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ABSTRACT
Accelerating SQL query execution with GPUs is a central focus

in database research. While prior systems have achieved notable

speedups by offloading relational operators, the acceleration of the

wide range of scalar functions that are supported by analytical en-

gines remains unaddressed. Our analysis reveals that many scalar
functions incur substantial computational overhead and often con-

stitute the primary bottleneck in analytical queries on CPUs. This

observation motivates a systematic exploration of the opportunities

and challenges in accelerating scalar functions on GPUs.

Unlike relational operators, which are few in number and stan-

dardized, production databases support hundreds of scalar functions.
The absence of a standardized specification, combined with this

diversity, renders manual GPU porting infeasible. To address this,

we present an LLVM-MLIR-based compiler toolchain that automati-

cally translates the CPU-based implementations of scalar functions

from production databases into efficient GPU kernels, while preserv-

ing their original semantics. Our approach lifts scalar functions to a
high-level intermediate representation, applies resource-optimizing

transformations, and generates GPU assembly code, supporting all

relevant data types, parameters, and database context variables.

As existing benchmarks do not sufficiently stress test scalar
functions in analytical queries, we introduce a variant of TPC-H

that utilizes scalar functions while preserving the original query

intent. Integrating our GPU kernels into a state-of-the-art GPU data-

base system, we demonstrate substantial performance gains over a

leading CPU database that uses slightly more expensive hardware:

7.6× on enhanced TPC-H and 6.4× on production queries, further

widening the gap between GPU and CPU databases. The gener-

ated kernels deliver performance comparable to hand-optimized

GPU implementations, establishing our approach as a scalable and

practical solution for accelerating scalar functions on GPUs.
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Q4
Business question 

“The Order Priority Checking 
Query counts the number of 

orders ordered in a given 
quarter of a given year…”

ORIGINAL PREDICATE
 ODATE>= '1993-07-01’ AND

 ODATE< '1993-10-01’

PREDICATE WITH SCALAR 
YEAR(ODATE) = 1993 AND 

DATEPART(QUARTER,ODATE)=3

Q17
Business question

“The Small-Quantity-Order 
Revenue Query considers parts of 

a given brand and with a given 
container type…”

ORIGINAL PREDICATE
BRAND= ‘Brand#23’ AND
CONTAINER= ‘MED BOX’

PREDICATE WITH SCALAR 
RIGHT(BRAND,2) = 23 AND

LOWER(CONTAINER) = ‘med box’
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Figure 1: Adding realistic scalar function usage causes a 3×
slowdown for TPC-H; figure shows Q4 and Q17 as examples.

PVLDB Artifact Availability:
The source code, data, and/or other artifacts have been made available at

https://doi.org/10.6084/m9.figshare.29452214.

1 INTRODUCTION
The last decade has seen a rapid evolution of the hardware ecosys-

tem, including the emergence of GPUs and other accelerators. The

database community has recognized the potential of GPUs for ac-

celerating query processing, and a number of GPU databases have

been developed [4, 7, 13, 24, 34, 47, 54, 57]. The primary focus of

the research on GPU databases has been to accelerate the execu-

tion of relational operators. [29, 33–35, 42, 52, 56, 59, 60]. However,

the surface syntax of the SQL query language goes beyond just

relational operators and includes a large number of scalar func-
tions [8, 11, 12, 14] (sometimes also referred to as intrinsic functions,
built-in functions or plainly as SQL functions). These functions, as
defined by the SQL specification, perform element-wise transforma-

tions, taking a single value as input and producing an output value.

Scalar functions are extensively used in SQL queries for tasks such

as string manipulation, date and time processing, type conversions,

and mathematical computations, making them essential for a wide

range of analytical workloads.

Accelerating Scalar Functions: Opportunities andChallenges.
Most commercial database systems support several hundred scalar
functions [3, 8, 11, 12, 14] and our evaluation of a large set of

SQL queries from a production workload on Microsoft SQL Server

shows that these functions are invoked frequently, and often in

performance-critical parts of the query execution. Telemetry gath-

ered over a million production queries shows that, in this workload,

58% of queries use at-least one scalar function with about 18% of

queries using 3 or more of them. These functions often account for

50% or more of total query execution time on CPUs. Consider rep-

resentative variants of TPC-H queries Q4 and Q17 which have been

modified to use scalar functions while preserving the query speci-

fication. As can be seen in Figure 1, the introduction of intrinsics

leads to a 3× increase in execution time.

1441

https://doi.org/10.14778/3801059.3801061
https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:info@vldb.org
https://doi.org/10.14778/3801059.3801061
https://doi.org/10.6084/m9.figshare.29452214


The poor performance of scalar functions can be largely attrib-

uted to the inherent complexity in the nature of the performed

computation. Most functions (with the exception of mathematical

operations on basic types) have a high arithmetic intensity (num-

ber of operation per byte read), often requiring computations that

sequentially traverse the inputs. For example: (a) traversing UTF-8

strings in a collation specific manner, requires sequential process-

ing to identify character boundaries; (b) operations on date types,
like computing the number of years between two dates, requires

sequential loops to detect and account for leap years. These sub-

stantial computational overheads on CPUs underscore the need to

explore GPU acceleration for scalar functions.
From a GPU database perspective, the absence of native sup-

port for scalar functions fundamentally disrupts efficient query

execution. When a query encounters a scalar function that cannot

be evaluated on the GPU, execution must either fail or fall back

to the CPU, forcing data transfers between GPU and CPU over

PCIe. These transfers are substantially slower than the memory

bandwidth of CPUs or GPUs, introducing significant overhead and

latency. As a result, queries either fail outright or suffer severe

performance degradation, with the cost of moving data back and

forth often outweighing any computational speedup gained from

GPU acceleration [26, 46, 57, 62].

Supporting scalar functions on GPUs poses unique challenges,

distinct from those of relational operators. First, relational op-

erators are few and well-studied, but scalar functions are in the

hundreds, each with different semantics and computational pat-

terns [3, 8, 11, 12, 14]. This diversity makes it impractical to de-

sign a small set of hardware-specific data structures or rely on

generic GPU abstractions like tensor operations [44]. Second, scalar
functions lack a fully standardized specification. Their precise se-

mantics—including edge case handling, supported types, optional

parameters, and context (e.g., string collations or calendar sys-

tems [1, 28])—vary across database systems. As a result, the imple-

mentation in each system often serves as the de facto specification.

The implementation of scalar functions in SQL Server is spread over

100,000 lines of code. Re-implementing every scalar function for

GPUs is infeasible due to code duplication, maintenance overhead,

and risk of inconsistencies. A new approach is needed to efficiently

and consistently support the full range of scalar functions on GPUs.

An ideal solution would be to reuse implementations from mature

databases, ensuring compatibility and reducing development effort.

Proposed Solution. To address this challenge, we develop an

extensible compiler toolchain that automatically translates existing

CPU based implementations of scalar functions from a production

database (SQL Server) into efficient GPU kernels. We leverage the

LLVM-MLIR compiler framework to enable GPU code generation.

The Multi-Level Intermediate Representation (MLIR) framework

was recently introduced as part of LLVM to facilitate the develop-

ment of domain-specific compilers targeting CPUs, GPUs and other

accelerators. MLIR has gained widespread adoption in the AI and

machine learning communities [9, 15–17, 22, 43, 53] to generate

code for GPUs fromNvidia [10], AMD [2] and Intel [18], as well as

accelerators like TPUs [15]. It has also been previously used to build

a compilation-based CPU database engine [40]. Most MLIR-based

compilers focus on domain-specific languages, supporting only a

narrow set of abstractions and code-generation passes tailored to

their domains. However, they do not address the broader class of

element-wise computations, where scalar functions used in analyti-

cal databases represent a critical and widely-used set of functions.

Scalar functions in production databases are implemented in high-

level languages and rely on a combination of complex language

features such as templates, polymorphism and function pointers,

and use of general purpose constructs such as loops, condition-

als, structs, and classes. Existing MLIR compilers for GPUs are not

designed to handle or optimize such general-purpose implemen-

tations, and thus require substantial architectural extensions and

novel optimization strategies to efficiently support the full diversity

and complexity of scalar functions in analytical databases.

Our proposed compiler toolchain for scalar functions operates in
two main stages. First, we leverage LLVM’s Polygeist [48, 49] front-

end compiler that lifts the C++ implementations of scalar functions
into high-level MLIR dialects instead of generating low-level LLVM

IR (or assembly). This approach preserves structured control flow

(while and for loops) and composite data types (structs and classes)
enabling optimizations such as loop transformations, data layout

restructuring, and high-level analyses that are difficult to perform

on low-level LLVM IR. The core contribution of our work lies in the

second stage: a specialized code generator that applies GPU-specific

optimizations to generate efficient kernels for scalar functions.
The initial IR preserves the loop structure of the columnar in-

terface, allowing our code generator to identify parallelism, apply

loop tiling, and map computation to the GPU’s grid-block-thread
hierarchy. To maximize memory bandwidth, the generator targets

wide-word load and store instructions via an unroll and jam pass,

enabling each thread to process vectors of inputs efficiently. To

further enhance kernel efficiency, the generator restructures data

layouts of composite types by splitting struct pointers into field

pointers and eliminates unused fields and fields that store constants,

reducing register pressure and kernel size. These domain-specific

optimizations, combined with standard compiler passes, produce

compact and high-performance GPU kernels.

We integrate kernels generated by our compiler into a GPU

database that is based on Tensor Query Processing (TQP) [34]. Our

compiler toolchain for scalar functions preserves the retargetability
and performance portability of TQP, ensuring that the database can

efficiently support new and future GPU architectures.

Benchmarks and Evaluation. We introduce TPC-H-scalar, a
benchmark suite that augments TPC-H queries with realistic usage

of scalar functions (see Figure 1 for examples), based on patterns

observed in production workloads. The original TPC-H queries

often omit scalar functions by assuming canonicalized data (e.g.,

string columns such as p_type are capitalized) and convenient

parameters (e.g., @startQuarter = ’1993-07-01’ rather than

@year = 1993 and @quarter = 3). Our variant incorporates a
diverse set of scalar functions, encompassing string manipulation,

date operations, and numeric conversions. Most queries (19/22)

remain equivalent to the TPC-H specification, ensuring relevance

and comparability (Section 5 discusses this in more detail).

We compare the performance of our GPU database with scalar
function support against a state-of-the-art CPU database system

(SQL Server) on 3 sets of benchmark queries. In addition to TPC-H-
scalar, we also compare against a sample of the production work-

load, and a set of micro-benchmark queries; each exercising a single
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scalar function.We report that the GPU enginewe integrate with has

significantly better performance than a scale-up CPU engine that

uses slightly (28%) more expensive hardware. It achieves an average

per-query speedup of 7.6× on TPC-H-scalar and 6.4× on production

queries. Further, our evaluation shows that adding realistic scalar

functions to TPC-H queries has minimal impact on GPU execution

time, while causing a 2.8× slowdown on CPUs. This more than

doubles the overall speedup of the GPU database. We further estab-

lish that the generated kernels are competitive with hand-written

CUDA or tensor-operation-based implementations—and in some

cases outperform them due to specific optimizations—while also

supporting generation across GPUs from multiple vendors.

In summary, in this paper we make the following contributions:

• We quantitatively and qualitatively show that scalar func-
tions are expensive to evaluate on CPUs and discuss the

challenges in accelerating them with GPUs.

• We develop a novel MLIR-based compiler toolchain that

automatically translates existing implementations of scalar
functions into optimized GPU kernels, thus ensuring that

their behavior is consistent with CPU implementations.

• We introduce TPC-H-scalar, a benchmark suite that aug-

ments TPC-H with diverse and realistic scalar function

usage, and make it publicly available, enabling systematic

evaluation of scalar functions in analytical queries.

• We integrate the generated kernels into a GPU database and

demonstrate that the end-to-end system delivers substantial

speedups, further widening the performance gap between

GPU and CPU databases.

The rest of the paper is organized as follows. Section 2 covers

relevant background. Section 3 describes our compiler toolchain.

In Section 4 we discuss integration into a GPU database system. In

Section 5, we study the usage of scalar functions and design a new

benchmark suite. Section 6 reports results from performance evalu-

ation. We discuss challenges when adapting to other applications,

like accelerating UDFs, in Section 7. Section 8 surveys related work.

We conclude with a summary and future work in Section 9.

2 BACKGROUND
We begin this section with a summary of scalar functions supported
in SQL Server and the span of their implementation. We motivate

the possibility of using GPUs to accelerate scalar functions and
introduce the LLVM-MLIR framework used to build our compiler.

2.1 SQL Scalar Functions
Scalar functions supported by SQL can be classified into four broad

categories: type conversion functions, date functions, string func-

tions, and math/logic functions1. Math and conversion functions

each support multiple types and the implementation varies widely

across types. Figure 2 shows examples of SQL Server functions of

each kind. While the names may differ, equivalent functions are

supported in other SQL systems [3, 5, 11, 12].

Figure 3 shows the overhead of executing scalar functions from
each category on two CPU databases, SQL Server and duckDB, us-

ing simplemicro-benchmark queries. Each query reads two columns

1
Different database engines may use varying categorizations or terminology; we

regroup them into these four categories for ease of exposition.

Type conversion

CAST, COALESCE, CONVERT, 
PARSE, TRY_CAST, TRY_PARSE

Math and logical functions 
ABS, ATAN, CEILING, COS, EXP, 
FLOOR, GREATER, IIF, LOG, POWER, 
ROUND, SIGN, SIN, SQUARE, SQRT 

Date Time functions
DATEADD, DATEDIFF, DATEFROMPARTS, 
DATEPART, DATETRUNC, DAY, EOMONTH, 
GETDATE, GETUTCDATE, ISDATE, 
MONTH, TIMEFROMPARTS, YEAR 

String functions
CHARINDEX, FORMAT, ISJSON, 
LEFT, LEN, LIKE, LOWER, 
LTRIM, NCHAR, PATINDEX, 
REPLACE, REPLICATE, 
REVERSE, RIGHT, RTRIM, 
SPACE, STR, STUFF, 
SUBSTING, TRANSLATE, TRIM, 
UNICODE, UPPER, JSON_VALUE 

Type specific implementations

Figure 2: Examples of SQL scalar functions

0.1

1

10

100

sq
rt

(i
n

t)

ab
s(

d
ec

)

ro
u

n
d
(d

ec
)

fl
o

at
T

o
D

ec

d
at

eT
o

S
tr

y
ea

r

d
at

ep
ar

t(
q

tr
)

d
at

ea
d
d

lo
w

er

su
b

st
ri

n
g

MATH CONVERT DATE STRING
n

o
rm

a
li

ze
d

 e
x

ec
u

ti
o

n
 t

im
e SQLserver baseline SQLserver scalar duckdb baseline duckdb scalar

Figure 3: Overhead of evaluating scalar functions on CPU
databases. The baseline query uses a simple predicate while
scalar applies a scalar function as part of the predicate.

from the lineitem table of TPC-H and counts the number of rows

that satisfy a predicate of a fixed selectivity. The predicate is either

a simple comparison (for bar labeled baseline) or a scalar function
on the same columns (for bar labeled scalar). The times are normal-

ized with respect to the baseline times and plotted on a log scale
2
.

The results show that executing scalar functions incurs substantial
overhead, for all but basic math functions (abs and sqrt in figure).

Functions on decimal types including rounding and conversion

from floating point expressions incur an overhead of 2 − 10×. Con-
version from date to string and other date functions also incur a

high overhead of 1.5 − 12×. String functions have an even higher

overhead slowing down performance by more than 10×. Below we

discuss why scalar functions are computationally expensive and

why they are a good candidate for GPU acceleration.

String functions Traversing through the individual characters in

a string is central to all string functions. A production database like

SQL Server supports a large number of character sets and collations.

Strings are usually represented in the universal Unicode format

using a collation specific encoding like UTF-8 or UTF-16. With

such encodings, a single character can be represented by multiple

bytes and traversing a string requires processing one character at a

time. Traversal is only one part of the implementation of a string

function. Additional functions are needed to perform computations

like, comparisons between characters or applying transformation

tables to change case, all in a collation specific manner.

Extracting parts of a date SQL Server supports several date types,

that physically represent a date value using a 32 or 64 bit integer. For

2
Note that the baseline times for the engines vary significantly; therefore, direct

performance comparisons between the engines are not appropriate.
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example, the default datetime2 type tracks the number of ticks (typ-

ically in milliseconds) since the beginning of date 1/1/1 as a 64-bit

integer. A common operation for all date functions is to breakdown

a date from its integer representation to its constituent parts year,
month, day, hour, minute, second and millisecond fraction. This is
implemented by creating a composite DateParts type that has these
constituents as separate fields. The conversion involves the invoca-

tion of about 15 functions with some, like counting the number of

leap years, that require iterative computation, thereby increasing

arithmetic intensity. Additional functions maybe invoked on the

DatePart object to extract parts like week, quarter and dayofyear
that are not directly represented as a field. SQL server supports

multiple calendars and the implementation of date functions needs

to account for calendar specific semantics.

Multi-word operations on decimal types Analytical databases
perform high precision computations on decimal types so that they

are not affected by rounding errors. Such types need multiple in-

tegers to represent each value (128 bits), and are represented by

composite struct types. Implementation of scalar functions on dec-

imal types, like adjusting the scale, rounding or converting from

floating point requires multi-word operations. The implementation

relies on a library of multi-word arithmetic operations that han-

dles all the corner cases. The code includes detailed comments and

mathematical proofs to reason about the correctness of operations.

Despite using highly optimized libraries applying scalar function op-
erations has a high arithmetic intensity due to the need to perform

multi-word operations on composite types
3
.

A note on implementation. The implementation of the above func-

tions, spanning over 100,000 lines of code, makes rich use of ad-

vanced programming language features such as templates, poly-

morphism, function pointers, dynamic memory allocation, and uses

standard C++ library functions— many of which are unsupported

or only partially supported in GPU-specific languages like CUDA,

particularly within device code. These are critical to conform to

good software engineering practices, to maintain readability and

enable extensibility. The code also gets frequent updates including

several critical commits in the recent releases.

Compilation and execution in SQL Server. Scalar functions are com-

piled into CPU specific binaries during the build process. O3 level

optimizations—such as inlining, unrolling, and vectorization—are

applied to improve execution efficiency. The query optimizer pro-

vides first-class support for scalar functions, employing rewrite rules

to transform plans with scalar operators in a cost based manner.

2.2 GPU Acceleration
The above discussion highlights that scalar functions are computa-

tionally expensive, and their implementation is complex. Modern

GPUs like NVIDIA A100 are available at a price point [21] compa-

rable to scale-up CPUs and offer a high memory bandwidth and

an even higher arithmetic throughput. To understand the poten-

tial for performance improvement of GPUs compared with CPUs,

we use a roofline plot—a theoretical model that relates attainable

performance to arithmetic intensity (AI), defined as the ratio of

3
Note that scalars are more expensive than aggregations as for the latter the imple-

mentation can use distributive properties to accumulate and fix precision later.
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Figure 4: Roofline plot comparing CPU and GPU perfor-
mance for functions with varying arithmetic intensity. The
colored band indicates the speedup over CPU roofline.

operations to memory accesses. The roofline plot illustrates the

maximum achievable throughput for a given AI, bounded either

by memory bandwidth (for low AI) or by compute capability (for

high AI). This visualization helps identify whether a workload is

memory-bound or compute-bound and estimates the upper bound

on speedup from GPU acceleration over CPU execution.

As illustrated in Figure 4, the speedup ceiling for compute-bound

kernels is much higher than for memory-bound kernels. To under-

stand the impact of this on scalar functions we position the main

categories of scalar functions on the roofline plot based on empirical

measurements; further details on our methodology are provided in

Section 6.5. As can be seen simple math and conversion operations,

with arithmetic intensity (AI) in the range of 1–4, are memory-

bound, and their theoretical speedup is limited by relative memory

bandwidth. In contrast, most other scalar functions exhibit higher
AI and are compute-bound, making them well-suited to benefit

from the GPU’s superior computational throughput.

2.3 Compiler Design with LLVM-MLIR
MLIR [45] (Multi-Level Intermediate Representation) was intro-

duced in 2019 as a flexible compiler infrastructure to address the

challenges of targeting diverse and rapidly evolving hardware ac-

celerators. Built on top of LLVM, MLIR organizes program repre-

sentations using a modular system of dialects, each defining its

own operations and types. This extensible intermediate represen-

tation (IR) allows developers to introduce custom domain-specific

abstractions tailored to new hardware or application domains. The

MLIR ecosystem includes dialects for standard high-level language

constructs such as functions, loops, if-then-else, memory and math
operations, providing a common foundation for expressing a wide

range of computations. All MLIR programs are required to be in

Static Single Assignment (SSA) form, where each value is assigned

exactly once and has a well-defined, immutable type. This design

enforces strong typing and enables robust type checking through-

out the compilation process. This architecture allows compilers to

efficiently target diverse hardware platforms by introducing cus-

tomizable optimization passes to rewrite programs and lowering
passes that progressively transform high-level abstractions into

hardware-specific code.
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Most existing MLIR-based compilers are designed for domain-

specific languages with a limited set of operations. For example

widely used compilers for OpenAI Triton [17] and Tensorflow [9],

target specific primitives used in deep learning. Additional com-

pilers for domains like sparse tensor computation [22], decision

forest inference [53] or relational algebra [40], define their own

custom dialects. Custom compilation passes are then used to match

specific patterns and lower from these dialects to existing MLIR

dialects. This lowering process continues until the intermediate rep-

resentation (IR) satisfies the preconditions required by the pre-built

code-generation passes to generate hardware-specific code. Unlike

these compilers we begin with existing implementations of scalar
functions, which make extensive use of general-purpose language

features such as loops, conditionals, structs, and classes. Current

MLIR-based compilers are not equipped to handle this level of lan-

guage complexity or to optimize such code effectively, making them

unsuitable for our use case without significant extension. Building

an effective compiler for scalar database functions presents several

key challenges evenwhen leveragingMLIR’s existing infrastructure.

We create a custom compiler with about 50 different optimization

and lowering passes, five of which were written from scratch to ad-

dress specific challenges encountered during compilation of scalar
functions. Below we describe the steps in code-generation and the

challenges we address in each step.

Initial Code Quality Issues. A direct translation from C++

scalar functions to MLIR produces programs which are large and

highly inefficient, their code size can sometimes be reduced by 10×
through extensive optimization. Certain scalar functions create ob-
jects with many fields which are represented in the IR as pointers to

complex types, and individual elements are access through several

loads and stores. As these classes are templatized and shared across

multiple functions in the C++ implementation, often times only a

subset of fields and code within functions are relevant to a specific

scalar function. Further, the implementation often involves early ex-

its from functions and loops, which when translated to MLIR results

in several redundant branches that read and write state variables

allocated using memref operations. Addressing this required apply-

ing a known optimization technique called Scalar-Replacement of
Aggregate at high level dialects in MLIR.

Loop optimization. The next step is to prepare the loops for

lowering to the GPU dialect and do so while maximizing resource

efficiency. We enhance existing MLIR loop transformations and

introduce custom passes to optimize memory access patterns and

thread utilization. Specifically, we implement a novel sequence of

optimizations that increases per-thread workload by coarsening

loops so that each thread processes multiple elements per kernel

invocation. We then generate vector loads to access all elements

with a single hardware instruction.

GPU kernel generation. Successfully combining custom op-

timization passes with existing MLIR passes requires careful se-

quencing and coordination. Additionally, care needs to be taken

to ensure that constants are not aggressively propagated out of

kernels and passed as parameters. Sinking such constants into the

kernel is crucial for enabling subsequent optimization passes to

generate specialized, high-performance code.

We describe the compiler in more detail next.

3 COMPILING SCALARS FUNCTIONS INTO
GPU KERNELS

Our compiler targets the batch interface for implementing scalar
functions, which processes column vectors as input and produces

output vectors, aligning with the columnar execution model preva-

lent in modern analytical databases
4
. Table 1 summarizes the MLIR

dialects used during compilation.

Table 1: MLIR dialects used in the implementation.
Dialect Description
func The dialect represents functions with operators to encap-

sulate the function body and calls to other functions.

affine Represents loops that have statically analyzable bounds

and step sizes. Such loops, the outer loop of scalar functions
being an example, are candidates for parallelization.

scf Represent structured control flow operations like for and
while loops and if-then-else regions within a function body.

memref Represents memory operations, like allocations, loads,

stores and type casts. The operations support complex

types arrays, structs, tensors and arbitrary nests of them.

Subsequent passes lower these operations to simpler types

and finally to machine memory operations.

arith Represent standard operations on scalar values including

arithmetic and comparisons on basic types.

Math Represents math functions like those in C++ std libraries.

polygeist Polygeist has operations in its own dialect that are used

in cases where the other high-level dialects prove to be

insufficient, e.g., when a memref needs to be interpreted
as a pointer. The Polygeist dialect has a memref2pointer op
that converts the memref to a LLVM pointer type.

llvm A dialect with identical semantics to LLVM used to rep-

resent lower-evel operations. Can appear in high-level IR

too, typically when pointer arithmetic are involved.

GPU Low-level device-independent abstractions for launching

GPU kernels. Can be lowered to from parallel loops in scf.
vector Represents operations on multi-dimensional vectors. Can

lower to wide-word instructions on the GPU.

3.1 Translation to MLIR
The first step towards compilation is to translate the existing im-

plementation of a function (including all other functions that it

refers to) to MLIR [45]. We rely on LLVM Polygeist [48, 49], a fron-

tend compiler that translates the C++ AST generated by a standard

compiler—already resolved for templates and polymorphism—into

MLIR. It maps C++ constructs (classes, member functions, globals,

etc.) to corresponding MLIR types and operations. Classes become

structs, and methods are represented in the func dialect.Polygeist
then inlines functions and applies canonicalization passes [48], pro-

ducing an MLIR representation using high-level dialects listed in

Table 1. Figure 5 illustrates an example of the intrinsic year, whose

implementation invokes multiple functions as discussed before in

Section 2. It constructs a class (fn2) representing date parts, and

calls functions that initialize (fn3) and update (fn5) fields.

3.2 Simplification and Code Size Reduction
The initial MLIR generated by the frontend compiler is sometimes

very inefficient. The key to simplifying this code is an effective

4
SQL Server also supports a row mode interface that is typically used for transactional

workloads.
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func.func @year(%arg0 memref<?xi64>,, %arg1...)

  … 51 LOC //year fn code

scf.for %arg3 = %c0 to %0 step %c1 

  %3 = memref.load %arg0[%arg3]:memref<?xi64>

a //inlined fn2 code below

  a = memref.alloca():memref<struct<(i32…i16)>>

  … 60 LOC //inlined fn3 code below

  %6 = "polygeist.memref2pointer"(%a)

  … 8 LOC

  %10= llvm.getelementptr %6[0, 3]:!llvm.ptr<i16>

 llvm.store %c0_i16, %10 : !llvm.ptr<i16>

  … 270 LOC // inlined fn5 code below

  %52=llvm.getelementptr %6[0,3]:!llvm.ptr<i16>

 %53 = llvm.load %52 : !llvm.ptr<i16>

 %54 = arith.extsi %53 : i16 to i32

 %55 = arith.cmpi slt, %54, %c0_i32 : i32

 %56 = scf.if %55 -> (i64) {…} else {

  %181 = llvm.load %52 : !llvm.ptr<i16>

  %182 = arith.extsi %181 : i16 to i64

  scf.yield %182 : i64}

  … //other code

  memref.store %178, %arg1[%arg3]:memref<?xi32>
  return

a_1 = memref.alloca():memref<i32>

…

a_4 = memref.alloca():memref<i16>

affine.store %c0_i16, %a_2[%c0]

%25 = arith.extsi %c0_i16 : i16 to i6

%22=affine.load a_2[%c0]:memref<1xi16>

%23 = arith.extsi %22 : i16 to i32

%24 = arith.cmpi slt,%23,%c0_i32:i32

%25 = scf.if %24 -> (i64) {…} else {

 %117 = affine.load %a_2[%c0]

 %118 = arith.extsi %117:i16 to i64

 scf.yield %118 : i64}

split

store 
const

2

1

load const

 &compare

3

Load 

const

store-load

forward,

const-prop,cse,

branch elim, mem2reg

func.func @year(%arg0: memref<?xi64>, %arg1...) {

scf.parallel (%arg3)=(%c0) to (%0) step (%c128){

scf.parallel (%arg4)=(%c0) to (%c128) step (%c1){

 %1 = arith.addi %arg3, %arg4 : index

 %2 = memref.load %arg0[%1] : memref<?xi64>

   …

 memref.store %7, %arg1[%1] : memref<?xi32>

return  

func.func @year(%arg0: memref<?xi64>, %arg1...) {

…

scf.parallel (%arg3) = (%c0) to (%0) step (%c128){

 %c2 = arith.constant 2 : index

 %1 = arith.divui %c128, %c2 : index

scf.parallel (%arg4) = (%c0) to (%1) step (%c1){

  %2 = arith.muli %arg4, %c2 : index

  %3 = arith.addi %2, %c1 : index

  %4 = arith.addi %arg3, %2 : index

  %5 = arith.addi %arg3, %3 : index

  %6 = memref.load %arg0[%4] : memref<?xi64>

  %7 = memref.load %arg0[%5] : memref<?xi64>

  …

 memref.store %16, %arg1[%4] : memref<?xi32>

 memref.store %17, %arg1[%5] : memref<?xi32>

 return

unroll and jam6

4

vectorize

loads 

& stores
7

%6 = vector.load %arg0[%4] : memref<?xi64>

%7 = vector.extract %6[0] : vector<2xi64>

%8 = vector.extract %6[1] : vector<2xi64>

%20 = vector.insert %17, %19 [0]:vector<2xi32>

%21 = vector.insert %18, %20 [1]:vector<2xi32>

vector.store %21, %arg1[%4] : memref<?xi32>

visible .entry year_kernel(...) {

…

ld.global.v2.u64 {%rd3, %rd4},[%rd19];

…

st.global.v2.u32 [%rd23],{%r29, %r30};

ret;

}

(a) Code size reduction

(c)Lowering to GPU assembly
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Figure 5: Code generation from MLIR representation of scalar function to GPU kernels. The figure shows how the implementa-
tion of year with code from multiple functions is (a) simplified through passes like SROA (b), transformed through loop tiling,
unroll and jam (c) and finally lowered to GPU assembly targeting vector instructions. Each box only shows the modifications
made to a single block of code, the remaining code is omitted for brevity.

optimization pipeline that can eliminate unused fields, memory

accesses and dependent control flow. We find that MLIR lacks ef-

fective passes that can reason over the combination of dialects, like

memref and polygeist, to simplify this code. We therefore introduce

an SROA (scalar replacement of aggregates) pass that can break

down accesses to fields of large structs and classes that would help

eliminate unnecessary fields and code paths within functions.

The custom SROA pass is applied together with a built-in pass

for store load forwarding and several custom peephole optimiza-

tions. The figure shows an example of how these passes interact and

reduce code size. SROA splits allocations for individual fields 1○
and isolates fields which are updated with constants 2○. Through

additional analyses it determines loads of constants 3○, and subse-

quently eliminates parts of code through peephole optimizations 4○
eliminating unnecessary branching. The effect of these can be seen

Figure 5(a) where an initial MLIR with over 500 lines is reduced to

50. As we report later Section 6 applying these optimizations at the

high level IRs is critical as passes in lower level IR (like LLVM) are

not always able to identify and optimize these specific patterns in

Polygeist translated program representations.

3.3 Loop Transformations
The simplifications mentioned above are independent of the target.

Next (see Figure 5(b)) we transform the loop to tiled parallel loops

( 5○) aligning the structure to the GPU thread hierarchy. After tiling,

an unroll and jam transform is applied to the inner loop 6○. This

has the effect of a thread coarsening [37, 39] transform on the

GPU kernel. Such a technique can improve bandwidth utilization,

reduce redundant operations across threads and lower warp and

thread block scheduling overhead [37, 39]. Once the loop is unrolled

and jammed, there tend to be loads that are loading contiguous

values. We transform such loads to wider vector loads 7○ using the

vector dialect. Usage of wide word memory instructions has been

shown to reduce instruction count and improve memory bandwidth

utilization[37] of GPU kernels. Even advanced GPU compilers like

those for CUDA fail to utilize such instructions.

3.4 Lowering to GPU Assembly
MLIR has a robust pipeline for lowering from parallel loop-nests to

GPU assembly, and we leverage this without too many modifica-

tions. The function with the tiled scf.parallel loops are transformed

into operations in the gpu dialect using a built-in kernel outlining

pass. The body of the loop-nest is transformed into a gpu.func with
loop indices being computed appropriately for the GPU thread.

One detail we take care of is to ensure that all constants are sunk

inside the kernel to prevent them from being passed as parameters

to the GPU kernel, this helps the subsequent lowering passes to

specialize the generated code to specific constant parameters. All

used dialects within the kernel are lowered to LLVM and we use

LLVMs code-generator to generate GPU assembly 8○. Note, the

final kernel makes use of the wide-word load ld.global.v2.u64 that
loads two values with a single instruction.

3.5 Auto-tuning and Pre-compilation
As the set of scalar functions to be supported is known apriori we

pre-compile the kernels for each scalar function. The pre-compilation

is done as part of the system build process, and only needs to be

performed once per GPU hardware. To specialize the performance

to the hardware, we augment the compiler with an auto-tuner that

sweeps through different values for two loop optimization param-

eters namely, tileSize ∈ {64, 128... 1024} and unroll_factor ∈
{1, 2, 4} to find the best performing kernel for each scalar function.
The auto-tuner runs offline, it benchmarks candidate kernels on

test inputs from SQL Server, and selects the fastest configuration.
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4 SYSTEM INTEGRATIONWITH TQP
We extend a GPU engine based on the tensor query processing

(TQP) framework [34]. TQP utilizes tensor algebra to design a

portable query processing framework, and already has support for

common relational operators like join, filter, group-by, aggregate and
sort. Several components of the end-to-end system were extended

to enable execution of queries with scalar functions. We provide a

brief summary of these below.

Query optimizer and tensor abstraction layer The GPU en-

gine’s query optimizer builds upon the CPU-based optimizer to

identify sub-plans composed of GPU supported operators to of-

fload [38]. By extending the optimizer to recognize and offload

scalar operators—often appearing early in the plan—we enable exe-

cution of more queries on the accelerator.

The plan pushed to the GPU is then translated to an operators

in the tensor abstraction layer (TAL) [38]. We extend TAL with

additional operators for scalar functions and extended the runtime

to support the invocation of pre-compiled kernels. The required

kernels are then dynamically loaded during query execution.

Data representation and transfers. Input tables use a com-

pressed columnar format, and data chunks are sent to the GPU in

native form to save PCIe and memory bandwidth [38]. The data is

decompressed into one dimensional tensors before processing. Each

operator consumes one or more tensors and outputs new tensors.

One place where there is a mismatch between the CPU and

GPU representation is for string columns. Unlike SQL Server where

strings are stored either inline (if small enough) or as pointers to a

different part of memory, TQP represents a vector of strings as a set

of three tensors, one for the string data, one for the offsets and one

for the lengths of each string. We therefore extend the implemen-

tation of each scalar function on strings with a stub function that

takes a triple of vectors as input and produces an output triple of

vectors. The stub function invokes the row mode implementation

of the scalar function in a loop.

Future considerations The other popular mode of query eval-

uation is JIT compilation [7, 32, 40, 50], where multiple operators

are fused together. As our compiler relies on the MLIR framework

we believe that it can in future be integrated with MLIR based

JIT engines like LingoDB [40] Another important consideration is

multi-tenancy, a scenario where multiple queries run concurrently

on the same hardware. We note that adding support for scalar
functions does not preclude multi-tenancy. The generated code is

thread-safe, operates on pre-allocated vectors, and avoids global

state, making it compatible with multi-query execution models.

5 BENCHMARKING
Existing database benchmarks for analytics, such as TPC-H and

TPC-DS, are effective at capturing prevalent query patterns involv-

ing relational operators . However, these benchmarks make only

minimal use of scalar functions, and thus do not adequately evalu-

ate the performance impact of using them. We therefore propose

TPC-H-scalar an enhanced variant of the TPC-H benchmark that

incorporates scalar functions in a manner more representative of

their usage in production queries. We hope that this benchmark

will help establish a starting point for evaluating the performance

of scalar functions in analytical databases, and provide a common

ground for future research in this area.

DECLARE @p1 ,@p2 ,...;

SELECT agg_func1(scalar_func(expression )) AS agg1 ,

agg_func2(col2) AS agg2 ,...

FROM table1 JOIN table2 ON ...

WHERE scalar_func(col3) binOp @p1 AND col4 binOp @p2...

GROUP BY scalar_func(col5),col6 ,...

Figure 6: Generic query pattern observed in the workload.
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Figure 7: Stack plot showing breakdown of scalar function
usage by category across queries that utilize at least one func-
tion. Each category shows the constituent scalar functions
and their GPU speedup over CPU (color-coded per legend).

5.1 Usage of Scalar Functions
To identify common usage patterns, we analyzed a production crit-

ical workload trace from a large analytical database in SQL Server,

which contains over a hundred tables with 9 fact tables. The trace

contains 935K queries gathered over a period of 6 months. Several

queries from this database have been flagged for poor compute per-

formance. The queries follow a simple select-project-join-groupby-
aggregate pattern shown in Figure 6 applying scalar functions during
filtering, on grouping columns and on aggregation expressions. The

queries vary in the number of scalar functions used (0−10), number

of tables joined (2 − 25), the number of filter predicates (1 − 8),

the number of columns grouped on (1 − 8) and the aggregation

expressions used (usually 1 − 5 of 15 different expressions). We

post-processed the query log to identify common expressions that

use a scalar function. We also gather metrics on how often they were

used used per query. We find that 58% of the queries use at-least

one scalar function, with some queries using as many as eight.

Next we report usage statisics of individual scalar functions. Note
that most scalar functions support multiple parameters, and their

implementation can vary significantly depending on the parame-

ters used (e.g., convert from date to string vs. float to fixed point).

Further, different function and parameter combinations sometimes

use the same implementation as they perform the same opera-

tion (e.g., convert, cast, parse, format, str). As our focus is

on identifying computationally interesting patterns, we report in-

teresting function/parameter combinations, grouping entries that

share implementations under the most used function/parameter

combination. Figure 7 shows a stack plot of scalar functions used in

the workload and the fraction of queries (among queries that use

at-least one intrinsic) that utilize them. The usage is broken down

into 5 categories (detailed later in this section) each being used by

at least 20% of queries
5
. The bar for each category is composed of

stacked blocks representing individual functions. The names and

5
There are a few math (abs, sqrt, round, ceiling, floor) functions that are used in

less than 1% of queries that are not represented by the categories.
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Table 2: Commonly found categories of scalar expressions in the workload. The table lists the category of the expression, the
scalar functions used in the category along with their input and output types, gives an example of how the scalar is used in a
query, and how this use case can be applied to TPC-H queries.
Category Scalar Input type Output type Example Changes for TPC-H-scalar
C1. Extract date

part for filter or

projection

year, month,

day, datepart,

eomonth

date,
datetime,
datetime2

int year(col) = @p
datepart(quarter, col)

Many queries involve filtering on

month, quarter or year

[Q4-Q6,Q8,Q10,Q12,Q14-15,Q20]

C2. Normalize

string before

compare

lower, upper,

replace,

replicate

char,
varchar

char,
varchar

lower(col) IN {air, microsoft}

replace(col,’-’,’/’)
(1-1-1981 → 1/1/1981)

Queries assume strings are upper case,

while obvious from column name. [Q2-

3,Q5,Q7-Q8,Q11-Q12,Q14-21]

C3. Convert

types before

output or

aggregation

convert,

parse, format

date,datetime,
datetime2

char convert(char(10), dateCol,
’mm/dd/yy’)

Queries that output dates [Q3,Q18],

and those with expressions on identical

types, when changed to use mixed

types [Q1-3,Q5-7,Q9-10,Q13-15,Q19].

convert,

cast, round

decimal,
float, money

decimal,
float, money

convert(money, 𝑝𝑟𝑖𝑐𝑒×0.999999)
round(𝑝𝑟𝑖𝑐𝑒×exch_rate,1)

C4. Extract or

validate part of

string

right, left,

substring

char
varchar

char,
varchar

right(FiscalYearStr,2)
e.g. right(’FY22’) → 22

Columns like brand, orderpriority have

a numeric field as part of string;

existing queries [Q12,Q16,Q17,Q19]

filter on whole string

isnumeric,

like, isdate

char,
varchar

bool isnumeric(col), isdate(col),
p_brand like ’%#[∧13]_’

C5. Perform

date arithmetic

datediff,

dateadd

date, datetime,
datetime2

date, datetime,
datetime2, int

datediff(day, c1, c2) IN (2,3)
dateadd(day, col1, 5) > col2

Using date arithmetic instead of less

than based comparison [Q1,Q3,Q21].

relevant parameters for the function are shown above the bar in the

same order. As shown, a small set of Scalar functions (year, month,
lower, right, convert(fltToMoney), convert(dateToStr)) ac-

count for the majority of usage, but at the same time a long tail of

other Scalar functions are employed throughout the workload. The

scalar functions are also color coded by the speedup obtained when

executed on GPU using our compiler compared to CPU execution.

As can be seen most scalar functions achieve a speedup of 10 − 32×.
We discuss the performance results of individual scalar functions in
more detail in Section 6.

Table 2 groups scalar function usage into 5 generic categories,

that can be applied to a wide range of analytical workloads. The

table also reports how these could be applied to TPC-H queries.

5.2 Incorporating Scalar Functions in TPC-H
The TPC-H benchmark specification [19] defines each query with a

business question that describes the intent of the query, a functional
query definition that provides a parameterized SQL query, and a

set of substitution parameters that define the various values that
the parameters can take. We go through the categories in Table 2

and discuss the proposed changes to the benchmark. Note that the

modifications for C1—C4 introduce scalar functions into TPC-H

without changing the the semantics of the query. We report that

19 of the queries in TPC-H-scalar are equivalent to the original

queries. For all queries we preserve the plan shape and cardinalities

throughout the plan, ensuring that the queries preserve the perfor-

mance characteristics of the relational operators. We modify them

by replacing projection and filter expression with scalar functions
while preserving the high-level analytical intent.

C1: Extract date part. The business question for several TPC-H

queries include statements of the form ’in a given quarter of a
given year’, ’in a given month and year’, ’in a given year’, or ’in a
given two year period’ that directly lend to usage of scalar functions
in C1 from Table 2. Nine queries each include such a statement but

their functional query definition compares a date column against

string parameters that represents a date in a database specific for-

mat. In similar scenarios, production queries are parameterized by

a numeric parameter that represents the value of the date part to

compare against. We modify these TPC-H queries to to apply scalar
functions to a date column (one of l_shipdate, o_orderdate,
l_receiptdate) and compare against a value representing the

year, month, quarter. For example, Q4 is modified to take a param-

eter @pyear and @pquarter and filter on YEAR(o_orderdate) =
@pyear AND DATEPART(quarter,o_orderdate) = @pquarter.

C2 : Normalize string before comparison. TPC-H queries assume that

string columns are in upper case, this is somewhat arbitrary and

does not hold in production settings where string comparisons are

commonly performed after normalizing with operators like upper,

lower, replace. This is done even for columns that contain names

(e.g. country) as there could be ambiguity between upper case and

initial capital words (ASIA vs Asia) or usage of punctuations (U.S.A
vs USA). We modify queries that perform string comparison to

use scalar functions before comparing against constants. For exam-

ple, we modify Q8 to use LOWER(P_TYPE)= ’economy anodized
steel’ instead of P_TYPE = ’ECONOMY ANODIZED STEEL’.

C3: Type conversion. Conversions are commonly used in two sce-

narios. First production queries often format date columns (mm-dd-
yyyy,mm/dd/yy,etc.) before output. We modify two TPC-H queries

Q3,Q18 that output O_ORDERDATE, to format the date string using

convert before output. For example, we modify Q3 to use con-

vert(char(10), O_ORDERDATE, 111) which formats the date

as ’yyyy/mm/dd’. Note that the TPC-H specification [19] (section

2.2.3.3f) explicitly states that usage of scalar functions for format-

ting of output is a permissible modification of the benchmark.

The second use case is to use convert to ensure precise arith-

metic. Production queries often aggregate over expressions that per-

form computations to combine floating point and decimal columns

(sometimes of varying scale). Interestingly, just like TPC-H the dec-

imal columns in the production database represent𝑚𝑜𝑛𝑒𝑦 types,

however they are used in expressions that perform currency con-

version (by multiplying with exchange_rate) and hence require

convert functions to ensure precise arithmetic. In TPC-H all dec-
imal columns have the same precision and scale and the database

does not have any float columns. To simulate this scenario we mod-

ify expressions using l_discount or l_tax by scaling the use of
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these columns by float constants
6
, and converting the whole expres-

sion to𝑚𝑜𝑛𝑒𝑦 type. For example, Q5 uses SUM(CONVERT(money,
l_extendedprice × (1 - l_discount ×0.999999))) instead of

SUM ( l_extendedprice × (1 - l_discount)).

C4 : Extract or validate part of string. A common production use case

for this category is to extract a numeric part of a string and use it

in a predicate. TPC-H Q22 already uses substring to extract country
code from a phone number. Few other queries Q12,Q16,Q17 filter on

strings that have a numeric part which is the basis for the predicate.

For example Q12 looks for o_orderprioriy = ’1-Urgent’ and

Q17 looks for p_brand = ’Brand#23’, we modify these queries to

use the scalar functions right, left to extract the numeric part of

the string and compare it with a parameter. For example, we modify

Q12 to use right(o_orderpriority,1) = @p, and Q16,Q17,Q19

to use right(p_brand,2) = @p to filter on a brand number.

C5 : Perform date arithmetic. Production queries often compare

two date columns, for example to determine the period of a sub-

scription. Some TPC-H queries compare two date columns directly

or compare each of them against the same constant. For example

Q21 identifies ’suppliers who were not able to ship products in a
timely manner’ this involves a direct comparison 𝑙_𝑟𝑒𝑐𝑒𝑖𝑝𝑡𝑑𝑎𝑡𝑒 >

𝑙_𝑐𝑜𝑚𝑚𝑖𝑡𝑑𝑎𝑡𝑒 , wemodify this query to perform a filter that includes

dateadd in a manner that it retains a similar predicate selectiv-

ity. We use the predicate dateadd (dd,-2,L1.l_receiptdate)
> L1.l_commitdate. In addition, we modify Q3 to use dated-

iff(dd, o_orderdate, l_shipdate) IN (@p,@p+1,@p+2) in-

stead of o_orderdate < @d’ AND l_shipdate > @d where @d is

a date string (example ’1995-03-01’). Finally we modify Q1 that uses

the expression l_shipdate < @d with a function l_shipdate <=
dateadd(month, 3, l_commitdate), the original query looks for
’items shipped within 60-120 days of greatest shipping date’ the mod-

ified query looks for ’items shipped at least 3 months before commit
date’. These are the only three queries that are not equivalent to

the original TPC-H queries.

6 PERFORMANCE EVALUATION
The objective of our evaluation is to showcase that using our com-

piler to generate GPU kernels for scalar functions, from existing

CPU implementations, is a practical way to improve their perfor-

mance. We demonstrate that executing queries with scalar functions
on GPUs yields significant performance benefits on a variety of

different queries. Additionally, we show that the generated kernels

are competitive with hand-written CUDA or tensor algebra kernels.

Since manually rewriting kernels for every scalar function is tedious
and error-prone, we only implement hand-written kernels for a

limited set of operators, often under simplified assumptions. Finally,

we show portability across GPU vendors, evaluating performance

primarily on NVIDIA GPUs while demonstrating support for AMD

GPUs.

Benchmarks. We evaluate the performance on three sets of the

queries. In addition to TPC-H-scalar described in Section 5 (at scale

factor 100), we also evaluate our compiler on a slice of the produc-

tion workload and on micro-benchmark queries. The production

6
Alternately, one could modify the types and values of these columns in the database.

But this would involve changes to data generation or loading.

Figure 8: The stack plot shows the overhead of adding scalar
functions to TPC-H to produce TPC-H-scalar, equivalent consists
of 19 queries in TPC-H-scalar that have identical semantics to
the TPC-H query and all contains all 22 queries.
benchmark consists of 50 queries derived from the workload used

in Section 5.We run the queries against a 100GB database consisting

of a subset of the tables and columns that were made available for

evaluation. We picked queries from the workload that cover all the

expressions (over columns that were in the database) that involve

scalar functions. The micro-benchmarks, as introduced in Section 2,

run against TPC-H data and are used to assess the performance

of a single scalar function. They scan a single table, apply a filter

based on a scalar function and perform a count() aggregation.

System Setup. The GPU evaluation was primarily conducted on

an Azure NC24ads A100 V4 VM equipped with 24 CPU cores, and

an 80GB NVIDIA A100 GPU connected through PCIe 4.0. All CPU

evaluation was done on a CPU VM that is 28% more expensive [21],

an Azure E64ads v4 VM with 64 CPU cores and 512GB RAM. We

compare against SQL Server, a commercial CPU database system

(labeled CPU in figures). Our GPU database system (labeled GPU

in figures) shares the same query optimizer but uses a different

runtime as discussed before. Each query is run five times, and we

skip the first run and report the average of the remaining runs.

This is done to ensure that the data is warm in the CPU or GPU

memory
7
for later runs. We further evaluate performance under

an additional cold start scenario where we disable GPU caching.

In this setting the first run brings the data into CPU memory, but

all runs incur the overhead of transferring data from CPU to GPU

memory. We additionally demonstrate portability on AMD GPUs.

6.1 Performance Evaluation on TPC-H-scalar
Figure 8 reports the overhead of adding scalar functions to TPC-H to

create TPC-H-scalar. As can be seen, the cumulative execution time

(the time to run all queries in the benchmark) on CPU increases

by 2.8×. In comparison, incorporating the compiler kernels on the

GPU database has much lower overhead — 24% when data is hot

on the GPU and 9.8% when data needs to be transferred over PCIe.

Figure 9 reports the execution time of all 22 queries in TPC-H-
scalar on both CPU and GPU (both hot and cold runs). As can be

seen, when data is already on GPU memory a majority of queries

achieve a more than 5× speedup, the cumulative time reduced by

7.6×. When data needs to be brought over PCIe, the speedups are

lower but still significant, reducing the cumulative latency by 4.3×.
The overall effect is that many queries that take several seconds to

7
At scale factor 100, the working set of the query can fit entirely in GPU memory.
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Figure 11: Micro-benchmarks comparing the performance
of select-project queries. Note that the y-axis is in log scale.

run on the CPU, run at interactive speeds on the GPU (assuming

their input is already in GPU memory).

6.2 Performance on Production Queries
Figure 10 shows the speedup (GPU hot) observed on a set of 50

production queries. As can be seen, just like with TPC-H-scalar a
majority of the queries achieve a speedup of more than 4×, with
about a third of them achieving more than 8×. We also report that

the average speedup across all queries is 6.4×.

6.3 Performance on Micro-benchmark Queries
To provide a more detailed view of the performance summary in Fig-

ure 7, we report CPU and GPU execution time for micro-benchmark

queries. We report results for the most frequently used scalar func-
tions from each category (as reported in Figure 7) and for reference

also include simplemath scalars and expressions without any scalar
functions. As can be seen in Figure 11, simple queries that do not

have any scalar functions, are the fastest to run on CPU, and the

GPU only achieves limited (up to 3×) performance gains over CPU.

The CPU has a highly optimized scan that can often perform sin-

gle table operations on compressed data — sometimes using SIMD

instructions. Further we find that queries with simple math scalar
functions like abs, sqrt also yield limited (up to 4×) benefits. The

computation in these functions have a limited arithmetic intensity,

and the speedup is limited to the memory region of the roofline (see

Section 6.5 for additional discussion). The other micro-benchmark

queries employ functions with higher arithmetic intensity, they

typically run longer on CPU, and the GPU attains at-least 10×
speedup. It is important to note that speedup does not always scale

directly with CPU execution time. The achievable speedup depends

on the computational characteristics of each function. In particular,

string functions with data-dependent memory access patterns are

more challenging to optimize on GPUs and typically yield lower

speedups than others (10 − 15× compared to 12 − 60×). We discuss

this further in Section 6.5.

6.4 Comparing Alternatives
We perform additional experiments to understand the benefits of

the compiler optimizations and to establish that the generated ker-

nels are competitive with alternatives like CUDA and tensor algebra.

For these analyses we pick a subset of scalar functions, covering
the different categories, and evaluate different kernels alternatives

(see Figure 12) using a stand-alone benchmarking framework (no

GPU engine) that copies data on GPU, performs multiple timed

runs of the kernels and copies the results back. We generate un-

optimized kernels from our compiler by only using the minimal

set of passes (parallelization-and-tiling from Section 3.3 and low-

ering GPU assembly from Section 3.4) to produce a GPU kernel.

As can be seen in Figure 12, the newly added optimizations in our

compiler are crucial to achieve good performance. Benchmarks like

year, datepart, datediff get significant benefits from both code

simplification and the use of wide word instructions, and Convert

to decimal gets most of its benefits from wide word instructions.

The other benchmarks achieve smaller but non negligible benefits.

The CUDA kernels were manually written with two different

strategies. The first was to write expert kernels for specific func-

tions (substring and like), by carefully designing GPU friendly

algorithms. Note that the CUDA kernel for like only supports one

special character (% for matching zero or more characters) while

the compiled kernel supports all supported special characters (re-

quires a more complex algorithm) and has identical behavior to the

CPU database. These kernels were written by CUDA experts with

significant experience in performance optimization. Each kernel

took about a month to implement. As can be seen in Figure 12 the

CUDA kernel for like has identical performance while the manu-

ally written CUDA kernel for SubString is faster. We report that

the algorithm used in both these CUDA implementations is very

different from the one used in the CPU database. Second, for specific

intrinsics convert(FltToDec), datepart, datediff and year we

extract the core files and functions from the CPU implementation

and write CUDA kernels based on them by replacing constructs

not supported by CUDA with suitable alternatives, and annotating

functions and relevant global arrays with __device__ directives.
No algorithmic effort was involved in this re-implementation. They

took between a few days to a week to implement. As seen the

automatically generated kernels were faster than CUDA kernels

written using this approach. Finally we also implement year in

tensor algebra with a series of six division and modulus operations

on tensors, followed by a scaled addition. This implementation took

an hour, does not cover all date ranges, and is about 7× slower.
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6.5 Performance Characteristics of Kernels
We collect performance counters for GPU kernels and visualize

them using a roofline plot, following the methodology described

in [26]. The roofline boundaries are determined using the theoreti-

cal peak memory bandwidth of 2 TB/s and compute throughput
8

(19,500 GInst/sec) of the A100 GPU. For reference, we also plot

the roofline for the CPU used in our experiments [6], with a mem-

ory bandwidth of 460 GB/s. The CPU’s theoretical peak compute

throughput is estimated by multiplying the number of cores (64) by

the peak instructions per cycle (IPC) of 8 at a clock speed of 3 GHz,

resulting in 1,536 GInst/sec. This value represents an upper bound;

it assumes all integer operations are single cycle and that all the

out-of-order cores can find 8 independent instructions every cycle.

8Scalar functions primarily use integer operations and do not utilize tensor cores. The

compute throughput is calculated assuming 32 bit integer operations.

As can be seen from the roofline plots in Figure 13, the scalar
functions that we target in this paper all have a very high arithmetic

intensity
9
and our compiler is able to achieve good performance in

terms of billions of instructions per second (GInsts/sec). Importantly

note that the achieved performance is always well above the CPU

roofline, indicating that, for such computations, the CPU would be

at-least 3 − 5× slower; even at peak theoretical performance. This

provides more empirical evidence for why scalar functions are a
good candidate for GPU acceleration.

The plot also explains the performance differences observed in

Figure 12 (the roofline plot includes manual CUDA kernels) and

Figure 11. In particular, note that abs(dec) and sqrt(int) have a

low arithmetic intensity and due to their memory-bound nature
10

only achieve a moderate performance improvement over CPU.

In addition to the roofline model, we look at other performance

counters and report that the string functions only achieve a coalesc-

ing efficiency of 40−80% due to the data dependentmemory accesses

required during traversal. We also find that date functions some-

times suffer from branch divergence, due to data dependent control

flow (leap year check). These observations explain why scalar func-
tions still do not achieve peak compute throughput. These effects

are inherent to the algorithms used in these functions and we plan

to investigate this further in future.

6.6 Performance portability across GPU vendors
We further evaluate our compiler on AMD MI300 GPUs, a latest-

generation accelerator with hardware characteristics that differ

substantially from NVIDIA A100. For memory-bound functions

like abs(dec) and sqrt, we observe the kernels are faster by 1.2–

1.7× relative to A100, while compute-intensive kernels over date

and string types are 1.7–2.5× faster.

These results demonstrate that the compiler achieves portable

performance across GPU vendors by decoupling code generation

from vendor-specific toolchains such as CUDA.

7 DISCUSSION ON PRACTICAL
CONSIDERATIONS FOR GPU COMPILATION

This section discusses practical considerations that arise when

compiling pre-existing code for GPUs and how they are addressed

in the context of scalar functions. For additional perspective we

discuss the applicability of the proposed approach to the related

problem of accelerating UDFs.

7.1 Challenges for GPU compilation
Support for library functions. To generate GPU kernels, the

compiler must translate all code used in the existing implemen-

tation to MLIR. Library functions without available source code

can therefore present a challenge, but this has not been an obstacle

for scalar functions. The implementation of scalar function relies

9
Note that arithmetic intensity is an algorithmic, hardware-independent measure of

the ratio of computations to memory accesses. While the realized arithmetic inten-

sity—measured via profiling—can vary depending on the hardware, compiler, and

toolchain, a well-optimized implementation should not deviate significantly from the

theoretical limit imposed by the algorithm.

10
We report that the benchmarks achieve a memory bandwidth of over 1.5TB/s. The

reason it does not appear close to the memory bandwidth limit in the plot, is that the

roofline model does not take into account the output bytes, which often accounts for

half the memory operations for scalar functions. The points are indeed close to the

memory limit if we assume only half the bandwidth (1 TB/s) is available for reads.
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on standard C library functions for math operations and memory

operations, many of which are implemented directly in assembly.

However, MLIR has pre-exisiting dialects to support important

classes of standard functions. In particular it has built-inmath, llvm
and memref dialects that support functions—such as sin, log, exp,
memcpy and alloca—which are used in the implementation of scalar
functions. The frontend Polygeist compiler has default support for

translating such functions, it recognizes calls to these standard li-

brary functions and directly maps them to corresponding dialects.

Dynamic memory allocation. Another practical concern is dy-

namic memory allocation, while many GPUs support such allo-

cation, it can introduce prohibitive overhead in GPU kernels [51].

Dynamic memory allocation within scalar functions is rare and

managed by our toolchain based on specific scenarios. The main

use case involves allocating output buffers for string functions.

As noted in the paper, the GPU engine uses a specialized string

representation—comprising bytes, offsets, and lengths—with these

buffers pre-allocated on the GPU and write operations adapted ac-

cordingly. Other dynamic allocations are typically short-lived and

are allocated on the stack. These are translated to memref.alloca
operations, which are efficiently supported on GPUs. Note that

as is common for many database engines, memory allocations in

SQL Server are not strictly dynamic, the database system has its

own memory manager that pre-allocates large buffer pools and

sub-allocates from them as needed. The string handling in our GPU

engine could be viewed as an extension of this idea to GPUs.

7.2 Beyond scalar functions
Many database engines offer extensibility through User-Defined

Functions (UDFs), which can bewritten in languages such as Python,

C/C++, or Java. C/C++UDFs are recommended [30] for performance-

critical workloads due to tighter runtime integration.We investigate

UDFs from UDFBench [30], a benchmark suite with UDFs imple-

mented in multiple languages. It includes 24 scalar UDFs to perform

custom data cleaning, extraction and format/type conversion tasks.

An investigation of the source code reveals that the benchmark

is composed of two classes of functions. One class is easily sup-

ported by tool-chains like ours, this class includes twelve functions

that do not make use of any library functions or dynamic mem-

ory allocation and one log10 that makes use of Math for which

MLIR has existing support. Although UDFBench provides Python

implementations for many functions, we translated them to C++

in a straight-forward manner, ran the generated kernels and vali-

dated our compiler. The remaining functions use library functions

by importing Python libraries re, json, whose source code is not
available. We note that several full source C++ libraries provide

similar functionality, and if the UDFs were implemented using such

libraries, our toolchain would generate GPU kernels for them. Data-

base engines often provide guidelines for writing high-performance

UDFs, and we believe that with appropriate guidelines focused on

GPU compatibility (e.g., avoiding dynamic memory allocation and

minimizing library dependencies), users can write UDFs that can

be automatically accelerated using our toolchain.

8 RELATEDWORK
GPU databases are an active area of research today, with primary

focus being on running analytical queries on GPU hardware [4, 7,

24, 25, 27, 31, 34, 57]. Several different abstractions have been tried

out for running relational operations on GPUs. HeavyDB [7] is a

commercial GPU database that internally uses LLVM to generate

code for query execution. BlazingDB [4] uses cuDF as its backend

for query execution. Ocelot [36] adds OpenCL extensions to Mon-

etDB [23] to support GPU execution. The tensor query processing

system [34] builds upon the success of tensor based abstractions in

deep learning tomap relational operators to tensor operations. How-

ever, there is little discussion on support and evaluation of scalar
functions in any of these systems. Among these we find that TQP

is a natural fit for our work as it has similar portability goals as our

compiler. A few papers in literature have looked into performance

characteristics of GPU databases [26, 41, 57]. A recent study [41]

finds that while interconnects still pose limits, GPU-bound exe-

cution is becoming more common as hardware improves. Recent

papers propose mechanisms to overcome the memory capacity and

interconnect limitations, including mechanisms to aggressively fil-

ter the compressed data on the CPU [46] and leveraging multiple

GPUs for I/O routing, while executing queries on a single GPU [61].

Our work finds that scalar functions are inherently hard to evaluate

and that queries that use them run significantly faster on GPUs

even with PCIe transfers.

Next we discuss related compiler frameworks. Polygeist [49] is a

frontend compiler designed to lift C++ code to MLIR dialects, with

the goal of enabling polyheadral optimizations. We use it to lift

to MLIR and introduce a new backend GPU code generator. MLIR

based compilers [39] have also been used to re-optimize CUDA

kernels, with optimizations like thread coarsening (at a different

abstraction than ours). However, they do not generate wide-word

instructions. In the database context, there is extensive literature

on JIT query compilation [7, 32, 40, 50], including systems that

introduce custom IRs prior to code generation. Our work highlights

a new application of compilation techniques to data systems.

Finally, we note parallels between scalar functions and user-

defined functions (UDFs) (also see Section 7.2). Scalars functions

are treated as first-class operators during query optimization, com-

pilation, and execution. On the other-hand, UDFs are treated as

black boxes, leading to optimization and execution bottlenecks -

such as out-of-process invocation, row-at-a-time processing, and

limited parallelism [30]. Prior work addresses these by translating

UDFs into relational algebra [20, 55, 58], including via cost-based

transformation [20]. UDFBench [30] recommends JIT compilation

as an orthogonal technique for improved performance. With appro-

priate interface design, our techniques can similarly enable portable

UDF performance across hardware backends.

9 CONCLUSIONS
This paper identifies that database scalar functions have high com-

putational overhead and are good candidates for GPU acceleration.

It presents a novel compiler toolchain to generate efficient GPU

code while preserving the semantics of an existing implementation,

and contributes a new benchmark suite for future evaluation of

scalar functions. In future we plan to expand the usage of the

compiler to accelerate other classes of element-wise data trans-

formation operators including UDFs. We also plan to investigate

algorithmic improvements that could enable portable performance

of scalar functions across multiple hardware.
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