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Pre-class conversations

o Last class recapitulation: Datalog w/ negation: PTIME vs NPC
« Time for feedback
e Will look at scribes this week

e today:
— Practice with Datalog, and evaluation strategies (incl. view maintenance)
— Starting with T2: complexity of query evaluation
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What do empty bodies or heads mean in ASP?

A -- B, not C. Think of the head as a disjunction, body as conjunction

OVA<=1ABAAC
DLV ="Datalog with Disjunction (=V/)"

Empty body:

A ?

Empty head:
- B, not C. ?
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What do empty bodies or heads mean in ASP?

A - B, not C. Think of the head as a disjuction, body as conjumction
1 VA1 ABA G
JTV = "Datalog with Disjunction (=V)"

Empty body:

A. A<=1 Empty body describes a fact: "A’

needs to be true. Also in Datalog
Empty head: —
- B, not C. 0 <BA-C

Empty heads describes a constraint: "B and not C" must
not be true in any model. Emtpy head describes a condition
i the body which leads to contradiction (false)
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Complexity and Expressive Power of Logic Programming

EVGENY DANTSIN
TueoreM 5.7. ([Marek and Truszczy- | Example for NP-complete problem:

Roosevelt University, Chicago, IL, USA niski 1991; Bidoit and Froidevaux 1991]). | Boolean satisfiability problem: "given

THOMAS EITER, GEORG GOTTLOB Gwen a proposztlonal normal logic pro-
Vienna University of Technology, Austria

AND

ANDRI_EI VORONKOV o THEOREM 5.8. (Marek and Truszczy-
University of Manchester, United Kingdom hiski 1991’ Schllpf 1995b, Kolaitis and EXdW\PIG ‘FOY' Co-NP PY’OMGW\: Hhe
Papadimitriou 19911]). Propositional logic | smplementary problem asks: "given a
Note that every stratified P has a unique programming with negation under SMS | 5o, formula, is i+ unsatisfiable"

stable model, and its Stratified and stable is C0O-NP-complete. Datalog with negation (ie. do all possible inputts +o +he

semantics coincide. Unstratified rules in- under SMS is data complete for co-NP and
crease complexity. program complete for co-NEXPTIME. formula output false)?

a Boolean formula, is it satisfiable”

5 deciding whether SM(P) # @ is (ie. is there an nput for which +he
KIP- complel.

formula outputs true)?

Informally, disjunctive logic programming
(DLP) extends logic programming by
adding disjunction in the rule heads, in Modeling problems beyond the class NP with ASP is possible to some extent. Namely,
order to allow more natural and flexible when disjunctions are allowed in the heads of rules, every decision problem in the class

¥ can be modeled in a uniform way by a finite program (Dantsin et al. 2001). However,
modeling problems beyond NP with ASP is complicated and the generate-define-test
approach is no longer sufficient in general. Additional techniques such as saturation

knowledge representation. For example,

male(X) Vv female(X) < person(X) (Eiter and Gottlob 1995) are needed but they are difficult to use, and may introduce

constraints that have no direct relation to constraints of the problem being modeled. As

naturally represents that any person is el- stated explicitly in (Gebser et al. 201 1) “unlike the ease of common ASP modeling, []
ther male or female. these techniques are rather involved and hardly usable by ASP laymen.”

Dantsin, Eiter, Gottlob, Voronkov. "Complexity and expressive power of logic programming", ACM computing survesy, 2001. https://doi.org/10.1145/502807.502810
Amendola, Ricca, Truszczynski. "Beyond NP: Quantifying over Answer Sets", TPLP, 2019. https://doi.org/10.1017/S1471068419000140
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H ie I'd rChy Of eXp F'ess ive Ness ASP can express NP-complete problevms

(For Turing-completeness, we would only have
to add functions, i.e. the ability to create new
values ot previously found v the EDB)

Answer set programming / Stable Model Semantics

cawn express all polywowial
time dueries on ordered
databases relying on only
mformation encoded v
tables (e.9. excludes

RA: {o,1,%X,U, -} Positive RA (RAY): {o,t,X,U} . . arithmetical functions)
SR Recursive queries

Stratified Datalog w/ negation

Non-recursive Datalog Union of CQs (UCQs)
w/ negation

Datalog
Non-recursive Datalog

Notice that Datalog and UCQSs often assume an unordered domain and vo built-in predicates.

For equality, we assume here av ordered domain and built-in predicates (>,<,<,2,=).
Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 253
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Outline: T1-4: Datalog

» Datalog

— Datalog rules

— Recursion

— Semantics

— Datalog™ Negation, stratification

— Datalog®

— Stable model semantics (Answer set programming)

— Datalog vs. RA

— Naive and Semi-naive evaluation (incl. Incremental View
Vaintenance)
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RA to Datalog by examples: Union R(A.B,C)
S(D,E,F)

T(G,H)

RA:
R(A,B,C) U S(D,E,F)

Datalog:

?

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 260
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RA to Datalog by examples: Union ®o? [RABC)
2 S(D,E,F)

T(G,H)

RA:
R(A,B,C) U S(D,E,F)

Datalog:

Q(lelz) - R(lelz)
Q(lelz) - S(lelz)
IDB EDB

?

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 261
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RA to Datalog by examples: Union ®o? [RABC)
> & S(D,E,F)

T(G,H)

RA:
R(A,B,C) U S(D,E,F)

Datalog:
Q(x,y,z) - R(x,v,2)
Q(x,v,z) - S(x,v,2)
IDB EDB

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 262
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R(A,B,C)
S(D,E,F)
T(G,H)

RA to Datalog by examples: Intersection

RA:
R(A,B,C) 1 S(D,E,F)

Datalog:

?

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 263
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RA to Datalog by examples: Intersection ®o? [RABC)
2 S(D,E,F)

T(G,H)

RA:
R(A,B,C) (1 S(D,E,F)

Datalog:
Q(lelz) -~ R(lelz)l S(lelz)

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 264
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RA to Datalog by examples: Selection R(A.B,C)
S(D,E,F)

T(G,H)

RA:
O g=rplice' A c>10 (R)

Datalog:

?

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 265
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RA to Datalog by examples: .57 [R(A.B,C)
: S(D,E,F)

T(G,H)

RA:

B="Alice' A C>10 (R)

Datalog:
Q(x,y,z) :- R(x,y,z), y="Alice', z > 10
(also: Q(x,y,z) :- R(x,'Alice',z), z> 10 )

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 266
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RA to Datalog by examples: Selection R(A.B,C)
S(D,E,F)

T(G,H)

RA:
T g=plice' A c>10 (R)

Datalog:
Q(x,y,z) :- R(x,y,z), y="Alice', z > 10

RA:
0 g=plice' v c>10 (R)

?

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 267
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RA to Datalog by examples: .57 [R(A.B,C)
: S(D,E,F)
T(G,H)
RA:
B="Alice' A C>10 (R)
Datalog:
Q(x,y,z) :- R(x,y,z), y="Alice', z > 10
RA:

B="Alice' vV C>10 (R)

Datalog:
Q(x,y,z) :- R(x,y,z), y="Alice’
Q(x,y,z) :- R(x,y,2), z> 10

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 268
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RA to Datalog by examples: Projection R(A.B,C)
S(D,E,F)

T(G,H)

1A(R) 1 g,c(R)

Datalog:

?

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 269
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RA to Datalog by examples: Projection R(A.B,C)
S(D,E,F
T((G,H) )
RA:
1A(R) 1 g,c(R)
Datalog:

Underscore devotes an "anonymous variable”.
Each occurrence of an underscore represents a different variable

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 270
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RA to Datalog by examples: Equi-join

S ES
T(G,H)

RA:
T[—D,E( RP>ppagrt S

Datalog:

?

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 271
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RA to Datalog by examples: Equi-join

iy s o5
T(G,H)

%( R NEAE S)
Datalog:

Q(X,V,Z,W) - R(&/;/Z iSEXIVIW)

_—

: r
S A KS(\I e &(W \\’>/>\ic§> / (Z\
L — ) >
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RA to Datalog by examples: Difference R(A.B,C)
S(D,E,F)

T(G,H)

RA:
R-S
Datalog:

?

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 273
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R(A,B,C)
S(D,E,F)
T(G,H)

RA to Datalog by examples: Difference

RA:
R-S

Datalog™: (we need to add negation)
Q(lelz) -~ R(lelz)l Not S(lelz)

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 274
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Outline: T1-4: Datalog

— Naive and Semi-naive evaluation (incl. Incremental View
Maintenance)



Datalog Evaluation Algorithms

« Goal: preserve the efficiency of query optimizers, yet extend them
to recursion
« Two general strategies we will discuss:
Datalog evaluation

Datalog evaluation

« More powerful optimizations:

— 3. Magic sets (which we will not cover, or may reuvisit later under "Topic 3:
efficient query evaluation & factorized representations")

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 284
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1. Naive Datalog evaluation () = ABy)

(0) = @) t-=0
Repeat {
inc(t) immediate consequence operator "T," P& = T (pt-1)

O, y):= A(xy) U Ty (A(x,2) }PED(z,y))
until Pt = p(t1)}

« Problem: The same facts are discovered over and over again

e Goal: The algorithm tries to reduce the number of facts
discovered multiple times

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 285
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Example P(x,y) = Alx,y).

U—2—B)—4—E

p) P(2) P@G) p4)

? ? ? ?

BDIWIN| -
Ul |W([DN
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Example

U—2—@—4—5

/\s+

=[N | =
Ul |W(DN

AN
U1 | W(DN
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WIN|R[D W[N] -

U W U

(X,y) == AlX,y
(x,y) - Alx,2), (2,y).
1 2
St 2 3 St
1 3 4 1
4 5
1 3
2 4
3 5
1 4
2 5

1 2
2 3
3 4
4 5
1 3
2 4
3 5
1 4
2 5
1 5

qur
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Incremental View
Maintentance



Background: Incremental View Maintenace

Let Q be a "view" computed by a single Datalog rule without recursion,

thus a simple conjunctive query

SELECT ...

Q:-Ry, Ry, ... FROM R1
NATURAL JOIN R2
NATURAL JOIN R3 ...

Add tuples to some of the relations:
R, «— R{UAR{, Ry, «— Ry,UAR,, ...

Then the view Q will also increase in size:
Q<< QU

Compute without having to recompute Q from scratch

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 289
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Background: Incremental View Maintenace

Example 1:
Q(X,y) - R(X,Z), S(Z,y)

AQ(X,Y):- f?

If R «— RUAR,
then whatis AQ.?

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/

u—y N

DN

AQ 1)

AR
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Background: Incremental View Maintenace

Example 1:
Q(X,y) - R(X,Z), S(Z,y)

AQ(X,Y):- f?

If R «— RUAR,
then whatis AQ.?

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/

AQ

-
PO = | Do =

AR
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Background: Incremental View Maintenace

Example 1:
Q(X,y) - R(X,Z), S(Z,y)

If R «— RUAR,

Q S
then what is AQ. ? < 1 1 > 10 0
1 0

1

AQ(x,y):- AR(x,2), S(z,y)

(to be wore precise: we still need +o subtract Q: AQ

1
AQ=ARIS - Q, e.9. for AR = (11). More on that later) U
\

Relational Algebra:

0=GA

QUAQ = (RUAR) X S

?

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 292
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Background: Incremental View Maintenace

Example 1:
- If R «— RUAR, Q R S
Alxy) - R(x,2), S(z,y) then what is AQ. ? 11 10 01
AQ(xy):- AR(x,2), S(z,y) L2 AR[2 0f0 2
(to be wmore precise: we still need to subtract Q: AQ 1 ;

AQ=ARIS - Q, e.9. for AR = (11). More on that later)

Relational Algebra:

7 =Xy O=RXS
7+A7 = (x+/Ax)-y QUAQ = (RUAR) X S

? ?

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 293
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Backg

-ound: Incremental View Maintenace

Example 1:
. If R «— RUAR, Q
Q(X/y) - R(X)Z)I S(Z/y) then What |S AQ ? 1 1
AQ(x,y):- AR(x,2), S(z,y) 1 2
(+o be more precise: we still nveed o subtract Q: AQ 1 ;
AQ=ARIS - Q, e.9. for AR = (11). More on that later)
WMultiplication @ distributes .
sver Addition @ Relational Algebra:
z=xy{\ O=RXS
2407 = (x+AX)'y QUAQ = (RUAR) X S
2407 = () +((2Y) QUAQ = (RXS) U (AR XS)
7+M\7 = /@) QUAQ= Q U(ARXS)

Az AQ=ARXS
Wolfgang Gatterbauer-Priselples of sfalable data management: https://northeastern-datalab.github.io/cs7240/

AR|2 0

Cartesian Product
distributes
over union ©
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Background: Incremental View Maintenace

Example 2:
Q(X/y) - R(X,Z), S(Z,y)

?

7407 = (x+Ax)-(V+AY) X

?

If R «— RUAR, and S «— SUAS,
then whatis AQ.?

(as before, we iguore the subtraction of Q here)

SN

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 295
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Background: Incremental View Maintenace

Example 2:

If R «— RUAR, and S «— SUAS,
Q(x,y) - R(x,z), S(z,y) then what is AQ). ?

(as before, we iguore the subtraction of Q here)

_ Relational Algebra:
_ . =% _
Z= Xy N Q=RXS

2407 = (x+Ax)-(y+AY) X QUAQ = (RUAR) X (SUAS)
2+M7 = (x- y)+(Ax y)+(0cAy)+(Ax-Ay) QUAQ = (R X S)U(AR X S)U(R X AS)U(AR X AS)
2+tAz =z +{Ax-y)+(x-Ay)+(Ax-Ay) QUAO = O U(ARXS)U(R X AS)U(AR X AS)

Az = (Ax y)+0cAy)+(Ax-Ay) AQ = (AR X S)U(R X AS)U(AR X AS)

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 296
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Background: Incremental View Maintenace

Example 2:
If R «— RUAR, and S «— SUAS,
Q(X/y) - R(X)Z)I S(Z/y) then What |S AQ ?
AQ(x,y):- AR(x,z), S(z,y) (as before, we iguore the subtraction of Q here)

AQ(x,Y) - R(x,2), AS(z,y)
AQ(x,y):- AR(x,z), AS(z,y)

_ Relational Algebra:
_ . =% _
Z= Xy N Q=RXS

2407 = (x+Ax)-(y+AY) X QUAQ = (RUAR) X (SUAS)
2+M7 = (x- y)+(Ax y)+(0cAy)+(Ax-Ay) QUAQ = (R X S)U(AR X S)U(R X AS)U(AR X AS)
2+tAz =z +{Ax-y)+(x-Ay)+(Ax-Ay) QUAO = O U(ARXS)U(R X AS)U(AR X AS)

Az = (Ax y)+0cAy)+(Ax-Ay) AQ = (AR X S)U(R X AS)U(AR X AS)

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/ 297
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Background: Incremental View Maintenace

Example 3:
If R «— RUAR,
Q(X/y) - R(X)Z)I R(Z)y) then What |S AQ ?
(as before, we iguore the subtraction of Q here)
/|
X~ 4
z=x? S VRN
7+A7 = (x+Ax)? X

?

298
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Background: Incremental View Maintenace

Example 3:

If R «— RUAR,
Q(X/y) - R(X/Z)/ R(Z/y) then What iS AQ ?

(as before, we iguore the subtraction of Q here)

):¥ 7 Relational Alaebra:
Z = X2 k N O=RXR
7+A7 = (x+AX)2 X QUAQ = (RUAR) X (RUAR)
7+A7 = X2+ (Ax-X)+(x-Ax)+Ax?
7407 = 7 +2x/\x+ %2 ?

A7 = 2xAx+Ax2
299
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Background: Incremental View Maintenace

Example 3:
If R «— RUAR,
Q(x,y) :- Rix,z), R(z,y) then what is AQ. ?
(as before, we iguore the subtraction of Q here)
/| .
17 Relational Algebra:
/= X2 k é Q = R X R
7+A7 = (x+Ax)2 X QUAQ,. = (RUAR) X (RUAR)
7+A7 = 324 (Axx)+(x-Ax)+Ax2 QUAQ. = (R X R)U(AR X R)U(R X AR)U(AR X AR)
7+A7 = 7 +2xAx+Ax? QUAQ = O U(ARXR)U(R X AR)U(AR X AR)
Az = 2xAx+Ax? AQ =((AR X B)U(R X ARJU(AR X AR)

—
Wolfgang Gatterbauer. PrinWagement: https://northeastern-datalab.github.io/cs7240/ 300
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Background: Incremental View Maintenace

Example 3:
If R «— RUAR,
Q(X/y) - R(X)Z)I R(Z)y) then What |S AQ ?
AQ(x,y):- AR(x,z), R(z,y) (as before, we iguore the subtraction of Q here)

AQ(x,y) - R(x,z), AR(z,y)
AQ(x,y) - AR(x,z), AR(z,y)

):g 2 Relational Algebra:
Z=x? [ N O=RXR
7+A7 = (x+Ax)? X QUAQ = (RUAR) X (RUAR)
7+A7 = 324 (Axx)+(x-Ax)+Ax2 QUAQ. = (R X R)U(AR X R)U(R X AR)U(AR X AR)
7+A7 = 7 +2xAx+Ax? QUAO = O U(ARXR)U(RXAR)U(AR X AR)
Az = 2XAx+Ax? AQ =((AR X B)U(R X ARJU(AR X AR)

—
Wolfgang Gatterbauer. PrinWagement: https://northeastern-datalab.github.io/cs7240/ 301
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Back to Datalog
evaluation



2. Semi-Naive Datalog evaluation Path(xy) - Arc(x.y

Recall the naive evaluation:

Path(x,y) :- Arc(x,z), Path(z,y).

N

Path®:=0@, t:=0
Repeat {

inc(t)

Path®(x,y):= Arc(xy) U Il (Arc(x,z) xPathtD(zy))
until Path® = path(t1)]}

Semi-naive evaluation:

Path:= Arc(x,z); APath:= Arc(x,2)

Repeat {
APath(xy):= l,(Arc(x,z) WAPath(zy)) — Path(xy)
Path :=Path U APath

until APath = @}

Wolfgang Gatterbauer. Principles of scalable data management: https://northeastern-datalab.github.io/cs7240/
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Example P(x,y) = Al,y).

4g=======iiiiiiEEEEEEEiiiiiiiiiigt‘
< N APt v) - A(X,
D2 m s [

@1 2 pafi1 2 P11 2 |2€)
2 3 2 3 1ot 2 3 1ot
3 4 3 4 3 4
4 5 4 5 4 5
AP 72 4 Zm&l
3 5

N (=R WIN| =B WIN| -

Ul (U1 |WIUT S |WIIDND

S ol
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P4)

— <

1 2
2 3
3 4
4 5
1 3
2 4
3 5
1 4
2 5
1 5
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Datalog Summary

(extensional/base relations), (intentional/derived relations)
« Datalog program = set of rules; base relations are also rules

e Datalog can be
Datalog with negation still PTIME

— Non-stratified Datalog: stable model semantics, ASP, can model NPC
problems

has also been extended to express limited form of recursion

— Using a recursive "with" clause, also called CTE ( )
— Can only have a

For more details on recursion in SQL see https://www.postgresgl.org/docs/14/queries-with.htmI#QUERIES-WITH-RECURSIVE
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Outline: T1-4: Datalog

» Datalog
— Datalog rules
— Recursion
— Semantics
— Datalog™ Negation, stratification
— Datalog®
— Stable model semantics (Answer set programming)
— Datalog vs. RA

— Naive and Semi-naive evaluation (incl. Incremental View
Maintenance)




