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Abstract

As Large Language Models(LLMs) increas-
ingly power chatbots, social media, and other
interactive platforms, the ability to detect Al
in conversational settings is critical for ensur-
ing transparency and preventing potential mis-
use. However, existing detection methods focus
on static, document-level content, overlooking
the dynamic nature of dialogues. To address
this, we propose an utterance-level detection
framework, which integrates features from indi-
vidual and combined analysis of dialogue par-
ticipants’ responses to detect LLM-generated
text under conversational setting. Leveraging a
transformer-based recurrent architecture and
a curated dataset of human-human, human-
LLM, and LLM-LLM dialogues, this frame-
work achieves an accuracy of 98.14% with high
inference speed, supported by extensive results
of experiments on different models and settings.
This work provides an effective solution for de-
tecting LLM-generated text in real-time conver-
sations, promoting transparency, and mitigating
risks of misuse.

1 Introduction

The research dedicated to detecting LLM generated
text in written content is growing rapidly, while
much of the focus remains on identifying text spe-
cific to LLMs in isolated documents or articles.
However, there is a notable gap when it comes to
detecting LL.Ms in real-time conversational con-
texts. Conversations present a unique challenge
compared to document-level detection, where the
structure and content are more static, due to their
dynamic and interactive nature. The conversation
provided for detection is often hybrid text with
human-generated and LLM-generated text mixed.
As LLMs increasingly power chatbots, customer
support systems, and other interactive platforms,
the ability to detect LLM in conversational settings
is critical to ensuring transparency and preventing
potential misuse. The main task is to design an

appropriate dataset and model for LLM-Involved
Dialogue Detection. To address the challenge, we
constructed a comprehensive dataset and devel-
oped a lightweight, efficient model tailored for
LLM-Involved Dialogue Detection. The dataset
is composed of three parts: human-human dia-
logues, LLM-LLM dialogues, and human-LL.M
dialogues. The dataset covers multiple conversa-
tional domains, and the composition is to balance
and to support robust training and evaluation.

The proposed model is a recurrent structure
leveraging an LLLM tokenizer and a customized
transformer architecture, combining self-attention
and cross-attention mechanisms to process conver-
sational context effectively. To enhance detection
accuracy, we also introduced a detection focus aug-
mentation strategy, which prioritizes the semantic
features of the second speaker’s response while re-
taining context from the first speaker’s input. The
model was trained on over 80,000 dialogues, with
a focus on minimizing bias across different LLMs
and ensuring real-time inference capabilities.

Experiments were conducted to evaluate the
model’s performance against various detection
baseline methods. Our model demonstrated supe-
rior accuracy in detecting LLM-generated content
across all tested datasets, including dialogues gen-
erated by different LLMs. Additionally, the model
exhibited strong zero-shot generalization capabili-
ties when tested on out-of-domain datasets.

In conclusion, our work addresses the critical
need for LLM-Involved Dialogue Detection with
the following key contributions:

* A Comprehensive and Balanced Dataset: We
constructed a novel dataset providing a ro-
bust foundation for training and evaluating
models in detecting LLM-generated content
in dynamic, interactive settings.

* An Efficient and Lightweight Model Structure:
We proposed a customized recurrent model ar-
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Original Human-Human Dialogue

N
‘@’ Speakerl: | am a fisherman. Have you ever fished before?

Speaker2: Not really, but | do find it interesting. Do you go big-game fishing (sportfishing) and go after the

large fish like tuna?

=
‘Q' Speakerl: Yes | love tuna! It's in high demand so it makes it rewarding and | can make some awesome tuna

salad! Do you live near by a beach or a lake?

Speaker2: No, I'm a city girl. But | do love a good salade nicoise with tuna, tomatoes and hard boiled eggs

<
Speaker!: That sounds really good! It's nice living in Florida | live in the city, but with all the beaches, lakes,

streams, and ponds I'm always running into fisherman. It's a large community.

Speaker2: Most lakes are found in mountainous regions. Are you sure they aren't actually lagoons?

Initiative System Prompt for Two LLM Assistants

Detailed background contexts and instructions to emulate
N B ' human conversation styles

Prompt1 = "Original dialogue: {Original Dialogue} This is a
between two engaging in chitchat,

with the topic being {chosen_topic} and during the

'®' E E conversation the topic is allowed to naturally change. You are

the Speaker1 in this conversation, and you will be talking to
the Speaker2. You are a curious learner, eager to chat. ...... -

Prompt2=""

First Round of LLM-LLM Dialogue

LLM-LLM Dialogue @ Assistantl: Hi, | live near Orlando. It’s a bit of a drive to the coast, but totally worth it for fishing trips. Have you ever been fishing yourself?
Assistant2: I've dabbled a bit, mostly for fun. There's something peaceful about it. What's your favorite spot to fish near Orlando?
|
( y ) Assistant1: Oh, | love fishing at Lake Eola! It's such a beautiful spot, and you can see all the swans. Have you ever tried fishing in a city park?
Concatenated
Diqlogug Assistant2: I've never fished in a city park, but it sounds enchanting! The combination of nature and urban life must be quite unique. Do you catch anything
History interesting there?

System Prompt @ Assistant1: Oh definitely! I've caught some nice bass and even a few catfish. It's surprising what you can find in those parks!
Prompt3=""

Assistant2: | imagine it's a unique experience with all the urban scenery around.

Figure 1: Data Construction Pipeline for LLM-LLM Dialogues. Large language models are used to understand
and summarize original Human-Human dialogue, the results are concatenated into an initializing system prompt for
two LLM assistants. Two LLM assistants begin to generate utterance alternatively.

chitecture which enables effective processing
of conversational context while maintaining
real-time inference capabilities.

* Superior Performance in Dialogue Settings:
Our model outperforms existing models
within conversational contexts in speed and
accuracy, demonstrating its effectiveness in
handling the unique challenges posed by hy-
brid human-LLM dialogues.

* Strong Out-of-Domain Generalization: The
model exhibits remarkable zero-shot capabil-
ities when tested on out-of-domain datasets,
highlighting its robustness and adaptability to
diverse conversational scenarios beyond its
training scope.

2 Related Work

Datasets for LLM-Involved Dialogue Detection.
Numerous datasets support LLLM-generated con-
tent detection. HC3 (Guo et al., 2023) and HC3
Plus (Su et al., 2024) include human and Chat-
GPT responses for web text, QA, and semantic
tasks, while CHEAT (Yu et al., 2024) targets aca-
demic content detection. OpenLLMText (Chen

et al., 2023) spans multiple LLMs in rephrasing
tasks, and TweepFake (Fagni et al., 2021) and
GROVER (Zellers et al., 2019) provide social
media and news data. Other datasets, such as
GPT2-Output and ArguGPT, focus on web and
academic contexts. However, detection datasets
still lack resources for everyday dialogue or short
conversational exchanges. Multi-turn conversa-
tional datasets, such as Wizard of Wikipedia (Dinan
et al., 2018) and Persona-Chat (Zhang et al., 2018),
simulate structured dialogues, focusing on human-
human interactions without mixed LLM-human ex-
changes. Developing a dataset with mixed human
and LLM conversations across varied contexts is es-
sential for advancing real-time multi-turn detection
capabilities.

Multi-Turn Dialogue Comprehension. Effec-
tive GPT detection in conversations requires un-
derstanding evolving context across dialogue turns.
Models like DialogBERT (Gu et al., 2021) and
Hierarchical Transformers (Wang et al., 2022) cap-
ture multi-turn dependencies, enhancing consis-
tency in responses. Memory-based models (Wang
et al., 2020; Zhang et al., 2020), retain information
from prior turns, aiding in differentiating human
responses from LLM-generated content. Addition-
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ally, DialogueRNN (Majumder et al., 2019) and
DialogueGCN (Ghosal et al., 2019) track senti-
ment and intent, which often vary naturally in hu-
man conversations, making them useful for hybrid
detection tasks. Incorporating multi-turn context
tracking can help models recognize the subtle shifts
that may indicate LLM involvement.

Methods for LLM Detection. Detection mod-
els for LLM-generated content typically fall into
statistical and neural approaches. Statistical meth-
ods, such as DetectGPT (Mitchell et al., 2023)
and Fast-DetectGPT (Bao et al., 2023), analyze
structural and probabilistic differences but are less
effective in short or multi-turn dialogues. Neu-
ral models, like SeqXGPT (Wang et al., 2023)
and TriBERT (Zeng et al., 2023), enable sentence-
level detection through token probabilities and seg-
mentation. While promising, these models face
challenges in dynamic conversations with brief
responses. Integrating memory-augmented ap-
proaches in neural based models may improve de-
tection accuracy by maintaining context continuity
across dialogue turns.

3 Dataset

3.1 Overview

The dataset for this study supports conversation-
level LLM generated text detection, featuring three
main parts: human-human dialogues, LLM-LLM
dialogues, and human-LLM dialogues. The con-
versation data in the first part are collected from
existing datasets to capture diverse, realistic human-
human exchanges. Human-LLM dialogues will
then be generated based on these topics, and fully
LLM-generated conversations will be constructed
via prompts and programming.

Drawing on datasets for open-domain and goal-
oriented dialogues, this collection will include over
80,000 dialogues for training. We resort to Wiz-
ard of Wikipedia (Dinan et al., 2018), Persona-
Chat (Zhang et al., 2018), and MuTual (Cui et al.,
2020) for real world human conversations. The
human-human dialogues and LLM-LLM dialogues
make up most of the dataset and are used primar-
ily for training, offering a large amount of diverse
data for detection emphasizing on the second party
of the dialogue. The third part, human-LLM dia-
logues, is used mainly for testing process to vali-
date the model’s detection capability. Part of it also
serves as supporting the training. All dialogues
will be preprocessed and balanced to provide a ro-

bust resource for detecting LLM-generated content
across multiple conversational domains.

3.2 Data Construction Pipeline

For human-human dialogues dataset, we leverage
the three benchmark datasets mentioned above. For
generating human-LLM dialogues, human partici-
pants engage with different LLM agents with ran-
domly selected summarized topics from the human-
human dialogue dataset, mimicing the conversation
style. The human always initiates the dialogue,
and LLM responds as the second participant. The
number of turns in these dialogues matches the
turn count of the first dataset, ensuring consistency
across all generated data. The details are covered
in Appendix A.2.

For LLM-LLM dialogues dataset, we generate
multi-turn dialogues between two large language
models by setting detailed background contexts
and instructions for them to emulate human con-
versations. Each LLM assistant is provided with
customized system prompts that include specific
persona information (both their own and that of
their conversational partner), scenario details, and
conversation topic. Additionally, each assistant
receives reference samples from the real-world hu-
man conversations, guiding them to adopt a sim-
ilar conversational style and topic focus, and en-
abling generated dialogues to be directly compara-
ble to corresponding human dialogues. The system
prompts also include instructions of maintaining a
conversational tone and concise response length.

The conversation begins immediately within
the system prompts, with one assistant initiat-
ing the first utterance. The dialogue generation
process in this pipeline operates iteratively on a
turn-by-turn basis. At each turn, the active assis-
tant—determined by alternating turns—receives a
prompt constructed from both their system prompt
and the previous utterances, providing context that
guides the assistant’s next response to remain rel-
evant and coherent. The active assistant then gen-
erates a new utterance informed by this complete
prompt. This generated utterance is then appended
to the dialogue history, updating the context for
the next turn. This process repeats iteratively, with
each assistant building on the previous turns, un-
til the conversation reaches the desired number of
turns, which is determined by the statistics gained
from real-world human dialogue dataset.

In the presented pseudocode, A and B are the
two assistants, initialized with system prompts
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Algorithm 1 Two-Assistant Dialogue Generation
with Persona and Scenario Contexts
Require: Background Information; Target turns
N; Prompts SYS 4, SYSp; Model M
Ensure: Dialogue D (list of utterances)
1: Initialize D <— [ ], assistants A and B with
SYS4,SYSpE, T <0

2: function Select(7")

3:  return Aif T%2 = O else B
4. end function

5: while ' < N do

6: if T'= 0 then

7: u < M.gen_init(SYS4)

8: else

9: C < Select(T)

10: Hist < concatenate(D)

11: Prompt <— SYS¢ + Hist
12: u < M.gen_utt(C, Prompt)
13:  end if

14.  Append u to D
15: T+ T+1

16: end while

17: return D

SYS4 and SYSp, respectively. T is the turn
counter, which iterates up to the target number
of turns V. The function Select(7") alternates be-
tween A and B, depending on whether 7" is even or
odd. On each turn, u represents the current utter-
ance generated by the model. Hist is the concate-
nated dialogue history from D, and Prompt is the
combined system prompt and history given to the
model. M.gen_init generates the initial utterance,
while M.gen_utt generates subsequent utterances
based on the current assistant and prompt.

Different large language models have their
own priors and distributions. To broaden the
dataset, diverse state-of-the-art models, such as
GPT-40 (Achiam et al., 2023), LLaMA-3.1-70B-
Instruct (Dubey et al., 2024) and Qwen2.5-72B-
Instruct (Yang et al., 2024), are employed to gen-
erate both LLM-LLM and human-LLM dialogue
data.

4 Methodology

4.1 Model Structure

The structure utilizes LLaMA3 tokenizer (Dubey
et al., 2024) to tokenize all sentences as the input
of the neural network model. Leveraging large lan-
guage models (LLMs) to obtain text embeddings

offers several advantages over using relatively out-
dated encoder-only structure to understand text.
Considering the need for a lightweight approach
during inference, the LLaMA3 tokenizer and a cus-
tom 4-layer transformer is used together as fea-
ture extraction, which has the hidden dimension
of d. The embeddings are then processed through
two transformer blocks, one is fully self-attention
and another contains cross-attention layer. The
sentence modules are built into a structure similar
to a recurrent structure to construct conversations
model, where the input conversation is processed
according to their classes (question or answering)
and mixed by cross-attention. The recurrent struc-
ture will give an output by using a decoder in each
stage as well as using the intermediate result as
part of the input for the next recurrent. The ef-
fectiveness of recurrent structure is supported in
A4.2.

4.2 Detection Focus Augmentation

In this experiment, the goal is to train a model to
distinguish whether the one responding in a con-
versation is human or a LLM. The semantic fea-
tures of the second speaker’s responses are prior-
itized, as these contain stronger indicators of the
speaker’s identity and significantly affect conver-
sational dynamics. Although emphasis is on the
second speaker’s responses, the initial utterances
from the first speaker are also included since they
provide essential conversational context. To ensure
a balanced analysis, during training, a portion of the
first speaker’s utterances will be randomly dropped,
and their encoding weights reduced. A higher
dropout rate is applied to dialogues fully gener-
ated by LLMs (LLM-LLM) compared to those in-
volving human-generated context (Human-LLM),
minimizing the influence of artificially generated
context and enhancing model reliability. It helps
the model focus more on the linguistic and seman-
tic information present in the second speaker’s re-
sponses, which are more indicative of the detection
purpose.

The detection focus augmentation (DFA) ad-
dresses a common failure case in dialogue settings.
When assitant1’s utterance is significantly longer
or richer than the assistant2’s, the detection for
the brief, low-variance responses from assistant2
will benefit from our detection focus augmentation.
As shown in Table 3, document-level models and
our ablation variant (without detection focus aug-
mentation) often struggle to detect subtle assistant-
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Multi-Round Conversation Detection
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Figure 2: Overview of the Multi-round Question and Answering Detection Network and the recurrent Block
in Multi-round Question and Answering Detection Network. The structure is a recurrent neural network. The
network takes the whole conversation as input, where each round is fed to the single round recurrent block in turn.
As the conversation is processed, there will be temporal detection outputs, and the final detection output will be
obtained at the end. Each block processing the single round detection takes a matrix and a pair of question and
answering as input, and the intermediate matrix for next round as well as a temporal detection result as output.
Matrixg is an initial matrix. Questions and answers are first encoded by the feature extration layer and then passed

on to transformer blocks.

generated responses in such imbalanced cases.

S Experiments

5.1 Experimental Setup

Implementation details. We train our model for
50 epochs on one NVIDIA A6000 GPU, employ-
ing a learning rate of 1 x 10~* with the Adam op-
timizer. Detection focus augmentation method has
been applied to all data containing LLLM generated
contents. Additionally, prompts are applied to GPT-
40 (Achiam et al., 2023), LLaMA-3.1-70B-Instruct
and Qwen2.5-72B-Instruct (Yang et al., 2024) to
generate different LLM generated dialogues. LLM-
LLM dialogues generated using LLaMA-3.1-70B-
Instruct and Qwen2.5-72B-Instruct are executed on
2 NVIDIA H20 GPUs. All prior models used in
the experiment is GPT-neo-2.7B.

Baselines and metrics. We adopt neural models,
such as SeqXGPT (Wang et al., 2023) and TriB-
ERT (Zeng et al., 2023), as our primary compar-
sion. SeqXGPT employs a sequence labeling ap-
proach, containing perplexity extraction and align-
ment, for utterance-level GPT generated text detec-
tion, while TriBERT is a fine-tuned BERT-based
method. Moreover, we evaluate statistics-based
methods like DetectGPT (Mitchell et al., 2023) and
Fast-DetectGPT (Bao et al., 2023), which are zero-

shot methods depending on LLM priors, for ex-
ample, GPT-neo-2.7B and GPT-J-6B. Considering
that DetectGPT and Fast-DetectGPT are primar-
ily designed for document-level LLM-generated
text detection tasks, which differ slightly from our
task setting, we will implement both methods in
two modes to ensure a fair comparison under the
same benchmark. In the first mode, the entire con-
versation between the first speaker and the second
speaker will be concatenated into a single para-
graph as one input. This mode is defined as docu-
ment level (D.). In the second mode, each response
from the second speaker will be treated as a sepa-
rate input for evaluation within our experimental
setting. This mode is defined as utterance level
(U.). We will consider classification accuracy and
inference speed as evaluation metrics.

5.2 Quantitative Results
5.2.1 Opverall Performance

We tested the inference performance of our model
and other models, and results are shown in Table
1. The inference process of our model is shown
in Figure 3. For statistics-based models, we eval-
uate DetectGPT (Mitchell et al., 2023) and Fast-
DetectGPT (Bao et al., 2023) at both document
level (D.) and utterance level (U.). For neural-
based models, we evaluate SeqXGPT (Wang et al.,
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LLMDD Inference

Speakerl: That's impressive! What do you think makes The New York Times stand out compared to other
newspapers?

Speaker?: | believe its commitment to in-depth reporting and investigative journalism sets it apart. Plus, its
editorial voice is quite influential.

g The reply in this round of conversation is likely from LLM.

User Al generated probability: 65.77%

Speakert: That makes sense! Ive heard they cover a lot of important issues. Do you have a favorite section or
type of artcle from The New York Times?

Speaker2: | find the opinion section quite fascinating. It offers diverse perspectives on current events.

Q The reply in this round of conversation is likely from Human.

User Al generated probability: 48.96%

‘Speakerl: Yes, | love how it features different viewpoints! Do you have a favorite columnist or writer from the
opinion section

‘Speaker?: | appreciate Thomas Friedman; his insights on global issues are quite thought-provoking

g The reply in this round of conversation is likely from LLM.
User Al generated probability: 69.28%

Speaker1: Oh, Ie heard of him! He writes about globalization and foreign affairs, right? What do you think
makes his writing stand out?

Speaker2: Yes, exactly! His abilty to connect complex global issues with real-world implications is remarkable.
He presents information in a way that's both engaging and thought-provoking.

g The reply in this full conversation is likely from LLM.

N, User Al generated probability: 89.03%

Figure 3: Model Inference Process Demonstration.
The model gives the detection results and scores when
the user input each round of dialogue. The final detec-
tion result and score are given after the whole dialogue
is processed.

2023) and our model specifically at the utterance
level. Considering our application setting, our
model is specifically designed for real-time detec-
tion of LLM-generated text in dialogues. Therefore,
greater emphasis should be placed on utterance-
level results rather than document-level results, as
the latter are only available after the entire conver-
sation was concluded.

Our model outperforms DetectGPT (Mitchell
et al., 2023), Fast-DetectGPT (Bao et al., 2023),
and SeqXGPT (Wang et al., 2023) across all human-
LLM dialogues involving dialogues generated by
GPT-40 (Achiam et al., 2023), LLaMA3.1-70B-
Instruct (Dubey et al., 2024), and Qwen2.5-72B-
Instruct (Yang et al., 2024). Since our model does
not depend on a prior model, it exhibits minimal
bias across dialogues generated by different LLMs.
This ensures that our model’s performance remains
stable and consistent, with minimal fluctuation re-
gardless of the LLM used to generate the text. No-
tably, even though our model is not trained on dia-
logue data generated by Gemini-2.0 or DeepSeek-
v3, it still demonstrates strong performance on
these datasets. This highlights the generalizability
of our approach when applied to dialogues gener-
ated by previously unknown LLMs. However, all
other baseline models require prior models, such

as GPT-neo-2.7B and GPT-J-6B. Based on these
priors, the baseline models tend to perform bet-
ter on GPT-40-generated dialogues compared to
dialogues generated by other LLMs. Compared
with all other baseline models, our model only use
LLM’s tokenizer to tokenize text input, avoiding
any bias caused by prior models.

As a real-time LLM-Involved Dialogue De-
tection algorithm, it is also crucial to evaluate
models based on their inference speed and on-
device capabilities to assess their practical value
in real-world applications. When using GPU in-
ference, our model is 34 times faster than Fast-
DetectGPT (Bao et al., 2023) and 58 times faster
than SeqXGPT (Wang et al., 2023). Moreover, our
model requires minimal GPU memory, while all
other baseline models have to load a prior model at
first, making them not only incapable of fast infer-
ence on CPUs but also requiring significant GPU
memory.

5.2.2 Out of Domain Performance

The results presented in Table 5 demonstrate that
our model effectively performs document-level
LLMe-involved content detection. To evaluate the
model’s capabilities in this task, we employed the
HC3 dataset (Guo et al., 2023). This dataset con-
sists of a series of questions, each accompanied
by long responses from human experts and Chat-
GPT and is not covered in our training data. These
questions span five domains: finance, medicine,
open Q&A, Reddit, and Wikipedia. To adapt this
dataset for our model that is originally designed
for conversation-level LLM-involved content detec-
tion, we preprocessed the data. All questions in the
dataset were treated as the first-turn output of the
conversation initiator (assistant 1). For subsequent
turns, assistant 1 was left empty, and the long re-
sponses were segmented into multiple turns based
on a predefined maximum length for assistant 2
outputs.

Our model exhibited strong zero-shot capabili-
ties across these domains. Despite not being trained
on data from these specific domains, it demon-
strated the ability to discern whether the content
was generated by an LLM, showcasing the model’s
generalization ability and robustness. These find-
ings further validate the model’s potential for cross-
domain applications. This feature highlights the
model’s versatility in handling extended document-
level tasks.
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Accuracy

Method GPT-4o LLaMA3.1 Qwen25 Gemini20 DeepSeck-v3 | rnference Speed | No Prior Model

Statistics-based Models

DetectGPT (U.) (Mitchell et al., 2023) | 51.33 59.37 53.73 52.94 57.82 1x X

Fast-DetectGPT (U.) (Bao et al., 2023) | 52.31 81.01 73.57 78.19 72.46 12x X

DetectGPT (D.) (Mitchell et al., 2023) 53.73 65.91 53.52 54.88 60.17 1.14x X

Fast-DetectGPT (D.) (Bao et al., 2023) | 76.00 97.86 98.27 96.32 94.83 48x X
Neural-based Models

SeqXGPT (U.) (Wang et al., 2023) 98.11 91.73 90.51 92.31 90.88 28x X

Our 98.14 98.59 98.73 95.89 96.77 1630x v

Table 1: We leverage GPT-40 (Achiam et al., 2023), LLaMA3.1-70B-Instruct (Dubey et al., 2024), Qwen2.5-72B-
Instruct (Yang et al., 2024), Gemini-2.0-Flash (Google, 2025), and DeepSeek-v3 (Liu et al., 2024) to generate
human-LLM and LLM-LLM dialogues in the same conversational semantics as the test set. We evaluate Detect-
GPT (Mitchell et al., 2023) and Fast-DetectGPT (Bao et al., 2023) at both document level (D.) and utterance level
(U.), while SeqXGPT (Wang et al., 2023) and our model are assessed specifically at the utterance level. Our model
is trained on the dataset generated based on GPT-40, LLaMA3.1-70 Instruct, Qwen2.5-72B-Instruct. Our model
shows strong generalizability on unknown LLM generated content, such as Gemini-2.0-Flash and DeepSeek-v3.
The test dataset generated by these LLMs follows the same data construction pipeline. Inference Speed of different
models under various settings are also presented by setting DetectGPT(U.) as the benchmark for comparison.

Inference Speed ‘ Memory Usage

‘ Accuracy

Method ‘GPT—40 LLaMA3.I Qwen2.5 Gemini20 DeepSeek-v3

89.21 90.33 90.58 89.74 88.37 ‘ 143x ‘ 0.15GB

General Tokenizer
LLM hidden state 98.52 98.95 99.04 96.32 96.90 1x 15.29GB
LLM Tokenizer ‘ 98.14 98.59 98.73 95.89 96.77 124x ‘ 0.15GB

Table 2: Comparison of Three Feature Extraction Methods (general tokenizer, LLM tokenizer, and LLM
hidden states). The comparison is across GPT-40, LLaMA3.1, Qwen2.5, Gemini2.0, and DeepSeek-v3, and metrics
include accuracy, F1 score, inference speed, and memory usage. Results show that general tokenizers are efficient
but less accurate, while LLM hidden states achieve the highest accuracy at the cost of significant memory and speed.
LLM tokenizers provide a balance, offering near-optimal accuracy with minimal resource requirements.

Average Utterance Length of Assistant2 ‘ Our Model w/o DFA  Our Model w/ DFA  Fast-DetectGPT
0.5362 x full utterance length (Entire dataset) 93.27 98.23 76.00
0.60 x full utterance length (Subset of 500 conversations) 91.80 98.40 74.40
0.70 x full utterance length (Subset of 500 conversations) 85.60 98.80 71.40

Table 3: Performance of Our Model and Fast-DetectGPT on GPT-40 Datasets. This table compares detection
accuracy with and without Detection Focus Augmentation (DFA). The assistant2’s utterance coverage is used
to control for the briefness of the responses in detections. Our model consistently outperforms Fast-DetectGPT,
especially when DFA is applied.

‘ Number of Conversation Rounds

1 2 3 4 5 6 7 8 9 10

Method

Round Specific Training ‘ 88.30 94.48 96.26 98.09 98.23 98.30 98.22 9824 98.13 98.17
5 Rounds Training ‘85.65 93.28 9579 98.25 9823 9821 98.07 98.14 97.69 97.83

Table 4: Performance Comparison of 5-Round Training Model and Round-Specific Models. This table presents
the performance of models trained on dialogue datasets with specific numbers of conversation rounds (1 to 10)
compared to a model trained on 5-round dialogues, evaluated on GPT-40 generated data. Metrics indicate that
round-specific training achieves slightly better performance for the exact number of rounds it is optimized for,
especially for fewer rounds (e.g., 1 to 4). However, the 5-round model shows strong adaptability, delivering
comparable performance across all scenarios, particularly in handling dialogues longer than 5 rounds.
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6 Ablation Study

‘ Domains
Method Finance Medicine Open Q&A Reddit Wiki
Our | 7817 9167 92.83 82.83  78.06

Table 5: Performance of the model on document-level
LLMe-involved content detection across five out-of-
domain datasets. The results highlight the model’s
zero-shot generalization capabilities and its ability to
detect LLM-generated content effectively in unseen do-
mains.

6.1 Feature Extraction with Different
Tokenizers

For the feature extraction component of the model,
using only a traditional tokenizer to obtain sen-
tence embeddings achieves a limited accuracy of
89%. Significant improvements can be made by
integrating parts of a large language model (LLM)
into the process. Leveraging LL.Ms for text embed-
dings offers several advantages over the relatively
outdated encoder-only structures. LLMs, trained
on massive datasets with billions of parameters,
have a deeper contextual understanding, enabling
them to capture complex semantic relationships
and long-range dependencies in text. Moreover,
they exhibit superior generalization capabilities,
understanding recent language trends, diverse oral
expressions, and providing more expressive embed-
dings that capture both subtle semantic differences
and intricate linguistic features. To evaluate our
model’s performance and efficiency, we compare
three encoding methods: using a traditional tok-
enizer, using the LLaMA3 tokenizer, and using the
LLaMA3 encoder.

We implement the feature extraction part of
LLaMA3 8B (Dubey et al., 2024) by utilizing its
tokenizer and hidden states from 32 transformer
layers as new input for the model. The process
involves loading the LLaMA3 8B model and ap-
plying its tokenizer to convert input text into to-
ken IDs. These tokens are then passed through
LLaMA3 8B to generate hidden states represent-
ing the embeddings for each token in the sequence,
with dimensions IN x d, where N denotes the num-
ber of tokens in the input text and d is the model’s
embedding dimension. This approach significantly
enhances the model’s performance, however, it has
notable drawbacks in computational requirements.
Training with the full 32-layer LLaMA3 model

demands over 32 GB of memory, making it com-
putationally expensive and impractical for certain
applications. Such high memory consumption re-
stricts deployment to high-resource environments
and limits real-time processing capabilities. Fur-
thermore, the increased computational overhead re-
sults in slower processing times, which may be un-
suitable for applications requiring rapid responses.
While the accuracy improvements are impressive,
the high resource demands hinder the practicality
of deploying full-scale LLMs in everyday tasks or
low-resource settings. This trade-off is evident in
Table 2.

6.2 Conversations with Different Number of
Rounds

Our model is trained on dialogue data consisting
of 5 rounds of interactions. During the inference
phase, different strategies are employed to handle
variations in the number of dialogue rounds. For in-
puts with fewer than 5 rounds, we pad the dialogue
with blank content to reach 5 rounds. For inputs
exceeding 5 rounds, a sliding window approach is
used: dialogues are processed in 5-round segments,
and the results are aggregated using a voting mech-
anism to produce the final output. It is important
to note that the choice of 5 rounds was not arbi-
trary but based on a comprehensive evaluation of
experimental results.

To validate the performance of the 5-round
model, we conducted comparative experiments
against models trained on datasets ranging from 1
to 10 rounds of dialogue and the results are shown
in Table 4. In scenarios with fewer than 5 rounds,
the 5-round model performed slightly worse than
models specifically optimized for shorter dialogue
lengths. However, the difference was not sig-
nificant, as shown in Table 10. For dialogues
exceeding 5 rounds, the 5-round model’s perfor-
mance was comparable to that of models optimized
for longer dialogues. These results demonstrate
that the padding strategy effectively compensates
for insufficient dialogue rounds when processing
shorter conversations. Similarly, the sliding win-
dow method successfully captures contextual infor-
mation in longer dialogues, enabling the 5-round
model to maintain robust performance. The model
trained on 5-round dialogue data exhibits strong
adaptability. When combined with the padding and
sliding window strategies, it achieves satisfactory
performance across varying dialogue lengths. This
indicates that our approach has high generalization
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capabilities and practical value for multi-turn di-
alogue tasks. Even if the model is trained for a
specific number of rounds, the performance will
not be significantly affected.

7 Conclusion

In this paper, we propose a novel framework for
LLM-Involved Dialogue Detection that addresses
the challenges of detecting LLM-generated text in
real-time conversations. Our approach leverages
a robust dataset of multi-turn hybrid dialogues to
capture the nuanced dynamics of conversational
settings. The lightweight, customized transformer-
based architecture, enhanced by the LLaMA3 tok-
enizer and detection focus augmentation, achieves
state-of-the-art performance with 98.14% accuracy
on human-LLM dialogues and faster inference. Ab-
lation studies highlight the importance of using
LLM tokenizer, which improves accuracy by 9%
over traditional tokenizers, and the effectiveness
of adaptive strategies like padding and sliding win-
dows for handling dialogues of varying lengths.
The model also demonstrates strong generalization,
achieving over 90% accuracy in some of the out-of-
domain tasks. These results underscore the frame-
work’s practical value for real-time deployment in
conversational Al systems, ensuring transparency
and accountability in LLM-powered platforms.

Limitation

Our framework has some limitations. First, the
reliance on the LLaMA3 tokenizer, while improv-
ing accuracy, introduces higher computational de-
mands, which limits the model’s deployment in
low-resource environments or on devices with con-
strained computational capabilities. Second, the
current framework may struggle with highly spe-
cialized contexts, such as medical or legal discus-
sions, where domain-specific terminology and con-
versational patterns differ significantly from gen-
eral dialogue. Third, the dataset, though compre-
hensive, is limited to single-turn and multi-turn
dialogues between two participants, leaving multi-
party or group interactions unexplored. Finally,
the model’s performance, while robust, could ben-
efit from further optimization to reduce inference
latency and memory footprint for real-time appli-
cations.

Future research directions can address these lim-
itations and expand the framework’s applicability.
One promising avenue is cross-lingual detection,

enabling the model to handle multilingual conver-
sations, which are increasingly common in global
applications. Another direction is multi-party dia-
logue detection, extending the framework to sup-
port group interactions, where multiple speakers
and overlapping conversations introduce additional
complexity. Incorporating multimodal capabilities
to process textual, visual, and auditory data could
further enhance the model’s ability to detect LLM-
generated content in richer, more diverse conversa-
tional settings. Additionally, domain-specific cus-
tomization could improve performance in special-
ized fields like healthcare, finance, or legal systems,
where accuracy and reliability are critical. Finally,
optimizing the framework for real-time on-device
detection would broaden its practical utility, en-
abling deployment in resource-constrained environ-
ments such as mobile devices or edge computing
systems. Addressing these challenges will further
advance the transparency, trust, and accountability
of LLM-powered interactive platforms.
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A Appendix

A.1 Dataset Overview

The entire dataset including three parts (human-
human dialogues, human-LLM dialogues, LLM-
LLM dialogues) contains over 120,000 dialogues.
The number of dialogues for human-human dia-
logues is over 30,000. The train, validation and
test ratio of the dataset is 70:15:15. The number of
dialogues for LLM-LLM dialogues is over 90,000,
with over 30,000 dialogues generated from each
model. The train, validation and test ratio of the
dataset is also 70:15:15. The human-LLM dataset
contains around 2,000 dialogues. The train, val-
idation and test ratio of the dataset is 15:15:70,
deliberately leaving a larger portion for the testing
dataset.
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Figure 5: The word cloud of the conversation between
two GPT-40

From Figure 4 to Figure 7, we present word
clouds comparing discussions on the same topic
among different models and humans. These word
clouds reveal distinct differences in language usage
among humans, GPT-40, LLaMA3.1 and Qwen2.5.

GPT-40 and Qwen2.5 emphasize affirmative ex-
pressions like "Absolutely", "love", and "favorite",
suggesting a more opinionated and expressive con-
versational style. LLaMA frequently uses words
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Figure 6: The word cloud of the conversation between
two LLaMA3.1-70B-Instruct
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Figure 7: The word cloud of the conversation between
two Qwen2.5-72B-Instruct

like "heard", "actually", and "think", indicating a
stronger focus on knowledge and factual verifica-
tion rather than emotional expression. However,
humans stand out with "know" as the most promi-
nent word, reflecting a natural tendency toward
knowledge confirmation rather than simply stat-
ing opinions. These distinctions highlight how Al
models and humans differ in language patterns.
Humans may focus more on factual confirmation,
GPT and Qwen are more expressive and LLaMA is
more knowledge-driven. Based on these analyses,
people can use their own knowledge to determine
whether a given sentence was written by a human
or an LL.M. Moreover, it highlights the limitation
of perturbation-based methods, which rely solely
on GPT’s prior model and thus fail to effectively
detect content generated by LLaMA and Qwen. In
contrast, our approach provides an effective solu-
tion to this problem.

A.2 Dataset Construction Details
A.2.1 Human-Human Dataset

We leverage three benchmark datasets: Wiz-
ard of Wikipedia (Dinan et al., 2018), Persona-
Chat (Zhang et al., 2018), and MuTual (Cui et al.,
2020), each representing distinct conversational
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contexts. Wizard of Wikipedia dataset contains
knowledge-grounded dialogues covering a wide
range of factual topics. Persona-Chat dataset
contains persona-based conversations where each
speaker maintains predefined personal characteris-
tics. And the third one MuTual contains multi-turn
dialogues derived from English learning scenarios,
designed for dialogue understanding.

A.2.1.1 Topics and Persona Information

Wizard of Wikipedia

The dataset is designed for knowledge-grounded,
open-domain dialogue. It simulates conversations
between a curious apprentice and a knowledgeable
wizard, aiming to model in-depth topic exploration
within natural multi-turn interactions. In each con-
versation, one participant plays the wizard, who
has access to retrieved Wikipedia passages, and the
other plays the apprentice, engaging in open-ended
dialogue to explore a chosen topic. The conver-
sation begins with a selected topic (e.g., “Gouda
cheese”, “commuting”, “podcasts”) from the ap-
prentice, and evolves naturally with the wizard in-
corporating retrieved knowledge.

This structure emphasizes both engagement and
depth of knowledge, distinguishing it from shallow
chit-chat datasets. A total of 1,365 open-domain
topics were crowd-sourced and linked to Wikipedia
articles. The topics span domains such as daily life,
food, entertainment and celebrities. These struc-
tured topics and passages form the topic source
used later in constructing LLLM prompts.
Persona-Chat

This dataset was created to support more en-
gaging, consistent, and personal chit-chat dialogue
by conditioning conversations on personas. The
dataset was collected via Amazon Mechanical Turk
(MTurk) in a three-stage process: persona creation,
persona revision, and persona-grounded dialogue
collection. The original personas in the dataset con-
tains 1,155 crowd-sourced and fictional personas
each consisting of at least 5 profile sentences. (e.g.,
"I like swimming. I’m a vegetarian. I got a new
job in advertising.") And the personas are revised
to reduce lexical overlap bias, each original per-
sona was rephrased or semantically generalized
by a different set of workers. Then two MTurk
workers were paired and each assigned a unique
persona, and neither saw the other’s persona; they
had to learn about it through dialogue. Workers
were incentivized to create natural, engaging, and
reciprocal conversations. The chat was constrained

to a maximum of 15 words per utterance, with each
dialogue containing 6-8 turns per participant on
average.

Conversations in Persona-Chat reflect bidirec-
tional persona grounding where participants dis-
cuss their assigned profile naturally. The common
themes are family, jobs, hobbies, preferences, and
personality traits. There may also involve active
persona discovery where participants infer each
other’s persona via questioning and answering. We
incorporate Persona-Chat data as a foundation for
modeling persona-consistent response generation.
And this inspired our prompting framework, where
language models are assigned roles and persona
traits. This also enables fine-tuning or evaluation
for tasks involving speaker grounding, identity, and
personal style.

MuTual

The dataset was originally constructed to evalu-
ate machine comprehension and reasoning in multi-
turn dialogue. It was adapted from English listen-
ing comprehension exams for non-native speakers,
where students were required to understand a short
dialogue and choose the most appropriate response
from four options. While designed for response
selection, the dialogues themselves reflect natu-
ral human-human interactions in daily life. Origi-
nal materials were sourced from publicly available
English listening comprehension exams, and dia-
logues are based on realistic daily scenarios such
as buying tickets, attending concerts, or chatting in
restaurants.

There are 6,371 original dialogues, and the rea-
soning categories contains attitude (13%), inten-
tion prediction (31%), multi-fact (24%), situation
(16%), algebraic (7%), and others (9%). The di-
alogues in MuTual have multi-turn structure that
mimics real-world conversations. There also exists
frequent use of implicit knowledge and pragmatic
cues such as speaker intentions, relationships, and
attitudes.

We repurpose MuTual solely for its dialogue
content, omitting the multiple-choice question-
answer structure. We extract only the raw di-
alogues to serve as representative examples of
human-human chitchat in realistic settings. These
dialogues are treated as individual conversational
segments, showcasing spontaneous and contextu-
ally grounded exchanges. Since the original dia-
logues were designed for comprehension and rea-
soning, they inherently include diverse linguistic
features, speaker intentions, and pragmatic infer-
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ence that are all desirable for dialogue modeling.

MuTual

21.0%

ity Persona-Chat
. (]

52.9%

Wizard of Wikipedia

Figure 8: Conversation Distribution Among Diferent
Source Datasets

Method ‘ GPT-40 LLaMA3.1 Qwen2.5 Gemini2.0 DeepSeek-v3

LLM 5,500 5,500 5,500 5,000 5,000
Human | 5,000 5,000 5,000 5,000 5,000
Total 10,500 10,500 10,500 10,000 10,000

Table 6: Distribution of data samples by class (LLM vs.
Human) across different models in the testing set.

A.2.1.2 Statistics

The total conversations of Wizard of Wikipedia
is 22,311, the total conversations of Persona-Chat
is 10,981, and the total conversation of MuTual is
8,860. The conversation distribution among differ-
ent dataset is shown in figure8. The average turns
of Wizard of Wikipedia is around 9, the average
turns of Persona-Chat is around 8, and the average
turns of MuTual is around 5. The average length
of all utterances is 19.57. The overall topics across
datasets with categories are entertainment (22%),
science and technology (18%), personal life (25%),
education (15%), and miscellaneous (20%).

A.2.2 Human-LLM Dataset

We recruited 20 fluent English speakers (age
18-27), including undergraduate and graduate stu-
dents and crowd-sourced researchers with prior
exposure to dialogue systems. Participants were
briefed on the purpose but blinded to which model
they interacted with. The participants first read 3-5
human-human dialogues within one topic randomly
selected from the five categories of the Human-
Human dataset and wrote concise 1-2 sentence
summaries about the dialogue context. They were
then given the instructions of: “Start a conversation
with an Al agent. Use the topic summary as back-

ground, adopt a natural and engaging style, and
vary your tone across conversations.”

The human always initiates the conversation.
LLM responds, turn by turn, for a predefined num-
ber of turns. In the end, the dialogues were manu-
ally reviewed by two annotators given the criteria of
naturalness, relevance, and coherence. Low-quality
dialogues (<5%) were discarded.

For model assignment, each topic was used
across all models (GPT-40, LLaMA-3.1-70B-
Instruct, Qwen2.5-72B-Instruct) to ensure unifor-
mity and ensure topic-level performance compari-
son between models.

A.2.3 LLM-LLM Dataset

For each topic, system prompts include assistant
persona that might contain background and speak-
ing style; scenarios such as social situation, role, or
knowledge domain; and topic focus. Each model
receives these prompts with adjusted format to
match their tokenization and instruction-following
behavior.

We fine-tune prompt length, temperature, and
sampling parameters for each model to avoid mode
collapse, preserve natural variability and stay con-
sistent with human-human dialogue metrics.
Example prompt for WoW dataset:
promptl = {human-human dialogues.} This is a
conversation between two participants engaging
in chitchat, with the topic being {chosen topic}
and during the conversation the topic is allowed
to naturally change. You are the initiator in this
conversation, and you will be talking to another
person. You are a curious learner, eager to chat,
and the one you will be talking to is a person who
knows plenty of knowledge. Your goal is to go
into depth about the topic mentioned above while
keeping the conversation engaging and fun. Do
not generate anything other than your responses.
Please start the conversation. Talk in a similar style
as the conversation provided.
prompt2 = {human-human dialogues.} This is a
conversation between two participants engaging
in chitchat, with the topic being {chosen topic}
and during the conversation the topic is allowed to
naturally change. You are the second party in this
conversation, and you will be talking to another
person. You know plenty of knowledge. You have
just met the other person, who seems quite curious,
and you are eager to discuss a topic with them. Do
not generate anything other than your responses.
Talk in a similar style as the conversation provided.
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A.3 Examples

Here are some examples from our constructed
dataset, and detection is performed by Fast-
DetectGPT. These examples of success and fail-
ure cases help understand why detecting LLM-
generated text for dialogue is particularly challeng-
ing for statistical-based models.

Example One

"conversation":

"assistantl": "So, if Vitamin C is so important,
how much do we actually need each day?"

"assistant2": "For most adults, about 65 to 90
milligrams a day is recommended. But it can vary
based on age and lifestyle."

"assistant1": "Oh, interesting! So if I'm more
active, do I need more vitamin C?"

"assistant2": "Yes, indeed! Active individuals
may need a bit more to support recovery and im-
mune function."

"assistant]": "That makes sense! So, if someone
is really active, should they focus more on certain
foods to boost their intake?’"

"assistant2": "Absolutely! Foods like kiwi,
guava, and bell peppers can be great for active
individuals. They pack a punch of vitamin C and
other nutrients too."

"assistant1": "I’ve heard kiwi is super nutritious!
Do you think it tastes better than oranges?"

"assistant2": "Kiwi is indeed very nutritious!
It has a unique, sweet-tart flavor that many find
delightful. It’s a nice change from oranges, but it
all comes down to personal preference!"

“label”: “gptdo”

Fast-DetectGPT: 36% Al Generated
Example Two

"conversation":

"assistant1": "I wonder, why do you think people
are drawn to certain colors like pink or blue?"

"assistant2": "Colors can evoke emotions and
memories! Pink often brings feelings of warmth,
while blue can inspire calmness."

"assistant1": "That2019s so true! I feel like pink
makes me think of happy moments, like cotton
candy at fairs!"

"assistant2": "Absolutely! Colors can evoke
memories and feelings. Pink often brings warmth
and nostalgia!"

“assistant]1": "That’s so true! I feel like pink
reminds me of cotton candy and childhood fairs!
What memories does blue bring to you?"

"assistant2": "Blue brings me memories of calm
lakes and clear skies. It feels like serenity and
freedom!"

“label”: “gptdo”

Fast-DetectGPT: 14% Al Generated
Example Three

"conversation":

" assistant]1": "Have you ever been to iceland? |
have never been, but I would like to go sometime!"

" assistant2": "No but I would love to go! I want
to see the sand and lava fields as well as the glaciers.

" assistant]": "That is such a varied place, how
big is the country? it must have everything there,
so many different weather phenomenons"

" assistant2": "Only the capital, Reykjavik and
surrounding areas are really populated. It seems
like you’d have to visit there for all your traveling
needs. "

" assistantl": "Do you know what their total
population is? I may have to !"

" assistant2": "No, I am not sure what the popu-
lation is but I know it’s the most sparsely populated
country in Europe."

"assistant1": "Oh wow that is interesting, maybe
it has something to do with all that crazy weather
then!"

" assistant2": "I’m sure that plays a part in it
as well as the fact that Iceland is volcanically and
geologically active still. "

" assistant]l": "Yeah that is enough to deter me
from living there lol, I would not wantt o get fried!"

" assistant2": "I agree, also the volcanoes make
up the landscape so trekking through the interior of
the country would be difficult. "

"label": "human"

Fast-DetectGPT: 76% Al Generated
Example Four

"conversation":

"assistant1": "I love the book so much that even
as a non christian it makes alot of sense"

" assistant2": "I agree, just all the sacred texts
and scriptures, even if it is old, I still see it as a
product of God or a divine being "

" assistant1": "Is there a record as to where the
original scripts that was used came from?"

"assistant2": "There is not really a concrete date
just because many different authors contributed to
it, they are not sure"

" assistantl": "OK, is it there that there is a re-
lationship between the first few books of the bible
and the quaran?"
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" assistant2": "Yes, they are practically the same,
which has caused some weird attitudes from the
christian groups, as that is a tough pill to swallow
in a way"

" assistant]": "What is the best version of the
bible?"

" assistant2": "A lot of people prefer the king
james version of the bible, which has 39 books of
the old testament and 27 of the new testament"

“label”: “human”

Fast-DetectGPT: 81% AI Generated

A.4 More Quantitative Results

A.4.1 Opverall Performance

Figure 9 highlights a clear trend that newer neural-
based methods dramatically improve both accu-
racy and inference speed, surpassing traditional
perturbation-based methods in conversational level
LLM-generated content detection.

GPT-40: Accuracy vs. Inference Speed
P o]

0 100x
Inference Speed (log scale)

Figure 9: Comparison of different models on GPT-
40 generated content Accuracy vs. Inference Speed.
This figure illustrates the relationship between accu-
racy (%) and inference speed (log scale) for various
Al-generated text detection methods applied to GPT-40
generated content.

Performance comparison between the baseline
models and our proposed method in terms of Recall
and Precision across five representative LLMs is
presented in Table 8.

Configuration Accuracy

86.79
98.23

without recurrence
with recurrence

Table 7: Accuracy of the Model With or Without Recur-
rence on GPT-40 Dataset.

A.4.2 Recurrence Structure

Recurrence provides critical benefits for generaliza-
tion and efficiency across varied-length dialogues,
as shown in table 7. However, the simpler struc-
ture without recurrence can be considered as a
document-level model, since it cannot process the
conversation cross utterances.

A.4.3 Models Trained on Different
Conversation Rounds

The performance of Round Specific Training mod-
els represents results from ten separate models,
each trained specifically for a fixed number of dia-
logue rounds(from 1 to 10). In contrast, the results
of 5 Rounds Training model shows the performance
of a single model trained only on 5-turn conversa-
tions and then evaluated across all turn lengths. The
results are shown in figure 10.

This highlights a key strength of our recur-
rent architecture that it can generalize well across
variable-length dialogues without needing to train
and store multiple models. Notably, the 5-round
model achieves competitive performance even on
dialogues of varying lengths (especially >5), show-
casing strong generalization and significant effi-
ciency benefits in both training and deployment.
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Method ‘ GPT-4o0 LLaMA3.1 Qwen2.5 Gemini2.0  DeepSeek-v3
DetectGPT (U.) 48.91/53.90 51.80/63.82 52.65/56.23 47.94/53.27 54.86/58.31
Fast-DetectGPT (U.) | 49.09/55.02 76.35/85.83 66.31/79.82 76.04/79.46 66.18/75.69
DetectGPT (D.) 49.07/56.75 61.71/69.73 49.91/56.37 51.92/55.19 57.22/60.81
Fast-DetectGPT (D.) | 70.89/80.92 96.29/99.61 96.71/99.98 93.22/99.38 90.28/99.32
SeqXGPT (U.) 96.58/99.81 84.95/99.15 82.80/9891 85.32/99.19 82.66/98.92
Our 96.62/99.83 97.44/99.87 97.69/99.89 92.22/99.53 93.86/99.66

Table 8: Performance comparison (Recall / Precision) of baselines and our proposed method on five representative
LLMs. Bold values denote the best results.
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Performance Comparison of 5-Round Training Model and Round-Specific Models Performance Comparison of 5-Round Training Model and 1-Round Training Model
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Figure 10: Performance Comparison of 5-Round Training Model and Round-Specific Models and Performance
Comparison of 5-Round Training Model and 1,2,3,4,6-Round Training Models. (a) presents the performance of
models trained on dialogue datasets with specific numbers of conversation rounds (1 to 10) compared to a model
trained on 5-round dialogues, evaluated on GPT-40 generated data. (b) presents the performance of models trained
on 1 conversation round dialogue datasets compared to a model trained on 5-round dialogues, evaluated on GPT-40
generated data. (c) presents the performance of models trained on 2 conversation round dialogue datasets compared
to a model trained on 5-round dialogues, evaluated on GPT-40 generated data. (d) presents the performance of
models trained on 3 conversation round dialogue datasets compared to a model trained on 5-round dialogues,
evaluated on GPT-40 generated data. (e) presents the performance of models trained on 4 conversation round
dialogue datasets compared to a model trained on 5-round dialogues, evaluated on GPT-40 generated data. (f)
presents the performance of models trained on 6 conversation round dialogue datasets compared to a model trained
on 5-round dialogues, evaluated on GPT-40 generated data.
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