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1. Implementation Details

1.1. Model Hyperparameters and Training Details

3DMM Parameters Estimator The ViT is initialized
with FaRL [9], which uses exactly the same network struc-
ture as CLIP’s [6] VIT-B16 architecture. On an NVIDIA
RTX 3090 GPU, this ViT can predict 3DMM parameters at
230 frames per second.

Gaussian Regressor The UV Map Generator uses the
Lightweight GAN architecture [4]. We set its latent dimen-
sion to 1024 and feature map inverse coefficient parameter
to 13. We also remove 3 last blocks of the network such that
it outputs a UV region features map M of size 128 x 128.
The graph convolutional network follows a ResNet-like ar-
chitecture, with 4 residual blocks.

Training Details As described in the main paper, our
model is trained on a mix of Nersemble and VFHQ. We en-
tirely exclude the subjects used in the Nersemble geometric
evaluation from the training dataset. We train our model for
100,000 steps on a single NVIDIA L.40S GPU, with a batch
size of 8, which takes around 24 hours to complete.

Loss Weights For the photometric losses, our best model
configuration uses:
L =6
£perc =6
Lip=0.3
Lemo = 0.1.

The 3DMM regularizers w,, and wg are both set to 1.0. We
also set the weights on L,,mais and Lgepy, to both be 1.0.

Other hyperparamters We set tgonin = 1, Tprne = 1,
Ngensify = 1 and Lpig0r, = 256. We regularize the Gaussian
offsets with w, = 0.1; scales with ws = 0.01; and opacities
with w, = 0.001.

1.2. Details of AffectNet Training

Following a similar methodology to EMOCA [1], to pro-
duce our results reported in Table 3, we fit a 4-layer MLP
to map predicted FLAME parameters to AffectNet arousal,
valence, and emotion category values.

For every comparison method, we first predict FLAME
parameters for all images from the AffectNet dataset. These
parameters are then used as inputs for the 4-layer MLP. Dur-
ing training, we specifically utilize the FLAME parameters
predicted from the training portion of the dataset, while for
evaluation, we employ the parameters from the test portion.

The MLP is trained to predict arousal, valence, and emo-
tion categories by optimizing a multi-objective loss func-
tion; specifically, we employ a mean squared error loss for
valence and arousal predictions, and a cross-entropy loss for
the emotion category classification. We train the MLP for
20 epochs and a batch size of 16. We apply dropout to each
layer with a rate of 0.3. We use a weight on the emotion
classificaiton loss of 0.7, on the valence loss 0.8, and on
the arousal loss 0.3. We set the learning rate to le-4 and
decay this by a factor of 0.6 every epoch. We also use a
small amount of weight decay of le-6. The model’s per-
formance is evaluated using the test portion of the Affect-
Net dataset, and its predictive accuracy is compared against
existing benchmarks to validate the effectiveness of our ap-
proach.

2. Stability of Predicted Identity Coefficients
Through Time

In theory, the identity-related parameters predicted by our
model should be constant across a single video of the same
person. To assess this, we obtain the UV region fea-
tures map M for all images across 1000 different videos
taken from VFHQ. We then fit a PCA to the resulting
256 x 256 x 1000 UV feature vectors. In Figure 1, we
visualize the first three components of this PCA space for
two different subject videos. The PCA features appear al-
most identical across multiple input images for the same
video, while differing substantially from one video to an-
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other. This shows that these features are relatively identity-
stable and invariant to the pose and expression of the input
image.

Figure 1. PCA visualization

Figure 2 presents a more quantitative assessment of the
stability of identity-related features predicted by our model.
We plot the first dimension of the 3DMM shape code 3 for
100 frames of three different videos, and find that this too is
relatively stable through time.
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Figure 2. First dimension of 3 for 3 different subject videos.

3. Qualitative Evaluation on Nersemble
dataset

As mentioned in the main text, the NoW dataset [8] is pri-
marily used to assess how effectively methods predict heads
with neutral expressions. The true facial mesh is created by
using an active stereo system to scan individuals with a neu-
tral expression, guaranteeing precise 3D facial scans. Nev-
ertheless, the mesh obtained this way is not perfectly neutral
within the expression space of 3DMM, which is a common
target for prediction by most methods. Additionally, rather
than solely focusing on the precision of estimated head
shapes, our primary concern is the geometric accuracy of
the estimated facial expressions, which is vital for numerous
downstream applications (e.g., [5]). To achieve this, we de-
veloped the Nersemble point cloud dataset, which includes
60 high-fidelity point clouds and 960 images from different
perspectives generated from the Nersemble dataset [3].
Since we thoroughly evaluated our method’s effective-
ness quantitatively on the Nersemble point cloud in the
main manuscript, in the following sections, we focus on
comparing our method qualitatively with representative
single-image head reconstruction methods. We show the er-
ror maps by projecting the true point clouds onto their clos-
est points on the head mesh and compute root squared dis-

tances for each point. Overall, judging from the error map
in Fig. 3, our method outperforms other methods across dif-
ferent capturing angles and with varying expressions.
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Figure 3. Error maps derived by calculating the root squared Euclidean distance from point clouds to their nearest points on the head
surface. Our method outperforms other methods in images taken from different angles with various expressions.
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