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Abstract—Large language models (LLMs) have recently been
applied to binary decompilation, yet they still treat code as plain
text and ignore the graphs that govern program control flow.
This limitation often yields syntactically fragile and logically
inconsistent output, especially for optimized binaries. This paper
presents HELIOS, a framework that reframes LLM based de-
compilation as a structured reasoning task. HELIOS summarizes
a binary’s control flow and function calls into a hierarchical
text representation that spells out basic blocks, their successors,
and high level patterns such as loops and conditionals. This
representation is supplied to a general purpose LLM together
with raw decompiler output, optionally combined with a compiler
in the loop that returns error messages when the generated code
fails to build.

On HumanEval-Decompile for x86_64, HELIOS raises aver-
age object file compilability from 45.0% to 85.2% for Gemini 2.0
and from 71.4% to 89.6% for GPT-4.1 Mini. With compiler
feedback, compilability exceeds 94% and functional correctness
improves by up to 5.6 percentage points over text only prompting.
Across six architectures drawn from x86, ARM, and MIPS,
HELIOS reduces the spread in functional correctness while
keeping syntactic correctness consistently high, all without fine
tuning. These properties make HELIOS a practical building
block for reverse engineering workflows in security settings where
analysts need recompilable, semantically faithful code across
diverse hardware targets.

I. INTRODUCTION

Reverse engineering of binary code is a foundational, yet
demanding, activity in software security. It underpins tasks
such as malware analysis, vulnerability triage, interoperabil-
ity, and maintenance of legacy systems [1], [2]. This work
remains a persistent bottleneck, since it requires specialists to
reconstruct high level logic from low level, often obfuscated
machine instructions. As software complexity and hardware
diversity grow [3], the demand for skilled reverse engineers
exceeds the available expertise [4], [5], [6], [7].

The community has explored two main directions for
automation. Classical decompilers, such as Ghidra [8] and
IDA Pro [9], translate assembly into C like pseudo code
and are now standard tools in reverse engineering practice.
Their output, however, is often syntactically fragile, poorly
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typed, and preserves convoluted control flow that still requires
substantial manual effort to clean up [10], [11], [12]. More
recently, large language models (LLMs) have been used to
push past these limitations. Current work either fine tunes
LLMs directly on pairs of binaries and source code [13],
[14] or prompts general purpose models to rewrite decompiler
output [15], [16], [17]. These approaches differ in training
strategy, but they share a common assumption: the binary
and its decompiled form can be treated as a one dimensional
sequence of tokens. We refer to this family as structurally
blind (or structurally agnostic) reasoning, since the model
receives little or no explicit information about the control flow
graph that actually governs program behavior.

Studies of how expert reverse engineers work highlight what
this structurally blind view is missing. Observational work [1],
[18] shows that analysts do not simply read assembly in a
linear fashion. Instead, they build and refine a mental model
of the program by reasoning over graphs, primarily the control
flow graph (CFG), supported by the function call graph (FCG)
and data flow information [19]. This matches a long standing
observation in program analysis: graph based representations
are a natural abstraction for software, and they are widely
used for security tasks such as automated bug finding, function
prediction and fuzzing [20], [21], [22], [23], [7].

At the same time, current LLMs are text native. They
are trained to predict token sequences rather than to traverse
graphs. This tension raises a natural question: can we bring
the structural view that human analysts use into the token
space where LLMs operate, without retraining the model
itself. There has been progress on general graph to text
encodings [24], [25], [26], but these methods focus on abstract
graphs and do not address the specific structure of binaries,
such as compiler level intermediate forms, low level control
flow, and architecture specific idioms.

This paper introduces HELIOS, a framework that adapts
these ideas to the domain of binary decompilation. We reframe
LLM assisted decompilation as context aware structural rea-
soning (Path A in Figure 1). HELIOS uses a static analysis
backend to derive control flow and call graphs, then encodes
this information into a hierarchical textual representation. At a
high level, the prompt contains (i) a summary of the function
and its role, (ii) a compact description of the CFG and its
main paths, and (iii) block level details that link individual
basic blocks back to the raw decompiler output. A small set
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Fig. 1. An illustration comparing two approaches for LLM based decompilation. Path B (Structurally-Agnestic), used by existing methods, treats binary
artifacts as flat text. Path A (Context-Aware), our proposed approach, creates a structural context that allows the LLM to reason over control flow and

produce semantically faithful decompilation.

of natural language rules guides the model on how to use
this structure, and an optional compiler in the loop provides
error messages when the generated code fails to compile. The
result is a fine tuning free, architecture agnostic pipeline that
encourages the model to use control flow information in a way
that is closer to how human analysts work.

In this work, we make the following contributions:

« We propose a method for encoding the control flow and
call graphs of a binary, together with high level structural
patterns such as loops and conditionals, into a compact
textual format that can be consumed directly by general
purpose LLMs.

o We instantiate this method in HELIOS and evaluate it
on HumanEval-Decompile and MBPP, showing large
gains in compilability and consistent improvements in
functional correctness over text only prompting and over
state of the art fine tuned decompilers, while using only
a small fixed number of model calls and one optional
feedback iteration.

o We conduct, to our knowledge, the first cross architecture
study of structure aware LLM decompilation across six
instruction sets, demonstrating that a single prompt de-
sign can generalize across x86, ARM, and MIPS without
retraining, which is directly relevant for settings such as
firmware and IoT analysis.

II. BACKGROUND AND RELATED WORK

Our work connects three areas: the representation of binary
programs for analysis, the evolution of automated decompila-
tion techniques, and the emerging use of LLMs for reasoning
over graph-structured data.

A. Program Representation for Binary Analysis

Graph-based structures are a standard way to represent the
logic of a binary program. The Control Flow Graph (CFG),
which models possible execution paths within a function, and
the Function Call Graph (FCG), which captures relationships
between functions, are widely used in program analysis [27],
[28], [23], [7]. In security, these graph structures are the
main data structures for tasks such as automated vulnerability

discovery and fuzzing [29], [30], [22]. A large body of work
has shown that reasoning over these graphs is central to deep
program understanding and to discovering subtle bugs [20],
[21].

B. Automated Decompilation

The goal of decompilation is to translate low-level machine
code back into high-level source code. This is an ill-posed
problem, since compilation is inherently lossy [31]. Tradi-
tional, rule-based decompilers such as Ghidra apply complex
heuristics but often produce brittle and semantically incom-
plete code, for example, by emitting poorly typed variables or
misrepresenting control flow [11], [32]. As a result, human an-
alysts still spend substantial effort correcting and simplifying
decompiler output.

LLM-based decompilation. The emergence of large lan-
guage models has led to two main lines of work on auto-
mated decompilation. The first, which we refer to as end-to-
end decompilation, uses large-scale fine-tuning. Systems such
as LLM4Decompile [13], SLaDe [33], and Nova [14] train
models on paired source and assembly corpora to translate
directly from binaries to high-level code. These approaches
can produce high-quality results on the architectures and
optimization settings they are trained on, but they require sub-
stantial resources and are typically tied to specific instruction
sets such as x86_64. Adapting them to new architectures or to
new base models usually requires another round of training.

The second line of work focuses on decompiler output
refinement. Frameworks such as DeGPT [15] and LMPA [2],
as well as follow-up work [10], prompt general-purpose LLMs
to clean up or explain pseudo-code produced by existing
decompilers. These tools are primarily designed to improve
readability and analyst productivity rather than to generate
fully recompilable code in a fully automated loop. They mostly
operate on the raw decompiler text, with limited access to the
underlying control flow or intermediate representations.

Both families of approaches treat the binary and its decom-
piled form as flattened token sequences. In this sense they are
structurally blind, or structurally agnostic, because they do
not expose the graph structure that program analysis tools use



internally. In contrast, our work keeps the decompiler in the
loop. It feeds a general-purpose LLM an explicit, multi-level
description of the CFG and related context, aiming to improve
recompilability and functional correctness across architectures
without additional fine-tuning.

C. Graph Reasoning with Large Language Models

The mismatch between text native LLMs and graph-
structured data has led to a growing literature on methods
that linearize graphs into text that an LLM can process [24],
[25], [26]. These techniques show that it is possible to encode
nodes, edges, and paths into token sequences in a way that
preserves useful structural information and allows the model
to perform tasks such as classification, question answering, or
link prediction over graphs.

Our work builds on these ideas in a domain-specific way.
Rather than targeting generic graphs, HELIOS focuses on the
control flow and call graphs that arise in binary analysis,
together with the P-Code level operations attached to each
basic block. The framework constructs a hierarchical textual
representation with three main components: a function-level
summary that captures inter-function structure and coarse
semantic patterns, a logical flow section that presents intra-
function control flow and explicit successor relationships, and
a block-level view that provides the low-level evidence. On
top of this structure, HELIOS adds a small set of natural
language rules that constrain how the model should use the
graph information, and an optional compiler feedback loop.

In summary, prior work has established graph-based rep-
resentations as central for binary analysis and has applied
LLMs to decompilation and graph reasoning, but these lines
of work are largely separate. Fine-tuned decompilers optimize
for direct translation at the cost of architectural specialization,
and prompt-based refinement tools mainly target readability
while remaining structurally blind. HELIOS combines program
analysis, graph-aware prompting, and compiler feedback to
encourage a general-purpose LLM to reason about control flow
and correctness rather than only about textual similarity, and
we evaluate this design across multiple architectures without
any task-specific training.

III. THE HELIOS FRAMEWORK

To address the challenge of “structural blindness” in current
LLM-based decompilation, we designed and implemented
HELIOS, a modular, end-to-end framework for augmenting
LLMs with the rich, structural context of a binary. Instead
of treating decompilation as a text-to-text translation task,
HELIOS reframes it as a context-aware reasoning problem.
The core principle of our framework is to provide the LLM not
only with the decompiled pseudo-code but also with a textual
representation that models the program’s underlying graph
structures at multiple levels of abstraction. This approach is
designed to mimic the analytical process of a human expert,
who synthesizes information from various representations to
form a holistic understanding of the program.
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Fig. 2. The high-level architecture of the HELIOS framework. A binary is first
analyzed to extract the decompiled code and its CFG. HELIOS then abstracts
the CFG and combines it with other metadata to form a context-rich prompt
for the LLM, enabling structurally-aware decompilation and optional iterative
refinement via compiler feedback.

A. System Overview

The HELIOS pipeline, shown in Figure 2, operates per
function and follows a simple pattern. Given a binary, we run
a static analysis backend to recover pseudo-C code, control-
flow graphs, and related metadata. For each function, we then
build a hierarchical textual summary of this structure, attach
the raw decompiler output, and pass the result to a general-
purpose LLM. An optional compiler-in-the-loop checks the
generated code and, if necessary, triggers a single round of
repairs.

For clarity, we refer to the main stages as:

1) Static analysis and feature extraction, which collects
per-function artifacts such as pseudo-code, CFG, and
call information.

2) Hierarchical prompt generation, which encodes these
artifacts into the HELIOS prompt format.

3) Structurally aware prompting, which uses a fixed
instruction template plus the prompt to guide the LLM.

4) Iterative refinement with compiler feedback, which is
an optional second pass based on compiler diagnostics.

The following subsections describe the analysis, prompt for-
mat, and prompting strategy in more detail.

B. Static Analysis and Feature Extraction

The first stage relies on the rich artifacts produced by
modern reverse engineering platforms. Our implementation
uses the Ghidra Software Reverse Engineering Framework [§]
and its headless analyzer, driven by a script that processes
whole binaries in a reproducible way. The design is tool-
agnostic and could be implemented on top of other analysis
frameworks with similar capabilities.

For each function, we extract:



o the decompiler’s C or C-like pseudo code, including the
function signature and local variables,

o the complete control flow graph (CFG) derived from
Ghidra’s P-Code intermediate representation [34], in-
cluding a list of basic blocks and directed edges between
them [35],

« the interprocedural function call graph (FCQG), restricted
to calls that originate in the current function, and

« auxiliary metadata such as loop headers, string references,
imported functions, and constant values.

During this pass, we also record a mapping between each
basic block and the corresponding region of the decompiled
pseudo-code. This mapping allows the prompt generator to
refer to blocks in a stable way and to cross-check CFG edges
against the textual output. All subsequent stages operate on
these per-function summaries rather than on raw binaries.

C. Hierarchical Abstraction and Prompt Format

The second stage converts the analysis artifacts into a
structured prompt. The goal is not only to linearize the CFG,
but to present the program at several levels of abstraction that
mirror how a human analyst would approach it. We adopt a
simple segment based format, illustrated in Figure 3, with four
main sections:

1) [FUNCTION_CONTEXT] A top-level summary that
includes the function name and signature, the target
architecture, and coarse structural statistics such as the
number of basic blocks and loops. This gives the model
a quick mental picture of the function before it sees any
code.

2) [CFG_OVERVIEW] A compact description of the CFG
that lists, for each basic block, its successors and any
notable role such as loop header or branch target.
This section provides a readable map of the possible
execution paths without exposing low level instructions.

3) [BLOCK_DETAILS] A block by block summary that
contains distilled P-Code instructions for each basic
block, with stable block identifiers that match those used
in the cfg overview. This serves as the main source of
semantic evidence for the model.

4) [RAW_DECOMPILED_CODE] The original pseudo C
output from the decompiler, presented without modifi-
cation. This gives the model a baseline implementation
to refine.

In a typical case, [FUNCTION_CONTEXT] is only a few
lines, [CFG_OVERVIEW] is a list of tens of basic blocks,
and [BLOCK_DETAILS] contributes a few hundred tokens of
P-Code. The complete prompt for a single function remains
well within the context limits of current models.

This hierarchical layout is intended to address struc-
tural blindness directly. The [FUNCTION_CONTEXT] sec-
tion supplies the high-level structure, such as the presence
of loops or early returns. The [CFG_OVERVIEW] section
materializes the CFG as a simple adjacency list that the
model can reason over. The [BLOCK_DETAILS] section

[System Prompt]

[Critical Rules]

[FUNCTION CONTEXT]

; This section summarizes function, its signature,
architecture, statistics, external calls, and high-level
patterns.

Name: funcO

Signature: int funcO ()

Architecture: x86:LE:64:default

Summary: 11 blocks, 12 edges. Contains 1 loop

[CFG_OVERVIEW]
; High-level logical structure of the function, derived from
CFG and pattern analysis.
; FORMAT: BLOCK LABEL ->
BLOCK 0 -> [BLOCK 1]
BLOCK 1 -> [BLOCK 2]
BLOCK_3 -> [BLOCK_ 10, BLOCK 4]

[SUCCESSORS]

BLOCK_10 ; Exit Block
[BLOCK_DETAILS]

; This section provides the low-level P-code for each block,
along with explicit predecessor and successor relationships.

[BLOCK id=BLOCK_0 type=entry]
[SUCCESSORS: BLOCK_1]
[PCODE]

(unique, 0x10000088, 8) PIECE (register, 0x3c, 4)

--- CALL (ram, 0x10012c, 8)

(stack, Oxffffffffffffffed, 4) COPY (const, 0x0, 4)
[END_BLOCK]

[BLOCK i1d=BLOCK_ 10 type=exit]
[PREDECESSORS: BLOCK_3]
[PCODE]

[END_BLOCK]

[RAW_DECOMPILED_CODE]

Fig. 3. The Multi-Part Prompt Format of HELIOS. Our prompt pro-
vides a hierarchical view of the binary, starting with a high-level
[FUNCTION_CONTEXT], followed by the [CFG_OVERVIEW] (a topo-
logical map of the CFG), and finally, the low-level evidence in
[BLOCK_DETAILS] before the [RAW_DECOMPILED_ CODE].

grounds that reasoning in concrete low-level operations. Fi-
nally, [RAW_DECOMPILED_CODE] anchors the output to the
existing decompiler, so the model can focus on correcting and
simplifying rather than inventing a completely new implemen-
tation.

D. Structurally Aware Prompting and Iterative Refinement

In the final stage, HELIOS turns the structural summary into
a concrete instruction for the LLM. The prompt follows a
universal template that has three parts: a short description of
the task, a list of critical rules that the model should follow,
and the four structural sections described above.

The critical rules are based on a manual study of common
failure modes we observed when prompting LLMs with de-
compiler output. We grouped the failures into a small number
of recurring patterns, including:

« reimplementing standard library functions instead of call-
ing them,

o producing control flow that does not match the CFG, for
example, by inventing extra branches or omitting error
paths, and



« introducing type mismatches, especially in code compiled
with high optimization levels, where type information is
partially erased.

Each pattern is expressed as a short natural language
rule in the system prompt, for example, that all branches
in the generated code must correspond to branches in
[CFG_OVERVIEW], and that new global variables must not
be introduced unless they are present in [BLOCK_DETAILS]
or [RAW_DECOMPILED_CODE]. The ablation study in Ta-
ble V shows that adding these rules on top of the structural
sections yields a large jump in compilability, which suggests
that guidance on how to use the structure is as important as
the structure itself.

To further improve robustness, HELIOS can optionally run
a compiler feedback loop. After the first model call, the
generated C code is compiled with the same toolchain used
to create the original binary. If compilation succeeds and the
resulting object file links into a test harness, the process stops.
If compilation fails, the compiler diagnostics are appended to
the prompt in a dedicated section, and the model is asked to
correct the code while maintaining control-flow consistency
with [CFG_OVERVIEW] and [BLOCK_DETAILS]. This
produces a second candidate, which we compile again and
then evaluate with unit tests. In all reported experiments, we
use at most one such feedback iteration per function, which
keeps the overall cost predictable while still yielding large
gains in compilability and functional correctness.

IV. EXPERIMENTAL SETUP

To evaluate the efficacy of HELIOS, we designed a series
of experiments to answer the following research questions,
framed to assess both the practical security application and
the underlying Al advancements:

RQ1: Does providing explicit structural graph context to
an LLM lead to a significant improvement in the quality
and correctness of decompilation compared to approaches that
reason over unstructured text alone?

RQ2: How effectively does HELIOS generalize to different
hardware architectures compared to structurally-blind meth-
ods?

RQ3: To what extent does an optional, iterative compiler
feedback loop improve the rate of syntactically correct and
re-executable code generation?

RQ4: What is the individual contribution of each com-
ponent in the HELIOS hierarchical prompt to the overall
improvement in decompilation quality?

A. Datasets

Our experiments use two widely adopted code generation
benchmarks, HumanEval [36] and MBPP [37]. Both pro-
vide natural language specifications and high-quality unit test
suites, which we use as an objective measure of functional cor-
rectness. Following prior work on LLM-based decompilation,
such as LLM4Decompile [13], we use the publicly available
C-converted versions of these benchmarks, which supply C

implementations aligned with the original Python tasks and
compatible test suites.

From these C programs, we construct our primary dataset,
the Cross-Architecture Decompilation Database (Cross-
Arch-DB). For each task, we compile a self-contained C im-
plementation across six target architectures: x86_32 (1686),
x86_64, arm_32, aarch64, mips_32, and mips_64.
These targets cover the three most common instruction set
families and span both CISC (x86) and RISC (ARM, MIPS)
designs. Each binary is compiled with GCC 11.4 using four
optimization levels (-00 through —03). The resulting binaries
and their associated test suites form Cross-Arch-DB, which
we use to study both architecture-specific behavior (RQI1)
and cross-architecture generalization (RQ2). When discussing
results on decompiled outputs, we refer to the HumanEval-
derived test cases as HumanEval-Decompile and the MBPP-
derived test cases as MBPP-Decompile.

B. Evaluation Metrics

To evaluate the quality of the generated code, we adopt four
metrics established in prior work on decompilation correctness
and code generation [11], [36], [13], [33].

o Object File Compilability (Re-compilability): The per-
centage of all functions that successfully compile into an
object file (. o). This serves as our check for syntactic &
type correctness.

« Executable Linkability: The percentage of all functions
that can be successfully linked into a complete executable
binary, a stricter test that also verifies the resolution of
all external symbols.

o Functional Correctness (Re-executability): The per-
centage of all functions that produce a valid executable
and pass their original ground-truth test suite. This is our
strictest measure of semantic preservation.

o Edit Similarity: To measure the textual closeness to the
original source, we use a metric based on the normalized
Levenshtein edit distance. A higher score indicates a more
textually accurate reconstruction [13].

C. Baselines

To rigorously evaluate the contributions of HELIOS, we
compare it against two representative baseline categories:
(1) an LLM-Text-Only baseline that provides the LLM
with only the raw Ghidra decompiled text, and (2) LLM-
Finetuned models, using the publicly available Nova [14]
and LLM4Decompile [13] models (6.7B and 1.3B variants)
as representatives of the state-of-the-art fine-tuning approach.
In line with [13], we do not compare against SLaDe [33], as
its methodology requires intermediate compiler artifacts that
are unavailable in the realistic black-box scenario our work
addresses.

D. Implementation Details

Our HELIOS prototype is built using Ghidra 11.0 for
static analysis and Python 3.10 for the prompt generation
modules. For our experiments, we use two general-purpose



LLMs, gpt—-4.1-mini and gemini-2.0-flash, chosen
for their balance of reasoning capability, cost, and inference
speed. Experiments were orchestrated from a server with an
NVIDIA A100 GPU, while all model inferences are issued via
hosted APIs. We will release our implementation, prompts, and
evaluation scripts, together with instructions for reconstructing
Cross-Arch-DB, upon acceptance.

We report our primary experimental results, including per-
formance across architectures, optimization levels, and evalu-
ation metrics, in the main body of the paper. The Appendix
provides additional evaluations and details, including the stan-
dardized NOVA evaluation protocol, and ablation tables.

V. RESULTS AND ANALYSIS

In this section, we present the results of our experiments.
Overall, our findings show that providing hierarchical struc-
tural context allows general-purpose LLMs to produce sub-
stantially more reliable decompilations than text-only prompts
or specialized fine-tuned models.

A. RQI: Efficacy of Structural Context on x86_64

We first study RQ1 on the x86_64 architecture using
HumanEval-Decompile (Table I).

a) Text-only prompting is brittle under optimization: The
structurally blind, text-only baselines in Group A exhibit poor
and inconsistent behavior, especially under higher optimization
levels. GPT-4.1 Mini reaches a functional correctness of 74.3%
on unoptimized (-00) binaries, but drops to 47.2% at —03.
Gemini-2.0-Flash shows the same pattern, falling from 53.0%
functional correctness at —0O0 to 26.2% at —03. These results
indicate that, without explicit guidance on control flow, models
latch onto superficial patterns in the decompiler output that are
easily disrupted by compiler transformations.

The average functional correctness of GPT-4.1 Mini on
x86_64 (58.0%) also appears unusually high. We hypothesize
that data contamination in the pre-training corpus is a plausible
explanation. Since x86_64 is the most common architecture
and HumanEval-style benchmarks are widely used, it is likely
that some of these programs or close variants appear in
the model’s training data. The cross-architecture results in
Table III are consistent with this hypothesis. The same GPT-
4.1 Mini baseline averages around 46% to 52% functional
correctness on non-x86_ 64 architectures, with some settings
dropping to about 39%. This spread suggests that the high
numbers on x86_64 are not due to robust reasoning alone.

b) Structural context dramatically improves syntactic
correctness: Adding HELIOS structural context (Group C)
substantially improves syntactic correctness. For GPT-4.1
Mini, average object-file compilability increases from 71.4%
to 89.6% (+18.2 points). For Gemini-2.0-Flash, the effect
is even larger, from 45.0% to 85.2% (+40.2 points). These
gains are stable across optimization levels; for example, GPT-
4.1 Mini with HELIOS maintains 88.6% compilability at
—-03. When we enable the compiler feedback loop, average
compilability reaches 94.9% for Gemini-2.0-Flash and 96.5%
for GPT-4.1 Mini, bringing syntactic correctness close to
saturation.

c) Structural context helps general-purpose LLMs sur-
pass specialized models: Group B compares HELIOS against
fine-tuned decompilers. Nova performs well on edit similarity
but almost fails on functional correctness, with averages of
2.2% and 3.2% for its 1.3B and 6.7B variants respectively.
LLM4Decompile fares better, with its 6.7B model reaching
63.2% average compilability and 36.3% functional correct-
ness. In contrast, Gemini-2.0-Flash plus HEL1OS and feedback
achieves 94.9% average compilability and 53.2% functional
correctness, while GPT-4.1 Mini with HELIOS and feedback
reaches 96.5% compilability and 55.9% functional correctness.

Fine-tuned models achieve the highest edit similarity scores,
such as LLM4Decompile (6.7B) with 45.8% average simi-
larity. This pattern suggests that training on text pairs en-
courages imitation of the original source code’s surface form.
HELIOS, by contrast, prioritizes control flow and semantics,
which yields lower textual similarity but higher functional
correctness.

d) Validation on MBPP-Decompile: To validate these
findings on a different benchmark, we evaluate on MBPP-
Decompile (Austin et al. 2021) compiled to x86_64 (Ta-
ble II). The trends mirror HumanEval-Decompile. For Gemini-
2.0-Flash, enabling HELIOS and feedback increases average
compilability from 45.87% to 95.96% and functional correct-
ness from 41.36% to 58.42%. The fine-tuned LLM4Decompile
models again lag behind, with average functional correctness
between 26.18% and 34.52%, even though their edit similarity
is competitive or higher. This agreement across two indepen-
dent benchmarks strengthens the case that structural context
is key for reliable decompilation.

In summary, structural prompting on x86_ 64 turns general-
purpose LLMs into strong decompilers. It significantly im-
proves compilability, matches functional correctness, and en-
ables general models to outperform specialized, fine-tuned
systems.

B. RQ2: Cross-Architecture Generalization

RQ2 asks whether HELIOS generalizes across architec-
tures without any fine-tuning. We study this on HumanEval-
Decompile in Table III and on MBPP-Decompile in Table IV.

a) Structurally blind prompts do not transfer well: The
text-only baselines show large variation across architectures.
For example, Gemini-2.0-Flash on HumanEval-Decompile has
functional correctness values around 35% on x86_32, but
averages only about 22% on mips_64. GPT-4.1 Mini exhibits
a range of about 20 percentage points in functional correct-
ness across x86_32, arm_32, and mips_32, with some
optimization settings dropping below 40%. This volatility in-
dicates that models prompted only with decompiler output tend
to learn architecture-specific idioms rather than architecture-
independent program logic.

b) HELIOS narrows cross-architecture gaps: With HE-
LI1I0S, the same models become much more stable across
architectures. On HumanEval-Decompile, GPT-4.1 Mini with
HELIOS and feedback achieves functional correctness that
is clustered in a relatively narrow band across x86_32,



TABLE I
PERFORMANCE COMPARISON ON X86_64 ARCHITECTURE ACROSS OPTIMIZATION LEVELS OO0, O1, AND O3 ON THE HUMANEVAL-DECOMPILE
DATASET. OUR HELIOS FRAMEWORK IS BENCHMARKED AGAINST BASELINES ACROSS FOUR KEY METRICS.

| Obj. Compilability (%) |

Exec. Linkability (%) |

Func. Correctness (%) \ Edit Similarity

Model \ (0]1] 01 03 AVG \ 00 O1 03 AVG \ 00 O1 03 AVG \ 00 O1 03 AVG
A. Text-Only Baselines (Structurally-Blind)
Gemini-2.0-Flash 68.6 | 40.1 1262 450 | 60.1 414 30.7 44.1 | 530 352 262 381 | 305 238 203 249
GPT-4.1 Mini 858 71.0 573 714 | 848 645 52.1 67.1 [ 743 | 524 472 58.0 | 31.6 24.1 [ 180 246
B. Specialized Baselines (Fine-Tuned)
LLM4Decompile (1.3B) 476 488 463 476 | 476 467 433 459 | 345 256 195 265 |46.1 398 384 414
LLM4Decompile (6.7B) 732 598 567 632 | 692 552 50.6 583 | 540 302 247 363 [532 437 40.5 458
Nova (1.3B) 30.8 39.0 387 362 | 88 204 165 152 | 12 3.1 24 22 | 224 253 245 241
Nova (6.7B) 66.2 69.5 659 672 | 415 366 345 375 | 40 3.1 24 32 | 312 314 294 30.7
C. Our Method (HELIOS w/ Structural Context)
Gemini-2.0-Flash + HELIOS 97.6 798 783 852 | 713 544 528 595 | 58.1 469 427 492 | 36.0 30.1 23.0 29.7
GPT-4.1 Mini + HELIOS 96.6 83.6 886 896 | 764 658 596 673 | 642 456 41.1 503 | 368 27.8 233 293
Gemini-2.0-Flash + w/ Fback | 100.0 925 922 949 | 845 684 62.1 71.7 | 66.6 479 450 532 | 31.6 24.1 [ 180 246
GPT-4.1 Mini + w/ Feedback | 99.3  93.1 97.1 96.5 | 953 824 693 823 | 69.6 521 460 559 | 368 278 233 293
TABLE II

DETAILED PERFORMANCE ON THE MBPP DATASET FOR THE X86_64 ARCHITECTURE ACROSS COMPILER OPTIMIZATION LEVELS (-00, -01, -03).
HELIOS CONSISTENTLY OUTPERFORMS STRUCTURALLY-BLIND BASELINES AND LLM4DECOMPILE VARIANTS ACROSS ALL METRICS. FEEDBACK-BASED
REFINEMENT NOTABLY BOOSTS CROSS-STAGE CONSISTENCY.

| Obj. Compilability (%) | Exec. Linkability (%) | Func. Correctness (%) |

Edit Similarity

Model ‘ o0 01 03 AVG‘ o0 01 03 AVG‘ o0 O1 03 AVG‘ 00 O1 03 AVG
Gemini-2.0-Flash
Baseline 62.65 146.28 35.46 45.87|62.65 46.28 35.46 45.87|57.16 41.11 31.65 41.36 [34.29 28.19 21.84 27.46
HELIOS 81.25 62.76 57.14 64.90[81.25 62.76 57.14 64.89|59.73 44.97 38.39 46.35|37.49 127.35 19.86 27.14
HELIOS w/ Feedback [99.00 95.48 93.99 95.96|84.53 72.67 63.08 71.39 [72.42 58.82 49.37 58.42 38.12 29.86 20.86 28.56
LLM4Decompile (1.3B) |46.46 45.53 42.51 [44.6032.19 26.13 22.48 26.18|32.19 26.13 22.48 26.18 |47.11 41.81 36.04 41.11
LLM4Decompile (6.7B)|53.70 50.77 46.46 50.02 |42.71 34.55 29.11 34.52|42.71 34.55 29.11 34.52|52.40 42.88 36.49 43.03

arm_32, aarch64, and mips_32, while maintaining high
compilability everywhere. For example, object-file compilabil-
ity remains above 94% on all six architectures, compared to
baselines that frequently fall into the 40% to 70% range. This
pattern is consistent with the intended effect of HELIOS: the
model reasons over control-flow graphs and critical instruction
rules rather than over the quirks of a specific instruction set.

The MBPP-Decompile cross-architecture results in Table IV
tell the same story. For —00, Gemini-2.0-Flash with HEL1OS
already improves compilability on all six architectures, and
the feedback loop raises both compilability and linkage to
above 93% and 78% respectively, while functional correctness
improves across the board. This behavior is achieved without
any architecture specific fine-tuning.

Taken together, these findings provide strong evidence that
structural prompting enables a single general-purpose model to
decompile binaries across multiple architectures with high, rel-
atively uniform quality. Unlike fine-tuned models that must be
retrained for each hardware target, HELIOS offers a practical,
fine-tuning-free path toward cross-architecture decompilation.

C. RQ3: Impact of Compiler Feedback

RQ3 investigates the extent to which the iterative, tool-
augmented feedback loop contributes beyond static structural

prompting.

a) Feedback pushes compilability toward perfection: On
x86_64 HumanEval-Decompile (Table I), compiler feedback
raises average compilability for Gemini-2.0-Flash from 85.2%
with HELI1OS to 94.9%, and for GPT-4.1 Mini from 89.6%
to 96.5%. A similar effect appears on MBPP-Decompile
(Table II), where Gemini-2.0-Flash jumps from 64.90% com-
pilability with HELIOS to 95.96% with feedback. Across
architectures in Table III, feedback-enabled configurations
consistently reach near-perfect compilability and linkage, often
above 95% compilability and above 70% linkage.

b) Feedback also improves functional correctness: While
the feedback loop is primarily designed to repair syntactic
issues, it also yields meaningful gains in functional correct-
ness. On x86_64 HumanEval-Decompile, Gemini-2.0-Flash
plus HELIOS improves functional correctness from 38.1%
(text-only) to 49.2%, and the feedback loop further raises
it to 53.2%. For GPT-4.1 Mini, HELIOS alone yields 50.3%
functional correctness, and feedback increases this to 55.9%.
On MBPP-Decompile, the same pattern appears: Gemini-
2.0-Flash with HELIOS increases functional correctness from
41.36% to 46.35%, and feedback raises it to 58.42%.

These improvements suggest a strong coupling between
syntactic and semantic errors. Fixing compiler errors, such



TABLE III
COMPREHENSIVE PERFORMANCE RESULTS ACROSS MULTIPLE ARCHITECTURES FOR OBJ. COMPILABILITY (%), EXEC. LINKABILITY (%), FUNC.
CORRECTNESS (%), AND EDIT SIMILARITY ACROSS ALL OPTIMIZATION LEVELS (-O0 TO -O3) ON HUMANEVAL-DECOMPILE.

| Obj. Compilability (%) |

Exec. Linkability (%)

| Func. Correctness (%) | Edit Similarity

Model | 00 01 02 03 AVG | 00 O1 02

03 AVG | 00 01 02

03 AVG| 00 O1 02 03 AVG

ARM32

Gemini-2.0-Flash
Baseline
HELIOS
HELIOS w/ Feedback

98.64 85.86 84.64 83.01 88.04 |76.53 55.59 54.90 51.96 59.75

23.29 21.99 19.63 23.33

58.50 36.51 37.58
64.97 37.50 39.22 31.37 43.26

30.30 23.64 21.66 19.59 23.80

GPT-4.1 Mini
Baseline 80.95 68.75 67.65 66.67 71.01 |81.97 63.49 60.13 58.82 66.10
HELIOS 96.94 80.59 80.39 74.51 83.11

HELIOS w/ Feedback | 97.62 88.49 8595 82.68 88.69

78.57 5691 52.94 51.63 60.01 | 63.27 41.45 34.97 30.72 42.60(32.00 23.30 22.02 19.38 24.18
85.71 66.12 61.76 59.48 6827 |68.71 48.03 39.87 36.28 48.22

24.81 23.20 20.18 25.33

mips_32

Gemini-2.0-Flash
Baseline
HELIOS
HELIOS w/ Feedback

85.34 82.85 82.20 86.41 |71.43 53.75 53.40 53.72 58.08

22.79 22.09 20.74 23.70

58.84 43.00 40.13 39.81
63.61 44.95 41.10 41.42 47.77

30.98 23.96 21.85 21.11 24.48

GPT-4.1 Mini
Baseline 78.23 65.80 66.02 63.75 68.45 |75.51 60.59 58.58 53.72
HELIOS 91.84 76.87 77.35 77.35 80.85 [69.05 50.16 50.16 51.13

HELIOS w/ Feedback | 95.24 85.02 82.52 84.14 86.73

76.53 57.98 58.25 58.58

62.10 41.10
55.13 |57.48 41.37 37.86 37.86 43.65|31.58 23.23 22.23 21.45 24.62
62.84 |64.29 46.58 43.04 [43.37 49.32 2425 23.23 2245 25.67

X86_32

Gemini-2.0-Flash

Baseline 21.74 22.46 22.00 23.88

HELI1OS 94.74 80.13 81.61 81.23 84.43 |76.64 55.37 51.94 54.37 59.58 |58.11 46.91 43.04 42.72 47.69

HELIOS w/ Feedback | 94.41 85.34 89.68 90.61 90.01 |85.53 66.55 47.88 43.69 44.98 50.78 26.33
GPT-4.1 Mini

Baseline 7.50 7231 60.32 58.58 69.68 |84.21 [66.12] 58.06 56.63 66.26

HELIOS

92.43 79.15 84.84 85.11 85.38 |80.59 59.61 56.13 58.25

8
HELIOS w/ Feedback 64.50 60.00 60.52

63.65 |64.19 45.60 43.37 41.10 48.56 |32.58 22.96 23.55 23.00 25.52

67.88 | 69.60 5220461931 45.96 53.65 | 30.71 22.16 [20.03719:831 23.18

AARCH64

Gemini-2.0-Flash
Baseline
HELIOS
HELIOS w/ Feedback

96.94 90.52 85.67 82.74 88.97 |69.39 57.52 54.07 57.00 59.50

24.17 22.40 19.38 23.84

60.54 45.75 43.32
69.73 51.31 49.19

41.37 47.75

32.87 24.23 22.21 18.73 24.51

GPT-4.1 Mini
Baseline 85.03 77.78 70.68 71.66 76.29 |72.11 60.13 55.70 53.42 60.34
HELIOS 96.26 86.60 83.06 78.83 86.19 |75.17 59.80 59.93 56.35 62.81
HELIOS w/ Feedback [98.64 91.50 87.95 84.69 90.70

65.31 51.31 48.53 42.35 51.87 [35.00 [27:09725116122:27/27:38]
64.97 47.06 43.97 36.16 48.04 |34.82 23.96 22.67 19.41 25.22
41.37 25.30 23.61 20.11 26.11

MIPS_64

Gemini-2.0-Flash

23.28 21.82 20.51 23.76

47.96 40.39
45.92 40.39 37.54 38.51 40.59|33.10 24.06 22.93 22.20 25.57

36.25 40.21|31.14

Baseline

HELIOS 87.95 78.96 77.67 72.11 57.65 55.02 52.75 59.38

HEL10S w/ Feedback | 94.90 85.99 85.76 84.79 87.86 62.54 59.87 62.14 66.29
GPT-4.1 Mini

Baseline 69.38 65.05 65.37 70.18 |75.85 61.56 57.28 58.25 63.235

HELIOS 79.8 79.61 78.64 72.11 56.03 52.1 54.05 58.57

HELIOS w/ Feedback

39.16
43.54 37.13 36.25 37.22 38.53|32.16 23.39 22.08 21.58 24.80
52,041 40.39 (43104 4IE2] 44.22| 31.92 24.19 217 21.03 2471

as missing declarations or mismatched types, often forces the
model to reconsider the surrounding logic, thereby correcting
latent semantic bugs. Although the feedback loop introduces
additional latency and tool calls, the data shows that it signif-
icantly improves both syntactic and functional quality.

D. RQ4: Ablation Study of Prompt Components

RQ4 isolates the contribution of each component in the
HELIOS hierarchy. Table V reports an ablation on HumanEval-
Decompile for x86_64, varying which parts of the structured
prompt are present: the control-flow graph (CFG), critical

instruction rules, high-level function information, and compiler
feedback (CF).

a) Raw structure alone is not enough: Starting from the
text-only base prompt, Gemini-2.0-Flash achieves an average
compilability of 40.43%. Adding only CFG information in-
creases this to 51.91%, a modest gain that shows structure
helps but is not sufficient by itself. GPT-4.1 Mini exhibits a
similar pattern, and in some cases raw CFG alone can even
undermine stability under higher optimization levels.

b) Reasoning rules drive the largest gains: The largest
single jump occurs when we introduce the critical instruction



TABLE IV
CROSS-ARCHITECTURE GENERALIZATION PERFORMANCE ACROSS SIX DISTINCT ARCHITECTURES AT THE —O0 OPTIMIZATION LEVEL ON THE
MBPP-DECOMPILE DATASET. THE TABLE SHOWS SYNTACTIC CORRECTNESS (COMP., LINK.) AND FUNCTIONAL CORRECTNESS (TEST.)

| x86_32 | x86_64 | arm_32 | aarch64 | mips_32 | mips_64
Model | Comp. Link. Test. | Comp. Link. Test. | Comp. Link. Test. | Comp. Link. Test. | Comp. Link. Test. | Comp. Link. Test.
Gemini-2.0-Flash
Baseline 67.2 60.9 52.7 69.0 60.2 572 73.6 67.2 52.0 70.8 582 559 66.3 56.9 | 542 65.1 553 409
HELIOS 95.5 774 534 94.9 78.6  59.7 96.1 769 545 95.3 723 573 93.6 69.6 52.1 94.4 69.8 437
HELIOS W/ FEEDBACK | 97.5 83.6 632 99.0 845 724 | 983 85.1 69.8 97.4 81.5 724 | 953 783 676 | 96.2 77.8 53.1
TABLE V

ABLATION STUDY ON HUMANEVAL-DECOMPILE FOR X86_64. “CF” IS COMPILER FEEDBACK, “FUNC.” IS HIGH-LEVEL FUNCTION CALL INFO, “RULES”
ARE CRITICAL INSTRUCTION RULES, AND “CFG” IS CONTROL-FLOW GRAPH. WE REPORT RE-COMPILABILITY, RE-EXECUTABILITY, AND EDIT
SIMILARITY OVER OPTIMIZATION LEVELS —00 TO -03.

Prompt Configuration | Obj. Compilability (%) |

Exec. Linkability (%) \ Edit Similarity

‘ 00 01 02 03 AVG ‘ 00 01 02 03 AVG ‘ 00 (01 02 03 AVG
Gemini-2.0-Flash
Base 68.58 40.07 26.86 26.21 4043 | 60.14 41.37 31.07 30.74 40.83 | 30.53 23.75 22.85 2032 24.36
+CFG 7399 48.86 43.69 41.10 5191 | 60.14 43.00 39.16 36.57 4472 | 28.12 21.23 21.39 19.10 22.46
+Rules 9493 81.76 86.41 80.26 85.84 | 75.68 54.72 5372 51.46 5890 | 31.91 2429 22.89 19.65 24.69
+Func. 97.64 79.80 84.14 7832 8498 | 71.28 5440 5437 5275 58.20 | 31.63 24.13 [ 21.18 18.04 23.75
+CF 100.00 92.51 9320 9223 9449 | 8446 6840 61.81 62.14 69.20 | 31.80 25.10 23.50 20.60 25.30
GPT-4.1 Mini
Base 85.81 71.01 57.61 57.28 6793 | 84.80 6450 55.02 52.10 64.11 | 36.02 13006 2597 23.02 28.77
+CFG 66.78 44.77 38.89 39.81 47.56 | 59.32 45.10 41.83 43.04 4732 | 30.07 23.08 23.32 20.59 24.27
+Rules 95.61 7720 88.96 8447 86.56 | 74.66 63.52 61.69 5890 64.69 | 3529 26.17 25.81 2279 27.52
+Func. 96.58 83.55 9251 88.60 90.31 | 76.37 65.79 6124 59.61 65.75 | 36.83 27.83 26.27 23.26 28.55
+CF 99.32 93.14 9740 97.09 96.74 | 9525 8235 72.08 69.26 79.74 | 39.20 29.30 27.50 24.50 30.10

rules that explain how to use the CFG. For Gemini-2.0-
Flash, average compilability rises from 51.91% to 85.84%,
and for GPT-4.1 Mini from 47.56% to 86.56%. This step
also improves executability and edit similarity. These results
highlight that exposing structure alone is insufficient; the
prompt must also teach the model how to reason over that
structure.

c) Function context and feedback close the remaining
gap: Adding high-level function context provides a smaller but
consistent improvement. For GPT-4.1 Mini, the combination of
CFQG, rules, and function information reaches 90.31% average
compilability and improves both linkage and edit similarity.
Finally, enabling compiler feedback yields the strongest con-
figuration, with average compilability of 94.49% for Gemini-
2.0-Flash and 96.74% for GPT-4.1 Mini, and the highest
executability across all prompt variants.

Overall, the ablation confirms that each layer of HELIOS
plays a distinct role. Explicit, well-formatted structure is
helpful, explicit reasoning rules are essential, and the feed-
back loop further refines the output to achieve near-perfect
recompilation while also improving functional behavior.

VI. DISCUSSION

A. Implications

The main lesson from our study is that large language
models behave differently when they are treated as structure-
aware reasoning engines rather than as text-to-text translators.
Feeding an LLM only decompiler output leaves it exposed to

small syntactic shifts caused by compiler optimizations, which
our experiments show clearly. In contrast, when the model is
given a compact, hierarchical view of the control flow and
some guidance on how to use it, it produces code that is much
more stable across optimization levels and architectures.

This has two practical consequences. First, for binary
analysis tools, this suggests wrapping existing decompilers
with LLMs without retraining, while retaining much of the
robustness associated with specialized models. Second, it
shows that a relatively small amount of structural context
can substitute for large, architecture-specific training corpora.
General-purpose models such as GPT-4.1 Mini and Gemini-
2.0-Flash, when paired with HELIOS, match or outperform
fine-tuned decompilers on our functional metrics, even though
they have never been trained directly for this task.

The results also highlight a tension between surface simi-
larity and actual behavior. Fine-tuned baselines obtain higher
edit similarity scores, but their functional correctness is often
much lower. HELIOS, by design, optimizes for control flow
and semantic fidelity rather than textual imitation. For reverse
engineering workflows, this trade-off is usually acceptable.
Analysts care more about what the recovered program does
than about reproducing the original formatting or identifier
choices. A stronger decompiler also reduces the effort needed
to understand opaque binaries, which can simplify both benign
reverse engineering and the analysis of vulnerable or malicious
code.

A further implication concerns the cost profile. Our exper-



iments use at most one round of compiler feedback per func-
tion, so each decompilation requires no more than two model
calls and two compiler invocations. This keeps the approach
practical for batch use and compares favorably to methods
that rely on fine-tuning large models for each architecture.
In settings where human analyst time is the dominant cost,
the additional model and compiler calls are likely to be an
acceptable trade-off for higher quality output.

More broadly, the same pattern should apply beyond de-
compilation. Any task where the underlying object has rich
structure, such as a control flow graph, a protocol state
machine, or a complex data schema, can likely benefit from
a similar structural grounding approach: make the structure
explicit, explain how to reason over it, and use external tools
for feedback rather than baking everything into model weights.

B. Limitations and Threats to Validity

Our evaluation has several limitations that are important to
note.

Benchmark construction. We rely on HumanEval and
MBPP programs compiled into C binaries and then de-
compiled with Ghidra. These problems are short and self-
contained. They are a good fit for controlled measurement
of compilability and test passing, but they do not capture the
full complexity of large, multi-module software with extensive
state, libraries, and build systems. As a result, our numbers
should be interpreted as lower-level evidence that structural
prompting helps with decompilation, not as a direct prediction
of performance on arbitrary real-world codebases.

Potential data contamination. Like most work that eval-
uates commercial LLMs on public benchmarks, we cannot
rule out that some HumanEval or MBPP tasks, or close
variants, appear in the pre-training data. We see signs con-
sistent with this. GPT-4.1 Mini exhibits noticeably higher
functional correctness on x86_64 than on other architectures,
even though the underlying programs are identical. Our cross-
architecture experiments partially mitigate this concern by
showing that HELIOS improves performance in settings where
simple memorization is less likely to help, but they do not
eliminate it entirely.

Dependence on Ghidra and the foundation model. HE-
LIOS assumes that the static analysis backend produces a
reasonable control flow graph and pseudo-C. If the decompiler
misidentifies basic blocks or control edges, the structural
context we build will also be misleading. Likewise, our results
are tied to the behavior of GPT-4.1 Mini and Gemini-2.0-Flash
at the time of experimentation. Different model families, sizes,
or decoding settings may shift the absolute numbers, even if
the relative trends hold.

Baselines. We compare against two families of LLM-based
decompilers (LLM4Decompile and Nova) and a text-only
prompting baseline. Classical non LLM decompilers are not
treated as competitors, since HELIOS is designed to sit on top
of such tools and reuse their analyses. Systems such as DeGPT
focus on readability rather than recompilability and functional
correctness, so a direct comparison would require additional
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metrics and user studies that are outside the scope of this
work. For Nova, we use a standardized preprocessing pipeline
and greedy decoding for consistency across models, which can
yield lower scores than those reported in the original paper.

These limitations mean that our results should be viewed as
evidence that structural prompting can make LLM assisted de-
compilation more reliable under controlled conditions, rather
than as a final answer on how such systems will behave in all
reverse engineering settings.

C. Future Work

Several extensions follow naturally from this work. A first
step is to move beyond synthetic benchmarks and evaluate
HELIOS on larger, real-world binaries drawn from open source
projects, including code that uses complex libraries, system
calls, and build chains. This would also make it possible to
compare against mature non-LLM decompilers on tasks such
as recovering higher-level types, data structures, or calling
conventions. On the modeling side, it would be useful to
incorporate more explicit data flow information, especially for
code with heavy pointer arithmetic, aliasing, or complex mem-
ory layouts. Finally, from a tooling perspective, HELIOS can
be integrated more tightly into reverse engineering platforms
through interfaces such as the Model Context Protocol.

VII. CONCLUSION

In this work, we addressed the structural blindness that
limits large language models in graph-rich domains such as
reverse engineering. We introduced HELIOS, a framework that
provides a hierarchical textual representation of a binary’s con-
trol flow and related context, and uses this structure, together
with a small set of rules and an optional compiler feedback
loop, to guide general-purpose LLMs during decompilation.

Our experiments on HumanEval-Decompile and MBPP-
Decompile, across six architectures and multiple optimization
levels, show that this context-aware approach substantially
improves compilability and functional correctness compared to
text-only prompting and to specialized fine-tuned decompilers,
while requiring no task-specific training. More broadly, the
results support a simple paradigm for applying LLMs to
structure-dependent problems: make the underlying structure
explicit, explain how it should be used, and rely on external
tools for grounded feedback instead of relying solely on model
weights.
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APPENDIX

This section provides supplementary evaluations.

A. NOVA Evaluation Methodology

To ensure a rigorous and fair comparison, all models in
our study were evaluated under an identical, reproducible
pipeline. For the NOVA baseline, we preserved the core
model architecture from the original work [14] but stan-
dardized the preprocessing using the pipeline established by
LLM4Decompile [13]. All experiments use greedy decoding
(temperature=0) to eliminate sampling variance as a confound-
ing factor.

As shown in Table VI, our evaluation yields lower Pass@ 1
scores for NOVA than those reported in the original paper. We
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attribute this discrepancy to differences in preprocessing and
the original paper’s use of a sampling-based evaluation. Our
standardized methodology, while resulting in lower scores for
this specific baseline, ensures that all comparisons within this
paper are conducted under identical conditions, providing a
fair assessment of relative performance.

TABLE VI
COMPARISON OF PASS@ 1 RESULTS FOR NOVA MODELS UNDER OUR
STANDARDIZED EVALUATION VERSUS THE RESULTS REPORTED IN THE
ORIGINAL PAPER [14].

Model 00 03 AVG

This Work (Standardized Preprocessing)
Nova 1.3B 1.22% 2.44% 2.13%
Nova 6.7B  3.96% 2.44% 2.97%

Original NOVA Results from [14]
Nova 1.3B  37.53% 18.75% 25.17%
Nova 6.7B  48.78% 27.23% 34.36%

This section presents the comprehensive results for both the
HumanEval-Decompile and MBPP datasets, broken down by
architecture, optimization level, and evaluation metric.

B. MBPP Dataset Results

To validate our findings on a different benchmark, we
conducted experiments on the MBPP dataset. Table II provides
a detailed breakdown of performance on x86_64, while
Table IV summarizes the cross-architecture performance at
the —00 optimization level. The results are consistent with
our primary findings, confirming that HELIOS substantially
outperforms both text-only and fine-tuned baselines.

Table VII presents the ablation study for MBPP. The in-
cremental improvements from each prompt component mirror
the trends observed on the HumanEval-Decompile dataset,
confirming the robustness of our hierarchical prompt design.

TABLE VII
ABLATION STUDY ON THE INCREMENTAL IMPACT OF PROMPT
COMPONENTS FOR THE GEMINI 2.0 MODEL ON THE MBPP DATASET
(-00). EACH ROW CUMULATIVELY ADDS A NEW LAYER OF CONTEXT,
CULMINATING IN THE COMPILER FEEDBACK LOOP WHICH NEARLY
ACHIEVES PERFECT SYNTACTIC CORRECTNESS.

Prompt Configuration Obj. Compilability (%)
(A) Basic (Decompiled Code + Task) 69.0
(B) + CFG Information 75.84
(C) + Critical Rules 95.65
(D) + Function Overview 95.15

(E) + Compiler Feedback (Full HELIOS) 99.0




