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1 More Qualitative Results

We show more qualitative results on test identities in Fig. 4 and Fig. 5 comparing
against regression and offline method. More results can be found in the accompa-
nying supplementary video. Overall, the regression method has the larger error
in terms of expression, often failing to capture subtle mouth shapes and the
amount of teeth/tongue that is visible. On the other hand, offline methods that
slowly optimizes the expression code and head pose lead to lowest expression
error overall. However, when key face areas are not well observed in the HMC
images (e.g. row 1,3 in Fig. 4 and row 1,3,4,5,8 in Fig. 5), our method often esti-
mates better expressions. Our method is also superior in head pose estimation.
For example, in row 4,6 of Fig. 5, while our method has slightly high frontal
error (expression), the offline method has higher head pose error, indicated by
higher image error in the HMC perspective (column (f) and (g)). This is often
caused by the style-transfer module compensating for registration error in its
person-specific training regime [7] where the model can overfit more easily. In
contrast, our style transfer module is trained across a diverse set of identities,
and does not overfit as easily, resulting in better retained facial structure, that
in turn, leads to more accurate head pose. Fig. 6 shows some failure cases of
our method, which is usually caused by uncommon expressions, occluded mouth
regions from HMC cameras, and extreme head poses.

2 Architecture Details

2.1 Iterative Refinement Module F

The iterative refinement module F has ∼28M trainable parameters. The CNN
is based on ResNetV2-50 [2] which takes as input images of size 128 × 128 for
each camera view and outputs 512× 4× 4 grid features. After adding learnable
patch embedding and view embedding, and concatenating the current estimate
(zt,vt), the sequence of |C| × 4× 4 feature tokens are processed by a ViT-based
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Fig. 1: Conditioning Expressions for S: Four conditioning expressions
(zk1 ; :::; zk4) for three different identities.

transformer module [1] that outputs the update (∆zt, ∆vt). The transformer
module consists of 6 encoder layers and 4 decoder layers operating on 512-dim
tokens. F0 follows the same architecture as F except without the style-transfer
images R̂ as input.

2.2 Style Transfer Module S

The style transfer module, S, has ∼25M trainable parameters and operates at
an image resolution of 192 × 192. Both the input encoder and the conditioning
encoder, as well as the decoder, follow the UNet architecture. We train a single
style transfer network for all camera views by incorporating a learnable view
embedding at each layer of the UNet. Since the conditioning images are gener-
ated using the avatar model, D, we also have access to their foreground masks
and projected UV images of their guide mesh [4], which are also input to the
conditioning encoder along with the rendered images.

Fig. 1 illustrates the four key conditioning expressions (zk1 , ...,zk4) utilized
in our experiments. These expressions were selected to cover extremes of the ex-
pression space, to compensate for information deficiency in style transfer condi-
tioning while the estimate z0 is suboptimal. Sliding Window Attention (SWA) [6]
is based on the cross-attention layer of the transformer where each grid feature
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Fig. 2: More Qualitative Results on Style Transfer: We compare our results
with a generic style transfer method as well as with our baseline method without the
estimates by F0.

of the input branch cross-attends to a 5 × 5 neighborhood around the aligned
feature of the conditioning branch. SWA compensates for missregistration when
the estimate v0 is suboptimal. We show more style transfer results on unseen
test identities in Fig. 2.

3 HMC Details

In this work, we follow the concept of training headset and tracking headset
proposed in [8], where the former has a superset of cameras of the latter (see
Fig. 3). In this work, we use a more recent and advanced VR consumer headset
QuestPro [5] as the tracking headset, and augment it with additional cameras on
an extended structure as the training headset. As shown in Fig. 3 (a), there are
10 cameras on the training headset. We use all of them to establish ground truth
with the method in [7]. Camera set C on the tracking headset and the constructed
camera set C 0 used for comparison in the main paper are also annotated in the
Fig. 3. Note we exclude the cyclopean camera on the tracking headset from
the camera set C due to limited observation and extreme illumination. We also
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