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Motivation

• Large-scale datasets play an indispensable role in the recent successes of face 

generation and editing. 

• The practical applications of powerful GANs have also been expanded in both 

academia and industry.

CelebA-HQ StarGAN-v2



• A large-scale face video dataset with facial attributes is still 
missing…

Motivation

CelebA-HQ



CelebV-HQ

•35,666 video clips

•15,653 IDs

•83 attributes

• 40 Appearance

• 35 Action

• 8 Emotion





Statistics of CelebV-HQ

Appearance/Action/Emotion



Brown Hair; 

Arched Eyebrow, 

Black Hair

Young; Long Hair,

Wary Hair

20%~30%

CelebV-HQ: Analysis
Appearance

40 appearance attributes

~> = 20% : 10 attributes 

~> = 10% : 10 attributes

~> = 5%.  : 10 attributes

Others     : 10 attributes 

>30%

Male; 

No Beard; 

Pointy Nose

Sideburns

Rosy Cheeks

Bushy Eyebrows

Big Nose; Blond Hair

Wearing Lipstick

Straight Hair

Earrings, Gray Hair

5’o clock shadow

Receding Hairline

10~20%

Bangs, Eyeglasses

Bags Under Eyes

Wearing Hat

Chubby, Oval Face

Wearing Necklace

Mustache, Pale Skin

Wearing Necktie; Bald

5~10%

High Cheekbones

Heavy Makeup

Big Lips; Sunglasses

Double Chin

Goatee; Narrow Eyes

Blurry

<5%



CelebV-HQ: Analysis
Action

(b) Hair color attributes

Talking; Smile

Head wagging

>20% Turn; Frown; 

Gaze; Nod, 

Shake Head;

Look Around

10%~20%

Glare; Close Eyes;

Sniff; Weep; Laugh;

Whisper; Wink;

2.5~10% Shout; Sing; Blow; Make a face; Sneer; 

Chew; Sigh;  Listen to music; Eat; 

Smoke; Drink; Kiss; Read; Cry; Sleep

1.0%~2.5%

Play Instrument

Yawn

Cough

Sneeze 

<1%

3 actions account for 30%+ each;

12 actions account for 10~20% each;

20 actions account for <10% each. 



CelebV-HQ: Analysis
Emotion

Neutral 

(65.35%)

Happy 

(17.70%)

Fear (1.39%)

Surprise (1.22%)

Contempt (0.81%)

Disgust (0.25%)

The overall distribution is in line with 

the natural distribution.

“Neutral” accounting for 65.35%, 

followed by “happiness” and “sadness”



Comparison with VoxCeleb

Quality/ Head Pose / Action Unit



Distribution Comparison
VoxCeleb – Image/Video Quality

Image quality is measured by BRISQUE

CelebV-HQ achieves better performance

Video quality is measured by VSFA



Distribution Comparison
VoxCeleb – Head Pose

(a) Distribution of average pose (b) Distribution of movement range

CelebV-HQ is more diverse and 

smoother than VoxCeleb.



Distribution Comparison
VoxCeleb – Action Unit

(a) Action unit smoothness
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CelebV-HQ is analyzed in both muscle 

movement naturalness and richness



Benchmark
Unconditional Video Generation

VideoGPT MoCoGAN-HD DIGAN StyleGAN-V
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StyleGAN-Human:
A Data-Centric Odyssey of Human Generation



Introduction
Generating clothed humans

Virtual Try-on

Human Motion Transfer

Generative Adversarial Networks

Viton-HD [Choi et al. 2021]

Liquid Warping GAN [Liu et al. 2019]
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Compare with Public Dataset

Dataset Image Number Mean Resolution Labeled 
Attributes

Full-Body Ratio

DeepFashion 146,680 1101x750 ✓ 6.8%

Market1501 32,668 128x64 ✓ 100%

ATR 7,700 400x600 ✓ 76%

LIP 50,462 197x345 ✓ 37%

VITON 16,253 256x192 ✗ 0%

Ours ? ? ? ?

Image Number Mean Resolution Labeled
Attributes

Full-Body Ratio



Data Collection
From the Internet:

Images from Flickr with CC0 License
Images from Pixabay with Pixabay License
Images from Pexels with Pexels License

From the data providers:
Images from databases of individual photographers, modeling agencies and other suppliers .
(These images are internal used only and non-transferable)



Data Processing

Resolution Body Positon Missing 
Body-Part Extreme Posture Multi-Person

Background



Compare with Public Dataset

Dataset Image Number Mean Resolution Labeled 
Attributes

Full-Body Ratio

DeepFashion 146,680 1101x750 ✓ 6.8%

Market1501 32,668 128x64 ✓ 100%

ATR 7,700 400x600 ✓ 76%

LIP 50,462 197x345 ✓ 37%

VITON 16,253 256x192 ✗ 0%

Ours 231,176 1024x512 ✓ 100%

Image Number Mean Resolution Labeled
Attributes

Full-Body Ratio



Stylish-Humans-HQ (SHHQ)



Statistics of collected dataset
Image Number
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Statistics of collected dataset
Image Number

10

100
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SHHQDeepFashion

Age Person’s Orientation Face Yaw



Question-2: 
What is the relationship between the data distribution and the generation 
quality? 

Question-1:
What is the relationship between the data size and the generation quality? 

Question-3: 
What is the relationship between the scheme of data alignment and the 
generation quality
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Experiments: Data Distribution

Face Yaw (+/-)
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Experiments: Data Pre-processing

Center 1: center of face bbox Center 2: position of pelvis Center 3: middle point of body



Model Zoo

Human

?
InterFaceGAN

Editing on gender
StyleNerf

Preserve 3D consistency

Face

StyleGAN | StyleGAN2 | StyleGAN3

StyleFlow
Editing on pose



Baseline 
Results





Editing 
Benchmark



Source StyleSpace SeFaInterfaceGAN



Source StyleSpace SeFaInterfaceGAN



Real Image StyleSpace SeFaInterfaceGANPTI Inversion 



Real Image StyleSpace SeFaInterfaceGANPTI Inversion 



Style
Mixing



Low Level Feature:
Coarse styles

Source

Refenrece



Mid Level Feature:
Middle styles



High Level Feature:
Fine styles



InsetGAN Results



SHHQ-1.0

1.Images obtained from the Internet (Flickr, Pixabay, Pexels).

2.Processed 9991 DeepFashion images (retain only full body images).

3.1940 African images from the InFashAI dataset to increase data diversity.



Future Work
1. Human Generation / Editing

2. Neural Rendering

3. Multi-modal Generation

Talk-to-Edit [Jiang et al. 2021]

StyleNerf [Gu et al. 2022]

EditGAN [Ling et al. 2021]



Code and Models



Interactive Generative Models



Talk-to-Edit: 
Fine-Grained Facial Editing via Dialog

Yuming Jiang1* Ziqi Huang1* Xingang Pan2 Chen Change Loy1 Ziwei Liu1

1 S-Lab, Nanyang Technological University   2 The Chinese University of Hong Kong



Talk-to-Edit

• Propose to perform fine-grained facial editing via dialog
• Propose to model a location-specific semantic field in GAN latent space
• Achieve superior results with better identity preservation and smoother change
• Contribute a large-scale visual-language dataset CelebA-Dialog



Motivation

• Facial Editing: 
• enable users to manipulate facial images in their desired way

• Current Facial Editing Systems
• image-to-image translation models: do not allow controls
• fixed interaction ways: 

• semantic segmentation map, a reference image, a sentence describing a 
desired effect

• Dialog-based Facial Editing
• natural language is a flexible interaction way for users
• system can provide feedback
• editing is performed round by round via dialog



Talk-to-Edit Pipeline

• Language Encoder: understands user request
• Facial Editing: performs facial editing according to the language request 
• Talk Module: provides meaningful natural language feedback

The smiling is
better now. I also
want to see how
my friend looks
with very long
bangs that cover
her eyebrows.

user request rt

…

…

Language Encoder E
Ok it’s done.
Are the bangs
of the length
you like?

system output

feedbackt
𝐼𝑡+1

Talk

…

…

…

……

previous 

round

𝐼𝑡

It’s great. Can
we see how
she will look
like if she were
60 years old?

user request rt+1

next round

……

……

𝐼𝑡+1

Facial Editing 



Facial Editing Module

• Interactions by dialog
• users may change their thoughts during editing
• tuning an overly laughing face back to a moderate smile

• Continuous and fine-grained facial editing
• Using Pretrained StyleGAN as the face generator



StyleGAN
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Editing in GAN Latent Space

latent code (before) StyleGAN

StyleGANlatent code (after)

• Existing latent based methods



InterFaceGAN

• Train an SVM to find the editing direction for the target attribute

young cluster

old cluster

editing direction for age attribute



existing methods
(add beard)

• Assumptions of existing methods
• The attribute change is 

achieved by traversing along a 
straight line

• Different identities share the 
same latent directions

Editing in GAN Latent Space



existing methods
(add beard)

• Limitations of existing methods
• The identity would drift during 

editing
• Other irrelevant attributes 

would be changed as well
• Artifacts would appear

Editing in GAN Latent Space



Semantic Field in GAN Latent Space

• Semantic field:
Consider the non-linearity of 
the attribute transition

• Ours: move the latent code 
along the curved field line

• Ours: smoother change and  
better identity preservation

existing methods
(add beard)

(add beard)



Talk-to-Edit Pipeline

• Language Encoder: understands user request
• Semantic Field: performs fine-grained editing
• Talk Module: provides meaningful natural language feedback

editing encoding er
The smiling is
better now. I also
want to see how
my friend looks
with very long
bangs that cover
her eyebrows.

user request rt

…

…

Language Encoder E

…

Ok it’s done.
Are the bangs
of the length
you like?

system output

feedbackt
𝐼𝑡+1

Talk

…

…

…
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previous 
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z𝑡
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…
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……

……

It’s great. Can
we see how
she will look
like if she were
60 years old?

user request rt+1

next round

……

……

𝐼𝑡+1



Semantic Field Training
• Predictor Loss: change desired attribute, keep irrelevant attributes

• Identity keeping loss: preserve identity

• Discriminator loss: ensure photo-realism



Semantic Field Training
• Predictor Loss: change desired attribute, keep irrelevant attributes

• For one attribute, degrees are classified into 6 fine-grained levels.

• Original attributes: (a1, a2, …, ai, …, ak)

• Attributes after editing: (a1, a2, …, ai + 1, …, ak)



Semantic Field Training
• Identity keeping loss: preserve identity

• Employ an off-the-shelf pretrained face recognition model to extract discriminative 
features



Semantic Field Training
• Discriminator loss: ensure photo-realism

• Use the pretrained discriminator D coupled with the face generator



CelebA-Dialog Dataset

• Provide fine-grained attribute 
labels for attribute classifier 
training

• Languages for the training of  
language encoder and decoder



CelebA-Dialog Dataset



CelebA-Dialog Dataset

• Large-scale visual-language 
dataset

• 202,599 face images

• Rich fine-grained labels (6 levels)

• Image captions describing
attributes

• User editing requests

• Enable various tasks



Experimental Results

(a) Bangs (b) Beard (c) Smiling

Interface
GAN

Multiclass
SVM

Enjoy Your 
Editing

Ours



Experimental Results

• Talk-to-Edit preserves identity and irrelevant attributes better

• (Identity / Attribute) preservation score, both the lower the better



Experimental Results



Experimental Results



Experimental Results



Experimental Results



Experimental Results



Dialog based facial editing



Editing in Real Images
• GAN inversion

• Find the corresponding latent code z for real images in latent space

• Finetune the latent code z as well as the weight of the StyleGAN



Further Analysis
• Cosine similarities against attribute class change

• Randomly sample 100 latent codes, and then edit the images

• Compute the cosine similarities with the initial direction



Failure Case Discussion
• Identity loss

• Dataset bias and mode collapse issue of pretrained GAN
• a small number of females with eyeglasses

• Artifacts
• Many update iterations on latent codes would make the latent code fall into outlier 

region of the latent space

• Real Cases
• GAN-inversion, an ill-posed problem
• Introduce an additional gap between inverted latent code and the original latent 

code



Method

Semantic Field

Task

Dialog-based 

Fine-Grained Facial Editing

Dataset

CelebA-Dialog

Summary



Code and Models

Code CelebA-Dialog Dataset

https://www.mmlab-ntu.com/
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TEXT-DRIVEN CONTROLLABLE HUMAN IMAGE GENERATION
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Text2Human
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INTRODUCTION

• Generative Adversarial Networks

© 2022 SIGGRAPH. ALL RIGHTS RESERVED. 86

StyleGAN [Karras et al. 2018, 2020]

• Facial attribute editing

Talk-to-Edit [Jiang et al. 2021]

• Face Stylization

DualStyleGAN [Yang et al. 2022]



INTRODUCTION

• Human full-body images

© 2022 SIGGRAPH. ALL RIGHTS RESERVED. 87

• Pose Transfer

• Virtual try-on

Pose with Style [Albahar et al. 2021]



INTRODUCTION

• Controllable human body image generation

− More complex with multiple factors

− Diverse styles of clothes

− Textual controls need fine-grained annotations 

© 2022 SIGGRAPH. ALL RIGHTS RESERVED. 88



PIPELINE OVERVIEW

© 2022 SIGGRAPH. ALL RIGHTS RESERVED. 89



We propose a text-driven controllable human image generation task.

Provide the system with texts 

describing the shapes of 

clothes

Provide the system with texts 

describing the textures of 

clothes

Waiting for the generated result.
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Stage I: Pose to Parsing
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FRAMEWORK OF TEXT2HUMAN

human pose
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FRAMEWORK OF TEXT2HUMAN

A person with short-sleeve T-shirts and long pants.

human pose

Text for Clothes Shapes
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FRAMEWORK OF TEXT2HUMAN
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FRAMEWORK OF TEXT2HUMAN
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INTERACTIVE USER INTERFACE

User provided 
text for shape

User provided 
text for texture

Uploaded Human Pose Synthesized Human ParsingSynthesized Human Image
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DEEPFASHION-MULTIMODAL DATASET
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DEEPFASHION-MULTIMODAL DATASET

• 44,096 high-resolution human images, including 12,701 full body human images

• manually annotated the human parsing labels

• DensePose for each human image

• manually annotated the keypoints

• manually annotated with attributes

• textual description
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EXPERIMENT

Parsing Pix2PixHD SPADE MISC HumanGAN Text2Human
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EXPERIMENT

Parsing Taming Transformer Text2Human Parsing Taming Transformer Text2Human
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EXPERIMENT

Pose HumanGAN Text2HumanTryOnGAN
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EXPERIMENT
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ABLATION STUDY

(a) Hierarchical Design for Texture Reconstruction   

input image reconstructed image 
with a single level

reconstructed image 
with two levels

input image reconstructed image 
with a single level

reconstructed image 
with two levels

(b) Mixture-of-Experts Sampler

One codebook 
for all textures

Texture-aware 
Codobook and MoE

input image fine-level indices 
from VQVAE2

fine-level indices from 
our method

input image fine-level indices 
from VQVAE2

fine-level indices from 
our method

(c) Effectiveness of Feed-forward Index Prediction Network (d) Refinement

before after



MORE INTERACTIVE EXAMPLES
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Modify the desired texture by texts.



Randomly revise the human parsing.Generate a different human under the same pose and clothes attributes.

Modify the desired clothes shape by texts.

Manually add more details on the generate human parsing.



MORE SYNTHESIZED HUMAN IMAGES
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SUMMARY
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Task

Controllable Human Image Generation



SUMMARY
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Method

Text2Human



SUMMARY
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Dataset

DeepFashion-Multimodal



CODE AND MODELS
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Human-Centric

Scaling Interactive

Generative 
Models

Thank You!


