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RDFoX: A SCALABLE RDF/DATALOG MAIN-MEMORY REASONER

http://www.cs.ox.ac.uk/isg/tools/RDFox/

RAM-based; currently centralised, but a distributed system is in the works

m Datalog reasoning via materialisation

m Arbitrary (recursive) datalog rules, not just OWL 2 RL
= Materialisation = precompute all facts in a preprocessing stage
m Very effective parallelisation on multi-core architectures

m Efficient reasoning with owl:sameAs via rewriting
= Known and widely-used technique, but correctness not trivial

m SPARQL query answering
= Most of SPARQL 1.0 and some of SPARQL 1.1
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RDFox Overview

EVALUATION (I): PARALLELISATION OVERHEAD AND SPEEDUP
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m Speedup of up to 13x with 16 physical cores

m Increases to 19x with 32 virtual cores
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EVALUATION (IT): ORACLE’S SPARC T5 (128/1024 CORES, 4 TB)

LUBM-50K Claros DBpedia
Threads sec speedup sec speedup sec speedup
import 6.8k — 168 — 952 —
1 27.0k 1.0x 10.0k 1.0x 31.2k 1.0x
16 1.7k 15.7x 906.0 11.0x 3.0k 10.4x
32 1.1k 24.0x 583.3 17.1x 1.8k 17.5x
48 920.7 29.3x 450.8 22.2x 2.0k 16.0x
64 721.2 37.4x 374.9 26.7x 1.2k 25.8x
80 523.6 51.5x 384.1 26.0x 1.2k 26.7x
96 442.4 60.9x 364.3 27.4x 825 37.8x
112 400.6 67.3x 3314 30.2x 1.3k 24.3x
128 387.4 69.6x 2257 44.3x 697.9 44.7x
256 — — 226.1 44.2x 684.0 45.7x
384 — — 189.1 52.9x 546.2 57.2x
512 — — 153.5 65.1x 431.8 72.3x
640 — — 140.5 71.2x 393.4 79.4x
768 — — 130.4 76.7x 366.2 85.3x
896 — — 127.0 78.8x 364.9 86.6x
1024 — — 124.9 80.1x 358.8 87.0x
size Bitrp Triples Bftrp Triples B/trp Triples
aftimp 1241 6.7G 80.5 18.8M 58.4 112.7M
aft mat 101.0 9.2G 36.9 539.2M 39.0 1.5G
import rate 1.0M 112k 120k
mat. rate 6.1M 4.2M 4.0M

Boris Motik Incremental Materialisation and its Relationship to Stream Reasoning  3/12



Three Algorithms for Materialisation Maintenance

TABLE OF CONTENTS

THREE ALGORITHMS FOR MATERIALISATION MAINTENANCE

Boris Motik Incremental Materialisation and its Relationship to Stream Reasoning  3/12



Three Algorithms for Materialisation Maintenance

WHY INCREMENTAL REASONING?

m Common application scenario: continuous small changes in input data
m Similar to stream reasoning!

m Materialisation can be expensive = starting from scratch is unacceptable!
m Incremental maintenance: minimise work needed to update materialisation

State of the art (from the 90s):
m the Counting algorithm

m Basic variant applicable only to nonrecursive programs!
m Extension to recursive programs rather complex

m the Delete/Rederive (DRed) algorithm
m Works for nonrecursive rules too
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Three Algorithms for Materialisation Maintenance

BASIC COUNTING (NONRECURSIVE VARIANT)

EXAMPLE
Co(x) < A(x) Co(x) + B(x) Ci(x) « Ci_1(x)for1 <i<n Co(x) + Cn(x)

Ala) | 1
B(a) | 1
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EXAMPLE
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Associate with each fact a counter initialised to zero

m Increment the counter after each derivation
Delete A(a):

m Decrease its counter
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- N OO

m Problem of this variant: delete B(a)
m Decrease its counter
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BASIC COUNTING (NONRECURSIVE VARIANT)

EXAMPLE

Co(x) < A(x) Co(x) + B(x) Ci(x) « Ci_1(x)for1 <i<n Co(x) + Cn(x)

m Associate with each fact a counter initialised to zero

m Increment the counter after each derivation
m Delete A(a):

m Decrease its counter
m The counter of A(a) reaches zero, so propagate deletion

m Problem of this variant: delete B(a)
1 m Decrease its counter
m The counter of B(a) reaches zero, so propagate deletion
m However, Cy(a) still has a cyclic derivation from Cp(a)
m = The algorithm does not delete Cy(a), ..., Cn(a)!
m Reference counting is not a general garbage collection method

—_ a0 0
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Three Algorithms for Materialisation Maintenance

COUNTING AND RECURSION

EXAMPLE
Co(x) + A(x) Co(x) + B(x) Ci(x) « Ci—1(x)for1 <i<n Co(x) + Cn(x)

A(a) 1
B(a) | 1
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Three Algorithms for Materialisation Maintenance

INEFFICIENCY OF RECURSIVE COUNTING
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EXAMPLE
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Three Algorithms for Materialisation Maintenance

INEFFICIENCY OF RECURSIVE COUNTING

EXAMPLE

Co(x) + A(x) Co(x) + B(x) Ci(x) « Ci—1(x)for1 <i<n Co(x) + Cn(x)

1 m Add Cy(a) explicitly
m We must update all counts to reflect the new state
although there is no change in the available facts!
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Three Algorithms for Materialisation Maintenance

THE DRED ALGORITHM AT A GLANCE

Delete/Rederive (DRed): state of the art incremental maintenance algorithm

EXAMPLE

Co(x) + A(x) Co(x) + B(x) Ci(x) « Ci_1(x)for1 <i<n Co(x) + Cn(x)

Aa)
B(a)
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THE DRED ALGORITHM AT A GLANCE

Delete/Rederive (DRed): state of the art incremental maintenance algorithm

EXAMPLE
Co(x) < A(x) Co(x) + B(x) Ci(x) « Ci_1(x)for1 <i<n Co(x) < Cn(x)

m Materialise initial facts
m Delete A(a) using DRed:
Delete all facts with a derivation from A(a)
Co(x)? + A(x)°
(x)P + B(x)P
Ci(x)P «+ Ci_y(x)Pfor1 <i<n
(x)
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THE DRED ALGORITHM AT A GLANCE

Delete/Rederive (DRed): state of the art incremental maintenance algorithm

EXAMPLE

Co(x) < A(x) Co(x) + B(x) Ci(x) « Ci_1(x)for1 <i<n Co(x) < Cn(x)

m Materialise initial facts
m Delete A(a) using DRed:
Delete all facts with a derivation from A(a)

Co(x )D + A(X)D

Co(x)P « B(x)P

Ci(x)P <—C, 1(x)Pfor1<i<n

Co(x)P « Cn(x)P

Rederive facts that have an alternative derivation
Co(x) + Co(x)P A A(X)
Co(x) + Co(x)P A B(x)
Ci(x) «— Ci(X)PACi_q(x)for1 <i<n
Co(x) + Co(x)P A Cn(x)
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Three Algorithms for Materialisation Maintenance

IMPROVEMENT: THE FORWARD/BACKWARD/FORWARD ALGORITHM

m Facts often have many derivations, so many facts get deleted in the first step

m The Forward/Backward/Forward algorithm looks for alternatives immediately

B. Motik, Y. Nenov, R. Piro, and I. Horrocks.:
= Incremental Update of Datalog Materialisation: the Backward/Forward Algorithm. AAAI 2015

m Combining Rewriting and Incremental Materialisation Maintenance for Datalog Programs with
Equality. IJCAI 2015

Boris Motik Incremental Materialisation and its Relationship to Stream Reasoning  9/12



Three Algorithms for Materialisation Maintenance

IMPROVEMENT: THE FORWARD/BACKWARD/FORWARD ALGORITHM

m Facts often have many derivations, so many facts get deleted in the first step

m The Forward/Backward/Forward algorithm looks for alternatives immediately

m Delete A(a) using FBF:

B. Motik, Y. Nenov, R. Piro, and I. Horrocks.:
m Incremental Update of Datalog Materialisation: the Backward/Forward Algorithm. AAAI 2015

m Combining Rewriting and Incremental Materialisation Maintenance for Datalog Programs with
Equality. IJCAI 2015

Boris Motik Incremental Materialisation and its Relationship to Stream Reasoning  9/12



Three Algorithms for Materialisation Maintenance

IMPROVEMENT: THE FORWARD/BACKWARD/FORWARD ALGORITHM

m Facts often have many derivations, so many facts get deleted in the first step

m The Forward/Backward/Forward algorithm looks for alternatives immediately

? m Delete A(a) using FBF:
Is A(a) derivable in any other way?

B. Motik, Y. Nenov, R. Piro, and I. Horrocks.:
m Incremental Update of Datalog Materialisation: the Backward/Forward Algorithm. AAAI 2015

m Combining Rewriting and Incremental Materialisation Maintenance for Datalog Programs with
Equality. IJCAI 2015

Boris Motik Incremental Materialisation and its Relationship to Stream Reasoning  9/12



Three Algorithms for Materialisation Maintenance

IMPROVEMENT: THE FORWARD/BACKWARD/FORWARD ALGORITHM

m Facts often have many derivations, so many facts get deleted in the first step

m The Forward/Backward/Forward algorithm looks for alternatives immediately

x m Delete A(a) using FBF:

Is A(a) derivable in any other way?
No = delete

B. Motik, Y. Nenov, R. Piro, and I. Horrocks.:
m Incremental Update of Datalog Materialisation: the Backward/Forward Algorithm. AAAI 2015

m Combining Rewriting and Incremental Materialisation Maintenance for Datalog Programs with
Equality. IJCAI 2015

Boris Motik Incremental Materialisation and its Relationship to Stream Reasoning  9/12



Three Algorithms for Materialisation Maintenance

IMPROVEMENT: THE FORWARD/BACKWARD/FORWARD ALGORITHM

m Facts often have many derivations, so many facts get deleted in the first step

m The Forward/Backward/Forward algorithm looks for alternatives immediately

x m Delete A(a) using FBF:
Is A(a) derivable in any other way?
) No = delete
' As in DRed, identify Cp(a) as derivable from A(a)

B. Motik, Y. Nenov, R. Piro, and I. Horrocks.:
m Incremental Update of Datalog Materialisation: the Backward/Forward Algorithm. AAAI 2015

m Combining Rewriting and Incremental Materialisation Maintenance for Datalog Programs with
Equality. IJCAI 2015

Boris Motik Incremental Materialisation and its Relationship to Stream Reasoning  9/12



Three Algorithms for Materialisation Maintenance

IMPROVEMENT: THE FORWARD/BACKWARD/FORWARD ALGORITHM

m Facts often have many derivations, so many facts get deleted in the first step

m The Forward/Backward/Forward algorithm looks for alternatives immediately

» m Delete A(a) using FBF:
? Is A(a) derivable in any other way?
) No = delete
' As in DRed, identify Cp(a) as derivable from A(a)
Apply the rules to Cy(a) ‘backwards’ = by Cy(x) + B(x), we get B(a)

B. Motik, Y. Nenov, R. Piro, and I. Horrocks.:
m Incremental Update of Datalog Materialisation: the Backward/Forward Algorithm. AAAI 2015

m Combining Rewriting and Incremental Materialisation Maintenance for Datalog Programs with
Equality. IJCAI 2015

Boris Motik Incremental Materialisation and its Relationship to Stream Reasoning  9/12



Three Algorithms for Materialisation Maintenance

IMPROVEMENT: THE FORWARD/BACKWARD/FORWARD ALGORITHM

m Facts often have many derivations, so many facts get deleted in the first step

m The Forward/Backward/Forward algorithm looks for alternatives immediately

» m Delete A(a) using FBF:

Is A(a) derivable in any other way?

No = delete

As in DRed, identify Cp(a) as derivable from A(a)

Apply the rules to Cy(a) ‘backwards’ = by Cy(x) + B(x), we get B(a)
B(a) is explicit so it is derivable

oo@Ema
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Three Algorithms for Materialisation Maintenance

IMPROVEMENT: THE FORWARD/BACKWARD/FORWARD ALGORITHM

m Facts often have many derivations, so many facts get deleted in the first step
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m Delete A(a) using FBF:

Is A(a) derivable in any other way?
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As in DRed, identify Cp(a) as derivable from A(a)

Apply the rules to Cy(a) ‘backwards’ = by Cy(x) + B(x), we get B(a)
B(a) is explicit so it is derivable

So Cy(a) is derivable too

Stop propagation and terminate

SapoEnE

B. Motik, Y. Nenov, R. Piro, and I. Horrocks.:
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Three Algorithms for Materialisat

EVALUATION (III): INCREMENTAL REASONING

Maintenance

| Rematerialise DRed B/F
Dataset [E~| |1\ I'| [ Time | Derivations | Time | | Derivations Time | | Derivations

| ) | Fwd () | |D| | DR2Z DR4 DRS | 5 | [C] | Sat  Del Prop

1007 113 | 1394 | 2125M 00 | 10k | L1k 08k 10k | 00 | 05k | 03k 0.2k

|B| =133.6M | 3 S.Gk: 55k | 1018 : 212.5M 02 : 55.5k : 672k 469k 598k | 02 : 23.0k : 13.7k 7.4k
[I]=1824M | T | 25M | 27M | 1385 | 208.8M 394 103M | 152M  66M  115M | 328 | 100M 56M  3IM
M, =1215s |@| 50M | 55M | 918 | 205.0M 548 | 17.8M | 263M 105M 189M | 623 | 188M | 1M 7.5M
My=2125M | 3| 7M1 83M | 892 1 2013M 715 1243M 1 35.5M  13.6M  243M | 854 | 267M | 140M  112M
10.0M] 1LOM | 995 | 1975M 1279 ' 300M ! 43.0M  159M  28.M | 1022 ! 341M ! 174M  15.0M

S| 1007 160 [34820 366G 87976 | 18G | 26G 532M  26G | 54 | 08k | 1.3k 0.5k

[B| =2548M | 3| 50k| 852k | 34178, 366G 95393 | 1.8G | 26G 532M  26G | 282 | 1059k | 421k 1041k
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Using Incremental Maintenance for Stream Reasoning

APPLICATION: CONTEXT-AWARE MOBILE SERVICES (SAMSUNG)

m Use sensors (WiFi, GPS, .. .) to identify the context
m E.g., ‘at home’, ‘in a shop’, ‘with a friend’ ...

m Adapt behaviour depending on the context
m ‘If with a friend who has birthday, remind to congratulate’

m Declaratively describe contexts and adaptations

m Use a bunch of rules
m E.g., ‘If can see home WiFi, then context is “at home™

m Interpret rules in real-time via incremental reasoning
= We used DRed

m User detect events by registering continuous queries

m The streaming aspect was lightweight:
m The database always reflects the ‘current’ state of the world
m Continuous queries just monitor this ‘current’ state
= Queries cannot refer to states at different time points

Boris Motik Incremental Materialisation and its Relationship to Stream Reasoning 11/12



QUERYING/REASONING ACROSS TIME-POINTS

QUERYING A STREAM OF EVENTS

m The database is an ever-filling set of events with time-points

m E.g., ‘Quote for AAPL at 9am is $121’

m Queries must explicitly refer to events

m E.g., ‘The price of AAPL at 9.05am?’ makes no sense = no global world-view

m = ‘The quote for AAPL at time t with ¢ < 9.05am and no quote from t to 9.05am’

QUERYING AN EVOLVING WORLD VIEW
m There is a complete database state (‘world view’) for each time-point ¢

m We can have inertia rules
m E.g., ‘The price a stock at any point ¢ is the price of the most recent quote’

Now ‘The price of AAPL at 9.05am?’ is correct as we have a notion of ‘Price at time t

= Windowing could be viewed as an implementation detail
m Prevents memory from filling, but does not play part in the definition of a model

m Can we use incremental materialisation algorithms for stream reasoning?
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