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The appendix is organized as follows:

. Additional Ablation Study in Sec.
. Implementation Details in Sec. [B]

. Dataset Collection Details in Sec.
. Additional Results in Sec.

. User Study Details in Sec. [E]

. Discussion: Broader Impact, Limitations, and Ethical Considerations in Sec.
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We strongly encourage the readers to watch our supplementary video.
A Additional Ablation Study

Table 1: Ablation study on losses to adapt with our method. In (a), we remove L s, during adaptation.
In (b), we remove L., during adaptation.

Method | LPIPS|  ACDJ

0.2574  0.3604
0.2508  0.3574
0.2470  0.3559

(a) Ours W/o Lfeqt
(b) Ours w/o Lycg
Ours

Table 2: Ablation study on length of videos to adapt the head avatar. We set the adaptation video
length to 4, 2, and 1 seconds.

Method | LPIPS,  ACDJ

0.2471  0.3639
0.2471  0.3656
0.2477  0.3687

(a) Ours w/ 4 sec
(b) Ours w/ 2 sec
(c) Ours w/ 1 sec

We conduct additional ablation studies on our proposed method. Specifically, we ablate the various
losses we propose. In Table[T[a), we remove the loss L ..+ to supervise the output of our register
module during adaptation, and in (b) we remove L,.., to make the learned embeddings in our Register
Module different from each other. We see that removal of these losses causes a drop in performance
as compared to when both losses are present. Furthermore, we ablate on the length of the videos used
to adapt our head avatars in Table[2] We see that reducing the length of the adaptation video causes a
drop in the performance of the method. Note that we trim the original videos to the first 4, 2, and 1
second for these experiments.
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B Implementation Details

B.1 Addition of LoRA to layers

We use minLoRA (Chang and Kelly) library to add LoRA (Hu et al.| 2022) parameters to all
layers of a pretrained pytorch model. During training LoRA is instantialized as separate parameters
B e R™*", A € R™*"™ and r < min(m,n) from the pretrained parameters W,,. € R™*" of the
module, so that these parameters can be trained. During inference the LoRA parameters are merged
with the pretrained parameters and assigned as the new pretrained parameters according to:

Wadapt = Wprc + AW - Wpre + BA (1)

This ensures that the LoRA layers add no overhead to the pipeline during the inference. Given a
pretrained GAGAvatar model, we add LoRA weights to all layers except in the DINOv2 feature
extractor.

B.2 Dataset Preprocessing

Given the expression code, shape code, and camera pose predicted during 3DMM fitting, we predict
a 3DMM mesh. We compute visible vertices of 3DMM mesh from the computed camera pose of a
particular frame using trimesh’s RayMeshIntersector implementation. Specifically, we cast rays from
the camera origin to each point in the mesh and compute whether any line intersects the mesh (if an
intersection exists, the point is not visible). Given these visible points in 3D space, we find a screen
space camera projection on a screen of the same size as DINOv2 feature space (H = W = 296)
using Perspective Projection. Then we find an alpha-shape of these projected points with o« = 0.065.
Next, we compute all the points in the alpha-shape polygon using a parallelized point-in-polygon test.
For all points in the polygon that are not projected points, we also compute the & nearest projected
points and distances from those projected points, where k£ = 11.

B.3 Register Module Details

The embeddings rigged to vertices on the 3DMM mesh (Li et al.,[2017)) are modeled in a 3D space in
our register module, However, these points are projected onto a 2D space using a camera projection
following which, we interpolate the features using a weighted sum of the k nearest neighbors to fill
up the face region in densely constructed feature fg. Using the entire set of the vertices would cause
all points to be projected onto the densely constructed feature fg, thus impacting the interpolation
process (projection of points from the back of the head might be in the k& nearest neighbors of a
point p € interior(Py,)). Thus, we only project visible points from any given view in our register
module.

We model Fj.oc—1 as a convolutional module, with 4 convolutional layers of channel sizes
[512,512, 256, 256] and kernel sizes set to 3 for each layer. Epyoc—2 1s also a convolutional module
with 4 layers of channel sizes set to 256. The first 3 layers have a kernel size of 3, while the last layer
has a kernel size of 1.

B.4 Training Details
B.4.1 Our Method

We initialize embeddings e using Xavier Normal initialization (Glorot and Bengiol 2010). We adapt
head avatars with our method for a total of 1000 iterations. The batch size is set to 2. We use
Adam (Kingma and Ba, |2017)) optimizer with learning rate set to 1le — 4 for the LoRA layers whereas
the learning rate is set to 1le — 3 for parameters in the Register Module. We use a linear learning rate
scheduler with a start factor of 1.0 and an end factor of 0.1 at the 1000th iteration. Along with our
proposed losses, we also keep the losses proposed by GAGAvatar Chu and Harada) (2024), namely,
RGB losses between predicted image and driving image, a perceptual loss between the predicted
images and driver image, and Ly; f4;y 4, loss between predicted points from reconstruction branch and
vertices of the 3DMM mesh fitted on the driving image. Our adaptation takes ~ 35 minutes on an
RTX A5000 GPU, consuming ~ 23GB of VRAM. During inference, we load and merge the LoORA
weights into their corresponding layer parameters. Thus, there is no overhead during inference, i.e., it
consumes the same amount of resources as GAGAvatar during inference.
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B.4.2 Baselines and Ablations

For all comparisons with the vanilla LoRA, we use the same hyperparameters as our method. That is,
we adapt with vanilla LoRA for a total of 1000 iterations, set the batch size to 2, use Adam optimizer
with learning rate set to 1le — 4 for the LoRA layers, and use a linear learning rate scheduler with a
start factor of 1.0 and an end factor of 0.1 at the 1000th iteration. This adaptation takes ~ 25 minutes
on an RTX A5000 GPU, consuming ~ 14.9GB of VRAM.

Following MetaPortrait (Zhang et al.,|2023), we implement Reptile Nichol and Schulman|(2018)), a
MAML based strategy for meta-learning in our low-rank adaptation task. We perform pre-training
on our RareFace-50 dataset. Following the formulation of MetaPortrait, we formulate the task of
adapting to a particular identity as an inner loop task. Thus, we adapt to a randomly sampled identity
at each outer step. For all comparisons with Meta-Learning on LoRA, we set rank r» = 32, the inner
loop learning rate to 2e — 4, and the outer update step size to 2e — 5. The number of inner loop steps
are set to 120, and number of elements in batch in inner loop is set to 4. We set the number of outer
iterations to 4800. Given resource constraints, we implement a single GPU version of Reptile (Nichol
and Schulman, [2018)), thus taking 12 days to complete the pretraining task on a Quadro RTX 8000
GPU, consuming ~ 45GB of VRAM. After the pre-training task, we adapt the model on an identity
for 120 steps with the same learning rate as the inner loop, which takes ~ 4 minutes on an RTX
A5000 GPU consuming ~ 14.9GB of VRAM. We then use these adapted weights for inference by
merging these LORA weights to the corresponding layers.

For all experiments with learnable parameters e;.,,, as a replacement to our Register Module, we set
the learning rate for e;cq., parameters to be le — 3.

B.5 Metrics

We compute the visual quality metrics namely, LPIPS [Zhang et al.[(2018)), on specific challenging
crops with high frequency details from predicted frames and compare them against source image
patches. The identity preservation metric (ACD) is measured using ArcFace Deng et al.|(2019), a
ResNet50-based network trained on WebFace [Zhu et al.|(2021)). Specifically, we used “buffalo_1”
model from the insightface repository |Guo et al..

C Data Collection

We collect data from Youtube of people knowingly appearing in interviews in public broadcasts with
distinctive facial details, such as wrinkles or tattoos. These characteristics are under-represented in
existing datasets. We will present the dataset as a set of links, along with trim times and crop position
coordinates. Additionally, this dataset will be maintained using an automatic script that checks and
removes links from the list that no longer exist in Youtube.

D Additional Results

D.1 Details of Adaptation

Adaptation Duration. In this section, we discuss the adaptation durations of our baselines and our
method. Vanilla LoRA and our method take ~ 25 minutes and ~ 35 minutes to adapt respectively on
an RTX A5000 GPU. Whereas, meta-learning on LoRA requires a much longer 12 day period on
an RTX Quadro 8000 GPU for the pretraining objective, after which it requires ~ 4 minutes on a
RTX A5000 GPU. However, during inference, all of these methods have the same inference times as
GAGAvatar|Chu and Haradal (2024).

Adaptation Parameters. In this section, we discuss the number of parameters during adaptation
and inference of our baselines and our method. During adaptation, we introduce 4.7M parameters as
LoRA weights to the pretrained layers in all baselines. Our Register Module adds another 18.56M
parameters. Thus, our method has 23.2M parameters during adaptation, which is &2 11% of the total
number of parameters (199M parameters) in GAGAvatar. During adaptation, we discard the trained
Register Module, which lends to the same efficiency as GAGAvatar and other baselines.



113

114
115
116
117

118

119
120
121
122
123
124
125
126

LoRA Our Method

Figure 1: We show the facial details are well captured by our method with Register Module, such
as wrinkles and skin folds are realistic and have higher quality than vanilla LoRA. Please note the
enlarged insets of specific details.

D.2 User Study

We conduct a user study to qualitatively and subjectively compare our method against LoORA (see
Sec. [E for details). We find that 78.2% of the users prefer our method as compared to LoRA in terms
of identity preservation. Furthermore, we find that 89.9% of the users prefer our results as compared
to LoRA in terms of visual quality.

D.3 Additional Qualitative Results

In Fig. [T} we show that, compared to LoRA, our method effectively captures high-frequency details
like wrinkles. We show additional results of our method against the baselines on VFHQ Test in Fig. 2]
and on RareFace-50 in Fig.[3] Fig[4]and[5|show visualizations of feature norms along the channel
dimensions for two identities from RareFaces-50. The values are visualized using colormaps between
[—30,30] for fir¢ . and freq and [—o, 0] for fproc—1. We visualize the first four channel-wise
PCA components for two identities from RareFaces-50 in Fig.[6]to[TT] We observe that the Register
Module improves the learning signals by highlighting face regions and dampening the background

regions.
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Source Image Driving Image GAGAvatar LoRA Meta Learning on LoRA  Our Method

Source Iage Tj’rving Image GAGAvatar LoRA Meta Learning on LoRA  Our Method

Figure 2: Additional results of personalized head avatar generation on VFHQ Test. Please zoom in
for better details.

E User Study Details

As mentioned in Sec.[D.2] we qualitatively compare our method with vanilla LoRA as an adaptation
method with a user study. We describe the details of the user study here. Fig.[T2]shows the interface
that we use for this user study. A total of 18 users responded to our user study. We generate head
avatars given source videos from VFHQ Test and RareFace-50 using our method and LoRA. The
outputs are placed side by side and the left-right orders are assigned randomly to make sure that
the users are unaware of which method is ours. Each generated video is ~ 5 to 10 seconds long,
concantenated with the source identity image and the driving video. Users are asked two questions:
“Which method’s avatar best looks like the source image identity?”” and “Which method avatar has
better visual quality?” The users can choose as answer “Method A” or “Method B” or both. Label
“Method A” is placed to the left of label “Method B” and the generated videos are randomly placed in
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Source Image

Driving Image GAGAvatar LoRA Meta Learning on LoRA  Our Method
=,

Source Image Driving I‘mge GAGAvatar LoRA Meta Learning on LoRA  Our Method

Figure 3: Additional results of personalized head avatar generation on our RareFace-50 dataset.
Please zoom in for better details.

terms of a left-right order. The answers are collected through a google form. The videos are attached
to the google form using a link to google drive, and the users are encouraged to download the videos
to view them on their system. This is done to make sure that differences in high resolution are evident
to the users.

F Discussions

F.1 Limitations

An important factor of our method is the 3DMM fitting that is used to extract the head pose, camera
parameters, and 3DMM mesh parameters (see Sec. 3.3 of the main paper). This fitting can be noisy
and the error can be propagated to the final generated videos. Improving the face tracking further
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would be an interesting future work. Further, 3DMM fitting does not model asymmetric/extreme
expressions (such as winking) and the movement of the tongue, which is another interesting line of
work to pursue.

F.2 Ethical Considerations and Broader Impacts

While our method has significant promise across diverse applications, it also carries the risk of
abuse — for example, in creating“‘deep fakes”. These can be used by users with malicious intent
to spread misinformation. To prevent this, it is imperative to develop forensic tools to detect fake
videos |Cazi et al. (2023); [Reiss et al. (2023)). We intend to share our code, dataset and models to
improve this research, in which we will release them with strict licenses that only allow usage for
academic research. When used ethically and responsibly, our method can offer profound benefits
across industries — from video conferencing to the entertainment sector. In addition, we have also
put appropriate procedures (see Sec. [C) to ensure fair and safe use of videos from the dataset we
collect.
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Figure 4: Visualization of learned features by the Register Module on our RareFace-50 dataset. We
visualize the 1) source image’s DINOV2 feature f37_ . 2) fproc—1, output from Ep,oc—1, and 3) fr.cq,
output of the Register Module. We compute norms of the features along the embedding dimensions

and standardize values.
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Figure 5: Visualization of learned features by the Register Module on our RareFace-50 dataset. We
visualize the 1) source image’s DINOv2 feature f37¢_ . 2) fproc—1, output from Ep,oc—1, and 3) fr.cq,
output of the Register Module. We compute norms of the features along the embedding dimensions

and standardize values.
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Figure 6: Visualization of learned features by the Register Module on our RareFace-50 dataset. We
compute the 1st channel-wise PCA component and standardize the values.

ot 7 A:STC
Source Image Driving Image dense .fp'r'ocfl frey

Figure 7: Visualization of learned features by the Register Module on our RareFace-50 dataset. We
compute the 2nd channel-wise PCA component and standardize the values.

H src
Source Image Driving Image dense fproc—l f'l‘eg

Figure 8: Visualization of learned features by the Register Module on our RareFace-50 dataset. We
compute the 3rd channel-wise PCA component and standardize the values.
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Figure 9: Visualization of learned features by the Register Module on our RareFace-50 dataset. We
compute the 1st channel-wise PCA component and standardize the values.
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Figure 10: Visualization of learned features by the Register Module on our RareFace-50 dataset. We
compute the 2nd channel-wise PCA component and standardize the values.

ivi src
Source Image Driving Image e e fproc—l freg

Figure 11: Visualization of learned features by the Register Module on our RareFace-50 dataset. We
compute the 3rd channel-wise PCA component and standardize the values.
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User Study for Head Avatar
Personalization

In this user study, you will be given a link to videos of personalized avatars from two
methods generated for the same source identity. Each question asks you to compare the
two methods based on a specific criterion:

« Identity Preservation: Which method's avatar better looks like the source image
identity?
« Visual Quality: Which method's avatar is more visually appealing, realistic, or
artifact-free?
For each question, you may select one method or both if they are equally good
The study takes approximately 5-10 minutes to complete
Please download the videos for clarity, and use a laptop or desktop for best experience.

Note: there are no repeated questions and the choices are in random orders!

We sincerely appreciate your time and feedback!

* Indicates required question

Which method best looks like the source image identity for SWXQH.J? *

[0 Method A

[ MethodB

Which method produces the best visual quality for SWXQHJ? *

[J Method A

[ Method B

Figure 12: User Study Interface. We ask each user to watch 8 videos and answer which method
preserves the source image identity and which method has the best visual quality.

12
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