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Abstract

Although database systems perform well in data access and manipulation, their relational model hinders data scientists
from formulating machine learning algorithms in SQL. Nevertheless, we argue that modern database systems perform
well for machine learning algorithms expressed in relational algebra. To overcome the barrier of the relational model, this
paper shows how to transform data into a coordinate relational representation for training neural networks in SQL: We frst
describe building blocks for data transformation, model training and inference in SQL-92 and their counterparts using an
extended array data type. Then, we compare the implementation for model training and inference using array data types
to the one using a coordinate relational representation in SQL-92 only. The evaluation in terms of runtime and memory
consumption proves the suitability of modern database systems for matrix algebra, although specialised array data types
perform better than matrices in coordinate relational representation.

Keywords SQL-92 - Neural Networks - Automatic Differentiation - In-Memory Database Systems - Machine Learning

1 Introduction

Modern database systems generate code to achieve a nearly
hard-coded performance. In pipelined processing, code-
generation eliminates interpreted function calls, so that the
generated machine code processes data in-place of CPU
registers. Together with modern hardware trends leading to
a performance increase of database servers, code-generation
allows database systems to take over more complex com-
putations. One example for complex computations is the
emergence of machine learning [8] to solve several tasks
such as image classifcation or even replacing database
system’s components [17, 24]. These tasks rarely happen
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within database systems but in external tools [33, 47] re-
quiring the data to be extracted from database systems [27].
Thus, current research mostly focuses on eliminating the
extraction process [44, 49] and developing systems that
combine data management and machine learning [31].
In contrast, in the paper, we argue that code generation
allows database systems to perform well for machine learn-
ing when training neural networks [48] based on matrix
algebra in SQL only [2, 6].

In a previous study, we stated that training neural net-
works in SQL is possible as long as the database system
provides an array data type and recursive tables for gradi-
ent descent [41]. However, the use of an array as a nested
data type interferes with the frst normal form (referring
to the defnition of arrays as a non-atomic data type) and
requires copying the data between operations. Instead, to
process data in-place of CPU registers, we suggested an
array backend for code-generating database systems [38],
which stores matrices in a coordinate relational represen-
tation (cf. Fig. 1). The coordinate relational representation
stores matrices in normal form with the indices and the el-
ements as table attributes [39]. In a vision paper, Blacher
et al. [3] combined our both approaches to show that recur-
sive CTEs (common table expressions) [10] can deal with
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matrices in coordinate relational representation as input.
Nevertheless, their study was limited to logistic regression
using matrix algebra and no study has benchmarked training
neural networks in SQL without further extensions such
as arrays before.

In this paper, we even argue that the coordinate rela-
tional representation allows database systems to eff ciently
process the computations along with neural networks. In
a preliminary study [40], we demonstrated the ability of
database systems to train neural networks using the coordi-
nate relational representation. For training, the performance
results were promising for batched processing only and we
did not focus on the memory consumption of a coordi-
nate relational representation. Therefore, this paper extends
our previous study by model inference, by measuring the
memory consumption and by including DuckDB [32] as
an open-source and modern database engine. We frst de-
scribe the mathematical background for reverse mode au-
tomatic differentiation that is needed to understand the in-
dividual matrix operations (Sect. 2). We then discuss the
intuitive implementation in Python (Sect. 3) and deduce an
implementation in SQL using the coordinate relational rep-
resentation (Sect. 4). This includes building blocks for data
transformation using one-hot-encoding, matrix/Hadamard
product and recursive tables to imitate procedural loops.
Afterwards, the paper shows how to transform the coordi-
nate relational representation into a block relational repre-
sentation (arrays that are extended for matrix algebra) to
support model training and inference (Sect. 5). The eval-
uation (Sect. 6) compares the coordinate relational repre-
sentation to the use of array data types in terms of runtime
and memory consumption. A Python implementation pro-
vides the baseline, whose runtime is compared depending
on the batch size and the hidden layer size. Sect. 7 com-
pares our work to existing research on (relational) matrix
representations for in-database machine learning. We con-
clude with an outlook on optimising recursive tables for
this context and on automatically generating the proposed
queries (Sect. 8).

@ Springer

2 Backpropagation for Neural Networks

This section frst describes the theoretical background for
training neural networks and names the variables, which
are later used to name the CTEs. Each variable represents
one cached expression computed in the forward pass on
function evaluation or in the backward pass on deriving
the weight matrices. To discuss the derivation rules, we
exemplary choose a neural network with one hidden layer.
Although this limits the number of hidden layers, the deriva-
tion rules can be applied similarly to deep neural networks
with further weight matrices in-between. Thus, the limita-
tion keeps the example short enough to present the imple-
mentations in SQL.

2.1 Gradient Descentin SQL

A machine learning model can be abstracted as a param-
eterised model function m,,(x). Its evaluation on data to
classify unlabelled data is called inference. Model train-
ing returns the optimal parameters wo, minimising a loss
Sfunction I, ,(w), which measures the difference between
given labels y and the model m,,(x). Gradient descent min-
imises a loss function iteratively by moving in the oppo-
site direction of steepest ascent (learning rate y), which
requires the derivations with respect to each weight (gradi-
ent): werp = w, — ¥ Vi, (W), Weo & lim,,0ow;. SQL with
recursive CTEs can express the required iterations. Fig. 2
shows gradient descent for simple linear regression:

Ley(@,b) = (map(x) = y)* = (a-x+b—-y)?, (1
_(dl/da\ [(2(ax+b—y)-x
Vixy(@.6) = (az/ab) - ( 2ax+b-y) ) @

The base case initialises the weights, each recursion maps
to an iteration that updates the weights based on manually
derived gradients. Sect. 4.2 uses recursion with the deriva-
tions of Sect. 2.3 for a simple neural network as model.
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create table data (x .y )
insert into data

with recursive w (id, a, b) as (
select 0,1:: ,1::
union all
select id+1, a-0.01%avg(2*x*(a*x+b-y)),
b-0.01%avg (2% (a*x+b-y))
from w, data where id<5 group by id,a,b)
select * from w order by id;

Fig.2 Gradient descent in SQL for linear regression: m,(x) =a-x+
b = y, fve iterations and y = 0.01

2.2 Inference of Neural Networks

Neural networks consist of subsequently applied matrix
multiplications each followed by an activation function.
They transform an input vector x with m attributes into
a vector of probabilities for / categories. With one hidden
layer of size &, we gain two weight matrices wy, € R™*"
and wy,, € R"/. The f rst one computes the vector a,;, € R”"
for the hidden layer, the second one the result vector ay, €
R'. Each activation function returns a normalised value (e.g.
sig(x) € [0,1], Eq. 3) that is interpreted as the probability
per category. The result vector is compared to the one-hot-
encoded categorical label (,,5). The difference is elemen-
twisely taken to the power of two ([1°%), which is called
mean squared error, a common loss function (Eq. 5).

sig(x)=(1+ e ), (3)
. . aXh

My . who (X) = Slg(Slg(X : th) : Wha)v (4)

I(X, yanes) = (mwxh,w;m (X) - yones)02~ (5)

After computing the loss, reverse mode automatic differ-
entiation computes the derivatives per weight matrix in one
pass. Reverse mode derives a function f(g(/)) by decom-

Gig(e:ig(m S Wap) C Who) — yones)%

Fig.3 Automatic differentiation for (m,,, ,, (x) — Vones)°2 with for-
ward (green) and reverse (red) pass

posing and partially deriving its parts in top-down order:

af(e)) _ af  dg
ol ag ol -

2.3 Derivation

By step-wise applying the derivation rules, we obtain the
expression tree shown in Fig. 3. The derivative of mean
squared error calculates the difference between propagated
probabilities and the one-hot-encoded labels (Eq. 6). The
value gets propagated as initial seed value. Each seed value
is elementwise multiplied to each partial derivation, so ei-
ther the derivation of each activation function (Egs. 7, 9)
or the matrix multiplication (Eq. 8). Finally, the derivation
of each weight matrix times the learning rate y is sub-
tracted from the weight matrix to form the updated weights
(Egs. 10, 11).

lho=2" (methhn (X) = Yones) (6)
8o = Lno © 8ig (@no) = lno © @po © (1 = apo), (7
Ly = 8ho + Wiy (®)
Sxn = Ly 0 8ig (an) = Ly © @y 0 (1 = @), )
Who/:Wha_y'a;Z;I'ghaa (10)
Wy =wy =y - X" S (11)

3 Implementation in Python

Having def ned the equations for training a neural network,
we can deduce a Python implementation (Fig. 4) that uses

import numpy as np

# load data

arr = np.loadtxt("iris.csv", delimiter=",",
dtype= ,skiprows=1)

X = arr[:,0:4]/10

y = arr[:,4].astype( )

# one-hot-encode y

y_oh = np.zeros((y.size, y. O+1))

# one-hot-encodel |

y_oh[np.arange(y.size),y] = 1

# initialise weights

np.random.seed (1)

w_xh = 2*np.random.random ((X[0].size,20))-1
w_ho = 2xnp.random.random((20,3)) - 1

# train
for j in (10):
print ("Iteration: " + G»

# sigmoid(x*w_xh)
a_xh = 1/(1+np.exp(-np.dot(X,w_xh)))

# sigmoid(a_xh*w_ho)

a_ho = 1/(1+np.exp(-np.dot(a_xh,w_ho)))
1_ho = 2x(a_ho - y_oh)

print ("Loss: "+ (np.mean (np.

(1_ho))))

d_ho = 1_ho * a_ho * (1-a_ho)
1_xh = d_ho.dot(w_ho.T)

d_xh = 1_xh * a_xh * (l1-a_xh)
w_ho -= 0.01 * a_xh.T.dot(d_ho)
w_xh -= 0.01 * X.T.dot(d_xh)

Fig.4 Training a neural network with NumPy

@ Springer
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m.dot (n) # matrix multiplication

m * n # hadamard multiplication
1/(1+np.exp(-m)) # sigmoid function

m.T # transpose

Fig.5 Building blocks for matrices in NumPy

-- create two matrices m and n

create table m (i , , v )
create table n (i s
insert into m ...

-- matrix multiplication
select m.i, n.j, SUM(m.v*n.v))

from m inner join n on m.j=n.i

group by m.i, n.j

—-- hadamard multiplication

select m.i, m.j, m.v*n.v

from m inner join n on m.i=n.i and m.j=n.j
-- sigmoid function

select i, j, 1/(1+exp(-v)) from m;

—-— transpose

select i as j, j as i, v from m;

Fig.6 Building blocks for matrices in SQL-92

NumPy for data loading (line 3), transformation (lines 4—8)
and generating randomised weights (lines 11-13). After-
wards, a procedural loop (line 15) performs gradient descent
that updates the weights according to the derivation rules
in each iteration (lines 16-27). So each variable represents
one equation needed to backpropagate the loss.

4 Implementation in SQL-92

In order to update the weight matrices of neural networks
in SQL, we need to map matrix multiplication (X - Y),
function application (f(X)) and elementwise operations
(addition: X + Y, Hadamard multiplication X o Y) to the
coordinate relational representation in SQL. For binary el-
ementwise operations such as Hadamard multiplication or
addition/subtraction, a join on the indices combines both
tables so that the arithmetic operation is part of the se-
lect-clause. Multiplication of two matrices m € R”*? and
n € R”" with equal inner dimensions is defned as the
sum of the product over o row/column elements for each
entry (m -n);; = Zzzlmiknkj- In relational algebra, this
means a join on the inner index, followed by a summation:
Ym.in.jsum(m.vnv) (M><y_j=y ;i1). To transpose a matrix in co-

ordinate relational representation, only the indices have to
be renamed. The corresponding SQL building blocks are
shown in Fig. 6 with their NumPy counterparts in Fig. 5.

4.1 Transformation into Relational Representation

To train the neural network in SQL, we frst have to convert
the data into the coordinate relational representation (Fig. 7,
8). Therefore, we create a table of two indices and a value
corresponding to the two-dimensional feature matrix (img:
{[i, j,v]}, line 3). We assign a column index j to each
attribute of the original input table (lines 5-12) and use the
row number as index i. Afterwards, we one-hot-encode the
label: We generate a sparse matrix containing only the one
values (line 15) and a matrix shape—defned by all indices
within the dimensions—out of null values (lines 17-21).
Then, an outer join (lines 15/22) combines both tables and
assigns zero to missing values (coalesce: line 14).

4.2 Trainingin SQL-92

After transforming the data, we can create and initialise the
weights again in coordinate relational representation. Using
generate_series according to the matrix dimensions
together with random, we initialise all required weight
matrices.

The feature matrix in coordinate relational representa-
tion forms the input for training the neural network within
a recursive CTE (Fig. 10) that computes the weights per
iteration of gradient descent. As we need to compute all
weights within the recursive CTE, a unique number (1d)
identifes each weight matrix. Thus a union of all weight
matrices forms the base case for the recursion. Within the
recursive step, nested CTEs help to evaluate the model
(lines 8-19), to backpropagate the loss (lines 20—33) and
to compute the derivative per weight matrix (lines 34-45).
The frst CTE w_—just referring to the original weights
(Fig. 9)—is necessary, as PostgreSQL only allows one ref-
erence to the recursive table. Each following CTE computes
one matrix operation, so either a matrix or a Hadamard mul-
tiplication, whose CTE name refers to the variable name
(cf. Sect. 2.2). Finally, the weights were updated by sub-
tracting their derivatives (lines 47—49).

Feature Matrix

’ [ 1 One-Hot-Encoded l
row sepal length s. width petal length p. width  species i J % i j v
1 5.1 35 1.4 0.2 0 1 1 1 1 1 5.1
1 2 0 1 2 3.5
1 3 0 1 3 1.4
150 5.9 3.0 5.1 1.8 2 150 3 1

Fig.7 Transformation of the original data set into the coordinate relational representation

@ Springer
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create table if not exists iris (id serial,

sepal_length , sepal_width B
petal_length , petal_width )
species )

copy iris from °’./iris.csv’ delimiter °’,’
HEADER CSV;
create table img (i s , v )
create table one_hot (i s J , v )
insert into img (
select id,1,sepal_length/10 from iris);
insert into img (
select id,2,sepal_width/10 from iris);
insert into img (
select id,3,petal_length/10 from iris);
insert into img (
select id,4,petal_width/10 from iris);
insert into omne_hot (
select n.i, n.j, coalesce(i.v,0), i.v
from (select id,species+l as species,l as v
from iris) i right outer join
(select a.i, b.j
from (select generate_series as i
from generate_series(l,select count
(x) from iris)) a,
(select generate_series as j
from generate_series(1,4)) b
) n on n.i=i.id and n.j=i.species);

Fig.8 Data transformation: Feature matrix img and one-hot-encoded
label one_hot

create table w_xh (i s , v )

create table w_ho (i s ]

insert into w_xh (

select i.*,j.*,random()*2-1

from generate_series(1,4) i,

generate_series (1,20) j);

insert into w_ho (

select i.*,j.*,random()*2-1

from generate_series(1,20) i,
generate_series (1,3) j);

Fig.9 Create and initialise weights in SQL-92
4.3 Inference in SQL-92

In order to predict the accuracy of the trained weights, an
SQL query measures the number of correctly classifed la-
bels (Fig. 11). Evaluating the model (lines 8—17) returns
a vector of probabilities per tuple and category. The SQL
query ranks the predicted probabilities per tuple (line 2) and
the one-hot-encoded vector of the original labels (line 19)
to compare whether the index of the highest probability
matches the index of the one value (line 23). Although
window functions were used for the ranking, they could be
replaced by an anti-join using not exists to conform
SQL-92.

Fig. 12 shows the query plan for model inference (with-
out prediction accuracy) in a coordinate relational repre-
sentation. Each weight matrix is materialised for the equi-
join, so the pipeline for the data can fo w until reaching an
aggregation. Each matrix multiplication consists of an ag-
gregation and thus forms a full pipeline breaker. As we will
later see in the evaluation, this limits the number of pos-

with recursive w (iter,id,i,j,v) as (
(select 0,0,* from w_xh union
select 0,1,* from w_ho)
union all
( with w_ as (
-- recursive reference only allowed once in PSQL
select * from w
), a_xh(i,j,v) as ( -- sig(img * wxh)
select m.i, n.j, 1/(1+exp(-SUM(m.v*n.v)))
from img as m inner join w_ as n on m.j=n.i
where n.id=0 and -- wxh
n.iter=(select max(iter) from w_)
group by m.i, n.j
), a_ho(i,j,v) as ( -- sig(axh * w.ho)
select m.i, n.j, 1/(1+exp(-SUM(m.v*n.v)))
from a_xh as m inner join w_ as n on m.j=n.i
where n.id=1 and -- who
n.iter=(select max(iter) from w_)
group by m.i, n.j
), 1_ho(i,j,v) as ( -- 2 * (a-ho-y.ones)
select m.i, m.j, 2*(m.v-n.v)
from a_ho as m inner join one_hot as n
on m.i=n.i and m.j=n.j
), d_ho(i,j,v) as ( -- loho ° aho ° (i-aho)
select m.i, m.j, m.v*n.v*(1-n.v)
from 1_ho as m inner join a_ho as n
on m.i=n.i and m.j=n.j
), 1_xh(i,j,v) as ( -- dho * who™ T
select m.i, n.i as j, SUM (m.v*n.v)
from d_ho as m inner join w_ as n on m.j=n.j
where n.id=1 and

n.iter=(select max(iter) from w_) -- who
group by m.i, n.i
), d_xh(i,j,v) as ( -- 1xh ° axh ° (1-a_ho) ||

select m.i, m.j, m.v*n.v*(1-n.v)
from 1_xh as m inner join a_xh as n
on m.i=n.i and m.j=n.j

), d_w(id,i,j,v) as (

select 0, m.j as i, n.j, SUM (m.v*n.v)

from img as m inner join d_xh as n on m.i=n.i
group by m.j, n.j

union

select 1, m.j as i, n.j, SUM (m.v*n.v)

from a_xh as m inner join d_ho as n on m.i=n.i
group by m.j, n.j
)

select iter+l, w.id, w.i, w.j, w.v-0.01*d_w.v

from w_ as w, d_w

where iter < 20 and w.id=d_w.id and w.i=d_w.i and w.j=d_w.]j
)

) select * from w;

Fig. 10 Training a neural network in SQL-92

select iter, count (%) :: /(
select count(distinct i) from one_hot)
from (

select *, rank() over
(partition by m.i,iter order by v desc)
from (
select iter,
m.i,n.j,1/(1+exp(-sumn(m.v*n.v))) as v
from (
select iter,
m.i,n.j,1/(1+exp(-sum(m.v*n.v))) as v
from img AS m, w as n
where m.j=n.i and n.id=0
group by m.i, n.j, iter ) AS m
inner join w as n on m.j=n.i
where n.id=1 and n.iter=m.iter
group by m.i, n.j, m.iter
) m ) pred,
(select *, rank() over (partition by m.i
order by v desc) from one_hot m) test
where pred.i=test.i and pred.rank =1
and test.prank=1
group by iter, pred.j=test.j
having (pred.j=test.j)=true
order by iter

Fig. 11 Prediction in SQL:2003 (with window functions)

@ Springer
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Tdata.i,who.j, sum(sig(sum(data.v-wyp.v)) Whe.v)

Ydata.i,whe.j,sum(sig(sum(data.v-wyp . v)) wWhe.v

Nwzh-j:who-i

Ydata.i,wep.j,sum(data.v-w,p,.v)) Who {[’i,j, 'U]}

Ndata.j:wwh.i

. A~
data : {[i,,v]} wep, : {[4, 7, v]}

Fig. 12 Query plan for model inference in coordinate relational rep-
resentation: Five pipelines, one for materialising each weight matrix
(black), one for each matrix multiplication (blue, green), one for the
output (red)

create table weights (
w_xh [101, w_ho
insert into weights (select
(select array_agg(js order by i) from (
select array_agg(v order by j) as js
from w_xh group by i) tmp),
(select array_agg(js order by i) from (
select array_agg(v order by j) as js
from w_ho group by i) tmp));

m

Fig. 13 Transformation from coordinate relational into block rela-
tional representation

sibly processed tuples for model inference by the memory
required to materialise the data within each aggregation.
A solution to overcome materialisation for an aggregation
would be another physical implementation: Instead of hash-
ing the values for aggregation, sorted input (ordered by the
index for the row number i) would allow for continuous
output. This would work well for data stream management
systems and when the result table can be stored to disk.

5 Implementation in SQL with Arrays

The presence of an extended array data type that supports
matrix algebra allows SQL to train models without the
need for one CTE representing each matrix. In a previ-
ous study [37], we compared the performance of gradient
descent as an operator to using recursive tables. In contrast,
this section focuses on the transformation of the coordi-
nate relational into block relational representation (array),
its usage for training within a recursive table and inference
as later used in the evaluation for comparison with the co-
ordinate relational representation.

@ Springer

5.1 Transformation into Block Relational
Representation

Transforming from coordinate relational into block rela-
tional representation means reconstructing the matrix based
on its indices created in Sect. 4.1. Fig. 13 shows the trans-
formation by frst creating a table for the weight matri-
ces with one attribute (£loat [] []1) per weight matrix
(line 1-2). Afterwards, the matrix in coordinate relational
representation can be constructed for which array_agg
as aggregation function is used: First for the inner dimen-
sion (J), we group by the higher dimension (1) and—within
the aggregation—sort by the current dimension that is con-
densed (3) (line 5, 8). Finally for the last dimension (1) we
can group the matrix together without any aggregation key
(line 4, 7).

5.2 Training

A recursive table representing the weights is used for model
training using gradient descent similar to Sect. 4.2. The base
case takes the initial weights as input and assigns them
the number 0, marking them as the initial weights for the
frst iteration (Fig. 14, line 2). The recursive case evaluates
the model function frst (line 13-16), computes the loss
(line 12) and applies the backpropagation rules (line 8—11)
to fnally update the weights per iteration (line 4—6). The
required extensions to an array data type are elementwise
operations (- : subtraction, *: Hadamard multiplication o),
matrix multiplication (%), elementwise function applica-
tion like a map function (here hard-coded for sig), trans-
position, and elementwise aggregation (sum).

5.3 Inference

For model inference, the model function has to be evalu-
ated similarly as for training but with the optimal weights.

with recursive w (id,w_xh,w_ho) as (
select 0, w_xh, w_ho from weights
union all
select id+1,
w_xh - 0.01 * sum(transpose(img)*d_xh),
w_ho - 0.01 * sum(transpose(a_xh)*d_ho)
from (
select 1l_xh#**(a_xh**(1-a_xh)) as d_xh, *
from(select d_ho*transpose(w_ho) as 1l_xh,x*
from (
select 1_ho**(a_hox**(l1-a_ho)) as d_ho, *
from ( select 2*(a_ho-one_hot) as 1_ho,*
from ( select sig(a_xh*w_ho) as a_ho, *
from ( select sig(img*w_xh) as a_xh, *
from ( select * from data),w
where id < 20))))))
group by id, w_ho, w_xh
) select * from w:

Fig. 14 Backpropagation for a neural network using a recursive table
and an array data type
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highestposition that returns the index of the maxi-
mum value (e.g., highestposition([0,0.6,0.4])
=1). To calculate the accuracy, we count the number of cor-
rectly and incorrectly classifed labels (Fig. 15, line 2-5)
and divide the number of correct labels through the number
of all (line 6-7).

6 Evaluation

System: Ubuntu 22.04 LTS, Intel(R) Xeon(R) W-2295
CPU (18 cores @ 3.00GHz supporting hyper-threading),
128 GB DDR4 RAM.

We compare the performance of the coordinate relational
representation for matrices (SQL-92, Sect. 4) to their rep-
resentation as an array data type (SQL + Arrays, Sect. 5).
We apply both representations for use within neural net-
works in SQL and let the benchmarks' run in Umbra [28],
PostgreSQL (PSQL) 14.5 [43] and DuckDB 0.8.1 [32] as
target engines. The implementation with NumPy (Fig. 4,
Sect. 3) serves as the baseline. We use two different data
sets: Fisher’s Iris fower data [15] (four attributes, one la-
bel) and the MNIST data [9] for image classifcatio n (ten
categories, 784 pixels, excerpt of 6000 tuples).

6.1 Scaling the Number of Input Tuples

Fig. 16 shows the performance in terms of runtime and
throughput using the Iris data set. As we are interested in
the performance numbers and not in the model quality, we
replicate the Iris fower data set for the frst benchmark
to enable a fexible input size. A neural network with one
hidden layer is trained to classify the fower category. We

I https:/gitlab.db.in.tum.de/MaxEmanuel/nn2sql.

DuckDB-SQL-92 — Umbra-SQL + Arrays
-4~ NumPy -=- Umbra-SQL-92
-= PSQL: SQL-92

Fig. 16 Performance (Iris): Training a neural network with one hidden
layer (size 20/50, 10/100/1000 iter.)

vary the size of the training data set, the number of iterations
and the size of the hidden layer.

6.1.1 Throughput

Although the NumPy implementation outperforms both
SQL variants, the performance increase of Umbra with its
in-memory performance in comparison to PostgreSQL is
visible. The performance of DuckDB, as a vectorised en-
gine without code-compilation, lies in-between: faster than
PostgreSQL but slower than Umbra. Both SQL variants
(SQL-92/SQL + Arrays) perform better with an increas-
ing number of tuples per iteration. A small number of
input tuples corresponds to a small batch size, leading to
a small number of tuples used during one recursive step.
This thwarts database systems as they excel in batched
processing.

6.1.2 Memory Consumption

The downside of the coordinate relational representation is
its high memory consumption for matrix multiplication. As
it is not using any compression technique such as com-
pressed sparse row, the matrices must be stored densely.
Fig. 17a shows the memory consumption of Umbra for
model training with inference on the whole Iris data set. We
performed ten iterations on a neural network with one hid-
den layer of size 20 (resp. 50). Each iteration requires about
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Fig. 17 Iris: Memory consump- a
tion (10 iter., batch size = —
150 Tuples, hidden layer size 023 50
20/50). a Iris, SQL-92. b Iris, = 40
SQL + Arrays g‘
£ 30
)
> 20
8 10
%)
D — — - =
0% 25% 50%

Progress
20 w50

Hidden Layer

Table 1 Matrix sizes: Iris data set and a neural network, one hidden
layer (20)

Variable #Entries Size in B
| x| 150 - 4 = 600 600 - 8
laa| = L] = 18] 150 - 20 = 3000 3-3000-8
lanol = 1ol = |8hol = |Yones! 150 - 3 = 450 4-450-8
(Wl 4-20 = 80 80 -8
[Whol 20-3 = 60 60 - 8
Sum 11540 - 8

10 MiB (20 MiB) of main-memory, whereas its counterpart
using arrays (cf. Fig. 17b) only requires 1 MiB (1.6 MiB).

Table 1 shows the sizes of the involved tables: The size
of the weight matrices is independent of the data but de-
pends on the size of the input/output vectors only (that are
number of attributes, size of the hidden layer and num-
ber of categories). The other matrices contain one row
per input tuple. For model inference, we need a total size
of (600 + 3000 + 450 + 450 + 80 +20) - 8B = 4640 -8B =
36.25KiB. Training requires to materialise the matrices for
backpropagation (90KiB). As subsequent matrix operations
on our array data type have not yet been optimised, we al-
locate a matrix for every single operation, which consumes
additional memory. Storing the matrices in a coordinate re-
lational representation consumes a threefold of the memory
as the indices each consume 8B.

6.2 Image Classification

The second benchmark simulates image classifcation based
on the MNIST data set using a neural network with one
hidden layer. To investigate how database systems perform
for model inference, we split the measurements for image
classifcation in two parts for which we benchmark model
inference separately.

6.2.1 Throughput: Training

We measure the runtime for training one epoch depending
on the batch size. As we can see in Fig. 18, database systems

@ Springer
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perform better the bigger the batch size is. With a higher
batch size, the cost for aggregation into arrays is amortised
and the SQL array data type outperforms the coordinate
relational representation. PostgreSQL was not terminating
after a time-out of one day, DuckDB—when working in-
memory only—exceeded the size of main-memory for the
neural network with the larger hidden layer. Only Umbra
was capable of running all experiments. To conclude, in-
memory database systems are able to carry out matrix op-
erations as required for neural networks. Nevertheless, use-
case-specif ¢ optimisations are needed to support smaller
batch sizes.

6.2.2 Throughput: Inference

As training on small batches is time-expensive in SQL-92,
we argue that inference alone is worthful inside a database
system to avoid data extraction. Fig. 19 shows the through-
put just for model inference on the MNIST dataset in de-
pendency on the size of the hidden layer. Unfortunately,
the coordinate relational representation performs the worst,
which underlies the need of a native integration for model
inference. A native integration can be either an operator
such as the ModelJoin [22] or a data structure with support
for matrix algebra. The array data type in Umbra is such

-
v 20 200

@ 100,000

£100,0001 A R
= vo00f T al MO0 -

> }ﬁ// ol //#
o -F P

= 10_4(/ 7 10' ///f’

%D v’ L 77

o L] wl L
= 30 1003001000 30 1003001000

Batch Size
DuckDB-SQL-92 -=- Umbra-SQL + Arrays
-a- NumPy —- Umbra-SQL-92

Fig. 18 Performance: Training one epoch with the MNIST data set
with increasing batch size (one hidden layer size 20/200)
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Fig. 19 Throughput for model inference (MNIST data set) depending
on the size of the hidden layer

a data structure, although performing a factor of ten worse
than the NumPy reference implementation. On the other
side, a database integration for inference eliminates data
extraction, thus eliminating additional costs. From a data
engineer’s perspective, one has to trade off between extrac-
tion and inference time. Further, it must be acknowledged
that the array data type has not yet been optimised for sub-
sequent operations. No optimisation leads to one separate
call to the BLAS library for each operation, which decreases
performance. In the future, we plan the query optimiser to

detect and combine subsequent matrix operation on an array
data type to be executed as a single library call.

6.2.3 Transformation

This section analyses the trade-off between avoiding data
extraction from a database system and in-database prepro-
cessing. Table 2 depicts the runtime for copying the data
from CSV and its subsequent preprocessing including trans-
formation into coordinate relational representation. Fig. 22
shows the transformation time dependent on the input size.

6.2.4 Memory Consumption: Training

As the MNIST data set contains more columns (784) and
labels (10) than the Iris data set, also the size of the inter-
mediate tables grow within each iteration. Fig. 20 shows the
memory consumption within Umbra for training (without
inference) in a coordinate relational representation depend-
ing on the batch size for four iterations (not a complete
epoch as the number of iterations would not match other-
wise). The higher the size of the hidden layer or the batch
size, the higher the required memory for backpropagation
gets. The memory consumption reaches 25GiB per itera-
tion, whereas—when supporting arrays—only a fraction of
the memory of its relational counterpart is required (less
than 5MiB per iteration, cf. Fig. 21).

Fig.20 Training (MNIST), a b
SQL-92: Memory consumption ) —
(batch size = 200/2000 tuples). S %
a Hidden layer size 20. b Hidden = 150 =
. > >
layer size 200 S o]
c 100 IS
) [0)
= S 1
5 %0 °
o) D
%) %)
) 0 - o] 0 l
0% 25% 50% 75% 100% 0% 25% 50% 75% 100%
Progress Progress
Batch Size === 200 === 2000 Batch Size = === 200 === 2000
Fig.21 Training (MNIST), SQL @'
+ Arrays: Memory consumption > 30
(batch size = 2000 tuples, hidden :
layer size 20/200) S 20
£
=
- 10
(0]
7]
)
0% 25% 50% 75% 100%
Progress

Hidden Layer === 20 === 200
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Table2 Runtime for copying and transforming 60k tuples (MNIST)

System Copy [s] Transform [s]
NumPy 1.50 1.61
DuckDB 1.93 341
Umbra 1.51 5.74
o,
Q 1.00 4
S
= 0.10 A
c
& 0.01-L1a . : :
10 100 1000 10000
Size
DuckDB Umbra

Fig.22 Runtime for transformation from the original into the coordi-
nate relational representation depending on the input size

6.2.5 Memory Consumption: Inference

For inference only the forward pass of backpropaga-
tion is needed, thus less memory is required per tuple.
Fig. 23a shows the memory usage of the coordinate rela-
tional representation for inference: The two matrix multi-
plications that are involved for evaluating the model require
each an aggregation in relational algebra and thus materi-
alise the intermediate result. This limits model inference
by the number of input tuples and by the number of hidden
layers. To overcome these limitations, the input can be
processed batchwise and stored to disk. Further, another
physical implementation of the aggregation operator that
uses sorting instead of hashing would allow for continuous
output as required for data streams as input. An array data
type reduces the memory consumption for model inference
(cf. Fig. 23b) allowing for more tuples to be labelled.

Fig. 23 Inference (MNIST):
Memory consumption (batch
size 6000 Tuples, hidden
layer 20/200). a SQL-92.

b SQL + Arrays

w
o

Used Memory [GiB] &

10
0
0% 25% 50%
Progress
Hidden Layer 20
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7 Related Work

There are systems for machine learning, which enhance
the application of models by integrating machine learning
functionality into database systems, and machine learning
for systems, which aims to replace components of systems
with learned models. This paper focuses on the frst, as
systems are fundamental for processing data and their en-
hancement is crucial for eff cient training models and their
inference [26, 46, 52].

7.1 Database Systems for Machine Learning

For database systems completely taking over machine
learning, the tasks can be either mapped to standardised
SQL [42] as in Sect. 4 or database systems have to provide
extensions [18, 45] as in Sect. 5. Kldbe et al. [22] focus
on model inference, which means labelling unlabelled data
based on a pre-trained model, for which they introduce the
ModelJoin. They use database systems for labelling only
using a relational graph representation. Paganelli et al. [29]
also focus on model inference using case-when statements
and one-hot-encoding to push prediction queries into the
database system. Yang et al. [S1] focus on user defned
functions for model inference and their optimisation.
Further studies propose to generate SQL queries for ma-
chine learning without modifying the underlying database
system [11, 25]. Luo et al. [23] performed linear regression
on the coordinate relational representation, but without the
performance of a modern database system they required
extensions to train neural networks [20]. Duta et al. [12]
have proven how to translate procedural language exten-
sions, i.e. PL/pgSQL, into recursive common table expres-
sions (CTEs). Their approach led to a performance increase
through the elimination of costly procedural constructs in
favour of parallelisable recursive SQL queries. Based on
this, Blacher et al. [4] use our coordinate relational rep-
resentation for Einstein summation within code-generating
database systems. They are focusing on the performance
for matrix multiplication whereas we also measured the
memory consumption. Other research focuses on database

1.25
1.00
0.75
0.50
0.25

Used Memory [MiB] ©

100% 0% 25% 50% 100%

Progress
200 Hidden Layer 20 200

75%
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systems being part of the data preprocessing pipeline and
accelerating data engineering. Salazar et al. [34] combine
the coordinate relational representation with indexes to ac-
celerate training and prediction. Schleich et al. [35] let
the database system pre-aggregate data to solve regression
tasks in SQL. Yan et al. [50] accelerate prediction queries
by detecting possible predicates to be executed within the
database system beforehand.

7.2 Systems Optimisation for Linear Algebra

As the evaluation has shown that the memory consumption
of matrices is limiting the amount of tuples to be processed,
future extensions of database systems should incorporate re-
search on matrix compression. Elgohary et al. [13] describe
the trade-off between execution time and data size. Baun-
sgaard et al. [2] compress matrices depending on the linear
algebra required by workload. Ferragina et al. [14] perform
matrix-vector multiplication on a loss-less compressed ma-
trix format based on compressed sparse row (CSR). Other
research eliminates any relational representation by using
matrices instead of tables [19].

7.3 Machine Learning Systems

Different approaches try to unify the requirements for sup-
porting machine learning algorithms with the advantages
of database systems. SystemDS [5] and SystemML [7] are
machine learning systems empowered by database technol-
ogy such as index structures and a declarative language that
lets the user def ne customised algorithms. To support iter-
ative algorithms on stored data within the database system,
DB4ML [21] defnes an interface for iterative sub-trans-
actions accessing stored tuples according to a data layout.
The work of Asada et al. [1] pursues the counter approach:
Instead of combining machine learning with database sys-
tems, they map database queries onto tensors. In this way,
they reuse machine learning frameworks such as PyTorch
with its extensions for hardware accelerators [16]. To spec-
ify the data layout for tensors instead of tuples, Schleich
et al. [36] developed a declarative tensor query language.
Other work try to avoid database systems and thus have to
add functionality such as parallelisation for feature trans-
formation [30]. In contrast to these works, we worked with
database systems as the main component and with SQL as
the principal query language. We argue that database sys-
tems are already optimised for modern hardware but their
optimiser needs tuning for machine learning workloads.

8 Conclusion

The paper has discussed and benchmarked building blocks
for training neural networks in SQL. In order to deduce
the necessary SQL queries that represent matrix algebra
for evaluating and training neural networks, we frst dis-
cussed reverse mode automatic differentiation to reuse par-
tial derivations. The partial derivations formed the founda-
tion for nested CTEs. They were cached within a recursive
CTE when deriving the weight matrices to compute the
optimal weights. Instead of CTEs for each variable, we
presented an extension of SQL arrays for matrix algebra
and the required data transformation steps. In the evalua-
tion, in-memory enhanced database systems, i.e. Umbra and
DuckDB, showed better performance when processing data
in larger batches, although they were still outperformed by
NumPy in Python. Furthermore, the available memory lim-
ited the number of tuples that could be processed for model
training and inference within in-memory systems. As the
coordinate relational representation materialised the data
for training and inference, the extended array data type ad-
dressed the limitation by using less memory. Although the
set of matrix algebra extensions for array data types enabled
the required operations, condensing subsequent calls would
optimise memory usage further.
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