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Motivation



A relation

Name Nationality Hair Shop Item
Shinzo Japanese Black 7-Eleven Ramen
Shinzo Japanese Black 7-Eleven Crisps
Stefan Swedish Blond Tkea Meatballs
Stefan Swedish Blond Ikea Chair
Stefan Swedish Blond Tkea Meatballs
Stefan Swedish Blond 7-Eleven Crisps
Donald American Blond Walmart  Milkshake
Donald American Blond Walmart Crisps



Normalisation

Person Shop Item

P1 S1 I1

P1 S1 12

P2 S2 I3

P2 S2 I4

P2 S2 I3

P2 S1 I2

P3 S3 I5

P3 S3 I2
ID Name Nationality Hair
P1 Shinzo Japanese Black
P2 Stefan Swedish Blond
P3 Donald American Blond

ID Name

S1 7-Eleven
S2 Ikea

S3 Walmart
ID Name

I1 Ramen
I2 Crisps
I3 Meatballs
I4 Chair
I5 Milkshake



Queries

How many blond Swedes bought meatballs from lkea?
SELECT COUNT (*)

-- Relations
FROM customers, shops, items, purchases

-- Joins

WHERE purchases.customer = customers.id
AND purchases.shop = shops.id

AND purchases.item = items.id

-- Filters
AND customers.nationality = 'Swedish'
AND customers.hair = 'Blond'

AND items.name = 'Meatballs'
AND shops.name = 'Ikea'



Query optimisation

—_

. A user issues an SQL query

2. Each query can be answered with many different query
execution plans

3. The query optimiser searches for the fastest execution plan
4. The best plan is executed, the results are returned to the user

5. Difficulty: the exact cost of each plan is unknown before
executing it



Join order matters (1)

JOIN

JOIN

name = ‘Meatballs’ JOIN \

nationality = ‘Swedish’
hair = ‘Blond’ name = ‘lkea

T T

customers items purchases shops



Join order matters (2)

JOIN

JOIN \
name = ‘Meatballs’ JOIN

nationality = ‘Swedish’
hair = ‘Blond’ name = ‘Ilkea

T T

customers items shops purchases



Cost-based query optimisation

Search
space

> Parser o Algebraic > Optimiser [+ Execution 1, Executor
tree plan

f

Cost model

Query optimisation time is part of the query response time!



Cost model

v

Cost of operator mostly depends on number of tuples to
process, called the selectivity

Selectivity is extremely difficult to estimate [WCZ"13]

v

v

Errors propagate exponentially [IC91]

v

Seminal (simple) ideas from [SACT79] are still very much in
1
use

"https://www.postgresql.org/docs/13/planner-stats.html
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https://www.postgresql.org/docs/13/planner-stats.html

Selectivity estimation

» How many customers?

» How many Swedish customers?

» How many purchases from |kea?

» How many purchases from lkea for ?

» How many Swedish bought from lkea?

The goal of this PhD is to propose efficient methods that can
answer these kind of queries.

Selectivity estimation is difficult because of dependencies, even
more so when they scattered across relations.
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Assumptions

1. Attribute value independence (AVI): attributes are
independent with each other

2. Join uniformity: attribute distributions do not change after
joins

3. Join predicate independence: join selectivities can be
computed independently

In practice, all these assumptions go out the window.
The goal is to relax them.
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State of the art
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Dummy strategies

1. Scan the data on the fly: takes too long

2. Memorise all possible combinations: takes too much space

A compromise between time and space has to be made
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Existing approaches

1. Sampling
2. Supervised learning

3. Unsupervised learning
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Sampling

> |dea: estimate a selectivity by running a query on a sample of
the relations
» The sample can be constructed:

1. online: expensive because of on the fly disk access, but
accurate

2. offline: can be done during downtime, but needs to be
refreshed

» Different methods:

» Single relation [PSC84, LN90] (works well but has a high
inference cost)

» Multiple relations [O1k93, VMZC15, ZCL* 18] (empty-join
problem)
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Supervised learning

» ldea: frame selectivity estimation as a supervised learning
problem:

1. Features: queries issued by users
2. Targets: the selectivity of each query
3. Goal: minimise some metric
» Different methods:
» Query feedback memorisation [SLMKO1] (useless for unseen
queries)
» “Classical” machine learning [CR94, ACRT12, LXYT15]
» Deep learning [KKRT18, DWN™19, WXQ™20]
» Little to no work takes into account concept drift and cold
start issues

18



Unsupervised learning

v

Idea: build a statistical synopsis of the database to perform
density estimation

v

The goal is to capture as much information as possible

v

Domain closure: the data we have is not part of some larger
sample
Different methods:
» Unidimensional [IC93, TCS13, HKM15] (textbook approach)
» Multidimensional [GKTDO05, Augl7] (exponential number of
combinations)
» Bayesian networks [GTK01, TDJ11] (complex compilation
procedure and high inference cost)

v
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The accuracy vs. complexity trade-off

A
D | i
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Selectivity estimation with Bayesian networks
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A statistical point of view

v

A relation is made of p attributes X1,..., X,

» Each attribute X; follows an unknown distribution P(X;)

» P(X; = x) gives us the probability of a predicate (e.g. name =
‘Ikea’)

» P(X;) can be estimated, for example with a histogram

» The distribution P(X;, X;) captures interactions between X;
and X; (e.g. name = ‘Ikea’ AND nationality =
‘Swedish’)

» Memorising P(Xy, ..., X,) takes []h | X;| units of space



Independence

v

Assume X1, ..., X, are independent with each other
We thus have P(X1,...,X,) = [[} P(X;)
Memorising P(X1, ..., X,) now takes Y §|X;| units of space

v

v

» We've compromised between accuracy and space

v

In query optimisation this is called the attribute value
independence (AVI) assumption

23



Conditional independence

v

Bayes' theorem: P(A, B) = P(B | A) x P(A)
Example: P(hair, country) = P(hair | country)P(country)

v

v

A are B are conditionally independent if C' determines them
In that case P(A,B,C)=P(A|C)P(B | C)P(C)
[P(A]C)+|P(B|C)|+|P(C)] <|P(A,B,C)|
Conditional independence can save space without
compromising on accuracy!

v

v

v
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Example

nationality | hair | salary

Swedish 42000
Swedish 38000
Swedish 43000

Swedish Brown | 37000
American Brown | 35000
American Brown | 32000

» Truth: P(Swedish, )=2=05
» With independence'

» P(Swedish) =

> P ) = %

» P(Swedish, ) ~ P(Swedish) x P( )=2=0.333
» With conditional independence:

» P( | Swedish) = 3

» P(Swedish, ) = P( | Swedish) x P(Swedish) =

=05

4x6



Bayesian networks

v

Assuming full independence isn't accurate enough

» Memorising all value combinations takes too much space

v

Pragmatism: some variables are independent, some aren’t

v

Bayes' theorem + pragmatism = Bayesian networks

v

Conditional independences are organised in a graph

v

Each node is a variable and is dependent with its parents
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Example

American ‘

Swedish

0.333

| 0.666
Table: P(nationality)

Brown
American 0 1
Swedish 0.75 0.25

Table: P(hair | nationality)

< 40k | > 40k
American 1 0
Swedish 0.5 0.5

Table: P(salary | nationality)
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Structure learning

> |n a tree, each node has 1 parent, benefits:
» 2D conditional distributions (1D for the root)
» Low memory footprint
» Low inference time

» Use of Chow-Liu trees [CL68]
1. Compute mutual information (MI) between each pair of
attributes
Let the MI values define fully connected graph G
Find the maximum spanning tree (MST) of G
. Orient the MST (i.e. pick a root) to obtain a directed graph

A wN
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Selectivity estimation

» Use of variable elimination [CDLS06]
» Works in O(n) time for trees [RS86]
» Steiner tree [HRWO2] extraction to speed up the process

® O
ONENG

Figure: Highlighted Steiner tree containing nodes G, S, N, and H needed
to compute H's marginal distribution
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The stepping stone

» We managed to soften the AVI assumption within a relation
[HSPM19]

» The next step is to take into account dependencies across
different relations [HSPM20]
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Bad assumptions

» Up to now, we assumed Pr(Swedish) = Prwqp(Swedish)
(join uniformity assumption)

» We also assumed
Peogpsas (Swedish, Ikea) = Po(Swedish) x Ps(Ikea) (AVI
assumption)

» Both of these assumptions are wrong in practice
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Dependency preservation assumption

v

Example factorisation: P (A, B) = Po(A | B)Po(B)
Assumption: attribute dependencies are preserved after joins
Example: Prpap(A, B) = Po(A | B)Pesap(B)

We don't need to know Pryp(A | B)!

v

v

v
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[[lustration

» | know how many customers are Swedish and blond

» | know how many Swedes made purchases

» | assume that all Swedes are as likely to make purchases
» Consequently, | know many blond Swedes made purchases

This is much softer than the join uniformity assumption
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Example without the assumption
Shop Customer

1 1 Customer Nationality  Hair

2 1 1 Swedish Blond
3 1 2 Swedish Blond
4 1 3 Swedish Brown
5 2 4 American  Blond
6 3 5 American  Brown
7 5

Table: Customers
Table: Purchases

v

Pryap(Blond, Swedish) = %
P (Swedish) = %

P (Blond | Swedish) =
Prioap(Blond, Swedish)

v

v

2
3

v

2 x 2 = 2 (44% underestimate)



Example with the assumption

Shop Customer

v

v

v

v

1

~No o W N
WNRHRE = =

5

Table: Purchases

Customer Nationality  Hair

Pryap(Blond, Swedish) = %

P(;Mp(Swedish) = =
P (Blond | Swedish) =
Poap(Blond, Swedish)

2
3

2«
3%

1

Gl wWwN

o

Swedish Blond
Swedish Blond
Swedish Brown
American  Blond
American  Brown

Table: Customers

= % (20% underestimate)
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Independent Bayesian networks

Figure: Separate Bayesian networks of customers, shops, and purchases
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Linked Bayesian network

Nationality

: |

Figure: Linked Bayesian network of customers, shops, and purchases
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"Unrolled" linked Bayesian network

Day of week

Figure: Unrolled version of the linked Bayesian network of customers,
shops, and purchases
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Including more attributes

Day of week

Figure: Linked Bayesian network of customers and purchases
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Benefits of linked Bayesian networks

1. Only one attribute of each relation has to be included

2. New distributions are obtained for free because of the attribute
dependency preservation assumption

3. By trying to relax the join uniformity assumption, we also
relaxed the attribute value independence assumption across
relations!

4. The same inference algorithm used for a single Bayesian
network can be used on the unrolled version of a linked
Bayesian network

40



Experimental setup — environment

» Measure accuracy using g-error [LRGT18]:
| ma(y.9)

Q\v,y) = ———F—=~

v 9) min(y, )

v

Measure inference speed
» Measure compilation time and storage requirements

Use 5,122,790 queries derived from the Join Order Benchmark
[LGMT15]

v
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Experimental setup — compared methods

We benchmarked the following methods:

1.

© N o bk WD

PostgreSQL

Random sampling [OR86]

Correlated sampling [VMZC15]

MSCN (deep learning) [KVM™19]

Global Bayesian network [TDJ11]

Independent Bayesian networks [HSPM19] (us)
Linked Bayesian with & =1 (us)

Linked Bayesian with k& = 2 (us)
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q-errors

Figure: Sorted g-errors for all queries by method

108 Sorted g-errors by method

T
PostgreSQL

Random sampling
Correlated sampling
MSCN

Global Bayesian network
Independent Bayesian networks
Linked Bayesian network with k =1
Linked Bayesian network with & = 2
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Table: g-error statistics for each method

median  95th 99th max average
PostgreSQL 7.32 185.84 707.21 10906.17 77.01
Sampling 4.79 33.17 81.34 1018.43 12.71
Correlated sampling | 3.83 12.63 22.72 214.1 5.79
MSCN 2.99 7.47 12.49 110.56 3.89
Global BN 1.95 3.22 4.01 7.45 1.99
Independent BN 4.0 329 76.91 820.46 11.82
Linked BN &k =1 2.41 6.15 8.07 21.09 2.79
Linked BN k = 2 2.13 4.26 5.23 12.6 2.3




Table: Average inference time in milliseconds for each method with
respect to the number of joins

No joins 1 join 2 to 5 joins 6 joins or more

PostgreSQL 2.3 2.6 3.6 8.4
Sampling 19.6 36.2 120.2 268.4
Correlated sampling 20.4 155.7 280.6 493.4
MSCN 135.9 3122 343.3 387.6
Global BN 84.3 116.1 145.8 236.1
Independent BN 8.3 10.9 12.6 12.1
Linked BN & =1 9.5 12.8 14.1 15.2
Linked BN k& = 2 10.1 12.9 14.3 16.4




Table: Computational requirements of the compilation phase per method

Construction time  Storage size
PostgreSQL 5s 12KB
Sampling 7s 276MB
Correlated sampling 32s 293MB
MSCN 15m8s 37MB
Global BN 24m45s 429KB
Independent BN 55s 217KB
Linked BN &k =1 2m3s 322KB
Linked BN k = 2 2m8s 464KB




Correcting selectivities with machine learning
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Recap

» Bayesian networks are a good candidate to replace histograms

» However, a lot of query optimisers are reluctant to modify
their cost model

» Can we improve an existing cost model by learning from its
mistakes?
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ldea

Assume we have a cost model

The true costs are denoted y;

The estimated costs are denoted ;

The average relative error is e = = 37 | %
If e > 1, the model is overestimating

If e < 1, the model is underestimating

We can divide each g¢; by ¢ to correct the model

Naturally, we don't know e before a workload occurs, but we
can estimate it online

Used in Microsoft SQL server [LKN*16]
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Baby steps

» Assumption: the model's error depends on the complexity of
the query

» Example: relative errors might be correlated with the number
of joins
» We can calculate the errors ej, for each number of joins %

» When an estimate for a query is made, correct the estimate by
dividing the estimate by the appropriate ey,

50



A statistical learning perspective

v

We can take this further, and correlate the error with features,
denoted x;, derived from each query

v

Goal: learn to predict the error from x;

v

Approach: use error feedback to update a statistical

v

In other words, we can use machine learning to (try to)
correlate query properties with relative errors

51



Supervised learning in a nutshell

v

Supervised learning is a subset of machine learning

v

Typically, we have a n x p matrix of n observations and p
features, denoted X

v

We also have a vector of n target values, denoted y

v

The goal is to learn a model m which maps X to f

v

Ideally, m should generalise and not memorise

52



Recent endeavours

» Many recent proposals:

Gradient boosting [DWNC]

Random forests [IB17]

Deep learning [KKR* 18]

More deep learning [WJAT18]

Even more deep learning [WHT*19]
Traditional linear models [DWN*19]

All of these proposals use a batch approach

vV vy vy VY VY

v

Batch models need to be retrained when new data arrives

v

v

Queries are, by nature, endlessly streaming in

v

Data distribution and queries typologies change through time
(concept drift)

v

Batch models are therefore sub-optimal

v

Also, batch models are too cumbersome [HSK*19]
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The benefits of online machine learning

» An online model is able to learn with one sample at a time
» Online learning is a better fit than batch learning for the

purpose of selectivity estimation:
1. An online paradigm doesn't require to store historical data

2. An online model is always up-to-date
3. An online model can cope with concept drift
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Target encoding

» The idea of LEO [SLMKO1] is to memorise past selectivities of
sub-QEPs

» We can do the same in spirit, by memorising the error with
respect to:
1. relations
attributes
. joins
attribute values
number of operators

ok wDd

» In data science, this is called target encoding

» Might overfit when groups are too small
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Factorisation machines (FM)

FMs supersede linear models:

= +szxz+z Z v,,v] TiTj

=1 j=1+1

where (-, -) is the dot product:

(vi, vj) sz,f X vj.f
This model parameter are thus:

wy € R w; € RP wifERpXk
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Experimental results

v

We simulate a stream of queries

Soft and hard drift are inserted to check for robustness
» We benchmark batch models:

Linear regression
LightGBM [KMFT17]
MSCN [KVM*19]
PostgreSQL's cost model

v

vV vy vy

As well as online models:

v

Linear regression

Bayesian linear regression
Multi-layer perceptron
Factorization machines [Ren10]
Hoeffding trees [DHOO0]

vV vy vy VvYy
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Figure: g-errors for each method with hard concept drift
Average g-error per model with hard drift
301 i'
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Figure: g-errors for each method with soft concept drift

g-error
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Conclusion
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Conclusion

» Selectivity estimation is the backbone of query optimisation

» Computational performance is paramount, and thus dictates
what we're allowed to consider

» Bayesian networks simplify the assumptions we presented
above, without requiring too much computational resources

» Likewise, our online learning proposal focuses on simplicity
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Offering a better compromise
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Perspectives

1. Robust query optimisation
2. Extend to other applications:

» Workload forecasting
» Resource allocation
» Approximate query answering

3. Implement in an actual query optimiser

4. Produce more benchmarks
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