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Abstract
The proliferation of high-quality text from Large Lan-
guage Models (LLMs) demands reliable and efficient detec-
tion methods. While existing training-free approaches show
promise, they often rely on surface-level statistics and over-
look fundamental signal properties of the text generation pro-
cess. In this work, we reframe detection as a signal pro-
cessing problem, introducing a novel paradigm that analyzes
the sequence of token log-probabilities in the frequency do-
main. By systematically analyzing the signal’s spectral prop-
erties using the global Discrete Fourier Transform (DFT)
and the local Short-Time Fourier Transform (STFT), we find
that human-written text consistently exhibits significantly
higher spectral energy. This higher energy reflects the larger-
amplitude fluctuations inherent in human writing compared
to the suppressed dynamics of LLM-generated text. Based on
this key insight, we construct SpecDetect, a detector built on a
single, robust feature from the global DFT: DFT total energy.
We also propose an enhanced version, SpecDetect++, which
incorporates a sampling discrepancy mechanism to further
boost robustness. Extensive experiments show that our ap-
proach outperforms the state-of-the-art model while running
in nearly half the time. Our work introduces a new, efficient,
and interpretable pathway for LLM-generated text detection,
showing that classical signal processing techniques offer a
surprisingly powerful solution to this modern challenge.

Code — https://github.com/luohaitong/SpecDetect

1 Introduction
Recent advancements in Large Language Models (LLMs)
have enabled the generation of high-quality text that is often
indistinguishable from human writing (Crothers, Japkowicz,
and Viktor 2023). While beneficial, this capability poses sig-
nificant challenges related to potential misuse, including the
spread of misinformation (Opdahl et al. 2023; Fang et al.
2024) and threats to academic integrity (Else 2023; Currie
2023), which underscore the urgent need for reliable LLM-
generated text detection methods.
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Intelligence (www.aaai.org). All rights reserved.

(a) Time-Domain Signal(Log-
Probability)

(b) Frequency-Domain Spec-
trum

Figure 1: Comparison of a representative human vs. LLM-
generated sample (XSum dataset, LLaMA3-8B as source
model, GPT-J-6B as proxy model), showing both time-
domain signals and the frequency-domain spectrum.

In contrast, training-free methods offer improved robust-
ness by analyzing intrinsic statistical discrepancies. These
approaches implicitly operate on the premise that human
writing possesses a greater “generative vitality”, which is
characterized by more dynamic and unpredictable fluctua-
tions in the token probability sequence, than the more con-
strained output of LLMs. Various methods attempt to model
this vitality, evolving from simple global statistics to more
sophisticated modeling of the sequence itself, such as treat-
ing it as a time series to capture local fluctuations (Xu et al.
2024). Nevertheless, a key limitation of these time-domain
methods is their inability to fully capture the essence of this
vitality. This is because the raw, token-by-token probabil-
ity sequence is often noisy and volatile, making it difficult
to distinguish fundamental structural patterns from local,
stochastic variations. Consequently, these methods often de-
pend on complex, multi-stage feature engineering pipelines
that are sensitive to hyperparameters. This highlights the
need for an approach that can effectively capture the sub-
tle differences between human and LLM-generated text in a
manner that is both conceptually simple and free from sen-
sitive parameterization.
In this work, we diverge from the time domain to propose

a novel frequency-domain paradigm for LLM-generated
text detection. We hypothesize that the essential differ-
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ence between human and machine text lies in the dy-
namic range of its token probability fluctuations, a prop-
erty we term “generative vitality”. We introduce SpecDe-
tect(Spectral Detector), a training-free detector that opera-
tionalizes this idea by treating the log-probability sequence
as a signal and analyzing its spectral properties. The power
of a frequency-domain transformation lies in its ability to de-
compose a signal into its constituent components based on
their rate of fluctuation. This process converts the complex
time-domain signal into a more structured frequency spec-
trum, allowing for a precise quantification of its energy and
making the hypothesized differences between human and
machine text easier to measure. As visualized in Figure 1,
this analysis reveals a distinct and consistent separation. The
spectrum of human-written text exhibits frequency compo-
nents with significantly larger magnitudes, which translates
to higher overall spectral energy. This provides a direct and
robust measure of the greater “generative vitality” inherent
in human writing.
Our analysis further reveals that a single, hyperparameter-

free feature, the DFT Total Energy, serves as a powerful
discriminator. This metric effectively quantifies the sup-
pressed “generative vitality” of LLM text, which stems
from the models’ inherent constraint of sampling from high-
probability token distributions (Holtzman et al. 2019), a
stark contrast to the unconstrained nature of human expres-
sion. Our approach, grounded in classical signal process-
ing theory, is exceptionally simple and computationally ef-
ficient. Extensive experiments validate our method, demon-
strating that SpecDetect and its sampling-based extension,
SpecDetect++, achieve a superior combination of effective-
ness and efficiency. Notably, our method outperforms the
latest state-of-the-art model with significantly lower com-
putational cost. Our main contributions are:

• We are the first to robustly capture the fundamental dif-
ference between human and LLM-generated text in the
frequency domain, providing a more essential perspec-
tive than prior time-domain analyses.

• We propose a detector based on a single, hyperparameter-
free spectral feature, the DFT Total Energy, that is sim-
pler and faster than current state-of-the-art methods.

• We empirically demonstrate our method sets a new state-
of-the-art in the effectiveness-efficiency trade-off, out-
performing the prior SOTA at half the runtime.

2 Related Work
2.1 Detection of LLM-Generated Text
Existing detection approaches are broadly categorized into
training-based and training-free methods. Training-based
detectors learn a classifier (Bhattacharjee et al. 2023; Li
et al. 2023; Tian et al. 2023) but often suffer from poor
generalization to out-of-distribution data (Uchendu et al.
2020; Chakraborty et al. 2023). To overcome this, training-
free methods identify intrinsic statistical differences be-
tween human andmachine text. These methods have evolved
significantly, beginning with simple global statistics like
average Log-Likelihood and Log-Rank (Solaiman et al.

2019). A major advancement is the distributional discrep-
ancy paradigm, pioneered by DetectGPT (Mitchell et al.
2023), which contrasts original text with its perturbed ver-
sions, though often at a high computational cost. Subsequent
work like Fast-DetectGPT (Bao et al. 2023) has aimed to
improve the efficiency of this approach. More recently, the
state-of-the-art method, Lastde (Xu et al. 2024), introduces
a time-series perspective to analyze the token probability se-
quence. However, its innovative approach relies on a com-
plex, multi-stage feature engineering pipeline with sensitive
hyperparameters, suggesting that a simpler, more fundamen-
tal signal has yet to be found. Our work diverges from this
time-domain analysis, proposing that this essential distinc-
tion lies in the frequency domain.

2.2 Frequency-Domain Methods in NLP
Frequency-domain analysis is a cornerstone of signal pro-
cessing and has been applied to NLP tasks like sentiment
analysis (Chakraborty 2022) and to efficiently approximate
self-attention in Transformers (Lee-Thorp et al. 2021). How-
ever, to our knowledge, no prior work has applied spectral
analysis to the token probability sequence for LLM text de-
tection. Our work is the first to bridge this gap, demonstrat-
ing that a direct frequency-domain analysis can reveal fun-
damental and highly discriminative features.

3 The SpecDetect Method
In this section, we introduce our proposed method, SpecDe-
tect. Our approach is grounded in a frequency-domain anal-
ysis of the token probability sequence, from which we de-
rive and systematically evaluate a suite of candidate spec-
tral features. Based on this investigation, which identifies
DFT Total Energy as the most robust indicator, we formally
define two detectors: the simple, single-feature SpecDetect
and its sampling-based extension, SpecDetect++. The over-
all pipeline of our method is illustrated in Figure 2.

3.1 Frequency-Domain Analysis
A Signal Processing Perspective. Our analysis begins
with the core intuition that human and machine writing dif-
fer in “generative vitality.” Human text, with its surprising
word choices, produces high-amplitude fluctuations in its to-
ken probability sequence. In contrast, LLMs are fundamen-
tally constrained to a high-probability vocabulary (Holtzman
et al. 2019), resulting in lower-amplitude variations. While
present in the time domain, these amplitude differences are
obscured by the signal’s noisy nature. We hypothesize that
the frequency domain provides a more effective means to
quantify these fundamental fluctuation patterns.
To test this, we adopt a novel perspective: we treat the

token probability sequence as a signal. Given an input text
x = (x1, . . . , xn) and a proxy LLM Mω, we first obtain the
token log-probability sequence l(x) = (l0, l1, . . . , ln→1).
Each element li is the log-probability of the (i + 1)-th to-
ken xi+1, which is calculated as:

li = logPω(xi+1 | x<i+1). (1)
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Figure 2: The overall framework of the SpecDetect method. The process consists of three main stages: (1) Inference to obtain
the token probability sequence, (2) Frequency-domain transformation to compute the DFT Total Energy, and (3) Scoring to
make a final classification.

Here, Pω is the probability distribution of the language
model parameterized by ω, and x<i+1 represents the pre-
ceding context tokens (x1, . . . , xi). We regard this sequence
l(x) as a discrete-time signal. To focus on its dynamic fluc-
tuations, we make the signal zero-mean: l↑(x) = l(x) → µl,
where µl is the mean of the sequence l(x).

Spectral Feature Extraction. We hypothesize a key dif-
ference between human and machine-generated text lies in
the dynamic fluctuations of their token log-probabilities. To
characterize these (e.g., amplitude and speed), we analyze
the log-probability sequence as a frequency-domain signal,
moving beyond individual token probabilities to examine its
overall structure. We adopt two complementary tools: the
Discrete Fourier Transform (DFT) (Holtzman et al. 2019)
for a global view and the Short-Time Fourier Transform
(STFT) (Griffin and Lim 1984) for a local perspective.
The DFT provides a global view by decomposing

the zero-mean log-probability sequence l↑(x) into con-
stituent frequency components, revealing dominant fre-
quencies across the text. For a real-valued input, it pro-
duces a symmetric sequence of complex numbers X =
(X0, . . . , Xn→1), where:

Xk = F(l↑)k =
n→1∑

m=0

l↑
m
e→j

2ω
n km, (2)

with F as the DFT operator and k as the frequency index.
Xk is a complex value and Pk = |Xk|2 denotes energy at
frequency k. We focus on the first n/2 components since
they contain all the unique frequency information.
In contrast, the STFT offers a local perspective by com-

puting DFT over short, overlapping windows, revealing how
frequency content evolves from beginning to end. Formally:

S(f, t) =
L→1∑

m=0

l↑
t+m

wme→j
2ω
L fm, (3)

where f is the frequency index, t is the token position, and
wm is a window function. Here we use a Hann window (Shi-
mauchi and Ohmuro 2014) of length L = 20 and hop size

h = 10. |S(f, t)|2 represents the energy of each frequency
at each time window.
From the spectral transformations, we extract two feature

categories: energy-based features and frequency-based fea-
tures. Specifically, as energy directly reflects the magnitude
of sequence fluctuations, the energy-based features below
quantify the amplitude of log-probability fluctuations:
• DFT Total Energy (EDFT ): Measures total fluctuation
intensity by summing energy across all frequency com-
ponents: EDFT =

∑n/2
k=0 Pk. A higher value indicates

greater overall variation.
• STFT Total Energy (ESTFT ): Measures total lo-
cal fluctuation intensity by aggregating spectral energy
across all time windows and frequencies: ESTFT =∑

T→1
t=0

∑
L→1
f=0 |S(f, t)|2. A higher value suggests larger

cumulative local fluctuations.
• Mean Spectral Flux (F spec): Captures energy “flu-
idity” via the change in local spectra: F spec =

1
T→1

∑
T→1
t=1

∑
f
|S(f, t) → S(f, t → 1)|. A lower value

indicates more stable, self-similar signals over time.
Frequency-based features, by contrast, characterize the

shape and complexity of the spectrum, which correspond to
the speed and dynamics of the signal’s fluctuations:
• Spectral Centroid (Cspec): Identifies the spectrum’s
“center of mass” (average fluctuation speed): Cspec =
∑n/2

k=0 k·Pk∑n/2
k=0 Pk

. Higher values indicate faster variations.

• Spectral Entropy (Hspec): Measures global spectrum
uniformity: Hspec = →

∑n/2
k=0 Pk log2(Pk). A lower

value signifies energy concentration in fewer frequencies
(more predictable/less complex signals).

• Spectral Entropy Variance (VHspec ): Measures stabil-
ity of complexity over time (variance of local spectral
entropy): VHspec = Vart[Hspec(t)] where Hspec(t) =

→
∑

L→1
f=0 S(f, t) log2(S(f, t)). Lower values indicate

more consistent frequency distribution across windows.
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Figure 3: Distributions of spectral features for human and LLM-generated text across different datasets and source models. The
top row displays energy-based features (EDFT , ESTFT , F spec), while the bottom row shows frequency-based features (Cspec,
Hspec, VHspec ). The visualization clearly demonstrates that energy-based features provide a strong and consistent separation
between the two classes, whereas the distributions for frequency-based features show significant overlap.

These spectral metrics enable comprehensive quantitative
analysis of human and LLM-generated texts.

Analysis and Selection of Spectral Features. To sys-
tematically explore spectral differences between human
and LLM-generated text, we analyze three datasets: XSum
(Narayan, Cohen, and Lapata 2018), Reddit ELI5 (Fan
et al. 2019), and WritingPrompts (Fan, Lewis, and Dauphin
2018). Using source models GPT-J (Wang et al. 2023),
LLaMA3-8B (AI@Meta 2024), and GPT-4-Turbo (Achiam
et al. 2024) (with GPT-J as proxy), we test both white-box
(GPT-J) and black-box (LLaMA3-8B, GPT-4-Turbo) condi-
tions. Figure 1 shows a sample pair for intuition (STFT vi-
sualizations in Appendix Figure 10), suggesting human text
has a more volatile time-domain signal, with a spectrum of
significantly higher overall energy.
To verify this observation statistically, we evaluate our

candidate features by visualizing their distributions in Fig-
ure 3. The results reveal a decisive pattern. The frequency-
based metrics, which characterize the speed of fluctuations,
show substantial overlap between human and LLM text.
This suggests that due to sampling strategies like top-k,
LLMs can produce variations in token choice at a speed that
is not distinctly different from that of human writing.
However, the energy-based metrics consistently and

significantly separate the two classes. This confirms our
core hypothesis. Because LLM decoding is largely restricted
to a narrow set of high-probability tokens (Holtzman et al.
2019), the amplitude of its log-probability fluctuations is in-
herently constrained and much smaller than the wider, more
varied fluctuations found in human text. This low-amplitude
signature is a fundamental artifact of the generation process.
Given that the energy-based metrics are most effective, we

perform a Pearson correlation analysis to understand their
relationships. The analysis reveals that all three metrics
are highly correlated with one another: the correlation
between the global EDFT and the local ESTFT is excep-
tionally high (0.97), and both are also strongly correlated

with the Mean Spectral Flux, F spec (0.89 and 0.94, respec-
tively). This strong linear relationship suggests that all three
features capture the same underlying low-amplitude phe-
nomenon and are therefore largely redundant. Given this in-
formational redundancy, and in accordance with the princi-
ple of parsimony, we select the DFT Total Energy (EDFT )
as our single robust feature, as it is a global, hyperparameter-
free, and the simplest of the three metrics.

3.2 The Proposed Detector: SpecDetect
Based on our frequency-domain analysis, we propose
SpecDetect, a simple and training-free detector. As shown
in Figure 2, the detection process follows three main steps:
1. Signal Generation: For a given candidate text x, re-

trieve its zero-mean log-probability sequence, l↑(x), us-
ing a proxy modelMω.

2. Spectral Feature Calculation: Apply the DFT to the
signal to convert it to the frequency domain and com-
pute its DFT total energy, EDFT =

∑n/2
k=0 |Xk|2, where

Xk is the k-th component of the DFT output.
3. Scoring and Descision:Use the DFT total energyEDFT

as the final detection score. A higher score indicates a
greater likelihood that the text is human-written.

The entire process of deriving the SpecDetect score S(x)
from l(x) can be concisely summarized as:

S(x) =

n/2∑

k=0

|F(l(x)→ µl)k|2 (4)

where µl is the mean of the sequence l(x), andF denotes the
Discrete Fourier Transform operator. Following prior work
(Bao et al. 2023; Xu et al. 2024), we treat the output score
S(x) as the likelihood of text being human-written. For a se-
quence of length n, the naive DFT has a time complexity of
O(n2), but its efficient implementation via the Fast Fourier
Transform (FFT) (Cooley and Tukey 1965) reduces this to
O(n log n), ensuring computational efficiency.
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Method GPT-2 Neo-2.7 OPT-2.7 LLaMA-13 LLaMA2-13 LLaMA3-8 OPT-13 BLOOM-7.1 Phi-4 Qwen3-8 Claude-3 GPT4-Turbo Avg.
sample-based

Likelihood 0.6645 0.6710 0.6740 0.6575 0.6861 0.9730 0.6880 0.6180 0.7185 0.9838 0.9838 0.7970 0.7596
LogRank 0.7076 0.7116 0.7228 0.7030 0.7264 0.9789 0.7297 0.6749 0.7756 0.9871 0.2104 0.7920 0.7267
Entropy 0.6123 0.5866 0.5454 0.4913 0.4517 0.2028 0.5308 0.6084 0.3910 0.2840 0.9858 0.3510 0.5034
DetectLRR 0.7916 0.7921 0.8188 0.7850 0.7882 0.9603 0.8013 0.7955 0.7662 0.9710 0.9777 0.7384 0.8322
Lastde 0.9011 0.9040 0.8989 0.8068 0.8019 0.9851 0.8990 0.8834 0.7353 0.9654 0.9893 0.7609 0.8776
SpecDetect 0.9078 0.9171 0.9118 0.8051 0.8090 0.9761 0.9005 0.8781 0.7773 0.9783 0.9833 0.8054 0.8875

distribution-based

DetectGPT 0.6933 0.7683 0.6775 0.6483 0.6925 0.7550 0.7342 0.5767 0.7733 0.8275 0.9308 0.7525 0.7358
DetectNPR 0.7133 0.7683 0.6817 0.6808 0.7167 0.9450 0.7300 0.6367 0.7575 0.9383 0.9542 0.7758 0.7749
DNA-GPT 0.6254 0.6295 0.6362 0.6029 0.6649 0.9581 0.6777 0.6254 0.7250 0.9558 0.9592 0.6860 0.7288
Fast-DetectGPT 0.8967 0.8874 0.8651 0.7758 0.7761 0.9724 0.8616 0.8458 0.7992 0.9877 0.9996 0.8818 0.8791
Lastde++ 0.9463 0.9543 0.9395 0.8517 0.8556 0.9842 0.9350 0.9215 0.8534 0.9720 0.9994 0.8818 0.9246
SpecDetect++ 0.9518 0.9587 0.9465 0.8636 0.8643 0.9686 0.9360 0.9333 0.8289 0.9867 0.9896 0.8833 0.9259

Table 1: Detection AUC under black box scenarios, with values averaged across three datasets: XSum, WritingPrompts, and
Reddit. The last column (“Avg”) denotes the mean AUC across all source models, calculated over the three datasets. Best and
second-best results are highlighted in bold and underline, respectively.

3.3 Extension with Sampling: SpecDetect++
To further enhance robustness, we introduce SpecDetect++,
including a sampling discrepancy method similar to previ-
ous work (Bao et al. 2023). The core intuition is that LLM
text scores are typical within their LLM-generated variation
distribution, while human text scores act as outliers.
To formalize this, for a given text x and a proxy model

Mω, we first consider a distribution of contrastive samples
{x̃}. Following (Xu et al. 2024), we generate these samples
using the same model, such that x̃ ↑ Mω(·|x). We then com-
pute the mean µS and variance ε2

S
of the base SpecDetect

scores, S(x̃), over this sample distribution. Formally, these
statistics are the expectations:
µS = Ex̃↓Mε [S(x̃)] and ε2

S
= Ex̃↓Mε [(S(x̃)→ µS)

2].

With the mean and standard deviation of the sample distri-
bution, the final SpecDetect++ score for the original text,
S++(x), is calculated as its z-score:

S++(x) =
S(x)→ µS

εS

,

where S(x) is the base SpecDetect score of the original text.
In practice, µS and εS are estimated by generating a finite
number of samplesN . This normalization sharpens the clas-
sification boundary and improves robustness against adver-
sarial attacks by amplifying the intrinsic differences between
human and machine-generated text.

4 Experiments
4.1 Experimental Setup
Datasets. We evaluate our methods on a diverse suite of
datasets, following the configurations of prior work (Bao
et al. 2023; Xu et al. 2024). Our experiments are con-
ducted in two settings: a white-box scenario using the XSum
(Narayan, Cohen, and Lapata 2018), SQuAD (Rajpurkar
et al. 2016), and WritingPrompts (Fan, Lewis, and Dauphin
2018) datasets, and a more realistic black-box scenario us-
ing XSum, Reddit ELI5 (Fan et al. 2019), and Writing-
Prompts. To assess performance on other languages, our
analysis also includes two non-English datasets: WMT16-
De (German) (Bojar et al. 2016) and Zhihu-Economy (Chi-
nese) (Xu et al. 2024). In all cases, LLM-generated text is

created by prompting source models with the initial 30 to-
kens of each human-written example, ensuring the human
and machine-generated texts have matching lengths. More
details are in Appendix A.2.

Models. We evaluate our methods under two distinct sce-
narios: white-box and black-box. Following previous work
(Xu et al. 2024), the white-box setting assumes that the
proxy model used for detection is the same as the source
model that generated the text. In contrast, the more chal-
lenging and realistic black-box setting assumes that the de-
tector does not have access to the source model. Therefore,
a different proxy model must be used. For each setting, we
test against a diverse set of 12 source models, encompassing
a wide range of open-source architectures and state-of-the-
art closed-source models. Unless otherwise specified, the
open-source GPT-J-6B serves as the sole proxy model for
all black-box tasks. Detailed specifications for all models are
provided in Appendix A.3.

Baselines. We compare our approach against 10 training-
free baselines, which are divided into two groups (see Ap-
pendix A.1 for full details). Sample-based methods directly
use token statistics for scoring and include Log-Likelihood
(Solaiman et al. 2019), LogRank (Solaiman et al. 2019), En-
tropy (Gehrmann, Strobelt, and Rush 2019; Ippolito et al.
2019), DetectLRR (Su et al. 2023), and Lastde (Xu et al.
2024). In contrast, distribution-based methods score text by
contrasting it with generated samples and include Detect-
GPT (Mitchell et al. 2023), DetectNPR (Su et al. 2023),
DNA-GPT (Yang et al. 2023), Fast-DetectGPT (Bao et al.
2023), and Lastde++ (Xu et al. 2024). Consistent with prior
work (Xu et al. 2024), we use AUC as the evaluation metric
and set the sampling number for SpecDetect++ to 100.

4.2 Effectiveness-Efficiency Trade-Off
Detection Performance. We primarily evaluate our meth-
ods in the black-box setting, which most closely mirrors
real-world applications, though comprehensive white-box
results are also provided in Appendix B.3 for complete-
ness. Table 1 presents the average detection AUC across
three datasets, while the detailed per-dataset results can be
found in Appendix B.2. Our analysis demonstrates that the
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Figure 4: Efficiency comparison of detection methods. Run-
times are averaged per sample (in milliseconds) and labeled
on each bar. The bars for perturbation-based methods with
extremely long runtimes have been truncated.

SpecDetect framework establishes a new state-of-the-art in
both categories of training-free detection.
Among single-pass, sample-based methods, our base de-

tector, SpecDetect, consistently outperforms the previous
SOTA, Lastde. As shown in Table 1, SpecDetect achieves a
higher average AUC (0.8875 vs. 0.8776) and shows partic-
ular strength against a wide range of architectures, includ-
ing both older models (e.g., GPT-2, Neo-2.7) and modern
closed-source models like GPT-4 Turbo. This highlights the
broad generalizability of our spectral energy feature.
In the more powerful distribution-based category, our en-

hanced method, SpecDetect++, also achieves state-of-the-
art performance. It surpasses the prior SOTA, Lastde++,
with a higher average AUC (0.9259 vs. 0.9246) and demon-
strates more consistent, robust detection across the majority
of tested models. This is a critical advantage for real-world
scenarios where the source model is unknown. In summary,
SpecDetect and SpecDetect++ each set a new state-of-the-
art in their respective classes, offering an unparalleled com-
bination of performance for training-free detection.

Efficiency Analysis. Beyond detection accuracy, compu-
tational efficiency is a critical requirement for any practical
detector. To evaluate this, we measure the average inference
time per sample for each method under a specific black-box
condition: detecting text generated by GPT-4-Turbo on the
XSum dataset, using GPT-J-6B as the proxy model. All run-
times were measured on a single NVIDIA H800 GPU.
The results, visualized in Figure 4, clearly show that our

methods achieve high performance at a significantly lower
computational cost. Specifically, our base method SpecDe-
tect is 16.4% faster than its main competitor, Lastde. More
strikingly, our enhanced method, SpecDetect++, is nearly
twice as fast as the SOTAmodel Lastde++. The results show
that our method achieves superior performance at approxi-
mately half the computational cost of the latest SOTA.

Trade-off Comparison. A critical aspect of a practical de-
tector is its ability to balance high performance with compu-
tational efficiency. To visualize this trade-off, we plot the
average black-box detection AUC against the average infer-
ence runtime for each method, with the results presented in
Figure 5. The ideal detector is located in the bottom-right
corner, representing both high accuracy and low runtime.
Our methods demonstrate a superior performance-

Figure 5: Performance vs. Efficiency trade-off. The x-axis
represents detection performance (AUC), and the y-axis
represents average runtime (in milliseconds). Methods are
grouped by category using marker shapes, and our proposed
methods are highlighted in red. Several methods (i.e., En-
tropy, DetectGPT, DetectNPR, DNA-GPT) are excluded as
outliers due to non-competitive performance or prohibitive
runtimes. The coordinates for Lastde++ are explicitly la-
beled because its runtime exceeds the y-axis range.

Figure 6: Average AUC performance on paraphrased texts
under a black-box setting. Each group of bars represents a
different source model.

efficiency profile, with SpecDetect achieving the optimal
balance within the fast, sample-based category by having
the lowest runtime and a high AUC. It’s notably effective,
outperforming more complex methods like Fast-DetectGPT
despite being significantly faster. For the high-performance,
distribution-based category, our enhanced method, SpecDe-
tect++, sets a new state-of-the-art, surpassing the previous
best, Lastde++, with a higher AUC at approximately half
the computational cost. In summary, our SpecDetect frame-
work dominates the performance-efficiency landscape, of-
fering an unparalleled combination of speed and effective-
ness for training-free detectors.

4.3 Robustness and In-depth Analysis
We evaluate our method’s robustness in challenging, black-
box scenarios. Further analyses on decoding strategies and
alternative detectors are in Appendix B.7 and B.8.

Robustness to Paraphrasing Attacks. Paraphrasing at-
tacks rewrite human and LLM-generated texts to alter style
while preserving meaning, significantly degrading detector
performance (Krishna et al. 2023; Sadasivan et al. 2023).
Following previous work (Bao et al. 2023; Xu et al. 2024),
we evaluate this Robustness by using a T5-Paraphraser
(Alisetti 2021) on texts from three source models: GPT-Neo-
2.7B, LLaMA-13B, and OPT-13B. Figure 6 shows average
results across three datasets (details in Appendix Table 10).
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(a) Impact of Text Length (b) Impact of Contrast Sample
Size

Figure 7: Analysis of detector performance as a function of
(a) text length and (b) number of contrast samples.

Results highlight the robustness of our frequency-domain
approach. SpecDetect++ is highly resilient, matching state-
of-the-art Lastde++ under adversarial conditions. Notably,
our base method SpecDetect consistently outperforms base-
lines—critical evidence that its core spectral energy feature
inherently resists paraphrasing-induced changes. SpecDe-
tect’s strong performance without sampling indicates the un-
derlying spectral signature is a fundamental property of gen-
erated text, ensuring robustness against such attacks.

Impact of Text Length. Prior studies show shorter texts
are harder to detect (Verma et al. 2023; Mao et al. 2024).
We investigate this using texts generated by the LLaMA-
13B source model across the XSum, WritingPrompts, and
Reddit datasets. Since the first 30 tokens of each human-
LLM pair are identical, we evaluate on texts truncated to
lengths of 60, 90, 120, and 150 words. Figure 7(a) shows
the average AUC across these three datasets by text length,
with detailed results in Appendix B.5. Consistent with prior
work, most methods improve with longer texts. Importantly,
our SpecDetect and SpecDetect++ consistently outperform
competitors across all lengths, with the gap widening for
longer texts. This highlights that our spectral energy fea-
ture becomes increasingly powerful with signal length, un-
derscoring its fundamental robustness.

Impact of Contrast Sample Size. For distribution-based
methods, we analyze the impact of the number of contrast
samples on performance. We conduct experiments using the
BLOOM-7.1B source model, with results averaged across
three datasets. The results are in Figure 7(b) and detailed re-
sults in Appendix B.6. From the results, SpecDetect++ not
only consistently outperforms all baselines across all sample
sizes but also demonstrates remarkable sample efficiency.
Notably, SpecDetect++ with only 10 contrast samples al-
ready surpasses the performance of Lastde++ with 50 sam-
ples, and nearly matches its performance with 100 samples.
This superior sample efficiency highlights the strong and sta-
ble discriminative power of our underlying spectral energy
feature, which allows for robust detection with significantly
fewer samples, further enhancing its efficiency.

Generalization to Different Proxy Models. Proxy model
choice critically impacts black-box detection. We investi-
gate this by evaluating detectors on XSum across four differ-
ent source-proxy pairs, with results in Figure 8. While per-

Figure 8: AUC performance with different source and proxy
model pairs on the XSum dataset. Each group of bars repre-
sents a source-proxy combination.

Figure 9: Performance in two non-English scenarios: a Ger-
man task on WMT16-De (left y-axis; source: mGPT, proxy:
GPT-J) and a Chinese task on Zhihu-Economy (right y-axis;
source: Qwen-8B, proxy: Yi-1.5-6B).

formance varies significantly, confirming the challenge, our
methods demonstrate superior generalization. Our SpecDe-
tect consistently outperforms baselines by a large margin,
indicating its spectral feature is more robust to proxy mis-
match than complex time-series features. Similarly, SpecDe-
tect++ consistently outperforms other distribution-based
methods, showcasing its robustness across all tested pairs.

Performance on Non-English Datasets. To evaluate gen-
eralizability beyond English, we conduct German and Chi-
nese experiments, shown in Figure 9. Following previous
work (Xu et al. 2024), we test German on WMT16 (source:
mGPT, proxy: GPT-J) and Chinese on an economics dataset
(source: Qwen-7B, proxy: Yi-1.5-6B). The results show
our framework’s strong cross-lingual performance. Our base
method, SpecDetect, achieves top-tier AUC. The enhanced
SpecDetect++ is also highly competitive, outperforming the
SOTA Lastde++ in the German scenario, highlighting our
approach’s effectiveness in non-English settings.

5 Conclusion
We introduce SpecDetect, a novel, training-free LLM text
detector using a frequency-domain perspective. By treating
the token probability sequence as a signal, it uses a single,
hyperparameter-free feature, DFT Total Energy, to robustly
distinguish human from machine text. This method is sim-
ple and efficient. Experiments confirm SpecDetect set a new
SOTA in effectiveness-efficiency trade-off, achieving supe-
rior or comparable performance at half the computational
cost with strong robustness. This work advances LLM text
detection via classical signal processing, and future research
can explore more spectral features for fine-grained tasks.
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