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Image AutoRegressive Models (IARs)
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IARs generate better images than DMs
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IARs images faster than DMs
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Privacy-utility trade-off
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Privacy Leakage

Sensitive Data
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Membership Inference Attack (MIA)
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Dataset Inference (Dl)




Data Extraction




Privacy Leakage: MIA
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Privacy Leakage: MIA

L= 1ARs = p(x|c)=




LLM MIA

Random Guessing
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Our MIA
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Our MIA

VAR & RAR

p(z|c) — p(z|cp)
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Our MIA
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Our improvement
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Our improvement

VAR-d30 RAR-XXL MAR-H
Baseline 16.68 14.62 2.18
TPR@FPR=1% ' ' '
Ours 86.38 49.80 3.40

TPR@FPR=1%



IARSs leak more than DMs
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Dataset Inference (Dl)
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“CDI: Copyrighted Data Identification in Diffusion Models”, [CVPR 2025]




Original DI
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Original DI
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Our DI
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Our DI
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FID (lower = better)

DI: before
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FID (lower = better)

DI: after
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DMs are less prone to DI
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Data Extraction

Training Sample Generated Image




Our Data Extraction




Our Data Extraction
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Our Data Extraction
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Our Data Extraction
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Successful Extraction
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Why do IARs leak
more”?



Reasons for Higher Leakage
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Reasons for Higher Leakage

IARs
Access to p(x)
More data per sample

Each token leaks

DMs
No access to p(x)
Single noisy image

Single leakage



Contributions

1. First to investigate |IARS’ privacy
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Contributions

First to investigate IARs’ privacy

New, SOTA privacy attacks against IARs
First successful data extraction from |IARs
Explanation why |IARs leak more than DMs

o



n Single Shot Prediction e Compute Distances 9 Generate Candidates and Identify

( d(logits, tokens) ) Generate from prefix
: | = 1 p
» M Tokens ‘ » H » IAR

A\

SSCD(original, generated) h ‘
N\ A

Thank you!

f
Predicted Logits

| IARs Architecture
3.5 1
VAR ® AR
7
= MAR O DM
2301
S RAR
o]
I
5 25 7 DMs Size
2
3 = [E] Iz BN (DM e  <200M
A 50 B UviT @  200-600M
) -~ =
o E’ B DiT @ coomis
15 > e MDT . >1B
: : : s DIMR
10! 102 108
SiT

P (lower = less private)




