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ARTICLE INFO ABSTRACT

Communicated by R. Yang The rapid proliferation of large language models (LLMs) has raised growing concerns about distinguishing be-
tween human-written and Al-generated text. This work addresses the task of detecting Al-generated content by
evaluating the latent similarity between a given input text and an alternative response generated for the same

I;fi:e]flredr‘:ted text detection prompt, either known or inferred. Accordingly, CLAID (Contrastive Learning for Al Detection) is proposed as a
Siamese neural networks Siamese Neural Network architecture utilizing BERT encoders and contrastive loss to capture semantic similar-
Contrastive learning ity between text pairs. Unlike prior approaches that rely on explicit classification or domain-specific features,
Prompt inversion our method focuses on modeling pairwise similarity, enabling a flexible and model-agnostic detection frame-

work. To evaluate the generalization capabilities of the system, a comprehensive multi-domain and multi-model
benchmark comprising three diverse datasets (i.e., HC3, DAIGT, and OUTFOX), encompassing a wide range of
text genres, prompt structures, and generative models, has been constructed. Experimental results show that
the proposed model achieves near-perfect classification accuracy across both single-domain and mixed-domain
scenarios, demonstrating strong robustness to domain shifts, prompt variability, and authorship ambiguity. The
model also exhibits strong data efficiency, attaining high performance with minimal supervision.

1. Introduction domains, depend on features tied to specific models, or require direct ac-
cess to the underlying LLM, which significantly limits their applicability
in practical detection settings.

This work proposes a novel, model-agnostic detection framework
based on the latent similarity between paired responses to a shared
prompt. The proposed Contrastive Learning for AI Detection (CLAID) em-
ploys a Siamese Neural Network architecture with BERT-based encoders,
trained using a contrastive loss function to capture semantic proximity
between texts. Instead of performing direct classification, the problem
has been reformulated as a pairwise similarity task, which enables im-
proved generalization across domains, prompt formats, and generative
models.

To assess the robustness and generalization ability of the approach,
a comprehensive multi-domain, multi-model benchmark has been con-
structed by combining three publicly available datasets (i.e., HC3,
DAIGT, and OUTFOX). These datasets cover a wide range of textual
genres, prompt types, and LLM outputs. Additionally, the method incor-
porates a prompt inversion mechanism [6] to handle scenarios where the
original prompt is missing, a frequent challenge in real-world detection.

The widespread adoption of Large Language Models (LLMs) has dra-
matically transformed the landscape of natural language generation,
enabling the automated production of highly fluent and coherent text.
Despite the broad utility of LLMs in areas such as dialogue systems
and automated writing, their growing ubiquity has sparked serious con-
cerns about the verifiability, authorship, and credibility of the resulting
text. A central challenge arising from this context is the ability to dis-
tinguish reliably between human-written and Al-generated text. This
task is increasingly critical in domains such as academic integrity [1],
misinformation detection [2], and digital forensics [3].

Several approaches have been proposed to tackle this challenge, in-
cluding supervised classifiers based on linguistic or statistical features,
unsupervised methods leveraging log-likelihood cues (e.g., DetectGPT
[4]), and watermarking strategies for traceability [5]. However, these
methods often rely on specific assumptions about the generation
model or exhibit limited robustness to prompt variation and domain
shifts. Nonetheless, many existing methods struggle to generalize across
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The key contributions of this paper are summarized as follows:

The introduction of CLAID (Contrastive Learning for Al Detection),
a novel framework that leverages contrastive Siamese learning to
identify Al-generated texts with high robustness and data efficiency.
A unified multi-domain benchmark is constructed by combining
three heterogeneous datasets to enable comprehensive cross-domain
evaluation.

Experimental results demonstrate near-perfect classification accu-
racy in both single-domain and mixed-domain scenarios, indicating
strong robustness to prompt variability, domain shifts, and data
scarcity.

The feasibility of prompt reconstruction (inversion) is confirmed,
enabling effective detection even when the original prompt is un-
available.

The structure of the paper is as follows: Section 2 provides an
overview of related work, followed by a detailed description of the
methodology (Section 3). Section 4 presents the experimentation, re-
sults and ablation studies, while Section 5 discusses key insights and
limitations. Finally, Section 6 concludes the paper.

2. Related work

Current strategies for Al-generated text detection can be broadly cat-
egorized into watermarking-based, feature-based, neural-based, human-
aided, and hybrid methods [7].

Watermarking techniques embed imperceptible signals into gener-
ated texts at generation time, enabling posterior verification of author-
ship [8]. While watermarking is effective against forgery and resistant
to deletion under most transformations, it requires cooperation from the
generation side and can be circumvented by paraphrasing.

Feature-based methods rely on explicit linguistic features to discrim-
inate between human and machine-generated content. Prior work has
utilized stylistic and stylometric indicators [9], as well as statistical met-
rics such as entropy, perplexity, and readability [10,11]. Feature-based
approaches are transparent and computationally efficient, but they of-
ten suffer from domain overfitting and are vulnerable to adversarial
rephrasing.

Neural approaches employ deep learning architectures trained from
scratch or fine-tuned on synthetic vs. human text. These include fine-
tuned classifiers [12], and zero-shot detectors leveraging language
modeling likelihood [13]. Despite their flexibility, these methods tend to
be sensitive to domain shifts and require large labeled datasets for robust
training. Recent work such as DeTeCtive [14] employs contrastive learn-
ing on human and Al-generated examples to improve generalization to
unseen styles and models. Similarly, Wu et al. [15] evaluate cross-model
robustness by training on a wide range of LLM outputs and testing on
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unseen models and domains. The M4 Benchmark [16] further expands
this evaluation by measuring detection performance across languages,
domains, and paraphrased versions of text, providing a comprehensive
testbed for model robustness.

Some systems incorporate human feedback or review mechanisms to
improve detection [17]. Others adopt hybrid strategies, combining neu-
ral or feature-based classifiers with heuristics, rule-based components, or
stylistic checks [18]. These hybrid systems are often more interpretable
and resilient, particularly when confronting intentional obfuscation or
adversarial input designed to bypass detectors.

In contrast to previous efforts, frequently constrained by single-
domain training or the prerequisite of explicit generative model knowl-
edge, CLAID employs a Siamese contrastive architecture. This archi-
tecture is trained on a heterogeneous ensemble of datasets (i.e., HC3,
DAIGT, and OUTFOX), thereby enabling the model to acquire domain-
agnostic representations of textual similarity robustly. This capability
facilitates effective discrimination between Al-generated and human-
written text, circumventing the need for explicit supervision on the
type, topic, or writing style of the model. Moreover, unlike many
existing approaches that demand large amounts of labeled data for
effective performance, our framework demonstrates remarkable data ef-
ficiency, maintaining high classification metrics even when trained on
significantly reduced subsets of the combined dataset.

3. Methodology

The implemented model, named CLAID (Contrastive Learning for
Al Detection), is a Siamese Neural Network leveraging the power of
pre-trained Bidirectional Encoder Representations from Transformers
(BERT) to learn robust text embeddings. A schematic overview of the
architecture is provided in Fig. 1.

It consists of two identical branches with shared weights, each
containing a Text Representation Module. This module comprises a to-
kenizer and a BERT Encoder to generate the CLS embedding for each
text, followed by a Dropout Layer for regularization and an FC Layer
that projects the embedding into a 768-dimensional space (E, and Ep).
The L2 Distance quantifies the similarity between E, and Ejg. The net-
work is trained using the Contrastive Loss, and predictions are generated
by applying an optimal threshold (z) to the computed distance between
the two text embeddings. Specifically, pairs with a distance below r are
classified as ‘Similar’ (1), and those with a distance greater than or equal
to 7 are labeled as ‘Dissimilar’ (0). The optimal threshold  is determined
on a held-out validation set by maximizing the macro-averaged F1-score,
ensuring balanced performance across both classes. The model weights
corresponding to the best validation performance are saved and used
for final evaluation. Each CLAID component is detailed in subsections
below.
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Fig. 1. CLAID’s architecture.
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Fig. 2. Inference and classification process.

3.1. Text representation module

Input texts (i.e., Text A and Text B) are tokenized and encoded using
BERT (bert-base-uncased), producing contextualized representations
derived from the [CLS] token. To adapt these representations to the task-
specific embedding space, the [CLS] vector is passed through a trainable
Fully Connected (FC) layer. Although the input and output dimensions
are both 768, this transformation enables the model to learn a linear pro-
jection that is optimized for the downstream similarity task. A Dropout
Layer (with rate 0.1) is applied before the FC layer for regularization,
enhancing robustness and reducing overfitting.

The final output of this module for each input branch is a dense
vector representation: E, for Text A and Ep for Text B.

3.2. L2 distance evaluation

To quantify the similarity between the two text embeddings, the
Euclidean (L2) distance is calculated between E, and Ej. In particular,
the equation for the L2 distance d(E,, Ep) is:

d(Ey, Eg) = 1)

where D is the embedding dimension. A smaller distance indicates
higher similarity, while a larger distance suggests dissimilarity.

3.3. Loss function: contrastive loss

The network is trained using the contrastive loss objective, which
encourages semantically similar pairs to have closer embeddings and
dissimilar ones to be distant. The loss function is formally defined as:

L(d,y)=%y~d2+%(1—y)~max(0,m—d)2 @)

where:

« d is the Euclidean distance between the two embeddings (d(E 4, Ep));

» yis the ground truth label (1 for similar pairs, 0 for dissimilar pairs);

« m is the contrastive margin hyperparameter, which sets a minimum
distance for dissimilar pairs.

In this study, the contrastive margin was set to 1. The first term of the loss
function minimizes the distance d for similar pairs (y = 1), encouraging
them to be close in the embedding space. The second term maximizes
the distance for dissimilar pairs (y = 0), but only if their distance is less
than the margin m, thereby ensuring they are pushed beyond a certain
threshold.

3.4. Inference and classification process

Once CLAID is trained and the optimal threshold 7 is determined on
the validation set, the model can be utilized to classify novel, unseen
texts. The inference process, depicted in Fig. 2, for a given input text,
unfolds as follows:

1. Input Pair Creation:

« If the original prompt of the input text is known: The input text
(Text ) is paired with an alternative response (T'extp) generated
from the same prompt, ideally an Al-generated text.

« If the original prompt is unknown (black-box scenario): A Prompt
Inversion [6] mechanism is employed to infer a plausible prompt
from Text,. Then, an alternative response (Textp) is generated
using an LLM (e.g., Gemini or GPT-4) based on the inferred prompt.

 Text, is then paired with this Text .

2. Embedding Generation: Both texts in the pair, Text, and Textg,
are passed through the identical branches of the Siamese Network
(the BERT encoders), producing contextualized vector embeddings
E, and Eg.

3. Distance Calculation: The Euclidean (L,) distance between E, and
Ejp is computed based on Eq. (1).

4.Final Classification: The distance d(E,, Ep) is compared with the
optimal threshold z.

« If d(E4, Ep) < 7, Text, is classified as Al-generated.
« Otherwise, if d(E4, Eg) > 7, Text , is classified as human-written.

4. Experimental evaluation

This section presents the experimental evaluation of the proposed
approach. It first describes the construction of a unified benchmark
by aggregating three diverse datasets. Next, it provides implementa-
tion details and quantitative results, including both in-domain and
cross-domain performance analyses.

4.1. Dataset construction

This section describes the construction of the datasets used for eval-
uating the proposed approach. Three distinct corpora (i.e., HC3, DAIGT,
and OUTFOX) are adopted to ensure a robust evaluation of various types
of Al-generated and human-generated content. Table 1 summarizes the
main characteristics of these datasets, including their origin, content
type, availability of prompts, and the models used to generate synthetic
responses. From each corpus, a balanced dataset of 6000 text pairs is
constructed as described below.

4.1.1. HC3 dataset pair generation

The Human-ChatGPT Comparative Corpus (HC3) [19] is a collec-
tion of thousands of comparative responses from both human experts
and ChatGPT, with questions ranging across open-domain, financial,
medical, legal, and psychological areas. The dataset contains prompt-
response pairs, where each prompt is associated with a human-written
answer and a response generated by ChatGPT. To increase diversity and
model generalization, this dataset has been extended by generating addi-
tional responses for each prompt using two other leading LLMs: Google
Gemini and LLaMA.
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Table 1
Overview of the datasets used in the experiments.
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Dataset Description Prompt Presence Adopted Models Pairs (Train/Val/Test)
HC3 QA, medical, legal, financial, etc. Yes ChatGPT Gemini LLaMA 4200/900/900
DAIGT Argumentative essays by humans and LLMs on school topics Yes ChatGPT Falcon Mistral Claude LLaMA PaLM Cohere 4200/900/900
OUTFOX Student essays vs. Al-generated essays No ChatGPT Flan-T5 Davinci Gemini (via inversion) 4200/900/900

(inferred)

From this enriched pool, pairs of responses fall into two distinct
categories based on their authorship:

« Label 0 (Dissimilar): Pairs composed of a human-written response
and an Al-generated response for the same prompt (i.e., Human-
ChatGPT, Human-Gemini, Human-LLaMA).

« Label 1 (Similar): Pairs composed of two Al-generated responses
aligned on the same prompt (i.e., ChatGPT-Gemini, ChatGPT-LLaMA,
Gemini-LLaMA).

Starting from 1000 rows of the original dataset, a total of 6000 bal-
anced pairs are extracted: 3000 labeled as ‘Dissimilar’ (0) and 3000
as ‘Similar’ (1). These 6000 pairs are evenly distributed across six
source pairings: 1000 pairs each for human-ChatGPT, human-Gemini,
and human-LLaMA combinations (used as Dissimilar pairs), and 1000
pairs each for ChatGPT-Gemini, ChatGPT-LLaMA, and Gemini-LLaMA
combinations (used as Similar pairs). Each pair is formed by aligning
semantically related responses to the same prompt.

4.1.2. DAIGT dataset pair generation

The DAIGT! dataset includes argumentative essays labeled according
to their authorship, distinguishing between human-written and LLM-
generated texts. Each essay is associated with a specific argumentative
prompt (e.g., “Cell phones at school”), which serves as the basis for pair
construction.

Response pairs were generated by grouping essays under the same
prompt, following two criteria:

« Label 0 (Dissimilar): human-written response (original label = 0)
paired with an Al-generated response (original label = 1) on the
same topic. This resulted in pairs such as human-ChatGPT, human-
Falcon, and human-LLaMA.

« Label 1 (Similar): Two Al-generated responses (both with original
label = 1) under the same prompt. These included combinations
such as ChatGPT-Mistral, Falcon-LLaMA, and ChatGPT-ChatGPT.

To control computational load while maintaining topic diversity, we
limited the number of responses per prompt to 100. When a prompt
exceeded this threshold, a random subset was selected; otherwise, all
available responses were retained. This filtering yielded a subset of 1500
responses, 1006 human-written, and 494 Al-generated (including 148
from Mistral, 106 from LLaMA, 75 from ChatGPT, 83 from Claude, 36
from Falcon, 40 from PaLm, and 6 from Cohere). From this pool, 6000
balanced response pairs were constructed: 3000 labeled as Dissimilar and
3000 as Similar, distributed evenly across prompts.

4.1.3. OUTFOX dataset pair generation

The OUTFOX Dataset [20] consists of argumentative essays written
by native English students and texts generated by Flan-T5, Chat-GPT and
Davinci models. Since this dataset does not contain information about
prompts producing answers, a specific prompt inversion pipeline, intro-
duced in [6], has been employed. Given an input text x, the pipeline
works as follows:

1 DAIGT V2 Train Dataset.

1. Prompt Category Classification: A fine-tuned DeBERTa-v3
model? predicts the possible Prompt Category based on x (e.g., open
qa, summarization, etc.).

2. Syntactic Pattern Retrieval: The syntactic structure of x is ana-
lyzed to extract its part-of-speech and dependency patterns (PO.S+
Dept). These are compared to the most frequent syntactic tem-
plates associated with the predicted prompt category, previously
derived from the training corpus.

3. Sentiment Analysis: The emotional tone of x (i.e., Sentiment) is
assessed using a multilingual sentiment classifier (i.e., tabulari-
sai/multilingual-sentiment-analysis® from Hugging Face Hub).

4. Prompt Reconstruction: Identified contextual signals (i.e., cate-
gory, syntax, sentiment) are fed into a GenAlI (i.e., Gemini) through
a structured Instruction-Prompt, guiding the model to reconstruct a
plausible user input (PROM PTy) that could have generated x.

5. Response Regeneration: PROM PTy is then submitted to
Gemini, which produces y, which should be the AI version of the
input x.

An example of prompt inversion flow is illustrated below:

Text x: Okay, imagine the internet is like a big neighborhood with
lots of houses (websites) you want to visit.

* Tor Node: Imagine a Tor node as a helpful person in that
neighborhood. When you want to visit a house (website), instead
of going directly, you ask one of these helpers. They take your
request and pass it on to another helper, and then another, like
a game of telephone. This makes it difficult for anyone to know
where the request originated, which is your house. All of these
helpers are called Tor nodes.

* Tor Exit Node: The last helper in this game of telephone, the
one who actually delivers the message to the house (website), is
called the Tor Exit Node. This is the place where your internet
traffic leaves the Tor network and goes to the regular internet. So,
to summarize: * Tor Nodes are like secret helpers that pass your
messages around to hide where they came from.

* Tor Exit Nodes are the final helpers who deliver the message
to the website. Basically, these “helpers” (nodes) make it harder
for people to track what you'’re doing online!

Prompt Type Classification: General Question (general_qa)

Grammatical Structures:

“SCONJ-advmod AUX-aux NOUN-nsubj VERB-ROOT NOUN-dobj
PUNCT-punct”,

“PRON-attr AUX-ROOT NOUN-nsubj PUNCT-punct”,

“PRON-attr AUX-ROOT PROPN-nsubj PUNCT-punct”,
“PRON-attr AUX-ROOT DET-det NOUN-nsubj PUNCT-punct”,
“PRON-attr AUX-ROOT PROPN-compound PROPN-nsubj PUNCT-
punct”

Sentiment Label: Negative

2 deberta-v3-prompt-recognition.

3 tabularisai/multilingual-sentiment-analysis.


https://www.kaggle.com/datasets/thedrcat/daigt-v2-train-dataset
https://huggingface.co/IDA-SERICS/deberta-v3-prompt-recognition
https://huggingface.co/tabularisai/multilingual-sentiment-analysis
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PROMPTY: Can you explain Tor nodes and Tor exit nodes like
I'm five?

Text y: Okay, imagine you want to send a secret letter to your
friend, but you don’t want anyone to know it’s from you or where
you live. Tor nodes are like helpers who pass your letter along.
You give your letter to the first helper (a Tor node). This helper
doesn’t know you, and they don’t know who your friend is. They
just know to pass the letter to another helper. That second helper
(another Tor node) also doesn’t know you or your friend. They just
know to pass the letter to a third helper. This keeps happening,
with lots of different helpers passing the letter along. Each helper
only knows who gave them the letter and who they’re giving it to.
They don’t know the whole path. The Tor exit node is the last
helper who actually delivers the letter to your friend. This
helper is special because they’re the one who takes the letter from
the Tor network and gives it to your friend. So, to your friend, it
looks like the letter came from the exit node, not from you! Why
is this helpful? Because nobody can easily trace the letter back
to you. Each helper only knows the person before and after them,
not the whole story. And your friend only sees the exit node, not
you.

At the end of the pipeline, the original input x and the regenerated
response y are paired to form a training instance (x, y) used in the con-
trastive learning setup. In particular, by leveraging the original label of
x, the method produces two types of labeled pairs:

« Label 0 (Dissimilar): x is a human-written response, while y is a
synthetic response generated by Gemini via prompt inversion.

« Label 1 (Similar): x is an Al-generated response (produced by one
among ChatGPT, T5, or Davinci), and y is a second synthetic response
generated by Gemini through the same inversion process.

The dataset comprises 6000 balanced text pairs, including 3000
Dissimilar (0) pairs (human-Gemini) and 3000 Similar pairs evenly
distributed among GPT-Gemini, T5-Gemini, and Davinci-Gemini com-
binations (1000 each).

4.2. Implementation details

Training was conducted on a device with NVIDIA RTX A6000. The
AdamW optimizer was used for weight optimization, with a learning rate
of 2e—5. A linear learning rate scheduler with warmup was employed
over the total training steps to fine-tune the BERT model effectively.
The training batch size was set to 16. The network was trained for 5
epochs. Gradient clipping was applied with a maximum norm of 1.0 to
prevent exploding gradients during training.

4.3. Quantitative evaluation

To evaluate the performance and generalization capabilities of the
proposed approach, two complementary evaluation strategies have been
designed, each applied to an independent instance of the network. The
first strategy focuses on in-domain learning, where the model is trained
and evaluated on individual datasets separately. The second strategy
investigates cross-domain generalization by training on a mixture of all
datasets and testing on each domain individually.

4.3.1. Per-dataset evaluation (Strategy 1)

In this evaluation, the model is independently trained and evalu-
ated on each of the three custom-generated datasets: HC3, DAIGT, and
OUTFOX. This strategy allows for an isolated assessment of the model’s
ability to learn similarity patterns specific to the characteristics of each
individual corpus.
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Table 2
Classification performance on individual datasets (Strategy 1).
Dataset Optimal ¢ Accuracy Precision Recall F1-Score
HC3 0.14 1.00 1.00 1.00 1.00
DAIGT 0.08 1.00 1.00 1.00 1.00
OUTFOX 0.55 0.98 0.98 0.98 0.98
Table 3
Performance of SOTA models on the HC3 dataset.
Approach Accuracy F1-Score
DetectGPT [21] - 0.97
ArguGPT [22] 0.97 0.97
RoBERTa [23] 0.99 0.99
ChatGPTDetector [19] 0.99 -
DeBERTa [21] - 1.00
CLAID (our) 1.00 1.00
Table 4
Performance of SOTA models on the DAIGT dataset.
Approach Accuracy F1-Score
DeB-Ang [24] 0.91 0.92
Bi-GRU [25] 0.98 0.97
GBDT [26] 0.99 -
CLAID (our) 1.00 1.00
Table 5
Performance of SOTA models on the OUTFOX dataset.
Approach Accuracy F1-Score
RoBERTa [27] 0.96 0.96
RoBERTa-base-MPU + DeBERTa-v3-large [28] 0.96 -
LLMEmbeddings [29] 0.97 -
DistilBERT [27] 0.97 0.97
CLAID (our) 0.98 0.98

For each dataset 6000 sentence pairs have been generated. The data
were split into training, validation, and test sets using a stratified strat-
egy to preserve label balance across splits. Specifically, 85 % of the data
were allocated to training and validation (70 % and 15 %, respectively),
while the remaining 15 % (900 pairs) were held out as an unseen test set.
This results in 4200 training, 900 validation, and 900 test instances per
dataset.

Results.  Table 2 summarizes the key classification metrics obtained on
the test set of each individual dataset. The optimal distance threshold
for classification, determined on the respective validation set, is also
reported for each model.

CLAID achieves perfect classification on HC3, correctly identifying
all 450 similar and 450 dissimilar pairs. On the DAIGT test set, it misclas-
sifies only one similar pair as dissimilar (FN = 1), yielding a near-perfect
result with no false positives. The OUTFOX test set presents slightly
more variability, with 9 similar examples misclassified as dissimilar
(FN=9) and 7 dissimilar pairs misclassified as similar (FP=7), indicat-
ing a slightly higher challenge in distinguishing between classes in this
domain.

Tables 3-5 report the performance of CLAID compared to existing
state-of-the-art methods on the HC3, DAIGT, and OUTFOX datasets,
showing that CLAID achieves top results in terms of accuracy and
F1-score across diverse domains.

4.3.2. Unified-dataset evaluation (Strategy 2)

This evaluation aims to leverage the diversity of three datasets to
train a more generalized model. For this purpose, a single, unified
dataset was created by merging the balanced pairs from HC3, DAIGT,
and OUTFOX. The unified dataset contains 18,000 sentence pairs, with an
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Table 6

Classification performance on unified datasets (Strategy 2).
Approach Accuracy  Precision  Recall ~ F1-Score
Decision Tree 0.83 0.84 0.83 0.83
K-Nearest Neighbors 0.86 0.86 0.86 0.86
Multinomial Naive Bayes 0.87 0.88 0.87 0.87
Passive Aggressive Classifier ~ 0.94 0.95 0.94 0.94
SGD Classifier (Log Loss) 0.95 0.94 0.95 0.94
Logistic Regression 0.95 0.95 0.95 0.95
BERT 0.97 0.97 0.97 0.97
CLAID (our) 0.99 0.99 0.99 0.99

1200

1000

Dissimilar (0)

Real

- 600

- 400

Similar (1)

-200

1
Dissimilar (0)

Similar (1)

Predicted

Fig. 3. Confusion matrices for the unified dataset test set (Strategy 2).

equal distribution of the two labels: 9000 dissimilar pairs and 9000 sim-
ilar pairs. A stratified split was applied to preserve class balance across
the three subsets. The dataset was partitioned into 85 % for training and
validation (subsequently split into 70 % for training (12,600 pairs), 15 %
for validation (2700 pairs), and 15 % for final testing (2700 pairs).

Results. Table 6 illustrates the performance of various basic classi-
fiers against CLAID approach on the unified dataset. While models like
Logistic Regression, SGD Classifier, and Passive Aggressive Classifier
show respectable performance, with Accuracy and F1-Scores around
0.94-0.95, indicating their capability in handling the text classification
task with TF-IDF representation, they are notably outshone.

Multinomial Naive Bayes, K-Nearest Neighbors, and especially the
Decision Tree (with lower Accuracy and F1-Scores, ranging from 0.83 to
0.87) demonstrate their limitations on this type of data.

To provide a rigorous comparison, a fine-tuned BERT classifier
was evaluated on the same dataset, achieving 0.97 across Accuracy,
Precision, Recall, and F1-Score. While this confirms the strength of a
fine-tuned BERT, the CLAID approach achieves superior performance
(0.99 across all metrics), demonstrating its advantage for pairwise
analysis in this specific task.

Fig. 3 shows the confusion matrix for the unified test set. CLAID
correctly classified 1335 out of 1350 dissimilar pairs and 1338 out of
1350 similar pairs, resulting in only 27 misclassifications in total, which
confirms its strong and balanced performance.

Table 7 presents detailed classification metrics per source applying
Strategy 2, showing consistently high accuracy, precision, recall, and
Fl-score across all datasets. DAIGT achieves perfect scores on macro

Neurocomputing 661 (2026) 131983

Table 7
Classification performance on the unified dataset per
domain.
Source Accuracy  Precision  Recall  F1-Score
HC3 0.99 0.99 0.99 0.99
DAIGT 1.00 1.00 1.00 1.00
OUTFOX 0.98 0.98 0.98 0.98
Table 8
Classification performance with varying training set sizes (Data
Efficiency Study).
Training Set Size Accuracy  Precision  Recall  F1-Score
10 % (1,260 pairs) 0.91 0.91 0.91 0.91
25 % (3,150 pairs) 0.95 0.95 0.95 0.95
50 % (6,300 pairs) 0.98 0.98 0.98 0.98
75 % (9,450 pairs) 0.98 0.98 0.98 0.98

precision and F1, followed closely by HC3, while OUTFOX, though
slightly lower, still achieves strong results.

These findings align well with the individual dataset evaluations
(Table 2), where the model also demonstrated near-perfect performance
on HC3 and DAIGT, and marginally lower results on OUTFOX.

Qualitative evaluation.  To complement the quantitative results, a quali-
tative analysis was performed by visualizing the embedding space of the
test set with t-SNE, using 5,000 randomly selected points. The projection
in Fig. 4 shows a clear separation between similar and dissimilar pairs,
providing intuitive evidence of class separation. This outcome reflects
the fine-tuning of the BERT backbone, which yields task-specific, highly
discriminative embeddings that distinguish human- and Al-generated
texts.

4.4. Ablation studies

Data efficiency study. To evaluate the data efficiency of the proposed
contrastive learning framework, a systematic study was conducted to as-
sess how classification performance scales with decreasing amounts of
training data. CLAID was trained on progressively smaller subsets of the
unified training set—specifically, 10 %, 25 %, 50 % and 75 %, correspond-
ing to 1260, 3150, 6300, and 9450 training pairs, respectively, equally
distributed among datasets. Classification metrics for each configura-
tion are reported in Table 8, while Fig. 5 visualizes the corresponding
F1-scores per dataset.

Results indicate that CLAID maintains strong classification perfor-
mance even with limited supervision. With only 10 % of the training data,
F1-scores exceed 0.90 for HC3 and DAIGT, and reach 0.85 for OUTFOX.
Performance improves steadily up to 50 %, beyond which gains become
marginal, suggesting that the model saturates early. This trend is par-
ticularly evident in HC3 and DAIGT, where near-perfect scores (F1 ~
0.99) are already achieved with 50 % of the data. OUTFOX exhibits a
slightly flatter curve, likely due to the additional complexity introduced
by prompt inversion and writing variability, but still surpasses 0.97 at
full scale.

Distance metrics. To assess robustness, we compared L2 distance and
cosine similarity within the contrastive loss framework (margin = 1.0
for L2, optimized margin = 0.5 for cosine). Results in Table 9 show near-
identical, high performance across both metrics. This indicates that our
model’s effectiveness does not depend on a specific choice of distance.
While L2 was initially selected for its natural fit with the “pulling and
pushing” mechanism of contrastive loss, the comparable results with co-
sine similarity highlight the model’s flexibility. The findings also confirm
that the learned embeddings are both geometrically well-separated and
semantically aligned.
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1.05 Table 10
: gizs 1 Zero-shot cross-dataset evaluation of the CLAID model compared
—a— OUTFOX to an LR model and a finetuned BERT baseline. The models were
1.00 trained on HC3 + OUTFOX and tested on the unseen DAIGT
dataset.
o] Method Accuracy  Precision  Recall ~ F1-Score
g BERT 0.68 0.72 079 067
4@ Logistic Regression 0.78 0.76 0.85 0.76
* 0904 CLAID (our) 0.85 0.85 085  0.85
0.85
Table 11
Performance with prompt inversion.
0.80 10 o5 50 75 100 Dataset ~ Optimal z  Accuracy  Precision  Recall = F1-Score
Dataset Percentage (%) HC3 0.20 1.00 1.00 1.00 1.00
DAIGT 0.18 0.99 0.99 0.99 0.99

Fig. 5. Impact of training set size on F1-score across HC3, DAIGT, and OUTFOX
datasets.

Table 9

Performance on the unified dataset using L2 distance vs. Cosine

Similarity.
Metric Accuracy  Precision  Recall ~ F1-Score
L2 Distance 0.99 0.99 0.99 0.99
Cosine Similarity 0.99 0.99 0.99 0.99

Zero-shot cross-dataset evaluation. A rigorous zero-shot, cross-dataset
evaluation was conducted to validate the generalization capabilities of
the CLAID model. The model was trained exclusively on a combined
dataset of HC3 and OUTFOX, and then tested on the entirely unseen
DAIGT dataset using the training threshold for classification. As re-
ported in Table 10, the model achieved a remarkable accuracy of 0.85,

despite not being exposed to the DAIGT domain during training. This
performance provides strong evidence that the CLAID approach learns
transferable features, demonstrating significant robustness to domain
shifts. For validation purposes, a baseline using a Logistic Regression
(LR) model and a finetuned BERT was also included.

Black-box evaluation of prompt inversion robustness. A robust evaluation
is crucial for assessing a model’s real-world applicability, particularly
when the original prompts are typically unknown. Accordingly, an ab-
lation study was conducted without access to ground-truth prompts,
applying this setting to HC3 and DAIGT datasets to ensure a uniform
framework. Results (Table 11) confirm that CLAID maintains strong per-
formance, validating the effectiveness of the prompt inversion approach
and demonstrating the model’s robustness and generalization ability
beyond controlled settings.
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Table 12

Performance Cross-Model.
Dataset Optimal 7 Accuracy  Precision  Recall ~ F1-Score
DAIGT LLaMa 0.18 0.99 0.99 0.99 0.99

Model robustness and generalization. ~CLAID was trained on DAIGT
using Gemini-generated “Text B” with a prompt inversion pipeline.
For testing, the same “Text A” was paired with new “Text B” gen-
erated by a different LLM, LLaMa-3.1, using the same reconstructed
prompts. Without further fine-tuning, the model achieved 0.99 across
macro Fl-score, precision, recall, and accuracy (Table 12, thresh-
old 0.18). This demonstrates that CLAID learns general traits of Al-
generated text, not LLM-specific features, confirming its robustness and
generalization.

5. Discussion and limitations

The proposed contrastive learning framework, CLAID, based on a
Siamese Neural Network architecture, demonstrates high effectiveness
in distinguishing Al-generated text from human-written content. Across
both single-domain and unified training settings, the model consistently
achieves strong performance, with near-perfect accuracy and F1-scores.
These results validate the underlying intuition that textual similarity,
when modeled through contrastive objectives, is a powerful proxy for
authorship detection. The experiments further highlight the method’s
robustness to domain and model variability. The unified training strat-
egy, in particular, confirms the model’s ability to generalize across
diverse input styles, prompt structures, and generative systems, mak-
ing it suitable for deployment in heterogeneous real-world scenarios.
In addition to robustness, the approach also demonstrates high data
efficiency. As shown in the data efficiency study, CLAID achieves an
F1-score of 0.91 using only 10 % of the initial training data and reaches
near-optimal performance (F1 = 0.98) with just 50 % of the constructed
dataset. This indicates that the learned contrastive representations are
highly transferable and require relatively limited supervision, further
supporting the method’s applicability in low-resource or cost-sensitive
settings.

CLAID shows strong cross-dataset generalization, maintaining robust
performance on unseen domains even with a threshold set on the train-
ing data. This indicates that the model captures generalizable features
rather than overfitting to dataset-specific traits, supporting its potential
for real-world deployment.

Despite these promising results, several limitations must be acknowl-
edged:

« Domain and model coverage: While the benchmark spans multiple
domains and generative models, it remains restricted to English-
language content and a fixed set of datasets. Future evaluations
should include non-English corpora and outputs from emerging LLMs
to further validate generalization capabilities.

Adversarial paraphrasing: The model may be vulnerable to inten-
tional rewording or style obfuscation. Future works may include
adversarial examples to improve CLAID robustness.

LLM Dependency: While the training process is computationally effi-
cient and relies on relatively small datasets, part of the experimental
setup involves generating synthetic responses using multiple large
language models. This step, although performed offline, introduces
a dependency on third-party LLMs and their accessibility, which may
affect reproducibility in restricted-access environments.

Latencies and Costs: CLAID relies on generating an auxiliary text
(Text B) for each detection. Although this step strengthens the ro-
bustness of the classification, it inevitably introduces additional
computational overhead, increasing latency during inference and
higher costs.
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6. Conclusions

This study introduces CLAID, a contrastive loss-trained Siamese neu-
ral network for detecting Al-generated text, based on latent similarity
between pairs of responses to the same prompt, whether explicitly pro-
vided or inferred. The method avoids feature engineering or generator-
specific information, focusing on learning transferable semantic patterns
through contrastive representation learning.

A multi-domain benchmark was created by combining HC3, DAIGT,
and OUTFOX datasets, covering diverse genres, prompt formats, and
language model outputs. CLAID achieved near-perfect performance in
both single-domain and unified training scenarios, demonstrating strong
robustness to domain shifts and generative variability.

Additional experiments confirmed robustness in challenging settings:
CLAID maintained high accuracy under prompt inversion, performed ef-
fectively with unseen generators (99 % accuracy on LLaMA-generated
data), and achieved strong zero-shot cross-dataset performance (85 %
accuracy on DAIGT when trained on HC3+ OUTFOX). These results
highlight the model’s ability to learn generalizable discriminative fea-
tures.

Overall, the findings support contrastive similarity learning as a
general-purpose solution for Al-generated text detection. Future work
will focus on refining prompt inversion, extending to multilingual
corpora, exploring new domains, and improving adversarial robustness.
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