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ABSTRACT

In-database analytics is of great practical importance as it
avoids the costly repeated loop data scientists have to deal
with on a daily basis: select features, export the data, con-
vert data format, train models using an external tool, reim-
port the parameters. It is also a fertile ground of theoreti-
cally fundamental and challenging problems at the intersec-
tion of relational and statistical data models.

This paper introduces a unified framework for training and
evaluating a class of statistical learning models inside a rela-
tional database. This class includes ridge linear regression,
polynomial regression, factorization machines, and principal
component analysis. We show that, by synergizing key tools
from relational database theory such as schema information,
query structure, recent advances in query evaluation algo-
rithms, and from linear algebra such as various tensor and
matrix operations, one can formulate in-database learning
problems and design efficient algorithms to solve them.

The algorithms and models proposed in the paper have
already been implemented inside the LogicBlox database en-
gine and used in retail-planning and forecasting applications,
with significant performance benefits over out-of-database
solutions that require the costly data-export loop.

1. INTRODUCTION

Although both disciplines of databases and statis-
tics occupy foundational roles for the emerging field
of data science, they are largely seen as complemen-
tary. Most fundamental contributions made by statis-
ticians and machine learning researchers are abstracted
away from the underlying infrastructure for data man-
agement. However, there is undoubtedly clear value in
tight integration of statistics and database models and
techniques. A prime example of such a tight integration
is provided by in-database analytics, which is receiv-
ing an increasing interest in both academia and indus-
try [2,32,43]. This is motivated by the realization that
in many practical cases data resides inside databases
and bringing the analytics closer to the data saves non-
trivial time usually spent on data import/export at the
interface between database systems and statistical pack-
ages [28]. A complementary realization is that large
chunks of statistical machine learning code can be ex-
pressed as relational queries and computed inside the
database [17,19,33,47]. In-database analytics problems
naturally lend themselves to a systematic investigation

using the toolbox of concepts and techniques developed
by the database theorist, and by synergizing ideas from
both relational and statistical data modeling. To solve
optimization problems over relational data, one can ex-
ploit database schema information, functional depen-
dencies, state-of-the-art query evaluation algorithms,
and well-understood complexity analysis.

Our conceptual contribution in this paper is the in-
troduction of a unified in-database framework for train-
ing and evaluating a class of statistical learning models.
This class, commonly used in LogicBlox retail-planning
and forecasting applications [9], includes ridge linear re-
gression, polynomial regression, factorization machines,
classification, and principal component analysis.

In such applications, the training dataset is the result
of a feature extraction query over the database. Typical
databases include weekly sales data, promotions, and
product descriptions. A retailer would like to compute
a parameterized model, which can predict, for instance,
the additional demand generated for a given product
due to promotion. As is prevalent in practical machine
learning, the models are trained using a first-order op-
timization algorithm such as batch or stochastic gra-
dient descent, in part because their convergence rates
are dimension-free (for well-behaved objectives). This
is a crucial property given the high-dimensionality of
our problem as elaborated next.

The main computational challenge posed by in-data-
base analytics is the large number of records and of fea-
tures in the training dataset. There are two types of fea-
tures: continuous (quantitative) such as price and rev-
enue; and categorical (qualitative) such as colors, cities,
and countries." While continuous features allow for ag-
gregation over their domains, categorical features can-
not be aggregated together. To accommodate the latter,
the state-of-the-art approach is to one-hot encode their
active domain: each value in the active domain of an at-
tribute is encoded by an indicator vector whose dimen-
sion is the size of the domain. For instance, the colors
in the domain {red, green, blue} can be represented by
indicator vectors [1,0,0] for red, [0,1,0] for green, and
[0,0, 1] for blue. The one-hot encoding amounts to a re-
lational representation of the training dataset with one
new attribute per distinct category of each categorical
feature and with wide tuples whose values are mostly 0.

Most of the features in our clients’ datasets are categorical.



This entails huge redundancy due to the presence of the
many 0 values. It also blurs the usual database-theory
distinction between schema and data, since the schema
can be as large as the input database.

Closely related to the computational challenge is a
cultural challenge: the feasibility of in-database analyt-
ics is often called into question. In terms of pure al-
gorithmic performance, why would an in-database op-
timization algorithm be more efficient than an out-of-
database optimization implementation, given the pletho-
ra of tools and techniques widely available?

Our short answer to these challenges is that, for a
large class of feature extraction queries, it is possible
to train a model in time sub-linear in the output size
of the feature extraction query! More concretely, our
approach entails three database-centric technical contri-
butions. First, we exploit join dependencies in the train-
ing dataset to asymptotically improve the per-iteration
computation time of a gradient descent algorithm. Sec-
ond, we exploit functional dependencies present in the
database to reduce the dimensionality of the underlying
optimization problem by only optimizing for those pa-
rameters that functionally determine the others and by
subsequently recovering the latter based on their depen-
dencies on the former. Third, we address the shortcom-
ings of one-hot encoding by expressing the sum-product
aggregates used to compute the gradient and point eval-
uation as functional aggregate queries (FAQs) [6]. The
aggregates over continuous features are expressed as
FAQs without free variables and their computation yields
scalar values. In contrast, aggregates over categorical
features originating from a set S of database attributes
are expressed as FAQs with free (i.e., group-by) vari-
ables S. The tuples in the result of such FAQs are
combinations of categorical values that occur in the
database. The ensemble of FAQs defining the gradi-
ent form a sparse tensor representation and computa-
tion solution with lower space and time complexity than
solutions based on one-hot encoding. In particular, the
complexity of our end-to-end solution can be arbitrar-
ily smaller than that of materializing the result of the
feature extraction query.

Organization. The structure of the paper follows
our contributions. Section 2 introduces our unified frame-
work for in-database analytics. Section 3 introduces
our sparse tensor representation and computation ap-
proach. Section 4 shows how to exploit functional de-
pendencies to reduce the dimensionality for factoriza-
tion machines and polynomial regression models.

Proofs of all theorems are in Appendix and the ex-
tended Technical Report of this paper [37]. The results
presented in this paper form the foundation of an in-
database analytics prototype extending the LogicBlox
runtime engine. In experiments with real data, they
show up to three orders of magnitude performance im-
provements over state-of-the-art competitors for poly-
nomial regression models and factorization machines [37].

Related work. It has been recently acknowledged
that database theory can effectively contribute to the

arms race for in-database analytics [2]. Recent works
highlight the potential of applying key database theory
tools to this growing research of practical interest, e.g.,
the formal relational framework for classifier engineer-
ing [31] and in-database factorized learning of regression
models with low data complexity [47].

Most related efforts in the (database and distributed)
systems communities are on designing systems to sup-
port machine learning libraries or statistical packages
on top of large-scale database architectures, e.g., ML-
Lib [35] and DeepDist [36] on Spark [49], GLADE [44],
TensorFlow [1], and SystemML [13,29]. This approach
relies on the expensive data export/import at the inter-
face between the machine learning library process and
the database system process: The feature extraction
query is computed inside a database system, its result
exported and imported into the data format of a ma-
chine learning library, where the model is learned. This
approach is very expensive and unnecessarily redundant
due to the import/export step. Our approach differs
from all these efforts in that it tightly integrates the
analytics with the database query engine.

There are three lines of prior work closest to ours.

One line of work investigates the ability to express
parts of analytical tasks within query languages. An
important bulk of early work is on query languages with
data mining, also called descriptive or backward-looking
analytics, capabilities [15] and in-database data mining
solutions, e.g., frequent itemsets [41] and association
rule mining [8]. More recent work investigated how to
(partly) express predictive (forward-looking) analytics,
such as learning regression models and Naive Bayes clas-
sification, together with the feature extraction query as
a single optimized query with joins and sum-product
aggregates [33,47]. MADIib [28] casts analytics as user-
defined aggregate functions (UDAFSs) that can be used
in SQL queries and executed inside PostgreSQL. These
UDAFs remain black boxes for the underlying query
engine, which has to compute the feature extraction
query and delegate the UDAF computation on top of
the query result to the MADLib’s specialized code.

A second line of work exploits join dependencies for
efficient in-database analytics. Join dependencies form
the basis of the theory of (generalized) hypertree de-
compositions [23] and factorized databases [40], with
applications such as inference in probabilistic graphi-
cal models, CSP, SAT, and databases. In databases,
they have been originally used as a tractability yardstick
for Boolean conjunctive queries [23] and more recently
for the computation and result representation of queries
with free variables [40], with group-by aggregates [6,11],
and with order-by clauses [11]. Our approach builds on
earlier work that exploits join dependencies for learning
linear regression models with continuous features [47].
Factorization machines [46] represent one practical re-
gression model used for LogicBlox analytics and that
we investigate in this paper. In contrast to polyno-
mial regression models, factorization machines factorize
the space of model parameters to better capture data
correlations. We further this idea by also factorizing



the training dataset, which relies on join dependencies
present in the data.

A third line of prior work uses functional dependen-
cies (FDs) to avoid key-foreign key joins and reduce the
number of features in Naive Bayes classification and fea-
ture selection [34]. We consider the effect of FDs on the
reparameterization of regression models, where a non-
trivial development is on the effect of FDs on the model
(non-linear) regularization function.

Several state-of-the-art machine learning systems use
a sparse representation of the input data to avoid re-
dundancy introduced by one-hot encoding [18,45]. In
our setting, however, such systems require an additional
data transformation step after the result of the feature
extraction query is exported. This additional step is
time consuming and makes the use of such systems very
inefficient in many practical applications. In statistics
and machine learning, there is a rich literature on learn-
ing with sparse and/or multilinear structures [27]. Such
methods complement our framework and it would be
of interest to leverage some of these techniques to our
schema-driven sparsity.

Finally, there is a large collection of gradient-based
methods proposed in the optimization literature. The
description of our approach assumes batch gradient de-
scent (BGD), though our insights are applicable to other
methods, including Quasi-Newton algorithms. The main
rationale for our choice is simplicity and good statisti-
cal properties. When combined with backtracking line
search (as we do in this paper) or second-order gra-
dient estimation (as in Quasi-Newton methods), BGD
is guaranteed to converge to a minimum with linear
asymptotic convergence rate. A naive computation of
the gradient requires a full pass over the data, which
can be inefficient in large-scale analytics. A popular al-
ternative is stochastic gradient descent (SGD), which
estimates the gradient with a randomly selected mini-
batch of training samples. The convergence of SGD,
however, is noisy, requires careful setting of hyperpa-
rameters, and does not achieve the linear asymptotic
convergence rate of BGD [14]. In our setting, the entire
BGD execution can be arbitrarily faster than one SGD
iteration over the result of the feature extraction query.

2. PROBLEM FORMULATION

The goal of this section is to present a general opti-
mization formulation encompassing a range of machine
learning tasks, and then to lay out a versatile mathe-
matical representation suitable for the in-database treat-
ment of these tasks.

Notational Convention. Bold face letters, e.g., x,
0, x;, 6, denote vectors or matrices, and normal face

letters, e.g., z;, 0;, 91@, denote scalars. For any posi-

tive integer n, [n] denotes the set {1,...,n}. For any

set S and positive integer k, (‘z) denotes the collection

of all k-subsets of S. We use the following matrix op-
erations: ® denotes the Kronecker/tensor product; o
the Hadamard product; x the Khatri-Rao product; and
(+,+) denotes the Frobenius inner product of two matri-

ces, which reduces to the vector inner product when the
matrices have one column each.

Let S be a finite set and Dom be any domain, then
ag = (aj)jes € Dom®l is a tuple indexed by S, whose
components are in Dom. If S and T are disjoint, and
given tuples ag and ar, then tuple (ag,ar) is inter-
preted naturally as the tuple agyr. The tuple Og is
the all-0 tuple indexed by S. If S C G, then the tuple
1g|¢ is the characteristic vector of the subset S, i.e.,
lgig(v) =1ifve S, and 0ifve G- S.

We make extensive use of basic concepts and results

from matrix calculus summarized in Appendix A, where
we also discuss a connection between tensor computa-
tion and the FAQ-framework [6].
Feature Extraction Query. We consider the setting
where the training dataset D used as input to machine
learning is the result of a natural join query @, called
feature extraction query, over a relational database I.
Each tuple (x,y) € D contains a scalar response (regres-
sand) y and a tuple x encoding features (regressors).

We use standard notation for join hypergraphs. Let
H = (V,&) denote the hypergraph of the query Q,
where V is the set of variables occurring in @ and &€
is the set of hyperedges with one hyperedge per set of
variables in a relation symbol R in the body of Q. We
denote by V' C V the subset of variables selected as fea-
tures, and let n = |V|. The features in V corresponding
to qualitative attributes in I are called categorical, while
those corresponding to quantitative attributes in I are
continuous. Let N be the size of the largest input rela-
tion R in Q.

Example 1. Consider the following natural join query
@ that is a highly simplified version of a feature extrac-
tion query typically used at LogicBlox:

Q(sku, store, day, color, quarter, city, country, unitsSold)
< Rj(sku, store, day, unitsSold), Ry (sku, color),
R3(day, quarter), Ry (store, city), Rs(city, country).

Relation R; records the number of units of a given sku
(stock keeping unit) sold at a store on a particular
day. The retailer is a global business, so it has stores in
different cities and countries. One objective is to predict
the number of blue units to be sold next year in the
Fall quarter in Berlin. The response is the continuous
variable unitsSold, V is the set of all variables, and V =
V — {unitsSold,day}, all of which are categorical.

2.1 Formulation with continuous features

Let m > n be an integer. The feature map h : R™ —
R™ transforms the raw input vector x € R” into an
m-vector of “monomial features” h(x) = (h;(x));elm]-
Each component h; is a multivariate monomial designed
to capture the interactions among dimensions of input
x. In particular, we write h;(x) := ;¢ :c?j(z), where
degree a; (1) represents the level of participation of input
dimension ¢ in the j-th monomial feature. Let p be the
number of parameters 8 = (61,...,0,) € RP, which
produce the coefficients associated with features h via



parameter map g : R? — R™, g(8) = (g;(0));cm-
Each component g; is a multivariate polynomial of 6.
A large number of machine learning tasks learn a
functional quantity of the form (g(8), h(x)), where the
parameters @ are obtained by solving ming J(0) with

= > Ly (x)),y) +Q(0). (1)
(x,y)€D

L is a loss function (e.g., square loss) and Q) is a reg-
ularizer (such as ¢1- or ¢3-norm of ). For square loss
and f-regularization, J(@) becomes:
1
J@=ﬁﬂ§:@@ﬂﬂ—ﬁ

(x,y)€D

A
+ 21603

Example 2. The ridge linear regression (LR) model
with response y and regressors x1,...,x, has p =n+1,
parameters 8 = (6y,...,0,). For convenience, we set
zo = 1 corresponding to the bias parameter 6y. Then,
m=n+1,g(0) =80, and h(x) =

Example 3. The degree-d polynomial regression (PRd)
model with response y and regressors rg = 1,21,...,2%,
has p=m = 1+n+n?+---4+n? parameters 6 = (,),
where a = (a1,...,a,) is a tuple of non-negative inte-
gers such that ||al|; < d. In this case, g(0) = 6, while
the components of h are given by ha(x) =[]/, 2.
Example 4. The degree-2 rank-r factorization machines
(FaMa?) model with regressors 2o = 1,x1,...,a, and
regressand y has parameters @ consisting of 6; for i €
{0,...,n} and 91@ for i € [n] and | € [r]. Training
FaMa? corresponds to minimizing the following J(8):

2

1 < 2) 5(e A 2
S DI D SURED SR L ] Py
(x,y)eD | i=0 {i,j}e([g])
Le(r]

This loss function follows Equation (2) with p =1+
n+m,m=1+n+ (Z)7 and the parameter maps

hs(x) =[] for S Cnl,|S| <2

€S
0o when |S| =0
gs(0) = 0; when S = {i}

S, 006

Example 5. Classification methods such as support
vector machines (SVM), logistic regression and Adaboost
also fall under the same optimization framework, but
with different choices of loss £ and regularizer 2. Typ-
ically, 2(8) = 5(/0||3. Restricting to binary class la-
bels y € {£1}, the loss function L(v,y), where v :=
(9(0), h(x)), takes the form L(v,y) = max{1l — yv,0}
for SVM, L(~,y) = log(1 + e~¥7) for logistic regression
and L(v,y) = e Y7 for Adaboost.

when S = {i,j}.

Example 6. Various unsupervised learning techniques
can be expressed as iterative optimization procedures

according to which each iteration is reduced to an opti-
mization problem of the generic form given above. For
example, the Principal Component Analysis (PCA) re-
quires solving the following optimization problem to ob-
tain a principal component direction

max 0' 260 = maxmmHTZB—i—/\(||0||2 1),
l6ll=1 9eRP A

where 3 := I—él > xepXx' is the (empirical) correla-
tion matrix of the given data. Although there is no re-
sponse/class label y, within each iteration of the above
iteration, for a fixed A, there is a loss function £ act-
ing on feature vector h(x) and parameter vector g(8),
along with a regularizer . Specifically, we have h(x) =
S € RV, g(8) — 0@ 6 € RVP, L = (g(6), h(x)) r,
where the Frobenius inner product is now employed. In
addition, Q(0) = A(||0]* — 1).

2.2 Categorical features

The active domain of a categorical feature/variable
consists of a set of possible values or categories. For ex-
ample, vietnam, england, and usa are possible categories
of the categorical feature country. Categorical features
constitute the vast majority (up to 99%) of features we
see in LogicBlox’s machine learning applications.

It is common practice to one-hot encode categorical
variables [26]. Whereas a continuous variable such as
salary is mapped to a scalar value Zsary, a categorical
variable such as country is mapped to an indicator vec-
tor Xcountry — @ Vvector of binary values indicating the
category that the variable takes on. For example, if the
active domain of country consists of vietnam, england,
and usa, then Xcountry = [xvietnamaxenglandaxusa] € {07 1}3~
If a tuple in the training dataset has country = “england”,
then Xcountry = [0,1,0] for that tuple.

In general, the feature vector x in a tuple (x,y) € D
has the form x = (x.)ccv, where each component x.
is an indicator vector if ¢ is a categorical variable and
a scalar otherwise. Similarly, each component of the
parameter vector 8 becomes a matrix (or a vector if the
matrix has one column).

2.3 Tensor product representation

We accommodate a mix of continuous and categorical
features in our problem formulation (2) by replacing
arithmetic product by tensor product in the component
functions of the parameter map g and the feature map
h. Specifically, monomials h; now take the form

® X®aj(f) (3)

fev

with degree vector a; = (a;(f))rev € N™. For each
J € [m], the set V; := {f € V | a;(f) > 0} consists of
features that participate in the interaction captured by
the (hyper-) monomial h;. Let C C V denote the set
of categorical variables and C; := C' NV} the subset of
categorical variables in V;. For f € Cj, h; represents
;e c |7¢(D)| many monomials, one for each combina-

tion of the categories, where 7;(D) denotes the projec-
tion of D onto variable f. Due to one-hot encoding,



each element in the vector x; for a categorical variable

f is either 0 or 1, and x4 — x; for a; f) > 0. Hence,
f f J

h; can be simplified as follows:

hix) = ] «¢7 Q s (4)

fev;—=C; fel;

Note that we use x; instead of boldface xs since each
variable f € V; — C}; is continuous.

Example 7. For illustration, consider a query that ex-
tracts tuples over schema (country, a, b, ¢, color) from the
database, where country and color are categorical vari-
ables, while a, b, ¢ are continuous variables. Moreover,
there are two countries vietnam and england, and three
colors red, green, and blue in the training dataset D.
Consider three of the possible feature functions:

hy (X) = Xcountry &® mzxc (5)
ha (X) = Xcountry & Xeolor @ Tp (6)
ha(x) = zpzc. (7)

Under the one-hot encoding, the schema of the tuples
becomes (vietnam, england, a, b, ¢, red, green, blue).

Equation (4) says that the functions h; and ho are
actually encoding 8 functions:

2
hl,vietnam(x) = ZvietnamTyLc
2
hl,england(x) = Tengland®4Tc
h2,vietnam,red(x) = ZvietnamTredLh
h2,vietnam, reen(X) = ZvietnamTgreenTh
g g
h2,vietnam,b|ue(x) = ZvietnamTblueTh
hQ,england,red(X) = TenglandTredTh
h2 england, reen(x) =  TenglandLgreenTh
;eng g g g

hQ,engIand,que(X) LenglandTblueLbh-

We elaborate the tensor product representation for
the considered learning models.

Example 8. In linear regression, parameter 6 is a vec-
tor of vectors: 8 = [6y, ..., 0,]. Since our inner product
is Frobenius, when computing (@, x) we should be mul-
tiplying, for example, 6,s, with x,s, correspondingly.

Example 9. In polynomial regression, the parameter 6
is a vector of tensors (i.e., high-dimensional matrices).
Consider for instance the second order term 6;;x;x;.
When both 7 and j are continuous, 6;; is just a scalar.
Now, suppose ¢ is country and j is color. Then, the
model has terms evietnam,red ZLvietnamLred eusa,green ZusaLgreen
and so on. All these terms are captured by the Frobe-
nius inner product (6;;,x; ® x;). The component 6;;
is a matrix whose number of entries is the number of
pairs (country, color) that appear together in some tu-
ple in the training dataset. This number can be much
less than the product of the numbers of countries and
of colors in the input database.

Example 10. Consider the FaMa? model from Exam-
ple (4), but now with categorical variables. From the
previous examples, we already know how to interpret

the linear part Z?:o 0;x; of the model when features
are categorical. Consider a term in the quadratic part

such as Zée[r] 0§€)0§e)xixj. When ¢ and j are categori-

cal, the term becomes <Zf€[r] 91(5) ® Bg_e), X; ® xj> .

3. FACTORIZED OPTIMIZATION

In this section we introduce our solution to learning
statistical models for the setting of square loss function
J(0) and ¢3-norm as in (2). We use a gradient-based
optimization algorithm that employs the first-order gra-
dient information to optimize the loss function J(8). It
repeatedly updates the parameters 8 by some step size
« in the direction of the gradient V.J(0) until conver-
gence. To guarantee convergence, it uses backtrack-
ing line search to ensure that « is sufficiently small to
decrease the loss for each step. Each update step re-
quires two computations: (1) Point evaluation: Given
6, compute the scalar J(0); and (2) Gradient computa-
tion: Given 6, compute the vector VJ(0). In particu-
lar, we use the batch gradient descent (BGD) algorithm
with the Armijo line search condition and the Barzilai-
Borwein step size adjustment [12,20], as depicted in Al-
gorithm 1. Quasi-Newton optimization algorithms (e.g.,
L-BFGS) and other common line search conditions are
also applicable in our framework. We refer the reader
to the excellent review article [22] for more details on
fast implementations of the gradient-descent method.

Algorithm 1: BGD with Armijo line search.

0 < a random point;
while not converged yet do
o < next step size;

d <« VJ(o);

while (J(e —ad) > J(6) - ¢ ||d||§) do
| /2

end

0« 06— ad;

end

// line search;

3.1 Continuous features

To illustrate the main idea, we first consider the case
without categorical features. We rewrite (2) to factor
out the data-dependent part of the point evaluation and
gradient computation. Recall that, for j € [m], h; de-
notes the jth component function of the vector-valued
function h, and h; is a multivariate monomial in x.

Theorem 3.1. Let J(0) be the function in (2). Define
the matriz 3 = (0i5)i jeim], the vector ¢ = (¢i)icimy,
and the scalar sy by

= i X X T
®= 5 ()%Dh( () ®)
1

¢= 1D > y-hx) 9)

(x,y)€D



5y:ﬁ Z v (10)

(x,y)€D
Then,
1 T Sy A 2
J(0) = 59(0) Eg(6) — (9(0),c) + 5 + 5 ll6]" (11)
9g(0)T dg(0)T
vJ(0) = gée) 4(8) gée) c+ 0. (12)
dg9(0) "

Note that =%gz— is a p X m matrix, and ¥ is an
m X m matrix. Statistically, ¥ is related to the covari-
ance matrix, c¢ to the correlation between the response
and the regressors, and sy to the empirical second mo-
ment of the response variable. Theorem 3.1 allows us
to compute the two key steps of BGD without scan-
ning through the data again, because the quantities
(X, ¢, sy) can be computed efficiently in a preprocessing
step inside the database as aggregates over the query Q.
We shall elaborate on this point further in Section 3.3.

When g is the identity function, i.e., the model is
linear, as is the case in PR (and thus LR) model, (11)
and (12) become particularly simple:

Corollary 3.2. In a linear model (i.e., g(6) =0),

1 A
J(0) = 50"20— (0.0)+ T+ JII0]F  (13)

2
VJ(6) =60 + 70 — c. (14)
Letd =V J(0). Then,
VJO —ad)=(1—-a)d—aXd. (15)

The Armijo condition J(0 —ad) > J(8) — 5 ||d||§ be-

comes:

2
aGTEd—%dTEd—a@,dH—)\a (6,d) < %(Aa—i—l) [ETE

(16)

The significance of (16) is as follows. In a typical
iteration of BGD, we have to backtrack a few times (say
t times) for each value of a. If we were to recompute
J(0 — ad) using (13) each time, then the runtime of
Armijo backtracking search is O(tm?), even after we
have already computed d and J(€). Now, using (16),
we can compute in advance the following quantities (in
this order): d, ||0||§, 2d, (c,d), (6,d), d"=d, ' =d.
Then, each check for inequality (16) can be done in
O(1)-time, for a total of O(m?+t)-times. Once we have
determined the step size «, (15) allows us to compute
the next gradient (i.e., the next d) in O(m), because we
have already computed Xd for line search.

To implement BGD, we need to compute four quan-
tities efficiently: the covariance matrix X in (8), the
correlation vector ¢ in (9), point evaluation in (11), and
the gradient in (12). The covariance matrix and the
correlation vector only have to be computed once in a
pre-processing step. The gradient is computed at every
iteration, which includes several point evaluations as we

perform line search.? We do not need to compute the
second moment sy because optimizing J(0) is the same
as optimizing J(0) — sy. Before describing how those
four quantities can be computed efficiently, we discuss
how we deal with categorical features.

3.2 Categorical features via sparse tensors

The more interesting, more common, and also consid-
erably challenging situation is in the presence of cate-
gorical features. We next explain how we accommodate
categorical features in the precomputation of 3 and c.

Example 11. In Example 7, the matrix 3 is of size
8 x 8 instead of 3 x 3 after one-hot encoding. However,
many of those entries are 0, for instance (V(x,y) € D):

hl,vietnam(x)hl,england (X) =0
hl,england (X)h&vietnam,blue(x) =0

2 vietnam,blue (X) P2 england,blue (X) = 0
ha vietnam,blue (X) P2 vietnam,red (X) = 0.

The reason is that the indicator variables Zpjue and Tengland
act like selection clauses Zcolor = blue and Tcountry =
england. Thus, we can rewrite an entry o;; as an aggre-
gate over a more selective query:

Z hl,vietnam(X)h2,vietnam,red (X) = ZIiJL‘CI[),
[

(x,y)€D
¢ :=((X,y) € D A Teolor = red A Teountry = vietnam).

Extrapolating straightforwardly, if we were to write 3
down in the one-hot encoded feature space, then the en-
tries 0;; under one-hot encoding got unrolled into many
entries. More concretely, o;; is in fact a tensor o;; of
dimension [[,cc, [77(D)] % ercj |7 (D), because

o= 2 T (D

(x,y)€D

Similarly, each component ¢; of c¢ defined in (9) is a
tensor ¢; of dimension [],cq [77(D)], because h;(x) is
a tensor in the categorical case. The following follows
immediately.

Theorem 3.3. Theorem 3.1 remains valid even when
some features are categorical.

Note that the outer product in (17) specifies the ma-
trix layout of o;;, and so X is a block matrix, each of
whose blocks is ;. Furthermore, if we were to layout
the tensor o;; as a vector, we can also write it as

1
g = ﬁ Z hi(X) ® hj(X). (18)
(x,y)eD

The previous example demonstrates that the dimen-
sionalities of o;; and c; can be very large. Fortunately,
the tensors are very sparse, and a sparse representa-
tion of them can be computed with functional aggregate
queries (in the FAQ-framework [6]) as shown in Propo-
sition 3.4 below. We next illustrate the sparsity.

2In our implementation, each iteration typically involves 1-4
backtracking steps.



Example 12. Consider the query ) in Example 1,
where the set of features is {sku, store, day, color, quar-
ter, city, country} and unitsSold is the response variable.
In this query n = 7, and thus for a PRy model we have
m =1+ 7+ 7% = 57 parameters. Consider two indices
i and j to the component functions of g and h, where
1 = (store, city) and j = (city). Suppose the query re-
sult states that the retailer has IV, stores in N, coun-
tries. Then, the full dimensionality of the tensor o; is

N, x N2, because by definition it was defined to be
1
Oij i= 7~ Z Xstore &@ Xcity ® Xcity - (19)
|D| (x,y)eD ¥
Y hi(x) Ry (x)

Recall that Xgore and xqt, are both indicator vectors.
The above tensor has the following straightforward in-
terpretation: for every triple (s,c1,c2), where s is a
store and ¢; and co are cities, this triple entry of the
tensor counts the number of data points (x,y) € D for
this particular combination of store and cities (divided
by 1/|D|). Most of these (s, ¢1, ¢o)-entries are 0. For ex-
ample, if ¢; # ¢o then the count is zero. Thus, we can
concentrate on computing entries of the form (s, ¢, c¢):

SELECT s, c, count(x) FROM D GROUP BY s, c;

Better yet, since store functionally determines city, the
number of entries in the query output is bounded by
N,. Using relations to represent sparse tensor results in
a massive amount of space saving.

3.3 Efficient precomputation of > and c

We employ two orthogonal ideas to compute the quan-
tities (8) and (9) efficiently. First, our FAQ [6] and
FDB [47] frameworks are designed to compute such ag-
gregates over feature extraction queries, which are wider
than traditional OLAP queries. Let |o;;| denote the
size (i.e., number of tuples) of the sparse representation
of the o;; tensor. Let faqw(i, j) denote the FAQ-width of
the FAQ-query that expresses the aggregate o;; over the
feature extraction query @Q?; fhtw the fractional hyper-
tree width of Q; and p* the fractional edge cover number
of Q.* Let I be the input database and D = Q(I). Let
N be the size of the largest input relation R in Q). Our
precomputation time can be bounded as follows.

Proposition 3.4. The tensors o;; and c; can be sparsely

represented by FAQ-queries with group-by variables C; U
C; and Cj, respectively. They can be computed in time

O [IVP-lel- D (NP0I) 4 oy)) - log N

i,j€[m]

In case all features in D are continuous, C; = §) for all
J € |m], and faqw(i, j) is exactly the fractional hyper-
tree width of @ [6]. Then, the overall runtime becomes

3We show in the proof of Proposition 3.4 how to express o
and c; as FAQ-queries.

4Due to space limitation, these width notions are defined in
Appendix A.4.

O(|V]? €| -m?- N .]log N). When some features are
categorical, we can also bound the width faqw(s, j) and
tensor size, as stated by the next proposition.

Proposition 3.5. Let ¢ = max;;|C; U Cj|. Then,
faqw(i,j) < fhtw + ¢ — 1 and |oy;| < min{|D|, N},
Vi,j € [m]. For any query Q with p* > fhtw + ¢ — 1,
there are infinitely many database instances for which
lim D] =
NS S (NRG) 1 o) log N

oo. (20)

Our precomputation step takes strictly sub-output-
size runtime for infinitely many queries and database in-
stances. If we were to compute o;; on a training dataset
with categorical variables one-hot encoded, then the
complexity would raise to O(|V|?:|€|-m?2- Nftw+2d Joo ),
where d is the degree of the model.

Second, we exploit the observation that in the com-
putation of 3 many distinct tensors o;; have identi-
cal sparse representations. For instance, the tensor o
from Example 12 corresponding to i = (store, city) and
j = (city) has the same sparse representation as any
of the following tensors: (i,7) € {((city,city),store),
((store, store), city), ((store, city),store),...}. There are
12 tensors sharing this particular sparse representation.
This is because store and city are categorical features
and taking any power of the binary values in their in-
dicator vectors does not change these values. Further-
more, any of the two features can be in ¢ and/or j.

3.4 Point evaluation and gradient computation

To compute point evaluation and the gradient effi-
ciently, we also introduce two ideas. First, we em-
ploy a sparse representation of tensors in the parameter
space. We need to evaluate the component functions
of g, which are polynomial. In the Fal\/la% example, for
instance, we evaluate expressions of the form

L 4
gstore, city(e) = Z Ogtc)zre ® 0((:it)y' (21)
(=1

The result is a 2-way tensor whose CP-decomposition (a
sum of rank-1 tensors) is already given by (21)! There
is no point in materializing the result of gsiore, city (@) and
we instead keep it as is. Assuming N, distinct cities and
N distinct stores in the training dataset D, if we were
to materialize the tensor, then we would end up with an
Q(N.Ny)-sized result for absolutely no gain in computa-
tional and space complexity, while the space complexity
of the CP-decomposition is only O(N, + N;). This is a
prime example of factorization of the parameter space.

Second, we explain how to evaluate (11) and (12) with
our sparse tensor representations. There are two aspects
of our solution worth spelling out: (1) how to multiply
two tensors, e.g., o;; and g;(0), and (2) how to exploit
that some tensors have the same representation to speed
up the point evaluation and gradient computation.

To answer question (1), we need to know the intrin-
sic dimension of the tensor o;;. In order to compute
3g(0) in Example 12, we need to multiply o;; with



g;(8) for i = (store, city) and j = (city). In a linear
model, g;(0) = 0; = Ocy. In this case, when com-
puting ;0. we marginalize away one city dimension
of the tensor, while keeping the other two dimensions
store, city. This is captured by the following query:

SELECT store, city, sum(o;;.val6;.val)
FROM O'i,j,aj WHERE o j.city = gj.City
GROUP BY store, city;

where the tensors o; ; and 6; map (store, city) and re-
spectively (city) to aggregate values. In words, 0;;9;(0)
is computed by a group-by aggregate query where the
group-by variables are precisely the variables in C;.
For the second question, we use the CP-decomposition
of the parameter space as discussed earlier. Suppose
now we are looking at the o;; tensor where ¢ = (city)
and j = (store, city). Note that this tensor has the
identical representation as the above tensor, but it is a
different tensor. In a Fa Maf model, we would want to
multiply this tensor with the component function g;(8)
defined in (21) above. We do so by multiplying it with
(0)

each of the terms OStore@)OEﬁ)y, onebyoneforf{=1,...,r,

and then add up the result. Multiplying the tensor o ;;
with the first term thlo),e ® 0&3, corresponds precisely to
the following query:

SELECT city, sum(o;;.val * Oigre.val <) .val)

city

FROM Tij, Bgilrm 6(1)

city

WHERE o, .city = 6.})

city"

city AND

o j.store = BS%N.store
GROUP BY city;
where the tensors o ;, Ogiltz,, and egﬁjre map (store, city),
(city), and respectively (store) to aggregate values.

Finally, to answer question (2), note that for the same
column j (i.e., the same component function g;(@)),
there can be multiple tensors o;; which have identical
sparse representations. (This holds especially in mod-
els of degree > 1.) In such cases, we have queries with
identical from-where blocks but different select-group-
by clauses, because the tensors have different group-by
variables. Nevertheless, all such queries can share com-
putation as we can compute the from-where clause once
for all of them and then scan this result to compute each
specific tensor. This analysis gives rise to the following
straightforward (and conservative) estimates.

For each j € [m], let d; denote the degree and t;
denote the number of terms in the polynomial g; (a
component function of g). Recall that p is the number
of parameters.

Proposition 3.6. Point evaluation (11) and gradient

computation (12) can be computed in time O(3_; ()

titjdid;|o;)), and respectively O(p Y-, e titjdidjloi;l).

For example, in a PR? model, the point evaluation
time is O(d> >i jeim) loij1), and gradient computation

time becomes O (n? > i jem loij]). Inthe FaMa¢ model,
the corresponding runtimes are O(r?d? i jem loisl)
and O(nr®d* 3, i |oij]), respectively.

Overall, there are a couple of remarkable facts regard-
ing the overall runtime of our approach. Without loss
of generality, suppose the number of iterations of BGD
is bounded. (This bound is typically dimension-free,
dependent on the Lipschiz constant of J.) Then, from
Proposition 3.5, there are infinitely many queries for
which the overall runtime of BGD is unboundedly bet-
ter than the output size. First, our approach is faster
than even the data-export step of the “use an external
tool to train model” approach. Second, it is often well-
agreed upon that SGD is “faster” than BGD. However,
a single iteration of SGD requires iterating through all
data tuples, which takes time at least the output size.
In particular, by training the model using BGD in the
factorized form, BGD can be unboundedly faster than
a single iteration of SGD.

4. FD-AWARE OPTIMIZATION

In this section, we show how to exploit functional de-
pendencies among variables to reduce the dimension-
ality of the optimization problem by eliminating func-
tionally determined variables and re-parameterizing the
model. We compute the quantities (3, ¢) on the subset
of features that are not functionally determined, and
then solve the lower-dimensional optimization problem.
Finally, we show how to recover the parameters in the
original space in closed form. Exploiting functional de-
pendencies drastically reduces the computation time for
precomputation and each gradient iteration step.

4.1 Introduction to the main ideas

Consider a query ) with categorical variables country
and city. For simplicity, assume that there are only two
countries “vietnam” and “england”, and 5 cities “saigon”,
“hanoi”, “oxford”, “leeds”, and “bristol”. Under one-hot
encoding, the corresponding features are encoded as in-
dicators Tyietnam, Tengland, Tsaigons Lhanois Loxfords Lleeds,
Tpristol- SiNCE City — country is an FD, for a given tuple
x in the training dataset, the following hold:

Tvietnam = Tsaigon T Lhanoi (22)
Tengland = Toxford + Tieeds T Tbristol - (23)

The first identity states that if a tuple in the query re-
sult has “vietnam” as the value for country (Zyietnam =
1), then its city’s value can only be either “saigon” or
“hanoi”, i.e., [Zsaigon, Thanoi] 1S either [1,0] or [0,1], re-
spectively. The second identity is explained similarly.
How do we express the identities such as (22) and (23)
in a formal manner in terms of the input vectors X,
and Xcountry? We can extract in a preprocessing step
from the database a relation of the form R(city, country)
with city as primary key. Let Ny and Neountry be the
number of cities and countries, respectively. The pred-
icate R(city, country) is the sparse representation of a
matrix R of size Neountry X Neity, such that if Xy, is an
indicator vector for saigon, then Rx.y, is an indicator



for vietnam. In this language, the above identities are
written as Xcountry = RXcity. For example, in the above
particular example Ncity = 5, Neountry = 2, and

saigon hanoi oxford leeds bristol
R= 1 1 0 0 0 vietnam
0 0 1 1 1 england

This relationship suggests a natural idea: replace any
occurrence of statistics Xcountry by its functionally deter-
mining quantity x.,. Since these quantities are present
only in the loss function £ via inner products (g(x), h(0)),
such replacements result in a (typically) linear reparam-
eterization of the loss. What happens next is less obvi-
ous, due to the presence of nonlinear penalty function
Q. Depending on the specific structure of FDs and the
choice of €, it turns out that many parameters associ-
ated with redundant statistics, which do not affect the
loss £, can be optimized out directly with respect to the
transformed €2 penalty.

The remainder of this subsection is a gentle introduc-
tion of our idea in the presence of one simple FD in
the LR model. Consider a query @ in which city and
country are two of the categorical features and func-
tionally determine one another via a matrix R such that
RXcity = Xcountry for all x = ( 5 Xeitys Xcountry, ) eD.
We exploit this fact to “eliminate” Xcountry as follows.

(9(6), h(x)) = (6,%)
= Z <0ja Xj> + <0citya Xci‘cy> + <0country7xcountry>

jé&{city,country}

= X

jé&{city,country}

- ¥

jé&{city,country}

<0ja Xj> + <0city7 Xcity> + <ecountry7 Rxcity>

<9ja Xj> + <0city + RTacountrya Xcity> .

’Ycity

Reparameterize the model by defining v = ('yj )€V —{country}»

and two functions g: R*~! = R* 1, h:R® = R L
0j ] 7é City
Vi {ecity + RTOcountry J = city. ( )
g(v) =~ (25)
hj(x) =x;, j # city. (26)
(There is N0 Ycountry-) Reparameterize J (@) by

1 A
J(0) = — 0),h(x)) —y)>+ 20>
= 3707, 3 (o00h) ~u+ 5 ol

1 _

:m Z ((g(), h(x)) — y)*+

(x,y)eD
A
§ Z H’Y]Hi + H’Ydty - RTOCountrsz + ||0country||§

J#city

Note how Ocountry has disappeared from the loss term,
but it still remains in the penalty term. We now “opti-

mize out” Ocountry by observing that

1 9J
>\ aecountry

By setting (27) to 0 we obtain Ocountry in terms of 7, :

= R(RTacountry - '7city) + ocountry (27)

Ocountry = (Tcountry + RRT)_lR'ydty and equivalently as
R(Liy + RTR)_I'ycity, where Lcountry is the order- Neountry
identity matrix and similarly for Iy. (See Appendix C.1.)
J can thus be expressed completely in terms of ~, and
its gradient with respect to -y is also available:

1 _
J0) = g1 2. (T, he) —y)*+
(x,y)€D
5 Z HPYJH; + <(Icity + RTR)ilﬁycityﬂ‘Ycity> )
J#city
1olell; _ [, S j#dy
2 0, (Liy + RTR) gy, J = city.

The gradient of the loss term is computed using the ma-
trix 3 and the vector € with respect to the pair (g, k) of
reduced dimensionality. The matrix (Iey + R'R)isa
rank- Neountry update to the identity matrix Ly, strictly
positive definite and thus invertible. The inverse can
be obtained using database aggregate queries; for nu-
merical stability, one may compute its Cholesky decom-
position which can also be computed using aggregate
queries. These “linear algebra via aggregate queries”
computations are possible because our matrices admit
a database interpretation. (See Section 4.5 below.)

4.2 Functional dependencies (FDs)

Composite FDs lead to more complex identities. For
instance, the FD (guest, hotel, date) — room leads to
the identity Zroom = ). TguestThotelTdate- Let R be a re-
lation on attributes guest, hotel, date, and room, en-
coding this dependency, i.e., R has a compound key
(guest, hotel, date). Then, corresponding to R there is a
matrix R of dimension Nyoom X Nguest - Nhotel - Ndate for
which Xroom = R(Xguest @ Xhotel @ Xdate). Our results can
be extended to the case of composite FDs, yet with a
great notational burden; for the sake of clarity, we only
state the results on simple FDs (FDs whose left-hand
side is one variable).

Definition 1. To formalize general FD structures, con-
sider a query @ in which there are k disjoint groups
G1,...,Gy of features, among other features. The ith
group is G; = {f;}US;, where f; is a feature, S; a set of
features, and f; — S; is an FD. We shall refer to these
as groups of simple FDs. (See also Figure 1.)

Example 13. In a typical feature extraction query for
LogicBlox’s retailer customers, we have k = 3 groups
(in addition to other features): the first group contains
week — month — quarter — year, and thus f; = week
and S7 = { month, quarter, year }. In the second group,
f2 = sku and Sy = { type, color, size, ...} (a rather large
group). In the third group fs = store and S3 = { city,
country, region, continent }.



For each feature ¢ € S;, let R, denote the matrix
for which x. = R¢xy,. For the sake of brevity, we also
define a matrix Ry, = Iy, (the identity matrix of dimen-
sion equal to the active domain size of attribute f;); this
way the equality R.x¢, = x. holds for every c € G;.

The linear relationship holds even if the variables are
not categorical. For example, consider the FD sku —
price (assuming every stock-keeping unit has a fixed
sale-price). The relationship is modeled with a 1 x Ng,
matrix R, where the entry corresponding to a sku is its
price. Then, RXsy = Zprice for any indicator vector Xgy.

Definition 2 (FD-reduced pairs of functions). Given a
pair of functions g and h in our problem setting. Recall
that C’s are defined in Section 2.3, while S}’s are given
in Definition 1. Define

K:={jem]|C;Nn(S1U---USk) #0}

(In words, K is the set of component functions of h con-
taining at least one functionally determined variable.)

The group of simple FDs induces an FD-reduced pair
of functions g : RP—IKl — R™=IKl and B : R* —
R IE] which are specified as follows: The component
functions of h are obtained from the component func-
tions of h by removing all component functions h; for
j € K. Similarly, g is obtained from g by removing all
component functions g; for which j € K. Naturally, de-
fine the covariance matrix 3 and the correlation vector
€ as in (8) and (9), but with respect to h.

In the next two sections, we generalize the above tech-

nique to speedup the training of PR? and FaMa under
an arbitrary collection of simple FDs.

4.3 Polynomial regression under FDs

Recall the PR%-model formulated in Example 3. Con-
sider the set Ay of all tuples ay = (ay)wey € NV of
non-negative integers such that ||ay|; < d. For any
(x,y) € D and a € Ay, define x*? = Q

In the PR? model we have 6 = (64)a|,<a: 9(6) = 6,
and ha(x) = x®2. If a feature, say v € V, is non-
categorical, then x¥% = x% . If we knew z, € {0, 1},
then =% = z,, and thus there is no need to have terms
for which a, > 1. A similar situation occurs when v is a
categorical variable. To see this, let us consider a simple
query where V = {b,c,w,t}, and all four variables are
categorical. Suppose the PR? model has a term corre-
sponding to a = (ayp, a., ayw,ar) = (0,2,0,1). The term
of (8, h(x)) indexed by tuple a is of the form

<9aax§2 ® Xt> = <9a7XC XX ® Xt> .

For the dimensionality to match up, 8, is a 3rd-order
tensor, say indexed by (i,7,k). The above expression
can be simplified as

DD 0aligk) - xe(i) - xe() - xe ()
[ i k
= Z Z oa(j7j, k)XC(.])Xt(k)7
ik

where the equality holds due to the fact that x.(j) is
idempotent. In particular, we only need the entries in-
dexed by (j,7,k) of 8,. Equivalently, we write:

(0a,xc @ xc @ x4) = (((Le *I.)" ®@1)0a,x. ® X¢) .

Multiplying on the left by the matrix (I, x I.)" ® I;
has precisely the same effect as selecting out only en-
tries 0,(j,j, k) from the tensor 6,. More generally,
in the PR? model we can assume that all the indices
ay = (ay)pey satisfy the condition that a, € {0,1}
whenever v is categorical. (This is in addition to the
degree requirement that |ay |, < d.)

Given k groups of FDs represented by G, ..., Gy, let
G=Ur,G,s5=U",5,G=V-G,S=V-5,and
F={f1,..., fr} For every non-empty subset T' C [k],
define Fr := {f; | « € T}. Given a natural number
¢ < d, and a non-empty set I' C [k] with size |T'| < d—gq,
define the collection

UT,q)={U|UCG ANUNG;#0VieT
AN UNG =0,YigT AN U <d—q} (28)
For every tuple ageNéwith lagll, =q¢<d,ieT,

and every U € U(T,q), define the following matrices,
which play the same role as Iy, + RTR in Section 4.1:

Brgi= Y q * Rcr[ * RCD, (29)

Ueu(T,q) ceUNG; ceUNG;

Ra@,U - ® Iw & ® * Rc. (30)
wel ieT ceUNG;
aq >0

The following theorem reparameterizes .J(0) for PR?
(d > 1) to become J(v). While 8 = (8,) is a vector
indexed by tuples a = ay € NV, the new parameters
~ = () are indexed by integer tuples b = bg € N5.

Theorem 4.1. Consider the PR%-model with param-
eters @ = (0ay )|jay |, <d, and k groups of simple FDs
G; ={f;}US;, i € [k]. Define the reparameterization:

O(bs00) br =0
_ T T={j | j€Fbs,=1},
Ybs Z Rb67U0(b§,1U|G) a=||bg],
UelU(T,q)

Then, minimizing J(0) is equivalent to minimizing the
function

—_ 1 . By )\
T(v) = 57"y = (7.2 + 590, (31)
where
2
) = Z “7b§ 2+ Z Z
bg||, <d bo|| =¢ TC[k]
Hbi”ll;o | gﬂé Y o<|TI<d—q

—1
< ® L, ® ®BT7q7i V(bG,lpTF)a’Y(bg,lFT'F)>

weG €T
by >0



The proof of this theorem (Appendix C.2) is techni-
cally involved. J is defined above with respect to the
FD-reduced pair of functions g, h and a reduced param-
eter space of «. Its gradient is simple to compute, since

Tog when br = O,

109Q(%) _
20 = ® L, ® ®BT’1<N' Yogip. r) (32)
Tog wed =y
b >0

when T = {j | §£i}, ¢ = |[bgl]; -

Moreover, once a minimizer ~ of J is obtained, we can
compute a minimizer 8 of J by setting

Yag:  When [lagll; =0

R L, e [
weé €T
Ay >0

when ||aG||1 >0, HaEHl =dq,

T={i|3ceGa.>0}

and U = {c | a. > 0,c € G}.

1
cEU*ﬁG R ] Bqu Tagtepir)

(33)

Theorem 4.1 might be a bit difficult to grasp at first
glance due to its generality. To give the reader a sense
of how the theorem is applied in specific instances, sec-
tions C.4 and C.5 present two specializations of the the-
orem for (ridge) linear regression (PR'), and degree-2
polynomial regression (PRQ).
4.4 Factorization machines under FDs

We now turn our attention to FaMaZ.
Theorem 4.2. Consider the FaMa model of degree 2,
rankr, parameters, @ = (0;, (OZ(E))@E[T])EV and k groups
of simple FDs G = {fi}US;, i € [k]. Let G = UGy,

r

Br=> > RI0VoRI, iclk] (34)
= eae(4)
and the following reparameterization:
0. w ¢ U?:l Gi
Tw =90, + > RIO.+8;, w=fiiclk]

ceS;
A0 = 05 wé¢F
! 0%) + 2 ces; R0 w=fiiclk].

Then, minimizing J(0) is equivalent to minimizing the

function J(v) = 3g(v)"=g(v) — @(7),€) + 3Q~),
where
= ||7w||2+z (Bi ' (vs, = B1), (g, = By.))
w¢G
I3l DS Iy RW“ (35)
2€][r] ze[ ] ceS;
w¢F Le(r]

In order to optimize J with respect to ~, the follow-
ing proposition provides a closed form formulae for the
relevant gradient.

Proposition 4.3. The gradient of Q(~) defined in (35)

can be computed by computing 555) = D es, RT’)’g),

and

- o 1o ¢ ¢
= 32| (- 3) 0§ S RIG onl?)

/=1 teS
Then,
109(y) _ ) Yus w¢G (36)

755)7 forws’:‘GéeH
O _ 50 _Lsw 000Y) o w=ri,
189(7) _ ke ‘ 2 vy, & tetrd (37)
2 0
e | - Ry [‘r}“ P T

when w € S, £ € [r].

Suppose that the minimizer 4 of .J has been obtained,
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This section shows that our technique applies to a
non-linear model too. It should be obvious that a sim-
ilar reparameterization works for FaMaff for any d > 1.
There is some asymmetry in the reparameterization of

1st-order parameters 6; and 2nd-order parameters 91@)
in Theorem 4.2, because we can solve a system of linear
equation with matrix inverses, but we don’t have closed
form solutions for quadratic equations.

4.5 Linear algebra with database queries

To apply the above results, we need to solve a couple
of computational primitives. The first primitive is to
compute the matrix inverse B, T (or rather, the product
of the inverse with another vector). This task can be
done in one of two ways: we either explicitly compute
the inverse, or compute the Cholesky decomposition of
the matrix By ,. We next explain how both of these
tasks can be done using database queries.

Maintaining the matrix inverse with rank-1 updates.
Using Sherman-Morrison-Woodbury formula ((47) in Ap-
pendix), we can incrementally compute the inverse of
the matrix I+ Y ., RJR. as follows. Let S C G;
be some subset and suppose we have already computed
the inverse for Mg = I+ _cR/R,. We now ex-
plain how we can compute the inverse for Mgy} =

I+ ZSESU{(:} R/R,. TFor concreteness, let’s say R,



maps city to country. For each country country, let
€country denote the 01-vector where there is a 1 for each
city the country has. For example, €cupa = [11000]T.
Then, R/ R, = 2 country €country€ountry- And thus, start-
ing with Mg, we apply the Sherman-Morrison-Woodbury
formula for each country, such as:

M_lecubaeT M1

M ] T 1 _ M_l_ cuba . (38
( +ec baecuba) 1+ ecTubaM_lecuba ( )

This update can be done with database aggregate queries,
because ecTubaM_lecuba is a sum of entries (i,7) in M~!
where both ¢ and j are cities in cuba; v = M leqp, is
the sum of columns of M~ corresponding to cuba; and
1\/[_1ecubaecTuba1\/1_1 is exactly vv .

Overall, each update (38) can be done in O(NZ, )-

city
time, for an overall runtime of O(NZ, Neountry). This
runtime should be contrasted with Gaussian-elimination-
based inverse computation time, which is O(Nf’ity). When
the FDs form a chain, the blocks are nested inside one
another, and thus each update is even cheaper as we do
not have to access all Nfity entries.
Maintaining a Cholesky decomposition with rank-k up-
date. Maintaining a matrix inverse can be numerically
unstable. It would be best to compute a Cholesky de-
composition of the matrix, since this strategy is numer-
ically more stable. There are known rank-1 update al-
gorithms [16,21], using strategies similar to the inverse
rank-1 update above. A further common computational
primitive is to multiply a tensor product with a vector,
such as in (B;1 ® B;l)'y Fifs (also expressible as aggre-
gate queries, cf. Appendix A.3).

4.6 Discussion

The prevalence of FDs presents fresh new challenges
from both computational and statistical viewpoints. On
the one hand, a reasonable and well-worn rule of thumb
in statistics dictates that one should always eliminate
features that are functionally dependent on others, be-
cause this helps reduce both computation and model’s
complexity, which in turn leads to reduced generaliza-
tion error (as also noted in [34]). On the other hand, the
statistical effectiveness of such a rule is difficult to gauge
when the nature of dependence goes beyond linearity.
In such scenarios, it might be desirable to keep some re-
dundant variables, but only if they help construct sim-
pler forms of regression/classification functions, leading
to improved approximation ability for the model class.

It is, however, difficult to know a priori which re-
dundant features lead to simple functions. Therefore,
the problem of dimensionality reduction cannot be di-
vorced from the model class under consideration. While
this remains unsolved in general, in this work we re-
stricted ourselves to specific classes of learning models,
the complexity of which may still be varied through reg-
ularization via (non-linear) penalties. Within a regular-
ized parametric model class, we introduced dimension-
ality reduction techniques (variable elimination and re-
parameterization) that may not fundamentally change

the model’s capacity. The reduction in the number of
parameters may still help reduce the variance of param-
eter estimates, leading to improved generalization error
guarantees. We pursued in this section a more tangible
benefit that lies in improved computational efficiency.
There is substantial runtime saving brought by the
reparameterizations from Theorems 4.1 and 4.2. In the
setting without exploiting FDs, the runtime of our ap-
proach consists of the precomputation time stated in
Proposition 3.4, and the per-iteration time stated in
Theorem 3.6; this time might be multiplied by the num-
ber of backtracking steps depending on the specific iter-
ation. By exploiting the FDs, the quantities in Propo-
sitions 3.4 and 3.6 are computed with respect to the
smaller dimensional matrix X. Let ¢ = [V — U,y Sil,

then the dimensionality of = for PR? is ©(¢%) x ©(¢%),
much smaller than that of ¥, which is ©(n¢) x ©(n?).
(See Example 13.) Last but not least, Proposition C.1
in the appendix provides the corresponding version of
Corollary 3.2 with respect to X.

S. OPEN PROBLEMS

Our in-database learning framework raises open ques-
tions on statistics, algorithm design, and optimization.
We next sketch a few representatives.

One research direction is to extend the class of sta-
tistical models to train efficiently inside the database
beyond those considered in this paper. Our formula-
tion (1) captures a common class of regression models
(such as PR and FaMa) and classification models (such
as logistic and SVM), which is done by changing the
loss function £. It remains open how to extend our
formulation to capture latent variable models.

The aggregates defining X, ¢, point evaluation, and
gradient computation are “multi-output” queries. They
deserve a systematic investigation, from formulation to
evaluation and complexity analysis. In practice, one
often reserves a fragment of the training data for model
validation. It is an interesting question to incorporate
this data partitioning requirement into our framework.

Understanding how to adapt further optimization al-
gorithms, such as coordinate descent or stochastic gra-
dient, to our in-database framework is an important re-
search direction. Furthermore, our FD-aware optimiza-
tion is specific to the £o-norm in the penalty term. We
would also like to understand the effect of other norms,
e.g., {1, on model reparameterization under FDs.

Finally, we conjecture that the cost function may be
easier to optimize with respect to the reduced set of
parameters that are not functionally determined: As
redundant variables are eliminated or optimized out,
the cost function’s Hessian with respect to reduced pa-
rameters becomes less ill-conditioned, resulting in faster
convergence behavior for gradient-based optimization
techniques. The impact of FD-based dimensionality re-
duction, from both computational and statistical stand-
points, have not been extensively studied for learning
(nonlinear) models with categorical variables, which are
precisely the kind discussed in our framework.
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APPENDIX
A. MATRIX CALCULUS

A.1 Basics

We list here common identities we often use in the paper; for more details see the Matrix Cookbook [42]. We use
denominator layout for differentiation, i.e., the gradient is a column vector. Let A be a matrix, and u,v,x,b be
vectors, where A and b are independent of x, and u and v are functions of x then

X _, (39)
3x;:X — (A+AT)x (40)

‘W — 2AT(Ax—b) (41)

oy _ oo,

OBx+b) COx+d) _ Bropy4d)+DTCT (Bx +b). (43)

ox

The following matrix inversion formulas will be useful. See [25] and references thereof for details.

Proposition A.1. We have
(B4+UCV)'=B'—-B'UC'+VB'U)"'VB .. (44)

whenever all dimensions match up and inverses on the right hand side exist. In particular, the following holds when
C=(1),U=1,V=1", and J is the all-1 matriz:

B+J) '=B!'-BM1(1+1"B )" 11'BL (45)
Another special case is

A+U'U)'=A""-A'UTTI+UATUT) AL (46)

An even more special case is the Sherman-Morrison formula, where U is just a vector u. The matriz A +uu' is

typically called a rank-1 update of A:
A-'uu'A!

A Nl = - "
(A +uu) 1+uTAlu

(47)

A.2 The Product Cookbook: Tensor product, Kronecker product, and Khatri-Rao product

Next, we discuss some identities regarding tensors. We use ® to denote the tensor product. When taking tensor
product of two matrices, this is called the Kronecker product, which is not the same as the outer product for matrices,
even though the two are isomorphic maps. If A = (a;;) is an m x n matrix and B = (bge) is a p X ¢ matrix, then
the tensor product A ® B is an mp x ng matrix whose ((i, k), (j,£)) entry is a;;bre. In particular, if x = (2;)ic[m)
is an m-dimensional vector and y = (y;);e[p] is an p-dimensional vector, then x ® y is an mp-dimensional vector
whose (4, j) entry is x;y;; this is not an m x p matrix as in the case of the outer product. This layout is the correct
layout from the definition of the tensor (Kronecker) product. If A is matrix, then A®* denote the tensor power
A®---® A. More generally,

k times

Definition 3 (Tensor product). Let A be a tensor of order r (i.e., a function 9 4(X1,...,X,)) and B be a tensor
of order s (i.e., a function ¥5(Y1,...,Ys)), then the tensor product A ® B is the multilinear function

(X1, .. X, Y1, Y) = va(Xy, . XYY, L Y.
(A matrix is a tensor of order 2.)

Definition 4 (Khatri-Rao product). Let A and B be two matrices each with n columns. We use A x B to denote
the matrix with n columns, where the jth column of A x B is the tensor product of the jth column of A with
the jth columns of B. The operator x is a (special case of) the Khatri-Rao product [30], where we partition the
input matrices into blocks of one column each. More elaborately, if A has columns ay,...,a,, and B has columns



by,...,b,,then one can visualize the x operator as follows:

|
| | | | | | |
a; Az - Ap| % b1 b2 bn = a1®b1 a2®b2 an®bn

AxB=

(Note A and B do not need to have the same number of rows.)

Definition 5 (Hadamard product). Let A = (a;;) and B = (b;;) be two m x n matrices, then the Hadamard
product A o B is an m x n matrix, where each ¢, j element is given by (A o B);; = a;;b;;.

Proposition A.2. We have (if the dimensionalities match up correctly):
(AB®CD)=(A®C)(B®D) (48)

(AoB)" = (AT @B") (49)

(x,By) = (B'x,y) (50)
(AoB)'=(A'eB™) if both are square matrices (51)
(A®B,RX®8Y)=(RTA®S'B,X®Y). (52)

If x is a standard n-dimensional unit vector, A and B are two matrices with n columns each, and a and b are two
n-dimensional vectors, then

(A®B)(x®x) = (A+«B)x (53)
(a®@b,x®x) = (aob,x). (54)
Let x be a standard n-dimensional unit vector, A1, ..., Ar be k matrices with n columns each. Then,
k

(@A) = (& Ao (55)

We note in passing that the first five identities are very useful in our dimension reduction techniques by exploiting
functional dependencies, while (53)(54)(55) are instrumental in achieving computational reduction in our handling
of categorical features.

Proof. The identities (48), (49), (50), and (51) can be found in the Matrix Cookbook [42]. Identity (52) follows
from (48) and (49). To see (53), note that

(A ®B)(x®x) = Ax ® Bx = (A x B)x,

where the last equality follows due to the following reasoning. Suppose z; = 1 for some j, then Ax = a; and
Bx = b;, where a; and b; are the jth columns of A and B, respectively. Thus,

Ax®@Bx=a;®b; =(A%xB); = (AxB)x.
Identities (54) and (55) are proved similarly, where (55) is a trivial generalization of (53). O

A.3 Tensor computation, FAQ-expression, and the InsideOut algorithm

Quite often we need to compute a product of the form (A ® B)C, where A, B, and C are tensors, provided that
their dimensionalities match up. For example, suppose A is an m X n matrix, B a p X ¢ matrix, and C a ng x 1
matrix (i.e. a vector). The result is a mp x 1 tensor. The brute-force way of computing (A ® B)C is to compute
A ® B first, taking O(mnpq)-time, and then multiply the result with C, for an overall runtime of ©(mnpq). The
brute-force algorithm is a horribly inefficient algorithm.

The better way to compute (A ® B)C is to view this as an FAQ-expression [6] (a sum-product form): we think of
A as a function 94 (z,y), B as a function ¥g(z,t), and C as a function ¥¢(y,t). What we want to compute is the
function

@(x,z) = ZZi/JA(x,y)i/)B(Z,t)lﬁc(y,t). (56)

This is nothing but a 4-cycle FAQ-query, and we should certainly pick between the following two strategies:

e climinate ¢ first (i.e. compute ¢1(y,2) = >, ¥p(2,t)c(y,t) with a runtime of O(npq)), and then eliminated
y (i.e. compute (z,y) = >, ¢1(y, 2)a(z,y) with O(mnp)-time. The overall runtime is thus O(np(m + q)).



e or the symmetric strategy of eliminating y first, and then ¢ for an overall runtime of O(mg(n + p)).

This is not surprising, since the problem is just matrix chain multiplication; or, in the FAQ-language of the InsideOut
algorithm we want to pick the best tree decomposition and then compute a variable elimination order out of it [6].
We shall see later that a special case of the above that occurs often is when B = I, the identity matrix. In that case,

¥p(z,t) is the same as the atom z = ¢, and thus it serves as a change of variables:

o(r,2) = > > val@,y)vs(z ey, t) =Y valx,y)vo(y, 2).

Y

In other words, we only have to marginalize out one variable instead of two. This situation arises, for example, in
Eq. (32) and Eq. (33).

A4 FAQ-width

A.4.1 Background: Fractional edge cover number and output size bounds

In what follows, we consider a conjunctive query @) over a relational database instance I. We use N to denote the
size of the largest input relation in ). We also use Q(I) to denote the output and |Q(I)| to denote its size. We use
the query @ and its hypergraph H interchangeably.

Definition 6 (Fractional edge cover number p*). Let H = (V, ) be a hypergraph (of some query Q). Let B C V
be any subset of vertices. A fractional edge cover of B using edges in H is a feasible solution A = (Ag)sece to the

following linear program:
min Z As

Se&

s.t. Z As >1, Yve B
S:wes
As >0, VSe€&.

The optimal objective value of the above linear program is called the fractional edge cover number of B in ‘H and is
denoted by p3,(B). When H is clear from the context, we drop the subscript # and use p*(B).

Given a conjunctive query @, the fractional edge cover number of @ is pj, (V) where H = (V,£) is the hypergraph
of Q.

Theorem A.3 (AGM-bound [10,24]). Given a full conjunctive query @ over a relational database instance I, the
output size is bounded by

QU < N*",
where p* is the fractional edge cover number of Q.

Theorem A.4 (AGM-bound is tight [10,24]). Given a full conjunctive query Q and a non-negative number N, there
exists a database instance I whose relation sizes are upper-bounded by N and satisfies

Q) =eW").

Worst-case optimal join algorithms [4,38,39,48] can be used to answer any full conjunctive query @ in time

O(|V]- €] - N*" -log N). (57)



A.4.2  Background: Tree decompositions, acyclicity, and width parameters

Definition 7 (Tree decomposition). Let H = (V, ) be a hypergraph. A tree decomposition of H is a pair (T x)
where T = (V(T), E(T)) is a tree and x : V(T) — 2V assigns to each node of the tree T a subset of vertices of
H. The sets x(t), t € V(T), are called the bags of the tree decomposition. There are two properties the bags must
satisfy

(a) For any hyperedge F € &, there is a bag x(t), t € V(T), such that F C x(¢).
(b) For any vertex v € V, the set {t | t € V(T),v € x(¢)} is not empty and forms a connected subtree of T.

Definition 8 (acyclicity). A hypergraph H = (V,€) is acyclic iff there exists a tree decomposition (7, x) in which
every bag x(t) is a hyperedge of H.

When H represents a join query, the tree T" in the above definition is also called the join tree of the query. A query
is acyclic if and only if its hypergraph is acyclic.

For non-acyclic queries, we often need a measure of how “close” a query is to being acyclic. To that end, we use
width notions of a query.

Definition 9 (g-width of a hypergraph: a generic width notion [7]). Let H = (V,£) be a hypergraph, and g : 2V —
R* be a function that assigns a non-negative real number to each subset of V. The g-width of a tree decomposition
(T, x) of H is max,cy (1) g(x(t)). The g-width of H is the minimum g-width over all tree decompositions of H. (Note
that the g-width of a hypergraph is a Minimax function.)

Definition 10 ( Treewidth and fractional hypertree width are special cases of g-width). Let s be the following function:
s(B) = |B| — 1, VV C V. Then the treewidth of a hypergraph H, denoted by tw(#H), is exactly its s-width, and the
fractional hypertree width of a hypergraph H, denoted by fhtw(#H), is the p*-width of H.

From the above definitions, fhtw(#) > 1 for any hypergraph H. Moreover, fhtw(?) = 1 if and only if H is acyclic.

A.4.3  Background: Vertex/variable orderings and their equivalence to tree decompositions

Besides tree decompositions, there is another way to define acyclicity and width notions of a hypergraph, which
is orderings of the hypergraph vertices. And just like we refer to queries and hypergraphs interchangeably, we also
refer to query variables and hypergraph vertices interchangeably.

In what follows, we use n to denote the number of vertices of the given hypergraph H.

Definition 11 (Vertex ordering of a hypergraph). A wvertex ordering of a hypergraph H = (V, £) is simply a listing
o = (v1,...,vy) of all vertices in V.

Definition 12 (Elimination sets Uf of a vertex ordering o). Given a hypergraph H = (V, &) and a vertex ordering
o= (v1,...,0y), we define sets U7, ..., UZ CV, called the elimination sets of o, as follows: Let d(v,,) be the set of
hyperedges of H that contain v,,. We define U7 to be the union of all hyperedges in 9(v,,):

ve=J s
S€d(vn)

If n = 1, then we are done. Otherwise, we remove vertex v,, and all hyperedges in d(v,,) from H and add back to H
a new hyperedge U? — {v,}, thus turning H into a hypergraph with n — 1 vertices:

V «— V—{uv}
E — (E—=0(vn)U{U] — {vn}}.
The remaining elimination sets Uy,...,UJ_; are defined inductively to be the elimination sets of the resulting
hypergraph (whose vertices are now {vy,...,v,-1}).
When ¢ is clear from the context, we drop the superscript o and use Uy, ...,U,.

Proposition A.5 (Every vertex ordering has an “equivalent” tree decomposition [5]). Given a hypergraphH = (V, E),
for every vertex ordering o, there is a tree decomposition (T, x) whose bags x(t) are the elimination sets U7 of o.

By applying the GYO elimination procedure [3] on the bags of any given tree decomposition, we can obtain an
“equivalent” vertex ordering:

Proposition A.6 (Every tree decomposition has an “equivalent” vertex ordering [5]). Given a hypergraphH = (V, £),
for every tree decomposition (T, x), there is a vertex ordering o such that every elimination set U7 of o is contained
in some bag x(t) of the tree decomposition (T, x).



A.4.4 FAQ-width of an FAQ query

Just like a conjunctive query, an FAQ query has a query hypergraph H = (V,£). But unlike conjunctive queries,
an FAQ query also specifies an order of its variables, which is the order in which we aggregate over those variables
in the given FAQ-expression. (For example, in expression (56), we sum over ¢ first, then over y, and we keep z and
x as free variables. Hence, the FAQ query in (56) specifies the variable order o = (z, z,y,t).) Such a variable order
for the query can also be interpreted as a vertex order o for the query’s hypergraph.

As we have seen earlier in Section A.3, the InsideOut algorithm for answering FAQ queries is based on wvariable
elimination. To eliminate variable/vertex v, we have to solve a sub-problem consisting of a smaller FAQ query over
the variables in the elimination set UJ. This smaller query can be solved by an algorithm that is based on worst-case
optimal join algorithms [4,38,39,48]. From (57), this takes time °

O(|V|- €] - NP*(U) [log N). (58)

After eliminating v,,, the remaining variables v,, _1,v,_2,...,v1 can be eliminated similarly. This variable elimination
algorithm motivates the following width notion.

Definition 13 (FAQ-width of a given variable ordering o). Given an FAQ query ¢ with a variable ordering o, we
define the FAQ-width of o, denoted by faqw(co), to be

fagw(o) = ]néa[mrﬁ {5 (U7} (59)

By the above definition, the FAQ-width of a variable ordering o is the same as the fractional hypertree width of
the “equivalent” tree decomposition that is referred to in Proposition A.5.

Theorem A.7 (Runtime of InsideOut [6]). Given an FAQ-query ¢ with a variable ordering o, the InsideOut
algorithm answers ¢ in time

O (V- 1€] - (N + [g]) - 10g N) (60)

where || is the output size in the listing representation.

Let ¢ be an FAQ query with variable ordering o. In many cases, there might be a different variable ordering o’
such that if we were to permute the aggregates of ¢ in the order of ¢’ instead of o, we would obtain an FAQ-query
¢’ that is “semantically-equivalent” to ¢ (i.e. that always returns the same answer as ¢ no matter what the input
is). If this is the case, then we can run InsideOut on ¢ using the ordering ¢’ instead of o, which can lead to a better
runtime if fagw(c’) happens to be smaller than fagw(c). We use EVO(p) to denote the set of all such “equivalent”
orderings o’. (For a formal definition, see [6].) Therefore, it is best to consider all orderings o’ in EVO(yp), pick the
one with the smallest fagw(c’), and use it in InsideOut algorithm. This motivates the following definition.

Definition 14 (FAQ-width of an FAQ query). The FAQ-width of an FAQ query ¢, denoted by faqw(yp), is the
minimum one over all orderings ¢’ in EVO(y), i.e.

faqw(y) := min {faqw(c’) | o’ € EVO(p)} . (61)

Characterizing EVO(¢p) for an arbitrary given FAQ-query ¢ is a technically involved problem (see [6] for hardness
background and a general solution). However, the FAQ queries that we need for our machine learning tasks are of
a special form that makes the problem easier. In particular, as we saw earlier in Section A.3, there is only type of
aggregate operators that we use in such queries (which is the summation operator >_). We refer to those special
FAQ queries as FAQ-SS queries (see [6]). Our FAQ-SS queries in this work have only two types of variables:

e Variables that we are summing over, e.g. variables y and ¢ in (56).
e Free variables (i.e. Group-by variables), e.g. variables z and z.

Given an FAQ-SS query ¢, EVO((p) contains every ordering o’ that lists all free variables before the non-free variables.
For example, for the FAQ-SS query ¢(z, z) in (56), EVO(¢(x, z)) contains all permutations of {x,y, z,t} where {x, z}
come before {y,t}.

Proposition A.8. For any FAQ-SS query ¢ without free variables, we have fagw(p) = fhtw(H), where H is the
hypergraph of H.

Proof. In this case, EVO(p) contains all n! possible orderings. By Proposition A.6, for every tree decomposition
(T, x), there is an ordering ¢’ such that faqw(c’) < fhtw((T,x)). By Proposition A.5, for every ordering o', there is
a tree decomposition (7', x) such that fhtw((T, x)) = faqw(c’). Therefore, we have

min fagqw(¢’) = min fhtw((T,x)).
o cin  faq (o") mnin (T, x))

O

5To achieve this runtime, we need some additional ideas that are beyond the scope of this very brief introduction to FAQ.
See [6] for more details.




Proposition A.9. For any FAQ-SS query ¢ with f > 1 free variables, we have faqw(yp) < fhtw(H) + f — 1, where
H is the hypergraph of H.

Proof. Find a tree decomposition (T, x) of H with minimal fhtw, i.e. where fhtw((T,x)) = fhtw(H). WLOG let the
f free variables be v1,...,vy. Construct another tree decomposition (T',%) by extending all bags x(t) of (T, x) with
the variables {vq,...,vs}, i.e. by defining X(t) := x(t) U {va,...,vs} for all t. By Definition 7, (T,%) is indeed a
tree decomposition. And because p* (x(¢) U {ve,...,vs}) < p*(x(¢)) + f — 1, we have

thtw((T,%)) < fhtw((T,x)) + f — 1.

Moreover, since (T, x) must have a bag x(¢*) that contains vy, the corresponding bag X(t*) of (T,%) contains all
the free variables {v1,...,vy}. We designate t* as the root of T', and then we run GYO elimination procedure [3]
on the bags X(t) of (T,X) to construct a vertex ordering o’ with faqw(c’) < fhtw((7,%)). Moreover, if we choose
to eliminate the vertices of the root t* at the end of GYO elimination (after all other vertices have already been
eliminated), we can make the free variables {vi,...,vs} appear before all other variables in ¢’, thus making sure
that ¢’ is indeed in EVO(p) and completing the proof. In particular, we apply GYO elimination as follows:

e If the tree T contains only one node t*:
— We eliminate vertices in X(t*) — {v1,...,vs} before eliminating {v1,...,vy}.
— We remove t* from T, thus making T an empty tree.

e Otherwise, we pick a leaf node t of T (other than the root ¢*). Let ¢ be the parent of ¢ in T"
— If x(¢t) C x(¢'), then we remove node ¢ from T along with the associated bag X(t).

— Otherwise, X(¢) must have a vertex u that is not in X(¢'). (Hence, by property (b) of Definition 7, u is not
in x(¢") for all ¢/ in T other than ¢.)

* If u is the only vertex in Y(¢), then we remove node ¢ from T along with the associated bag X(t).
% Otherwise, we remove v from X(t).

e We repeat the above steps until T' becomes an empty tree.

O
B. MISSING DETAILS FROM SECTION 3
Proof of Theorem 3.1. We start with point evaluation:
1 1
3D > (9(0),h(x)) —y)* = D] Y (9(0),h(x))* = 2y (9(6), h(x)) + )
(x,y)eD (x,y)eD
_ L u TVa() — L 1 2
= 3D] > 9(8) (h(x)h(x)")g(6) <g(9), D] > yh(X)> T3] y
(x,y)eD (x,y)eD (x,y)eD
=200 [ 5 S AR | 9(0) — (9(6).¢) + T
29 D] g g\v), 9
(xy)eD
1 s

= 59(60)"9(0) — (9(6),¢) + -
The gradient formula follows straightforwardly from (11) and the chain rule. O
Proof of Corollary 3.2. From (13) we have

J(8) — J(6 —ad) — %eTzo _ %(9 —ad)TE(0 - ad) — (8,¢) + (6 — ad,c) + % 1| - g 16 — ad|?
2
- %eTze - % (oTze — 2007 d + anTzd) —a(d,c)+ Ao (0,d) — A% |d|
2 2
= a'zd- %dTEd —a(d,c) + Ao (0,d) — A% a3
O

Proof of Proposition 3.4. For any event E, let dp denote the Kronecker delta, i.e. g = 1 if E holds, and dp = 0
otherwise. Recall that the input query @ has hypergraph H = (V, ), and there is an input relation R for every



hyperedge F' € £. Recall that we can write o;; in the tensor form as shown in Eq. (18). Plugging in the definition
of h; and h; from (4); and, let C;; := C; UC; and V;; = V; UV}, we have

1 @ s
7 = Tp > JUfl(f)Jr o X x5 © Q) xs-

(x,y)GD fEVij—Cij fieC; ijCj

As illustrated in Example 12, the tensor ) fec, Xf® X fec; Xf is very sparse. For a fixed tuple x, in fact, the tensor
has only one 1 entry, corresponding to the combination of values of the attributes in C;;. Hence, o;; is a function
of the variables Cj;. In the FAQ-framework, the query representing o;; can be expressed as a Sum-Product queries
with free (i.e., group-by) variables C;;, defined by:

1 ai(f)+a; (f
o(Cij) = D] > I = (tesD). I 67 e (62)

Jif/if,EV—Cij fEVy;j—CU Fe&

Similarly, the tensor c; can be sparsely represented by an aggregate query with group-by attributes Cj, which is
expressed as the Sum-Product query

so(@-)zﬁ T | L | E. (63)

@i f'eV—C;  feV;—C; Feg

The overall runtimes for computing the above FAQ-queries follow from applying the InsideOut algorithm and Theo-
rem A.7 [6]. O

Proof of Proposition 3.5. The fact that faqw(i, j) < fhtw+c—1 follows from Proposition A.9. Since o;; is a tensor of
order at most ¢, and each attribute’s active domain has size at most N, it follows that |o;;| < N°. And, |oy;| < |D|
because the support of the tensor o;; cannot be more than the output size.

Fix a query @ with p* > fhtw + ¢ — 1 > ¢. Consider a database instance I for which |D| (the output size of
Q) is ©(N*"). (The existence of such database instances is guaranteed by Theorem A.4.) From this (20) follows
trivially. O

Proof of Proposition 3.6. We first analyze the time it takes to compute expression (11), which is dominated by
the quadratic form g(8)"Xg(6). To compute this quadratic form, for every pair i,j € [m] we need to compute
9i(0)T;;g;(6). This product is broken up into a sum of ¢;t; terms when we expand g; and g; out. Each of those
terms is computed in time O(d;d;|o;;]). The runtime for computing (12) is analyzed similarly. O

C. MISSING DETAILS FROM SECTION 4

Figure 1: Groups of simple FDs. G =G, U --- U G.
In the proofs below, for each feature w € V, I, denote the identity matrix whose dimension is the size of the
effective domain of w. This is not to be confused with the notation I,, which is an order-n identity matrix.

C.1 Missing rewriting steps in the example in Section 4.1
We first show that Ocountry = (Tcountry + RRT)_lR’Ycity = R(Iay + RTR)_l"ycity. By setting (27) to 0, we infer
Ocountry = (Tcountry + RRT)_lR'ydty. To prove Ocountry = R(Leity + R—'—R)_I'ydty7 it is sufficient to show the identity

(Leounty + RRT) 'R = R(Ieyy + RTR) ™%



To see this, multiply both sides on the left by (Icountry + RR") and on the right by (Teiey + RR)), we obtain
(Icountry + RRT)(Icountry + RRT)ilR(Icity + RTR) = (Icountry + RRT)R(Icity + RTR)71 (Icity + RTR)

which is equivalent to R+ RRTR =R + RR'R.
We next show how to get the penalty form in the rewritten loss function:

1 — A _
J(0) = 3D Z (@(’Y)a h(X)> —y)?+ 3 Z H%H; + <(Icity +R'R) 1’Ycity7’Ycity>
Dl (x,y)€D jcity

We start by replacing Ocountry = R(Leity + RTR)’l’ycity in the following sum in the original penalty term:
(Zj#ity H'ysz + H’ycity — RTGCountrsz + Hacount,yH;). We are only concerned with the last two terms in the sum-

. . 2 2 _
mation, since they refer to Ocountry. We show that H'ycity — RTHCOUMWHQ + ||0c0untry||2 = <(Idty + RTR) 1fycity, 7city>.
For the sake of brevity, define B = Ly, + RTR so that Ocountry = RB’l'ycity. Note that B is symmetric and thus

its inverse is also symmetric: B~! = B-1". We rewrite the expression inside the £o-norm in the first term as follows:
Yeity — RTBCOU"'CW = Yeity — RTR(ICH:Y + RTR)ilvcity = Yty — (Icity - Icity + RTR) (Icity + RTR)ilpycity
= Yty — (B - ICity)Bil’Ycity = Yeity — BBilﬂYcity + Bil’)’city = Bil’}lcity'
We now rewrite the second term as follows:
_ 2 _ _ _ _ _ _
||RB 1’YcityH2 = <RB 17city7RB 1'-Ycity> = <(RB 1)TRB 17city57city> = <B 1RTRB 17city77city>
= <B_1<B - ICity)B_l’ycity’7city> = <(B_1BB_1 - B_2)7city77city> = <(B_1 - B_2)7city7’7city>
= <B_17city77city> - <B_27citya7city> = <B_1’Ycityﬂ7city> - <B_17city7B_17city>
_ _ 2
= <B 176ity’7city> - HB 1’YcityHQ'
Putting together the two rewritings and we obtain the desired identity:
2 2 _ 2 _ _ 2 _
H’YCIty - RTGCO“”"YHQ + ||0C0Uﬂtl’yH2 = ||B 17city||2 + <B 17city77city> - ||B 17cityH2 = <B 17city77city>
= <(Icity + RTR)_l'Ycity» 7city> .

C.2 Proof of Theorem 4.1

Proof. We start by breaking the loss term into two parts

O,h(x) = Y (Baha(x) = Y (0a,x%*)+ Y (0a,x%%)

lav|l,<d llav |l <d llav|l,<d
llacl,=0 llagll,>0

and rewrite the second part:

> (0a,x%%) (64)

Havlhﬁd

llagll; >0

= Y (faxgTexg) (65)
llav ||, <d

llagll; >0

- 3 (oo @) -
Jav [, <d i<l

llac|l, >0 ZC>(1)

-y (oo @ @rox) o
lav |, <d iclk] ceGy

lagll; >0 lag, ||, >0 %0



= > <9a7x®a"® X | * R xfz-> (68)

llav I, <d sl ocSi
lac >0 |

- Z <Oa, ®Iw® ® * R, x%a@@ ® X§, > (69)

llav |, <d wel i€l A ie[k]
lag|l,>0 @y >0 | i |
.

- (@1 @ an| o ® u) m
lavi,<d \ | wea ielk] ¢G5

lagll, >0 Ay >0

= > Z > (QLe@ * R 0<af,1m>,x?aa®®><fi (71)
||a = (K] UeU(T.q) \ wed ier “EUNG: ‘ N ier

(q;< O<|T|<d q aw>0

Raﬁ*U defined in (30)

Z Z < Z RZ@,Ue(aé,lmc)’X%aa ® ®quz> (72)

||aG|| =q Clk] UeU(T,q) €T
q<d 0<|T|Sd q

7(8‘6’1FT\F)

Z Z <7<aG,1FTF>, e ®be> (73)
||ac|| =q €T
q<d

= 2 <’Yb§’ X§b§> ' 74)

||b§||1§d

0<|T|<d q

The equality at (71) is a bit loaded. What goes on there is that we broke the sum over ay for which [lay|; < d
and [lag||; > 0 into a nested triple sums. First of all, in order for |[ag||; > 0, obviously |lag||, < d must hold, so we
group by those tuples first. The remaining mass |lag||, can only be at most d — ||ag||, = d — ¢. Since all features
in G are categorical, from the above analysis we have ag = (ag)gec € {0,1}%, i.e., ag is a characteristic vector of
asubset U C G. Let T = {i | U; # 0}. Then, in the second summation we group U by T. The third summation
ranges over all choices of U NGy, i € T, for which the total mass is at most d — ¢g. (Recall the definition of U(T', q)
n (28).

1\(Tex)t,)in (72) we perform the reparameterization. Recall that 1p,|p is the characteristic vector of the set Fr :=
{fi }ier in the collection F' = {f1,..., fi}. The new parameter Y(ag 1y ) is indexed by the tuple (ag, 15, |r) whose

support is GUF = §, i.e., the set of all features except for the ones functionally determined by features in F. After
the reparameterization, the loss term is identical to the loss term of a PR? model whose features are S. This explains
the collapsed pair (g, h) used in the theorem.

Next, we explore the new parameter and how it affects the penalty term. Consider a fixed pair ag and T' C []
such that 7' # 0 and |lag||, + |T'| < d. The last condition is implicit for the set U to exist for which U N G; # 0 and
lagll, + U] < d. Among all choices of U, we single out U = Fr and write

_ T _ T
Py(aﬁ’lFT\F) - Z R367U0(3671U|G) - 0(36»1FT|G) + Z Raa,Ue(aalU\G)'
Uca FrAUCG
UNG; #0,VieT UNG,;#0,VieT
||ag]|, +1UI<d ||aG|| 1U|<d

Now we are ready to write the penalty term H0||§ in terms of the new parameter v and some “left-over” components

of 4.
ol = > 1l6al;

llav |, <d



= D 18alz+ > l6ayl;

lav [l <d llav|,<d
llagll;=0 lagll,>0
2 2
= § ||0avH2Jr E E : E : He(aavlmc) 5
lav |, <d Haénlzq TC[k] UeU(T,q)
llag|l,=0 g<d O0<ITI<d—q

2

= Z H7b5 Z Z Hg(aé’lFTlG)Q_F Z He(a@lmc)

b=|| <d = W EU(T,q)
|||\b1~S*Hi;0 Ha?ﬂd q0<|T|<d q W#Fr

3]

= Z Z Z W(aﬁvlFT\F) - Z RZ@UO(a@lmG)

b=l <d UeU(T,q)
”,;H;O = fl’ﬂ O<|T|<d q U+#Fr )

+ Z Z Z Ha(aclwwc)

TCk] Wel(T,q)
Y o<|T|<d—q WFz

llazl,=
q<d

Next, for every W € U(T,q) — {Fr}, we optimize out the parameter 0(ag 1) Py noting that the new loss term
does not depend on these parameters. Thus:

L T
§W = begawic) = Ragw TVag e r) — Z RaérUe(aéﬁlU\G)

U#Fr

= 9(3671W\G) - Raéawg(aavlFT\c)'

Setting this partial derivative to 0, we obtain e(a@lw‘ o) = Raé,we(a@hﬂ «)» Which leads to
T
0(8611FT\G) = 7(3671FT|F) - Z RaG,UB(aéJ-U\G)

U#Fr

-
= 7(36»1FT|F) - Z RaévURaEaUa(aéxlFT\G)'
UeU(T,||ag]|,)
U#Fr

Moving and grouping, we obtain

T
RLoQLi+ > ReoRagu | Olagirio) = Vagien:

ge@ €T UeU(T,||ag|[,)
ag>0 U+#Fr

The matrix on the left can be completely factorized, as follows:

RLeo@I,+ > R yRav

oG T veufagl,)
ag>0 U+4Frp

_ T
- Z RanURaG’
Ueu

- ) RLe® * R RLe2® * R

wel@ ieT ceUNG; wel@ ieT ceUNG,;

Ay >0 Ay >0




- T
- Y | Que®| x r| ||[Q@ue® * wr
UGZ/((T,Hagul) w€>§0 ieT LceUNG; w€>§0 ieT ceUNG;
r 4T
Qe ¥ (@ ar]) (@ x)
—_ . LeceUNG; ] . ceUNG;
wel UeU(T,||ag]|,) \i€T €T
ayw>0 1
- 4T
= Iw® * RC |: * R(':|
@ z <®; LceUNG; i ceUNG;
weG  UeU(|lagl|,) Vi€
A >0
- 4T
= Iw® * Rc |: * Rc:l
@ @ Z < LceUNG; i ceUNG;
awe>% g Ueu(T,||a5||1)
B defined in (29
7 o], .
= @ L @ QB ay]| .
weé €T
Aqy >0

Consequently, we can completely optimize out the remaining @-components, solving for them in terms of the com-
ponents of ~:

_ -1
0(35,1FT\G) - ® L, ® ®BT7||a§| 7(35’1FT\F)

1

weé €T
ayw>0
e(aaalU\G) = R367U0(3671FT\G)

-1
Razu ® Ly ®®BT,Ha§H1,i Vag1rpr)

weG €T
Ay >0
—1
= RLo * R & Iw®®BT’”aaH i | Yagene
wel ieT € ‘ weqd €T !
>0 y>0
—1
= ® I“’®® * R BT l|lac]|, i Viaglrpr)
el ieT LeEUNG: el .
w
Ay >0

Since B, lag ] i is a symmetric matrix, so is its inverse. For every U € U(T) ||ag]|,), we simplify the norm:
: iy
2
Ha(a@lwc) 5
2
- —1
|| ®@re®| w5 e
weG ieT ‘
>0 2
_ —1 -1
B < ® fw @ ® LG%G.RC] BT) ag| i Vg tepie) ® T ®® [ce(‘]Ar'wG.Rc} BT’”aé”l,i 7(aG’1FTF)>
weG i€T i weG ier '

aw >0 ayw>0



= I, ® { ]B_l L, ® [ }B‘ Y(as Y an
< i@t o] | @I A B Bragl i | Yo tenie Vg e
Ay >0 .y, >0
T
= Iw® B_ |: * Rc:| Iw® |: :| . | Ya~ » Y (as
< % @ TllaG” * Leeuna: g ;8; c€UNG; T||"‘E||1’Z (eglrpir) Hagter r)
Ay >0 Ay >0
T
= L, X) B * RC] * RC} B! _ _ Y an .
< ® ® T”aG” K |:c€UﬁGi lccUNG; T,”aaHlJ ’Y(aGs]-FT\F) ’y(acalFT\F)
U}€>% €T

Thus, for a fixed T' and ag with ||ag][, = ¢, we have

2

Z ‘a(anU\G) 5

veur Jlag),)

T
_ —1
= Z < ® Iw ® ®BTq i |: * Rc:| |: * Rc:| Bqu’,L' ’7(aG’1FT|F)7’7(aG"1FT|F)>

UeU(T,q) we>GO €T €eUNG; ceUNG;
T
= -1
_< ® b ®®BT‘” Z { U*'G RC] [ [}"G RC} BT,q,z‘ 'V(aG,lpr)7’Y(aG,1FTF)>
wed i€T Uel(T,q) VN ceUNG;
Ay >0
= < ® Iw ® ®BTq 7,BT q,t Tq7 ’Y(aG’lFTF))’Y(acvlFTF)>
welG €T
aw>0
= < ® Iw ®®Bqu 7(ac,1FTF)a7(aG71FTF)>.
weG i€T

Ay >0

We next write ||9||§ in terms of the new parameter ~:

ol = > 1l6al

llav |, <d
2 2
= Z ||9av||2+ Z ||0avH2
llav |, <d llav ||, <d
HaGH1=0 ”aGH1>O
2
= Z Heav”Q Z Z Z He(ac 1uie)
lav-[|, <d [ GH =q C[k] U€eU(T,q)
llagl;=0 q<d 0<|T|<d q

. DS < QLo @57, ><>>

bs||. <d —| = TC[k] cG i€T
Hbi”i;o Ha;’ﬂé Y o<iTl<d—q >0



O
C.3 Alternative to Corollary 3.2

One big advantage of a linear model in terms of BGD is Corollary 3.2, where we do not have to redo point-
evaluation for every backtracking step. After the reparameterization exploiting FD-based dimensionality reduction,
Corollary 3.2 does not work as is, because we have changed the penalty terms. However, it is easy to work out a
similar result in terms of the new parameter space; see The point of the following proposition is that we only need
to compute intermediate results involving the covariance matrix ¥ once while backtracking. For each new value of
a, we will need to recompute the penalty’s objective Q(y — ad), which is an inexpensive operation. If A = 0, we can
even solve for a directly.

Proposition C.1. With respect to the new parameters (and new objective J defined in (31)), the Armijo condition
JA)—J(y—ad) <2 ||d||§ is equivalent to

a (2’7de —adXd - 2(d,e) — ||d\|§) +A0(7)) < AQ(y — ad),

where d = V.J(v). Furthermore, the next gradient of J is also readily available:

OJ(y—ad) o A[(0Qy—ad) 9Qv)
v d—aXd+ 5 ( oy o )

Proof. Let d = V.J(v). Then,

J(y) = J(y —ad) = %’ny’Y - %(7 —ad)Z(y — ad) + (v — ad, ) + %(6(7) ~ Oy — ad))
C oS a;did 0 (d.@) + (@) - 0y - ad)).

O

C.4 Specializing Theorem 4.1 to the LR model

This section specializes Theorem 4.1 to the LR-model. Let us first specialize expressions (28), (29), and (30). We
start with (28). Since d = 1, the only valid choice of ¢ is 0, and |T'| = 1. If T' = {j}, then U € U(T, q) ift U = {c} for
some ¢ € G;. In other words, we can replace U(T, q) by G; itself. Next, consider (30): there is only one valid choice
of ag — the all 0 vector — and U = {c} for some c € G, the matrix Ra_ v is ezactly R.. Lastly, when T' = {j} the

sum (29) becomes ¢ R/ R.. We have the following corollary:

Corollary C.2. Consider a LR model with parameters 8 = (0,)wev and k groups of simple FDs G; = {f;} U S,
i € [k]. Define the following reparameterization:
_ 0w weV— G,
v TS, RI6. weF.

Then, minimizing J(0) is equivalent to minimizing the function J(v) := 3y 5y — (v,€) + %Q(’y), where Q(7) :=

2 owe\G ||'yw||§ + Zle (B;'4,,71, ), and matriz B; for each i € [k] is given by

B;:= ) R/R.. (75)
ceG,

J is defined with respect to the FD-reduced pair of functions g, h and a reduced parameter space of . Its gradient
is very simple to compute, where we specialize (32):

10Q0v) _ e weV -G,
2 0y, \Bj'v;, weF
Moreover, once a minimizer v of J is obtained, following (33), we can compute a minimizer 8 of J by setting

Y weV\G,
0, = 1 .
R,B; v, weGiiclk]

(76)



C.5 Specializing Theorem 4.1 to the PR* model

In this section we explores Theorem 4.1 for the special case of degree-2 polynomial regression. This case is
significant for three reasons. First, due to the explosion in the number of parameters, in practice one rarely runs
polynomial regression of degree higher than 2. In fact, PR? may be a sufficiently rich nonlinear regression model
for many real-world applications. Second, this is technically already a highly non-trivial application of our general
theorem. Third, this case shares some commonality with Fa I\/Ia,% model to be described in the next section.

As before, we first specialize expressions (28), (29), and (30). To do so, we change the indexing scheme of the
model a bit. In the general model, we use a with ||al|; < d to index parameters. When the model is of degree 2, we
explicitly write down the two types of indices: we use 6,,, w € V instead of 8, with ||a||, =1, and we use 0, with
c,w € V instead of 8, when [Jal|, = 2.

We start with (28). Since d = 2, two valid choices of ¢ are 0 and 1.

e when ¢ =1, |T| = {i} for some ¢ € [k]. The set U({i}, 1) is the collection of singleton subsets of G;. Hence, this
is similar to the linear regression situation.

e when ¢ =0, |T| is either {i} or {7,j}. The set U({i,j},0) consists of all 2-subsets U of G for which U contains
one element from G; and one from G;. The set U({:},0) contains all singletons and 2-subsets of G;.

From this analysis, we can write down (29) explicitly (also recall the definition of B; in (75)):

By = Z R R, =B,

ceqG,
B0 =B
B{ij105 =Bj
Bijo= Y R/Rc+ Y (RexRy)T(RoxRy).
ceqG, {c’t}e(ii)

Next, consider (30): there are two valid choices for the pair (ag, U):

e when |agz||, =0, U e U({i,5},0) or U € U({:},0). In that case, we have
Glh

Ry ey = Re ® Ry (c,;t) € G; x G

Ry} = Re ceG;
G;

Ry (ery =Rex Ry {c,t} € < ) >

e when |lag||, =1, U € U({i},0) for some i € [k]; and in this case we use w € G to represent ag (a, > 0):
Rw,{c} =1, ® Re.
Corollary C.3. Consider the PR?* model with k groups of simple FDs G; = {f;} U S;, i € [k]. Let
6= ((ew)we\/a (ch)c,wEU)

be the original parameters, and G = U;cr)Gi. Define the following reparameterization:

0., weV\G
Yo=Y RO+ > (RxR)T0. [ (77)
ceqG, {C7t}E(C;i)
(2 {t,w} CV\G
> (L, @R[ )Bue t=fiwé¢ G
Viw = { €F (78)
Z (RexRy) 6.0 {tiﬁ}e{{%]gj.h

(e,¢')EG; X Gy



Then, minimizing J(8) is equivalent to minimizing the function J(v) := 1y T3y — (v,€) + %Q(’y), where

k
2 2 —
Q) = 3 Ivulls + 3 Ivald + 3 (BG o750
w¢G c¢G i=1
t¢G
+ Z <(Iw ®Bi_17wfia7wfi>
i€[k]
w¢G
+ Z <B7*1 ® ijl,.),fifj7'yfifj> .
ije([’;])

The gradient of .J is very simple to compute, by noticing that J is defined with respect to the FD-reduced pair of
functions g, h and a reduced parameter space of 4. Its gradient can be computed by specializing (32):

10209) _ 7w w¢ G 79)
207, B w=i

Y tw {ta w} N {fz ]'C:I = @
1090 v
1090 _ ) 1, @B Yy = fowd G (80)
2 87tw

(B;'® B;1)7fifj {t,w} = {fi, f;}-
Moreover, once a minimizer v of .J is obtained, following (33), we can compute a minimizer 8 of J by setting

aw_{'yw weV\G

RwB{_é,o'Yfi w € Gy, € [k]

_ G;
0t = (RexRe)By;) o7y, Vi 1) € <2>

0. _ [Yew weV\G
T (T @ ReB; vy, € Giw ¢ Gi € [k]

0.0 = (RB; ' @ RB; vy g, (e,) € Gy x Gy
C.6 Proofs of results in Section 4.4

Proof of Theorem 4.2. We begin with a similar derivation, whereby “relevant terms” of (g(@), h(x)) are the terms
where h contains a feature ¢ € F; for some i € [k]:

relevant terms of (g(0), h(x))

= > (Oex)+ > <0§‘)®0§“,xc®xt>+ 3 Z<0§“®9§”,xc®xt>+z<0£f>®9§f),xc®xw>

i i s 7
teir] Le(r] L€(r]
= ) (6,Rexp)+ Y <9§e) © 0" Rox;, ® RtXfi>
cEF; c, Fy
i€[k] { z};k(]?)
Le(r]
+ Y > (8996 Rexy @ Rxy, ) + Y (00 @ 00, Roxy, @ %, )
se@ick <
@E[?j] wg’éﬁ
Le(r]
= Y Rlo.x)+ Y (RI6V @R[6 x; @xy)
= (%)



+ > Z<RZG£€)®RIOED,xh®XL> Z<RT0<£)®0§f),xﬁ®xw>

iie () (e il
Lelr] w¢F
Le[r]
= Y (RI6ex;)+ Y. (RI6VoRT6 x,)
ceF; c Fy
i€[k] { :}eTIS]2)
Le(r]
- <z R0 & Y R0 x, ®ij> Ly <z RT60 0 00 x, @xw>
i [k] ceF; tGF} ie[k] ceF;
ie('s) I
eelr] %[r]
k
SDIOSLED ol ot W R L
i=1 \c€eF; =1 {c, t}e( )
'Yfi
3 <Z R/ 0" 2> R/ 6 xy, ®xf7> +) <Z R0 269 x;, ®Xw>
sic(E) \ceF; teF; iclk] \ceF;
s<(f) GNF
Le(r] 'Y(f? 'Y(f’,) Lefr] ,Y(f?
k
4
= Z<’Yf¢7xfl + Z < ®7f » X f; ®ng> Z <7§"L)®0(u€)’xf1 ®Xw>'
i=1 (1) ic (k]
‘e [r] ewg[f]

The above derivation immediately yields the reparameterization given in the statement of the theorem, which we
reproduce here for the sake of clarity:

ow w%F
Yw = 105+ Y RI0.+B; w=fiiclkl.
ceS;
(©) 0., w & {fi,.-, fr}
Yw P10 T ) .
0+ .cs, RO w=fii€lk].

Note that we did not define «,, for w € S;, i € [k]. The reason we can do so, is because we can optimize out 6. due

to the following trick we have been using (as in the proof of Theorem 4.1). First, we rewrite all the terms in ||0||3
in terms of v and 0., ¢ € S;, i € [k]:

k T
1615 ="> " 16ullz+>_ > l6cdla+>" > \

w¢F i=1teF; =1 w&{f1,...fr}
k T 2
=Y Il + XY led+> Y HMH - ZZ He
w¢F i=1teF; (=1 wi{fl,...,fk

> Il + Z

w¢F

vy - > R/ 7&“

ceS;

v - > RJ6.-8;,

ceS;

+ZZ||et||§+i > el

5 i=1teS; =1 we{f1,....fn}




Since 04,t € S;, does not depend on the loss term, we have

10J - ‘
iaietzatth PYfi*CEZSYRCOC*ﬁfi wesi,le[k}]’ (81)

Gf.

i

By setting (81) to 0, we have 8; = R0y, for all t € F;, and thus

05, =78 ZRjec_ﬂfi =71 ZRIRCefi _ﬁfi’

ceS; ceS;
which implies 8¢, = B, Yy 7, — By,). Hence, the following always holds:
6. =R,B; (v, — B;,), Vt € F,i € [k].
Note also that,

Yoy = Y IRB; vy, - 81

teF; teF;
= Z <R:RtB;1(7fi _IBfi)7B;1('7fi —B))
teF;
= <<ZR Rt) Yvy, = Br) B (v, —ﬁfi)>
(EF;

= (BiB; (v, — B4,). B (v, = By)
= ((v, = B1). B (g, = By) -

Due to the fact that 6%) = 'y%) — ZCGS.; R;r'yg), we can now write the penalty term in terms of the new parameter
~:

k I
1013 =" a3+ 3D 83 +> > [+ +ZZH
weF i=1 teF; =1 we{f1,...fu}
. 2
= ZII'YMIIQJFZ(’M BBl (v, =B )+ Y HW)H +ZZ v =Y RO
w¢F =1 w&{f1,....fr} ceS; 2
0

Proof of Proposition 4.5. The goal is to derive the gradient of () w.r.t the parameters «. Since B, is a function
of vV, v e [r], ¢ € F;, the following is immediate:

10]l0ll; {vw, w¢ F

2 a’Yw Bz_l(PYfl_IBf,) w:flvle[k]
1963
3 8'71(5) Yoos w ¢ Fle|[r].

Next, we have to simplify By, to facilitate fast computation:

r

By, = > Y RI6YoR/6)
=1 {ere()

= Y [Rj6Ve S RIOO+ Y RIOVoRT6)
=1 ceS; {C7t}€(s2i)



= |07 RO+ > RI6VoR/[6)

—1 I c€S; {C’t}e(szi)
_ (712 S R/ 6" ) o> RI6+ 3T RI6VoR[0f
=1 tes; ceS; {etre(F)

= > | e R -3 D RIGVoRIOY - 3T RI6MoR/6)
/=1 ceS; teS; ceS; {c7t}€(52i)

3

3

= oS ROV - S R0 oR] 0"~ S Rl oR[6
/=1 ceS; tesS; {c,t}e(i’i)

3

= 7o Y RI6Y -3 RI(67007)— Y RI0VoR]6
S = (ee(3)

3

£ ¢
= Yo STRIAY -SRI o) - Y RIAV R/
=1 ceS; tesS; {C7t}6(521‘)

~

Next, we derive the partial derivative w.r.t. f) for a fixed i € [k], £ € [r]; in this computation we make use of (43)
above:

_ o _ 0]
18”0”3 _ 18<(7fi_ﬁfi)7Bi 1(7f1 /Bf )> 41 18H’7fz‘ ZCGSi Rc Ye ‘2
2oy 2 oy, 2 oy,
- ¢
= <Z DIAG(RI’YE“)) B (B, — ;) 7Y = D RIAO
cES; c€S;
¢
= 752) ZRC% <Z R,/ ~! > vy, = By)
ceS; ceS.
50 50
2
_ 0 50 s (L]0
’Yfz 2 7 o (2 8'7]7
Lastly, we move on to the partial derivative w.r.t. 'y ) for a fixed i € k], weS;, Ler]:
(0 _ © _ 0|
18”0”; _ lava HQ +18<(7f7:7ﬂf7’) 1(7f,;*ﬁf7;)> +18H7fi ZCES Rc Ye ’2
2 a’}%(f) 2 a,ygf) 2 a,y(e) 2 a,y(e)
= 7 + Ry (Z DIAG(RZv&“)) B, (B, —vs) +Ru (Z R~y - f,)>
ceF; ceS
2
) © 50 10]6]; © _ ®
0 4R (o +0) o (120785 s (60 )
2 2
) o _(10]6]]; o (19]6l5 ©
7w +Rw ’Y.O + 61 o _— +6’L _fY
2 2
_ o 0, (2 an%) (1 a|e||2>
’yw +Rw ’7 l. o a - =
! (2 0y, 2 910



Gl a|6||2 Gl
In particular, we were able to reuse the computation of % a” (Uf nd l H’r l2 ¢, compute 3 1 a” I
fi ’Y

There is, however,

still one complicated term 3y, left to compute. We simplify B 7, to make its evaluation faster as follows.

14 4 £)
B, = 7Y RV -SRI(7on") = 3 RI4VoR A

=1 i cEeS; teS; {c,t}e( 2)
= Z Z Rc 76 Z RT (f) Z Z Rc ’Yc T gé)
(=1 L cE€S; teS CES teS;

¢ ¢ 1 ¢
vy o D RIAY - ZRZ('YE)O%(&))_gZR:'Yg) oY R/~

|
]~

=1 ceS; tESi ceS; tes;
— —
55“
N (© 5 560 T Lo 50
— Z 0d; ZR o’yt )—551- o5i]
(=1 L tES

3

o 1 @ ¢ ¢
= (75%)261('))061(') ZRT ()o'yt))].

=119 tES

o~

This completes the proof. O

D. DIAGRAMS

D.1 In-database vs. Out-of-database learning: High-level diagram

Figure 2 depicts the high-level differences between a typical out-of-database learning setting and our in-database
learning approach.

e In out-of-database learning (the red part of the diagram), a feature extraction query is issued to the database
engine which computes, materializes and exports the output table. Depending on the chosen data model, the
output table is then fed into an appropriate machine learning tool that learns and outputs the best model
parameters 0.

e In our in-database learning framework (the green part), we have a unified model formulation that subsumes
many commonly-used models: Choosing a specific model reduces mainly to choosing a function h of the features
and a function g of the model parameters. The function h, the feature extraction query, and the input tables
are all fed into a factorization-based query optimizer, which computes a relatively small “digest” in the form of
a matrix 3 and a vector ¢. Only this small digest along with the function g are needed by the gradient-descent
trainer to carry out all iterations of gradient-descent and compute 6%, without ever having to go back to the
original data tables.

D.2 In-database vs. Out-of-database learning: Low-level diagram

Figure 3 reveals more details about some of the key ideas behind the performance improvements of our framework

over out-of-database learning.

e In out-of-database learning, the database engine takes the input tables (of size < N) and joins them into a
potentially much larger output table of size |D|, which might in turn get blown up even more inside the machine
learning tool!

e In our framework, the input query, the data tables, and function h are first translated into a language that is
suitable for aggregate query specification and optimization, which is the language of FAQ [6]. In particular, each
entry o, ; (and ¢;) of our target matrix 3 (and vector ¢) is expressed as the answer to an FAQ query ¢(*/) (or

). All those queries are fed into an FAQ query optimizer. The optimizer factorizes each query (7 into
small sub-queries 4,0((1 ), go(z & ), apgw ), ... and solves them individually. Each sub-query results in a table of size

< Nfeaw which can be much smaller than the size of the output table D. By solving the FAQ queries ¢(*7) we
obtain 3 and ¢, which are all that is needed for gradient-descent. .. For more details, see Section 3.
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Figure 2: In-database vs. Out-of-database learning: High-level diagram. (See Section D.1.)

D.3 FD-aware in-database learning

Figure 4 depicts (in blue) the enhancements that we introduce to our framework in order to take advantage of
FDs in the input database instance and reduce our previous runtime even further (but still compute the same 8™ as
before).

e As explained earlier, computing each entry of the matrix ¥ and of the vector ¢ requires solving an FAQ query.
However, by utilizing functional dependencies we can filter out many of those entries as unneeded for later
stages, thus significantly reducing the number of FAQ queries that we have to solve. After the filtering process,
Y and ¢ shrink down to X and €, which we compute and feed to gradient-descent (GD). We also filter the
function g down to g and feed the latter to GD. Now, we run GD in the space of 4 (instead of the original
higher-dimensional space of 8). During each iteration of GD, in order to compute the objective function J()
and its gradient V.J(), we need to use the matrices R that represent the functional dependencies. And after
GD finishes, we have to convert the resulting optimal solution 4* back into the original space to get 8*. Such
conversion also requires the FD-matrices R. For more details, see Section 4.
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