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Abstract

Retrieval-augmented generation (RAG) effec-
tively enhances the accuracy and timeliness
of large language models (LLMs) by incorpo-
rating external knowledge retrieved from ex-
ternal sources. However, with the increasing
prevalence of LLM-generated content, exter-
nal corpora used by RAG systems may become
contaminated with LLM-generated texts. Such
contamination compromises the reliability and
quality of retrieved results, ultimately leading
to a degradation in RAG performance, and
raises concerns about the diminishing presence
of human texts and the “Spiral of Silence” ef-
fect. A natural solution is to incorporate LLM
text detectors into the RAG pipeline to filter
out LLM-generated texts from the retrieved
results. However, their effective use in RAG
remains under-explored. In this paper, we ex-
plore the usage paradigms of LLM text detec-
tors for RAG and highlight key limitations of
off-the-shelf or directly fine-tuned detectors.
To this end, we propose a RAG-aware data aug-
mentation strategy that aligns detector train-
ing with realistic contamination patterns. Our
approach synthesizes training data from both
LLM and human texts under diverse generation
modes. Experiments show that our method mit-
igates performance degradation and improves
the long-term stability of RAG systems.

1 Introduction

Large language models (LLMs) have achieved
strong performance across many natural language
tasks (DeepSeek-Al et al., 2025; Hurst et al., 2024),
yet they can still produce hallucinated or outdated
content (Huang et al., 2023). Retrieval-augmented
generation (RAG) mitigates this issue by providing
externally retrieved relevant texts during genera-
tion, but recent studies show that retrievers tend
to favor LLM-generated texts in the corpus (Yang
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et al., 2025; Dai et al., 2023). As LLM text in-
creasingly appears in the web and is subsequently
indexed by search systems, retrieval corpora gradu-
ally accumulate synthetic content over time. This
iterative shift in the indexed corpus leads retrieval
results to become increasingly dominated by LLM
texts, resulting in performance degradation and the
“Spiral of Silence” phenomenon, where human-
written texts are increasingly absent from top
search results, reducing their visibility and influ-
ence (Chen et al., 2024b; Noelle-Neumann, 1974).

In the face of the growing prevalence of LLM
texts, recent work has developed LLM text de-
tectors to distinguish human-written from LLM-
generated texts (Guo et al., 2023; Solaiman et al.,
2019). A natural solution is to integrate such detec-
tors into the RAG pipeline to filter synthetic pas-
sages before generation. However, their effective
deployment under evolving RAG corpora remains
under-explored. We observe that both off-the-shelf
detectors and detectors fine-tuned on static RAG
corpora fail to prevent the long-term accumulation
of LLM texts in retrieval results. As generated con-
tent is repeatedly mixed, paraphrased, and re-used
across iterations, detection performance degrades,
allowing hallucinated or inaccurate texts to per-
sist and propagate through retrieval and generation.
This trend is consistent with prior findings that
iteratively paraphrased or style-shifted texts are in-
creasingly difficult to detect (Koike et al., 2024;
Krishna et al., 2023).

To address this limitation, we investigate the im-
pact of LLM text detectors on RAG systems un-
der evolving corpora. To simulate realistic corpus
contamination patterns, we first analyze how LLM
texts are produced and introduced into retrieval
corpora in RAG scenarios. Observing that LLM
text generation in RAG is primarily conditioned on
the input query and retrieved passages, we abstract
the generation process along these dimensions and
identify four representative generation modes: Di-
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Figure 1: Four representative generation methods for producing and incorporating LLM texts into the RAG corpus.

rect Generation (DG), Retrieval-Augmented Gener-
ation (RAG), Direct Rewriting (DR), and Question-
Centric Rewriting (QCR). These modes capture
common ways in which LLM text enters and prop-
agates in retrieval corpora. Details are provided in
Section 3.1 and illustrated in Figure 1.

Then, building on prior work (Chen et al.,
2024b), we adopt an iterative RAG framework in-
tegrated with an LLM text detector to study system
behaviour under progressive corpus evolution. As
shown in Figure 2, the system iteratively retrieves
passages from a mixed corpus of human and LLM
texts, filters detected LLM texts, and generates re-
sponses using the remaining passages as context.
To simulate realistic evolution, newly generated
texts are synthesized by uniformly sampling one
of the four generation modes conditioned on the
query and retrieved passages, and index them back
into the corpus. Repeating this process over mul-
tiple iterations mimics the accumulation of LLM-
generated content and its long-term impact on RAG
performance (Chen et al., 2024b).

To address the limitations of existing detectors
in RAG scenarios, we revisit detector training from
a data-centric perspective. Prior work has shown
that the effectiveness and generalization of detec-
tors are fundamentally dependent on careful dataset
construction (Wu et al., 2025; Xu et al., 2024). Mo-
tivated by this observation, we introduce a RAG-
aware data augmentation strategy that adapts
detectors to evolving RAG corpora by aligning
training data with realistic contamination patterns.
Our approach iteratively synthesizes training sam-
ples from mixtures of human-written and LLM-
generated texts under diverse generation modes.
As aresult, detectors trained with this strategy be-
come more robust to corpus evolution and more
reliable in filtering LLM texts in search results.

We evaluate our approach on open-domain

question answering (ODQA) benchmarks (Chen
et al., 2024b), a widely used testbed for RAG sys-
tems (Wang et al., 2025; Pan et al., 2023; Zhu
et al., 2025). Results show that detectors trained
with RAG-aware augmented data consistently out-
perform off-the-shelf and directly fine-tuned base-
lines, effectively mitigating long-term performance
degradation and alleviating the “Spiral of Silence”
effect. Further mechanism analysis reveals that
appropriately staged text synthesis is essential for
achieving robust detection under evolving corpus
contamination in the RAG system.

Our contributions are summarized as follows:

e We systematically study LLM-generated text
contamination in RAG systems under realistic cor-
pus evolution, and analyze how four representative
generation modes contribute to long-term perfor-
mance degradation.

e We introduce an iterative RAG evaluation
framework with integrated LLM text detection, en-
abling a comprehensive analysis of detector usage
paradigms. Our results show that both off-the-shelf
and directly fine-tuned detectors fail to prevent
degradation under evolving corpora.

e We present a RAG-aware data augmentation
strategy that synthesizes mixtures of human-written
and LLM-generated texts to improve detector ro-
bustness. Detectors trained under this paradigm
better adapt to corpus evolution and effectively sta-
bilize RAG performance over iterations.

2 Related Work

Impact of LLM Text on Information Systems
The growing influx of LLM-generated text into
public corpora has raised widespread concerns
about the quality and reliability of information
systems. Recent studies (Dai et al., 2024; Peng
et al., 2024; Zhou et al., 2024) reveal that neural
retrievers tend to assign higher relevance scores
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Figure 2: The simulation pipeline of the iterative RAG framework.

to LLM texts than to human texts, a phenomenon
defined as “source bias”. This bias leads to a higher
proportion of LLLM texts presence in retrieval re-
sults, potentially exposing users to inaccurate or
misleading information due to the inherent halluci-
nations of LLMs (Huang et al., 2023). Follow-up
research (Chen et al., 2024b) demonstrates that
source bias is prevalent in real-world RAG sys-
tems, where the dominance of LLM texts in re-
trieval results diminishes the visibility of human
texts, reflecting a digital “Spiral of Silence” ef-
fect (Noelle-Neumann, 1974; Yu et al., 2026; Chen
et al., 2026). In this paper, we focus on the use
of LLM text detectors in mitigating RAG perfor-
mance degradation caused by the accumulation of
LLM-generated texts.

LLM-Generated Text Detection Existing de-
tection methods generally fall into two categories.
Metric-based approaches identify LLM text by
exploiting generative features of LLMs, such
as likelihood (Gehrmann et al., 2019; Ippolito
et al., 2020), token-level perturbation sensitiv-
ity (Mitchell et al., 2023; Bao et al., 2024), or cross-
LLM consistency (Hans et al., 2024; Chen et al.,
2025; Huang et al., 2025) without additional train-
ing data. Training-based approaches fine-tune
pre-trained language models on paired LLM and
human texts (Solaiman et al., 2019), leveraging
training objectives (Guo et al., 2023; Tian et al.,
2024) and model architectures (Huang et al., 2024)
to further improve detection accuracy. Their ef-
fectiveness critically depends on the quality and
coverage of the training data, as detectors primarily
learn distributional differences between human and
LLM texts. These methods are lightweight and
incur minimal latency, making them suitable for
real-world deployment. In this work, we focus on
training-based detectors and examine how training
data distributions interact with evolving RAG cor-
pora, and how data construction affects long-term
detection robustness.

3 Methodology

3.1 Problem Formulation

Given a dataset (), a query ¢ € @, and a cor-
pus C! at iteration ¢, a RAG system f generates
a response 7 for q. The standard RAG system
includes a retriever R and an LLM generator g
from a set of LLMs G. We further add a detec-
tor D that filters LLM texts from retrieved can-
didates to mitigate performance degradation over
corpus evolution. Specifically, the retriever R first
retrieves and re-ranks the top-k relevant texts from
the corpus C* for query ¢, forming the candidate
set P, = R(q,C"). The detector D filters out
texts in P; predicted as LLM-generated, yielding
P! = D(P!). We then select the top-k texts from
]5qt as the final context S}, = Top,(q, ]5;)

To model corpus evolution, we uniformly sam-
ple one of four generation methods M to produce
a response 7, which is then indexed to the cor-
pus (Figure 1), capturing common LLM text ac-
cumulation patterns in real-world RAG systems,
conditioned on user queries and retrieved texts:
(1) Direct Generation (DG). Generate r directly
from the query: r = gpg(q), mimicking stand-
alone LLM usage (Wu et al., 2024). (2) Retrieval-
Augmented Generation (RAG). Generate 7 from
the query and retrieved context: r = grag(q, Sfl),
matching standard RAG-based systems and Al-
assisted search (Huang and Huang, 2024). (3) Di-
rect Rewriting (DR). Rewrite a randomly sam-
pled passage P; while preserving its meaning:
r = gpr(F;). This approach is commonly used
for paraphrasing or to evade plagiarism detection
systems (Meyer et al., 2023; Kim et al., 2024).
(4) Question-Centric Rewriting (QCR). Rewrite
a sampled passage P; conditioned on the ques-
tion (Raheja et al., 2023; Shu et al., 2024), align-
ing the rewritten text with the question’s intent:
r = gqocr (g, P;). Prompts for all methods are pro-
vided in Appendix A.
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Figure 3: The proposed data augmentation strategy RAD for existing text detectors. The LLM texts are mixed from
various generation methods, and synthesized from both LLM and human texts.

3.2 Pipeline Construction

Following prior work (Chen et al., 2024b), we sim-
ulate corpus evolution over 7" iterations. The initial
corpus C'! contains only human texts, and each it-
eration introduces newly generated LLM texts. As
illustrated in Figure 2, each iteration consists of the
following five phases:
(1) Retrieval phase. Given a query g, we retrieve
and re-rank texts P} from the current corpus C*.
(2) Filtering phase. An LLM text detector D is
applied to remove retrieved texts predicted as LLM-
generated, and the remaining top-k retrieved texts
are used as the context Sé.
(3) Evaluation phase. RAG responses are gener-
ated for each query ¢ using the filtered context 5’;
across all LLM generators (7, and both generation
quality and detector performance are evaluated.
(4) Generation phase. For each query ¢, new texts
are generated using a randomly selected genera-
tion method m conditioned on the query and re-
trieved context. The resulting set C' = {r | r =
9m(q,5%),9 € G,q € Q} is post-processed to re-
move identifiable LLM patterns (details are shown
in Appendix B).
(5) Index updating phase. The newly gener-
ated texts are indexed into the corpus to form
Ct1 = C* U C, enabling their retrieval in sub-
sequent iterations.

We repeat steps (1) to (5) until the maximum
iteration 7'. Pseudocode for the entire pipeline is
provided in Appendix C.

3.3 Usage Paradigms of Detectors in RAG

We first examine two conventional paradigms for
incorporating LLM text detectors into RAG sys-
tems, and then introduce our data augmentation
strategy tailored to corpus evolution.

Off-the-shelf detection (OTS-Det). This straight-
forward paradigm directly applies pre-trained de-
tectors to filter retrieved texts. While simple to

deploy, these detectors are not trained for RAG set-
tings and tend to produce a high false positive rate,
incorrectly filtering out human texts and thereby
degrading retrieval quality.

Downstream fine-tuned detection (FT-Det). A
more adaptive paradigm fine-tunes detectors on
labeled pairs of human and LLM texts. Following
prior work (Tian et al., 2024; Guo et al., 2023),
we construct supervised training data by sampling
queries Qirin from a large-scale RAG training set,
retrieving human texts from the initial corpus C!
using BM25 (Robertson et al., 1994), and pairing
them with responses generated by LLaMA3.1-8B-
Instruct, yielding LLM-human pairs {r!, 7"} as:

S; = {Topk:5(BM25(Q> Cl)) ‘ q € Qtrain},
Th = {rtl; | r(]; = Random(S;)v qc Qtrain}a
rl = {Q(Q) ’ q S Qtrain}-

However, this paradigm assumes a static corpus
and generates LLM texts solely conditioned on the
query, resulting in a training distribution that fails
to capture the mixture and evolution of human and
LLM texts in realistic RAG systems.

Data Augmentation Strategy for RAG Detection
(RAD). Existing directly fine-tuned detectors as-
sume that LLLM and human texts are obtained in
parallel and generated solely from queries (Guo
et al., 2023; He et al., 2024; Hu et al., 2023). This
overlooks a key challenge in RAG systems, where
LLM texts are often synthesized from retrieved
texts that may themselves be a mixture of human
and LLM-generated texts. To address this mis-
match, we adopt a RAG-aware data augmenta-
tion approach (RAD) that aligns detector training
with realistic corpus evolution in RAG systems.
The key motivation of RAD is to expose detectors
during training to the same iterative contamination
patterns encountered at deployment. As illustrated
in Figure 3, we first collect human texts " as de-
scribed above. For each training query ¢ € Qyain,
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Metric Acc@5 EM EMiim, Human @20
Dataset NQ WQ TQ PQ Avg. NQ WQ TQ PQ Avg. NQ WQ TQ PQ Avg. Avg.
Loop 1 (initial stage)
w/o D 71.5 64.5 71.0 555 65.6 63.8 60.8 78.0 55.0 644 39.0 39.2 63.2 36.7 445 100.0
OTS-Det  69.0 62.5 68.5 54.5 63.6v300 62.3 58.8 74.2 54.1 62.4v3.19 37.7 39.0 62.9 34.3 43.5v219 100.0
FT-Det 71.5 64.5 71.0 55.5 65.6009 63.3 60.7 77.5 54.8 64.1v05% 38.2 39.5 64.0 35.2 44.2v0.7% 100.0
RAD (ours) 71.5 64.5 71.0 55.5 65.600% 63.5 60.7 77.8 54.8 64.2v039 38.6 39.2 63.7 36.3 44.5700% 100.0
Loop 2 (early stage)
w/o D 73.5 65.5 72.5 570 67.1 60.7 59.8 77.8 553 63.4 36.2 37.8 63.8 352 433 89.9
OTS-Det  72.5 65.5 72.5 57.0 66.9v(3% 61.3 58.6 73.3 53.5 61.7v279 36.0 37.2 63.6 35.0 43.0v0.7% 91.8
FT-Det 72.5 64.5 71.5 55.0 65.9v13% 63.7 60.0 75.5 54.3 63.4a00% 37.5 38.3 65.2 37.2 44.630% 97.5
RAD (ours) 72.0 64.5 71.5 55.0 65.8vi94% 64.0 60.3 76.7 54.7 639054 37.7 38.7 65.0 37.1 44.6A30% 98.9
Loop 5 (mid-stage)
w/o D 70.5 65.0 71.0 550 654 59.8 58.8 75.7 54.8 623 355 36.0 64.0 348 42.6 57.2
OTS-Det  70.5 63.0 70.0 52.5 64.0v2.19 60.6 58.6 71.9 51.4 60.6v274 35.5 35.1 63.7 33.9 42.1v124 63.9
FT-Det 71.0 64.0 70.5 54.0 64.9v0s% 63.0 60.0 74.7 52.8 62.6a05% 34.7 38.8 64.0 36.3 43.5A2.1% 89.2
RAD (ours) 71.5 64.5 71.0 54.5 65.4x00% 63.7 60.5 76.5 54.4 63.87249 37.5 38.7 64.7 36.6 44.47479 97.3
Loop 10 (late stage)
w/o D 67.0 63.0 70.5 545 63.8 583 57.0 73.7 52.7 604 335 347 63.0 323 409 16.3
OTS-Det  67.5 63.0 70.0 52.0 63.1v1.1% 58.5 58.0 71.2 50.1 59.5vis4 33.1 34.9 63.2 31.7 40.7vo5% 56.4
FT-Det 69.5 64.0 71.0 54.5 64.8A16% 59.0 58.5 73.2 53.5 61.1a129 33.8 36.5 62.8 34.3 4197249 73.7
RAD (ours) 71.5 64.5 71.0 55.0 65.5,279 63.0 60.2 76.1 54.3 63.4r504 36.6 38.5 63.8 36.4 43.877.1% 96.7

Table 1: Performance of RAG with the HC3 detector under various usage paradigms across four stages of corpus

evolution. The best average performance within each iteration is bold.

we generate LLLM texts using generation methods
sampled uniformly from M, conditioned on both
the query and its retrieved texts S ;:

rt={r|r=gml(qS)),meM}. (1)

We then augment the initial corpus with these gen-
erated texts to form a mixed corpus C? = C1 U r!.
New LLM texts are then generated from the query
and retrieved texts S 2 from C2:

Sy = {Top;(BM25(q, C?) | ¢ € Quain},
=r2={r|r= gm(q,Sg),m € M}.

2

As aresult, the augmented LLM texts are synthe-
sized under diverse generation modes and mixed
LLM-human texts, better reflecting the contami-
nation patterns of evolving RAG corpora. This
data-level design makes RAD detector-agnostic.
In this work, we primarily apply RAD to the QA-
oriented, training-based detector HC3 (Guo et al.,
2023), which jointly takes the query and candidate
retrieved text as input and is well suited for ODQA
tasks in RAG pipelines. Other detector types are
evaluated in Section 4.4.

3.4 Implementation Details

We set the maximum number of iterations to
T 10. For each query, we retrieve and re-

Iterations

Iterations
.

OTS maw FT == RAD

Figure 4: Detection accuracy of the HC3 detector with
various usage paradigms.

rank the top 100 relevant texts, and keep the top
k = 5 relevant texts as RAG context after filter-
ing. We use three representative LLMs as genera-
tors: LLaMAZ3.1-8B-Instruct (Al@Meta, 2024),
Qwen2.5-14B-Instruct (Yang et al., 2024), and
GPT-40-mini (Hurst et al., 2024). Additional de-
tails are provided in Appendix D.

4 Experiment and Analysis

4.1 Datasets and Evaluation Metrics

Datasets. Building on prior work on RAG sys-
tems (Chen et al., 2024b), we study four com-
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Figure 5: Proportion of human- and LLM-written texts in the top-20 retrieved results ]5; across iterations.

monly used ODQA datasets: NQ (Kwiatkowski
et al., 2019), WebQ (Berant et al., 2013), Triv-
iaQA (Joshi et al., 2017), and PopQA (Mallen
et al., 2023). Following prior iterative RAG set-
tings (Chen et al., 2024b), we randomly select 200
samples from each test set and form the dataset ().

Metrics. We evaluate the system from four per-
spectives: retrieval performance, generation qual-
ity, detector accuracy, and the “Spiral of Silence”
effect. Retrieval performance is measured by
Acc@5 (Karpukhin et al., 2020), which evaluates
whether the top-5 retrieved passages in 5’}; contain
the correct answer. Generation quality is evalu-
ated using exact match (EM) (Chen et al., 2024a)
and EMy;,,, (Chen et al., 2024b), where a strong
LLM (GPT-5-mini) judges whether the generated
response contains and supports the answer. Detec-
tor accuracy is measured as the classification per-
formance on the top-100 re-ranked search results.
The “Spiral of Silence” effect is evaluated by Hu-
man@20 (Chen et al., 2024b), which computes the
proportion of human texts in top-20 filtered results.

4.2 Experimental Results

We evaluate RAG performance at four representa-
tive stages of corpus evolution: Loop 1 (initial),
Loop 2 (early), Loop 5 (mid), and Loop 10 (late).
Table 1 and Figure 4 report results under a repre-
sentative RAG configuration with BM25 and BGE-
reranker, where responses are generated using all
three LLMs G. We have the following findings:

LLM text contamination progressively degrades
RAG performance. Without detectors (w/o D),
incorporating LLM texts into the corpora leads to
two distinct effects. At early stages (Loop 1 to
Loop 2), a small amount of LLM texts can tem-
porarily improve retrieval by supplementing miss-
ing answers in the corpus. However, this benefit
does not translate into better generation quality, as
generation performance already declines in early

iterations, indicating that retrieved LLM texts of-
ten introduce noisy or hallucinated content. As
corpus evolution proceeds, LLM texts increasingly
dominate retrieval results, causing the proportion
of human-written texts in search results to sharply
drop (from 100% to 16.3%). This shift results in
sustained degradation of both retrieval and gener-
ation performance, exhibiting a typical “garbage
in, garbage out” pattern and reflecting a “Spiral of
Silence” effect in RAG systems.

Limitations of existing detectors and the effec-
tiveness of RAD under corpus evolution. As
shown in Figure 4, in Loop 1 all retrieved texts
are human-written; thus, detection errors in this
iteration correspond purely to false positives, pro-
viding a clean assessment of the risk of mistakenly
filtering human texts. Off-the-shelf detectors (OTS-
Det) achieve only about 93% accuracy, indicating
a non-negligible false positive rate (FPR=7%) that
removes substantial amounts of relevant human
texts. Such errors are particularly harmful in RAG
systems, as discarded human texts cannot be re-
covered before generation, making OTS-Det un-
suitable for deployment (Nicks et al., 2024; Wu
et al., 2024). Directly fine-tuned detectors (FT-Det)
substantially reduce false positives in early itera-
tions, achieving an FPR of about 0.2%, comparable
to RAD. However, their performance degrades in
mid-to-late stages as retrieved texts increasingly
mix human texts with prior LLM-generated texts,
revealing the limited robustness of detectors trained
on static RAG data. In contrast, detectors trained
with RAD consistently maintain low FPR and high
detection accuracy across iterations. As shown in
Figure 5, RAD retains over 90% of human-written
passages in late-stage retrieval results across both
HC3 and MPU detector, whereas w/o D and FT1-
Det suffer from severe LLM text accumulation. No-
tably, the proportion of LLM texts in search results
stabilizes after five iterations rather than continu-
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ing to grow, demonstrating that RAD effectively
mitigates the “Spiral of Silence” effect.

4.3 Mechanism Analysis

In this section, we investigate the underlying mech-
anisms of detection failure and robustness under
iterative RAG, focusing on two research questions.

RQ1: Why does detection become increasingly
difficult under iterative RAG? Inspired by prior
observations on retrieval bias in evolving cor-
pora (Dai et al., 2023), we analyze how the dis-
tribution of retrieved texts shifts across iterations
using log-likelihood (LL), a widely used model-
agnostic cue for LLM text detection (Bao et al.,
2024; Wang et al., 2023). In the w/o D RAG set-
ting, we compute the average token-level LL un-
der a fixed language model My (OPT-1.3B (Zhang
et al., 2022)) as:

T
1
LL(z) = T g log Pry (¢ | 2<t).  (3)
t=1

As shown in Figure 6, early-stage LLM texts (e.g.,
Loop 2) exhibit a clear LL gap from human texts,
making them relatively easy to detect, since they
are solely generated from human texts and re-
tain strong LL.M-style distributional characteris-
tics. However, as iterative RAG proceeds, retrieved
LLM texts are increasingly generated under mixed
contexts containing both human and prior LLM
texts. Such mixed-source generation shifts the
resulting generated texts away from the original
LLM text distribution and toward that of human
texts. As a result, LL-based distributional cues be-
come less discriminative, explaining why detectors
fail to generalize under corpus evolution, consis-
tent with prior findings on iteratively paraphrased
or style-shifted texts (Koike et al., 2024; Krishna
et al., 2023). We observe the same trend when
computing LL using a different language model
such as Qwen3-8B, with consistent distributional
convergence across iterations (Appendix E).

RQ2: How does RAD address this difficulty?
We investigate how RAD mitigates detection fail-
ures under iterative RAG, focusing on how detector
robustness depends on the round of synthetic data
used for training. Figure 7 reports recall on human
texts (in loop 1) and LLM texts from four genera-
tion modes across different loops. FT-Det is trained
only on directly generated texts (DG), without ex-
posure to generation conditioned on retrieved texts.

Log-Likelihood Distribution across Iterative RAG

0.8 = ==+ Loopl (Human) 7
Loop2 (LLM) /
Loop3 (LLM) /
Loop5 (LLM) /
Loop10 (LLM)

-5 -4 -3 -2 -1
Average Token Log-Likelihood

Figure 6: Kernel density estimation (KDE) of average
token log-likelihood for retrieved texts across iterations.

As a result, their performance degrades when de-
tecting RAG texts, indicating that training on direct
query-based generation is insufficient to handle
texts generated under iterative RAG.

We further compare RAD with two ablation vari-
ants. Specifically, RAD-1, RAD, and RAD-3 cor-
respond to training detectors on LLM texts syn-
thesized at the first, second, and third rounds
of corpus evolution, respectively, as described in
Section 3.3. RAD-1, which removes mixed-source
synthesis, improves early-stage detection across
all modes but still fails on later texts, indicating
that generation diversity alone is insufficient. In
contrast, our proposed RAD consistently improves
recall on detecting LLM texts from later iterations
while preserving high recall on human texts. RAD-
3, which introduces additional synthesis rounds,
further slightly increases recall on LLM texts but
noticeably reduces recall on human texts, indicat-
ing over-alignment with human-like synthetic dis-
tributions. This trade-off is consistent with the LL
shifting observed in Figure 6.

Overall, these results show that RAD is effec-
tive because it aligns detector training with mixed-
source generation patterns characteristic of early
corpus evolution, enabling robust performance in
later iterations and reaches better trade-offs be-
tween detecting LLM and human texts. Beyond
detection accuracy, we evaluate the system-level
impact of different detector variants. As shown
in Table 2, FT and RAD-1/3 fail to prevent long-
term RAG degradation, whereas only RAD con-
sistently stabilizes both retrieval and generation
performance across iterations.

4.4 Further Analysis

We further evaluate the robustness of RAD under
distribution shifts introduced by different compo-
nents of the RAG pipeline, including retrievers,
detector architectures, and text generators.
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Figure 7: Recall on Human texts (in loop 1) and LLM texts across generation modes and corpus evolution.

FT

Method Acc@5 EM EMy, Human@20
FT 64.8 61.1 41.9 73.7
RAD 65.5 634 43.8 96.7
RAD-1 65.0 61.5 42.8 81.3
RAD-3 65.1 61.7 42.6 84.4

Table 2: Impact of the synthesis stage used for detector

training on RAG performance in Loop 10.
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Figure 8: Different retrievers in the RAG pipeline with
HC3 of FT and RAD paradigms.

Robustness across Retrievers We replace the
retriever with Contriever and apply either BGE-
Reranker or MonoT?5 for re-ranking (denoted as
Cont+BGER and Cont+MTS5). As shown in Fig-
ure 8, FT-Det consistently degrade across retriever
configurations, reflecting persistent source bias in
retrieval pipelines (Dai et al., 2023). In contrast,
RAD maintains stable detection performance over
iterations under all retriever settings, demonstrating
robustness to retrieval-induced distribution shifts.

Robustness across Detector Architectures. We
further evaluate RAD on representative efficient
detectors with different architectures and training
paradigms, including MPU (Tian et al., 2024) and
Fast-DetectGPT (Bao et al., 2024) (details in Ap-
pendix D). As shown in Table 5 in Appendix F,
detector behavior varies across architectural design.
Nevertheless, under the RAD paradigm, all detec-
tors preserve over 90% human-written texts in the
top-20 retrieval results at late stages, effectively
mitigating the “Spiral of Silence” effect. HC3 ex-
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Figure 9: Detection recall on texts from different gener-
ators under FT and RAD paradigms.

hibits the strongest overall alignment with the RAG
setting, due to its QA-oriented formulation.

Generalization across Generators. We train de-
tectors on LLaMA-generated texts (training details
are provided in Appendix D) and evaluate them on
texts generated from LLaMA, Qwen, and GPT at
loop 2, 5, and 10, simulating scenarios where the
test-time generator is unknown. As shown in Fig-
ure 9, FT detectors exhibit progressively degraded
recall over iterations, especially on GPT-40-mini
outputs, which are more difficult to distinguish. In
contrast, detectors trained with RAD consistently
maintain higher recall across generators and itera-
tions, demonstrating strong cross-generator gener-
alization in evolving RAG systems.

5 Conclusion

In this paper, we study the use of LLM text detec-
tors in RAG systems to mitigate performance degra-
dation and the “Spiral of Silence” effect caused
by the accumulation of LLM texts. We propose
RAD, a RAG-aware data augmentation strategy
that synthesizes training data by mixing human and
LLM texts under diverse RAG generation settings,
aligning detector training with realistic corpus evo-
lution. Experimental results and mechanism analy-
sis show that RAD significantly improves detector
robustness under iterative corpus evolution and ef-
fectively stabilizes both retrieval and generation
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performance, highlighting the importance of data-
centric detector training for reliable RAG systems.

Limitations

We acknowledge some limitations of our study:

First, while our work focuses on entirely exclud-
ing detected LLM-generated texts from the RAG
generation context to prevent error amplification,
future work may investigate how to handle these
texts more effectively. Rather than simply discard-
ing them all, hallucination detection methods (Min
et al., 2023; Huang et al., 2026) could be employed
to verify their factuality. In this way, the factually
correct LLM-generated texts could be retained and
presented to the user as optional or auxiliary ref-
erences, without incorporating them into the RAG
generation process. Second, while our study fo-
cuses on the widely adopted ODQA benchmarks
for RAG systems, future work may explore the ap-
plication of these detectors in other RAG scenarios
or benchmarks.

Ethical Considerations

Our paper explores the impact of the LLM-
generated texts on RAG-based systems and pro-
poses solutions to mitigate the performance degra-
dation and the “Spiral of Silence” phenomenon.
We conduct our experiments on public datasets and
do not release any generated texts during the iter-
ative simulation process, thereby minimizing the
risk of ethical issues.
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1. Direct Generation (DG)

Provide a background document in 100 words according to
your knowledge from Wikipedia to answer the given question.
Question: { }

Background Document:

2. Retrieval-Augmented Generation (RAG)
Context information is below.

Using both the context information and also using your own
knowledge, answer the following question with a background
document in 100 words.

Question: { }

Background Document:

3. Direct Rewriting (DR)
Document is below.

Rewrite the document in 100 words.
Rewritten document:

4. Question-Centric Rewriting (QCR)
Document is below.

Rewrite the document in 100 words, preserving the original
content and narrative details, while making it more relevant to
the given question.

Question: { }

Rewritten document:

Figure 10: Prompts for LLM text generation methods.

Artificial Intelligence, Fifteenth Symposium on Ed-
ucational Advances in Artificial Intelligence, AAAI
2025, Philadelphia, PA, USA, February 25 - March
4, 2025, pages 26166-26174. AAAI Press.

A Prompts of Generation Methods

We provide the detailed prompts for four LLM
text generation methods in Figure 10. We also
provide cases of LLM-generated texts in Figure 11,
showing that each generation method follow the
instruction to generate texts.

B Post-Processing Details

Inspired by prior work (Chen et al., 2024b), we re-
move any specific phrases that indicate the texts are
from LLMs through string matching. We collect
over 40 sentences through manually annotation,
and examples of phrases are follows:

* As an Al language model...

* I’d be happy to assist you...

31984


https://doi.org/10.1162/coli_a_00549
https://doi.org/10.1162/coli_a_00549
https://doi.org/10.1162/coli_a_00549
https://doi.org/10.48550/ARXIV.2410.23746
https://doi.org/10.48550/ARXIV.2410.23746
https://doi.org/10.18653/v1/2024.findings-emnlp.424
https://doi.org/10.18653/v1/2024.findings-emnlp.424
https://doi.org/10.18653/v1/2024.findings-emnlp.424
https://doi.org/10.48550/ARXIV.2412.15115
https://arxiv.org/abs/2503.05587
https://arxiv.org/abs/2503.05587
https://arxiv.org/abs/2503.05587
https://doi.org/10.1145/3774904.3792955
https://doi.org/10.48550/ARXIV.2205.01068
https://doi.org/10.48550/ARXIV.2205.01068
https://doi.org/10.48550/ARXIV.2405.17998
https://doi.org/10.48550/ARXIV.2405.17998
https://doi.org/10.48550/ARXIV.2405.17998
https://doi.org/10.48550/ARXIV.2405.17998
https://doi.org/10.1609/AAAI.V39I24.34813
https://doi.org/10.1609/AAAI.V39I24.34813
https://doi.org/10.1609/AAAI.V39I24.34813

Query: who does ben have a baby with in eastenders
Answers: [Lola Pearce]

Retrieved Texts:

1. Direct Generation (DG)

2. Retrieval-Augmented Generation (RAG)

3. Direct Rewriting (DR)

Joshua Pascoe from 2010-2011, and took a break before rejoining."

4. Question-Centric Rewriting (QCR)

possibility open for another character.

[1] Ben Mitchell (EastEnders) to someone, telling them that Ben is all theirs. When Ben arrives...

[2] Honey Mitchell for those who have children with the condition. In 2006, EastEnders pledged that they...
[3] Ben Mitchell (EastEnders) Ben Mitchell (EastEnders) Ben Mitchell is a fictional character from the BBC...
[4] Billy Mitchell (EastEnders) a realistic way. The DSA have expressed their desire to...

[5] Billy Mitchell (EastEnders) could arise. “EastEnders” pledged to make every effort to portray...

**Background Document: EastEnders** EastEnders is a long-running British soap opera created by Julia Smith and Tony Holland.
The show premiered on February 19, 1985, and has been broadcast on BBC One ever since. Set in the fictional London Borough of
Walford, the show revolves around the lives of the residents of Albert Square, a close-knit community with a rich history. The show is
known for its in-depth storylines, complex characters, and gripping plot twists. Over the years, EastEnders has tackled various social
issues, including racism, homophobia, and domestic violence, making it a staple

Background Document: Ben Mitchell (EastEnders) is a fictional character from the BBC soap opera \"EastEnders\". The role has been
played by five different actors, with Charlie Jones, Joshua Pascoe, and others portraying Ben at various stages of his life. In the context
of the series, Ben has had romantic relationships with several characters, including Abi Branning and Paul Coker. Answer: Based on
the provided context information and general knowledge of the EastEnders storyline, Ben Mitchell does not have a baby with anyone
in the provided contexts. However, in the actual EastEnders storyline, Ben Mitchell has a son called Lex

“Ben Mitchell (EastEnders)” Ben Mitchell is a fictional character from the BBC soap opera "EastEnders". He has been played by five
different actors: Matthew Silver as an infant from 1996-1998, Morgan Whittle as a toddler from 1999-2001, Charlie Jones in 2006,

“Ben Mitchell (EastEnders)” Ben's relationships are strained due to his supposed affair with Paul, which Abi discovers. To save their
relationship, Abi announces she is pregnant after being manipulated by Babe Smith. However, Ben refuses to have sex with her,
indicating that he has no intention of having a child with Abi. This implies that Ben may not be the father of Abi's child. The document
does not explicitly mention the identity of Ben's baby's mother, but it suggests a separation between Ben and Abi, leaving the

Figure 11: Cases of LLM-generated texts.

* According to my knowledge...
* As of my knowledge cutoff date...

* Based on the provided context information, ...

C Pseudo Code of the Pipeline

To better clarify the RAG framework with text de-
tectors, we provide pseudo code in Algorithm 1.

D Implementation Details

Corpus Statistics. The initial corpus C'! is the
Wikipedia dump from December 20, 2018, contain-
ing approximately 21 million passages (Karpukhin
et al., 2020). At each iteration, the detector pro-
cesses 200 x 4 x 100 = 80K re-ranked passages,
with an average runtime of about 5 minutes.

Detectors. Detectors are either applied using
their released checkpoints or fine-tuned from

RoBERTa-base using the downstream training set
or the proposed augmentation strategy, following
their original training configurations. For the filter-
ing stage, HC3 (Guo et al., 2023) and MPU (Tian
et al., 2024) are fine-tuned for one epoch with a
learning rate of 5 x 1075 and a batch size of 32.
We additionally consider a representative metric-
based detector, Fast-DetectGPT (Bao et al., 2024),
which does not require training data and outputs a
detection score rather than probability. Specifically,
it first measures the log likelihood of an input text,
then applies token-level perturbations and com-
putes the likelihood differences before and after
perturbation. Following Bao et al. (2024), we cali-
brate the detection scores by estimating Gaussian
distributions for human-written (Dg) and LLM-
generated (D) texts with parameters (y, 0g) and
(11, 01) from labeled training data, and compute
the LL.M-generation probability for a detection
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Algorithm 1 Simulation of RAG Framework with
Text Detectors

Input: Detector D, initial corpus C*, datasets
Q, QA pair (q,a) € @, generators (G, generation
methods M, and number of iterations 7'

Output: Performance of Retrieval RP?, Genera-
tion GP!, and Detection Accuracy DA! in each
iterationt € T'

1: fort < 1toT do
2: for (¢,a) € Q do

{Retrieval Phase}

3: P! < Retrieve-Rerank(q, C*)
{Filtering Phase}

4 P!+ Filter(D, PY)

{Evaluation Phase}

5: RP' + Eval,;(P!, a)

6: DA + Evalye (D, P;)

7: Sy Form-Context(ﬁ;)

8: r <— empty-list

9: for g € G do

10 r < r URAG(g, q, Sé)

11: end for

12: GP' + Evalge,(r, a)

{Generation Phase}

13: C « empty list

14: for g € G do

15: m < Random-Selection(M)
16: 7+ Post-Proc(GenRes(gm, ¢, St))
17: C«CHr

18: end for

{Index Updating Phase}

19: cHl - ctuC
20:  end for
21: end for=0
score x as:

) 2
p(D1 ‘x): N(%Mh"l) . @)

N (z; o, 08) + N (x5 1, 03)

For the FT-Det setting, we obtain (ug,00) =
(—0.545,1.021) and (p1,01) = (1.738,1.005).
For the RAD setting, the corresponding parameters
are (up,00) = (—0.545,1.021) and (p1,01) =
(0.762,1.175). We use OPT-1.3B (Zhang et al.,
2022) as the detector backbone to ensure low extra
latency in the RAG system.

Training Data. To construct detector training
data, we proportionally sample 30K queries from
the training sets of NQ, WebQ, and TriviaQA

Type FT RAD

# Total Avg. Tokens # Total Avg. Tokens
Human 30,000 145.30 30,000 145.30
DG 30,000 122.80 7,500 122.32
RAG 0 N/A 7,500 124.56
QR 0 N/A 7,500 121.48
QCR 0 N/A 7,500 120.39

Table 3: Statistics of the training data.

(PopQA has no training set), resulting in 60K pas-
sages in total. This keeps the training scale compa-
rable to the original HC3 dataset. We use LLaMA-
3.1-8B-Instruct (Al@Meta, 2024) to generate LLM
texts for training. Statistics of datasets is shown in
Table 3.

Evaluation and Generation Phases. During
evaluation, three LLMs are used across four
datasets. As a result, each iteration adds 200 x
4 x 3 = 2.4K newly generated LLM passages to
the index, and produces an additional 2.4K RAG
responses for evaluation. With T' = 10 itera-
tions, each experimental run generates a total of
(2.4K + 2.4K) x 10 = 48K LLM texts. All ex-
periments are conducted on NVIDIA A800 GPUs.
Each complete run takes approximately 8.6 hours
for a given configuration, of which the detection
phase accounts for about 0.83 hours (~10%).

Evaluation Metrics. We evaluate RAG sys-
tems from three perspectives: retrieval perfor-
mance (Eval,.;), detection performance (Evalg,),
and generation performance (Evalge,), as de-
fined in Algorithm 1. The retrieval performance

Eval,.et(Pé, a) (Acc@5) in dataset @ is defined as:
1 5
Acc@5 = — Ilael| |PL ] 5
a2 [ Ur
(q,a)EQ i=1

where Pqt,i is the ¢-th passages in the filtered results
15;, and a is the ground-truth answer.

The detection performance Evale: (D, P;) is de-
fined as:

Evalge: (D, Pt

i 7 2 2 1D

(g,0)EQ SEPt
(6)
where Pg is the top 100 unfiltered retrieved pas-
sages for query ¢, f(s) € {0, 1} is the ground-truth
label (0: human, 1: LLM), and D(s) = I[P¥(s) >
P (s)] is the detector prediction.
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For the generation performance Evalge,, (D, P),
the EMy;,,, (Chen et al., 2024b) and the EM metric
are defined as:

1, if r contains and supports a,

EMyj(r,a) = {

0, otherwise.

EM(r,a) = I(a €1). (7)

Prompt: LLM-based Exact match

Does the following response support the answer to the
question?

Question: {question_str}

Response: {response_str}

Answer: {answer_str}

Just answer "yes’ or 'no’.

The final score for a generation metric M (either
EM or EMy;,,,) is defined as:

2. > (M

(q a)eQ geG

EValgen = q7 St ])
®)

E Additional Analysis of Log-Likelihood

!QI !

We further compute token-level log-likelihood us-
ing Qwen3-8B as the scoring model. As shown
in Figure 12, we observe the same trend as with
OPT-1.3B: the log-likelihood distributions of LLM-
generated texts progressively shift toward those of
human-written texts as RAG iterations proceed.
We additionally analyze the log-likelihood dis-
tributions of texts generated under different gen-
eration modes at Loop 10 in the w/o D setting,
including DG, RAG, DR, QCR, measured by OPT-
1.3B and Qwen3-8B. As shown in Figure 13 and
Figure 15, DG exhibits the highest average log-
likelihood gap from human texts, while RAG yields
the lowest and closer to human texts. This indicates
that, compared to other generation modes, RAG-
generated texts exhibit the lowest log-likelihood
under the scoring models, and are therefore more
difficult to be distinguished from human texts.
These findings further support our claim that mixed-
source generation in RAG accelerates distributional
coverage and fundamentally challenges detector
generalization under iterative corpus evolution.

F Robustness across Detectors

We further evaluate the robustness of the proposed
RAD strategy across several representative LLM
text detectors, including MPU (Tian et al., 2024)
and Fast-DetectGPT (Bao et al., 2024), all trained

Log-Likelihood Distribution across Iterative RAG

==+ Loopl (Human)
Loop2 (LLM)
Loop3 (LLM)
Loop5 (LLM)
Loop10 (LLM)

-7 -6 =5 —4 -3 -2 -1
Average Token Log-Likelihood

Figure 12: KDE of average token log-likelihood for
retrieved texts across iterations, measured by Qwen3-
8B.

Log-Likelihood Distribution across Iterative RAG

1.0 — DG
RAG

0.8 — DR
— QCR

—4.0 =35 -3.0 -2.5 -2.0 =15
Average Token Log-Likelihood

Figure 13: KDE of average token log-likelihood for
generated texts, measured by OPT-1.3B.

under both the FT baseline and the RAD setting.
MPU modifies the loss function to improve detec-
tion performance on short texts (typically fewer
than 100 tokens). Fast-DetectGPT detects LLM
texts by applying token-level perturbations and
comparing the log-likelihood of the original text
with that of its perturbed variants. As shown in Ta-
ble 5, RAD yields the most significant gains when
applied to the HC3 detector. One plausible expla-
nation is that HC3 is specifically designed for QA
scenarios, which are closely related to RAG set-
tings. For the other detectors, RAD consistently
improves performance over the FT baseline, al-
though the improvements are comparatively more
moderate.

G Analysis of Individual Generation
Methods

To investigate how different generation methods
affect the RAG system, we conduct experiments by
exclusively using one specific generation method
for all queries in the w/o D setting. The full ex-
perimental results are shown in Table 4 and Fig-
ure 14. We find that all four generation methods
detrimentally impact the RAG performance and
gradually lead to the effect of “Spiral of Silence”
over iterations. Over time, as LLM texts increas-
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Metric Acc@5
Dataset NQ WebQ TQA PopQA Avg.
Loop Ori. L5 L10 Imp. Ori. L5 L10 Imp. Ori. L5 L10 Imp. Ori. L5 L10 Imp. Imp.

Full 71.5 70.5 67.0 -63% 645 65.0 63.0 -23% 71.0 71.0 70.5 -0.7% 55.5 55.0 54.5 -1.8% -2.8%
w/ DG 715 66.5 64.0 -10.5% 64.5 65.0 63.5 -1.6% 71.0 69.5 68.5 -3.5% 55.5 53.5 50.0 -9.9% -6.4%
w/RAG 71.5 71.0 65.5 -84% 645 63.5 61.0 -54% 71.0 71.5 71.0 +0.0% 55.5 55.5 54.0 -2.7% -4.1%
w/DR 715 70.0 69.5 -2.8% 64.5 63.5 64.0 -0.8% 71.0 70.5 70.5 -0.7% 55.5 54.5 545 -1.8% -1.5%
w/ QCR 71.5 695 685 -42% 645 63.0 62.0 -3.9% 71.0 70.5 69.5 -2.1% 55.5 54.5 53.5 -3.6% -3.5%

Metric EM

Full 63.8 59.8 583 -8.6% 60.8 58.8 57.0 -6.3% 78.0 75.7 73.7 -55% 55.0 54.8 52.7 -42% -6.2%
w/ DG 638 582 56.4 -11.6% 60.8 57.9 55.7 -8.4% 78.0 743 719 -7.8% 55.0 52.8 49.6 -9.8% -9.4%
w/ RAG 63.8 60.1 57.8 -9.4% 60.8 58.3 56.5 -7.1% 78.0 74.7 72.4 -72% 55.0 53.6 499 -93% -8.3%
w/DR 638 62.1 60.7 -49% 60.8 59.7 589 -3.1% 78.0 76.7 75.0 -3.8% 55.0 54.6 53.7 -2.4% -3.6%
w/ QCR 63.8 58.6 57.6 -9.7% 60.8 584 57.1 -6.1% 78.0 75.0 73.5 -5.8% 55.0 53.1 52.3 -49% -6.6%

Table 4: The impact of four LLM text generation methods on the RAG system. We evaluate the retrieval and
generation performance during the corpus iteration process at the Loop 1 (Ori.), 5, and 10. and the improvement
(Imp.) of Loop 10 compared to Loop 1.

N Web PopQA
1.00 Q 1.00= Q 1.00 1.004 PQ
§0.75 0.75 0.75+
éoso 0.50 0.50
=]
T 0257 , o 0.25 0.25+
—<— Full
0.00 0.00 0.00 0.00
12345678910 12345678910 12345678910 12345678910
Loop Loop Loop Loop

Figure 14: The percentage of human text in top 20 search results 15; of the RAG system without the detector during
corpus iteration when LLM-generated texts are gradually integrated into the corpus.

Log-Likelihood Distribution across Iterative RAG

o Metric Acc@5 EM EMy, H®@20
0.8 Loop 10 (late stage)

206 w/o D 63.8 60.4 40.9 16.3

[3504 FT-HC3 64.8 61.1 41.9 73.7

' FT-MPU 645 61.2 41.6 72.8

0.2 FT-FastDet 64.0 60.7 40.1 69.7

00 RAD-HC3 65.5 634 43.8 96.7

ss 50 s a0 s a0 os RAD-MPU 653 629 430 927

Average Token Log-Likelihood RAD-FastDet 65.0 63.0 43.3 93.5

Figure 15: KDE of average token log-likelihood for =~ Table 5: RAG performance with various detectors in the
generated texts, measured by Qwen3-8B. late stage (loop 10).

H Use of AI Assistants

We use ChatGPT to assist with writing clarity and
presentation. !

ingly infiltrate the search results, hallucinations
dominate the input context, leading to a significant
decline in performance across four datasets. This
consistent degradation underscores the necessity of
training text detectors on diverse data from all four
generation methods, enabling detectors to filter out
LLM texts in search results. 'https://chatgpt.com/

31988


https://chatgpt.com/

