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Abstract

The widespread deployment of Large Lan-
guage Models (LLMs) has spurred significant
progress in the detection of LLM-generated
text. However, existing detection methods
often rely on statistical features that are in-
sufficient for reliable detection; for exam-
ple, even though LLM-generated and human-
written texts exhibit different probability dis-
tributions in surrogate models, they can pro-
duce nearly identical entropy values, thereby
conflating the two types of text. In this pa-
per, we propose that modulating the decoding
temperature and monitoring how the probabil-
ity distributions respond can better probe the
intrinsic discrepancies between two types of
text. Building upon this insight, we introduce
a new feature termed Temperature Sensitiv-
ity (TS) and demonstrate that LLM-generated
text tends to exhibit higher TS than human-
written text. Finally, we propose NTS, a novel
and simple zero-shot detector built upon nor-
malized temperature sensitivity. Extensive ex-
periments across three datasets, multiple do-
mains, and various source models demonstrate
the superior effectiveness and robustness of
our proposed approach. Code avaliable at:
https://github.com/Shixuan-Ma/NTS.

1 Introduction

With the rapid advancement of large language mod-
els (LLMs), their powerful generative capabilities
have dramatically enhanced productivity across
various domains (Peng et al., 2023; Brynjolfsson
et al., 2025; Tang et al., 2024). Models such as
GPT-4o, Gemini and LLaMA (OpenAI et al., 2024;
Gemini Team Google, 2023; Touvron et al., 2023)
can now generate coherent and contextually appro-
priate content in response to human instructions.
However, alongside these benefits come emerging
risks, including academic misconduct (Eke, 2023),
plagiarism (Pudasaini et al., 2024), unauthorized
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(a) Probability distributions (left) and corresponding absolute 
derivatives of log-probability w.r.t. temperature (right) 

 (b) Histograms of LogPPL, Entropy  vs. Temperature Sensitivity (ours)

Entropy

LogPPL

Temperature Sensitivity (ours)

......

                      head                    middle                                 head                    middle           

Figure 1: (a) Distributions are calculated over the sur-
rogate model’s vocabulary for a specific token in each
sample (refer to Appendix D.1 for details) and then av-
eraged over 600 human-written samples from XSum
and Writing (Yu et al., 2025) and 600 LLM-generated
counterparts. The latter are produced by prompting
two models with the initial 30 tokens of each human
text. Derivative calculations are formulated in Eq. 2.
(b) Histograms of vanilla LogPPL and Entropy versus
Temperature Sensitivity (ours). The dataset used here is
identical to that in (a). The calculation of temperature
sensitivity is detailed in Section 3.2.

use (Yang et al., 2025), and the spread of misinfor-
mation (Pan et al., 2023), etc. As LLMs continue to
evolve at a rapid pace, developing more advanced
detectors for AI-generated content is crucial to en-
suring their responsible and ethical use.

Detecting LLM-generated text is typically for-
mulated as a binary classification task, aimed at de-
termining whether a given text was LLM-generated
or human-written (Mitchell et al., 2023; Hashimoto
et al., 2019). Existing detection methods are gener-
ally categorized into two major classes: supervised
detectors and zero-shot detectors. Supervised de-
tectors typically fine-tune a neural-based classifier
directly on labeled data (Guo et al., 2024; Verma
et al., 2024; Hu et al., 2023). While exhibiting
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Figure 2: Overview of the NTS pipeline.

strong in-domain performance, their generalization
capability remains an area for improvement (Tang
et al., 2024; Pu et al., 2022). In contrast, zero-shot
detectors classify text directly based on statistical
features extracted from surrogate models, requir-
ing no training and offering better generalization.
Consequently, they have become a primary focus
of current research (Su et al., 2023).

However, most existing zero-shot methods pri-
marily rely on statistical features such as vanilla
LogPPL and Entropy (Hans et al., 2024; Liu et al.,
2025), which tend to assign indistinguishable val-
ues to both LLM-generated and human-written text,
as illustrated in the left of Figure 1 (b). This is ex-
pected, as these statistics are derived from certain
reduction operations performed on the probability
distributions within surrogate models. Such reduc-
tion essentially constitutes an over-compression of
high-dimensional information, which inevitably re-
sults in significant information loss (Sabour et al.,
2017) and thereby limits the discriminative power
of these features. Nevertheless, a critical hyper-
parameter that profoundly influences these statisti-
cal features—the decoding temperature—has been
largely overlooked, yet we argue it is the key to
overcoming this limitation.

In this paper, we propose leveraging decoding
temperature as a probe to uncover the intrinsic dis-
crepancies between LLM-generated and human-
written text. Our motivation stems from a pivotal
observation: while these two types of text tend
to yield nearly identical statistics, their probability
distributions within the surrogate model remain dis-
tinct, with divergent responses when the decoding
temperature is varied. This occurs because LLMs
typically favor high-probability words during the
generation process (Mitchell et al., 2023), causing
surrogate model predictions for LLM-generated

texts to be concentrated in the head (top) of the
probability distribution. In contrast, human writ-
ing is not bound by these explicit optimization
constraints, with surrogate model predictions for
human-written texts typically falling within the
middle range of the distribution. As a result, the
magnitude of the gradient with respect to temper-
ature is typically larger for the head of the distri-
bution than for the middle portion, as illustrated
in Figure 1 (a). Building upon this insight, we in-
troduce a novel feature, Temperature Sensitivity
(TS), defined as the absolute difference in a sta-
tistical feature (e.g., LogPPL) under high versus
low decoding temperatures. Our key assertion is
that LLM-generated text exhibits higher temper-
ature sensitivity than human-written text. We
empirically verify this assertion; as shown in the
right of Figure 1 (b), LLM-generated text exhibits
significantly higher TS, facilitating a clear separa-
tion from human-written text.

Given the discriminative power of the new
feature, we present NTS, a novel and simple
zero-shot LLM-generated text detector built upon
Normalized Temperature Sensitivity based on
LogPPL, as illustrated in Figure 2. As a zero-shot
detector, NTS exhibits advantages in both compu-
tational efficiency and hyperparameter robustness.
Regarding efficiency, NTS requires only a single
forward pass of the candidate text through a single
surrogate model, coupled with a zero-cost decod-
ing temperature modulation, introducing nearly no
additional time or space cost. Concerning hyperpa-
rameter, NTS maintains consistently high detection
accuracy across a broad range of temperature com-
binations (low-T and high-T), with no significant
fluctuations in performance.

To rigorously evaluate the effectiveness and ro-
bustness of our approach, we adopt 12 state-of-
the-art baselines, comprising 7 zero-shot detectors
(e.g., IRM (Liu et al., 2025)) and 5 supervised de-
tectors, and conduct extensive experiments across
three challenging datasets (e.g., HART (Bao et al.,
2025)), utilizing LLM-generated passages in five
languages produced by over 15 generative models
across more than 12 domains. Experimental results
demonstrate the overall superior performance of
NTS across two mainstream evaluation metrics in
diverse scenarios. Furthermore, we also explore
training a classifier based on temperature sensitiv-
ity. Our results reveal that this TS-based classifier
surpasses 5 existing supervised methods, further
validating the inherent superiority of temperature
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sensitivity.

Our main contributions are as follows: (1) un-
veiling and validating a new hypothesis that LLM-
generated text exhibits higher temperature sensi-
tivity than human-written text, (2) developing a
new detection prototype NTS that uses temperature
sensitivity to detect LLM-generated text, and (3)
achieving new best detection accuracy compared
to existing detectors.

2 Related Work

Supervised detectors Supervised approaches
typically train a neural-network–based classifier.
A particularly practical strategy is to fine-tune a
BERT-style model directly on labeled texts (Hello-
SimpleAI, 2023; Solaiman et al., 2019), or to em-
ploy a PPO-based adversarial training regime to
adapt a pre-trained LLM into a detector (Hu et al.,
2023). Another approach is to first use a proxy
model to extract statistical features, and then train a
lightweight classifier (Guo et al., 2024; Verma et al.,
2024). Additionally, some work uses the DPO algo-
rithm to align the proxy model with LLM-revised
text (Chen et al., 2024), finally calculating a statis-
tical score to classify the text. While these meth-
ods achieve excellent performance on their training
distributions, they require frequent re-training to
accommodate new models and are prone to overfit-
ting (Zhu et al., 2023; Guo et al., 2023).

Zero-shot detectors Zero-shot approaches lever-
age off-the-shelf proxy models without additional
fine-tuning to extract various statistical features
of the text. Pioneered by DetectGPT (Mitchell
et al., 2023), subsequent work has explored fea-
tures such as entropy, log-perplexity, and log-rank
(Mitchell et al., 2023), likelihood-logrank ratio
(LRR) (Su et al., 2023), conditional probability cur-
vature (Fast-DetectGPT) (Bao et al., 2024), normal-
ized log-perplexity (Binoculars) (Hans et al., 2024),
and implicit reward score (IRM) (Liu et al., 2025),
typically applying a threshold to distinguish be-
tween human-written and machine-generated text.
However, none of the existing zero-shot methods
consider the role of the surrogate model’s decoding
temperature in detecting the origin of a text, which
we identify as a meaningful and informative signal
in this paper.

3 Methodology

3.1 Problem Formulation & Motivation

We study zero-shot LLM-generated text detection,
which is formulated as a binary classification prob-
lem. Given a candidate passage x, the goal is to
discern whether x is human-written or generated by
an LLM. The problem is zero-shot in the sense that
we do not assume access to any labeled samples
for detection.

Although existing zero-shot methods, such as
Binoculars (Hans et al., 2024), have demonstrated
robustness against various source models, we point
out that, as shown in the left of Figure 1 (b),
the core statistical features they rely on fail to ef-
fectively distinguish between LLM-generated and
human-written text due to the excessive compres-
sion of information incurred by reduction opera-
tions (Sabour et al., 2017). Crucially, we recognize
that despite the highly similar statistics of both text
types, their probability distributions in a surrogate
model remain distinct (see Appendix E for case
study). This motivates us to exploit the discrep-
ancies in their probability distributions by adjust-
ing the decoding temperature and monitoring how
these distributions respond.

3.2 Key Assumption

Definition (Temperature Sensitivity). Given a
candidate text x, the temperature sensitivity of x is
then defined as the absolute difference in a statis-
tical feature (SF) under high versus low decoding
temperatures, formulated as:

TS(x) =
∣∣SFlow-T(x)− SFhigh-T(x)

∣∣ . (1)

Temperature sensitivity quantifies the extent to
which a text’s probability distribution within a sur-
rogate model responds to modulations of the de-
coding temperature. The more pronounced the dis-
tribution responds, the higher the temperature sen-
sitivity.

We argue that a fundamental gap in tempera-
ture sensitivity exists between LLM-generated and
human-written text. Specifically, the generation
process of LLMs is typically governed by strategies
such as greedy, top-p, or top-k decoding, which
inherently results in surrogate model predictions
for LLM-generated texts being concentrated in the
head (top) of the probability distribution. In con-
trast, human writing is unconstrained by explicit
decoding algorithms, causing surrogate model pre-
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dictions for these texts to typically fall within the
middle range of the distribution.

Based on this premise, we can derive the deriva-
tive of the log-probability with respect to the tem-
perature T for a certain word wj in probability
distribution, or specifically, the ground-truth word
wlabel, as follows (see the Appendix A.1 for the
detailed derivation):

|∂ log p(wlabel)

∂T
| =| ℓ̂− ℓlabel

T 2
|, (2)

Here, ℓlabel represents the surrogate model’s output
logits for the ground-truth word, while ℓ̂ denotes
the expected logits over the distribution with a vo-
cabulary of size V .

ℓ̂ =
V∑

j=1

p(wj) ∗ ℓj . (3)

Equation 2 shows that, for a fixed temperature T,
the absolute value of the derivative of log p(wlabel)
with respect to T depends solely on the quantity
∆ =

∥∥∥ℓ̂− ℓlabel

∥∥∥, which measures how much the

ℓlabel deviates from the expected ℓ̂ across the entire
distribution.

Since surrogate model predictions for LLM-
generated text are concentrated in the head—the
high-probability region characterized by larger
ℓlabel that significantly exceed the expected ℓ̂ value
of the distribution—they result in a larger ∆ and,
consequently, higher temperature sensitivity. In
contrast, predictions for human-written text primar-
ily fall within the middle range, where ℓlabel are
smaller and closely align with the distribution’s ex-
pected ℓ̂ value. This leads to a smaller ∆ and lower
temperature sensitivity. This correspondence is
illustrated from left to right in Figure 1 (a), and we
further demonstrate the discrepancy in ∆ between
LLM-generated text and human-written text in Ap-
pendix F.2. Finally, we formalize this assertion as
the Temperature Sensitivity Disparity Hypothesis.
Hypothesis (Temperature Sensitivity Disparity).
Let PLLM denote the corpus of LLM-generated text,
and PHuman that of human-written text. Then, the
temperature sensitivity TS(x) tends to be higher
for samples x ∼ PLLM, while lower for x ∼
PHuman.

We empirically verify the hypothesis in an auto-
mated manner. Specifically, we randomly sample
600 LLM-generated texts and 600 human-written
texts from the XSum and WritingPrompts (Yu et al.,

2025). For each sample, we feed it into a surro-
gate model and compute the absolute difference in
LogPPL under low and high temperatures. Follow-
ing prior work, we adopt Falcon-7B (Almazrouei
et al., 2023) as the surrogate model, with the low
temperature set to 0.7 and the high temperature set
to 1.4 (see section 4.5 for more details about hy-
perparameters and surrogate models). Figure 1 (b)
shows the results, revealing that the temperature
sensitivity does differ significantly between LLM-
generated and human-written data. LLM-generated
samples typically show higher temperature sensi-
tivity values. Additional figures for temperature
sensitivity are provided in the Appendix F.1.

3.3 NTS: A LLM-Generated Text Detector

Given the discriminative power of temperature sen-
sitivity, and inspired by prior work (Bao et al.,
2024), we propose a novel detector named NTS
(Normalized Temperature Sensitivity), as illus-
trated in Figure 2. To compute this metric, we
construct the final decision score step-by-step.

First, we define the text log-perplexity at a spe-
cific decoding temperature T . For a given text x
of length n, it is calculated as the negative average
log-probability of each ground-truth token using a
temperature-scaled softmax function:

LogPPLT(x) = − 1

n

n∑

i=1

log (softmax(ℓi,label/T )) .

(4)
Building upon this, we compute the raw text-

level temperature sensitivity, TS(x), as the absolute
difference in LogPPL under low and high temper-
atures. This text-level formulation effectively ag-
gregates the temperature sensitivity contributions
from all tokens (see Appendix A.2 for the detailed
derivation of token-to-text transformation):

TS(x) =
∣∣∣LogPPLlow-T(x)− LogPPLhigh-T(x)

∣∣∣ .
(5)

However, the optimal threshold of the raw TS(x)
metric shifts significantly when target domains and
source models vary. To minimize these shifts and
enhance detection robustness, we formulate the fi-
nal decision score as a standardized Z-score, which
anchors the metric around zero.

To achieve this normalization, we first define
the token-level log-probability difference δi(wj) =
log
(
Plow-T(wj)/Phigh-T(wj)

)
for any word wj ∈

V at the i-th token. Then, E(x) and std(x) can be
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concisely formulated as:

E(x) = Ei,j [δi(wj)] , (6)

std(x) =
√
Ei,j [δi(wj)2]− E(x)2. (7)

Finally, the NTS detection metric is computed
using the derived statistics:

Score(x) =
TS(x)− E(x)

std(x)
. (8)

If Score(x) exceeds a predefined threshold ϵ, the
text exhibits high temperature sensitivity and is thus
classified as LLM-generated. We explore the stabil-
ity of the optimal thresholds for NTS in Section 4.4,
and detail the improvements in threshold stability
achieved through normalization in Appendix C.5.

4 Experiments

4.1 Experimental Setups
Datasets To ensure a fair and comprehensive
comparison, we adopt three challenging datasets.
The first two serve as our primary benchmarks:
RAID (Dugan et al., 2024), comprising 2,000
human-written samples across 8 domains (e.g., re-
views) and 2,000 LLM-generated samples from 11
source models (e.g., Llama-chat (Touvron et al.,
2023)); and HART (Bao et al., 2025), consist-
ing of 4,000 human-written samples from four do-
mains (e.g., arXiv) and 4,000 LLM-generated sam-
ples from 7 source models (e.g., Gemini (Gemini
Team Google, 2023)). Notably, the HART bench-
mark categorizes the detection task into three lev-
els: Level 3 (Relaxed) classifies only fully LLM-
generated text as AI, treating all other types (includ-
ing LLM-polished text) as human-written; Level
2 (Medium) identifies LLM-generated content as
AI while still classifying LLM-polished human
text as human-written; and Level 1 (Strict) des-
ignates only purely human-authored text as human-
written, with all remaining content—including
AI-polished text—categorized as LLM-generated.
Both datasets provide clear text sources, making
them well-suited for our main experiments. Addi-
tionally, we utilize the Evo dataset (Yu et al., 2025)
for further analyses. Detailed settings for these
datasets are provided in Appendix B.

Baselines To ensure the validity of our ex-
perimental results, we select seven zero-shot
detectors as baselines: Entropy, LogPPL, Lo-
gRank (Bao et al., 2025), LRR (Su et al., 2023),

Fast-DetectGPT (Su et al., 2023), Binoculars (Hans
et al., 2024), and the newly proposed IRM (Liu
et al., 2025). We choose these seven detectors
as they are recently proposed, computationally ef-
ficient, and report current state-of-the-art perfor-
mance. Furthermore, we train a lightweight clas-
sifier based on Temperature Sensitivity features
and compare it against five existing SOTA super-
vised classifiers: the RoBERTa-based ChatGPT
detector (Hello-SimpleAI, 2023), IMBD (based on
DPO preference alignment) (Chen et al., 2024),
the AI ghostwriting detector Ghostbuster (Verma
et al., 2024), the PPO-based adversarial learning
algorithm RADAR (Hu et al., 2023), and Biscope
(based on bidirectional cross-entropy) (Guo et al.,
2024).

To the best of our knowledge, these baselines
represent the most advanced detectors currently
available, ensuring the objectivity and fairness of
our comparison.

Metric Following prior work, we report AUROC
and F1 as the main evaluation metrics.

Implementation All experiments are conducted
on NVIDIA A40 GPUs (48GB each). For most of
our experiments, we adopt Falcon-7B (Almazrouei
et al., 2023) as the surrogate model following the
previous work (Hans et al., 2024), with high-T =
1.4 and low-T = 0.7, unless otherwise specified.

4.2 Multi Domains and Multi Source Models

We first evaluate NTS alongside seven state-of-the-
art zero-shot baselines on the RAID benchmark,
which encompasses a diverse array of domains and
multiple source models. We employ AUROC and
the F1-score to assess the comprehensive detection
reliability and practical accuracy of each method,
respectively. The empirical results are presented in
Table 1.

In multi-domain scenarios, NTS achieves the
highest All AUROC and F1-score across all do-
mains, outperforming Binoculars—the previous
leading zero-shot method—by a margin of 5 per-
centage points in AUROC. These results demon-
strate that NTS is currently the most robust zero-
shot detection method for cross-domain applica-
tions. Regarding the multi-source model setting,
NTS consistently surpasses existing methods in
AUROC within individual domains containing data
from various source models. Notably, NTS exhibits
exceptional performance in the "Recipes" domain,
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Detector News Books Wiki Abstr. Reddit Recipes Poetry Reviews ALL F1

Zero-Shot Detectors
Entropy (Mitchell et al., 2023) 0.545 0.654 0.624 0.504 0.685 0.582 0.637 0.642 0.585 0.67
LogPPL (Bao et al., 2025) 0.644 0.725 0.701 0.680 0.725 0.627 0.706 0.698 0.663 0.66
Log-Rank (Bao et al., 2025) 0.666 0.745 0.719 0.701 0.735 0.645 0.725 0.716 0.681 0.67
LRR (Su et al., 2023) 0.750 0.816 0.804 0.771 0.779 0.669 0.776 0.773 0.746 0.70
Fast-DetectGPT (Bao et al., 2024) † 0.761 0.845 0.803 0.821 0.794 0.749 0.818 0.810 0.800 0.76
Binoculars (Hans et al., 2024) † 0.768 0.850 0.804 0.826 0.811 0.759 0.826 0.812 0.807 0.77
IRM (Liu et al., 2025) † 0.715 0.712 0.573 0.705 0.647 0.758 0.759 0.660 0.690 0.67

NTS (ours) 0.844 0.888 0.844 0.897 0.841 0.844 0.862 0.831 0.856 0.78

Table 1: Detection performance on the RAID benchmark across different domains. We report AUROC for each
domain, with the last two columns summarizing ALL AUROC and F1 across all domains, respectively. † denotes
methods that require two surrogate models. Bold indicates the best result.

Detector Level-3 Detection Task Level-2 Detection Task Level-1 Detection Task
ArXiv Writ. News ALL F1 ArXiv Writ. News ALL F1 ArXiv Writ. News ALL F1

Zero-Shot Detectors
Entropy (Mitchell et al., 2023) 0.660 0.667 0.573 0.656 0.68 0.665 0.529 0.712 0.577 0.67 0.639 0.464 0.687 0.529 0.67
LogPPL (Bao et al., 2025) 0.850 0.810 0.733 0.799 0.75 0.485 0.438 0.596 0.473 0.67 0.530 0.625 0.407 0.576 0.67
Log-Rank (Bao et al., 2025) 0.874 0.813 0.762 0.814 0.77 0.460 0.441 0.571 0.465 0.67 0.542 0.611 0.418 0.573 0.67
LRR (Su et al., 2023) 0.909 0.797 0.841 0.840 0.78 0.616 0.551 0.556 0.573 0.67 0.576 0.558 0.520 0.568 0.67
Fast-DetectGPT (Bao et al., 2024) † 0.877 0.840 0.850 0.862 0.81 0.688 0.692 0.717 0.711 0.68 0.769 0.740 0.711 0.778 0.72
Binoculars (Hans et al., 2024) † 0.882 0.847 0.866 0.870 0.83 0.715 0.693 0.698 0.711 0.69 0.769 0.740 0.717 0.780 0.73
IRM (Liu et al., 2025) † 0.788 0.712 0.718 0.732 0.70 0.778 0.663 0.750 0.697 0.69 0.750 0.636 0.724 0.692 0.67

NTS (ours) 0.915 0.875 0.853 0.874 0.81 0.840 0.817 0.780 0.794 0.72 0.818 0.802 0.726 0.801 0.73

Table 2: Detection performance on the HART benchmark under three levels. We report AUROC for different
domains in each level, with the last two columns in each level summarizing ALL AUROC and F1 across all domains,
respectively. † denotes methods that require two surrogate models. Bold indicates the best result.

where it achieves the most significant improvement
over existing baselines.

4.3 Different Levels of Task

We then evaluate NTS and seven SOTA baselines
on the HART benchmark, which hierarchically de-
fines three detection difficulty levels. The results
are presented in Table 2.

Across all three levels, NTS achieves superior
overall cross-domain performance. Notably, at
Level-2, NTS demonstrates a significant improve-
ment over Binoculars, with an 8 percentage points
increase in AUROC and a 3 percentage points in-
crease in the F1-score. Furthermore, NTS main-
tains its lead at Level-1, consistently outperforming
the baselines. These results underscore that NTS
is currently the most versatile zero-shot detector
for real-world scenarios involving varying degrees
of AI-usage restrictions, particularly in contexts
where these restrictions are more stringent.

4.4 Robustness in the Wild

Other Languages In the real-world, LLM users
are globally distributed, utilizing various languages
to generate content. This diversity underscores the

critical need for zero-shot detectors to maintain
robustness across multilingual contexts. To this
end, we leverage the HART benchmark to evaluate
NTS against three zero-shot baselines across five
languages: English, Chinese, French, Spanish, and
Arabic.

As illustrated in the radar plot (Figure 3), NTS
consistently achieves a leading position across all
three task levels and all tested languages. These
results affirm the cross-lingual robustness of NTS,
establishing it as the premier zero-shot detector
for multilingual scenarios. Interestingly, NTS ex-
hibits a particularly pronounced advantage in Ara-
bic, which is relatively low-resource and represents
a small fraction of the pre-training corpus for most
surrogate models. This suggests that the temper-
ature sensitivity effectively unlocks the latent po-
tential for detecting generated text even in lower-
resource linguistic settings.

Against Perturbation Attacks To verify robust-
ness against common evasion techniques—such
as adversarial attacks, decoding strategy modifi-
cations, and high-temperature paraphrasing (Bao
et al., 2025)—we evaluate NTS on the RAID bench-
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Figure 3: Multilingual radar chart. For each language, results represent the ALL AUROC across four domains
(essay writing arxiv news); ALL denotes the ALL AUROC across all five languages.

Figure 4: Comparison on detector’s ability to handle adversarial attacks, decoding strategies, and repetition penalty.

mark across a broad spectrum of perturbation sce-
narios, and we employ TempParaphraser (Huang
et al., 2025) to perturb the original RAID texts un-
der high-temperature conditions. The results are
presented in Figure 4, with the exception of the
high-temperature paraphrasing evaluation, which
is detailed in Appendix C.4.

The overall results demonstrate that NTS
achieves the highest AUROC in the majority of
perturbation scenarios, including various decoding
strategies and high-temperature perturbations. This
suggests that the Temperature Sensitivity underly-
ing NTS effectively captures the intrinsic differ-
ences between LLM-generated and human-written
text. Consequently, NTS exhibits significantly
greater robustness against evasion-based attacks.

Robustness of Optimal Thresholds In practical
applications, zero-shot detectors rely on a decision
threshold to categorize text as either human-written
or LLM-generated. Consequently, the stability of
the optimal classification threshold across diverse
domains and varying source models serves as a crit-
ical metric for evaluating a detector’s robustness.
To investigate this, we conducted experiments us-
ing the Xsum and Writing datasets, featuring con-
tent generated by Claude, Gemini, and GPT-4o (Yu
et al., 2025), as shown in Figure 5. Our results
demonstrate that NTS maintains a remarkably con-
sistent optimal classification threshold across all

domain-model combinations. This stability fur-
ther validates the reliability and generalizability of
NTS.

Figure 5: Optimal classification thresholds of NTS
across two domains and three generative models.
Dashed lines denote the fitted curves derived from these
six data points.

4.5 Additional Analyses

Time & Space Efficiency As a lightweight zero-
shot detector, NTS introduces only a near-zero cost
temperature modulation operation. Consequently,
the additional overhead in terms of per-text infer-
ence time and overall memory is negligible. As
illustrated in Table 3, when tested on an NVIDIA
A40 GPU, NTS incurs only a 0.01% increase in
processing time for each text and a 3.00% increase
in GPU memory usage over LogPPL. In contrast,
existing methods, such as IRM, require the simulta-
neous deployment of two surrogate models, leading
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Detector Time (s) Space (GB)

LogPPL (Bao et al., 2025) 0.105 18.25
IRM (Liu et al., 2025) † 0.210 36.14

NTS (ours) 0.106 18.81
(Absolute ↑) 0.01% 3.00%

Table 3: Runtime per instance and GPU memory us-
age. Falcon-7b is used as the surrogate model for NTS
and LogPPL, while Falcon-7b and Falcon-7b-Instruct
serve as surrogate models for IRM. “(Absolute ↑)” de-
notes the additional time/space cost brought by NTS
relative to vanilla LogPPL.

Figure 6: NTS performance (AUROC) across differ-
ent ∆T values. Here, ∆T ∈ {0.05, 0.1, . . . , 0.8} rep-
resents combinations of (low-T, high-T) ranging from
(1.05, 1.1) to (0.65, 1.45), with low-T decreasing and
high-T increasing in steps of 0.05 for ∆T ≥ 0.1.

to a substantial increase in both memory consump-
tion and computational latency.

Impact of Hyperparameters NTS involves two
primary hyperparameters: the low temperature
(low-T) and high temperature (high-T). We evalu-
ate the robustness of NTS to the temperature dif-
ference (∆T = high-T − low-T) across a range of
values: {0.05, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8},
corresponding to various combinations of low-T
and high-T. This analysis was conducted using the
Writing dataset, with Gemini serving as the source
model (Yu et al., 2025).

As illustrated in Figure 6, the detection perfor-
mance of NTS is remarkably robust to hyperpa-
rameter selection, maintaining consistent stability
across a wide range of temperature differences ∆.
Specifically, we observe that NTS achieves optimal
performance when the temperature difference is
approximately 0.7 (where low-T = 0.7 and high-T
= 1.4). Based on these empirical findings, we adopt
this specific configuration (∆T = 0.7) for the ma-
jority of our experimental evaluations.

Impact of Different Surrogate Models We
individually evaluate various surrogate models

Figure 7: NTS performance across different surro-
gate models. The left y-axis denotes the processing
time per text instance for each surrogate model, while
the right y-axis represents the corresponding AUROC
achieved by NTS.

for NTS—including Llama-2-7b, Llama-3.1-8B,
Falcon-7b, Falcon-7b-instruct, GPT-Neo-2.7b, and
GPT2-XL (Touvron et al., 2023; Almazrouei et al.,
2023; OpenAI et al., 2024)—using the same dataset
as in Section Impact of Hyperparameters 4.5.

As Figure 7 illustrates, NTS excels with large
base models (consistently yielding AUROC > 0.9),
whereas small-parameter models perform poorly
because their limited capacity results in inher-
ently high perplexity for both LLM-generated and
human-written text. Furthermore, we observe a
distinct performance degradation with instruction-
tuned models. This occurs because, unlike general
pre-training, instruction-tuning is an alignment pro-
cess that skews the model’s probability distribu-
tion toward specific stylistic expectations. Since
our dataset features highly diverse prompts, they
rarely align with the narrow instruction paradigm
of the instruction-tuned surrogates. Consequently,
the probability advantage typically held by LLM-
generated text is flattened, diminishing detection
accuracy.

Crucially, NTS requires only a single optimal
surrogate. Practitioners can entirely bypass these
limitations and ensure state-of-the-art performance
simply by deploying NTS with a widely accessible,
large-scale base model (such as Falcon-7B).

As a Feature for Training a Classifier Further-
more, we leveraged Temperature Sensitivity (TS)
as input features to train a Random Forest classi-
fier. Remarkably, this TS-based supervised detector
outperforms five state-of-the-art supervised detec-
tion baselines on both the HART and RAID bench-
marks, as shown in Table 4. This further validates
the discriminative power of temperature sensitivity,
proving it to be a highly effective indicator for dis-
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Detector RAID HART

ROC F1 ROC F1

Supervised Detectors
RoBERTa (Hello-SimpleAI, 2023) 0.614 0.67 0.502 0.69
RADAR (Hu et al., 2023) 0.828 0.77 0.687 0.71
IMBD (Chen et al., 2024) 0.804 0.75 0.778 0.70
Ghostbuster (Verma et al., 2024) 0.845 0.76 0.878 0.79
Biscope (Guo et al., 2024) 0.903 0.80 0.907 0.82

RF (ours) 0.928 0.83 0.924 0.83

Table 4: Comparison of our TS-based Random Forest
classifier with 5 SOTA supervised detectors. The de-
tailed training strategy for our classifier is provided in
Appendix D.2.

tinguishing between human and machine-authored
text. See Appendix D.2 for implementation details.

Reliability of NTS Metric To quantify the re-
liability of the detection output, we introduce a
confidence metric that evaluates both the correct-
ness and the margin of the prediction relative to the
optimal classification threshold (THR).

First, we compute a standardized signed distance,
zi, for each text i. We define a label-aligned signed
distance, di, between the detection score and THR,
orienting the sign such that di > 0 strictly indi-
cates a correct classification and di < 0 indicates a
misclassification. This distance is then normalized
by σdev, the standard deviation of the raw signed
distances calculated on the development set:

zi =
di
σdev

(9)

Next, we map this standardized distance zi to
a confidence level Ci ∈ [−1, 1] using a scaled
sigmoid function:

Ci =
2

1 + e−k·zi − 1 (10)

where k is a scaling hyperparameter. Under this
formulation, Ci > 0 signifies a correct prediction
on the proper side of the threshold, Ci < 0 denotes
an incorrect prediction, and Ci = 0 represents a
score falling exactly on the threshold.

Finally, to evaluate the overall reliability of the
NTS metric, we calculate the Mean Confidence
across all N samples in the RAID dataset:

Mean Confidence =
1

N

N∑

i=1

Ci (11)

A higher Mean Confidence demonstrates a more
trustworthy and robust detection method. We com-

pare this metric against established baselines under
k ∈ {0.5, 2, 5}, where a larger k represents a more
relaxed confidence condition. As illustrated in Ta-
ble 5, NTS achieves the highest confidence scores
across all three k settings. This demonstrates that
NTS not only delivers the best overall detection
performance but is also the most reliable.

Detector k=0.5 k=2.0 k=5.0 Avg.

Fast-detectGPT (Bao et al., 2024) 0.112 0.340 0.474 0.308
Binoculars (Hans et al., 2024)† 0.117 0.326 0.460 0.301

NTS (ours) 0.144 0.380 0.497 0.340

Table 5: Comparison of confidence metric across
different detectors. A higher value indicates greater
reliability.

5 Conclusion

This paper introduces the concept of temperature
sensitivity and demonstrates its effectiveness as a
powerful feature for distinguishing between LLM-
generated and human-written text. Building upon
this insight, we propose NTS, a novel zero-shot
detector that utilizes normalized temperature sensi-
tivity. We evaluate NTS on a variety of challenging
datasets. Thanks to the potent discriminative power
of temperature sensitivity, our method achieves su-
perior performance across diverse domains and
source models, underscoring the robustness and
effectiveness of our proposed approach.

Limitations

This work has two primary limitations. First,
NTS optimally pairs with large-parameter surro-
gate models and exhibits reduced compatibility
with instruction-tuned models as surrogate (Sec-
tion 4.5). Second, its performance degrades under
high-temperature perturbations. Consequently, de-
veloping a more advanced NTS implementation
robust against such perturbations remains for fu-
ture research.
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A Derivation

A.1 Derivation of the Derivative

The derivative of the probability with respect to
the temperature T for the ground-truth word wlabel

in the distribution is given by:

∂p(wlabel)

∂T
=

∂

∂T

(
eℓlabel/T
∑V

j=1 e
ℓj/T

)
. (12)

Here, V denotes the vocabulary size. The index j
iterates over all possible words in the vocabulary,
and ℓj denotes the output logit for the word wj .

We first rewrite p(wlabel) as:

p(wlabel) =
eℓlabel/T

Z
, Z =

V∑

j=1

eℓj/T . (13)

Taking the derivative, we apply the quotient rule.
To fit within the column, we factor out 1

Z2 :

∂p(wlabel)

∂T
=

1

Z2

[
eℓlabel/T

(
−ℓlabel

T 2

)
Z

− eℓlabel/T


− 1

T 2

V∑

j=1

ℓje
ℓj/T



]
.

(14)

Factoring out eℓlabel/T

Z2T 2 , we obtain:

∂p(wlabel)

∂T
=

eℓlabel/T

Z2T 2

(
− ℓlabelZ

+
V∑

j=1

ℓje
ℓj/T

)
.

(15)

Recognizing that p(wj) =
eℓj/T

Z represents the
probability of the j-th word, and noting that Z is
constant with respect to the summation index j, we
can rewrite the second term in parentheses as the
expectation of the logits:

V∑

j=1

ℓje
ℓj/T = Z

V∑

j=1

p(wj)ℓj

= Z · ℓ̂,
(16)

where ℓ̂ =
∑V

j=1 p(wj)ℓj denotes the expected
logits under the current distribution.

Simplifying, we obtain:

∂p(wlabel)

∂T
=

p(wlabel)

T 2

(
ℓ̂− ℓlabel

)
. (17)
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Finally, for the log-probability:

∂ log p(wlabel)

∂T
=

1

p(wlabel)
· ∂p(wlabel)

∂T

=
1

p(wlabel)
· p(wlabel)

T 2

(
ℓ̂− ℓlabel

)

=
ℓ̂− ℓlabel

T 2
.

(18)

A.2 Derivation of transformation

To extend the single-token TS difference to a
text-level Temperature Sensitivity (TS) metric, for
the i-th token of a text, the token-level TS is de-
fined as | logPTlow

(xi) − logPThigh
(xi)| = |∆i|.

A straightforward approach would be to define the
text-level TS as the average of these token-level
values:

TS′ =
1

N

N∑

i=1

|∆i| (19)

However, we can enhance the discriminative
power of this text-level metric by moving the abso-
lute value operation outside the summation:

TS =

∣∣∣∣∣
1

N

N∑

i=1

∆i

∣∣∣∣∣ (20)

We analyze the effects of this modification
across two distinct scenarios:

Case A: LLM-Generated Text
For LLM-generated text, predictions concentrate in
the distribution’s head (ℓi,label ≫ ℓ̂i), driving the

derivative ∂ logP (i)

∂T < 0. Consequently, decreasing
temperature consistently increases log-probabilities
(∆i > 0). With overwhelmingly positive signs, the
triangle inequality effectively becomes an equality:

TS ≈ TS′ (21)

Case B: Human-written Text
Conversely, human-written text frequently falls in
the middle of the distribution, where ℓi,label closely
aligns with the expected logit ℓ̂i. The derivative
∂ logP (i)

∂T fluctuates around zero, causing the dis-
crete differences ∆i to have mixed signs (both pos-
itive and negative). When summing these mixed-
sign values, positive and negative ∆i terms cancel
each other out:

TS ≪ TS′ (22)

As a result, the computed TS value for human-
written text is lower than TS′, which yields a
stronger discriminative capability between human
and LLM text. Therefore, we adopt TS rather
than TS′ as our text-level metric in this paper,
which is precisely equivalent to the absolute dif-
ference in LogPPL under high versus low tempera-
tures.

B Datasets settings

Tables 6, 7, and 8 summarize the detailed specifi-
cations of the RAID, HART, and Evo datasets used
in this paper, respectively.

Domain Language Dev Test

News English 500 500
Books English 500 500
Wiki English 500 500
Abstracts English 500 500
Reddit English 500 500
Recipes English 500 500
Poetry English 500 500
Reviews English 500 500

Table 6: Domains and languages covered by RAID.

Domain Language Length Dev Test

Student essay English 241 words 2K 2K
Arxiv Intro English 410 words 2K 2K
Creative Wrting English 345 words 2K 2K
CC News English 148 words 2K 2K
CC News Chinese 590 chars 2K 2K
CC News French 258 words 2K 2K
CC News Spanish 285 words 2K 2K
CC News Arabic 152 words 2K 2K

Table 7: Domains and languages covered by HART.

Domain Language Test

Xsum English 1200
Writing English 1200

Table 8: Domains and languages covered by EVO. We
sample a subset of the EvoBench dataset.

C Additional Experiments Results

C.1 F1 results on RAID
The F1 results of zero-shot detectors on RAID are
shown in Table 9. The F1-score of NTS consis-
tently outperforms other baselines across all do-
mains with the sole exception of the ’Review’ cate-
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gory. This underscores the superior practical per-
formance and cross-domain robustness of NTS in
diverse real-world scenarios.

C.2 F1 results on HART

The F1 results of zero-shot detectors on RAID are
shown in Table 10. NTS maintains its leading F1-
scores across both LEVEL-1 and LEVEL-2 sce-
narios, demonstrating that it is the most effective
LLM-generated text detector for environments with
stringent AI-usage restrictions.

C.3 Other Languages

See Table 11 for detailed results on the multilingual
dataset under three level tasks. NTS significantly
outperforms existing zero-shot methods, particu-
larly in low-resource languages. This suggests that
temperature sensitivity captures an intrinsic distinc-
tion between LLM-generated and human-written
text that transcends specific linguistic boundaries.

C.4 Against High-Temp Perturbation Attacks

See Table 12 for the detailed results of detec-
tors on the RAID benchmark attacked by Temp-
Paraphraser (Huang et al., 2025) under the high-
temperature settings. As presented, NTS still
achieves the highest AUROC of 0.800, demonstrat-
ing its superior detection capability. However, we
acknowledge a performance degradation across all
three detectors compared to their results on the
original dataset. We attribute this universal perfor-
mance drop to the adversarial nature of TempPa-
raphraser. By injecting high-temperature perturba-
tions, it intentionally introduces lower-probability
tokens into the LLM-generated text. This directly
compromises its inherent high-probability advan-
tage, thereby making it significantly harder to dif-
ferentiate from human text. Nevertheless, the fact
that NTS maintains the highest AUROC under such
targeted attacks further underscores its exceptional
robustness.

C.5 Optimal Classification Thresholds

See Table 13 for detailed optimal thresholds results
across two domains and three generative models.
The optimal classification thresholds for the nor-
malized NTS remain more consistent than those of
the raw TS as calculated by equation 5, exhibiting
lower std across six distinct datasets. This stability
underscores the practical feasibility and robustness
of NTS for real-world deployment, as it minimizes
the need for per-scenario recalibration.

C.6 Impact of Hyperparameters

See Table 14 for detailed results on the Impact
of Hyperparameters. NTS exhibits minimal sen-
sitivity to hyperparameter variations, demonstrat-
ing that temperature sensitivity is a plug-and-play
and highly versatile approach for diverse detection
tasks.

C.7 Impact of Different Surrogate Models

As detailed in Table 15, NTS demonstrates supe-
rior compatibility with larger surrogate models,
whereas its efficacy is comparatively attenuated
when applied to instruction-tuned variants. This
attenuation occurs because instruction-tuned mod-
els diminish the high-probability advantage typi-
cally assigned to LLM-generated text that deviates
from specific instructional formats. Nevertheless,
this does not compromise the practical utility of
NTS; practitioners can fully leverage its detection
capabilities simply by selecting an existing, open-
source, large-scale base model.

C.8 As a Feature for Training a Classifier

See Table 16 and Table 17 for detailed results
of supervised detectors on the RAID and HART
benchmark. Classifiers trained on temperature-
sensitivity-derived features achieve state-of-the-art
(SOTA) detection performance, providing strong
empirical validation for the inherent disparity in
temperature sensitivity between LLM-generated
and human-written text.

D Implementation Details

D.1 Token Selection Strategy

To illustrate the probability distributions in Fig-
ure 1 (a), we isolate token at the 90th percentile
of entropy for each text to ensure comparability
between human-written and LLM-generated con-
tent. We then sort the probability distributions of
these selected tokens and calculate the mean value
at each rank across a dataset of 600 LLM-generated
and 600 human-written texts.

D.2 Training Strategy

To train the classifier, we first partition each text
into four equal segments. For each segment, we
calculate three token-level features: (i) the log-
probability (log p), (ii) the first-order derivative
of log p with respect to temperature T, and (iii)
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Detector News Books Wiki Abstr. Reddit Recipes Poetry Reviews AUROC F1

Zero-Shot Detectors
Entropy (Mitchell et al., 2023) 0.67 0.66 0.67 0.67 0.67 0.66 0.67 0.67 0.585 0.67
LogPPL (Bao et al., 2025) 0.62 0.72 0.65 0.66 0.72 0.58 0.67 0.70 0.663 0.66
Log-Rank (Bao et al., 2025) 0.63 0.73 0.67 0.67 0.73 0.59 0.67 0.72 0.681 0.67
LRR (Su et al., 2023) 0.65 0.76 0.70 0.73 0.71 0.63 0.72 0.73 0.745 0.70
Fast-DetectGPT (Bao et al., 2024) † 0.73 0.80 0.76 0.77 0.74 0.71 0.78 0.77 0.799 0.76
Binoculars (Hans et al., 2024) † 0.75 0.81 0.76 0.77 0.78 0.72 0.78 0.78 0.807 0.77
IRM (Liu et al., 2025) † 0.67 0.67 0.67 0.67 0.67 0.67 0.67 0.67 0.690 0.67

NTS (ours) 0.77 0.81 0.76 0.82 0.78 0.78 0.78 0.77 0.856 0.78

Table 9: Detection performance on the RAID benchmark across different domains. We report F1 for each domain,
with the last two columns summarizing ALL AUROC and F1 across all domains, respectively. † denotes methods
that require two surrogate models. Bold indicates the best result.

Detector Level-3 Detection Task Level-2 Detection Task Level-1 Detection Task
ArXiv Writ. News AUROC F1 ArXiv Writ. News AUROC F1 ArXiv Writ. News AUROC F1

Zero-Shot Detectors
Entropy (Mitchell et al., 2023) 0.69 0.65 0.67 0.656 0.68 0.67 0.67 0.68 0.577 0.67 0.67 0.67 0.69 0.529 0.67
LogPPL (Bao et al., 2025) 0.78 0.73 0.71 0.799 0.75 0.67 0.67 0.68 0.473 0.67 0.67 0.67 0.67 0.576 0.67
Log-Rank (Bao et al., 2025) 0.81 0.73 0.72 0.814 0.77 0.67 0.67 0.67 0.465 0.67 0.67 0.67 0.67 0.572 0.67
LRR (Su et al., 2023) 0.86 0.72 0.77 0.839 0.78 0.67 0.67 0.67 0.572 0.67 0.67 0.67 0.67 0.597 0.67
Fast-DetectGPT (Bao et al., 2024) † 0.83 0.82 0.80 0.862 0.81 0.70 0.68 0.67 0.711 0.68 0.72 0.69 0.66 0.778 0.72
Binoculars (Hans et al., 2024) † 0.85 0.82 0.82 0.870 0.83 0.70 0.68 0.67 0.711 0.69 0.72 0.70 0.68 0.779 0.73
IRM (Liu et al., 2025) † 0.73 0.69 0.72 0.732 0.70 0.73 0.66 0.72 0.697 0.69 0.69 0.65 0.70 0.692 0.67

NTS (ours) 0.85 0.81 0.79 0.874 0.81 0.76 0.73 0.70 0.794 0.72 0.73 0.73 0.66 0.801 0.73

Table 10: Detection performance on the HART benchmark under three levels. We report F1 for different domains
in each level, with the last two columns in each level summarizing ALL AUROC and F1 across all domains,
respectively. † denotes methods that require two surrogate models. Bold indicates the best result.

Detector Level-3 Detection Task Level-2 Detection Task Level-1 Detection Task
English French Spanish Chinese Arabic English French Spanish Chinese Arabic English French Spanish Chinese Arabic

Zero-Shot Detectors
Fast-DetectGPT (Bao et al., 2024) † 0.850 0.865 0.830 0.867 0.590 0.688 0.773 0.695 0.836 0.466 0.711 0.750 0.732 0.835 0.432
Binoculars (Hans et al., 2024) † 0.866 0.881 0.846 0.869 0.571 0.697 0.777 0.708 0.838 0.450 0.716 0.747 0.740 0.838 0.424
IRM (Liu et al., 2025) † 0.718 0.605 0.577 0.621 0.378 0.750 0.638 0.547 0.579 0.436 0.724 0.595 0.540 0.576 0.391

NTS (ours) 0.853 0.890 0.859 0.878 0.651 0.780 0.776 0.738 0.872 0.563 0.726 0.741 0.755 0.832 0.547

Table 11: Detection performance on the multilingual dataset under three levels. We report AUROC for different
languages in each level. † denotes methods that require two surrogate models. Bold indicates the best result.

Detector News Books Wiki Abstr. Reddit Recipes Poetry Reviews AUROC

Zero-Shot Detectors
Fast-DetectGPT (Bao et al., 2024) † 0.818 0.753 0.729 0.779 0.819 0.685 0.777 0.821 0.772
Binoculars (Hans et al., 2024) † 0.791 0.758 0.700 0.737 0.795 0.675 0.833 0.796 0.762

NTS (ours) 0.820 0.808 0.810 0.819 0.819 0.837 0.679 0.817 0.800

Table 12: Detection performance on the RAID benchmark attacked by TempParaphraser (Huang et al., 2025). We
report AUROC for each domain, with the last column summarizing ALL AUROC across all domains. † denotes
methods that require two surrogate models. Bold indicates the best result.

Detector cluade-xsum cluade-writ gemini-xsum gemini-writ gpt4o-xsum gpt4o-writ STD

TS (raw) 0.170 0.140 0.176 0.225 0.153 0.152 0.030

NTS 0.073 0.057 0.081 0.092 0.063 0.041 0.018

Table 13: Optimal classification thresholds across two domains and three generative models. The standard deviation
(STD) of the optimal threshold for NTS is lower than that of the raw TS.
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(Tlow, Thigh) (1.05,1.10) (1.00,1.1) (0.95,1.15) (0.90,1.2) (0.85,1.25) (0.80,1.30) (0.75,1.35) (0.70,1.40) (0.65,1.45)

NTS (ours) 0.979 0.973 0.973 0.975 0.977 0.980 0.982 0.980 0.963

Table 14: AUROC of NTS under different combinations of (low-T, high-T).

(Surroage Model) Llama2-7b Llama3.1-8b Falcon-7b Falcon-7b-ins GPT-Neo-2.7b GPT2-xl

NTS (ours) 0.921 0.954 0.980 0.767 0.890 0.731

Table 15: AUROC of NTS under different surrogate models.

Detector News Books Wiki Abstr. Reddit Recipes Poetry Reviews ALL F1

Supervised Detectors
Roberta (Mitchell et al., 2023) 0.591 0.621 0.584 0.643 0.674 0.501 0.640 0.709 0.614 0.67
RADAR (Bao et al., 2025) 0.885 0.911 0.842 0.842 0.870 0.818 0.780 0.783 0.828 0.78
IMBD (Bao et al., 2025) 0.783 0.875 0.803 0.806 0.826 0.699 0.823 0.841 0.804 0.75
Ghostbuster (Su et al., 2023) 0.853 0.896 0.833 0.859 0.864 0.849 0.748 0.874 0.845 0.75
Biscope (Bao et al., 2024) 0.884 0.937 0.904 0.910 0.929 0.844 0.905 0.905 0.903 0.80

RF (ours) 0.918 0.935 0.911 0.938 0.912 0.945 0.939 0.926 0.928 0.83

Table 16: Detection performance of supervised detectors on the RAID benchmark across different domains. We
report AUROC for each domain, with the last two columns summarizing ALL AUROC and F1 across all domains,
respectively. Bold indicates the best result.

Detector Level-2 Detection Task
ArXiv Writ. News ALL F1

Supervised Detectors
Roberta (Mitchell et al., 2023) 0.686 0.498 0.473 0.502 0.69
RADAR (Bao et al., 2025) 0.814 0.629 0.818 0.687 0.71
IMBD (Bao et al., 2025) 0.786 0.762 0.787 0.778 0.70
Ghostbuster (Su et al., 2023) 0.933 0.857 0.870 0.878 0.79
Biscope (Bao et al., 2024) 0.935 0.909 0.889 0.907 0.82

RF (ours) 0.958 0.935 0.907 0.924 0.83

Table 17: Detection performance of supervised detec-
tors on the HART benchmark under level-2. We re-
port AUROC for different domains, with the last two
columns summarizing ALL AUROC and F1 across all
domains, respectively. Bold indicates the best result.

the curvature (defined as the absolute value of the
second-order derivative) of log p with respect to T.
These metrics are evaluated across five temperature
settings (T ∈ {0.5, 0.75, 1.0, 1.25, 1.5}).

Within each segment, we aggregate these token-
level values using seven statistical measures: mean,
standard deviation, minimum, maximum, median,
and the first and third quartiles. This process results
in a 420-dimensional feature vector (3 metrics ×
5 temperatures×7 statistics×4 segments). Finally,
we employ this vector to train a Random Forest
classifier, allowing the model to automatically cap-
ture the relationships inherent in temperature sensi-
tivity.

LLM-generated 

Human-written 
Case-1-LLM                                                        Case-2-LLM

Case-3-Human                                                  Case-4-Human

Figure 8: Case Study: Probability distributions of two
LLM-generated tokens and two human-written tokens.

E Case Study

We select two representative LLM-generated to-
kens and two human-written tokens to illustrate
their probability distributions. As shown in Fig-
ure 8, the distributions of these two types of text
within the surrogate model exhibit distinct patterns.
For LLM-generated tokens, the ground-truth words
reside in the ’head’ of the distribution with higher
probabilities and top-tier rankings, making them
highly sensitive to temperature variations. In con-
trast, the ground-truth words of human-written to-
kens often fall into the middle section of the distri-
bution. These tokens manifest lower probabilities
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Human-written 

 LLM-generated text Human-written text 

Figure 9: The log-probability differences at each token position in the sequence under high and low decoding
temperatures of surrogate model, averaged over 500 mixed-source LLM-generated samples and 500 human-
written samples from RAID benchmark (Dugan et al., 2024). The surrogate model shows significant log-probability
differences between high and low temperatures on LLM-generated samples (indicated by the larger shaded area),
whereas the differences on human-written samples are minimal (with the shaded area nearly zero). For visualization
purposes, we truncate the maximum sequence length to 150 tokens.

and relatively lower ranks, resulting in a diminished
sensitivity to temperature shifts.

F Supplementary Corroborative Figures

F.1 Temperature Sensitivity Disparity

We calculate the log-probabilities of each token
under both high and low temperature settings to
verify temperature sensitivity at the token level. As
illustrated in Figure 9, LLM-generated tokens ex-
hibit significantly higher sensitivity to temperature
variations, with the log-probabilities of the tokens
(plotted on the x-axis) increasing at lower tempera-
tures and decreasing at higher temperatures. In con-
trast, human-written tokens remain relatively sta-
ble, maintaining consistent log-probabilities across
varying temperatures.

F.2 Discrepancy in derivative

The histogram of the derivative of log-
probability with respect to temperature at T = 1 is
illustrated in Figure 10. For LLM-generated text,
the derivatives are primarily concentrated in the
highly negative region (< 0). This corroborates
that the logits of the ground-truth words, llabel, in
LLM-generated text are significantly larger than
the expected logits of the overall distribution, l̂.
Conversely, for human-written text, the distribu-
tion clusters around zero, indicating that the logits
of ground-truth words (llabel) align closely with
the expected logits (l̂). This disparity indicates that

Figure 10: Histogram of the derivative of log-
probability with respect to temperature (∂ log p

∂T ) at
T = 1. For each text, the value is calculated as the mean
derivative across all ground-truth tokens in text. The his-
togram is plotted for 500 mixed-source LLM-generated
samples and 500 human-written samples from the RAID
benchmark (Dugan et al., 2024).

human-written text exhibits significantly lower tem-
perature sensitivity compared to LLM-generated
content.
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