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Limitations of Existing Works

Two structural extremes: information split and information overload.

ArcDAE: Asymmetric Rectified Contrastive Diffusion Autoencoder
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Paper Fig. 1: conceptual comparison

understanding reconstruction
invariance fidelity

ArcDAE targets the high-fidelity semantic region
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Existing designs oscillate between two failures

Information split

Auxiliary semantic code is decoupled from the generative driver,
limiting representational completeness.

Information overload

Bridge bottlenecks reconstruct noisy endpoints and entangle high-
frequency stochastic variation.

Core hypothesis

A robust encoder should act as an information
sifter, not a passive reconstruction bridge.



Our Proposed Method: ArcDAE

Rebuilding the diffusion bridge as a dynamic information sifter.

ArcDAE: Asymmetric Rectified Contrastive Diffusion Autoencoder

Three design ingredients
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SAAW Loss Matrix ® ASR: a clean teacher anchor rectifies the noisy
student representation.

® TAPA: augmentation strength increases with
diffusion timestep.
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® TGA: global and local alignment are gated by
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Paper Fig. 2: asymmetric teacher-student framework

Clean semantic anchor > noisy student inference > timestep-aware contrastive rectification
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Objective: Rectify Semantics, Gate Granularity

The loss balances diffusion reconstruction with contrastive semantic alignment.

ASR Smoothness Effect
High-noise timesteps strengthen contraction against unstable nuisance variation.

2" =sg[Eg(vT)], v7 ~ pans(- [ %0,0),

th = thVS + O¢€, VS ~ paug(' | XO,’}’(t)),

Lasr = | Eo(my) =27 ||, + 07 Tr(I g, (m,) I, (my))
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Alignment error Jacobian regularization

+0(0} | Eo(my) - 27 |, g, (m)|,, + o7 )

Holistic & Local Representations

TGA Module : Timestep-Aware Adaptive Weighting

t-> 0: local structure preserved - t > T: local noise alignment attenuated

B - SNR(t)l/Tsnr
Cd(t) — wTsnr (t) — 1 + SNR(t)l/TSnra

Tenr > 0.

Total training objective

Liotar = Laise(6)
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Q Q Vdy
d 1 , h Int tati
Zhoto = Photo ( [ bt du(u)) =g ee (B o
Q r k The diffusion loss keeps reconstructive ability; the gated contrastive
> term prevents the latent code from becoming a noise map.
data-like . . . noise-like
high SNR preserve local structure sift stochastic noise low SNR
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Experimental Setup & Results & Analysis |

Evaluation covers semantic density, reconstruction, generation, and ablations. Sample Efficiency Analysis

Datasets CelebA - FFHQ - CelebA-HQ; additional non-face benchmarks 0-70
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Early convergence: fewer artifacts and lower error maps

Main question: Does sifting improve semantics without sacrificing generative fidelity?
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Results & Analysis I

ArcDAE improves semantic density and perceptual reconstruction.

Linear-probe AP on FFHQ

0.664 0.681
CELEBA FFHQ
METHOD GEN AP (1) PEARSON'S 7 (1) MSE (]) AP (1) PEARSON'S 7 (1) MSE (])
SIMCLR (CHEN ET AL., 2020) X 0.597 0.474 0.603 0.608 0.481 0.638
B-TCVAE (CHEN ET AL., 2018) v 0.450 0.378 0.573 0.432 0.335 0.608
IB-GAN (JEON ET AL., 2021) v 0.442 0.307 0.597 0.428 0.260 0.644
DIFFAE (PREECHAKUL ET AL., 2022) v 0.603 0.598 0.421 0.605 0.606 0.410
PDAE (ZHANG ET AL., 2022) v 0.602 0.596 0.410 0.597 0.603 0.416
DITI (YUE ET AL., 2024) v 0.623 0.617 0.392 0.614 0.622 0.384
DBAE (DET.) (KIM ET AL., 2025) v 0.650 0.635 0.413 0.656 0.638 0.404
DBAE (STOCH.) (KIM ET AL., 2025) v 0.655 0.643 0.369 0.664 0.675 0.332
ARCDAE (OURS) v 0.676 0.656 0.345 0.681 0.718 0.319
DiffAE DiTi DBAE-S ArcDAE
LPIPS reconstruction on CelebA-HQ v METHOD TRACTABILITY LATENT DiM (}) | SSIM (1) LPIPS (]) MSE (/)
STYLEGAN2 (W) (KARRAS ET AL., 2020) X 512 0.677 0.168 0.016
STYLEGAN2 (W+) (ABDAL ET AL., 2019) X 7,168 0.827 0.114 0.006
0.072 VQ-GAN (ESSER ET AL., 2021) v 65,536 0.782 0.109 3.61 x 1073
0.065 VQ-VAE2 (RAZAVI ET AL., 2019) v 327,680 0.947 0.012 4.87 x 1074
NVAE (VAHDAT & KAUTZ, 2020) v 6,005,760 0.984 0.001 4.85 x 107°
DDIM (INFERRED X7 ) (SONG ET AL., 2021A) X 49,152 0.917 0.063 0.002
DIFFAE (INFERRED X7 ) (PREECHAKUL ET AL., 2022) X 49,664 0.991 0.011 6.07 x 1072
PDAE (INFERRED X7 ) (ZHANG ET AL., 2022) X 49,664 0.994 0.007 3.84 x 1075
DIFFAE (RANDOM x7) (PREECHAKUL ET AL., 2022) v 512 0.677 0.073 0.007
PDAE (RANDOM x7 ) (ZHANG ET AL., 2022) v 512 0.689 0.098 5.01 x 1073
DBAE (STOCHASTIC) (KIM ET AL., 2025) v 512 0.920 0.094 4.81 x 1073
S DBAE-D (DETERMINISTIC) (KIM ET AL., 2025) v 512 0.953 0.072 2.49 x 1073
DBAE-d ArcDAE ARCDAE (OURS) v 512 0.962 0.065 2.79 x 1073
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Results & Analysis I

Sifted latent manifolds support generation, sample efficiency, and stability.

Perception-Distortion Trade-off METHOD REG | TAD(D)  ATTRS (1) FID) = ArcDAE (Ours) + TAPA —— DBAE + TAPA (Collapse) —:— DiffAE
0.18 [A)E AE X 0.0424.004 1.04.0 90.4+1.8 == DBAE (Standard) s SiMCLR
[ StyleGAN2 (W) @ PDAE m IFF o K| 01554010 2040 227421 0.8
016 [ StyleGAN2 (W+) (© DBAE (Stoch) ([‘)’Efgﬁm”- ET AL., 2022) 1is
- : VAQHEY ; IDXET okl () (RId BT AL, 2025) X [0.124+.078 22413  11.8+.2 0.7- B
VQ-VAE2 ArcDAE (Ours) =0
~0.14 SR ARG M
2014 3 war oo o e é;(éDAE X | 0210+.070 3946  10.28+.2 20 ~ 0
= DiffAE a 0.6- Lyt i ol
& 012 © Di 5 (Kinewia & WeLLve, 2014) ¥ | 00004000 0.0£.0  94.3+28 2
8 ¢ A-VAE v | 0.088£.051  1.6£8  99.8£2.4 205~ 0.8
= 0.10 & (HIGGINS ET AL., 2017) %
3 INFOVAE v | 0.000£.000  0.04+.0 77.8+1.6 © 0.4-
E 0.08 (ZHAO ET AL., 2019) _g dos
| ® o) INFODIFF g Manifold Coll
€ 405 (WANG ET AL., 2023) v 102994006  3.0+.0 223412 £o03- Manifold Collapse
2 : DISDIFF « -0.4
2 YANG Er AL 2023 v | 0.305+.010 - 18.3+2.1 g
S 0.04 _ArcDAE (Ours) ( » 2023 £ 0.2
g High-Fidelity Semantic Region DBAE+TC v 0.3624.036 3.84.8 13.44.2 .
(KIM ET AL., 2025) — E— 0.1 0.2
0.02 @ ARCDAE+TC v | 0.385£.036 4.9+8 12212 :
0.00 BT 1073 10-2 09 20 40 60 80 100"
Reconstruction Distortion (MSE) | Training Epochs (%)
METHOD PREC (1) IS(T) FID(]) REc(T)
]?_IDP_M 2020 0.768 311 9.14 0.335
B;;:;EL" ) Teacher anchor prevents collapse
0.762 2.98 9.40 0.458
Key takeaways (PREECHAKUL ET AL, 2022) =
PDAE
(ZHANG ET AL.. 2022) 0.695 2.23 47.42 0.153
DBAE
® 194 labels: ArcDAE AP 0.58 vs. DBAE 0.53. (KIM ET AL, 2025) Lo amd e Ll
ARCDAE (OURS) 0.785 3.92 10.28 0.437
DIFFAE + AE 0.750 3.63 2.84 0.685
[ J : DBAE + AE 0.751 3.57 1.77 0.687
ArcDAE+TC reaches TAD 0.385 with FID 12.2. : ‘ el =01
ARCDAE + AE 0.792 4.10 1.65 0.710

® Fullmodel gives best ablation: AP 0.681, LPIPS 0.065,
FID 10.28. Disentanglement and generation
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Conclusion & Future Work

ArcDAE resolves the split-overload tension with asymmetric information sifting.

ArcDAE: Asymmetric Rectified Contrastive Diffusion Autoencoder

M a i n co n c l'u S i o n Split: Decoupled prematurely Parameterizes xy via zj,; : Entangling stochastic noise
Xy — Encoder —— z,,,, \
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Method ASR + TAPA + TGA/TAAW rectify noisy representations toward clean semantic anchors.
~ 4 Balanced bridge principle
4 N\

Evidence Better semantic probing, perceptual fidelity, generation quality, and ablation stability.
& J

Take-home message

4 N\

Future Tighter theory for rectification dynamics; multimodal and large-scale representation learning. . omeo .
N J Noise-rectified representations

can unify synthesis and
understanding.
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