
SmartDecompiler-R1: Enhancing Faithful and Explainable
Smart Contract Bytecode Decompilation with Reinforcement
Learning

YILUN MA, The State Key Laboratory of Blockchain and Data Security, Zhejiang University, China
LINGXIAO TANG, The State Key Laboratory of Blockchain and Data Security, Zhejiang University, China
LI LIN, The State Key Laboratory of Blockchain and Data Security, Zhejiang University, China
ZHIPENG GAO, The State Key Laboratory of Blockchain and Data Security, Zhejiang University, China
JIACHI CHEN, The State Key Laboratory of Blockchain and Data Security, Zhejiang University, China
XIN XIA, The State Key Laboratory of Blockchain and Data Security, Zhejiang University, China
LINGFENG BAO

∗†
, The State Key Laboratory of Blockchain and Data Security, Zhejiang University, China

Understanding EVM bytecode is critical for smart contract security analysis. Existing decompilers typically
rely on heuristic rules or leverage large language models (LLMs) to generate source code after bytecode
analysis. However, heuristic-based approaches often produce pseudocode that is difficult for humans to
interpret, while LLM-based methods also face several problems. LLMs have little experience with low-level
bytecode, which weakens their reasoning and causes inaccurate results. Additionally, their tendency to auto-
correct code breaks faithfulness to the original program. A general lack of clarity in these approaches also
hinders effective auditing and interpretation. In this paper, we propose SmartDecompiler-R1, an end-to-end
decompilation framework that translates Three-Address Code (TAC), a register-based representation of EVM
bytecode, into source code using reinforcement learning. SmartDecompiler-R1 significantly improves both
the accuracy and consistency of decompiled code, while additionally providing human-readable explanations
for the bytecode-to-source generation process. To the best of our knowledge, we are the first to design a
benchmark equipped with well-defined test cases and a systematic evaluation framework for smart contract
decompilation. Experimental results on this benchmark demonstrate that SmartDecompiler-R1 substantially
outperforms existing decompilers on execution consistency by 46.23%. In particular, compared with LLM-based
approaches, SmartDecompiler-R1 achieves a significant improvement in preserving vulnerability consistency
between the original and decompiled contracts. Furthermore, we conduct extensive ablation studies to validate
the effectiveness of individual components of SmartDecompiler-R1, and design targeted experiments to
demonstrate the interpretability and readability of the generated explanations.
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1 Introduction
Ethereum has grown rapidly as a widely used blockchain platform due to its support for self-
executing smart contracts. Developers leverage these contracts to construct decentralized appli-
cations (i.e., DApps), facilitating trustless and disintermediated interactions. Smart contracts are
developed in multiple programming languages, with the majority deployed on the Ethereum Vir-
tual Machine (EVM) or EVM-compatible platforms. Solidity [14] and Vyper [50] are widely used
for developing these contracts. When deploying smart contracts, developers need to compile the
source code into bytecode before uploading it to the Ethereum blockchain. As noted in a previous
study [56], 87% of deployed smart contracts on Ethereum lack publicly accessible source code,
which creates significant challenges for auditing and analysis. A recent study [35] also demonstrates
that widely-used source code verification platforms, such as Etherscan [15] and Blockscout [6], do
not ensure consistency between verified source code and its corresponding deployed bytecode.
Due to the prevalence of scenarios where source code is unavailable, the analysis of bytecode

becomes essential. Recently, decompilation [11, 19, 20, 29, 44, 64] for smart contract bytecode has
been extensively studied to assist developers and auditors in better understanding bytecode. Previ-
ous research on decompilers has primarily focused on rule-based analysis of bytecode, employing
heuristic algorithms to generate Solidity-like code [19, 20]. Nevertheless, the generated code is
still far from human-readable. More recent work has started to integrate large language models
(LLMs) into EVM decompilation pipelines in two ways: (i) post-editing and refining the outputs
produced by heuristic decompilers [29], or (ii) synthesizing source-level code from an intermediate,
logic-preserving description of the bytecode [44]. In both cases, LLMs are not fed raw bytecode; in-
stead, they depend on a front-end analysis—typically heuristic decompilation and static analysis—to
extract a structured representation that the LLM can reliably consume. For example, SmartHalo [29]
augments heuristic decompilation with static-analysis signals to improve readability, whereas
DiSCo [44] converts extracted bytecode semantics into natural-language descriptions for code
generation. However, such LLM-assisted decompilation pipelines face three major problems:

Problem#1. The difficulty of general LLMs’ reasoning ability over smart contract byte-

code. Because general-purpose LLMs are trained on data that lacks sufficient bytecode-relevant
information, most of them exhibit a limited understanding of bytecode semantics. Although existing
decompilation techniques can produce preliminary pseudocode or natural language descriptions
that capture the underlying bytecode logic, directly feeding such representations into LLMs remains
suboptimal. This is because LLMs are primarily designed for source code and natural language, and
thus lack sufficient exposure to inputs that explicitly encode fine-grained data-flow and control-
flow semantics close to bytecode execution. As a consequence, a semantic gap emerges between
bytecode-oriented representations and the abstraction level at which LLMs operate, limiting their
ability to effectively reason about and reconstruct original smart contracts.

Problem#2. LLMs tend to sanitize or “auto-fix” vulnerabilities, which conflicts with the

goal of faithful decompilation. Su et al. [44] find that some inconsistencies arise because LLMs
tend automatically fix vulnerabilities when generating code. We also observe that, in the code
decompiled by SmartHalo, LLMs introduce checks that are absent from the original function. While
the safety-oriented generation behavior of LLMs is advantageous for smart contract generation,
it is basically misaligned with the goals of decompilation. Decompilation aims to reconstruct a
faithful and functionally equivalent representation of the original program, including the original
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program’s defects and vulnerabilities. When vulnerabilities are implicitly fixed or omitted during
LLM-assisted decompilation, the decompiled code fails to faithfully reflect the original program,
undermining decompilation as a tool for bytecode-level vulnerability analysis [10, 30, 31].

Problem#3. Existing decompilers provide limited transparency, making the bytecode-to-

source mapping hard to interpret. Prior decompilation approaches mainly focus on generating
high-level source code, while the underlying bytecode analysis is not exposed to end users. As a
result, auditors must rely on the decompiled code alone to reason about bytecode-level semantics,
which remains challenging for security analysis. Although some studies provide summaries for
bytecode behavior [56], these summaries are often too coarse-grained. They do not establish clear
mappings between bytecode instructions and reconstructed source-level code, thereby limiting
interpretability and practical usability.
In this paper, we propose SmartDecompiler-R1, an end-to-end smart contract decompilation

framework that translates EVM bytecode (via Three-Address Code, TAC [5, 7]) into human-readable
source code while preserving security-relevant semantics. To achieve this, SmartDecompiler-R1
integrates dataset construction with a two-stage training pipeline: we first perform supervised
fine-tuning on paired TAC–source functions to ground the model in bytecode-level understanding,
and then apply GRPO-based reinforcement learning [21]. The reinforcement learning stage lever-
ages execution-derived and vulnerability-related rewards to improve semantic faithfulness and
vulnerability preservation, and we incorporate chain-of-thought [54] supervision to enhance trans-
parency and interpretability of the bytecode-to-source reconstruction process. Next, we present
the Solution to Problem #1–#3 to explain how SmartDecompiler-R1 addresses each problem.

Solution to Problem #1. To reduce the semantic gap between bytecode-oriented representations
and LLM, we first apply data-flow and control-flow analysis to transform stack-based smart contract
bytecode into a register-based representation. This transformation makes implicit stack semantics
explicit, exposing fine-grained data and control dependencies. Nevertheless, due to the lack of
domain-specific knowledge of bytecode semantics, structural transformation alone is insufficient for
effective LLM understanding. We therefore construct a supervised dataset that maps three-address
code (TAC) to corresponding source-level functions, enabling the model to learn the semantics of
TAC-level data-flow and control-flow. Through supervised training, the model aligns bytecode-level
representations with high-level program abstractions, thereby acquiring the ability to understand
bytecode semantics and generate accurate decompiled smart contract code.

Solution to Problem #2. To address this problem, we introduce a reinforcement learning–based
optimization objective that explicitly encourages vulnerability preservation during decompilation.
Specifically, we augment the reward function with an additional component that rewards the model
for consistently reconstructing vulnerability-related program structures in the original source
code. This reward design removes the implicit incentive for the model to repair or sanitize unsafe
semantics during decompiling. Consequently, the model learns to faithfully reproduce security-
relevant control flows and data dependencies. This approach realigns the decompilation objective
with the requirements of vulnerability analysis, enabling SmartDecompiler-R1 to generate code
that accurately reflects both the functional behavior and the defects of the original smart contract.
Solution to Problem #3. To address this problem, we synthesize chain-of-thought (CoT) ex-

planations using LLM and use them as supervision during fine-tuning to improve interpretability.
During reinforcement learning, the model is encouraged to generate CoT explanations alongside
code predictions, which can be reused at inference time to explain the generated code. Given the
assumed correlation between CoT explanation quality and decompilation accuracy, the model can
improve its explanatory capability through reinforcement learning without explicitly rewarding
explanations. Empirically, this training strategy also leads to more consistent and informative
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reasoning traces, suggesting a strong correlation between decompilation accuracy and quality of
the associated explanations.
To accurately evaluate the capabilities of SmartDecompiler-R1, we construct a dedicated

benchmark for function-level smart contract decompilation. For each function in the benchmark,
we automatically generate appropriate test cases using LLMs. These test cases provide a reliable
and rigorous mechanism to verify whether the decompiled function exhibits execution behavior
identical to the original function under the same inputs. Moreover, we design a set of reliable,
multi-dimensional evaluation metrics, including BLEU-4, compilability, execution consistency,
and vulnerability consistency, to assess whether the decompiled functions preserve semantic
and behavioral consistency with their original counterparts. These metrics enable a fine-grained
evaluation of decompilation quality at the function level from multiple perspectives. In addition,
we provide a supporting testing framework to facilitate the application of these metrics and to
ensure reproducible and consistent evaluation.

Experimental results demonstrate that SmartDecompiler-R1 significantly outperforms existing
baselines in decompiling EVM bytecode at the function level. Compared with the strongest existing
learning-based baselines, SmartDecompiler-R1 achieves improvements of 46.23% on dynamic
execution consistency. In addition, SmartDecompiler-R1 surpasses the best available open-source
LLM-assisted baselines by 177.25% on dynamic execution consistency. To further understand the
sources of these improvements, we conduct ablation experiments to validate the contribution of
each training stage and to highlight the critical role of reinforcement learning in enhancing the
semantic consistency of decompiled functions.

In summary, we make the following contributions:

• We propose a novel framework, SmartDecompiler-R1, for function-level smart contract bytecode
decompilation, which leverages GRPO-based reinforcement learning to guide the generation of
semantically consistent high-level code from EVM bytecode.

• We construct a comprehensive benchmark accompanied by automatically generated test cases
and a unified evaluation framework, providing a reproducible and extensible foundation for
future research on smart contract decompilation.

• We enable the decompilation process to produce high-quality, fine-grained explanatory de-
scriptions, offering clear and interpretable insights into how low-level bytecode semantics are
translated into high-level decompiled functions.

• Through extensive experimental evaluation, we demonstrate the accuracy of the decompiled code
generated by SmartDecompiler-R1, and show that the generated explanations substantially
facilitate the understanding of EVM bytecode.

2 Background and Motivation
In this section, we first introduce the prerequisite background necessary to understand our decom-
pilation pipeline, and then present a motivating example to illustrate the design motivation behind
SmartDecompiler-R1.

2.1 Background
2.1.1 Smart Contract and EVM bytecode. Smart contracts are self-executing agreements imple-
mented on blockchain platforms, a concept originally proposed by Nick Szabo [46]. Given their
significant value, extensive research has been conducted to improve smart contract development,
including approaches presented in [17, 26, 59]. On Ethereum, smart contract logic is executed in the
form of EVM bytecode, which defines a low-level, stack-based instruction set executed uniformly
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Fig. 1. Generated Results of SmartDecompiler-R1 and Ground Truth.

across the network. High-level smart contract languages such as Solidity are compiled into EVM
bytecode before deployment, ensuring deterministic execution on all Ethereum nodes.

2.1.2 Three-Address Code. Three-address code (TAC) serves as a crucial intermediate representa-
tion that bridges high-level source code and low-level bytecode. EVM bytecode follows a stack-based
execution model, in which instruction operands are implicitly determined by stack operations. This
implicit operand representation obscures data dependencies in the raw bytecode and complicates
direct data-flow analysis. By contrast, TAC makes data dependencies explicit by representing each
instruction with clearly defined operands and results.

Most existing decompilation tools rely on this form of emulated execution to recover instruction
operands. Several decompilation tools, such as Elipmoc [20] and GigaHorse [19], explicitly generate
a TAC representation. Others, like Panoramix [1], perform an implicit bytecode-to-TAC translation
as an intermediate stage without an explicit TAC construction phase. Capturing data flow from
raw bytecode through execution emulation is relatively straightforward for symbolic or rule-based
analyses, yet it is non-trivial for neural networks to infer such execution-dependent relationships
directly. Given that a substantial body of prior work [2, 3, 5, 7, 19] has already focused on recovering
TAC or TAC-equivalent representations from bytecode, we consider the transformation from
bytecode to TAC as a largely solved problem. Accordingly, our work concentrates on the subsequent
and more challenging step: transforming TAC into readable and high-level source code.

2.1.3 LLM Synthetic Data. Learning-based approaches rely heavily on high-quality datasets for
effective supervised training. As a result, LLMs for dataset construction have attracted increasing
attention in the software engineering domain. For program repair, Pham et al. [37] synthesize
a repository-level bug repair dataset to enhance the repair ability of LLMs. For Smart Contract,
Chen et al. [9] employ LLM to construct a Smart Contract vulnerability dataset. In binary analysis
domains, CLAP [51] and BinQuery [61] use LLM to generate ground truth for supervised training.
They proved the efficiency of synthesizing datasets with LLMs.

2.2 Motivating Example
Decompiling EVM bytecode into human-readable source code is essential for smart contract
auditing, debugging, and program understanding. However, existing approaches still struggle to
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Fig. 2. Decompilation Results by Dedaub and two LLM-based Approaches.

produce readable and trustworthy outputs. The limitations of current methods directly manifest
the three core problems outlined in our introduction.
A common solution for EVM bytecode decompilation is heuristic rule-based translation from

bytecode patterns to high-level code. While efficient and deterministic, it often yields low-level
artifacts (e.g., excessive temporaries, unnatural control flow), leading to code that is hard for humans
to interpret. Figure 1 shows the original bytecode and source code of the function FreezeIn, along
with the output generated by SmartDecompiler-R1. This function is relatively simple, consisting
mainly of a loop and an event emission. However, as shown in Figure 2, the code decompiled by
Dedaub [12], a heuristic rule-based compiler, strictly follows the low-level control logic of the
bytecode. Although this output correctly preserves the original control and data flow, it results in a
complex and difficult-to-read decompiled function. This exemplifies the root cause of Problem#1:
the raw bytecode representation is too far from the high-level abstractions that humans (and
general-purpose LLMs) can understand, making direct or naive translation ineffective.
To mitigate this, recent LLM-based approaches like DiSCo [44] and SmartHalo [29] attempt

to post-process or regenerate code from heuristic outputs. As shown in Figure 2, LLM-based
post-processing can significantly simplify the structure and improve readability. However, this
introducesProblem#2. Since these LLMs are not specifically trained for the decompilation task, they
may misinterpret certain patterns or, more critically, "auto-fix" the code. For instance, SmartHalo
introduces unnecessary checks during the decompilation process. These superfluous checks alter
the original program’s logic and may hinder the identification of actual vulnerabilities, directly
conflicting with the goal of faithful decompilation.

Furthermore, all these baseline methods suffer from Problem#3: limited transparency. An auditor
looking at the decompiled code from Dedaub, DiSCO, or SmartHalo is left to wonder why the
code looks the way it does. There is no clear, step-by-step rationale connecting specific bytecode
instructions to the high-level constructs in the output. This lack of a verifiable mapping makes it
hard to trust the decompilation result for critical security analysis.

In contrast, Figure 1 shows that SmartDecompiler-R1 can almost completely recover the original
source function. The only minor discrepancy lies in the naming of temporary variables, which does
not affect function semantics. Crucially, SmartDecompiler-R1 also provides a detailed explanation
of its reasoning process. This explanation highlights the key bytecode instructions that determine
high-level semantics while filtering out low-level noise. It clearly maps blocks of bytecode to
high-level concepts like "non-payable check," "ownership validation," and "loop structure." This
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Fig. 3. Main Framework

directly addresses Problem#3 by offering full transparency and interpretability, allowing auditors
to verify the decompilation’s correctness at a granular level.

3 Approach
Figure 3 illustrates the core components of SmartDecompiler-R1, which is structured into three
main stages. In the first stage, we construct two high-quality datasets. One is a supervised fine-
tuning (SFT) training dataset, created by synthesizing chain-of-thought reasoning traces with
the LLM. The other is a dynamically executable dataset, built by generating test cases for smart
contracts; this dataset is further partitioned into a reinforcement learning (RL) training set and a
final test set. Second, we employ SFT to equip the model with the ability to explain the assembly code
and decompile smart contract bytecode. Finally, we apply reinforcement learning to further refine
the model’s decompilation ability, shifting the optimization objective from purely syntactic accuracy
toward the accurate preservation of security vulnerabilities and consistent runtime semantics.

3.1 Dataset Construction
3.1.1 SFT Data Synthesizing. SFT data synthesizing consists of two parts: bytecode preprocessing
and chain of thought explanation synthesis. Bytecode preprocessing aims to extract bytecode-
level functions and convert them into TAC, which explicitly represents data flow. It also infers
contract-level information such as state variables and intra-contract function calls. Chain-of-thought
explanation synthesis aims to leverage TAC functions and source-level functions to generate
decompilation reasoning traces, which serve as chain-of-thought labels for supervised fine-tuning.

Bytecode preprocessing: To enable function-level decompilation, we must first extract individual
functions from raw bytecode and enrich themwith necessary global context including state variables
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and inter-procedural relationships. We perform a three-stage preprocessing pipeline that transforms
raw EVM bytecode into structured, context-augmented Three-Address Code (TAC) functions.
• Function Extraction and TAC Generation. We first disassemble the EVM bytecode using
Vandal [7] and perform combined data-flow and control-flow analysis. This analysis recovers the
function boundaries within the bytecode and explicitly represents data dependencies through
TAC. The output of this stage is a set of TAC representations for each function-like segment in
the bytecode.

• Distinguishing Genuine Functions from State Variables. Not all function-like bytecode seg-
ments correspond to actual source-level functions; some represent compiler-generated accessors
for state variables. To distinguish between these two cases, we train a binary classifier based on
a self-attention architecture, leveraging a Byte-Pair Encoding (BPE) [42] tokenizer pre-trained by
CodeT5[52]. The classifier takes tokenized TAC functions and abi as input and predicts whether
a segment corresponds to a genuine function or a state variable accessor. This model achieves
98% precision in identifying state variables.

• Global Context Enrichment. For segments classified as state variables, we recover their storage
layout information. Specifically, we extract the accessed storage address from each storage
operation. If the address is a constant, we treat it as a direct state variable access. Otherwise, we
perform backward slicing on the address variable until it resolves to either a SHA-derived value
(indicating indexing into a dynamic array) or an affine form 𝑐 + 𝑘 (indicating indexing into a
static array). This allows us to reconstruct the storage slot mapping for state variables.
For genuine functions, we conduct inter-procedural block-level analysis to capture cross-function
relationships. We observe that basic blocks shared across multiple functions often indicate either
direct calls to other public functions or shared calls to private functions. While such block reuse
can also result from compiler optimizations (e.g., code deduplication), we rely on the neural
model’s ability to learn characteristic function entry patterns (such as local variable initialization)
to implicitly disambiguate true inter-procedural calls during training, which has been shown to
be feasible in [23, 45].

The final output of our bytecode preprocessing is a collection of TAC functions, each augmented
with relevant global context (including state variable mappings and cross-function call information),
ready for supervised fine-tuning.

Chain of thought explanation synthesizing: For supervised fine-tuning with chain-of-thought
(CoT), we aim to construct a training dataset comprising high-quality CoT. This enables the model
not only to acquire the capability to decompile assembly code accurately but also to generate
explicit, step-by-step rationales for the decompilation process, thereby enhancing the transparency
and interpretability of the generated outputs. However, most large-parameter general models lack
the domain-specific knowledge required to understand the bytecode, which leads to difficulties
in synthesizing CoTs. To address this, we referenced the methodology in [60], using the source
functions as hints for these large-parameter teacher models to generate decompilation CoT for the
assembly functions. Specifically, we prompt the LLM to select critical instructions from the input
TAC and ask it to identify the key instructions for decompilation. For each selected instruction, the
LLM provides a brief explanation and maps it to the corresponding source code statement(s) that
the instruction likely decompiles into. We also input the source functions, and emphasize in the
prompt that these source functions should only be used to aid in understanding the bytecode and
should not directly disclose the corresponding source code.

3.1.2 Test Case Synthesizing. Execution consistency is a critical metric for both the reinforcement
learning (RL) training stage and the evaluation phase. To construct a dataset that enables program
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execution and consistency checking, it is necessary to generate executable test cases that can
effectively expose state discrepancies. Fuzzing [22, 36, 39] is adopted by DiSCo as a primary
technique for assessing execution consistency during evaluation. While fuzzing is effective in
uncovering inconsistencies by exploring diverse execution paths, it is not well-suited for RL
training. This limitation stems from two main factors. First, fuzzing typically requires a large
volume of test inputs, which incurs significant execution overhead and substantially increases
training time. Second, fuzzing-generated inputs often lack sufficient discriminative power: a large
number of fuzzing test cases may concentrate on a limited subset of execution paths. As a result,
even if certain program branches are incorrectly implemented, the overall consistency score may
still remain close to the maximum, thereby weakening the learning signal provided to the RL stage.
To mitigate these limitations, when using LLM to synthesize the test cases, we incorporate

explicit requirements on branch coverage and precision into the prompt design. In particular, we
encourage the LLM to generate test cases such that each one corresponds to a distinct program
branch, ensuring that individual test cases provide comparable and informative training signals.
Furthermore, since the execution of many branches depends on inter-procedural interactions,
we explicitly instruct the model to consider the sequence of function calls in the prompt. This
guidance facilitates the activation of deeper branches and improves the effectiveness of execution
consistency checking for RL training. After generating test cases, we filter out those that cannot
be executed. In summary, our prompt-guided test case synthesizing strategy provides efficient
and informative execution signals for reinforcement learning. By emphasizing branch coverage,
precision, and function-call sequence, it reduces redundancy and bias compared to fuzzing-based
methods, resulting in more discriminative execution consistency feedback for effective RL training.

3.2 Chain-of-Thought Supervised Fine-Tuning
Our goal is to train a model that decompiles assembly into both correct high-level code and
human-understandable explanations. We begin with supervised fine-tuning (SFT), using a synthetic
dataset that pairs TAC and contextual information with the corresponding target source code and
explanation. SFT provides the model with foundational decompilation competence and a coherent
initialization for subsequent reinforcement learning; without it, the decompilation task is rarely
solved correctly, causing RL rewards to collapse to sparse signals. This joint training of code and
explanation enhances both accuracy and interpretability. Liu et al. [33] demonstrated that, when fine-
tuning models for code generation, generating code before CoT reasoning significantly improves
accuracy, whereas CoT preceding the code can sometimes degrade performance. Motivated by [33],
we place the generated code before the CoT reasoning. Specifically, we combine the TAC function
obtained in Section 3.1.1 with the corresponding contextual information and prepend appropriate
task instructions to form the input for SFT. The supervision target consists of the source function
corresponding to the TAC function, followed by a CoT explanation generated in Section 3.1.1.

3.3 Reinforcement Learning
SFT relies on surface-level supervision, encouraging syntactic similarity rather than semantic
equivalence. As a result, the model may produce decompilation that appears valid but alters
the original contract’s runtime behavior. More critically, without execution-guided feedback or
vulnerability-aware signals, the training objective is misaligned with our ultimate goal: generating
Solidity code that is functionally equivalent to the original contract and faithfully preserves the
vulnerabilities. To address these shortcomings, we introduce a subsequent reinforcement learning
(RL) stage, wherein the model is optimized using execution-based and vulnerability-related rewards.
Since the difficulty of function-level decompilation varies substantially, absolute reward values are
not directly comparable across functions. Therefore, we adopt Group Relative Policy Optimization
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(GRPO) [21], which updates the policy based on relative performance among sampled candidates
and does not require a critic model. This design simplifies training while remaining aligned with
our evaluation objectives.

GRPO’s core innovation lies in its group-relative advantage estimation. Instead of using absolute
reward values, GRPO normalizes each response’s reward against the statistical distribution of
rewards within its group (mean and standard deviation). This normalization effectively mitigates
scale sensitivity and reduces variance across different batches. By measuring performance relative to
peers within the same group, GRPO provides a stable learning signal even when reward magnitudes
vary dramatically across different decompilation tasks. The objective function optimizes the policy
model to maximize these group-relative advantages while constraining policy updates through a
clipped objective similar to Proximal Policy Optimization (PPO) [41], incorporating importance
sampling to enable off-policy learning and including a Kullback–Leibler (KL) divergence [28]
penalty to prevent excessive deviation from a reference policy.

The design of our reward function is crucial since it directly shapes both the advantage estimation
and policy updates. To effectively guide decompilation toward semantic fidelity and vulnerability
preservation, we compose our reward from four complementary components:
• Format Check (𝑅𝑓 𝑜𝑟𝑚𝑎𝑡 ) This component ensures that the model correctly structures its
output using specific tags. The answer must be enclosed within <answer></answer> tags, while
the explanation is placed within <think></think> tags. This format allows auditors to easily
decompile the result and verify that the decompiled code corresponds to the bytecode. A
compliant format yields a reward of 𝑅format = 1.

• Compilability Check (𝑅𝑐𝑜𝑚𝑝𝑖𝑙𝑒 ) This is a fundamental prerequisite for code generation tasks.
We use the Solidity compiler (solc) [4] to compile the result by replacing the source code
function with the decompiled function. A successful compilation results in 𝑅compile = 1, while a
compilation failure results in 𝑅compile = 0.

• Execution Check (𝑅𝑒𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛) The execution check involves executing the decompiled code
and deriving the reward by evaluating the consistency of storage states and return values
across a set of test cases. Specifically, for each test case, we compare the operands of the SSTORE
and RETURN instructions. If all operands are consistent in the execution for a given test case,
we consider the decompiled function to have passed. If more than half of the operands are
consistent, the function is deemed to have partially passed. The execution reward, 𝑅execution, is
calculated as the average of the individual test case rewards, as shown in Equation 1, where 𝑁
represents the number of test cases (which is less than or equal to 5), and 𝑉𝑖 is the reward for
the 𝑖-th test case.

𝑉𝑖 =


1.0, passed
0.5, partially passed
0, other

, 𝑅execution =

𝑁∑
𝑉𝑖

𝑁
(1)

• Vulnerability Check (𝑅𝑣𝑢𝑙 ) To ensure the decompilation faithfully preserves the security logic
of the original bytecode, we perform a vulnerability consistency check. In the vulnerability
consistency check, we examine whether the source function and the decompiled function exhibit
the same defects or vulnerabilities. We employ Slither [16] to detect vulnerabilities in both the
source and decompiled functions. Although Slither’s vulnerability detection may produce false
positives, we employ it as a relative consistency metric: because the same tool is applied to both
the source and the decompiled code, any systematic bias affects both sides equally, allowing
us to reliably compare whether the two versions trigger the same set of static-analysis alarms.
The vulnerabilities detected in the source function are denoted as 𝑉𝑠 , while those detected in
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the decompiled function are denoted as 𝑉𝑑 . The reward for vulnerability consistency between
vulnerabilities in the source function and the decompiled function is measured by the Jaccard
index 𝑅vul = |𝑉𝑠 ∩𝑉𝑑 | / |𝑉𝑠 ∪𝑉𝑑 |.

The total reward 𝑅 for each output is a weighted sum of these four scores, reflecting their relative
importance:

𝑅 = 𝛼1𝑅𝑓 𝑜𝑟𝑚𝑎𝑡 + 𝛼2𝑅𝑐𝑜𝑚𝑝𝑖𝑙𝑒 + 𝛼3𝑅𝑒𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛 + 𝛼4𝑅𝑣𝑢𝑙 (2)
In designing the reward function, the weights (𝛼1, 𝛼2, 𝛼3, 𝛼4) = (0.1, 0.15, 0.6, 0.15) are assigned

to balance the four evaluation components according to their relative importance for faithful
decompilation. We prioritize semantic correctness: 𝛼3 (dynamic execution consistency) receives the
highest weight (0.6) because it most directly reflects whether the decompiled function preserves the
original runtime behavior. The compilation success reward 𝛼2 and the vulnerability preservation
reward 𝛼4 also significantly impact semantic faithfulness, and thus each receives a weight of
0.15. We assign the lowest weight to 𝛼1 (formatting) (0.1) because syntactic style, while helpful
for readability, is secondary to semantic accuracy and can be reasonably guided by supervised
pretraining. This weight configuration was determined through multiple rounds of validation to
effectively balance all objectives and prevent the model from generating overly short or incomplete
code merely to pass compilation checks.

4 Experiment Setup
In this section, we formally present our research questions and detail the experimental results.

4.1 ResearchQuestions
We investigate the following research questions to evaluate SmartDecompiler-R1.
RQ1: How effective is SmartDecompiler-R1 compared to other decompilation tech-

niques?

RQ2: How effective is each component impact in SmartDecompiler-R1?

RQ3: Does our proposed Chain of Thought truly aid understanding for users or themodel?

RQ4: How effective is SmartDecompiler-R1 in preserving vulnerabilities from bytecode?

4.2 Data Preparation
Our SFT training set is drawn from the training split of the smart contract dataset released by
Storhaug et al [43], which contains 186,397 contracts. We employ Vandal [7] to generate bytecode-
level functions and extract the corresponding source-level functions from Solidity code. For func-
tions whose signatures are absent from our database, we filter them out to ensure an automatic
and reliable matching between bytecode and source functions. After removing duplicates based on
the hash values of source functions, we obtain a total of 33,610 <bytecode, source> function pairs
for SFT. We then generate test cases for the smart contracts in the test set of [43]. After synthe-
sizing the test cases, we execute them to filter out failed cases. Following the same deduplication
and bytecode analysis procedure used for constructing the training data, we finally obtain 1,989
unique function pairs associated with a set of executable test suites. We split these 1,989 function
pairs into two subsets: 1,200 for RL training and the remaining 789 for evaluation. We employ
Qwen3-Coder-30B-A3B-Instruct [48] to synthesize explainable CoT rationales and test cases.

4.3 Experiment Setup
4.3.1 Metrics. To evaluate the quality of the decompiled code, we adopt four metrics: BLEU-4,
Compilability, Execution Consistency, and Vulnerability Consistency. Specifically, we use BLEU-4
to measure lexical similarity, while the other three metrics capture functional correctness and
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behavioral alignment. BLEU-4 scores are computed using SacreBLEU [38]. For remaining three
metrics, we follow the same procedure used for reward computation, as described in Section 3.

4.3.2 Baselines. We compare SmartDecompiler-R1 against several representative baselines:
• SmartHalo [29]: a state-of-the-art method-level decompiler that leverages LLMs to improve
variable recovery and infer contract-level attributes. Its outputs, however, are not designed to
be directly compilable, as they typically include explanatory text and annotations with no fixed
format. To enable a fair comparison, we manually extract the core function bodies from the raw
LLM output, treating these extracted segments as the final decompiled code for assessment.

• Dedaub+LLM: a refinement-based baseline reported in DiSCo [44]. DiSCo is also a competitive
smart contract decompilation approach. However, since neither the source code nor the original
decompilation outputs of DiSCo are publicly available, we do not include it as a baseline in
our evaluation. Instead, we follow the regeneration strategy baseline proposed by DiSCo, i.e.,
applying an LLM to refine the output of Dedaub (the web version of Elipmoc [20]). We instantiate
this baseline with three representative LLMs:GPT-5,Qwen3-Coder-480B, andDeepSeek-V3.2.

• DecompileLlama [11]: a supervised learning-based approach that utilizes TAC–source function
pairs along with contextual information for decompilation. We implement it using Llama-3.2-3B
as the backbone. Following the original methodology, we supply state-variable analysis results as
variable context and known public-function signatures as function context, using the prescribed
input markers [variables], [functions], and [TAC] to separate the content. To strictly adhere to the
original setting, we do not introduce any additional instructions.

• DecompileQwen: an adaptation of the DecompileLlama approach but with Qwen2.5-Coder-3B as
the backbone to control for potential bias from base model capabilities. We train both DecompileL-
lama and DecompileQwen using full-parameter fine-tuning (as opposed to the LoRA-based [24]
strategy in the original work) to ensure a fair comparison by eliminating performance discrepan-
cies arising from different optimization configurations.

4.3.3 Implementation. All experiments are conducted on a machine equipped with four NVIDIA
H100 GPUs (80GB HBM3 each). We adopt Qwen2.5-Coder-3B-Instruct [27] as the base model in
all experiments1. During supervised fine-tuning, we train the model for 2 epochs with a learning
rate of 1 × 10−5 and a batch size of 64. In the subsequent RL stage, we train the model for 1 epoch
using the same learning rate and sample 8 candidate responses per prompt, with a maximum
response length of 2048 tokens. We implement both SFT and RL training using the ms-swift [62]
framework, together with DeepSpeed ZeRO-2 optimization.

5 Experiment Result
5.1 RQ1: Effectiveness
5.1.1 Experiment Setup. In this RQ, we evaluate the effectiveness of SmartDecompiler-R1 against
the baseline methods described in Section 4.3.2 across our decompilation benchmark. We em-
ploy the same evaluation metrics (BLEU-4, compilability, execution consistency, and vulnerability
consistency) and dataset splits for all methods.

5.1.2 Experiment Result. Table 1 reports the performance of SmartDecompiler-R1 compared with
baseline methods on method-level decompilation. As shown in the table, SmartDecompiler-R1
consistently outperforms all competing approaches across the evaluated metrics, achieving 60.49%

1SmartDecompiler-R1 uses the instruction-tuned model so that RL can proceed without extra SFT, isolating each stage’s
contribution in ablation studies. DecompileQwen uses Qwen2.5-Coder-3B as the base model because it does not rely on
instructions.
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Table 1. Effectiveness Study: Performance Comparison Across Different Methods

Approach BLEU-4 Compilability Execution Vul-Cons. Average

SmartHalo 22.49 18.50 8.44 2.83 13.07
Dedaub+DeepSeek-V3.2 30.44 18.25 7.70 2.21 14.65
Dedaub+Qwen3-Coder-480B 34.57 21.80 11.39 2.44 17.55
Dedaub+GPT-5 40.09 21.92 12.31 2.94 19.32
DecompileLlama 54.58 36.88 22.92 20.96 33.84
DecompileQwen 60.07 38.66 23.34 20.64 35.68
SmartDecompiler-R1 60.49 61.34 34.13 35.07 47.76

on BLEU-4, 61.34% on compilability rate, 34.13% on execution consistency rate, and 47.76% on Vul-
Consistency rate. Compared with the second-best method, DecompileQwen, SmartDecompiler-
R1 achieves substantial improvements in compilability, execution consistency, and vulnerability
consistency. These results indicate that reinforcement learning effectively guides the model to
optimize toward preserving both vulnerable behaviors and execution consistency with the original
code. SmartHalo demonstrates relatively poor performance in our evaluation, which can be
attributed to two main reasons. First, its decompilation objective is not well aligned with ours.
Although SmartHalo also operates at the method level, it typically generates a contract containing
the target function as the decompilation result. To ensure compilability, it relies on LLMs to introduce
additional state variables, which is problematic in our test suite: since the storage slot positions
used to evaluate state variable consistency are fixed, such newly introduced variables lead to severe
inconsistencies and consequently degrade performance. Second, SmartHalo focuses on recovering
attributes of variables and contracts without explicitly constraining the model to preserve the
original program logic. The lack of such constraints often results in excessive content generation
and unintended logical deviations, further harming execution and vulnerability consistency.

Additionally, we observe that for methods based on LLMs, the vulnerability consistency scores
are substantially lower than their performance on other metrics. This observation is consistent
with the findings reported in DiSCo, which show that some post-decompilation inconsistencies
arise because LLMs tend to automatically fix vulnerabilities. To further investigate this behavior,
we analyze the outputs of LLM-based methods using Slither and find that these methods rarely
reproduce vulnerabilities that can be detected by Slither. In other words, approaches employing
LLMs tend to perform poorly in vulnerability preserving, largely because their original training
objective emphasizes generating syntactically correct and vulnerability-free code rather than
faithfully preserving buggy behaviors.
For the baselines that apply LLMs to optimize decompiled code, we observe that the capability

of the underlying LLM has a noticeable impact on the quality of the resulting decompiled output.
In the smart contract decompilation code regeneration task, GPT-5 outperforms DeepSeek-V3.2
and Qwen3-Coder-480B. Nevertheless, both LLM-based baselines perform worse than the learning-
based approach. One key reason is that, although we explicitly instruct the LLMs to strictly follow
the Dedaub-decompiled code, they still tend to introduce non-existent logic and generate statements
that are not present in the original program. In addition, the regeneration process of LLMs is heavily
influenced by the quality and characteristics of the Dedaub decompiled code. Since Dedaub aims to
faithfully recover from low-level instructions through rule-based heuristic algorithms, its output
may contain misleading representations, which in turn misguide the LLM during code regeneration.
For instance, a simple array access to addrs may be decompiled as keccak256(v6.data) by Dedaub,
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Table 2. Ablation Study: Impact of Different Training Components.

Model Variant BLEU-4 Compilability Execution Vul-Cons. Average

Base Model 19.95 19.90 4.33 8.16 13.08
Base+CA 21.70 15.96 4.54 6.23 12.11
Base+SFT 52.37 35.49 22.48 20.43 32.69
Base+RL 34.28 75.29 18.92 33.13 40.41
Base+SFT+RL 57.70 48.04 29.39 28.66 40.95
Base+CA+SFT 55.90 35.10 19.44 18.28 32.18
Base+CA+RL 29.03 81.50 20.03 39.93 42.62
Full Model 60.49 61.34 34.13 35.07 47.76

which subsequently leads the LLM to generate keccak256(abi.encodePacked(addrs, value)),
introducing unnecessary and incorrect logic.

Summary: Overall, SmartDecompiler-R1 achieves the best performance on method-level
decompilation across all evaluation metrics, significantly outperforming existing baselines. The
results indicate that SmartDecompiler-R1 more effectively preserves execution semantics and
vulnerable behaviors, whereas LLM-based approaches frequently introduce semantic deviations
and fail to maintain vulnerability consistency.

5.1.3 Experiment Setup. In this RQ, we conduct an ablation study to evaluate the effectiveness of
each component in our approach. Our method consists of three key components: Context Analysis
(CA), Supervised Fine-Tuning (SFT), and Reinforcement Learning (RL). We systematically remove
these components, either individually or in combination, and perform a total of eight experimental
settings to comprehensively assess the contribution of each component.

5.2 RQ2: Ablation Study
5.2.1 Experiment Result. Table 2 shows that removing any component degrades SmartDecompiler-
R1, demonstrating the contribution of each component. Unlike the effectiveness experiments, where
metrics maintain a partial positive correlation, the ablation study exhibits a clear metric imbalance.
Since metric importance is unequal, mean-based comparison is coarse; thus, under severe imbalance,
we emphasize BLEU-4 and execution consistency as indicators of syntactic fidelity and runtime
semantic equivalence. A decompilation is considered successful if either of these two metrics
reaches 100%, whereas compilability rate and vulnerability consistency rate alone are insufficient.

We first examine the role of the Context Analysis stage, which supplements SmartDecompiler-
R1 with auxiliary semantic signals that are difficult to infer solely from the input TAC function.
As shown in Table 2, removing this component from the full model leads to a clear performance
degradation, particularly in terms of code compilability. This suggests that the additional structural
information introduced by context analysis, such as storage slot resolution and function call
identification, plays an important supporting role in recovering public state variables and function
interfaces, thereby improving the robustness of the generated Solidity code.
Next, we analyze the impact of the SFT stage. From Table 2, we observe that SFT has a clear

positive effect on SmartDecompiler-R1, with the most pronounced improvement appearing on the
BLEU-4 score. Removing the SFT stage leads to a significant degradation in BLEU-4, indicating that
SFT plays a crucial role in learning the mapping from TAC to high-quality Solidity code. Although
not explicitly reflected in the quantitative metrics, the SFT stage also enables SmartDecompiler-R1
to generate meaningful explanations during the decompilation process by leveraging synthetic CoT

Proc. ACM Softw. Eng., Vol. 3, No. ISSTA, Article ISSTA166. Publication date: October 2026.



SmartDecompiler-R1: Enhancing Faithful and Explainable Smart Contract Bytecode Decompilation with Reinforcement

Learning ISSTA166:15

data. When evaluating models trained without SFT on samples containing a synthetic CoT, we find
that they fail to produce detailed and accurate reasoning traces. This suggests that SFT is essential
for aligning the model with the intended decompilation and explanation behavior. Overall, the SFT
stage provides SmartDecompiler-R1 with foundational capabilities in both decompilation and
explanation, thereby laying the groundwork for subsequent RL stage to further refine performance.

From Table 2, we can clearly observe that the RL stage consistently enhances SmartDecompiler-
R1 ’s performance across all evaluation metrics, similar to the improvements brought by the SFT
stage. In particular, for the full model, RL leads to significant gains in compilability, execution
consistency, and vulnerability consistency, indicating that RL effectively leverages context analysis
signals and further refines the capabilities initially developed during SFT. However, we also find
that applying RL without SFT results in an imbalanced model behavior. Specifically, the model
tends to generate code with high compilability and vulnerability consistency, but shows less
significant improvements on BLEU-4 and execution consistency. As discussed earlier, BLEU-4 and
execution consistency are more crucial indicators of overall code quality and functional correctness.
Therefore, using RL in isolation to improve only compilability and vulnerability recovery ability is
not a desirable strategy. This imbalance likely stems from the model’s limited capacity to generate
high-quality code when trained solely with RL. In such cases, the model is prone to reward hacking,
where it exploits shortcuts in the reward function tomaximize its score without genuinely improving
code quality. Specifically, it gravitates toward easier-to-obtain rewards, such as those associated
with compilability (by minimizing code length) and vulnerability preservation (by targeting simple,
surface-level vulnerabilities). Nevertheless, the ablation results confirm that RL remains a valuable
and effective component when used in conjunction with SFT and CA. It serves as a powerful
refinement step that enhances the robustness and reliability of the code decompiled by the model.

Summary: Overall, the ablation study demonstrates that Context Analysis, Supervised Fine-
Tuning, and Reinforcement Learning are all indispensable components of SmartDecompiler-R1.
Both SFT and RL substantially enhance the model’s decompilation capability. Moreover, RL
further improves the compilation success rate, execution consistency, and vulnerability consis-
tency, while also enabling the model to more effectively leverage the contextual information
provided by context analysis.

5.3 RQ3: Effectiveness of Explanation
5.3.1 Experimental Setup. In this RQ, to investigate the effectiveness of the explanations gener-
ated by SmartDecompiler-R1, we adopt a complementary evaluation paradigm. Although these
explanations are designed to assist human auditors, large-scale manual assessment is impractical
due to the limited availability of experienced smart-contract bytecode auditors. Given that existing
work [49, 63] has demonstrated the feasibility of using LLMs as automated evaluators for code, we
leverage LLMs to approximate the benefits brought by the explanations.
We evaluate the effectiveness of explanations generated by SmartDecompiler-R1 by testing

whether they can effectively guide LLMs to produce higher-quality decompiled code. Specifically,
we prompt the same LLM to decompile a given TAC function under three conditions: ① without
any explanation. ② with a CoT explanation generated by Deepseek-V3.2 during its reasoning
process. ③ with the explanation produced by SmartDecompiler-R1 provided as the CoT guidance.
We then compare the quality of the resulting decompiled functions across these three settings.
An improvement in decompilation quality when explanations are provided indicates that the
explanations are informative and effective. To ensure robustness, we employ three instruction-
tuned code LLMs—Qwen2.5-Coder-7B, CodeLlama-7B, and DeepSeek-Coder-6.7B—as evaluators
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Table 3. Chain-of-Thought Study: Impact of Explanation Generation

Model CoT Hint BLEU-4 Compil. Execution Vul-Cons. Average

Qwen2.5-Coder-7B
✗ 17.43 20.66 3.29 2.33 10.93
DS 16.70 18.76 2.84 3.68 10.50
Ours 34.32 26.49 6.74 13.46 20.25

CodeLlama-7B
✗ 4.82 10.52 1.89 3.08 5.08
DS 7.87 15.33 3.61 4.32 7.78
Ours 13.61 25.73 9.22 12.82 15.35

DeepSeek-Coder-6.7B
✗ 17.53 30.29 3.52 9.33 15.17
DS 13.10 20.41 3.90 4.74 10.54
Ours 39.34 34.09 9.82 17.98 25.31

and measure performance using multiple complementary metrics, including BLEU-4, compilability,
execution consistency, and vulnerability consistency.
5.3.2 Experiment Result. As shown in Table 3, providing LLM evaluators with explanations gener-
ated by SmartDecompiler-R1 as CoT guidance leads to substantial and consistent improvements
in decompilation performance. Across all evaluated models and all metrics—including BLEU-4,
compilability, execution consistency, and vulnerability consistency—models equipped with expla-
nation guidance significantly outperform their counterparts without explanations. On average,
explanation-guided settings achieve nearly double the overall score compared to the no-explanation
baseline. These results demonstrate that the explanations produced by SmartDecompiler-R1
effectively capture semantic and structural information that facilitates the decompilation process.
Notably, the CoT explanations generated by DeepSeek-V3.2 do not consistently improve de-

compilation quality. For Qwen2.5-Coder-7B and Deepseek-Coder-6.7B, providing DeepSeek-V3.2’s
CoT can even degrade performance. This contrast underscores that the explanations produced by
SmartDecompiler-R1 are more targeted and informative than generic reasoning-based CoTs from
DeepSeek-V3.2. Because the evaluated LLMs serve as proxies for human auditors, these results
indirectly suggest that SmartDecompiler-R1 ’s explanations could also help human analysts better
understand low-level bytecode and reason about its high-level semantics.

Summary: Using explanations generated by SmartDecompiler-R1 as CoT guidance con-
sistently improves decompilation performance across all evaluators and metrics, indirectly
indicating that our targeted explanation helps auditors better understand low-level instructions.

5.4 RQ4: Vulnerabilities Preservation
5.4.1 Experiment Setup. In this RQ, we investigate whether SmartDecompiler-R1 can faithfully
preserve vulnerabilities that exist in the original source functions after decompilation. For this
purpose, we compile a curated dataset [32] with 15 access-control (AC) vulnerabilities sourced
from publicly reported CVEs. Our evaluation focuses specifically on AC vulnerabilities, as they
constitute a prevalent and critical category of logical flaws in smart contracts, are well-documented
in prior research [18, 32]. Additionally, AC vulnerabilities are relatively straightforward to identify
manually. This allows us to examine whether such security-critical semantics are retained in the
decompiled outputs.

For each vulnerable bytecode function, we decompile it using SmartDecompiler-R1 and three
LLM-enhanced baselines: Dedaub combined with GPT-5, Qwen3-Coder-480B, or DeepSeek-V3.2.
We select these LLM-enhanced baselines (rather than end-to-end models like DecompileLlama) to
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Table 4. Vulnerability Preservation

Approach Successful Partially Successful Failed Auto-Fix

Dedaub+GPT-5 10 1 1 3
Dedaub+Qwen3-Coder-480B 9 0 1 5
Dedaub+Deepseek-V3.2 5 2 1 7
SmartDecompiler-R1 11 2 2 0

explicitly test whether these powerful LLMs automatically fix vulnerabilities during decompilation.
Then, we manually inspect the decompiled code to determine whether the original vulnerability is
preserved.We classify the decompilation results into four categories:① Successful: The decompiled
function preserves the same vulnerability as the original source code and correctly recovers core
logic. ② Partially successful: The decompiled function preserves the vulnerability, but fails to re-
cover some non-security-related logic. ③ Failed: The decompiled function is semantically incorrect
or incomprehensible, making vulnerability assessment impossible. ④ Auto-Fix: The decompiled
function is semantically coherent but unintentionally eliminates the original vulnerability.

5.4.2 Experiment Result. Table 4 presents that SmartDecompiler-R1 demonstrates a strong capa-
bility for preserving security vulnerabilities during decompilation. Specifically, SmartDecompiler-
R1 achieved an Auto-Fix score of 0, meaning it did not automatically “repair” any vulnerability in
any of the cases. It successfully retained the original vulnerability in 11 cases, with 2 cases partially
successful and 2 cases failing to preserve the vulnerability. In contrast, all three LLM-enhanced
baselines exhibited some degree of unintended vulnerability correction. Dedaub+Deepseek-V3.2
showed the highest auto-fix tendency, modifying 7 cases. Dedaub+Qwen3-Coder3-480B auto-fixed 5
cases, while Dedaub+GPT-5 auto-fixed 3 cases. These findings highlight that SmartDecompiler-R1
is more faithful to the original vulnerable semantics and does not introduce unwarranted “security
fixes” that would mislead subsequent vulnerability analysis.

To further illustrate the effectiveness of SmartDecompiler-R1, we present three representative
cases, as shown in Figure 4. In the partially successful case (CVE-2018-19834), the original function
lacks access control, allowing any caller to become the owner. SmartDecompiler-R1 correctly
retains this vulnerability, but incorrectly recovers the constant INITIAL_SUPPLY, leading to a
mismatch in non-security-related logic. In the failed case (CVE-2020-17753), the original vulnerable
condition require(tx.origin == owner) is not accurately reconstructed; instead, the decompiled
code generates require(msg.sender == tx.origin), which alters the security semantics and
fails to reflect the original vulnerability. In the successful case (CVE-2019-15078), both the logic
and the access-control flaw are fully preserved, demonstrating SmartDecompiler-R1 ’s ability to
faithfully retain security-critical semantics. These examples highlight that while SmartDecompiler-
R1 generally preserves vulnerabilities, its success depends on accurately reconstructing both
control-flow and data-flow elements that embody the security flaw.

Summary: SmartDecompiler-R1 consistently preserves original vulnerabilities without auto-
fixing, demonstrating high semantic faithfulness while LLM-enhanced baselines frequently
introduce unintended vulnerability corrections.

6 Discussion
In this section, we discuss the quality of the synthetic dataset and the threats to validity in our
study.
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(a) Partially Successful Case (b) Failed Case (c) Successful Case

Fig. 4. Vulnerability Preservation Cases

6.1 Synthetic DatasetQuality
To evaluate the quality of our synthetic dataset, we examined branch coverage on a random sample
of 30 source functions (each with at least one non-assertion branch) and their test cases. Manual
inspection revealed 94 branches in total, of which 70 were covered. Of the 24 uncovered branches,
12 depended on blockchain-specific conditions (e.g., block timestamp or number) that could not
be satisfied in our test environment, and 2 required repeated function calls beyond our execution
limit. This indicates that our dataset achieves solid practical coverage and is capable of reliably
detecting runtime behavioral inconsistencies.

We also observed that the synthetic dataset may not fully exercise certain assertion statements,
such as require. The limited number of test cases can occasionally make it difficult to reliably
assess the correctness of require statement implementations, particularly in functions that contain
multiple such assertions. As a result, our runtime consistency metric, which is based primarily on
test case behavior, might not always completely reflect the effectiveness of program recovery on
require statements.

6.2 Threats to Validity
6.2.1 Internal Validity. First, our function-level decompilation approach may introduce inconsisten-
cies when reconstructing full contracts, due to limited global context. As Liu et al. [34] underscore,
evaluation beyond the function level is critical for assessing the practical utility of decompilers,
since many real-world analyses depend on contract-level semantics. While our current scoping
decision was motivated by the need to isolate fine-grained translation accuracy, we acknowledge
this limitation and plan to explore hierarchical or modular approaches for contract-level recon-
struction in future work. Second, the model’s performance depends on the quality of the input TAC
produced by front-end tools, which can be affected by heavily optimized or shared-control-flow
bytecode. We mitigate this by building on a widely-used analysis framework (Vandal). Finally, the
weights in the RL reward function are set empirically, which could bias optimization. These weights
were, however, calibrated through iterative validation on a held-out set to balance core objectives.
Moreover, by employing GRPO, which relies on relative rewards within groups, the policy update
becomes less sensitive to absolute reward magnitudes than critic-based methods.

6.2.2 External Validity. First, our model is trained and evaluated on Solidity datasets, and may not
generalize to heavily obfuscated code, rare patterns, or other languages (e.g., Vyper). To improve
generalization, we use a large and diverse public dataset and encourage semantic learning through
execution-based RL rewards. Second, the usefulness of generated explanations is assessed via
LLM-based proxy tasks, not directly by human auditors. However, LLM-based evaluation serves
as a scalable preliminary indicator of explanatory utility. The consistent correlation between
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explanation guidance and enhanced decompilation quality across multiple LLMs provides indirect
but supporting evidence.

7 Related work
7.1 Reinforcement Learning in Software Engineering
Recently, reinforcement learning (RL) has attracted growing attention in software engineering. Prior
studies have explored RL for a variety of tasks, including bug localization, software testing, and code
completion. Chakraborty et al. [8] leverage RL to improve the effectiveness of bug localization. In
software testing, Eom [13] applies RL to guide fuzzing toward generating inputs that achieve higher
coverage. RL has also been adopted for repository-level code completion to better retrieve relevant
context from large codebases [53]. In the smart contract domain, Smart-LLaMA-DPO [57] employs
Direct Preference Optimization (DPO) [40] to train an explainable vulnerability detector, while
SmartCoder-R1 [58] uses GRPO-based RL to develop a security-aware smart contract generator.

7.2 LLM for Decompilation
The strong capability of large language models (LLMs) on programming-related tasks has recently
motivated their adoption in decompilation pipelines. DecLLM [55] uses an LLM as a post-processing
module to refine decompiled C code by repairing static inconsistencies and mitigating runtime
failures, while DeGPT [25] improves readability via a multi-role prompting scheme for structure
simplification and code rewriting. To alleviate the mismatch between LLMs and low-level bytecode,
DiSCo [44] converts bytecode into higher-level natural-language representations to facilitate LLM
reasoning. Beyond using off-the-shelf LLMs, LLM4Decompile [47] performs self-supervised fine-
tuning to train an end-to-end model for decompiling C assembly, and further adopts a similar
approach to optimize decompiled outputs, improving reconstruction accuracy.

8 Conclusion
In this paper, we presented SmartDecompiler-R1, a novel framework for decompiling EVM byte-
code into high-level source code. By leveraging reinforcement learning, SmartDecompiler-R1
significantly improves the performance of learning-based decompilation approaches. Extensive ex-
perimental evaluation demonstrates that SmartDecompiler-R1 outperforms existing decompilation
methods in terms of consistency, and offers a new perspective to assist auditors in understand-
ing bytecode by generating human-readable explanations. Furthermore, our results show that
SmartDecompiler-R1 is effective in preserving vulnerabilities from EVM bytecode.
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