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Entangled latent space of Diffusion Models Definition and Properties of Scaled Isometric Mappin Quantitative Analysis - .
e Diffusion models lack understanding of its latent space compared to P PPINg FID-10k/ PPL-50k/| mRTL] MCN | VoR | LS |
GANs and VAEs. ® The mapping function f is a scaled isometry[5] if and onIy if: Dataset Model Base Ours | Base Ours | Base Ours | Base Ours | Base Ours | Base Ours
: : ee . T 1 . CIFAR-10 DDPM | 1027 1250 | 105 76 | 203 192 | 155 107 | 0.50 0.57 | - .
® Existence of abrupt changes during latent traversal of diffusion models. R(z) =J¢(2) H(f(2))J(2)G™(2) = cl, {SUN.Church DOPM | 1056 1301 | 2028 1587 | 371 321 | 395 217 | 192 137 | . ]
e It implies that entanglement exists in the latent space of diffusion ® Properties of Isometry LSUN-Bedrooms DDPM | 949 1195 | 4515 3809 | 3.38 321 | 320 186 | 1.69 112 | - i
models. . . o . CelebA-HQ DDPM | 15.89 16.18 | 648 455 | 267 250 | 497 180 | 142 0.85 | 191 1.51
e This often leads to subootimal result in downstream tasks such as 1) Geodesic-preserving property: equal sensitivity of each latent basis CelebA-HQ LDM | 10.79 1146 | 439 397 | 289 273 | 322 198 | 1.04 0.54 | 238 2.15
- ade interpolation inve?sion or editin 2) Angle-preserving property: preserving orthogonality, disentangled latent basis
J P ' ’ J , _ , , * FID — Generation quality * mRTL, MCN, VoR - Proximity to isometry
® Due to the geodesic-preserving property, if the encoder ey becomes an scaled isometry,
moving along the geodesics in X corresponds to moving along geodesics in * PPL, LS - Smoothness of latent space, entanglement metric
® Image inversion and reconstruction
n gn=4 X .
I Z %2 ~x(n) i X, / > Regularizer PPL-50k | MSE ] PSNR 1T SSIM1 LPIPS |
& <y . : 401 | 0.00862 0597 206 0517
—1 L ¢ L, (Pathlengthreg.) | 368 | 0.00667  0.614 21.7 0.521
E(r)= |In—= Liso (Ours) 340 0.00599 0.674 22.2 0.436
\ 2 encoder of sg
~ 1 -1 4.5
Vir) =5 % l ‘ % e Ablation studies e Base
401 —e— Ours, Ajso=10"%
R™ e Regularizer G FID-10k]  PPL-50k| —e— Ours, Aj5o=1077
&0 O 357 —e— Ours, Ajso =1
Hx I F oTiex i - 15.89 648 o
WSS T . B — f _ f ( 0) : f '(_1 ) Ly (Path length reg.) I 20.04 552 = |
| ’ LiSO I 1660 619 o 2.5 -
Liso (Ours) Go 16.18 455
Stereographic coordinates | > a 4
. 1.5 - ///
_ T ey ae . =2
Hn_l(m) — (ml’ L2, 7mn—1)7 Hnil(z) — 2 (221, 222, T ,2Zn_1|2|2—1). Qualltatlve AnaIYSIS Y01 2 3 2 5 6 7 8 6 10111213 14 15 16 17 18 10 20
r— &y 1z|2 4+ 1 .
Timesteps
r pAPEEEN 2 TS 474 - ® |[mage inversion and reconstruction ® Linearit
A e -~ 85 Gotercographic(2) = (- ayy L1, Ai0COUNIS TOTINE geometry (distance, | - Source
StyleGAN2I  StyleGAN3 DDPM (GENIER) angle, volume, ) of the gliven space

Semantic Latent Space of Diffusion Models Spherical Approximation of the Latent Space
e Kwon et al.! proposed the bottleneck feature space H as the semantic

space of diffusion models
e Editing visual attributes of a given image is possible using A

e If we can move along the geodesic of H, disentangled image editing
will be possible.
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® The radii of Gaussian noise vectors follow y -
distribution, so we can approximate the noise
vectors reside on the hypersphere manifold S™*~1(r)

e \We define the Riemannian metric on S™ 1(r) by
Interpolation choosing stereographic coordinates as the local
- - 9 % coordinates.
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e For sufficiently large t,\/1 — @, = 1, and the noise :
space comprised of x, = \/a;x, + /1 — @€, can be B I
. Ti t
approximated as a sphere. e
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Isometric Regularizer for Diffusion Models

® |sometric Reqgularizer

sty - Erer@o[TR2(z)) _ EoreoBonon Riz) TRz :
O B @ IREDE  Earr(eoEosao.n [0 R(z)0P :

L= Edsm + )\iso(77 t)ciso (697 t) )\iso(% t) — )‘iso]-t’>'yT(t, — t)

Ours

® By using the isometric regularizer, we can encourage the encoder to become closer
to an isometric mapping and obtain a geometrically disentangled latent space.
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Our Contributions

® We achieve effectively disentangled latent space of diffusion models
without compromising the quality of generated images.

® We propose Isometric Diffusion, a diffusion model that achieves a
geometrically sound latent space by regularizing the mapping from the
latent space to H'-space to be isometric.

e We verify the effectiveness of our proposed method through bl S — S UG —
quantitative and qualitative evaluations on various applications. (2) S2 manifold (b) Reconstruction only ©) Lio with G = T (d) Li, with full Eq. (6)
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