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Motivation

e We typically discretized data that are continuous in nature.

2D Images 3D Images Polar data Time series Audio

NIVE 2
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Spatial Temporal Spatio-temporal
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Motivation

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

e Focusing on images:

520 Ir'nage - e Generator function f : X — Y creates this speficic image with the map-
ping f(z4) = Ya, d € [1,..., D]

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

..............

EmmEmE b e Full image is a pair of sets X = {z4}7 ,, Ya={ya} .

-----
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Implicit Neural Representations
INRs [20-22]

201 Sitzmann et at., 2020 [?'1 Mescheder et at., 2019  [?91 Sitzmann et at., 2019
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t Neural Representations

-22]

Implici

INRs [20

__t Data Generator

CEUL SN

\NeZA
«»@Qé

X —LAXKY «.%..‘4%«
KD .
‘}, \«%w»#,/‘\&%wf

NNV
A4

W AW AU N
/\'.ww.»w“w"b »o»o.»#."»#‘
A

[20] Sitzmann et at., 2019

211 Mescheder et at., 2019

[20] Sitzmann et at., 2020




Implicit Neural Representations =
INRs [20-22]

Data generator f@i is unique to each image
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Deep Generative Models of INRs

How to scale to large datasets?

How to map a latent representation to an INR?
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Deep Generative Models of INRs

23] Ha et at., 2017
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Deep Generative Models of INRs

(D)

representation of image.

Have , @ summary

23] Ha et at., 2017




Previous work
GASPIS!

e Adversarial training:

Point-wise Convolution

Generated data

__________

N
———————

———————

point clouds.

Xp — — Yn, X (Y n

Real data

) (v

y 7'L.:

Discriminator

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

X Can’t tackle inference related tasks.

b Dupont et at., 2020
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Previous work

Functal®!

e Decoupled training:

lh‘.“ \f

8 .
’d%’:%@ — L
T G M B

R
G
B

1. Fit an INR per datapoint using SIREN!2%l 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 201 Sitzmann et at., 2020
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Previous work

Spatial Functal2®]

e Decoupled training:
1. Fit an INR per datapoint using SIREN!?°) and modulation tensor.

2. Train any generative model on the functa dataset of tensors.

X Computationally expensive inference.

-

Functa } Spatial Functa -

-
-
-
-

\ \
coord x _ - coord x

— > | ) = > —
/ T modulate d# Jo Conv interpolate/’dulate % Jo
l

My
latent z shift modulation m rgb latent z shift modulation m rgb

6] Bauer et at., 2023 201 Sitzmann et at., 2020
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Deep Generative Models of INRs

How to infer the latent representation z?

¢ (2]Y, X) Py (2)




Proposed methods (1)
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VAMoH

Variational Mixture of HyperGenerators [295]

25 Koyuncu et at., 2023

18

HyperNetwork

Data generator
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191 ‘Jic
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(a) Generative model

(b) Inference model
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VAMoH

Encoder

Encoder

YOl — O — | fe | — 0;-—| fe,

1
L

/ : HyperNetwork

- (4): Latent Variable
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VAMoH

Encoder

e PointConv!?l encoder for point clouds.

)
[(TI I I ITTITIIITT]
.o [(TITTITITIITTITITITITT]
log(o)
PointConv 1 I <
Y,
Point-wise encoder .
v - )
EEEEEEEEEEEEEEEE
X > N(z; p,o°T)
log(o)
PointConv [(TITITTITITITITIT]
/ -

Point-wise encoder

21T Wu et at., 2019
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Encoder

Y X — 2 fe | — 0;——+| fe,

1
1
e O e e o e e e e e e e e e e e e e )

HyperNetwork

- (4): Latent Variable




VAMoH

Reconstruction

— ¢, (2]Y, X)

Encoder

L e e e !

Posterior Distributio

x (9

HyperNetwork
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VAMoH

Super Resolution

Encoder

__i_'q,y(z|Y,X) —

L e e e !

Posterior Distributio

HyperNetwork
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VAMoH

Image Completion

29~ py(2) x @

partial

Encoder

i :qW(z{}fv)()

> SR (I — Fyperietwork

Posterior Distributio
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VAMoH

Image Generation

Sample from Prior

Y@ ~ pg, (YO XD, 20)
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VAMoH

Image Generation

Sample from Prior
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VAMoH

Optimization

How to learn all these steps end-to-end from data?
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VAMoH

Optimization

x (9
Bosteror
Distribution =
' b Y(Z)N pei(y(%)‘x(%)’ z(’i))
Generative model: Aim: Learning latent variables z
given data (intractable)
— objective)

p(Y,z | X)=po(Y | X, z)py(2) p(z|Y, X)
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VAMoH

Optimization

» Forasingle datasample (X ,Y')

N
1’1;?‘5{[:@ 7Y, X) Z'Ig%}( g~ (2|Y,X) log pe(Y | Xaz)]'—=DKL(Q’Y(Z‘YaX) pr(z)):

Reconstruction Regularization

» For all samples in our dataset (X(i),Y(i)) i € |N]

N
H%ax [:(Cba v, Y(?’); X (z)) ‘ ’;"l::,“}if‘j%’-%'"f:
Y © '
- ‘ \\‘ ' IIIIIII
NN Ut
‘\\‘\? 3“\‘\\}* " lqn”!:%l"

Q > 0
Q’Q =
ML s.;-'v;»_('
’@?;.;-:?ﬁ?.“' )
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VAMOoH

‘Holes’ problem

p(z) q(z| X, Y;)

ii’.}
*,
A\ i

We need to align the approximate
posterior with the prior.

py(2)  ¢,(2)

Regularization Term:
min Dk (gy(2 | ¥, X)||py(2))

rﬁlDKL(qu(Z\Y X) | py(2))
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VAMoH

Flow-based prior

e More expressive prior using RealNVP (Real-valued, Non-Volume Preserving) Flow.
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VAMoH

Mixture of HyperGenerators

Single HyperGenerator

Mixture of HyperGenerators o (1) /

HyperNetworks
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VAMoH

Mixture of HyperGenerators

Image Reconstruction with Mixture of HyperGenerators
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VAMoH

* Fora single data sample (X Y)
)

D K
LY, X50.0,7) =Y By ziv.x) | ) _108pe, (ya | ®a) 7ar| —Dxr (¢r.(2 | X,Y)|Ipy.(2))
d=1 k=1 J

_DKL (Q’YC(C ‘ ZvaY)prc(C | Z,X))

Reconstruction

* Forall samples in our dataset (X(i),Y(i)) 1 € V]

KL of the continuous latent variable

N KL of the discrete latent variable

max ¥ L(¢,7,%; YD, X0
PP P
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Experiments

Baselines

.. . R : :
Model Approach Training Procedure Ceneration econstruction, Imputatlon,
Super Resolution
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Baselines

Approach Training Procedure RecorlstructLon, Ilmlputatlon,
i€z
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Experiments

Baselines

Reconstruction, Imputation,

Model Approach Training Procedure Generation

Super Resolution

GASP (2021) [5] GAN Minimax Forward Pass X
Functa (2022) [6]  Flow-based Bilevel optimization * Extra Generative Optimization procedure(s)
Model per sample
VaMoH (ours) VAE-based Single optimization Forward Pass Forward pass

VAMOoH provides a probabilistic generative model that is efficient, robust, and expressive for modeling distribution over functions.
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Experiments

Datasets
PolyMNIST (28x28) / b ‘S 2 0 2

Shapes3D (64x64)

CelebA-HQ (64x64)

ERAS5 (Polar)

ShapeNET (Voxels)
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Experiments

Generation

VAMoH GASP  Functa

CelebA-HQ Shapes3D
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Experiments

Generation
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PolyMNIST ShapeNET




VAMoH Functa

VAMoH Functa

Experiments

Reconstructions

Ground truth

/ b2 072

Reconstructions

Al T
/ b= 20

Super-reconstructions

/ b>=202
/ b=>20

(c) POLYMNIST

VAMoH Functa

VAMoH Functa

Ground truth

Super-reconstructions

&
i

~ SHAPES3D

VAMoH

VAMoH

Ground truth

Reconstruction

5, = lgE] <]

Super-reconstruction

ORI 90

CELEBA HQ

VAMoH Functa

VAMoH Functa

Ground truth

" W -~

Reconstructions

T W &

& ~ e

Super-reconstructions

SHAPENET




Experiments

Inference times

Table 2: Comparison of inference time (seconds) for reconstruction task of VaMoH and Functa. On the right-most two
columns, we show the speed improvement of VaMoH compared to Functa (3) which is trained with 3 gradient steps as
suggested in the original paper [Dupont et al., 2022b] and Functa (10) which is trained with 10 gradient step to obtain
the results of Functa depicted in Figures 16,17. Please note that these experiments are run on the same GPU device.

Dataset

Model Inference Time (secs)

Speed Improvement

VaMoH

Functa (3) Functa (10) vs. Functa (3) vs. Functa (10)

POLYMNIST 0.00453
SHAPES3D 0.00536
CELEBA HQ 0.00757

ERAS

0.00745

SHAPENET 0.00689

0.01648
0.01759
0.01733
0.01899
0.02095

0.05108
0.05480
0.05381
0.05932
0.06576

x 3.64
x 3.28
x 2.29
x 2.55
x 3.04

x 11.28
x 10.22
x7.11
x 7.96
x 9.54

Dataset

Model Inference Time (secs)

Speed Improvement

VaMoH

Functa (3) Functa (10) vs.

Functa (3) vs. Functa (10)

POLYMNIST 0.00455
SHAPES3D 0.00544
CELEBA HQ 0.00833

ERAS

0.00790

SHAPENET 0.01440

0.01649
0.01768
0.01729
0.01997
0.02089

0.05109
0.05489
0.05377
0.06030
0.06569

x 3.62 x 11.23
x 3.25 x 10.09
x 2.08 X 6.46
x 2.53 x 7.63
x 1.45 x 4.56

Reconstruction

Super-reconstruction

M=




Experiments =

Image completion

In
In

Recons.
Recons.

In

Al 2 a2 B =YL

.
4

Recons. In Recons. In

/I b2 02 / b==2028Bl/6 -2 02

Missing a patch (in-painting) Missing half of the image Image out-painting

Recons. In Recons.




Proposed method (2)
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Limitations of previous work
Flexibility of the latent space in [5, 6, 25]

e This makes generation quality poor.

. 4 -

. 221s 2

(a) CELEBA HQ (b) SHAPES3D

VAMoH GASP Functa
VAMoH GASP Functa

I Dupont et at., 2020 81 Dupont et at., 2022 25 Koyuncu et at., 2023
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Proposed methods (2)

Hyper-Transforming Latent Variable Models [27] (LDMI)

Latent Diffusion [28] Transformer Hypernetwork .
— W, | by
—> —> W; bl
> —> W, I br
fo ()

q(z¢—1]2t, fo(zi, 1))

[27] Peis et at., 2025

48
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Proposed methods (2)

The HD decoder

The HD decoder
G

din
H —
Wi Wi Wi W . WP W
s )V | — —> ‘—>Wf—>r 1—>W1 bl
| [ |— > _—» .. —»| Reconst. | | .
z — J— |— —> — W;— — W, br

[27] Peis et at., 2025

49
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LDMI

Diffusion Models [29]

Denoising Score Matching

* A TR ) ) :
0" = arg mink, {A(t) e (0) Box (1) [x(0) U\Se(x(t)v” — V(o) log por (x(1) | X(O))HQ}}

Data Forward SDE Prior Reverse SDE Data

z(0) dz = f(z,t)dt + g(t)dw )@— dz = [f(z,t) — ¢°(t)V. log pi (z)] dt + g(t)dw

291 Song et at., 2020
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LDMI

Diffusion Models [29]

I
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LDMI

DDPM [30]

pt‘ixtllxt)
o —~®— O H

x—tlxt 1)

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

po (Xo0.7) = p (XT) HP@ (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 (¢ (x7 | x0) |[p(x1)) + )  Dxr (q (x¢—1 | x¢,%0) [[po (xe—1 | x¢)) —log py (x0 | x1))]

t>1
LT Lt—l LO

30l Ho et at., 2020
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LDMI

DDPM [30]

pt‘ixtllxt)
o —~® — O H

x—tlxt 1)

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

Lq[Dx (g (x7 | %0) [Ip (x7)) + >~ Dkw (q (-1 | %¢,%0) [[po (x¢—1 | x¢)) —log pg (X0 | x1)]
N e t>1ﬁf—/%/_/
LT Li_+ Lg
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LDMI

DDPM [30]

pt‘ixtllxt)
g O 8z H

x—tlxt 1)

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

L le — es (Varxo + VI — aze, t) ||’

Lsimple (‘9) L= ‘Ct,xo,e {He — €9 (\/6775}(0 + \/1 — (€, t) Hz}




Markovian (DDPM) Non-Markovian (DDIM) P
o
Do Peo
O— Q=88 Q=0 0—&
A Q($2|331)

DDIM [31]

e Define a Non-Markovian Inference Model.

e The objective is the same!

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

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

Latent Diffusion Models [28] -

Q(Z‘X’L'a YL)

p(2)
8

a
A
[
by .
—

&

\E\x ¢
- #N
b

e First stage:

EVAE(¢7 w) = 43q¢(z|X) [10gpq>(X)]
— B DkL (qp(2 | X)||p(2)),

Denoising U-Net €g 27 Text

f R Latent Space Conditioning}
E Diffusion Process > emantq
Ma
yA

e Second stage:

Repres
entations
Loppm = Ex 2 ¢ P\(t) e — €o (2t t)HQ} ) a_l
z ]
Eixel Spacg
o,
Bld

denoising step crossattention  switch  skip connection concat - J
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LDMI

Latent Diffusion Models for Implicit Neural Representations

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

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

Lyvae(®,¢) =Eq, z1x,v) [logpe (Y | X)]
— B Dk1 (gy(2 | X,Y)|[p(2))
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LDMI

Latent Diffusion Models for Implicit Neural Representations

2. We will fit a Diffusion Model (DDPM) to the learned latent space.

LoprM = Ex v 2 et [)\(75) e — €g (Zt,t)Hﬂ :
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LDMI

The Hyper-Transformer Decoder

e The latents are tokenized (following ViT [32]).

e Two sets of globally shared, learnable parameters:
o Compressed weights that cross-attend the latent tokens.

o Full weights to expand the compressed weights.

0 O

Wi Wi Wi W Wh. W

11111 o
— O v T

Transtormer Decoder |— W} — }\{Zeclfnst

— ) \ | — W] — — W, b

Transformer Encoder

v
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ResNet encoders

The data is stored in a structured representation.

We can make use of powerful encoders tailored to structured data.
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LDMI

Hyper-Transforming

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

£HT(¢) — <1:cyf(/)(ley,@,Yf,n) [lngqp(Y ‘ X)]

I Pretrained LDMs
Datset Task Model FID IS Prec Recall
LDM-
" VQ-4
- Unconditiona |
—> ‘N? b CelebA-HQ  Image |[32§|(r11 511(5.11) 3.29 072  0.49 %ﬁlﬂ%
|_| (]
1 1 Synthesis
- - steps,
- I I _ eta=0)
=g | = W ( b,
- —3 ces I I - " vQ-4
Unconditiona |
_ (200 https:ffomr
FFH | 4.98 (4.98 4.50 (4.50 0.73 0.50
‘N/ b @ L DDIM (4.98) (4.50) diffusion/ff
— L L Synthesis
Z 1 steps,
eta=1)
LDM-
KL-8
Unconditional
LSUN- (400 https:f/omr
| 4.02 (4.02 272 0.64 0.52
Churches mage DDIM 4.02) diffusion/ls
Synthesis

ol E




Experiments =

Datasets

CelebA (64x64) CelebA-HQ (64x64)

CelebA-HQ (256x256)

ERAS5 (Polar)
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Experiments

Baselines

Reconstruction,

Imputation, Scalable Flexible
Super Resolution

Model Appr Training Generatio

oach Procedure n

GASP Forward

(2021) [5] GAN Minimax Pacs X
Functa Flow- Bilevel - Extra. Optimization
(2022) [6] based optimization Cenerativ procedure(s) A
e Model per sample
VaMoH VAE- Single Forward
(ours) based optimization Pass Forward pass X
LDMI LDM- Hyper- Forward Forward pass \/ \/

(ours) based Transforming Pass

LDMI enhances efficiency, scalability quality of the learned representations.
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Experiments

Generation: qualitative results

(a) CelebA-HQ
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Experiments

Generation: quantitative results

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

GASP [Dupont et al., 2022a] - 7.42 25.7M
Functa [Dupont et al., 2022b] <30.7 40.40 -
VAMOoH [Koyuncu et al., 2023] 23.17 66.27 25.7M
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.
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Experiments

Reconstruction
CelebA-HQ (64x64) CelebA-HQ (256x256)

] § - Model Chairs (PSNR) T ERA5 (PSNR) 1
) 7 ‘.j‘ Functa [Dupont et al., 2022b] 292 34.9
-y VAMOoH [Koyuncu et al., 2023] 38.4 39.0

LDMI 38.8 44.6

x0.125
x0.125

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 i1s omitted as it is not applicable to INR reconstruc-
tion tasks.
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LDMI

Experiments
Data completion
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Experiments

Parameter efficiency

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 hypernetworks (HN) in GASP/VaMoH and LDMI.

Method HN Params PSNR (dB)

LDMI-MLP 17.53M 24.93
LDMI-HD 8.06M 27.72

Table 4: Ablation study comparing MLP and hyper-transformer HD decoders on CelebA-HQ.
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Conclusion

Thanks to learning distributions of functions, our proposed VAMoH can easily perform:
e (Generation.
e Reconstruction.
e Conditional generation.
e Super resolution (interpolation).
While being:
v Robust to partially observed data.

v Expressive for generating high-quality data.

V Efficient in terms of inference.
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Conclusion

Thanks to using Latent Diffusion and a Transformer-based hypernetwork, LDMI enhances
e Generation quality.
e Reconstruction accuracy.
e Conditional generation.
e Super resolution.
While:
\/Being scalable.

v Being parameter efficient.

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

VARIATIONAL MIXTURE OF HYPERGENERATORS
FOR LEARNING DISTRIBUTIONS OVER FUNCTIONS

Batuhan Koyuncu* Pablo Sanchez-Martin Ignacio Peis
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