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We strongly encourage the readers to watch our supplemen-
tary video.

A. Additional Results

Audio-Visual Guidance. As mentioned in Sec. 3.5, we
propose to provide audio-visual guidance from a partic-
ipant (user) in dyadic conversations. We condition the
model to visual information, by extracting features s; us-
ing SMIRK [10] from the monocular video of the user. For
the audio, we further extract ASR tokens af from the au-
dio channel of the user. We notice that both modalities are
important, in order to produce realistic and meaningful in-
teractions. However, overall for our conversational data, the
results feel realistic even if we condition on only one modal-
ity. In Fig. 1, we demonstrate some cases where we notice
some difference when only one modality is available. In
the first row, the avatar better mirrors the expression, with
a wider smile, when visual information is present. In the
second row, it produces a realistic but unnecessary smile
with only visual guidance, whereas it loses eye contact with
only audio guidance. In the third row, the audio seems to
play an important role that makes the user to smile. Over-
all, since we have available both audio and video, we pro-
pose to condition AV-Flow to both modalities to produce
our photo-realistic always-on avatar.

Tab. 1 shows the quantitative results for the basic AV-
Flow without guidance and with audio-visual guidance. We
compute the Fl-score for the lip closures, as well as the F1-
score for the smiles. The lip closures are detected by mea-
suring the distance of the vertices of the inner upper and
lower lips for the 3D mesh per frame. Similarly, smiling
is detected when the distance of the left and right corners
of the mouth is larger than a threshold. We also compute
the Fréchet distance between ground truth and generated
face expressions (FD.) to estimate the distribution distance.
With our proposed guidance, we notice an increase in F1-
score for the smiles and a decrease in FD, for the dyadic
setting, as the avatar produces more realistic reactions and
facial expressions while listening to the user. Our basic AV-
Flow achieves a slightly more accurate lip synchronization.

Fig. 3 shows the L2 norm of the SMIRK [10] expres-
sion codes over time for the ground truth actor, participant,
and generated actor with and without guidance. The graph
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Figure 1. Audio-Visual Guidance. AV-Flow with audio-visual
guidance (user input) produces more realistic expressions while
listening. In audio-only guidance, the avatar might lose eye con-
tact or not mirror a smile. In visual-only guidance, it might pro-
duce more smiles than needed.

Method ‘ FllipsT FlsmilesT FDe\L

AV-Flow w/o guidance | 0.964 0.611 0.861
AV-Flow w/ guidance 0.933 0.685 0.845

Table 1. AV-Flow with or without Guidance. In dyadic conver-
sations, the proposed audio-visual guidance leads to more realistic
reactions and facial expressions, while the avatar is listening to the
user. Without guidance, our basic AV-Flow achieves slightly more
accurate lip synchronization.

shows how the actor reacts at the same time or before/after
the participant, while they interact. Notice how the L2 norm
of expression codes at around 400 frames (peak) is signif-
icantly lower without guidance (i.e., more neutral expres-
sion), and correlation differences appear at 550-650 and
150-250 frames. See also suppl. video.

Audio-Visual Alignment. We design intermediate high-
way connections that enable communication between the
audio and visual diffusion transformers. In our ablation
study in Sec. 4.1, we notice that our proposed audio-visual
fusion leads to the best correlation between audio and mo-
tion, as measured by the BC;, and BC, metrics. This audio-
visual correlation is also shown in Fig. 4. We observe pat-
terns where the energy of the facial motion matches the
energy of the corresponding synthesized audio (plotted as
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Figure 2. Qualitative Results of AV-Flow. We show frontal and side views for corresponding phonemes. We use pre-trained personalized

renderers [1] that synthesize photo-realistic 3D avatars.
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Figure 3. Guidance over time. L2 norm of expression codes
for the ground truth actor, the participant, and the generated actor
with or without guidance. With guidance, AV-Flow produces the
appropriate reaction in dyadic interactions.
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Figure 4. Audio-Visual Alignment. Correlation between syn-
thesized speech and facial motion by AV-Flow, compared to the
variant of separate models without any connections. Energy is es-
timated as the normalized squared L2-norm of the generated facial
dynamics and mel-spectrogram over time.

the normalized squared L2-norm of the generated facial dy-

namics and mel-spectrogram over time). We compare with
the variant of the separate models, without any cross-modal
connections, where the correlation is lower.

Additional Qualitative Results. Fig. 2 shows additional
qualitative results of our method, rendered in frontal and
side views. We use pre-trained personalized renderers [1, 7]
that produce photo-realistic 3D avatars. Therefore, we can
render the generated avatars from any viewpoint. In this
work, we are mostly interested in the facial expression, lip
synchronization and realistic head motion over time. We
only provide the side views for completeness. We refer the
interested reader to [ 1, 4] for more details in Codec Avatars.
Video Results. We encourage the readers to watch our sup-
plementary video.

B. Implementation Details

Text-to-Tokens. Since our training dataset does not include
any text annotations, we extract tokens (logits) from the raw
audio using an ASR model (see Sec. 3.1). Atinference time,
in order to be able to synthesize audio-visual content di-
rectly from text characters, we learn a text-to-tokens model.
Inspired by the architecture proposed by Matcha-TTS [6],
we first map the input text to phonemes. We learn phoneme
embeddings (192-dimensional) that are passed through a
text encoder of 3 1D convolutional layers. A duration pre-
dictor gives their duration. A diffusion transformer of 3 lay-
ers maps the features to logits, which can be used as input
tokens to our model. We follow the rest hyperparameters,
architecture and training with flow matching of Matcha-
TTS [6]. Our main difference is that we predict character-
level logits, not mel-spectrograms. We use LJSpeech [2] to
train our text-to-tokens model.

Architecture. We use N = 8 blocks for our audio and vi-
sual DiTs. We first project the inputs to 512-dimensional
through a linear layer. Each transformer block has input



and output dimensions of 512, hidden size of 1024, and 4

heads for the multi-head self-attention. We use windows of

10 frames, looking only 2 frames in the future. With this

windowing, we achieve only 120ms latency, as mentioned

in Sec. 4. We have also tried windows of 20 frames, get-
ting similar results, but a bit higher latency. As described
in Sec. 3.2, we upsample the data at 86fps to achieve ex-
act correspondence between audio and video. We extract
mel-spectrograms following the same extraction as BigV-

GAN [3]. In this way, we directly use the pre-trained BigV-

GAN as our vocoder to get the output speech signal. Our

input tokens are extracted from a pre-trained Wav2Vec2

model with the base architecture, that is trained for ASR
using 960 hours of unlabeled audio from the LibriSpeech

dataset [8, 9, 12].

Training. During training, we use a batch size of 16 seg-

ments. Each segment corresponds to a duration of 20 sec-

onds. We set omin = 1076, Our implementation is based on

PyTorch [9]. We use AdamW optimizer [5] with a learning

rate of 10™%, and hyperparameters 3; = 0.9, 83 = 0.98,

e = 107°. We train AV-Flow for about 36 hours (1 million

iterations) on a single A100 GPU. For Audio2Photoreal, we

use the provided train-test split. For our 50h dataset, we
keep ~ 20% for test set, explicitly separating 16 users for
training and 4 for test.

Pre-trained Models. In the main paper, we provided the

corresponding references of pre-trained models used in our

method. For completeness, we include here specific URLs:

¢ Audio2Photoreal data, decoders, renderers:
https://github.com/ facebookresearch/
audio2photoreal.

e Wav2Vec2 model: https://docs.pytorch.
org/audio/stable/generated/torchaudio.
pipelines.WAV2VEC2_ASR_BASE_960H.html#
torchaudio . pipelines . WAV2VEC2 _ ASR _
BASE_960H.

* BigVGAN vocoder: https://huggingface.co/
nvidia/bigvgan_base_22khz_80band.

e SMIRK model: https : / / github .
georgeretsi/smirk.

com /

C. Ethical Considerations

We use the publicly available dataset proposed by Au-
dio2Photoreal [7]. We also collected an additional dataset
of 50 hours in a similar setting. Both datasets include dyadic
conversations between individuals. The data include raw
audio and video, as well as face expression codes and head
poses for the actors, paired with pre-trained personalized
renderers [1, 4]. During collection of the data, we have fol-
lowed appropriate procedures and all individuals have pro-
vided their full consent for our research work. Our model
is identity-specific and thus, only those individuals can be
rendered and no one else. This addresses ethical concerns

of generating subjects without their consent, or generat-
ing misleading content. We have also used audio from the
EARS dataset [11] to test lip synchronization to custom in-
put speech and the widely used LJSpeech [2] to train our
text-to-tokens module.

Although we have strictly followed all these procedures
in collecting and using our data, we would like to note
the potential misuse of similar technologies in generating
photo-realistic human avatars. Apart from the benefits for
education, virtual communication, healthcare, etc, there is
still the possibility of generating misleading content. Re-
search on fake content detection and forensics is crucial.
We intend to release our source code to help improving such
research.
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