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ABSTRACT

Recent studies have introduced a new class of generative models for synthesizing
implicit neural representations (INRs) that capture arbitrary continuous signals
in various domains. These models opened the door for domain-agnostic genera-
tive models, but they often fail to achieve high-quality generation. We observed
that the existing methods generate the weights of neural networks to parameterize
INRs and evaluate the network with fixed positional embeddings (PEs). Arguably,
this architecture limits the expressive power of generative models and results in
low-quality INR generation. To address this limitation, we propose Domain-
agnostic Latent Diffusion Model for INRs (DDMI) that generates adaptive posi-
tional embeddings instead of neural networks’ weights. Specifically, we develop
a Discrete-to-continuous space Variational AutoEncoder (D2C-VAE) that seam-
lessly connects discrete data and continuous signal functions in the shared latent
space. Additionally, we introduce a novel conditioning mechanism for evaluat-
ing INRs with the hierarchically decomposed PEs to further enhance expressive
power. Extensive experiments across four modalities, e.g., 2D images, 3D shapes,
Neural Radiance Fields, and videos, with seven benchmark datasets, demonstrate
the versatility of DDMI and its superior performance compared to the existing
INR generative models. Code is available at https://github.com/mlvlab/DDMI.

1 INTRODUCTION

Implicit neural representation (INR) is a popular approach for representing arbitrary signals as a con-
tinuous function parameterized by a neural network. INRs provide great flexibility and expressivity
even with a simple neural network like a small multi-layer perceptron (MLP). INRs are virtually
domain-agnostic representations that can be applied to a wide range of signals domains, such as im-
age (Müller et al., 2022; Tancik et al., 2020; Sitzmann et al., 2020), shape/scene model (Mescheder
et al., 2019; Peng et al., 2020; Park et al., 2019), video reconstruction (Nam et al., 2022b; Chen
et al., 2022), and novel view synthesis (Mildenhall et al., 2021; Martin-Brualla et al., 2021; Park
et al., 2021; Barron et al., 2021). Also, INR enables the continuous representation of signals at arbi-
trary scales and complex geometries. For instance, given an INR of an image, applying zoom-in/out
or sampling an arbitrary-resolution image is readily achievable, leading to superior performance in
super-resolution (Chen et al., 2021; Xu et al., 2021). Lastly, INR represents signals with high quality
leveraging the recent advancements in parametric positional embedding (PE) (Müller et al., 2022;
Cao & Johnson, 2023).

Recent research has expanded its attention to INR generative models using Normalizing
Flows (Dupont et al., 2022a), GANs (Chen & Zhang, 2019; Skorokhodov et al., 2021; Anokhin
et al., 2021), and Diffusion Models (Dupont et al., 2022a; Zhuang et al., 2023). Especially, Dupont
et al. (2022a); Zhuang et al. (2023); Du et al. (2021); Dupont et al. (2022b) have focused on devel-
oping a generic framework that can be applied across different signal domains. This is primarily
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Figure 1: Generation results of DDMI. Our DDMI generates high-quality samples across four
distinct domains including image, shape, video, and Neural Radiance Fields. DDMI also shows
remarkable results for applications like arbitrary-scale image generation or text-to-shape generation.

accomplished by modeling the distribution of INR ‘weights’ by GAN (Dupont et al., 2022b), latent
diffusion model (Dupont et al., 2022a), or latent interpolation (Du et al., 2021). However, these mod-
els often exhibit limitations in achieving high-quality results when dealing with large and complex
datasets. Arguably, this is mainly due to their reliance on generating weights for an INR function
with fixed PEs. This places a substantial burden on function weights to capture diverse details in
multiple signals, whereas the careful designs of PE (Müller et al., 2022; Chan et al., 2022; Cao &
Johnson, 2023) have demonstrated greater efficiency and effectiveness in representing signals.

Therefore, in this paper, we propose Domain-agnostic Latent Diffusion Model for INRs (DDMI)
that generates adaptive positional embeddings instead of neural networks’ weights (see Fig. 3 for
conceptual comparison). Specifically, we introduce a Discrete-to-continuous space Variational Au-
toEncoder (D2C-VAE) framework with an encoder that maps discrete data into the latent space and
a decoder that maps the latent space to continuous function space. D2C-VAE generates basis fields
using the decoder network conditioned on a latent variable. This means we define sample-specific
basis functions for generating adaptive PEs, shifting the primary expressive power from MLP to PE.
Additionally, we propose two modules that further enhance the expressive capacity of INR: 1) Hi-
erarchically Decomposed Basis Fields (HDBFs): we decompose the basis fields into multiple scales
to better account for the multi-scale nature of signals. 2) Coarse-to-Fine Conditioning (CFC): we
introduce a novel conditioning method, where the multi-scale PEs from HDBFs are progressively
conditioned on MLP in a coarse-to-fine manner. Based on D2C-VAE, we train the latent diffusion
model on the shared latent space (see Fig. 2 for the overall framework). Ultimately, our model can
generate high-quality continuous functions across a wide range of signal domains (see Fig. 1). To
summarize, our contributions are as follows:

• We introduce the Domain-agnostic Latent Diffusion Model for INRs (DDMI), a generative
model synthesizing high-quality INRs across various signal domains.

• We define a Discrete to Continuous space Variational AutoEncoder (D2C-VAE) that gener-
ates adaptive PEs and learns the shared latent space to connect the discrete data space and
the continuous function space.

• We propose Hierarchically-Decomposed Basis Fields (HDBFs) and Coarse-to-Fine Condi-
tioning (CFC) to enhance the expressive power.

• Extensive experiments across four modalities and seven benchmark datasets demonstrate
the versatility of DDMI. The proposed method significantly outperforms the existing INR
generative models, demonstrating the efficacy of our proposed methods.

2 RELATED WORKS

INR-based generative models. Several works have explored the use of INR in generative mod-
eling to leverage its continuous nature and expressivity. Especially the INR generative models are
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Figure 2: Overall pipeline of DDMI . Discrete datax and continuous function! are connected
in the shared latent spacez (D2C-VAE). The decoder generates Hierarchically-Decomposed Basis
Fields (HDBFs) given latent variablez. p1 represents the coarsest scale PE andp3 corresponds to
the �nest scale PE. The MLP returns the signal value for queried coordinatec using the Coarse-to-
Fine Conditioning method. Latent diffusion model operates on the shared latent space. Note that we
use a tri-plane latent variable for 3D and video, and a single plane for 2D image.

known for their ability to generate data at arbitrary scales with asinglemodel. Thus, there has been
a surge of recent works across multiple modalities. For 2D images, CIPS (Anokhin et al., 2021) and
INR-GAN (Skorokhodov et al., 2021) employ GANs to synthesize continuous image functions. For
3D shape, recent studies (Nam et al., 2022a; Zheng et al., 2022; Li et al., 2023; Erkoç et al., 2023)
have proposed generating shapes as Signed Distance Functions (SDFs) using GANs or diffusion
models. Also, for videos, DIGAN (Yu et al., 2022) and StyleGAN-V (Skorokhodov et al., 2022)
have introduced GAN-based architectures to generate videos as continuous spatio-temporal func-
tions. However, since these models are designed for speci�c modalities, they cannot easily adapt to
different types of signals. Another line of research has explored the domain-agnostic architectures
for INR generations, such as GASP (Dupont et al., 2022b), Functa (Dupont et al., 2022a), GEM (Du
et al., 2021), and DPF (Zhuang et al., 2023). Zhuang et al. (2023) directly applies diffusion models
to explicit signal �elds to generate samples at the targeted modality, yet it faces a scalability issue
when dealing with large-scale datasets. Others (Dupont et al., 2022b;a; Du et al., 2021; Koyuncu
et al., 2023) attempt to model the weight distribution of INRs with GANs, diffusion models, or latent
interpolation. In contrast, we introduce a domain-agnostic generative model that generates adaptive
positional embeddings instead of weights of MLP in INRs.

Latent diffusion model. Diffusion models (Ho et al., 2020; 2022; Song et al., 2021) have demon-
strated remarkable success in generation tasks. They consistently achieve high-quality results and
high distribution coverage (Dhariwal & Nichol, 2021), often outperforming GANs. However, their
iterative reverse process, typically involving a large number of steps (e.g., 1000 steps), renders them
signi�cantly slower and inef�cient compared to the implicit generative models like VAEs (Kingma
& Welling, 2013) and GANs. To alleviate this limitation, recent works (Rombach et al., 2022;
Vahdat et al., 2021) have proposed learning the data distribution in a low-dimensional latent space,
which offers computational ef�ciency. Latent diffusion models (LDMs) strike a favorable balance
between quality and ef�ciency, making them an attractive option for various applications. Our work
adopts a latent space approach for designing the computational-ef�cient generative model.

3 METHODOLOGY

We present a Domain-agnostic latent Diffusion Model for synthesizing high-quality Implicit neural
representations (DDMI). In order to learn to generate continuous functions (INRs) from discrete
data,e.g., images, we propose a novel VAE architecture D2C-VAE that maps discrete data to con-
tinuous functions via a shared latent space in Sec. 3.1. To enhance the quality of INR generation, we
introduce a coarse-to-�ne conditioning (CFC) mechanism for evaluating INRs with the generated
hierarchically-decomposed basis �elds (HDBFs). Sec. 3.2 outlines the two-stage training proce-
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dures of the proposed method. As with existing latent diffusion models (Rombach et al., 2022),
D2C-VAE learns the shared latent space in the �rst stage. In the second stage, the proposed frame-
work trains a diffusion model in the shared latent space while keeping the other networks �xed. The
overall pipeline is illustrated in Fig. 2.

3.1 DDMI

Figure 3: Comparison between weight
generation and PE generation for INR
generative modelsG. c is a coordinate,
p is a PE,
 is a function that maps coor-
dinates to PEs,� � is MLP, and!̂ (c) is a
predicted signal value. For PE generation,
we sample basis �elds� from G instead of
� . The red line indicates the generation.

Let ! ; !̂ 2 
 denote a continuous function repre-
senting an arbitrary signal and its approximation by
neural networks respectively, where
 is a continuous
function space. Given a spatial or spatiotemporal co-
ordinatec 2 Rm , and its corresponding signal value
x 2 Rn , training datax can be seen as the evaluations
of a continuous function at a set of coordinates, i.e.,
x = [ ! (c)]I

i =1 = ! (c), wherex 2 RI � n , c 2 RI � m ,
andI is the number of coordinates.

D2C-VAE. We propose anasymmetricVAE architec-
ture, dubbed as Discrete-to-continuous space Varia-
tional Auto-Encoder (D2C-VAE), to seamlessly con-
nect a discrete data space and a continuous function
space via the shared latent space. Speci�cally, the en-
coderE � maps discrete datax to the latent variablez
as 2D grid features,e.g., a 2D plane for images or a 2D
tri-plane for 3D shapes and videos. The decoderD  
generatesbasis �elds� , i.e., � = D  (z), where we
de�ne � as a set of dense grids consisting of generated
basis vectors. Then, the positional embeddingp for
the coordinatec is computed byp = 
 (c; �) , where a
function
 performs bilinear interpolation on� , calcu-
lating the distance-weighted average of its four near-
est basis vectors at coordinatec. For tri-plane basis
�elds, an axis-aligned orthogonal projection is applied
beforehand (see Fig. 2). In this manner, the proposed methodadaptivelygenerates PEs according to
different basis �elds. Finally, the MLP� � returns the signal value given the positional embedding,
i.e., x̂ = � � (p) = !̂ (c). Fig. 3 shows the distinction between the proposed method and existing
INR generative models. We observed that the PE generation improves the expressive power of INRs
compared to weight generation approaches, see Sec. 4.

Hierarchically-decomposed basis �elds.Instead of relying on a single-scale basis �eld, we pro-
pose decomposing it into multiple scales to better account for signals' multi-scale nature. To ef-
�ciently generate multi-scale basis �elds, we leverage the feature hierarchy of a single neural net-
work. Speci�cally, the decoderD  outputs feature maps at different scalei , i.e., D  (z) = f � i j i =
1; :::; ng. The feature maps undergo 1 × 1 convolution to match the feature dimensions across scales.
We refer to these decomposed basis �elds as Hierarchically-Decomposed Basis Fields (HDBFs).
Then, we can compute multi-scale PEsf pi g aspi = 
 (c; � i ), for all i . In practice, we use three
different scales of basis �elds from three different levels of layers. Sec. 4.4 qualitatively validates
the spatial frequencies in HDBFs of generated samples are decomposed into multiple levels. This
demonstrates that each �eld is dedicated to learning a speci�c level of detail, leading to a more
expressive representation.

Coarse-to-�ne conditioning (CFC). A nä�ve approach to using multi-scale positional embeddings
from HDBFs for MLP� � is concatenating them along channel dimensions. However, we found
that it is suboptimal. Thus, we introduce a conditioning mechanism that gradually conditions MLP
� � on coarse PEs to �ne PEs. The intuition is to encourage the lower-scale basis �eld to focus
on the details missing from the higher-scale basis �eld. To achieve this, we feed the PE from the
lowest-scale basis �eld as input to the MLP block and then concatenate (or element-wise sum) its
intermediate output with the next PE from the higher-scale basis �eld. We continue this process for
subsequent scales until reaching then-th scale (see Fig. 2).
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3.2 TRAINING PROCEDURE ANDINFERENCE

The training of DDMI involves two stages: VAE training and diffusion model training. In the �rst
stage, D2C-VAE learns the shared latent space with an encoderE � to map discrete data to latent
vectorz and a decoderD  to generate basis �elds� . In the second stage, a diffusion model is
trained in the latent space to learn the empirical distribution of latent vectorsz.

D2C-VAE training. We de�ne a training objective for D2C-VAE that maximizes the evidence
lower bound (ELBO) of log-likelihood of the continuous function! with discrete datax as:

logp(! ) = log
Z

p ;� � (! jz) � p(z)dz (1)

= log
Z

p ;� � (! jz)
q� (zjx)

� q� (zjx) � p(z) dz (2)

�
Z

log
�

p ;� � (! jz)
q� (zjx)

� p(z)
�

� q� (zjx) dz (3)

=
Z

q� (zjx) �
�

logp ;� � (! jz) � log
�

q� (zjx)
p(z)

��
(4)

= Eq� (zjx ) [logp ;� � (! jz)] � DKL (q� (zjx)jjp(z)) ; (5)

where the inequality in Eq. 3 is by Jensen's inequality.q� (zjx) is the approximate posterior,p(z)
is a prior, andp ;� � (x jz) is the likelihood. The �rst term in Eq. 5 measures the reconstruction loss,
and the KL divergence between the posterior and prior distributionsp(z) encourages latent vectors
to follow the prior. However, since we do not have observation! but only discrete datax = ! (c),
we approximatep ;� � (! jz) by assuming coodinate-wise independence as

p ;� � (! jz) � p ;� � (! (c) jz) =
Y

c2 c

p ;� � (! (c)jz); (6)

where!̂ (c) = � � (
 (c; D  (z))) . Thus, our training objective in Eq. 5 can be approximated as

L �; ;� (x) := Eq� (zjx ) [logp ;� � (! jz)] � DKL (q� (zjx)jjp(z)) (7)

� Eq� (zjx )

"
X

c2 c

logp ;� � (! (c)jz)

#

� DKL (q� (zjx)jjp(z)) : (8)

Since the reconstruction loss varies depending on the number of coordinates,i.e., jcj, in practice, we
train D2C-VAE with the re-weighted objective function given as:

L �; ;� � (x) = Eq� (zjx ) ;c2 c [logp ;� � (! (c)jz)] � � z � DKL (q� (zjx)jjp(z)) ; (9)

where� z balances the two losses, andp(z) is a standard normal distribution.

Diffusion model training. Following existing LDMs (Vahdat et al., 2021; Rombach et al., 2022;
Ho et al., 2020), the forward diffusion process is de�ned in the learned latent space as a Markov chain
with pre-de�ned Gaussian kernelsq(zt jzt � 1) := N (zt ;

p
1 � � t zt � 1; � t I ). The forward diffusion

process is given asq(z1:T jz0) =
Q T

t =1 q(zt jzt � 1), whereT indicates the total number of diffusion
steps and� t is a pre-de�ned noise schedule that satis�esq(zT ) � N (zT ; 0; I) . The reverse diffusion
process is also de�ned in the latent space asp' (z0:T ) = p(zT )

Q T
t =1 p' (zt � 1jzt ), wherep' (z0)

is a LDM prior. The Gaussian kernelsp' (zt � 1jzt ) := N (zt ; � ' (zt ; t); � 2
t I ) is parameterized by a

neural network� ' (zt ; t) and� 2
t is the �xed variances. The reverse diffusion processp' (zt � 1jzt ) is

trained with the following noise prediction using reparameterization trick:

L ' (z) = Ez0 ;�;t
�
w(t)jj � � � ' (zt ; t)jj2

2

�
: (10)

Inference. Continuous function generation involves the reverse diffusion processp' , D2C-VAE
decoderD  , and read-out MLP� � . First, a latentz0 � p' (z0) is generated by iteratively conducting

ancestral sampling,zt � 1 = 1p
� t

�
zt � � tp

1� �� t
� ' (zt ; t)

�
+ � t �; where� � N (0; I) andp(zT ) =

N (zT ; 0; I) . Then, the latentz0 is fed to D2C-VAE decoderD  to generate HDBFs� . Finally,
combining HDBFs with MLP� � learned in the �rst stage, the proposed method parameterizes a
continuous function! (�).

5



Published as a conference paper at ICLR 2024

Table 1: FID results on CelebA-HQ.

642 1282 2562 3842

< Discrete representation>
LDM (Rombach et al., 2022) - - 5.51 -
LSGM (Vahdat et al., 2021) - - 7.22 -

< Continuous representation>
Domain-speci�c
INR-GAN (Skorokhodov et al., 2021) - - 10.3 -
CIPS (Anokhin et al., 2021) 15.41 13.53 11.4 15.8
Domain-agnostic
Functa (Dupont et al., 2022a) 40.4 - - -
GEM (Du et al., 2021) 30.4 - - -
GASP (Dupont et al., 2022b) 13.5 19.2 - -
DPF (Zhuang et al., 2023) 13.2 - - -
DDMI (Ours) 9.74 8.73 7.25 10.44

Table 2: Precision and Recall results.

CelebA-HQ AFHQv2 Cat
< Continuous representation> P " R " P " R "
INR-GAN (Skorokhodov et al., 2021) 0.671 0.333 0.719 0.281
CIPS (Anokhin et al., 2021) 0.682 0.287 0.716 0.117
DDMI (Ours) 0.734 0.408 0.808 0.367

Table 3: FID results on AFHQv2 Dog.

1282 2562 3842

< Discrete representation>
StyleGAN (Karras et al., 2020a) - 6.73 -
< Continuous representation>
Domain-speci�c
INR-GAN (Skorokhodov et al., 2021) - 31.27 -
CIPS (Anokhin et al., 2021) 26.95 23.93 28.97
Domain-agnostic
GASP (Dupont et al., 2022b) - 35.78 -
DDMI (Ours) 10.81 8.54 11.47

Table 4: FID results on AFHQv2 Cat.

1282 2562 3842

< Discrete representation>
StyleGAN (Karras et al., 2020a) - 3.25 -
< Continuous representation>
Domain-speci�c
INR-GAN (Skorokhodov et al., 2021) - 11.2 -
CIPS (Anokhin et al., 2021) 7.85 7.35 11.8
Domain-agnostic
GASP (Dupont et al., 2022b) - 17.48 -
DDMI (Ours) 5.88 4.27 7.94

4 EXPERIMENTS

We evaluate the effectiveness and versatility of DDMI through comprehensive experiments across
diverse modalities, including 2D images, 3D shapes, and videos. We assume a multivariate normal
distribution for the likelihood functionq� (! (c)jz) for images and videos and Bernoulli distribution
for shapes (occupancy function). For all domains, the multivariate normal distribution is used for
the posteriorp ;� � (zjx). For the type of latent variables for each domain, the encoder maps input
data to the latent variablez as 2D grid features,e.g., a single 2D plane for images using a 2D CNN-
based encoder (Ho et al., 2020) or a 2D tri-plane for 3D shapes following Conv-ONET (Peng et al.,
2020) and videos as outlined in Timesformer (Bertasius et al., 2021). Then, we use a 2D CNN-based
decoderD  to convert latent variablez into basis �elds� . Additional experiments (e.g., NeRF) and
more implementation details, evaluation, and baselines are provided in the supplement.

4.1 2D IMAGES

Datasets and baselines. For images, we evaluate models on AFHQv2 Cat and Dog (Choi
et al., 2020) and CelebA-HQ dataset (Karras et al., 2018) with a resolution of 2562. We com-
pared our method with three groups of models: 1)Domain-agnosticINR generative models such
as Functa (Dupont et al., 2022a), GEM (Du et al., 2021), GASP (Dupont et al., 2022b), and
DPF (Zhuang et al., 2023), which are theprimary baselines, 2)Domain-speci�cINR generative
models that are speci�cally tailored for image generation like INR-GAN (Skorokhodov et al., 2021)
and CIPS (Anokhin et al., 2021). Apart from DPF, which generates the explicit signal �eld, every
baseline operates weight generation, whereas ours opts for PE generation. 3)Discrete represen-
tation based generative models for reference. We provide results from state-of-the-art generative
models (Vahdat et al., 2021; Rombach et al., 2022; Karras et al., 2020a) that learn to generate dis-
crete images.

Quantitative analysis.We primarily measure FID (Heusel et al., 2017), following the setup in (Sko-
rokhodov et al., 2021). Tab. 1, 3, and 4 showcase the consistent improvement of DDMI over pri-
mary baselines for multiple resolutions. For instance, Tab. 1 shows that compared to DPF, the recent
domain-agnostic INR generative model, our approach achieves an FID score of 9.74 as opposed to
13.2 on the CelebA-HQ at a resolution of 642. Moreover, on AFHQv2 Cat in Tab. 4, DDMI demon-
strates superior performance over CIPS, speci�cally developed for arbitrary scale image generation,
achieving an average FID improvement of 2.97 across three different resolutions. In Tab. 2, we com-
pare precision and recall with image-targeted INR generative models. Here, precision and recall are
indicative of �delity and diversity, respectively. DDMI exhibits a signi�cant advantage over both
baselines (Skorokhodov et al., 2021; Anokhin et al., 2021), demonstrating superior performance for
both CelebA-HQ and AFHQv2 Cat datasets. We provide additional results on CIFAR10 (Krizhevsky
et al., 2009) and Lsun Churches (Yu et al., 2015) in Tab. 11 of the supplement.
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(a) ScaleParty (Discrete representation)

(b) Ours

Figure 4: Comparison between DDMI and
ScaleParty on arbitrary-scale generation.

(a) CIPS (domain-speci�c INR)

(b) Ours

Figure 5: Comparison between DDMI and
CIPS on arbitrary-scale generation.

Qualitative analysis. For further validation, we generate images at arbitrary scales and conduct
comparisons with two notable models: ScaleParty (Ntavelis et al., 2022), a recent generative model
designed for multi-resolution discrete images, and CIPS, an image-targeted INR generative model.
DDMI demonstrates an impressive capability to consistently generate clearer images across various
resolutions, from low to high. In Fig. 4, our model excels at generating images with preserved facial
structure, whereas Ntavelis et al. (2022) struggles to maintain the global structure of the image
for lower-resolution cases. Also, in Fig. 5, DDMI succeeds in capturing high-frequency details
across images of varying resolutions, while Anokhin et al. (2021) tends to lack �ner details as the
resolution increases.

4.2 3DSHAPES

Datasets and baselines. For shapes, we adopt the ShapeNet dataset (Chang et al., 2015) with two
settings: a single-class dataset with 4K chair shapes and a multi-class dataset comprising 13 classes
with 35K shapes, following the experimental setup in (Peng et al., 2020). We learn the shape as
the occupancy function (Mescheder et al., 2019)! : R3 ! f 0; 1g, where it maps 3D coordinates
to occupancy values,e.g., 0 or 1. Still, domain-agnostic INR generative models from Sec. 4.1 are
our primary baselines, where we also compare with domain-speci�c INR generative models for 3D
shapes like 3D-LDM (Nam et al., 2022a) and SDF-Diffusion (Shim et al., 2023). We also include
results from generative models for generating discrete shapes, such as point clouds.

Quantitative analysis.We conduct extensive experiments with unconditional and conditional shape
generation. Beginning with unconditional shape generation (Tab. 5), we measure �delity and diver-
sity using Minimum Matching Distance (MMD) and Coverage (Achlioptas et al., 2018). DDMI sur-
passes both domain-agnostic and domain-speci�c baselines, achieving the best MMD for the single
chair class (1.5) and multi-class (1.3) settings. Moreover, we attain the highest COV in multi-class
shape generation, showcasing our ability to generate diverse shapes with high �delity.

Next, we provide text-guided shape generation results on Text2Shape (T2S) dataset (Chen et al.,
2019), comprising 75K paired examples of text and shapes on chairs and tables. For training, we
utilize pre-trained CLIP text encoder (Radford et al., 2021)� for encoding text promptt into em-
bedding� (t) and condition it to LDMe� (zt ; t; � (t)) by cross-attention (Rombach et al., 2022). For
generation, the text-conditioned scoreê is derived using classi�er-free guidance (Ho & Salimans,
2022):ê� (zt ; t; � (t)) = e� (zt ; t; ; ) + w � (e� (zt ; t; � (t)) � e� (zt ; t; ; )) , where; andw indicates an
empty prompt and guidance scale, respectively. We measure classi�cation accuracy, CLIP-S (CILP
similarity score), and Total Mutual Difference (TMD) to evaluate against shape generative mod-
els (Mittal et al., 2022; Li et al., 2023; Liu et al., 2022). Tab. 7 illustrates the strong performance of
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Table 5: Generation results on 3D shapes.

Chair Multi Class
MMD # COV " MMD # COV "

< Discrete representation>
PVD (Zhou et al., 2021) 6.8 0.421 - -
DPM3D (Luo & Hu, 2021) 1.3� 0.567� - -

< Continuous representation>
Domain-speci�c
LatentGAN (Chen & Zhang, 2019) - - 1.7 0.389
3D-LDM (Nam et al., 2022a) 1.68 0.426 - -
SDF-StyleGAN (Zheng et al., 2022) 1.9 0.411 1.55 0.398
SDF-Diffusion (Shim et al., 2023) 8.0 0.498 - -
HyperDiffusion (Erkoç et al., 2023) 7.1 0.530 - -
Domain-agnostic
GASP (Dupont et al., 2022b) 2.5 0.353 2.1 0.341
GEM (Du et al., 2021) - - 1.4 0.409
DPF (Zhuang et al., 2023) - - 1.6 0.419
DDMI (Ours) 1.5 0.510 1.3 0.421
� are trained on Acronym (Eppner et al., 2021) dataset.

Table 6: Generation results on videos.

SkyTimelapse
FVD #

< Discrete representation>
VideoGPT (Yan et al., 2021) 222.7
MoCoGAN (Tulyakov et al., 2018) 206.6
MoCoGAN-HD (Tian et al., 2021) 164.1
LVDM (He et al., 2022) 95.2
PVDM (Yu et al., 2023) 71.46

< Continuous representation>
Domain-speci�c
DIGAN (Yu et al., 2022) 83.11
StyleGAN-V (Skorokhodov et al., 2022) 79.52
Domain-agnostic
DDMI (Ours) 66.25

Table 7: Text-to-shape generation results.

Acc " CLIP-S" TMD #
Domain-speci�c
IMLE (Liu et al., 2022) 34.79 - 0.891
Auto-SDF (Mittal et al., 2022) 83.88 - 0.581
Diffusion-SDF (Li et al., 2023) 88.56 28.63 0.169
Domain-agnostic
DDMI (Ours, w = 3 ) 91.30 30.30 0.204

Table 8: Ablation study.

Generation
target HDBFs CFC

First Stage
(PSNR)

Second Stage
(FID)

PE 32.72 8.54
PE X 33.17 8.23
PE X X 33.56 7.82

DDMI, indicating our method generates high-�delity shapes (accuracy and CLIP-S) with a diversity
level comparable to baselines (TMD).

Qualitative analysis. Fig. 1 and Fig.6 present qualitative results. Fig. 6 displays visualizations of
text-guided shape generations, demonstrating our model's consistent generation of faithful shapes
given text conditions (e.g., “a two-layered table”) over Diffusion-SDF (Li et al., 2023). Fig. 1 incor-
porates the comprehensive results, including unconditional shape generation, text-conditioned shape
generation, and unconditional Neural Radiance Field (NeRF) generation. Especially for NeRF, we
train DDMI with SRN Cars dataset (Sitzmann et al., 2019). Speci�cally, we encode point clouds
to the 2D-triplane HDBFs, allowing MLP to read out triplane features at queried coordinate and
ray direction into color and density via neural rendering (Mildenhall et al., 2021). For more re-
sults, including a qualitative comparison between Functa (Dupont et al., 2022a) and ours on NeRF
generation, see Fig. 15 in the supplement.

4.3 VIDEOS

Datasets and baselines. For videos, we use the SkyTimelapse dataset (Xiong et al., 2018) and
preprocess each video to have 16 frames and a resolution of 2562, following the conventional setup
used in recent video generative models (Skorokhodov et al., 2022; Yu et al., 2023). We learn 2D
videos as a continuous function! maps spatial-temporal coordinates to corresponding RGB values,
i.e., ! : R3 ! R3. We compare our results with domain-speci�c INR generative models (Yu et al.,
2022; Skorokhodov et al., 2022) as well as discrete video generative models like LVDM (He et al.,
2022) and PVDM (Yu et al., 2023).

Quantitative analysis. Tab. 6 illustrates the quantitative results of 2D video generation. We em-
ploy Fŕechet Video Distance (FVD) (Unterthiner et al., 2018) as the evaluation metric, following
StyleGAN-V (Skorokhodov et al., 2022). DDMI shows competitive performance to the most recent
diffusion model (PVDM (Yu et al., 2023)), which is speci�cally trained on discrete video (pixels).
This validates the effectiveness of our design choices in enhancing the expressive power of INR. We
also provide qualitative results in Fig. 1 and 14, where the generated videos exhibit realistic quality
in each frame and effectively capture the motion across frames, demonstrating the versatility of our
model in handling not only spatial but also temporal dimensions.

4.4 ANALYSIS
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