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Zero-Shot Detectors
Entropy (Mitchell et al., 2023) 0.545 0.654 0.624 0504 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 0816 0804 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 0573 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 0831 0.856 0.78
e NTS: AUROCO0.856/F10.78= {A| |10 Ms
e Binoculars CHH| AUROC +4.9%p
o L= LOQl. AN DE S A0 A =2 Lzt Hds =l

17/24H|0|X|



AlS] 2471 Ol M oL

=0 =24 X oo o

HART As T}

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

Entropy (Mitchell et al., 2023)

LogPPL (Bao et al.,

2025)

Log-Rank (Bao et al., 2025)
LRR (Su et al., 2023)

Fast-DetectGPT (Bao et al., 2024) 7

Binoculars (Hans et al., 2024) +
IRM (Liu et al., 2025) ¥

0.660
0.850
0.874
0.909
0.877
0.882
0.788

Zero-Shot Detectors

0.667 0.573 0.656 0.68 0.665
0.810 0.733 0.799 0.75 0.485
0.813 0.762 0.814 0.77 0.460
0.797 0.841 0.840 0.78 0.616
0.840 0.850 0.862 0.81 0.688
0.847 0.866 0.870 0.83 0.715
0.712 0.718 0.732 0.70 0.778

0.529 0.712 0.577 0.67
0.438 0.596 0.473 0.67
0.441 0.571 0.465 0.67
0.551 0.556 0.573 0.67
0.692 0.717 0.711 0.68
0.693 0.698 0.711 0.69
0.663 0.750 0.697 0.69

0.639
0.530
0.542
0.576
0.769
0.769
0.750

0.464 0.687 0.529 0.67
0.625 0.407 0.576 0.67
0.611 0.418 0.573 0.67
0.558 0.520 0.568 0.67
0.740 0.711 0.778 0.72
0.740 0.717 0.780 0.73
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
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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 0836 0466 0.711 0.750 0.732 0.835 0432
Binoculars (Hans et al., 2024) + 0.866 0.881 0846 0.869 0571 0.697 0777 0.708 0.838 0450 0.716 0.747 0.740 0.838 0.424
IRM (Liu et al., 2025) + 0.718 0605 0577 0.621 0378 0.750 0.638 0547 0579 0436 0.724 0595 0540 0,576 0.391
NTS (ours) 0.853 0.890 0859 0878 0.651 0.780 0776 0.738 0.872 0.563 0.726 0.741 0.755 0.832 0.547

o 57 AO{Of| A NTS2| Ct=0] Hitet d5 Bt
o LI2for A0-AlITNY =Z=HAME FEH A= 85 74X
o 54 5l Md T HINME H| WA £2 ZUd =2

19/24H|0| X|



z
ol
h.
=

9l M5 B}

(Tiows Thign) (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) [lama2-7b [Llama3.1-8b Falcon-7b Falcon-7b-1ns 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.
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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%
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