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Summary Scale Equivariance Regularization Discrete Cosine Transform (DCT)
» We analyze the spectral properties of modern autoencoders (AEs) and We can see if an AE stores anything important in high frequencies by !
observe that their latents have inflated high frequency components chopping them off and reconstructing the result: frequency  _ ! X — D 4X 4D !
* We propose a simple regularization to align RGB and latent spectra via LB [ ] B ] [ amplitudes I 2D-DCT
only 10-20K of fine-tuning iterations P o e — ' |

 This greatly improves “diffusability”: the generation quality of the 1D DCT is just a multiplication of a 1D 2D DCT is just 1D DCT applied

downstream latent diffusion model (LDM) increases by 20%+ signal vector with the DCT matrix twice over rows and then columns!
Motivation By .
CogVideoX-AE and Wan2.1-AE are very similar AEs (in terms of architecture << PP, R | .l | What affects the AE spectral propertes:
and reconstruction quality), but they lead to very different LDM quality: = Rl Sy s o gl S s o el e 1. Increasing KL regularization strength or the latent channel size inflates the
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We name such property of the latent space “diffusability”? Cutting out high frequencies is mathematically equivalent (more or less) to FluxAE (vanilla) ~ 992.05  415.87 30.20 . e e e
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. . downsampling! So, we can rectify the spectrum via a simple regularization: +KL!=0 968.26  472.08 29.97 g
5 | So, ; ! . . . E
Why latent spectral properties are important: o1 10186 4253 RN | A
Diffusion Models (DMs) are spectral autoregressive models [1] and they LKL = 101 10952  612.12 19.66 “ o k—t\\“&r‘ —~ !
generate low frequencies first and then high frequencies on top of them: I, LRLY = 1018 91013 B 50 91 R St v = T —
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As AR models, DMs are prone to error accumulation [2], messing up high e + SE (ours) 924.28  369.15 30.37 g
n mponents. It’s not a problem for pixel- DMs since th :
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utnan eye 15 ObUVIOUs of igh requencies aiyway: Such regularization rectifies the spectrum and improves LDM convergence: sacrifices the reconstruction quality, training stability and
: performs worse for larger DMs. Our SE regularization is 001 | | | | . |
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But for latent diffusion, autoencoders (AEs) can store important visual stuff o —+—3
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