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This supplementary material provides additional imple-
mentation details, experimental results and a brief discus-
sion on ethics. In Sec. A, we claim that our work adheres to
ethical guidelines. In Sec. B, we elaborate on the architec-
tural designs and training protocols for our semantic and an-
imation tokenizers, followed by the detailed specifications
of our multimodal task formulation. Sec. C describes the
data acquisition and preprocessing pipelines employed for
each modality, including description, script, speech, anima-
tion, semantic video and video. Finally, Sec. D presents
extended qualitative results showcasing multimodal gener-
ation and editing capabilities, alongside further quantita-
tive ablation studies on the semantic-guided video diffu-
sion model. We also provide a project page to demonstrate
multimodal generation results including video and audio for
better quality judgment.

A. Ethical Considerations

We acknowledge the dual-use nature of high-fidelity avatar
generation. While promising for telepresence and content
creation, this technology carries risks. We strictly con-
demn the misuse of our work for harassment or misinfor-
mation and emphasize that this research is intended solely
for academic purposes. We utilize data in strict adherence to
their licenses. We are fully committed to the CVPR Ethics
Guidelines, advocating for safeguards like invisible water-
marking and continuous bias monitoring to ensure respon-
sible deployment.

B. Implementation Details

B.1. Semantic Video Tokenizer

Model Architecture. Our semantic tokenizer is built upon
a 3D convolutional encoder-decoder architecture, designed
to map a semantic video to discrete latent codes. The archi-
tecture is fully convolutional, consisting of an encoder, a de-
coder, and look-up free quantizer. We initialize our model’s
weights from a pre-trained MAGVIT-v2 [9] checkpoint
and introduce a key architectural modification to achieve
a higher spatial compression rate suitable for semantic tok-
enization. Specifically, we add an additional downsampling

operation at the beginning of the encoder. This is imple-
mented as a 3D convolution with a spatial stride of 2, which
immediately halves the spatial resolution (i x W) of the
input video. Correspondingly, a final upsampling block is
added at the end of the decoder to restore the original reso-
lution. This modification doubles the spatial downsampling
factor of the feature maps before they are quantized, leading
to a more compressed grid of semantic tokens. The detailed
architectures of the encoder and decoder are presented in
Table A and Table B, respectively.

The encoder processes an input video tensor of shape
T x Hx W x Cj,. It begins with a 3 x 3 x 3 3D con-
volution with a stride of (1, 2, 2), halving the spatial dimen-
sions (H, W) from the outset. This is followed by a series of
downsampling stages. Each stage consists of multiple resid-
ual blocks (ResBlocks) followed by a downsampling layer,
which is a strided 3D convolution that reduces spatial reso-
lution and, in some stages, temporal resolution. The number
of feature channels is progressively increased through the
encoder. The final stage consists of additional ResBlocks
and a1 x 1 x 1 convolution to project the features into the
desired embedding dimension, D.,,;, before quantization.

The decoder is architecturally symmetric to the encoder.
It takes the quantized latent tensor of shape 7" x H' x W’ x
D, and reconstructs the video to its original dimensions.
It begins with a 3 x 3 x 3 convolution and several ResBlocks.
Subsequently, a series of upsampling stages, each compris-
ing multiple ResBlocks and an upsampling layer, progres-
sively increase the spatial and temporal resolution while de-
creasing the number of channels. Upsampling is performed
using nearest-neighbor interpolation followed by a 3 x 3 x 3
convolution. To mirror the encoder’s design, the final layer
of the decoder is an upsampling block that doubles the spa-
tial resolution, followed by a final convolution to produce
the output video with C,,,; channels.

Training. The model is trained as a VQ-GAN [4], fine-
tuning from the aforementioned MAGVIT-v2 checkpoint.
The training was conducted on 4 TPU v4 platform and took
140 hours to complete. We train on clips at a 128 x 128
spatial resolution, with a batch size of 8. The training objec-
tive is a composite loss function designed to produce high-
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Layer Kernel / Stride Output Shape QOutput Channels
Input - TxHxW C;
Conv3D (Strided) (3,3,3)/(1,2,2) Tx4Zx F
For : = 0 to Nyjocrs — 1: (Downsampling Stage 7)
N;es X ResBlock (3,3,3)/(1,1,1) T; x Hy x W; F - M;
Downsample Conv3D  (4,4,4)/(S5:,2,2) Tiy1 X Hip1 x Wiy F- M1
N,¢s X ResBlock (3,3,3)/(1,1,1) T x H x W' F- Mo
Group Norm + SiLU - T x H x W’ F - Mg
Conv3D (to Embedding)  (1,1,1)/(1, 1, 1) T x H x W' Demp

Table A. The architecture of our 3D CNN Encoder. The input video has dimensions 7' X H x W x Cj,. F is the base number of filters,
M; are the channel multipliers for each block, Ny.s is the number of residual blocks per stage, and St ; is the temporal stride for the i-th

downsampling layer.

Layer Kernel / Stride Output Shape Output Channels
Input (Quantized Latent) - T x H x W' Depmp
Conv3D 3,3,3)/d,1,1) T x H x W' F - Mg
N,.s X ResBlock (3,3,3)/(1,1,1) T x H x W' F - M,
For ¢ = Npjocrs — 2 down to 0: (Upsampling Stage 7)

Nyes X ResBlock 3,3,3)/(A,1,1) Tiy1 x Hiy1 Xx Wi F M1

Upsample + Conv3D (3,3,3)/(1,1,1) T, x H; x W; F - M;
Group Norm + SiLU - T x % X % F
Upsample + Conv3D (3,3,3)/(1,1,1) TxHxW F
Conv3D (to Output) (3,3,3)/(1,1,1) TxHxW Cout

Table B. The architecture of our 3D CNN Decoder. The input is the latent tensor of shape T/ x H' x W’ x Depmp.

fidelity reconstructions that also align with ground-truth se-
mantic segmentation maps. The overall loss function L is
defined as:

L= ['recon + )\adv»cadv + »Ccommit + )\seg['seg (1)

where the components are as follows: Lyecon is L2 recon-
struction loss between the original semantic video x and
the reconstructed semantic video 2. L,qy is the adversarial
loss from a patch-based temporal discriminator that encour-
ages perceptual realism. We set the adversarial loss weight
Aady t0 0.3, Leommic 18 the commitment loss from the vec-
tor quantization layer, which regularizes the latent embed-
ding space. Ly is a pixel-wise cross-entropy loss between
the reconstructed output and the ground-truth segmentation
map. The logits for this loss are derived from the negative
squared L2 distance between the generated pixel colors and
a predefined 21-class color palette, sharpened by a temper-
ature 7 = 10. This loss component is crucial for learning
a semantic representation, and we set its weight A, to 3.0.
The model is trained end-to-end using the Adam optimizer
with a cosine learning rate schedule and a warm-up phase.

B.2. 3DMM Tokenizer

We develop three distinct tokenizers for identity, expres-
sion, and pose respectively, which are fundamental compo-
nents of a 3D facial parametric model. Each tokenizer is an
autoencoder trained using a vector quantization objective
(VQ-VAE [8]). While they operate on different input fea-
tures, they share the same underlying network architecture.
Below, we detail this architecture and the training procedure
for each tokenizer.

Model Architecture. Our animation tokenizer is a fully
convolutional autoencoder that operates on 1D temporal se-
quences of animation parameters. The architecture consists
of an encoder, a decoder, and a Residual Vector Quantizer
(RVQ) [5]. The encoder maps the input sequence to a com-
pressed latent representation, which is then quantized by the
RVQ. The decoder reconstructs the original sequence from
the quantized latents. The encoder and decoder are symmet-
ric and built upon a series of 1D convolutional layers and
residual blocks (ResBlocks). The specific configuration is
detailed in Table C. The architecture is consistent across all
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three tokenizers, with the only variation being the input and
output feature dimensions.
Training. The three tokenizers for identity, expression,
and pose are trained independently on their respective data
streams. First, each set of animation parameters (expres-
sion, identity, and pose) is normalized independently. We
compute the mean and standard deviation for each param-
eter dimension across the entire training dataset. Then, for
each sample, we subtract the mean and divide by the stan-
dard deviation. This standardizes the distribution of each
parameter, which is essential for stable training of the subse-
quent quantization model. Second, the training objective is
to minimize the reconstruction error, regularized by the vec-
tor quantization loss. The total loss function is a weighted
sum of an L2 reconstruction loss and a VQ commitment
loss, as defined in the original VQ-VAE work. All mod-
els are trained using the AdamW optimizer with a cosine
learning rate schedule, including a warm-up phase over the
first 0.5% of training steps. The base learning rate is set to
4x 1074, The training is performed using 128 TPU v2. The
specific hyperparameters for each tokenizer are detailed be-
low:

* Identity Tokenizer: Trained for 200k steps with a global
batch size of 1024. The RVQ consists of 12 codebooks,
each with a size of 512. The reconstruction loss weight is
50.0, and the commitment loss weight is 1.0.

» Expression Tokenizer: Trained for 200k steps with a
global batch size of 1024. The RVQ uses 8 codebooks,
each of size 2048. The loss weights are the same as for
the identity tokenizer.

* Pose Tokenizer: Trained for 100k steps with a larger
global batch size of 1024 to stabilize training. The RVQ
has 12 codebooks, each with a size of 512. The loss
weights are the same as for the identity tokenizer.

B.3. Multimodal Task Formulation and Training

Our primary objective is to train a single, versatile multi-
modal model capable of holistic avatar generation. This
necessitates that the model understands and generates the
wide array of modalities that constitute a digital avatar. To
this end, we have meticulously designed a comprehensive
suite of 72 multimodal tasks. These tasks are structured
to teach the model not only to generate individual modal-
ities but also to understand the intricate relationships and
dependencies between them, enabling a cohesive and real-
istic generation of a holistic avatar.

The model is trained on a rich set of modalities, en-
compassing textual (description, script), acoustic
(speech), semantic (semantic), and a hierarchical set
of visual modalities (identity, expression, pose,
image). Modalities such as identity, image, and
description are considered time-invariant. The other
modalities can be either from past or current depending on

if they are the conditions or the predictions in task defini-

tion.

Our training tasks are formulated as sequence-to-
sequence problems, where the model is given a set of input
modalities and is asked to generate a target output modality.
The tasks can be categorized as follows:
¢ Continuation Tasks: These tasks involve predicting the

current state of a modality given its past state (e.g.,
speech (past) — speech (current)). This
helps the model learn the temporal dynamics of the
modality.

* Cross-Modal Generation Tasks: The majority of
our tasks fall into this category. The model learns
to generate a target modality from one or more dif-
ferent source modalities (e.g., speech (current),
identity (time-invariant) — expression
(current)).

e Chained Generation Tasks: The tasks are de-
signed to be composable, enabling a chained gener-
ation pipeline in our "Thinking in Modality" (e.g.,
image (time-invariant) — identity
(time—invariant), then speech (current)
— expression (current), etc.). Our task suite
includes all these intermediate steps to facilitate such
chained inference.

This extensive set of 72 tasks, detailed in Table D, ensures

that the model is exposed to a vast number of input-output

combinations, fostering a deep multimodal understanding
and enabling the generation of high-fidelity, holistic avatars.

C. Multimodal Data Details

In this section, we provide a detailed description of the data
acquisition and preprocessing pipeline for the all modalities
used in our model: description, script, speech, animation,
semantic video and image/video. Our pipeline is designed
to extract temporally synchronized multimodal data from a
large-scale video source, which are essential for training our
holistic avatar generation model.

C.1. Description

The description modality provides a rich, structured repre-
sentation of the person in the video. This modality is de-
signed to capture a holistic set of attributes encompassing
appearance, actions, and environmental context. To ensure
consistency and comprehensiveness, we employ Gemini 2.5
Pro [1] for the annotation process. A detailed prompt,
shown in Figure D, guides the model to analyze a video and
return a structured JSON object containing all discernible
attributes.

The resulting JSON object is organized into three pri-
mary keys: appearance, action,and environment.
* appearance: This category captures the subject’s

physical characteristics. It includes static attributes
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Layer | Output Shape | Details

Encoder
Input T x Cin, C;
ConvlD TxF kernel=3, stride=1
Stage 1 T/2x F 2 x ResBlock(F"), Downsample
Stage 2 T/Ax F 2 x ResBlock(F"), Downsample
Stage 3 T/Ax F 2 x ResBlock(F")
Bottleneck T/4x F 2 x ResBlock(F)
ConvlD T/4 x D kernel=1, stride=1

Residual Vector Quantizer

Quantization | T/4 x D | Residual VQ

Decoder
Input T/4x D Quantized Latents
ConvlD T/Ax F kernel=3, stride=1
Bottleneck T/Ax F 2 x ResBlock(F)
Stage 1 T/2x F 2 x ResBlock(F"), Upsample
Stage 2 TxF 2 x ResBlock(F"), Upsample
Stage 3 TxF 2 x ResBlock(F)
Conv1D T x Cout kernel=3, stride=1
Output T X Cout Tanh activation

Table C. Architecture of the Animation Tokenizer. We denote the input sequence length as 7" and the feature dimension as Cjy, /ou:. The
number of residual blocks per stage is set to 2. The base number of channels is F' = 1024, and the latent dimension is D = 128.

Downsampling and upsampling operations have a stride of 2.

such as gender, age_group, ethnicity, and
body_build, as well as more detailed features like
hair_color, hair_style, facial_ features,
and detailed descriptions of clothing and other
physical_attributes.

* action: This section details the dynamic aspects
of the subject’s performance. It describes the over-
all activity_type, emotional expression,
and nuanced behaviors such as mouth_action,
eyebrow_action, head_action, and
gaze_direction. It also captures the overall
emotion and energy_level conveyed.

* environment: This category provides context for
the scene, describing the 1ighting_conditions,
background_description, and the general
scene_context (e.g., indoor/outdoor).

This structured approach ensures that our model is
trained on a consistent and detailed descriptive modality,
enabling it to generate holistic and high-fidelity avatars. An
example of the generated JSON data is presented in Fig. C.

C.2. Script

The script modality is derived from word-level caption data,
which includes precise start timestamps and durations for
each word. This allows for fine-grained alignment between
the text, speech, and video. When a audio-video clip is ex-
tracted, we query the caption data to find all words whose
time intervals overlap with the clip’s duration. These se-

lected words are then concatenated in their original order to
form the final script that corresponds precisely to the spo-
ken content within that segment. This method ensures that
the script is accurately aligned with its corresponding au-
dio and video, which is critical for training our multimodal
model.

The aforementioned process applies to our training data
where precise word-level annotations are available. For
our test sets, specifically CelebV-HQ [12] and HDTF [11],
ground-truth captions are not provided. Therefore, we uti-
lize OpenAI’s Whisper model [7] to transcribe the audio
into text. This allows us to evaluate our model’s perfor-
mance on datasets with automatically generated scripts, re-
flecting a more realistic, in-the-wild scenario.

C.3. Speech

The speech modality is processed to be tightly synchro-
nized with the corresponding video segment. The raw audio
track is first resampled to a standard 16 kHz sampling rate.
To enhance signal quality and improve model robustness
to acoustic variations, we apply a denoising model [10] to
50% of the audio samples, selected at random. The remain-
ing 50% are left unchanged to improve the robustness of
model. To align the audio with the video, we extract an au-
dio segment corresponding to the sampled video clip using
its timestamps. If the source audio is shorter than the tar-
get duration at the sampled point, we pad the segment with
silence to ensure a consistent length across all samples.
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Output Modality Input Modality Combinations

script (c) [desc (t)], [script (p)], [speech (c)], [expr (c)], [semantic (c)]

speech (c¢) [desc (t)], [desc (t), script (c)], [script (c)], [script (c), speech
(p) 1, I[speech (p)], I[script (c), image (t)], I[script (c), semantic
(c) 1, [script (c), speech (p), semantic (c)], [id (t), expr (o)1,
[semantic (c)], [script (c), id (t)]

image (t) [desc (t)], [speech (c)],[id (t)]1,[id (t), expr (t), pose (t)], [desc
(t), id (t), expr (t), pose (t)]

identity (t) [desc (t)], [desc (t), script (c), speech (c)], [speech (c)], [image
(t) 1]

expression (c) [desc (t)], [desc (t), script (c), speech (c), image (t), id (t)],
[script (c)], [script (c), speech (c), id (t)], [speech (c)], [speech
(c), 1id (t)], [speech id (t), image (t)], [speech (c), image
(t) 1, [semantic (c)], [expr (p), speech (c)]

pose (c) [desc (t)], [speech (c)], [speech (c), id (t), expr (c)], [speech
(c), expr (c), image (t)], [speech (c), id (t), expr (c), image
(t)1, [image (t), id (t), expr (c)], [image (t), expr (c)], [id (t),
expr (c)], [semantic (c)]

semantic (c) [desc (t)], [desc (t), script (c)], [desc (t), script (c), speech
(c) 1, [desc (t), script (c), speech (c), id (t), expr (c), pose
(c) 1, [desc (t), image (t)], [desc (t), script (c), speech (c),
id (t), expr (c), pose (c), image (t)], [script (c)l, I[script (c),
image (t)], [script speech (c), id (t), expr (c), pose (c),
image (t)], [speech (c)], [speech (c), id (t), expr (c), pose (c)],
[speech (c), id (t), expr (c), pose (c), image (t)], [speech (c),
image (t)], [speech (c), expr (c), pose (c), image (t)], [image (t)],
[image (t), 1d (t), expr (c), pose (c)], [image (t), expr (c), pose
(c)1, [image (t), expr (c)], [id (t), expr (c), pose (c)], [semantic
(p) 1, [semantic (p), speech (c)], [semantic (p), expr (c), pose (c)]

description (t) [speech (c)], [image (t), semantic (c), speech (c)], [image (t),
semantic (c), speech (c), script (c)l, [image (t) ], [image (t),
semantic (c)], [1 (t), expr (c), pose (c)]

Table D. Overview of the 72 Multimodal Training Tasks. The model is trained to predict the output modality from various input combi-
nations. The state of each modality is indicated in parentheses: (c) for current, (p) for past, and (t) for time-invariant. For brevity in long
combinations, we use abbreviations: desc (description), 1d (identity), and expr (expression).

C.4. Animation

The animation modality in our model is derived from 3D
Morphable Model (3DMM) parameters [3], which provide
a rich, structured representation of the human head’s geom-
etry and dynamics. These parameters are not directly avail-
able in the raw video data and are obtained through a pre-
processing step where a 3DMM is fitted to each video frame
using an optimization-based approach [2]. This fitting pro-
cess yields a set of continuous parameters for each frame,
which contains facial expression, person-specific identity,
head rotation , and head translation.

To make these continuous parameters suitable for our

multimodal language model, we convert them into a se-
quence of discrete tokens. This tokenization process is cru-
cial as it allows our model to handle animation in a manner
analogous to text. The process involves two main steps:
normalization and vector quantization. First, we use pre-
calculated mean and standard deviation of each parameter
to normalize itself independently. Second, the normalized
continuous parameters are quantized into discrete tokens
using three separate, learned Vector Quantized-Variational
Autoencoders [8] (VQ-VAEs). We use distinct VQ-VAEs
for expression, identity, and pose (where pose is the con-
catenation of rotation and translation parameters). Each
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Label Name Label Name Label Name
background  hair pupil

face brows iris

neck lashes sclera

ears beard clothes
upper_lip teeth glasses
lower_lip tongue headwear
nostrils other_in_the_mouth accessory

Table E. The 21 semantic labels used for generating semantic seg-
mentation maps.

VQ-VAE has its own learned codebook, effectively creating
a unique vocabulary for each animation component. This
process maps the high-dimensional, continuous animation
signals into compact sequences of discrete tokens. By tok-
enizing the animation parameters, we can seamlessly inte-
grate them into our transformer-based MLLM architecture,
enabling it to learn cross-modal associations between ani-
mation, script, speech, and video frames.

C.5. Semantic Video

For the semantic video modality, we process each frame to
generate a semantic segmentation map. This provides our
model with a context-efficient representation of video, par-
ticularly focusing on the human subject. We utilize the DI-
NOv2 model [6] to parse segmentation, which delineates 21
distinct classes corresponding to key facial features, hair,
and accessories. This fine-grained labeling scheme enables
our model to learn detailed representations of the human
head and upper body. The complete list of the 21 semantic
labels is provided in Table E. This detailed decomposition
is instrumental for the model to generate realistic textures
and geometry for each part of the avatar, from the subtle
nuances of eye components to various accessories.

C.6. Image/Video

Our video processing pipeline is designed to generate nor-
malized, head-centric video clips. Initially, raw videos are
decoded and uniformly downsampled to a frame rate of 30
frames per second (fps). To achieve a consistent, head-
centric view, we first detect the facial landmarks to the face
in each frame. From the 3DMM fit, we derive a bounding
box that encompasses the face and a portion of the upper
body. To ensure a stable view without jitter, we compute a
common crop region based on the union of these bounding
boxes across the entire video sequence. The size of this crop
is randomly scaled to introduce variations in framing, from
tight close-ups to wider shoulder-level shots. This cropped
region is then resized to a final resolution of 256 x 256 pix-
els using bicubic interpolation with anti-aliasing.

Methods/Metrics FID| FVD]
Ours w/o text cond 17.2310 323772
Ours w/o joint crossattention  22.7003  36.1064

Ours 16.8678 26.6860

Table F. We show the ablation study on the different condition
ways to the diffusion model.

D. More Results

D.1. Multimodal Generation

We present additional qualitative results of our multimodal
generation framework. As illustrated in Fig. A (a), when
conditioned on a description of a subject (e.g., a man in
a suit) and a corresponding script, our model success-
fully synthesizes all complementary modalities, including
speech, animation, semantic segmentation, and the final
RGB video. These generated modalities exhibit precise
temporal synchronization, with the output video demon-
strating high visual fidelity and strict alignment with the
input conditions. Besides, in Fig. A (b), we demonstrate
generation from semantic inputs; given a semantic video,
our model synthesizes a photorealistic video that faithfully
adheres to the semantic appearance and motion. Further-
more, the model demonstrates its understanding capabilities
by accurately inferring the description, script, speech, and
animation directly from the semantic video input.

D.2. Modality-specific Editing

We further demonstrate our model’s versatility in multi-
modal editing in Fig. B. In Fig. B (a), we perform script
editing, where we synthesize a new talking video that ar-
ticulates a modified script while faithfully preserving the
subject’s original appearance and vocal identity. In Fig. B
(b), we illustrate disentangled attribute editing by altering
the speaker’s gender from male to female while retaining
fine-grained attributes such as hairstyle and clothing. No-
tably, the model simultaneously adapts the generated voice
to align with the modified visual appearance, demonstrating
robust cross-modal consistency. Finally, Fig. B (c) depicts
animation editing (face reenactment); by utilizing 3DMM
coefficients extracted from a reference video, we drive the
source subject to replicate the reference’s pose and expres-
sions with high fidelity.

D.3. Ablation of Semantic-driven Video Diffusion
Model

We investigate the impact of different conditioning mech-
anisms on the video diffusion backbone, with quantitative
results summarized in Tab. F. All ablations are performed
on the held-out test split. Given the dense temporal nature
of the semantic video input, we employ channel-wise con-
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(a) Input Modality (b) Input Modality

{ “appearance”: {"clothing": "dress_shirt", ..},
T “action": {"emotion™ “serious”, .}, “environment":
{"background": "wooden_wall", .}} E‘
ﬂ "stage and there are people who say there's no
[ , " such thing about audience”

"

{ "appearance”: {"hair_style": "wavy”, ..}, “action":
{"energy_level”: "moderate”, ..}, "environment":
{"background": “blurred_painting", ..}}

ﬂ "I thought was consummate, I mean a real kind
[ )" of masterclass.”

¢ - M

Figure A. Multimodal Generation. We show our model is capable of doing text or speech-to-all generation and can support a variety of
cross-modality reasoning and generation tasks.

Original =
Video

—oom P oo e o ipia

"years later and the fact that this rivalry is
. still boiling is inherently funny.”
Modality | “gender: female” (ch .
" “to b st and yeah that was - "gender: female" (change voice

Edltlng [j di?fifu(la::z(:k,“fm yean, That was a == according to appearance)
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(a) Speech editing with reference (b) Appearance and voice editing (c) Motion editing for face
appearance and voice from text prompt reenactment

Figure B. Modality-specific Editing. We demonstrate that our model support editing mutlimodal input with remarkable flexibility -
modifying arbitrary chosen modal while maintains the others untouched. The icons on the top showing the modalities used in the example,
and the highlighted icons are the ones that are varied.

catenation with the noisy latents rather than cross-attention, This strategy establishes a structural bridge, facilitating the
adhering to computational memory constraints. In Sec. 3.3, effective transfer of appearance from the reference to the
we propose concatenating the reference image with its cor- synthesized video. We contrast this with a baseline that uti-
responding segmentation mask for cross-attention (“Ours”). lizes only the RGB reference image in the cross-attention
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module (“Ours w/o joint cross-attention”). As observed in
Tab. F, the degradation in FID and FVD scores in the ab-
sence of segmentation image underscores their critical role
in guiding the diffusion model to accurately map reference
appearance to generated motion. Finally, we assess the con-
tribution of textual prompts. The configuration “Ours w/o
text cond” omits text embeddings from the cross-attention
layers. The resulting decline in metrics confirms that multi-
modal conditioning is essential for maintaining high video
fidelity.
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"appearance": {
"gender": "male",
"age_group": "adult",
"ethnicity": ["caucasian"],
"body_build": ["average"],

[
"hair_color": ["black"],
"hair_style": ["short"],
"facial_features": ["none_discernible"],
"clothing": {
"upper_body": "button-down_shirt_over_t-shirt",
"lower_body": "none",
"footwear": "none",
"accessories": ["watch", "ring", "bracelet"],
"dominant_colors": ["black", "blue", "white", "red"]
}l
"physical_attributes": {

"visible_tattoos": "none",
"visible_piercings": "none",
"distinctive_marks": "none",
"posture": "upright",
"gait": "not_applicable",
"physical_aids": ["none"]
}
}l
"action": {
"activity_type": "speaking",
"expression": "smile",
"overall impression": ["gesturing with_hands _while speaking", "raising_hands_to_chest_level", "
making _a, fist"],
"emotion": ["positive_and _engaging", "enthusiastic"],
"energy_level": ["medium_to_high", "animated"],
"mouth_action": ["wide_opening", "narrow_opening", "relaxed_lips", "pulling_of_lip_corners", "
synchronization_and_precision_with_spoken_words"],
"eyebrow_action”: ["raising_inner_eyebrows", "raising_outer_eyebrows", "brow_furrowing"],
"blink_ frequency": "medium",
"head_action": ["mostly_centered", "tilts_inquisitively", "nods_rhythmically", "
amplitude_and_tempo_of_movements", "directional_changes_pitch/yaw/roll", "frequency_of_changes"
"transitions_between_stillness_and_motion"],
"eye_state": ["fully_wide_alert"],
"gaze_direction": ["straight_ahead", "fixed_forward_focus"],
"nonverbal_habits": ["habitual_eyebrow_flicks", "frequent_micro-nods", "timing_and_context_of_cues"
"consistency_of_cues", "typical_ amplitude_subtle_vs_pronounced"],
"interactions": ["with_object_e.g._microphone/instrument", "none"],
"props_used": ["microphone", "none"]
}I
"environment": {
"lighting_conditions": "bright",
"background_description": "light_colored_wall _with_a framed certificate_and_a, model _of a watch_on_a
_shelf",
"time_of_day": "unknown",
"weather_conditions": "indoor_not_applicable",
"context": "indoor"

Figure C. An example of the structured JSON description obtained from Gemini 2.5 Pro.
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Enhanced Video/Image Analysis Prompt

You are an expert video and image analysis AI. Your task is to meticulously analyze a given video or
sequence of images featuring a person performing, and extract all possible relevant attributes
about the person, their actions, and the surrounding environment.

Critical Instruction for JSON Output

Your output MUST be a single, complete, and perfectly valid JSON object. Do NOT include any
introductory or concluding text, explanations, or extraneous characters outside of the JSON. Ensure
proper syntax, including all commas, brackets, and quotes.

Data Extraction Schema

Here's the information you need to extract, grouped into three main categories, and the precise JSON
format you must adhere to. For attributes specified as lists (e.g., body_build, hair_color,
hair_style, facial_features, accessories, dominant_colors, physical_aids, interactions, props_used,

overall_ impression, Mouth_Action, Eyebrow_Action, Head_Action, Eye_State, Gaze_Direction,

Nonverbal_ Habits), ensure you return a list containing ALL discernible attributes. The attribute
values given below are just examples, but use them for inspiration. Attributes should be strings
with undescores instead of space where_necessary.

"appearance": {

"gender": "male/female/non-binary/unknown",

"age_group": "child/preteen/teenager/young_adult/adult/older_adult/senior/unknown",

"ethnicity": ["list_ethnicities_if_discernible", "caucasian", "asian", "african_american", "
hispanic", "middle_eastern", "unknown", "etc."],

"body_build": ["slim", "average", "athletic", "muscular, "heavy", "unknown"],

"hair_color": ["black", "brown", "blonde", "red", "gray", "white", "green", "blue", "pink", "other
", "unknown"],

"hair_style": ["bald", "long", "short", "curly", "straight", "wavy", ...1,

"eye_color": ["light_brown", "dark_brown", "light_blue", ...1,

"eye_style": ["long_eyelashes", "short_eyelashes", ...1],

"teeth": ["straight", "missing_teeth",...1],

"facial_ features": ["glasses", "beard", "wrinkly_skin", "elastic_skin", "clean_skin", "sideburns",

"mustache", "freckles", ...],
"clothing": {

"upper_body": ["description_of_upper_garment_e.g._t-shirt/dress_shirt/blouse/hoodie/jacket/
sweater/tank_top/sports_bra/suit/tie/none"],

"lower_body": ["description_of_lower_garment_e.g._Jjeans/trousers/skirt/shorts/leggings/sweatpants
/none"7,

}I
"physical_attributes": {
"visible_tattoos": "description_of_tattoos_and_location_if_visible_e.g._full_sleeve_right_arm/
small_design_neck/none",

}
by

"action": {
"activity_type": "dancing/singing/playing_instrument/speaking/acting/sports/walking/running/sitting
/standing/other",
"expression": "smile/frown/closed mouth/etc.",
"overall impression": ["brief_descriptive_summary_of_the_performance", "e.g._head_turn_to_the_left
", "e.g._raising_her_left_arm"],
"emotion": ["description_of_general_energy_and_dominant_emotional_tone", "e.g._animated_and_joyful
L
"energy_level": ["overall magnitude_of_emotional_display", "e.g._faint_micro-
expressions_to_vivid_reactions", "e.g._consistently_low-key"],
I
"environment": {
"lighting_conditions": "bright/dim/natural_light/artificial_light/backlit/etc.",
"background_description": "detailed_description_of_the_background_e.g._blurred_trees/crowded_street
/empty_white_wall",
"time_of_day": "morning/afternoon/evening/night/unknown",
"weather_conditions": "sunny/cloudy/rainy/snowy/indoor_not_applicable/etc.",
"scene_context": "indoor/outdoor/stage/street/home/office/natural_environment/etc."

Figure D. The part of prompt provided to Gemini 2.5 Pro for video annotation.
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