Pix2NPHM: Learning to Regress NPHM Reconstructions From a Single Image
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Figure 1. Pix2NPHM is a feed-forward netwo
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rk that predicts NPHM [12] latent codes from a single image. The latent codes can be further
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optimized at test-time to obtain more detailed 3D reconstructions. Here, we show mesh overlays showcasing well-aligned fittings of diverse
head shapes and expressions under strong lighting conditions and occlusions. Website: https://simongiebenhain.github.io/Pix2NPHM/

Abstract

Neural Parametric Head Models (NPHMs) are a re-
cent advancement over mesh-based 3d morphable models
(3DMMs) to facilitate high-fidelity geometric detail. How-
ever, fitting NPHMs to visual inputs is notoriously chal-
lenging due to the expressive nature of their underlying la-
tent space. To this end, we propose Pix2NPHM, a vision
transformer (ViT) network that directly regresses NPHM
parameters, given a single image as input. Compared to
existing approaches, the neural parametric space allows
our method to reconstruct more recognizable facial geome-
try and accurate facial expressions. For broad generaliza-
tion, we exploit domain-specific ViTs as backbones, which
are pretrained on geometric prediction tasks. We train
Pix2NPHM on a mixture of 3D data, including a total of
over 100K NPHM registrations that enable direct super-
vision in SDF space, and large-scale 2D video datasets,
for which normal estimates serve as pseudo ground truth
geometry. Pix2NPHM not only allows for 3D reconstruc-
tions at interactive frame rates, it is also possible to improve
geometric fidelity by a subsequent inference-time optimiza-
tion against estimated surface normals and canonical point
maps. As a result, we achieve unprecedented face recon-
struction quality that can run at scale on in-the-wild data.

1. Introduction

Reconstructing faces in 3D, tracking facial movements, and
ultimately extracting animation signals for virtual avatars
are fundamental problems in many domains such as the
computer games and movie industry, telecommunication,
and AR/VR. Arguably the most relevant sub-task is 3D face
reconstruction from a single image due to the vast availabil-
ity of image collections as well as straight-forward exten-
sions to sequential tracking.

In order to solve the underconstrained reconstruction
problem, 3d morphable models (3DMMs) [2] have evolved
as industry and research standard due to their concise low-
dimensional parametric representation, which lead to a
plethora of algorithms build on top of 3DMMs. With the
advancement of deep-learning methods, photometric track-
ing [45] approaches, have been augmented with additional
priors, such as facial landmark detection, or direct 3DMM
parameter regression from RGB signal [8, 10, 39, 56, 63].
Recently, additional priors, such as dense landmarks [41,
52] and surface normals [15] have further improved recon-
structions. Due to such methods that enable fitting in even
the most challenging scenarios, 3DMMs have become an
essential component of photo-realistic avatars [14, 33], gen-
eralized avatars [4, 23, 24], and even controllable generative
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diffusion models for faces [22, 32, 42, 43, 60].

While 3DMMs have achieved great success in these do-

mains, we argue that their concise parametric representation

comes at the cost of geometric expressiveness — i.e., mod-

ern 3DMMs, such as FLAME [25], are unable to model

high- delity geometric detail. Therefore, a more recent

line of work has developed neural parametric head mod-

els (NPHMSs) [12, 13, 54, 57] for increased representational

capacity, as shown in Fig. 2. This increased model capac-

ity, however, makes image-based reconstruction challeng-

ing due its expressive parameter space. MonoNPHM [13]

has attempted to reconstruct NPHM parameters from a sin-

gle image. However, their purely photometric tting ap-

proagh remained slow and brittle in real-world ap.plicat.ions Input fwd. FLAME  fiwd. NPHM ours

To this end, we propose a robust and high- delity tting

frame-work, yielding a rst-class tool for face reconstruc- Figure 2.Motivation: Single-image 3DMM regressors are limited

tion and tracking based on NPHM [12, 13]. by their underlying 3DMM. More detailed reconstructions can be
Our approach addresses the two main challenges of neuobtained by replacing FLAME [25] with NPHM [12], and running

ral parametric model tting: underconstrained optimiza- inference-time optimization further increase delity (see right).
tion and reconstruction speed. This is achieved by tailor-
ing a transformer-based feed-forward predictor for NPHM
parameters from a single image. As a highly data-driven
approach, large-scale high-quality training data is essential.

To this end, we curated a large collection of publicly avail-

able 3D face datasets and tted MonoNPHM against it, re- 2. Related Work

sulting in a total of 102K registrations, which will be shared Optimization-Based Methods Early mesh-based 3D

with the research community. Despite these efforts, we nd Morphable Models (3DMMs) [2, 19, 25] represent facial

that training on large-scale 2D video datasets using a self-shape and appearance via linear PCA spaces. Fitting these
supervised geometric loss based on estimated surface nomodels to images or videos is typically approached through
mals [15] further improves generalization. Furthermore, we iterative optimization [2, 16, 33, 45, 63], usually by min-
observe strong generalization improvements by replacing aimizing photometric error between renderings and the in-
generic DINOv2 [29] backbone with a ViT [9] pre-trained put. Because photometric losses are under-constrained and
on per-pixel geometric prediction tasks, such as surface norsensitive to illumination and noise, many works incorpo-
mal or canonical point map regression. Our feed-forward rate geometric priors such as sparse landmarks or semantic
estimator produces state-of-the-art (SotA) results, and ren-segmentations [16, 33, 45, 63] for stability. More recent
ders Pix2NPHM a rst-class choice for 3D face reconstruc- methods leverage dense geometric cues to further improve
tion, due toits delity, ease of use, and robustness to diverserobustness and accuracy, such as dense landmarks [52], UV
input scenarios, as showcased in Fig. 1. Moreover, we showow [41], or a combination of UV maps and surface nor-

that our results can be re ned by a few optimization steps at mals [15].

inference time against estimated surface normals to increase

dellty, as shown in Flg 2. Together, these inSightS improve Regression_Based Methods Regression_based ap-

3D reconstruction on the NeRSemble single-image face re-proaches train deep networks to directly predict

construction (SVFR) [15] benchmark by 21%, and neutral 3pMM  parameters, —avoiding iterative ~optimization
reconstruction improves by 6% compared to the best publicand enabling real-time inference. Fully supervised ap-
method on the NoW [39] benchmark. To summarize, our proaches [17, 35, 36, 46, 47, 63] rely on registered 3D scans
main contributes are as follows: or synthetic data, but are limited by the scarcity of high-

* Pix2NPHM is the rst feed-forward regressor for NPHM quality annotations. Self-supervised methods learn from
parameters, which, for the rsttime, enables robust, accu- in-the-wild images by combining differentiable rendering
rate and fast NPHM reconstructions from a single image. with photometric constraints [8, 10, 11, 34, 39, 40, 44, 56].

* We curate a large mixture of high-quality 3D datasets, EMOCA [8] extends this by incorporating emotion-aware

» Replacing DINOv2 with geometrically pre-trained, face-
speci ¢ ViTs improves generalization.

with over 100K NPHM registrations. supervision for more expressive results, and SPECTRE
e For training on 2D data we formulate a novel self- [11] integrated lipreading-based cues to better capture
supervised loss using estimated surface normals. mouth movements and speech-related expressions. Token-



Figure 3.Method Overview: We use pretrained ViT&, andE,, as backbone, which encode the input into a token sequence. The resulting
sequence is concatenated with learnable classi er téReflg and T &, which are decoded into NPHM identitgi{) and expressiorzéy)
parameters using transformer network. We train using a 3D SDF loss, and a normal rendering loss against pseudo g.t. normals.

Face [56] combines 3D and 2D supervision in a ViT-based our face-speci ¢ pre-training strategy to obtain our image
framework. Recent work highlights the role of improved encoding backbone in Sec. 3.2. Next, in Sec. 3.3 we intro-
differentiable rendering: SMIRK [34] employs a neural duce Pix2NPHM, the rst method for feed-forward NPHM
renderer, while SHeaP [40] uses 2D Gaussian splats [18]. parameter regression based on a single image. Fig. 3 pro-
Our method follows this self-supervised line but replaces vides an overview of our network architecture, and train-
photometric cues with surface-normal supervision and ing strategy, which is further described in Sec. 3.4. Finally,
builds upon MonoNPHM rather than FLAME. Sec. 3.5 describes our inference-time optimization, which
can further improve our reconstruction delity, as show-

Neural 3DMMs Classical 3DMMs [2, 19, 25] rely on ~ casedin Fig. 2.
xed topology and linear PCA spaces, limiting detail and
expressiveness. Neural 3DMMs address these issues by us3.1. Background: Neural 3DMMs

ing implicit neural representations such as SDFs [12, 30, . oo
: In this paper we adopt the neural 3DMM formulation intro-
54, 57, 58] or occupancy grids [5]. NPHM [12] models %uced by MonoNPHM [13]. It de nes a neural eld

head shape and appearance via local SDF experts anchore
at semantic keypoints, and uses a deformation eld for ex-
pressions. MonoNPHM [13] proposed the rst monocular F nprm (X Zid; Zex) 7! SDH(X); @)

tting method for NPHM through volumetric SDF render-

ing and canonical appearance modeling. Other works ex-which predicts SDF-values for the 3D head geometry, given
plore photorealistic neural head models using NeRFs [27]pointsx 2 R?, and is conditioned on disentangled identity
and 3D Gaussian splats [20], such as [3, 20, 27, 48, 53, 59]and expression latent codes. Internafyprm consists of a
Compared to FLAME, NPHM's manifold has proven valu- backward deformation eld, conditioned @y andzig and

able for downstream tasks, including realistic avatars [14, & canonical SDF conditioned agy. A mesh can be extract-
22] and high- delity audio-driven geometry [1]. Motivated ing using marching cubes [26], once latent codes have been
by this, we develop a fast, robust, and accurate reconstrucobtained. The remainder of the paper will focus on the in-

tion approach that makes MonoNPHM practical for broader ference of ideal latent codes from a single image. Through-
downstream use. out all our experiments we use the public checkpoint from

MonoNPHM [13].
3. Pix2NPHM

Given a single input imagk as input, it is our goal to esti-
mate identity parametersy and expression parameters We tackle the inherent ambiguity of the single-image re-
from which the 3D head geometry can be recovered usingconstruction task using a heavily data-driven approach. Our
MonoNPHM [13] as decoder. After providing background method starts with pre-training a ViT-based backbone on
information on NPHMs in Sec. 3.1, we begin by describing a per-pixel geometric reconstruction task. We follow the

3.2. Robust Encoder via Geometric Pre-Training
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