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Abstract: In the field of 3D reconstruction, recent developments, especially in face reconstruction, have shown consid-
erable promise. Despite these achievements, many of these techniques depend heavily on a large number of
input views and are inefficient limiting their practicality. This paper proposes a solution to these challenges
by focusing on single-view, full 3D head reconstruction. Our approach leverages a 1D diffusion model in
combination with RGB image features and a neural parametric latent representation. Specifically, we train a
system to learn latent codes conditioned on features extracted from a single input image. The model directly
processes the input image at inference to generate latent codes, which are then decoded into a 3D mesh. Our
method achieves high-fidelity reconstructions that outperform state-of-the-art approaches such as 3D Mor-
phable Models, Neural Parametric Head Models, and existing methods for head reconstruction.

1 INTRODUCTION

3D head reconstruction has become a pivotal area
in computer vision due to its applications in vir-
tual/augmented reality, medical imaging, and surgi-
cal planning. Traditional multi-view reconstruction
techniques (Furukawa and Ponce, 2009; Schönberger
et al., 2016; Campbell et al., 2008) rely on feature
matching across multiple images, requiring extensive
image overlap and computational resources. While
effective, their high computational cost limits appli-
cability, particularly in single-view scenarios.

To overcome these limitations, single-view ap-
proaches such as 3D Morphable Models (3DMMs)
(Blanz and Vetter, 1999) use PCA to represent fa-
cial geometry in a low-dimensional space, enabling
reconstructions from a single image. Advanced mod-
els like DECA (Feng et al., 2021), MICA (Zielonka
et al., 2022), HI-Face (Chai et al., 2023), and HRN
(Lei et al., 2023) have improved reconstruction qual-
ity but struggle with full-head details, including com-
plex features like hair and nuanced expressions, due
to the inherent limitations of PCA. To address the lim-
itations of 3DMMs, Neural Parametric Head Model
(NPHM) (Giebenhain et al., 2023) offers significant
advantages in 3D head reconstruction by explicitly
learning deformable head shapes and facial expres-
sions but it depends on 3D point cloud data. In con-

Figure 1: We introduce 1D-DiffNPHR, a high-fidelity 3D
head reconstruction method using a single image. The fig-
ure shows the 360◦ view of the reconstructed 3D geometry
given an image.

trast, the Monocular Neural Parametric Head Model
(MonoNPHM) (Li et al., 2023) generates high-fidelity
3D heads from monocular video, capturing dynamic
expressions but its reliance on optimization in 2D
space decreases the accuracy. The 3D is estimated
using the loss in 2D rendered space, which can result
in inconsistencies with the geometry and appearance,
particularly when compared to 3D ground truth.

Diffusion-based models, such as Morphable Dif-
fusion (Wang et al., 2024) and Diffusion Rig
(Zheng Ding and Zhang, 2023), focus on achieving
efficient novel view synthesis by generating consis-
tent 3D-aware images. While methods like Rodin



(Zhao et al., 2022) and Rodin HD (Zhao et al., 2023)
employ triplane-based approaches to produce high-
quality 3D-aware synthesis while aiming to optimize
efficiency compared to traditional volumetric render-
ing. However, the potential of using a more efficient
approach is still open. This limitation motivates our
approach, which introduces a diffusion-based model
using a 1D diffusion architecture to streamline the re-
construction process.

We introduce 1D-DiffNPHR, a novel method for
high-fidelity 3D head reconstruction from a single im-
age. Our contributions are as follows:

• 1D Diffusion for Full-Head Reconstruction:
Our 1D diffusion model achieves state-of-the-art
(SOTA) accuracy and inference time in recon-
structing detailed full 3D head geometry, includ-
ing facial expressions and its transfer from a sin-
gle RGB image.

• Enhanced Feature Integration: By directly in-
tegrating RGB image features into the diffusion
process and calculating losses in a compact 1D la-
tent space, we eliminate the need for complex 2D
or 3D loss computations, optimizing the training.

2 RELATED WORK

2.1 3D Morphable Models

3DMMs have been pivotal for facial reconstruction,
using linear subspaces derived from 3D scans to de-
fine shape and texture (Cao et al., 2013; Booth et al.,
2017; Booth et al., 2016). Subsequent advance-
ments leveraged larger datasets and enhanced statis-
tical models for controllable expressions and finer de-
tails (Ploumpis et al., 2019; Tran et al., 2019; Tran
and Liu, 2018; Li et al., 2017). Despite progress,
3DMMs struggle with representing complex topolo-
gies like full heads and diverse hairstyles, requiring
more flexible approaches. Neural Head (Grassal et al.,
2022) addresses this by combining 3DMM priors with
deep neural networks for high-frequency detail. How-
ever, PCA’s inherent smoothing limits 3DMMs’ abil-
ity to capture realistic and diverse facial structures.

2.2 Neural Parametric Head Model

NPHM and Deferred Diffusion (Kirschstein et al.,
2023) demonstrate significant potential in 3D head
reconstruction. NPHM excels in high-quality 3D re-
construction by learning deformable head shapes and
expressions, but its reliance on 3D point cloud data
can hinder practicality. Deferred Diffusion integrates

multi-view video data with diffusion techniques for
view consistency but requires substantial effort in data
capture and preprocessing. Both methods face chal-
lenges in real-world scenarios due to high data re-
quirements and preprocessing demands.

2.3 Diffusion-Based Models

Diffusion models have shown promise in generating
3D. Techniques like DreamFusion (Poole et al., 2022)
and Diffrf (Müller et al., 2023) generate 3D objects as
radiance fields, but often lack fine detail and realistic
texture. Control3Diff (Gu et al., 2023) uses 2D diffu-
sion to sample triplanes for multiview rendering but
struggles with resolution, occlusion, and view incon-
sistencies.

In contrast, 1D diffusion models excel in spatio-
temporal applications like time-series forecasting and
trajectory generation, as demonstrated by RecFu-
sion (Bénédict et al., 2023) and DiffTraj (Zhu et al.,
2023b). While effective in 1D contexts, these models
have not been explored for 3D reconstruction. Our
work extends the concept of 1D diffusion by applying
it to full 3D head reconstruction, leveraging the sim-
plicity and efficiency of 1D diffusion to overcome the
complexity of higher-dimensional diffusion models in
3D facial and head modelling.

3 METHOD

We introduce a 3D head reconstruction pipeline as
shown in Fig. 2, which takes an RGB image to pro-
duces a high-fidelity 3D head mesh that can be used
directly in standard graphics pipelines. Leveraging
pre-trained 2D facial models for visual details and la-
tent representations for geometry, the approach gener-
ates a morphable 3D head suitable for animations and
deformations.

3.1 Face Image Embeddings

Given an input image I with dimensions 512×512×
3, we utilize FaRL (Face Representation Learning)
(Zheng et al., 2021) we generate a conditional em-
bedding zcond ∈ Rd , where d is the dimension of the
embedding vector (in our case, d = 512). This em-
bedding encodes critical facial attributes, including
identity and expression-specific features, essential for
guiding the diffusion process of 3D head reconstruc-
tion.

zcond = M(I) (1)
where M(I) is the function for obtaining the condi-
tional embedding from the input image.



Figure 2: 1D-DiffNPHR: The pipeline for 3D head reconstruction using a 1D diffusion model. On the left is the illustration of
the process for deriving ground truth latent codes (zgeo, zapp, and zexp). They are randomly initialized and iteratively optimized
using a frozen decoder. On the right, we have the training phase employing a 1D U-Net with attention to denoise latent
representations, guided by time-step and conditional embeddings from a pre-trained embedding model. During inference
phase, the diffusion model generates latents from the input image, which are decoded to reconstruct a detailed 3D head.

3.2 Conditional 1D Latent Diffusion

Our model employs a 1D U-Net with attention layers
to generate latent ztrue ∈ R4456×1 (see Section 4.1.1)
guided by a conditional embedding zcond ∈ R512×1.
At each timestep t, the U-Net refines the latent using:

Latent representation zt : Refined progressively
to reduce noise.

Conditional embedding zcond: Derived from the
input image I to ensure retention of unique facial fea-
tures of each individual.

Time-step embedding g(t): Encodes timestep for
noise management.

The U-Net processes zt via attention and residual
blocks to estimate noise êt , iteratively refining zt to
produce the final latent zfinal. Training minimizes the
Mean Squared Error (MSE) between zmodel and ztrue,
with the conditional embedding zcond guiding model
to generate accurate 3D head representation. The loss
function for this training process is defined as:

Ltotal =
T

å
t=0

ltL(t) (2)

where lt is a timestep-specific weighting factor, and
L(t) represents the MSE loss at timestep t.

3.3 3D Reconstruction via MonoNPHM
Decoder

Once we obtain the denoised latent from diffu-
sion, zfinal, it is split back into its individual sub-
components zgeo, zexp, and zapp, and scaled for the
decoder (see Section 4.1.1). These act as input to

the MonoNPHM decoder that converts these latents
to 3D mesh. The decoder combines these latents to
generate:

Geometry: SDF(x) to represent the 3D geometry
of the head, including both static structural features
and dynamic expressions, and

Appearance: RGB(x) to add realistic colour to
the reconstructed face.

This provides a high-quality 3D head, preserving
identity, expressions, and appearance from the input
image.

4 TRAINING AND INFERENCE

4.1 Dataset

For our training, we used the NPHM dataset, compris-
ing over 9,200 high-quality head scans from 488 iden-
tities. Captured with a custom 3D scanning setup, the
dataset features diverse facial shapes and expressions,
enabling the model to learn detailed and generalized
representations of human faces.

4.1.1 Latent Representation of 3D Meshes

To encode essential attributes of facial geometry, ex-
pression, and appearance, each 3D mesh is con-
verted into a compact latent representation using the
MonoNPHM decoder. This process yields three types
of latent codes:

Geometric Latent (zgeo ∈ R2176): Encodes the
structural features of the 3D face,




