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Abstract

Large Language Models (LLMs) have demonstrated remark-
able proficiency in generating code. However, the misuse of
LLM-generated (synthetic) code has raised concerns in both
educational and industrial contexts, underscoring the urgent
need for synthetic code detectors. Existing methods for de-
tecting synthetic content are primarily designed for general
text and struggle with code due to the unique grammatical
structure of programming languages and the presence of nu-
merous “low-entropy” tokens. Building on this, our work pro-
poses a novel zero-shot synthetic code detector based on the
similarity between the original code and its LLM-rewritten
variants. Our method is based on the observation that dif-
ferences between LLM-rewritten and original code tend to
be smaller when the original code is synthetic. We utilize
self-supervised contrastive learning to train a code similar-
ity model and evaluate our approach on two synthetic code
detection benchmarks. Our results demonstrate a significant
improvement over existing SOTA synthetic content detectors,
delivering notable gains in both performance and robustness
on the APPS and MBPP benchmarks.

Introduction
LLMs and Code LLMs have shown remarkable capability
in understanding and generating code (Chen et al. 2021;
Fried et al. 2022; Nijkamp et al. 2022; Rozière et al. 2023;
Guo et al. 2024). Those LLMs can function as professional
coding assistants for programmers, offering intelligent code
completion and document generation capabilities, such as
Github Copilot (Github 2021).

The breakthrough of LLMs has greatly improved cod-
ing efficiency and lowered the barrier to programming
(Kazemitabaar et al. 2023). However, this also raises con-
cerns about misuse. In education, students are using LLMs
to complete coding assignments and exams, making it harder
to assess their true abilities (Kazemitabaar et al. 2023;
Denny et al. 2024). A study shows GPT-4 can solve Leet-
Code problems at an average human level (Bubeck et al.
2023), increasing the risk of cheating. Moreover, LLM-
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Figure 1: Token Entropy Distribution in General Texts vs.
Code, Estimated by Llama-13B (Touvron et al. 2023a).

generated code often contains security vulnerabilities, pos-
ing risks in industrial applications (He and Vechev 2023). An
evaluation found 40% of Copilot-generated programs con-
tain dangerous vulnerabilities (Pearce et al. 2022), highlight-
ing the need for a more rigorous review of synthetic code.

Building on these critical real-world concerns, developing
a synthetic code detector is essential to address the misuse
of LLM-generated code. While efforts have been made to
detect LLM-generated text (Gehrmann, Strobelt, and Rush
2019; Mitchell et al. 2023; Zellers et al. 2019; Ippolito et al.
2020; Zhong et al. 2020; Pu et al. 2023), none specifically
target code. The effectiveness of these methods on code con-
tent remains uncertain. Unfortunately, our experiments show
that state-of-the-art detectors like GLTR (Gehrmann, Stro-
belt, and Rush 2019) and DetectGPT (Mitchell et al. 2023)
suffer a significant performance drop (around 32% in AU-
ROC) when applied to code. We thoroughly analyze the root
causes of existing methods’ failures, as shown below.

Challenges in Applying Existing Detection Methods to
Code. Our observations and meticulous analysis reveal
that the core issue lies in the fundamental logic of exist-
ing state-of-the-art text detection methods, which rely on
the statistical log probability of tokens. LLMs tend to as-
sign higher log probabilities to the tokens they generate
due to their strong confidence in these self-generated to-
kens. Detection methods capitalize on this trait to distinguish
between model-generated and human-written text, achiev-
ing high accuracy. However, in the domain of code, this
approach exposes its inherent weaknesses. Unlike natural
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Original (synthetic) LLMs Rewriting 

LLMs Rewriting 

Rewriting

Original (human-writting)

 def check_min_heap(arr, i):
     if 2 * i + 2 > len(arr):
         return True
     left_child = (arr[i] \

<= arr[2 * i + 1]) 
       and check_min_heap(arr, 2 * i + 1)
     right_child = (2 * i + 2 == len(arr)) 
        or (arr[i] <= arr[2 * i + 2] and 

check_min_heap(arr, 2 * i + 2))
     return left_child and right_child

Rewriting

 def catalan_number(n):
     if n <= 1: return 1
     catalan = [0] * (n+1)
     ...
     for i in range(2, n+1):
         for j in range(i):

catalan[i] += catalan[j] * catalan[i-j-1]
     return catalan[n]

 def catalan_number(n):
     if n <= 1: return 1
     catalan = [0] * (n+1)
     ...
     for i in range(2, n+1):
      catalan[i] = sum([catalan[j] * \
      catalan[i-j-1] for j in range(i)])
     return catalan[n]

 def is_min_heap(arr):
     heap_size = len(arr)
     def is_heap_node_valid(node_index):
         left_child = 2 * node_index + 1
         right_child = 2 * node_index + 2
         if arr[node_index] > arr[left_child] and ...:
             return False
         if arr[node_index] > arr[right_child] and ...:
             return False
         ...
     return True

Figure 2: Rewriting Original Code (synthetic & human-writting) with GPT-3.5-Turbo.

language, code typically follows a more rigid grammatical
structure. In specific programming languages and contexts,
the next code token is often deterministic or has very limited
options. For example, in Python, functions always start with
“def”, followed by a “:” after the function signature “def
function name()”. These token are what we refer to as “low-
entropy” tokens. The prevalence of such “low-entropy” to-
kens in code greatly reduces the effective tokens available
for text detection methods to distinguish between human-
written and LLM-generated code, leading to statistically in-
significant differences between the two. Our investigation
into the entropy distribution of code tokens versus text to-
kens (Figure 1) confirms that the entropy distribution for text
tokens is more varied compared to code, with over 70% of
code tokens having an entropy of less than 1.

Observations and Hypothesis. Therefore, to effectively
detect synthetic code, it is crucial to move beyond the current
focus on token log probabilities and adopt a more holistic,
global perspective. Based on this insight, we observed that
when LLMs rewrite synthetic code—whether generated by
themselves or other LLMs—they tend to produce output that
closely mirrors the original code. In contrast, when rewrit-
ing human-written code, the LLM-generated output diverges
more significantly. As illustrated in Figure 2, the similarity
between synthetic code and its rewritten version is striking
(marked in red), while human-written code and its rewritten
counterpart show more substantial differences.

This observation led to our hypothesis that the similar-
ity between the original and rewritten code can serve as an
indicator for detecting synthetic code. By focusing on code
rewriting and similarity measurement, we can avoid reliance
on statistical token likelihood estimation, thereby addressing
the root cause of failures in existing text detectors for code.
To validate this hypothesis, we propose a zero-shot synthetic
code detector using Code Rewriting and Similarity Measure-

ment. Our method consists of three crucial steps: First, we
use an LLM with an appropriate prompt to rewrite a given
piece of code, producing a pair of the original and rewritten
code. Next, to accurately gauge the similarity between the
original and rewritten code, we then develop a code similar-
ity model that predicts a similarity score for the given code
pair. Finally, using the cosine similarity metric, we estimate
the expected similarity score by sampling m rewritten codes
following the identical procedure and averaging their scores.

During our experiments, due to the lack of existing
datasets for synthetic code detection, we constructed two
new datasets based on APPS (Hendrycks et al. 2021) and
MBPP (Austin et al. 2021). To validate the universal ap-
plicability of our hypothesis and method across different
code generation tools, we generated synthetic code using
two open-source LLMs (CodeLlama and StarChat) and two
proprietary APIs (GPT-3.5-Turbo and GPT-4). Our experi-
mental results demonstrate that our proposed method sig-
nificantly outperforms current state-of-the-art approaches,
achieving a 20.5% improvement in AUROC on the APPS
benchmark and a 29.1% improvement on the MBPP bench-
mark. Additionally, our method is highly practical and re-
quires minimal resources and permissions, only needing the
ability to perform LLMs inference or access their APIs.
This contrasts with previous detection methods that rely on
knowledge of token log probabilities.

Overall, the main contributions are three folds:

• We identify a significant performance gap when apply-
ing synthetic content detectors designed for general text
to the code domain and provide a detailed analysis to un-
cover the reasons for this discrepancy.

• We propose a novel zero-shot synthetic code detection
approach that leverages code rewriting and similarity
measurement. This method is applicable to both open-
source Code LLMs and closed-source LLMs.
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• Extensive experiments demonstrate the effectiveness of
our method, showing significant improvements in both
accuracy and robustness compared to existing methods.

Related Works
LLMs for Code Generation
With the rapid rise in popularity of LLMs, a growing num-
ber of studies have focused on Code LLMs aimed at au-
tomating software engineering (Chen et al. 2021; Guo et al.
2024). Code generation is a crucial capability of these mod-
els, as demonstrated by pioneering works like Codex (Chen
et al. 2021), AlphaCode (Li et al. 2022b), CodeGeeX (Zheng
et al. 2023), CodeLlama (Rozière et al. 2023), and GPT-4
(Achiam et al. 2024). As LLMs continue to advance, profes-
sionals across various industries are increasingly integrating
them into their daily workflows. According to a community
survey by StackOverflow (2023), 44% of experienced de-
velopers and 55% of beginners are already using AI cod-
ing assistants, with the majority relying on two main tools:
ChatGPT (83%) and GitHub Copilot (56%). Consequently,
the automated detection of whether code is human-written
or LLM-generated has become increasingly important.

Detection of Synthetic Text
Detecting AI-generated (synthetic) text has been a focus
of research even before the emergence of LLMs. The pri-
mary approaches to synthetic text detection fall into two
categories. The first treats detection as a binary classifica-
tion problem, using synthetic texts from generative mod-
els to train supervised models, often based on neural net-
works, such as Transformers (Zellers et al. 2019; Ippolito
et al. 2020; Zhong et al. 2020; Bakhtin et al. 2019; Uchendu
et al. 2020). The second approach involves designing zero-
shot metrics (Gehrmann, Strobelt, and Rush 2019; Su et al.
2023; Mitchell et al. 2023) to measure the relationship be-
tween a given text and the distribution of generative mod-
els. These methods all rely on the premise that LLMs gen-
erate tokens with higher confidence, reflected in elevated
log probabilities. By statistically analyzing log probabilities,
effective differentiation can be achieved. Contemporaneous
study Mao et al. (2024) fails to reveal the “low-entropy” na-
ture specific to code. All of the above underscores the need
for a code-specific detection method from a new perspective.

Methodology
Problem Definition. We focus on the zero-shot synthetic
code detection problem, where the task is to determine
whether a code snippet x is generated by an LLM or written
by a human. In this context, “zero-shot” implies that we do
not require a labeled dataset of synthetic and human-written
code for training. Unlike previous zero-shot approaches that
assume a “white-box” setting with access to the genera-
tive model’s log probability scores, we argue that this as-
sumption is too strong for practical synthetic code detection.
Many commercial LLMs provide only the generated con-
tent, without revealing the underlying log probability scores.
Therefore, we investigate the more stricter “black-box” set-
ting, where only the generated content is available.

Algorithm 1: Zero-shot Synthetic Code Detection
Input: x: code snippet, G: generative model,
M: similarity model, m: number of rewriting, ϵ: threshold.
Output: true: x is generated by G,
false: x is not generated by G.

1: // generate m rewriting of x.
2: x′

i ∼ G(· | x), i ∈ [1...m]
3: // estimate the similarity score.
4: score← 1

m

∑
i

M(x)·M(x′
i)

T

∥M(x)∥2×∥M(x′
i)∥2

.
5: if score > ϵ then
6: return true // x is generated by G.
7: else
8: return false // x is not generated by G.
9: end if

Intuition and Hypothesis. Distinctively, we adopt a holis-
tic and global perspective, grounded in the intuition that ev-
ery programmer develops a unique coding style, shaped by
their routines and habits. Similarly, generative models, like
experienced programmers, exhibit distinctive coding pat-
terns influenced by the biases present in their training data.
Therefore, LLMs can be viewed as programmers with con-
sistent coding styles shaped by these inherent biases.

Therefore, based on consistent code writing patterns, we
hypothesize that when generative LLMs are tasked with
rewriting synthetic code, the differences between the rewrit-
ten and original code will be smaller compared to human-
written code. Figure 2 visually illustrates this concept.
Building on this hypothesis, we propose a zero-shot syn-
thetic code detection method that leverages Code Rewrit-
ing and Similarity Measurement. The design principle is
straightforward: for a given code snippet x, we perform
multiple code rewriting using a generative LLM G. Then,
we measure the average similarity between the rewritten
and original code using a code similarity modelM, trained
with self-supervised contrastive learning (Gao, Yao, and
Chen 2021) on unlabeled code. This average similarity score
serves as the detection metric. Our approach is outlined in
Algorithm 1, with detailed explanations of Code Rewriting
and Similarity Measurement in the following sections.

### Code:
{src_code}

### Instruction:
Please explain the functionality of

the given code, then rewrite it in
a single markdown code block. No
additional clarifications.

↪→
↪→
↪→

Figure 3: Prompt for Code Rewriting.

Code Rewriting. Given a code snippet x, we generate
a rewriting of x utilizing the chain of thought prompting
method (Wei et al. 2022). We prompt the LLM G with the
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original x, instructing it to first generate an explanation of
the code, followed by a potential rewrite x′, as shown in
Figure 3. The intermediate code explanation can help LLM
understand the original code and generate a valid rewrite ac-
cording to the explanation. To minimize noise and prevent
evasion tactics, we normalize x by removing comments and
empty lines before prompting. The LLM is instructed to re-
turn the rewritten code in Markdown format, and we remove
any in-line comments during post-processing.

Similarity Measurement. To accurately measure the sim-
ilarity between the original code and the rewritten code, we
require a code similarity modelM that can predict a simi-
larity score S for a given code pair. Code similarity learn-
ing is a pivotal research area in AI for software engineer-
ing, often centered on code representation learning. This in-
volves creating dense semantic representations using various
code structures (Feng et al. 2020; Ye et al. 2021; Wang et al.
2021; Guo et al. 2021; Wang et al. 2022; Li et al. 2022a) and
measuring similarity through vector distances. We selected
GraphCodeBERT (Guo et al. 2021) as our base model due
to its widespread adoption, availability, and extensive pre-
training on large-scale code data.

To enhance the code function-level representation of
GraphCodeBERT, we employ self-supervised contrastive
learning. Following SimCSE (Gao, Yao, and Chen 2021), we
adapt the unsupervised SimCSE method to the code domain,
using standard dropout as the data augmentation method for
contrastive learning. For a given code snippet x, we take the
last-layer hidden states of [CLS] token as code representa-
tion. During the unsupervised training stage, we introduce
an MLP layer to obtain the final representation h of x.

Formally, for a batch of input code snippets {xi}Ni=1, we
pass the batch through GraphCodeBERT twice, obtaining
two sets of embeddings, {hi}Ni=1 and {h′

i}Ni=1, each with
a different dropout mask applied. The training objective of
SimCSE is defined as:

L = − 1

N

N∑
i=1

log
esim(hi,h

′
i)/τ∑N

j=1 e
sim(hi,h′

j)/τ
(1)

Here, τ is a temperature hyperparameter set to 0.1. The term
sim(hi,h

′
i) is the cosine similarity hi·h′

i

|hi||h′
i|

.
After the unsupervised contrastive learning stage, the

MLP layer is removed, and we use only the last-layer hidden
states of the [CLS] token as the code snippet representation,
following (Gao, Yao, and Chen 2021). For a given code snip-
pet x and its rewriting x′ generated by G, we obtain the final
representations of x and x′ by feeding them into the simi-
larity modelM. It is important to note that our framework
is not tied to a specific similarity model;M can be any im-
plementation that effectively models code similarity, such as
OpenAI’s text embedding services (Greene et al. 2022).

Finally, we employ the cosine similarity function and es-
timate the expectation of the similarity score by sampling m
rewritten code, formally expressed as:

score(x) = Ex′∼G(·|x)sim(M(x),M(x′)) (2)

While a larger m can provide a more accurate estimation, it
also requires generating more rewrites. Excitingly, our ex-

periments show that using just 4 rewrites is sufficient to
achieve excellent detection performance.

Experiment Setting
Benchmarks. Due to the lack of existing benchmarks
for evaluating synthetic code detectors, we developed two
Python-based benchmarks using APPS (Hendrycks et al.
2021) and MBPP (Austin et al. 2021). To generate the syn-
thetic code, we used the natural language descriptions from
these datasets as prompts and employed four widely-used
code generation tools. For these four generation tools, we
selected two popular open-source Code LLMs, CodeLlama-
13B-Instruct (Rozière et al. 2023) and StarChat-Alpha (Tun-
stall et al. 2023), as well as two leading proprietary gen-
eration APIs, GPT-3.5-Turbo (OpenAI 2022) and GPT-4
(Achiam et al. 2024). Details are provided in Arxiv version.

Metrics. We evaluate all detectors on our benchmarks us-
ing the Area Under the Receiver Operating Characteristic
(AUROC) curve, following Mitchell et al. (2023).

Baselines. To demonstrate the effectiveness of our zero-
shot synthetic code detector, we adapt previous zero-shot AI
content detectors for general text to code content. Specifi-
cally, we consider the following zero-shot detection meth-
ods that use a surrogate model to approximate the true dis-
tribution of the generative model: log P(x) (Gehrmann, Stro-
belt, and Rush 2019), LogRank, Rank, Entropy (Mitchell
et al. 2023), LRR, NPR (Su et al. 2023), and DetectGPT
(Mitchell et al. 2023). To effectively adapt these methods for
code domain, we replaced the surrogate score models with
LLMs specifically trained on large-scale code datasets, en-
suring a fair comparison. Additionally, we compared two su-
pervised detectors against the zero-shot methods: GPTZero
(GPTZero 2023), a leading AI content detection service
trained on millions of synthetic texts from various models,
including GPT-4 and Bard, and OpenAI-Detector (OpenAI
2019), an open-source detector based on RoBERTa-large
(Liu et al. 2019) and trained on GPT-2 outputs. Detailed de-
scriptions of above baselines are shown in Arxiv version.

Detector (Rewriting) LLMs. Our approach necessitates a
rewriting LLM, G, to serve as the detector LLM. We evalu-
ate CodeLlama, StarChat-Alpha, and GPT-3.5-Turbo as de-
tector LLMs for our method while using CodeLlama and
StarChat-Alpha for baseline comparison. For code rewrit-
ing, we utilize nucleus sampling with a top-p of 0.95 and a
temperature of 0.8.

Similarity Model Training. We continue to train a code
similarity model using unsupervised SimCSE, starting from
the initial GraphCodeBERT. For the SimCSE training, we
collect thousands of code snippets from publicly available
code-related datasets as our training data. Once training is
complete, the GraphCodeBERT model is fixed for all sub-
sequent experiments. The training data, training details and
hyperparameters are provided in Arxiv version.

Experiment Results
Main Results. We list the AUROC score of all zero-shot
detectors on the APPS and MBPP benchmarks in Table
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Dataset APPS MBPP

Generators CodeLlama StarChat GPT-3.5 GPT-4 Avg. CodeLlama StarChat GPT-3.5 GPT-4 Avg.

GPTZero 52.71 56.25 53.68 58.24 55.22 59.53 60.82 57.29 61.55 59.80
OpenAI 56.32 50.08 48.48 55.81 52.67 48.81 47.40 43.31 46.44 46.49

Using CodeLlama as Detector LLM
log P(x) 66.14 59.40 64.58 59.27 62.35 50.70 53.84 63.05 53.35 55.24
LogRank 69.79 61.54 67.31 62.89 65.38 60.76 58.56 68.05 58.91 61.57
Rank 52.17 48.63 50.77 48.04 49.90 25.99 35.75 42.03 36.33 35.03
Entropy 58.91 54.71 61.49 55.87 57.75 37.22 44.90 50.88 43.40 44.10
DetectGPT 61.28 57.71 62.06 53.41 59.85 56.28 53.18 66.56 63.84 59.96
LRR 67.15 62.16 67.82 60.06 64.30 53.25 56.32 64.29 54.62 57.12
NPR 65.49 60.08 66.53 58.62 62.68 54.37 55.10 68.85 64.96 60.82

Ours m = 2 80.78 72.91 73.12 68.19 73.75 77.90 68.88 76.36 75.02 74.54
Ours m = 4 85.42 76.53 77.70 74.29 78.49 82.91 71.50 79.83 77.71 77.99
Ours m = 8 87.77 78.13 80.23 74.51 80.16 86.21 75.70 83.58 81.75 81.81

Using StarChat as Detector LLM
log P(x) 66.41 65.27 65.54 62.18 64.85 55.81 64.86 69.91 60.17 62.69
LogRank 66.95 65.81 66.74 64.25 65.93 58.69 65.31 69.56 59.55 63.28
Rank 53.85 48.24 50.37 49.77 50.56 37.24 44.48 47.97 46.47 44.04
Entropy 56.55 55.43 59.60 55.30 56.72 39.03 48.72 55.35 47.22 47.33
DetectGPT 60.92 58.23 61.52 58.62 61.26 54.41 55.74 66.49 65.02 60.42
LRR 66.55 68.91 68.45 65.88 67.45 56.80 66.74 69.87 60.16 63.39
NPR 64.47 63.60 66.43 65.00 64.88 54.20 60.00 70.43 66.17 62.70

Ours m = 2 81.93 77.23 72.46 72.89 76.13 79.68 73.79 79.28 69.24 75.50
Ours m = 4 85.51 79.24 74.58 77.35 79.17 80.61 76.44 81.05 74.67 78.19
Ours m = 8 87.24 81.35 76.28 77.84 80.68 83.67 79.00 83.17 78.04 80.97

Using GPT-3.5-Turbo as Detector LLM
Ours m = 2 77.84 81.67 79.02 79.04 79.39 66.21 77.29 83.05 83.45 77.50
Ours m = 4 78.21 82.22 82.12 78.69 80.31 67.00 78.87 85.39 82.23 78.37
Ours m = 8 78.47 82.48 83.25 80.87 81.27 67.66 79.23 86.23 84.00 79.28

Table 1: Main Results. The first two rows list the two benchmarks and their corresponding four generation tools. The subsequent
sections detail the AUROC scores of our methods, compared to seven other zero-shot detectors, using three Detector LLMs.

1. Among the seven baselines, LogRank, LRR, and NPR
are the most effective methods. However, the performance
of baseline zero-shot detectors, including log P(x), Detect-
GPT, LRR, and NPR, drops significantly on code bench-
marks compared to their reported performance on general
text detection (Mitchell et al. 2023; Su et al. 2023). This de-
cline is consistent across different generation tools and de-
tector LLMs. The primary reason, as mentioned earlier, is
that SOTA zero-shot text detectors rely on token log prob-
abilities, which are less effective for code due to their uni-
form grammatical structure and massive “low entropy” to-
kens. Additionally, we observe that baseline performance
improves when the Detector LLM and generation tool are
identical, but declines when they differ.

As shown in Table 1, our proposed methods significantly
outperform previous approaches across all four code gener-
ation tools, with a 20.5% improvement on the APPS bench-
mark and a 29.1% improvement on the MBPP benchmark.
This success is largely due to our holistic viewpoint to
detecting synthetic code, which moves beyond token-wise
scoring. By employing code rewriting and similarity mea-
surement, our method effectively addresses the limitations
of previous techniques in the code domain, leveraging the
consistent coding style of LLMs and their tendency to gen-

erate the most confident, likely code. Notably, our method
achieves strong detection performance with just two rewrit-
ings for estimating similarity. Increasing the number of
rewritings (m = 4 or m = 8) further enhances performance.

Effectiveness of Detector LLM. We observe that GPT-
3.5-Turbo performs optimally as the detector LLM for iden-
tifying code generated by StarChat, GPT-3.5-Turbo, and
GPT-4, but not for CodeLlama. The best detection results
for CodeLlama-generated code are achieved when using
CodeLlama itself as the detector. This is likely because
StarChat is fine-tuned on an instruction dataset distilled
from GPT-3.5-Turbo and GPT-4, leading to a closer distri-
bution among these three models. In contrast, CodeLlama,
trained on a dataset derived from self-instructing Llama-
2 (Touvron et al. 2023b), exhibits a different distribution,
explaining GPT-3.5-Turbo’s suboptimal performance in de-
tecting CodeLlama-generated code. Regarding the superior
performance of GPT-3.5-Turbo over StarChat in detecting
StarChat-generated code, we found that StarChat tends to
oversimplify rewrites for complex problems, whereas GPT-
3.5-Turbo provides more accurate and complete rewrites.

Comparison to Supervised Detector. The first two rows
in Table 1 display the results of the supervised detectors,
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GPTZero and OpenAI-Detector. Despite being trained on
millions of labeled samples, GPTZero and OpenAI-Detector
perform no better than random guessing when applied to
code content. This suggests that these supervised detectors
may overfit to their training distribution and struggle to gen-
eralize to new domains without adaptive tuning. In contrast,
our proposed zero-shot detection methods show strong gen-
eralization across different code distributions and outper-
form the supervised detectors.

Ablation Study. We conducted an ablation experiment to
assess the contributions of the two primary components in
our design: Code Rewriting and Similarity Measurement.
We considered two ablation settings: First, replacing the
Code Rewriting with in-fill perturbation following Detect-
GPT (Mitchell et al. 2023) while retaining the Similar-
ity Measurement (Sim); Second, retaining Code Rewriting
(CR) and replacing the Similarity Measurement with token-
wise score difference (LogProb, LogRank, Rank and En-
tropy). The results are presented in Table 2.

Dataset APPS

Generators CodeLlama StarChat GPT-3.5 GPT-4

CR + LogProb 57.29 46.70 50.58 55.13
CR + LogRank 75.28 64.76 75.85 67.69
CR + Rank 62.34 55.42 60.59 59.34
CR + Entropy 60.39 59.42 68.20 59.35
Perturb + Sim 74.55 71.55 74.23 53.43

CR + Sim 87.77 76.96 80.23 74.51

Table 2: Ablation Study. All results are reported when using
CodeLlama as the Detector LLM.

The ablation results indicate that our “CR + Sim” method
significantly enhances the detection performance. Replacing
either Code Rewriting or Similarity Measurement leads to a
noticeable decrease in performance, underscoring the impor-
tance of these two components.

Deeper Analysis
To further explore the effectiveness and robustness of our
methods, we conducted comprehensive experiments to eval-
uate performance across various settings and scenarios. All
experiments in this section are conducted using GPT-3.5-
Turbo as the generation tool.

Choice of Similarity Model. In the Methodology section,
we exploit self-supervised contrastive learning to train a bet-
ter code similarity model based on GraphCodeBERT (GCB-
SimCSE). To investigate the impact of the Similarity Model,
we experiment with three other variants of code similarity
models: UniXcoder (Guo et al. 2022) trained by SimCSE
(Unix-SimCSE), the original GraphCodeBERT model with
average pooling (GCB-avg) and OpenAI’s text embedding
service (Text-ada-002) (Greene et al. 2022). The results on
the APPS benchmark are listed in Table 3. While Unix-
SimCSE achieves the highest performance, the other three
models still outperform previous zero-shot detectors.

Detectors CodeLlama StarChat GPT-3.5

Unix-SimCSE 81.21 77.84 86.37
GCB-SimCSE 80.23 76.28 83.25
GCB-avg 72.79 70.95 72.22
Text-ada-002 70.18 69.29 76.48

Table 3: Choice of different similarity models. We use
CodeLlama, StarChat and GPT-3.5-turbo as Detector LLMs.

These findings suggest that our method is not reliant on a
single similarity model. Additionally, since UniXcoder is an
enhanced version of GraphCodeBERT, the superior perfor-
mance of Unix-SimCSE over our original GCB-SimCSE in-
dicates that detection performance can be further improved
by using a stronger and more robust similarity model.

Impact of Decoding Strategy. Adjusting the temperature
parameter in LLMs balances output diversity and accuracy,
with lower temperatures yielding more deterministic and
consistent results, while higher temperatures produce more
varied and creative outputs. To investigate this, we con-
ducted experiments on the APPS and MBPP benchmarks,
varying the generator temperature from [0.2, 0.4, 0.8] while
keeping the rewriting temperature fixed at 0.8. This range
was chosen based on the Codex (Chen et al. 2021), which
found T = 0.2 and T = 0.8 optimal for pass@1 and
pass@100 rates, respectively. The results in Figure 4 demon-
strate that our method exhibits superior consistency across
different temperatures.

Figure 4: Impact of Decoding Strategy.

Generalizability to Different Programming Languages.
To assess the generalizability of our method to different
programming languages, we construct an additional C++
benchmark using the Code Contest dataset (Li et al. 2022b).
We generate synthetic code using the same four-generation
tools. The detection performance on C++ is presented in
Table 4. Our method still achieves notable improvement
compared to other zero-shot baselines on C++ benchmarks.
Moreover, we observe that synthetic C++ code is easier to
detect for both our method and other baselines compared to
Python, suggesting a more significant distribution gap be-
tween synthetic and human-written C++ code.

Detecting Revised Synthetic Code. In real-world scenar-
ios, developers may revise synthetic code before using it,
raising the question of whether zero-shot synthetic code de-
tectors remain effective after revisions. We focus on the

973



Dataset Code Contest C++

Generators CodeLlama StarChat GPT-3.5 GPT-4

log P(x) 67.82 61.92 73.55 69.40
LogRank 59.35 57.12 66.68 62.43
Rank 54.67 52.19 60.29 54.21
Entropy 43.83 39.52 53.74 55.50
DetectGPT 62.99 60.45 75.47 64.05

Ours m = 8 89.87 83.42 90.82 88.85

Table 4: Detection Results on C++. All results are reported
when using CodeLlama as the Detector LLM.

most straightforward code modification: identifier renaming,
which doesn’t alter the code’s functionality and requires no
understanding of its logic. To simulate this, we extracted all
identifiers and randomly replaced 10%, 20%, and 50% of
them with “vari”. We then evaluated the zero-shot detec-
tors on the revised synthetic code to observe performance
changes as the fraction of replaced identifiers increased. The
results, shown in Figure 5, reveal that detector performance
declines as the replacement fraction increases, degrading to
random guessing at 50% replacement. However, our method
consistently outperforms all others across all levels of re-
placement. This can be attributed to GPT-3.5-Turbo and
StarChat’s tendency to restore “var i” to variable names
that contain code semantics, resulting in a lower similarity
between the rewritten code and the revised synthetic code
compared to the similarity between the rewritten code and
the original synthetic code. One possible straightforward so-
lution is initially using Code LLMs to restore all variable
names and then applying our algorithm to detect the recov-
ered code. We consider detection in this or more complex
adversarial scenarios as a focus for future work.

Figure 5: Detecting Revised Synthetic Code.

Impact of Code Correctness. We consider that the dis-
tribution of correct code solutions likely differs from in-
correct ones since the correct synthetic code may much
closer to human-written code, making it more difficult to
detect. To explore the impact of code correctness, we sepa-
rately present the detection AUROC for correct and incorrect
codes on the MBPP benchmark using CodeLlama as De-

tector LLM, as shown in Figure 6. The results indicate that
detecting correct code is more challenging than detecting in-
correct code, both with our method and baselines. Nonethe-
less, our method consistently outperforms baselines when
dealing with correct code.

Figure 6: Impact of code correctness.

Choice of m. In our primary experiment, we set the num-
ber of rewriting m in the range of [2, 4, 8] due to limited
computational resources. However, increasing m can reduce
randomness in code sampling and enhance the accuracy of
expectation estimation. To investigate this, we conducted
experiments by setting the maximum value of m to 32 on
the APPS and MBPP benchmarks and plotted the AUROC
against changes of m in Figure 7. The result indicates that
the detection performance increases with m with slight fluc-
tuation and saturates around 20 - 32 rewrites.

Figure 7: Choice of m. CodeLlama is used as Detector LLM.

Conclusion
In this paper, we identified the limitations of applying syn-
thetic content detectors designed for general text to code
domain and proposed a novel zero-shot synthetic code de-
tector based on code rewriting and similarity measurement.
Our approach leverages the similarity between rewritten and
original code as a key indicator for detecting synthetic code.
This method effectively addresses the challenges posed by
the prevalence of “low-entropy” tokens in the code domain.
Extensive experiments and analyses demonstrate the supe-
rior performance and robustness of our method compared to
other detectors in identifying synthetic code.
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