AEEALEEY )7 — 2 EBOBAL
‘J7I~'717’7'7~7'4/7’\0)ﬁﬂﬁ

il

Osa"Umversﬂy
Prof Makoto Omzuka»f(om@acm org)

SES2023 2023/8/24


mailto:oni@acm.org

BE R

e fK (2014-IR71E)
« NTTHEHZEFR(1991-2014): tH3T11E
« D3> RK (2000-2001)
o ZAHUE (2007 BRI K 185 HE)
ERARE (FE)BEE (2011-2014)

mi




,,,,,,,




B H5YRIZBIT BT —SEE




959RIZEITHT

—AFELE?

=J1 =
3= IS
]
—_ ) )
D




93RICEITHT -2 EEICEATHIMYMEHA

AN
y 1|




AIFEDTIRSAY

A s
T —
[ Y
) N |
A\ e
ad L e

s Sl e e
|V aYed | f”%f.- Vi )

A\ 25V Z\)/ 7/
- o Nt o

1 11}

111!

3/8/24


https://dl.acm.org/doi/10.1145/3588909
https://dbtest-workshop.github.io/slides/DuckDB%20Testing%20-%20Present%20and%20Future.pdf
https://dl.acm.org/doi/10.1145/3555041.3589677
https://dbtest-workshop.github.io/slides/Journey%20of%20Migrating%20Millions%20of%20Queries%20on%20The%20Cloud.pdf

Detecting Logic Bugs of Join Optimizations

In DBMS, SIGMOD2023 (best paper)



https://dl.acm.org/doi/10.1145/3588909

BHENT=/NT DHI(ZDL)

mysql> CREATE TABLE t@(c@ INT);
mysql> INSERT INTO t@ VALUES(Q);

mysql> CREATE TABLE t1(c@ DOUBLE);
mysql> INSERT INTO t1 VALUES('-0');

mysql> SELECT /x+no_hash_join()%/ x FROM t@, t1 WHERE t0.c@ = t1.c0;

N WA———
| c@ | cO |

- ——————— -

I o | -0 |

- o i +

1 row in set (0.00 sec)

mysql> SELECT /x+hash_join()*/ x FROM t@, t1 WHERE t0.c@ = t1.c0;
Empty set (0.00 sec)

(@) MySQL’s incorrect hash join execution. o

"'/}

\



BHENT=/NT DHI(ZD2)

‘mysql> CREATE TABLE ta ( id' bigint, PRIMARY KEY (‘id'));
mysql> insert into ta values (1801425248110076165);

mysql> CREATE TABLE tb (value varchar(50));
mysgl> insert into tb values ("1801425248110076222");

mysql> select value from tb where value in (select id from ta);
Empty set (0.00 sec)

mysql> select value from tb where value in (select /*+no_index(ta)x*/
id from ta);

B it +
| value | }
e +
| 1801425248110076222 |
o +

1 row in set (0.00 sec)

(b) MySQL’s incorrect semi-join execution.

O
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DuckDB Testing Present & Future,
DBTest@SIGMOD 2022

G G

, y Jas Data etDB7dc:
| L L7, 7 777 Z7 7 el R ,_/ﬁ%%%?

i i i g v i s ] Ul | Z

DUCKDBIZ 7T RD T —FN—AT S ,%%%mmdwgﬁ - RlIBE

import duckdb
duckdb.read_csv('example.csv') # read a CSV file . o
duckdb.read_parquet('example.parquet"') # read a Parguet file into a Relation
duckdb.read_json('example.json') # pe

duckdb.sql('SELECT * FROM "example.csv"') # directly query a CSV file
duckdb.sql('SELECT * FROM "example.parquet"') # directly query a Parquet file
duckdb.sql('SELECT * FROM "example. Json L)

2023/8/24


https://dbtest-workshop.github.io/slides/DuckDB%20Testing%20-%20Present%20and%20Future.pdf

DuckDB Testing Present & Future,
DBTest@SIGMOD 2022

"If debugging is the process of removing software bugs, then
programming must be the process of putting them in"

Edsger W. Dijkstra

>

Debugging
Programming

Robustness (7)

SES2023 : 2023/8/24

Time (s)



https://dbtest-workshop.github.io/slides/DuckDB%20Testing%20-%20Present%20and%20Future.pdf

DuckDB Testing Present & Future

DBTest@SIGMOD 2022
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https://dbtest-workshop.github.io/slides/DuckDB%20Testing%20-%20Present%20and%20Future.pdf

Auto-WLM: Machine Learning Enhanced Workload

Management in Amazon Redshift, SIGMOD2023



https://dl.acm.org/doi/10.1145/3555041.3589677

Auto-WLM: Machine Learning Enhanced Workload
Management in Amazon Redshift, SIGMOD2023

Redshift AutoWLM on Main Cluster »/Concurrency Scaling Clusters
— Cluster 1 ‘
| ML predictor R Prlfmty Short query queue T —
Assigner _ Cluster 2
queries T
@ .2 Y [ K H N T T T T
@'@ Admission . User queue E Ciuster
MLI_JmoeIs Contjroller a{_’ ------ SNPA ‘ ‘ l ‘ I \
T query finishes | |
. Utilization
ML Trainer Monitor

Figure 2: AutoWLM architecture overview. When a query arrives, the ML predictor determines the resource requirements of
the query. The priority assigner determines how short the incoming query is to support shortest-job-first scheduling. Given
the priority, the admission controller decides if the query should be executed on the main’s clusters short query queue, user
queue, or sent to a concurrency scaling cluster. Once a query finishes, two things happen: (1) the ML trainer adds the observed
query plan and latency to the training set, and may update the ML predictor, and (2) the utilization monitor determines if the
cluster’s resources are under- or over-subscrib ing the admission controller to let in more/fewer queries.

2023/8/24


https://dl.acm.org/doi/10.1145/3555041.3589677

Journey of Migrating Millions of Queries on

The Cloud, DBTest 2022



https://dbtest-workshop.github.io/slides/Journey%20of%20Migrating%20Millions%20of%20Queries%20on%20The%20Cloud.pdf

¥ TREASURE DATA

Journey of Migrating Millions of -
Queries on The Cloud

Taro L. Saito, Naoki Takezoe, Yukihiro Okada, Takako Shimamoto, Dongmin Yu, Suprith Chandrashekharachar, Kai Sasaki, Shohei Okumiya,
Yan Wang, Takashi Kurihara, Ryu Kobayashi, Keisuke Suzuki, Zhenghong Yang, Makoto Onizuka

DBTest ‘22 on June 17th
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Treasure Data

Treasure Data OSS

Third Party OSS

Data

fluentd

Batch V %
Data

embulk

Data Collection

™

fluentbit

is an enterprise customer data platform (CDP) on the cloud

Job Management

|
digdag

TREASURE <=
DATA
Table Schema % APACHE‘K%

sitel

Cloud Storage

Hivemall

Machine
Learning

Distributed Data Processing

@ TREASURE DATA



Upgrading query engine is always tough

Various customer use cases
There are many edge cases in queries, data, and combination of both
General benchmark and test cases are not enough
Need to minimize customer frustration caused by upgrading
Keep backward compatibility as much as possible
Notify customers of incompatible queries and how to fix them in
advance if we will break compatibility

Activeness of OSS development
In particular, Trino development is super active
Monthly or more frequent release with hundreds of commits
No stable versions
But staying at the same version so long is also painful
Cannot use new features and optimizations unless backporting
Backporting will get harder over time

@ TREASURE DATA



Query simulator

Test using production data and queries with security and safety

W TREASURE DATA

‘ Checksum /
I Query Log I I Real Database I I Test Database I Query Metrics
al
read /Nrite
: replay queries :
Query Set I == Control Cluster I Report

== Test Cluster I

Security: Don’ t show customer data and query results
Safety: Don’ t cause any side—effect on customer data

@ TREASURE DATA



Challenges in query simulation

Query simulation takes very long time
Very large number of queries need to be tested (1.5 million SQL queries
every day)
Not only time, but also cost of test clusters
We need to make query simulation faster

Result verification is not straightforward
Many false positives and duplications
Result analysis tends to rely on personal knowledge
We need to make result verification easier

@ TREASURE DATA



How we can make query simulation faster?

Reduce the number of queries by clustering by query signature
Reduce the amount of data by narrowing table scan ranges

Test only specific queries (by period, running time, query type, etc)

@ TREASURE DATA



Clustering queries by query signature

Reduce 90% of queries a day need to be tested

Query signature

Corresponding SQL statements

S(T) = T:tablename | | SELECT ... FROM ..

S[*I(T) SELECT * FROM ... (select all columns)

G(S(T)) SELECT ... FROM ... GROUP BY

S(LY(T, T)) SELECT ... FROM .. LEFT JOIN ...

WS[A(a,S(T))] WITH a AS SELECT .. (define aliases to queries)
O(S(T)) SELECT ... ORDER BY

CT(S(T)) CREATE TABLE AS SELECT ...

1(S(T)) INSERT INTO ... SELECT ...

E(S(T)) SELECT distinct ... FROM ... (duplicate elimination)
U(S(T),S(T)) SELECT ... UNION ALL SELECT ...

W TREAURE DATA




Reporting for easier result verification

List problematic queries

Differences in query results, errors,
performance, resource usage,
scan ranges, worker distribution, etc

Exclude uncheckable queries
Non—deterministic queries

Slow queries

account_id  job_id s

Delay rate -100% — +100%

@ SELECT
B INSERT
DELETE

CREATE_TABLE

elapsed_time query_id elapsed_time  delay

CREATE_TABLE  20211209_173003_24364_hvapa 2.77m  20211209_173004_22041_s7bb4 13.11m  10.34m (+372%)

query_type

i
i
i

SELECT 20211210_050226_27983_hvapa 1.10m 20211210_050226_26133_s7b6d 484m  3.85m (+350%)

Failed queries with the same (or similar) error on both versions

Finally, check remaining queries by human

Reduced more than 90% of queries need to be checked
In addition, suggest potential cause of different results

@ TREASURE DATA



Reporting for easier result verification

Delay rate -100% — +100%

10K

8K

6K

aK

2K

-100 -90 -80 -70 -60
Slow queries

account id job_id [*J query_type

CREATE_TABLE

SELECT

- L= =8 _

I B SELECT
8 INSERT
¥ DELETE

CREATE_TABLE

Getting slower queries

query_id elapsed time query_ id elapsed_time delay
20211209_173003_24364_hvapa 2.77m 20211209_173004_22041_s7b64 13.11m  10.34m (+372%)
20211210_050226_27983_hvapa 1.10m 20211210_050228_26133_s7b64 4.94m 3.85m (+350%)

W 1REASURE DAIA



Assistance tools for investigation

trino—compatibility—checker
https://github.com/takezoe/trino—compatibility—checker

Run the same query on multiple versions of Trino using docker and compare query

results to identify the version that introduced the incompatibility

¥ 317: Right(37a6259cc0cldae299a7866489dff0Obd)

X 350: Left(java.sgl.SQLException: Query failed (#20210526 154140 00004 yzz4q):

same key: @38f546e: null=expr and @38f546e: null=expr)
¥ 334: Right(37a6259cc0cldae299a7866489dffObd)

X 342: Left(jJava.sgl.SQLException: Query failed (#20210526 154251 00003 2km75):

same key: @63flleOf: null=expr and @63f11leO0f: null=expr)
¥ 338: Right(37a6259cc0cldae299a7866489dffObd)

X 340: Left(jJava.sgl.SQLException: Query failed (#20210526 154338 00002 _2xtvz):

same_key: @©76615946: null=expr and ©76615946: null=expr)

Multiple entries with

Multiple entries with

Multiple entries with

same key: @4aca599d: null=expr and @4aca599d: null=expr)

X 339: Left(jJava.sgl.SQLException: Query failed (#20210526 154358 00002_jdnni):

Multiple entries with

@ TREASURE DATA


https://github.com/takezoe/trino-compatibility-checker

Trino bugs found by query simulation

#8027 'Multiple entries with same key' error on duplicated grouping of literal
values

#19764 Missing shallowEquals() implementation for SampledRelation

#10861 Query fails if IS NOT NULL is used for information_schema

#10937 Predicate push down doesn’ t work outside the scope of sub query
#11259 TRY should handle invalid value error in cast VACHAR as TIMESTAMP
#12199 Fix query planning failure on multiple subqueries due to
lllegalStateException at ScopeAware.scopeAwareComparison()

Also, we found many bugs in our target version that had been already fixed in the
latest version so we could backported them

@ TREASURE DATA


https://github.com/trinodb/trino/issues/8027
https://github.com/trinodb/trino/pull/10764
https://github.com/trinodb/trino/issues/10861
https://github.com/trinodb/trino/issues/10938
https://github.com/trinodb/trino/pull/11259
https://github.com/trinodb/trino/pull/12199

Future work

More support for investigation
After finding bugs, compatibility/performance issues, the root cause
Investigation is still tough
Some tools or automations for drill-down investigation will be helpful

More efficient query simulation
Better workload compression (e.g. exclude more queries that won’ t improve
the test coverage)
Isolate simulation traffic from other production components (e.g. pseudo
reproduction of real data by synthetic data)

@ TREASURE DATA
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https://cspengxin.github.io/publications/icse22-DeepTraLog.pdf
https://github.com/DJjjjhao/FIRA-ICSE/blob/main/preprint.pdf
https://arxiv.org/abs/2203.02660
https://arxiv.org/abs/2202.06689

TraLoq: Trace-Log Combined I\/Ilcroserwce
Anomaly Detection through Graph-based Dee

Learning, IC82022

7. i€ -W f mm;q. Im{-,xez;iﬁijaﬁ sequs 5, 1=5%, invocation
vaﬁ’*i/”aaw and af-wf»-isg-éM%%Keééi‘warﬂ,},,flaﬁ@:@i,‘ s'

e Fl-score C0.37MezEZE ik (precision (0.93) ’a'l (0.97

Model Trail:ling \ [ Al’lomﬂly Detection \

Log Parsing w (E\'ent Embedding
Log =
- .og Evi
L - A
|a S il .
\b) al id - g ’
P % . A
. | Model je NS
- ' - - A ’
Trace Parsing :
Trace :
-
t — Client Request POST /tic - A r'y
- Server Respoase GET /i J W
c :::lll:‘ .,“.'}-'I'l' e cep Support Vector |l L
Data Description a .

DeepTralog Overview 2023/8/24


https://cspengxin.github.io/publications/icse22-DeepTraLog.pdf

FIRA: Fine-Grained Graph-Based Code Chan
Representation for Automated Commit Message
Generation, ICSE 2022

%f //}%e/ ;
, ;» s © 55

OASTlnlegraItkmNd (O sub-token Node [ Edit Node

------------ MATCH

Lo i cmiom o MATCH [ = o o o o w8

Figure 8: Graphg;,,: fine-grained representation for code
changes

2023/8/24

Figure 9: Architecture of the proposed model


https://github.com/DJjjjhao/FIRA-ICSE/blob/main/preprint.pdf

MVD: Memory-related Vulnerabilit Detection
Based on Flow-Sensitive Graph Neural Networks
ICSE 2022

.......

Training Phase

Step 1. Feature Extraction

GitHub - ~
\ / Q
® O‘/"’O Slices
SO00 &
Source Code O O
(Detection Phase [ } !
| |
© Vulnerable node :
C— { ‘ ' O Non-vulnerable node | !
Step 1.Feature N | Step 2. Node o) o . i !
‘ Extraction I '\ "|  Embedding o ‘*o/ ’ v —A\ Data-flow edge i
(—: \ Control-flow edge

| Source Code Program Slices Graph Input Detection Model =) |- Call edge |
d g |
i - > Return edge |

2023/8/24
Figure 2: Overview of MVD


https://arxiv.org/abs/2203.02660
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B & (microscopic), KigiiEiE

(macroscopic)
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Spectral clustering, NIPS2001
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node2vec, KDD 2016
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GCN (Graph Convolutional Networks), ICLR 2017
5| FA%k25,20044
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Beyond Real-world Benchmark Datasets: An
Empirical Study of Node Classification with GNN:,

NeurlIPS 2022




Comprehensive Evaluation of Graph Neural Networks

Graph neural networks have attracted broad attention.

However, the comprehensive evaluation of the methods is challenging
because we have only limited real-world graphs with node labels.

©

It we had a variety of graphs,
we could assess the methods from many different aspects...

62



Evaluation Framework with Synthetic Graphs

-

Parameter Setting lraph Generation
— - A
; | parameter extraction \l [

i | from an attributed ', Graph
: graph with [lude |abels : : Generation
| : I :
| I |
| I |
| I |
| s . -
: configuration : |
| 3

! or b _
'\ I, various graphs
N manual setting SN

A Flexible Graph Generator

\_

2023/8/24

Use case; Evaluating graph neural network models
with generated graphs having various characteristics.

GraphSAINT-GAT Shadow-GAT H2GCN GPRGNN
—®— GraphSAINT-GraphSAGE ~ —F— Shadow-GraphSAGE ~ —#— FSGNN  —$— LINKX

f1-macro

8 6 4 2 0
Parameter B controlling M
heterophily <<--------->>homophily

An Empirical Study of GNNs

SES2023



Evaluation Framework with Synthetic Graphs

. . {Use case; Evaluating graph neural network models \
Parameter Setting lraph Generation i 4 araghs havi ous ch -
S - L m———— - - with generated grapns having various characteristics.
/ . \ \
t tract
| |JE|FE|ITIE or E.X raction 1 Il I GraphSAINT-GAT Shadow-GAT H2GCN GPRGNN
| fFIJITI dan EttFIIJLItEEI I > El‘ﬂph I & GraphSAINT-GraphSAGE ~ —#— Shadow-GraphSAGE ~ —#— FSGNN  —# LINKX
: graph with node labels I : Beneration :
I 5 : ' !
| I : I
| I : I o
| I | | o
I h I s . A ! I g
: configuration : I & ,
! or : : | '
| I . h I
\ . | various grapns |
N manual setting SRR , 8 6 4 2 0
S === - T - Parameter B controlling M
heterophily <<--------->>homophily
A Flexible braph Generator An Empirical Study of GNNs
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36th Conference on Neural Information Processing Systems (NeurIPS 2022) Track on Datasets and Benchmarks.

Beyond Real-world Benchmark Datasets: An
Empirical Study of Node Classification with GNNs

Seiji Maekawa!, Koki Noda?, Yuya Sasaki!, Makoto Onizuka!
IOsaka University, “TDAI Lab

[paper]
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Background of Empirical Studies of GNNs

Graph machine learning methods, e.g., GNNs,

have been assessed with limited benchmark datasets.

Towards practical use cases of GNNs, researchers and developers need

to deeply understand the strengths/weaknesses of GNNs from various aspects.

For extensive experiments, can we utilize
various synthetic graphs with different characteristics?

2023/8/24 SES2023



Approach to Comprehensive Evaluations of GNNs

We empirically study the performance of GNNs by using various graphs by synthetically changing one or a
few target characteristic(s) of graphs,

Ex.1: Class size distributions Ex.2: Class connection proportions

dense sparse
(homophily) (heterophily)

balanced imbalanced

07



Empirical Study 1: Class Size Distributions

MLP ChebNet GAT JK-GCN  —— JK-GraphSAGE ) o ) )
& GCN ¥ MoNet & SGC & JKGAT —F GraphSAGE While most existing works use accuracy, we use fl-macro that is more suitable
GraphSAINT-GAT Shadow-GAT H2GCN GPRGNN fur thE ImhalanEEd SEttlngS

—&— GraphSAINT-GraphSAGE =~ —#— Shadow-GraphSAGE ~ —#— FSGNN  —&— LINKX

f1-macro

balanced 0.4 0.6 0.6 0.7
Size of the largest class a
balanced <<----------- >> imbalanced
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Empirical Study 1: Class Size Distributions

MLP ChebNet GAT JK-GCN
—3— GCN F— MoNet —— SGC  —F— JK-GAT
GraphSAINT-GAT Shadow-GAT

—— JK-GraphSAGE
—— GraphSAGE

H2GCN GPRGNN

—&— GraphSAINT-GraphSAGE =~ —#— Shadow-GraphSAGE ~ —#— FSGNN  —&— LINKX

~
o

f1-macro
(@)]
(@]

balanced 0.4 0.6
Size of the larges

— SGC
#

0.6 0.7
t class o

balanced <<----------- 25

LY

> imbalanced

While most existing works use accuracy, we use fl-macro that is more suitable

for the imbalanced settings.

Interestingly, a linear model (SGC) achieves the best scores in the imbalanced
settings.
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Empirical Study 1: Class Size Distributions

MLP ChebNet GAT JK-GCN
—4— GCN T— MoNet —— SGC —f— JK-GAT
GraphSAINT-GAT Shadow-GAT

—®— GraphSAINT-GraphSAGE =~ —4— Shadow-GraphSAGE  —#— FSGNN

— JK-GraphSAGE
—— GraphSAGE

H2GCN GPRGNN
—&— LINKX

f1-macro

balanced 0.4 0.5

Size of the larges

0.6 0.7
t class o

balanced <<----------- 25

LY

> imbalanced

While most existing works use accuracy, we use fl-macro that is more suitable

for the imbalanced settings.

Interestingly, a linear model (SGC) achieves the best scores in the imbalanced
settings.

Other complicated GNNs tend to
overfit major classes.
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Empirical Study 1: Class Size Distributions
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Other complicated GNNs tend to
overfit major classes.

f1-macro
(@)]
(@]

balanced 0.4 0.5 0.6 0.7

Size of the largest class a _ _
balanced <<----------- >% imbalanced In the imbalanced settings,

a simple method outperforms others!

Y
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Empirical Study 2: Class Connection Proportions

A very recent GNN (GPRGNN) achieves the best scores in most cases.
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Empirical Study 2: Class Connection Proportions

A very recent GNN (GPRGNN) achieves the best scores in most cases.

GraphSAINT-GAT Shadow-GAT H2GCN GPRGNN
—®— GraphSAINT-GraphSAGE =~ —#— Shadow-GraphSAGE =~ —#— FSGNN  —&— LINKX
= In the heterophily setting, a graph-agonistic model (MLP) achieves comparable
= results to SOTA GNNG.
MLP E
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5 5 . , 0 There is room for performance improvement.
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(classes are sparsely connected)



Short summary
We proposed a flexible graph generator, GenCAT,

which can contral the class structure and scale well.

We conducted empirical studies of GNN for node classification and

clarified the limitations and opportunities of the SOTA GNNs.

We provide an evaluation framework for future research.
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