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Figure 1. We present Pixel3DMM, a set of two ViTs [9], which are tailored to predict per-pixel surface normals and uv-coordinates. Here,
we demonstrate the fidelity and robustness of our prior networks on examples from the FFHQ [20] dataset. From top to bottom we show
input RGB, predicted surface normals, 2D vertices extracted from the uv-coordinate prediction, and our FLAME fitting results.

Abstract

We address the 3D reconstruction of human faces from a
single RGB image. To this end, we propose Pixel3DMM, a
set of highly-generalized vision transformers which predict
per-pixel geometric cues in order to constrain the optimiza-
tion of a 3D morphable face model (3DMM). We exploit the
latent features of the DINO foundation model, and intro-
duce a tailored surface normal and uv-coordinate predic-
tion head. We train our model by registering three high-
quality 3D face datasets against the FLAME mesh topol-
ogy, which results in a total of over 1,000 identities and
976K images. For 3D face reconstruction, we propose a
FLAME fitting opitmization that solves for the 3DMM pa-
rameters from the uv-coordinate and normal estimates. To
evaluate our method, we introduce a new benchmark for
single-image face reconstruction, which features high di-
versity facial expressions, viewing angles, and ethnicities.
Crucially, our benchmark is the first to evaluate both posed
and neutral facial geometry. Ultimately, our method outper-
forms the most competitive baselines by over 15% in terms
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of geometric accuracy for posed facial expressions.

1. Introduction
3D reconstruction of faces, tracking facial movements, and
ultimately extracting expressions for animation tasks are
fundamental problems in many domains such as computer
games, movie production, telecommunication, and AR/VR
applications. Recovering 3D head geometry from a single
image is a particularly important task due to the vast amount
of available image collections.

Unfortunately, reconstructing faces from a single input
image is also inherently under-constrained. Not only depth
ambiguity renders this task challenging, but also ambigui-
ties between albedo and lighting/shadow effects. In addi-
tion, properly disentangling identity and expression infor-
mation – which is critical for many downstream applica-
tions – makes the problem difficult. Finally, occlusions and
unobserved facial regions further complicate the problem
in real application scenarios, thus highlighting the need for
strong data priors.

A typical approach to address single-image face re-
construction is to exploit 3D parametric head models
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(3DMMs) [3, 26] which provide a comparatively low-
dimensional parametric representation for the underlying
3D geometry. Optimizing within a 3DMM's disentangled
parameter space heavily constrains the search space with
built-in assumptions about plausible facial structure and ex-
pressions, and allows to extract disentangled identity and
expression information. Nonetheless, despite relying on
3DMMs, many ambiguities remain and their simplifying
assumptions about our world often cannot explain the com-
plexity of an observed RGB signal. This necessitates ad-
ditional priors in order to obtain compelling �tting results
such as sparse [37] and dense [5, 47] facial landmarks, or
UV coodinate predictions [41]

In recent years, we have also seen signi�cant progress
in feed-forward 3DMM regressors [8, 10, 34, 38, 50, 53].
However, it is complicated to extend feed-forward regres-
sors,e.g. to a multi-view or temporal domain, and, as we
will show later, they fall behind optimization-based ap-
proaches on inputs with strong facial expressions. Overall,
accurate 3D face reconstruction from single images remains
a challenging and highly relevant problem.

Therefore, we propose Pixel3DMM, a novel
optimization-based 3D face reconstruction approach.
Our main idea is to exploit and further develop broadly
generalized and powerful foundation models to predict
pixel-aligned geometric cues that effectively constrain
the 3D state of an observed face. Given a single image
at test time, we propose normal and uv-coordinate pre-
dictions as optimization constraints from which we �t a
3D FLAME model. Instead of a simple rendering loss
of uv-coordinates, we then transfer the information into
a 2D vertex loss, which offers a wider basin of attraction
during optimization. We argue that this strategy is superior
to traditional photometric terms, or sparse landmarks,
which often struggle with extreme view points and facial
expressions. In order to train our approach, we unify
three recent, high-�delity 3D face datasets [13, 29, 52]
by registering them against the FLAME [26] model.Our
approach outperforms all available normal estimators for
human faces in the NeRSemble [24] dataset.

In order to advance the evaluation of single-image 3D
face reconstruction methods, we further propose a new
benchmark based on the multi-view video dataset NeRSem-
ble [24], which includes a wider variety of facial expres-
sions than existing benchmarks [6, 11, 38, 52]. Our bench-
mark is the �rst to allow for the simultaneous evaluation
of posed and neutral facial geometry. This enables a more
direct comparison of methods, especially regarding �tting
�delity and ability to disentangle expression and identity in-
formation. Finally, we show that compared to our strongest
baselines, our approach improves the L2-Chamfer recon-
structions loss by over 15% for posed geometry, while
slightly improving over neutral geometry predictions.

To summarize, our main contributions are as follows:
• A new formulation to exploit foundation model fea-

tures for 3D-related, pixel-aligned predictions, facilitat-
ing state-of-the-art normal estimations for human faces.

• A novel 3D face reconstruction approach based on pre-
dicted uv-map correspondences and surface normals.

• A 3D face reconstruction benchmark and evaluation pro-
tocol from high-�delity multi-view face captures.

We plan to make the model, code, and our new benchmark
publicly available to promote progress in single image 3D
face reconstruction and encourage quantitative benchmark-
ing on challenging facial expressions.

2. Related Work

Single-Image 3DMM Fitting Tracking morphable
models from single images is a well-studied problem
in the context of 3D face reconstruction and tracking.
Early works [2, 26, 31], introduced statistical shape and
texture priors to estimate 3D face geometry from 2D
images. Such methods rely on photometric �tting and
subsequent approaches improve modeling capabilities
using learned implicit representations [14, 27]. While some
methods [15, 43] favor a high tracking frame rate for real-
time applications, others favor reconstruction accuracy [53].

Facial Landmark Prediction Numerous reconstruction
methods [5, 26] for faces rely on accurate landmark predic-
tions, which are usually coupled with vertices of a template
mesh. Pioneering work on detecting such landmarks al-
ready relies on statistical learning [7] and more recent mod-
els exploit large datasets [46, 48] and neural networks to im-
prove the performance [1, 4]. MediaPipe [1], for instance,
uses a convolutional network inspired by MobileNet [17].

Another line of work focuses on densely aligning
template mesh and 2D predictions. To achieve this Flow-
Face [41] employs a vision-transformer backbone and
iteratively re�nes the �ow from UV to image space.

3DMM Regression DECA [10] trains an encoder for
3DMM parameters that also outputs a displacement map
for higher �delity. An extension of this work is presented
in EMOCA [8], which adds a head for facial expressions
to the architecture and emphasises on the reconstruction
of emotion-rich data. SPECTRE [12] too builds on top of
DECA, but aims at temporal consistency and reconstructing
lip motion truthfully. To improve the analysis-by-synthesis
aspect of previous methods SMIRK [34] introduces a neu-
ral synthesis component, reducing the domain gap between
real and rendered images. Since the aforementioned meth-
ods don't assume 2D to 3D correspondences for training, it
is easy to scale them to large datasets. As a downside, the
lack of 3D information impedes accuracy and leaves depth
ambiguity. In order to address this, MICA [53] supervises
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Figure 2. Method Overview: Pixel3DMM consists of (a) learning pixel-aligned geometric priors (left) and (b) test-time optimization
against predicted uv-coordinates and normals (right). On the left we illustrate our network architecture and examples from the training set.
On the right we illustrate to process of �nding per-vertex 2D locations using a nearest neighbor (N.N.) look up, and our loss terms.

directly on meshes and presents a 3D face dataset to do so.
TokenFace [50] is a transformer-based hybrid method that
can be trained on both 2D and paired 3D data.

Face Reconstruction Benchmarks Benchmarks with
high-quality ground truth reconstructions are necessary to
compare methods reliably. The Stirling [11] dataset con-
tains 2000 images of 135 subjects. Unfortunately, ground
truth reconstructions are only available for neutral poses in
this dataset. Similarly, the NoW [38] benchmark provides
reconstructions only in the neutral expression. It has 2054
images of 100 subjects and 3D models recorded with an
active stereo 3dMD system. Both the FaceScape [52] and
the REALY [6] dataset contain posed scans. While the for-
mer has 10 identities, the latter has 100 subjects. Neither of
these two benchmarks measures disentanglement by addi-
tionally evaluating against neutral geometry.

3. Pixel3DMM

In this work we address the challenges of single-image face
reconstruction by learning powerful priors of pixel-aligned
geometric cues. In particular we train two vision trans-
former networks, which predict uv-coordinates and surface
normals against which we �t FLAME [26] parameters at
inference time. In Sec. 3.1 we describe our Pixel3DMM
networks, our data acquisition, and how we train them for
accurate surface normal and uv-coordinate prediction. Af-
terwards, in Sec. 3.2, we elaborate on our single-image �t-
ting approach, which is purely based on our surface normal
and uv-coordinate predictions.

3.1. Learning Pixel­Aligned Geometric Cues

Despite recently released high-quality 3D face datasets [13,
24, 29, 52], such data is still relatively scarce, especially
w.r.t. the number of different identities, ethnicities, age dis-
tribution and lighting variation. We therefore take inspira-
tion from recent achievements on �ne-tuning foundational
and large generative models to become experts on a con-
strained domain,e.g. [18, 36].

In particular we train two expert networks

N : R512� 512� 3 ! [� 1; 1]512� 512� 3 (1)

U : R512� 512� 3 ! [ 0; 1]512� 512� 2 (2)

which, given a single input imageI , predict surface normals
N (I ) and uv-space coordinatesU(I ), respectively.

3.1.1. Network Architecture

We build Pixel3DMM on top of the foundational features
from a pre-trained DINOv2 [30] backbone. As depicted in
Fig. 2, we extend the ViT architecture using a simple predic-
tion head. It consists of four additional transformer blocks,
three up-convolutions which lift the feature map resolution
from 32to 256� 256. Finally, we use a single linear layer to
increase the feature dimensionality and unpatchify the pre-
dictions to512� 512� c, wherec 2 f 3; 2g for normals and
uv-coordinate prediction tasks, respectively.

3.1.2. Data Preparation

To train our networks, we opt for three recent, high-
quality 3D face datasets: NPHM [13], FaceScape [52],
and Ava256 [29]. We follow the non-rigid registration
procedure from NPHM, to obtain the same kind of high-
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quality registrations in FLAME topology for FaceScape and
Ava256.

Fig. 2 shows pairs of input views with the associated
supervision signal for surface normals and uv-coordinates.
Since Ava256 does not provide high-�delity geometry, we
exclusively use it to supervise our UV-networkU. Since the
NPHM dataset only consists of textured meshes, we render
40 random views randomly distributed on the frontal hemi-
sphere using randomized intrinsics and camera distances.
Addtionally, we randomly sample lighting conditions (us-
ing point lights) and material parameters for each rendering.

Dataset Numbers In total, our dataset comprises 470
identities from NPHM in 23 expression and 40 render-
ings each (376K rgb, normal and uv images in total). For
FaceScape we use 350 subjects, observed under 20 different
expressions and 50 cameras each (350K rgb, normal and uv
images in total). Since Ava256 is a video dataset, we lever-
age furthest point sampling to select the 50 most diverse ex-
pressions per person. For each person we choose a random
subset of 20 cameras (250K rgb and uv images in total).

Diffsion-based Lighting Variations Since FaceScape
and Ava256 are both studio datasets, which are captured
at rather homogeneous lighting conditions, we leverage IC-
Light [49], an image conditioned diffusion model [35],
which alters the lighting condition based on a text prompt
or background image.

3.1.3. Training

We train our modelsM 2 fN ; Ugusing a straight forward
image translation formulation

argmin
	 M

X

k2D

X

p2 M k

kf (I k )p � Y k
p k2; (3)

where	 M denotes the network's parameters,k 2 D
is a sample from our dataset,I k andY k are input rgb and
target images, respectively, andp 2 M k are all pixels in the
associated foreground mask.

Note, that instead of freezing the parameters of our DI-
NOv2 backbone altogether, we set their learning rate ten
times lower, in order to encourage prior preservation but
enable stronger domain adoption.

Compared to Sapiens [22], a recent state-of-the-art foun-
dation model for human bodies, training our models is
cheap and can be realized using 2 GPUs and training for
3 days. Additionally, we highlight the fact that all data is
publically available. The relatively low computational bur-
den and data accessibility, will hopefully inspire more re-
search to follow in a similar direction. Finally, note that uv-
coordinates are an abstract concept, without a strong corre-
lation to rgb data, requiring a more global understanding of
the input. Therefore, we demonstrate that the available data

is enough to achieve generalization on complicated, semi-
global prediction tasks.

3.2. Single­Image FLAME[26] Fitting

Given a single imageI , we leverage our prior networks to
obtain predicted surface normalsN (I ) and uv-coordinates
U(I ). Using these predictions we aim to recover 3DMM
parameters. In particular, we optimize for FLAME [26]
identity, expression, and jaw parameters, as well as, cam-
era rotation, translation, focal length and principal point:


 FLAME = f zid 2 R300; zex 2 R100; � 2 SO(3)g (4)


 cam = f R 2SO(3);t 2 R3;
 2 R+ ;pp 2 R2g: (5)

3.2.1. 2D Vertex Loss

Using the estimated uv-coordinatesU(I ), we aim to extract
the 2d locationp�

v for each visible vertexv 2 V of the
FLAME mesh. To this end we �rst run a facial segmentation
network [51], in order to mask out the background, eyeballs
and mouth interior. Then we �nd correspondences for each
vertexv 2 V using a nearest neighbor lookup intoU(I ). To
be more speci�c letTuv

v 2 [0; 1]2 denote the uv-coordinate
of v in the template meshT. Then we �nd the pixel location

p�
v = argmin

p2 P
kTuv

v � U (I )pk (6)

as the pixel with the closest uv prediction. Finally, we de�ne

L uv =
X

v2 V

1kT uv
v �U ( I )p k<� uv � jp�

v � � (v)j (7)

to be our 2d vertex loss, where1 denotes the indicator
function which masks out vertices with a nearest neightbor
distance larger than� uv . V = FLAME (
 FLAME) is the
current estimate of the FLAME parametric model, and�
denotes the projection implied by the current estimate of
the camera parameters
 cam.

3.2.2. Optimization

Next to the 2d vertex lossL uv , we include the normal loss
L n = jN (I ) � render n (V )j, whererender n denotes
a rendering of surface normals of the FLAME mesh. The
regularization termR = � idkzid � zMICA

id k2
2 + � exkzexk2

2
completes our overall energy term

E = � uv L uv + � n L n + R: (8)

HerezMICA
id denotes MICA's [53] identity prediction.

3.3. Monocular Video Tracking

Next to the single-image scenario, tracking faces in monoc-
ular videos is a fundamental task in computer vision. To
address this problem, we simply extend our optimization
strategy from Sec. 3.2.2 globally over all images in a video
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