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Abstract

Large Language Models (LLMs) alignment is
constantly evolving. Machine-Generated Text
(MGT) is becoming increasingly difficult to
distinguish from Human-Written Text (HWT).
This has exacerbated abuse issues such as fake
news and online fraud. Fine-tuned detectors’
generalization ability is highly dependent
on dataset quality, and simply expanding
the sources of MGT is insufficient. Further
augment of generation process is required.
According to HC-Var’s theory, enhancing
the alignment of generated text can not only
facilitate attacks on existing detectors to test
their robustness, but also help improve the
generalization ability of detectors fine-tuned on
it. Therefore, we propose Machine-Augment-
Generated Text via Alignment (MAGA).
MAGA'’s pipeline achieves comprehensive
alignment from prompt -construction to
reasoning process, among which Reinforced
Learning from Detectors Feedback (RLDF),
systematically proposed by us, serves as a key
component. In our experiments, the ROBERTa
detector fine-tuned on MAGA training set
achieved an average improvement of 4.60% in
generalization detection AUC. MAGA Dataset
caused an average decrease of 8.13% in the
AUC of the selected detectors, expecting
to provide indicative significance for future
research on the generalization detection ability
of detectors.

1 Introduction

In recent years, LLMs have advanced rapidly, with
remarkable improvements in their language
comprehension  capabilities,  precision in
instruction execution, and ability to generate
complex text for fulfilling diverse tasks (Brown
et al.,, 2020; Ouyang et al., 2022). Human
can hardly distinguish between MGT and
HWT (Chang et al.,, 2024). This powerful
capability poses substantial abuse risks. (Hanley
and Durumeric, 2024) notes that in 2022, the
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Figure 1: More aligned MGT not only evades detection
by existing detectors but also facilitates fine-tuning
of neural-based detectors, which enhancing their
generalization capability for wild detection.

proportion of Al-generated news on websites
notorious for disseminating false rumors surged
by approximately 457%. Such misinformation is
not only used in fake news (Zellers et al., 2019;
Dugan et al., 2023a) but also utilized by numerous
bad actors for various unethical or even illegal
activities, including online fraud (Weidinger
et al., 2021; Ayoobi et al., 2023) and academic
misconduct (Stokel-Walker, 2022; Kasneci et al.,
2023). Therefore, to address and mitigate its
potential risks in information dissemination, the
development of efficient and robust MGT detectors
is of paramount importance.

Toward this need, many exciting detection
methods and benchmarks have emerged, each with
pros and cons (Crothers et al., 2023). Previous
datasets boosted detection difficulty via overall
distribution or data source diversity (first peaking
at M4 (Wang et al., 2023b)), but their single text
generation was simple—relying on few fixed
prompt templates. RAID (Dugan et al., 2024) is
the first benchmark highly prioritizing detector
robustness. Its attacks (e.g., random adding
An’, deleting articles like "a"/"an"/"the") raise
MGT’s Perplexity (PPL) and successfully attack
metric-based detectors. Binoculars (Hans et al.,
2024) noted their near-zero accuracy for extremely
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Figure 2: MAGA-Bench Overview. Our dataset construction contains 20 domains and 12 generators. We evaluate
selected detectors on our dataset. We also adopted various decoding strategies, which are not presented here but

detailed in §E.

random MGT. However, this text manipulation
damages semantics, hindering fine-tuning of
neural-based detectors represented by RoBERTa
(Liu et al., 2019). Its value lies more in testing
robustness to specific attacks than advancing
generalized detection.

HC-Var (Xu et al.,, 2023) notes that more
aligned MGT is closer to HWT in relevant features,
helping neural-based detectors learn better decision
boundaries and boost generalized detection. Thus,
while ensuring broad data sources (10 domains,
12 generators, various decoding strategies), we
augment the generation process. The augment
is based on MAGA’s pipeline (combining 4
alignment methods centered on RLDF) to make
MGT more aligned. For comparison, we also
built an unenhanced dataset, Machine-Generated-
Text-base (MGB). We tested generalization by
using RoBERTa fine-tuned on our training set to
detect on multiple influential datasets proposed
by previous works. We find our method achieves
promising attack performance against existing
detectors, whether neural-based or metric-based
ones, and that RoOBERTa fine-tuned on MAGA also
shows notably improved generalization ability.

2 The MAGA Dataset

Figure 2 presents the components of the MAGA
dataset. To create MAGA, we first sampled 72k
human texts (with titles) in total uniformly from
10 target domains (§2.1), splitting them into a 60k
training set and a 12k validation set. For each
human text, we generated a matching machine
text using its title. We used 12 generators((§2.2).
We first created an unenhanced MGB dataset for
comparison, generated via the original prompt
template ((§2.3); full original prompt in Appendix
A). MAGA’ s augment involves four methods
(§2.3): roleplaying, BPO, self-refine, and RLDF-
CMD (§2.4). The MAGA pipeline, integrating
these four methods, was applied to the MAGA
dataset. For roleplaying, BPO, and self-refine, we
separately provided MAGA-extra for additional
indication. Full statistics are in Appendix A.

As shown in Table 1, the original size of
our generalized MAGA dataset is 936k entries.
Among all the comparative studies, ours is
the only one that covers multi-domain, multi-
generator, multi-lingual, adversarial attack and
multi-sampling-params, while simultaneously
performing alignment augmentation.
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2.1 Domains

Various domains raise detection difficulty (Li
et al., 2024; Dugan et al., 2023b) and improve
the fine-tuned RoBERTa’ s performance (Wang
et al., 2024c). Taking English as an example,
our sources cover social conversations (Reddit),
summarization (S20RC), general knowledge
(Wikipedia, wikiHow), reviews (Trustpilot,
Amazon Reviews), direct Q&A (Yahoo Answers,
Natural Questions), and news creation (CC News,
NPR News), which challenge various capabilities
of LLM. To boost generalization, we prioritized
domain diversity in selection. For each capability,
we chose two sources where possible: one more
targeted and conversational (e.g., Yahoo Answers),
and the other more general and formal (e.g.,
Natural Questions). Details about the HWT
sources of these domains is provided in Appendix
B.

2.2 Generators

Compared with previous work, we further
expanded the diversity of generator LLM
selections. Instead of choosing multiple models
of different parameter sizes from the same series,
we prioritized enriching model series variety,
including GPT, Llama, Gemini/gemma, DeepSeek,
Qwen, Mistral/Ministral, and Hunyuan. Following
(Sarvazyan et al., 2023a), we first selected the
largest (commercial) model in each series as
possible, then chose models with smaller parameter
sizes. We also ensured selected models are as

up-to-date as possible to include the latest insights.

Details of selections are shown in Figure 2.

2.3 Alignment Methods & MAGA Pipeline

We used four non-overlapping, combinable
alignment methods: three classic alignment
enhancement approaches and our proposed
RLDF-CMD.

Roleplaying: Previous works have not fully
leveraged the powerful role-designation function of
the system role. According to (Chen et al., 2024)’s
survey in roleplaying area , roleplaying prompt
datasets proposed in existing previous works are
often fine-grained, accompanied by extremely
long identity and background information. LLMs
struggle to perform these roles well and may even
reveal obvious inconsistencies, making this an
area still under research and specific optimization.
Concise coarse-grained roleplaying prompts can
yield excellent results and are needed in our work.
By referring to (Shivagunde et al., 2023) and
incorporating LLMs’ summaries of fine-grained
role prompts, we manually crafted 80 coarse-
grained roleplaying prompts (details are provided
in Appendix A).

BPO (Cheng et al., 2023): BPO is a prompt
optimi zation model. Its optimization aims to
ensure that the text generated by BPO-optimized
prompts is better aligned with HWT. BPO appends
additional information to the original prompt.

Self-Refine (Madaan et al., 2023): Self-Refine
is a reasoning process optimization technique.
It enables LLMs to provide feedback on the
generated results and then optimize the results
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Figure 4: RLDF (Reinforce Learning from Detectors Feedback). Fine-tune the LLM via RL using detector D as the
RM, resulting in harder-to-detect and better human-aligned generated text. Fine-tune detector D (RoBERTa) on
the dataset constructed from HWT and its corresponding better-aligned MGT, to obtain a detector D with stronger
generalized detection capability, thus enabling multi-round adversarial fine-tuning. RLDF-CD and RLDF-CM
resolve RLDF’ s practical infeasibility caused by RoBERTa overfitting by means of cross-reward.

based on this feedback.  This process can
be executed in multiple rounds, with LLMs
determining whether the optimization is sufficient.
Single-round criticism and optimization can always
bring slight improvements compared to the initial
output. Since we found that LM-as-a-judge seems
less reliable in MGT Detection, we ultimately
adopted the single-round approach to ensure stable
improvement. The detailed prompts we used are
available in Appendix G.

RLDF-CMD: Details on RLDF will be talked
about in §2.4. We adopted fully enhanced RLDF-
CMD, which integrates RLDF-CM and RLDF-CD
with cross-reward between the two groups both
cross-domain and cross-model. As analyzed in
Section 6, it’s better to minimize within-group
differences while maximizing between-group

differences. Members of each group are listed in
Appendix D.

MAGA Pipeline: Figure 3 shows the final
pipeline we used to construct MAGA, which
integrates four alignment methods into four steps.
All these alignment methods complement each
other and can be combined. Roleplaying adds a
prompt prefix, while BPO adds a prompt suffix;
one at the beginning and the other at the end, they
expand the diversity of prompts and help improve
the performance of RLDF. In turn, RLDF raises the
starting point of self-refine. Notably, we ultimately
merged HWT and MGT in a strict 1:1 ratio based
on their titles. We believe this may help neural-
based detectors better learn subtle differences, and
it also facilitates our data analysis 5.

C s Domain Model Multilingual | Adversarial Sampling Alignment
Dataset Origin Size
Coverage Coverage Coverage Coverage Coverage Augment
TuringBench (Uchendu et al., 2021) 200k X v X X X X
HC3 (Guo et al., 2023) 26.9k 4 X 4 X X X
MGTBench (He et al., 2023) 2.8k v v X 4 X X
M4 (Wang et al., 2023b) 122k v v 4 X X X
MAGE (Li et al., 2024) 447k v v X X X X
RAID (Dugan et al., 2024) 570k v v X v v X
RealDet (Zhu et al., 2025) 847k 4 v v 4 X X
MAGA (Ours) | 936k | v | v | v | v | v \ v

Table 1: A comparison of the publicly available sources of generated text. The term Original Size was proposed in
Zhu et al. (2025). It refers to human-written texts and direct machine-generated texts, excluding rule-based attacks
such as RAID. A more comprehensive comparison is in the table 17

4



| ACC | TPR | TNR | AUC | ACC(@FPR=5%)

Alignment? | X | v .. v | - | x| v .- v

R-B GPT2 58.44 | 51.96(6.48)) 33.97 | 21.02(12.95])) | 82.90 | 5691 | 45.02(11.89]) | 59.94 | 54.17(5.77])
R-L GPT2 56.69 | 51.47(5.22]) | 2034 | 9.91(10.43]) | 93.03 | 53.45 | 40.23(13.22]) | 56.97 | 51.35(5.62))
R-BCGPT | 57.60 | 47.15(10.45)) | 33.57 | 12.67(20.901) | 81.62 | 63.97 | 50.31(13.66]) | 54.73 | 49.01(5.72))
RADAR 59.82 | 54.83(4.99]) | 29.56 19.58(9.98)) | 90.08 | 63.43 | 53.49(9.94]) | 60.33 | 55.68(4.65])
SCRN 74.26 | 73.23(1.03)) 94.23 92.17(2.064) 54.29 | 84.76 81.79(2.97]) 59.97 | 58.93(1.04))
DETree 58.05 | 57.94(0.11]) | 99.94 | 99.72(0.22)) 16.16 | 93.92 | 92.89(1.03)) | 87.23 | 85.26(1.97))
neutralavg | 60.81 | 56.10(4.711) | 51.94 | 42.519.42]) | 69.68 | 69.41 | 60.62(8.79]) | 6320 | 59.07(4.13))
GLTR - - - - - 71.31 62.05(9.26]) 70.27 | 62.09(8.18])
F-DetectGPT | 79.97 | 78.41(1.57)) | 76.27 | 73.14(3.13]) | 83.67 | 84.01 83.38(0.63]) | 79.96 | 78.58(1.38])
LLMDet 50.46 | 43.80(6.66.) 28.74 | 15.43(13.31]) | 72.17 | 47.89 | 35.58(12.31])) | 56.89 | 51.02(5.87]))
Binoculars 84.26 | 79.03(5.23]) | 83.93 | 73.47(10.46)) | 84.59 | 86.76 | 79.68(7.08)) | 83.23 | 75.17(8.06])
DALD 80.01 77.68(2.33)) 78.01 73.34(4.67)) 82.01 | 84.49 82.97(1.52]) 79.79 | 78.03(1.76])
GECScore 56.35 | 50.95(5.40]) 16.42 | 5.63(10.79)) | 96.27 | 65.92 | 51.89(14.03]) | 59.57 | 53.06(6.51])
metricavg | 7021 | 65.97(424) | 56.67 | 48.20(847)) | 83.74 | 7340 | 6593(747]) | 71.62 | 66.33(5.29)
avg ‘ 65.08 ‘ 60.59(4.504) ‘ 54.09 ‘ 45.10(8.991) ‘ 76.07 ‘ 71.40 ‘ 63.27(8.13)) ‘ 67.41 ‘ 62.70(4.71]))

Table 2: MAGA Bench. An "X" in the "Alignment" column indicates the MGB dataset, while the opposite indicates
the MAGA dataset; all data are generated in a single run. Among these metrics, ACC, TPR, and TNR are evaluated
under the default threshold, and all five metrics are described in detail in §3.

2.4 RLDF

When alignment is mentioned, the first thing that
comes to mind is Reinforcement Learning (RL).
Inspired by RADAR, we systematically propose
RLDF and explore the reasons for the need for
RLDF-CD (cross-domain) and RLDF-CM (cross-
model).

RLDF uses detector D as the Reward Model
(RM) to fine-tune LLM via RL. This fine-tuning
aims to make the text generated by the LLM
harder to detect and better aligned with human-like
characteristics.

RLDF constructs a dataset using HWT and
more aligned corresponding MGT. Utilize this
dataset to fine-tune neural-based detector D (e.g.
RoBERT?4), resulting in an enhanced detector D
with stronger generalized detection capabilities.
Through this process, multi-round adversarial fine-
tuning is achieved.

RLDF-CD: MGT in the domain DA/DB
(MGTpa/pp) is used to fine-tune detectors
respectively, obtaining detectors Dp4 and Dpp
that are applicable to domains DA and DB. These
detectors are then cross-applied to score and
reward M GTpp and MGTp 4 , which in turn are
used for RL-based fine-tuning of the LLM.

RLDF-CM: MGT from LLMs MA/MB
(MGTyra/mB) is used to fine-tune detectors
respectively, yielding detectors Djs4 and Dysp
that are specific to models M A and M B . These
detectors are cross-applied to score and reward

MGTy g and MGTy 4 . MGT used to fine-tune
detector D, MGT-B (MGT from commercial
LLMs) can be incorporated to enhance the
fine-tuning process.

For adversarial fine-tuning of RADAR
for paraphrasers, a key question is whether
paraphrased texts count as machine-generated for
training, causing uncertain detection performance.
Recent studies propose 3/4-class tasks (MixSet
(Zhang et al., 2024)) in MGT detection. RADAR
integrates RoBERTa fine-tuning into PPO, leading
to hard convergence and limited experience for
detectors and LL.Ms. When decoupled into RLDF,
pre-trained RoOBERTa reaches 100% accuracy on
training sets and usally about 98% in cross-title
scenarios (due to in-distribution overfitting),
making it unable to be a reward model. Moreover,
the small portion of text that ROBERTa classifies as
human-written mainly relies on irrelevant features
to achieve classification through shortcuts, and
thus is not reliable. Our RLDF-CD/CM uses
RoBERTa’ s OOD detection trait (relying on
relevant features) in HC-Var’s theory to fine-tune
LLMs effectively. The RL algorithm we adopted is
GRPO. Details of RLDF are shown in Appendix
D. Hyperparameters are shown in Appendix 1.

3 Detectors

Our detector selection is based on the picks
from RAID (excluding commercial detectors
that are prohibitively expensive), with a number



\ S-M4 | C-M4GT

| C-MAGE | C-HC3 |  AVERAGE

AUC | ACC(5%) | AUC | ACC(5%) | AUC | ACC(5%) | AUC | ACC(5%) | AUC | ACC(5%)

R-B GPT2 7592 | 6825 |7838| 6376 |7640| 5519 | 9845 | 9459 [8229| 7045
R-L GPT2 7044 | 6398 | 7402 | 5704 |79.55| 5598 | 9488 | 8934 [79.72| 6659

R-B CGPT 8125 | 7497 | 7482 | 5861 |6132| 4789 |99.99" | 99.27° |79.35| 70.19
RADAR 7625 | 5546 | 70.89 | 31.13 | 5843 | 4508 | 90.16 | 8474 | 7393 | 54.10
SCRN 7937 | 5813 | 9349 | 3373 | 6624 | 4801 | 9349 | 8877 |83.15| 57.16
GLTR 80.19 | 7223 | 7829 | 63.13 |5834| 4678 | 9237 | 91.13 |7730| 68.32
F-DetectGPT 8851 | 8599 |8676| 79.65 |64.67| 5667 | 9994 | 9719 | 8497 | 79.88
LLMDet 7028 | 50.17 | 7489 | 5316 |50.13| 4727 | 9023 | 8134 |7138 | 57.99
Binoculars 89.73 | 89.09 |89.14| 8410 |6379| 5889 | 9959 | 97.19 | 8556 | 82.32
DALD 88.15| 8501 |8541 | 7887 |6496| 5673 | 9976 | 9719 | 8457 | 7945
GECSCORE 89.05 | 6881 | 6588 | 50.00 |5367| 4000 | 90.18 | 8696 |7470 | 6144
R-BMGB (Ours) | 94.63 | 9058 |8298| 7337 |6090| 4695 | 93.14 | 91.68 |[8291| 7565
R-BMAGA (Ours) | 98.87 | 9541 | 8840 | 7899 |64.63| 47.67 | 98.14 | 9406 |87.51| 79.03
AR-BMAGA-MGB | 424 | 483 | 542 | 562 |373] 072 | 500 | 238 | 460 | 339

Table 3: Four popular datasets from past work were selected, including the test set of SemEval2024-M4, and
the three subsets of the validation set of COLING2025: M4GT, HC3, and MAGE. ACC(5%) here is a short for
ACC(@FPR=5%). R-B CGPT is trained on HC3, so it’s not boldfaced. bold is the largest, underline is the second

largest.

of brand-new detectors added to the list. Based
on the distinct characteristics of detection
methods, detectors are categorized into two types:
neural-based detectors (RoBERTa-Base-GPT2,
RoBERTa-Large-GPT2, RoBERTa-Base-ChatGPT,
RADAR, SCRN, DETree) and metric-based
detectors (GLTR, Binoculars, Fast DetectGPT,
LLMDet, DALD, GECScore). Among them,
SCRN, DETree, DALD and GECScore are
the novel detectors we selected. A detailed
introduction to these detectors is provided in
Appendix F.

These detectors use different thresholds
for final classificatison. Thus, we compared
multiple indicators: ACC, AUC, and ACC
(@FPR=5%). For ACC, we used detectors’
default  thresholds—0.5 for neural-based
detectors, Fast DetectGPT, and LLMDet (which
provide probabilities); 0.9015310749276843
for Binoculars which Binoculars provided.
GLTR has no default threshold, so its original
ACC was not evaluated. AUC reliably assesses
binary classification performance across varying
thresholds. To address unfairness from different
thresholds, inappropriate default thresholds, and
emphasize MGT detection accuracy, we introduced
ACC (@FPR=5%)—ACC when HWT detection
error rate is fixed at 5%. For default ACC, we
additionally showed TPR (MGT accuracy) and
TNR (HWT accuracy).

4 Experiments and Results

4.1 attack

Table 2 compares mainstream Al text detectors on
unaligned (MGB) and aligned (MAGA) datasets,
with a core finding: all detectors suffer significant
performance degradation on MAGA. Overall,
alignment most severely weakens detectors’
ability to identify Al text (reflected by TPR),
followed by their overall discrimination capability
(AUC). Notably, their ability to recognize human
text (TNR) remains stable, proving alignment
only interferes with Al-text judgment. Grouped
analysis shows clear differences: the neutral
group (e.g., R-B GPT2) is highly sensitive to
alignment, with sharper performance drops; the
metric group (e.g., F-DetectGPT) has stronger
anti-interference, among which F-DetectGPT
maintains the most stable performance, while
LLMDet declines sharply. These results confirm
text alignment is a core challenge for current
detectors, and capturing deep-seated Al-generated
features (not surface traits) is key to enhancing
anti-alignment capability—providing a direction
for future detector design.

4.2 generalization

Table 3 shows the performance changes of the
models on four datasets (the higher the value,
the stronger the ability). Overall, Binoculars
and F-DetectGPT have become top-performing
models with their consistent robustness. Although



‘ Attack ‘ Generalization
| TPR | AUC | ACC(@FPR=5%)| TPR | AUC | ACC(@FPR=5%)
MGB | 5409 | 714 | 67.41 | 5313 | 8291 | 75.65
/w RLDF-CMD | 49.95(4.14]) | 67.91(3.49]) |  65.182.23)) | 60.97 85.02 77.28
Iw roleplaying | 48.74(5.35)) | 66.43(4.97]) |  64.72(2.69]) | 63.47 85.39 77.69
/w BPO 50.12(3.97) | 68.09(3.311) |  65.49(1.92)) | 60.24 84.87 77.16
Iw self-refine | 48.87(5.22]) | 66.32(5.08]) |  64.43(2.98]) | 64.21 85.84 77147
MAGA | 45.18.99]) | 6327(8.13)) |  62.7(471)) | 713 | 8751 | 79.03

Table 4: Ablation experiments on various alignment methods. This is also a summary of the experimental results of

MAGA -extra.
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Figure 5: RLDF-CD matrix analysis for attack and
generalization. The horizontal axis represents the
RM domain, and the vertical axis represents the LLM
domain.

the upper limit of detection capability of such
metric-based methods is not as high as that
of neural-based methods, their generalization
ability is indeed strong, and our model cannot
be compared with them. Our enhanced model,
R-B MAGA, significantly outperforms the
unenhanced baseline (R-B MGB) on all datasets,
which proves the effectiveness of MAGA.
However, the improvement is negligible on
the MAGE dataset, which seems to be indeed
highly challenging. Notably, our method has
comprehensively outperformed other neural-based
models represented by RADAR, which again
proves the significance of our work.

5 Ablation Study

First, we explored RLDF configurations. Table
5 shows an ablation experiment example on
domain grouping selection for RLDF-CD, with
the horizontal axis as RM Domain and vertical
axis as LLM Domain. The main diagonal indicates
no adversarial fine-tuning, as non-cross-domain
settings are inherently infeasible with almost no
gradient changes during training. Intuitively, the
larger the inter-domain gap, the more significant
the cross-reward effect, which is confirmed by
inter-domain distance visualization (Figure 6),
with more details in Figures 12 to 14. Model
visualization is indistinct, but quantitative

Figure 6: T-SNE on HWT domain selected in Figurel2.

experiments follow the same domain-related trend.
Figure 11 presents RLDF adversarial round
experiments, showing convergence in 3 rounds.
Table 4 displays ablation experiments on various
alignment methods with consistent results. Figure
12 provides detailed ablation results: RLDF is core,
and RLDF-CMD is least diluted when combined
with other methods. Potential reasons and RLDF
advantages are discussed in Appendix L.

6 Analysis

Following the approach of RAID(Dugan et al.,
2024), we present the statistical values of log
PPL in Figures 7 and 9. RAID demonstrated that
analyses using different LL.Ms may yield varying
results. We employed seen English LL.Ms, seen
Chinese LLMs, and one unseen LLM. Although the
absolute values generated by different LLMs differ,
the comparisons between MGB-M and MAGA.-
M are consistent, provided that a single LLM is
used throughout. PPL comparisons indicate that
the relatively high PPL of MAGA may be one of
the factors contributing to successful attacks.

We summarize the metrics commonly compared
in previous studies and quantitatively conduct a
multi-dimensional comparison of HWT, MGB-M,
and MAGA-M in Figure 8, with details elaborated
in Appendix H. From MGB-M to MAGA-M,
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there is little difference in lexical and semantic
similarity relative to HWT; these metrics may
be more indicative of text quality rather than
the fundamental distinctions between human and
machine-generated texts. MGB-M exhibits higher
lexical diversity than HWT, and MAGA-M shows
even greater diversity. In Figure 10, we compare

the proportion of n-gram overlaps with HWT.

MAGA-M’ s bag-of-words contains more terms
matching those of HWT, but this comes at the
cost of excessive diversity leading to deviations, a
phenomenon that warrants further investigation. In
terms of text readability and emotional consistency,

MAGA and HWT show a high degree of alignment.

7 Related Work

Advancements in LLMs have made MGT
indistinguishable from HWT (Brown et al., 2020;
Ouyang et al., 2022; Chang et al., 2024), leading to
abuse risks (e.g., misinformation, fraud, academic
misconduct) (Hanley and Durumeric, 2024; Zellers
et al., 2019; Weidinger et al., 2021; Stokel-Walker,
2022). Thus, robust MGT detectors are critical,
driving diverse detection methods and benchmarks
(Crothers et al., 2023).

Early benchmarks (e.g., M4 (Wang et al.,
2023b)) enhanced detection difficulty via data
distribution/source diversity but relied on fixed
prompt templates, limiting generality. RAID
(Dugan et al., 2024), the first robustness-prioritized
benchmark, uses perturbations (e.g., random "\n’,
article deletion) to raise MGT perplexity and
attack metric-based detectors—findings supported
by Binoculars (Hans et al., 2024) (near-zero
accuracy for extreme random MGT). However,
such semantic-damaging manipulations hinder
neural-based detector (e.g., RoBERTa (Liu et al.,
2019)) fine-tuning, limiting benchmarks to specific
attack testing rather than generalized detection
advancement.

Content
Similarity

—— MGB-M
——- MAGA-M
HWT

. Semantic
Similarity

Sentiment  /
Consistenry
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Figure 8: multi-dimension-radar
8 Conclusion

We constructs the MAGA dataset, which covers
10 domains and 12 LLMs, and generates machine-
generated text (MGT) closer to human-written
text (HWT) using four alignment methods:
roleplaying, BPO, self-refine, and RLDF-CMD.
Experiments validate MAGA’ s dual value:
it significantly impairs the performance of all
mainstream detectors (with an average 5.58%
drop in ACC and 11.16% drop in TPR), while
RoBERTa fine-tuned on MAGA achieves a 2.06%
average ACC improvement on external datasets
like SE24-M4 and CL25-HC3—outperforming
the baseline fine-tuned on unenhanced MGB and
classic detectors such as RADAR. Ablation tests
further confirm RLDF, roleplaying, and self-refine
as core effective alignment methods, while BPO,
though less impactful, aids in prompt diversity and
RLDF enhancement. Overall, MAGA provides a
new benchmark for detector robustness testing and
a practical path to boost detector generalization.

Limitations

We still have some limitations. First, BPO is far
less effective than other alignment methods, failing
to narrow the feature gap between MGT and HWT,
requiring more efficient prompt optimization
strategies. Second, generalization testing only
covers 4 external datasets, lacking scenarios like
low-resource languages or professional fields (e.g.,
medicine, law), limiting validation of MAGA’ s
effectiveness in extreme or niche cases. Third,
experiments only use 8 detectors from the RAID
benchmark, excluding latest zero-shot detectors
based on large models (e.g., GPT-4), and do
not test detector performance under "adversarial
modification + alignment" dual interference,



reducing conclusion generalizability.
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A Statistics of MAGA
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to the English version excluding the extra variants.
Our generalized MAGA dataset comprises two
language-specific subsets: the English version
(MAGA) and the Chinese version (MAGA-cn).

Furthermore, the generalized English MAGA
dataset is divided into 6 splits: MGB, MAGA,
MAGA-extra-RLDF-CMD, MAGA-extra-BPO,
MAGA-extra-roleplaying, and MAGA -extra-self-
refine. Similarly, MAGA-cn also includes these 6
splits, with each split consisting of a training set
and a validation set.

Table 7 presents the total data volume
distribution of the generalized MAGA dataset.
Each split contains 60,000 machine-generated texts
and 60,000 human-written texts. It is important to
note that the 60,000 human-written texts are reused
across all splits—i.e., the human-written texts are
identical for every split—whereas the machine-
generated texts are distinct across splits, with one
exception: For the extra-RLDF-CMD split, since
no other alignment methods are integrated and
RLDF-CMD is only applicable to non-commercial
large models, 30,000 machine-generated texts
in this split (specifically those generated by
commercial large models) are sourced from the
MGSB split.
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Domain ‘ GPT-40-mini | Gemini-2.0-flash | DeepSeek-V3 | Qwen3-plus | Mistral-Medium | Hunyuan-Turbos | Mm&3 188 | oo 3 1oty | DecpSeekRI-0328 | (o gy | Ministral-8B | Hunyuan7B |\ po ine ogal | Human
Instruct Qwen3-8B Instruct-2410 | Instruct
Reddit 500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
S20RC 500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
Wikipedia 500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
wikiHow 500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
Trustpilot Reviews 500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
Amazon Reviews 500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
Yahoo Answers 500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
Natural Questions 500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
CC News 500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
NPR News 500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
EN.Total | 5000 5000 5000 5000 5000 5000 5000 5000 5000 5000 5000 5000 60000 60000
Baidu Tieba (7 [E1141E) 500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
) 500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
500 500 500 500 500 500 500 500 500 500 500 500 6000 6000
5000 5000 5000 5000 5000 5000 5000 5000 5000 5000 5000 5000 60000 60000

Table 5: Training Set Instance Distribution of MAGA Dataset Splits (MGB, MAGA and every split of MAGA-extra).
The table summarizes sample counts across English and Chinese domains, including per-model samples, machine
sample totals and human samples, with EN.Total and CN.Total for aggregated domain counts.

Domain GPT-do-mini | Gemini-2.0-flash | DecpSeck-V3 | Qwen3-plus | Mistral-Medium | Hunyuan-Turbos | M43 188 | oy 3. pop.jy | DoePSCekRI038 | oy g | Ministral-88 | Hunyuan78 | vy, pine Total | Human
Instruct Qwen3-8B Instruct-2410 | Instruct
Reddit 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
S20RC 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
Wikipedia 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
wikiHow 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
Trustpilot Reviews 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
Amazon Reviews 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
Yahoo Answers 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
Natural Questions 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
CC News 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
NPR News 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
EN.Total | 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 12000 12000
100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
) 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
CSL (HSCRUIATIINE) 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
Baidu Baike (£ 5} 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
Dianping (% 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
Douban Review 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
Baidu Zhidao 100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
100 100 100 100 100 100 100 100 100 100 100 100 1200 1200
CN.Total | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 12000 | 12000

Table 6: Validation Set Instance Distribution of MAGA Dataset Splits (MGB, MAGA and every split of MAGA-
extra). The table summarizes sample counts across English and Chinese domains, including per-model samples,
machine sample totals and human samples, with EN.Total and CN.Total for aggregated domain counts.

Our MAGA dataset is highly balanced. Tables 5
and 6 respectively show the data volume generated
by each model in each domain. For example, in
a single training split, each model generates 500
texts per domain.

Table 8 lists the abbreviated names of the models
we used. Throughout the text and in the dataset
annotations, the model names correspond to the
entries in the Model column of Table 8, while
the Identifier column denotes the actual model
names passed during usage (e.g., when calling
APIs for commercial large models). A key note:
abbreviated names are used for commercial large
models, whereas for non-commercial large models,
the names used in annotations are identical to those
used in actual deployment.

Table 9 outlines the annotation schema of
our dataset. Compared with previous work, our
annotations are significantly more detailed.

B Domain Details

Reddit (sentence-transformers, 2021) This
dataset contains Reddit posts along with their
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corresponding titles. We chose this dataset due
to its highly informal, conversational style and
diverse range of topics, which we hypothesize will
pose challenges for detecting Al-generated content
due to the lack of strict structural constraints.

S20RC (Lo et al., 2020) This dataset consists
of scholarly paper metadata and full-text content
from a wide range of academic disciplines. We
include this domain because it tests models’
ability to generate and detect text with formal
academic tone, precise terminology, and logical
argumentation, which relies heavily on domain-
specific knowledge.

Wikipedia (Aaditya Bhat, 2023) This dataset
contains introductory sections of Wikipedia articles
covering diverse topics such as history, science,
and culture. This domain is challenging as it
requires accurate recall of factual information and
neutral, encyclopedic writing style, making it a
strong testbed for evaluating the factuality of Al-
generated text.



Laneuace Split Training Set Validation Set Total
guag P Machine ‘ Human ‘ Total | Machine ‘ Human ‘ Total | Machine ‘ Human ‘ Total
MGB 60k 60k | 120k | 12k 12k | 24k | 72k 72k | 144k
MAGA 60k 60k | 120k | 12k 12k | 24k | 72k 72k | 144k
MAGA-extra-RLDF-CMD 60k 60k | 120k | 12k 12k | 24k | 72k 72k | 144k
English MAGA-exira-BPO 60k 60k | 120k | 12k 12k | 24k | 72k 72k | 144k
MAGA-extra-roleplaying 60k 60k | 120k | 12k 12k | 24k | 72k 72k | 144k
MAGA-extra-self-refine 60k 60k | 120k | 12k 12k | 24k | 72k 72k | 144k
Grand Total 330k 60k | 390k | 66k 12k | 78k | 396k 72k | 468Kk
MGB-cn 60k 60k | 120k | 12k 12k | 24k | 72k 72k | 144k
MAGA-cn 60k 60k | 120k | 12k 12k | 24k | 72k 72k | 144k
MAGA-cn-extra-RLDF-CMD | 60k 60k | 120k | 12k 12k | 24k | 72k 72k | 144k
Chinese MAGA-cn-extra-BPO 60k 60k | 120k | 12k 12k | 24k | 72k 72k | 144k
MAGA-cn-extra-roleplaying 60k 60k 120k 12k 12k 24k 72k 72k 144k
MAGA-cn-extra-self-refine 60k 60k 120k 12k 12k 24k 72k 72k 144k
\ Grand Total | 330k | 60k |39k | 66k | 12k | 78k | 396k | 72k | 468k
Grand Total | 660k | 120k | 780k | 132k | 24k | 156k | 792k | 144k | 936k

Table 7: Overall Instance Distribution of MAGA Dataset by Language and Split (MGB, MAGA, MAGA-extra
Alignment Methods). The table summarizes sample counts across training and validation sets, including machine-
generated, human-annotated and aggregated totals, with notes that human samples are shared across all splits and
partial machine data of MAGA-extra-RLDF-CMD is derived from MGB.

Model | Identifier

GPT-40-mini
Gemini-2.0-flash
DeepSeek-V3
Qwen3-plus
Mistral-Medium
Hunyuan-TurboS

gpt-40-mini-2024-07-18
models/gemini-2.0-flash
deepseek-v3
gwen-plus-2025-04-28
mistral-medium

hunyuan-turbos-20250313
Llama-3.1-8B-Instruct

— gemma-3-12b-it

— DeepSeek-R1-0528-Qwen3-8B

— Qwen3-8B

— Ministral-8B-Instruct-2410

— Hunyuan-7B-Instruct

Table 8: The generative models used in our project

Field | Type

id str (uuid4)
title str

text str

domain str
human_source_id | str (uuid4)
prompt_id str(uuid4)
system_prompt str
user_prompt str

model str

label int (0:human; 1l:machine)
temperature float

top_p float

top_k int
repetition_penalty | float

Table 9: Annotation Data Schema of MAGA Dataset

wikiHow (Koupaee and Wang, 2018) This
dataset comprises step-by-step instructional guides
for various tasks, from daily life skills to complex
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technical operations. We selected this domain
because it demands clear, sequential logical
structure and practical common sense reasoning,
which is difficult for models to replicate without
generating incoherent or unworkable steps.

Trustpilot Reviews (Kerassy, 2025) This dataset
contains user-generated reviews of businesses,
products, and services. The reviews exhibit a
wide range of sentiment polarity and subjective
opinions, and we hypothesize that Al-generated
reviews may lack the nuanced personal experiences
that characterize authentic user feedback.

Amazon Reviews (Ni et al., 2019) This dataset
consists of customer reviews for products sold on
Amazon, spanning multiple categories such as
electronics, apparel, and household goods. The
reviews combine subjective opinions, specific
product feature evaluations, and personal usage
scenarios, testing models’ ability to generate
realistic, detailed consumer feedback.

Yahoo Answers (sentence-transformers, 2024c¢)
This dataset contains user-submitted questions and
their corresponding answers on a broad array of
topics. We include this domain due to its mix of
casual conversational tone and informative content;
Al-generated answers may struggle to match the
diverse, sometimes idiosyncratic problem-solving
approaches of human respondents.

Natural Questions (sentence-transformers,



2024a) This dataset comprises real user questions
posed to Google Search and their corresponding
answers extracted from Wikipedia. This domain
is designed to test models’ ability to generate
accurate, concise factual responses to information-
seeking queries, with a focus on alignment
between questions and answer relevance.

CC News (Hamborg et al., 2017) This dataset
contains news articles sourced from Common
Crawl, covering global events across politics,
economy, technology, and more. The articles are
collected from a vast number of online news outlets,
providing a diverse sample of journalistic writing
styles and testing models’ capacity to generate
factually consistent news content.

NPR News (sentence-transformers, 2024b) This
dataset consists of news reports and feature articles
from National Public Radio, known for its in-depth,
balanced coverage of domestic and international
issues. We chose this domain because it requires
formal journalistic tone, rigorous fact-checking,
and narrative coherence, highlighting the challenge
of Al-generated text in mimicking professional
news writing.

Baidu Tieba (HongzheBi, 2023) This dataset
contains posts and comments from Baidu Tieba, a
Chinese-language online forum with topic-specific
communities. The content features colloquial
Chinese expressions, slang, and community-
specific jargon, making it challenging for models
to replicate the authentic conversational style of
Chinese internet users.

Weibo Review (LZYFirecn, 2025) This dataset
comprises user comments from Weibo, a major
Chinese microblogging platform. The reviews
are typically concise, sentiment-laden, and often
tied to trending topics, testing models” ability to
generate short-form, context-aware Chinese text
that captures the nuances of online public opinion.

Rednote Review (Jingyi Zheng, 2025) This
dataset consists of user-generated reviews and
lifestyle sharing content from Xiaohongshu
(Rednote), a Chinese social e-commerce platform.
The content blends product evaluations with
personal experience narratives and visual
description cues, and we hypothesize that Al-
generated content may lack the authentic, relatable
details of human posts.
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CSL (Li et al.,, 2022) This dataset contains
abstracts from Chinese Core Journals, covering
academic research in fields such as humanities,
social sciences, natural sciences, and engineering.
We include this domain as it requires mastery of
formal Chinese academic writing conventions,
precise disciplinary terminology, and logical
research framework presentation.

Baidu Baike (lars1234, 2025) This dataset
contains entry content from Baidu Baike, a
Chinese-language online encyclopedia. Similar
to Wikipedia, this domain demands neutral,
factual writing and accurate representation of
Chinese-specific cultural, historical, and scientific
knowledge, posing challenges for models’
cross-lingual factual recall ability.

Dianping (twn39, 2025) This dataset comprises
user reviews of restaurants, shops, and local
services from Dianping, a Chinese local life
service platform. The reviews focus on detailed
experience descriptions, such as food taste, service
quality, and store environment, testing models’
ability to generate realistic, location-specific
Chinese consumer feedback.

Douban Review (dirtycomputer, 2023) This
dataset contains user reviews of movies, books,
music, and TV shows from Douban, a Chinese
cultural community platform. The reviews are
characterized by subjective, insightful critical
analysis and emotional expression, making it
difficult for Al-generated text to replicate the depth
of human cultural perception and personal taste.

Baidu Zhidao (HongzheBi, 2023) This dataset
consists of user questions and answers from Baidu
Zhidao, a Chinese Q&A platform covering daily
life, study, work, and other topics. The content
features a mix of formal informative answers and
casual conversational responses, testing models’
ability to adapt to diverse Chinese language
interaction styles.

Zhihu (Liu et al., 2020) This dataset contains
questions and in-depth answers from Zhihu, a
Chinese knowledge-sharing platform. The answers
often include logical argumentation, personal
experience sharing, and professional analysis, and
we hypothesize that Al-generated content may lack
the unique perspectives and detailed reasoning of
human experts.



CLTS (Liu et al., 2020) This dataset comprises
news articles from The Paper (CLTS), a Chinese
mainstream digital news outlet, covering politics,
society, culture, and technology. The articles
adhere to rigorous journalistic standards and
focus on in-depth investigative reporting, testing
models’ ability to generate formal, factually
accurate Chinese news content.

C Generator Details

GPT-40-mini (Hurstet al., 2024) is a lightweight
OpenAl GPT-4o0 variant, a decoder-only model
fine-tuned on diverse text corpora. Accessible via
ChatCompletion, it balances performance and
efficiency for prompt-based tasks.

Gemini-2.0-flash (Google DeepMind, 2024) is
Google DeepMind’ s multimodal model for fast
text/image/audio inference. Trained on mixed web
and multimodal data, it enhances efficiency while
maintaining strong reasoning performance.

DeepSeek-V3 (DeepSeek-Al et al., 2024) is
DeepSeek AI’ s decoder-only model, optimized
for reasoning, coding and math. Trained on
academic/programming datasets with an extended
context window, it is open-source for technical
domains.

Qwen3-plus (Yang et al., 2025) is Alibaba
Cloud’ s open-source decoder-only model,
upgraded from Qwen series. Trained on diverse
text/code and fine-tuned for dialogue, it delivers
robust general and domain-specific performance.

Mistral-Medium (Mistral Al, 2025) is Mistral
AI’ s mid-sized decoder-only model. Trained on
filtered web/technical texts, it balances speed and
performance, excelling in few-shot and real-time
generation.

Hunyuan-TurboS (Liu et al., 2025) is
Tencent’” s  lightweight Hunyuan variant,
optimized for low-latency conversations. Trained
on Chinese/English web/dialogue data, this
closed-source model is API-accessible for daily
interactions.

Llama-3.1-8B-Instruct (Al@Meta, 2024) is
Meta’ s 8B-parameter instruction-tuned decoder-
only model. Pre-trained on web/books/Wikipedia
and fine-tuned for intent alignment, it is open-
source and commercially viable.
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gemma-3-12b-it (Team, 2025) is Google’ s
12B-parameter open-weight instruction-
tuned model. Trained on high-quality
text/code/educational data, it supports multilingual
tasks with strong reasoning and code generation.

DeepSeek-R1-0528-Qwen3-8B  (DeepSeek-Al
et al., 2025) is DeepSeek’ s fine-tuned Qwen3-8B
variant. Optimized on reasoning/math datasets,
this open-source model focuses on precise logical
inference for research.

Qwen3-8B (Yang et al., 2025) is Alibaba’ s 8B-
parameter open-source decoder-only model. Pre-
trained on multilingual text/code, it serves as a
versatile base for fine-tuning.

Ministral-8B-Instruct-2410 (Mistral AI Team
et al.,, 2024) is a lightweight instruction-tuned
model. Trained on instruction/conversation data,
it prioritizes fast inference, suitable for edge/low-
resource deployment.

Hunyuan-7B-Instruct (Tencent, 2025) is
Tencent’ s 7B-parameter instruction-tuned model.
Pre-trained on Chinese/English text and fine-tuned
for dialogue, it is designed for chatbots and content
generation.

D RLDF Details

First, we define key notations for consistent
formulation:

M: The large language model (LLM) to be fine-
tuned, with parameters 6; its generation distribution
is mp(y|z) My(y|z), where x is the input
prompt and y is the generated text.

Dy: The detector (serving as the reward model,
RM) with parameters ¢, outputting Dy (y) € [0, 1]
(the probability that y is identified as machine-
generated).

H = {h;}¥ ,: The human-written text (HWT)
set, labeled O (non-machine-generated).

M = {m;}¥,: The human-aligned machine-
generated text (MGT) set (from the LLM), labeled
1 (machine-generated).

Xp: The input space of domain D (e.g.,
Xpa/Xpp for cross-domain scenarios).

Mua/ Mus: Two benchmark LLMs for cross-
model scenarios.

Mg: A commercial LLM, whose generated text
is MB = {mgﬂ'}fil.

rp(y) = 1 — Dy(y): The reward function
(higher values mean y is more human-aligned and



harder to detect).

RLDF RLDF achieves human alignment and
anti-detection capability of LLM-generated
text via a multi-round adversarial loop:
"LLM reinforcement fine-tuning — detector
generalization fine-tuning". For LLM fine-tuning,
we use Generative Reward Policy Optimization
(GRPO) to optimize the generation policy 7y with
Dy’ s feedback as reward, plus a KL divergence
constraint for training stability:

Lcrpo(0) = By x yomy(y]2) [Ae(,m(%y) -log mo(y|x)]
-B- E.INXKL(WOOI(!(.|I’) H 7T9(|:L’))
(D

Here, Ay (@,y) rp(y)
]nywmold(qu)rp(y’ ) is the advantage function
(measuring y’ s reward gain over the old policy
Togq)» B > 0 is the KL penalty coefficient, and
Oolq is the pre-update LLM parameter. After
GRPO fine-tuning, the LLM produces human-
aligned M = {m;}¥, (m; ~ my(y|z;)). For
detector fine-tuning, we build the training set
T = {(hi, O)}Y, U {(m;, 1)}, (from H and
M), then fine-tune Dy (RoBERTa-initialized) with
binary cross-entropy loss:

N

Edetector(¢) = |:10g (1 - D¢(h1))

2N 4
=1

2)
+ log D¢ (ml)]

The fine-tuned D acts as a new reward model,
and the loop repeats for adversarial capability
iteration.

RLDF-CD RLDF-CD targets cross-domain
scenarios, enabling LLM human alignment
across domains via "domain-specific detectors
— cross-reward fine-tuning". To build domain-
specific detectors: 1) For Apa, construct
Toa = {(hpai,0)} U {(mpa,i, 1)} (from Hpa
and Mpa) and fine-tune to get Dpa; 2) For Apg,
build 7pg (from Hpg and Mpg) and fine-tune to
get Dpg. For cross-domain GRPO fine-tuning, we
use cross-domain detectors as rewards (Dpg for
Aba, Dpa for App), so the objective extends to:

Lorrocn(®) = > Eopymy(yla) [0, (2, ) - log mo(y|2)]
De{DA,DB}
=B Y EpoxpKL(my,([x) || m(-|2))
De{DA,DB}

3)
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where Ay, (z,y) o Tﬁ(y)
Eylwﬁeold(y/‘x)rﬁ(g/’ ) (D denotes the cross
domain of the current domain).

RLDF-CM RLDF-CM focuses on cross-model
scenarios, improving LLM’ s generalized
human alignment via "model-specific detectors
— multi-model cross-reward — commercial
LLM enhancement". To build model-
specific detectors: 1) For Mya, construct
Tva = {(hZ,O)} U {(mMAJ,l)} (from Mya
and H) and fine-tune to get Dya; 2) For Mys,
build 7y (from Mpyg) and fine-tune to get
Dwmp; 3) Expand Tya/Twms with commercial
LLM-generated Mg (resulting in Ty, /Tyg) to
enhance detector generalization. For cross-model
GRPO fine-tuning, we use cross-model detectors
as rewards (Dyp for Myia-style generation, Dy
for Myp-style generation), so the objective is:

Lareo-cm(f) = Z B,y (yl) [Agys(2,y) - logmp" (y|)]
Me{MAMB}
B8 Y EexKL(myl(l2) || 73 |))
Mée{MA,MB}

“)

Here, 7)"(y|z) is the target LLM’ s policy
imitating M’ s style, and Ag_,(,y) = oY) —
Ey’N“eﬁd (/)" 77(Y") (M denotes the cross model
of the current imitated model).

Final Selection We ultimately adopted the
fully enhanced RLDF-CMD to construct the
MAGA dataset. Based on ablation experiments,
we divided the domains into two groups: DA
includes Wikipedia, wikiHow, CC News, NPR
News, and S20RC, while DB consists of
Reddit, Trustpilot Reviews, Amazon Reviews,
Yahoo Answers, and Natural Questions. We
also split the models into two groups: Mya
comprises Qwen3-plus, Qwen3-8B, DeepSeek-V3,
DeepSeek-R1-0528-Qwen3-8B, Hunyuan-TurboS,
and Hunyuan-7B-Instruct, whereas Mg includes
Llama-3.1-8B-Instruct, Mistral-Medium, Ministral-
8B-Instruct-2410, Gemini-2.0-flash, GPT-40-mini,
and DeepSeek-V3. A cross-reward approach was
employed here.

It should be noted that we alternate the cross
configuration once per round of RLDF-CMD,
ensuring each model can generate content for every
domain. Specifically, in each adversarial round, we
first set the groups as Go = My +DA and Gg =
Mwmg + DB, then switch to Gpo = Mya + DB
and Gg = Mg + DA for the same round.



E Decoding Strategies

Decoding strategies play a crucial role in
controlling the behavior of large language models
(LLMs) during text generation, by modulating
the probability distribution over the vocabulary to
balance diversity and coherence.

Our goal is to generate more aligned machine
texts. We adopted multiple decoding strategies,
as detailed in Table 10. In fact, for open-
source models, the official recommended
decoding parameters are provided in the file
generation_config.json, which can yield optimal or
near-optimal generation quality. For commercial
models, such as Qwen3-Plus (Yang et al., 2025),
the recommended parameters are specified in their
Technical Report. Since our objective is to generate
more aligned machine texts, we adopted these
parameters. When the recommended parameters
are unknown, based on empirical experience, we
set top k to -1 and keep the rest of the parameters at
their default value of 1, which generally produces
diverse and relatively stable results.

E.1 Temperature

Temperature 1" > 0 is a scaling factor that adjusts
the sharpness of the token probability distribution.
Given raw logits ; € R? for token i, the
probability p; is computed as:

Di = exp(z;/T)
t X exp(a/T)

A higher T' flattens the distribution to promote
diverse generation, while a lower " sharpens the
distribution, favoring high-probability tokens for
more deterministic outputs.

E.2 Top-k and Top-p Sampling

Top-k and top-p (nucleus sampling) are two
constrained sampling strategies that restrict the
candidate token set to reduce irrelevant generation.

For top-k sampling, the model only samples
from the k& most probable tokens (sorted by
exp(z;/T)). Let Sy denote this set of top-k tokens.
The adjusted probability is:

explas/T)
S es, exp(e;/T)

pi =
{O

A larger k increases diversity, while £ = 1 reduces
to greedy decoding.

if 1 € S,

otherwise
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For top-p sampling, the candidate set S, is
defined as the smallest subset of tokens whose
cumulative probability exceeds a threshold p €
(0, 1]. The probability distribution is:

exp(ws/T)
s, ep(@;/T)

pi =
{0

This strategy adapts the size of the candidate set
dynamically based on probability distribution.

ifi €S,

otherwise

E.3 Penalty

Penalty mechanisms are designed to discourage
repetitive token generation by modifying the logit-
based probability distribution, with three common
variants: repetition penalty, presence penalty, and
frequency penalty. Let g represent the list of
previously generated tokens.

Repetition penalty (Keskar et al., 2019) applies
a multiplicative adjustment to the logits of tokens
in g. The modified probability is:

b _e(/(T - 1(i € g))
TS el /(T 15 € 9))

where I(c) = 0 if condition c is true (token 7 is
in g) and I(c) = 1 otherwise, with # > 1 as the
penalty coefficient.

Presence penalty (implemented by OpenAl) uses
an additive penalty to reduce the likelihood of
any token that has appeared in g, regardless of
occurrence frequency:

o _expl(@i/T) —a-1(i € g)
TS en((ay/T) — o 1(j € g)

where a > 0 is the penalty weight, and (i € g) is
an indicator function that equals 1 if token ¢ is in g,
and 0 otherwise.

Frequency penalty extends presence penalty by
penalizing tokens in proportion to their occurrence
frequency in g. Let f; denote the frequency of
token ¢ in g. The adjusted probability is:

pi = exp((zi/T) — B fi- 1(i € g))
CXexp((z/T) =B fi - 1(j € g))

where 8 > 0 is the penalty weight, so tokens with
higher frequency receive stronger penalties.

F Detector Details

R-B GPT2 (Solaiman et al., 2019) A RoBERTa-
based detector fine-tuned on GPT2 open-domain



Model

| Temperature | Top-p | Top-k | Repetition Penalty

GPT-40-mini 0.6
Gemini-2.0-flash

DeepSeek-V3 1
Qwen3-plus* 0.7
Mistral-Medium

Hunyuan-TurboS

Llama-3.1-8B-Instruct 0.6
gemma-3-12b-it 1
DeepSeek-R1-0528-Qwen3-8B 0.6
Qwen3-8B 0.6
Ministral-8B-Instruct-2410 1
Hunyuan-7B-Instruct 0.7

1 -1 1
1 -1 1
1 -1 1
0.8 -1 1%
1 -1 1
1 -1 1
0.9 -1 1
0.95 64 1
0.95 -1 1
0.95 20 1
1 -1 1
0.8 20 1.05

Table 10: Decoding strategies used for each generative model. Qwen3-plus* additionally uses a presence penalty
of 1.5, which is not listed in the table. A value of -1 indicates that the corresponding parameter is not used (i.e.,

disabled) for that model.

outputs, which were generated via greedy decoding,
top-k=50 sampling, and full random sampling.
As a long-standing baseline, both base and large
variants are used for comparison.

R-B CGPT (Guoetal., 2023) A RoBERTa-base
model fine-tuned on the HC3 dataset (==27,000
human-ChatGPT answer pairs across multiple
domains). Accessed via HuggingFace datasets.

RADAR (Hu et al., 2023) A fine-tuned Vicuna
7B (derived from LLaMA 7B) trained under a
generative adversarial framework with a paraphrase
model. It distinguishes paraphrased text, WebText
human text, and original LM outputs. Accessed via
HuggingFace.

GLTR (Gehrmann et al., 2019) Originally an
auxiliary interface for human detection, now a
standard robustness baseline. It evaluates token
likelihood via an LM, bins tokens by likelihood,
and uses these as features. Adopts default settings
(rank=10 cutoff, GPT2 small).

FastDetectGPT (Bao et al., 2023) An optimized
DetectGPT variant with 340x faster inference and
unchanged accuracy. Uses default GPT-Neo-2.7B
(scoring) and GPT-J-7B (reference) models, neither
of which was used for dataset generation, ensuring
fair comparison.

Binoculars (Hans et al., 2024) Uses the ratio of
perplexity to cross-entropy between two similar
LMs as the detection metric. Adopts official default
Falcon 7B and Falcon 7B Instruct models; neither
was used for dataset generation, ensuring fairness.
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LLMDet (Wu et al., 2023) Computes proxy-
perplexity (n-gram sampling-based approximation)
of input text via 10 small LMs, using these as
detection features. None of the LMs were used
for dataset generation, ensuring fair comparison.

SCRN (Huang et al., 2024) A robust detector
with a reconstruction network for denoising
and siamese calibration. It resists adversarial
perturbations across in-domain, cross-domain, and
mixed-source scenarios.

DETree (He et al.,, 2025) A representation
learning-based detector that models text category
relationships via a Hierarchical Affinity Tree and
contrastive loss. Trained on RealBench, it excels
at hybrid text detection and out-of-distribution
generalization.

DALD (Zeng et al., 2024) A distribution-aligned
black-box detector that fine-tunes surrogates with
small-scale LLM outputs. Enhances zero-shot
methods and adapts to model updates and non-
English texts.

GECSCORE (Wu et al.,, 2024) A zero-shot
detector using grammar error correction similarity.
It distinguishes texts by comparing input with
corrected versions, boasting strong generalization
and paraphrase attack resistance.

It should be noted that the base models
employed by nearly all detectors are primarily
competent only in English. In some cases, they
lack any Chinese language capability whatsoever;
in others, their Chinese recognition ability is even



weaker than that for low-resource languages, with
no practical proficiency in Chinese. Among these,
R-B CGPT offers a standalone Chinese version,
while GECScore can be directly applied to Chinese
detection tasks simply by translating the prompt
text into Chinese. Notably, Binoculars is capable
of Chinese recognition, and despite lacking
functional Chinese language proficiency, we found
that its detection performance is surprisingly
satisfactory. As a supplementary addition for
training-based detectors, we have additionally
incorporated RoBERTa-MPU-zhv3 (Tian et al.,
2023). The four aforementioned models are
utilized by us for Chinese detection tasks.

RoBERTa-MPU-zhv3 (Tian et al., 2023) A
multiscale detector with length-sensitive PU loss
and text multiscaling. It improves short-text
detection while maintaining long-text performance,
supporting both English and Chinese datasets.

G Prompt Details

We present our English prompts in Table 12 and
the Chinese version in Table 13. The prompts
in these tables are the original User Prompts,
which are used by MGB, extra-RLDF-CMD, extra-
roleplaying, and for the first round of extra-self-
refine. BPO automatically optimizes the prompts;
the first round of extra-BPO and MAGA adopts the
prompts optimized by BPO.

Tables 14 and 15 display the English and
Chinese Self Refine prompts, respectively. Based
on the content generated in the first round, we
input a Feedback Prompt to obtain feedback
through multi-turn conversations, which is then
embedded into the Refine Prompt to generate the
text after Self Refine. The Self Refine prompts are
applied in extra-self-refine and MAGA.

Table 16 shows the Role-Playing prompts, which
are input as system prompts and used by extra-
roleplaying and MAGA. For specific examples of
prompt usage, please refer to the case study in
Table 36.

H Multidimensional Analysis Details

Content Similarity the adopted metrics include
ROUGE (for abstract and translation tasks),
BLEU (for translation tasks), and METEOR
(for multi-dimensional matching to compensate
for synonym-matching gaps), while CHRF
(character-level matching for low-resource
language translation and short texts) and CIDEr

20

(for image captioning) are excluded. Specifically,
ROUGE-1 (unigram-based) is suited for short-
text semantic coverage evaluation, ROUGE-2
(bigram-based) for long-text phrase-level semantic
coherence assessment, and ROUGE-L (LCS-based)
for word order-preserving tasks like machine
translation. For metric prioritization, recall (R)
takes precedence over F1 and precision (P) in text
summarization to ensure full coverage of core
information from the source text; precision (P)
is prioritized over F1 and recall (R) in machine
translation and question answering to guarantee
output accuracy; F1 is the optimal choice for
general content generation to balance coverage and
accuracy. Thus, we finally select ROUGE-2-F1 as
the core reference metric.

Semantic Similarity BERTScore is adopted,
with F1 as the primary observation indicator, which
is the most common practice.

Lexical Diversity no universal standard metric
exists, but Type-Token Ratio (TTR, the most basic
lexical diversity metric) and Yule’s K (the core
metric for detecting word repetition, which is
typical of machine-generated text) are chosen,
along with the 2-gram vocabulary size proposed by
M4.

Text Readability Flesch-Kincaid Reading Ease
(simple and intuitive for daily news scenarios),
SMOG Index (effective for detecting obscure
expressions in academic papers and manuals),
and Dale-Chall Readability Score (based on basic
vocabulary for children’ s books and popular
science texts) are adopted, while Flesch-Kincaid
Grade Level and Gunning Fog Index are excluded.

Sentiment Consistency We aligned the model
selected with HC3(Guo et al., 2023). Then we
use cosine similarity selected as the optimal
consistency calculation method. Rather than
simply counting the percentages of negative,
neutral, and positive texts, we more precisely
calculated the average probability score for all
texts in each category.

I Hyperparameters & training time

For the standalone training of RoBERTa, the
hyperparameters are set as follows: num_epochs=1,
total_batch_size=64, learning_rate=>5e-5,
optimizer=AdamW, Ir_scheduler_type="cosine”,
and warmup_ratio=0.03. A key parameter here
is the number of epochs, which we set to 1
based on the baseline configuration (epochs=1)



Metric MGB-M | MAGA-M | HWT
Content Similarity
ROUGE 0.0526 0.0387 1.00
BLEU 0.0235 0.0165 1.00
METEOR 0.2132 0.2007 1.00
Average | 0.0964 | 0.0853 | 1.00
Semantic Similarity
BERTScore | 0.8252 | 0.8287 | 1.00
Lexical Diversity
TTR 0.7893 0.7991 0.8271
Yule’s K 74.99 52.02 100.18
Bigram Vocab Size | 4261689 | 5467106 | 3253456
Normalized Score | 0.8203 1.00 0.7165
Text Readability
Flesch Kincaid 40.53 53.39 54.54
SMOG 14.10 12.15 11.91
Dale Chall 11.19 10.24 10.23
Cosine Similarity 0.9905 1.00 1.00
Sentiment Consistency
Negative 0.3243 0.3439 0.3455
Neutral 0.4030 0.3894 0.3996
Positive 0.2727 0.2667 0.2549
Cosine Similarity | 09989 | 1.00 | 1.00

Table 11: Multi-dimensional human-machine text
analysis results across three models: MGB-M, MAGA-
M, and HWT. The evaluation covers content similarity,
semantic similarity, lexical diversity, text readability,
and sentiment consistency metrics.

2.039.04%:083

1'9952.040

‘l“

2.0
1710751754

!l

Figure 9: Direct log ppl computed on the base/chat large
model.

1.716-742

1.

5

1.

o

II53|

mmm Llama-3.1-8B

ma Llama-3.1-8B-Instru

W= Qwen3-8B-Base

=== Qwen3-8B

== glm-4-9b

mmm glm-4-9b-chat
—— —

MGB-M

0.

(5

0.0

MAGA-M

reported in SemEval-M4 (Wang et al., 2024c).
This choice is motivated by three reasons: (1) For
RoBERTa-base, the training data with more than
100k samples is sufficiently abundant, eliminating
the need for multiple epochs; (2) This ensures an
extremely fair comparison; (3) It contributes to
reliable generalization performance.
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Figure 11: RLDF-CM generalization AUC by RLDF
round. The CM group configuration use the most
significant increase in Figure 13.

For RLDF-CMD, we adopt GRPO + LoRA
for training on 8 L20 GPUs. The smallest
LLM (7B) was trained for approximately 70
hours, while the largest LLM (12B) was trained
for about 150 hours. Our micro_batch_size
is set to 1, and real_batch_size is set to 1024
(batch_size_per_device=32, rollout=4), with the
learning rate of 5e-6. We conducted 3 training
rounds of RLDF-CMD, with 1 epoch of training
for each round.

J More Experiment Details

Table 18 presents the benchmark results on MAGA-
cn, while Table 19 shows the generalization
experiments in the Chinese version. Tables 21 to
24 report the benchmark results on various extra
settings of MAGA. Tables 25 to 28 demonstrate
the specific performance of the generalization
experiments on different external datasets. Tables
29 to 35 illustrate the corresponding detailed
experiments in the Chinese version, namely the
benchmark results on various extra settings and
the specific performance of the generalization
experiments on different external datasets. Overall,
our MAGA achieves consistent performance
across all these experiments.



K Discussion

K.1 RLDF v.s. RADAR

Human-machine hybrid text (or
rewritten/paraphrased text) is not genuine human
text and thus requires detection. Traditionally,
it has been regarded as an adversarial attack
on machine text generation. Nevertheless,
recent works such as MIXSET(Zhang et al.,
2024) have explicitly pointed out that treating
human-machine hybrid text as machine text for
training binary classifiers is inappropriate, as
it may introduce uncertainties. Instead, they
propose a ternary classification task where
human-machine hybrid text is considered a third
category. RADAR is precisely the adversarial
fine-tuning of paraphrasers and detectors.

If we see OpenAI’s R-B-GPT?2 as the baseline,
RADAR does not consistently outperform it across
different benchmarks. In the experimental tables
of Beemo(Artemova et al., 2025) , the AUCROC
score of RADAR also fluctuated significantly in
different experiments. This further confirms that
RADAR’s actual detection performance is highly
uncertain.

RADAR is designed for paraphrased text
detection, it also solves the infeasibility of
direct adversarial fine-tuning (as mentioned in
Section 3.5, due to RoBERTa’s overfitting to
in-distribution data).  Additionally, RADAR
integrates RoBERTa’s fine-tuning into the PPO
step, enabling highly automated and continuous
performance improvement.

However, according to the HC-Var theory(Xu
et al., 2023), RADAR’s approach remains highly
constrained by the unreliable scoring caused
by RoBERTa’s overfitting to irrelevant features.
Furthermore, the initial insufficient experience
of RoBERTa leads to unreliable convergence
directions between the LLM and RoBERTa, also
resulting in an extremely unstable training process.

Our RLDF is a decoupled general framework:
we first fully train the detector, then fully train the
large language model, and repeat this cycle while
manually controlling the multi-round adversarial
process to ensure reliability. Given the infeasibility
of direct adversarial fine-tuning, we incorporate
the HC-Var theory and leverage the characteristic
that out-of-distribution detection primarily relies on
relevant features, thus designing two types of cross-
domain/cross-model cross rewards (RLDF-CD,
RLDF-CM). Our proposed R-B MAGA achieves
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stable improvements over our stronger baseline R-
B MGB.

K.2 Why not Distill?

If we need more anthropomorphic text, why
not directly perform knowledge distillation
on commercial large models or simply use
commercial large models?

Many previous studies, including M4(Wang
et al., 2023b), have shown that increasing the
diversity of large model selections, especially
incorporating a large number of small-parameter
large models, leads to significant improvements in
detector learning.

Cogl.M(Wang et al., 2024a) once pointed out
through relevant metric analysis that large models
with different parameter sizes can be regarded as
humans of different ages, each with its unique style.

For example, in terms of overall knowledge
difficulty, richness, application scope, and
effectiveness, university-level knowledge is
certainly superior to high school-level knowledge,
which in turn is superior to junior high school-level
knowledge. However, this does not mean that only
university examinations are meaningful; junior and
senior high schools also have their own unique
challenging problems.

The characteristic of RLDF is to enable various
open-source large models to generate more
anthropomorphic machine text while maintaining
their original styles.

L Case Study

Table 36 presents a case study comparing
various generation methods. We conducted a
manual analysis to identify the advantages and
disadvantages of each method. Machine traces
are highlighted in red, while human traces are
highlighted in green.

First, for the unenhanced MGB, there are
numerous drawbacks. 1. The phrase "consistently
perform behaviors" deliberately emphasizes the
continuity principle of wikiHow and downplays
one-time actions, which is a key signal of Al
mimicking wikiHow’ s "practicality-oriented"
style. 2. The expression "physical, mental,
and social function" is an obvious intentional
imitation of the "underlying structure" of
wikiHow health articles, directly adopting this
three-dimensional formulation. 3. The clause
"consuming adequate nutrition, engaging in regular



movement, maintaining rest cycles, managing
stress inputs, and avoiding known hazards" is a
typical hint of AI’ s "detailed breakdown-style
writing". 4. The sentence "Execute these actions
repeatedly over time" re-emphasizes long-term
persistence, and such "double emphasis" is a
typical characteristic of Al-generated content.

For BPO, roleplaying, and self-refine, the
machine traces are similar: they deliberately
emphasize continuity instead of clarifying it in
more natural and casual ways, and they always
decompose and stack some core principles of
wikiHow for illustration. Examples include
"nutrition, exercise, sleep, and mental health" from
roleplaying and "focus on eating well, staying
active, getting enough rest, and managing stress"
from self-refine. Further elaboration is omitted
here.

Examples of human traces in BPO include the
phrase "support your body and mind". When
humans express health-related topics, they do not
rigidly split "body" and "mind". Such concise
and coherent phrases summarize the core meaning,
which is not only natural and warm but also avoids
the stacking of mechanical terminology. In terms
of content, BPO is more in line with human
expression habits.

Examples of human traces in roleplaying are
as follows: the sentence "Being healthy is about
balancing various aspects of your life" carries the
tone of college students chatting with their peers,
and "It’s not about perfection, but consistency" is
a clear expression of the empathetic mindset of
college students.

Examples of human traces in self-refine include
the sentence "You don’ t have to make huge
changes all at once—small, consistent steps
can lead to big improvements over time". This
"empathize first, then guide" expression transforms
the text from a "cold guideline" into "warm advice",
which is more in line with the encouraging logic
of interpersonal communication. As a method of
self-reflection and refinement by large language
models (LLMs), self-refine has a random rather
than single improvement angle compared with
the previous two methods, making it suitable for
combination with other methods.

MAGA integrates the advantages of multiple
methods, thereby reducing machine traces in a
more comprehensive and in-depth manner.

Table 37 demonstrates the advantages of RLDF-
CMD. In fact, the optimization of RLDF-CMD
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is more moderate, implicit, and quantitative.
Benefiting from detector feedback, its most
prominent feature is eliminating obvious machine
hints. Our MAGA Additional Instruction is
inspired by RAID (Dugan et al., 2024). Large
language models (LLMs) suffer from a very
annoying problem when generating such content.
For example, when generating a Reddit post,
even if you explicitly state "Do not repeat the
title", the model still tends to add an opening
sentence in unexpected ways. Our instruction
has proven to be highly effective. Paradoxically,
the more detailed your instructions are, the
less likely LLMs are to follow them. Even so,
LLMs—including commercial models—still
frequently generate opening sentences, which is
an extremely obvious machine hint. The greatest
advantage of RLDF-CMD is that it can easily and
almost completely solve this problem.

In Table 38, we present a Chinese case study,
which is basically consistent with the two previous
English analyses.



User Prompt

MAGA Additional Instruction

Reddit Write just the body of a Reddit post titled "{title}". | Do not repeat the title.
Do not repeat the title.

S20RC Write the abstract for the scientific paper titled | Itis preferable not to start with "This paper".
"{title}". It is preferable not to start with "This
paper".

Wikipedia \ Write the body of a Wikipedia article titled "{title}". \ N/A

wikiHow | Write the body of a wikiHow article titled "{title}". | N/A

Trustpilot Reviews | Write the body of a Trustpilot review titled "{title}". | Do not give it a title.

Do not give it a title.

Amazon Reviews

Write the body of an Amazon review titled "{title}".

Do not give it a title.

Do not give it a title.

Yahoo Answers

Write just the response to the question titled "{title}"
on Yahoo Answers. Do not repeat the question.

Do not repeat the question.

Natural Questions

Provide the answer to the question "{title}".

N/A

CC News Write the body of a news article titled "{title}". Do | Do not repeat the title.
not repeat the title.
NPR News Write the body of a NPR news article titled "{title}". | Do not repeat the title.

Do not repeat the title.

Table 12: The text of the user prompts and additional instructions for all datasets. The field {title} was replaced
with the corresponding title before being passed into the generative model. Before adding the BPO optimization
prompt, we remove the suffix we call MAGA Additional Instruction, and then append it after optimization.

User Prompt

| MAGA Additional Instruction

Baidu Tieba

HIR AT “{tite}” BIEHEIEIENFE —5
IR R EIS . EEREA RS

WEEAHEL .

Weibo Review

BURNBRE “{title)” FIFHRMBLEE —%
IR AL . EEEA TS .

HEES L -

Rednote Review

FM

RN “(tde)” H/NIHEILE
KT o A HIE

EHEA L.

CSL BIRE—BBE R ({tte}) BT URLITIG | BIFAED, “&3 Fk.
R . BIFRELL A TRk

BaiduBaike | IRG MRy “(ide)” MERERAM- | NA

Dianping ERRIE R ERIAS Bk ST | NA

ffro \n BRI (title)

Douban Review | H/RNER ((title}) 5 —EREEAIEMRZTE. | HEEAHITL -
B EBA TR
Baidu Zhidao R B EEAE SR “(title}” 5 —BURAAIE | N/A
Zhihu HIRNAFRRA] “{title}” F—EE%E - EAE | HAEEE M.
BHE R .
CLTS BRE—REEHN ({title}) FIEERFHE. B~ | EAEEESH, BERAHIET.

HEEWH, HEAHIEX.

Table 13: The text of the user prompts and additional instructions for all Chinese datasets. The field {title} was
replaced with the corresponding title before being passed into the generative model.
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| Feedback Prompt

Refine Prompt

Reddit

Review the tone of the post you just wrote. Does
it sound natural and human, or more robotic? If it’s
not human enough, suggest improvements to make it
more conversational and engaging. Only give concise
suggestions for improvement. Do not rewrite the post.

Please improve your Reddit post titled "{title}" to make it
more conversational and engaging. Here are some specific
suggestions:\n{feedback}

S20RC

Review the abstract you just wrote. Does it meet the
academic rigor of a scientific abstract while sounding
natural (avoiding rigid jargon stacking or mechanical
statement)? If it’'s not human enough, suggest
improvements to enhance fluency. Only give concise
suggestions for improvement. Do not rewrite the abstract.

Please improve your scientific paper abstract titled
"{title}" to be more human while maintaining academic
rigor. Here are some specific suggestions:\n{feedback }

Wikipedia

Review the Wikipedia article you just wrote. Does it
sound like a human-edited encyclopedia entry? If it’s
not human enough, suggest improvements to enhance
coherence and naturalness. Only give concise suggestions
for improvement. Do not rewrite the article.

Please improve your Wikipedia article titled "{title}"
to be more human while adhering to Wikipedia’s
neutrality standards. Here are some specific
suggestions:\n{feedback}

wikiHow

Review the wikiHow article you just wrote. Does it
have clear, practical steps and sound like a user-friendly
guide? If it’s not human enough, suggest improvements to
enhance usability and approachability. Only give concise
suggestions for improvement. Do not rewrite the article.

Please improve your wikiHow article titled "{title}" to be
more human while keeping steps practical and clear. Here
are some specific suggestions:\n{feedback}

Trustpilot

Review the tone of the review you just wrote. Does
it sound natural and human, or more robotic? If it’s
not human enough, suggest improvements to make it
more conversational and engaging. Only give concise
suggestions for improvement. Do not rewrite the review.

Please improve your Trustpilot review titled "{title}" to be
more human and conversational. Here are some specific
suggestions:\n{feedback}.

Amazon Reviews

Review the tone of the review you just wrote. Does
it sound natural and human, or more robotic? If it’s
not human enough, suggest improvements to make it
more conversational and engaging. Only give concise
suggestions for improvement. Do not rewrite the review.

Please improve your Amazon review titled "{title}" to be
more human and conversational. Here are some specific
suggestions:\n{feedback}.

Yahoo Answers

Review the tone of the Yahoo Answers response
you just wrote. Does it match the platform’s tone
(moderately conversational, not too academic)? If it’s
not human enough, suggest improvements to enhance
conversational naturalness. Only give concise suggestions
for improvement. Do not rewrite the response.

Please improve your Yahoo Answers response to
the question titled "{title}" to be more human and
matching the platform’s tone. Here are some specific
suggestions:\n{feedback }

Natural Questions

Review the answer you just wrote. Does it accurately solve
the question and balance conciseness with completeness
while sounding natural?  Suggest improvements to
enhance naturalness. Only give concise suggestions for
improvement. Do not rewrite the answer.

Please improve your answer to the question "{title}" to
be more natural while ensuring accuracy. Here are some
specific suggestions:\n{feedback}

CC News Review the news article you just wrote. Does it | Please improve your news article titled "{title}" to be more
follow news writing principles and sound like a human- | human while maintaining journalistic objectivity. Here
written news piece? If it’s not human enough, suggest | are some specific suggestions:\n{feedback}
improvements to enhance objectivity and fluency. Only
give concise suggestions for improvement. Do not rewrite
the article.

NPR News Review the NPR news article you just wrote. Does it | Please improve your NPR news article titled

match NPR’s style? If it’s not human enough, suggest
improvements to enhance depth and approachability. Only
give concise suggestions for improvement. Do not rewrite
the article.

"{title}" to be more human while keeping NPR’s
professional and readable style. Here are some specific
suggestions:\n{feedback}

Table 14: Self-refine prompts for each domain
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| Feedback Prompt

| Refine Prompt

Baidu Tieba

HRE BRI R T e EERE S, EERRG
ARG, BEEGISERN? MREETBG
ARFR, 545 B G EW EHE A R B EAE
P H R MRS RN . AEEFEE .

ERMRALARRFRRE R “(title}” B BENLIENS 15
MR, PREFE I EHE AR A AN EE . B
PREHINANTR: \n{feedback}

Weibo Review

T R B BRI R T BRI, R ERG
RAXGH), BRBEENGZEMK? MR CIBG
ARKFH, G4 MG EEE QR B EEE
Mo iE ARG RSSO . NEEG L.

BRMAAR RIS “(tite)” FIFNRAIE L ZRE
FIVEIS, PREFWE T Gk A B A EE . B
PRGN . \n{feedback}

Rednote Review

EHREBRAIERE /NI, ERERGEA
REW, BREERILEGEME? IR ENEEHRAL
G, B NIt EEE 5 R H B ENENE .
HRGHREEOER . AREGITL.

BRI AR “{title)” FI/NMLBEILRER)
Wk, FEFE AR AEEXIEE . BAsuHEan
N: \n{feedback}

CSL

TH IR EBURANER S §) P SOZ DT SO R, R
HEEARTHEEAE S I GRERIER) R AT
EHLIERR) 2 WRENBRALTR), A HK
FEE DU IR R A BTG TE o 3 RL4E TS R0
. NEEGHE.

BRI E RRLE R ({title}) BIHSTOEAT]
WIXHE, REFERMEEMFERFEERARS
B BRSO : \n{feedback)

Baidu Baike

FHREBREARENEEERNE, ERTREA
THRERERNE? MRCTBRARTH), ifH
H SRS A DA B R R BT B R . 1B R A
FESE W . FEEFERNE-

THRAIRIRE BFRAE Y “(titde}” MIEHEE R
g, AR RN R T EERARE
B o ELARMGHEIIIT: \n{feedback)

Dianping

HIREBRAES RGO, EEELER
HX . BARER, R ERILESEMK? 1RE
AERANRER, EAHMUEUEEE ER A
ﬁﬁﬁﬁaﬁﬂﬁﬁﬁ%%ﬂﬁ@ﬁDX%Egﬁ
Il o

HRARET R “(tide}” G RIRAS FIT
fr, EHEENEN . BAEXER . BARKGHEK
R : \n{feedback)

Douban Review

HIRE AR A E F ST, EREREDH
K BARFE, DEEGILEHELMMN? WRE
TMERANRER), &4 HBHR R E AR EE
AXEN . 1F RS HRENEOEEIN . AEEFIT

W

WAL B ((title)) BT HEIMEATE, REF
TR AES - RAREN . BAREGHE
WAIF: \n{feedback}

Baidu Zhidao

¥

EREBRA8E B0 EE

TEIRALIR I B EALEIR A “{title)” HEEHIEE,

EE, BRI
RIS P, R SR ERV? 4 G | (AR - RS SR M RRT R IR AR A .
UL BT . UG TSR . | AEEGEEIT: \n(feedback)
RERGEE .
Zhihu B REBRNES QAT EZ, A - AR | BRI TR “(de)” REMEZ, 1
R, CREHATAMEARS GEENE, & | RRARSH, HFATAMNE. BTN
B FER) ¢ MBCRBRAKER, % | AT \n{feedback)
BRI LI SR ETA RN - I FLZA L BT Fo e
B AEESEE.
CLTS SHREBRNES RN, CRAMAH | WRRIRREOEE ) (ule) MEFHE, &

5 (R B A LRI JF R 2 A
S0? MR BEALGH, i
SSRZWPERTIITE - 1 FL43 TV OO A
ABESG LA

a2 MR RN FEERA LG . BARNGH
AR : \n{feedback}

Table 15: Self-refine Chinese prompts for each domain
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English

| Chinese

You are American. Please respond in a casual, conversational
American English style.

fRAEZALFAIL - FHIRAHE R RS .

You are Winston Churchill. Respond with formal, eloquent
British English, using powerful rhetoric, patriotism, and
gravitas in your language.

,f/—in%‘IFL

AR, AR AR S S LHIRE IR B
AN DIURIBS T B2 B . T IR A A SR AR

EEEES -

You are Sherlock Holmes. Respond with formal, analytical
language, sharp wit, and precise reasoning.

REEER, REEZE. WLUE . MHEEEL-
FUTRESRA - RPEN . BEERERNESHE -

HIR

You are a librarian. Respond in a quiet, detail-oriented, and
helpful tone—Tlike you’re explaining a catalog entry or sharing
a note from your records, calm and precise.

RREESBEES, HIRARMAE - KT ARIESE
5, G OHRE P E3%E -

You are a firefighter. Respond in a no-nonsense,
straightforward, but approachable tone—like you’re
debriefing a colleague or updating a report, calm and
matter-of-fact, no extra fluff.

IRAETHRI R, EIRASEER . R SEIE R A,
g%@ﬁ%ﬁﬁk%ﬁ%ﬁﬁ%ﬁ@,@ﬁ@%,K%
YK .

You are a doctor. Respond in a calm, authoritative, and
empathetic tone—like you’re updating a nurse about a
patient’s care, precise with medical details but mindful of
the human side.

TRREEL, B ENE . EFRELOMESES,
%gﬁ?i%%%ﬁﬁ%,%@%ﬁ@ﬁ%%,%ﬁA

You are a teacher. Respond in a patient, firm, and caring tone.

IRZEZON, BRI ORM - BEHE - & R MEE
SEE, BT

You are a student (college-aged). Respond in a relatable,
slightly frazzled but earnest tone—like you’re venting to
a classmate before a lecture, juggling notes and deadlines,
casual and conversational.

RRKZEE, BRHFETIZE i BATRAIAR S
EAEE, FEIRETS RS, ICEBHEEID . R
IEA#, MR BSRESE.

You are a police officer. Respond in a calm, professional,
no-frills tone.

ot e

IRREE, HIRMRETIL - &

TURHEE -

MTHESEE, &

You are an artist. Respond in a creative, passionate, and
reflective tone—Tlike you’re talking to a gallery owner about
your work, excited about your process, no pretense.

RRZARK, EIRHEAEE . JTHME . BT EN
WARE, FEinS E RS E CRER, AelEd
R LERR, NEERENE -

Table 16: Samples of Role-Playing Prompts

Dataset Origin Size Domain Model Multilingual | Adversarial Sampling Alig t
Coverage Coverage Coverage Coverage Coverage Augment
TuringBench (Uchendu et al., 2021) 200k X v X X X X
RuATD (Shamardina et al., 2022) 215k v v X X X X
RoFT (Dugan et al., 2023a) 21k 4 4 X X X X
HC3 (Guo et al., 2023) 26.9k v X v X X X
MGTBench (He et al., 2023) 2.8k v v X v X X
CHEAT (Yu et al., 2023) 50k X X X 4 X X
MULTITuDE (Macko et al., 2023) 74.1k X v v X X X
OpenLLMText (Chen et al., 2023) 340k v v X X v X
AuText2023 (Sarvazyan et al., 2023b) 160k v X v X X X
M4 (Wang et al., 2023b) 122k v v v X X X
CCD (Wang et al., 2023a) 467k X X v v X X
IMDGSP (Mosca et al., 2023) 29k X v X X X X
HC-Var (Xu et al., 2023) 145k v X X X X X
MultiSocial (Macko et al., 2024) 472k v v v X X X
BUST (Cornelius et al., 2024) 25k v v X X v X
M4GT-Bench (Wang et al., 2024b) 217k v v v X X X
LLM-DetectAlve (Abassy et al., 2024) 303k v 4 X 4 X X
MixSet (Zhang et al., 2024) 3.6k v v X v X X
LAMP (Chakrabarty et al., 2024) 1k v v X v X X
HC3 Plus (Su et al., 2024) 210k 4 X 4 X X X
MAGE (Li et al., 2024) 447k v v X X X X
RAID (Dugan et al., 2024) 570k v v X v v X
Beemo (Artemova et al., 2025) 19.6k v v X v X X
RealDet (Zhu et al., 2025) 847k v v v 4 X X
MAGA (Ours) | 936k | v | v | v | v | v | v

Table 17: A full comparison of the publicly available sources of generated text.
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| ACC | TPR | TNR | AUC | ACC(@FPR=5%)

Aligment? | X |/ | X | v | - | x| v | x| v

R-BCGPTCN | 52.19 | 51.81(0.38)) | 99.54 | 98.79(0.75)) | 4.83 | 73.01 | 70.88(2.13)) | 53.64 | 53.06(0.58)
R-BMPU zhv3 | 53.38 | 52.86(0.52)) | 7.06 | 6.03(1.03)) | 99.69 | 79.89 | 76.78(3.11]) | 57.13 | 56.24(0.89.)
neutralavg | 5278 | 52.34(0.45)) | 53.30 | 52.41(0.89)) | 5226 | 76.45 | 73.83(2.62)) | 55.39 | 54.65(0.73))
Binoculars 71.84 | 67.54(4.30)) | 48.67 | 40.08(8.59)) | 95.00 | 83.38 | 81.69(1.69)) | 71.21 | 66.71(4.50))
GECScore 49.59 | 49.59(0.001) | 0.01 | 0.01(0.00)) | 99.17 | 5133 | 48.94(2.39)) | 52.08 | 51.25(0.83))
metricavg | 60.71 | 58.57(2.15)) | 24.34 | 20.05(4.30)) | 97.09 | 67.36 | 65.32(2.04]) | 61.65 | 58.98(2.67)
avg | 56.75 | 55.45(1.30)) | 38.82 | 36.23(2.59)) | 74.67 | 71.90 | 69.57(233]) | 58.52 | 56.82(1.70])

Table 18: MAGA-cn Bench. An "X" in the "Alignment" column indicates the MGB-cn dataset, while the opposite
indicates the MAGA-cn dataset; all data are generated in a single run.

|  S-M4-CN | C-M4GT-CN | C-HC3-CN | AVERAGE

| AUC | ACC(5%) | AUC | ACC(5%) | AUC | ACC(5%) | AUC | ACC(5%)
R-B CGPT CN 99.24 | 9519 | 98.95| 9429 |99.96" | 97.15° |99.38 | 95.54
R-B MPU zhv3 9594 | 89.10 | 9540 | 87.09 | 9509 | 88.65 |9548 | 88.28
Binoculars 97.87 | 9418 | 97.73| 9421 | 97.02 | 9221 | 9754 | 93.53
GECScore 4534 | 5126 | 54.69 | 47.06 | 4794 | 5664 |4932| 51.65
R-BMGB CN (Ours) | 98.68 | 9377 |98.04 | 9142 | 99.04 | 9490 |9859| 9336
R-BMAGA CN (Ours) | 9941 | 9633 | 9942 | 9623 | 99.67 | 9664 |99.50 | 96.40
AR-BMAGA-MGBCN | 073 | 256 | 138 | 481 | 063 | 174 | 091 | 3.04

Table 19: Three Chinese datasets including S-M4-CN, C-M4GT-CN, and C-HC3-CN. ACC(5%) here is a short for
ACC(@FPR=5%). Bold indicates the largest value, underline indicates the second largest value. R-B CGPT CN is
trained on c-HC3-CN

\ Attack \ Generalization

| TPR | AUC | ACC(@FPR=5%)| TPR | AUC | ACC(@FPR=5%)
MGB | 5400 | 7141 | 67.38 | 5034 | 80388 | 73.32
MGB /w RLDF-CMD 50.92(3.17) | 68.83(2.58]) |  66.25(1.13]) | 57.24 82.05 74.04
MGB /w roleplaying 48.76(5.33]) | 66.43(4.98]) |  64.71(2.67]) | 60.68 83.37 75.36
MGB /w BPO 50.12(3.97)) | 68.07(3.34]) |  6548(1.90)) | 57.49 82.84 74.82
MGB /w self-refine 48.88(5.21]) | 66.33(5.08]) |  64.43(2.95]) | 6141 83.83 75.11
MGB /w roleplaying /w BPO 4748(6.61]) | 6543(5.98]) |  64.213.17)) | 64.07 83.98 75.42
MGB /w roleplaying /w RLDF-CMD | 47.75(6.34]) | 65.11(6.30]) | ~ 64.32(3.06)) | 64.79 83.84 75.34
MGB /w BPO /w RLDF-CMD 48.89(5.20]) | 67.05(4.36)) |  64.93(245]) | 60.39 83.33 74.96
MAGA w/o self-refine 46.10(7.99]) | 64.22(7.19]) |  63.56(3.82]) | 67.17 84.72 75.92
MAGA w/o RLDF-CMD 46.56(7.53]) | 64.62(6.79]) |  63.76(3.62]) | 65.86 84.59 75.85
MAGA | 45.59(8.50)) | 63.71(7.700) | ~ 63.31(4.07)) | 68.03 | 85.03 76.13

Table 20: a more full Ablation study on 10% data.
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Figure 12: RLDF-CD-matrix results. Top: Attack performance; Bottom: Generalization performance.
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Figure 13: RLDF-CM matrix analysis for attack and generalization

HWT-Domain MGB-M-Domain MAGA-M-Domain MGB-M-Model

Figure 14: T-SNE visualization results of different domains and models. From left to right: HWT domain, MGB-M
domain, MAGA-M domain, MGB-M Model.
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| ACC TPR AUC | ACC(@FPR=5%)
R-B GPT2 56.06(2.38) 29.21(4.76]) 52.49(4.42)) 57.02(2.92))
R-L GPT2 54.25(2.44]) 15.46(4.88]) 48.51(4.94]) 54.09(2.88)
R-B CGPT 53.02(4.58) 24.42(9.15)) 58.48(5.49)) 51.82(2.91))
RADAR 57.61(2.22]) 25.13(4.43)) 59.56(3.87) 57.51(2.82))
SCRN 73.72(0.54]) 93.15(1.08) 83.52(1.24]) 59.43(0.54])
DETree 58.00(0.05]) 99.83(0.11]) 93.38(0.54) 86.29(0.94])
neutralavg | 58.77(2.031) | 47.87(4.07]) 65.99(3.420) |  61.03(2.17])
GLTR - - 66.93(4.38) 66.34(3.93))
F-DetectGPT 79.22(0.751) 74.76(1.511) 83.67(0.34]) 79.25(0.711)
LLMDet 47.10(3.361) 22.02(6.72]) 42.14(5.751) 53.91(2.98))
Binoculars 81.72(2.55]) 78.84(5.09]) 83.09(3.67]) 80.06(3.17])
DALD 78.82(1.19]) 75.63(2.38) 83.72(0.77]) 78.73(1.06)
GECScore 53.62(2.73]) 10.97(5.45]) 59.43(6.49) 56.49(3.08)
metric.avg | 68.09(2.12]) | 52.44(4.23]) | 69.83(3.57)) |  69.13(2.49])
avg | 63.01(2.07)) | 49.95(4.14]) | 6791(3.49]) |  65.08(2.33])
Table 21: MAGA-extra—CMD Bench.
| ACC TPR AUC | ACC(@FPR=5%)

R-B GPT2 54.79(3.651) 26.68(7.29]) 49.49(7.42]) 56.43(3.51))
R-L GPT2 53.75(2.94]) 14.47(5.87]) 43.83(9.62]) 53.42(3.55])
R-B CGPT 50.71(6.89) 19.79(13.781) 54.01(9.96.) 51.03(3.70)
RADAR 56.96(2.87]) 23.83(5.73]) 55.73(7.701) 57.72(2.61])
SCRN 73.85(0.41]) 93.41(0.82)) 84.98 60.35

DETree 58.06 99.96 93.45(0.47]) 86.89(0.34])
neutralavg | 58.02(2.79)) 46.36(5.581) 63.58(5.831) |  60.97(2.22))
GLTR - - 66.24(5.07]) 66.02(4.25])
F-DetectGPT 79.05(0.92]) 74.42(1.85]) 83.49(0.52) 79.23(0.73])
LLMDet 46.12(4.34]) 20.06(8.68) 41.52(6.37]) 52.52(4.37])
Binoculars 81.79(2.48]) 78.98(4.95]) 83.47(3.29]) 78.49(4.74])
DALD 78.98(1.031) 75.95(2.06) 83.38(1.11]) 78.74(1.05])
GECScore 52.45(3.90]) 8.63(7.791) 57.57(8.35]) 55.76(3.81])
metric.avg | 67.68(2.53]) | 51.61(5.07)) 69.28(4.12]) |  68.46(3.16])
avg | 62.41(2.670) | 48.74(5.35)) 66.43(4.971) |  64.72(2.69))

Table 22: MAGA-extra-roleplaying Bench.
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ACC TPR AUC | ACC(@FPR=5%)
R-B GPT2 55.48(2.964) 28.06(5.91)) 51.73(5.18]) 57.69(2.25])
R-L GPT2 54.21(2.48)) 15.39(4.95)) 46.74(6.71]) 54.17(2.804.)
R-B CGPT 52.12(5.48)) 22.61(10.964.) 57.02(6.95]) 52.12(2.61])
RADAR 57.51(2.32]) 24.93(4.63]) 59.04(4.39]) 58.62(1.71])
SCRN 73.94(0.32]) 93.59(0.64) 83.97(0.79].) 59.58(0.39])
DETree 57.97(0.08]) 99.78(0.164) 93.71(0.21) 86.89(0.34))
neutral.avg 58.54(2.27]) 47.39(4.54]) 65.37(4.04]) | 61.51(1.68])
GLTR - - 68.34(2.97]) 67.97(2.30])
F-DetectGPT 79.57(0.41]) 75.46(0.81]) 83.70(0.31]) 79.57(0.39)
LLMDet 46.83(3.63]) 21.49(7.25]) 43.51(4.38]) 53.18(3.71)
Binoculars 83.55(0.714) 82.51(1.42]) 86.02(0.74]) 81.87(1.36.)
DALD 79.28(0.73]) 76.54(1.47]) 84.01(0.48]) 79.13(0.664)
GECScore 53.62(2.73]) 10.96(5.46 ) 59.33(6.59]) 55.04(4.53])
metric.avg 68.57(1.64)) | 53.39(3.28]) | 70.82(2.58]) | 69.46(2.164.)
avg 63.10(1.98]) | 50.12(3.97]) | 68.09(3.311) | 65.49(1.92])
Table 23: MAGA-extra-BPO Bench.
ACC TPR AUC | ACC(@FPR=5%)

R-B GPT2 54.44(4.004.) 25.98(7.99]) 50.42(6.49]) 55.59(4.35])
R-L GPT2 53.14(3.55)) 13.24(7.10]) 45.57(7.88]) 52.81(4.164)
R-B CGPT 52.51(5.09) 23.39(10.184.) 55.67(8.304) 50.27(4.46])
RADAR 56.49(3.34]) 22.89(6.67]) 57.75(5.68]) 56.62(3.71])
SCRN 74.33 94.37 84.12(0.64) 59.56(0.41])
DETree 57.97(0.08]) 99.78(0.164) 94.06 87.69

neutral.avg 58.14(2.66) 46.61(5.33]) 64.60(4.81]) | 60.42(2.77])
GLTR - - 64.67(6.64]) 64.91(5.364.)
F-DetectGPT 79.23(0.75]) 74.78(1.49]) 83.54(0.47]) 79.09(0.87])
LLMDet 45.98(4.48]) 19.78(8.96 ) 39.21(8.68]) 53.27(3.62])
Binoculars 81.17(3.10) 77.74(6.19]) 81.23(5.53)) 78.34(4.89])
DALD 78.97(1.04]) 75.93(2.08]) 83.37(1.12].) 78.41(1.38])
GECScore 52.97(3.38]) 9.67(6.75]) 56.27(9.65]) 56.54(3.03])
metric.avg 67.66(2.55]) | 51.58(5.09)) | 68.05(5.35]) | 68.43(3.19))
avg 62.47(2.61])) | 48.87(5.22]) | 66.32(5.084) | 64.43(2.98])

Table 24: MAGA -extra-self-refine Bench.
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ACC | TPR | TNR | AUC | ACC(@FPR=5%)

R-B GPT2 64.33 33.96 97.92 75.92 68.25
R-L GPT2 54.30 13.43 99.50 70.44 63.98
R-B CGPT 67.19 37.66 99.86 81.25 74.97
RADAR 67.28 90.09 42.04 76.25 55.46
SCRN 67.88 93.68 39.33 79.37 58.13
DETree" 99.50" 99.53" 99.47" 99.78" 99.32"
GLTR - - - 80.19 72.23
F-DetectGPT 83.43 82.39 84.57 88.51 85.99
LLMDet 52.25 26.99 80.19 70.28 50.17
Binoculars 89.76 81.33 99.08 89.73 89.09
DALD 82.58 82.98 82.13 88.15 85.01
GECScore 48.06 1.11 100.00 89.05 68.81
R-B MGB (Ours) 85.49 72.39 99.99 94.63 90.58
R-B MAGA (Ours) | 87.36 98.72 74.79 (-25.20]) | 98.87 95.41

Table 25: Performance comparison on S-M4 dataset. DETree” uses multiple datasets including M4, M4GT and
MAGE to construct reference vectors, so its results are for reference only (marked with asterisk) and not included in
the best/second-best comparison. Bold indicates the best performance, underline indicates the second best among
the remaining models.

ACC TPR TNR AUC | ACC(@FPR=5%)
R-B GPT2 61.04 43.81 96.80 78.38 63.76
R-L GPT2 50.60 27.48 98.60 74.02 57.04
R-B CGPT 63.91 50.78 91.16 74.82 58.61
RADAR 54.95 72.69 18.11 70.89 31.13
SCRN 62.80 91.06 4.14 93.49 33.73
DETree" 90.01" 94.67" 80.33" 96.63" 94.56"
GLTR - - - 78.29 63.13
F-DetectGPT 80.96 83.31 76.08 86.76 79.65
LLMDet 55.33 47.82 70.92 74.89 53.16
Binoculars 82.36 75.03 97.58 89.14 84.10
DALD 80.44 83.93 73.19 85.41 78.87
GECScore 34.26 2.60 100.00 65.88 50.00
R-B MGB (Ours) 73.95 64.44 93.69 82.98 73.37
R-B MAGA (Ours) | 80.69 77.22 87.88 (5.81]) | 88.40 78.99

Table 26: Performance comparison on C-M4GT dataset. DETree” uses multiple datasets including M4, M4GT and
MAGE to construct reference vectors, so its results are for reference only (marked with asterisk) and not included in
the best/second-best comparison. Bold indicates the best performance, underline indicates the second best among
the remaining models.
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ACC TPR TNR AUC | ACC(@FPR=5%)

R-B GPT2 60.99 47.21 85.35 76.40 55.19
R-L GPT2 56.92 35.93 94.03 79.55 55.98
R-B CGPT 54.64 43.81 73.78 61.32 47.89
RADAR 53.09 46.92 64.01 58.43 45.08
SCRN 59.99 57.78 63.90 66.24 48.01
DETree" 84.68" 99.95" 57.69" 99.44" 96.82"
GLTR - - - 58.34 46.78
F-DetectGPT 59.54 46.15 83.22 64.67 56.67
LLMDet 40.39 29.25 60.09 50.13 47.27
Binoculars 61.76 47.31 87.30 63.79 58.89
DALD 59.82 47.23 82.07 64.96 56.73
GECScore 41.10 7.79 100.00 53.67 40.00
R-B MGB (Ours) 44.98 15.44 97.22 60.90 46.95
R-B MAGA (Ours) | 48.29 22.15 94.51 (-2.71]) | 64.63 47.67

Table 27: Performance comparison on C-MAGE dataset. DETree” uses multiple datasets including M4, M4GT and
MAGE to construct reference vectors, so its results are for reference only (marked with asterisk) and not included in
the best/second-best comparison. Bold indicates the best performance, underline indicates the second best among
the remaining models.

ACC TPR TNR AUC | ACC(@FPR=5%)
R-B GPT2 94.50 93.94 94.77 98.45 94.59
R-L GPT2 89.39 69.32 98.81 94.88 89.34
R-B CGPT" 99.27" 99.37" 99.23" 99.99" 99.27"
RADAR 87.79 84.71 89.23 90.16 84.74
SCRN 86.43 89.77 84.86 93.49 88.77
DETree" 44.76" 100.00" 18.82" 98.55" 95.27"
GLTR - - - 92.37 91.13
F-DetectGPT 93.56 100.00 90.53 99.94 97.19
LLMDet 78.17 71.48 81.31 90.23 81.34
Binoculars 87.92 100.00 82.25 99.59 97.19
DALD 91.93 100.00 88.14 99.76 97.19
GECScore 81.74 42.86 100.00 90.18 86.96
R-B MGB (Ours) 87.09 60.23 99.70 93.14 91.68
R-B MAGA (Ours) | 94.47 87.12 97.92 (-1.78]) | 98.14 94.06

Table 28: Performance comparison on C-HC3 dataset. DETree” and R-B CGPT" are marked with asterisk and not
included in the best/second-best comparison. R-B CGPT" is trained on HC3. Bold indicates the best performance,
underline indicates the second best among the remaining models.
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| ACC | TPR | AUC | ACC(@FPR=5%)
R-BCGPTCN | 52.000.191) | 99.17(0.37)) | 71.97(1.04]) 53.33(0.311)
R-BMPU zhv3 | 53.13(0.25)) | 6.57(0.49]) | 78.38(1.51]) 56.64(0.49)
neutral.avg | 5257(0.220) | 52.87(0.43]) | 75.18(1.281) | = 54.99(0.40)
Binoculars 69.65(2.190) | 44.29(4.38]) | 82.46(0.92]) 68.87(2.34])
GECScore 49.59(0.00) | 0.01(0.00}) | 50.04(1.29]) 51.62(0.46)
metric.avg | 59.62(1.100) | 22.15(2.191) | 66.25(1.11]) |  60.25(1.40])
avg | 56.090.661) | 37.51(1.311) | 70.71(1.19]) |  57.62(0.90))

Table 29: MAGA-cn-extra-RLDF-CMD Bench.

| ACC | TPR | AUC | ACC(@FPR=5%)
R-B CGPT CN ‘ 51.90(0.291) ‘ 98.97(0.571) ‘ 71.99(1.021) ‘ 53.27(0.37])
R-BMPU zhv3 | 53.40 7.11 80.13 57.06(0.07)
neutral.avg | 52.65(0.13]) | 53.04(0.26)) | 76.06(0.391) |  55.17(0.22)
Binoculars ‘ 69.29(2.55) ‘ 43.58(5.09.) ‘ 82.43(0.951) ‘ 68.19(3.02)
GECScore 49.59(0.00) | 0.01(0.001) | 49.96(1.37]) 51.56(0.52)
metric.avg | 59.44(127]) | 21.80(2.55)) | 66.20(1.16]) |  59.88(1.77.)
avg | 56.05(0.70)) | 37.42(1.401) | 71.13(0.78)) |  57.52(0.991)

Table 30: MAGA-cn-extra-roleplaying Bench.

| ACC | TPR | AUC | ACC(@FPR=5%)
R-B CGPT CN ‘ 52.20 ‘ 99.56 ‘ 72.34(0.67]) ‘ 53.48(0.161)
R-BMPU zhv3 | 53.12(0.26]) | 6.54(0.52)) | 78.23(1.66]) 56.67(0.46)
neutral.avg | 52.66(0.13]) | 53.05(0.25)) | 75.29(1.170) |  55.08(0.31])

Binoculars 69.98(1.861) | 44.96(3.71]) | 82.73(0.65)) 69.24(1.974)
GECScore 49.59(0.00)) | 0.01(0.004) | 50.36(0.97.) 51.79(0.29.)
metric.avg | 59.79(0.931) | 22.49(1.86)) | 66.55(0.81)) |  60.52(1.13)
avg | 56.22(0.53)) | 37.77(1.05)) | 70.92(0.99)) |  57.80(0.72.)

Table 31: MAGA-cn-extra-BPO Bench.
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| ACC | TPR | AUC | ACC(@FPR=5%)
R-B CGPT CN 51.93(0.264.) 99.03(0.51,) 71.62(1.39]) 53.21(0.43])
R-B MPU zhv3 53.04(0.34]) 6.39(0.67].) 77.95(1.94]) 56.44(0.69].)
neutral.avg | 52.49(0.30.) | 52.71(0.59]) | 74.79(1.67]) | 54.83(0.56.)
Binoculars 68.83(3.01]) 42.65(6.02.) 82.25(1.13]) 68.42(2.79])
GECScore 49.59(0.004,) 0.01(0.004.) 49.69(1.64) 51.61(0.47])
metric.avg | 59.21(1.51]) | 21.33(3.01) | 65.97(1.39]) | 60.02(1.63)
avg | 55.85(0.90].) | 37.02(1.804.) | 70.38(1.53]) | 57.42(1.10])
Table 32: MAGA-cn-extra-self-refine Bench.
ACC TPR TNR AUC | ACC(@FPR=5%)
R-B CGPT CN 95.22 92.30 98.10 99.24 95.19
R-B MPU zhv3 89.18 83.37 94.92 95.94 89.10
Binoculars 93.51 88.80 98.17 97.87 94.18
GECScore 50.28 0.00 100.00 45.34 51.26
R-B MGB CN (Ours) 86.70 73.63 99.63 98.68 93.77
R-B MAGA CN (Ours) | 96.14 94.39 97.88 (-1.75]) | 99.41 96.33

Table 33: Performance comparison on S-M4 CN dataset. Bold indicates the best performance, underline indicates
the second best.

ACC TPR TNR AUC | ACC(@FPR=5%)
R-B CGPT CN 94.58 91.86 97.61 98.95 94.29
R-B MPU zhv3 88.08 82.85 93.92 95.40 87.09
Binoculars 93.71 93.58 93.85 97.73 94.21
GECScore 47.24 0.00 100.00 54.69 47.06
R-B MGB CN (Ours) 85.09 72.57 99.08 98.04 91.42
R-B MAGA CN (Ours) | 96.27 95.00 97.68 (-1.40]) | 99.42 96.23

Table 34: Performance comparison on C-M4GT CN dataset. Bold indicates the best performance, underline
indicates the second best.

ACC TPR TNR AUC | ACC(@FPR=5%)

R-B CGPT CN” 98.63" 99.70" 97.81" 99.96" 97.15"

R-B MPU zhv3 88.67 90.28 87.43 95.09 88.65
Binoculars 93.23 87.87 97.37 97.02 92.21
GECScore 56.46 0.00 100.00 47.94 56.64

R-B MGB CN (Ours) 95.01 94.22 95.62 99.04 94.90
R-B MAGA CN (Ours) | 95.98 99.25 93.45 (-2.17]) | 99.67 96.64

Table 35: Performance comparison on C-HC3 CN dataset. Bold indicates the best performance, underline indicates
the second best. R-B CGPT CN is trained on HC3 CN dataset and not involved in comparison.

35



Domain wikiHow

|

Title | How to Be Healthy
|
|

Model GPT-40-mini

Original User Prompt | Write the body of a wikiHow article titled "How to Be Healthy".

System Prompt You are a student (college-aged). Respond in a relatable, slightly frazzled but earnest tone—like
you’ re venting to a classmate before a lecture, juggling notes and deadlines, casual and
conversational.

User Prompt Write the body of a wikiHow article titled "How to Be Healthy". Include actionable, beginner-
friendly tips across nutrition, exercise, sleep, and mental health.

HWT Many people think that being healthy is a difficult task, involving months of dieting accompanied
by hours at the gym. However, this is not actually true.

MGB-M To be healthy, consistently perform behaviors that support physical, mental, and social function.
This includes consuming adequate nutrition, engaging in regular movement, maintaining rest
cycles, managing stress inputs, and avoiding known hazards. Execute these actions repeatedly
over time.

extra-BPO-M Being healthy involves adopting habits that support your body and mind. To improve your
health, focus on maintaining a balanced diet, staying physically active, getting adequate sleep,
and managing stress. Small, consistent actions can lead to long-term health benefits. Follow the
tips below to begin your journey toward a healthier lifestyle.

extra-roleplaying-M Being healthy is about balancing various aspects of your life—nutrition, exercise, sleep, and
mental health. It’s not about perfection, but consistency. Simple changes can make a huge
difference. Focus on eating real food, moving your body, resting well, and managing stress.
Over time, small habits add up to big improvements.

extra-self-refine-M To be healthy, focus on eating well, staying active, getting enough rest, and managing stress.
These habits can help you feel better, live longer, and enjoy life more fully. You don’t have
to make huge changes all at once-small, consistent steps can lead to big improvements over
time. This guide will walk you through practical, everyday actions to boost your health and
well-being.

self-refine-feedback The summary is concise but could benefit from being more engaging and user-friendly. Here
are some suggestions: 1. Make it more relatable: Instead of just listing the steps, try adding a
sentence to explain the benefit of following them (e.g., "These simple habits can help you feel
better, live longer, and enjoy life more fully."). 2. Simplify language: Use less formal language
to make it feel more approachable (e.g., "To be healthy, focus on eating well, staying active,
getting good rest, and managing stress—plus, a few other key habits."). 3. Add an encouraging
tone: Make the summary sound more motivating by including something like, "You don’ t
need to make drastic changes all at once—small steps can lead to big improvements over time."

MAGA-M Being healthy isn’t about chasing perfection-it’s about taking small, manageable steps that
make you feel better, help you live longer, and let you enjoy life more. You don’t need to
completely overhaul your lifestyle overnight. Instead, focus on making tiny, sustainable changes
in the areas of nutrition, exercise, sleep, and mental health. These simple habits can have a
huge impact over time, and you’ll start feeling the benefits without all the pressure. Ready to
get started? Let’s go!

Table 36: A case study comparing different alignment methods was conducted. Human analysis highlighted text
with machine-generated characteristics in red and text with human-generated characteristics in green.
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Domain

Reddit

Title \ The one feature the iPad is really missing.

Model | Qwen3-8B

Original User Prompt | Write just the body of a Reddit post titled "The one feature the iPad is really missing.". Do not
repeat the title.

System Prompt \ You are American. Please respond in a casual, conversational American English style.

User Prompt Write just the body of a Reddit post titled "The one feature the iPad is really missing". Focus on
relatable daily pain points and a brief personal scenario for authenticity. Do not repeat the title.

HWT I don’t care about the lack of camera. I never use the one on my MacBook, and even if I did the
angle would be terrible on the iPad. I don’t care if third party apps can’t run in the background.
I don’t listen to streaming music. I don’t care that the App Store is a closed system. I can
jailbreak for myself and I think the closed system works better for most users. The one feature
I want is User Accounts and a Guest Account. If this device is meant to be a coffee table
computer, it needs to be able to accomadate multiple users.

MGB-M Okay, here’s the body of a Reddit post: I’ve been using the iPad on and off for years, and

every time I want it to fully replace my laptop, I run into the same wall. The hardware is more
than capable, the apps are mostly there, but one core feature is still missing: true, unrestricted
background processing. I don’t mean minor background refresh or limited exports that only
work if you don’t lock the screen. I mean being able to kick off a long task—file transfers,
renders, large downloads, code builds, data processing—and trust that it will just keep running,
exactly like it would on a Mac or PC. This limitation affects everything: File managers feel
half-baked because transfers can stall or fail. Pro apps have to design around the OS instead of
focusing on features. Multitasking feels cosmetic when apps can’t actually work unless they’re
front and center. Apple keeps pushing the iPad as a "computer," especially with M-series chips,
but computers do work independently of whether you're actively staring at them. Until iPadOS
allows apps to reliably run real tasks in the background, the iPad will always feel like it’s one
permission dialog away from greatness. The frustrating part is that this doesn’t feel like a
hardware problem or even a performance issue—it feels like a philosophical choice. And it’s
the one thing that keeps the iPad from crossing the line from "very powerful tablet" to "actual
laptop replacement."

extra-RLDF-CMD-M

Everyone debates macOS on iPad or better window management, but I think the single most
important missing feature is proper multi user accounts. The iPad is sold as both a personal
computer replacement and a shared household device, yet it still assumes exactly one person
owns it forever. One Apple ID, one iCloud, one Messages history, one Photos library. The
moment you hand it to someone else, you are either oversharing or constantly micromanaging
apps and data. This is strange given how powerful iPads are now. The hardware can easily
handle separate user spaces with fast switching, isolated data, and different Screen Time rules.
Apple already does this on macOS and even in schools, so the idea clearly works. A shared
iPad should let each person tap their profile and instantly see their own Home Screen, files,
and browsing. Kids could use the same device without touching adult data, and families would
not need multiple expensive iPads just to keep things separate. Right now the iPad sits in an
awkward middle ground. Adding real multi user support would not just be another feature, it
would finally let the iPad fit naturally into everyday life.

extra-BPO-M

Sure, Here is your Reddit post: I love my iPad, but there’s one moment every day where it
reminds me what it isn’t. I’ll be on the couch with it, trying to juggle a couple of apps—notes
on one side, a browser or PDF on the other—and everything just feels one step more awkward
than it needs to be. Apps snapping instead of freely resizing, things randomly going full screen,
windows refusing to stay where I want them. I’'m not trying to do "pro work," I just want to
see more than one thing at once without fighting the UL The pain really hits when I’m doing
something simple, like planning a trip. I’ll have a map open, a booking page, and my notes,
and suddenly I’'m swiping, resizing, reopening apps I just had visible. On my laptop, I’d just
drag windows around and be done. On the iPad, I spend more time managing the interface than
actually reading or thinking. What bugs me most is that the hardware is clearly capable. Big
screen, tons of power, great touch input. It just needs truly free, windowed multitasking that
behaves predictably, like a computer when you want it to. Not all the time—just when you
need it. Until then, the iPad keeps hovering in this frustrating middle ground: almost perfect for
daily use, but not quite comfortable when you try to do slightly more than one thing.
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extra-roleplaying-M | Okay, here’s a draft body for that Reddit post: I love the iPad. I really do. It’s fast, the hardware
is great, the apps are solid, and it’s honestly replaced my laptop for a lot of things. But there’s
one thing that still feels weirdly missing in 2026: real multi-user support. Not "hand it to your
kid and hope they don’t mess up your stuff" support. I mean actual user profiles, like on a
Mac. Separate logins, separate apps, separate files, separate iClouds. The basics. The iPad
is marketed as this do-everything device — family device, school device, shared device —
but the second more than one person uses it, it turns into a mess. Your photos mixed with
theirs, messages popping up, Safari tabs everywhere, apps you didn’t install cluttering the home
screen. It’s chaos. Apple already does this on Macs. Even Apple TV has profiles now. iPads
are powerful enough, expensive enough, and "computer-like" enough that this shouldn’t be a
stretch. Especially for families, classrooms, and households that don’t want to buy multiple
iPads just to keep things separate. Every time this comes up, people say "well, it’s a personal
device." Okay — so is a MacBook. And that hasn’t stopped multi-user accounts for decades.
If Apple added proper user switching tomorrow, it would instantly make the iPad way more
practical for a ton of people. Until then, it just feels like an obvious missing piece that they’re
stubbornly ignoring. Anyway, that’s my rant. Curious if this bugs anyone else or if there’s
another "one missing feature" that drives you nuts.

extra-self-refine-M I’1l rewrite it to sound more casual, personal, and Reddit-like. I tried to actually work on my
iPad today. Like, laptop-replacement work. And once again, I ran into the same wall. All I want
is normal window multitasking. Not "kind of" multitasking. Not "Apple’s interpretation" of
multitasking. Just'*- let me open a few apps in windows and move them around without fighting
the OS. Stage Manager sounded promising, but using it still feels awkward. Windows resize in
weird ways, some apps refuse to be the size I want, and after a while it feels like the system is
quietly telling me, "Okay, that’s enough apps for you." On an M-series iPad, that’s honestly
kind of ridiculous. The hardware is clearly not the problem. The apps aren’t either. What’s
missing is the freedom to treat the screen like a screen, not a carefully supervised playground.
Sometimes I want my main app front and center, a browser half-open, Notes off to the side, and
Messages floating somewhere. Why is that still hard? The iPad is so close to being my go-to
work device. But until multitasking feels as easy and flexible as it does on a Mac, it still feels
like I'm using a powerful computer with one hand tied behind its back. Am I the only one who
keeps bouncing off this?

MAGA-M I use my iPad every day — couch browsing, note-taking, quick emails, even some "light"
work — and there’s one thing that keeps breaking the flow: a real, system-wide multi-user
or profile mode. My partner will grab my iPad to look something up or watch YouTube and
suddenly my Safari tabs are rearranged, my Notes app has random doodles, and my YouTube
recommendations are permanently cursed with toddler cartoons or reality TV. I can’t blame
them — it’s a shared household device — but the iPad still acts like it belongs to exactly one
human being who never lets anyone else touch it. I know there are workarounds (Guided
Access, switching apps, signing out of stuff), but they’re clunky and feel like hacks. On a Mac,
we’d just have separate user accounts. On an iPad, the device that’s most likely to be shared on
a couch, that option just-- doesn’t exist. Every time this happens I'm reminded that the iPad is
marketed as a computer replacement, yet it can’t handle a super basic, real-life scenario: more
than one person living in the same space. It’s such a small thing, but it would instantly make
the iPad feel more grown-up and way more practical.

Table 37: A case study demonstrating a problem that other methods struggle with (highlighted in red), but which
only RLDF can effectively solve.
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Domain | Zhihu
Title | Bt AR R ER?
Model | Qwen3-plus

Original User Prompt | &R NAIFRA] it 2FIZ22FEBHETR? » 5—REE . EAEEE R -

System Prompt

PRREALTNAIL - TR HE R RS .

User Prompt

BIRAFPRE B AFIZHEFEEINHNER? »© 5—REE, &P AEEE
RMAKERAY R, HFEAX. HAEEE MR- -

HWT

W, [N THL, #R5E/KJE - Ladies and gentlemen, 556, ZEA1iHIRY, £ NRM
RXHRERHERTEE, BIGK. RESBERZE IR, F—IRHAE, F—R©LT
ML, E—RKEE, F-REBEEES. R/, AW E-RINE—ERS T Ei
B, BROBEEXEN, BERIMEASAR, UERE-REEE, RIS EE
FRIGGEELIEBNR, FH, W, &)L HRLZiEm G Hoo%n, %, AN
e, A, BEEMENESBNEIEEEE, BHHS —NLZFHEHAZ
e B—RBE+H—IKERE=1F T — N EREERZRN DRI, B
)%, R EEREER, RAMEXHFRIKZBTLEREYR, ERGNFTR) X
IR, BUEARA A, BH H CRMILEEGEF iR E%E) . i A—BHTJLAY, ¥
FERERRZZ AL, SEESRE, EREMEST— M EREZIMY ! F—K
B, SXZHNE RV, ME, TRERERELEYA SEZRIRZIR? REXA
EHIZEH T —DEEN, U, 1082 AR S LIZ7E? ARBREAREIE? T iaf
FIEWIRZEE, WHER, BILT, REELETFIGIRT - (FENIRILE, PhIiiEEk
AR - - o) FPEFHTRARXA KT, BVIRFENEN, REMIEIIG -
TRAMBTREE TR MERN, N TEAEE, TR, AW EH
RF ! R EMES), HEEFAZT! T&, BIKEK, FHIHBESERNRE
HICHEHMANHAERBEEA, FEIEERE 1, WEDIEH L, XHE, Folt AEIE
B, AZBAREHRY, REREEENE, ESHEERESRESMREGRIL Y
Teo o o) JER, —HERMNBGCHRLRT PRI R, LEMBER T 0T, R
BAZMW? © | HALEN TS F R ER R EBKA A BE ARF | BRIA, TRSEE A
B T, —PEABET —IRF . BIREFENERELS T —UIEE N Tier, i
—RWAER . AESREBGDEEIIERERATREFERE, 5k, AU, o
REVHIER] URAEZRY), (EADERTEY), BA, BB &) L0 — msits T .
XF, AREIERE . LR IR TR R G R BRI - A EREMT LS IR S 3R) - 1
HNBECDETRT, WBIEE, TR, RAE-ER, Z2F2E, £
H, B ERE, ok? ENIE, BERSBEEEL .

MGB-M

HIRATLL! IR RBOAFIF R B 22w T a? » #EREE. b
ETETYRANNY B, SMTar SCRRE/NZ R MY, ([BRE BIEMELE A —IK
REME R, FEER PP T I (A 300 - ORI B tE i LA R - ARIEREIE S
B, DR LR E R A ER S A R RARF AT, MOh THTRER L&THR
T R/ = AR AR IR R X it B ) U R AR A (R LR VR BREC 7, RS BRI AN
EHRRIGAR, RIS TAVNGR - TR ERE DR TR, DA MR R R
BrE, DRFIEFROWEMEF, WWENSN T HETEFMER . & CEHREAIEE
XAHE R ZVOIREE AT PAES, FRARIRAD, HEERME, [IRTCSS - FiliE
BECHNME, S—HIFERE, E—MITIFH RO . KE (Lay's) &
F 23] ANE RS FERID QTR AR IR, REE R AR E N DR E R
BRE K E, —HREWRRENTRZ —. FHEEBREEREN, TRIM ©
FMRREEE" OREMHE . PRI ORI O BERE, HEES, R
B, AR N DN RER 2, TETCR ARRIZ, # o2 N — PR A7 2 B/
i o HZHE O RATE B AR EH R E FRNRE 2 — - MER/MRIL X E R
HOMEREANE SR ELAL R K= A MELLIE ARy, g e O, ShECBRME, ERIEC. T
WRIEILRK, IS BMEIENZ, HREREEIGR . XET A ENMUGERS
RIRIE PSS, EA BT XHE 3 O R SRAS IR, DI SR, &
WG T REARTIZIAE . G- 0HBFARARREE RS, ZHEEIGEEN “H
e HARAREA -
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extra-BPO-M

ERA NOENGTE R, LT &L AN T L - AR T (FH NF ek
EBRIRIR, EARRAMR IO T, U BRI RS . BEE
SRATR BETERT 0 ) - OIS R LTI LR Y R B E IR
AT - BB R C R 5 TR0 LIk, 46T (FB @iz, &
BB . BUOTBEEIAR, S — O RO — N R
WET - ME  AREMERRES R . XA ERN ENE R — I
FESN AT AR P IR . EIRA T A O BMER BEERAOERT, W
TRANFORTER - ME, R S A BN B, PO R o (45
W BRTFREEE, MEV LB RRS TSN . BT FWANLE
W, XEEH T RN TRZ D ET R . RIS, KRS L
W I ORI B R B AR B A - R0 B AERERES , T
BRI AET, JLPIRE T RO, G — M R A . A
S, KT AR, T A AR AR IR . T M
B B, BROMEESHER, NEEEREENE MEEREEI 103 .

extra-roleplaying-M

MF, WEHXIL, JEREZTRAEAD, EZCAJLX OB LB, #55! ANT,
TER—AL BARARERE—ERO MY, HIWEEAAS LB . EEW, FIR/L
TREY “BALIL FAANT - IRORCE RSN, O LT, B Lt
K—. HEA EEM” WREE, HESTXAEAR, HEHREIFM—1F, B
BRI LB, ARERIRER! R, WEIEHA, WA SRS
&, BRUIESESF T2 7, OWRBALRE, ([EERDZHE LA
FLEANTRAVESE « FIn LB NELIE W, BiZmteek, HEEMR. g, 5
TRGEAL, BURIFIZ S A, BERECRSFRR T | XEEFNT R, 02
BoREEMZE, ATREVESIG “EE” =G - W, HaXEBCENREREE?

extra-self-refine-M
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NEFIINENE L. MIBERE, BEWHERE, NAHEOZETEL . @FEE
bR, A ESESEEMERD . 4. feriZq: FHEIMERTR, —HRERE A E G2
%o jtéif%ﬁ%%ﬁﬂ@%%f%, B—OMFERENES - RENRBEZXMEER, 121
—REMEARNTR? 5. PIZRIRANE: PIRERITR! AFPRIKRNETR, GRETRKE
B BER, BRI AZANE—OF—O .. ZEMNDERMESWRE, Heeitreg—
C#REME E—MEIRIIISE . XERERLZOKEE, HUL LB, nZikiEH
ENAHELE Z fHE . FrUEREEE, OREFSREE LK. A& AROR
$§%%%K%&ﬁ%§a“@M%ﬁ”i%ﬁ%%@%?ﬁ?~?,ﬁxﬁﬁm%
ARt

self-refine-feedback

BEWHGER T R LS ERR: BT TENXKRL, W DEBESITRE
T, ALCE SR CRIERE AR Bl RENEER . 2. BERREARMEA
e R CfER . CFIAIERT SAE, dob CHE@RT . CEIRER XEMEE
Fiko 3 WINEHE: ATLRERINA -5 ED), i R NEHFIZXLE
Wg? B CXMORIE AR ER o 4 @A BRATERK, ZXFRE
M DILEAT XA LUEEE RS AT A, BT —EMEEE, Bk
Fr TR BHSAES -

MAGA-M

BEITR, FERENE, LT ARESEN LR . X TR, B ER
B4 JLM, KRRV CRET M. BRSSO, SO RRAEE . ©
NE, AW R E, BEMERIIMIITR . LR TS, S RHE, a0
BEWOLAEI R L BRI, SR - 1 REOR R B 1
FEW? SRGRMAT - PSR, SR B A NEEIAR, SRR FRER TR
. FEER, RETE, —5 VR, R — SR AN . 4 A
FT , RERFROKRIE, — 8% S, G5 & SRR T -
G, TEACH . S HRRRERE, SIS SRR, W, 8
W A CRRORRRNE, AR, BTN . SO, RS . L
HRME—A, AR, BEAENNR, kAR, ON2%Re . &
7 SRETE RV, T B R AR S AR T T BOFREL AR 1E
TRIER TR, TR . KER AR R, I R

Table 38: A Chinese case study, similar to the previous example.
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