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Figure 1. We present MonoNPHM, a neural-field-based parametric head model (left), for dynamic 3D head reconstruction in monocular
videos (right). On the left we demonstrate the effect on a reconstructed human head, by individually varying shape (top box), expression
(middle box) and appearance (bottom box). The right-hand side illustrates three input RGB frames (top row), and our reconstructed geom-
etry (bottom row). We also show the reconstructed appearance under estimated lighting conditions, which is the basis of our reconstruction.

Abstract

We present Monocular Neural Parametric Head Models
(MonoNPHM) for dynamic 3D head reconstructions from
monocular RGB videos. To this end, we propose a latent ap-
pearance space that parameterizes a texture field on top of a
neural parametric model. We constrain predicted color val-
ues to be correlated with the underlying geometry such that
gradients from RGB effectively influence latent geometry
codes during inverse rendering. To increase the represen-
tational capacity of our expression space, we augment our
backward deformation field with hyper-dimensions, thus im-
proving color and geometry representation in topologically
challenging expressions. Using MonoNPHM as a learned
prior, we approach the task of 3D head reconstruction using
signed distance field based volumetric rendering. By nu-
merically inverting our backward deformation field, we in-
corporated a landmark loss using facial anchor points that
are closely tied to our canonical geometry representation.
To evaluate the task of dynamic face reconstruction from
monocular RGB videos we record 20 challenging Kinect
sequences under casual conditions. MonoNPHM outper-

forms all baselines with a significant margin, and makes an
important step towards easily accessible neural parametric
face models through RGB tracking.

1. Introduction

Tracking, animation, and reconstruction of human faces
and heads under complex facial movements are funda-
mental problems in many applications such as computer
games, movie production, telecommunication, and AR/VR
settings. In particular, obtaining high-fidelity 3D head re-
constructions from monocular input videos is a common
scenario in many practical settings, e.g., when only a com-
modity webcam is available.

Recovering the 3D head geometry throughout a monoc-
ular RGB video, however, is inherently under-constrained.
The task is further complicated in the presence of depth am-
biguity, complex facial movements, and strong lighting and
shadow effects. Therefore, to disambiguate the 3D scene
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dynamics, it is common to introduce a set of assumptions
about plausible facial structure, expressions, and appear-
ance, often in the form of a model prior.

To regularize this otherwise heavily under-constrained
problem, the most widely adopted model-prior, are 3D mor-
phable models (3DMMs) [8], which capture shape, expres-
sion, and appearance variations through the use of princi-
pal component analysis (PCA) over a dataset of 3D scans
that have been registered with a template mesh. There-
fore, their expressiveness is often limited by the underlying
(multi-)linear statistical model, the resolution of the tem-
plate mesh, and its topology. Recent neural variants of
mesh-based 3DMMs [28, 45, 66, 77, 81] and neural-field-
based parametric face models [27, 48, 84, 85, 87] constitute
more detailed model priors, but so far do not tackle 3D head
reconstruction from monocular RGB videos.

In this work, we propose MonoNPHM, a neural para-
metric head model tailored towards monocular 3D recon-
struction from RGB videos. We model an appearance field,
coupled with a signed distance field (SDF) that represents
the geometry, in canonical space. Facial expressions are
represented using a backward deformation field that estab-
lishes correspondences from posed space into the canonical
space. Additionally, we augment our backward deformation
model using hyper-dimensions [58], in order to increase the
dynamic capacity of our model. Building on top of our para-
metric model, we perform photometric 3D head tracking,
by optimizing for latent geometry, appearance, and expres-
sion codes. To establish an RGB loss, we utilize SDF-based
volumetric rendering [78] of rays in posed space which are
backward-warped into canonical space. To account for dif-
ferent lighting conditions we incorporate spherical harmon-
ics shading [64] into the volumetric rendering. Addition-
ally, we find that a landmark loss is crucial for robust track-
ing through extreme facial movements. We use a discrete
set of facial anchor points that is tightly coupled with our
geometry representation [27]. We forward-warp the an-
chors by numerically inverting our backward deformation
field using iterative root finding [17] and project them into
image space to compute our landmark loss.

Compared to our strongest baselines we improve the
reconstruction fidelity, measured by Chamfer distance, by
20%. To sum up our contributions are as follows:
• We introduce MonoNPHM, a neural parametric head

model that jointly models appearance, geometry, and ex-
pression and is augmented with hyper-dimensions for an
increased dynamics capacity.

• We tightly condition our appearance network on the un-
derlying geometry, to allow for meaningful gradients dur-
ing inverse rendering, which we formulate based on dy-
namic volume rendering of implicit surfaces.

• We introduce a landmark loss using discrete facial anchor
points that are tightly coupled with our implicit geometry.

2. Related Work
Mesh-based face models Starting with the seminal work
on 3DMMs [8], template-mesh-based PCA models [5, 9,
47, 61, 86] have been widely used for many application
in computer graphics and vision. To relax the rigid lin-
ear assumption of PCA, subsequent efforts utilized varia-
tion auto-encoders(VAEs) [42], generative adversarial net-
works (GANs) [29], and diffusion models [31] to replace
the PCA-basis underlying classical mesh-based 3DMMs
[24, 28, 45, 55, 66, 77, 81].

3D face reconstruction from RGB Reconstructing the
3D geometry of a head from RGB images or videos is
a fundamental problem in computer vision. Standard ap-
proaches optimize the parameters of a 3DMM based on
the 2D input [4, 26, 75, 81]. Optimizing the parameters
from arbitrary poses, especially in the presence of occlu-
sions and strong shadows, is a very challenging problem.
Learning-based methods address this issue by training neu-
ral networks to predict the face representation from the in-
put images [18, 20, 49, 69, 74]. In order to model details
beyond the 3DMM template, such as wrinkles, several ef-
forts utilize shape-from-shading [25, 34, 71] while others
model facial details as displacements maps [15, 21, 36, 46].
Instead of relying on a fixed-topology template mesh, we
approach 3D reconstruction from RGB inputs using neural-
field-based parametric head models, allowing for the repre-
sentation of complete human heads with varying topologies.

Neural field-based face models Recent advances on neu-
ral fields [80], have shown impressive results on geome-
try reconstruction and generation [51, 56, 62, 78, 82], neu-
ral radiance fields (NeRFs) [16, 40, 52, 53], and dynamic
scene reconstructions [3, 33, 44, 57, 58, 70]. Such tech-
niques have been recently used in the context of 3D gen-
erative models [6, 12, 13, 79], and NeRF-based paramet-
ric models [10, 11, 32, 76, 92] to generate high-fidelity
heads that can be rendered from different views. Others
have focused on highly detailed geometry representation
[27, 84, 85, 87, 88], design a diffusion prior for robust re-
construction from depth sensors [72], and facilitate few-
shot 3D reconstruction from RGB images using a mixture
of model-based fitting and test-time fine-tuning of model
parameters [10, 48, 65]. Closer to our work, [48] is able to
reconstruct an animatable head avatar from a single image
in the wild. In this work, however, we focus on dynamic
3D reconstruction from monocular RGB videos by explic-
itly modeling the deformations, which allows us to obtain
correspondences across the video.

Person-specific head avatars To escape the limitation of
generalizing parameter space, methods for person-specific

10748



<latexit sha1_base64="iGj2lLckmu+14z8KYzBZuOHtW/A="></latexit>

SDF(x)

La
te

nt
 C

od
eb

oo
k

MonoNPHM

Posed Space Canonical Space

<latexit sha1_base64="pDmKMHrNoMNrsHYy/CO3Myc8E/o="></latexit>

(xc, !)

<latexit sha1_base64="70oenjSnlWAYHjkG0KvyWpr4vOg="></latexit>

hgeo(xc)

In
pu

t 
V

id
eo

Anchors used for   Other anchors

a) MonoNPHM b) Tracking
Figure 2. Method overview: (a) Shows how MonoNPHM operates: First, points xp in posed-space are backward-warped through Dexp

into canonical space (indicated by red star and arrow). Our canonical geometry and appearance fields are conditioned on facial anchors
ac (yellow and gray points in canonical space). Instead of conditioning Fapp on canonical coordinates (xc, ω), we use hidden features
hgeo extracted from the geometry network. (b) We approach tracking using SDF-based volumetric rendering [78] to build photometric and
silhoutte terms. Additionally, we enforce a landmark loss by numerically inverting Dexp using iterative root finding (as indicated by the
yellow arrow on the left).

avatars from monocular videos, have shown impressive re-
sults. These methods usually incorporate a 3DMM to in-
troduce control in the neural implicit representation [2, 23,
50, 63, 89, 91, 94]. However, they lack generalization and
as such, require to be trained per video, in contrast, to our
method that generalizes across identities and expressions.

A different line of work focuses on the construction
of photo-realistic avatars from abundant multi-view video
recordings [43, 50, 63, 68].

3. MonoNPHM
Our work aims at dynamic 3D Face reconstruction in
monocular RGB videos. We approach this heavily under-
constrained task using model-based photometric tracking
through inverse SDF-based rendering. In this section we
describe the construction of our underlying, neural field-
based model, MonoNPHM, illustrated in Fig. 2, along with
its disentangled parametric spaces for shape (Sec. 3.1), ap-
pearance (Sec. 3.2) and expression information (Sec. 3.3).
In Sec. 4 we propose a model-based dynamic 3D recon-
struction algorithm, based on MonoNPHM.

3.1. Canonical Geometry Representation

We represent the head geometry in canonical facial expres-
sion, as described by latent code zgeo, using a neural SDF

Fgeo : R3+dgeo → R1, xc 7→ SDF(xc), (1)

operating on points xc in canonical space. Such an implicit
representation provides the necessary topological flexibility
to describe complete heads, including hair.

We follow NPHM [27] and compose Fgeo as an ensem-
ble of local MLPs

Fgeo(xc, zgeo)=
∑

k∈Nxc

wk(xc,a
k
c )f

k
geo(xc−akc ; zgeo),

(2)
which are centered around facial anchor points akc =
A(zgeo) ∈ R65×3, that are predicted by a small MLP A
based on the geometry code zgeo. Therefore, the anchor
positions constitute an integral part of the pipeline and pro-
vide an important discrete structure which we leverage as a
landmark loss for monocular tracking in Sec. 4.4.

For this purpose we design an anchor layout consisting
of 65 points, s.t. the most important landmarks of common
detectors coincide with anchor points, as shown in Fig. 2.
To account for the increased number of anchors, we restrict
the computation to the bipartite kNN-graph from xc to its
8 nearest anchors Nxc

, Compared to NPHM, which eval-
uates all local MLPs, in this case 65, this is more than an
eight-fold reduction in memory. To account for the non-
uniform spatial arrangement of anchors, we re-scale wk for
each neighborhood separately. Details are provided in our
supplementary material.
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3.2. Canonical Appearance Representation

We model appearance changes between subjects using sep-
arate latent codes zapp, that condition a texture field Fapp.

To emphasize the dependence of appearance on the ge-
ometry, we incorporate a strong connection between the
two networks, similar to PhoMoH [85]. Our motivations
come from the fact that an appearance space, which is com-
pletely independent of the geometry, could reconstruct the
observed color images without providing meaningful gradi-
ents for the latest geometry codes.

To this end, we condition our texture field Fapp, on fea-
tures hgeo(xc) ∈ R16 which are extracted from the last
layer of the geometry MLP Fgeo using two narrow linear
layers. As illustrated in Fig. 2, Fapp follows the same lo-
cal structure as our geometry network, i.e. local appearance
MLPs

fk
app(h

k
geo(xc); zapp) ∈ [0, 255]3 (3)

are blended using the same weights as in Eq. (2). As we will
show later in Sec. 5.4, removing the dependence of Fapp on
spatial coordinates xc and using features hgeo(xc) instead,
is beneficial for RGB-based 3D reconstruction.

3.3. Representing Dynamics

While both previous components operate in canonical
space, it is the task of our deformation network

Dexp : R3+dexp+dgeo → R3, xp 7→ xc (4)

to backward-warp points xp in posed space into canonical
coordinates xc. Such a formulation implies that all changes
in the geometry and appearance fields between two expres-
sions can be explained through a deformation of space.

To relieve this strong assumption, we relax the for-
mulation by adding hyper-dimensions, or ambient dimen-
sions, [58] to the output of the deformation network, i.e.
Dexp(xp; zexp, zgeo) = (xc, ω) ∈ R3+h, where h is the
number of hyper-dimensions (in practice we use h = 2).
Consequently, Fgeo is provided with canonical coordinates
and hyper-coordinates ω, which increase the dynamic ca-
pacity of the overall network. Fig. 6 demonstrates the topo-
logical issues that arise without using hyper-dimensions.

Following previous work [27, 54], Dexp is conditioned
on both zexp and zgeo since the identity information is rel-
evant to find correct correspondences between xp and xc.
Note that NPHM [27] uses forward deformations, which we
ablate to perform inferior compared to formulation.

3.4. Training

We train all model components and latent codes end-to-end
using an auto-decoder formulation [56]. Given a public
dataset consisting of high-quality textured 3D scans [27]1,

1We use the version 2 release containing a total of 473 identities

we sample points xp near the mesh surface and pre-compute
SDF(xp) and RGB(xp) values for direct supervision of our
geometry and color fields. Conceptually, we optimize for
model parameters Θ and latent codes Z

argmin
Z,Θ

∑
s∈S,e∈Es

λSDF|Fgeo(Dexp(xp))− SDF(xp)|+

λRGB|Fapp(hgeo(xc))− RGB(xp)|+ λregLreg, (5)

where Lreg, among others, imposes regularization on all la-
tent codes, supervises anchor predictions, and regularizes
deformations and predicted hyper-dimensions to be small.
We provide more details about the training and network ar-
chitectures in our supplementary document.

4. 3D Dynamic Face Reconstruction
Our main goal is tracking heads in the parametric space
of MonoNPHM, in the case of a single, monocular RGB
input video. In such a challenging scenario, it is essen-
tial that a strong, but expressive, model-prior can guide
the optimization through the often under-constrained task.
We conceptually visualize this task in Fig. 2. Given a
video sequence of RGB frames {I1, . . . IT }Tt=1, associ-
ated silhouettes {S1, . . . ST }Tt=1 and 2D facial landmarks
{L1, . . . , LT }Tt=1 we aim to reconstruct model parameters
ϕ = {zapp, zgeo} ∪ {zexp}Tt=1, composed of time-invariant
codes zgeo and zapp, as well as, per frame expression codes
ztexp. We solve the tracking task by minimizing the energy

argmin
ϕ,ζ,Π

T∑
t=1

Lt
RGB + λsilLt

sil + λlmLt
lm + λregLt

reg (6)

with respect to latent codes ϕ, head poses Π = {Rt, tt}Tt=1,
as well as, lighting parameters ζ ∈ R9 of a 3-band spherical
harmonics approximation [64].

The data term of our energy contains a pixel-level RGB
loss LRGB and silhouette loss LS , as explain in Secs. 4.1
to 4.3, and a landmark loss Llm for coarse guidance of the
expression (see Sec. 4.4). We describe our regularization
term and optimization strategy in Sec. 4.5 and Sec. 4.6, re-
spectively.

4.1. Rendering Formulation

To relate the 3D neural field, parameterized by the latent
codes, with the 2D observations, we perform volumetric
rendering in posed space. Given intrinsic camera param-
eters K, we transfer the head pose into an extrinsics matrix
Et = [Rt|tt], and shoot a ray rp(τ) = o+τ ·d into the scene
at time t. Samples along the ray are warped into canonical
space rc(τ) = Dexp(rp(τ); z

t
exp, zgeo). Consequently, we

infer SDF values Fgeo(rc(τ); zgeo) in caonical space. For
volume rendering, we rely on the formulation of NeuS [78]
to transfer SDF values along a ray into rendering densities
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σ(rc(τ)). In total, predicted RGB values c(τ) along a ray
are aggregated into pixel colors

Ît(r)=

∫ τf

τn

w(τ)c(τ)dτ (7)

using volume rendering [37, 52]. Here, rendering weights
w(τ) and the accumulated transmittance T (τ) are defined
as follows:

w(τ) = T (τ)σ(rc(τ)), and T (τ) = e−
∫ τ
τn

σ(rc(s))ds. (8)

4.2. Spherical Harmonics Shading

To bridge the domain gap between our albedo appearance
space, and in-the-wild lighting effects, we include a 3-bands
spherical harmonics as a simple approximation for the scene
lighting [64]. Thus, we obtain shaded RGB predictions

c(τ) = SHζ(n(τ))Fapp(hgeo(rc(τ)); zapp) (9)

by multiplying predicted colors with the spherical harmon-
ics term, parameterized by ζ ∈ R9. For this, we use
world space normals n(τ) = Rt∇xp

Fgeo(xc; zgeo), where
the dependence on xp is included in the relation xc =
Dexp(xp; zexp, zgeo). We show the importance of account-
ing for lighting effects in Sec. 5.4.

4.3. Rendering Losses

The most important term in our inverse rendering is the
color loss Lt

RGB = MAE(Ît, It), which measures the av-
erage L1-loss over all pixels in the foreground region, be-
tween predicted image colors Ît and observed images It.

Additionally, we supervise the silhouette St using an av-
erage binary cross-entropy loss Lt

sil = BCE(Ŝt(r), St(r))

over all pixels, with predicted forground Ŝt =
∫ τf
τn

w(τ)dτ.

4.4. Landmark Loss

Next to the above-mentioned rendering losses we observe
that the optimization can get stuck in local minima for ex-
treme mouth movements. We address this issue by incorpo-
rating a landmark loss, a common practice in face tracking.

For this purpose, we exploit the structure of the underly-
ing NPHM model that is offered through its anchor points
A(zgeo) = ac. We determine the anchor positions atp in
posed space that satisfy

0 = atc −Dexp(a
t
p; zexp, zgeo) (10)

using iterative root finding [17], i.e. the backward defor-
mation field is inverted through a numerical procedure. To
coarsely guide zexp during tracking we enforce

Llm = MSE(πK,Et
(atp), Lt), (11)

which measures the screen-space distance between detected
landmarks Lt and projected posed anchors, where πK,Et

denotes a perspective projection using camera intrinsics K
and extrinsics Et.

4.5. Regularization

We encourage the latent codes to stay within a well-behaved
parameter range, which is also enforced during training:

Lprior = ∥zgeo∥2+λapp∥zapp∥2+
λexp
T

∑
t

∥zexp∥2. (12)

Additionally, we use the symmetry loss from NPHM [27]
on the local latent codes contained in zgeo and zapp, and en-
force temporal smoothness on time-dependent parameters

Lsmooth = TV(zexp) + λrotTV(Rt) + λtransTV(tt). (13)

4.6. Optimization Strategy

We optimize Eq. (6) using stochastic gradient descent
(SGD) and the Adam optimizer [41]. We initialize all la-
tent codes as zeros, ζ is initialized as uniform lighting from
all directions, and head poses Rt, tt are initialized from a
tracked FLAME model.

We start our optimization by separately optimizing the
first frame, and then optimize for the remaining frames se-
quentially in a frame-by-frame fashion, where zgeo, zapp,
and ζ remain frozen. This strategy provides good estimates
over all parameters and serves as initialization for our main
stage, where we optimize over all parameters jointly. For
each optimization step a random timestep t and random rays
for the rendering losses are sampled. Our smoothness loss
is computed between the neighboring frames t−1 and t+1.

5. Results
To evaluate our goal of dynamic face reconstruction, we
record 20 Kinect sequences in a casual setting, for a lack
of publicly available alternatives. The RGB sensor serves
as input, while the depth sensor allows for a geometric eval-
uation. We record 5 participants (3 female, 2 male) under a
wide range of facial expressions, emotions and include one
talking sequence. All participants signed agreements com-
pliant with GDPR requirements. We record each sequence
for 12 seconds at 15 frames per second, resulting in 180
frames per sequence.

5.1. Metrics

We report unidirectional L1-Chamfer distance in meters
from the back-projected depth map to the reconstructions,
which cover the complete head. Similarly, we report the
unidirectional cosine-similarity of normals. Additionally,
we measure the recall [73], i.e. the percentage of ground
truth points that are covered by at least one point on the
reconstruction w.r.t. to a given threshold distance.

Evaluation Protocol To eliminate any remaining depth
ambiguity, we optimize for a similarity transform from re-
constructed mesh to ground truth point cloud using ICP [7].
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Input RGB DECA [20] MICATracker [93] NHA [30] IMavatar [89] HeadNeRF [32] Ours

Figure 3. Comparison of the 3D reconstruction quality from monocular RGB videos against our baselines. We show error maps with
color-coded point-to-mesh distance from ground truth Kinect depth to the reconstructed meshes.

To exclude the sensor noise of the regions inside the mouth
and eyes and to account for differences between the com-
pared methods, we remove these regions, as well as the hair
and neck region, using facial segmentation [90]. We visual-
ize the resulting ground truth point clouds in Fig. 3, which
are color-coded according to the Chamfer distance.

5.2. Baselines

Mesh-Based Baselines: 3DMMs are the most common
model prior for 3D face tracking. Therefore, we com-
pare against DECA [20] and the MICA tracker [93]. The
former is a CNN that is trained in a self-supervised fash-
ion on in-the-wild images to predict FLAME [47] parame-
ters. The latter is a state-of-the-art face tracker, inspired by
Face2Face [75]. Additionally, we compare against Neural
Head Avatar (NHA) [30], which learns person-specific face
offsets and expression dependent neural textures.

Field-Based Baselines: IMavatar [89] uses neural fields
to explain details beyond an underlying FLAME model,
which is used as guidance during optimization. Head-
NeRF [32] is a NeRF-based [52] neural 3DMM. To achieve
high-fidelity appearance it relies on a screenspace CNN.

5.2.1 Implementation Details

Training MonoNPHM We implement our model in Py-
torch [59] and utilize PytorchGeometric [22] to restrict

Method L1-Chamfer ↓ N. C. ↑ Recall@2.5mm ↑

DECA [20] 0.0034 0.917 0.644
MICATracker [93] 0.0030 0.932 0.654
NHA [30] 0.0055 0.872 0.490
IMavatar [89] 0.0054 0.888 0.625
HeadNeRF [32] 0.0049 0.883 0.504
Ours 0.0024 0.940 0.785

Table 1. Quantitative comparison of 3D face reconstruction from
RGB videos. The chamfer distance is reported in meters.

computations in canonical space to the k nearest anchors.
We follow NPHM [27] and use 64 dimensions for the global
parts of zapp and zexp. For the local codes we use 32 di-
mensions. For the expression codes zexp we use 100 di-
mensions. We train our model for 2500 epochs, use a batch
size of 64, and a learning rate of 5e−4 for the networks and
2e−3 for the latent codes. We train on the updated release of
the NPHM dataset [27] using 4 NVIDIA RTX2080 GPUs
with 12GB of VRAM taking roughly 52 hours until conver-
gence. More details are provided in our supplementary.

Data Pre-Processing We perform several common pre-
processing steps to remove parts of the observed images that
are not included in our learned prior. Namely, we rely on
face detection [19], facial landmark detection [35], seman-
tic segmentation to remove the torso [90], as well as, video
matting [39] to remove the background. For all baselines,
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Figure 4. Cross-Reenactment: We show five reconstructions
from same sequence (top two rows). A 50-50 overlay (top row) of
reconstructed normals and the RGB images shows accurate image-
space-alignment. The bottom two rows show cross-reenactment
by transferring expression codes to two other subjects.

we follow their proposed pre-processing pipeline.
Tracking For each step of SGD we randomly sample

500 rays. During volume rendering, we randomly sample
32 coarse samples, and additional 32 samples using im-
portance sampling. We start with a large variance for the
NeuS [78] rendering, which is decayed over time to con-
centrate tightly around the surface. We perform 250 opti-
mization steps for the first frame, and 60 steps per frame
otherwise. To build forward correspondences for our land-
mark loss, we use 5 random initializations for iterative root
finding. More details are provided in the supplementary.

Our optimization operates at roughly 1.2 frames per
minute. As a comparison, the MICA tracker can track 2
frames per minute using the default settings, and IMavatar
operates at roughly 0.4 frames per minute.

5.3. Tracking Results

We compare MonoNPHMto our baselines by fitting each
model to all the 20 monocular RGB sequences individually.
We report quantitative and qualitative results in Tab. 1 and

Input Ours RGB Ours PanoHead Input Ours RGB Ours PanoHead

Figure 5. Single-Image Reconstructions on FFHQ [38] images.
Fig. 3, respectively. For results on the complete sequences,

we kindly refer to our supplementary video. Fig. 3 shows
that MonoNPHM reconstructs important details about the
face shape and expressions, that significantly help to rec-
ognize the identity and interpret the reconstructed emo-
tion correctly. Compared to the 3DMM-based approaches,
DECA and the MICA tracker, MonoNPHM is capable of
reconstructing complete heads, including the mouth inside
and hair. IMavatar, on the other hand, suffers from its in-
creased representational capacity compared to FLAME, due
to the difficulty of task. Both NHA and HeadNeRF employ
high capacity neural networks for high-fidelity renderings.
Consequently, the geometry of these approaches is under-
constrained. The quantitative evaluation reported in Tab. 1
confirms these findings.

Additionally, we show qualitative results for five frames
of the same sequence in Fig. 4, to demonstrate temporal
consistency and the alignment of our reconstructed geome-
try against the input sequence in screen space. Alongside,
we show the predicted color images Î of MonoNPHM, to
give further insights into our rendering loss LRGB, which
mainly drives our optimization. Finally, we perform cross-
reenactment by transferring the reconstructed latent codes
zexp to the identity codes zgeo and zapp from another par-
ticipant. Visually, the resulting reenactments capture the
contents of the original expression to a high degree.

Single-Image Reconstruction Furthermore, in Fig. 5,
we demonstrate MonoNPHM’s 3D reconstruction capa-
bilities on single in-the-wild images from the FFHQ
dataset [38]. This indicates that our learned prior is strong
enough for sparse observations, extreme lighting conditions
and diverse identities. Additionally, we include a qualita-
tive comparison against PanoHead [1], a recent SOTA 3D
generative head model trained on the FFHQ dataset.

5.4. Ablations

Method L1-Ch. ↓ N. C. ↑ Recall ↑

tr
ac

ki
ng w/ sphere tracing 0.0033 0.905 0.674

w/o spher. harm. 0.0028 0.923 0.718
w/o Llm 0.0027 0.939 0.745

ar
ch

ite
ct

ur
e NPHMapp 0.0028 0.926 0.724

w/ |a| = 39 0.0027 0.934 0.761
w/o color comm. 0.0028 0.933 0.735
w/ global MLP 0.0026 0.940 0.768

Ours 0.0024 0.940 0.785

Table 2. Ablations on single components of our tracking approach
(first 3 rows), and of our architecture (second section).

We support several of our claims by ablations on the same
20 Kinect sequences. Quantitative results are reported in
Tab. 2 andqualitative results in our supplemental.

Tracking Algorithm. Firstly, we show that NeuS-style
volume rendering [78], instead of the sphere-tracing-based
render for implicit surfaces of IDR [82], is essential for the
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RGB wo/ hyper-dims. w/ hyper-dims.
Figure 6. Effect of Hyper-Dimensions: Without the addition of
hyper-dimensions, the backward deformation model cannot accu-
rately reconstruct geometry and color for topologically challeng-
ing expressions, e.g. the opening of mouth and closing of eyes.

success of our tracking approach. Second, the use of spher-
ical harmonics is crucial to account for lighting conditions
that vastly differ from our training data. Otherwise, the
RGB loss is dominated by lighting effects that our model
cannot explain. Lastly, we note that without using the land-
mark loss Llm our optimization often performs similarly
well, but tends to get stuck in local minima, if large and fast
mouth movements, e.g. during shouting, are encountered.

Difference to NPHM [27]. To analyze differences to
the NPHM model, we train an extended version of NPHM,
denoted as NPHMapp, which predicts color in the canonical
space identical to MonoNPHM, and uses our anchor layout.
The main remaining differences are our use of backward
(instead of forward) deformations and hyper dimensions.
Additionally, we ablate the effect of our anchor layout by
training MonoNPHM using NPHM’s anchor layout consist-
ing of |a| = 39 anchor points. This leads to a less effective
landmarks loss and slightly reduced model capacity.

The effect of hgeo. Furthermore, we show the sig-
nificance of removing the communication channel between
geometry and color networks. To this end, we train a model
that uses canonical coordinates xc instead of hgeo(xc) as
input to the local color MLPs defined in Eq. (3). We hy-
pothesize that for such a model, gradients through our most
important loss LRGB are less informative for zgeo and zexp.

Local vs Global MLPs. Additionally, we ablate the
effect of using the local MLP ensemble from NPHM [27]
against a simpler architecture, that represents Fgeo and
Fapp using a global MLP. To account for good tracking
of extreme expressions, we find that the landmark loss is
equally important for this global architecture. To this end,
we include the anchor prediction MLP A into this ablation
experiment, such that the usage of Llm becomes viable. Do-
ing so, we are able to associate ac with zgeo, and achieve
good tracking performance, with slightly fewer geometric
details, as reflected in the metrics.

Effect of Hyper-Dimensions. Finally, in Fig. 6 we
highlight the importance of using hyper-dimensions for cor-

rectly representing topologically challenging expressions,
such as the closing of the eyes and opening of the mouth.
Note that the metrics are barely affected, since mouth and
eye regions are excluded due to strong sensor noise.

6. Limitations
In our experiments, we show that MonoNPHM can recon-
struct high-quality human heads from monocular videos;
however, at the same time, we believe that there are still
several limitations and opportunities for future work. For
instance, while spherical harmonics can be used to ac-
count for simple lighting conditions without increasing the
model complexity, we believe that reconstructions could
be improved by addressing lighting and shadows more
thoroughly. Possible options are the inclusion of a more
advanced shading model during volume rendering [67],
image-space delighting [83], as well as, CNN-based image
encoders [14, 20]. Another limitation is our tracking speed.
While this is partially explained by our unoptimized imple-
mentation that runs a full optimization for each frame, we
believe that several advances can be made, e.g. using CNN-
based initialization [60], coarse-to-fine optimization, faster
neural-field backbones [16, 53] and second-order optimiza-
tion for tracking [75].

7. Conclusion
In this work we have introduced MonoNPHM, a neural-
field-based parametric face model, that represents faces
using an SDF and texture field in canonical space, and
represents movements using backward deformations, aug-
mented with hyper-dimensions. We enforce a tight com-
munication between appearance and geometry to facili-
tate efficient inverse rendering. By including explicit con-
trol points in our implicit geometry representation, we
have developed a highly accurate 3D face tracking algo-
rithm based on volumetric rendering for implicit surfaces.
MonoNPHM achieves significantly more accurate 3D re-
construction on challenging monocular RGB videos, com-
pared to all our baselines. We believe that our work makes
the use of neural parametric head models much more acces-
sible for many downstream tasks. We hope that our work
inspires more research to explore the use of neural-field-
based parametric models and develop the necessary toolsets
that are already available for classical 3DMMs.
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Zhuwen Li, Vladlen Koltun, and Thomas Brox. What do
single-view 3d reconstruction networks learn? In CVPR,
2019. 5

[74] Ayush Tewari, Michael Zollhofer, Hyeongwoo Kim, Pablo
Garrido, Florian Bernard, Patrick Perez, and Christian
Theobalt. Mofa: Model-based deep convolutional face au-
toencoder for unsupervised monocular reconstruction. In
Proceedings of the IEEE international conference on com-
puter vision workshops, pages 1274–1283, 2017. 2
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