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Abstract. The evolution of query compilation in database management systems traces back to System R, which
pioneered a code generation scheme where small machine code fragments were stitched together to form a
specialized routine to process a given SQL statement. Subsequent approaches shifted to generating C code,
compiling it with system compilers like GCC into dynamic libraries, and loading them at runtime. The current
state-of-the-art standard for dynamic query compilation is the LLVM framework, which bypasses frontend
compiler overhead by directly generating intermediate representation, enabling machine-independent
optimizations and efficient machine code generation. LLVM's resource-intensive nature, primarily designed as
an optimizing compiler, however, can lead to compilation times that are orders of magnitude longer than query
execution times, particularly problematic for queries with millisecond-level interpretation costs. This paper
evaluates two lightweight code generation frameworks for x86-64 architecture as alternatives to LLVM in
PostgreSQL, assessing their code generation speed and the quality of emitted machine code. We present a
qualitative comparison with LLVM, analyzing trade-offs between compilation latency and runtime
performance across databases of varying sizes. Experimental results demonstrate that lightweight code
generation can not only outperform LLVM on small-scale datasets but also maintain competitive performance
on larger ones.
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AHHoTanusl. Vaes KOMOMIALMK 3alpOCOB B CHCTEMax yNpaBieHHs 0azaMu JaHHBIX Oep&T cBOE Hawano B
System R, rae BnepBble Oblia peaqM30oBaHa cXeMa IEHEPAIMU KOJa, NPU KOTOpoH HeOonbiue GparMeHTs!
MalIMHHOTO Koja OOBEAWHSINCh BMECTE ISl CO3IaHMs CHENUAIN3UPOBAHHONH MOANPOTPaMMBI,
oOpabartsiBarorieii KoHKpeTHBIH SQL 3anpoc. B nanpHelimeM mo1xo 161 H3MEHIUTHCH: BMECTO MAIIIMHHOTO KOJIa
Havyajdl TEeHEepHpoBaTh KOA Ha s3blke C, KOTOpBIA 3aTeM KOMIMJIMPOBAJICS C ITIOMOIIBIO CHCTEMHBIX
KOMIIIATOPOB, Takux kak GCC, B auHamudeckue OHOIMOTEKH M IOATPY’Kajics B MPOILECCe BBITOIHEHUS.
CeroaHsi cTaHIapToM Jie-(hakTo B 00IaCTH TMHAMUYECKONH KOMIIMJISIIUH 3alpocoB crai ¢peiiMmBopk LLVM.
Brarozmapst cBoeif MOAYIIPHOM apXUTEKTYpe OH IMO3BOJISIET M30€kKaTh JOPOTOCTOSIIErO 3Tana TPAHCIAIHUN C
SI3bIKA BBICOKO YPOBHS B IPOMEXYTOUHOE IpEACTaBIeHHE, obOecrednBas €ro NpsIMyl0 TEHEepaluio C
MOCNIEYIOIMM MPUMEHEHHEM MAIIMHHO-HE3aBUCHMBIX ONTHMH3AIMH ¥ TeHepanun 3(PQPEeKTHBHOTO
ManmHHOTrO Kozxa. Oxqnako LLVM n3HavanbHO pa3pabaThIBajcsi KaKk ONTHMHU3HPYIOLIHN KOMIHIATOP, U €ro
HCTIOJIb30BaHIE MOYKET NPUBOJHUTH K 3HAYUTEIHHBIM HAKJIaIHBIM PacXoiaM Ha KOMIMJIILIHUIO — B OTAENBHBIX
CITydasiX OHH HPEBBINIAIOT BPEeMsI BHIIIOIHEHUS 3alpoca B JECATKH pa3. ITO 0COOSHHO MPOOIeMAaTHIHO UL
KOPOTKHX 3aIlPOCOB C MIJUIMCEKYHIHBIM BPEMEHEM WCIIOJHEeHus. B maHHOW paboTe paccMaTpHBAaIOTCS JBa
JIETKOBECHBIX TEHEpaTopa KoJa A apXUTeKTypel x86-64 B kadectBe ampTepHaTHBel LLVM B CVYBJ]
PostgreSQL. OueHnBaroTCcst Kak CKOPOCTh TEHEPAH KOJa C HCIIOJIF30BAHHUEM 3THX (PpEMBOPKOB, TaKk H
KauecTBO MOJIy4aeMOoro ucnoiHsemoro koaa. [Ipuseneno kauectseHHoe cpaBHenue ¢ LLVM, ananusupyrorcs
KOMIPOMHCCHI MEXIY CKOPOCTBbIO KOMIMJIAIMU ¥ NPOM3BOJUTEILHOCTBIO BBIIONHEHHUS 3alIpOCcOB Ha 0a3ax
JIaHHBIX Pa3IMYHOIO pa3Mepa. Pe3ynbTaThl 3KCIIEPUMEHTOB IOKa3bIBAIOT, YTO JIETKOBECHBIE PEICHUS HE
TOJIBKO IpeBocxoaaT LLVM 1o npon3BoauTebHOCTH Ha HeOOJIbIINX HAabOpaxX JaHHBIX, HO M COXPAHSIOT €&
KOHKYPEHTHOCIIOCOOHO# Ha O0bIIMX 00BEMax HHOpMaIHN.

KiroueBble cioBa: nuHamuueckass kommwisauust; JIT-komnunsiuus; BeimonHenue 3anpocoB; CYB/I; 6aza
nanHbIX PostgreSQL; mnardpopma LLVM; kommusitop DynASM; kommmsitop ASmJIT.

Jas uutupoBanusi: [lantTmmumonoB M.B., Bywankuit P.A., 3aBemees J[.B. He LLVM emunbIM:
HccnenoBanne anbTepHATHBHBIX METONOB OBICTPOM TeHEpanmuu KOoAa MAIS KOMIMIIAIUH 3alpocoB B
PostgreSQL. Tpynst UCIT PAH, Tom 37, Bem. 6, gacts 2, 2025 1., ctp. 77-92 (Ha anrmmiickoM s3bike). DOI:
10.15514/ISPRAS-2025-37(6)-21.

1. Introduction

Modern database management systems (DBMS) process queries through a multi-stage pipeline,
beginning with the translation of a declarative query into a logical query plan represented as a tree
of relational algebra operators. This logical plan is then converted into physical execution plan,
which specifies data access methods and join algorithms. PostgreSQL DBMS [1] is a textbook
example of this architecture, using the well-known iterator model, a.k.a. Volcano model [2], where
query execution follows a pull-based approach — data flows from leaf nodes upward to the root, with
each operator recursively requesting tuples from its children. While newer push-based execution
model, popularized by Hyper [3], has demonstrated better performance — even when retrofitted onto
Volcano-based execution engine not originally designed for it [4] — adopting such an approach
would require a fundamental redesign of both the execution engine and the query planner. This
transition would also introduce particular complexities in handling of certain operations like limit
and merge joins [5]. Consequently, PostgreSQL continues to rely on iterator-based model, though
substantial optimizations in expression evaluation have been implemented over the years. Version
10 introduced a bytecode-based interpreter [6-8] with direct threading technique that minimizes

78



Tartunumonos M.B., Byuankwuii P.A., 3asenees [[.B. He LLVM enunbiM: VccnenoBanne anbTepHATUBHBIX METOI0B OBICTPOI reHepain
KOJa JUIst KOMIUIIsiuy 3anpocos B PostgreSQL. Tpyowr UCIT PAH, 2025, Tom 37 BbIm. 6, 9acTs 2, ¢. 77-92.

dispatch overhead while improving branch prediction and cache locality. Building upon this
foundation, PostgreSQL 11 added LLVM-based JIT [9] compilation for expressions [10], further
accelerating analytical workloads. However, JIT compilation does not come for free — while it
improves execution speed, the compilation overhead might outweigh these performance gains. This
is particularly problematic with LLVM, which is fundamentally an optimizing compiler rather than
a lightweight JIT engine. Its optimization pipeline and machine code emission are inherently
expensive [11], making it almost certain to degrade performance when processing small datasets —
cases where interpretation would be faster.

The most straightforward approach to decide whether to apply JIT compilation is to rely on the
DBMS planner’s cost estimation before query execution. However, even with perfect statistics and
the most accurate cost models, these estimations will inevitably be wrong for some queries. Every
such misprediction forces the system to pay full compilation costs for queries that would have
executed faster via interpretation. To address this, multi-tier JIT compilation offers a promising
direction, adopted in browser engines and virtual machines to balance startup latency and peak
performance. Prior research [12] has explored system design with multi-tier compilation in mind,
starting with interpretation and later switch to optimized LLVVM-generated code after reaching a
certain execution threshold. Alternatively, interpretation can be bypassed entirely, generating
unoptimized machine code first [13] and then transitioning to optimized LLVM code compiled in
parallel.

While such design performs well on server-grade hardware with abundant CPU cores, it becomes
less optimal on commodity hardware. In more modest systems, dedicating resources to background
compilation may actually reduce overall throughput. These computational resources could instead
be used to serve additional concurrent queries, prioritizing system-wide throughput over single-
query latency. The issue with (multi-tier) JIT in database systems lies in the low reusability of
compiled query code, in contrast to browser engines and VMs. While one could implement a
compiled query cache, the bookkeeping overhead is far from negligible and introduces significant
challenges:

e Cache management: deciding which queries to cache, when to evict them and how to
efficiently retrieve them. Cache invalidation may occur due to statistics updates or schema
changes.

o Key selection: determining the cache key — should it be based on the query text, AST,
execution plan, IR, etc. The key generation process is computationally expensive regardless
of the chosen approach.

e Handling constants: optimize code with literals i.e. “colA > 5” or replace literal with
variable i.e. “colA > :x” to reuse compiled queries for different values. This is a trade-off
between the number of compiled queries and plan quality due to varying value distributions.

e Handling memory addresses: absolute addresses used in compiled code must be replaced
with relative addresses or patched before execution. This introduces either extra metadata
to track address locations needing patching along with a patching step or requires careful
memory management and relative address calculations.

In contrast, JIT-compiled code in VMs or browser engines executes naturally when control flow
reaches it, requiring minimal bookkeeping. Depending on compilation latency, it may be simpler
and more efficient to compile queries on-demand each time rather than managing a query
compilation cache.

We believe that the optimal solution lies in a JIT compiler with extremely low compilation latency,
ensuring it almost never increases overall query execution time. For the simplest queries, however,
interpretation should still be preferred, as it remains faster than even the most minimal compilation
pipeline.

In our research, the overall goal is to assess whether lightweight JIT compilers can achieve
performance comparable to LLVM-based JIT compilers in DBMS environments, without
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introducing excessive compilation latency due to inaccurate query cost estimation. PostgreSQL
serves as an ideal candidate for this experiment, as it already has a well-integrated LLVVM-based JIT
compiler, which is considered the industry standard. Additionally, PostgreSQL provides a simple
API for integrating alternative JIT compiler. The scope of JIT compilation required for the TPC-H
[14] benchmark is minimal: only two functions need to be compiled — tuple deforming and
expression evaluation. Notably, expression evaluation does not require support for all operation
types to handle TPC-H benchmark completely.

2. Taxonomy of JIT compilers

JIT compilers can be broadly classified into three categories based on their design philosophy,
optimization capabilities and compilation overhead: heavyweight, medium-weight and lightweight.
Heavyweight JIT compilers are characterized by their extensive intermediate representations and
long machine-independent optimization pipeline. Examples include LLVM and GCC [15], which
are originally designed as optimizing AOT (Ahead-of-Time) compilers but can also be used as JIT
compilers. This category also includes JIT compilers tightly coupled with specific run-time
environments, tailored to particular object models, garbage collectors or bytecode peculiarities.
Notable examples include V8 [16], C1/C2 (HotSpot) [17], RyuJIT (.NET) [18], Parrot (Perl) [19]
and MoarVM (Raku) [20]. While these compilers typically generate highly optimized code, they
either incur significant compilation latency or are difficult/impossible to integrate into systems
outside their native run-time environments.

Medium-weight JIT compilers use a lightweight intermediate representation with reduced set of
optimizations. Following the 80/20 principle, they aim to deliver 80% of GCC -O2 performance
level with only 20% of the code. Due to their resemblance to scaled-down versions of LLVM, these
compilers are sometimes referred to as “mini-LLVM”. A notable example is GNU LibJIT [21].
Lightweight JIT compilers lack a high-level IR and perform no machine-independent optimizations.
At most, they may use a very low-level IR, effectively acting as platform-independent assemblers.
These compilers prioritize fast code generation and emit machine code with minimal overhead.
Examples include DynASM [22], AsmJIT [23], GNU lighting [24], sljit [25], xbyak [26], etc.

3. Lightweight JIT compilers

In the current phase of the research, we explored two lightweight JIT compilers: AsmJIT and
DynASM. AsmJIT is a mature project with industrial applications that offers an abstraction with
automatic register allocation — an interesting feature for comparison against manual approach in the
same task. DynASM, on the other hand, promises outstanding code generation performance due to
its preprocessing step and is part of widely used LuaJIT compiler for the Lua programming language.

3.1 DynASM

DynASM is a dynamic assembler designed for code generation engines and was originally
developed as part of the LuaJIT project. It was initially created to serve as x86 JIT compiler in
LuaJIT 1.1 (last released in 2010). In the current LuaJIT 2.1 version, DynASM is primarily used to
generate the interpreter core, which is written in hand-optimized assembly. LuaJIT 2.0 introduced a
new trace-based JIT compiler [27] with SSA-based intermediate representation along with numerous
optimizations. This version also replaced DynASM with a new machine code generator for better
performance in the JIT compiler. DynASM preprocesses source file with a mixture of C/C++ and
assembly code and produces modified output file. The assembler directives are replaced with
runtime calls, primarily “dasm_ put(...)”, while the corresponding assembly instructions are
embedded in an “actionlist” array in internal format. This array contains both the raw instructions
and opcode-like metadata that defines how the code should be dynamically patched with actual
values during runtime code generation phase. This micro-template-based approach considerably
reduces code emission overhead. DynASM’s minimal runtime library handles code generation,
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relocation and linking by processing the precompiled “actionlist”. As LuaJIT 2.1 maintains x86,
x64, ARM, ARM64, PPC and MIPS architecture, DynASM correspondingly supports these
platforms to generate the assembly-written interpreter core for each target architecture.

3.2 AsmJIT

AsmJIT is a lightweight, high-performance C++ library for dynamic code generation, supporting
x86, x64, AArch64 architectures, with AArch32 support currently in development. Its well-thought
architecture offers multiple multiple layers of abstraction, each providing varying levels of manual
control to suit different use cases:

1. Assembler — The lowest-level interface, offering minimal abstraction over emitted
instructions. It directly emits machine code into code buffer with no further
transformations.

2. Builder — Built on top of Assembler, this layer provides simple code representation, which
wraps each instruction into a node within a double-linked list. This structure enables
flexible instruction rearrangement and basic code analysis, i.e. register usage tracking. The
latter can be useful to optimize controlled call sites, reducing register pressure by neglecting
strict calling convention to some extent.

3. Compiler — The highest-level abstraction, extending the Builder interface with virtual
registers, automated register allocation, and ABI compliance for function calls. For register
allocation it uses linear-scan algorithm with live-range analysis, simplifying a code
generator implementation.

Layered design enables applications to combine different emitters as needed — manual register
management for hot paths and automatic allocation for less critical code. AsmJIT is a well-
established project that has high recognition in academic and several industrial level applications,
e.g., Erlang JIT compiler [28].

4. Evaluation

4.1 Scope of JIT compilation

For evaluation purposes, we have selected PostgreSQL 17.2 as a candidate for experimentation. This
DBMS follows a classical query processing pipeline (Fig. 1) that starts with lexical and syntactic
analysis to parse client input and produce a parse tree. The parse tree then undergoes semantic
analysis, where it is augmented with system and schema metadata to produce a query tree.
Subsequently, a series of rewrite rules transform and canonicalize the query tree. Finally, planning
and optimization convert the query tree into the most cost-effective logical plan, which is then
translated into a physical plan suitable for execution via interpretation.

The PostgreSQL interpreter can be roughly divided into two parts. The first one implements data
access, join operations and auxiliary operators such as Limit, Order by, Union (All). The second
handles expression evaluation. These two parts are tightly integrated. For instance, during most join
operations, the expression engine is invoked to compare attribute values between tuples. The
expression engine uses a bytecode-like approach (Fig. 2), where the selected version implements
100 distinct opcodes, each representing a specific operation. Instruction flow between opcodes is
managed via a dispatch table — provided the compiler used to build the DBMS binary supports
computed gotos. This table contains addresses pointing to the relevant code block for each opcode.
If computed gotos are unsupported, a standard switch statement is used as a fallback mechanism.
To achieve full compilation support for all expressions in the TPC-H benchmark, code generation
must be implemented for a subset of 35 opcodes. Among these, one of the most performance-critical
operations is tuple deforming, which converts on-disk tuple representation into in-memory format.
This operation can be accelerated by creating a function specific to the table layout and the set of
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columns being accessed. To ensure a proper comparison across different JIT implementations, all
alternative providers must support compilation of this defined subset of expression engine, including
the tuple deforming operation.

To implement code generation for required opcodes, the JIT compiler only needs to support a
minimal set of operations — basic arithmetic and bitwise operations (mainly for computing offsets),
memory loads/stores, branch instructions with labels (to implement control flow), and label
referencing (to efficiently lower switch statements into jump tables).

Client request

Schema metadata Rewrite rules Cost Model
(System catalog) (Heuristics)

¥ A Y ; T logiedl :
Lexical : . ! plan ;
& Syntactic > Semanqc > Query_Rewrlt_ef > Q_ue_ry Query :
Analvsi 2 Analysis 2 Canonicalization & optimizer planner !
nalysis K B « Physical !

¢ ag:@ Q\)a(“l o?zd i W

Optimized Physical plan v

Execution

Fig 1. Classical query processing pipeline in DBMS.

Expression parse tree TPC-H Q6
and select sum(l_extendedprice * |_discount) as revenue
from lineitem
where
|_shipdate >= date '1997-01-01'
and |_shipdate < date '1997-01-01' + interval '1' year
and |_discount hetween 0.07 - 0.01 and 0.07 + 0.01
(Attribute) (Const) and |_guantity < 24;
‘ |_guantity ‘ ‘ 24 |

Expression opcodes:

0= EEOP_SCAN_FETCHSOME => deform [0:10] attributes

‘ (Attribute) ‘ I (Const) | 1=EEOP_SCAN_VAR => access [10] attribute
| discount 0.08 2= EEOP_FUNCEXPR_STRICT => call 'date_ge'
3= EEOP_QUAL == result check
4 = EEOP_SCAN_VAR => access [10] attribute
5= EEOP_FUNCEXPR_STRICT => call 'date_lIt_timestamp’
6 = EEOP_QUAL == result check
7= EEOP_SCAN_VAR => access [6] attribute
‘ (Attribute) ‘ ‘ (Const) | 8= EEOP_FUNCEXPR_STRICT == call 'numeric_ge'
| discount 0.06 9 = EEOP_QUAL => result check
10 = EEOP_SCAN_VAR => acess [6] aftribute

11 = EEOP_FUNCEXPR_STRICT => call 'numeric_le*
12 = EEOP_QUAL == result check
13 = EEOP_SCAN_VAR == access [4] attribute
14 = EEOP_FUNCEXPR_STRICT == call 'numeric_It'
(Attribute) (Const) (Attribute) (Const) 15 = EEOP_QUAL => result check
|_shipdate '1997-01-01' |_shipdate '1998-01-01' 16 = EEOP_DONE =>return

Fig 2. PostgreSQL expression opcodes for TPC-H Q6 WHERE clause.

4.2 Implementation fragment

We present a minimal excerpt from the implementation of lightweight JIT compilers (Fig. 3). In the
case of AsmJIT, additional code wrappers are used to simplify field offset calculations and ensure
that load and store operations match the specified data types. DynASM, on the other hand, uses
preprocessor-level directives for type declarations, which automatically generate the required field
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offsets. Overall, the process of writing JIT-compiled code is no more complex than writing
traditional assembly by hand — and in the case of AsmJIT, it is even simpler due to its higher-level
abstraction that automates register allocation.

bool asmjit_compile_expr(struct ExprState *state) {
/..
for (int opno = 0; opno < state->steps_len; opno++) {
/..
switch (opcode) {
// ... MORE OPCODES
case EEOP_INNER_VAR:
case EEOP_OUTER_VAR:
case EEOP_SCAN_VAR: {

bool dynasm_compile_expr(ExprState *state) {

/..

for (int opno = 0; opno < state->steps_len; opno++) {
/..
switch (opcode) {
// ... MORE OPCODES
case EEOP_INNER_VAR:
case EEOP_OUTER_VAR:
case EEOP_SCAN_VAR: {

x86::Gp v_slot = opcode == EEOP_INNER_VAR ? v_innerslot
: opcode == EEOP_OUTER_VAR ? v_outerslot
:v_scanslot;
const auto attnum = op->d.var.attnum;
x86::Gp v_resvalue = cc::load_const_voidptr(
jcc, "v_resvalue[attnum]", op->resvalue);
x86::Gp v_values = ccTupleTableSlot::load_tts_values(jcc, v_slot);
x86::Gp v_value = cc::load_array_at<Datum>(jcc, v_values, attnum);
cc::store_at(jcc, v_resvalue, v_value);

x86::Gp v_resnull = cc::load_const_voidptr(
jec, "v_resnull[attnum]”, op->resnull);

const int slot_register =
opcode == EEOP_INNER_VAR ? R_INNERSLOT
: opcode == EEOP_OUTER_VAR ? R_OUTERSLOT

: R_SCANSLOT;

| mov64 T1, (uintptr_t) op->resvalue

| mov TO, t_slot:v_slot->tts_values

| mov TO, [TO+DATUM_OFF(op->d.var.attnum)]

| mov [T1], TO

|

| mov64 T2, (uintptr_t) op->resnull

| mov TO, t_slot:v_slot->tts_isnull

| mov TOb, [TO+BOOL_OFF(op->d.var.attnum)]

x86::Gp v_nulls = ccTupleTableSlot::load_tts_isnull(jcc, v_slot);
x86::Gp v_isnull = cc::load_array_at<bool>(jcc, v_nulls, attnum);
cc::store_at(jcc, v_resnull, v_isnull);

break; }

| mov [T2], TOb

break;

Fig 3. Excerpt from the implementation of lightweight JIT compilers.

4.3 Performance evaluation of JIT compilers

To evaluate performance of JIT compilers in PostgreSQL, we generated a set of TPC-H databases
at varying factors (Fig. 4), starting from extremely low scale factor (SF) = 0.01 up to SF = 20 —
ensuring that the entire database could fit withing the Linux page cache of the testing system. These
varying scale factors allow us to examine how different levels of code generation and optimization
impact query execution performance across different dataset sizes.

Scale factor (SF) | 0.01 0.1 0.5 1 25 5 7.5 10 15 20

Database Size 109M | 372M | 1.7G 3.2G 6.2G 20G 24G 29G 40G 50G

Fig 4. TPC-H benchmark database size by scale factor.

The JIT capabilities in PostgreSQL are controlled through several configuration flags, which vary
depending on the underlying engine: LLVM, AsmJIT, or DynASM. For testing, we selected the
following configurations that control different aspects of code generation and optimization:

o {engine}_E — code generation only for expression nodes without optimizations.
o {engine} EO - code generation for expression nodes with optimizations applied.

o {engine} ED — code generation for expression nodes and deform functions without
optimizations.

o {engine} EDO - extends ED with optimizations applied after code generation.
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e {engine} EDOI — enhances EDO with inlining of built-in functions' source code (e.g.
date_ge, int4mul, int8div) into the generated module, enabling direct inlining during
optimization rather than indirect calls via absolute address constants.

LLVM engine supports all five configurations, while AsmJIT and DynASM only use two —
“{engine} E” and “{engine} ED” due to the absence of automatic optimizations and function
inlining. Adding the latter would mean writing assembly generators by hand for each built-in
function — a task that, while technically feasible, demands significant development effort.

All benchmarks were conducted on an Ubuntu 24.10 machine with an Intel i7-11700 CPU and 64GB
DDR4 RAM (3200MHz). PostgreSQL 17.2 was built with GCC 14.2.0 and LLVM 18.1.8.
PostgreSQL was configured with shared_buffers set to 8GB, work mem to 256MB, and
max_parallel_workers_per_gather to 0 to disable parallel query execution. Before each scale factor
run, the entire database was preloaded into Linux page cache to eliminate 1/0 overhead. Each query
was executed 21 times, with the first warmup run excluded; the geometric mean of execution times
was recorded. Unless otherwise noted, execution times include all stages of query processing — from
parsing to execution, including JIT compilation.

The results are presented in two parts. First, we compare the performance of AsmJIT and DynASM,
focusing on both their compilation times and query execution times. Next, we evaluate the
lightweight JIT engines against LLVM, using the interpreter as a baseline to assess the overall
effectiveness of JIT compilation. We also analyze how the query execution performance of different
JIT engines varies across database sizes and attempt to identify the threshold at which heavyweight
JIT compiler begins to outperform the lightweight alternatives.

4.3.1 AsmJIT vs DynASM

Before proceeding, it is important to note that our AsmJIT-based JIT implementation relies on its
Compiler abstraction layer, which automatically manages both register allocation and function calls.
While this abstraction simplifies development, it leads to less predictable code quality and increased
compilation overhead. In contrast, DynASM-based implementation requires everything to be
handled manually, which improves compilation time due to the absence of abstraction, but makes
performance highly dependent on the effectiveness of manual register allocation.
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Fig 5. Geometric mean of execution time of lightweight JIT engines on TPC-H SF=0.01. Green table cells
indicate that the JIT query execution time is lower than that of the interpreter.

In the context of TPC-H benchmark with a very small scale factor = 0.01, the execution time
comparison between AsmJIT and DynASM (as shown in Fig. 5) reveals several observations:
84



Tartunumonos M.B., Byuankwuii P.A., 3asenees [[.B. He LLVM enunbiM: VccnenoBanne anbTepHATUBHBIX METOI0B OBICTPOI reHepain
KOJa JUIst KOMIUIIsiuy 3anpocos B PostgreSQL. Tpyowr UCIT PAH, 2025, Tom 37 BbIm. 6, 9acTs 2, ¢. 77-92.
o DynASM_E configuration outperforms AsmJIT_E across all queries except for g6 and q13.
We suspect that the difference in performance for g1 and g6 may be due to execution-time
fluctuations, as the median execution time is lower (Fig. 6). For q13, DynASM _E is
consistently slower than AsmJIT_E, likely due to lower-quality code — a subject for future
analysis.

e DynASM_ED configuration consistently outperforms AsmJIT_ED across all queries and
AsmJIT_E, except for g15.

o ASMIJIT_E improves performance in queries g1, 12, and q18, while ASMJIT_ED shows
improvement in g1 and q13.

o DynASM_E achieves performance gains in queries g1, g3, g10, q12, q18, and 21, whereas
DynASM_ED demonstrates improvements across a broader set of queries: q1, g3, g6, 10,
gl2, q13, q18, and g21.

e When considering the geomean speedup against the interpreter across all queries —
AsmJIT_E: 0.758x, AsmJIT_ED: 0.653x, DynASM_E: 0.947x, and DynASM_ED: 0.949x
— it becomes evident that compiling the deform function using AsmJIT actually degrades
performance compared to the interpreter. In contrast, DynASM_ED slightly improves
overall performance compared to the DynASM_E configuration. Notably, even at this
minimal scale factor, DynASM achieves nearly neutral performance degradation, which
we attribute to its highly efficient code generation and emission process.
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Fig. 6. Distribution of execution time of lightweight JIT engines on TPC-H SF=0.01 queries g1, g6, q13. The
value near each box indicates the median execution time across 20 query runs.

Regarding compilation time (Fig. 7), that remains constant across all scale factors, we observe:

o DynASM_E achieves a geometric mean of compilation speedup of 7.5x over AsmJIT_E.

e DynASM_ED achieves a geometric mean of compilation speedup of 8.2x over
AsmJIT_ED.

This shows that the DynASM-based implementation has significantly faster code generation and
emission steps compared to AsmJIT-based implementation using its Compiler abstraction.

Finally, using AsmJIT_E as the baseline for code quality evaluation (Fig. 8), we observe the
following:

o DynASM_E produces lower-quality code in g1, g4, g6, g8, 9, q10, q12, q13, 15, g16,
q18 and g21, with a peak regression of 0.88x measured in q15. Conversely, the maximum
performance improvement is a 1.12x speedup, recorded in gq19.
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e The geometric mean speedup of DynASM_E is close to 1x, indicating that its overall code
quality is comparable to AsmJIT_E.

e DynASM_ED exhibits a geometric mean speedup of 1.041x, while AsmJIT_ED achieves
1.074x — indicating that AsmJIT generates noticeably better code for the deform function,
despite the hand-tuned assembly in the DynASM implementation, which avoids register
spills entirely within the body of the function, with only minor spillage occurring in the
prologue and epilogue.
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Fig 7. Compilation time of Lightweight JIT engines on TPC-H benchmark.
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Fig 8. Execution - Compilation time speedup, relative to AsmJIT_E. The metric is defined as (Speedup - 1),
where Speedup = (AsmJIT E[”Execution time”] — AsmJIT E[”Compilation time”]) /
(Target [ ”Execution time”] - Target[” Compilation time’]).
Both execution and compilation times represent geometric mean values based on 20 query runs.
Value of 0 corresponds to equal performance;
positive values denote speedups, and negative values denote slowdowns.

4.3.2 Lightweight against LLVM

We begin our comparison of lightweight JIT engines against LLVM using the compilation time heat
map shown in Fig. 9, which graphically summarizes the observed patterns. The values represent the
percentage of total query execution time that is spent on compilation, across various JIT engine
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configurations and scale factors that increase by an order of magnitude. As the scale factor increases,
the relative compilation overhead decreases, indicating that compiled execution begins to
outperform interpreter-based execution for an increasing number of queries (denoted by the A
symbol in the figure). In the case of LLVM, its various JIT configurations only begin to justify their
compilation overhead starting at SF=1, with the notable exception of query g1 at SF=0.1. Query g1
has the longest execution time in the benchmark, which is reflected in its relatively low compilation
time percentage compared to other queries. Furthermore, at SF=1, both lightweight JIT compilers
already demonstrate improved execution time over the interpreter across most queries. In contrast,
LLVM — even in its most lightweight configuration LLVM_E — does not consistently outperform
the interpreter, indicating that its compilation overhead remains significantly higher.
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Fig 9. Compilation time as a percentage of total query execution time across TPC-H benchmark scale factors
for various JIT engine configurations. Both execution and compilation times represent geometric mean
values based on 20 query runs. A indicates that a particular configuration achieves better performance than
the interpreter for a given query.

Next, we compare only the most compilation-heavy JIT configurations on the largest of scale factors
in our tests, SF=20 (Fig. 10), to examine performance behavior on a relatively large dataset.
Interpreter execution time served as the baseline: positive values indicate that JIT execution is faster
than interpretation by the corresponding number of milliseconds, while negative indicate it is slower
by that amount. The results show that only one query — q14 — does not benefit from any JIT engine.
DynASM_ED consistently improves performance across all queries except ql4. Similarly,
AsmJIT_ED also shows improvements across the board, with an additional exception of g2.
LLVM_EDO improves performance on 17 out of 22 queries, achieving the best absolute per-query
performance on g4, g6, q12, 17, and q18. Meanwhile, LLVM_EDOI shows the best absolute per-
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query performance only on g1, g3, and q13. This suggests that further increasing the scale factor
would likely lead to broader performance benefits across all queries when using the LLVM JIT with
full optimization enabled, despite its higher compilation overhead.

Interestingly, Q1 — the most time-consuming query — shows a relatively small performance gap
between the lightweight JITs and LLVM. For this query LLVM_EDOI incurs a total compilation
time of approximately 100ms, whereas DynASM_ED requires less than 0.1 ms. When calculating
the relative performance improvements — DynASM_ED ~6.13%, LLVM_EDOI ~8.76%, and
idealized “zero-compile-time” LLVM_EDOI ~8.88% — we observe that DynASM_ED achieves
approximately two-thirds of the performance gain offered by LLVM on this long-running query.
This indicates that, at relatively high scale factors, lightweight JITs can maintain competitive
performance compared to LLVM.
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Fig 10. Execution time difference: (Interpreter - JIT) on TPC-H SF=20. Green table cells indicate that the
JIT query execution time is lower than that of the interpreter.

Next, we take a closer look at run-time performance and compilation characteristics of the JIT
configurations shown in Figure 11. First, there is a significant gap in compilation time between
lightweight JIT engines and LLVM-based configurations. The difference between the basic
configurations of DynASM_E and LLVM_E is 69.4x. When optimizations are enabled in LLVM
(LLVM_EO), the gap becomes even more pronounced — 397.9x. Second, the difference in
compilation time between the lightweight configurations of DynASM and AsmJIT is 6.8x and 7.75x
respectively. We attribute this primarily to AsmJIT’s automatic register allocation, which introduces
additional overhead compared to DynASM. Regarding run-time performance, we observe that all
JIT configurations generate more efficient machine code than the interpreter. The best run-time
result is achieved by the LLVM_EDOI configuration, completing execution of the entire benchmark
in less than 12 seconds, excluding compilation time. Lightweight configurations with deform
function generation (*_ED) show performance close to that of the optimized LLVM configuration
(LLVM_EDO). However, when both run-time and compilation time are considered together,
LLVM-based configurations lose their run-time advantage. For example, the LLVM_EDOI
configuration, which has the best run-time performance, reaches a total execution time of 14.49
seconds when compilation time is included. In contrast, lightweight JIT engines, which has almost
no compilation overhead, achieve noticeably lower total execution times.

Finally, we compare the overall performance of the JIT engines across all scale factors (Fig. 12) to
determine whether there is a threshold at which the lightweight JIT engines begin to lose ground to
LLVM as the scale factor increases.
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Run-time (s) Compile-time (s)

Interpreter 12.77 Interpreter {0.0
LLYM_EDOI 11.88 LLYM_EDOI 2.6147
LLVM_EDO 12.09 LLVM_EDO 1.5011
LLVM_EO 4 12.46 LLVM_EC 0.5969
LLYM_ED 12.71 LLVM_ED 0.2178
LLVM_E 12.67 LLVM_E 0.1041

DynASM_E 12.55 DynasM_E 10.0015

DynASM_ED 12.11 DynASM_ED 40.0028

Asm)IT_E 12.56 Asm)IT_E 40.0103

Asm]IT_ED 12.17

Asm|JIT_ED FD.DZ 17

T
0.0 3.75 7.5 11.25 15.0 0.0 0.25 0.5 0.75 1.0

Fig 11. Compile-time and run-time accumulated over all TPC-H queries at scale factor 1. Each query
executed 21 times; 1st warm-up run is discarded and geometric mean is computed over the remaining runs.

The results calculated using geometric mean show that when overall system throughput is prioritized
over peak per-query performance, such a shift is not clearly evident. Across all scale factors,
DynASM_ED maintains the leading position, thanks to its fast code generation and emission speed
— even though it generates lower-quality code compared to AsmJIT_ED. AsmJIT secures second
place starting from SF=0.5, but ranks third on the two smallest scale factors, where it loses the
second position to DynASM due to slower code generation. LLVM_EDO only reaches third place
starting at SF=15, while LLVM_EDOI begins to show overall improvement starting at SF=20,
suggesting that higher scale factors are necessary to fully benefit from LLVM’s optimization
pipeline.
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Fig 12. JIT speedups for all queries across all tested scale factors relative to the interpreter, shown in two

ways: (left) geometric mean of execution times, and (right) total sum of execution time. The numbers in the

top right corner of the cells show the top 3 results ranked by improvement at each scale factor. Cell values
indicate the speedup (or slowdown) relative to the interpreter, expressed as x times.
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The results, calculated as a sum of execution time of all queries, show that starting from scale factor
10, LLVM ranks second and third, with only DynASM outperforming it. By scale factor 20, LLVM
surpasses DynASM and claims the top two positions. This can be explained by the varying execution
times of TPC-H queries. They can be roughly grouped into two categories: short-running and long-
running queries. The latter start to take significantly longer time to execute as the scale factor
increases and benefit more from high-quality machine code, even at lower scale factors. For
example, at scale factor 20, query 9 takes around 30 seconds to complete, while query 2 finishes in
just 3 seconds — a tenfold difference. Because of this imbalance, the long-running queries make up
most of the total benchmark execution time. This gives LLVM a performance advantage over
lightweight JIT engines, as improvements in these costly queries have a bigger effect on the total
runtime. LLVM’s advantage is expected to grow with higher scale factors, since compilation time
becomes less significant.

5. Conclusion

In this paper, we evaluated two lightweight JIT compilers — DynASM and AsmJIT —against LLVM,
using PostgreSQL as a common experimental environment. Our findings show the AsmJIT-based
implementation, which utilizes a higher-level abstraction for automatic register allocation, produces
higher-quality code compared to the DynASM-based implementation, which relies on manual
register allocation. Nevertheless, DynASM’s exceptional code generation speed allows it to
outperform AsmJIT across all tested scales.

Both lightweight JIT compilers begin to improve system performance starting from a scale factor
(SF) of 0.5, demonstrating their suitability even for very small queries. The query planner’s cost
model can be used to configure such JIT compilers to operate at low cost thresholds, without being
overly sensitive to inevitable cost estimation inaccuracies.

While LLVM demonstrates better peak performance on certain queries, it generally lags behind
lightweight JIT engines until reaching the largest tested scale factor (SF=20), where its performance
gains become evident. This suggests that even larger scale factors are necessary for LLVM’s
extensive optimization pipeline to yield meaningful benefits.

As part of our future work, we plan to explore an AsmJIT-based implementation without compiler
abstraction, in order to enable a more direct comparison of code generation and emission speed with
DynASM. Additionally, we aim to investigate platform-independent JIT assembler alternatives, as
our current implementations are limited to x86-64 architecture, and porting and maintaining them
on other architecture requires considerable effort. We also intend to evaluate medium-weight JIT
engines — often referred to as “mini-LLVM” style compilers — equipped with a minimal set of
essential optimizations, again using PostgreSQL as our testbed.
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