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Fig.1: Pix2NPHM predicts NPHM [15] latent codes given a single image. We
achieve high-fidelity 3D reconstructions of diverse head shapes and expressions, shown
as mesh overlays, even under strong lighting conditions and occlusions. Website:
https://simongiebenhain.github.io/Pix2NPHM/

Abstract. Neural Parametric Head Models (NPHMs) are a recent ad-
vancement over mesh-based 3d morphable models (3DMMs) to facilitate
high-fidelity geometric detail. However, fitting NPHMs to visual inputs
is notoriously challenging due to the expressive nature of their under-
lying latent space, which heavily limits NPHM’s practical use. To this
end, we propose Pix2NPHM, a vision transformer (ViT) network that di-
rectly regresses NPHM parameters, given a single image as input, finally
bridging the gap from theoretical to practical use. Compared to exist-
ing 3DMM regressors, the neural parametric space allows our method
to reconstruct more recognizable facial geometry and accurate facial ex-
pressions. For broad generalization, 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, and large-scale 2D video datasets, for which nor-
mal estimates serve as pseudo ground truth. While Pix2NPHM runs at
interactive frame rates, it is possible to improve geometric fidelity by a
subsequent optimization against estimated surface normals and canoni-
cal point maps. As a result, we achieve unprecedented face reconstruction
quality that can run at scale on in-the-wild data.
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Input fiwd. FLAME MonoNPHM [16] ffwd. NPHM  ffwd. NPHM +
(Ours) (Ours) opt. (Ours)
Fig. 2: Motivation: 3DMM regressors are limited by their underlying 3DMM. Higher
fidelity can be obtained by replacing FLAME [32] with MonoNPHM [16], which is no-
toriously difficult to fit without a feed-forward prediction as initialization (see middle).
Running inference-time optimization further increase fidelity (see right).

1 Introduction

Reconstructing faces in 3D, tracking facial movements, and ultimately extract-
ing 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 availability of image collections as well as straight-
forward extensions to sequential tracking.

In order to solve the underconstrained reconstruction problem, 3d morphable
models (3DMMs) [3] 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 tracking [56] approaches, have been augmented with ad-
ditional priors, such as facial landmark detection, or direct 3DMM parameter
regression from RGB signal [10,12,49,50,70,77]. Recently, additional priors, such
as dense landmarks [41,52,65] and surface normals [2, 18] have further improved
reconstructions. Due to such methods that enable fitting in even the most chal-
lenging scenarios, 3DMMs have become an essential component of photo-realistic
avatars [17,43], generalized avatars [5,25,30,31,39], and even controllable gen-
erative diffusion models for faces [14,29,42,53,54,66].

While 3DMMs have achieved great success in these domains, we argue that their
concise parametric representation comes at the cost of geometric expressiveness,
i.e. modern 3DMMs, such as FLAME [32], are unable to model high-fidelity ge-
ometric detail. Therefore, a more recent line of work has developed neural para-
metric head models (NPHMS) [15,16,68,71] for increased representational capac-
ity, as shown in Fig. 2. This increased model capacity, however, makes image-
based reconstruction challenging due its expressive parameter space. MonoN-
PHM [16] has attempted to reconstruct NPHM parameters from a single image.
However, their purely photometric fitting approach remained slow and brittle
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in real-world applications (see Fig. 2). To this end, we propose a robust and
high-fidelity fitting frame-work, yielding a first-class tool for face reconstruction
and tracking based on NPHM [15, 16].

Our approach addresses the two main challenges of neural parametric model fit-
ting: underconstrained optimization and reconstruction speed. This is achieved
by tailoring a transformer-based feed-forward predictor for NPHM parameters
from a single image. As a highly data-driven approach, we shift the complex-
ity from inference-time to training-time, ultimately enabling easy practical use.
Thus we require large-scale high-quality training data. To this end, we curated
a large collection of publicly available 3D face datasets and fitted MonoNPHM
against it, resulting in a total of 102K registrations, which will soon be shared
with the research community. Despite these efforts, we find that training on large-
scale 2D video datasets using a self-supervised geometric loss based on estimated
surface normals [18] further improves generalization. Furthermore, we observe
strong generalization improvements by replacing a generic DINOv2 [36] back-
bone with a ViT [11] pre-trained on per-pixel geometric prediction tasks, such
as surface normal or canonical point map regression. Our feed-forward estima-
tor produces state-of-the-art (SotA) results, and makes Pix2NPHM a first-class
choice for 3D face reconstruction, due to its fidelity, ease of use, and robustness
to diverse input scenarios, as showcased in Fig. 1. Moreover, we show that our
results can be refined by a few optimization steps at inference time against es-
timated surface normals to increase fidelity, as shown in Fig. 2. Together, these
insights improve 3D reconstruction on the NeRSemble single-image face recon-
struction (SVFR) [18] benchmark by 21%, measure as L1 chamfer distance, and
neutral reconstruction improves by 6% compared to the best public method on
the NoW [49] benchmark. To summarize, our main contributes are as follows:

— Pix2NPHM is the first feed-forward regressor for NPHM parameters, en-
abling, for the first time, robust and fast NPHM fittings from a single image.

— We curate a large mixture of high-quality 3D datasets, with over 100K
NPHM registrations.

— We formulate a novel 2D self-supervised loss via estimated normals.

We show that geometrically pre-trained, face-specific ViTs outperform DI-

NOv2 as image encoding backbone.

2 Related Work

Optimization-Based Methods: 3D Morphable Models (3DMMs) (3,24, 32]
represent shape and appearance via linear PCA spaces. Fitting these models to
images or videos is typically approached via optimization [3,21,43,56,77], usu-
ally by minimizing photometric error between renderings and the input. Because
photometric losses are under-constrained and sensitive to illumination and noise,
many works incorporate geometric priors such as sparse landmarks or semantic
segmentation [19, 43,56, 77] for stability. More recent methods leverage dense
geometric cues to further improve robustness and accuracy, such as dense land-
marks [65], UV flow [52], or a combination of UV maps and surface normals [18].



4 S. Giebenhain et al.

Regression-Based Methods: Regression-based approaches train deep net-
works to directly predict 3DMM parameters, avoiding optimization and en-
abling real-time inference. Fully supervised approaches [22, 45,46, 57, 58, 77|
rely on registered 3D scans or synthetic data, but are limited by data scarcity.
Self-supervised methods learn from in-the-wild images using photometric con-
straints [10,12,13,44,49, 50,55, 70]. EMOCA [10] extends this by incorporating
emotion-aware supervision for more expressive results, and SPECTRE [13] in-
tegrated lipreading-based cues to better capture mouth movements and speech-
related expressions. TokenFace [70] combines 3D and 2D supervision in a ViT-
based framework. Recent work highlights the role of improved differentiable ren-
dering: SMIRK [44] employs a neural renderer, while SHeaP [50] uses 2D Gaus-
sian splats [23]. Compared to existing self-supervised FLAME regressors, we
replace photometric cues with surface-normal supervision. While FLAME-based
regressors have steadily improved throughout the last decade, our work builds
training data, and 3D and 2D supervision signals completely from scratch. The
learned regressor finally unlocks NPHM for in-the-wild and large scale use cases.

Neural 3DMMs: Classical 3DMMs [3,24,32] rely on fixed topology and linear
PCA spaces, limiting detail and expressiveness. Neural 3DMMs address these
issues by using implicit neural representations such as SDFs [15,37,40,68,71,72]
or occupancy grids [7], and sometimes maintain an explicit representation such
as meshes [51,62,75] or 3D Gaussians [67,76]. NPHM [15] models head shape
via local SDF experts anchored at semantic keypoints, and uses a deformation
field for expressions. MonoNPHM [16] proposed monocular NPHM fitting via
volumetric SDF rendering and canonical appearance modeling. STIRA++ [6] has
comparable capabilities, but lacks disentangled expression control. Other works
explore photorealistic neural head models using NeRFs [34] and 3D Gaussian
splats [27], such as [4,27,34,60,67,73]. Compared to FLAME, NPHM’s manifold
has proven valuable for downstream tasks, including realistic avatars [17,29] and
high-fidelity audio-driven geometry [1]. Motivated by this, we develop a fast,
robust, and accurate reconstruction approach that makes MonoNPHM practical
for broader downstream use.

3 Pix2NPHM

Given a single input image I, it is our goal to estimate identity z;q and expression
parameters Zex from which 3D geometry can be recovered using MonoNPHM [16]
as decoder. After a brief background section on NPHMs (Sec. 3.1), we describe
our face-specific pre-training strategy to obtain our image encoding backbone in
Sec. 3.2. Next, in Sec. 3.3, we introduce Pix2NPHM, the first feed-forward NPHM
parameter regressor. Fig. 3 provides an overview of our network architecture, and
training strategy, which is further described in Sec. 3.4. Finally, Sec. 3.5 describes
our inference-time optimization, which further improves reconstruction fidelity.
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Fig.3: Method Overview: We use pretrained ViTs, &, and &, as backbone, which
encode the input into a token sequence. The resulting sequence is concatenated with
learnable classifier token {T¢} and T°*, which are decoded into NPHM identity (ziq)
and expression (Zex) parameters using transformer network. We train using a 3D SDF
loss, and a normal rendering loss against pseudo g.t. normals.

3.1 Background: Neural 3DMMs

In this paper we adopt the neural 3DMM formulation introduced by MonoN-
PHM [16]. It defines a neural field

FNPHM : (T, 2id, Zex) — SDF(x), (1)

which predicts SDF-values for the 3D head geometry, given points x € R3, and
is conditioned on disentangled identity and expression latent codes. Internally,
Fnpum consists of a backward deformation field, conditioned on z., and z;q and
a canonical SDF conditioned on zjq. A mesh can be extracting using marching
cubes [33], once latent codes have been obtained. The remainder of the paper
will focus on the inference of ideal latent codes from a single image. Throughout
all our experiments we use the public checkpoint from MonoNPHM [16].

3.2 Robust Encoder via Geometric Pre-Training

We tackle the inherent ambiguity of the single-image reconstruction task using a
heavily data-driven approach. Our method starts with pre-training a ViT-based
backbone on a per-pixel geometric reconstruction task. We follow the training
strategy and encoder-decoder architecture

ggeo . RHXWXB - RLXD (2)
@geo . RLxD — RHXW><3 (3)

from Pixel3DMM [18], where geo € {n,p} represent estimators for surface nor-
mal and canonical point cloud. While normals have been proposed in Pixel3DMM [18],
canonical point maps are a novel pixel-aligned objective. While regular point
cloud prediction has to be handled using relative coordinate systems for arbi-
trary scenes, such as in DUSt3R [64] and VGGT [61], we exploit the possibility to
define a unique coordinate system for 3D heads. Once pre-training is completed,
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we discard Zgeo, and use the face-specific geometrically aware encoders &ge, as
backbone for our regression network. Later we will show that this face-specific
pre-training significantly outperforms DINOv2 image encodings.

3.3 Feed-Forward NPHM Parameter Prediction

Following the recent success of transformers [59], we employ learnable classifier
tokens, similar to ViT [11] and TokenFace [70], which read out relevant identity
and expression information via several transformer layers. We concatenate our
encoded token sequence [&,(]), &,(I)] with learnable classifier tokens

Tews = | T, {TE 1L, (4)

for expression and identity. Note that T is composed of 65 tokens, one for each
local identity codes from MonoNPHM |[16], and one for the global identity part.
Finally, our regressor

pix2NPHM : ([&,(1), &,(I)], Ters) v (2id, Zex) (5)

consists of several transformer layers, and MLP prediction heads which map the
resulting classification tokes tokens Trg from the transformer to zjq and zey,
respectively. Finally, the predicted latent codes can be decoded into a 3D shape
using the MonoNPHM model, which represents the 3D head geometry implicitly
by conditioning an SDF, see Eq. (1)

3.4 Training Strategy

3D supervision in SDF Space On 3D datasets we aim to formulate the
supervision signal as unambiguous as possible, and exploit the fact that ground
truth NPHM codes (zigg7 z8') can be obtained as a pre-processing step using our
registration procedure, as described in Sec. 3.6. Given an image I, we predict
NPHM latents pix2NPHM(I, Tcrs) = (Zid, Zex), and compute the loss

Lsp=  [NPHM(z; Ziq, Zex) — NPHM (2 255, 250) |1, (6)

) “id >y “ex
zeX
between the induced SDFs, where X is a point cloud randomly sampled near the
3D surface. Directly supervising ||z — z|| did not lead to training convergence.

2D Self-Supervision: Adding Diversity Since 3D datasets barely cover all
relevant modes of the valid input distribution, we add data diversity by training
on large scale 2D video datasets using estimated surface normals I* = 2, (&, (1))
as pseudo ground truth. To this end, we modify the NeuS-based [63] rendering
approach from MonoNPHM [16] to render surface normals using gradients of the
SDF, and supervise via the cosine similarity

gD = Z (renderﬂ (VprHM; iidu iex)p 5 III;> (7)
pPEP
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between rendered and estimated normals, where camera parameters 7w are pro-
vided by our data registration. Note that due to the memory-intensive nature of
MLP-based volumetric rendering (we find that 32 samples per ray are sufficient),
we only supervise a random subset of 50 pixels p € P, uniformly sampled in the
facial area. Overall, we find this supervision to provide much more meaningful
and stable gradients, compared to computing a photometric loss using spherical
harmonics, which is the most established loss function in existing FLAME-based
regressors [12,50].

Full Training Objective Overall, we train our feed-forward predictor using
Liotal = A3pL3D + AapLap + Areg R (8)

as our complete training objective, which combines 3D and 2D losses with regu-
larization terms, where Asp is set to 0 for 2D video datasets. Our regularization

R(Zid, Zex) = Aldl|Ziallz + Al|Zex 2 (9)

simply punishes the norm of the predicted latents.

3.5 Test-Time Optimization: Increasing Fidelity

For even more accurate 3D reconstructions our feed-forward estimates can be
naturally combined with inference-time optimization against per-pixel geometric
predictions, similar to Pixel3DMM [18]. We optimize for

argmin Ay Lo + Ao LE5 + Areg R (Zid — Zex, Zex —Zid) (10)

Zid;Zex,T

where our feed-forward predictions serve as initialization and regularization tar-
get, and L5 is defined similar to Eq. (7) but with an L;-Loss. Note that we first
need to estimate camera parameters 7, using dense landmark predictions from
Pixel3DMM, which are fine-tuned later alongside ziq and Zey.

3.6 High-Quality Training Dataset Curation

As a data-driven approach, a core requirement for success is sufficient high-
quality training data. Therefore, we spend a considerable amount of effort on
curating 3D and 2D datasets. We briefly describe our approach for different data
types below, and provide an overview of datasets in table Tab. 1.

3D datasets: For 3D datasets, we estimate the canonical coordinate frame
using FLAME registration similar to [15]. After transforming the ground truth
3D shapes into a unified coordinate system, we sample points x € X on the
ground truth surface and optimize for NPHM parameters

argmin Y  [NPHM(2; Zid, Zex) |1 + Areg R(Zid, Zex) (11)

Ziq.,Z
idsZex TEX



8 S. Giebenhain et al.

Table 1: Training Data: We list number of identities, facial expressions, camera
view-points, total images and total 3D shapes.

#IDs #Expr./# Views #Images #3D shapes

NPHM [15] 450 23 /40 414K 10K
FaceScape [75] 300 20 / 50 300K 6K
DAViD [48] 65K 1/1 65K 65K
MimicMe [38] 2000 10/5 100K 20K
LYHM [9] 1200 1/2 2.4K 1.2K
Videos [8,69,74] <50K 5/1 250K 0

Total 3D 69K -/- 880K 102K
Total 119K -/- 1.13M 102K

2D datasets: For large-scale, in-the-wild 2D datasets, obtaining reliable and
3D accurate NPHM fittings was a previously unsolved problem. Therefore, we
simply estimate camera poses using the video tracker from Pixel3DMM [18], and
purely rely on our rendering loss £5.

Data Cleaning: To ensure high-quality training data, we devise a simple outlier
filtering strategy, for both, 3D NPHM fittings and 2D FLAME video fittings.
We define outlier thresholds, by analyzing the histograms of the norms of certain
attributes, such as shape, expressions, neck and jaw parameters.

4 Experimental Results

To verify our proposed method experimentally, we compare against recent SotA
methods on the NeRSemble single-view face reconstruction (SVFR) benchmark [18]
(see Sec. 4.3), and on the established Now benchmark [49] (see Sec. 4.4). In
Sec. 4.6 we conduct thorough ablations experiments to quantify the significance
of our individual technical contributions. We highly encourage the reviewers to
watch our supplementary video for more results. We will release our training
data, model and full code base for research purposes.

4.1 Implementation Details

We implement our pipeline using PyTorch, and train our regression model using
the Adam [28] optimizer, a batch size of 32 and learning rate of le™* on a
single A100-80GB GPU, which takes 4 days until convergence. We set A3p=10.0,
Aop=1.0 and )\mgzle*‘l. We use 8 transformer layers, each consisting of pre-norm
LayerNorm, self-attention with 8 heads, a 2-layer MLP with GeLU activation,
and a width of 1024.

We pre-train &, and &), separately for 3 days on 2 A6000 GPUs, and follow the
network architecture and training strategy fom Pixel3DMM [18].

To register our training dataset, consisting of 102K 3D shapes, with the NPHM
model, we invested roughly 2500 GPU-hours. We will release our training data
to the community to drive future research. Note, that we explicitly exclude
the NeRSemble-SVFR benchmark [18] identities from our NPHM training data,
since both datasets share the same identities.
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Table 2: Quantitaitive Results on the sinlg-image posed and neutral NeRSemble
3D face reconstruction benchmark [18] and NoW [49]. Methods above the line represent
feed-forward networks, methods below require optimization. We also indicated public
availability, v'* indicates soon public release.

NeRSemble Neutral NeRSemble Posed NoW Error

Method Avail.
L1y L2) NCt+ L1} L2y NCt Median Mean Std
MICA [77 1.68 1.14 0.883 - - - 090 1.11 0.92
TokenFace [70] - - - 262 1.78 0.85 0.76 0.95 0.82
DECA [12] 2.07 1.40 0.876 2.38 1.61 0.870 1.09 1.38 1.18
EMOCAv2 [10] 2.21 1.49 0.873 2.63 1.78 0.860 - - -
SHeaP [50] 1.86 1.26 0.882 2.08 1.41 0.876 0.95 1.18 0.99

Ours (ffwd. only) 1.57 1.06 0.896 1.55 1.05 0.894 0.83 1.03 0.88
Metr. Tracker [77] - - - 203 1.37 0878 090 1.11 0.92
FlowFace [52] 1.93 1.31 0.878 1.96 1.33 0.879 0.87 1.07 0.88
Pixel3DMM [18] 1.66 1.12 0.883 1.66 1.11 0.884 0.87 1.07 0.89
MonoNPHM [16] 2.32 1.56 0.878 2.50 1.68 0.870 - - -

Ours 1.54 1.04 0.897 1.37 0.92 0.897 081 1.01 0.85

DRNENESEN D NENENE N

Runtime Analysis: Our feed-forward transformer runs at 8fps on an RTX3080
GPU, and the optional inference-time optimization, takes 85s. Related optimization-
based methods MonoNPHM and Pixel3DMM take 150s and 30s, respectively.
MICA, a CNN regressor, operates at 14fps. All numbers are measured on an
RTX3080 GPU.For more details on the inference-time optimization procedure,
we refer to our supplementary material.

4.2 Baselines

Feed-Forward FLAME Regressors: The first class of baselines are exist-
ing regressors for FLAME [32] parameters. We select DECA [12], MICA [77],
EMOCAv2 [10], TokenFace [70] and SHeaP [50].

FLAME Optimization: The next class combines feed-forward predictions
as a prior with inference-time optimization. As such, this category is closely
related to our full approach, but uses a classical 3DMM representation. We
select MetricalTracker [77], FlowFace [52] and Pixel3DMM [18].

NPHM Optimization: Finally, MonoNPHM [16] proposes a photometric fit-
ting pipeline to obtain NPHM parameters. Since we also use the MonoNPHM
model to decode latent parameters into 3D shapes, this comparison highlights
the added robustness of our approach compared to photometric fitting.

Baseline Availability: Finally, we point out the poor public availability of
recent SotA methods, i.e. TokenFace [70] and FlowFace [52], two of the top
performing methods on NoW, remain unreleased, and haven’t been replicated
as of yet. Thus the numbers reported in this paper were obtain with the help of
the respective paper’s first authors.
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Input DECA[12] TokenFace[70] FlowFace[52] Pixel3DMM][18] MonoNPHM][16] Ours

Fig. 4: Posed Reconstruction: We show overlays of the reconstructed meshes. Insets
with a blue border depict Lo-Chamfer distance as an error map, rendered from a frontal
camera. Red insets show the reconstructed mesh from the same camera. All our figures
are best viewed digitally and zoomed-in.

4.3 NeRSemble SVFR Benchmark

The recent NeRSemble SVFR benchmark [18] features diverse and challeng-
ing facial expressions, and is the first to simultaneously allow the evaluation of
posed and neutral face reconstruction. Given a single image as input, the posed
task measures the 3D reconstruction accuracy, while the neutral task measures
how well the methods can disentangle expressions, by predicting a neutral face,
from an image with an arbitrary facial expression. We provide quantitative and
qualitative results in Tab. 2 and Figs. 4 and 6, respectively. We significantly
outperform all baselines across all metrics, even without test-time optimization.

4.4 NoW Benchmark

The NoW benchmark [49] can only measure the neutral reconstruction task,
but, compared to the NeRSemble SVFR benchmark, it covers a wider variety
of identities, lighting conditions, hair styles, head accessories and other types of
occlusion. Our method significantly outperforms all baselines, except for Token-
Face [70], which is, however, not publicly available and performs poorly on the
NeRSemble SVFR benchmark, as presented in Tab. 2. Qualitative results from
the validation set are presented in Fig. 5.

4.5 AffectNet Benchmark

Although emotion recognition is not directly measuring 3D understanding, we
further assess the degree to which the semantics of facial expressions are accu-
rately captured by our feedforward network on AffectNet [35]. We extract shape
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Input MICA Pixel3DMM Ours G.T

Fig. 5: Neutral Reconstruction, NoW: We show frontal mesh renderings in com-
parison to the ground truth mesh, as well as, error maps and zoom ins.

Input MICA [77] Pixel3DMM [18] MonoNPHM [16] Ours Reference

Fig. 6: Neutral Reconstruction, NeRSemble: Comparison against available SotA
methods on top of neutral reference image.

and expression parameters using Pix2NPHM for all train and test images in the
AffectNet dataset (note that this is done in a feedforward-only manner, without
per-image optimization). Following EMOCA [10], we then fit a 4-layer MLP to
the the parameters extracted from the train set, and evaluate on the test set.
Pix2NPHM outperforms all competing methods on this benchmark (Table 3),
showcasing our trained feedforward network’s ability to extract detailed expres-
sion information.
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Table 3: Emotion recognition: We report the concordance correlation coefficient
(CCC) and root mean squared error (RMSE) on predicting Valence and Arousal, and,
most importantly, we report accuracy in 8-way emotion classification on AffectNet [35].

Arousal Valence Emo
CCCT RMSE] CCCtT RMSE|l Acc.

SMIRK [44] 0.560 0.288  0.681 0.313  0.653
EMOCA [10] 0.577  0.282 0.70 0.307  0.676
SHeaP [50] 0.615 0.274 0.735 0.301  0.695
Ours-NPHM 0.621 0.273 0.739 0.291 0.711

Model

Table 4: Ablations on NeRSemble-SVFR Benchmark [18] and NoW [49].

Method Description NeRSemble Neutral Nersemble Posed ‘ Now
|2D 3D Input Opt. 3DMM | L1} L2, NCt L1} L2, NCt

3D only vV En+ 6 NPHM | 1.64 1.11 0.894 1.65 1.11 0.890 |1.074
3D only, no regi. v &+ NPHM | 1.93 1.30 0.892 2.05 1.38 0.887 -
2D only v En + 6 NPHM | 1.79 1.21 0.893 1.67 1.13 0.893 |1.238
RGB input v' DINO(I) NPHM | 1.89 1.28 0.891  2.10 1.42 0.883 |1.165
Normals inp. v v DINO(I?) NPHM | 1.76 1.19 0.893 1.87 1.26 0.886 |1.168
no &, v v &, NPHM | 1.67 1.13 0.895 1.65 1.11 0.891 |1.053
ffwd. NPHM v vV &+ NPHM | 1.57 1.06 0.896 1.55 1.05 0.894 |1.016
ffwd. FLAME v 6+ 6 FLAME| 1.71 1.15 0.883 1.81 1.22 0.881 [1.073
opt. only w/o MICA|v v &, +¢é, v NPHM | 1.76 1.18 0.894 1.61 1.09 0.893 |1.137
opt. only w/ MICA |v v &,+6& v NPHM | 1.60 1.08 0.890 1.50 1.01 0.895 |1.029
Ours vV oV &+ éE v NPHM | 1.541.04 0.897 1.37 0.92 0.897 |0.988

4.6 Ablation Studies

We demonstrate the effectiveness of our technical contributions by removing
them one-by-one from our complete method. Quantitative and qualitative results
are presented in Figs. 7 and 8, and Tab. 4, respectively. Additionally, Tab. 4 has
a verbose description of the ablated components.

What impact does the data preprocessing have? The registration of
the five different 3D datasets into uniform NPHM format results in significant
performance improvements, as shown in Tab. 4. Without such registration, train-
ing becomes more complex; e.g., DAViD only provides single-view depth maps,
FaceScape only non-watertight meshes with noisy back of the head and MimicMe
provides incomplete meshes (only the frontal face part). To showcase the impor-
tance we implemented point-cloud based supervision using the IGR [20] loss.
Tab. 4 shows significantly worse quantitative results. We parallellized the regis-
tration effort on many low-grade GPUs (GTX1080/RTX2080) and will release
the registration to the public.

What effect does the underlying 3DMM have? The main motivation
for Pix2NPHM is the increased representational capacity of neural 3DMMs, i.e.
MonoNPHM in our case. To ablate the effect of the underlying 3DMM, we train
a version of our approach with FLAME instead of MonoNPHM. Quantitative
and qualitative results on the SVFR-Benchmark and NoW support our claim,
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Input ffwd. FLAME ffwd. NPHM Opt. only w/ MICA Ours
Fig. 7: Ablations, Posed: NPHM feed-forward predictions exhibt more details com-
pared to FLAME. Wihtout the feed-forward initialization our optimization sometimes
fails to reconstruct extreme expressions (e.g. see rows 1 and 3).

4
)

Input ffwd. FLAME ffwd. NPHM Opt. only w/ MICA Ours Reference
Fig. 8: Ablations, Neutral: Without the feed-forward prediction as initialization,

our optimization cannot properly disentangle identity and expression.

that leveraging a neural 3SDMM increases reconstruction fidelity. Note that our
FLAME-based feed-forward predictor outperforms the best available FLAME-
based predictor MICA on the NoW validation set (1.073 vs. 1.109 mean error),
and outperforms SHeaP, the best FLAME-based feed-fordward method on the
posed NeRSemble SVFR task.

Inference-Time Optimization: While our feed-forward prediction already
reaches SotA performance, reconstruction fidelity can be improved further, e.g.
see Fig. 2. Especially posed reconstructions benefit from optimization, while
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neutral reconstructions improve slightly (see Tab. 2). Importantly, we note that
optimization without using our feed-forward as initialization sometimes fails to
reconstruct complicated expressions, e.g. see rows one and three of Fig. 7. For
this we distinguished two separate scenarios: "w/o MICA" uses no prior, while
"w/ MICA" uses the regressed FLAME mesh as additional optimization con-
straint. See our supplementary for more details.

Image Encoding: Furthermore, we ablate several options on how the input
image is encoded. Using DINOV?2 [36] encodings of the RGB input I, similar
to Pixel3DMM [18], performs the worst, and did not properly converged on
2D training data. Using DINOv2 encodings of estimated normals I*=%, (&,(I))
resulted in similar performance on NoW, but increased performance on NeRSem-
ble. Directly using the tokens from &, gives significantly better performance and
adding tokens from &, further boosts results.

Training Data: Finally, we show the importance of training on a mixture of
2D and 3D data. We hypothesis that 2D data is essential to handle the input
appearance diversity, while 3D data provides an unambiguous training signal.

Inference Time Optimization Analysis: Fig. 9 presents the trade-off be-
tween the number of inference-time optimization steps and the reconstruction
fidelity. For this analysis, we report the metrics of the posed NeRSemble SVFR
benchmark, indicating that 20 and 60 optimization steps provide good latency-
quality trade-offs. Nevertheless, optimization fundamentally remains slow. For
real-time inference, we believe that distilling Pix2NPHM into a ffwd-only model
with slimmer architecture (w/o two ViT Backbones) is the most promising so-
lution; one could use Pix2NPHM (w/ optimization) as a data generator.

Chamfer-L; Chamfer-L, Normal Similarity
1.55 ¢ 1.05 - 0.897

1.50 \ \ 0.896
" 1.00 -
1.45 \ \ 0.895
0.95
1.40 " N 0.894

—, —
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
Tteration Step ITteration Step Iteration Step

Fig. 9: Analysis of number of test-time optimization steps.

4.7 In-the-Wild Results

For results on in-the-wild images we refer to Fig. 1 and our supplementary ma-
terial. Additionally, Fig. 2 compares our FLAME-based and NPHM-based re-
gressors, and our full approach.

4.8 Downstream Application: Avatar Cross-Reenactment

As an example of a practical applications, we demonstrate that our feed-forward
predictions of z.x can be used to cross-reenact NPGA [17] avatars, as depicted
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Fig. 10: Cross-Reenatment: Driving NPGA [17] avatars using our feed-forward pre-
dictions on the driving image (pink boundary). Zoom-ins are shown in blue boundaries.

in Fig. 10. We use driving images from the NeRSemble benchmark [18], as well
as, in-the-wild images from FFHQ [26]. Note, that there is no identity leakage,
and that the avatars maintain their own authentic expression characteristics.

5 Limitations and Future Work

We believe that our scalable approach to 3D face reconstructions shows great po-
tential, however, performance is currently limited by several aspects of MonoN-
PHM [16]. For example, its latent space prevents reliable registration of 3D hair
styles, which leads to suboptimal geometry, even in the facial region. Moreover,
the MLP-based volumetric rendering and marching cubes extraction introduce
substantial computational overhead. Future work could develop an improved
NPHM variant, e.g. leveraging 2DGS [23] for faster rendering and mesh extrac-
tion, and training on more diverse 3D hairstyles such as Difflocks [47]. Jointly
fine-tuning NPHM with the feed-forward regressor is another promising direc-
tion. Finally, as single-image reconstruction remains inherently ambiguous, in-
corporating uncertainty estimation, probabilistic reconstruction, e.g. via condi-
tional generation, or multi-image extensions, e.g. by leveraging sequential infor-
mation as in VGGT [61], could resolve any remaining ambiguities.

6 Conclusion

We introduced Pix2NPHM, the first feed-forward framework for predicting NPHM
parameters, enabling fast and high-fidelity 3D face reconstruction from a single
input image. Despite considerable research effort on FLAME regression, our ini-
tial attempt on NPHM reconstruction demonstrates significant benefits. Key to
this success are our large-scale 3D data registration and the self-supervised train-
ing strategy on 2D data using surface normal estimators. Moreover, we show that
ViTs pretrained on face-specific geometric tasks capture facial structure far more
effectively than DINOv2. Together, these insights establish a new path toward
scalable, high-quality monocular 3D face reconstruction.
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