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Abstract
Machine-generated text detection remains diffi-
cult in Chinese, where systematic benchmarks
and large paired corpora are still scarce. We
revisit this problem with a compact 4-layer
character-level Transformer, trained on a 363.4-
million-character Chinese detection corpus—to
our knowledge, the largest AI–human paired
Chinese resource for this task. The resulting
data-centric pipeline attains strong scores on
Chinese benchmarks and, for the independently
trained English variant, state-of-the-art RAID
leaderboard numbers that remain stable un-
der 11 RAID adversarial attack types. Abla-
tions expose a “double-edged sword” role for
punctuation: it eases optimization yet encour-
ages overfitting to surface cues; symbol clean-
ing shifts the model toward deeper syntactic
and discourse patterns and improves general-
ization. Minimal architecture plus rich super-
vision thus yields compact detectors suitable
as a document-level authorship authenticity
screen before downstream Chinese text pro-
cessing; on a laptop RTX 3070 Ti we measure
5.90× 105 tokens/s at under 100 MB VRAM.
We present GiantMelon-ZH (Chinese) and
GiantMelon-EN (English for RAID)—same
backbone, disjoint training corpora, transparent
data descriptions.

1 Introduction

Large language models have intensified the need
for reliable machine-generated text detection, yet
Chinese remains under-served relative to English.
Many detectors that excel on in-distribution En-
glish data degrade under adversarial perturbations
or domain shift.

The practical cost of that gap is not confined
to leaderboard scores. Multi-source Chinese
pipelines—news aggregation, encyclopedic cura-
tion, and downstream extraction or risk analysis—
typically treat incoming documents as human-
authored records. Fluently generated text can enter

those pipelines without the telltale emptiness of
placeholders or the broken character sequences that
length and frozen-language-model perplexity filters
already catch. Once accepted as authentic, such
text contaminates whatever runs next. We therefore
treat detection as authorship authenticity screen-
ing: a compact, document-level gate that should sit
in front of subsequent Chinese text processing,
so later stages operate only on text that has been
screened (or explicitly flagged). The gate scores
generation provenance—human-authored versus
machine-written—not communicative sincerity or
speaker intent.

The Chinese task is consequently human-
authored versus AI-written text. “AI-rewritten”
names our construction of the positive class, not a
claim that lightly edited human prose is machine-
generated. Each source document is abridged to a
topic seed of at most 50 words; the generator then
plans new details and expands them (Appendix D).
The resulting wording is model-authored rather
than rearranged from the source. This controlled
procedure keeps the two classes on similar topics,
blocking a trivial topic cue, and differs from RAID-
style prompt completion.

We return to basics with two compact Trans-
former detectors—GiantMelon-ZH (character-
level, Chinese) and GiantMelon-EN (word-level,
English for RAID)—built on the same four-layer
backbone (∼2.1M parameters) but trained on dis-
joint corpora without cross-lingual weight sharing.
Instead of architectural scale, we invest in data
construction and symbol cleaning: a 363.4-million-
character Chinese corpus (the largest AI–human
paired Chinese detection resource we are aware of)
and a GPT-4o English parallel corpus for RAID
fine-tuning. GiantMelon-ZH is accurate on the
paired Chinese corpus, on HC3-Chinese, and on
MultiSocial-Chinese. Adversarial robustness ev-
idence is for GiantMelon-EN on RAID; we do
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not claim a Chinese adversarial benchmark. This
design supports the view that scaling curated data
improves per-parameter effectiveness of com-
pact detectors (Devlin et al., 2019; Hoffmann et al.,
2022), while inference stays practical on consumer
hardware (Table 4).

Systematic ablations reveal a “double-edged
sword” for symbolic cues: retaining punctuation
and Western symbols lowers test accuracy from
98.1% to 95.2% (Table 6), consistent with overfit-
ting to formatting; symbol cleaning redirects the
model toward deeper linguistic structure. We fur-
ther validate unmasked mean pooling, importance-
weighted aggregation, and bidirectional attention
(Table 12). Gradient-based character importance
is an exploratory diagnostic of which characters
move a prediction, not a causal “AI fingerprint”;
domain and style remain confounds (Section 4.6).

Our principal contributions include: (1)
GiantMelon-ZH and GiantMelon-EN, two com-
pact variants achieving SOTA on RAID (EN)
and strong Chinese benchmark scores (ZH) with
transparent training data descriptions, intended
as a front-end authorship screen for Chinese text
pipelines; (2) a 363.4-million-character Chinese
corpus and its GPT-4o English parallel transla-
tion for reproducible data-centric MGTD research;
(3) systematic ablations on symbol cleaning, pool-
ing, and aggregation, plus deployment benchmarks
showing that small specialized detectors remain
viable alongside large PLM-based systems.

2 Related Work

2.1 Detection Methods

Early detectors exploit statistical features or prob-
ability curvature (e.g., GLTR (Gehrmann et al.,
2019), DetectGPT (Mitchell et al., 2023)). Fast-
DetectGPT (Bao et al., 2024) accelerates this
paradigm via conditional probability curvature,
substantially reducing inference cost, yet all
curvature-based methods presuppose white-box ac-
cess to the generator and typically reach only 60–
75% accuracy against modern obfuscated outputs.
Binoculars (Hans et al., 2024) extends the zero-
shot family by cross-referencing perplexity scores
from two pre-trained LMs, attaining strong per-
formance on English benchmarks without labeled
training data, though it inherits the heavy-inference
limitation at deployment scale.

A complementary line embeds covert signals di-
rectly in the generated tokens: Kirchenbauer et al.

(2023) partitions the vocabulary into a green/red
list at each generation step, enabling provably de-
tectable watermarks under a hypothesis-testing
framework. Watermarking, however, requires
generator cooperation and provides no protection
against non-watermarked or paraphrased outputs—
precisely the adversarial regime central to RAID.

Classifier-based approaches fine-tune large pre-
trained encoders (Solaiman et al., 2019; Liu et al.,
2019) or cascade multiple models (Verma et al.,
2024); adversarial training (RADAR (Hu et al.,
2023)) still assumes English-centric resources and
heavy inference. We instead pair a lightweight
character-level encoder with symbol cleaning.

2.2 Evaluation Benchmarks

TuringBench (Uchendu et al., 2021) constructed
an early multi-model benchmark; MULTITuDE
(Macko et al., 2023) extends to 11 languages, re-
vealing that existing detectors achieve only 54–72%
accuracy in multilingual scenarios. The RAID
benchmark (Dugan et al., 2024) encompasses ∼6
million samples across 11 generator models, 8
domains, and 11 adversarial attacks, systemati-
cally testing robustness under cross-domain trans-
fer and diverse attacks. MAGE (Li et al., 2024)
focuses on real-world scenarios with 27 LLMs,
emphasizing natural distribution shifts. At the
framework level, MGTBench (He et al., 2024) and
IMGTB (Spiegel and Macko, 2024) unify eval-
uation pipelines. GiantMelon-EN achieves near-
perfect ROC-AUC on RAID, outperforming com-
mercial detectors on the leaderboard and open-
source baselines.

2.3 Chinese Detection

Systematic investigation of Chinese scenarios re-
mains scarce. LLM-Detector (Wang et al., 2024)
uses instruction tuning but depends on large-scale
resources. HC3-Chinese (Guo et al., 2023) and
MultiSocial-Chinese (Macko et al., 2025) are
among the few public Chinese sets, yet target short
social or QA text. EnsemJudge (Wang et al., 2026)
ensembles diverse judges at a high inference cost.
XLM-R (Conneau et al., 2020) offers cross-lingual
transfer but is not character-native. We instead train
a compact backbone on a large paired Chinese cor-
pus and a GPT-4o English parallel for RAID, with
no cross-lingual weight sharing.
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Data Source Human (M) AI (M)

Chinese Wikipedia 12.0 4.3
THUCNews 103.8 243.3

Total 115.8 247.6

Grand Total 363.4

Table 1: Dataset scale by source (millions of Chinese
characters).

3 Method

3.1 Data and Preprocessing

Corpus sources and annotation: Our Chinese
detection corpus comprises human-authored texts
and AI-written texts. As illustrated in Figure 1, we
collect source data from two primary sources: (1)
the 2021 edition of Chinese Wikipedia, and (2) the
THUCNews news corpus, which is further divided
into the Technology Section and other sections.
The pipeline then branches into two distinct paths:
human-written text (y = 0), which directly origi-
nates from the raw data (Chinese Wikipedia and the
non-Technology sections of THUCNews), and AI-
written text (y = 1), constructed by a three-stage
rewriting process applied to the source: abridge to
at most 50 words, plan details, then expand (ver-
batim prompts in Appendix D). After abridging,
only a topic seed remains; the model authors the
subsequent details and wording rather than rear-
ranging the source. Specifically, the AI texts are
divided into two parts: the 2021 Wikipedia-Claude
4.5 Opus version and the THUCNews Technology
Section Grok 4.1 Fast version. These two types
of text are combined to form binary classification
training samples after chunking. The label records
who authored the semantic content, not whether
an LLM later touched the string.

Dataset scale: After preprocessing to retain
only Chinese characters, our corpus contains a to-
tal of 363.4 million characters. Table 1 presents
the detailed breakdown by data source and la-
bel type. We release the Chinese detection texts,
the Wiki–Claude pairs, and a paired Chinese–
English Wikipedia slice at https://huggingface.
co/datasets/layce/giantmelon-zh.

Symbol cleaning: As shown in the preprocess-
ing stage of Figure 1, prior to feeding text into
the character-level tokenizer, we uniformly remove
Chinese punctuation, Western punctuation, emo-
jis, and other non-Chinese symbols, retaining only
CJK Unified Ideographs. This design deliberately

Technology Section

Part 1: Chinese WiKipedia (2021 Edition)

Part 2: THUCNews

Source Data

Rewritten

Human-written Text AI-rewritten Text

Others

Raw Data

Binary Classification Samples
y = 0 y = 1

CJK Unified Ideographs

Strip punctuation, emojis 
and non-Chinese characters

Figure 1: Dataset construction pipeline: from source
data (Chinese Wikipedia and THUCNews) to bi-
nary classification samples (human-written vs. AI-
rewritten), with preprocessing to retain only CJK Uni-
fied Ideographs.

weakens non-semantic patterns that may exist in
punctuation and formatting, compelling the model
to rely more on syntactic and discourse-level gen-
eration patterns.

3.2 English Parallel Corpus for
GiantMelon-EN

RAID provides an English-only official training
set; it does not include Chinese data. To transfer our
Chinese data-construction pipeline to English with-
out generating new labels, we create a segment-
aligned parallel corpus: for each human/AI pair
in the GiantMelon-ZH sources (Wikipedia–Claude
and THUCNews-Technology–Grok), we translate
both sides with GPT-4o into English, preserving
binary labels (y=0 human, y=1 AI). Translation
applies identically to both classes and changes lan-
guage, not content authorship: a translated human
document remains human-written, and a translated
AI-written document remains AI-written. Other-
wise every machine-translated human document
would have to be relabeled as AI-written. The trans-
lation prompt, length-ratio filter, and quality checks
are in Appendix D. Translation is used only for
language transfer, not for synthesizing additional
machine text. The English text undergoes the same
symbol-stripping policy as Chinese (all punctua-
tion and non-alphanumeric symbols removed) and
is tokenized with a natural word dictionary (any
learner-grade English dictionary suffices; we use
a licensed dictionary that we do not redistribute).
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Component Description

Parallel sources Wiki (Claude) and THUCNews Tech
(Grok), as in Table 1

Translation GPT-4o, segment-aligned; labels
unchanged

Tokenization Dictionary word tokens after symbol
stripping

RAID
fine-tuning

Official RAID train + parallel English
corpus

Table 2: English training data for GiantMelon-EN
(RAID). RAID benchmark data are English-only.

GiantMelon-EN is trained independently from
GiantMelon-ZH on the same four-layer backbone
with no shared weights or initialization: we first
train on the parallel English corpus, then fine-tune
jointly on the RAID official training set plus this
translated data for leaderboard submission. We
report corpus composition in Table 2 and RAID
training ablations in Table 8.

3.3 Model Architecture
Figure 2 illustrates our character-level Transformer
architecture. Given a Chinese long text T =
(c1, . . . , cL), we first map each character to an in-
dex using a character-level vocabulary V (with
<pad>=0 and <unk>=1), obtaining the index se-
quence x = (x1, . . . , xL).

To handle long texts, we employ a fixed-
window sliding-stride chunking strategy with
window length S = 512 and stride ∆ =
256, extracting overlapping subsequences x(k) =
(xb, xb+1, . . . , xb+S−1) for each chunk k.

For each chunk, we pass it through token and
positional embeddings (dimension d = 256), sum
them element-wise, and apply dropout to obtain
H(0) ∈ RS×d. The input is then processed by a
Transformer encoder (Vaswani et al., 2017) with
L = 4 layers, each containing multi-head self-
attention (4 heads) and feed-forward networks (hid-
den dimension 512), following standard Trans-
former architecture with residual connections and
layer normalization.

After the encoder, we apply unmasked mean
pooling to aggregate token-level representations
into chunk-level vectors:

z =
1

S

S∑

i=1

H
(L)
i ∈ Rd, (1)

where padding positions are automatically sup-
pressed through attention mechanisms. The chunk-
level vector z is fed into a linear classifier fol-

Setting ZH EN

Optimizer AdamW AdamW
Learning rate (pre-train) 10−4 10−4

Learning rate (RAID fine-
tune)

– 10−5

Batch size 16 16
Training epochs 8 8
Gradient clip (max norm) 1.0 1.0
Window / stride 512 / 256 512 / 256
HC3 short-text fine-tune 10−6 –

Table 3: Training hyperparameters for GiantMelon-ZH
(ZH) and GiantMelon-EN (EN). HC3-FT is a separate
ZH branch (Section 4.4).

lowed by softmax to obtain chunk-level probabili-
ties p = (pHuman, pAI).

For document-level prediction, we aggre-
gate chunk-level probabilities using importance-
weighted averaging (as detailed in Section 3.6),
where importance scores are derived from gradient-
based character sensitivity analysis of character-
level contributions to the AI class prediction.

3.4 Training
We employ cross-entropy loss for binary classifica-
tion and optimize using AdamW (Loshchilov and
Hutter, 2019) with gradient clipping (max norm
1.0). Following BERT-like training practices (De-
vlin et al., 2019), we use stride ∆=256 for window
S=512 (50% overlap). Table 3 lists hyperparame-
ters; GiantMelon-ZH training on the full Chinese
corpus consumed one NVIDIA A100 for approx-
imately 84 hours. GiantMelon-EN uses the same
architecture and optimizer settings for pre-training
on the translated corpus, then a lower learning rate
for RAID fine-tuning (details in Section 4).

3.5 UnMasked Mean Pooling
We employ unmasked mean pooling to aggregate
token-level representations into chunk-level fea-
tures. Compared to max pooling or single-position
pooling (e.g., [CLS] token in BERT (Devlin et al.,
2019)), mean pooling provides greater robustness
against noisy tokens and adversarial perturbations,
as it averages over all contextualized token repre-
sentations rather than relying on local maxima or a
single position. Our ablation studies (Section 4.5)
validate that unmasked mean pooling achieves su-
perior performance compared to alternatives.

3.6 Character-Level Interpretability
To analyze which characters move a prediction,
we compute gradient-based importance scores as
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Addition:
Character Sensitivity Calculation  

Embedding matrix � Probabilities ���

Character Index Sequence �(�)Step1:
Input ...

Token
Embedding

Positional 
Embedding

Step2:
Embedding

Step5:
Output

+

MHA

FFN

Add & Norm

Add & Norm

UnMasked 
Mean Pooling

������

Step3:
Transformer

Encoder
Linear 

Classifier

Softmax

Step4:
Aggregation

4 ×
���

logits �
Gradient ��

Dropout

Importance Score ��
(Token-level)

Normalization

Gradient Backpropagation � = [−1,1]

��� =  �∈� �� ∙ ��� �∈� ��
Document-level AI probability ���

Encoding & Classification Inference

Figure 2: Model architecture: character-level Transformer encoder with unmasked mean pooling for chunk-level
classification, and document-level aggregation with importance-weighted averaging.

a post-hoc diagnostic, not as evidence of a causal
generation fingerprint. Source, domain, and style
can explain part of the pattern (Section 4.6). For
each chunk, we set embeddings E to require gradi-
ents, perform a forward pass to obtain logits o, then
backpropagate with target direction g = [−1, 1]
(increasing AI class score, decreasing human class
score), where logits are ordered as [human,AI] fol-
lowing our label convention (y=0 human, y=1
AI). The gradient magnitude gi = ∥∇Ei∥1 for
each character position i is normalized through
a multi-step process: (1) shift to non-negative:
g̃i = gi − minj gj ; (2) truncate upper bound:
g̃i ← min(g̃i, 2 · ḡ) where ḡ is the mean; (3) nor-
malize to [0, 1]: ĝi = g̃i/maxj g̃j ; (4) logarithmic
compression: ĝi ← ĝi + 1, si = log ĝi, then re-
normalize to [0, 1]. This process keeps importance
scores si ∈ [0, 1] bounded and avoids extreme out-
liers while maintaining relative relationships.

For document-level prediction, we aggre-
gate chunk-level probabilities using importance-
weighted averaging:

p̂AI =

∑
i∈A si · pAI∑

i∈A si
, (2)

whereA denotes analyzed character positions. This
enables visualization of character-level contribu-
tions to AI detection, as shown in Figure 2.

4 Experiments

4.1 Experimental Setup

4.1.1 Model Variants and Datasets

We evaluate two independently trained detec-
tors (no shared checkpoints): GiantMelon-ZH
(character-level, Chinese corpus, Section 3.1) and
GiantMelon-EN (word-level, RAID training, Sec-
tion 3.2). Unless stated otherwise, “GiantMelon”
in RAID tables refers to GiantMelon-EN; Chinese
benchmark tables refer to GiantMelon-ZH.

Self-constructed Chinese dataset: GiantMelon-
ZH is trained on 363.4 million characters with a
9:1 train/test split (fixed seed).

RAID benchmark (Dugan et al., 2024):
English-only training and evaluation (∼6M sam-
ples, 11 generators, 8 domains, 11 attacks).
GiantMelon-EN is fine-tuned on the official RAID
training set plus our GPT-4o parallel English cor-
pus (Table 2). We submitted predictions to the
blind leaderboard under the name “GiantMelon”
(historical submission ID).

HC3-Chinese (Guo et al., 2023): We report re-
sults on open_qa and nlpcc_dbqa. Short inputs
use a separate GiantMelon-ZH-HC3-FT branch
fine-tuned on HC3 with learning rate 10−6 so the
main ZH model’s zero-shot behavior is preserved.

MultiSocial-Chinese (Macko et al., 2025): Chi-
nese social-media subset (short texts); we fine-tune
a dedicated ZH branch for fair comparison with
domain-adapted baselines.
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Hardware Throughput (tok/s) Peak VRAM

RTX 3070 Ti Laptop
GPU

589,932 <100 MB

Intel i7-12700H CPU 45,648 —

Table 4: Inference efficiency for GiantMelon-ZH
(∼2.1M parameters, batch size 1). Benchmarks ver-
ified on consumer laptop hardware.

4.1.2 Deployment Efficiency
Table 4 reports inference throughput for
GiantMelon-ZH (batch size 1, sliding win-
dows). Training is compute-intensive (84
GPU-hours on A100), but deployment requires
less than 100 MB VRAM—orders of magnitude
below LLM-based detectors.

4.1.3 Evaluation Metrics
Evaluation metrics vary by dataset to align with
standard evaluation protocols:

Self-constructed dataset: We employ Accuracy,
ROC-AUC, and F1-score as primary evaluation
metrics.

RAID benchmark: Following the official eval-
uation protocol, we use AUROC (Area Under the
Receiver Operating Characteristic curve) as the pri-
mary metric, reporting Aggregate AUROC across
all models and domains.

HC3-Chinese: Following the original HC3 eval-
uation protocol, we report F1-Human and F1-
ChatGPT metrics, which measure detection per-
formance for human and ChatGPT-generated texts
separately.

MultiSocial-Chinese (Macko et al., 2025): Fol-
lowing the MultiSocial evaluation protocol, we re-
port AUC ROC and MacroF1@5%FPR (Macro-
averaged F1-score at 5% false positive rate), which
is particularly suitable for imbalanced social-media
detection scenarios.

Table 5 aligns datasets, metrics, and model vari-
ants. We refer to the Chinese random 9:1 partition
together with the source-held-out splits in Table 7
as the GiantMelon-ZH evaluation protocol for
follow-up work on this corpus.

4.2 Performance on Self-Constructed Dataset

With identical architecture, keeping punctuation
yields 99.9% training accuracy but only 95.2% test
accuracy (98.1% ROC-AUC); removing non-CJK
symbols raises test accuracy to 98.1% and ROC-
AUC to 99.9% (Table 6). Punctuation and format-
ting are easy to memorize yet hurt generalization;

Setting Variant Primary metric

Self-
constructed
ZH

GiantMelon-ZH ACC / AUC / F1

Source-held-
out ZH

GiantMelon-ZH ACC / AUC / F1

RAID (EN,
blind)

GiantMelon-EN Aggregate AUROC

HC3-
Chinese

GiantMelon-ZH-
HC3-FT

F1-Human / F1-AI

MultiSocial-
Chinese

GiantMelon-ZH
(FT)

AUC ROC /
MacroF1@5%FPR

Table 5: Evaluation matrix: dataset, model variant, and
official metric. RAID adversarial robustness is reported
only for GiantMelon-EN.

Preprocessing Train Test Test
Setting ACC (%) ACC (%) AUC (%)

Remove punct. (default) 99.9 98.1 99.9
Keep punct. (comparison) 99.9 95.2 98.1

Table 6: Model performance under different preprocess-
ing settings.

symbol cleaning shifts capacity toward syntactic
rhythm and discourse structure. We therefore apply
the default “remove punctuation” setting in all later
experiments, including the architectural ablations
in Table 12.

A random 9:1 split may overestimate in-corpus
accuracy. We therefore retrain GiantMelon-ZH
with source-held-out splits: all News documents
in train and Wiki in test, then the reverse, using
the same architecture and preprocessing and pre-
venting document chunks from crossing the split
(Table 7). News→Wiki yields 97.8 ACC / 99.9
AUC / 96.5 F1; Wiki→News yields 98.2 / 99.9 /
97.2, close to the random split. Source and gener-
ator are coupled in this corpus (Wiki/Claude and
Tech-News/Grok), so the test also approximates a
generator shift and cannot isolate the two factors.
We treat the result as evidence that the main conclu-
sion does not depend only on a random partition,
not as a strict generator-held-out or time-held-out
protocol—those require cross-generator pairs and
dated slices that the current corpus does not con-
tain.

4.3 Performance on RAID Benchmark

We evaluate GiantMelon-EN on the official RAID
leaderboard1 (submitted as “GiantMelon”). RAID
uses blind evaluation: organizers return aggregate

1https://raid-bench.xyz/leaderboard
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Split ACC (%) AUC (%) F1 (%)

Random 9:1 (paper) 98.1 99.9 97.0
Train News, test Wiki 97.8 99.9 96.5
Train Wiki, test News 98.2 99.9 97.2

Table 7: Source-held-out evaluation of GiantMelon-ZH.
Source and generator are coupled; the shift is therefore
combined.

Training configuration Agg. AUROC

RAID official train only 0.996
RAID official + GPT-4o parallel corpus 1.000

Table 8: RAID training ablation for GiantMelon-EN
(attack=none).

AUROC only, so we cannot audit per-sample errors;
reported scores may be rounded at three decimals.

Table 8 isolates data contributions: RAID-only
training yields 0.996 AUROC, while adding our
translated parallel corpus reaches 1.000—extra
curated English data, not architectural complex-
ity, closes the remaining gap. Table 9 com-
pares GiantMelon-EN with public detectors un-
der adversarial attack=none, domain=all,
decoding strategy=all. We show mainstream
generators; remaining models appear in Aggregate
(full table in Appendix A).

GiantMelon-EN achieves an AUROC of 1.000
on the Aggregate metric under RAID’s blind evalu-
ation protocol. Among the seven mainstream gen-
eration models shown, four reach 1.000 (chatgpt,
gpt4, mistral-chat, llama-chat), and the remainder
are ≥ 0.997. Compared to SpeedAI, GPTZero, e5-
small-lora (Wang et al., 2022), and BERT-tiny-4M
(Jiao et al., 2020), GiantMelon-EN matches or ex-
ceeds commercial and open-source detectors while
using only four Transformer layers (Table 4).

These results indicate that a compact, data-
scaled English detector reaches SOTA on the pub-
lic RAID leaderboard. The gain from RAID-
only (0.996) to full training (1.000) corroborates
that curated additional English data—not deeper
architectures—closes the remaining error (Table 8).

4.3.1 Robustness Under Adversarial Attacks
RAID supplies the standardized adversarial eval-
uation; no authoritative Chinese adversarial
MGTD benchmark is available, so we do not
read RAID numbers as Chinese robustness. Fig-
ure 3 presents GiantMelon-EN’s Aggregate AU-
ROC across 11 attack types; details are in Ap-
pendix B.

Whitespace

Upper Lower

Alternative Spelling

Number

Perplexity Misspelling

Article Deletion Homoglyph

Zero WidthSpace

Synonym

Insert Paragraphs

Paraphrase

Perfect
(AUROC=1.000)

Near Perfect (AUROC=0.999)

Most
Challenging

(AUROC=0.995)

Figure 3: Categorization of Aggregate AUROC per-
formance across adversarial attack types on the RAID
benchmark.

GiantMelon-EN achieves Aggregate AUROC
≥ 0.995 on every RAID attack type (0.999 ag-
gregated). Three attacks reach 1.000 on Aggregate
(Whitespace, Upper Lower, Alternative Spelling);
Paraphrase is lowest at 0.995.

Formatting versus semantic robustness.
Whitespace and Upper Lower perturb surface
formatting. GiantMelon-EN’s symbol-stripping
preprocessor removes spaces and case before
tokenization, so these attacks are system-level
effects of preprocessing rather than architectural
adversarial robustness of the Transformer. Seman-
tic attacks—Paraphrase (aggregate AUROC 0.995)
and Synonym—are the meaningful model-level
stress tests. Under those attacks GiantMelon-EN
remains competitive with SpeedAI and well above
GPTZero and BERT-tiny-4M (Appendix B).

4.4 Performance on Chinese Public
Benchmarks

We evaluate GiantMelon-ZH on HC3-Chinese
(Guo et al., 2023) and MultiSocial-Chinese (Macko
et al., 2025). Because both benchmarks use shorter
texts than our training corpus, we fine-tune dedi-
cated branches: GiantMelon-ZH-HC3-FT (learn-
ing rate 10−6 on HC3) and a MultiSocial-adapted
ZH model, kept separate from the main ZH check-
point to avoid overfitting to short ChatGPT-style
QA. Tables 10 and 11 report these results.

On HC3-Chinese, GiantMelon-ZH-HC3-FT
matches the RoBERTa-based best detector (So-
laiman et al., 2019; Liu et al., 2019) (F1-Human
98.90% and 97.90% on open_qa and nlpcc_dbqa),
outperforming GLTR (Gehrmann et al., 2019). On
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Detector Aggregate chatgpt gpt4 mistral mistral-chat cohere cohere-chat llama-chat

GiantMelon-EN (ours) 1.000 1.000 1.000 0.999 1.000 0.999 0.997 1.000
SpeedAI 0.999 1.000 1.000 0.997 1.000 0.997 0.987 1.000
GPTZero 0.984 0.998 0.998 0.975 0.997 0.938 0.951 0.999
e5-small-lora 0.939 0.992 0.993 0.888 0.983 0.740 0.876 0.994
DivEye 0.936 0.994 0.901 0.864 0.943 0.899 0.926 0.975
BERT-tiny-4M 0.911 0.978 0.966 0.883 0.962 0.627 0.818 0.977
Desklib 0.924 0.996 0.939 0.858 0.994 0.685 0.850 0.998
Desklib AI Text Detector v1.01 0.949 0.996 0.957 0.918 0.996 0.654 0.863 0.998

Table 9: AUROC performance comparison of detectors on the RAID benchmark (no adversarial attack setting).
SpeedAI, GPTZero, DivEye, and Desklib are commercial detectors on the RAID leaderboard. e5-small-lora (Wang
et al., 2022) and BERT-tiny-4M (Jiao et al., 2020) are open-source baselines.

Dataset Detector F1-H F1-AI

HC3 zh-open_qa
GiantMelon-ZH-HC3-FT 98.90 99.28
RoBERTa-best 98.75 99.33
GLTR 85.75 93.15

HC3 zh-nlpcc_dbqa
GiantMelon-ZH-HC3-FT 97.90 95.32
RoBERTa-best 97.42 95.42
GLTR 77.25 69.78

Table 10: Performance on HC3-Chinese (F1-Human /
F1-ChatGPT).

Detector AUC MacroF1
ROC @5%FPR

GiantMelon-ZH (FT) 0.98 0.89
Llama-3-8b-MultiSocial 0.98 0.87
Mistral-7b-v0.1-MultiSocial 0.98 0.87
Aya-101-MultiSocial 0.97 0.85
XLM-RoBERTa-large-MultiSocial 0.93 –
BLOOMZ-3b-mixed-Detector 0.69 0.30
ChatGPT-Detector-RoBERTa-
Chinese

0.81 0.34

Statistical methods 0.74–0.79 –

Table 11: Performance on MultiSocial-Chinese.

MultiSocial-Chinese, the fine-tuned ZH variant
matches Llama-3-8b-MultiSocial and Mistral-7b-
MultiSocial (AUC 0.98, MacroF1@5%FPR 0.89)
and exceeds zero-shot baselines. The same com-
pact backbone therefore transfers across Chinese
domains and English RAID when the data pipeline
is matched to each setting. Fine-tuning at 10−6 pre-
serves symbol-cleaning invariances while adapting
to short QA and social text.

4.5 Ablation Studies

To validate the design choices in Section 3, we
ablate pooling (pool), aggregation (agg), and at-
tention (attn) on the self-constructed test set un-
der the default symbol-cleaning policy (Table 6).
Table 12 highlights the default against mean aggre-
gation, causal attention, and max pooling; the full

Setting AUC ACC F1

bi / unmasked_mean / weighted (def.) 99.44 98.1 97.02
bi / unmasked_mean / mean 99.42 96.95 96.99

causal / unmasked_mean / weighted 99.09 96.99 97.02
bi / max / weighted_mean 76.45 50.46 66.74

Table 12: Selected architectural ablations (%). Default:
bidirectional, unmasked mean, importance-weighted
aggregation. Full grid: Appendix C.

Pattern Typical error Freq.

Finance news FN: human text w/ dense figures; FP:
templated AI after numeral strip

High

Expert prose FP: regular terminology → AI template Med.
Fact-rich AI FN: anchored generations look human Med.
HC3 social Mitigated by HC3-FT (lr=10−6) Low

Table 13: Qualitative error patterns (ZH test set; RAID
aggregate only).

18-row grid is Appendix C.
Unmasked_mean + weighted_mean is best. Max

pooling degrades sharply, consistent with Sec-
tion 3.5.

4.6 Error Analysis

We analyze failure modes on the GiantMelon-ZH
held-out test set and RAID blind submissions (ag-
gregate only for RAID). Table 13 summarizes dom-
inant error patterns.

Finance errors follow from symbol stripping (nu-
merals removed); semantic RAID attacks remain
the meaningful stress test. Preserving numeric
placeholders without punctuation overfitting is fu-
ture work.

4.7 Case Study

Through gradient-based importance analysis (Sec-
tion 3.6), AI-written texts often concentrate im-
portance on standardized terminology and formu-
laic collocations, whereas human texts more of-
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ten spread importance across idiosyncratic details.
These patterns are correlational and may partly
reflect source or style; Table 13 already lists expert
prose as a medium-frequency false positive when
dense professional terminology resembles AI tem-
plates. Appendix F reports vignettes aligned with
that table.

5 Discussion

Our results support a data-centric view of MGTD
(Devlin et al., 2019; Hoffmann et al., 2022): cu-
rated corpora and symbol cleaning let a four-layer
backbone match RAID and Chinese benchmarks
(Table 12) at over 589k tokens/s on a laptop (Ta-
ble 4). GiantMelon-ZH and GiantMelon-EN are
separate models; the RAID-only ablation (0.996
vs. 1.000) isolates the English pipeline. Format-
ting RAID attacks are largely preprocessing; se-
mantic paraphrase and finance-domain numerals
(Table 13) remain open. Unmasked mean pooling
is more stable than max (Table 12).

That efficiency is what makes a front-end screen
feasible. Downstream Chinese NLP—extraction,
quality scoring, retrieval, or risk analysis—almost
always assumes that the string it receives is a hu-
man record. Length checks and frozen character-
level perplexity catch empty shells and broken se-
quences; they do not reliably catch fluent machine-
written prose that already sits inside the perplexity
band of ordinary reports. GiantMelon-ZH targets
that residue. The intended stack is therefore or-
dered: run authorship authenticity screening first,
pass or flag the document, and only then invoke
later processors. The screen does not certify that
a speaker is sincere, that a record is factually true,
or that AI-assisted editing is illegitimate. It esti-
mates whether the document’s wording is human-
authored or machine-written, which is the quantity
the training labels encode.

Two failure modes show why the gate cannot be
unattended. Expert human prose with dense ter-
minology can resemble AI templates (Table 13);
fact-rich machine text can look human. Both ar-
gue for human review of borderline scores rather
than automatic deletion. Source-held-out numbers
(Table 7) remain close to the random split, but
source and generator are coupled, so the protocol
is not a substitute for future cross-generator pairs.
On RAID, we continue to separate preprocessing-
driven formatting invariance from model behavior
under paraphrase.

6 Conclusion

We present GiantMelon-ZH and GiantMelon-EN,
compact bilingual detectors trained on a 363.4-
million-character Chinese corpus and its GPT-4o
English parallel. GiantMelon-EN reaches state-of-
the-art RAID results—the setting in which we use
the word robust—while GiantMelon-ZH performs
strongly on HC3 and MultiSocial with targeted
domain fine-tuning. The same compact Chinese
model is meant to hang at the head of subsequent
text processing as a document-level authorship au-
thenticity screen, complementary to length and per-
plexity filters that miss fluent machine-written text.

The Chinese label is human-authored versus
AI-written content. The positive class is built by
abridging a source to a topic seed and letting the
generator plan and expand, not by treating light ed-
its or RAID-style prompt completion as the same
phenomenon (Appendix D). Translation into En-
glish for GiantMelon-EN does not flip those la-
bels. Source-held-out splits on News and Wiki stay
close to the random 9:1 protocol (Table 7), with the
caveat that source and generator remain coupled.
Formatting attacks on RAID are largely absorbed
by symbol stripping; paraphrase is the stress test
that still belongs to the model.

What the gate does not do matters as much as
what it does. It does not score whether a speaker
is sincere, whether a record is true, or whether AI-
assisted drafting should be forbidden. It estimates
generation provenance so that later extractors, qual-
ity checkers, and analysts are not fed fluent ma-
chine text as if it were an attested human report.
Expert prose and fact-rich generations still require
a human in the loop (Table 13). The compact
character-level detector is already cheap enough
to run first at intake.
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Limitations

We do not introduce new architectural primitives;
our contribution is empirical—data construction,
preprocessing, and transparent reporting. The Chi-
nese corpus uses only two generators (Claude 4.5
Opus and Grok 4.1 Fast). Source-held-out evalu-
ation cannot separate source from generator. En-
glish parallel text introduces translationese and may
not match native English RAID domains. RAID
evaluation is blind and aggregate-only, limiting per-
sample leakage audits and error analysis on English
test data. Finance-domain errors (Table 13) show
that removing numerals harms some human–AI dis-
tinctions. Formatting RAID attacks (Whitespace,
Upper Lower) are largely neutralized by prepro-
cessing and should not be interpreted as architec-
tural adversarial robustness. Authorship screening
does not measure factual truth or speaker intent,
and expert human writing can still be flagged.

Ethics Statement

Our dataset is constructed from publicly available
sources: the 2021 edition of Chinese Wikipedia and
the THUCNews news corpus. These sources con-
sist of encyclopedia articles and news articles that
do not contain personally identifying information
or offensive content. We apply symbol cleaning
to remove non-Chinese characters, further reduc-
ing any potential privacy concerns. The dataset
consists of general-domain text without personal
identifiers, ensuring that our research does not raise
privacy or ethical concerns related to personal data.

Use of generative AI. We used GPT-4o to trans-
late paired Chinese training segments into En-
glish for GiantMelon-EN (Section 3.2); labels were
not generated by translation. Non-native English-
speaking authors also used AI assistants (e.g., Chat-
GPT and Claude) for manuscript translation and
polishing only; research design, experiments, and
conclusions are the authors’ own.

While machine-generated text detection can
help maintain content authenticity in multi-source
pipelines, we acknowledge risks of misuse. Detec-
tion systems could be employed for content censor-
ship or to unfairly discriminate against AI-assisted
writing, which may affect legitimate uses of AI
tools in education, research, and creative writing.
We do not infer communicative sincerity or the
speaker’s intent; scores estimate generation prove-
nance only. The model is designed to assist rather
than replace human judgment. Users should con-

sider context and false positives, especially on ex-
pert prose, before acting on a front-end flag.
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Appendix

A RAID Benchmark Main Results
(Complete Table)

This appendix provides complete AUROC
performance data for GiantMelon-EN and
major baseline detectors on the RAID bench-
mark under the no-adversarial-attack setting
(adversarial attack=none, domain=all,
decoding strategy=all). Figure 4 includes all
generator models (chatgpt, gpt4, gpt3, gpt2, mis-
tral, mistral-chat, cohere, cohere-chat, llama-chat,
mpt, mpt-chat) and the Aggregate metric.

B RAID Benchmark Adversarial Attack
Detailed Results

The RAID benchmark provides 11 adversarial at-
tack strategies to evaluate detector robustness un-
der adversarial scenarios. This appendix presents
GiantMelon-EN’s performance across various ad-
versarial attacks, comparing against major base-
lines. For presentation clarity, we display only cur-
rent mainstream generation models (chatgpt, gpt4,
mistral, mistral-chat, cohere, cohere-chat, llama-
chat); results for other models (e.g., gpt2, gpt3, mpt,
mpt-chat) are included in the Aggregate metric.

B.1 All Attacks Summary

Table 14 presents performance comparison under
all adversarial attack types aggregated.

B.2 Detailed Results by Attack Type

The following subsections present detailed AU-
ROC performance under each of the 11 adversarial
attack types.

B.2.1 Zero Width Space
B.2.2 Alternative Spelling
B.2.3 Article Deletion
B.2.4 Homoglyph
B.2.5 Insert Paragraphs
B.2.6 Number
B.2.7 Paraphrase
B.2.8 Perplexity Misspelling
B.2.9 Synonym
B.2.10 Upper Lower
B.2.11 Whitespace
B.3 Key Findings

We summarize the key findings from the detailed
adversarial attack results:

1. Overall robustness: Under all adversarial at-
tacks aggregated, GiantMelon-EN achieves
an Aggregate AUROC of 0.999, matching or
slightly outperforming SpeedAI (0.998) and
significantly outperforming other public de-
tectors.

2. Performance across different attack types:

• Whitespace attack: GiantMelon-EN
performs best, achieving perfect Aggre-
gate 1.000, with 1.000 on chatgpt, gpt4,
mistral-chat, llama-chat columns.

• Upper Lower attack: GiantMelon-EN
achieves perfect Aggregate 1.000, with
1.000 on chatgpt, gpt4, mistral-chat,
llama-chat columns.

• Alternative Spelling attack:
GiantMelon-EN achieves Aggre-
gate 1.000, with perfect 1.000 on
chatgpt, gpt4, mistral-chat, llama-chat
columns.

• Number attack: GiantMelon-EN
achieves 0.999 on Aggregate, with per-
fect 1.000 on chatgpt, gpt4, mistral-chat,
llama-chat columns.

• Perplexity Misspelling attack:
GiantMelon-EN achieves 0.999 on Ag-
gregate, with perfect 1.000 on chatgpt,
gpt4, mistral-chat, llama-chat columns.
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Figure 4: Complete AUROC performance comparison of detectors on the RAID benchmark (no adversarial attack
setting), including all generator models.

Detector Aggregate chatgpt gpt4 mistral mistral-chat cohere cohere-chat llama-chat

GiantMelon-EN (ours) 0.999 1.000 1.000 0.998 1.000 0.996 0.996 1.000
SpeedAI 0.998 0.999 0.999 0.998 0.999 0.996 0.995 0.999
GPTZero 0.993 0.999 0.998 0.989 0.997 0.968 0.978 0.999
e5-small-lora 0.968 0.982 0.982 0.958 0.980 0.919 0.955 0.981
BERT-tiny-4M 0.967 0.984 0.980 0.959 0.980 0.894 0.945 0.982
DivEye 0.951 0.964 0.927 0.932 0.950 0.920 0.942 0.965
Desklib 0.949 0.982 0.959 0.925 0.979 0.847 0.919 0.981
Desklib AI Text Detector v1.01 0.948 0.978 0.947 0.934 0.974 0.804 0.904 0.975

Table 14: AUROC performance comparison under all adversarial attack types aggregated.

• Article Deletion attack: GiantMelon-
EN achieves 0.999 on Aggregate, with
perfect 1.000 on chatgpt, gpt4, mistral-
chat, llama-chat columns.

• Insert Paragraphs attack: GiantMelon-
EN achieves 0.999 on Aggregate, with
perfect 1.000 on chatgpt, gpt4, mistral-
chat, llama-chat columns.

• Synonym attack: GiantMelon-EN
achieves 0.999 on Aggregate, with per-
fect 1.000 on chatgpt, gpt4, mistral-chat,
llama-chat columns.

• Zero Width Space attack: GiantMelon-
EN achieves 0.999 on Aggregate, with
perfect 1.000 on chatgpt, gpt4, mistral-
chat, llama-chat columns.

• Homoglyph attack: GiantMelon-EN

achieves 0.999 on Aggregate, with 1.000
on chatgpt, gpt4, mistral, cohere-chat
columns, but 0.998 on mistral-chat and
0.996 on cohere.

• Paraphrase attack: This is the most
challenging attack type. GiantMelon-
EN achieves 0.995 on Aggregate, still
superior to SpeedAI (0.995) and other
baselines, but shows slight drops on co-
here series (cohere: 0.981, cohere-chat:
0.991).

3. Comparison with baselines:

• GiantMelon-EN achieves or outperforms
SpeedAI’s performance across all attack
types.

• Compared to public systems such as
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Detector Aggregate chatgpt gpt4 mistral mistral-chat cohere cohere-chat llama-chat

GiantMelon-EN (ours) 0.999 1.000 1.000 0.999 1.000 0.997 0.996 1.000
SpeedAI 0.998 0.999 0.999 0.998 0.999 0.997 0.994 0.999
GPTZero 0.995 0.999 0.999 0.991 0.994 0.979 0.984 1.000
e5-small-lora 0.986 0.997 0.998 0.981 0.977 0.938 0.972 0.998
BERT-tiny-4M 0.978 0.994 0.991 0.958 0.970 0.902 0.954 0.994

Table 15: AUROC performance under Zero Width Space attack.

Detector Aggregate chatgpt gpt4 mistral mistral-chat cohere cohere-chat llama-chat

GiantMelon-EN (ours) 1.000 1.000 1.000 0.999 1.000 0.999 0.997 1.000
SpeedAI 0.999 0.999 0.999 0.999 0.999 0.999 0.996 0.999
GPTZero 0.995 0.999 0.999 0.991 0.996 0.976 0.983 1.000
e5-small-lora 0.985 0.997 0.997 0.980 0.986 0.932 0.969 0.998
BERT-tiny-4M 0.976 0.993 0.990 0.955 0.978 0.894 0.950 0.994

Table 16: AUROC performance under Alternative Spelling attack.

GPTZero, e5-small-lora, and BERT-tiny-
4M, GiantMelon-EN achieves significant
advantages across all attack types and all
generation models.

• Under the most challenging Paraphrase
attack, GiantMelon-EN maintains an
Aggregate AUROC of 0.995, while
GPTZero drops to 0.976 and BERT-tiny-
4M drops to 0.938.

4. Advantages of word-level modeling with
symbol stripping: GiantMelon-EN’s word-
level encoder combined with aggressive sym-
bol stripping performs excellently when fac-
ing character-based adversarial attacks such as
homoglyphs, zero-width spaces, and whites-
pace characters, validating the benefits of nor-
malization before tokenization. In particular,
under Whitespace and Upper Lower attacks,
GiantMelon-EN achieves perfect Aggregate
1.000, demonstrating that formatting perturba-
tions are neutralized by preprocessing rather
than by novel architectural robustness alone.

C Full Architectural Ablation

D Construction Prompts, Translation QC,
and Tokenization

Chinese AI-written class. Each source docu-
ment is processed in three stages. The generator
receives, in order:

1. abridge the above text to no more than 50
words;

2. plan some details for the abridged text;

3. expand the text according to the details.

After stage (1), almost all source detail is gone
and only a topic seed remains. Stages (2)–(3)
are therefore model-authored content, not a light
paraphrase of the human original. Human-class
documents are the unrewritten Wikipedia and non-
Technology THUCNews sources.

English parallel translation. Both classes are
translated with GPT-4o under the instruction trans-
late the text material strictly into English. Seg-
ments are aligned to the Chinese source spans. We
drop pairs whose English/Chinese length ratio is
extreme relative to the batch distribution, then spot-
check remaining pairs by hand for omitted clauses
and invented facts. Qwen3 perplexity on abridged-
then-expanded Chinese is 8.372 and 12.519 af-
ter translation; cross-language perplexities are not
comparable, so these figures are a sanity check
only. We switched from Qwen3 translation to GPT-
4o after observing substantial factual errors in the
former. GPT-4o perplexity is not directly available.

Chunking, split, and vocabularies. Training
windows use length S=512 and stride ∆=256
(50% overlap). The Chinese random split is 9:1
at document level so that chunks of one document
do not appear on both sides; the same document-
level rule is used for source-held-out splits. The
Chinese character vocabulary maps CJK Unified
Ideographs with <pad> = 0 and <unk> = 1. En-
glish GiantMelon-EN uses dictionary word tokens
after symbol stripping; any learner-grade English
dictionary suffices. We used a licensed dictionary
that we do not redistribute.
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Detector Aggregate chatgpt gpt4 mistral mistral-chat cohere cohere-chat llama-chat

GiantMelon-EN (ours) 0.999 1.000 1.000 0.999 1.000 0.999 0.996 1.000
SpeedAI 0.999 0.999 0.999 0.999 0.999 0.998 0.996 0.999
GPTZero 0.993 0.999 1.000 0.988 0.991 0.967 0.977 1.000
e5-small-lora 0.982 0.996 0.996 0.973 0.971 0.915 0.961 0.998
BERT-tiny-4M 0.977 0.995 0.992 0.953 0.967 0.903 0.954 0.994

Table 17: AUROC performance under Article Deletion attack.

Detector Aggregate chatgpt gpt4 mistral mistral-chat cohere cohere-chat llama-chat

GiantMelon-EN (ours) 0.999 1.000 1.000 1.000 0.998 0.996 1.000 0.999
SpeedAI 0.999 0.999 0.999 0.999 0.997 0.995 0.999 0.999
GPTZero 0.995 0.999 0.999 0.991 0.994 0.979 0.984 1.000
e5-small-lora 0.809 0.827 0.825 0.805 0.819 0.779 0.818 0.805
BERT-tiny-4M 0.897 0.897 0.896 0.912 0.900 0.868 0.894 0.894

Table 18: AUROC performance under Homoglyph attack.

E Dataset Submission

We provide a subset of our Chinese machine-
generated text detection dataset as supplemen-
tary material for this submission. The dataset
archive (datasubmission.zip) contains the Wiki-
Claude subset, which consists of 1,982 paired sam-
ples. Each pair contains:

• A human-written text from Wikipedia (Chi-
nese)

• An AI-rewritten text generated by Claude 4.5
Opus

Dataset structure: The dataset is organized
as Wiki-Claude/human/ and Wiki-Claude/ai/,
where files are named wiki{ID} and claude{ID}
respectively. Files with the same numeric ID form
a pair (e.g., wiki206678↔ claude206678).

Release: The camera-ready files are at
https://huggingface.co/datasets/layce/
giantmelon-zh. They include the cleaned Chi-
nese news documents, these 1,982 Wiki–Claude
pairs, a paired Chinese–English Wikipedia slice,
and the case-study passages in Appendix F. The
repository is gated for research use. Model
weights and the licensed English dictionary are not
included.

F Case Study Details

F.1 Experimental Setup

To validate our model’s detection patterns and inter-
pretability, we selected several text samples from
outside our training set and applied gradient-based

importance analysis (Section 3.6) to visualize word-
level contributions to detection decisions. For visu-
alization purposes, we performed word segmenta-
tion on the character-level importance scores to
aggregate character-level importance into word-
level importance, enabling clearer interpretation of
which types of words the model focuses on when
making detection decisions.

F.2 Case Descriptions
The following cases demonstrate GiantMelon’s
detection performance across diverse text types.
For AI-generated texts, high-importance words are
visualized in red; for human-written texts, high-
importance words are visualized in blue. Each case
includes the detection confidence score, word im-
portance visualization, and source attribution.
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Detector Aggregate chatgpt gpt4 mistral mistral-chat cohere cohere-chat llama-chat

GiantMelon-EN (ours) 0.999 1.000 1.000 0.999 1.000 0.996 0.997 1.000
SpeedAI 0.999 0.999 0.999 0.999 0.999 0.996 0.995 0.999
GPTZero 0.995 0.999 0.999 0.991 0.993 0.979 0.983 1.000
e5-small-lora 0.983 0.996 0.997 0.977 0.973 0.924 0.965 0.998
BERT-tiny-4M 0.976 0.994 0.990 0.955 0.968 0.902 0.949 0.994

Table 19: AUROC performance under Insert Paragraphs attack.

Detector Aggregate chatgpt gpt4 mistral mistral-chat cohere cohere-chat llama-chat

GiantMelon-EN (ours) 0.999 1.000 1.000 0.999 1.000 0.999 0.997 1.000
SpeedAI 0.999 0.999 0.999 0.999 0.999 0.997 0.996 0.999
GPTZero 0.995 0.999 0.999 0.991 0.996 0.978 0.983 1.000
e5-small-lora 0.983 0.996 0.997 0.977 0.995 0.936 0.971 0.998
BERT-tiny-4M 0.976 0.994 0.990 0.968 0.990 0.900 0.949 0.994

Table 20: AUROC performance under Number attack.

Detector Aggregate chatgpt gpt4 mistral mistral-chat cohere cohere-chat llama-chat

GiantMelon-EN (ours) 0.995 0.999 0.998 0.995 0.991 0.981 0.991 0.999
SpeedAI 0.995 0.999 0.998 0.995 0.991 0.980 0.991 0.998
GPTZero 0.976 0.996 0.992 0.970 0.953 0.941 0.965 0.994
e5-small-lora 0.968 0.992 0.990 0.972 0.938 0.933 0.963 0.990
BERT-tiny-4M 0.938 0.969 0.955 0.936 0.902 0.871 0.923 0.955
RoBERTa (ChatGPT) 0.847 0.900 0.858 0.873 0.822 0.804 0.835 0.872

Table 21: AUROC performance under Paraphrase attack.

Detector Aggregate chatgpt gpt4 mistral mistral-chat cohere cohere-chat llama-chat

GiantMelon-EN (ours) 0.999 1.000 1.000 0.999 1.000 0.996 0.997 1.000
SpeedAI 0.999 0.999 0.999 0.999 0.999 0.996 0.996 0.999
GPTZero 0.995 0.999 0.999 0.991 0.995 0.977 0.983 1.000
e5-small-lora 0.983 0.996 0.997 0.977 0.983 0.924 0.965 0.998
BERT-tiny-4M 0.976 0.994 0.990 0.968 0.990 0.892 0.949 0.994

Table 22: AUROC performance under Perplexity Misspelling attack.

Detector Aggregate chatgpt gpt4 mistral mistral-chat cohere cohere-chat llama-chat

GiantMelon-EN (ours) 0.999 1.000 1.000 0.999 1.000 0.991 0.993 1.000
SpeedAI 0.998 0.999 0.999 0.999 0.998 0.990 0.993 0.999
GPTZero 0.986 0.998 0.995 0.967 0.990 0.921 0.950 0.998
e5-small-lora 0.980 0.995 0.996 0.971 0.968 0.915 0.958 0.997
BERT-tiny-4M 0.974 0.991 0.987 0.946 0.968 0.896 0.947 0.990

Table 23: AUROC performance under Synonym attack.

Detector Aggregate chatgpt gpt4 mistral mistral-chat cohere cohere-chat llama-chat

GiantMelon-EN (ours) 1.000 1.000 1.000 0.999 1.000 0.999 0.997 1.000
SpeedAI 0.999 0.999 0.999 0.999 0.999 0.998 0.996 0.999
GPTZero 0.995 0.999 0.999 0.991 0.996 0.978 0.983 1.000
e5-small-lora 0.983 0.996 0.997 0.977 0.995 0.936 0.971 0.998
BERT-tiny-4M 0.976 0.994 0.990 0.968 0.990 0.900 0.949 0.994

Table 24: AUROC performance under Upper Lower attack.
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Detector Aggregate chatgpt gpt4 mistral mistral-chat cohere cohere-chat llama-chat

GiantMelon-EN (ours) 1.000 1.000 1.000 0.999 1.000 0.999 0.997 1.000
SpeedAI 0.999 0.999 0.999 0.998 0.999 0.998 0.996 0.999
GPTZero 0.995 0.999 0.999 0.991 0.994 0.979 0.984 1.000
e5-small-lora 0.986 0.997 0.998 0.977 0.996 0.938 0.972 0.998
BERT-tiny-4M 0.978 0.994 0.991 0.970 0.991 0.902 0.954 0.994

Table 25: AUROC performance under Whitespace attack.

attn pool agg AUC (%) ACC (%) F1 (%)

bi unmasked_mean weighted_mean 99.44 98.1 97.02
bi unmasked_mean mean 99.42 96.95 96.99
bi masked_mean weighted_mean 99.21 96.21 96.29
bi masked_mean mean 99.20 96.17 96.26

causal unmasked_mean weighted_mean 99.09 96.99 97.02
causal unmasked_mean mean 98.95 97.15 97.16
causal masked_mean weighted_mean 98.88 96.50 96.56
causal masked_mean mean 98.80 96.55 96.60
causal unmasked_mean max 98.68 96.98 96.99
causal masked_mean max 98.00 94.72 94.82

bi unmasked_mean max 96.06 92.02 92.55
bi masked_mean max 94.35 88.11 89.31

causal max max 50.86 53.94 67.75
bi max max 56.82 51.82 67.29

causal max mean 69.35 50.56 66.78
bi max mean 70.89 50.41 66.73

causal max weighted_mean 71.34 50.54 66.77
bi max weighted_mean 76.45 50.46 66.74

Table 26: Full architectural ablation on the self-constructed test set (symbol cleaning fixed). Default: bi,
unmasked_mean, weighted_mean.
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Figure 5: Case Study 1: AI-generated news report detection analysis. Three AI-generated texts (news report,
encyclopedia entry, literature) from Doubao AI, all correctly identified with high confidence (96.7%–99.8%). The
model focuses on standardized policy terminology, technical vocabulary, and formulaic emotional expressions
(visualized in red).
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Figure 6: Case Study 2: AI-generated text detection analysis (Deepseek AI). Three AI-generated texts (news report,
encyclopedia entry, literature) from Deepseek AI, correctly identified with varying confidence (52.5%–99.8%). The
encyclopedia entry containing real historical facts achieves lower confidence (52.5%), while the model focuses on
technical terminology, scientific terms, and literary descriptions (visualized in red).
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Figure 7: Case Study 3: AI-generated text detection analysis (misclassified cases). Three AI-generated texts (news
report, encyclopedia entry, literature) from Doubao AI, incorrectly classified with low confidence (4.6%–36.2%).
When AI-generated content incorporates substantial real-world facts (scientific data, historical information) or
mimics human thought patterns (philosophical reflections), the model’s confidence decreases, as these authentic
elements reduce the prominence of AI generation signatures (visualized in red).
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Figure 8: Case Study 4: Human-written text detection analysis (classical literature). Three human-written texts
(essay by Zhu Ziqing, newspaper editorial from Southern Weekend, novel by Wang Xiaobo), all correctly identified
with very low AI confidence (0.0%–36.0%). The model focuses on unique literary expressions, authentic details,
and genuine emotional nuances (visualized in blue), reflecting the idiosyncratic nature of human writing.
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Figure 9: Case Study 5: Human-written text detection analysis (translated literature). Two translated literary works
(Germinal by Zola, Don Quixote by Cervantes), correctly identified with low AI confidence (2.8%–23.7%). The
model focuses on rich detail descriptions, authentic environmental depictions, and unique literary styles (visualized
in blue), demonstrating the model’s ability to recognize human writing characteristics in translated texts.
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Figure 10: Case Study 6: Human-written text detection analysis (modern poetry). A modern Chinese poem
(Dayanhe—My Wet Nurse by Ai Qing), correctly identified with very low AI confidence (7.4%). The model focuses
on poetic structures (repetition, parallelism), authentic emotional expressions, and specific life details (visualized in
blue), reflecting the genuine emotional experience and unique poetic techniques of human writing.
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Figure 11: Case Study 7: Human-written text detection analysis (misclassified cases). Two human-written texts
(academic paper, news report), incorrectly classified with moderate AI confidence (50.8%–55.4%). When human-
written texts contain dense professional terminology or structured policy expressions, the model may misclassify
them, as these patterns resemble AI-generated "term stacking" and structured templates (visualized in blue). This
reveals the model’s limitation in distinguishing expert human writing from AI-generated content in specialized
domains.
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