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Abstract

Generating 3D images of complex objects condition-
ally from a few 2D views is a difficult synthesis problem,
compounded by issues such as domain gap and geomet-
ric misalignment. For instance, a unified framework such
as Generative Adversarial Networks cannot achieve this
unless they explicitly define both a domain-invariant and
geometric-invariant joint latent distribution, whereas Neu-
ral Radiance Fields are generally unable to handle both is-
sues as they optimize at the pixel level. By contrast, we
propose a simple and novel 2D to 3D synthesis approach
based on conditional diffusion with vector-quantized codes.
Operating in an information-rich code space enables high-
resolution 3D synthesis via full-coverage attention across
the views. Specifically, we generate the 3D codes (e.g. for
CT images) conditional on previously generated 3D codes
and the entire codebook of two 2D views (e.g. 2D X-rays).
Qualitative and quantitative results demonstrate state-of-
the-art performance over specialized methods across var-
ied evaluation criteria, including fidelity metrics such as
density, coverage, and distortion metrics for two complex
volumetric imagery datasets from in real-world scenarios.

1. Introduction
3D imaging is essential in several fields, from clinical ap-
plications with Magnetic Resonance Imaging (MRI) and
Computed Tomography (CT) modalities [13, 48], to vir-
tual/augmented reality [8,27], self-driving vehicles [23,31],
and security [42, 45]. However, the diverse range of avail-
able imaging devices exhibit differences in cost, quality, and
accessibility, which has led to an increased interest in lever-
aging 2D imaging for 3D acquisition. For instance, in hos-
pitals, CT from biplanar X-rays could minimize patient ex-
posure to a substantial dose of ionizing radiation [12]. Sim-
ilarly, at airports, volumetric reconstruction from security
baggage screening could be more effective at detecting pro-
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Figure 1. The proposed approach independently learns a discrete
information-rich codebook for 2D and 3D domains with two VQ-
VAEs. New 3D samples are then synthesized conditional on the
complete codebook of multiple 2D views with a transformer.

hibited items [43,44]. The capability to seamlessly translate
between these imaging domains, eliminating their limita-
tions, is a high-impact application; however, this remains a
difficult conditional generative modeling problem.

Generating accurate 3D representations from 2D images
poses a significant challenge in the field of computer vi-
sion. Approaches must account for complex shape topolo-
gies, fine-grained textures, domain differences, and incom-
plete input information. Current methods aim to solve this
under-constrained problem by relying on cycle consistency
losses [50] for disentangling 3D shape properties like ap-
pearance and viewpoint from a single input image [3], im-
proving fine-grained 3D mesh attributes [21], for 3D-aware
face image generation by distilling StyleGAN2 latent space
[32] and recovering 3D shapes from videos [47]. Despite
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these models being unpaired, they require separate convo-
lutional neural network (CNN) designs for predicting each
3D property, and they cannot generate accurate 3D repre-
sentations without additional 2D supervisory signals.

In this work, we present a unified approach that tackles
3D synthesis by reformulating it as a voxel-to-voxel predic-
tion problem. We achieve this by conditioning an uncon-
strained transformer on 2D input views. While some recent
methods have used transformers for multi-view 3D object
reconstruction, they suffer from computational inefficiency
and are sensitive to domain shifts and input view irregulari-
ties [29, 41].

We investigate 2D to 3D image translation of complex
data that exhibit varying outer and internal topologies with
different density properties and domains. To achieve this,
we propose a novel two-stage translation approach that
models the conditional probability of generating a 3D im-
age given 2D input views with a discrete diffusion model.
By applying this process in a highly compressed discrete
latent space, our approach can extract high level features of
complex objects and scale to high-resolution data without
requiring paired datasets (Fig. 1), which is a desired feature
for real-world applications. First, our approach learns
information-rich discrete spaces of 2D and 3D distributions
independently with two Vector-Quantized Variational
Autoencoders (VQ-VAE), removing the need for alignment
of both geometries. Second, we use a diffusion model
parameterized by an unconstrained transformer that allows
bidirectional 2D global context when generating the 3D
representation, improving feature learning and speeding up
the sampling process.

To summarize, our main contributions are:

– We propose a novel and simple translation approach
based on conditional diffusion using transformers,
generating high-quality 3D samples conditional on two
2D images from a different domain.

– We show that diffusion in the information-rich latent
code space not only allows for our model to scale eas-
ily to high-resolution, but also allows for translation
of unaligned inputs—as our full-coverage attention on
latent encodings permits any part of all 2D inputs to
contribute to voxel predictions.

– The model is shown to give state-of-the-art density
and coverage over competing methods such as Gener-
ative Adversarial Networks (GAN) and Neural Radi-
ance Fields (NeRF) while offering true likelihood esti-
mates.

2. Prior Work
2.1. Autoregressive Modeling

Autoregressive models are a class of likelihood-based gen-
erative models that have been demonstrated to be potent
density estimators, exhibiting greater training stability and
generalization capabilities [30, 37] compared to implicit
generative models such as GAN [18]. They break down
the joint distribution of structured outputs into products of
conditional distributions,

p(c|Z) =

LY
i=1

p�(ci|c1; :::; ci�1; Z): (1)

However, as their receptive field is limited to previously
generated tokens, their representation ability is biased, and
images do not conform to such sequential manner. More-
over, this also restricts them to relatively low dimensional
data [36, 38].

2.2. Vector-Quantized Representations

The vector quantization (VQ) technique has been adopted
by explicit generative models to alleviate issues includ-
ing scaling, posterior collapse and blurred outputs by
quantizing the latent representations to a fixed number
{q1; · · · ; qK} [19, 39, 49]. Furthermore, VQ-based mod-
els have achieved sharper reconstructions than implicit gen-
erative models on continuous latent variables. Following
their success in generative modeling, we make use of VQ
representations, where a convolutional autoencoder extracts
high-level features to an information-rich latent space. VQ
image models [39], which compress images to a low di-
mensional discrete latent space and subsequently model this
space with a powerful generative model, have recently been
used for a variety of tasks. Chen et al., [10] address the
domain gap issue in cross-domain analysis by introducing
VQ into the image-to-image translation framework; how-
ever, their approach deals with the two data modalities hav-
ing the same dimension and relies on spatial correlations.

2.3. 2D to 3D Image Translation

Image-to-image translation methods which aim to recon-
struct a 3D representation given a single or multiple 2D
images, have achieved notable success within the field
[16]. Generally, these architectures first extract 2D fea-
tures from the input image into a latent vector, which can
be fused with other information such as geometric priors,
and lastly, the decoder generates the predicted 3D repre-
sentation [16, 20, 33]. However, these techniques applied to
natural images do not easily translate to real-application do-
mains. Moreover, most conditional generative models have
dealt with the input and output data having the same dimen-
sion, i.e. 2D to 2D or 3D to 3D.
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Figure 2. Our approach allows 2D to 3D translation from unaligned data by first compressing to an information rich Vector-Quantized
discrete space, then modeling the conditional probability with a discrete diffusion model parameterized by an unconstrained transformer.

Generative Adversarial Networks. GAN [18] have
emerged as representatives of implicit generative model-
ing due to their capability to generate realistic synthesized
images. However, they often suffer from training instabil-
ity [1]. In our domain’s context, we are comparing two
GAN-based models. The first is X2CT-GAN [48], which
utilizes a 3D GAN with skip-connections, along with an
additional CycleGAN for capturing style differences. The
second model is CCX-rayNet [28], which employs a class-
conditioned module to reconstruct a CT from 2D X-ray im-
ages. Unlike CNN-based models that require aligned in-
puts (i.e. consistent resolution, orientation, and transfor-
mations) and often rely on skip-connections, our approach
allows unaligned inputs via full-coverage attention on an
information-rich discrete latent space.

Neural Radiance Fields. The ability of NeRF to gener-
ate novel views of complex 3D scenes from a partial set of
2D images [25], inspired MedNeRF [13] for rendering CT
projections from a small set or single-view X-rays. While
NeRF render 3D-informed images from 2D viewpoints,
they differ fundamentally from our method. In particular,
they are focused on object and scene representation con-
ditional on coordinate information, rather than novel syn-
thesis and generalizability [17]. In contrast, our approach
needs no prior data on camera positions or aligned inputs.
It enables direct sampling based on input views while pro-
viding control over the generative process.

2.4. Hybrid Generative Models

A way to address issues in specific generative models such
as long training or poor scaling is by combining two or more
approaches [7]. For instance, transformers and their self-
attention mechanism use in an encoder-decoder setup [40]
to improve both autoregressive models and other generative
models due to their stable training and ability to learn long-
distance dependencies. This is achieved using the attention
scheme,

Attention(Q;K;V ) = softmax

 
QKT

√
dk

!
V : (2)

where the values V represent the encoded inputs, the keys
K are used for indexing and queries Q to select specific val-
ues. Additionally positional information is passed into the
function via fixed or trainable positional embeddings [11].

Of particular interest to this work is the two-stage pro-
cess proposed by Bond-Taylor et al. [6], where the discrete
latent space is modeled by a diffusion model parameterized
by an unconstrained transformer that learns to unmask the
data. This process allows faster sampling because multiple
tokens can be predicted in parallel. Inspired by this work,
we bridge the domain gap between 2D to 3D translation by
combining the infinite receptive fields of attention for repre-
senting both data distributions and allowing learning com-
plex topologies with the powerful feature-extraction ability
and scalability of VQ-VAE. One of the advantages of our
approach is that it does not require spatially aligned 2D and
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