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Introduction

e We typically discretized data that are continuous in nature.

e Real data can be expressed as a function over continuous coordinate systems.

2D Images 3D Images Polar data Time series Audio

ff:w I/\ /\ ... | ‘ ‘ 1|
IRV
Spatial Temporal Spatio-temporal

fiR2 SR f(z1,22) = (r,9,b) f:R®—{0,1}, f(z1,22,23) =p  f:REoR fp,A\)=T f:R® 5 R?, f(z1,22,t) = (r,9,b)




Introduction

e Focusing on images:

2D Image

-------------------

e Generator function f : X — Y creates this speficic image with the map-
ping f(xa) = yYa, d € [1,..., D]

e Each pixel is now a pair {x4,yq} where 4 € R?, y4 € R°

e Full image is a pair of sets X = {z4}7 ,, Ya={ya} .
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Introduction
Implicit Neural Representations (INRs) [2-4]

Data generatorfg,i IS unique to each image
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Introduction

How to scale to large datasets?

How to map data to an INR?




Introduction =
Hypernetworks [5]

Have z(?’) , @ summary

representation of image.

I Ha et at., 2017
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Introduction

How to infer the latent representation z?

po(2)
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Related Work

GASPIE!

e Adversarial training:

Generated data Real data Discriminator
=1 M M _YI‘ E Y1
X9 Y2 X9l |Y2 xi) (Y1 Ey ) PN~
B 5 Xo|[ye | [ (¥2 :D>O re/al
Xy, U — Yn [?E Yn L = 0 fake
S— 7 X V] | B )

N
———————

_______

Figure 5: Training procedure for GASP: 1. Sample a function and evaluate it at a set of coordinate locations to
generate fake point cloud. 2. Convert real data sample to point cloud. 3. Discriminate between real and fake

point clouds.

X Can’t tackle inference related tasks.

] Dupont et at., 2020




Related Work

Functal’l

e Decoupled training:

lh‘.“ \f
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1. Fit an INR per datapoint using SIREN!?/and N
modulation vectors, named functas. e L

i
i

. . V) ’ '
2. Train any generative model on the functa |
dataset of vectors. [fBo~p(IfRo) p(IYHo|-) T Ro—car
Generative modeling Inference Classification
X Computationally expensive inference. Figure 1. We convert array data into functional data parameterized

by neural networks, termed functa, and treat these as data points
for various downstream machine learning tasks.

/I Dupont et at., 2022 2] Sitzmann et at., 2020
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Related Work =
Spatial Functal®!
e Decoupled training:
1. Fit an INR per datapoint using SIREN!®land modulation tensor.
2. Train any generative model on the functa dataset of tensors.
X Computationally expensive inference.
Functa } Spatial Functa -
coord /,»” coord
/ —_— > FB_'f > ’>/—> %f
Linear modulate d;h 0 Conv interpolate modulate ¢
latent = shift modulation m rgb latent =z shift modulation m e rgb |

8] Bauer et at., 2023 2] Sitzmann et at., 2020
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Related Work =
VAMoH PI
Prior Distribution
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Related Work

VAMoH P

e Variational Inference

o Requires flexible, learnable prior.

f1(2zo) fi(Zi—1) fit1(2i)
® - HEE - @
\ / \
\ / \
\ ! \
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\\ A ! 20 T \\ 5| The hole problem

zo ~ Po(zo) z; ~ pi(2i) zg ~ Pk (2K)
D - K ]
LY, X;9,6.7) =Y By iy.x) | logpe, (Ya|@a) mar| —Drr (¢,.(z | X,Y)|py.(2))
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Bl Koyuncu et at., 2023
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Motivation
Flexibility of the latent space in [6, 7, 9]

X Poor generation quality.

I : = ES S
o(21 X, Y) S b i IS

VAMoH GASP Functa

(a) CELEBA HQ (b) SHAPES3D

] Dupont et at., 2020 /I Dupont et at., 2022 Bl Koyuncu et at., 2023
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Proposed method
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Latent Diffusion Models of INRs

LDMI [1]

Transformer-based
Hypernetwork [10]

£
o =T
I [
| —> —> q¢(Z|X,Y) —> Wl | r ! b;
- z Q o

Latent Diffusion [11]

22

[1] peis et at., 2025 1101 Chen et at., 2024 [ Rombach et at., 2021
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Latent Diffusion Models of INRs

The HD decoder

We will firstly train an “under-regularized” autoencoder to accurately represent data in a (tensor-
shaped) latent space.

» The latents are mapped into INRs using our transformer—based hypernetwork decoder.

Lyag(®, V) = Eq, (z1x) log pa(X)| — 8- Dxr (qy (2 | X)[[p(2))

E p(z Q(Z|X“Y;)

> | & [ = | 90 —> W b;
> —> W[ b
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Latent Diffusion Models of INRs

The HD decoder

G din
|—| —
Wi.. Wi. Wt Wi Wb Wi
Latent tokens I I I I I Weight tokens I I I I I
@—»h—> —> —> —»W?—» — W, I b,
g —| |— |— — —» .. —»| Reconst. | [ Y
Z ¢ g_)\—/_’,_>\ ,_>\ )_)W%_)L J )WL- bL

e The latent tokens come from tokenizing z (following ViT [32]) and processing them via a Transformer Encoder.

e The weight tokens are columns of the weight matrices.
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Latent Diffusion Models of INRs

The HD decoder

Hél:lm

D
I

<—°2|:|
%

Wl WL
Latent tokens I I Weight tokens I I I I I
QP —> ) — | — —> — W(l) — — W, I b,
g —| |— |— — —» .. —»| Reconst. | | = %
Z ¢ g_)\—/_’,_>\ ,_>\ )_)W%_)L J )WL- bL

e Asetof G initial weight tokens w' per layer (learnable, globally shared) cross-attend the latent tokens, W', to
produce specific weights w°.

b

e The final weight tokens, w, are obtained by expanding w? using a learnable, globally shared template w
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Latent Diffusion Models of INRs
DDPM [13] e
O O H

x—tlxt 1)

Figure 2: The directed graphical model considered in this work.

T
po (Xo.1) = p (XT H (xe—1 [ X¢),  po (Xe—1 | Xe) := N (x¢—1; o (X¢,0) , g (X4, 1))

q (X1:T | XO) = HC] (Xt | Xt—l)a q (Xt \ Xt—l) =N (Xt; \/1 — 5tXt—175tI)
t
q(x¢ | Xx0) =N (%45 vVauxo, (1 — ay) I) ap =1 — [ O i = H (s
s=1

Eq[Dxr (¢ (x1 | x0) | (x1)) + Y Dxr (q (x¢—1 | x¢,%0) [[po (x¢e—1 | x¢)) — log py (x0 | x1))]

t>1
LT Lt—l LO

[13] Ho et at., 2020
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Latent Diffusion Models of INRs
DDPM [13] i)
2 © S5

x—tlxt 1)

Figure 2: The directed graphical model considered in this work.

Eq[Dxr (¢ (x7 | %0) [Ip (x7)) + >~ Dkr (q (x¢—1 | %¢,%0) [[po (x¢—1 | x¢)) —log po (X0 | x1)]

—_
LT t>1 Li_1 Lo
7 | Bi He—ee (Vo XO—I—\/l—ozet)H
*0,€ 20—15 Ot (1 — Oét ! |

[13] Ho et at., 2020
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Latent Diffusion Models of INRs
DDPM [13] i)
—®. o

x—tlxt 1)

Figure 2: The directed graphical model considered in this work.

L le — es (Varxo + VI — aze, t) ||’

Lsimple (‘9) L= 4:t,xo,e {He — €9 (\/(STtX() + \/1 — (€, t) Hz}

[13] Ho et at., 2020
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Latent Diffusion Models of INRs

DDIM [14] S

Po
I I @ @ @
® Define a Non-Markovian Inference Model: —
S 2
ST R |

N (2,02I)  ift=1 )

q(zi_1 | 2¢,2) otherwise

(

Po (Zt—l | Zt) —

\ Non-Markovian (DDIM)

e The objective is the same! @ @ @

q(x3|x2, 20) q(z2|T1, T0)
2
Limple (0) := E¢ x, ¢ Me — €9 (\/54th +4/1 — @te,t) H }

e Using the same model, you can sample in fewer steps! Po

pén) (@7, | 7,) = Go.r (mTi—l | $naf9n) (wn_1)) iftie|S],i>1 @

pét) (o | 1) = N( Q(t) () ,atQI) otherwise |,
141 Song et at., 2021




Latent Diffusion Models of INRs

Latent Diffusion Models [11]

e First stage:

EVAE(¢7 w) = 43q¢(z|X) [k)gpcb(X)]
— B DkL (qp(2 | X)||p(2)),

( \ Latent Space Condltlonlna
E + Diffusion Process > emanth
Ma
Denoising U-Net €g 2 Text
yA T
e Second stage: RoDoS
entations
ﬁ — K At t 2 D + -@
DDPM — ”X,Z,E,t ( ) ||6 - 69 (Zt, )H y
Z T
Eixel Spa09
70
Bld
denoising step crossattention  switch  skip connection concat - J

111 Rombach et at., 2021
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Latent Diffusion Models of INRs

Hyper-Transforming

e We can download pre-trained LDMs and just re-train only our decoder!

Lut(9) =

i

Cqo(z1%,Y) [logpa (Y | X))

Pretrained LDMs
w ttttt od
nnnnnnnnnnnn (Q
> _ Q  Image
»» 1 l b]_ ssssss
| | eeeee
LD
= Wi | by 5
| | nnnnnnnnnnnn 0
W N b Q  Image o0
— > L L
Jd . - steps,
eta
LD
= KL
LSUN- lL::;:; ||||||||| (40
DDI
fo(x) M e 0N

eta=0
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Experiments

Datasets

CelebA-HQ (64x64)

CelebA-HQ (256x256)

ShapeNET (Voxels)
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Experiments

Baselines

Training

: Reconstruction, Imputation,
Generation

Procedure Super Resolution Scalable Flexible

Model | Approach

GASP ..
(2021) [5] GAN Minimax Forward Pass X
: + Extra L
uncte Flow-based |.3|Ie.ve|. Generative Optimization procedure(s) )4 3¢
(2022) [6] optimization per sample
Model
VaMoH Single
(ours) VAE-based optimization Forward Pass Forward pass X %
LDMI Hyper-
_ v v
(ours) PM based Transforming Forward Pass Forward pass 4 v

LDMI enhances etficiency, scalability and quality of the learned representations.




Experiments =

Generation

(a) CelebA-HQ




Experiments

Reconstruction

Model PSNR (dB)t FID| HN Params |
CelebA-HQ (64 x 64)

GASP [Dupont et al., 2022a] - 7.42 25. M
Functa [Dupont et al., 2022b] <30.7 4040 -
VAMOoH [Koyuncu et al., 2023] 23.17 66.27 25.TM
LDMI 24.80 18.06 8.06M
ImageNet (256 x 256)

Spatial Functa [Bauer et al., 2023] <384 <85 -
LDMI 20.69 6.94 102.78M

Table 1: Metrics on CelebA-HQ and ImageNet.

Model Chairs (PSNR) + ERAS (PSNR)
Functa [Dupont et al., 2022b] 29.2 34.9
VAMOoH [Koyuncu et al., 2023] 38.4 39.0
LDMI 38.8 44.6

Table 2: Reconstruction quality (PSNR in dB) on ShapeNet
Chairs and ERAS climate data, demonstrating LDMI’s strong
generalization capabilities across modalities. Note that
GASP is omitted as it is not applicable to INR reconstruc-
tion tasks.

Method HN Params INR Weights Ratio (INR/HN)
GASP/VAMoH 25.TM 50K 0.0019
LDMI 8.06M 330K 0.0409

Table 3: Parameter efficiency of LDMI.

GT

Ours
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Experiments
Data completion
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Conclusion

Thanks to using Latent Diffusion and a novel Transformer-based hypernetwork, LDMI enhances
e Resolution-agnostic generation.

e Resolution-agnostic reconstruction.

While:
v Being scalable.
\/Being efficient in parameter usage.

v Working with multiple data modalities.

\/Allowing for generation of bigger INRs and more complex data.
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