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Motivation
Binary Decompilation: Recovering What Compilation Discards
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Motivation & Problem
Four Levels of Abstraction, from Raw Bytes to High-Level Constructs (max Function)

ASM

xxxxxxmov eax, edi
xxxxxxcmp edi, esi
xxxxxxjge .L1
xxxxxxmov eax, esi
.L1: ret

LLIL

xxxxxif (edi < esi)
xxxxxxxgoto L1
xxxxxeax = edi
xxxxxret
L1: eax = esi
xxxxxret

HLIL

return a > b ? a : b
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if (arg1 < arg2)
xxreturn arg2
return arg1
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Motivation & Problem
Existing work treats decompilation as a direct translation
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Abstract
Decompilation transforms compiled code backinto a high-level programming language foranalysis when source code is unavailable. Pre-vious work has primarily focused on enhanc-ing decompilation performance by increasingthe scale of model parameters or training datafor pre-training. Based on the characteristicsof the decompilation task, we propose twomethods: (1) Without fine-tuning, the Self-Constructed Context Decompilation (sc2dec)method recompiles the LLM’s decompilationresults to construct pairs for in-context learn-ing, helping the model improve decompilationperformance. (2) Fine-grained Alignment En-hancement (FAE), which meticulously alignsassembly code with source code at the state-ment level by leveraging debugging informa-tion, is employed during the fine-tuning phaseto achieve further improvements in decom-pilation. By integrating these two methods,we achieved a Re-Executability performanceimprovement of approximately 3.90% on theDecompile-Eval benchmark, establishing anew state-of-the-art performance of 52.41%.The code, data, and models are available athttps://github.com/AlongWY/sccdec.

1 Introduction
Decompilation is the process of converting com-piled machine code or bytecode back into a high-level programming language. This process is typ-ically used to analyze how the software workswhen the source code is not accessible (Brumleyet al., 2013; Katz et al., 2018; Hosseini and Dolan-Gavitt, 2022; Xu et al., 2023; Armengol-Estapéet al., 2023; Jiang et al., 2023; Wong et al., 2023).Many tools have been developed for decompilation,like Ghidra (Ghidra, 2024) and IDA Pro (Hex-Rays,2024). However, these tools often struggle to gen-erate human-readable code. The main challenge indecompilation is that it’s hard to fully reconstruct*Corresponding Author
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bool func0(int num) {return num % 2 != 0;}

func0:
mov  %edi,%eaxand  $0x1,%eaxret

int func0(int x) {return x & 1;}

Figure 1: Pipeline of the decompilation. The input
for decompilation tasks is typically assembly, with the
source code invisible. Additionally, the source code
obtained through decompilation usually does not exactly
match the original code.

the source code, especially details such as variablenames (Lacomis et al., 2019) and primary struc-tures (Wei et al., 2007), which are frequently lostduring the compilation process.Recent advances in large language models(LLMs) have prompted researchers to view pro-gramming languages as distinct linguistic sys-tems, utilizing pre-trained code LLMs to ac-complish various coding tasks (Lippincott, 2020;Rozière et al., 2023; Guo et al., 2024; OpenAI,2023). These models have demonstrated signifi-cant performance improvements over traditionaltechniques (Zeng et al., 2022; Xu et al., 2022),making it feasible to apply LLMs to decompilationchallenges. For instance, Transformer-based mod-els such as Slade (Armengol-Estapé et al., 2023)and Nova (Jiang et al., 2023) have shown poten-tial in using language models to translate binarycode back into more readable and structured sourcecode. Recently, Tan et al. (2024) developed andreleased the first open-source LLM focused on de-compilation, alongside the construction of the first6603
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Abstract

Decompilation aims to convert binary code to

high-level source code, but traditional tools like

Ghidra often produce results that are difficult

to read and execute. Motivated by the advance-

ments in Large Language Models (LLMs),

we propose LLM4Decompile, the first and

largest open-source LLM series (1.3B to 33B)

trained to decompile binary code. We opti-

mize the LLM training process and introduce

the LLM4Decompile-End models to decompile

binary directly. The resulting models signifi-

cantly outperform GPT-4o and Ghidra on the

HumanEval and ExeBench benchmarks over

100% in terms of re-executability rate. Addi-

tionally, we improve the standard refinement

approach to fine-tune the LLM4Decompile-

Ref models, enabling them to effectively re-

fine the decompiled code from Ghidra and

achieve a further 16.2% improvement over

the LLM4Decompile-End. LLM4Decompile1

demonstrates the potential of LLMs to revolu-

tionize binary code decompilation, delivering

remarkable improvements in readability and ex-

ecutability while complementing conventional

tools for optimal results.

1 Introduction

Decompilation, the reverse process of converting

machine code or binary code into a high-level

programming language, facilitates various reverse

engineering tasks such as vulnerability identifica-

tion, malware research, and legacy software mi-

gration (Brumley et al., 2013; Katz et al., 2018;

Hosseini and Dolan-Gavitt, 2022; Xu et al., 2023;

Armengol-Estapé et al., 2023; Jiang et al., 2023;

Wong et al., 2023; Hu et al., 2024). Decompilation

is challenging due to the loss of information inher-

ent in the compilation process, particularly finer de-

tails such as variable names (Lacomis et al., 2019)

*Yuqun Zhang is the corresponding author.
1https://github.com/albertan01
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int func0(float num[], int size, 
float threshold) {
int i, j;
for (i = 0; i < size; i++)

for (j = i + 1; j < size; j++)

if (fabs(num[i] - num[j]) 
< threshold)
return 1;

return 0;}

undefined4 func0(float param_1,long param_2,int param_3){

int local_28;
int local_24;
local_24 = 0;
do {

local_28 = local_24;
if (param_3 <= local_24) {

return 0;}
while (local_28 = local_28 + 1, local_28

 < param_3) {

if ((double)((ulong)(double)(*(float
*)(param_2 + (long)local_24 * 4) -

*(float *)(param_2 + (long)local_28 * 4)) 
&

SUB168(_DAT_00402010,0)) < (double
)param_1) {

return 1;}}
local_24 = local_24 + 1;

} while( true );}

<func0>:
endbr64
push   %rbp
...

...
mov    $0x0,%eax
pop    %rbp
retq

Decompile

Figure 1: Illustration of compiling source code to binary,

disassembling binary to assembly code (ASM), and

decompiling ASM to pseudo-code with Ghidra. The

pseudo-code is hard to read and not executable.

and fundamental structures like loops and condi-

tionals (Wei et al., 2007). To address these chal-

lenges, numerous tools have been developed for de-

compilation, with Ghidra (Ghidra, 2024a) and IDA

Pro (Hex-Rays, 2024) being the most commonly

used. Although these tools have the capability to re-

vert binary code to high-level pseudo-code, the out-

puts often lack readability and re-executability (Liu

and Wang, 2020a; Wang et al., 2017), which are

essential for applications like legacy software mi-

gration and security instrumentation tasks (Wong

et al., 2023; Dinesh et al., 2020).

Figure 1 illustrates the transformation from the

source C code to a binary file, assembly code

(ASM), and pseudo-code decompiled from Ghidra.

In this pseudo-code, the original nested for struc-

ture is replaced with a less intuitive combination of

a do-while loop inside another while loop. Fur-

thermore, array indexing like num[i] is decom-

piled into complicated pointer arithmetic such as

*(float *)(param_2 + (long)local_24 * 4).

The decompiled output also exhibits syntactical er-

rors, with the function return type being converted

to undefined4. Overall, traditional decompilation

tools often strip away the syntactic clarity provided

3473

Current gap:
No systematic study of IR abstraction levels for LLM-based decompilation
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and Wang, 2020a; Wang et al., 2017), which are

essential for applications like legacy software mi-

gration and security instrumentation tasks (Wong

et al., 2023; Dinesh et al., 2020).

Figure 1 illustrates the transformation from the

source C code to a binary file, assembly code

(ASM), and pseudo-code decompiled from Ghidra.

In this pseudo-code, the original nested for struc-

ture is replaced with a less intuitive combination of

a do-while loop inside another while loop. Fur-

thermore, array indexing like num[i] is decom-

piled into complicated pointer arithmetic such as

*(float *)(param_2 + (long)local_24 * 4).

The decompiled output also exhibits syntactical er-

rors, with the function return type being converted

to undefined4. Overall, traditional decompilation

tools often strip away the syntactic clarity provided

3473

Current gap:
No systematic study of IR abstraction levels for LLM-based decompilation
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Experimental Setup
LLMs Evaluated (5 Models)

Large Large

GPT-4.1
Apr 2025

Claude Sonnet 4
May 2025

Small Small Small

GPT-4.1-nano
Apr 2025

GPT-4o-mini
Jul 2024

Claude Haiku 3.5
Oct 2024
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Experimental Setup
Dataset: ExeBench

Cyclomatic Complexity
CC = E − N + 2P

E = edges in control flow graph
N = nodes in control flow graph
P = number of connected components

Selection strategy

Per complexity level, we select:

max (25, 10% of functions)

Functional verification

Each function includes 10 unit tests

0 5 10
Cyclomatic Complexity
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98

30 25 25 25 25 25
16 11 12 14
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Experimental Setup
Evaluation pipeline

Compile
GCC -O0

Extract IR
Binary Ninja

LLM
10 runs

Recompile
GCC

Unit Tests

@

ASM LLM @ ✓/✗

LLIL LLM @ ✓/✗

MLIL LLM @ ✓/✗

HLIL LLM @ ✓/✗
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Results
Decompilation performance across models and IR levels

GPT-4.1-nano
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Claude Haiku 3.5

GPT-4.1
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GPT-4.1
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HLIL
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Compilation Error All Tests Failed Partial Tests Passed All Tests Passed
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Decompilation performance across models and IR levels
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Code Complexity & Decompilation Difficulty
Halstead metrics: counting operators and operands

// max of two integers

int max(int a, int b) {

return ( a > b ) ? a : b ;

}

Operators Operands

η1 unique operators N1 total operators
η2 unique operands N2 total operands

N = N1 + N2 total program length

η = η1 + η2 total vocabulary

Halstead metrics

V = N log2 η

Volume: size of the program

D =
η1

2
·

N2

η2

Difficulty: how hard to understand

E = D · V
Effort: mental effort required
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Code Complexity & Decompilation Difficulty
Halstead metrics beat cyclomatic complexity as predictors
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Conclusions

(1) IR choice matters
Small models: HLIL improves correctness by >30 pp over ASM
Large models: robust at all IR levels

(2) Recompilability vs. Correctness trade-off
ASM excels at recompilability; HLIL excels at functional correctness

(3) Halstead > Cyclomatic complexity
Halstead metrics are stronger predictors of decompilation difficulty

(4) No universally optimal IR
Best choice depends on model size and task requirements

Dataset on GitHub
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