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Abstract

Forward and reverse mode automatic differentiation evaluate the
gradient of a model function efficiently by caching the results of
partial derivatives. Just-in-time compilation improves the runtime
of automatic differentiation by eliminating function calls and stor-
ing partial derivatives in virtual registers. This paper discusses the
first open-source implementation of automatic differentiation with
MLIR and LingoDB. The evaluation compares optimizations applied
to forward and reverse modes. It showed that sub-expressions, that
appear frequently within the calculation, will be reused after MLIR
performs its optimization. Additionally, reverse mode outperforms
forward mode due to less generated code.
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1 Introduction

In-database machine learning (ML) allows training algorithms to
access the latest database state [9, 10]. This eliminates the need
for costly data extraction required for end-to-end machine learn-
ing pipelines [3, 4, 19, 27]. In addition, code-generating database
systems provide a compiler infrastructure that can be used to ac-
celerate certain parts within machine learning pipelines [15]. For
example, gradient descent training requires automatically derived
model functions. Automatic differentiation applies the chain rule to
partially derive a function either from the inner to the outer partial
expression (forward mode) or from the outer to the inner (reverse
mode). In both forward and reverse mode automatic differentiation,
partial derivatives are cached when computing the gradient of a
model function. In the past, we have shown that code generation
with a low-level virtual machine (LLVM) assembler accelerates the
evaluation of the generated gradients by storing the partial results
as virtual registers.

This work ports automatic differentiation to another compiler
infrastructure, Multi-Level Intermediate Representation (MLIR):
MLIR is a compiler infrastructure that facilitates the definition of
domain-specific dialects of intermediate code representations, cre-
ating a flexible and extensible framework. The purpose of these
representations is to progressively lower the given code towards
LLVM [13] code. In the case of LingoDB—the database system se-
lected for this work—MLIR lowers the user’s SQL query, thereby
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enabling efficient execution and optimization for the underlying
hardware. The objective of this work is to analyze the code gener-
ated by both forward and reverse mode implemented in LingoDB!
and how it is optimized by MLIR afterwards.

This paper is structured as follows: Section 2 explains the algo-
rithms of both automatic differentiation modes in greater detail,
while Section 3 does so for LingoDB. Section 4 presents the imple-
mentation of the new operators in the database system. Section 5
compares the performances of the two modes and their generated
code. Section 6 concludes this work.

2 Automatic Differentiation

Besides automatic differentiation, there is symbolic differentiation
and numerical differentiation [2]. However, symbolic differentia-
tion manipulates the equation directly by replacing each expression
with its derivative. While this leads to accurate results, it also leads
to expression swell. The transformation can lead to an exponential
growth of expressions, as the applied differentiation rules can lead
to nested transformations, which also need to be evaluated [2].
Numerical differentiation is not ideal either, since it only computes
numerical approximations of the partial derivatives [2]. Besides
floating-point truncation errors, imprecise derivatives also under-
mine model training, as they can bias the weights in a direction
other than the desired, optimal state.

In automatic differentiation, the partial derivatives are computed
by reconstructing the equation into a computational graph, where
each node represents an individual expression of the equation [16].
Leaf nodes represent parameters and constants, while all other
nodes correspond to arithmetic operations such as addition and
subtraction. The root nodes of the graph represent the results. The
partial derivatives are then computed by traversing this graph and
applying the chain rule to each node. Automatic differentiation can
be implemented using two approaches: forward mode and reverse
mode.

2.1 Forward Mode

An example of the forward mode accumulation in automatic differ-
entiation is illustrated in Fig. 1. It traverses through the constructed
expression tree once for every variable used in the equation [16]. At
each run, it starts at the leaf nodes and moves up in the tree towards
the root node. If the current leaf node corresponds to the parameter
with respect to which the partial derivative is being computed in
this run, its intermediate partial derivative is set to 1. If it corre-
sponds to another parameter, it is set to 0. As the traversal moves
up, the chain rule is applied to compute the partial derivative at
each node using the derivatives of its child nodes. This also requires
evaluating the equation up to the current node.

!https://github.com/MaxEmanuel/lingo-db
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Algorithm 1 Forward Mode [25]

Algorithm 2 Reverse Mode [25]

1: function DERIVATE(X, V)

2 if isVariable(X) then

3 if X ==V then

4 return 1

5: else

6 return 0

7 else

8 A’ « derivate(A, V), B’ « derivate(B,V)
9 if X = A+ B then
10: return A’ + B
11: else if X = A — B then
12: return A’ — B’
13: else if X = A - B then
14: return A’ -B+B’ - A
15: elseif X = % then
16: return ’%

Since this algorithm runs once per parameter, it is more suitable
for functions f : R” — R™, where n < m. Algorithm 1 illustrates
the procedure for the four fundamental arithmetic operations.

2.2 Reverse Mode

Unlike forward mode, reverse mode starts at the root node and
traverses the computational graph downward to the leaf nodes [16].
This is illustrated in Fig. 2. The algorithm computes the partial
derivative of the parent node with respect to the current node. At
the root node, the algorithm starts with a seed value of 1, since
the derivative of the output with respect to itself is 1. This serves
as the initialization step for the differentiation process. As the
algorithm moves down the graph, it applies the chain rule at each
step to compute the partial derivatives at the individual nodes. This
process requires not only the computation of derivatives but also
the evaluation of the numerical values of the nodes themselves, as
these values are necessary for correctly applying the chain rule.

fx,y)

fxy)

Figure 1: Forward mode accumulation visualized for the
equation f(x,y) = x + y. The algorithm analyzes the equa-
tion once for each variable, in this case twice: once for x and
once for y [16]. The green arrows indicate the direction of
the algorithm’s flow.

1: function DERIVATE(X, seed)

2 if X = A+ B then

3 derivate(A, seed), derivate(B, seed)

4: else if X = A — B then

5 derivate(A, seed), derivate(B, —seed)

6 else if X = A - B then

7 derivate(A, B - seed), derivate(B, A - seed)
8 else if X = % then

9: derivate (A, segd), derivate(B, —seed - f%)
10: else if isVariable(X) then

11: X' — X' + seed

12: return X’

Therefore, the algorithm has to traverse the graph twice, once
to obtain the numerical values of the nodes and once to calculate
the partial derivatives. Algorithm 2 demonstrates the process for
performing the four fundamental arithmetic operations. As this
algorithm is run once for every root node, it is more suitable for
functions f : R™ — R™, where n > m. This characteristic makes
reverse mode particularly suitable for use in machine learning, as
the dimensions of the gradients required are rather small compared
to the amount of input [2].

3 LingoDB

The system used in this thesis is LingoDB [12], a relational data-
base system that uses compiler technology. The system translates
SQL queries into LLVM code [13], facilitating efficient execution of
user queries. The primary goal of LingoDB is to provide a system
that allows new features to be added with relatively little imple-
mentation effort, while maintaining the performance of today’s
state-of-the-art database systems.

3.1 Compiler Infrastructure

To achieve this, LingoDB was developed using the MLIR compiler
infrastructure [14], which is specifically designed to support the
creation of domain-specific compilers. To provide a high degree of

f(x,y)

Figure 2: Reverse mode accumulation visualized for the
equation f(x,y) = x + y. Here, the equation is analyzed only
once as it has only one root node [16].
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extensibility, MLIR introduces a new, modular Intermediate Repre-
sentation (IR). An IR is a temporary encoding of the input source
code and a key component of a compiler [1].

It simplifies the translation of high-level source code into low-
level machine code for different target architectures by acting as an
additional abstraction layer in between. The general structure of a
compiler is illustrated in Fig. 3. The compiler’s front-end generates
an IR by parsing the source code into its syntactical components and
then reorganizing them. During this process, the code is also gram-
matically checked according to the rules of the source language.
After the IR code has been generated, it undergoes several optimiza-
tion steps in most compilers. The code is then processed by the
compiler’s back end to produce machine code tailored to the target
processor. An IR can be structured in a variety of ways, including
linear (a sequence of instructions) or graphical (a tree representing
relationships within the program) [26]. Different implementations
offer different advantages and disadvantages, making them suit-
able for different use cases. This often leads developers to create
their own IR to solve their domain-specific problems, despite the
high development effort required for a new IR [14]. This also leads
to re-implementation of existing solutions for common problems,
resulting in unnecessary effort for the developer. MLIR addresses
this problem by modularizing its IR [14]. The syntax is built from
so-called operations, which are grouped into dialects.

Operations represent all the actions that a computer program
can perform, such as function calls and variable assignments. These
elements produce at least one result, called values, which have pre-
defined types, such as integers or floats. In addition, operations can
take other values as input. These values are evaluated at runtime
and are managed in static single assignment (SSA) form. In SSA
form, each assignment to a variable is treated as a separate assign-
ment to a uniquely versioned variable [5]. An illustration of this is
given in Fig. 4. Here, two consecutive assignments to one variable
are converted to two variables with one assignment each. This
helps the compiler perform optimization tasks such as dead code
detection, as it can more easily identify which instructions affect the
result. In addition, operations can include regions consisting of one
or more blocks. Blocks act as containers for operations and define
the execution flow within a region. An example of the resulting IR
structure is shown in Listing 1. These semantics allow developers to
easily introduce new operations or even entirely new dialects into

Compiler
Source Code TargeF
Front IR Onti- IR Back- Machine Code
— ron » i > e
. . End mization End
mt'functlon() { function():
inta=5; mov  eax, 15
intb=10; ret
intc=a+b;
return c;

Figure 3: Simplified structure of a compiler. The Intermedi-
ate Representation of the original source code acts as a layer
between the high-level source code and the low-level ma-
chine code [1]. This approach also improves compiler mod-
ularity, which in turn increases their maintainability.
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x = x1 = 2
= x2=3
y=x y = x2

Figure 4: An example of the SSA form [5]. The original code
is on the left, while the SSA form of it is on the right. The
second assignment to x is treated as a assignment to a new,
unique variable, x;. Now, it is evident to the optimizer that
the first assignment to x is redundant.

the infrastructure, allowing them to reuse existing components and
reduce implementation effort. Using this infrastructure, LingoDB
has introduced new dialects to enable database functionality such
as relational algebra and additional data types such as timestamp,
datetime, strings, and numeric types [11, 12].

3.2 System Architecture

The main components of LingoDB are illustrated in Fig. 5. They
consist of a front-end, an MLIR optimization step, the lowering of
the optimized MLIR code, the compilation of the resulting LLVM
code, and a runtime system [12]. The front-end generates an MLIR
representation of the incoming SQL Query. The program breaks the
query down into its individual components using lexical and gram-
matical analysis. This is implemented using GNU Bison [8], a parser
generator. By processing a provided list of possible SQL keywords
and the query language’s grammar definition, Bison generates C
code that constructs a syntax tree from the input query. Each node
in this tree represents a query element, such as a keyword or a
constant. It then traverses this tree and produces, according to the
current node, fitting MLIR operations. In the next step, several
query optimization steps are performed on the resulting IR code

module {
func. func @main() {
%0 = relalg.const_relation columns :
values : [[0]]
%1 = relalg.map %@ computes :
tuples. tuple){
%3 = db.constant (15 : i32) : i32
tuples.return %3 : i32
}
%2 = relalg.materialize %1 [@map@::@tmp_attr@] => [""] :
unnamed$@ : i32]>
subop.set_result @ %2 :
return

3}

[@dummyScope :: @dummyName ({ type = i32})]

[@map0::@tmp_attro ({type = i32})] (%argd: !

!'subop.result_table<[

!'subop.result_table<[unnamed$@ : i32]>

2|}

Listing 1: The optimized MLIR code resulting from the query
"SELECT 5 + 10;". At line 3, a new, empty relation is created,
while at line 4, a mapping operation is performed to add the
result to it. The calculation takes place within the region of
relalg.map. In this case, ’relalg’ refers to the name of the
dialect, while ’'map’ is the name of the operation. Due to
optimization, it is already reduced to simply returning the
final result, 15. At line 8, the filled relation is materialized,
which will be returned at line 9 and 10.
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[12]. First, it utilizes pre-built MLIR passes, which perform optimiza-
tions such as removal of dead code, common sub-expressions (CSE),
and canonicalization of dialects [14]. This step simplifies the code
and facilitates further optimization steps. Next, it optimizes the
underlying execution plan [12]. It begins by un-nesting relational
algebra operations. Nested operations, such as sub-queries, lead to
performance discrepancies as they have to be re-evaluated multiple
times during the query execution [18]. Subsequently, selections are
pushed down as far as possible so that the data is as pre-processed
before selection as possible. Afterward, the query’s join order is
optimized. In the last optimization step, frequently used tuples are
materialized to avoid re-evaluation. Once the optimization is com-
pleted, the resulting MLIR code is lowered in several steps, from
high-level dialects such as relalg (relational algebra operations) to
low-level dialects like [lvm. In order to lower the complex, relational
algebra operations, LingoDB utilizes data-centric code generation
[17]. The goal of this approach is to keep the data as long in the
CPU’s register as possible, avoiding unnecessary movement be-
tween the CPU and the main memory. To achieve this, data-centric
code generation introduces the consume-produce concept. Here, the
operator’s interface consists of two functionalities, consume() and
produce(). produce() tells the operator to create its results, while
consume() is used to receive incoming data. Operators invoke the
produce function of their child operations recursively in order to
receive data, process it, and then call the consume function of their
parent operation to continue processing. The required data is loaded
into the CPU’s register first and then successively processed by as
many operators as possible. Using this concept, LingoDB lowers
relalg operations to db operations (database-specific operations and
data-types) [12]. The resulting MLIR code will describe the required
workflow step by step. The remaining dialects are progressively
lowered in multiple steps until only the [lvm dialect remains. The
resulting LLVM-Code will then be compiled just in time (JIT) to
produce system-dependent machine code. During this process, ad-
ditional optimization passes are performed to further enhance the
machine code’s efficiency. Finally, this code will then be executed
on the runtime system which is built on Apache Arrow [7]. This
is a database format, which runs on main memory and allows fast
data access. At runtime, LingoDB can call C++ functions to perform
more complex operations, such as sorting algorithms.

4 Implementation

Both backward and forward mode automatic differentiation were
integrated into LingoDB. For this purpose, a total of four SQL op-
erators had to be added to LingoDB’s front-end: TABLE, LAMBDA,
DERIVATEBACKWARDS, and DERIVATEFORWARDS. TABLE is a new key-
word that creates a new, temporarily available table.

TABLE (<table-reference>); TABLE(<SQL-Subquery>).

It can either accept a reference to an already existing table or a
sub-query as its input. In both cases, it processes the provided query
and stores the result as a new common table expression (CTE). A
CTE is a temporary table that resides in memory and remains ac-
cessible only within the scope of the current query execution. By
utilizing CTEs in this manner, the operator allows for the defini-
tion of input variable data needed for the derivative functionality

Kevin Gutjahr, Clemens Ruck, and Maximilian E. Schiile

SQL Query
v

Front-End
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MLIR
Optimization

MLIR Lowering
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LLVM-based JIT
Compilation

Runtime System

LingoDB

Figure 5: Key components of LingoDB [12]. The input SQL
Query is translated into MLIR code, which is then optimized
and lowered. The resulting LLVM code is then compiled into
processor dependent machine code, which is then executed
in the runtime system.

without requiring the creation of a new, persistent table. The newly
generated CTE will be assigned a unique name, allowing it to be
referenced by other elements within the query.

The LAMBDA can be used to define SQL expressions as mathemat-
ical equations [20-24]:

LAMBDA{<tablel>, <table2>, -.-}(<SQL-Expression>).

Within the curly brackets, the operator takes references to input
tables, with their columns being used as variables in the mathe-
matical equation. In the round brackets, it takes an SQL expression.
The expression will be parsed into a syntax tree by the front-end.
When evaluating the equation, the front-end will generate MLIR
code that represents the structure of the tree.

DERIVATEBACKWARDS and DERIVATEFORWARDS have been imple-
mented as new table functions:

DERIVATEBACKWARDS (<TABLE(---)>, <TABLE(---)>, ---,
<LAMBDA{---}(---)>).

DERIVATEFORWARDS (STABLE(---)>, <TABLE(--)>, -+, <
LAMBDA{---}(---)>).

Both functions accept a LAMBDA expression, which must be the
final argument in the parameter list. Additionally, they can also
take TABLE expressions as parameters for additional input vari-
able definition. The front-end will generate MLIR code for dif-
ferentiating the function body of the LAMBDA expression, which
will then be executed on all tuples from the input tables. For this
purpose, the input tables will be temporarily concatenated into a
single table. The resulting partial derivatives are then appended
to that table. Before evaluation, DERIVATEFORWARDS must traverse
the equation tree of the LAMBDA expression to extract a list of all
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variables that are actually used. It will then apply the automatic dif-
ferentiation algorithm in forward mode for each identified variable.
Using DERIVATEBACKWARDS, the algorithm will be executed once in
reverse mode. The supported arithmetic operations are addition,
subtraction, multiplication, division, and exponentiation. Addition-
ally, the functions square root, exponential, logarithm, sine, and
cosine can also be derived.

5 Experiments

Two experiments were conducted on a system with an Intel Xeon
W-2295 processor (18 cores, 24.75 MB Cache, 3.00 GHz) and 125 GB
of RAM. The first experiment compares the MLIR code of two dif-
ferentiation algorithms and analyzes how it is optimized by MLIR.
The second experiment compares the algorithms’ performance in
timing under a higher workload. The processing time is split into
three parts: optimization time (the time taken for query optimiza-
tion on the MLIR code), compilation time (the lowering passes to
generate low-level MLIR in the [lvm dialect), and execution time
(the time to execute the generated machine code).

5.1 Code Generation

The performance of the system depends on the code generated
during query processing. To see how the differing algorithms affect
the code, the query seen in Listing 2 was used. Here, it calculates
the partial derivatives of the loss function Root Mean Squared
Logarithmic Error (RSMLE), which is used for the linear model
X0 - wWo +Xx1 W1 +b:

Lz\/(log(x()'wo+x1 'w1+b+1)—log(yo+1))2

As this function contains nested expressions, it is also a good
candidate to analyze MLIR’s optimization. The MLIR code generated
by the reverse mode is displayed in Fig. 6 (unoptimized) and Fig. 7
(optimized). The figures present the code needed to calculate the
partial derivative of x9. A comparison reveals that MLIR optimizes
the code by removing common sub-expressions. In the unoptimized
code, the partial derivative is calculated as

oL 1
— =1-05-

%o \/(log (x0-wo+x1-wi+b+1) —log(yo+l))2
-2 (log ( 0~w0+x1-w1+b+1)—log(y0+1))(271)
1
X0 Wwo+x1-wi+b+1

wo.

Here, the sub-expressions xp - wo+x1 - w1 +b+1and yo+1 are used
at multiple locations. In this example, this redundancy takes up the
majority of the generated code. Since LingoDB utilizes MLIR’s CSE
pass in the optimization step, it recognizes these sub-expressions
and rewrites the code so that they are calculated first. Their results
are then reused at the corresponding locations in the equation. The
same applies to constants and column reads. g—;‘o is then calculated
as
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c=x0-wo+x1-wi+b+1

d= yo+1
oL 1
E =1-0.5-
0 log () — log (d))?
1

-2+ (log (¢) — log () *™ - ~ - wy.

c

This enables the system to simplify the code and cut its size in
half. However, it doesn’t recognize the reuse of the logarithmic
expressions that take these sub-expressions as inputs and still re-
calculates them.

This behavior can also be observed in the forward mode, as
demonstrated in Fig. 8. Here, MLIR recognizes the reuse of the
same sub-expressions, namely xo - wo +x1 - w1 +b+1andyo + 1, as
in reverse mode. However, the forward mode code is considerably
longer than the code of the reverse mode. In forward mode, the
algorithm traverses the equation tree from the leaf nodes up to the
root nodes. If the current leaf node represents the variable for which
the partial derivative is being calculated, the algorithm returns 1 as
the current partial derivative. If the node does not represent it, the
algorithm returns 0. The system generates the required expressions
of Algorithm 1 at every node in the tree. However, since MLIR
evaluates the generated code only at runtime, it does not simplify
the code by removing expressions that are subsequently equal to 0.
This leads g—)ﬁ] to be calculated as

c=x0-wWo+x1-wi+b+1

d=y()+l
oL 1
— =0.5"
Ixo

log (c) ~ log (d))?
: ( ((> - (log () ~ log (d))* - log (z))(

+ (2- (log (c) ~log (d»(“))(

1
((0+0+x0-0+w0-1+x1~0+w1~0)-—)
C

)

Fig. 9 shows that this results in a decline in performance when
compared to the reverse mode. The graph illustrates the mean
processing times for executing Listing 2, which was repeated 1,000
times. The used test relation contained 75000 tuples of dummy data.

select * from derivateBackwards (TABLE(test), TABLE(select 1.0 as y0), TABLE(
select random() as w@, random() as wl, random() as b), lambda{test, x, x1
}(sart((log(test.x@ * x1.w@ + test.x1 * x1.wl + x1.b + 1) - log(x.ye + 1)
)%2)))5

Listing 2: Calculating the derivatives of the RSMLE loss
function using our SQL functions. It is used twice: once as
DerivateForwards and once as DerivateBackwards.



https://log(x.y0
https://sqrt((log(test.x0

DEEM ’25, June 22-27, 2025, Berlin, Germany

%13 = db.constant(1.000000e+00 : f64) : f64

%14 = db.constant(5.000000e-01 : f64) : f64

%15 = db.constant(1.000000e+00 : f64) : f64

%16 = tuples.getcol %arg@ @test1::@x@ : !db.decimal<2, 1>
%17 = tuples.getcol %argd @x1::@we : !db.decimal<3, 2>

%18 = db.mul %16 : !db.decimal<2, 1>, %17 : !db.decimal<3, 2>
%19 = tuples.getcol %argd @testl::@x1 : !db.decimal<2, 1>
%20 = tuples.getcol %arg@d @x1::@wl : !db.decimal<3, 2>

%21 = db.mul %19 : !db.decimal<2, 1>, %20 : !db.decimal<3, 2>
%22 = db.add %18 : !db.decimal<5, 3>, %21 : !db.decimal<5, 3>
%23 = tuples.getcol %argd @x1::@b : !db.decimal<3, 2>

%24 = db.cast %23 : !db.decimal<3, 2> -> !db.decimal<5, 3>
%25 = db.add %22 : !db.decimal<5, 3>, %24 : !db.decimal<5, 3>
%26 = db.constant(1 : i32) : !db.decimal<5, 3>

%27 = db.add %25 : !db.decimal<5, 3>, %26 : !db.decimal<5, 3>
%28 = db.cast %27 : !db.decimal<5, 3> -> f64

%29 = db.runtime_call "Log"(%28) : (f64) -> f64

%30 = tuples.getcol %argd @x::@y@ : !db.decimal<2, 1>

%31 = db.constant(1 : i32) : !db.decimal<2, 1>

%32 = db.add %30 : !db.decimal<2, 1>, %31 : !db.decimal<2, 1>
%33 = .cast %32 : !db.decimal<2, 1> -> f64

%34 = db.runtime_call "Log"(%33) : (f64) -> f64

%35 = .sub %29 : f64, %34 : f64

%36 = .constant(2 : i32) : f64

%37 = .runtime_call "PowerFloat" (%35, %36) : (f64, f64) -> f64
%38 = .runtime_call "Sqrt"(%37) : (f64) -> f64

%39 = db.div %15 : f64, %38 : f64

%40 = db.mul %14 : f64, %39 : f64

%41 = .mul %13 : f64, %40 : f64

%42 = tuples.getcol %arg@ @testl::@x@ : !db.decimal<2, 1>
%43 = tuples.getcol %arg@d @x1::@wd : !db.decimal<3, 2>

%44 = db.mul %42 : !db.decimal<2, 1>, %43 : !db.decimal<3, 2>
%45 = tuples.getcol %arg@ @testl::@x1 : !db.decimal<2, 1>
%46 = tuples.getcol %arg@ @x1::@wl : !db.decimal<3, 2>

%47 = db.mul %45 : !db.decimal<2, 1>, %46 : !db.decimal<3, 2>
%48 = db.add %44 : !db.decimal<5, 3>, %47 : !db.decimal<5, 3>
%49 = tuples.getcol %argd @x1::@b : !db.decimal<3, 2>

%50 = db.cast %49 : !db.decimal<3, 2> -> !db.decimal<5, 3>
%51 = db.add %48 : !db.decimal<5, 3>, %50 : !db.decimal<5, 3>
%52 = db.constant(1 : i32) : !db.decimal<s, 3>

%53 = db.add %51 : !db.decimal<5, 3>, %52 : !db.decimal<5, 3>
%54 = db.cast %53 : !db.decimal<5, 3> -> f64

%55 = db.runtime_call "Log"(%54) : (f64) -> f64

%56 = tuples.getcol %arg@ @x::@y@ : !db.decimal<2, 1>

%57 = db.constant(1 : i32) : !db.decimal<2, 1>

%58 = db.add %56 : !db.decimal<2, 1>, %57 : !db.decimal<2, 1>
%59 = .cast %58 : !db.decimal<2, 1> -> f64

%60 = db.runtime_call "Log"(%59) : (f64) -> f64

%61 = db.sub %55 : f64, %60 : f64

%62 = db.constant(2 : i32) : 64

%63 = .constant(1.000000e+00 : f64) : f64

%64 = .sub %62 : f64, %63 : f64

%65 = db.runtime_call "PowerFloat"(%61, %64) : (f64, f64) -> f64
%68 = .mul %62 : f64, %65 : f64

%69 = .mul %41 : f64, %68 : f64

%70 = db.constant(1.000000e+00 : f64) : f64

%71 = tuples.getcol %arg@ @testl::@x@ : !db.decimal<2, 1>
%72 = tuples.getcol %argd @x1::@w@ : !db.decimal<3, 2>

%73 = db.mul %71 : !db.decimal<2, 1>, %72 : !db.decimal<3, 2>
%74 = tuples.getcol %argd @testl::@x1 : !db.decimal<2, 1>
%75 = tuples.getcol %argd @x1::@wl : !db.decimal<3, 2>

%76 = db.mul %74 : !db.decimal<2, 1>, %75 : !db.decimal<3, 2>
%77 = db.add %73 : !db.decimal<5, 3>, %76 : !db.decimal<5, 3>
%78 = tuples.getcol %argd @x1::@b : !db.decimal<3, 2>

%79 = db.cast %78 : !db.decimal<3, 2> -> !db.decimal<5, 3>
%80 = db.add %77 : !db.decimal<5, 3>, %79 : !db.decimal<5, 3>
%81 = db.constant(1 : i32) : !db.decimal<5, 3>

%82 = db.add %80 : !db.decimal<5, 3>, %81 : !db.decimal<5, 3>
%83 = db.cast %82 : !db.decimal<5, 3> -> f64

%84 = db.div %70 : f64, %83 : f64

%85 = db.mul %69 : f64, %84 : f64

%86 = tuples.getcol %arg®d @x1::@wd : !db.decimal<3, 2>

%87 = db.cast %86 : !db.decimal<3, 2> -> f64

%88 = db.mul %85 : f64, %87 : f64

Figure 6: MLIR code generated by reverse mode before
optimization is applied. The code re-calculates the sub-
expression by reading the same constants and columns (red)
and executing the same instructions (blue) multiple times.

When using forward mode, the system requires more time during
optimization and compilation because it has to process more code
compared to reverse mode. However, the execution times of both
algorithms are nearly identical. Forward mode takes 150.95 ms for
execution, 65.83 ms for optimization, and 145.32 ms for compilation
(362.1 ms in total). Meanwhile, reverse mode takes 133.99 ms for
execution, 35.23 ms for optimization, and 105.37 ms for compilation
(274.59 ms in total).
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db.constant(2 : i32) : f64

db.constant(1 : i32) : !db.decimal<2, 1>
db.constant(1 : i32) : !db.decimal<5, 3>
db.constant(1.000000e+00 : f64) : f64

%25 = db.constant(5.000000e-01 : f64) : f64

%26 = tuples.getcol %argd @testl::@x0 : !db.decimal<2, 1>
%27 = tuples.getcol %argd @x1::@w@ : !db.decimal<3, 2>

%28 = db.mul %26 : !db.decimal<2, 1>, %27 : !db.decimal<3, 2>
%29 = tuples.getcol %arg@ @testl::@x1 : !db.decimal<2, 1>
%30 = tuples.getcol %arg@ @x1::@wl : !db.decimal<3, 2>

%31 = db.mul %29 : !db.decimal<2, 1>, %30 : !db.decimal<3, 2>
%32 = db.add %28 : !db.decimal<5, 3>, %31 : !db.decimal<5, 3>
%33 = tuples.getcol %arg@ @x1::@b : !db.decimal<3, 2>

%34 = db.cast %33 : !db.decimal<3, 2> -> !db.decimal<5, 3>
%35 = db.add %32 : !db.decimal<5, 3>, %34 : !db.decimal<5, 3>
%36 = db.add %35 : !db.decimal<5, 3>, %23 : !db.decimal<5, 3>
%37 = db.cast %36 : !db.decimal<5, 3> -> f64

%38 = db.runtime_call "Log"(%37) : (f64) -> f64

%39 = tuples.getcol %arg@ @x::@y@ : !db.decimal<2, 1>

%40 = db.add %39 : !db.decimal<2, 1>, %22 : !db.decimal<2, 1>
%41 = db.cast %40 : !db.decimal<2, 1> -> f64

%42 = db.runtime_call "Log"(%41) : (f64) -> f64

%43 = db.sub %38 : f64, %42 : f64

%44 = db.runtime_call "PowerFloat" (%43, %21) : (f64, f64) -> f64
%45 = db.runtime_call "Sqrt"(%44) : (f64) -> f64

%46 = db.div %24 : f64, %45 : f64

%47 = db.mul %25 : f64, %46 : f64

%48 = db.mul %24 : f64, %47 : f64

%49 = db.runtime_call "Log"(%37) : (f64) -> f64

%50 = db.runtime_call "Log"(%41) : (f64) -> f64

%51 = db.sub %49 : f64, %50 : f64

%52 = db.sub %21 : f64, %24 : f64

%53 = db.runtime_call "PowerFloat" (%51, %52) : (f64, f64) -> f64
%54 = db.mul %21 : f64, %53 : f64

%55 = db.mul %48 : f64, %54 : f64

%56 = db.div %24 : f64, %37 : f64

%57 = db.mul %55 : f64, %56 : f64

%58 = db.cast %27 : !db.decimal<3, 2> -> f64

%59 = db.mul %57 : f64, %58 : f64

Figure 7: Optimized reverse mode MLIR code. The code cal-
culates the sub-expression only once and reuses the result
where it is needed (brown).

5.2 Performance

The second experiment is meant to test both algorithms under a
higher workload than in the first experiment. Listing 3 shows the
query used to achieve this. It calculates the partial derivatives of

F (51, Sws P1s Pws W1, W2, W3, Wa, b) = o (57 - Wi + Sy - W2

+Ppr- W3+ Py Wat+ D).

This equation represents a neural network layer that receives
four input values and produces a single output with the sigmoid
activation function applied to it. The query was run on the iris
dataset [6], which contains 150 tuples representing flowers. Each
tuple consists of measurements of the flowers, namely sepal length
sy, sepal width s,,, petal length p;, petal width p,,, and the species of
the flower. For this experiment, the data set was multiplied by 2000
to create 300000 tuples. As in the first experiment, the queries are
executed 1000 times to reduce random variation in the measured
processing times. The results are shown in Fig. 10. Similar to the
results in Section 5.1, there is a difference between the processing
times of the two differentiation modes. Again, the forward mode
takes more time than the reverse mode. The forward mode took on
average 76.68 ms to complete its optimization, 145.38 ms to compile
and 626.72 ms to execute. Meanwhile, reverse mode took an aver-
age of 40.28 ms for optimization, 108.73 ms for compilation, and
629.67 ms for execution.

This results in a total processing time of 848.78 ms using the
forward mode algorithm and 778.68 ms using the reverse mode
algorithm, a difference of ~70 ms. The reason for this behavior can
be found in the generated MLIR code. As explained in Section 5.1,
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f64, %26 : f64
%argd @x1::@wo :
!db.decimal<3, 2> -> f64

!db.decimal<3, 2>

. 64, %25 : f64

%33 = db.add %29 : f64, %32 : f64

%34 = tuples.getcol %argd @testl::@x1 : !db.decimal<2, 1>
%35 = db.cast %34 : !db.decimal<2, 1> -> 64

%36 = db.mul %35 : f64, %26 : f64

%37 = tuples.getcol %argd @x1::@wl : !db.decimal<3, 2>

%38 = db.cast %37 : !db.decimal<3, 2> -> f64

%39 = db.mul %38 : f64, %26 : f64

%40 = db.add %36 : f64, %39 : f64

%41 = db.add %33 : f64, %40 : f64

%42 = db.add %41 : f64, %26 : f64

%43 = db.add %42 : f64, %26 : f64

%44 = db.mul %27 : !db.decimal<2, 1>, %30 : !db.decimal<3, 2>
%45 = db.mul %34 : !db.decimal<2, 1>, %37 : !db.decimal<3, 2>
%46 = db.add %44 : !db.decimal<5, 3>, %45 : !db.decimal<5, 3>
%47 = tuples.getcol %argd @x1::@b : !db.decimal<3, 2>

%48 = db.cast %47 : !db.decimal<3, 2> -> !db.decimal<5, 3>
%49 = db.add %46 : !db.decimal<5, 3>, %48 : !db.decimal<5, 3>
%50 = db.add %49 : !db.decimal<5, 3>, %24 : !db.decimal<5, 3>
%51 = db.cast %50 : !db.decimal<5, 3> -> f64

%52 = db.div %25 : f64, %51 : f64

%53 = db.mul %43 : f64, %52 : f64

%54 = db.add %26 : f64, %26 : f64

%55 = tuples.getcol %arg@ @x::@y@ : !db.decimal<2, 1>

%56 = db.add %55 : !db.decimal<2, 1>, %23 : !db.decimal<2, 1>
%57 = db.cast %56 : !db.decimal<2, 1> -> f64

%58 = db.div %25 : f64, %57 : f64

%59 = db.mul %54 : f64, %58 : f64

%60 = db.sub %53 : f64, %59 : f64

%61 = db.runtime_call "Log"(%51) : (f64) -> f64

%62 = db.runtime_call "Log"(%57) : (f64) -> f64

%63 = db.sub %61 : f64, %62 : f64

%64 = db.sub %22 : f64, %25 : f64

%65 = db.runtime_call "PowerFloat" (%63, %64) : (f64, f64) -> f64
%66 = db.mul %22 : f64, %65 : f64

%67 = db.mul %60 : f64, %66 : f64

%68 = db.runtime_call "Log' 1) : (f64) -> f64

%69 = db.runtime_call "Log"(%57) : (f64) -> f64

%70 = db.sub %68 : f64, %69 : f64

%71 = db.runtime_call "PowerFloat"(%70, %22) : (f64, f64) -> f64
%72 = db.runtime_call "Log"(%22) : (f64) -> f64

%73 = db.mul %71 : f64, %72 : f64

%74 = db.mul %26 : f64, %73 : f64

%75 = db.add %67 : f64, %74 : f64

%76 = db.runtime_call "Log' 1) : (fe4) -> fe4

%77 = db.runtime_call "Log"(%57) : (f64) -> f64

%78 = db.sub %76 : f64, %77 : f64

%79 = db.runtime_call "PowerFloat"(%78, %22) : (f64, f64) -> f64
%80 = db.runtime_call "Sqrt"(%79) : (f64) -> f64

%81 = db.div %25 : f64, %80 : f64

%82 = db.mul %21 : f64, %81 : f64

%83 = db.mul %75 : f64, %82 : f64

Figure 8: Optimized forward mode MLIR code. The same be-
havior as in the reverse mode code can be seen.
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Figure 9: The processing times of both forward (blue) and
reverse (orange) mode calculating the derivatives of RSMLE,
grouped by execution, optimization, compilation and total
time.
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MLIR only evaluates the generated code at runtime and therefore
doesn’t remove expressions equal to 0. This means that it has to
generate a much larger number of operations to compute a partial
derivative. In this experiment, the MLIR code generated by the
forward mode algorithm was 806 lines long, while the reverse
mode code was only 94 lines long. After optimization, the forward
mode code is 490 lines long, while the reverse mode code is 327
lines long. However, the execution times of both algorithms are
almost the same.

6 Conclusion

In this work, forward mode and reverse mode automatic differenti-
ation were implemented and evaluated in LingoDB using the MLIR
compiler infrastructure. In our experiments, the reverse mode au-
tomatic differentiation algorithm outperformed the forward mode.
Since MLIR evaluates the generated code at runtime, the system
has to generate and handle more code when using the forward
mode compared to the reverse mode, resulting in a performance
discrepancy. However, as LingoDB is still in the early stages of
development, these results are not yet applicable to real-world in-
database machine learning use cases. It does not currently support
the ability to call the implemented table functions, either iteratively
or recursively. It also does not yet support matrices as a data type.
Adding these features to LingoDB would create a promising sys-
tem that allows for highly efficient machine learning capabilities
directly within the database system.

select * from derivateForwards(TABLE(iris), TABLE(select random() as wl, random
() as w2, random() as w3, random() as w4, random() as b), lambda{iris, x
Y1 / (1 + exp(-(iris.sepal_length * x.wl + iris.sepal_width * x.w2 +
iris.petal_length * x.w3 + iris.petal_width x x.w4 + x.b)))));

Listing 3: The performance test query. It is used twice: once
as DerivateForwards and once as DerivateBackwards.
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Figure 10: The processing times of both forward (blue) and
reverse (orange) mode using the performance test query,
grouped by execution, optimization, compilation and total

time.
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