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Abstract

Keywords:  Deep Latent Variable Generative Models; Regularized Autoen-

coders; Latent Space; Few-shot Generation.

The rise of deep neural networks has significantly advanced unsupervised genera-
tive modeling. Numerous Deep Generative Models (DGMs) have been proposed, includ-
ing Variational Autoencoders (VAE) [KW14], Generative Adversarial Networks (GAN)
[GPAMT14], Wasserstein Autoencoders (WAE) [TBGS18], Adversarial Autoencoders
(AAE) [MSJG16], Autoregressive Models [vdOKE"16, OKK16], Normalizing Flow-based
Models [KD18], Energy-based Models [LCH™06, DM19], and Diffusion Models [HJA20].
These models may be categorized along various dimensions, such as their architectural
variations, presence or absence of explicit latent representation, training methodology
and stability, density estimation capability, and time taken for sampling. In this the-
sis, our focus is on Deep Latent Variable Generative Models (DLVGMs), which refer
to generative autoencoders (VAE, WAE, AAE) and GANs. This class of models uses
low-dimensional latent representations of high-dimensional data, allowing learning infor-
mative low-dimensional representations for various downstream tasks (clustering, clas-
sification, and disentangling generative factors) while facilitating novel data generation.
Interestingly, GANs are particularly notable for their high-quality generation but suf-
fer from unstable training, mode collapse, and hyperparameter sensitivity. In contrast,
Autoencoders with regularized latent spaces (VAE, WAE, AAE) offer stable training, in-
terpretable inference, and efficient sampling, though their generated images are visually
less impressive than those from GANs. In this thesis, we intend to address some of the
complementary strengths and limitations of these DLVGMs. The thesis is organized in

several parts, as outlined below.

In Part T (Prologue) of this thesis, we introduce various deep generative frameworks,
define DLVGMs, highlight challenges (such as poor generation quality of RAEs, repre-
sentation learning issues, and the need for large-scale data) associated with DLVGMs,

and review existing solutions.

In Part II, ‘Optimizing the Latent Space of RAEs for Improved Generation,” we
diagnose the reasons behind the poor generation quality of generative AE frameworks
by exploring two questions: 1. What is the ‘optimal’ latent dimension [MCJ*20], and
2. What is the ‘optimal’ latent prior [MASP21a] for a good generation? We hypothesize

natural data generation as a two-step process involving a true low-dimensional latent

v



space and a non-linear mapping to a high-dimensional data space. We show that under
the assumption of our data generation hypothesis, the best generation quality is achieved
when the dimensionality of the generative AE’s bottleneck layer matches the true latent
dimensionality [MCJ"20]. In [MASP21a], we relax the assumption of simplistic Gaussian

prior and learn the prior flexibly due to the lack of knowledge of true latent dimensionality.

In Part III, ‘Optimizing the Latent Space of RAEs for Task-Specific Representation
Learning,” we focus on representation learning in an RAE framework. First, we study the
impact of bias-variance trade-off due to fixed prior distribution versus learnable priors on
representation quality and demonstrate that learning the prior flexibly helps the model
discover the actual data structure, improving clustering performance [MASP21b]. While
[MASP21b] uses uni-modal data, we address disentangled representation learning in a
multi-modal setting in [MSSA23]. We decompose the joint latent space into continuous
and discrete components, each with domain-specific and domain-invariant representa-
tions. We demonstrate the effectiveness of these disentangled joint representations in
downstream tasks like classification and generation. In our subsequent work [MST*23],
we combine the representation learning aspect with the generation ability of RAEs to de-
velop a framework for class-imbalance mitigation to enhance discriminating performance.
Precisely, we propose a minority oversampling method that is distance-metric-free and

class-preserving by design.

In Part IV, ‘Few-shot Generation Using DLVGMs,” we address the issue that while
DLVGMs offer a plethora of applications, they are data-hungry, limiting their applicability
in real-world scenarios with data scarcity. Specifically, we develop techniques to transfer
a source DLVGM built with large-scale data to a ‘close’ target domain with limited data.
In [MTSA23|, we perform few-shot ‘generative domain adaptation’ via inference-time
latent-code learning by prepending a latent adapter network. While [MTSA23| achieves
high-quality generation, it requires considerable time to generate due to inference-time
optimization. In [MTSA24], we address this by learning to sample the parameters of the

latent adapter network using a hypernetwork.

Finally, in Part V, we summarize our contributions and propose directions for future

work based on the techniques and methods introduced in this thesis.

© 2024, Indian Institute of Technology Delhi



SIN

ST A Tcaad & IS 1 SFYIRATGTS SFRICd HIS erT H HHgeNel Wfd &1 21 fafis TR &
Y SRfed Afeedt (DGMs) TRATfad fhy 1T 8, S o aRueet sifeivmaier (VAE) [KW14],
SIRfed TSaRARTA Aedd (GAN) [GPAMT14], IFRRCH 3iTeiT-dIey (WAE) [TBGS18],
TSIRERIA JATCITDIS (AAE) [MSIG16], eEffa Afeed [vdOKE*16, OKK16], AFH-
TSN BI-IFe Aleed [KD18], el —sRs Ased [LCHT06, DM19], 3R SwRIeH dAfsed
[HJA20]1 37 ATl 1 ST ST & SMER WR Gl b1 ST Hebdll 8, ST Ih! AT -
cTaRe fafdean, eice Ruviced 6 Suferfa ar srgufefa, ufdenr ugfa iR fRRar, av@
ST &, 3R HufelT & Al T | 31 My -Uee ¥, TART &g ‘I olde IRTaat sFRfca
A (DLVGMs) R $fed 8, S SRfed sifeitedlsd (VAE, WAE, AAE) 3iR GANs @I
Hefid oxaT g1 39 I & Hise S— AT Sl & -3t dice RUSicI &1 STINT o
g, TR T S il (FeeiT, aiffeur, 3R SRfed thaed @l SRicTien) & falg
SR - Tt Reice™ Hiad 8, Safdh A7 STl St &l +ff gfaemea s &
GANs 39 0T dTet Ic1e & foly A9y v 8 SeE &, oift I IfeR ufde, are
DT, 3R TR HaeAefeldr ¥ Id &1 &1 39d fAuid, VeRIgeS ol ¥ dlel
3ifeiTpesl (VAE, WAE, AAE) R Tfeler, eaReaTcie sAud, 31k e HufelT &l U—-
SR IR &, ETeAfd P GRT Scusl BRI GANs H o1 H 97 ®U J T TG gt
g1 39 AY-T9g H, 8 §1 DLVGMs bl P& qRb ATl 3R 131 DT FaTET PR BT IRI
G B 39 MY-YaY B 6 Frfafge wrn 5 far w2

9 MY-YEY & Part 1 (Prologue) q, &9 fafas v IRfea wHaat &1 uRey <d %,
DLVGMs ! IR9T¥T &d €, DLVGMs § GafSd gt (S RAE &1 GRE SR FaT-
foIct, RoNic™ af T Ty, iR a3 UM & STT &l MaedandT) B SOIFR d_d &, 31 Alar
T Y e Bt B

Part IT (Optimizing the Latent Space of RAEs for Improved Generation) 4, g SR
AE HHaa Pl TR SFREF FaTfeic! & PRI BT e PR 8, & T BT SN0 FK §Y:
1. SFReE & folg «afifecHer oice STgHeM @ 8 [MCJ+20], 3R 2. T 3ree! SeeM & folg
3ffSHeT oice URR T 8 [MASP21a)? &7 AMd & f WIpfad SeT S ReM Ua al-aRuflg
gfepar & fog I arafde Fra-3mamt oice U9 3R & S=-3marm Sal T & folt th
A -fAfR 2T anfiet 21 &89 I8 R € % 89IR ST SReM UR&euT & d&d, Ta9rs
SR FaTfeic! dd UTH Bt & 919 SFRfeT AE & dicciHd oldk Bl SIgHIM eIc] adfdd eice
SgHIMfAE & Het @relt 8 [MCJT20]1 [MASP21a] §, &7 ATERT AT YRR 6 gROM B
fofdret o=t € 3R aRafdd eice SgHeMTAE! & S & BT & HRUT YRR & afdiel aeid o
Hrad gl

Part III (Optimizing the Latent Space of RAEs for Task-Specific Representation

vi
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Learning) §, 81 U@ RAE %Had § RUSice™ af T R eu= $fed axa €1 99 Ugel, &9
foheree URR SRS S oFidel TR & BIRUT IR —dRTH ¢S-3iTth & HHIG Bl AT
IR 8 IR T € 13 ordicl &1 | URR UG ¥ A1Sel ol andfdd SeT ST HT gdT o o
Teg fierd! 8, fOres geeiT UeeH # gurR 81a1 8 [MASP21b]| S&fdh [MASP21b] JH-Hieet
ST &1 YA IRAT 8, 89 [MSSA23] H U Hecl-Ared AT ¥ f$dcTee Rusice™ af o
TS IR &1 B9 HIh ol T Dl Hergar iR [SHpic geal 4 Ao axd &, A
TS H STt iR S -gdRie Rusice 8ld 81 87 31 RudTes Ty Rusice
& gL BT SRIRCH BT SN T 3R TR H Hefefd aal 81 31T 3rTel HH
[MST*23] H, 81 RAE & RUSiced @ Uge] I SFRIM &MdT & A1 feran td Hidd
AT axd & |1 e —3Rge e & fol & arfes fefEpfmfca e a1 ser o g | e
B W, B TP feUHETD ARG TG TR Pl & 9l fSeeq-Hicad—Hh 3R fSoire
SRT - R0 3|

Part IV (Few-shot Generation Using DLVGMs) H, 89 39 e &I TS &< & b oaidh
DLVGMs &% 3TN U _d 8, 39 UfIem & foly 95a o1fdies Ser &l araedad aidt 8,
S aredfaes fay aRgedt o a1 &t oY & |1 I TN B WG axdT g1 99y 9 9,
&9 QT depeiieni ol Iy vl & il S U9 TR ST T IUINT dxep 1Y Y HI-Y DLVGM
1 AT ST dTel “Hefrd TRIC S b el a1 81 [MTSA23] H, 87 e olee TSty
-CaD DI ASHR ST —TISH lec—PIS AT &b ATEH F ‘T-MC TRfeT SH S’
IR &1 STafh [MTSA23] S=—TOIaT Bl SR UTH IRl &, $H Shvg—crgd fffeeHIgore™
% HRUT TS B H BIhT T oR1AT 81 [MTSA24] H, &9 U& STSURACAD BT SUIN TR
ICE IR Aedd & IRTeH BT Huet a1 HRIaR T e, DI & Bl &

3 H, Part V H, &7 30 ARGHI BT T&T H UFJd B & AR 39 A9 Uee H I
dop-1apt 3R fafert v amenRa wfosy & Rt & faAv e searfag avd €
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