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Can a simple deterministic AE with low-rank latent space outperform a GAN in image generation?

Abstract & Motivation Experiments & Results Theoretical Analysis

* Autoencoders overlooks the fact that complex data (images) typically Interpolation & Dimensionality Reduction Convergence of Learning Algorithm
resides in a lower-dimensional latent space, which is essential for
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efficient re resentation < 5 o Singular Values of Covariance Matrix (Ce,lebA) . Singular Values of Covariance Matrix (MNIST) /Theorem 1: Let the IOSS fu nCtiOn L(E, D, M) be K'L|pCh|tZ and |et\
P ' $33 | e || e I £ I,<y < oo.Then the following holds for deterministic ADAM
g 32 My R iterates.
* Our model uses a low-rank regularizer to learn an even low-dimensional 4 Forany g > 0, let @ = \/2(L(Ey, Dy, M) — L(E*, D*,M*))/K&2T,
latent space, while maintaining the autoencoder's fundamental goal. & k then there exists a natural number T (g, §) such that || £ [I,< o for
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* Itis asimple autoencoder extension that learns low-rank latent space. C gk Sigar Ve Fnk
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" | « When T == (L(Ey, Dy,My) — L(E*,D*,M*)) =
Architecture Overview Fig 2: (z?) Employing linear mterpolat.l(?n among.data points on the MNIST dataset, T(o,5), we have min || L(E;, D, M,) II,< .
(b) Singular value plot of the empirical covariance matrix of the latent space. 0<t<T-1
Image Generation * From above analysis, the rate of convergence is
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Fig 1: Low-Rank Autoencoder g Q@ﬂ .H-G '. "’ﬁ Q‘ 1-3 -q

e E:R™M™X¢ - RK is encoder, D:RF —» R™*"X¢ js decoder and M is a

/heorem 2: Given any set of iid x, xl,xz, ., xy € R we denotex

E*M* E* M* E*M*
d = maxd X, X andd = mind X, X
max 0<j<N ( J) n 0<j<N ( J)

then we always have the conditional probability:

Iir.1ear layer sandwiched betw’een -encoder and decoder. B Eﬂ E P (di%g*;“;i{r =000,4)] 1> 0) =1
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* The linear layer (M) serves as a projection head into a subspace with 59
reduced rank. III EIII II]IIII III

where dt M (x x]) = ( (szmk(lsl )(x])) 2 9 denotes the

krammg dataset and ©(d, 1) depends on training set and penalty/

IRMAE Ours L . .
* The nuclear norm regularization ensures a minimum
. _ 2 io 3 : : .
e Loss Function: L(E,D,M) =1|lx — D (M(E(x))) 15 + A I M |, Fig 3: Images generated by AE, VAE, IRMAE and Our model on CelebA and MNIST bound for the min-max distance ratio.
VINIST caai— * Our model generates high-quality
Challengine Obiectives Achieved B AU images as compared to other models.  The lower bound on the min-max distance ratio
5INg J VAR 2101 18%6 6LE7 536 enables consistent data point discrimination. Hence,
+ Learns a better latent space with generative capability of simple AE. WAE 2104 113251604591 Our model achieves the best FID score mak|ng. our model immune to the curse of
LoRAE 1950 1109 5620 45.43 among most of the SOTA models. dimensionality.
* Generated images show superior FID scores compared to VAE, GAN, and  GAN LSGAN NSGAN VAE+Fow LoRAE . Rank of Latent Space
other SOTA AEs 5 a1 1 s ° Its success is due to low-rank latent
' space from trace norm regularization. { Proposition 1: The rank of latent space follows o:(171). J
 Qutperforms baselines in downstream classification task. Downstream Classification o Strgnger regularization |mp||es smaller rank of
t ‘H?e ?t: t 10 100 1000 10,000 60,000 |atent Space.
* Proved the convergence of the learning algorithm under ADAM updates. amneset 0 W X0 WOW _o0x0 e« Our model beats AE and VAE
VAE 415 7747 940 985 989 in classification accuracy in P M R =
LoRAE 46.6 89.02 954 97.9 08.6 °
° |Immune to curse of dimenSiOnality EffECting the latent Space. Supervised 37.8 73.59 942 983 99 2 low-data scenarios. RIS

Table 1: Classification accuracy obtained from an AE, VAE and LoRAE on MNIST

* denotes equal contribution
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