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Limitations of Existing Works
Two structural extremes: information split and information overload.

Paper Fig. 1: conceptual comparison

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.
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Our Proposed Method: ArcDAE
Rebuilding the diffusion bridge as a dynamic information sifter.

Paper Fig. 2: asymmetric teacher–student framework

Three design ingredients

ASR: a clean teacher anchor rectifies the noisy 
student representation.

TAPA: augmentation strength increases with 
diffusion timestep.

TGA: global and local alignment are gated by 
signal-to-noise ratio.

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.

TGA  Module : Timestep-Aware Adaptive Weighting 

t → 0: local structure preserved · t → T: local noise alignment attenuated

Total training objective

Interpretation

The diffusion loss keeps reconstructive ability; the gated contrastive 
term prevents the latent code from becoming a noise map.

data-like
high SNR

noise-like
low SNRpreserve local structure sift stochastic noise
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Holistic & Local Representations
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Experimental Setup & Results & Analysis I
Evaluation covers semantic density, reconstruction, generation, and ablations.

Datasets CelebA · FFHQ · CelebA-HQ; additional non-face benchmarks

Backbone ADM U-Net encoder / score network; latent dimension dz = 512

Baselines SimCLR, β-TCVAE, IB-GAN, DiffAE, PDAE, DiTi, DBAE

Metrics AP, Pearson’s r, MSE, SSIM, LPIPS, FID, Precision / Recall, TAD

Main question: Does sifting improve semantics without sacrificing generative fidelity?
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Early convergence: fewer artifacts and lower error maps
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Results & Analysis II
ArcDAE improves semantic density and perceptual reconstruction.

Linear-probe AP on FFHQ

0.605

DiffAE

0.614

DiTi

0.664

DBAE-S

0.681

ArcDAE

LPIPS reconstruction on CelebA-HQ ↓

0.072

DBAE-d

0.065

ArcDAE
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Results & Analysis II
Sifted latent manifolds support generation, sample efficiency, and stability.

Disentanglement and generation

Teacher anchor prevents collapse

Key takeaways

1% labels: ArcDAE AP 0.58 vs. DBAE 0.53.

ArcDAE+TC reaches TAD 0.385 with FID 12.2.

Full model gives best ablation: AP 0.681, LPIPS 0.065, 
FID 10.28.
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Conclusion & Future Work
ArcDAE resolves the split–overload tension with asymmetric information sifting.

Main conclusion

ArcDAE turns the diffusion bridge from a passive 
information carrier into an adaptive semantic sifter.

Problem Information split loses completeness; information overload entangles noise.

Method ASR + TAPA + TGA/TAAW rectify noisy representations toward clean semantic anchors.

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

Future Tighter theory for rectification dynamics; multimodal and large-scale representation learning.

Balanced bridge principle

Take-home message

Noise-rectified representations 
can unify synthesis and 

understanding.
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