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Abstract

The tendency of large generative models to mem-
orize training data has established sample verifi-
cation as a critical necessity for privacy auditing
and copyright enforcement. Current membership
inference attacks (MIAs) often rely on “one-shot”
generations, which yield weak signals and limited
sensitivity across different modalities. Inspired by
Model Autophagy Disorder (MAD), we introduce
MADreMIA, a model-agnostic add-on framework
that enhances white-, grey-, and black-box MIAs.
Unlike conventional approaches that use a single
query, MADreMIA utilizes chained generations —
where each output informs the subsequent input
— to amplify membership evidence. We demon-
strate that training “re-members” exhibit signifi-
cantly higher coherence and slower degradation
during iterative regeneration than non-members
generations. Our results across image, text, and
audio modalities show that MADreMIA provides
substantially richer signals for both membership
and dataset inference across diverse model fami-
lies, including IARs, diffusion, and large language
models.

1. Introduction

The importance of Membership inference attacks
(MIAs) (Shokri et al., 2017) and dataset inference
(DIs) (Maini et al., 2021) has grown alongside the scale of
generative models, which often ingest private or proprietary
data without clear oversight. Practical auditing — ranging
from protecting medical privacy (Zhang et al., 2022) to
identifying licensed content (Dubiriski et al., 2025) or
detecting benchmark contamination (Maini et al., 2024;
Singh et al., 2024; Zawalski et al., 2026) — requires looking
beyond a model’s general capabilities. The definitive test
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Figure 1. Comparison between conventional one-shot membership
inference attack and our chained-generation approach. The former
use a single query, which yields a weak signal that often fails to
separate members from non-members. In the latter, each genera-
tion informs the next query, progressively amplifying membership
evidence and improving separability: re-members () are more
coherent and degrade slower than re-non-members (%).

i)

becomes whether the model retains a structural “echo
of its training data, manifesting itself as a high-fidelity
memorization signal that can be surfaced through targeted
inference.

Most existing membership attacks extract evidence from a
single query (Zhang et al., 2024; WU et al., 2024) or sev-
eral loosely coupled samples (Choquette-Choo et al., 2021).
We argue that such ’one-shot’ interactions are insufficient
to support high-confidence membership decisions, as they
often fail to capture the subtle, deep-seated signals of mem-
orization required for a robust audit.

Consider a suspect interrogation. A single question rarely
distinguishes a plausible lie from the truth, but a sequential
interrogation—where each query is conditioned on the pre-
vious answer—is far more revealing. In this setting, truthful
narratives remain coherent under follow-up, whereas fabri-
cated ones inevitably collapse. The diagnostic power lies
not in an isolated response, but in the consistency of the
evolving dialogue.

We view model auditing through this same lens. While a
classical MIA effectively asks a single question — Have you
seen this example? — and Dataset Inference (DI) asks a
series of independent ones, we construct a chained interac-
tion inspired by the recursive, self-feeding nature of Model
Autophagy Disorder (MAD) (Alemohammad et al., 2023;
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Figure 2. VAR-d30 members: qualitative example. Across itera-
tive regeneration, image quality gradually declines, yet semantic
coherence is largely preserved from one generation to the next.

Shumailov et al., 2024). Our approach, MADreMIA, is
iteratively reconditioning the model on its own outputs —
through image regeneration, audio ”echo”, or text expan-
sion — to move beyond one-shot plausibility. We measure
the model’s ability to sustain a coherent chain of evidence, a
signal that remains robust for training members but degrades
rapidly for non-members.

Our framework is designed to be intentionally method-,
model-, and modality-agnostic. By functioning as a modu-
lar add-on, it can be integrated with existing white-, grey-,
or black-box membership inference attacks to significantly
enhance their detection sensitivity. Although the technical
implementation of the chaining mechanism varies by do-
main, the core principle remains universal: membership
leaves an indelible footprint on the stability, fidelity, and
self-consistency of iterative generations. This unified ap-
proach allows MADreMIA to transfer seamlessly across
diverse architectures, including image autoregressive mod-
els (IARs), diffusion models (DMs), large language models
(LLMs), and Voice Conversion (audio) models.

In summary, we challenge the status quo of one-shot audit-
ing, arguing that it fundamentally underutilizes the infor-
mation latent within generative models. We demonstrate
that while a single output is often too noisy to be decisive, a
chain of regenerated outputs acts as a powerful signal am-
plifier. By developing this concept into a model-agnostic
add-on, we show that ’re-members” maintain a structural
persistence that non-members simply cannot sustain. Across
diverse architectures and modalities, our results confirm that
the key to a confident audit lies not in the first response, but
in the consistency of the iterative dialogue.

2. Method

MADreMIA is a lightweight add-on to standard membership
and dataset inference tasks (see Figure 4). In this section,
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Figure 3. VAR-d30 non-members: qualitative example. Across
iterative regeneration, image quality deteriorates faster and inter-
generation coherence is less stable, with greater drift in content
and structure.
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Figure 4. MADreMIA: add-on chained regeneration features
to strengthen the membership signal for generative models. It
is method type-agnostic: can be used for white-, grey- and black-
box MIA methods.

we present it only as MIA add-on for simplicity. A one-shot
MIA extracts features from a query sample and predicts
a membership score, but this signal is often weak. We
strengthen it by concatenating features from an iterative
regeneration trajectory before calculating final MIA score.

Base MIA embedding. Given an input x, a baseline ex-
tractor ¢mi, produces zmia = Omia(r) € R?. This is the
standard one-shot MIA representation.

Chained regeneration.
self-conditioned sequence:

R(f,z1),

where f denotes the target generator and R represents
a modality-specific regeneration function (e.g., image-
to-image refinement, text continuation, or audio re-
conditioning). Intuitively, if « is a training member, the
model preserves structure and identity across generation
trajectory more consistently; for non-members, the chain
drifts faster and degrades in fidelity.

We formalize our approach as a

(D = x(o):z,t:O,...,T—l,



Feature fusion and scoring. Trajectory statistics are en-
coded as 2z, = Y(z@, ..., 2(M) € R¥, and then concate-
nated with baseline evidence: Z = [zmia| Zuaj]- A scorer
h outputs the final membership score s(z) = h(Z). The
scoring stage is unchanged; MADreMIA only enriches the
input representation.

Key effect. MADreMIA converts weak one-shot evidence
into a stronger temporal-consistency signal, improving
member/non-member separability while remaining model-
and modality-agnostic.

3. Experiments

We evaluate whether chained regeneration can be a signal
amplifier for one-shot auditing across modalities, model
families, and access regimes. Our preliminary analysis fo-
cuses on the following questions: (Q1) What distinguishes
member/non-member chained generation trajectories? (Q2)
Is it consistent between images, audio, and text? (Q3)
Does MADreMIA increase member/non-member separabil-
ity compared to one-shot MIA? (Q4) How does model size
affect member/nonmember trajectory signals?

Experimental setup. To ensure a scientifically sound eval-
uation across our MIA tasks, we restrict our setup to models
trained on public datasets with well-defined, identically
and independently distributed (IID) training and test splits.
We evaluate our method across three diverse modalities to
demonstrate its broad applicability. For image generation,
we analyze SOTA autoregressive models (VAR-d{20, 24,
30} (Tian et al., 2024), RAR-{L, XL, XXL} (Yu et al.,
2024)) and diffusion models (DiT-RF-{XL, G} (Fei et al.,
2024), UVIiT-T2I (Bao et al., 2023)), trained primarily on the
ImageNet (Deng et al., 2009) or COCO (Veit et al., 2016)
datasets for class-conditioned and text-to-image generation.
We extend this evaluation to the audio domain using modern
voice conversion frameworks (AutoVC (Qian et al., 2019),
FreeVC (Li et al., 2023)), and to the language domain utiliz-
ing prominent LLMs (LLaMA-13B (Touvron et al., 2023),
Mamba-1.4B (Gu & Dao, 2023), GPT-NeoX-20B (Black
et al., 2022), OLMo-7B (Groeneveld et al., 2024)). Com-
prehensive details regarding all specific models and datasets
used in experiments are provided in the Appendix B and C.

Metrics. To measure similarity between feature represen-
tations and their fidelity, we utilize the Fréchet Inception
Distance (FID) (Heusel et al., 2017), and Fréchet Audio
Distance (FAD) (Kilgour et al., 2018) for vision and audio
models, respectively. For LLMs, we track Token Diversity,
which we define as the Kullback-Leibler Divergence (KLD)
between the empirical unigram token distributions of the
initial evaluation iteration and the current iteration.
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Figure 5. Divergence trajectories across chained regenera-
tion steps. Rows represent image models (£ D), audio models
(FAD), and text models (K L D). Across modalities and access

settings, member examples retain lower divergence and degrade

more slowly than non-member examples , providing a robust sig-
nal for both membership and dataset inference.

Main qualitative finding: trajectory asymmetry.
Across all modalities, members and non-members exhibit
distinct regeneration dynamics. Members preserve struc-
ture longer and drift more slowly, while non-members de-
grade faster and diverge toward the model’s generic prior.
This pattern is visible both in per-step qualitative examples
(Figures 2 and 3) and in aggregate divergence trajectories
(Figure 5) comparing the quality of regenerations to base



Table 1. MADreMIA Results. (Quality: M S Eqam over trajectory
iterations, Diversity: M S Eq within trajectory iterations). A de-
notes improvement over the respective Iter O baseline (standard
MIA). Combined results utilize both quality and diversity features.

AFID (1) AFID(1) AFID(1)

yEos e PR

Method TPR @ 1% FPR AUC ACC
VAR-d30
Baseline (Iter 0) 0.041 + o002 0.753 o001 0.617 +007
MADreMIA (Quality) 0.061 +0.07 0.747 004 0.689 +0.04
A vs Baseline +0.020 -0.006 +0.072
MADreMIA (Diversity) 0.070 +o0.07 0.759 £003  0.700 %003
A vs Baseline +0.029 +0.006 +0.083
MADreMIA (Combined) 0.062 +0.07 0.751 £004  0.690 +0.03
A vs Baseline +0.021 -0.002 +0.073
RAR-XXL
Baseline (Iter 0) 0.048 +o0.02 0.757 002 0.566 +0.02
MADreMIA (Quality) 0.059 +0.06 0.759 +003  0.714 +003
A vs Baseline +0.011 +0.002 +0.148
MADreMIA (Diversity) 0.060 =+ 0.06 0.755 003 0.709 +003
A vs Baseline +0.012 -0.002 +0.143
MADreMIA (Combined) 0.068 -+ 0.07 0.765 £003  0.719 +003
A vs Baseline +0.020 +0.008 +0.153

samples (FID for images, FAD for audio) and the drift of
output token distribution in text model. The results pre-
sented support the core hypothesis that auto-regeneration
trajectory contains multiple membership cues.

The key trajectory asymmetry findings are:

1. Fidelity and degradation: Re-members main-
tain high structural quality throughout the trajectory,
whereas re-non-members exhibit rapid perceptual
and semantic degradation.

2. Persistence and divergence: Re-members demon-
strate significant structural persistence and coherence
across iterations. Conversely, re-non-members di-
verge more quickly, drifting toward the model’s gen-
eral distribution and losing the specific characteristics
of the original input.

The asymmetry is present across diverse models and
modalities. We test broad architectural diversity: im-
age autoregressive and diffusion models, audio voice con-
version/generation models, and text generative models.
Figure 5 summarizes trajectory behavior using modality-
appropriate divergence metrics 3. This design directly tests
whether our proposed signal amplification is model- and
modality-agnostic.

MADreMIA amplifies baseline MIA. Table 1 evaluates
the MADreMIA framework by comparing auxiliary-signal-
augmented attacks against the one-shot baseline (Iter 0)
across two distinct model families. The results demonstrate
that augmenting the baseline with reconstruction-based qual-
ity (M S Fgm) and diversity (M .S Egq) signals consistently

(((((((((((
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Figure 6. Ablation: Trajectory asymmetry scaling across model
families. Membership separation (A FID) persists across model
scales, confirming that iterative trajectory chaining consistently
amplifies membership signals compared to one-shot baselines.

A FID is calculated as FID(nonmem) - FID(mem).

improves attack effectiveness. Our MADreMIA (Combined)
approach proves particularly potent for the larger RAR-XXL
model, yielding a TPR of 0.068 at a 1% FPR and a substan-
tial +15.3 p.p. absolute gain in classification accuracy. This
robust performance across architectures confirms that itera-
tive reconstruction features provide critical, scalable signals
for identifying training set membership.

Trajectory asymmetry scaling across model families.
As illustrated in Figure 6, the membership signal — quanti-
fied by AFID = FID;onmem — FIDmem — persists across all
model scales, suggesting that the observed asymmetry is
a fundamental property rather than an artifact of specific
parameter regimes. While the magnitude of this separa-
tion varies by architecture — exhibiting a strong positive
correlation with model size for VAR and DiT-MoE, while
remaining largely scale-invariant in RARs — the underlying
trend is robust: iterative trajectory chaining consistently
exposes a larger membership gap compared to standard
one-shot generations.

4. Summary

As generative models increasingly exhibit high-fidelity
memorization, verifying whether specific samples were
seen during training becomes central to privacy auditing
and copyright attribution. Inspired by the recursive self-
feeding dynamics of Model Autophagy Disorder (MAD),
we introduce MADreMIA as a model-agnostic add-on for
white-, grey-, and black-box generative settings: instead of
relying on a single generation, it builds chained generations
in which each output conditions the next. Our results show
a consistent asymmetry for this iterative protocol — train-
ing re-members retain coherence and degrade more slowly,
while non-members drift and deteriorate faster across image,
text, and audio generators, including IAR, diffusion, and
large language model families. Finally, we show prelimi-
nary results that by fusing trajectory-derived evidence with
baseline MIA features, MADreMIA amplifies membership
signals and improves separability between members and
non-members.
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A. Impact Statement

This work advances methods for auditing generative models by improving membership and dataset inference through
chained regeneration. The primary positive impact is stronger accountability: MADreMIA can help detect memorization of
sensitive, proprietary, or benchmark data, supporting privacy audits, copyright verification, and unlearning validation across
model families and modalities.

While enhanced inference capabilities can assist in model auditing and transparency, they also require responsible application
to avoid potential misuse. We frame MADreMIA as a tool for research evaluation, compliance monitoring, and internal
red-teaming. It is important to note that our method provides statistical evidence rather than a definitive proof of data
inclusion; therefore, results should be interpreted alongside additional forensic and procedural evidence within a broader
data governance framework.

B. Model Details

In our experiments, we consider two vision model families: image autoregressive models (IARs) and diffusion models. The
IAR category includes VAR (Tian et al., 2024) and RAR (Yu et al., 2024) variants, while the diffusion category includes
DiT-MoE (Fei et al., 2024) and UViT-T2I (Bao et al., 2023). Furthermore, as others modalities, we evaluate large language
models (LLMs) and voice conversion (VC) models. The LLMs include Mamba (Gu & Dao, 2023), OLMo (Groeneveld et al.,
2024), GPT-NeoX (Black et al., 2022), and Llama (Touvron et al., 2023), while the VC models consist of AutoVC (Qian
et al., 2019) and FreeVC (Li et al., 2023). Across all settings, we focus on representative, high-performing model variants.

Table 2. Vision model details.

IAR Models Diffusion Models

VAR-d30 VAR-d24 VAR-d20 RAR-XXL RAR-XL RAR-L DiT-MoE-G DiT-MoE-XL UViT-T2I-Deep

Model parameters 2.1B 1.0B 600M 1.5B 955M 462M 16.5B 4.1B 141M
Training epochs 350 300 250 400 400 400 — — —
FID 1.92 2.33 2.95 1.48 1.50 1.70 1.72 2.10 5.48

Table 3. Language model details. Table 4. Audio model details.

Mamba OLMo GPT-NeoX Llama AutoVC  FreeVC

Model parameters 28M 39M
Model parameters 1.4B 7B 20B 13B .
.. Training data (hours) 44 40
Training tokens 300B 2.46T 400B 1T SMOS (seen-to-seen) 35 41

C. Dataset Details

For vision and audio models that have publicly known and available train/test splits we use these datasets. For most LLMs
we use established MIA benchmarks (e.g. WikiMIA), but for OLMo and GPT-Neox we use their corresponding training sets
and the Global News as non-member set as suggested in (Zawalski et al., 2026).

Table 5. Datasets used to construct member and non-member sets for each model family in our experiments, spanning vision, language,
and speech domains.

Model Members Non-members
VAR ImageNet (Deng et al., 2009) ImageNet
RAR ImageNet ImageNet
MAR ImageNet ImageNet
DiT-MoE ImageNet ImageNet
UVIT-T21 COCO (Veit et al., 2016) COCO
Mamba WikiMIA (Shi et al., 2023) WikiMIA
GPT-Neox The Pile (Gao et al., 2020) Global News
OLMo Dolma (Soldaini et al., 2024) Global News
Llama WikiMIA WikiMIA
AutoVC VCTK (Yamagishi et al., 2019)  LibriTTS (Zen et al., 2019)
FreeVC VCTK LibriTTS




