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First and largest binary-source dataset, 2M pairs condensed from 100M

Evaluation set: Github2025 (least data leakage)

Million-Scale Binary-Source Function 
Pairs for Real-World Binary Decompilation

Hanzhuo Tan

1

(a) Compile

(b) Trace (c) Filter

Stack v2 GitHubPemissive
C/C++ repos

Create
container

Docker

apt install 
dependecies

Clone

Revised Clang
-O{0,1,2,3} -g

find_package(...)->lib

Binary

Binary

Repo
Tree-sitter

Candidates

Code fragments

Read
DWARF

Path to SRC

Disassemble

Direct read SRC 
Functions

Binary-Source Mapping

Max
intersect

RepoSRC

ASM
In-Bin dedup

Cross-Bin dedupASM Functions

0110
1001

0110
1001



DecompileBench Summary
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DecompileBench Previous Work

We need 
more real data
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Category

Benchmarks

Samples

Code Contest Synthetic
Decompile-Dataset [26] 

HumanEval-Decompile [11]
AnghaBench [27] ExeBench [28]

CSMith [48]

int func0(float num [], 
int size, float threshold){
int i, j
for (i = 0; i < size; i++)
for (…) if (…)…}

struct of_device{int dummy; } ;
struct device {int dummy; } ;
struct device* bus_find_device
(int /*<<< orphan*/ *,…) ; 

int /*<<< orphan*/ …;}a b

Fragment-Level Real-World Function-Level
Dire[9] Dirty [29] Resym [10]

Assemblage [30]
CodeCMR [53] Idioms [54]

Decompile-Bench
Game::Game(std::size_t grid_width, 
std::size_t grid_height)
: snake(grid_width, grid_height),
snake2(grid_width, grid_height),
engine(dev()), …

{ snake.setPosition(…)…}c d

Category

Benchmarks

Samples

funcrvasource code
460x00004320return J();…
550x00001A80return t->size();…
580x000034F0column++;…

0x0000B050if (lookahead &…



DecompileBench Why not synthetic data?

Cyclomatic Complexity (CC)
Equation: CC=E−N+2
E = number of edges in the control flow graph
N = number of nodes
P = number of connected components (usually 
1 for a single program)

Halstead Difficulty (D)
Equation: 𝐷 = !!

"
× #!
!"

𝜂$= the number of distinct operators (+-*/)
𝜂"= the number of distinct operands (variables)
𝑁$= the total number of operators
𝑁"= the total number of operands 

We need 
more real data
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DecompileBench Compile-Trace-Filter (CTF)

Compile

Trace

1.Project-scope filter. Remove any source function not in the target repository. E.g., get() and set()
2.In-binary deduplicator. Several functions within one binary claim the same source function
3.Cross-binary deduplicator. Apply MinHash-LSH to eliminate near-duplicate

Filter

1.Patch Clang driver and invocation logic to force our desired -O{0,1,2,3} and -g flags
2.parse CMakeLists.txt for find_package(...), query GPT for the correct install commands
3.Leverage Docker to isolate install environment
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Algorithm 1 Pairing Binary Functions with Source Functions
Input: Binary project B, source project S
Output: Map M , containing the mapping between each binary function in B to a source function

1: for all binary function fb in B do
2: Extract DWARF information in fb to obtain corresponding source-code lines; group them as

func_segment

3: Candidates → ↑
4: for all source line ω in func_segment do
5: Use Tree-sitter on S to extract the complete source function fs containing ω
6: Candidates → Candidates ↓ {fs}
7: end for
8:

f→
s → arg max

fs↑Candidates

∣∣func_segment ↔ Lines(fs)
∣∣

9: M [fb] → f→
s

10: end for
11: return M

snippets. For each line l in func_segment (Lines 3–7), we use Tree-sitter [20] to parse the project S,
locate the full source function surrounding that line, and add it to a candidate list. After parsing, each
candidate is a complete function (signature + body). We then compute the line intersection between
func_segment and each candidate function and choose the candidate with the largest overlap as the
true source match for fb (Line 8). At last, we record the mapping between fb and fs and return the
final mapping M for all functions in B (Lines 9-11).

This procedure fixes missing or reordered source code fragments by realigning them with clear
function boundaries, yielding precise binary–source function pairs. For validating the matching
algorithm, please refer to Appendix E.

Filter data. The raw mappings produced by our Source-Trace algorithm still contain a large amount
of noise, such as trivial system header functions, multiple binary functions pointing to the same
overloaded or template source function, and duplicate source functions. To enhance the quality of
Decompile-Bench, we therefore apply a three-stage filtering pipeline as follows.

(1) Project-scope filter. We remove any source function not actually defined in the target repository.
These are mostly trivial helpers, e.g., get() and set(), extracted from system or dependency headers,
which offer less value for decompilation. (2) In-binary deduplicator. Whenever several functions
within one binary claim the same source function (usually due to template instantiation), we keep
only the single best match, i.e., the one with the largest DWARF-segment intersection as computed in
Algorithm 1, Line 8, and discard the rest. (3) Cross-binary deduplicator. We apply MinHash-LSH [10]
to the remaining source functions and assemblies to eliminate near-duplicate, following standard
corpus-cleaning practices in LLM training [71, 63, 48, 5].

3.2 Data Statistics and Analysis

To ensure permissive licensing, we select the C/C++ GitHub repositories from the Stack V2 [63],
whose licenses are either approved by the Blue Oak Council [1] or flagged “Permissive” by Scan-
Code [2]. We further require at least one GitHub star for basic quality assurance [5] and the presence
of a CMakeLists.txt to streamline builds. Each project is then compiled at four optimization
levels (-O{0,1,2,3}). In total, we successfully built 3,961 repositories, yielding roughly 450 GB of
executables across 85K binaries and extracting about 100 million binary functions. This number far
exceeds the roughly 5 million source functions present across the projects, highlighting the need for
data filtering to improve the quality. The filtering statistics and examples are summarized in Figure 3.
In particular, Figure 3-a shows that 45% of binary functions are the system or dependency headers
associated with our collected repositories. Removing duplicates within each binary eliminates about
20% of data, and 32% of the binary functions are removed via cross-binary deduplicator (please refer
to Appendix B for detailed analysis). Finally, our compact benchmark retains only 2% of the raw data
(two million functions out of 100M). As shown on the Figure 3-b, removing codes from header files
or duplicates eliminates the vast majority (40% of all raw data) of short snippets (under five lines)
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DecompileBench Filter

1.DecompileBench retains only 2% of the raw data (two million functions out of 100M)
2. Removing codes from header files or duplicates eliminates the vast majority (40% of all raw 
data) of short snippets (under five lines)
3. The project-scope filter mostly discards trivial helpers (e.g., get()), constructors, and destructors 
from system or dependency headers. In-binary duplicates stem from template instantiation.
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(a) Filter statistics
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(b) Length Frequency Histogram  

T* operator=(T* p){ 
if (p) 
p->AddRef(); 

if (_p) 
_p->Release(); 

_p = p; 
return p;}

~vector(){
std::_Destroy(
this._M_start, 
this._M_finish,
_M_get_Tp_allocator());}

(c) Functions excluded by filters 
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(a) Filter statistics. (b) Length histogram. (c) Filtered samples



DecompileBench Main Results

1. LLM4Decompile-End is trained on ExeBench and additional training from the same source does 
not provide further benefit
2. Model trained on Decompile-Bench-raw (no filter), the low-quality nature leads to 2.2% and 
11.4% re-executability decline against to the base model
3. Clean and compact data from Decompile-Bench significantly improves the
re-executablility of the base model for over 20%
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5.3.2 Ablations

Following the setup in Section 5.1, we also perform a series of ablation studies by comparing
Decompile-Bench with other benchmarks via fine-tuning LLM4Decompile-End on an equal amount
of 200K binary–source function pairs drawn from two other sources, i.e., the 100M-pair raw corpus
of Decompile-Bench (Section 3.2) and ExeBench.

Table 4: Ablation study on training data for re-executability rate. The tag “+ExeBench” denotes that
the data come from ExeBench, whereas “+Decompile-Bench-raw” indicates the use of the unfiltered
Decompile-Bench as discussed in Section 3.2.

Re-Executability Rates HumanEval MBPP

O0 O1 O2 O3 AVG O0 O1 O2 O3 AVG

LLM4Decompile-End 26.22 12.81 14.03 13.42 16.22 29.16 16.99 17.92 18.07 20.54
+Exebench 26.22 13.89 13.11 13.89 16.78 27.16 17.66 18.74 17.25 20.20
+Decompile-Bench-raw 24.70 13.41 13.11 12.20 15.86 26.49 16.48 15.40 14.32 18.17
+Decompile-Bench 33.23 18.60 16.47 15.24 20.89 35.06 21.56 22.80 20.28 24.93

Table 5: Ablation study on training data for R2I metric. Note that since R2I evaluates decompiled
code in a relative context quantitatively [27], its values can vary significantly for the same decompiler
when compared with different baselines.

R2I HumanEval MBPP GitHub2025

O0 O1 O2 O3 AVG O0 O1 O2 O3 AVG O0 O1 O2 O3 AVG

llm4decompile 51.01 55.54 57.90 53.83 54.57 54.14 55.10 57.61 56.15 55.75 47.21 45.15 51.78 50.68 48.71
+Exebench 50.74 56.77 56.62 54.47 54.40 55.67 55.28 57.09 55.39 56.11 48.47 46.35 48.42 48.65 47.97
+Decompile-Bench-raw 52.82 57.64 55.55 55.31 55.33 56.00 57.75 56.71 56.87 56.83 70.02 62.09 67.79 64.48 66.10
+Decompile-Bench 55.59 59.87 62.90 63.06 60.36 60.06 62.01 63.54 61.64 61.81 73.34 69.72 70.79 69.73 70.89

Table 6: Ablation study on training data for edit similarity.
Edit Similarity HumanEval MBPP GitHub2025

O0 O1 O2 O3 AVG O0 O1 O2 O3 AVG O0 O1 O2 O3 AVG

llm4decompile 43.37 36.91 36.76 36.30 38.34 44.82 39.67 39.01 38.13 40.41 23.09 20.61 21.77 20.81 21.57
+Exebench 43.36 35.30 34.99 34.74 37.10 45.46 39.91 38.99 38.43 40.69 22.70 20.30 21.43 20.52 21.24
+Decompile-Bench-raw 48.35 37.39 36.99 36.56 39.82 49.38 40.45 39.67 38.81 42.08 30.19 28.66 29.69 27.50 29.01
+Decompile-Bench 54.36 43.54 44.21 42.78 46.22 56.38 48.14 46.76 45.79 49.28 30.99 29.21 30.23 27.59 29.51

Table 4 summarizes the re-executability rate of LLM-decompilers trained on different benchmarks.
Since the base model LLM4Decompile-End is trained on ExeBench and additional training from the
same source does not provide further benefits, “LLM4Decompile-End+Exebench” model achieves
similar results to the base model LLM4Decompile-End. For the model trained on Decompile-Bench-
raw, although the data is sampled from real world, the low-quality nature leads to 2.2% and 11.4%
re-executability decline against to the base model. Compared to the Decompile-Bench-raw data,
fine-tuning with the clean and compact data from Decompile-Bench significantly improves the
re-executablility of the base model for over 20% as discussed in the main results.

Tables 5 and 6 report R2I and edit-similarity scores for LLM-based decompilers trained on different
benchmarks. The model using Decompile-Bench-raw outperforms ExeBench by about 2% on both
metrics for HumanEval and MBPP. However, the re-executability results in Table 4 indicate that these
small readability gains come at the cost of increased logical errors, namely hallucination [66, 56]i.e.,
the model produces plausible but incorrect results. By training on our Decompile-Bench, we achieve
around averaged 15% improvement in readability and similarity compared to LLM4Decompile-End
with markedly higher correctness.

5.4 Extending Decompile-Bench to Search and Other Tasks

The binary–source pairs in Decompile-Bench also directly support a binary–source search task. In our
preliminary experiments, an embedding model trained on just 10% of Decompile-Bench data achieves
a 27% recall@1 on Decompile-Bench-Eval where detailed results are provided in Appendix D.

In addition to binary-source search, as Decompile-Bench includes binaries from the same projects
built under different optimization settings, it naturally supports training binary-similarity-oriented
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