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This supplementary material provides additional imple-001
mentation details, experimental results and a brief discus-002
sion on ethics. In Sec. A, we claim that our work adheres to003
ethical guidelines. In Sec. B, we elaborate on the architec-004
tural designs and training protocols for our semantic and an-005
imation tokenizers, followed by the detailed specifications006
of our multimodal task formulation. Sec. C describes the007
data acquisition and preprocessing pipelines employed for008
each modality, including description, script, speech, anima-009
tion, semantic video and video. Finally, Sec. D presents010
extended qualitative results showcasing multimodal gener-011
ation and editing capabilities, alongside further quantita-012
tive ablation studies on the semantic-guided video diffu-013
sion model. We also provide a project page to demonstrate014
multimodal generation results including video and audio for015
better quality judgment.016

A. Ethical Considerations017

We acknowledge the dual-use nature of high-fidelity avatar018
generation. While promising for telepresence and content019
creation, this technology carries risks. We strictly con-020
demn the misuse of our work for harassment or misinfor-021
mation and emphasize that this research is intended solely022
for academic purposes. We utilize data in strict adherence to023
their licenses. We are fully committed to the CVPR Ethics024
Guidelines, advocating for safeguards like invisible water-025
marking and continuous bias monitoring to ensure respon-026
sible deployment.027

B. Implementation Details028

B.1. Semantic Video Tokenizer029

Model Architecture. Our semantic tokenizer is built upon030
a 3D convolutional encoder-decoder architecture, designed031
to map a semantic video to discrete latent codes. The archi-032
tecture is fully convolutional, consisting of an encoder, a de-033
coder, and look-up free quantizer. We initialize our model’s034
weights from a pre-trained MAGVIT-v2 [9] checkpoint035
and introduce a key architectural modification to achieve036
a higher spatial compression rate suitable for semantic tok-037
enization. Specifically, we add an additional downsampling038

operation at the beginning of the encoder. This is imple- 039
mented as a 3D convolution with a spatial stride of 2, which 040
immediately halves the spatial resolution (H × W ) of the 041
input video. Correspondingly, a final upsampling block is 042
added at the end of the decoder to restore the original reso- 043
lution. This modification doubles the spatial downsampling 044
factor of the feature maps before they are quantized, leading 045
to a more compressed grid of semantic tokens. The detailed 046
architectures of the encoder and decoder are presented in 047
Table A and Table B, respectively. 048

The encoder processes an input video tensor of shape 049
T × H × W × Cin. It begins with a 3 × 3 × 3 3D con- 050
volution with a stride of (1, 2, 2), halving the spatial dimen- 051
sions (H,W ) from the outset. This is followed by a series of 052
downsampling stages. Each stage consists of multiple resid- 053
ual blocks (ResBlocks) followed by a downsampling layer, 054
which is a strided 3D convolution that reduces spatial reso- 055
lution and, in some stages, temporal resolution. The number 056
of feature channels is progressively increased through the 057
encoder. The final stage consists of additional ResBlocks 058
and a 1 × 1 × 1 convolution to project the features into the 059
desired embedding dimension, Demb, before quantization. 060

The decoder is architecturally symmetric to the encoder. 061
It takes the quantized latent tensor of shape T ′×H ′×W ′× 062
Demb and reconstructs the video to its original dimensions. 063
It begins with a 3×3×3 convolution and several ResBlocks. 064
Subsequently, a series of upsampling stages, each compris- 065
ing multiple ResBlocks and an upsampling layer, progres- 066
sively increase the spatial and temporal resolution while de- 067
creasing the number of channels. Upsampling is performed 068
using nearest-neighbor interpolation followed by a 3×3×3 069
convolution. To mirror the encoder’s design, the final layer 070
of the decoder is an upsampling block that doubles the spa- 071
tial resolution, followed by a final convolution to produce 072
the output video with Cout channels. 073

Training. The model is trained as a VQ-GAN [4], fine- 074
tuning from the aforementioned MAGVIT-v2 checkpoint. 075
The training was conducted on 4 TPU v4 platform and took 076
140 hours to complete. We train on clips at a 128 × 128 077
spatial resolution, with a batch size of 8. The training objec- 078
tive is a composite loss function designed to produce high- 079
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Layer Kernel / Stride Output Shape Output Channels

Input - T ×H ×W Cin

Conv3D (Strided) (3, 3, 3) / (1, 2, 2) T × H
2 × W

2 F

For i = 0 to Nblocks − 1: (Downsampling Stage i)
Nres× ResBlock (3, 3, 3) / (1, 1, 1) Ti ×Hi ×Wi F ·Mi

Downsample Conv3D (4, 4, 4) / (St,i, 2, 2) Ti+1 ×Hi+1 ×Wi+1 F ·Mi+1

Nres× ResBlock (3, 3, 3) / (1, 1, 1) T ′ ×H ′ ×W ′ F ·Mlast

Group Norm + SiLU - T ′ ×H ′ ×W ′ F ·Mlast

Conv3D (to Embedding) (1, 1, 1) / (1, 1, 1) T ′ ×H ′ ×W ′ Demb

Table A. The architecture of our 3D CNN Encoder. The input video has dimensions T ×H ×W × Cin. F is the base number of filters,
Mi are the channel multipliers for each block, Nres is the number of residual blocks per stage, and St,i is the temporal stride for the i-th
downsampling layer.

Layer Kernel / Stride Output Shape Output Channels

Input (Quantized Latent) - T ′ ×H ′ ×W ′ Demb

Conv3D (3, 3, 3) / (1, 1, 1) T ′ ×H ′ ×W ′ F ·Mlast

Nres× ResBlock (3, 3, 3) / (1, 1, 1) T ′ ×H ′ ×W ′ F ·Mlast

For i = Nblocks − 2 down to 0: (Upsampling Stage i)
Nres× ResBlock (3, 3, 3) / (1, 1, 1) Ti+1 ×Hi+1 ×Wi+1 F ·Mi+1

Upsample + Conv3D (3, 3, 3) / (1, 1, 1) Ti ×Hi ×Wi F ·Mi

Group Norm + SiLU - T × H
2 × W

2 F

Upsample + Conv3D (3, 3, 3) / (1, 1, 1) T ×H ×W F
Conv3D (to Output) (3, 3, 3) / (1, 1, 1) T ×H ×W Cout

Table B. The architecture of our 3D CNN Decoder. The input is the latent tensor of shape T ′ ×H ′ ×W ′ ×Demb.

fidelity reconstructions that also align with ground-truth se-080
mantic segmentation maps. The overall loss function L is081
defined as:082

L = Lrecon + λadvLadv + Lcommit + λsegLseg (1)083

where the components are as follows: Lrecon is L2 recon-084
struction loss between the original semantic video x and085
the reconstructed semantic video x̂. Ladv is the adversarial086
loss from a patch-based temporal discriminator that encour-087
ages perceptual realism. We set the adversarial loss weight088
λadv to 0.3. Lcommit is the commitment loss from the vec-089
tor quantization layer, which regularizes the latent embed-090
ding space. Lseg is a pixel-wise cross-entropy loss between091
the reconstructed output and the ground-truth segmentation092
map. The logits for this loss are derived from the negative093
squared L2 distance between the generated pixel colors and094
a predefined 21-class color palette, sharpened by a temper-095
ature τ = 10. This loss component is crucial for learning096
a semantic representation, and we set its weight λseg to 3.0.097
The model is trained end-to-end using the Adam optimizer098
with a cosine learning rate schedule and a warm-up phase.099

B.2. 3DMM Tokenizer 100

We develop three distinct tokenizers for identity, expres- 101
sion, and pose respectively, which are fundamental compo- 102
nents of a 3D facial parametric model. Each tokenizer is an 103
autoencoder trained using a vector quantization objective 104
(VQ-VAE [8]). While they operate on different input fea- 105
tures, they share the same underlying network architecture. 106
Below, we detail this architecture and the training procedure 107
for each tokenizer. 108

Model Architecture. Our animation tokenizer is a fully 109
convolutional autoencoder that operates on 1D temporal se- 110
quences of animation parameters. The architecture consists 111
of an encoder, a decoder, and a Residual Vector Quantizer 112
(RVQ) [5]. The encoder maps the input sequence to a com- 113
pressed latent representation, which is then quantized by the 114
RVQ. The decoder reconstructs the original sequence from 115
the quantized latents. The encoder and decoder are symmet- 116
ric and built upon a series of 1D convolutional layers and 117
residual blocks (ResBlocks). The specific configuration is 118
detailed in Table C. The architecture is consistent across all 119
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three tokenizers, with the only variation being the input and120
output feature dimensions.121

Training. The three tokenizers for identity, expression,122
and pose are trained independently on their respective data123
streams. First, each set of animation parameters (expres-124
sion, identity, and pose) is normalized independently. We125
compute the mean and standard deviation for each param-126
eter dimension across the entire training dataset. Then, for127
each sample, we subtract the mean and divide by the stan-128
dard deviation. This standardizes the distribution of each129
parameter, which is essential for stable training of the subse-130
quent quantization model. Second, the training objective is131
to minimize the reconstruction error, regularized by the vec-132
tor quantization loss. The total loss function is a weighted133
sum of an L2 reconstruction loss and a VQ commitment134
loss, as defined in the original VQ-VAE work. All mod-135
els are trained using the AdamW optimizer with a cosine136
learning rate schedule, including a warm-up phase over the137
first 0.5% of training steps. The base learning rate is set to138
4×10−4. The training is performed using 128 TPU v2. The139
specific hyperparameters for each tokenizer are detailed be-140
low:141

• Identity Tokenizer: Trained for 200k steps with a global142
batch size of 1024. The RVQ consists of 12 codebooks,143
each with a size of 512. The reconstruction loss weight is144
50.0, and the commitment loss weight is 1.0.145

• Expression Tokenizer: Trained for 200k steps with a146
global batch size of 1024. The RVQ uses 8 codebooks,147
each of size 2048. The loss weights are the same as for148
the identity tokenizer.149

• Pose Tokenizer: Trained for 100k steps with a larger150
global batch size of 1024 to stabilize training. The RVQ151
has 12 codebooks, each with a size of 512. The loss152
weights are the same as for the identity tokenizer.153

B.3. Multimodal Task Formulation and Training154

Our primary objective is to train a single, versatile multi-155
modal model capable of holistic avatar generation. This156
necessitates that the model understands and generates the157
wide array of modalities that constitute a digital avatar. To158
this end, we have meticulously designed a comprehensive159
suite of 72 multimodal tasks. These tasks are structured160
to teach the model not only to generate individual modal-161
ities but also to understand the intricate relationships and162
dependencies between them, enabling a cohesive and real-163
istic generation of a holistic avatar.164

The model is trained on a rich set of modalities, en-165
compassing textual (description, script), acoustic166
(speech), semantic (semantic), and a hierarchical set167
of visual modalities (identity, expression, pose,168
image). Modalities such as identity, image, and169
description are considered time-invariant. The other170
modalities can be either from past or current depending on171

if they are the conditions or the predictions in task defini- 172
tion. 173

Our training tasks are formulated as sequence-to- 174
sequence problems, where the model is given a set of input 175
modalities and is asked to generate a target output modality. 176
The tasks can be categorized as follows: 177
• Continuation Tasks: These tasks involve predicting the 178

current state of a modality given its past state (e.g., 179
speech (past) → speech (current)). This 180
helps the model learn the temporal dynamics of the 181
modality. 182

• Cross-Modal Generation Tasks: The majority of 183
our tasks fall into this category. The model learns 184
to generate a target modality from one or more dif- 185
ferent source modalities (e.g., speech (current), 186
identity (time-invariant) → expression 187
(current)). 188

• Chained Generation Tasks: The tasks are de- 189
signed to be composable, enabling a chained gener- 190
ation pipeline in our "Thinking in Modality" (e.g., 191
image (time-invariant) → identity 192
(time-invariant), then speech (current) 193
→ expression (current), etc.). Our task suite 194
includes all these intermediate steps to facilitate such 195
chained inference. 196

This extensive set of 72 tasks, detailed in Table D, ensures 197
that the model is exposed to a vast number of input-output 198
combinations, fostering a deep multimodal understanding 199
and enabling the generation of high-fidelity, holistic avatars. 200

C. Multimodal Data Details 201

In this section, we provide a detailed description of the data 202
acquisition and preprocessing pipeline for the all modalities 203
used in our model: description, script, speech, animation, 204
semantic video and image/video. Our pipeline is designed 205
to extract temporally synchronized multimodal data from a 206
large-scale video source, which are essential for training our 207
holistic avatar generation model. 208

C.1. Description 209

The description modality provides a rich, structured repre- 210
sentation of the person in the video. This modality is de- 211
signed to capture a holistic set of attributes encompassing 212
appearance, actions, and environmental context. To ensure 213
consistency and comprehensiveness, we employ Gemini 2.5 214
Pro [1] for the annotation process. A detailed prompt, 215
shown in Figure D, guides the model to analyze a video and 216
return a structured JSON object containing all discernible 217
attributes. 218

The resulting JSON object is organized into three pri- 219
mary keys: appearance, action, and environment. 220

• appearance: This category captures the subject’s 221
physical characteristics. It includes static attributes 222
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Layer Output Shape Details
Encoder

Input T × Cin Cin

Conv1D T × F kernel=3, stride=1
Stage 1 T/2× F 2 × ResBlock(F ), Downsample
Stage 2 T/4× F 2 × ResBlock(F ), Downsample
Stage 3 T/4× F 2 × ResBlock(F )
Bottleneck T/4× F 2 × ResBlock(F )
Conv1D T/4×D kernel=1, stride=1

Residual Vector Quantizer
Quantization T/4×D Residual VQ

Decoder
Input T/4×D Quantized Latents
Conv1D T/4× F kernel=3, stride=1
Bottleneck T/4× F 2 × ResBlock(F )
Stage 1 T/2× F 2 × ResBlock(F ), Upsample
Stage 2 T × F 2 × ResBlock(F ), Upsample
Stage 3 T × F 2 × ResBlock(F )
Conv1D T × Cout kernel=3, stride=1
Output T × Cout Tanh activation

Table C. Architecture of the Animation Tokenizer. We denote the input sequence length as T and the feature dimension as Cin/out. 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, and223
body_build, as well as more detailed features like224
hair_color, hair_style, facial_features,225
and detailed descriptions of clothing and other226
physical_attributes.227

• action: This section details the dynamic aspects228
of the subject’s performance. It describes the over-229
all activity_type, emotional expression,230
and nuanced behaviors such as mouth_action,231
eyebrow_action, head_action, and232
gaze_direction. It also captures the overall233
emotion and energy_level conveyed.234

• environment: This category provides context for235
the scene, describing the lighting_conditions,236
background_description, and the general237
scene_context (e.g., indoor/outdoor).238

This structured approach ensures that our model is239
trained on a consistent and detailed descriptive modality,240
enabling it to generate holistic and high-fidelity avatars. An241
example of the generated JSON data is presented in Fig. C.242

C.2. Script243

The script modality is derived from word-level caption data,244
which includes precise start timestamps and durations for245
each word. This allows for fine-grained alignment between246
the text, speech, and video. When a audio-video clip is ex-247
tracted, we query the caption data to find all words whose248
time intervals overlap with the clip’s duration. These se-249

lected words are then concatenated in their original order to 250
form the final script that corresponds precisely to the spo- 251
ken content within that segment. This method ensures that 252
the script is accurately aligned with its corresponding au- 253
dio and video, which is critical for training our multimodal 254
model. 255

The aforementioned process applies to our training data 256
where precise word-level annotations are available. For 257
our test sets, specifically CelebV-HQ [12] and HDTF [11], 258
ground-truth captions are not provided. Therefore, we uti- 259
lize OpenAI’s Whisper model [7] to transcribe the audio 260
into text. This allows us to evaluate our model’s perfor- 261
mance on datasets with automatically generated scripts, re- 262
flecting a more realistic, in-the-wild scenario. 263

C.3. Speech 264

The speech modality is processed to be tightly synchro- 265
nized with the corresponding video segment. The raw audio 266
track is first resampled to a standard 16 kHz sampling rate. 267
To enhance signal quality and improve model robustness 268
to acoustic variations, we apply a denoising model [10] to 269
50% of the audio samples, selected at random. The remain- 270
ing 50% are left unchanged to improve the robustness of 271
model. To align the audio with the video, we extract an au- 272
dio segment corresponding to the sampled video clip using 273
its timestamps. If the source audio is shorter than the tar- 274
get duration at the sampled point, we pad the segment with 275
silence to ensure a consistent length across all samples. 276
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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)], [speech (p)], [script (c), image (t)], [script (c), semantic
(c)], [script (c), speech (p), semantic (c)], [id (t), expr (c)],
[semantic (c)], [script (c), id (t)]

image (t) [desc (t)], [speech (c)], [id (t)], [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)]

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), id (t)], [speech (c), id (t), image (t)], [speech (c), image
(t)], [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)], [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)], [desc (t), script (c), speech (c), id (t), expr (c), pose
(c)], [desc (t), image (t)], [desc (t), script (c), speech (c),
id (t), expr (c), pose (c), image (t)], [script (c)], [script (c),
image (t)], [script (c), 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), id (t), expr (c), pose (c)], [image (t), expr (c), pose
(c)], [image (t), expr (c)], [id (t), expr (c), pose (c)], [semantic
(p)], [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)], [image (t)], [image (t),
semantic (c)], [id (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), id (identity), and expr (expression).

C.4. Animation277

The animation modality in our model is derived from 3D278
Morphable Model (3DMM) parameters [3], which provide279
a rich, structured representation of the human head’s geom-280
etry and dynamics. These parameters are not directly avail-281
able in the raw video data and are obtained through a pre-282
processing step where a 3DMM is fitted to each video frame283
using an optimization-based approach [2]. This fitting pro-284
cess yields a set of continuous parameters for each frame,285
which contains facial expression, person-specific identity,286
head rotation , and head translation.287

To make these continuous parameters suitable for our288

multimodal language model, we convert them into a se- 289
quence of discrete tokens. This tokenization process is cru- 290
cial as it allows our model to handle animation in a manner 291
analogous to text. The process involves two main steps: 292
normalization and vector quantization. First, we use pre- 293
calculated mean and standard deviation of each parameter 294
to normalize itself independently. Second, the normalized 295
continuous parameters are quantized into discrete tokens 296
using three separate, learned Vector Quantized-Variational 297
Autoencoders [8] (VQ-VAEs). We use distinct VQ-VAEs 298
for expression, identity, and pose (where pose is the con- 299
catenation of rotation and translation parameters). Each 300
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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 creating301
a unique vocabulary for each animation component. This302
process maps the high-dimensional, continuous animation303
signals into compact sequences of discrete tokens. By tok-304
enizing the animation parameters, we can seamlessly inte-305
grate them into our transformer-based MLLM architecture,306
enabling it to learn cross-modal associations between ani-307
mation, script, speech, and video frames.308

C.5. Semantic Video309

For the semantic video modality, we process each frame to310
generate a semantic segmentation map. This provides our311
model with a context-efficient representation of video, par-312
ticularly focusing on the human subject. We utilize the DI-313
NOv2 model [6] to parse segmentation, which delineates 21314
distinct classes corresponding to key facial features, hair,315
and accessories. This fine-grained labeling scheme enables316
our model to learn detailed representations of the human317
head and upper body. The complete list of the 21 semantic318
labels is provided in Table E. This detailed decomposition319
is instrumental for the model to generate realistic textures320
and geometry for each part of the avatar, from the subtle321
nuances of eye components to various accessories.322

C.6. Image/Video323

Our video processing pipeline is designed to generate nor-324
malized, head-centric video clips. Initially, raw videos are325
decoded and uniformly downsampled to a frame rate of 30326
frames per second (fps). To achieve a consistent, head-327
centric view, we first detect the facial landmarks to the face328
in each frame. From the 3DMM fit, we derive a bounding329
box that encompasses the face and a portion of the upper330
body. To ensure a stable view without jitter, we compute a331
common crop region based on the union of these bounding332
boxes across the entire video sequence. The size of this crop333
is randomly scaled to introduce variations in framing, from334
tight close-ups to wider shoulder-level shots. This cropped335
region is then resized to a final resolution of 256× 256 pix-336
els using bicubic interpolation with anti-aliasing.337

Methods/Metrics FID↓ FVD↓

Ours w/o text cond 17.2310 32.3772
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 338

D.1. Multimodal Generation 339

We present additional qualitative results of our multimodal 340
generation framework. As illustrated in Fig. A (a), when 341
conditioned on a description of a subject (e.g., a man in 342
a suit) and a corresponding script, our model success- 343
fully synthesizes all complementary modalities, including 344
speech, animation, semantic segmentation, and the final 345
RGB video. These generated modalities exhibit precise 346
temporal synchronization, with the output video demon- 347
strating high visual fidelity and strict alignment with the 348
input conditions. Besides, in Fig. A (b), we demonstrate 349
generation from semantic inputs; given a semantic video, 350
our model synthesizes a photorealistic video that faithfully 351
adheres to the semantic appearance and motion. Further- 352
more, the model demonstrates its understanding capabilities 353
by accurately inferring the description, script, speech, and 354
animation directly from the semantic video input. 355

D.2. Modality-specific Editing 356

We further demonstrate our model’s versatility in multi- 357
modal editing in Fig. B. In Fig. B (a), we perform script 358
editing, where we synthesize a new talking video that ar- 359
ticulates a modified script while faithfully preserving the 360
subject’s original appearance and vocal identity. In Fig. B 361
(b), we illustrate disentangled attribute editing by altering 362
the speaker’s gender from male to female while retaining 363
fine-grained attributes such as hairstyle and clothing. No- 364
tably, the model simultaneously adapts the generated voice 365
to align with the modified visual appearance, demonstrating 366
robust cross-modal consistency. Finally, Fig. B (c) depicts 367
animation editing (face reenactment); by utilizing 3DMM 368
coefficients extracted from a reference video, we drive the 369
source subject to replicate the reference’s pose and expres- 370
sions with high fidelity. 371

D.3. Ablation of Semantic-driven Video Diffusion 372
Model 373

We investigate the impact of different conditioning mech- 374
anisms on the video diffusion backbone, with quantitative 375
results summarized in Tab. F. All ablations are performed 376
on the held-out test split. Given the dense temporal nature 377
of the semantic video input, we employ channel-wise con- 378
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{ “appearance”: {“hair_style”: “wavy”, ..}, “action”: 
{“energy_level”: “moderate”, ..}, “environment”: 
{“background”: “blurred_painting”, ..}}

“I thought was consummate, I mean a real kind 
of masterclass.”

(b) Input  Modality

(b) Output Modalities

{ “appearance”: {“clothing”: “dress_shirt”, ..}, 
“action”: {“emotion”: “serious”, ..}, “environment”: 
{“background”: “wooden_wall”, ..}}
“stage and there are people who say there's no 
such thing about audience”

(a) Input Modality

(a) Output Modalities

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.

“to be earnest and yeah, that was a 
difficult task..”

/jɛə/ /kəl/ /tɑː/

Original 
Video

Modality
Editing

Edited
Video

“years later and the fact that this rivalry is 
still boiling is inherently funny.”

“gender: male” 

“gender: female” (change voice 
according to appearance) 

(a) Speech editing with reference 
appearance and voice 

(b) Appearance and voice editing 
from text prompt

(c) Motion editing for face 
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,379
adhering to computational memory constraints. In Sec. 3.3,380
we propose concatenating the reference image with its cor-381
responding segmentation mask for cross-attention (“Ours”).382

This strategy establishes a structural bridge, facilitating the 383
effective transfer of appearance from the reference to the 384
synthesized video. We contrast this with a baseline that uti- 385
lizes only the RGB reference image in the cross-attention 386
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module (“Ours w/o joint cross-attention”). As observed in387
Tab. F, the degradation in FID and FVD scores in the ab-388
sence of segmentation image underscores their critical role389
in guiding the diffusion model to accurately map reference390
appearance to generated motion. Finally, we assess the con-391
tribution of textual prompts. The configuration “Ours w/o392
text cond” omits text embeddings from the cross-attention393
layers. The resulting decline in metrics confirms that multi-394
modal conditioning is essential for maintaining high video395
fidelity.396
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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"]

},
"physical_attributes": {

"visible_tattoos": "none",
"visible_piercings": "none",
"distinctive_marks": "none",
"posture": "upright",
"gait": "not_applicable",
"physical_aids": ["none"]

}
},
"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"]

},
"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", ...],
"eye_color": ["light_brown", "dark_brown", "light_blue", ...],
"eye_style": ["long_eyelashes", "short_eyelashes", ...],
"teeth": ["straight", "missing_teeth",...],
"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._jeans/trousers/skirt/shorts/leggings/sweatpants
/none"],

},
"physical_attributes": {

"visible_tattoos": "description_of_tattoos_and_location_if_visible_e.g._full_sleeve_right_arm/
small_design_neck/none",

...
}

},
"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

", ...],
"energy_level": ["overall_magnitude_of_emotional_display", "e.g._faint_micro-

expressions_to_vivid_reactions", "e.g._consistently_low-key"],
...

},
"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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