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» Goal: Build least squares regression models over training
datasets defined by arbitrary join queries over databases.
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Factorized Join Example F: Flavors and Competitors

» Natural join of relations House, Shop, TaxBand. » F/FDB: Cofactors computed in one pass over the materialized factorized join.

» Redundancy in flat join: z; occurs in 24 tuples, hy to hs occur in eight tuples each and are paired » F: Factorized join and cofactor computation intermixed.

with the same combination of values for P, T and S.

» F/SQL: SQL-encoding of F, intertwining joins and cofactors in one query.
Competitors: R (QR decomp.), Python StatsModels (ols), MADIib (ols, gim).

» Observation: Joins entail a high degree of redundancy in
both computation and data representation, which is not
required for an end-to-end solution to learning over joins.

» Avoid to explicitly materialise the local products.

Shops  House Shops X House X TaxBand L - : P———
» Solution: F uses gradient descent to learn the model > 4 zsp ZHSP T . / \Z xperiments on Synthetic Data
. . . 1 2
parameters in one pass over a factorized database view. 2z hy  zis p; 2 M Stps t \ \ o _ .
21 hy 54 p t » (left) Factorized join: Compression ratio and speedup.
Z1 h2 Z1 S1 p2 1 1 1 1 2 X X . .
21 hs  z18ps l: 51 P 3 VNG / N\ » (right) Learning: Speedup.
: : S t
Recap on Linear Regression 2 hs  z2s2ps 7 o P2 . /U\ /U g - S o P T 05 o
21 St P2 2 = Size (Flat) - - . 0 S Mialm) i m
TaxBand Z1 hy s1 po [3 hy ha hy S 2 S2. g @ 10° FJoin time (Flat) - x- -..-...— 10> 8 o 4 (gim)
The model: axban L h ; | | | g Size (Fact.) —— . , & o
n S T 1 h1 t4 Shops X X X ~ 107 poin time (Fact.) —+— X:5< 107 2 )
_ _ Y __ Z1 ' 5 C L e XX »
ho(x) = O+ B1x1 + ... 0, = ;)G,X,, where xp = 1 s v U/ \U U E U U § 10 xxx*”x%%“ - §
1= si b D 402 e 102 9 \J
s : : the above for h, and hj /\ VRN N | c 107 |- x}éz SRRRE 107 @
Least Squares Objective Function gives a measure of the ss & DI Pt bl P3 b b Pa o ot LXK L ol %
error between the actual value y(’) and the model hg(x(’)): So I h t ~ it E o
22 4 SZ p4 4 T B d H é 100 = - e 100 + cC
10 (i) (1)y2 215 Zo hy S P4 5 axean OUSe o P S =
== — I — / N 10~ I I I I I I I | 107+ ™ ©
J(0) gg(he(x ) =YV ? 2 4 6 8 10 12 14 16 4 2 4 6 8 10 12 14 16

(a) The three relations of database D and natural join Q(D). (b) F-tree F. (c) Factorization F(D) of Q(D) over F.
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Experiments on Real Data

To minimise the error, we calculate the gradient and update
the parameters iteratively as follows:
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F Computes the Cofactors of Model Parameters in One Pass over the Factorized Join

Reformulate the sum-aggregates defining cofactors to save computation. This rewriting is already
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Learning Linear Regression Models over Factorized Joins (SIGMOD’16); F: Regression Models over Factorized Views (PVLDB’16); Factorized Databases (SIGMOD Record’16)

WWW: http://www.cs.ox.ac.uk/projects/FDB/
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