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¢ƻŘŀȅΩǎ ¢ǳǘƻǊƛŀƭΣ ƻǊΣ
Datalog: Taste it Again for the First Time

ÅWe review the basics and examine several of 
these recent applications

ÅTheme #1: lots of compelling applications, if we 
look beyond payroll / bill-of-materials / ...

ïSome of the most interesting work coming from 
outsidedatabases community!

ÅTheme #2: language extensions usually needed

ïTo go from a toy language to something really usable
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An Interactive Tutorial

ÅINSTALL_LB : installation guide

ÅREADME : structure of distribution files

ÅQuick-Start guide : usage

Å*.logic : Datalogexamples

Å*.lb  : LogicBloxinteractive shell script (to drive the Datalog
examples)

ÅShan Shanand other LogicBloxfolks will be available 
ƛƳƳŜŘƛŀǘŜƭȅ ŀŦǘŜǊ ǘŀƭƪ ŦƻǊ ǘƘŜ άǎȅƴŎƘǊƻƴƻǳǎέ ǾŜǊǎƛƻƴ ƻŦ 
tutorial
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Outline of Tutorial

June 14, 2011: The Second Coming of Datalog!

ÅRefresher: Datalog 101

ÅApplication #1: Data Integration and Exchange

ÅApplication #2: Program Analysis

ÅApplication #3: Declarative Networking

ÅConclusions
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Datalog Refresher: Syntax of Rules

<result> «ғŎƻƴŘƛǘƛƻƴмҔΣ ғŎƻƴŘƛǘƛƻƴнҔΣ Χ Σ ғŎƻƴŘƛǘƛƻƴbҔΦ

Datalog rule syntax: 
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Datalog Refresher: Syntax of Rules

<result> «ғŎƻƴŘƛǘƛƻƴмҔΣ ғŎƻƴŘƛǘƛƻƴнҔΣ Χ Σ ғŎƻƴŘƛǘƛƻƴbҔΦ

Datalog rule syntax: 

Body consists of one or more conditions (input tables)

Head is an output table

Â Recursive rules: result of head in rule body

BodyHead

28



Example: All-Pairs Reachability

R2: reachable(S,D)<- link(S,Z),reachable(Z,D).

R1: reachable(S,D)<- link(S,D).

Input: link(source, destination)

Output: reachable(source, destination)
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Example: All-Pairs Reachability

R2: reachable(S,D)<- link(S,Z),reachable(Z,D).

R1: reachable(S,D)<- link(S,D).

Input: link(source, destination)

Output: reachable(source, destination)

link(a,b)ςάǘƘŜǊŜ ƛǎ ŀ ƭƛƴƪ ŦǊƻƳ ƴƻŘŜ a to node bέ
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Example: All-Pairs Reachability

R2: reachable(S,D)<- link(S,Z),reachable(Z,D).

R1: reachable(S,D)<- link(S,D).

Input: link(source, destination)

Output: reachable(source, destination)

link(a,b)ςάǘƘŜǊŜ ƛǎ ŀ ƭƛƴƪ ŦǊƻƳ ƴƻŘŜ a to node bέ

reachable(a,b) ςάƴƻŘŜ a can reach node bέ
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Example: All-Pairs Reachability

R2: reachable(S,D)<- link(S,Z),reachable(Z,D).

R1: reachable(S,D)<- link(S,D).

Input: link(source, destination)

Output: reachable(source, destination)

άCƻǊ ŀƭƭ ƴƻŘŜǎ {Σ5Σ
If there is a link from S to D, then S can reach DέΦ
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Example: All-Pairs Reachability

R2: reachable(S,D)<- link(S,Z),reachable(Z,D).

R1: reachable(S,D)<- link(S,D).

Input: link(source, destination)

Output: reachable(source, destination)

άCƻǊ ŀƭƭ ƴƻŘŜǎ {Σ5 ŀƴŘ ½Σ
If there is a link from S to Z, AND Z can reach D, then S can reach DέΦ
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Terminology and Convention

ÅAn atom is a predicate, or relation name with arguments.

ÅConvention: Variables begin with a capital, predicates begin with 
lower-case.

ÅThe head is an atom; the body is the AND of one or more atoms.

ÅExtensional database predicates (EDB) ςsource tables

Å Intensionaldatabase predicates (IDB) ςderived tables

reachable(S,D)<- link(S,Z),reachable(Z,D) .
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Negated Atoms

ÅWe may put ! (NOT) in front of a atom, to negate its meaning.
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Negated Atoms

ÅWe may put ! (NOT) in front of a atom, to negate its meaning.

 

bƻǘ άŎǳǘέ ƛƴ tǊƻƭƻƎΦ J
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Negated Atoms

ÅWe may put ! (NOT) in front of a atom, to negate its meaning.

ÅExample: For any given node S, return all nodes D that are two 
hops away, where D is not an immediate neighbor of S.

bƻǘ άŎǳǘέ ƛƴ tǊƻƭƻƎΦ J

twoHop(S,D) 
<- link(S,Z),

link(Z,D)
! link(S,D).

Z DS
link(S,Z) link(Z,D)
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Safe Rules

ÅSafety condition:

ïEvery variable in the rule must occur in a positive (non-
negated) relational atom in the rule body.

ïEnsures that the results of programs are finite, and that 
their results depend only on the actual contents of the 
database.
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Safe Rules

ÅSafety condition:

ïEvery variable in the rule must occur in a positive (non-
negated) relational atom in the rule body.

ïEnsures that the results of programs are finite, and that 
their results depend only on the actual contents of the 
database.

ÅExamples of unsafe rules:

ï s(X) <- r(Y).

ï s(X) <- r(Y), ! r(X).

39



Semantics
Å Model-theoretic

τ aƻǎǘ άŘŜŎƭŀǊŀǘƛǾŜέΦ .ŀǎŜŘ ƻƴ ƳƻŘŜƭ-theoretic semantics of first order 
logic. View rules as logical constraints.  

τ Given input DB I and Datalogprogram P, find the smallest possible DB 
ƛƴǎǘŀƴŎŜ LΩ ǘƘŀǘ ŜȄǘŜƴŘǎ L ŀƴŘ ǎŀǘƛǎŦƛŜǎ ŀƭƭ ŎƻƴǎǘǊŀƛƴǘǎ ƛƴ tΦ
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Semantics
Å Model-theoretic

τ aƻǎǘ άŘŜŎƭŀǊŀǘƛǾŜέΦ .ŀǎŜŘ ƻƴ ƳƻŘŜƭ-theoretic semantics of first order 
logic. View rules as logical constraints.  

τ Given input DB I and Datalogprogram P, find the smallest possible DB 
ƛƴǎǘŀƴŎŜ LΩ ǘƘŀǘ ŜȄǘŜƴŘǎ L ŀƴŘ ǎŀǘƛǎŦƛŜǎ ŀƭƭ ŎƻƴǎǘǊŀƛƴǘǎ ƛƴ tΦ

Å Fixpoint-theoretic

τ aƻǎǘ άƻǇŜǊŀǘƛƻƴŀƭέΦ .ŀǎŜŘ ƻƴ ǘƘŜ ƛƳƳŜŘƛŀǘŜ ŎƻƴǎŜǉǳŜƴŎŜ ƻǇŜǊŀǘƻǊ ŦƻǊ 
a Datalog program. 

τ Least fixpoint is reached after finitely many iterations of the immediate 
consequence operator.

τ Basis for practical, bottom-up evaluation strategy.
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Semantics
Å Model-theoretic

τ aƻǎǘ άŘŜŎƭŀǊŀǘƛǾŜέΦ .ŀǎŜŘ ƻƴ ƳƻŘŜƭ-theoretic semantics of first order 
logic. View rules as logical constraints.  

τ Given input DB I and Datalogprogram P, find the smallest possible DB 
ƛƴǎǘŀƴŎŜ LΩ ǘƘŀǘ ŜȄǘŜƴŘǎ L ŀƴŘ ǎŀǘƛǎŦƛŜǎ ŀƭƭ ŎƻƴǎǘǊŀƛƴǘǎ ƛƴ tΦ

Å Fixpoint-theoretic

τ aƻǎǘ άƻǇŜǊŀǘƛƻƴŀƭέΦ .ŀǎŜŘ ƻƴ ǘƘŜ ƛƳƳŜŘƛŀǘŜ ŎƻƴǎŜǉǳŜƴŎŜ ƻǇŜǊŀǘƻǊ ŦƻǊ 
a Datalog program. 

τ Least fixpoint is reached after finitely many iterations of the immediate 
consequence operator.

τ Basis for practical, bottom-up evaluation strategy.

Å Proof-theoretic

τ Set of provable facts obtained from Datalog program given input DB.

τ Proof of given facts (typically, top-down Prolog style reasoning)
42



¢ƘŜ άbŀƠǾŜέ 9Ǿŀƭǳŀǘƛƻƴ !ƭƎƻǊƛǘƘƳ

1. Start by assuming all IDB 
relations are empty.

2. Repeatedly evaluate the rules 
using the EDB and the previous 
IDB, to get a new IDB.

3. End when no change to IDB.

Start:
IDB = 0

Apply rules
to IDB, EDB

Change
to IDB?

no

yes

done
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Naïve Evaluation

reachable link

reachable(S,D) <- link(S,D).
reachable(S,D)  <- link(S,Z),

reachable(Z,D). 
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Naïve Evaluation

reachable link

reachable(S,D) <- link(S,D).
reachable(S,D)  <- link(S,Z),

reachable(Z,D). 
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Semi-naïve Evaluation

ÅSince the EDB never changes, on each round we only 
get new IDB tuplesif we use at least one IDB tuple
that was obtained on the previous round.

ÅSaves work; lets us avoid rediscovering most known 
facts.

ïA fact could still be derived in a second way.
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Semi-naïve Evaluation

reachable link

reachable(S,D) <- link(S,D).
reachable(S,D)  <- link(S,Z),

reachable(Z,D). 
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Recursion with Negation

reachable(S,D) <- link(S,D).
reachable(S,D)  <- link(S,Z), reachable(Z,D). 
unreachable(S,D) <- node(S), node(D), ! reachable(S,D).

Example: to compute all pairs of disconnected nodes in 
a graph.
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Recursion with Negation

reachable(S,D) <- link(S,D).
reachable(S,D)  <- link(S,Z), reachable(Z,D). 
unreachable(S,D) <- node(S), node(D), ! reachable(S,D).

Example: to compute all pairs of disconnected nodes in 
a graph.

--

Stratum 0 reachable

Stratum 1 unreachable Precedence graph:
Nodes = IDB predicates.
Edge q <- p if predicate 
q depends on p.
[ŀōŜƭ ǘƘƛǎ ŀǊŎ άςέ ƛŦ ǘƘŜ 
predicate p  is negated.
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Stratified Negation

ÅStraightforward syntactic restriction.
ÅWhen the Datalogprogram is stratified, we can evaluate 

IDB predicates lowest-stratum-first.
ÅOnce evaluated, treat it as EDB for higher strata.
 

Stratum 0 reachable

Stratum 1 unreachablereachable(S,D) <- link(S,D).
reachable(S,D)  <- link(S,Z),

reachable(Z,D).
unreachable(S,D)  <- node(S), 

node(D),  
! reachable(S,D).

--
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Stratified Negation

ÅStraightforward syntactic restriction.
ÅWhen the Datalogprogram is stratified, we can evaluate 

IDB predicates lowest-stratum-first.
ÅOnce evaluated, treat it as EDB for higher strata.
 Non-stratified example: 

Stratum 0 reachable

Stratum 1 unreachablereachable(S,D) <- link(S,D).
reachable(S,D)  <- link(S,Z),

reachable(Z,D).
unreachable(S,D)  <- node(S), 

node(D),  
! reachable(S,D).

p(X) <- q(X), ! p(X).

--
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! {ƴŜŀƪ tǊŜǾƛŜǿΧ

ÅData integration

ïSkolemfunctions

ÅProgram analysis

ïType-based optimization

ÅDeclarative networking

ïAggregates, aggregate selections

ïIncremental view maintenance

ïMagic sets
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Suggested Readings

Å Survey papers:
Å A Survey of Research on Deductive Database Systems, Ramakrishnanand Ullman, 

Journal of Logic Programming, 1993
Å What you always wanted to know about datalog(and never dared to ask), by Ceri, 

Gottlob, and Tanca.
Å !ƴ !ƳŀǘŜǳǊΩǎ 9ȄǇŜǊǘΩǎ DǳƛŘŜ ǘƻ wŜŎǳǊǎƛǾŜ vǳŜǊȅ tǊƻŎŜǎǎƛƴƎ, Bancilhonand 

Ramakrishnan, SIGMOD Record.
Å 5ŀǘŀōŀǎŜ 9ƴŎȅŎƭƻǇŜŘƛŀ ŜƴǘǊȅ ƻƴ ά5!¢![hDέ. GrigorisKarvounarakis.

Å Textbooks:
Å Foundations in Databases. Abiteboul, Hull, Vianu.
Å Database Management Systems, Ramakrishnanand GehkreΦ /ƘŀǇǘŜǊ ƻƴ ά5ŜŘǳŎǘƛǾŜ 
5ŀǘŀōŀǎŜǎέΦ

Å Acknowledgements:
Å Jeff ¦ƭƭƳŀƴΩǎCIS 145 class lecture slides.
Å RaghuRamakrishnanand Johannes DŜƘǊƪŜΩǎlecture slides for Database 

Management Systems textbook.
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Outline of Tutorial

June 14, 2011: The Second Coming of Datalog!

ÅRefresher: Datalog 101

ÅApplication #1: Data Integration and Exchange

ÅApplication #2: Program Analysis

ÅApplication #3: Declarative Networking

ÅConclusions
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Datalog for Data Integration

ÅMotivation and problem setting

ÅTwo basic approaches: 

ïvirtual data integration

ïmaterialized data exchange

ÅSchema mappings and Datalog with Skolem 
functions
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The Data Integration Problem

ÅHave a collection of related data sources with

ïdifferent schemas

ïdifferent data models (relational, XML, plain text, ...)

ïdifferent attribute domains

ïdifferent capabilities / availability

ÅNeed to cobble them together and provide a 
uniform interface

ÅWant to keep track of what came from where

ÅFocus here: solving problem of different schemas 
(schema heterogeneity) for relational data

69



Mediator-Based Data Integration

Local data sources

Global mediated schema

Source schemas

? ? ? ?

Basic idea: use a globalmediated schemato provide a uniform 
query interface for the heterogeneous data sources .
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Mediator-Based Virtual Data Integration

Local data sources

Global mediatedschema

Declarative schema 
mappings

Source schemas
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Mediator-Based Virtual Data Integration

Local data sources

Global mediatedschema

Declarative schema 
mappings

Source schemas

Query over 
global schema
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Mediator-Based Virtual Data Integration

Local data sources

Global mediatedschema

Declarative schema 
mappings

Source schemas

Query over 
global schema

Reformulated 
query over 

local schemas
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Mediator-Based Virtual Data Integration

Local data sources

Global mediatedschema

Declarative schema 
mappings

Source schemas

Query over 
global schema

Reformulated 
query over 

local schemas

Query 
results
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Mediator-Based Virtual Data Integration

Local data sources

Global mediatedschema

Declarative schema 
mappings

Source schemas

Query over 
global schema

Reformulated 
query over 

local schemas

Query 
results

Integrated query 
results
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Mediator-Based Virtual Data Integration

Local data sources

Global mediatedschema

Declarative schema 
mappings

Source schemas

Query over 
global schema

Reformulated 
query over 

local schemas

Query 
results

Integrated query 
results

Querymay be 
recursive
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Mediator-Based Virtual Data Integration

Local data sources

Global mediatedschema

Declarative schema 
mappings

Source schemas

Query over 
global schema

Reformulated 
query over 

local schemas

Query 
results

Integrated query 
results

Querymay be 
recursive

Reformulation 
may be 
(necessarily) 
recursive 77



Materialized Data Exchange

Local data source(s)

Global mediated schema
(aka target schema)

Declarative schema 
mappings

Source schema(s)

Declarative schema 
mappings
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Materialized Data Exchange

Local data source(s)

Global mediated schema
(aka target schema)

Declarative schema 
mappings

Source schema(s)

Declarative schema 
mappings

Mappings may be 
recursive
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Materialized Data Exchange

Local data source(s)

Global mediated schema
(aka target schema)

Declarative schema 
mappings

Source schema(s)

Declarative schema 
mappings
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Materialized Data Exchange

Local data source(s)

Global mediated schema
(aka target schema)

Declarative schema 
mappings

Source schema(s)

Declarative schema 
mappings

Data exchange step
(construct mediated DB)
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Materialized Data Exchange

Local data source(s)

Global mediated schema
(aka target schema)

Declarative schema 
mappings

Source schema(s)

Declarative schema 
mappings

Data exchange step
(construct mediated DB)
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Materialized Data Exchange

Local data source(s)

Global mediated schema
(aka target schema)

Declarative schema 
mappings

Source schema(s)

Declarative schema 
mappings

Data exchange step
(construct mediated DB)
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Materialized Data Exchange

Local data source(s)

Global mediated schema
(aka target schema)

Declarative schema 
mappings

Source schema(s)

Declarative schema 
mappings

Data exchange step
(construct mediated DB)
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Materialized Data Exchange

Local data source(s)

Global mediated schema
(aka target schema)

Declarative schema 
mappings

Source schema(s)

Materialized
mediated (target) 
database

Declarative schema 
mappings

Data exchange step
(construct mediated DB)
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Materialized Data Exchange

Local data source(s)

Global mediated schema
(aka target schema)

Declarative schema 
mappings

Source schema(s)

Materialized
mediated (target) 
database

Declarative schema 
mappings
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Materialized Data Exchange

Local data source(s)

Global mediated schema
(aka target schema)

Declarative schema 
mappings

Source schema(s)

Query

Materialized
mediated (target) 
database

Declarative schema 
mappings
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Materialized Data Exchange

Local data source(s)

Global mediated schema
(aka target schema)

Declarative schema 
mappings

Source schema(s)

Query

Materialized
mediated (target) 
database

Declarative schema 
mappings
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Materialized Data Exchange

Local data source(s)

Global mediated schema
(aka target schema)

Declarative schema 
mappings

Source schema(s)

Query

Materialized
mediated (target) 
database

Declarative schema 
mappings

Query 
results
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Peer-to-Peer Data Integration 
(Virtual or Materialized)

Peer A

Peer B

Peer C

Peer D

Peer E
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Peer-to-Peer Data Integration 
(Virtual or Materialized)

Peer A

Peer B

Peer C

Peer D

Peer E

Recursionarises 
naturally as peers add 
mappings to each other
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Peer-to-Peer Data Integration 
(Virtual or Materialized)

Peer A

Peer B

Peer C

Peer D

Peer E
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Peer-to-Peer Data Integration 
(Virtual or Materialized)

Peer A

Peer B

Peer C

Peer D

Peer E

Query

93



Peer-to-Peer Data Integration 
(Virtual or Materialized)

Peer A

Peer B

Peer C

Peer D

Peer E

Query
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Peer-to-Peer Data Integration 
(Virtual or Materialized)

Peer A

Peer B

Peer C

Peer D

Peer E

Query
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Peer-to-Peer Data Integration 
(Virtual or Materialized)

Peer A

Peer B

Peer C

Peer D

Peer E

Query

Results
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Peer-to-Peer Data Integration 
(Virtual or Materialized)

Peer A

Peer B

Peer C

Peer D

Peer E
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Peer-to-Peer Data Integration 
(Virtual or Materialized)

Peer A

Peer B

Peer C

Peer D

Peer E

Query
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Peer-to-Peer Data Integration 
(Virtual or Materialized)

Peer A

Peer B

Peer C

Peer D

Peer E

Query
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Peer-to-Peer Data Integration 
(Virtual or Materialized)

Peer A

Peer B

Peer C

Peer D

Peer E

Query
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Peer-to-Peer Data Integration 
(Virtual or Materialized)

Peer A

Peer B

Peer C

Peer D

Peer E

Query Results
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How to Specify Mappings?

ÅMany flavors of mapping specifications: LAV, GAV, 
D[!±Σ tнtΣ άǎƻǳƴŘέ ǾŜǊǎǳǎ άŜȄŀŎǘέΣ ΦΦΦ

ÅUnifying formalism: integrity constraints

ïdifferent flavors of specifications correspond to different 
classes of integrity constraints 

ÅWe focus on mappings specified using tuple-
generating dependencies(a kind of integrity 
constraint)

ÅThese capture (sound) LAV and GAV as special cases, 
and much of GLAV and P2P as well

ïand, close relationship with Datalog!
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Logical Schema Mappings via
Tuple-Generating Dependencies (tgds)

ÅA tuple-generating dependency(tgd) is a first-order 
constraint of the form

where ה and ʕ are conjunctionsof relational atoms

 

 

ᶪ8 הX  ᴼ YɱʕX,Y)
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Logical Schema Mappings via
Tuple-Generating Dependencies (tgds)

ÅA tuple-generating dependency(tgd) is a first-order 
constraint of the form

where ה and ʕ are conjunctionsof relational atoms

For example:

ά¢ƘŜ ƴŀƳŜ ŀƴŘ ŀŘŘǊŜǎǎ ƻŦ ŜǾŜǊȅ employeeshould also 
be recorded in the nameand addresstables, indexed 
ōȅ ǎǎƴΦέ

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)

ᶪ8 הX  ᴼ YɱʕX,Y)
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What Answers Should Queries Return?

Å ChallengeΥ ŎƻƴǎǘǊŀƛƴǘǎ ƭŜŀǾŜ ǇǊƻōƭŜƳ άǳƴŘŜǊ-ŘŜŦƛƴŜŘέΥ ŦƻǊ ƎƛǾŜƴ ƭƻŎŀƭ ǎƻǳǊŎŜ 
instance, many possible mediated instances may satisfy the constraints.
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What Answers Should Queries Return?

Å ChallengeΥ ŎƻƴǎǘǊŀƛƴǘǎ ƭŜŀǾŜ ǇǊƻōƭŜƳ άǳƴŘŜǊ-ŘŜŦƛƴŜŘέΥ ŦƻǊ ƎƛǾŜƴ ƭƻŎŀƭ ǎƻǳǊŎŜ 
instance, many possible mediated instances may satisfy the constraints.

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)
CONSTRAINT:

106



What Answers Should Queries Return?

Å ChallengeΥ ŎƻƴǎǘǊŀƛƴǘǎ ƭŜŀǾŜ ǇǊƻōƭŜƳ άǳƴŘŜǊ-ŘŜŦƛƴŜŘέΥ ŦƻǊ ƎƛǾŜƴ ƭƻŎŀƭ ǎƻǳǊŎŜ 
instance, many possible mediated instances may satisfy the constraints.

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)

17 Alice 1 Main St

23 Bob 16 Elm St

employee

LOCAL SOURCE

CONSTRAINT:
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What Answers Should Queries Return?

Å ChallengeΥ ŎƻƴǎǘǊŀƛƴǘǎ ƭŜŀǾŜ ǇǊƻōƭŜƳ άǳƴŘŜǊ-ŘŜŦƛƴŜŘέΥ ŦƻǊ ƎƛǾŜƴ ƭƻŎŀƭ ǎƻǳǊŎŜ 
instance, many possible mediated instances may satisfy the constraints.

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

LOCAL SOURCE MEDIATED DB #1

CONSTRAINT:
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What Answers Should Queries Return?

Å ChallengeΥ ŎƻƴǎǘǊŀƛƴǘǎ ƭŜŀǾŜ ǇǊƻōƭŜƳ άǳƴŘŜǊ-ŘŜŦƛƴŜŘέΥ ŦƻǊ ƎƛǾŜƴ ƭƻŎŀƭ ǎƻǳǊŎŜ 
instance, many possible mediated instances may satisfy the constraints.

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

27 Alice

42 Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

27 1 Main St

42 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

CONSTRAINT:
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What Answers Should Queries Return?

Å ChallengeΥ ŎƻƴǎǘǊŀƛƴǘǎ ƭŜŀǾŜ ǇǊƻōƭŜƳ άǳƴŘŜǊ-ŘŜŦƛƴŜŘέΥ ŦƻǊ ƎƛǾŜƴ ƭƻŎŀƭ ǎƻǳǊŎŜ 
instance, many possible mediated instances may satisfy the constraints.

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

27 Alice

42 Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

27 1 Main St

42 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

CONSTRAINT:

...ETC...

...
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What Answers Should Queries Return?

Å ChallengeΥ ŎƻƴǎǘǊŀƛƴǘǎ ƭŜŀǾŜ ǇǊƻōƭŜƳ άǳƴŘŜǊ-ŘŜŦƛƴŜŘέΥ ŦƻǊ ƎƛǾŜƴ ƭƻŎŀƭ ǎƻǳǊŎŜ 
instance, many possible mediated instances may satisfy the constraints.

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

27 Alice

42 Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

27 1 Main St

42 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

CONSTRAINT:

...ETC...

...Whichmediated 
DB should be 
materialized?
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What Answers Should Queries Return?

Å ChallengeΥ ŎƻƴǎǘǊŀƛƴǘǎ ƭŜŀǾŜ ǇǊƻōƭŜƳ άǳƴŘŜǊ-ŘŜŦƛƴŜŘέΥ ŦƻǊ ƎƛǾŜƴ ƭƻŎŀƭ ǎƻǳǊŎŜ 
instance, many possible mediated instances may satisfy the constraints.

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

27 Alice

42 Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

27 1 Main St

42 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

CONSTRAINT:

QUERY:

...ETC...

...

q(Name) <- name(Ssn, Name), address(Ssn, _).

Whichmediated 
DB should be 
materialized?
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What Answers Should Queries Return?

Å ChallengeΥ ŎƻƴǎǘǊŀƛƴǘǎ ƭŜŀǾŜ ǇǊƻōƭŜƳ άǳƴŘŜǊ-ŘŜŦƛƴŜŘέΥ ŦƻǊ ƎƛǾŜƴ ƭƻŎŀƭ ǎƻǳǊŎŜ 
instance, many possible mediated instances may satisfy the constraints.

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

27 Alice

42 Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

27 1 Main St

42 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

CONSTRAINT:

QUERY:

...ETC...

...

q(Name) <- name(Ssn, Name), address(Ssn, _).

What answers 
should q return? Whichmediated 

DB should be 
materialized?
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Certain Answers Semantics
Basic idea: query should return those answers that would be 
present for any mediated DB instance (satisfying the constraints).
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Certain Answers Semantics

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

27 Alice

42 Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

27 1 Main St

42 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

...ETC...

...

Basic idea: query should return those answers that would be 
present for any mediated DB instance (satisfying the constraints).
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Certain Answers Semantics

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

27 Alice

42 Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

27 1 Main St

42 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

QUERY:

...ETC...

...q(Name) <-
name(Ssn, Name),
address(Ssn, _).

Basic idea: query should return those answers that would be 
present for any mediated DB instance (satisfying the constraints).

116



Certain Answers Semantics

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

27 Alice

42 Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

27 1 Main St

42 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

QUERY:

...ETC...

...q(Name) <-
name(Ssn, Name),
address(Ssn, _).

Alice

Bob

Carol

q

Basic idea: query should return those answers that would be 
present for any mediated DB instance (satisfying the constraints).
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Certain Answers Semantics

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

27 Alice

42 Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

27 1 Main St

42 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

QUERY:

...ETC...

...q(Name) <-
name(Ssn, Name),
address(Ssn, _).

Alice

Bob

Carol

q

Alice

Bob

q

Basic idea: query should return those answers that would be 
present for any mediated DB instance (satisfying the constraints).
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Certain Answers Semantics

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

27 Alice

42 Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

27 1 Main St

42 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

QUERY:

...ETC...

...q(Name) <-
name(Ssn, Name),
address(Ssn, _).

Alice

Bob

Carol

q

Alice

Bob

q

...

Basic idea: query should return those answers that would be 
present for any mediated DB instance (satisfying the constraints).
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Certain Answers Semantics

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

27 Alice

42 Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

27 1 Main St

42 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

QUERY:

...ETC...

...q(Name) <-
name(Ssn, Name),
address(Ssn, _).

Alice

Bob

Carol

q

Alice

Bob

q

...

Basic idea: query should return those answers that would be 
present for any mediated DB instance (satisfying the constraints).
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Certain Answers Semantics

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

27 Alice

42 Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

27 1 Main St

42 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

QUERY:

...ETC...

...q(Name) <-
name(Ssn, Name),
address(Ssn, _).

Alice

Bob

Carol

q

Alice

Bob

q

...

Basic idea: query should return those answers that would be 
present for any mediated DB instance (satisfying the constraints).
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Certain Answers Semantics

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

27 Alice

42 Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

27 1 Main St

42 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

QUERY:

...ETC...

...q(Name) <-
name(Ssn, Name),
address(Ssn, _).

Alice

Bob

Carol

q

Alice

Bob

q

...Alice

Bob

certain answers to q

=

Basic idea: query should return those answers that would be 
present for any mediated DB instance (satisfying the constraints).
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Computing the Certain Answers

ÅA number of methods have been developed

ïBucket algorithm [Levy+ 1996]

ïMinicon [Pottinger & Halevy 2000]

ïInverse rules method [Duschka & Genesereth 1997]

ï...

ÅWe focus on the Datalog-based inverse rules 
method

ÅSame method works for both virtual data 
integration, and materialized data exchange

ïAssuming constraints are given by tgds
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Inverse Rules: Computing Certain Answers 
with Datalog

ÅBasic idea: a tgd looks a lot like a Datalogrule (or rules)

 

 

 

Xᶅ, Y, Z foo(X,Y) ᷈  bar(X,Z)O  biz(Y,Z) ᷈  baz(Z)

biz(X,Y,Z) <- foo(X,Y), bar(X,Z).
baz(Z) <- foo(X,Y), bar(X,Z).

tgd:

Datalog 
rules:
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Inverse Rules: Computing Certain Answers 
with Datalog

ÅBasic idea: a tgd looks a lot like a Datalogrule (or rules)

Å{ƻ Ƨǳǎǘ ƛƴǘŜǊǇǊŜǘ ǘƎŘǎ ŀǎ 5ŀǘŀƭƻƎ ǊǳƭŜǎΗ  όάLƴǾŜǊǎŜέ ǊǳƭŜǎΦύ  /ŀƴ 
use these to compute the certain answers.

 

 

Xᶅ, Y, Z foo(X,Y) ᷈  bar(X,Z)O  biz(Y,Z) ᷈  baz(Z)

biz(X,Y,Z) <- foo(X,Y), bar(X,Z).
baz(Z) <- foo(X,Y), bar(X,Z).

tgd:

Datalog 
rules:

125



Inverse Rules: Computing Certain Answers 
with Datalog

ÅBasic idea: a tgd looks a lot like a Datalogrule (or rules)

Å{ƻ Ƨǳǎǘ ƛƴǘŜǊǇǊŜǘ ǘƎŘǎ ŀǎ 5ŀǘŀƭƻƎ ǊǳƭŜǎΗ  όάLƴǾŜǊǎŜέ ǊǳƭŜǎΦύ  /ŀƴ 
use these to compute the certain answers.

ï²Ƙȅ ŎŀƭƭŜŘ άƛƴǾŜǊǎŜέ ǊǳƭŜǎΚ  Lƴ ǿƻǊƪ ƻƴ [!± Řŀǘŀ ƛƴǘŜƎǊŀǘƛƻƴΣ 
constraints written in the other direction, with sources thought of as 
views over the (hypothetical) mediated database instance

 

Xᶅ, Y, Z foo(X,Y) ᷈  bar(X,Z)O  biz(Y,Z) ᷈  baz(Z)

biz(X,Y,Z) <- foo(X,Y), bar(X,Z).
baz(Z) <- foo(X,Y), bar(X,Z).

tgd:

Datalog 
rules:
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Inverse Rules: Computing Certain Answers 
with Datalog

ÅBasic idea: a tgd looks a lot like a Datalogrule (or rules)

Å{ƻ Ƨǳǎǘ ƛƴǘŜǊǇǊŜǘ ǘƎŘǎ ŀǎ 5ŀǘŀƭƻƎ ǊǳƭŜǎΗ  όάLƴǾŜǊǎŜέ ǊǳƭŜǎΦύ  /ŀƴ 
use these to compute the certain answers.

ï²Ƙȅ ŎŀƭƭŜŘ άƛƴǾŜǊǎŜέ ǊǳƭŜǎΚ  Lƴ ǿƻǊƪ ƻƴ [!± Řŀǘŀ ƛƴǘŜƎǊŀǘƛƻƴΣ 
constraints written in the other direction, with sources thought of as 
views over the (hypothetical) mediated database instance

The catch: what to do about existentially quantified variables...

Xᶅ, Y, Z foo(X,Y) ᷈  bar(X,Z)O  biz(Y,Z) ᷈  baz(Z)

biz(X,Y,Z) <- foo(X,Y), bar(X,Z).
baz(Z) <- foo(X,Y), bar(X,Z).

tgd:

Datalog 
rules:
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Inverse Rules: Computing Certain Answers 
with Datalog (2)

ÅChallenge: existentially quantified variables in tgds

 

 

 

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈ address(Ssn, Addr)
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Inverse Rules: Computing Certain Answers 
with Datalog (2)

ÅChallenge: existentially quantified variables in tgds

ÅKey idea: use Skolem functions

ïǘƘƛƴƪΥ άƳŜƳƻƛȊŜŘ ǾŀƭǳŜ ƛƴǾŜƴǘƛƻƴέ όƻǊ άƭŀōŜƭŜŘ ƴǳƭƭǎέύ

 

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈ address(Ssn, Addr)
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Inverse Rules: Computing Certain Answers 
with Datalog (2)

ÅChallenge: existentially quantified variables in tgds

ÅKey idea: use Skolem functions

ïǘƘƛƴƪΥ άƳŜƳƻƛȊŜŘ ǾŀƭǳŜ ƛƴǾŜƴǘƛƻƴέ όƻǊ άƭŀōŜƭŜŘ ƴǳƭƭǎέύ

 

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈ address(Ssn, Addr)

name(ssn(Name, Addr), Name) <- employee(_, Name, Addr).
address(ssn(Name, Addr), Addr) <- employee(_, Name, Addr).
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Inverse Rules: Computing Certain Answers 
with Datalog (2)

ÅChallenge: existentially quantified variables in tgds

ÅKey idea: use Skolem functions

ïǘƘƛƴƪΥ άƳŜƳƻƛȊŜŘ ǾŀƭǳŜ ƛƴǾŜƴǘƛƻƴέ όƻǊ άƭŀōŜƭŜŘ ƴǳƭƭǎέύ

 

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈ address(Ssn, Addr)

name(ssn(Name, Addr), Name) <- employee(_, Name, Addr).
address(ssn(Name, Addr), Addr) <- employee(_, Name, Addr).

ssn is a Skolem 
function
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Inverse Rules: Computing Certain Answers 
with Datalog (2)

ÅChallenge: existentially quantified variables in tgds

ÅKey idea: use Skolem functions

ïǘƘƛƴƪΥ άƳŜƳƻƛȊŜŘ ǾŀƭǳŜ ƛƴǾŜƴǘƛƻƴέ όƻǊ άƭŀōŜƭŜŘ ƴǳƭƭǎέύ

 

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈ address(Ssn, Addr)

name(ssn(Name, Addr), Name) <- employee(_, Name, Addr).
address(ssn(Name, Addr), Addr) <- employee(_, Name, Addr).
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Inverse Rules: Computing Certain Answers 
with Datalog (2)

ÅChallenge: existentially quantified variables in tgds

ÅKey idea: use Skolem functions

ïǘƘƛƴƪΥ άƳŜƳƻƛȊŜŘ ǾŀƭǳŜ ƛƴǾŜƴǘƛƻƴέ όƻǊ άƭŀōŜƭŜŘ ƴǳƭƭǎέύ

ÅUnlike SQL nulls, can join on Skolem values:

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈ address(Ssn, Addr)

name(ssn(Name, Addr), Name) <- employee(_, Name, Addr).
address(ssn(Name, Addr), Addr) <- employee(_, Name, Addr).
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Inverse Rules: Computing Certain Answers 
with Datalog (2)

ÅChallenge: existentially quantified variables in tgds

ÅKey idea: use Skolem functions

ïǘƘƛƴƪΥ άƳŜƳƻƛȊŜŘ ǾŀƭǳŜ ƛƴǾŜƴǘƛƻƴέ όƻǊ άƭŀōŜƭŜŘ ƴǳƭƭǎέύ

ÅUnlike SQL nulls, can join on Skolem values:

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 

ᶬ Ssn  name(Ssn, Name) ᷈ address(Ssn, Addr)

query _(Name,Addr) < -
name(Ssn,Name), 
address(Ssn,Addr).

name(ssn(Name, Addr), Name) <- employee(_, Name, Addr).
address(ssn(Name, Addr), Addr) <- employee(_, Name, Addr).
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Semantics of Skolem Functions in Datalog
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Semantics of Skolem Functions in Datalog

Å{ƪƻƭŜƳ ŦǳƴŎǘƛƻƴǎ ƛƴǘŜǊǇǊŜǘŜŘ άŀǎ ǘƘŜƳǎŜƭǾŜǎΣέ ƭƛƪŜ Ŏƻƴǎǘŀƴǘǎ 
(Herbrandinterpretations): not to be confused with user-
defined functions

ïe.g., can think of interpretation of term 

ǎǎƴόά!ƭƛŎŜέΣ άм aŀƛƴ {ǘέύ 

as just the string (or null labeled by the string)

ǎǎƴόά!ƭƛŎŜέΣ άм aŀƛƴ {ǘέύ
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Semantics of Skolem Functions in Datalog

Å{ƪƻƭŜƳ ŦǳƴŎǘƛƻƴǎ ƛƴǘŜǊǇǊŜǘŜŘ άŀǎ ǘƘŜƳǎŜƭǾŜǎΣέ ƭƛƪŜ Ŏƻƴǎǘŀƴǘǎ 
(Herbrandinterpretations): not to be confused with user-
defined functions

ïe.g., can think of interpretation of term 

ǎǎƴόά!ƭƛŎŜέΣ άм aŀƛƴ {ǘέύ 

as just the string (or null labeled by the string)

ǎǎƴόά!ƭƛŎŜέΣ άм aŀƛƴ {ǘέύ

ÅDatalog programs with Skolem functions continue to have 
minimal models, which can be computed via, e.g., bottom-up 
seminaive evaluation

ïCan show that the certain answersare precisely the query answers 
ǘƘŀǘ Ŏƻƴǘŀƛƴ ƴƻ {ƪƻƭŜƳ ǘŜǊƳǎΦ  ό²ŜΩƭƭ ǊŜǾƛǎƛǘ ǘƘƛǎ ǎƘƻǊǘƭȅΦΦΦύ
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Semantics of Skolem Functions in Datalog

Å{ƪƻƭŜƳ ŦǳƴŎǘƛƻƴǎ ƛƴǘŜǊǇǊŜǘŜŘ άŀǎ ǘƘŜƳǎŜƭǾŜǎΣέ ƭƛƪŜ Ŏƻƴǎǘŀƴǘǎ 
(Herbrandinterpretations): not to be confused with user-
defined functions

ïe.g., can think of interpretation of term 

ǎǎƴόά!ƭƛŎŜέΣ άм aŀƛƴ {ǘέύ 

as just the string (or null labeled by the string)

ǎǎƴόά!ƭƛŎŜέΣ άм aŀƛƴ {ǘέύ

ÅDatalog programs with Skolem functions continue to have 
minimal models, which can be computed via, e.g., bottom-up 
seminaive evaluation

ïCan show that the certain answersare precisely the query answers 
ǘƘŀǘ Ŏƻƴǘŀƛƴ ƴƻ {ƪƻƭŜƳ ǘŜǊƳǎΦ  ό²ŜΩƭƭ ǊŜǾƛǎƛǘ ǘƘƛǎ ǎƘƻǊǘƭȅΦΦΦύ

ÅBut: the models may now be infinite!
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Termination and Infinite Models

ÅProblemΥ {ƪƻƭŜƳ ǘŜǊƳǎ άƛƴǾŜƴǘέ ƴŜǿ ǾŀƭǳŜǎΣ ǿƘƛŎƘ ƳƛƎƘǘ ōŜ 
ŦŜŘ ōŀŎƪ ƛƴ ŀ ƭƻƻǇ ǘƻ άƛƴǾŜƴǘέ ƳƻǊŜ ƴŜǿ ǾŀƭǳŜǎΣ ŀŘ ƛƴŦƛƴƛǘǳƳ
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Termination and Infinite Models

ÅProblemΥ {ƪƻƭŜƳ ǘŜǊƳǎ άƛƴǾŜƴǘέ ƴŜǿ ǾŀƭǳŜǎΣ ǿƘƛŎƘ ƳƛƎƘǘ ōŜ 
ŦŜŘ ōŀŎƪ ƛƴ ŀ ƭƻƻǇ ǘƻ άƛƴǾŜƴǘέ ƳƻǊŜ ƴŜǿ ǾŀƭǳŜǎΣ ŀŘ ƛƴŦƛƴƛǘǳƳ

ïŜΦƎΦΣ άŜǾŜǊȅ ƳŀƴŀƎŜǊ Ƙŀǎ ŀ ƳŀƴŀƎŜǊέ

 

 

manager(X) <-
employee(_, X, _) .

manager(m(X)) <-
manager(X).
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Termination and Infinite Models

ÅProblemΥ {ƪƻƭŜƳ ǘŜǊƳǎ άƛƴǾŜƴǘέ ƴŜǿ ǾŀƭǳŜǎΣ ǿƘƛŎƘ ƳƛƎƘǘ ōŜ 
ŦŜŘ ōŀŎƪ ƛƴ ŀ ƭƻƻǇ ǘƻ άƛƴǾŜƴǘέ ƳƻǊŜ ƴŜǿ ǾŀƭǳŜǎΣ ŀŘ ƛƴŦƛƴƛǘǳƳ

ïŜΦƎΦΣ άŜǾŜǊȅ ƳŀƴŀƎŜǊ Ƙŀǎ ŀ ƳŀƴŀƎŜǊέ

 

 

manager(X) <-
employee(_, X, _) .

manager(m(X)) <-
manager(X).

m is a Skolem 
function
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Termination and Infinite Models

ÅProblemΥ {ƪƻƭŜƳ ǘŜǊƳǎ άƛƴǾŜƴǘέ ƴŜǿ ǾŀƭǳŜǎΣ ǿƘƛŎƘ ƳƛƎƘǘ ōŜ 
ŦŜŘ ōŀŎƪ ƛƴ ŀ ƭƻƻǇ ǘƻ άƛƴǾŜƴǘέ ƳƻǊŜ ƴŜǿ ǾŀƭǳŜǎΣ ŀŘ ƛƴŦƛƴƛǘǳƳ

ïŜΦƎΦΣ άŜǾŜǊȅ ƳŀƴŀƎŜǊ Ƙŀǎ ŀ ƳŀƴŀƎŜǊέ

 

 

manager(X) <-
employee(_, X, _) .

manager(m(X)) <-
manager(X).

17 Alice 1 Main St

23 Bob 16 Elm St

employee
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Termination and Infinite Models

ÅProblemΥ {ƪƻƭŜƳ ǘŜǊƳǎ άƛƴǾŜƴǘέ ƴŜǿ ǾŀƭǳŜǎΣ ǿƘƛŎƘ ƳƛƎƘǘ ōŜ 
ŦŜŘ ōŀŎƪ ƛƴ ŀ ƭƻƻǇ ǘƻ άƛƴǾŜƴǘέ ƳƻǊŜ ƴŜǿ ǾŀƭǳŜǎΣ ŀŘ ƛƴŦƛƴƛǘǳƳ

ïŜΦƎΦΣ άŜǾŜǊȅ ƳŀƴŀƎŜǊ Ƙŀǎ ŀ ƳŀƴŀƎŜǊέ

 

 

manager(X) <-
employee(_, X, _) .

manager(m(X)) <-
manager(X).

17 Alice 1 Main St

23 Bob 16 Elm St

employee
m(Alice)

m(Bob)

m(m(Alice))

m(m(Bob))

m(m(m(Alice)))

...

manager
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Termination and Infinite Models

ÅProblemΥ {ƪƻƭŜƳ ǘŜǊƳǎ άƛƴǾŜƴǘέ ƴŜǿ ǾŀƭǳŜǎΣ ǿƘƛŎƘ ƳƛƎƘǘ ōŜ 
ŦŜŘ ōŀŎƪ ƛƴ ŀ ƭƻƻǇ ǘƻ άƛƴǾŜƴǘέ ƳƻǊŜ ƴŜǿ ǾŀƭǳŜǎΣ ŀŘ ƛƴŦƛƴƛǘǳƳ

ïŜΦƎΦΣ άŜǾŜǊȅ ƳŀƴŀƎŜǊ Ƙŀǎ ŀ ƳŀƴŀƎŜǊέ

ÅhǇǘƛƻƴ мΥ ƭŜǘ ΨŜǊ ǊƛǇ ŀƴŘ ǎŜŜ ǿƘŀǘ ƘŀǇǇŜƴǎΗ  ό/ƻǊŀƭΣ [.ύ

 

manager(X) <-
employee(_, X, _) .

manager(m(X)) <-
manager(X).

17 Alice 1 Main St

23 Bob 16 Elm St

employee
m(Alice)

m(Bob)

m(m(Alice))

m(m(Bob))

m(m(m(Alice)))

...

manager
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Termination and Infinite Models

ÅProblemΥ {ƪƻƭŜƳ ǘŜǊƳǎ άƛƴǾŜƴǘέ ƴŜǿ ǾŀƭǳŜǎΣ ǿƘƛŎƘ ƳƛƎƘǘ ōŜ 
ŦŜŘ ōŀŎƪ ƛƴ ŀ ƭƻƻǇ ǘƻ άƛƴǾŜƴǘέ ƳƻǊŜ ƴŜǿ ǾŀƭǳŜǎΣ ŀŘ ƛƴŦƛƴƛǘǳƳ

ïŜΦƎΦΣ άŜǾŜǊȅ ƳŀƴŀƎŜǊ Ƙŀǎ ŀ ƳŀƴŀƎŜǊέ

ÅhǇǘƛƻƴ мΥ ƭŜǘ ΨŜǊ ǊƛǇ ŀƴŘ ǎŜŜ ǿƘŀǘ ƘŀǇǇŜƴǎΗ  ό/ƻǊŀƭΣ [.ύ

ÅOption 2: use syntactic restrictions to ensure 
termination...

manager(X) <-
employee(_, X, _) .

manager(m(X)) <-
manager(X).

17 Alice 1 Main St

23 Bob 16 Elm St

employee
m(Alice)

m(Bob)

m(m(Alice))

m(m(Bob))

m(m(m(Alice)))

...

manager
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Ensuring Termination of Datalog Programs with 
Skolems via Weak Acyclicity

ÅDraw graph for Datalog program as follows:

manager(X) <-
employee(_, X, _) .

manager(m(X)) <-
manager(X).
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Ensuring Termination of Datalog Programs with 
Skolems via Weak Acyclicity

ÅDraw graph for Datalog program as follows:

manager(X) <-
employee(_, X, _) .

manager(m(X)) <-
manager(X).

(employee, 1)

(employee, 2)

(employee, 3)

(manager, 1)

vertex for each 
(predicate, index)
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Ensuring Termination of Datalog Programs with 
Skolems via Weak Acyclicity

ÅDraw graph for Datalog program as follows:

manager(X) <-
employee(_, X, _) .

manager(m(X)) <-
manager(X).

(employee, 1)

(employee, 2)

(employee, 3)

(manager, 1)

vertex for each 
(predicate, index)

variable occurs as arg #2 
to employeein body, 
arg #1 to managerin 

head
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Ensuring Termination of Datalog Programs with 
Skolems via Weak Acyclicity

ÅDraw graph for Datalog program as follows:

manager(X) <-
employee(_, X, _) .

manager(m(X)) <-
manager(X).

(employee, 1)

(employee, 2)

(employee, 3)

(manager, 1)

vertex for each 
(predicate, index)

variable occurs as arg #2 
to employeein body, 
arg #1 to managerin 

head

variable occurs as arg #1 to 
managerin body and as 

argument to Skolem (hence 
dashes) in arg #1 to manager

in head 149



Ensuring Termination of Datalog Programs with 
Skolems via Weak Acyclicity

ÅDraw graph for Datalog program as follows:

manager(X) <-
employee(_, X, _) .

manager(m(X)) <-
manager(X).

(employee, 1)

(employee, 2)

(employee, 3)

(manager, 1)

vertex for each 
(predicate, index)

variable occurs as arg #2 
to employeein body, 
arg #1 to managerin 

head

variable occurs as arg #1 to 
managerin body and as 

argument to Skolem (hence 
dashes) in arg #1 to manager

in head 150

ÅIf graph contains no cycle through 
a dashed edge, then P is called 
weakly acyclic



Ensuring Termination of Datalog Programs with 
Skolems via Weak Acyclicity

ÅDraw graph for Datalog program as follows:

manager(X) <-
employee(_, X, _) .

manager(m(X)) <-
manager(X).

(employee, 1)

(employee, 2)

(employee, 3)

(manager, 1)

Cycle through 
dashed edge!
Not weakly 
acyclic L

vertex for each 
(predicate, index)

variable occurs as arg #2 
to employeein body, 
arg #1 to managerin 

head

variable occurs as arg #1 to 
managerin body and as 

argument to Skolem (hence 
dashes) in arg #1 to manager

in head 151

ÅIf graph contains no cycle through 
a dashed edge, then P is called 
weakly acyclic



Ensuring Termination via Weak Acyclicity (2)

ÅAnother example, this one weakly acyclic:
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Ensuring Termination via Weak Acyclicity (2)

ÅAnother example, this one weakly acyclic:

name(ssn(Name,Addr),Name) 
<- emp(_,Name,Addr).

addr(ssn(Name,Addr),Addr) 
<- emp(_,Name,Addr).

query _(Name,Addr) 
<- name(Ssn,Name), 

address(Ssn,Addr) ;
_(Addr,Name).
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Ensuring Termination via Weak Acyclicity (2)

ÅAnother example, this one weakly acyclic:

(emp, 2) (emp, 3)

(name, 1)

name(ssn(Name,Addr),Name) 
<- emp(_,Name,Addr).

addr(ssn(Name,Addr),Addr) 
<- emp(_,Name,Addr).

query _(Name,Addr) 
<- name(Ssn,Name), 

address(Ssn,Addr) ;
_(Addr,Name).

(name, 2)

(_, 1) (_, 2)

(addr, 1)

(addr, 2)

(emp, 1)

154



Ensuring Termination via Weak Acyclicity (2)

ÅAnother example, this one weakly acyclic:

(emp, 2) (emp, 3)

(name, 1)

name(ssn(Name,Addr),Name) 
<- emp(_,Name,Addr).

addr(ssn(Name,Addr),Addr) 
<- emp(_,Name,Addr).

query _(Name,Addr) 
<- name(Ssn,Name), 

address(Ssn,Addr) ;
_(Addr,Name).

(name, 2)

(_, 1) (_, 2)

(addr, 1)

(addr, 2)

(emp, 1)
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Ensuring Termination via Weak Acyclicity (2)

ÅAnother example, this one weakly acyclic:

(emp, 2) (emp, 3)

(name, 1)

name(ssn(Name,Addr),Name) 
<- emp(_,Name,Addr).

addr(ssn(Name,Addr),Addr) 
<- emp(_,Name,Addr).

query _(Name,Addr) 
<- name(Ssn,Name), 

address(Ssn,Addr) ;
_(Addr,Name).

(name, 2)

(_, 1) (_, 2)

(addr, 1)

(addr, 2)

has cycle, but no 
cycle through 
dashed edge; 

weakly acyclic J

(emp, 1)
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Ensuring Termination via Weak Acyclicity (2)

ÅAnother example, this one weakly acyclic:

(emp, 2) (emp, 3)

(name, 1)

Theorem: bottom-up evaluation of weakly acyclic Datalog 
programs with Skolems terminates in # steps polynomial in size 
of source database.

name(ssn(Name,Addr),Name) 
<- emp(_,Name,Addr).

addr(ssn(Name,Addr),Addr) 
<- emp(_,Name,Addr).

query _(Name,Addr) 
<- name(Ssn,Name), 

address(Ssn,Addr) ;
_(Addr,Name).

(name, 2)

(_, 1) (_, 2)

(addr, 1)

(addr, 2)

has cycle, but no 
cycle through 
dashed edge; 

weakly acyclic J

(emp, 1)
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Once Computation Stops, What Do We Have?
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Once Computation Stops, What Do We Have?

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 
ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)

tgd:

name(ssn(Name, Addr), Name) <- employee(_, Name, Addr).
address(ssn(Name, Addr), Addr) <- employee(_, Name, Addr).

datalog rules:
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Once Computation Stops, What Do We Have?

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 
ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)

17 Alice 1 Main St

23 Bob 16 Elm St

employee

LOCAL SOURCE

tgd:

name(ssn(Name, Addr), Name) <- employee(_, Name, Addr).
address(ssn(Name, Addr), Addr) <- employee(_, Name, Addr).

datalog rules:
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Once Computation Stops, What Do We Have?

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 
ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)

17 Alice 1 Main St

23 Bob 16 Elm St

employee name

ssn(A..) Alice

ssn(B..) Bob

ssn(A..) 1 Main St

ssn(B..) 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #2

tgd:

name(ssn(Name, Addr), Name) <- employee(_, Name, Addr).
address(ssn(Name, Addr), Addr) <- employee(_, Name, Addr).

datalog rules:
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Once Computation Stops, What Do We Have?

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 
ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

ssn(A..) Alice

ssn(B..) Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

ssn(A..) 1 Main St

ssn(B..) 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

tgd:

name(ssn(Name, Addr), Name) <- employee(_, Name, Addr).
address(ssn(Name, Addr), Addr) <- employee(_, Name, Addr).

datalog rules:
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Once Computation Stops, What Do We Have?

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 
ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

ssn(A..) Alice

ssn(B..) Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

ssn(A..) 1 Main St

ssn(B..) 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

tgd:

...

name

27 Alice

42 Bob

27 1 Main St

42 16 ElmSt

address

MEDIATED DB #3

name(ssn(Name, Addr), Name) <- employee(_, Name, Addr).
address(ssn(Name, Addr), Addr) <- employee(_, Name, Addr).

datalog rules:
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Once Computation Stops, What Do We Have?

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 
ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

ssn(A..) Alice

ssn(B..) Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

ssn(A..) 1 Main St

ssn(B..) 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

tgd:

...

name

27 Alice

42 Bob

27 1 Main St

42 16 ElmSt

address

MEDIATED DB #3

Among all the mediated DB instances satisfying the constraints (solutions), #2 
above is universal: can be homomorphically embedded in any other solution.

name(ssn(Name, Addr), Name) <- employee(_, Name, Addr).
address(ssn(Name, Addr), Addr) <- employee(_, Name, Addr).

datalog rules:
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ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)
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040-66 Carol

name name

ssn(A..) Alice

ssn(B..) Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

ssn(A..) 1 Main St

ssn(B..) 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

tgd:

...

name

27 Alice

42 Bob

27 1 Main St

42 16 ElmSt

address

MEDIATED DB #3

Among all the mediated DB instances satisfying the constraints (solutions), #2 
above is universal: can be homomorphically embedded in any other solution.

name(ssn(Name, Addr), Name) <- employee(_, Name, Addr).
address(ssn(Name, Addr), Addr) <- employee(_, Name, Addr).
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Once Computation Stops, What Do We Have?

Eᶅid, Name, Addr  employee(Eid, Name, Addr) O 
ᶬ Ssn  name(Ssn, Name) ᷈address(Ssn, Addr)

17 Alice 1 Main St

23 Bob 16 Elm St

employee

050-66 Alice

010-12 Bob

040-66 Carol

name name

ssn(A..) Alice

ssn(B..) Bob

050-66 1 Main St

010-12 16 ElmSt

040-66 7 11th Ave

address

ssn(A..) 1 Main St

ssn(B..) 16 ElmSt

address

LOCAL SOURCE MEDIATED DB #1 MEDIATED DB #2

...

tgd:

...

name

27 Alice

42 Bob

27 1 Main St

42 16 ElmSt

address

MEDIATED DB #3

Among all the mediated DB instances satisfying the constraints (solutions), #2 
above is universal: can be homomorphically embedded in any other solution.

name(ssn(Name, Addr), Name) <- employee(_, Name, Addr).
address(ssn(Name, Addr), Addr) <- employee(_, Name, Addr).

datalog rules:
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Universal Solutions Are Just What is 
Needed to Compute the Certain Answers
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Universal Solutions Are Just What is 
Needed to Compute the Certain Answers

 

Theorem: can compute certain answers to Datalog program q
over target/mediated schema by:

(1) evaluating q on materialized mediated DB (computed 
using inverse rules); then 

(2) crossing out rows containing Skolem terms.
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Universal Solutions Are Just What is 
Needed to Compute the Certain Answers

Proof(crux): use universality of materialized DB.

Theorem: can compute certain answers to Datalog program q
over target/mediated schema by:

(1) evaluating q on materialized mediated DB (computed 
using inverse rules); then 

(2) crossing out rows containing Skolem terms.
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Notes on Skolem Functions in Datalog

ÅNotion of weak acyclicity introduced by Deutsch and Popa, 
as a way to ensure termination of the chaseprocedure for 
logical dependencies (but applies to Datalog too).

ÅCrazy idea: what if we allow arbitrary use of Skolems, and 
ŦƻǊƎŜǘ ŀōƻǳǘ ŎƻƳǇǳǘƛƴƎ ŎƻƳǇƭŜǘŜ ƻǳǘǇǳǘ ƛŘōΩǎ ōƻǘǘƻƳ-up, 
but only partially enumerate their contents, on demand, 
using top-down evaluation?  

ï!ƴŘΣ ǿƘƛƭŜ ǿŜΩǊŜ ŀǘ ƛǘΣ ŀƭƭƻǿ unsaferules too?

Å¢Ƙƛǎ ƛǎ ŀŎǘǳŀƭƭȅ ŀ ōŜŀǳǘƛŦǳƭ ƛŘŜŀΥ ƛǘΩǎ ŎŀƭƭŜŘ logic 
programming

ï{ƪƻƭŜƳ ŦǳƴŎǘƛƻƴǎ όŀƪŀ άŦǳƴŎǘƻǊ ǘŜǊƳǎέύ ŀǊŜ Ƙƻǿ ȅƻǳ ōǳƛƭŘ Řŀǘŀ 
structures like lists, trees, etc. in Prolog

ïResulting language is Turing-complete
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Summary: Datalog for 
Data Integration and Exchange

ÅDatalog serves as very nice language for schema 
mappings, as needed in data integration, provided 
we extend it with Skolem functions

ïCan use Datalog to compute certain answers

ïFancier kinds of schema mappings than tgds require 
further language extensions; e.g., Datalog +/- [Cali et al 09]

ÅCan also extend Datalog to track various kinds of 
data provenance, very useful in data integration

ïUsing semiring-based framework [Green+ 07]
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Some Datalog-Based Data 
Integration/Exchange Systems

ÅInformation Manifold [Levy+ 96]

ïVirtual approach
ïNo recursion

ÅClio [Miller+ 01]

ïMaterialized approach
ïSkolem terms, no recursion, rich data model
ïShips as part of IBM WebSphere

ÅOrchestra CDSS [Ives+ 05]

ïMaterialized approach
ïSkolem terms, recursion, provenance, 

updates
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Datalog for Data Integration: 
Some Open Issues

ÅMaterialized data exchange: renewed need for 
efficient incremental view maintenance algorithms

ïSource databases are dynamic entities, need to propagate 
changes

ïClassical algorithm DRed [Gupta+ 93]often performs very 
badly; newer provenance-based algorithms [Green+ 07, Liu+ 

08] faster but incur space overhead; can we do better?

ÅTerminationfor Datalog with Skolems

ïImprovements on weak ayclicity for chase termination, 
translate to Datalog; more permissive conditions always 
useful!

ïIs termination even decidable?  (Undecidable if we allow 
Skolems and unsafe rules, of course.)
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Outline of Tutorial

June 14, 2011: The Second Coming of Datalog!

ÅRefresher: basics of Datalog

ÅApplication #1: Data Integration and Exchange

ÅApplication #2: Program Analysis

ÅApplication #3: Declarative Networking

ÅConclusion
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Program Analysis

ÅWhat is it?
 

 

ÅWhy in Datalog?
 

ÅHow does it work?
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Program Analysis

ÅWhat is it?
ïFundamental analysis aiding software development

ïHelp make programs run fast, help you find bugs

ÅWhy in Datalog?
 

ÅHow does it work?
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Program Analysis

ÅWhat is it?
ïFundamental analysis aiding software development

ïHelp make programs run fast, help you find bugs
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ïDeclarative recursion

ÅHow does it work?
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Program Analysis

ÅWhat is it?
ïFundamental analysis aiding software development

ïHelp make programs run fast, help you find bugs

ÅWhy in Datalog?
ïDeclarative recursion

ÅHow does it work?
ïReally well!  An order-of-magnitude faster than hand-

tuned, Java tools
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Program Analysis

ÅWhat is it?
ïFundamental analysis aiding software development

ïHelp make programs run fast, help you find bugs

ÅWhy in Datalog?
ïDeclarative recursion

ÅHow does it work?
ïReally well!  An order-of-magnitude faster than hand-

tuned, Java tools

ïDatalog optimizations are crucial in achieving 
performance
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WHAT IS PROGRAM ANALYSIS
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Understanding Program Behavior

animal.eat( (Food)  thing);
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through what method 
does it eat?
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Optimizations

animal.eat( (Food)  thing);

through what method 
does it eat?

what is thing?what is animal?
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Optimizations
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}

virtual call resolution

ƛǘΩǎ Chocolate
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Bug Finding

animal.eat( (Food)  thing);

through what method 
does it eat?

what is thing?what is animal?
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ƛǘΩǎ ŀ Dog

class Dog {
ǾƻƛŘ ŜŀǘόCƻƻŘ Ŧύ ϑ Χ ϒ

}

ƛǘΩǎ Chocolate

Dog + Chocolate = 
BUG

ChokeExceptionnever 
caught = BUG



Precise, Fast Program Analysis Is Hard

Ånecessarily an approximation
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Precise, Fast Program Analysis Is Hard

Ånecessarily an approximation

ïbecause Alan Turing said so

Åa lot of possible execution paths to analyze

ï1014 acyclic paths in an average Java program, 
²ƘŀƭŜȅ Ŝǘ ŀƭΦΣ Ψлр
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WHY PROGRAM ANALYSIS IN 
DATALOG?
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Program Analysis: A Complex Domain
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Program Analysis: A Complex Domain
flow-sensitive

field-sensitive

context-sensitive

field-based

object-sensitive

inclusion-based

unification-based

k-cfa

BDDs

heap-sensitive 207
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