

* Read the request split: Y8MB / req

* Write the request split (Multipart Upload):> 5MB

* Read does not cross the Part boundary: RowGroup- -Part corresponding
* Parquet File read and write optimization on the object storage

* RowGroup Size: “Y30MB

* Aynchronously prefetch RowGroup when reading

* Write when asynchronous concurrent upload RowGroup

https://docs.aws.amazon.com/AmazonS3/latest/userguide/optimizing-performance-guidelines.html



https://docs.aws.amazon.com/AmazonS3/latest/userguide/optimizing-performance-guidelines.html
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Object storage and read optimization: Parquet RowGroup Prefetch

The original version, 10, and decoding were performed The optimized version, 10, and decoding were executed in

————————————————— alterpately -0
Reading
(ROWGFOUp has next rowgroup, (ROWG roup FUt)
has next Fut) try prefetch 2nd
next

>

fut.poll() is OK
w/o batch_reader

rong
fut.poll() is OK

w/o batch_reader

fut.poll() is OK
with batch_reader,
push to Queue

fut.poll() is OK
with
batch_reader

Queue is not empt

batm_rh\ DiSlEereliit > aueue.pop rontl) Decoding >

(Batch Reader)

batch_reader has Queue.front()
has next

next batch
batch

S3 takes 200Mbps 800Mbps
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Upload

Write

>>> RecordBatch

>>> RecordBatch

>>> RecordBatch

)

write optimization: Parquet kowGrou

Encoding
—> : —
{///// RowGroup
—>
e |:|I>
:> {//// RowGroup

100Mbps 300Mbps bandwidth for single core write S3

LIl
ara

JataFun. _ad OLﬁkeSouI [ )

I‘ellI ﬁlﬂllﬁpa rt

Backgroud Async Upload

BT R

DMetaSoul

Object Store

Part 1

Part 2

Part 3
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IO Benchmark

Contrast to the Spark native IO
500

450
400

350

300
250
200
150
100

- Hm
0

Read Write

B Spark Vanilla Parquet B LakeSoul

test mode:
« TPCH-SF100 Orders table, 150 million rows, read after writing to S3
« Spark 1c8g
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COW / MOR read and write Benchmark

WRITE TIME(SECONDS) READ TIME(SECONDYS)
Hudi, 664
Hudi, 25
Hudi, 542
Iceberg, 18.63
Iceberg, 398
LakeSoul 186 Iceberg, 198 Hudi, 8.5 Iceberg, 8.9 LakeSoul, 9.39
LakeSoul, 6.1
LakeSoul, 57
MOR cow
test mode:

https://qgithub.com/meta-soul/ccf-bdci2022-datalake-contest-examples/tree/mor » The first batch of inserted 1000, ten thousand lines of data
https://github.com/meta-soul/ccf-bdci2022-datalake-contest-examples/tree/cow « 10 Upsert 100 million lines of data

« No Compaction was performed with the MOR read


https://github.com/meta-soul/ccf-bdci2022-datalake-contest-examples/tree/mor
https://github.com/meta-soul/ccf-bdci2022-datalake-contest-examples/tree/cow

LakeSoul NativelO Application p

The MOR small file reads the Benchmark

fetch

25

20

15

10

, 1

Compaction Read out Upsert 10 Secondary reads Upsert 100 Secondary reads

test mode:

* The first batch of inserted 1000, ten thousand lines of data
* 10 times and 100 times Upsert 100 million lines of data

* No Compaction was performed with the MOR read

DataFun. S0 LakeSoul ) BT
doiiLe

Document size: 43MB (10 times), 4.8MB (100
times)

Read to merge 10 files: 16s

Read to merge 100 files: 21.5s

Combining 100 files takes time to increase by

30%
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Vectorization engine: Spark Gluten
Sﬁ&‘# s Jobs Stages Storage Environment Executors

Details for Query 2

Submitted Time: 2023/12/20 17:03:21 12
Duration: 1.0 s
Succeeded Jobs: 2 3 10
(J Show the Stage ID and Task ID that corresponds to the max metric 8
BatchScan LakeSoul Native &1 IO 6
number of output rows: 150,000,000
4
WholeStageCodegenTransformer (3)
duration: total (min, med, max ) 2
6.7 s (59 ms, 217 ms, 272 ms )
0

HashAggregateExecTransformer
Gluten Native BMELHE

number of final output vectors: 0

totaltime of extraction: 0 ms

totaltime of preProjection: 0 ms

number of memory allocations: 155

number of output vectors: 31

number of spilled bytes: 0

number of final output rows: 0

number of output rows: 93

number of output bytes total (min, med, max )

4.4 MiB (143.8 KiB, 143.8 KiB, 143.8 KiB )

number of spilled files: 0

totaltime of aggregation total (min, med, max )

1.6s(14 ms, 52 ms, 65 ms )

peak memory bytes total (min, med, max )

6.4 MiB (212.1 KiB, 212.1 KiB, 212.1 KiB )

number of spilled rows: 0

DataFun. W) LakeSoul ) BR
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B PEREX B (B B2

S3

M Vanilla Spark Parquet ® LakeSoul ® LakeSoul + Gluten
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The Al training reads from the LakeSoul table

LakeSoul Lake
warehouse

—— o e o o e e e e e o ol

LakeSoul Table data

PyTorch Dataset Model training

________________

Re N Tensor

v

Native 10

v

\

Cpp + Cython

\

________________

RecordBatch based on PyArrow Docking of PyTorch and HuggingFace ecology



ttaFun. ) LakeSoul ) BTR

LakeSoul NativelO Application pracuce

Al and Data Science computing ecology: PyTorch, HuggingFace, Ray, Pandas, PyArrow

from lakesoul.arrow import lakesoul dataset

ds = lakesoul dataset("table name", partitions={'split':

# 1iterate batches 1in dataset
# this will not load entire table to memory
for batch in ds.to_batches():

# convert to pandas table
# this will Lload entire table into memory
df = ds.to_table().to_pandas()

"train'})

dl

import datasets
import lakesoul.huggingface

dataset =
datasets.IterableDataset.from_lakesoul("lakesou
1 table", partitions={'split': 'train'})

import ray.data

import lakesoul.ray

ds = ray.data.read lakesoul("table name",
partitions={"'split': 'train'})

Support for a distributed training environment
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LakeSoul NativelO Application pracuce ™

Al |arge model traimﬂg//github.com/lakesoul—io/LakeSouI/tree/main/python/examples

dataset_table = "imdb"

def read_text_table(datasource, split):

dataset = datasets.IterableDataset.from_lakesoul(datasource, partitions={"split": split})
for i, sample in enumerate(dataset):

yield {"text": sample["text"], "label":sample["label"]}

# Tokenize the IMDb dataset

train_tokenized_imdb = IterableDataset\
.from_generator(read_text_table, gen_kwargs={"datasource":dataset_table, "split":"train"})\
.map(preprocess_function, batched=True)\
.shuffle(seed=1337, buffer_size=25000)

test_tokenized_imdb = IterableDataset\
. from_generator(read_text_table, gen_kwargs={"datasource":dataset_table, "split":"test"})\
.map(preprocess_function, batched=True)


https://github.com/lakesoul-io/LakeSoul/tree/main/python/examples
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LakeSoul Recent development plair

* function e organism's habits e function
— Pluggable WAL support _ _
— Support for more database — Minor compaction
Sub-second-level real-time
visibility entry into the lake — Spark Columnar Writer
— Real-time data quality — Kafka Connect Sink — Presto Velox Connector
verification .
— LogStash Sink — Apache Doris Connector
— Hadoop / K8s automated

— Front-end of the data

development platfpfyby: https://github.com/lakesoul-io/LakeSoul
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thanks

Quick experience:
https://lakesoul-io.github.io/zh-Hans/docs/Getting%20Started/setup-

local-env



https://lakesoul-io.github.io/zh-Hans/docs/Getting Started/setup-local-env

