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Plan

• Interrogation données semi-structurées 
• Optimisation logique
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Données semi-structurées 
• Caractéristiques
– très répandues : crawl api, data-sets publiques, …
– flexibilité, pas de schéma préétabli (schéma a posteriori)
– imbrication sur plusieurs niveaux, structure variable
– difficiles à manipuler et à cerner 

• JSON : modèle le plus répondu
– syntaxe plus simple que XML 
– exprime à la fois une séquence de valeurs (arrays) et des 

tuples (record)
• Quelques modèles plus expressifs utilisent :
– Map (tableaux associatifs)
– Bags (arrays sans la notion d’ordre)
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JSON : modèle de données, schémas

• Data model 
– Valeurs atomiques : null, bool, number, string 
– records : ensemble de paires (clé,valeur)
– arrays : séquence de valeurs

• Spécification du schéma
– pas de standard, propre à chaque système 
– quelques similitudes et un candidate en lice 

(JSON-Schema) pour définir un schéma a 
priori

– expressivité variable : utilisation d’expression 
régulière, opérateur d’union, comptage, 
négation
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{
"email" : "abc@ef",
"first" : "li",
"coord" : [{

"lat" : 45,
"long" : 12

}],
"last" : null

}

un objet JSON



Manipulation de JSON dans Spark

• Chargement
– Traduction vers modèle Spark SQL guidée par le 

schéma
– Schéma fourni ou inféré automatiquement

• Interrogation
– Algèbre Dataset
– Notation pointée pour naviguer dans la hiérarchie
– Fonctions prédéfinie pour manipuler les arrays
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Inférence du schéma et chargement
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{
"person" : {

"firstname" : "Melena",
"lastname" : "RYZIK",
"role" : "reported",
"rank" : 1,
"organization" : ""

}
}
{

"person" : {
"firstname" : "other",
"lastname" : "ABCD",
"rank" : 1,
"organization" : "OO"

}
}

Collection de 2 objets

testNyt: org.apache.spark.sql.DataFrame
scala> testNyt.printSchema
root
|-- person: struct (nullable = true)
|    |-- firstname: string (nullable = true)
|    |-- lastname: string (nullable = true)
|    |-- organization: string (nullable = true)
|    |-- rank: long (nullable = true)
|    |-- role: string (nullable = true)

scala> testNyt.show

scala> testNyt.select("person.*").show

firstname lastname organization rank role

Melena RYZIK 1 reported

other ABCD OO 1 null

role devrait être le 
seul attribut 
optionnel

person

[Melena, RYZIK, , 1, reported]

[other, ABCD, OO, 1,]

de type 
SparkSQL Struct

Inférence du schéma et chargement
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{
"first" : "al",
"coord" : [],
"last" : "jr"

}
{

"first" : "al",
"coord" : null,
"last" : "jr"

}
{

"email" : "abc@ef",
"first" : "li",
"coord" : {

"lat" : 45,
"long" : 12

},
"last" : null

}

Collection de 3 objets

scala> test.printSchema
root
|-- coord: string (nullable = true)
|-- email: string (nullable = true)
|-- first: string (nullable = true)
|-- last: string (nullable = true)

scala> test.show

coord email first last

[ ] null al jr

null null al jr

{"long":12,"lat":45} abc@ef li null

impossible de récupérer 
long et lat sans parsing
préalable

de type 
SparkSQL String

Inférence du schéma et chargement
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{
"person" : [

{
"firstname" : "Melena",
"lastname" : "RYZIK",
"role" : "reported",
"rank" : 1,
"organization" : ""

},
{

"firstname" : "derba",
"lastname" : "OKYZ",
"role" : "reported",
"rank" : 1,
"organization" : ""

}
]

}
{

"person" : [
{

"firstname" : "other",
"lastname" : "ABCD",
"rank" : 1,
"organization" : "OO"

}
]

}

Collection de 2 objets

scala> testNyt.printSchema
root
|-- person: array (nullable = true)
|    |-- element: struct (containsNull = true)
|    |    |-- firstname: string (nullable = true)
|    |    |-- lastname: string (nullable = true)
|    |    |-- organization: string (nullable = true)
|    |    |-- rank: long (nullable = true)
|    |    |-- role: string (nullable = true)

scala> testNyt.show(truncate=false)

person

[[Melena, RYZIK, , 1, reported], 

[derba, OKYZ, , 1, reported]]
[[other, ABCD, OO, 1,]]

de type 
SparkSQL Array<Struct>



Interrogation
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{
"person" : {

"firstname" : "Melena",
"lastname" : "RYZIK",
"role" : "reported",
"rank" : 1,
"organization" : ""

}
}
{

"person" : {
"firstname" : "other",
"lastname" : "ABCD",
"rank" : 1,
"organization" : "OO"

}
}

Collection de 2 objets

scala> testNyt.show

scala> testNyt.select("person.*").show

firstname lastname organization rank role

Melena RYZIK 1 reported

other ABCD OO 1 null

Utilisation de l’algèbre Dataset : select, where, join,…
https://spark.apache.org/docs/…org.apache.spark.sql.Dataset

person

[Melena, RYZIK, , 1, reported]

[other, ABCD, OO, 1,]

Interrogation
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{
"person" : [

{
"firstname" : "Melena",
"lastname" : "RYZIK",
"role" : "reported",
"rank" : 1,
"organization" : ""

},
{

"firstname" : "derba",
"lastname" : "OKYZ",
"role" : "reported",
"rank" : 1,
"organization" : ""

}
]

}
{

"person" : [
{

"firstname" : "other",
"lastname" : "ABCD",
"rank" : 1,
"organization" : "OO"

}
]

}

Collection de 2 objets

scala> testNyt.show(truncate=false)

scala> testNyt.select(explode_outer($"person")).show(truncate=false)

person

[[Melena, RYZIK, , 1, reported], 

[derba, OKYZ, , 1, reported]]
[[other, ABCD, OO, 1,]]

col

[Melena, RYZIK, , 1, reported]

[derba, OKYZ, , 1, reported]

[other, ABCD, OO, 1,]

explode dés-imbrique le contenu d’une colonne de type
ArrayType<T> en retournant une colonne de type T

Interrogation
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{
"person" : [

{
"firstname" : "Melena",
"lastname" : "RYZIK",
"role" : "reported",
"rank" : 1,
"organization" : ""

},
{

"firstname" : "derba",
"lastname" : "OKYZ",
"role" : "reported",
"rank" : 1,
"organization" : ""

}
]

}
{

"person" : [
{

"firstname" : "other",
"lastname" : "ABCD",
"rank" : 1,
"organization" : "OO"

}
]

}

Collection de 2 objets

scala> testNyt.show(truncate=false)

scala> testNyt.select($"person",explode($"person")).show(truncate=false)

person

[[Melena, RYZIK, , 1, reported], [derba, OKYZ, , 1, reported]]
[[other, ABCD, OO, 1,]]

person col

[[Melena, RYZIK, , 1, reported], [derba, OKYZ, , 1, reported]] [Melena, RYZIK, , 1, reported]

[[Melena, RYZIK, , 1, reported], [derba, OKYZ, , 1, reported]] [derba, OKYZ, , 1, reported]

[[other, ABCD, OO, 1,]] [other, ABCD, OO, 1,]

Interrogation
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{
"person" : [

{
"firstname" : "Melena",
"lastname" : "RYZIK",
"role" : "reported",
"rank" : 1,
"organization" : ""

},
{

"firstname" : "derba",
"lastname" : "OKYZ",
"role" : "reported",
"rank" : 1,
"organization" : ""

}
]

}
{

"person" : [
{

"firstname" : "other",
"lastname" : "ABCD",
"rank" : 1,
"organization" : "OO"

}
]

}

Collection de 2 objets

{
"role" : "reported",
"persons" : [

{
"firstname" : "Melena",
"lastname" : "RYZIK",
"rank" : 1,
"organization" : ""

},
{

"firstname" : "derba",
"lastname" : "OKYZ",
"rank" : 1,
"organization" : ""

}
]

}

?

Nécessite l’imbrication dans le 
select



Bilan
• Expressivité limitée du langage de schéma et du 

langage de requêtes 
– pas de distinction entre attributs optionnels et obligatoires
– n’exprime pas l’union : String + [ ] + {long: String, lat: 

String}
– quid de l’accès indexé aux éléments d’un Array et de 

l’imbrication dans le select?
• Autres pistes
– Extensions SQL : SQL++ de AsterixDB, N1QL de 

Couchbase, SQL de Apache Drill 
– Langages propriétaires : Aggregation Pipelines de Mongo, 

JSONiq de Zorba
– Plusieurs connecteurs possibles avec Spark
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Démo : prépartion TME
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Optimisation de SQL sur Spark
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Figure 3: Phases of query planning in Spark SQL. Rounded rectangles represent Catalyst trees.

In total, the rules for the analyzer are about 1000 lines of code.

4.3.2 Logical Optimization
The logical optimization phase applies standard rule-based opti-
mizations to the logical plan. These include constant folding, pred-
icate pushdown, projection pruning, null propagation, Boolean ex-
pression simplification, and other rules. In general, we have found
it extremely simple to add rules for a wide variety of situations. For
example, when we added the fixed-precision DECIMAL type to Spark
SQL, we wanted to optimize aggregations such as sums and aver-
ages on DECIMALs with small precisions; it took 12 lines of code to
write a rule that finds such decimals in SUM and AVG expressions,
and casts them to unscaled 64-bit LONGs, does the aggregation on
that, then converts the result back. A simplified version of this rule
that only optimizes SUM expressions is reproduced below:
object DecimalAggregates extends Rule[LogicalPlan] {
/** Maximum number of decimal digits in a Long */
val MAX_LONG_DIGITS = 18

def apply(plan: LogicalPlan): LogicalPlan = {
plan transformAllExpressions {
case Sum(e @ DecimalType.Expression(prec, scale))

if prec + 10 <= MAX_LONG_DIGITS =>
MakeDecimal(Sum(UnscaledValue(e)), prec + 10, scale)

}
}

As another example, a 12-line rule optimizes LIKE expressions
with simple regular expressions into String.startsWith or
String.contains calls. The freedom to use arbitrary Scala code in
rules made these kinds of optimizations, which go beyond pattern-
matching the structure of a subtree, easy to express. In total, the
logical optimization rules are 800 lines of code.

4.3.3 Physical Planning
In the physical planning phase, Spark SQL takes a logical plan and
generates one or more physical plans, using physical operators that
match the Spark execution engine. It then selects a plan using a
cost model. At the moment, cost-based optimization is only used
to select join algorithms: for relations that are known to be small,
Spark SQL uses a broadcast join, using a peer-to-peer broadcast fa-
cility available in Spark.5 The framework supports broader use of
cost-based optimization, however, as costs can be estimated recur-
sively for a whole tree using a rule. We thus intend to implement
richer cost-based optimization in the future.

The physical planner also performs rule-based physical optimiza-
tions, such as pipelining projections or filters into one Spark map
operation. In addition, it can push operations from the logical plan
into data sources that support predicate or projection pushdown.
We will describe the API for these data sources in Section 4.4.1.

In total, the physical planning rules are about 500 lines of code.
5Table sizes are estimated if the table is cached in memory or comes from
an external file, or if it is the result of a subquery with a LIMIT.

4.3.4 Code Generation
The final phase of query optimization involves generating Java byte-
code to run on each machine. Because Spark SQL often operates on
in-memory datasets, where processing is CPU-bound, we wanted
to support code generation to speed up execution. Nonetheless,
code generation engines are often complicated to build, amounting
essentially to a compiler. Catalyst relies on a special feature of the
Scala language, quasiquotes [34], to make code generation simpler.
Quasiquotes allow the programmatic construction of abstract syn-
tax trees (ASTs) in the Scala language, which can then be fed to the
Scala compiler at runtime to generate bytecode. We use Catalyst to
transform a tree representing an expression in SQL to an AST for
Scala code to evaluate that expression, and then compile and run
the generated code.

As a simple example, consider the Add, Attribute and Literal tree
nodes introduced in Section 4.2, which allowed us to write expres-
sions such as (x+y)+1. Without code generation, such expressions
would have to be interpreted for each row of data, by walking down
a tree of Add, Attribute and Literal nodes. This introduces large
amounts of branches and virtual function calls that slow down ex-
ecution. With code generation, we can write a function to translate
a specific expression tree to a Scala AST as follows:
def compile(node: Node): AST = node match {
case Literal(value) => q"$value"
case Attribute(name) => q"row.get($name)"
case Add(left, right) =>
q"${compile(left)} + ${compile(right)}"

}

The strings beginning with q are quasiquotes, meaning that al-
though they look like strings, they are parsed by the Scala compiler
at compile time and represent ASTs for the code within. Quasiquotes
can have variables or other ASTs spliced into them, indicated using
$ notation. For example, Literal(1) would become the Scala AST
for 1, while Attribute("x") becomes row.get("x"). In the end, a
tree like Add(Literal(1), Attribute("x")) becomes an AST for
a Scala expression like 1+row.get("x").

Quasiquotes are type-checked at compile time to ensure that only
appropriate ASTs or literals are substituted in, making them signif-
icantly more useable than string concatenation, and they result di-
rectly in a Scala AST instead of running the Scala parser at runtime.
Moreover, they are highly composable, as the code generation rule
for each node does not need to know how the trees returned by its
children are constructed. Finally, the resulting code is further opti-
mized by the Scala compiler in case there are expression-level opti-
mizations that Catalyst missed. Figure 4 shows that quasiquotes let
us generate code with performance similar to hand-tuned programs.

We have found quasiquotes very straightforward to use for code
generation, and we observed that even new contributors to Spark
SQL could quickly add rules for new types of expressions. Quasiquotes
also work well with our goal of running on native Java objects:

(1) Vérifier  l’existence des 
attributs, extraire  leurs types

(2) Appliquer les équivalences algébriques,
éliminer sous-requetes, simplifier les 
expressions

(3) Générer plusieurs plans 
physiques et choisir 
l’optimal en terme de cout

(4) Générer un code 
Spark optimisé

catalyst backend

(1) Génération du plan logique

• Plan logique = arbre d’opérateurs logique
• Analyse statique 
– résolution des noms d’attributs en utilisant le catalogue
– Vérification du référencement des attributs

• Traduction SQL vers algèbre interne
– Opérations arithmétiques : +, -, …
– Fonctions d’agrégations : sum, avg, …
– Algèbre interne (DSL) : 

• Project, Filter, Limit, Join, Union, Sort, Aggregate, UDFs, …
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Illustration 
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val lineitem = spark.read. ... .load(lineitem_t).coalesce(6)
val part = spark.read...load(part_t) coalesce(1)

val inner = lineitem.groupBy("PARTKEY")
avg("QUANTITY"). 
rename("avg(QUANTITY)","p_quantity")

val outer = lineitem.join(part, "PARTKEY")
.select("PARTKEY", 

"QUANTITY", 
"EXTENDEDPRICE")

val q17 = inner.join(outer, "PARTKEY")
.where("p_quantity<QUANTITY")
.agg(sum($"EXTENDEDPRICE")/7)

Tpch Q17 simplifiée

PARTKEY, 
p_quantity

lineitem part

Repartition 6 Repartition 1

inner join

project

lineitem

Repartition 6

aggregate

inner join

project

project project

attributs(left) union
attributs(right) moins
{PARTKEY}
PARTKEY, 
QUANTITY, 
EXTENDEDPRICE

attributs(left) union
attributs(right) moins
{PARTKEY}

Plan logique

Filter p_quantity < QUANTITY

aggregate

PARTKEY=
PARTKEY

PARTKEY=
PARTKEY

Sum(EXTENDEDPRICE)

PARTKEY,
QUANTITY
---------------
PARTKEY

Spark Explain
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scala> q17_simp.explain(true)
== Parsed Logical Plan ==
…..

== Analyzed Logical Plan ==
(sum(EXTENDEDPRICE) / 7): double
Aggregate [(sum(EXTENDEDPRICE#127) / cast(7 as double)) AS (sum(EXTENDEDPRICE) / 7)#148]
+- Filter (p_quantity#92 < cast(QUANTITY#126 as double))

+- Project [PARTKEY#11, p_quantity#92, QUANTITY#126, EXTENDEDPRICE#127]
+- Join Inner, (PARTKEY#11 = PARTKEY#123)

:- Project [PARTKEY#11, avg(QUANTITY)#89 AS p_quantity#92]
: +- Aggregate [PARTKEY#11], [PARTKEY#11, avg(cast(QUANTITY#14 as bigint)) AS avg(QUANTITY)#89]
: +- Repartition 6, false
: +- Relation[ORDERKEY#10,PARTKEY#11,SUPPKEY#12,LINENUMBER#13,QUANTITY#14,EXTENDEDPRICE#15,DISCOUNT#16,TAX#17,RE
+- Project [PARTKEY#123, QUANTITY#126, EXTENDEDPRICE#127]

+- Project [PARTKEY#123, ORDERKEY#122, SUPPKEY#124, LINENUMBER#125, QUANTITY#126, EXTENDEDPRICE#127, DISCOUNT#128, T
+- Join Inner, (PARTKEY#123 = PARTKEY#53)

:- Repartition 6, false
: +- Relation[ORDERKEY#122,PARTKEY#123,SUPPKEY#124,LINENUMBER#125,QUANTITY#126,EXTENDEDPRICE#127,DISCOUNT#128
+- Repartition 1, false

+- Relation[PARTKEY#53,NAME#54,MFGR#55,BRAND#56,TYPE#57,SIZE#58,CONTAINER#59,RETAILPRICE#60,COMMENT#61] csv

(2) Optimisation du plan logique
• Catalyst : réécriture de l’arbre d’opérateurs

– Spark 2.4 : plus de 100 règles regroupées par lots (batch)
– écrites en Scala, pas de documentation précise (analyse code) 
– Déclenchement : une seule fois, point fixe (nb itérations 100)
– Quelques règles utiles

• Elimination des sous-requêtes
• ColumnPruning : Elimination des attributs inutiles 
• CollapseProject : Combinaison des projections
• PushDownPredicate et PushPredicateThroughJoin : évaluation des 

filtres le plus en amont possible et/ou en concomitance des jointures
• InferFiltersFromConstraints : rajouter des filtres en fonction de la 

sémantique des opérateurs
• Elimination des distincts et des sorts
• expansion des constantes, réécriture des filtres
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Signatures de opérateurs algébriques
• Structure récursive

– Op(arg1, …, argn, child), où child est un arbre désignant un plan logique
– op.used désignent la liste des attributs utilisés
– op.returned désignent la liste des attributs retournés
– op.argi pour accéder à l’argument (comme pour un objet)

• Quelques exemples
– Filter(cond, child) : cond est la condition à vérifier
– Project(projList, child) : projList est la liste d’attributs à projeter
– Aggregate(grpExp, aggExp, child)

• grpExp : attributs de partitionnement
• aggExp : fonctions d’agrégation

– Join(left, right, joinType, condition)
• left et right: plans
• joinType : inner, outer, full, cross, …
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Lot ColumnPruning
Règle d’élimination des attributs inutiles

cas op = Project(_, p2 : Project)
– si p2.returned ⊄ op.used /*certains attributs de p2 inutiles pour op*/

– alors p2.projList := p2.projList ∩ op.user /*les éliminer*/
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Project

Used : a1, a2

…

Project

Returned : a1,a2, b1,b2 Project

Used : a1, a2

…

Project

Returned : a1,a2, b1, b2

Lot ColumnPruning
Règle d’éliminations des agrégations inutiles

cas op = Project(_, a: Aggregate) 
– si a.returned ⊄ op.used /*certains attributs de a inutiles pour op*/

– alors a.AggExp = a.AggExp.filter(op.used) /*n’effectuer
que les agrégations sur les attributs utiles pour op*/
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aggregate

…

Project

Partition : a1,a2
Agrégations :  avg(b1), sum(b2)

aggregate

…

Project

Partition : a1,a2
Agrégations :  avg(b1), sum(b2)

Used : a1, a2, b2

Règle PushDownPredicate
cas op=Filter(cond, Project(_, child))
– si cond est déterministe et peut être poussée
– alors  Filter(cond, Project(_, Filter(cond, child)))
– Filter le plus externe sera éliminé après des vérifications

23

Project

cond

child

Filter

Project

cond

child

Filter

Filter cond

Project

cond

child

Filter

Filter cond

Règle PushPredicateThroughJoin
• Diviser la condition en 2 sous-conditions qui pourraient être 

évaluées dans une des branches de la jointure et une évaluée 
avec la jointure

• Filter(condF, Join(left, right, joinType, CondJ)
– Diviser condF en leftCond, rightCond et joinCond
– cas joinType = Inner

• newLeft := left où child = Filter(condLeft, child)
• newRight idem
• newCondJ := CondJ + joinCond
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inner join

Left Right

New Inner join

newLeft newRight

condFFilter

Filter FiltercondLeft condRight

condJ + condJoin

Cond restant, si existentFilter



Règle InferFiltersFromConstraints
• Conditions qui s’ajoutent à des filtres existants ou à des jointures en

function des contraintes sémantiques des opérateurs
– Ex. l’attribut de jointure ne doit pas être Null

• Comme pour PushPredicateThroughJoin. diviser la condition en sous-
conditions à propager

• Join(left, right, type, CondJ)
– cas joinType = Inner

• Extraire toutes les contraintes pour left et right et en extraire les filtres
• Rajouter le filtre isNotNull sur les attributs de jointure

25

inner join

Left Right

inner join

Left Right

Filter isNotNull(A)
…..

Filter isNotNull(A)
….

Left.A=right.A
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PARTKEY=
PARTKEY

PARTKEY=
PARTKEY

PARTKEY, 
p_quantity

lineitem part

Repartition 6 Repartition 1

inner join

project

lineitem

Repartition 6

aggregate

inner join

project

project project

Attributs des 
deux DS

PARTKEY, 
QUANTITY, 
EXTENDEDPRICE

Attributs des 
deux DS

Filter p_quantity < QUANTITY

aggregate Sum(EXTENDEDPRICE)

Plan logique Q17

PARTKEY,
QUANTITY
---------------
PARTKEY

Attention sens
de lecture inversé

Filter
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lineitem part

Repartition 6 Repartition 1

inner join

project

lineitem

Repartition 6

aggregate

inner join

project

project project

Attributs des 
deux DS

PARTKEY, 
QUANTITY, 
EXTENDEDPRICE

Attributs des 
deux DS

Filter

isnotNull(PARTKEY)

aggregate

PARTKEY, 
p_quantity

Filter
isnotNull(PARTKEY)
&&
isnotNull(QUANTITY) Filter

PARTKEY,
QUANTITY

Project
PARTKEY,
QUANTITY, 
EXTENDEDPRICE

Project PARTKEY

isnotNull(PARTKEY)

Project

Filter isnotNull(p_Quantity)

EXTENDEDPRICE

p_quantity < QUANTITY 
&& PARTKEY=PARTKEY

PARTKEY=
PARTKEY

Sum(EXTENDEDPRICE)

Plan logique Q17 optimisé

PARTKEY,
QUANTITY
---------------
PARTKEY

p_quantity < QUANTITY

Attention sens
de lecture inversé

Spark Explain
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…
== Analyzed Logical Plan ==
…
== Optimized Logical Plan ==
Aggregate [(sum(EXTENDEDPRICE#127) / 7.0) AS (sum(EXTENDEDPRICE) / 7)#148]
+- Project [EXTENDEDPRICE#127]

+- Join Inner, ((p_quantity#92 < cast(QUANTITY#126 as double)) && (PARTKEY#11 = PARTKEY#123))
:- Filter isnotnull(p_quantity#92)
:  +- Aggregate [PARTKEY#11], [PARTKEY#11, avg(cast(QUANTITY#14 as bigint)) AS p_quantity#92]
:     +- Repartition 6, false
:        +- Project [PARTKEY#11, QUANTITY#14]
:           +- Filter isnotnull(PARTKEY#11)
:              +- Relation[ORDERKEY#10,PARTKEY#11,SUPPKEY#12,LINENUMBER#13,QUANTITY#14,EXTENDEDPRICE#15,DISCOUNT#16,TAX#17
+- Project [PARTKEY#123, QUANTITY#126, EXTENDEDPRICE#127]

+- Join Inner, (PARTKEY#123 = PARTKEY#53)
:- Repartition 6, false
:  +- Project [PARTKEY#123, QUANTITY#126, EXTENDEDPRICE#127]
:     +- Filter (isnotnull(PARTKEY#123) && isnotnull(QUANTITY#126))
:        +- Relation[ORDERKEY#122,PARTKEY#123,SUPPKEY#124,LINENUMBER#125,QUANTITY#126,EXTENDEDPRICE#127,DISCOUNT#128
+- Repartition 1, false

+- Project [PARTKEY#53]
+- Filter isnotnull(PARTKEY#53)

+- Relation[PARTKEY#53,NAME#54,MFGR#55,BRAND#56,TYPE#57,SIZE#58,CONTAINER#59,RETAILPRICE#60,COMMENT#61] csv



(3) Génération du plan physique

• Phase 1 : Transformer le plan logique en un 
plan physique

• Phase 2 : appliquer règles d’optimisation 
• Stade préliminaire de développement
– Pipelining d’opération (filter et project)
– Choix entre jointure par hachage et diffusion en 

fonction de la taille des données
– Utilisation du cout pour réordonner les jointures?
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…
== Optimized Logical Plan ==
…
== Physical Plan ==
*(9) HashAggregate(keys=[], functions=[sum(EXTENDEDPRICE#127)], output=[(sum(EXTENDEDPRICE) / 7)#148])
+- Exchange SinglePartition

+- *(8) HashAggregate(keys=[], functions=[partial_sum(EXTENDEDPRICE#127)], output=[sum#169])
+- *(8) Project [EXTENDEDPRICE#127]

+- *(8) SortMergeJoin [PARTKEY#11], [PARTKEY#123], Inner, (p_quantity#92 < cast(QUANTITY#126 as double))
:- *(3) Sort [PARTKEY#11 ASC NULLS FIRST], false, 0
:  +- *(3) Filter isnotnull(p_quantity#92)
:     +- *(3) HashAggregate(keys=[PARTKEY#11], functions=[avg(cast(QUANTITY#14 as bigint))], output=[PARTKEY#11, p_quantity#92])
:        +- Exchange hashpartitioning(PARTKEY#11, 200)
:           +- *(2) HashAggregate(keys=[PARTKEY#11], functions=[partial_avg(cast(QUANTITY#14 as bigint))], output=[PARTKEY#11, sum#158, count#159L])
:              +- Coalesce 6
:                 +- *(1) Project [PARTKEY#11, QUANTITY#14]
:                    +- *(1) Filter isnotnull(PARTKEY#11)
:                       +- *(1) FileScan csv [PARTKEY#11,QUANTITY#14] Batched: false, Format: CSV, Location: InMemoryFileIndex[hdfs://ppti
+- *(7) Sort [PARTKEY#123 ASC NULLS FIRST], false, 0

+- Exchange hashpartitioning(PARTKEY#123, 200)
+- *(6) Project [PARTKEY#123, QUANTITY#126, EXTENDEDPRICE#127]

+- *(6) BroadcastHashJoin [PARTKEY#123], [PARTKEY#53], Inner, BuildRight
:- Coalesce 6
:  +- *(4) Project [PARTKEY#123, QUANTITY#126, EXTENDEDPRICE#127]
:     +- *(4) Filter (isnotnull(PARTKEY#123) && isnotnull(QUANTITY#126))
:        +- *(4) FileScan csv [PARTKEY#123,QUANTITY#126,EXTENDEDPRICE#127] Batched: false, Format: CSV, Location: InMemoryFileIndex
+- BroadcastExchange HashedRelationBroadcastMode(List(cast(input[0, int, true] as bigint)))

+- Coalesce 1
+- *(5) Project [PARTKEY#53]

+- *(5) Filter isnotnull(PARTKEY#53)
+- *(5) FileScan csv [PARTKEY#53] Batched: false, Format: CSV, Location: InMemoryFileIndex[hdfs://ppti-dac-1:50100/Amine/Relational/
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Broadcast Hash join

Sort Merge join

project
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part

Coalesce 1

Filter
isnotNull(PARTKEY)
&&
isnotNull(QUANTITY)

Project PARTKEY

EXTENDEDPRICE

p_quantity < QUANTITY 
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PARTKEY=PARTKEY
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Plan physique Q17 
lineitem
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QUANTITY
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idem
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Visualisation plan

32



Visualisation plan
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Autres pistes 
d’optimisation

• L’organisation physique des données 
compte!
– Format de stockage colonnes : 

ORC, parquet
– Partitionnement sur disque 
– Caching de donées accédés en 

répétition 

Règles déclenchées pour tpch-q17

1. PushDownPredicate
2. ColumnPruning
3. CollapseProject
4. ConstantFolding
5. RemoveRedundantProject
6. PushPredicateThroughJoin
7. InferFiltersFromConstraints
8. PushPredicateThroughJoin
9. PushDownPredicate
10. PushPredicateThroughJoin
11. PushDownPredicate
12. ColumnPruning
13. CombineFilters
14. RemoveRedundantProject
15. PushDownPredicate
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