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Figure 1. Teaser. We present OptiHead, a novel method for robust real-time tracking of parametric head models. OptiHead takes an
RGB-D sequence (left) as input and utilizes a neural optimization pipeline to fit a 3DMM (right) in just a few iterations.

Abstract

We present a novel approach for real-time tracking
of parametric head models from monocular RGB-D se-
quences. To this end, we propose OptiHead, a fully dif-
ferentiable neural optimization pipeline capable of interpo-
lating between regression and optimization by adjusting the
energy formulation used for second-order solvers, enabling
real-time tracking in just a few iterations. Building on pro-
jective ICP to establish correspondences, we incorporate
neural weighting of residual terms using large receptive
fields and regularize the optimization process with a learned
prior that accounts for the uncertainty of these weights.
Moreover, our method can be trained end-to-end, which
was previously not done for neural optimization pipelines
for 3DMM, which is achieved by utilizing mesh rasteriza-
tion that is capable of forward-mode automatic differenti-
ation, allowing efficient and differentiable computation of
the Jacobian matrix used during Gauss-Newton optimiza-
tion. Our method outperforms ICP for dynamic facial ex-
pressions at 21.29 FPS, allowing for real-time applications.

1. Introduction

Real-time tracking and reconstructing of human heads is
a fundamental problem across many applications, such as
AR/VR, teleconferencing, or virtual avatar animation. In

this work, we focus on real-time frame-to-frame monocular
RGB-D tracking using a Kinect sensor, a widely adopted
setup for practical real-world applications.

A well-established approach to this challenging prob-
lem is face reconstruction using 3D morphable models
(3DMMs) [2], which leverage PCA-based low-rank approx-
imations of 3D face geometry to represent variations in hu-
man faces. These models function as priors to regularize the
face reconstruction process, simplifying the tracking task to
find the appropriate parameters of a 3DMM.

In the existing literature, two primary approaches for
face tracking using 3D morphable models can be iden-
tified: optimization-based methods and regression-based
methods. Regression techniques, such as those proposed in
[8,9,28,30], can predict the parameters of parametric head
models from a single image. However, these methods often
struggle to capture complex facial expressions accurately
and cannot correct prediction errors. Despite this limitation,
they enable real-time applications due to the inherent effi-
ciency of feed-forward networks. In contrast, optimization-
based approaches [25,26] enable pixel-accurate registration
and are well-suited for frame-to-frame tracking, as they can
leverage the state from the previous frame to ensure tem-
porally consistent tracking. However, these methods often
require a trade-off between real-time capabilities and recon-
struction quality.

We present OptiHead, a fully differentiable neural opti-
mization pipeline capable of interpolating between regres-



sion and optimization by adjusting the energy formulation
used for second-order solvers, enabling real-time track-
ing in just a few optimization iterations. This is achieved
through neural weighting of residual terms used during
Gauss-Newton optimization and regularization based on
a learned prior that accounts for the uncertainty of these
weights. Moreover, our method can be trained end-to-
end, previously not done for neural optimization pipelines
for 3DMM that utilize second-order solvers like Gauss-
Newton. This is accomplished by computing the Jacobian
matrix in a differentiable manner and solving for the opti-
mization update within an automatic differentiation frame-
work such as PyTorch. More concretely, we propose utiliz-
ing forward-mode automatic differentiation (fwAD) based
on dual numbers, which exploits the structure of the Ja-
cobian matrix to enable efficient vectorization on the GPU
while also tightly integrating a differentiable mesh raster-
izer within this framework. Additionally, we utilize stan-
dard backpropagation through computational graphs to train
the neural components, allowing for efficient end-to-end
training and inference speed at a rate of 21.29 FPS. Our
contributions are as follows:

e We introduce a novel end-to-end differentiable op-
timization pipeline based on projective ICP. The
pipeline integrates neural weighting and regularization
with dynamic correspondence refinement.

* We develop an efficient mesh rasterizer integrated into
a differentiable Gauss-Newton optimizer capable of
forward-mode automatic differentiation, allowing ef-
ficient computation of Jacobian matrices.

* We demonstrate that our neural optimizer can robustly
fit highly dynamic expressions in real-time and outper-
form the ICP baseline.

2. Related Work
2.1. Parametric Head Models

To capture human faces, the seminal work of Blenz and
Vetter introduced 3D morphable models [2]. They effec-
tively represent variations of heads using PCA with an un-
derlying 3D mesh representation. More advanced face mod-
els were introduced utilizing improved data capture tech-
niques [4, 5], including multilinear models of identity and
expression [3], and combining linear blend skinning [17]
with articulated head parts [14], which has become the de
facto standard for PCA-based methods. Those template-
based approaches allow fast-tracking but often lack details,
e.g., missing hair. Another approach involves using neural
representations [ 10, 29], which enable detailed reconstruc-
tions. However, achieving real-time tracking remains chal-
lenging. This paper focuses on achieving real-time tracking
by employing the mesh-based FLAME model [14].

2.2. Tracking of Parametric Head Models

Optimization. Prominent methods for face tracking and
reconstruction, such as Face2Face [25,26], optimize the pa-
rameters of a multi-linear PCA-based model by employing
a dense geometric, sparse landmark and regularization loss.
Existing approaches achieve real-time facial tracking by
leveraging efficient second-order optimizers such as Gauss-
Newton (GN) [1] or Levenberg-Marquardt (LM) [19], of-
ten solving the linear system using the PCG method [23].
These optimization pipelines typically rely on sparse land-
mark tracking [ 18] for robustness. In contrast, our method
employs a landmark-free optimization strategy, eliminating
the need to detect landmarks altogether.

Regression. Approaches such as DECA [9] directly pre-
dict the parameters of a FLAME [14] through regression
techniques. The follow-up work EMOCA [©] introduces
a novel deep perceptual emotion consistency loss, improv-
ing on tracking of dynamic expressions. Furthermore, [28]
demonstrates the effective use of transformer-based archi-
tectures for monocular 3D face reconstruction.

2.3. Differentiable Optimization

Differentiable optimization based on first-order optimiz-
ers [12] typically requires many iterations to converge.
However, gradient computation can be performed effi-
ciently [7], as demonstrated by their successful adaption
in fitting morphable models to sparse 2D landmarks us-
ing neural optimization. Approximations of second-order
solvers [, 19] are more prominent for tracking due to their
efficiency. Various differentiable optimization versions ex-
ist for non-rigid tracking [6, 1 1, 1 5]. To make these methods
differentiable, it is typically necessary to compute the Jaco-
bian matrix analytically and use automatic differentiation to
propagate gradients. However, analytically deriving the Ja-
cobian for 3DMMs is impractical. In this work, we leverage
automatic differentiation to enable fully differentiable opti-
mization with the Gauss-Newton optimizer for 3DMMs.

3. Preliminary

FLAME. A parametric face model serves as our prior and is
defined by F(8,0,1). The vectors 3, 6, and % control the
identity, pose, and expression of the resulting head model
and are summarized through . The output of F(x) are the
vertices of the template mesh V' € R!V!*3 in camera space
together with face indices F' € RI¥1*3l used for rendering.
Mesh Rasterization We employ mesh-rasterization, de-
noted as R, to compute barycentric coordinates B used to
interpolate the vertex attributes V"’ for rendering the current
state F(z) of the FLAME model,. This process is summa-
rized by the expression I(R(F(z)),V’). In Section 4.4,
we demonstrate how to extend mesh rasterization to enable
fwAD, allowing for end-to-end training.
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Figure 2. Method Overview. The OptiHead framework is structured around a few end-to-end differentiable neural optimization iterations.
At each iteration k, the following steps are executed: (a) the current parameters xj, are input into the flame model F and rendered as 2D
normal I, and point maps I’; (b) these 2D maps are then compared against the source Kinect scan I, I, to establish correspondences M
and residual terms F’; (c) the scan and renderings are then concatenated and processed through a neural network to predict weightings W
and priors Az, used during optimization; (d) a Gauss-Newton optimization step is applied, and (e) this process is repeated for N iterations

to obtain the final parameters x .

4. Method

Our fully differentiable neural optimization pipeline is
based on the projective ICP framework [22] and its exten-
sion to 3DMMs [25]. We extend the pipeline by using
learnable weighting and regularization terms to guide the
optimization more effectively within the energy landscape.
During inference, our method operates exclusively within
this optimized neural space, see Figure. 2.

4.1. Neural Projective ICP Optimization Pipeline

The parameters zf, are initialized from the optimized pa-
rameters of the previous frame xf\,_l and passed through the
FLAME model F to obtain the current vertex positions V'
in camera space together with the face indices F'. We then
use our differentiable mesh rasterizer R capable of fwAD to
render z¢ into 2D normal maps I! and point maps I ;. Fol-
lowing projective ICP, we establish pixel-wise correspon-
dence between the Kinect scan I and the renderings I¢,
resulting in a 2D mask M. To ensure stable training and
optimization, we perform outlier removal based on normal
t,, and depth t; thresholds computed between the render-
ings and the Kinect scan. We then feed I* and I® through
the neural weighting module to compute a 2D weighting
map W and uncertainty estimation feature f,,. This uncer-
tainty estimation is passed through the neural regularization
module to compute the weights w, and offset values Az,
for each parameter x. This information is used to define

the residuals for the optimization. The differentiable Gauss-
Newton optimizer solves for a delta vector Az, and updates
the current set of parameters. This can be done in an opti-
mization loop for N steps to get the final parameters xy,
which are then used to define the loss function and train the
neural weighting and regularization modules.

4.2. Neural Residual Weighting

We employ the U-Net [21] architecture to predict the
weights W. We first concatenate the normal I and point
maps [ from the Kinect scan with the normal I! and
point maps Izt, from the renderings, resulting in an image
I € RW>*HX12 containing all information about the current
state x;. We feed I through the encoder £ of the U-Net
to obtain the latent code f,, which is used as input for the
neural regularization module. We then apply standard up-
scaling and skip connections in the decoder D to predict the
weighting map W € RW>H,

4.3. Neural Regularization

To interpolate between optimization and regression, we
utilize a neural regularization module to predict a weight w,
and neural offset delta Az, for the current set of parameters
zj. The module takes as input the parameters x; alongside
the latent representation f,, from the U-Net, which encodes
the uncertainty of the current residual weights and corre-
spondences. We use a shared MLP to predict an intermedi-



ate latent f,., which is further refined by small MLP heads
for each parameter to predict both the weights w,. and delta
vectors Axy. The delta vectors Axy are initialized to zero
during training. The neural prior z,. is obtained by adding
Ay, back to the current parameters .

4.4. Differentiable Optimization

To make the Gauss-Newton [!] algorithm differentiable,
we propose to compute the Jacobian matrix efficiently us-
ing forward-mode auto-differentiation based on dual num-
bers, which is significantly more efficient than reverse-
mode auto-differentiation (revAD), see Section 5.5. The
network training is performed using standard backward-
mode auto-differentiation based on computational graphs.

Differentiable Gauss Newton. The Gauss-Newton opti-
mizer can be described by solving the following equation.

JF(a?k)TJF(wk)AIk = —Jp(xk)TF(xk) (D)

Where Jp(xg) denotes the Jacobian matrix, while
F(xy) contains the residuals. We propose using an auto-
differentiable framework to compute the Jacobian matrix.
Specifically, we utilize PyTorch [20] with forward-mode au-
tomatic differentiation and composable function transforms
to compute Jg(z), which tracks the computational graph
during the matrix computation. The linear system is solved
using PyTorch LU-decomposition for matrices, which has a
closed-form gradient computation and is differentiable. The
parameters are then updated with:

Tpt1 = T — aAxy, 2

where « defines the step size of the optimization.
Differentiable Mesh Rasterizer To support efficient fwAD
during mesh rasterization, we propose to pre-compute the
barycentric coordinates B outside the composable function
transform, allowing the utilization of the graphics pipeline
and interpolate the vertex attributes V' inside the compos-
able function transform using PyTorch. This ensures that
the gradients can flow through the Jacobian computation
during the hole optimization process. This simple mod-
ification enables the use of fwAD for Jacobian computa-
tion within an analysis-trough-synthesis approach, which
is not feasible with other mesh rasterizers, such as Soft-
Rasterizer [16] and NvDiffRast [13], designed for general
purposes. The gradient flow can be seen in Figure 3.
Optimization Energy Terms During optimization, our
method operates within the energy landscape modified by
the neural components. We adopt a neural version of the
point-to-plane energy term, defined as:
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Figure 3. Gradient Flow. The differentiable mesh rasterizer pre-
computes barycentric coordinates outside the composable function
transform in OpenGL and interpolates the vertex attributes in Py-
Torch inside the function transform, allowing to compute the jaco-
bian matrix J using efficient forward-mode auto differentiation.

where we use the normals from the rendering to compute
the distance and filter out the residuals based on the cor-
respondence mask M. We replace the zero-latent regular-
ization used in [25] with a neural regularization based on
the uncertainty of the weights and correspondences to con-
straint the optimization more efficiently:

E’r‘eg = Hw,.(xk - xT)H%

Generalized Optimization and Regression The formula-
tion we proposed in the differentiable optimization section
can be described as a generalization of optimization and re-
gression techniques. The method can interpolate between
both of them depending on the current state x;. We can
show this by reformulating the Jacobian and residuals based
on the neural point-to-point and regularization as follows:

(Jy Jp + diag(w?)) Az, = —(J) F, + wiAz})  (4)

The neural optimizer can learn to set w% to zero, eliminat-
ing the neural regression component and resulting in pure
optimization based on the point-to-plane term.

(J1Jp +0)Azy, = —(J] F, +0) (5)

To have a regression network, the method could learn to
predict zero-weighting maps W = 0, which would lead to
the formulation:

(0 + diag(w?))Azy, = —(0 + w2Azk) (6)

Az = —AzF (7)

T

The neural regularizer only needs to learn the delta Az* be-
tween the current and optimal parameters, which can then
be solved in a single step, effectively performing regression.
Another common approach to regularize 3DMMs is to cen-
ter them around zero. This can be achieved if the network
predicts the delta as Ax® = —z¥, resulting in zero-latent
regularization. This joint optimization formulation, utiliz-
ing neural weighting and regularization, allows for flexible
interpolation between optimization and regression. This im-
proves convergence speed and enhances robustness. For in-
stance, in projective ICP, with imperfect correspondences
during initial iterations, the method can first prioritize the
prior and then shift focus to the optimization.



Target RGB Ground Truth

Target Scan ICP Ours

Input Tracking Target Tracking

Figure 4. Qualitative Results. Tracking results of the proposed method. On the left, the initial optimization parameters are rendered and
overlaid onto the source RGB frame. Next is the target tracking, with the corresponding target RGB frame and Kinect scan shown side by
side. On the right, the final real-time results for both ICP and our method are presented alongside the ground truth. The ground truth is

obtained using the optimization pipeline from the dataset generation process.

4.5. End-To-End Differentiable Training

Our method enables end-to-end training, as described in
the previous sections. To train the neural modules, we pro-
pose to utilize a sophisticated optimization pipeline capa-
ble of pixel-accurate registrations to gather the ground truth
data, which are the parameters x4 of a tracked FLAME
model. During training, we perform only a few optimiza-
tion iterations [N = 2, forcing the optimization to converge
within a limited number of steps. We apply an L1-Loss be-
tween the ground truth parameters 4 and the final tracked
parameters after IV steps.

Lparam = )\param”mN - xgt”l (8)
We also apply a geometric loss based on the vertices ob-
tained from an additional evaluation of the FLAME model
JF, which emphasizes geometric correctness, as similar re-
constructions can arise from different parameters and de-
pend on the optimization process used during tracking.

Lgeo :/\geOHV_VgtH% ©)

The final loss is the sum of the previous losses, which is
used to train the weighting and prior modules.

5. Experiments

We aim to evaluate how well the neural optimizer general-
izes to dynamic expressions in a sequential setting. We as-
sume that the shape parameters are known and optimizing
only for expression and pose parameters.

Synthtetic Dataset To evaluate and pre-train our method
with known relationships between scan data and FLAME
parameters, we randomly sample 1,000 shapes from the
FLAME latent space, each paired with 100 expressions. We
use our mesh rasterizer to render normal and point maps
from these known parameters to establish the relationships.
DPHM-Dataset To evaluate dynamic face reconstruction,
we use the dataset from DPHM [24], which contains 130
single-view depth scan sequences capturing various facial
expressions in motion. The dataset includes 26 subjects,
each recorded in 5 sequences with 127 frames per sequence.
We excluded three individuals from the training set to eval-
uate our method on unseen subjects in real-world scenarios.
Baselines We initialize the optimization with the parame-
ters from the previous frame and fit them to the target frame
within a limited number of iterations to meet real-time con-



Method FLAME (norm) | P2P (mm) | Vertices (mm) | Time (ms) |
0—1 0—-2 04 08| 0—>1 052 04 08| 0—=1 02 04 08

ICP 0.495 0.543 0593 0.634 | 1.784 1.816 1.894 2.025 | 6.182 6.212 6.558 7.815 36.01

Ours 0.315 0421 0.520 0.566 | 1.697 1.738 1.817 1.956 | 6.314 6.362 6.666 7.833 46.97

Ours w/ synth. | 0.289 0.413 0.523 0.572 | 1.696 1.741 1.829 1.967 | 6.275 6.331 6.715 8.239 46.51

Table 1. Quantitative Results. Results are obtained on the real-world Kinect dataset in the real-time setting. The frame jumps 0—x
indicate the index difference between source and target frames. Ours refers to training on the Kinect dataset, while Ours w/ synth. denotes
pretraining on the synthetic dataset followed by fine-tuning on the Kinect dataset.

straints. The baseline follows the standard ICP optimization
pipeline with point-to-plane and zero-latent regularization,
effectively disabling the neural components.

Metrics To evaluate the quality of our reconstruction, we
report the L1-FLAME distance, L2-Vertices distance be-
tween known vertex correspondences in millimeters along
with the point-to-point distance obtained in a projective ICP
style, with outlier removal based on a 1em threshold.

5.1. Implementation Details

Training We implement our method in PyTorch [20] and
use OpenGL [27] for mesh rasterization. The model is
based on a U-Net architecture with three upscaling and
downscaling layers, starting with 32 features. We train the
model for 2000 iterations using the Adam [|2] optimizer,
with a batch size of 64 and a learning rate of 5e ~*. We train
on the DPHM dataset using 1 RTX A4000 GPU with 16GB
of VRAM, which takes roughly 16 hours.

Dataset Pre-Processing We perform pre-processing steps
to remove the background using a depth threshold and
smooth the Kinect scans with bilateral filters to reduce
noise. We additionally utilized the detected landmarks from
[24] to generate our training dataset.

Tracking We apply N = 2 optimization iterations during
inference and training. We optimize at a low resolution of
256 x 256 to enhance performance and stability and set the
optimization step size to o = 0.7, achieving a good trade-
off between convergence speed and robustness.

5.2. Tracking Results

We compare our method against the ICP baseline and report
the quantitative and qualitative results in Tab. 1 and Figure
4. Our method achieves real-time reconstruction of highly
dynamic expressions in real-world settings, showing mini-
mal visual differences compared to the tracking results from
a sophisticated optimization pipeline. The effectiveness of
our approach for these challenging expressions can be seen
in the FLAME metric, which significantly outperforms the
ICP baseline and aligns with the visual comparisons. Addi-
tionally, the point-to-point metric indicates that our method
fits the observable scan more effectively. However, we ob-
serve lower performance in the vertices metric, which may
be attributed to the lack of an energy term penalizing sparse
correspondences.

Method FLAME | Vertices (mm)| Time (ms) |
no optim. (base) 1.106 5.14 —
ICP w/ reg. 0.509 0.921 40.04
ICP w/o reg. 0.610 0.960 33.57
w/ single optim. 0.584 1.342 22.67
w/ single corresp. 0.488 0.717 37.58
w/ end-to-end (1) 0.194 0.394 45.74
w/ end-to-end (3) 0.192 0.380 45.76
w/o neural weights 0.417 0.658 43.83
w/o neural prior 0.185 0.374 45.49
Ours 0.182 0.363 45.61

Table 2. Ablations Studies. Comparison of baselines (top), iso-
lated optimization settings from our approach (middle), and vari-
ations of our architecture (bottom). Ablation studies were con-
ducted on the synthetic dataset, see (Sec. 5.3) for detailed descrip-
tions of each experiment.
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Figure S. Effect of Neural Optimization. Results on the syn-
thetic dataset show that without the neural weighting and prior
module, the model cannot accurately reconstruct the geometry for
challenging expressions, e.g., mouth opening and eye closing.

5.3. Tracking Abblations

We support our claims by performing ablations on the syn-
thetic dataset, as reported in Figure 5 and Table 2. The ab-
lation results demonstrate that our design choices improve
generalization and enable greater optimization efficiency.
Correspondences The effect of having multiple corre-
spondence updates during the optimization is helpful.
End-To-End Optimization Training the method in an
end-to-end fashion helps to discover a more optimal opti-
mization path, leading to improved reconstruction. Here,
w/ end-to-end (n) refers to a training setup with n iterations,
where the evaluation was performed on [V iterations.



Effectivenes of Neural Weighting Using an optimized
weighting map for the residual terms significantly acceler-
ates convergence and enhances robustness in fewer steps.

Neural Prior Allowing the method to utilize neural reg-
ularization and integrate it into the optimization pipeline
can improve early-stage optimization. However, this ben-
efit is limited to the synthetic dataset due to the dominant
efficiency of neural weighting.

Synthetic Pre-Training Pre-training on the synthetic
dataset improves generalization only in the real-world
single-frame jump setting, likely due to under-sampling
large pose motions compared to the Kinect dataset.
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Figure 6. Iteration Performance. Convergence analysis on the

synthetic dataset demonstrates that our method outperforms tra-

ditional ICP in the few-step setting, enabling accurate real-time
tracking of highly dynamic facial expressions.

5.4. Optimization Iterations Effectiveness

Training and evaluation were done with N = 2 iterations,
which offer a good trade-off between speed and quality,
achieving real-time performance at 21.29 FPS. While more
iterations still improve the quality, they also increase com-
putation time see Figure 6.
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Figure 7. Differentiable Optimization. Forward-mode auto-
matic differentiation outperforms backward-mode automatic dif-
ferentiation in computing the Jacobian matrix. It enables efficient
backpropagation through the entire pipeline. The results are ob-
tained for a single optimization iteration.

5.5. Differentiation Analysis

In our optimization pipeline, the Jacobian matrix has the
property that the number of residuals significantly exceeds
the number of unknowns, M > N. In this context, us-
ing forward-mode is more efficient than reverse-mode as it
allows better vectorization on the GPU and eliminates the
need to keep the entire computational graph in memory,
which is required for revAD. This advantage is illustrated
in Figure 7, where the absence of a bar indicates an out-of-
memory error for revAD.

6. Limitations

While our approach enables robust real-time optimiza-
tion for dynamic expressions, it does have certain limita-
tions. Currently, the optimization pipeline operates frame-
to-frame, focusing exclusively on expression tracking. This
requires pre-optimizing shape parameters using existing
methods. Expanding this approach to a multi-frame opti-
mization setup could enable simultaneous tracking of both
expression and shape parameters. However, this also in-
creases the dimensionality of the resulting Jacobian matrix,
which could be a challenge for maintaining real-time per-
formance. Additionally, our method relies solely on the
depth information from the Kinect sequences and does not
utilize the available RGB data. Future work could use pri-
ors learned from existing in-the-wild methods [8, 9] and in-
tegrate them into the neural optimization pipeline.

7. Conclusion

In this work, we introduce OptiHead, a neural optimization
pipeline that can be trained end-to-end using a novel dif-
ferentiable mesh rasterizer to compute Jacobian matrices in
a forward-mode automatic differentiable manner. By pre-
dicting neural residual weights and learning priors for opti-
mization, we demonstrate robust convergence in just a few
steps, enabling real-time applications. We believe this work
shows how to interpolate between traditional optimization
pipelines and regression techniques. However, further re-
search is necessary to incorporate priors derived from exist-
ing methods that leverage in-the-wild data into our pipeline,
ultimately enabling RGB-only tracking.
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