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Ubiquitous computing
environment
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Classical query evaluation
43

Declarative query Q Declarative query Q
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/%¥First join execution*/
if{Rnew.a = R2.c){
combine(Rnew, R2):
| ¢ L " for {(int rl=0; rl<Rl.data.size; rl++)
> if (touplel = Rl .get(rl) = "Italianne")
g{ uery Op dmizer Que] recipl.add (touplel);
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/%¥Second joln execution¥/
if{Rnew.a = R2.c){

combine(Rnew, R2);

Rnew = combine(recipl, R2):
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recip3.add (touplel);
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Optimization process

Search space exploration
Using algebraic transformation
Using heuristics
Random exploration

Execution cost estimation
For each generated plan
Using cost function or rules

Extensive use of metadata and statistics that are
not always available
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Query optimization using
case-based reasoning

= The cost of execution plans
cannot be evaluated
a priori, so lets try and see!

1 (Pseudo-)random search
space exploration where just
ONE execution plan is
generated

Case-based "I Measures during query plan
reasoning execution

1 Reuse learned plans
=1 Continuous learning




Advantages

No need of statistics

Optimization where classical techniques are not
applicable

Progressive optimization
Can be accelerated by preloading/sharing of case bases

Personalization of optimization objectives
Cost function depending on measures



R1 : Restaurant(nom, adresse, ville)

N ew Pro b le 111 R2 : Ville (nomVille, NumDept)

R3 : Region(NumDept, NomRegion)

Q

Select Restaurant.nom, Restaurant.adresse, Restaurant.ville
From Restaurant, Ville, Region

Where Region.nom = ‘Rhone Alpes” and Restaurant.specialite = ‘Italianne” and
Restaurant.ville = Villenom and Ville numDept = Region.numDept

I +EEeLLonLexu: Listsrdrdinewer >~ I

+getQuery(): Query

ProblenigetContext():Context |_I_|

Q

Select ={R1l.al, R1. a2, R1. a3}
From ={R1, R2, R3}
Where = {Sel(R3.nom="Rhone Alpes’), Sel(R1.specialite="Italianne’),
Join(R1.ville = R2.nom), Join(R2.numDept = R3.numDept)}
-fromClause: From _vdiue. dily

1ootNamal)l SHreinag

Context Optimization objective

Free memory = 400 KB
CPU charge =75%
Available Energy = 70%

E(memory)




Pseudo-random query plan

generation
| 10 |

- --- Project

- --- Sort
N --- Nested Loop - Join
N --- Merge - Join
. --- Select

Query 1
Select Resto.nom, Resto.adresse, Resto.ville
From Resto, Ville, Region

Where Region.nom = ‘RA” and Resto.spec = “It" and
Resto.ville = Ville.nom and
Ville.numDept = Region.numDept



Case-based reasoning  process
adaptation to query optimization
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Query classification and
similarity
Similarity guided by adaptation possibilities

Query classification
Queries that can be solved by the same set of query plan shapes
Common features
Same data sources
Same join conditions
Same selection operators (but not values)

Query similarity
Queries in the same query class are similar
Similarity is the base for retrieval process

Identity query class
Explore equivalent cases

Similarity guide storage of cases



Retrieve similar queries
[:i

Case base

N0

Select = {R1.nom, R1. addres, R1. specialite}

From ={R1, R2, R3}

Where = {Sel(R3.nom="Rhone Alpes’), Sel(R1.specialite="Ttalianne’),
Join(R1.ville = R2.nom), Join(R2.numDept = R3.numDept)}

o Q2

Select = {R1.nom, R1. addres}

From ={R1, R2, R3}

Where = {Sel(R3.nom="Alsace’), Sel(R1.specialite="Indienne’),
Join(R1.ville = R2.nom), Join(R2.numDept = R3.numDept)}




R1 : Restaurant(nom, adresse, ville)

C aSeE R2 : Ville (nomVille, NumDept)
R3 : Region(NumDept, NomRegion)

Q1
Select Restaurant.nom;-Restaurant-adresse——
From Restaurant, Ville,Region Case

Where Region.nom = “WRACURI Restaurant.specialite = ‘Indienne’ and
Restaurant.ville = Villeauerny®iah VRllanumDept = Region.numDept
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Case 3 +getQuery(): Query

Q
Select ={R1.al, R1. a2, R1. a3} -
From ={R1, R2, R3} - —
Where = {Sel(R3.nom="Rhone Alpes’), Sel(R1.specialite="Italianne”), "

Join(R1.ville = R2.nom), Join(R2.numDept = R3.numDept)} o
i 111/ | | pldll | | |
Query plan or | Evaluation

at
E] Consumed resources

DB2 DB3

DB1 Exggution time = 150 ms




| |

Adaptation process g

Case base

Adaptation concerns

Projection attributes

Selection condition (fix values for selection)

The adaptation process depends on the
similarity level between the queries

4 selectClause, fromClause and ---
whereClause
3 fromClause and whereClause selectClause
2 selectClause and fromClause whereClause
1 fromClause selectClause and whereClause
0 fromClause, selectClause and

whereClause
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Conclusions

We proposed a query optimization technique that

Allows the query optimization when no metadata is
available

Exploits case-based reasoning
Allows the personalization of optimization objectives

The contribution of our work is
Case-based  reasoning adaptation to  query
optimization
Data model for the knowledge representation
First prototype implementation



First results
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Future work

Extensive experimental evaluation
Improvement of knowledge acquisition and
exploitation

Sub-queries

Knowledge preloading/sharing

Dynamicity management
React to changes in the environment
Knowledge maintenance

Other application domains



Thank you
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