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Fig. 8. Random latent samples decoded for the frontal view. (Left) DAM results sampled from N (0, I). (Right) Our DAM-Flow variant with an unconditional
normalizing flow between the DAM-encoder and the standard Normal prior N (0, I)
(Sec. A). Before passing to the decoder, latent samples are first transformed to the
DAM-encoder’s (Q) space via z = F −1 (z(p) ). Our flow-based formulation yields a
much more expressive latent space, generating higher-quality samples with diverse expressions compared to the KL-based latent space.

This material includes this document and a video. We provide additional
results, qualitative evaluations, implementation details of the models and experimental details. Finally, we provide our broader impact statement, in Sec. I.

A

DAM with Unconditional Latent Flow

To evaluate the effectiveness of our flow-based prior formulation, we run an
ablation by ignoring the LiP-encoders. To this end, we tie a standard Normal
prior N (0, I) to the DAM-encoder (Q) via an unconditional normalizing flow and
compare this to the DAM trained via KL-D (see Fig. 9). We follow the same
formulation with LiP-Flow except that we use a standard Normal prior instead
of a conditional learned prior and an unconditional normalizing flow model F̃ .

  \mathcal {L} &= \sum _{v} \lambda _{I}\mathcal {L}_{I} + \lambda _{M}\mathcal {L}_{M} + \lambda _{L}\mathcal {L}_{L}, \label {eq:traininb_objective_supp}

(3)

In the training objective λI = 10, λG = 1. In the keypoint setting where we
use the KPT-encoder conditioned on 2D keypoints, we observe very high amount
of variance in the P space. To alleviate this, we introduce an additional loss
term to the training objective, penalizing the entropy of the predicted Gaussian
N (µ(p) , σ (p) ). Its weight is the same as the latent log-likelihood term λL . Note
that our LiP-Flow-KPT achieve the best results even in the absence of this prior
entropy regularization term.
Since the latent regularization term LL takes different forms in different
models, its corresponding weight λL is the most important hyper-parameter for
the training. We run a mini hyper-parameter tuning on subject 1 and use the
same set of values on the remaining subjects.
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DAM We considered KL-divergence (KL-D) weights of 0.01 and 1. We also
followed an annealing strategy by starting it from 0.01 and increasing it until 1.
In our experiments, the reported model achieved the best performance with the
KL-D weight of 0.01 as in [6].
DAM-HMC-encoder Unlike DAM, this model performed best when trained
with the KL-D weight of 1.
DAM-HMC-Regressor In this setting, we use a pre-trained DAM-encoder
to get the training labels and train the HMC-encoder with the log-likelihood
objective. As it is the only training objective, we set the weight to 1.
LiP-KL We followed the same hyper-parameter setup with the DAM. LiP-KL
performs better when it is trained with KL-D weight 1.
LiP-Flow Since we replace the KL-D term with a latent likelihood, we use a
different set of weights. We consider weights 0.005, 0.0001, 0.0005. Our model
achieved the best performance when λL = 0.0005.

H.2

Inference-time Optimization (Sec. 4.2

We use the HMC-encoder to estimate a prior distribution which is then used for
initialization and likelihood evaluation of the latent code. The HMC-encoder is
available for all the models except the DAM (see Fig. 4). The prior distribution
is set to Normal N (0, I) for the DAM baseline.
In our evaluations, we assume that the camera parameters and the viewvector are available. The latent code is decoded into 3D geometry and viewdependent texture which are then rendered to either frontal view or HMC views.
Note that we decode the latent code 3 times for each HMC-view if the target
observations are the HMC images. We sample HMC camera parameters and the
corresponding view-vector from an HMC dataset.
The optimization objective (Eq. 10) consists of image reconstruction and
latent likelihood terms. For the masked frontal-view and partial HMC-view targets, the image loss is calculated on the visible regions only. After setting the
image loss weight to 1, a grid search is performed on the first evaluation batch
for the latent likelihood weight λL and the learning rate. We then report the performance with the best performing hyper-parameters. The learning rate is determined from {0.01, 0.1, 0.5}. We use different sets for the latent likelihood weight
λL for the frontal-view and HMC-view targets, which are {0.01, 0.001, 0.0001}
and {0.1, 0.01, 0.001}, respectively. Since the fitting task is more challenging with
the HMC-view targets, we observe that the models rely on the prior more and
hence we run the hyper-parameter tuning with larger weights.
We use the ADAM algorithm [3] for optimizing the latent code. The pretrained decoder is frozen during the optimization. We run the optimization up
to 200 steps and stop if there is no improvement in terms of the fitting objective.
The average number of steps was < 200 for all models.
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Broader Impact Statement

Since we aim to build photorealistic personalized avatars, our work constitutes
a potential risk for negative use cases such as fake content generation and identity theft. Although the current state of the art including our work has not yet
achieved photorealism, future research may achieve metric quality and produce
synthetic data that are indistinguishable from the real ones. While synthesis of
fake content is a problem for all generative models, our work as well as the prior
works on 3D avatars present another potential misuse. By driving an established
personalized avatar model, third parties may fake the identity. This can be prevented by introducing a verification layer to the mobile telepresence pipeline via
retina-based bio-metric authentication systems.
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E., Garnett, R. (eds.) Advances in Neural Information Processing Systems 32,
pp. 8024–8035. Curran Associates, Inc. (2019), http://papers.neurips.cc/paper/
9015-pytorch-an-imperative-style-high-performance-deep-learning-library.
pdf 9
9. Vahdat, A., Kreis, K., Kautz, J.: Score-based generative modeling in latent space.
Advances in Neural Information Processing Systems 34 (2021) 2

