
©Copyright 2021

Bindita Chaudhuri



Deep Facial Expression Modeling
and 3D Motion Retargeting from 2D Images

Bindita Chaudhuri

A dissertation
submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington

2021

Reading Committee:

Linda Shapiro, Chair

Alex Colburn

Adriana Schulz

Program Authorized to Offer Degree:
Computer Science and Engineering



University of Washington

Abstract

Deep Facial Expression Modeling
and 3D Motion Retargeting from 2D Images

Bindita Chaudhuri

Chair of the Supervisory Committee:
Professor Linda Shapiro

Paul G. Allen School of Computer Science and Engineering

Facial expression modeling and motion retargeting, which involves estimating the 3D motion of a

human face from a 2D image and transferring it to a 3D character, is an important problem in both

computer graphics and computer vision. Traditional methods fit a 3D morphable model (3DMM)

to the face, which requires an additional face detection step, does not ensure perceptual validity

of the retargeted expression, and has limited modeling capacity (hence fails to generalize well to

in-the-wild data). In this thesis, I present five deep learning based approaches to overcome these

limitations: (1) a supervised network to jointly predict the bounding box locations and 3DMM

parameters for multiple faces in a 2D image, (2) a self-supervised framework to jointly learn a

personalized face model per user and per-frame facial motion parameters from in-the-wild videos

of user expressions, (3) a multimodal approach that leverages both audio and video information to

create a 4D facial avatar using dynamic neural radiance fields, (4) a semi-supervised multi-stage

system that leverages a database of hand-animated character expressions to predict a character’s rig

parameters from a user’s facial expressions, and (5) an unsupervised cycle-consistent generative

adversarial network to directly predict the character’s 3D geometry with retargeted expression. Ex-

perimental results have shown that these approaches outperform state-of-the-art methods in terms

of retargeting accuracy. Applications of these approaches include avatar animation for visual sto-

rytelling or virtual conversation, motion capture films, and social AR/VR experience.
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Chapter 1

INTRODUCTION

With the ubiquity of mobile phones, AR/VR headsets and video games, facial gestures have

become an effective medium of non-verbal communication and it becomes more appealing when

communication takes place through 3D animated characters. This has led to extensive research

[15, 4, 58] in developing techniques to retarget human facial motion to 3D animated characters.

Extracting 3D face information from monocular images is an ill-posed problem, so a typical so-

lution is to leverage a parametric 3D morphable model (3DMM) [9] trained on a limited number

of 3D face scans as prior knowledge [9, 108, 146, 84, 119, 48, 142, 32, 77]. A 3DMM represents

the 3D face of a user as a linear combination of user-specific blendshapes. Retargeting involves

predicting the blendshape weights and head pose that can fit the 3DMM to the input face image and

then directly mapping the predicted weights to semantically equivalent blendshapes of the target

3D character model. However, the low-dimensional space of a 3DMM limits its modeling capac-

ity as shown in [140, 145, 65] and scalability using more 3D scans is expensive. Similarly, the

texture model of a generic 3DMM is learned in a controlled environment and does not generalize

well to in-the-wild images. Tran et al. [145, 144] overcomes these limitations by learning a non-

linear 3DMM from a large corpus of in-the-wild images. Nevertheless, these reconstruction-based

approaches do not easily support facial motion retargeting.

Previous methods [15] formulate 3DMM fitting as an optimization problem and generally use

decision trees or equivalent regression techniques to estimate the 3DMM parameters from the in-

put image. However, these methods require significant manual effort because of pre-processing in

terms of acquiring user-specific blendshapes, learning animation priors etc. or post-processing in

terms of constraining the raw output. In addition, these methods use a two-step regression tech-

nique to predict the rigid deformation (head pose) and non-rigid deformation (facial expression)
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and iterate over these two steps multiple times to achieve accurate results. With the advent of

deep learning, recent works have shown remarkable accuracy by using deep convolutional neural

networks to regress the 3DMM parameters from a 2D image. However, while 3DMM fitting with

deep learning is frequently used in the state-of-the-art methods in related domains like 2D face

alignment [179, 12], 3D face reconstruction [117, 42, 68, 24] etc., it is not yet a popular approach

for facial motion retargeting. This is because (1) face alignment methods focus more on accurate

facial landmark localization, while face reconstruction methods focus more on accurate 3D shape

and texture reconstruction and on capturing the fine geometric details. In contrast, facial retarget-

ing to an arbitrary 3D character only requires accurate transfer of facial expression and head pose.

However, due to the ambiguous nature of this ill-posed problem, both facial expression and head

pose are generally sub-optimal as they are not well decoupled from other information like identity.

(2) Unlike alignment and reconstruction, retargeting often requires real-time tracking and transfer

of the facial motion. However, existing methods for alignment and reconstruction are highly mem-

ory intensive and often involve complex rendering of the 3D model as intermediate steps, thereby

making these methods difficult to deploy on light-weight hardware like mobile phones. There-

fore, it is much desired to design a new 3DMM fitting system that is tailored specifically for face

retargeting applications.

The importance of believable and accurate animated character facial expressions is readily

demonstrated by films and games such as Polar Express [168] and Mass Effect: Andromeda [2].

In these examples, it is difficult for the audience to connect to the characters and broader storyline,

because the characters do not exhibit clearly recognizable facial expressions that are consistent

with their emotional state in the storyline [135, 109]. Animator-created character expressions can

be expressive and clear but require expertise and hours of work. In order to speed up the animation

process, animators often use human actors to control and animate a 3D stylized character using a

facial performance capture system. These systems often lack the expressive quality and perceptual

validity of animator-created animations, mainly due to their assumption that geometric markers are

sufficient for expression transfer. The geometry-based methods and retargeting [95] based on hand-

crafted descriptors may be unable to take into account the perception of the intended expression
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when transferred onto a stylized character. We are unaware of any tools or methods that support

animators by validating the perception of character expressions during creation. Despite recent

advances in modeling capabilities, motion capture and control parameterization, current methods

do not address the fundamental problem of creating clear expressions that humans recognize as the

intended expression.

In this work, we present several semi-supervised and unsupervised approaches to overcome

the limitations stated above. Our approaches can be grouped into three categories: 1) blendshape-

based unsupervised approaches, in which retargeting takes place by representing human expres-

sions in terms of character blendshapes and their weights, 2) multimodal approaches, in which

different modalities (like video, audio and gaze direction) contribute to extracting the 3D face in-

formation required for retargeting, and 3) example-based semi-supervised approaches, in which

retargeting takes place by learning human expression characteristics guided by character expres-

sion examples. Blendshape-based approaches generalize well to in-the-wild human expressions

and can be easily applied to multiple new 3D characters (only semantically similar blendshapes

as the 3DMM are required). On the other hand, example-based approaches generate more percep-

tually valid and geometrically consistent character expressions because of the additional guidance

from hand-animated training examples. Multimodal approaches leverage the complementary in-

formation from multiple modalities for more accurate 3D facial animation.

1.1 Contributions and Thesis Organization

Our proposed blendshape-based (1-3) and example-based approaches (4-5) are as follows:

1. Chapter 3 presents a single end-to-end network to jointly predict the bounding box loca-

tions and 3DMM parameters for multiple faces. First, we design a novel multitask learning

framework that learns a disentangled representation of 3DMM parameters for a single face.

Then, we leverage the trained single face model to generate ground truth 3DMM parame-

ters for multiple faces to train another network that performs joint face detection and motion

retargeting for images with multiple faces.
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2. Chapter 4 overcomes the limited modeling capacity of 3DMM by using an end-to-end frame-

work that jointly learns a personalized face model (geometry and reflectance) per user and

per-frame facial motion parameters (expression coefficients, head pose and scene illumi-

nation) from a large corpus of in-the-wild videos of user expressions. Specifically, we learn

user-specific expression blendshapes and dynamic (expression-specific) albedo maps by pre-

dicting personalized corrections on top of a 3DMM prior.

3. Chapter 5 improves the face model personalization by leveraging 3D face information from

the user video as well as dynamic lip motion from the user’s speech. We design two parallel

autoencoders - one for the input video frame and the other for the input speech segment at

any given time frame. These encoders encode the facial motion into embeddings, which are

then combined using learned weights and used as conditional input to drive dynamic neural

radiance fields for 4D avatar reconstruction.

4. Chapter 6 introduces a multi-stage deep learning system that utilizes human and character

expression recognition network features to learn a mapping from input human images to

output 3D character rig parameters and also generalizes to multiple 3D characters including

non-human characters.

5. Chapter 7 presents a unified framework that leverages cycle-consistent generative adversarial

networks and position maps to learn the mapping from input human images to output 3D

character vertex coordinates (geometry).

Finally, Chapter 8 concludes the thesis by summarizing the main contributions and proposing fu-

ture research directions.
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Chapter 2

RELATED WORK

2.1 Face Modeling

Methods like [151, 61, 91, 123, 81, 86, 143] leverage user images captured with varying parameters

(e.g. multiple viewpoints, expressions etc.) at least during training to create a user-specific face

model. Monocular video-based optimization techniques for 3D face reconstruction [47, 48] lever-

age the multi-frame consistency to learn the facial details. For single image based reconstruction,

traditional methods [180] regress the parameters of a 3DMM and then learn corrective displace-

ment [61, 69, 54] or normal maps [121, 118] to capture the missing details. Recently, several deep

learning based approaches have attempted to overcome the limited representation power of 3DMM.

Tran et al. [145, 144] proposed to train a deep neural network as a non-linear 3DMM. Tewari et

al. [140] proposed to learn shape and reflectance correctives on top of the linear 3DMM. In [138],

Tewari et al. learn new identity and appearance models from videos. However, these methods

use expression blendshapes obtained by deformation transfer [131] from a generic 3DMM to their

own face model and do not optimize the blendshapes based on the user’s identity. In addition,

these methods predict a single static albedo map to represent the face texture, which fail to capture

adequate facial details. Optimization based methods like [82, 63, 18] have demonstrated the need

to optimize the expression blendshapes based on user-specific facial dynamics. These methods

alternately update the blendshapes and the corresponding coefficients to accurately fit some exam-

ple poses in the form of 3D scans or 2D images. For facial appearance, existing methods either

use a generic texture model with linear or learned bases or use a GAN [49] to generate a static

texture map. But different expressions result in different texture variations. Nagano et al. [102]

and Olszewski et al. [104] addressed this issue by using a GAN to predict the expression-specific

texture maps given the texture map in neutral pose. However, the texture variations with expres-
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sion also vary from person to person. Hence, hallucinating an expression-specific texture map for

a person by learning the expression dynamics of other persons is not ideal. Besides, these methods

requires fitted geometry as a preprocessing step, thereby limiting the accuracy of the method by

the accuracy of the geometry fitting mechanism.

2.2 2D Face Alignment and 3D Face Reconstruction

Early methods like [74] used a cascade of decision trees or other regressors to directly regress the

facial landmark locations from a face image. Recently, the approach of regressing 3DMM param-

eters using CNNs and fitting the 3DMM to the 2D image has become popular. While Jourabloo

et al. [70] use a cascade of CNNs to alternately regress the shape (identity and expression) and

pose parameters, Zhu et al. [179, 178] perform multiple iterations of a single CNN to regress the

shape and pose parameters together. These methods use large networks and require 3DMM in the

network during testing, thereby requiring large memory and execution time. Regressing 3DMM

parameters using CNNs is also popular in face reconstruction [143, 117, 54, 141]. Richardson et al.

[118] uses a coarse-to-fine approach to capture fine details in addition to face geometry. However,

reconstruction methods also regress texture and focus more on capturing fine geometric details. For

joint face alignment and reconstruction, [42] regresses a position regression map from the image

and [145] regresses the parameters of a nonlinear 3DMM using an unsupervised encoder-decoder

network. For joint face detection and alignment, recent methods either use a mixture of trees [111]

or a cascade of CNNs [169]. In [31], separate networks are trained to perform different tasks like

proposing regions, classifying and regressing the bounding boxes from the regions, predicting the

landmark locations in those regions etc. In [112], region proposals are first generated with a selec-

tive search algorithm, and bounding box and landmark locations are regressed for each proposal

using a multitask learning network. In contrast, we propose a single end-to-end network to do joint

face detection and 3DMM fitting for face retargeting purposes.
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2.3 Performance-Based Facial Animation

Traditional performance capture systems (using either depth cameras or 3D scanners for direct

mesh registration with depth data) [3, 10, 150] require a complex hardware setup that is not readily

available. Among the methods which use 2D images as input, PCA-based linear modeling [29, 96]

and the blendshape interpolation technique [15, 124] are most popular. However, these methods

require dense correspondence of facial points [116] or user-specific adaptations [83, 16] to esti-

mate the blendshape weights. Recent CNN-based approaches either require depth input [81, 55]

or regress character-specific parameters with several constraints [11, 38]. The authors of [164]

leveraged an expression recognition task for retargeting purposes, but the method is limited only

to transferring expressions to 2D cutout animations.

Existing joint face tracking and retargeting methods [150, 10, 83] generally optimize the face

model parameters with occasional correction of the expression blendshapes using depth scans. Re-

cent deep learning based tracking frameworks like [142, 151, 22, 76] either use a generic face

model and fix the model during tracking, or alternate between tracking and modeling until conver-

gence. We propose to perform joint face modeling and tracking with novel constraints to disam-

biguate the tracking parameters from the model. Commercial marker-based and markerless facial

motion capture software products like Faceshift [39], Faceware [40], Mixamo [100], Dynamixyz

[35] and Optitrack [105] perform real-time retargeting but with poor expression accuracy [4]. The

marker-based products map some predefined marker points on the human face to the correspond-

ing points on the 3D character rigs enabling live tracking and retargeting, but the limited number

of marker positions often fail to capture the intended expression. The markerless systems rely on

blendshape-based retargeting. However, all these methods require a significant amount of manual

effort in terms of setting up a new character, mapping the expressions from the existing character

to a new one, and refining the generated expressions for accurate tracking.
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2.4 Face Detection and Expression Recognition

In the literature of multiple object detection and classification, Fast RCNN [115] and YOLO [113]

are the two most popular methods with state-of-the-art performance. While [115] uses a region

proposal network to get candidate regions before classification, [113] performs joint object lo-

cation regression and classification. Keypoint localization for multiple objects is popularly used

for human pose estimation [78, 19] or object pose estimation [137]. In case of faces, landmark

localization for multiple faces can be done in two approaches: top-down approach where land-

mark locations are detected after detecting face regions and bottom-up approach where the facial

landmarks are initially predicted individually and then grouped together into face regions. In our

method, we adopt the top-down approach.

Convolutional Neural Networks have shown great improvement in facial expression recognition

tasks [101, 13, 88, 71, 34, 72] and there are a number of fusion algorithms to boost the recogni-

tion performance [161, 167, 133, 164]. Many systems are trained on a single facial expression

database, which makes them sensitive to the lighting and particular poses present in that database.

These methods focus on engineered features, which lack the generalizability to perform in-the-wild

expression recognition. To overcome this limitation, we combine human databases from different

sources including a dataset collected in the wild for our training step in order to improve the ro-

bustness of our trained model. In our work, we use CNNs to learn perceptual features pertaining to

facial expressions and combine them with geometric features, since this approach has been shown

to perform better in expression recognition and retargeting than geometric features alone [5]. Note

that Aneja et al. [5] proposed a retrieval method to identify the closest 2D character expression

image from the existing database to a given human image, whereas we propose a method that

generates a 3D character expression for a given human image.

2.5 Audio-driven Animation

Audio-driven animation can be classified into two categories - a) methods which synthesize a 2D

face video from audio input, and b) methods which animate a 3D face model based on audio.
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Fan et al. [41] uses bidirectional LSTM to generate talking face frames. Suwajanakorn et al.

[132] and Kumar et al. [80] both generated talking head for specifically Barack Obama using

RNN with compositing techniques and time-delayed LSTM with Pix2Pix respectively. Jalalifar

et al. [67] uses RNN with conditional GAN and Vougioukas et al. [147] uses Temporal GAN to

synthesize talking faces. Chen Song et al. [130] uses conditional RNN to enforce accurate lip

synchronization across video frames for talking face generation. Chen et al. [23] employs optical

flow between frames to improve photo-realism in talking heads. Mittal et al. [99] proposed using

disentangled audio representations based on variational autoencoders to generate talking heads.

Recently, Zakharov et al. [166] suggested a method with few shot learning capability to generate

a talking head model for an unseen image. A major challenge for these methods is to generate

photo-realistic face images. Although many of these methods have been able to achieve high

photo-realism, these approaches still do not exhibit adequately high temporal synchronization of

audio and generated video. Some works [173, 99] have attempted to address the problem using

disentangled representations but there is no approach that learns a shared representation across

multiple modalities to decouple just the content information to drive the animation.

Karras et al. [73] performs speech-driven 3D facial animation by mapping the input waveforms

to 3D vertex coordinates of a face model and simultaneously using an emotional state representa-

tion to disambiguate the variations in facial pose for a given audio. Yang et al. [174] introduces

a deep learning based approach to map the audio features directly to the parameters of the JALI

model [36]. Taylor et al. [136] uses a sliding window approach to animate a parametric face model

from phoneme labels. Recently, [30] introduced a model called Voice Operated Character Anima-

tion (VOCA) which takes as input a speech segment in the form of its corresponding DeepSpeech

[56] features and a one-hot encoding over training subjects to produce offsets for 3D face mesh for

subject template registered using FLAME [84] model. Their approach is for 3D facial animation

which allows altering speaking style, pose and shape, but cannot adapt completely to an unseen

identity. Moreover, none of the previous methods utilize multimodal learning to disentangle the

content from the audio-visual modalities.
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2.6 Multimodal Learning

Several multimodal representation learning based approaches have been suggested over the years,

an overview of which is presented in [6]. Some of them aim to propose sparse representations

as encoding the mutual information [20, 75] for applications such as biometrics recognition [126]

and audio/video reconstruction [103]. These approaches combine the signal coming from differ-

ent modalities via late fusion to learn a shared representation that can encode and bring the two

modalities close to each other in terms of variations. [57] suggests incorporating attention to fuse

multiple modalities for video description, while [152] proposes a fusion based method for weakly-

supervised learning. Multimodal approaches for face based applications such as facial animation

include [89, 173]. However, these approaches have either limited themselves to the 2D image do-

main or have not fully utilized the visual information as part of the second modality. We propose to

use audio-visual modality to correlate the content information from the two modalities and discard

any identity specific information for the task of speaker-agnostic 3D face animation.

2.7 Neural Scene Representation

Recently neural scene representation networks have been widely used in neural rendering and

reconstruction approaches, as given in [139]. While neural scene representation networks were first

introduced by Sitzmann et al. [129], Mildenhall et al. [98] extend this idea to store radiance fields

in a neural network (NERF), where they assume the availability of images of the 3D object or scene

from multiple views. Follow-up work improves upon them by using different positional encodings

[134] and in-the-wild training data including appearance interpolation [94]. Neural Sparse Voxel

Fields [87] employ an Octree to cull empty space and speed up rendering. The limitation of these

methods is the assumption of a static object, whereas 3D face in our case changes dynamically. In

[45], the authors warp the input coordinates of NERF using 3DMM fitted rigid head pose and train

a regular NERF to create a 3D portrait from input 2D image. Gafni et al. [44] have attempted to

create a 4D reconstruction of a user given the user video frames as input, conditioned on the head

pose and expression parameters. However, these methods utilize only one modality (video input).
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Chapter 3

JOINT FACE DETECTION AND FACIAL MOTION RETARGETING

3.1 Introduction

Traditional methods for facial motion retargeting address the problem of fitting 3DMM to a single

face in the input image. For multiple faces in a single images, a straightforward approach is to

run a face detector on the image to detect the face regions and perform the desired operations

on each face individually. However, this approach requires additional execution time for face

detection and the computational complexity increases linearly with the number of faces in the

input image. In the literature of joint face detection and alignment, existing methods either use a

mixture of trees to predict the face bounding boxes and the facial landmarks or adopt an iterative

two-step approach of generating region proposals and predicting the landmark locations in the

proposed regions. These methods are only good for directly regressing the landmark locations

and not 3DMM parameters, and they do not run in real time. Methods like Fast R-CNN [51]

and YOLO [113] have shown remarkable results in joint object detection and classification while

achieving real time performance. Similar methods have been applied to regress the 6D poses of

multiple objects or humans in a single image, but to the best of our knowledge, no method has

attempted to perform multiple 3DMM fitting to a single image using a single network.

To this end, we divide our work into two parts. In the first part, we propose a multitask learning

framework to directly regress the 3DMM parameters from a 2D image of a single human face. The

3DMM parameters are grouped into: a) identity parameters that contain the face shape information,

b) expression parameters that captures the facial expression, c) pose parameters that include the 3D

rotation and 3D translation of the head and d) scale parameters that link the 3D face with the 2D

image. We have observed that pose and scale parameters require global information while identity

and expression parameters require local information, so we propose to emphasize the high level
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image features for pose and scale and the low level image features for identity and expression. Our

network architecture is designed such that different layers embed image features at different scales,

and we use different combinations of these multi-scale features for each group of parameters. This

also helps in disentangling the parameter groups from each other by allowing the network to learn

different features for different groups. Finally, we add an optional second stage to our network

that further refines the expression parameters from the first stage by training on the eye and mouth

regions of the input image separately. Our Single Face Network (SFN) performs in real-time

even on regular mobile devices and requires negligible memory while achieving state-of-the-art

performance. Qualitative evaluation also shows that our method is robust to poses, illuminations

and occlusions.

In the second part of our work, we propose a single end-to-end trainable network to jointly

detect the face bounding boxes and regress the 3DMM parameters for multiple faces in a single

image. Inspired by YOLO, we design our Multiple Face Network (MFN) architecture similar to

YOLOv2 that takes a 2D image as input and predicts the centroid positions and dimensions of the

face bounding boxes as well as the 3DMM parameters for the faces in those boxes. In human pose

estimation problems, this approach is called a top-down approach of multiple keypoint prediction.

However, existing publicly available image datasets with multiple faces only have ground truth for

face bounding boxes and are generally used for face detection. We leverage our SFM to generate

the ground truth for 3DMM parameters for each face box and then use both the ground truths to

train our MFN. Experimental results show that our MFN not only performs well for multi-face

retargeting but also improves the accuracy of face detection.

Our main contributions can be summarized as follows:

1. We present a novel top-down approach using an end-to-end trainable network to jointly learn

the face bounding boxes and the 3DMM parameters from an image having multiple faces

with different poses and expressions. The ground truth 3DMM parameters for multiple faces

required to train our network is generated by a semi-supervised method.

2. We design a multitask learning framework that combines image features at different scales to
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disentangle and accurately predict different groups of 3DMM parameters. We also design an

optional second stage for our network to refine the expression parameters while decoupling

the eye and mouth expression parameters.

3. Our system is easy to deploy into practical applications without requiring separate face de-

tection for pose and expression retargeting. Our joint network can be run in real-time on

mobile devices without engineering level optimization, e.g. only 39ms on Google Pixel 2.

3.2 Methodology

The 3D mesh of a human face can be represented by a multilinear 3D Morphable Model (3DMM)

as

M = V × bid × bexp (3.1)

where V is the mean neutral face, bid are the identity bases and bexp are the expression bases. We use

the face tensor provided by FacewareHouse [17] as 3DMM, where V ∈ R11510×3 denotes 11, 510

3D co-ordinates of the mesh vertices, bid denotes 50 shape bases obtained by taking PCA over

150 identities and bexp denotes 47 bases corresponding to 47 blendshapes (1 neutral and 46 micro-

expressions). To reduce the computational complexity, we manually mark 68 vertices in V as the

facial landmark points based on [111] and create a reduced face tensor M̂ ∈ R204×50×47 for use in

our networks. Given a set of identity parameters wid ∈ R50×1, expression parameters wexp ∈ R47×1,

3D rotation matrix R ∈ R3×3, 3D translation parameters t ∈ R3×1 and a scale parameter (focal

length) f , we use weak perspective projection to get the 2D landmarks Plm ∈ R68×2 as:

Plm =

f 0 0

0 f 0

 [R ∗ (M̂ ∗ wid ∗ wexp) + t] (3.2)

where wexp[1] = 1 −
∑47

i=2wexp[i] and wexp[i] ∈ [0, 1], i = 2, . . . , 47. We use a unit quaternion

q ∈ R4×1 [178] to represent 3D rotation and convert it into rotation matrix for use in equation

3.2. Please note that, for re-targeting purposes, we omit the learning of texture and lighting in the

3DMM fitting model.
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(a) (b)
Figure 3.1: (a) Left: landmark projection from both meshes are exactly the same, middle: mesh with maxi-

mum jaw left, right: mesh without jaw left, but larger roll angle, (b) Synthesized images for regularization.

3.2.1 Multi-scale Representation Disentangling

A straightforward way of learning all the 3DMM parameters would be to simply cast this as a

regular regression network that holistically outputs all the parameters together through a fully con-

nected layer on top of one shared representation. However, this will not be optimal particularly for

our problem where each group of parameters has strong semantic meanings. Intuitively speaking,

head pose learning does not require detailed local face representations since it is fundamentally

independent of skin texture and subtle facial expressions, as observed in recent work on pose

estimation [172]. However, for identity learning, a combination of both local and global represen-

tation would be necessary to discriminate among different persons. For example, it is common to

see someone with relatively small eyes but fat cheek compared with others with big eyes and thin

cheek, so both the local features around the eyes and the overall face silhouette would be impor-

tant to approximate the identity shape. Similarly, face expressions learning possibly requires even

fine-grained granularity of different scales of representations. Single eye winking, mouth grin and

big laugh clearly require three different levels of representations to discriminate them from other

expressions. Another observation is, given the 2D landmarks of an image, there exist multiple

combinations of 3DMM parameters that can minimize the landmark loss. This ambiguity causes

additional challenges to the learning to favor the semantically more meaningful combinations. Mo-

tivated by these observations, we designed a novel network structure that is specifically tailored for

facial retargeting applications. For example, as shown in Fig. 3.1a, we can still minimize the 2D

landmark loss by rotating the head and using different identity coefficients to accommodate the jaw
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left even without a strong jaw left expression coefficient. Motivated by both the multi-scale prior

and the ambiguity nature of this problem, we designed a novel network structure that is specif-

ically tailored for facial retargeting applications as illustrated in Fig. 3.2b, where pose is only

learned through the final global features, while expression learning depends on the concatenation

of multi-layer representations.

In addition to the above network design, we add a few regularization during the training to

further enforce the disentangled representation learning. For example, for each face image, we

can augment it by random translation/rotation perturbation to ask their resulting output to have the

same identity and expression coefficients. Using image warping technique, we can re-edit the face

image to slightly change the facial expression without hurting the pose and identity. Fig. 3.1b

shows a few such synthesized examples where their identity parameters need to be the same.

3.2.2 Single Face Retargeting Network

When the face bounding box is given, we can train a single face retargeting network to output

3DMM parameters for each cropped face image using a multitask learning framework as shown in

Fig. 3.2b. Fortunately, many public datasets [122, 17, 60, 179] already provide bounding boxes

along with 68 facial landmark points. To reduce the ambiguity issue mentioned above, we first fit

3DMM parameters for each cropped single face image using existing optimization method [12],

and then treat them as ground-truth into our network loss function by mean absolute error, in

additional to the 2D landmark loss. As each so called “ground-truth” was optimized for each image

locally by [12], the risk of over-fitting could make the “ground-truth” a little bit noisy. However, a

deep neural network is trained by overseeing a large number of data that can intrinsically combat

the noisy labelling issue to focus more on the global common patterns. Therefore, the training

starts with a large weight on the L1 loss with respect to the “ground-truth”, then gradually decays

this weight to trust more on the 2D landmarks loss, as shown in the following loss function:
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(a) Single scale SFN.

(b) Multi-scale SFN.

Figure 3.2: Our Single Face Network (SFN) architecture. FM denotes Fire Module [62], SE denotes

squeeze-excite block [59] and FC denotes Fully Connected layer. Each convolution layer is followed by

a batch normalization layer and a ReLU activation layer.

τ ∗

{
1

50

50∑
i=1

|widi−w
g
idi|+

1

46

46∑
i=1

|wexpi−w
g
expi
|+ 1

4

4∑
i=1

|Ri−Rg
i |

}
+

√√√√ 1

68

68∑
i=1

(Plmi
−Pg

lmi
)2

(3.3)

where τ denotes decay parameter with respect to epoch. We choose τ = 10/epoch across all exper-

iments. g denotes ground truth obtained from [12]. Note that, although we drop the 3D translation

and scale ground truth loss to allow 2D translation and scaling augmentation, the translation and

scale parameters can still be learned by the 2D landmark loss.
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We also add an optional second stage which is a light-weight extension that takes the eye and

mouth regions of the image as input and refines the expression parameters predicted by the first

stage. To get the input images for the second stage, we first generate the 2D landmarks using the

predicted parameters in equation 3.2 and use the landmarks to crop the eye and the mouth regions

from the input image. The resized eye and mouth images are then fed to two separate branches to

predict the residual values of the eye and mouth expression parameters respectively. Among the 46

blendshapes in our 3DMM, the first 19 blendshapes are for the eyes and the remaining 27 are for

the mouth. The predicted values in the second stage are then added to the predicted values in the

first stage to get the final expression parameters. We initially train the first stage, use the trained

weights of first stage to initialize the weights of the second stage, train the second stage keeping

the weights of the first stage fixed, and finally fine-tune both the stages in an end-to-end manner.

The loss function for the second stage is given by

L
wexp
1 + L

peye
2 + L

pmouth
2 (3.4)

where peye = p[i, :], i = 37, . . . , 48 and pmouth = p[i, :], i = 49, . . . , 68 and L1 and L2 denote mean

absolute error and mean square error respectively.

Our network takes 128x128 resized image as input. In the first layer, we use a 7×7 convolution

layer with 64 filters and stride 2 followed by a 2 × 2 maxpooling layer to capture the fine details

in the image. The following layers are made up of Fire Modules(FM) of SqueezeNet [62] (with

16 and 64 filters in squeeze and expand layers respectively) and squeeze-and-excite modules(SE)

of [59] in order to compress the model size and reduce the model execution time without compro-

mising the accuracy. At the end of the network, we use a global average pooling layer followed

by fully connected (FC) layers to generate the parameters. The penultimate FC layers each has 64

units with ReLU activation and sigmoid activation is used at the end of the last expression branch’s

FC layer to restrict the values between 0 and 1. To realize the multiscale prior and the disentangled

learning, we concatenate the features at different scales and form separate branches for each group

of parameters. The extra branches are built with the same blocks as the main branch, but we re-

duce the channel size by half to restrict the extra computation cost. The input images in the second



18

Figure 3.3: Our Multi Face Network (MFN) architecture. The building blocks are Fire Module (FM) [62]

and squeeze-and-excitation (SE) [59] which are designed for real-time application. The multi-scale branch

uses multiple slim FM with stride 2 on the last FM (FMs2) to allow concatenation. The multiplication of

Pose, wid, wexp with 3DMM generates a 3D human mesh for every bounding box.

stage are both resized to 64× 64 pixels. The architecture of our single scale single face retargeting

network is shown in Fig. 3.2a. The resolution (scale) of the image feature maps is reduced by

2 after every block, and the pose, expression and identity parameters are learned from the same

feature map, hence the term single scale. We designed our multi-scale single face retargeting net-

work to learn different groups of parameters from separate branches that represent image features

at different scales.

3.2.3 Joint Face Detection and Retargeting

As discussed before, it is less efficient to run face detection first and then run the single face re-

targeting network (see above Sec.3.2.2) individually for each face region, especially for images

with multiple faces. This is because the computational complexity increase linearly with the num-

ber of faces, also when customized for the case of multiple face tracking, such straightforward

approach quickly becomes complicated when people move in and out from the frame or occlude

each other. Therefore, our goal is to save computation cost by predicting both tasks at the time. The

network could potentially also benefit from the cross domain knowledge, especially for detection

task, where introducing 3DMM gives the prior on how the face should look in 3D space, which is

complementary to the 2D features in the separate face detection framework.
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Inspired by YOLO [113], our joint network can be trained by extending the Single Face Re-

targeting Network to let it output face bounding boxes as well. Specifically, we ask the net-

work to predict 3DMM parameters for each anchor point in additional to bounding box displace-

ment and objectness. We divide the input image into 9 × 9 grid and predict a vector of length

4 + 1 + (50 + 46 + 4 + 3 + 1) = 109 for a bounding box in each grid cell. Here, 4 denotes the 2D

co-ordinates of the centroid, width and height of the face bounding box, 1 denotes the confidence

score for the presence of a face in that cell and the rest are the 3DMM parameters for the face in

the cell. We also adopt the method of starting with 5 anchor boxes as bounding box priors. The

x, y co-ordinates of the centroid and the width and height of a bounding box are calculated in the

same manner as in [113] and we use the same loss functions for these values.

Since there are no publicly available datasets that contain multiple faces in each image and

provide their corresponding landmark annotations, for proof-of-concept, we obtain the 3DMM

ground truth by running our single face retargeting network on each face separately and then train

the joint network. Each bounding box b predicted by the network has the following co-ordinates:

tx, ty, tw, th, to and tv1−104 . The final outputs (bx, by - x, y co-ordinates of the box centroid, bw, bh -

width and height of the box, bo - objectness score, bid, bexp, bR, bt, bf - 3DMM parameters and blm -

corresponding 2D landmarks) are then given by:

bx = σ(tx) + cx; by = σ(ty) + cy; bw = pw ∗ etw ; bh = ph ∗ eth

bo = Pr(face) ∗ IOU(b, face) = σ(to)

bid = tv1−50 ; bexp = σ(tv51−97)

bR = tv98−101 ; bt = tv102−104 ; bf = σ(tv105)

blmx = bx + bw ∗ b ˆlmx
; blmy = by + bh ∗ b ˆlmy

where σ denotes sigmoid function, (cx, cy) is the offset of the cell containing b from the top left

corner of the image, (pw, ph) are the dimensions of the bounding box prior, b ˆlm are the initial

landmarks obtained using equation 3.2 and IOU denotes intersection over union. As evident from

the equations, the landmark loss puts additional constraints on the bounding box locations and
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dimensions, thereby improving the accuracy of face detection in the joint training compared to

simple face detection. Our final loss function is the summation of Eq. 3.3 across all grids and

anchors, as shown in the following equation:
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1ijk(Plmijk
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where 1ijk denotes whether a kth bounding box predictor in cell j contains a face.

Our joint detection and retargeting network architecture, shown in Fig. 3.3, is similar to Tiny

DarkNet [113] with the final layer changed to predict a tensor of size 9×9×5×109. However, since

we only have one object class (face) in our problem, we reduce the number of filters in each layer

to a quarter of their original values. We extend the multi-scale backbone for single face retargeting

by changing the input image size to 288× 288 and the output of each branch to accommodate grid

output. The pose branch outputs change from 4 (R) + 3 (T ) + 1 (f ) = 8 to 9 × 9 × 5 × 8. The

expression branch outputs change from 46 to 9 × 9 × 5 × 46, and identity branch outputs change

from 50 to 9× 9× 5× 50. One extra branch is also added to output objectness and bounding box

location (9× 9× 5× (4 + 1)).

3.3 Experimental Setup

3.3.1 Datasets

For single face retargeting, we combine multiple datasets to have a good training set for accurate

prediction of each 3DMM parameters. 300W-LP contains many large poses and Facewarehouse is

a rich dataset for expressions. The ground truth 68 2D landmarks provided by these datasets are

used to obtain 3DMM ground truth by [12]. LFW and AFLW2000-3D are used as test sets for

static images and 300VW is used as test set for tracking on videos. For multiple face retargeting,

AFW has ground truth bounding box, pose angles and 6 landmarks and is used as a test set for

static images, while FDDB and WIDER only provide bounding box ground truth and are therefore
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Table 3.1: Number of images or videos and faces for each dataset used in training and testing of our net-

works.

Dataset #images #faces

SFN

300W-LP [122, 179] 61225 61225

FacewareHouse [17] 5000 500

LFW [60] 12639 12639

AFLW2000-3D [179] 2000 2000

300VW [127] 114 (videos) 218K

MFN

FDDB [66] 2845 5171

WIDER [158] 11905 56525

AFW [111] 205 1000

Music videos [171] 8 (videos) -

used for training (WIDER test set is kept separate for testing). Music videos dataset is used to test

our MFN performance on videos. We remove all images with more than 20 faces and also remove

faces whose bounding box dimensions are <2% of the image dimensions from both the training

and test sets. This is because determining the facial expressions for such small faces is ambiguous

even for human eyes. More details about the datasets are summarized in Table 3.1. We use an 80-

20 split of the training set for training and validation. To measure the performance of expression

accuracy, we manually collect an expression test set by selecting those extreme expression images.

The number of images in each of the expression categories are: eye close: 185, eye wide: 70, brow

raise: 124, brow anger: 100, mouth open: 81, jaw left/right: 136, lip roll: 64, smile: 105, kiss:

143, total: 1008 images.

3.3.2 Implementation Details

We use Keras [25] with Tensorflow backend for our implementation. Both networks are trained

using Adam optimizer with batch size 32. The initial learning rate is set to 10−3 and 10−4 for SFN
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and MFN respectively and is decreased by 10 times when the validation loss does not change over

5 consecutive epochs, until the learning rate reaches 10−6. Training takes about a day on a Nvidia

GTX 1080 for each network. For data augmentation, we use random scaling in the range [0.8,1.2],

random translation of 0-10%, color jitter and in-plane rotation. These augmentation techniques,

apart from improving the performance of SFN, help in generating more accurate ground truth for

individual faces for MFN.

3.3.3 Evaluation Metrics

We use 4 metrics: 1) average precision (AP) with different intersection-over-union thresholds as

defined in [114] to evaluate our MFN performance for face detection, 2) normalized mean error

(NME) defined as the Euclidean distance between the predicted and ground truth 2D landmarks

averaged over 68 landmarks and normalized by the bounding box dimensions, 3) area under the

curve (AUC) of the Cumulative Error Distribution curve for landmark error normalized by the

diagonal distance of ground truth bounding box [31], and 4) expression metric defined as the mean

absolute distance between the predicted expression parameters with respect to the ground truth,

which is 1 in our case following the practice of [17].

3.3.4 Face Tracking for SFN

For a video, we perform retargeting on a frame-by-frame basis. We start by feeding the entire

image into the model and keep shrinking the bounding box over time until it fits the face. Then

we set the bounding box of the current frame to be same as the bounding box obtained from the

boundaries of the 2D landmarks of the previous frame. Hence, unlike other methods, our method

does not require a face detection module at every frame or regular intervals or for the first frame.
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3.4 Results

3.4.1 Importance of Multi-Scale Representation

Our multi-scale network design reduces the load on the network to learn complex features by

allowing the network to concentrate on different image features to learn different parameters unlike

the single scale design. In Fig. 3.6, we see that single scale network learns generic facial features

that combines the representations for identity, expression and pose. On the other hand, multi-scale

network learns different levels of representation (pixel-level detailed features for expression, region

level features for identity and global aggregate features for pose). We have randomly chosen only

25 filter outputs at level 3 of our SFN for clearer visualization. Table 3.2 shows that our multi-scale

design not only reduces NME for single face images using SFN but also improves the performance

of MFN in terms of both normalized mean error (by generating a better weakly supervised ground

truth) and average precision for detection. Clearly, different feature representations are crucial to

accurately learn different groups of parameters. By reducing the network load, this design also

allows model compression so that multi-scale networks can be of comparable size with respect to

single scale networks while having better accuracy. Fig. 3.7a shows that the multi-scale design

predicts more accurate expression parameters (first row has correct landmarks for closed eyes) and

identity parameters (second row has correct landmarks that fit the face shape) while being robust

to large poses (second row), illumination (first row) and occlusion (third row).

3.4.2 Importance of Joint Training

Joint regression of both face bounding box locations and 3DMM parameters forces the network

to learn exclusive facial features that characterize face shape, expression and pose in addition to

differentiating face regions from the background. This helps in more precise face detection in-the-

wild by leveraging both 2D information from bounding boxes and 3D information from 3DMM

parameters. Table 3.2 shows that average precision (AP) is improved by a large margin with joint

training compared to when the same network is trained to only regress bounding box locations. The

retargeting accuracy for MFN is also comparable to that of SFN and the slight decrease in NME
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Figure 3.4: A few results from our own expression testing set using our single face retargeting network.

is because of training MFN on multi-face images and testing on single face images. Nevertheless,

we observe improved performance in terms of both NME and AP by using better ground truth

generated by multi-scale model. Results of our MFN on multi-face images are illustrated in Fig.

3.5.

3.4.3 Importance of Two Stage Refining

The optional second stage added to our single face retargeting network enables the network to

learn exclusive eye and mouth region features independent of each other to correct the expression

parameter values predicted by the second stage. Fig. 3.7b shows some examples where the second

stage predict more accurate expression parameters compared to the first stage. We would like to
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Figure 3.5: Testing results of our joint detection and retargeting model on AFW and WIDER. We show

both the predicted bounding boxes in one row and the corresponding 3D meshes constructed from 3DMM

parameters in the subsequent row. Our method can handle any number of faces of any shape.
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Figure 3.6: Visualization of learned features. From left to right in each row: input image, features for single

scale SFN, features for expression branch of multi-scale SFN, features for identity branch of multi-scale

SFN, features for pose branch of multi-scale SFN.

point out that in some cases, our prediction is more accurate compared to the provided ground

truth as evident from the figure. We also observe a decrease of NME by ˜3% on AFLW2000-3D

by the two-stage network. The improvement is mainly because it is impossible to have a balanced

distribution of different combinations of eye and mouth expressions in the training data, and the

two-stage training alleviates the need for such balanced distribution.

3.4.4 Performance of Face Detection

Our network can detect multiple small faces of reasonable size even though it is not trained on

images more than 20 faces. Our detection accuracy (mAP: 98.8%) outperforms Hyperface [112]

(mAP: 97.9%) and Faceness-Net [157] (mAP: 97.2%) on the entire AFW dataset when compared

under the same settings. Figure 3.8 shows our network outputs for an image with more than 20

faces in the AFW dataset. The blue rectangles denote the predicted bounding boxes and the red

points denote the 2D landmarks (for better viewing) projected from the predicted 3DMM parame-

ters.
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Table 3.2: Quantitative evaluation of our SFN and MFN. SS-MFN and MS-MFN denote single scale and

multi-scale MFN respectively. NME values are calculated for LFW (single faces) and AP values are calcu-

lated for AFW.

Model

Evaluation

NME

(%)

Multi Face

AP AP50 AP75

(1) MFN (detection only) - 92.1 99.2 94.3

(2) Single scale SFN 2.16 - - -

(3) Multi-scale SFN 1.91 - - -

(4) SS-MFN + GT from (2) 2.89 97.5 99.8 98.1

(5) SS-MFN + GT from (3) 2.65 98.2 100 98.9

(6) MS-MFN + GT from (3) 2.23 98.8 100 99.3

3.4.5 Comparison with 2D Alignment Methods

Even though we aim to predict the 3DMM parameters for retargeting applications, our model can

naturally serve the purpose for 2D face alignment (via 3D) as well. Therefore, we can evaluate the

model from the performance of 2D alignment perspective. Table 3.3 compares the performance of

our single scale and multi-scale SFN with state-of-the-art 2D face alignment methods. The images

of AFLW2000 are divided into 3 groups based on yaw angles. As can be seen, our model achieves

much smaller errors compared to most of the methods that are dedicated for precise landmark

locations. While PRN [42] has lower NME, its network size is 160MB compared to only 2MB

of ours and it doesn’t perform in real time on mobile or even on a common PC CPU. In addition

to evaluations on static images, we also measure the face tracking performance in a video using

our SFN. Table 3.4 compares the AUC values on 300VW dataset for three scenarios categorized

by the dataset. Our method performs significantly better than other methods (about 6% and 9%

improvement over the second best method for Scenarios 1-2 and 3 respectively) with negligible

failure rate because extensive data augmentation helps our tracking algorithm to quickly recover
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Figure 3.7: (a) 2D Face Alignment results for AFLW2000-3D. Column 1: original image with ground truth

landmarks, Column 2: results using [12], Column 3: our single scale SFN, Column 4: our multi-scale SFN.

(b) Evaluation of our two-stage SFN performance on AFLW200-3D. Row 1: Input images with ground truth

landmarks, Row 2: Output of 1st stage of SFN, Row 3: Output of 2nd stage of SFN. The eye landmarks

are corrected by the second stage in the first 3 columns and the mouth landmarks are corrected in the last

column.

from failures.

3.4.6 Evaluation of Expressions

Our expression evaluation results in Table 4.4 emphasizes the improvement of multi-scale design

on SFN. MS-MFN performs much better than SS-SFN for all expressions except the eye expres-

sions. This is because eye patches are usually small compared to the entire image for MFN whereas

they are zoomed in on cropped images for SFN. Attention network for emphasizing small eyes re-

gion could be a future work for our MFN. However, MS-MFN shows less accuracy compared to

MS-SFN because it is being tested on single face images while being trained on multi-face images.

For the multi-person test set images, we found similar visual results by applying MS-MFN on the

whole image and by applying MS-SFN on each face individually cropped from the image. This is

expected because MFN is trained with ground truth from SFN. The performance of MS-SFN on
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Figure 3.8: Network output for an image with multiple small faces from the AFW dataset.

our expression test set is shown in Fig. 3.4. We also conducted live performance capture exper-

iments to evaluate the efficiency our system in retargeting facial motion from one or more faces

to one or more 3D characters. Fig. 3.9 shows some screenshots recorded during the experiments.

The performance of our networks on face videos is shown on the project webpage1. In the first half

of the video, we show the results of retargeting from a single face video to a generic 3D human

face model using our single face retargeting network. The face bounding box for the current frame

is obtained from the boundaries of the 2D landmarks predicted in the previous frame. In the sec-

ond half of the video, we show the retargeting results with videos having multiple faces using our

multi-face retargeting network (only frames with multiple faces are shown).

3.4.7 Computational Complexity

Excluding the IO time, SFN can run at 15ms/frame on Google Pixel 2 (assuming single face and

excluding face detector runtime). Face detection with our compressed detector model is 34ms, so

1https://homes.cs.washington.edu/˜bindita/multifaceretargeting.html

https://homes.cs.washington.edu/~bindita/multifaceretargeting.html
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Figure 3.9: Retargeting from face(s) to 3D character(s).

separate face detection and retargeting requires 49ms for 1 face, 109ms for 5 faces and 184ms for

10 faces. On the other hand, our proposed MFN performs joint face detection and retargeting at

39ms on any number of faces. The model sizes for compressed face detector is 11.5 MB and SFN

is 2 MB, so the combination is 13.5 MB, while our MFN is only 7.8 MB. Hence our joint network

reduces both memory requirement and execution time.
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Table 3.3: Comparison of NME(%) for AFLW2000-3D (68 landmarks). 3DDFA2 refers to 3DDFA+SDM

[179].

Method [0◦,30◦] [30◦,60◦] [60◦,90◦] Mean

SDM [154] 3.67 4.94 9.67 6.12

3DDFA [179] 3.78 4.54 7.93 5.42

3DDFA2 [179] 3.43 4.24 7.17 4.94

Yu et al. [163] 3.62 6.06 9.56 6.41

3DSTN [8] 3.15 4.33 5.98 4.49

DFF [68] 3.20 4.68 6.28 4.72

PRN [42] 2.75 3.51 4.61 3.62

SS-SFN (ours) 3.09 4.27 5.59 4.31

MS-SFN (ours) 2.91 3.83 4.94 3.89

Table 3.4: Landmark localization performance of our method on videos in comparison to state-of-the-art

face tracking methods. The values are reported in terms of Area under the Curve (AUC) for Cumulative

Error Distribution of the 2D landmark error for 300VW test set.

Method Scenario 1 Scenario 2 Scenario 3

Yang et al. [156] 0.791 0.788 0.710

Xiao et al. [153] 0.760 0.782 0.695

CFSS [176] 0.784 0.783 0.713

MTCNN [169] 0.748 0.760 0.726

MHM [31] 0.847 0.838 0.769

SFN (ours) 0.901 0.884 0.842
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Chapter 4

PERSONALIZED FACE MODELING FOR IMPROVED FACE
TRACKING AND RETARGETING

4.1 Introduction

In order to perform tracking for retargeting, blendshape interpolation technique is usually adopted

where the users’ blendshapes are obtained by deformation transfer [131], but this alone cannot

reconstruct expressions realistically as shown in [48, 82]. Another popular technique is to use a

multilinear tensor-based 3DMM [146, 15, 14], where the expression is coupled with the identity

implying that same identities should share the same expression blendshapes. However, we argue

that facial expressions are characterized by different skin deformations on different persons due to

difference in face shape, muscle movements, age and other factors. This kind of user-specific local

skin deformations cannot be accurately represented by a linear combination of predefined blend-

shapes. For example, smiling and raising eyebrows create different cheek folds and forehead wrin-

kle patterns respectively on different persons, which cannot be represented by simple blendshape

interpolation and require correcting the corresponding blendshapes. Some optimization-based ap-

proaches [82, 48, 63, 116] have shown that modeling user-specific blendshapes indeed results in

a significant improvement in the quality of face reconstruction and tracking. However, these ap-

proaches are computationally slow and require additional preprocessing (e.g. landmark detection)

during test time, which significantly limits real-time applications with in-the-wild data on the edge

devices. The work [22] trains a deep neural network instead to perform retargeting in real-time on

typical mobile phones, but its use of predefined 3DMM limits its face modeling accuracy. Tewari

et al. [138] leverage in-the-wild videos to learn face identity and appearance models from scratch,

but they still use expression blendshapes generated by deformation transfer.

Moreover, existing methods learn a single albedo map for a user. The authors in [52] have
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shown that skin reflectance changes with skin deformations, but it is not feasible to generate a

separate albedo map for every expression during retargeting. Hence it is necessary to learn the

static reflectance separately, and associate the expression-specific dynamic reflectance with the

blendshapes so that the final reflectance can be obtained by interpolation similar to blendshape

interpolation, as in [102]. Learning dynamic albedo maps in addition to static albedo map also

helps to capture the fine-grained facial expression details like folds and wrinkles [104], thereby

resulting in reconstruction of higher fidelity.

To address these issues, we introduce a novel end-to-end framework that leverages a large

corpus of in-the-wild user videos to jointly learn personalized face modeling and face tracking

parameters. Specifically, we design a modeling network which learns geometry and reflectance

corrections on top of a 3DMM prior to generate user-specific expression blendshapes and dynamic

(expression-specific) albedo maps. In order to ensure proper disentangling of the geometry from

the albedo, we introduce the face parsing loss inspired by [177]. Note that [177] uses parsing loss in

a fitting based framework whereas we use it in a learning based framework. We also ensure that the

corrected blendshapes retain their semantic meanings by restricting the corrections to local regions

using attention maps and by enforcing a blendshape gradient loss. We design a separate track-

ing network which predicts the expression blendshape coefficients, head pose and scene lighting

parameters. The decoupling between the modeling and tracking networks enables our framework

to perform reconstruction as well as retargeting (by tracking one user and transferring the facial

motion to another user’s model). Our main contributions are:

1. We propose a deep learning framework to learn user-specific expression blendshapes and

dynamic albedo maps that accurately capture the complex user-specific expression dynamics

and high-frequency details like folds and wrinkles, thereby resulting in photorealistic 3D face

reconstruction.

2. We bring two novel constraints into the end-to-end training: face parsing loss to reduce

the ambiguity between geometry and reflectance and blendshape gradient loss to retain the

semantic meanings of the corrected blendshapes.
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Figure 4.1: Our end-to-end framework. Our framework takes frames from in-the-wild video(s) of a user

as input and generates per-frame tracking parameters via the TrackNet and personalized face model via the

ModelNet. The networks are trained together in an end-to-end manner (marked in red) by projecting the

reconstructed 3D outputs into 2D using a differentiable renderer and computing multi-image consistency

losses and other regularization losses.

3. Our framework jointly learns a user-specific face model and user-independent facial motion

in disentangled form, thereby supporting motion retargeting.

4.2 Methodology

Our network architecture, as shown in Fig. 4.1, has two parts: 1) ModelNet which learns to capture

the user-specific facial details and 2) TrackNet which learns to capture the user-independent facial

motion. The networks are trained together in an end-to-end manner using multi-frame images of

different identities, i.e., multiple images {I1, . . . , IN} of the same person sampled from a video

in each mini-batch. We leverage the fact that the person’s facial geometry and appearance remain

unchanged across all the frames in a video, whereas the facial expression, head pose and scene

illumination change on a per-frame basis. The ModelNet extracts a common feature from all the

N images to learn a user-specific face shape, expression blendshapes and dynamic albedo maps

(Section 4.2.1). The TrackNet processes each of the N images individually to learn the image-
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specific expression blendshape coefficients, pose and illumination parameters (Section 4.2.2). The

predictions of ModelNet and TrackNet are combined to reconstruct the 3D faces and then projected

to the 2D space using a differentiable renderer in order to train the network in a self-supervised

manner using multi-image photometric consistency, landmark alignment and other constraints.

During testing, the default settings can perform 3D face reconstruction. However, our network

architecture and training strategy allow simultaneous tracking of one person’s face using TrackNet

and modeling another person’s face using ModelNet, and then retarget the tracked person’s facial

motion to the modeled person or an external face model having similar topology as our face model.

4.2.1 Learning Personalized Face Model

Our template 3D face consists of a mean (neutral) face mesh S0 having 12K vertices, per-vertex

colors (converted to 2D mean albelo mapR0 using UV coordinates) and 56 expression blendshapes

{S1, . . . , S56}. Given a set of expression coefficients {w1, . . . , w56}, the template face shape can

be written as S̄ = w0S0 +
∑56

i=1wiSi where w0 = (1 −
∑56

i=1wi). Firstly, we propose to learn

an identity-specific corrective deformation ∆S
0 from the identity of the input images to convert S̄

to identity-specific shape. Then, in order to better fit the facial expression of the input images, we

learn corrective deformations ∆S
i for each of the template blendshapes Si to get identity-specific

blendshapes. Similarly, we learn a corrective albedo map ∆R
0 to convert R0 to identity-specific

static albedo map. In addition, we also learn corrective albedo maps ∆R
i corresponding to each Si

to get identity-specific dynamic (expression-specific) albedo maps.

In our ModelNet, we use a shared convolutional encoder Emodel to extract features Fmodel
n from

each image In ∈ {I1, . . . , IN} in a mini-batch. Since all the N images belong to the same person,

we take an average over all the Fmodel
n features to get a common feature Fmodel for that person.

Then, we pass Fmodel through two separate convolutional decoders, Dmodel
S to estimate the shape

corrections ∆S
0 and ∆S

i , and Dmodel
R to estimate the albedo corrections ∆R

0 and ∆R
i . We learn the

corrections in the UV space instead of the vertex space to reduce the number of network parameters

and preserve the contextual information.
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User-specific expression blendshapes A naive approach to learn corrections on top of template

blendshapes based on the user’s identity would be to predict corrective values for all the vertices

and add them to the template blendshapes. However, since blendshape deformation is local, we

want to restrict the corrected deformation to a similar local region as the template deformation.

To do this, we first apply an attention mask over the per-vertex corrections and then add it to

the template blendshape. We compute the attention mask Ai corresponding to the blendshape Si

by calculating the per-vertex Euclidean distances between Si and S0, thresholding them at 0.001,

normalizing them by the maximum distance, and then converting them into the UV space. We

also smooth the mask discontinuities using a small amount of Gaussian blur following [102]. Fi-

nally, we multiply Ai with ∆S
i and add it to Si to obtain a corrected Si. Note that the masks are

precomputed and then fixed during network operations. The final face shape is thus given by:

S = w0S0 + F(∆S
0 ) +

56∑
i=1

wi[Si + F(Ai∆
S
i )] (4.1)

where F(·) is a sampling function for UV space to vertex space conversion.

User-specific dynamic albedo maps We use one static albedo map to represent the identity-

specific neutral face appearance and 56 dynamic albedo maps, one for each expression blendshape,

to represent the expression-specific face appearance. Similar to blendshape corrections, we predict

56 albedo correction maps in the UV space and add them to the static albedo map after multiplying

the dynamic correction maps with the corresponding UV attention masks. Our final face albedo is

thus given by:

R = Rt
0 + ∆R

0 +
56∑
i=1

wi[Ai∆
R
i ] (4.2)

where Rt
0 is the trainable mean albedo initialized with the mean albedo R0 from our template face

similar to [138].
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Table 4.1: Architecture of our networks. s# refers to stride #. (a) Architecture of the shared encoder of

our modeling network. The outputs of the encoder for each input image in a mini-batch are average pooled

to obtain a single (7, 7, 512) feature that becomes the input to both the decoders. (b) Architecture of each

of the decoder of our modeling network. Note that the output of the last Deconv2D layer goes into both the

last 2 Conv2D layers.

(a)

Layers Input Shape Output Shape

Conv2D (7× 7, s2) (224,224,3) (112,112,64)

Maxpool (3× 3, s2) (112,112,64) (56,56,64)

Conv2D (3× 3, s1) (56,56,64) (56,56,128)

Conv2D (3× 3, s2) (56,56,128) (28,28,128)

Conv2D (3× 3, s1) (28,28,128) (28,28,256)

Conv2D (3× 3, s2) (28,28,256) (14,14,256)

Conv2D (3× 3, s1) (14,14,256) (14,14,512)

Conv2D (3× 3, s2) (14,14,512) (7,7,512)

(b)

Layers Input Shape Output Shape

Deconv2D (4× 4, s2) (7,7,512) (16,16,512)

Deconv2D (4× 4, s2) (16,16,512) (32,32,256)

Deconv2D (4× 4, s2) (32,32,256) (64,64,128)

Deconv2D (4× 4, s2) (64,64,128) (128,128,64)

Conv2D (1× 1, s1) (128,128,64) (128,128,3)

Conv2D (1× 1, s1) (128,128,64) (128,128,56*3)

4.2.2 Joint Modeling and Tracking

The TrackNet consists of a convolutional encoder E track followed by multiple fully connected lay-

ers to regress the tracking parameters pn = (wn,Rn, tn, γn) for each image In. The encoder and

fully connected layers are shared over all the N images in a mini-batch. Here wn = (wn0 , . . . , w
n
56)

is the expression coefficient vector and Rn ∈ SO(3) and tn ∈ R3 are the head rotation (in terms

of Euler angles) and 3D translation respectively. γn ∈ R27 are the 27 Spherical Harmonics coeffi-

cients (9 per color channel) following the illumination model of [138].

Training Phase: We first obtain a face shape Sn and albedo Rn for each In by combining S (equa-

tion 4.1) andR (equation 4.2) from the ModelNet and the expression coefficient vector wn from the

TrackNet. Then, similar to [49, 138], we transform the shape using head pose as S̃n = RnSn + tn

and project it onto the 2D camera space using a perspective camera model Φ : R3 → R2. Finally,
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we use a differentiable rendererR to obtain the reconstructed 2D image as În = R(S̃n,nn, Rn, γn)

where nn are the per-vertex normals. We also mark 68 facial landmarks on our template mesh

which we can project onto the 2D space using Φ to compare with the ground truth 2D landmarks.

Testing Phase: The ModelNet can take a variable number of input images of a person (due to

our feature averaging technique) to predict a personalized face model. The TrackNet executes

independently on one or more images of the same person given as input to ModelNet or a different

person. For face reconstruction, we feed images of the same person to both the networks and

combine their outputs as in the training phase to get the 3D faces. In order to perform facial motion

retargeting, we first obtain the personalized face model of the target subject using ModelNet. We

then predict the facial motion of the source subject on a per-frame basis using the TrackNet and

combine it with the target face model. It is important to note that the target face model can be any

external face model with semantically similar expression blendshapes.

4.2.3 Loss Functions

We train both the TrackNet and the ModelNet together in an end-to-end manner using the following

loss function:

L = λphLph + λlmLlm + λpaLpa + λsdLsd + λbgLbg + λregLreg (4.3)

where the loss weights λ∗ are chosen empirically and their values are chosen empirically as λph =

200;λlm = 0.1;λpa = 50;λsd = 2.5;λbg = 1.5;λreg = 10−3;λγ = 0.02.

Photometric and Landmark Losses: We use the l2,1 [144] loss to compute the multi-image pho-

tometric consistency loss between the input images In and the reconstructed images În. The loss

is given by

Lph =
N∑
n=1

∑Q
q=1 ||Mn(q) ∗ [In(q)− În(q)]||2∑Q

q=1Mn(q)
(4.4)

whereMn is the mask generated by the differentiable renderer (to exclude the background, eyeballs

and mouth interior) and q ranges over all the pixels Q in the image. In order to further improve the

quality of the predicted albedo by preserving high-frequency details, we add the image (spatial)
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gradient loss having the same expression as the photometric loss with the images replaced by their

gradients. Adding other losses as in [49] resulted in no significant improvement. The landmark

alignment loss Llm is computed as the l2 loss between the ground truth and predicted 68 2D facial

landmarks.

Face Parsing Loss: The photometric and landmark loss constraints are not strong enough to over-

come the ambiguity between shape and albedo in the 2D projection of a 3D face. Besides, the

landmarks are sparse and often unreliable especially for extreme poses and expressions which are

difficult to model because of depth ambiguity. So, we introduce the face parsing loss given by:

Lpa =
N∑
n=1

||Ipa
n − Îpa

n ||2 (4.5)

where Ipa
n is the ground truth parsing map generated using the method in [85] and Îpa

n is the pre-

dicted parsing map generated asR(S̃n,nn, T ) with a fixed precomputed UV parsing map T .

Shape Deformation Smoothness Loss: We employ Laplacian smoothness on the identity-specific

corrective deformation to ensure that our predicted shape is locally smooth. The loss is given as:

Lsd =
V∑
v=1

∑
u∈Nv

||∆S
0 (v)−∆S

0 (u)||22 (4.6)

where V is the total number of vertices in our mesh and Nv is the set of neighboring vertices

directly connected to vertex v.

Blendshape Gradient Loss: Adding free-form deformation to a blendshape, even after restricting

it to a local region using attention masks, can change the semantic meaning of the blendshape.

However, in order to retarget tracked facial motion of one person to the blendshapes of another

person, the blendshapes of both the persons should have semantic correspondence. We introduce

a novel blendshape gradient loss to ensure that the deformation gradients of the corrected blend-

shapes are similar to those of the template blendshapes. The loss is given by:

Lbg =
56∑
i=1

||GS0→(Si+∆S
i ) −GS0→Si

||22 (4.7)

where Ga→b denotes the gradient of the deformed mesh b with respect to original mesh a. Details

about how to compute G can be found in [82].
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Tracking Parameter Regularization Loss: We use sigmoid activation at the output of the expres-

sion coefficients and regularize the coefficients using l1 loss (Lwreg) to ensure sparse coefficients in

the range [0, 1]. In order to disentangle the albedo from the lighting, we use a lighting regularization

loss given by:

Lγreg = ||γ − γmean||2 + λγ||γ||2 (4.8)

where the first term ensures that the predicted light is mostly monochromatic and the second term

restricts the overall lighting. We found that regularizing the illumination automatically resulted in

albedo consistency, so we don’t use any additional albedo loss. Finally, Lreg = Lwreg + Lγreg.

4.3 Experimental Setup

4.3.1 Datasets

We train our network using two datasets: 1) VoxCeleb2 [27] and 2) ExpressiveFaces. We set aside

10% of each dataset for testing. VoxCeleb2 has more than 140k videos of about 6000 identities

collected from internet, but the videos are mostly similar. So, we choose a subset of 90k videos

from about 4000 identities. The images in VoxCeleb2 vary widely in pose but lack variety in

expressions and illumination, so we add a custom dataset (ExpressiveFaces) to our training, which

contains 3600 videos of 3600 identities. The videos are captured by the users using a hand-held

camera (typically the front camera of a mobile phone) as they perform a wide variety of expressions

and poses in both indoor and outdoor environments. We sample the videos at 10fps to avoid

multiple duplicate frames, randomly delete frames with neutral expression and pose based on a

threshold on the expression and pose parameters predicted by [22], and then crop the face and

extract ground truth 2D landmarks using [22]. The cropped faces are resized to 224 × 224 and

grouped into mini-batches, each of N images chosen randomly from different parts of a video to

ensure sufficient diversity in the training data. We set N = 4 during training and N = 1 during

testing (unless otherwise mentioned) as evaluated to work best for real-time performance in [138].
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Figure 4.2: Qualitative results of our method. Our modeling network accurately captures high-fidelity facial

details specific to the user, thereby enabling the tracking network to learn user-independent facial motion.

Our network can handle a wide variety of pose, expression, lighting conditions, facial hair and makeup etc.
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4.3.2 Implementation Details

We implemented our networks in Tensorflow and used TF mesh renderer [50] for differentiable

rendering. During the first stage of training, we train both TrackNet and ModelNet in an end-

to-end manner using equation 4.3. During the second stage of training, we fix the weights of

TrackNet and fine-tune the ModelNet to better learn the expression-specific corrections. The fine-

tuning is done using the same loss function as before except the tracking parameter regularization

loss since the tracking parameters are now fixed. This training strategy enables us to tackle the

bilinear optimization problem of optimizing the blendshapes and the corresponding coefficients,

which is generally solved through alternate minimization by existing optimization-based methods.

Besides, our method of obtaining the user-specific face shape and albedo from multiple frames

helps in learning the static shape and albedo corrections separately from the expression-specific

shape and albedo variations. As a result, our framework can produce photorealistic expression-

specific deformations on a new user during testing. For training, we use a batch size of 8, learning

rates of 10−4 (10−5 during second stage) and Adam optimizer for loss minimization. Training takes

∼20 hours on a single Nvidia Titan X for the first stage, and another∼5 hours for the second stage.

Since our template mesh contains 12264 vertices, we use a corresponding UV map of dimensions

128 × 128. The architectures of the encoder and decoders of our modeling network are given in

Table 4.1a and Table 4.1b. Each Conv2D and Deconv2D layer is followed by batch normalization

which is then followed by ReLU activation. Our end-to-end network has a size of 240 MB and

takes 15.4 ms to execute 1 image and 37.5 ms to execute 4 images on a Titan X GPU on average.

4.4 Results

We evaluate the effectiveness of our framework using both qualitative results and quantitative com-

parisons. Fig. 4.2 shows the personalized face shape and albedo, scene illumination and the final

reconstructed 3D face generated from monocular images by our method. Learning a common face

shape and albedo from multiple images of a person separately from the image-specific facial mo-

tion helps in successfully decoupling the tracking parameters from the learned face model. As
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Figure 4.3: Importance of personalization. (a) input image, (b) reconstruction using 3DMM prior only, (c)

reconstruction after adding only identity-based corrections, i.e. ∆S
0 and ∆R

0 in eq. (2) and (3) respectively,

(d) reconstruction after adding expression-specific corrections, (e) results of (d) with different viewpoints

and illumination.

a result, our tracking network have the capacity to represent a wide range of expressions, head

pose and lighting conditions. Moreover, learning a unified model from multiple images help to

overcome issues like partial occlusion, self-occlusion, blur in one or more images. Fig. 4.3 shows

a gallery of examples that demonstrate the effectiveness of personalized face modeling for better

reconstruction. Fig. 4.7a shows that our network can be efficiently used to perform facial motion

retargeting to another user or to an external 3D model of a stylized character in addition to face

reconstruction.

Fig. 4.2 shows 3D face reconstruction results using our method on our test data. It can be

noted that our method can reconstruct faces accurately even under conditions like unusual light-

ing, uncommon face shapes (e.g. baby face), extreme poses, occlusion and extreme expressions.

However, similar to [138], our method embeds eye glasses into the albedo. We would like to
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point out that videos of ExpressiveFaces are captured by hand-held cameras and have resolution

of 1920 × 1080, from which we crop faces resized to size 224 × 224. On the other hand, videos

in Voxceleb2 [27] are scraped from Youtube and hence have a very different distribution (lower

resolution) than the videos of ExpressiveFaces. The performance of our method on face videos

is shown on the project webpage1. We show three applications of our method: a) personalized

reconstruction, b) retargeting to a different user’s face model, and c) retargeting to an external 3D

puppet. To process the input video, we detect the face bounding box using [22] for the first frame

only. For the subsequent frames, the bounding box of each frame is obtained from the boundaries

of the 2D landmarks predicted in the previous frame. This technique helps in reducing the jitter in

the results due to inconsistent bounding box selection if done on a per-frame basis. However, some

temporal smoothing as a post-processing step will produce better results.

4.4.1 Importance of Personalized Face Model

Importance of personalized blendshapes: Modeling the user-specific local geometry deforma-

tions while performing expressions enable our modeling network to accurately fit the facial shape

of the input image. Fig. 4.4a shows examples of how the same expression can look different on

different identities and how the corrected blendshapes capture those differences for more accurate

reconstruction than with the template blendshapes. In the first example, the extent of opening of

the mouth in the mouth open blendshape is adjusted according to the user expression. In the second

example, the mouth shape of the mouth funnel blendshape is corrected.

Importance of dynamic textures: Modeling the user-specific local variations in skin reflectance

while performing expressions enable our modeling network to generate a photorealistic texture for

the input image. Fig. 4.4b shows examples of how personalized dynamic albedo maps help in

capturing the high-frequency expression-specific details compared to static albedo maps. In the

first example, our method accurately captures the folds around the nose and mouth during smile

1https://homes.cs.washington.edu/˜bindita/personalizedfacemodeling.html

https://homes.cs.washington.edu/~bindita/personalizedfacemodeling.html
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Figure 4.4: Visualization of corrected blendshapes and albedo. The corrections are highlighted. (a) Learning

user-specific blendshapes corrects the mouth shape of the blendshapes, (b) Learning user-specific dynamic

albedo maps captures the high-frequency details like skin folds and wrinkles.

expression. In the second example, the unique wrinkle patterns between the eyebrows of the two

users are correctly modeled during a disgust expression.

4.4.2 Importance of Novel Training Constraints

Importance of parsing loss: The face parse map ensures that each face part of the reconstructed

geometry is accurate as shown in [177]. This prevents the albedo to compensate for incorrect ge-

ometry, thereby disentangling the albedo from the geometry. However, the authors of [177] use

parse map in a geometry fitting framework which, unlike our learning framework, does not gener-

alize well to in-the-wild images. Besides, due to the dense correspondence of parse map compared

to the sparse 2D landmarks, parsing loss (a) provides a stronger supervision on the geometry, and

(b) is more robust to outliers. We demonstrate the effectiveness of face parsing loss in Fig. 4.5a.

In the first example, the kiss expression is correctly reconstructed with the loss, since the 2D land-
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Figure 4.5: Importance of novel training constraints. (a) importance of face parsing loss in obtaining accu-

rate geometry decoupled from albedo, (b) importance of blendshape gradient loss in retaining the semantic

meaning of mouth open (row 1) and kiss (row 2) blendshapes after correction.

marks are not enough to overcome the depth ambiguity. In the second example, without parsing

loss the albedo tries to compensate for the incorrect geometry by including the background in the

texture. With loss, the nose shape, face contour and the lips are corrected in the geometry, resulting

in better reconstruction.

Importance of blendshape gradient loss: Even after applying attention masks to restrict the

blendshape corrections to local regions, our method can distort a blendshape such that it loses its

semantic meaning, which is undesirable for retargeting purposes. We prevent this by enforcing

the blendshape gradient loss, as shown in Fig. 4.5b. In the first example, without gradient loss,

the mouth open blendshape gets combined with jaw left blendshape after correction in order to

minimize the reconstruction loss. With gradient loss, the reconstruction is same but the mouth open

blendshape retains its semantics after correction. Similarly in the second example, without gradient

loss, the kiss blendshape gets combined with the mouth funnel blendshape, which is prevented by

the loss.
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Figure 4.6: Visual comparison with (a) FML [138], (b) Non-linear 3DMM [144].

4.4.3 Visual Comparison with State-of-the-art Methods

3D face reconstruction: We test the effectiveness of our method on VoxCeleb2 test set to compare

with FML results [138] as shown in Fig. 4.6a. In the first example, our method captures the mouth

shape and face texture better. The second example shows that our personalized face modeling can

efficiently model complex expressions like kissing and complex texture like eye shadow better than

FML. We also show the visual comparisons between our method and Non-linear 3DMM [144] on

the AFLW2000-3D dataset [179] in Fig. 4.6b. Similar to FML, Non-linear 3DMM fails to accu-

rately capture the subtle facial details.

Face tracking and retargeting: By increasing the face modeling capacity and decoupling the

model from the facial motion, our method performs superior face tracking and retargeting com-

pared to a recent deep learning based retargeting approach [22]. Fig. 4.7a shows some frames

from a user video and how personalization helps in capturing the intensity of the expressions more

accurately.
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Figure 4.7: (a) Tracking comparison with [22]. (b) 3D reconstruction error maps.

4.4.4 Quantitative Evaluation

3D face reconstruction: We compute 3D geometry reconstruction error (root mean squared error

between a predicted vertex and ground truth correspondence point) to evaluate our predicted mesh

on 3D scans from BU-3DFE [160] and Facewarehouse (FWH) [16]. For BU-3DFE we use both the

views per scan as input, and for FWH we do not use any special template to start with, unlike Asian

face template used by FML. Our personalized face modeling and novel constraints together result

in lower reconstruction error compared to state-of-the-art methods (Table 4.3a and Fig. 4.7b). The

optimization-based method [48] obtains 1.59mm 3D error for FWH compared to our 1.68mm, but

is much slower (120s/frames) compared to our method (15.4ms/frame). We also show how each

component of our method helps in improving the overall output in Table 4.2. For photometric er-

ror, we used 1000 images of CelebA [90] (referred as CelebA*) dataset to be consistent with [138].

Face tracking: We evaluate the tracking performance of our method using two metrics: 1) Nor-

malized Mean Error (NME), defined as an average Euclidean distance between the 68 predicted

and ground truth 2D landmarks normalized by the bounding box dimension, on AFLW2000-3D

dataset [179], and 2) Area under the Curve (AUC) of the cumulative error distribution curve for

2D landmark error [31] on 300VW video test set [127]. Table 4.3b shows that we achieve lower
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landmark error compared to state-of-the-art methods although our landmarks are generated by a

third-party method. We also outperform existing methods on video data (Table 4.3c). For video

tracking, we detect the face in the first frame and use the bounding box from previous frame for

subsequent frames similar to [22]. However, the reconstruction is performed on a per-frame basis

to avoid inconsistency due to the choice of random frames.

Facial motion retargeting: In order to evaluate whether our tracked facial expression gets cor-

rectly retargeted on the target model, we use the expression metric defined as the mean absolute

error between the predicted and ground truth blendshape coefficients as in [22]. Our evaluation

results in Table 4.4 emphasize the importance of personalized face model in improved retargeting,

since [22] uses a generic 3DMM as its face model.
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Table 4.2: Ablation study. Evaluation of different components of our proposed method in terms of standard

evaluation metrics. Note that B and C are obtained with all the loss functions other than the parsing loss and

the gradient loss.

Method

3D error (mm) NME AUC Photo error

BU-3DFE FWH AFLW2000-3D 300VW CelebA*

Mean SD Mean SD Mean Mean Mean

3DMM prior (A) 2.21 0.52 2.13 0.49 3.94 0.845 22.76

A + blendshape corrections (B) 2.04 0.41 1.98 0.44 3.73 0.863 22.25

B + albedo corrections (C) 1.88 0.39 1.85 0.41 3.68 0.871 20.13

C + parsing loss (D) 1.67 0.35 1.73 0.37 3.53 0.883 19.49

D + gradient loss (final) 1.61 0.32 1.68 0.35 3.49 0.890 18.91

Table 4.3: Quantitative evaluation with state-of-the-art methods. (a) 3D reconstruction error (mm) on BU-

3DFE and FWH datasets, (b) NME (%) on AFLW2000-3D (divided into 3 groups based on yaw angles), (c)

AUC for cumulative error distribution of the 2D landmark error for 300VW test set (divided into 3 scenarios

by the authors). Note that higher AUC is better, whereas lower value is better for the other two metrics.

(a)

Method
BU-3DFE FWH

Mean SD Mean SD

[140] 1.83 0.39 1.84 0.38

[141] 3.22 0.77 2.19 0.54

[138] 1.74 0.43 1.90 0.40

Ours 1.61 0.32 1.68 0.35

(b)

Method [0-30◦] [30-60◦] [60-90◦] Mean

[179] 3.43 4.24 7.17 4.94

[8] 3.15 4.33 5.98 4.49

[42] 2.75 3.51 4.61 3.62

[22] 2.91 3.83 4.94 3.89

Ours 2.56 3.39 4.51 3.49

(c)

Method Sc. 1 Sc. 2 Sc. 3

[156] 0.791 0.788 0.710

[169] 0.748 0.760 0.726

[31] 0.847 0.838 0.769

[22] 0.901 0.884 0.842

Ours 0.913 0.897 0.861

Table 4.4: Quantitative evaluation of retargeting accuracy (measured by the expression metric) on [22]

expression test set. Lower error means the model performs better for extreme expressions.

Model
Eye

Close

Eye

Wide

Brow

Raise

Brow

Anger

Mouth

Open

Jaw

L/R

Lip

Roll
Smile Kiss Avg

(1) Retargeting [22] 0.117 0.407 0.284 0.405 0.284 0.173 0.325 0.248 0.349 0.288

(2) Ours 0.140 0.389 0.259 0.284 0.208 0.394 0.318 0.121 0.303 0.268
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Chapter 5

JOINT AUDIO-VIDEO DRIVEN FACIAL EXPRESSION RETARGETING

5.1 Introduction

The goal of this work is to learn a shared embedding that encodes the intrinsic content representa-

tion from both audio and video modalities for efficient 3D face animation, especially the lip/mouth

movement. In other words, we care about improving the speech driven animation through lever-

aging such a content representation. Guided by this design principle, we propose an end-to-end

framework to harvest the disentangled representations through both unsupervised learning (via

auto-encoder) and cross-modality self-supervised learning (through minimizing the disagreement

between the two modalities). However, merely using the content representation as a latent space

feature in existing 3D face reconstruction networks like [21] will result in an incomplete face

without eyes, mouth interior, hair and background. Inspired by [44, 45], we leverage the recent

advancements in neural radiance fields (NERFs) to represent the geometry and appearance of a

3D face as a neural network that can be sampled at points in space. A ray-marching approach

together with a volumetric integration scheme similar to [98] is used to sample from the neural

network to render the reconstructed face. The dynamic NERF is conditioned on the learned con-

tent representation in addition to the sample position and view direction of standard NERF. During

each training iteration, our end-to-end framework takes a few frames of a user’s video and the

corresponding speech segment as input and creates separate embeddings for the audio and video

modalities. The two embeddings are then linearly combined using learnable weights to create a

shared representation that controls the 3D face of the user at the output of the dynamic NERF. As

is evident from our current pipeline, we need to re-train our network for every new user, which is

inefficient and time consuming. To overcome this limitation, we propose to utilize model-agnostic

meta learning (MAML) [43] to quickly adapt the network parameters for any new user. Recently
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Figure 5.1: End-to-end framework of our method. Our network comprises of two parallel autoencoders

which encode the input audio and video into content embeddings. A weighted average of the embeddings is

then taken to create a shared embedding that becomes a conditional input to a neural radiance field. We use

meta learning updates to adapt the network parameters for every new user.

MAML has been successfully used in tasks like object tracking [148], face recognition [53], and

face antispoofing [110]. Our main contributions are:

1. We propose a novel end-to-end framework that extracts a compact representation from both

audio and video modalities from talking user videos and uses it as a conditional input to a

dynamic neural radiance field to create 4D user avatars.

2. Our architecture efficiently disentangles the facial motion information from the identity using

cross-modality self-supervised learning.

5.2 Methodology

Fig. 5.1 shows the end-to-end framework of our approach and consists of three major components:

(a) a cross-modality shared embedding, which consists of two parallel autoencoders encoding the

identity and content information from the audio and video modalities, to eventually create a shared
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embedding of the facial motion, (b) a neural face representation, which is a multilayer perceptron

that takes the shared embedding as a conditional input in addition to other standard NERF inputs

to create a 3D face at the output, and (c) a meta learning setup, which considers our end-to-end

network trained on a single subject as a task and performs meta updates of the network for every

new user. We now explain each of these components in more detail.

5.2.1 Cross-modality Shared Embedding

Our first aim is to disentangle the identity from the facial motion for each of the modalities, since

the identity information is irrelevant for facial motion retargeting purposes. To achieve this, we

utilize standard autoencoders, which can be trained in an unsupervised manner. Given an image

Ig, the image encoder would output both the content feature embedding (denoted as Vc) and visual

feature embedding (denoted as Vr). To avoid information loss, the image decoder takes both Vr and

Vc as input and outputs another image Ip, which is supposed to reconstruct the input Ig. Likewise,

for the speech modality, the encoder outputs both the content feature embedding (denoted as Sc)

as well as the other speech feature embedding (denoted as Sr). The goal is also to reconstruct the

input signal Sg from the speech decoder output denoted as Sp. Therefore, we have to minimize the

reconstruction loss Lrec for both modalities, given by:

Lrec = (Ip − Ig)2 + (Sp − Sg)2 (5.1)

The speech signal Sg is generated by passing the input speech segment through DeepSpeech [56]

as in VOCA [30]. We then take a weighted average of the content embeddings of both modalities

to get the shared embedding as:

Ec = αV ∗ Vc + αS ∗ Sc (5.2)

where the weights αV and αS sum to 1 and are learned along with the entire network during the

training.

However, an autoencoder alone cannot guarantee the disentanglement of identity from facial

motion. Hence we add a separate classifier R to ensure that Vr embeds the identity information.

The classifier is essentially a state-of-the-art face recognition network that is first trained on all
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identities in our training data and then fixed during the training of our framework. The loss Lcl

between the classifier output identity PR and the ground truth identity Pg is the standard cross-

entropy loss of face recognition tasks. Interestingly, such a classifier cannot be used for Sr, since

Sr embeds more information than just identity, like background noise etc. Hence, we try to ensure

that Sc encodes only the necessary content information. We perform this by using an L1 loss

between Vc and Sc:

Lcross = ||Vc − Sc||1 (5.3)

5.2.2 Neural Face Representation

The 3D information of the input user face is represented here by a dynamic radiance field, which

in turn is represented by a multi-layer perceptron (MLP) fθ as:

fθ(p,
−→
d ,Ec) = (RGB, σ) (5.4)

where θ contains the MLP parameters, p is the position (x,y,z coordinates),
−→
d is the viewing

direction, and Ec is the shared embedding vector from eq. 5.2. We use positional encoding for p

and
−→
d as in [44]. In order to get the viewing direction, we estimate the rigid head pose of the input

video frame using our method described in Chapter 3 and then use it to transform the camera space

coordinates to the world coordinates of the head.

Volumetric rendering is used to render the learned 3D face. Specifically, we cast rays through

each pixel of the input image, sample random points along these rays, and accumulate the predicted

RGB values and density at the sampled points to get the pixel color C as:

C(−→r ; θ,R, t, Ec) =

∫ z2

z1

σθ(
−→r ) ·RGBθ(

−→r ,
−→
d ) · τ(t)dt (5.5)

where−→r is the camera ray, R and t are the head rotation and translation, σθ andRGBθ are predicted

by eq. 5.4, and τ(t) is the transmittance accumulated from point z1 to t along the ray:

τ(t) = exp(−
∫ t

z1

σθ(
−→r (s))ds) (5.6)
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The NERF is trained on photometric reconstruction loss given by:

Lnerf =
∑
j

||C(−→r ; θ,R, t, Ec)− Ig[j]||2 (5.7)

where the sum is taken over all pixels j in the image. The total loss function for the end-to-end

network training is thus:

L = Lrec + Lcl + Lcross + Lnerf (5.8)

5.2.3 Meta Learning Setup

As discussed earlier, at every training iteration, our network takes a particular user’s video as input

and learns to generate a 3D face for that user. This means the network needs to be re-trained for

every new user, which is highly inefficient. In order to automatize this process to some extent,

we consider the network learning for a single user as a task in a model-agnostic meta learning

setup. For each such task, the support set is a set of frontal view frames exhibiting different facial

expressions, and the query set is the set of all other views. Hence for a new user, it is enough to

update the trained network parameters by capturing a few frontal views of the user expressions.

The basic algorithm contains two loops:

• The inner loop computes ∇θ̂Lu(·) for user u over the support set and updates θ̂n at each

meta-training iteration n, where θ̂ are the parameters of the end-to-end network.

• The outer loop computes ∇θ̂

∑
u Lu(·) over the query set and updates the optimal network

parameters θ̂∗
n

at each meta-testing iteration n.

5.3 Experimental Setup

5.3.1 Datasets

We train our network using two datasets: 1) VoxCeleb2 [27] and 2) the VOCA dataset collected

by Cudeiro et al. [30]. VoxCeleb2 has more than 140k videos of about 6000 identities collected

from the Internet, but the videos are mostly similar. So, we choose a subset of 90k videos from



56

about 4000 identities. We sample the videos at 10fps to avoid multiple duplicate frames, randomly

delete frames with neutral expression and pose based on a threshold on the expression and pose

parameters predicted by [22], and then crop the face and extract ground truth 2D landmarks using

[22]. The VOCA dataset consists of 4D face scans captured at 60 fps with the corresponding

speech and RGB images. There are 12 identities and each speaks 40 sentences of roughly 3-5

seconds each. All the face scans are aligned to a common template mesh making the scans in

correspondence. We sample the VOCA videos similarly and all cropped faces are finally resized to

224×224. We train only on VoxCeleb2, and VOCA is used as an additional test dataset to evaluate

the performance of our method on 3D meshes.

5.3.2 Implementation Details

The inputs to our network during an iteration is a pair consisting of a video frame and the corre-

sponding synchronized raw speech segment. The images are channel-wise standardized using the

mean and standard deviation values of the training set. At the same time, each raw speech window

corresponding to a video frame is first transformed into a DeepSpeech [56] frame of size 16 × 29

using a pretrained DeepSpeech network. The image encoder and decoder consist of standard con-

volutional and transpose convolutional layers respectively like U-Net [120], with the bottleneck

linearizing the 2D feature into a vector for the embedding. The speech encoder and decoder con-

sist of fully-connected layers. All layers are followed by batch normalization and ReLU activation.

The dynamic NERF contains 8 fully-connected layers of 256 neurons each up to the prediction

of density, following which there are 4 fully-connected layers of 128 neurons each to predict the

RGB values. We pass 1000 rays through the image pixels, and sample 100 points along each ray to

compute the aggregate. We implemented our network using PyTorch [107] and trained it for 200K

iterations using the Adam optimizer with a constant learning rate of 10−4.

5.4 Results

In this section, we present the study of the importance of each of our components, and qualitative

and quantitative comparisons of our method with state-of-the-art approaches.
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Table 5.1: Ablation study for the importance of each component of our network.

Method PSNR

Audio only 35.74 ± 0.12

Video only 37.83 ± 2.83

Audio + Video 38.54 ± 2.97

Audio + Video + Lcross 38.91 ± 3.03

Audio + Video + Lcross + Lcl 39.14 ± 2.46

5.4.1 Ablation Study

Our initial hypothesis regarding the advantage of using both audio and video modalities in improv-

ing the face reconstruction quality is proved in Table 5.1. It is important to note that our learned

weights in eq. 5.2 help the network to automatically decide the importance of the two modalities

at any particular instant. For example, during instants when the speech is ambiguous but the facial

movement is minimal, αS is greater than αV to ensure proper lip synchronization. On the other

hand, during instants when the user is not speaking but expressing a strong emotion like laughter

or surprise, αV is greater than αS in order to capture the expression-specific facial deformations,

since the speech signal is negligible. The regularization losses Lcross and Lcl also contribute to-

wards the improvement in the results by ensuring proper disentanglement of the user-independent

facial motion from the user-dependent information.

The meta learning setup for training the network significantly reduces the computational com-

plexity when a new test user video is considered. However, the results are slightly sensitive to the

choice of support and query sets for the meta learning iterations. It is desirable to have a wide

variety of facial expressions in the support set for the network to succeed reasonably on the query

set. Automatically choosing keyframes from an input user video is an interesting direction to ex-

plore in future. We also observed that unlike [44] which relies on sparse expression blendshape

coefficients predicted by a third party method, our approach of learning the expression embedding

in an end-to-end fashion captures the subtleties of the facial expressions better.
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Table 5.2: Quantitative evaluation of our method in comparison with state-of-the-art approaches.

Method L1 ↓ PSNR ↑ SSIM ↑ LPIPS ↓

FOMM [128] 0.037 25.13 0.90 0.18

DVP [76] 0.031 26.41 0.91 0.17

NERF-face [44] 0.022 27.34 0.93 0.13

Ours 0.018 28.87 0.94 0.11

5.4.2 Quantitative Comparison

In addition to face reconstruction, facial retargeting is also a desired application of our method.

In order to retarget the facial motion from a source actor to a target actor, we need to provide the

video frames of the source actor to the image encoder to encode the motion, but the input to the

dynamic NERF will be video frames of the target actor. Hence, we can compare our method’s per-

formance with state-of-the-art face reenactment methods like First-Order Motion Models (FOMM)

[128], Deep video portraits (DVP) [76] and NERF-face [44]. As evaluation metrics, we use the

standard ones used by other methods - a) L1 distance, b) Peak Signal to Noise Ration (PSNR), b)

Structural Similarity Index (SSIM) [149] and Learned Perceptual Image Patch Similarity (LPIPS)

[170]. Table 5.2 shows that our method outperforms the existing methods in all the metrics, which

attributes to the fact that the complementary information from dual modality helps to capture finer

details in the facial deformations.

5.4.3 Qualitative Evaluation

Fig. 5.2 shows the reconstructed faces for two users rendered with different head poses and ex-

pression references. The head pose and expression references are taken from another user video

randomly selected from the dataset. The results show that our network reconstruct the face with

high quality and effectively uses the head pose and facial motion as conditional inputs to make the

desired changes in the results during retargeting. We also compare our results with that of VOCA

[30], which is audio-only, in Fig. 5.3. We first register the ground truth neutral mesh of the user to
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Figure 5.2: Renders of the 3D faces reconstructed by our network given sample frames of the user video and

corresponding audio as input. (a) user 1, (b) user 2. Our reconstructed faces are consistent across multiple

views and expression variations.

Figure 5.3: Comparison of our method on 3D meshes with respect to VOCA [30]. (a) user 1, (b) user 2.

our network-predicted density map using the iterative closest point algorithm [7] and then compute

the point-to-point error between the 3D vertices. We observe that the additional visual information

from the video frames solve the ambiguity of complex speech segments. Also in the majority of

cases, the improvement is mostly in the lip area movement as expected. The point-to-point error

of VOCA is 1.68 ± 0.2 whereas for our method is 1.53 ± 0.3.
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Chapter 6

LEARNING TO GENERATE 3D STYLIZED CHARACTER
EXPRESSIONS FROM HUMANS

6.1 Introduction

Characters must have perceptually valid expressions, that are clearly perceived by humans to be

in the intended expression class. Fig. 6.1 shows a concrete example of a perceptually invalid

expression, in which the human expression did not transfer correctly to the character when tested

on Mechanical Turk (MT) for expression clarity with 30 test subjects. Our goal is to learn 3D

stylized character expressions from humans in a perceptually valid and geometrically consistent

manner. To this end, we propose an end-to-end system, ExprGen, that takes a 2D image of a

human and predicts the 3D rig parameters of a character. This is a challenging goal because there

is no existing dataset mapping 2D images of human expressions to 3D character rig parameters.

Further, it is prohibitively expensive to manually create a dataset with explicit human image to

3D rig parameter labeling. To address this challenge, we leverage publicly available human and

character expression datasets with 2D images and expression labels [33, 92, 106, 93, 97, 5]. Each

2D character image in the dataset is rendered from its 3D facial rig (which has associated rig control

parameters). In our work, the system learns from the six broad categories (anger, disgust, fear, joy,

sadness, surprise) [37] and neutral, since there is agreement on their recognition within the facial

expression research community, and these seven expressions occur in a wide range of intensities

and can blend with each other to create additional expressions.

Our approach is to learn the correspondence between 2D images of human and character ex-

pressions and use this correspondence to map human expression images to 3D character rig pa-

rameters. We start with recognizing facial expressions for both humans and characters to induce a

perceptual metric and constraints for expression generation and matching. Our system then learns
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Figure 6.1: Example of inaccurate expression transfer. (a) Expression transfer from human (top right) to a

character [39]. (b) Mechanical Turk testers perceive the human expression as sadness, while the character

expression is perceived as neutral and a mixture of other expressions. The character expression has neither

expression clarity nor geometric consistency.

a joint embedding to map human expressions to character expressions. This mechanism also ac-

counts for geometric consistency, so that any mapping is both perceptually valid and geometrically

consistent. At this point, we can take any human expression image and find similar or dissimilar

images in a database of character images. Using this similarity analysis, we train a regression net-

work, 3D-CNN, from a human expression onto the parameters of a specific or primary character

3D rig. Finally, a lightweight mechanism, Character Multi-Layer Perceptron (C-MLP), transfers

character expressions to other characters. This enables re-use of a primary character rig trained in

the previous steps to drive secondary characters and eliminates the need to individually train each

rig with the full pipeline. Fig. 6.2 depicts an overview of our system at run time. Images of human

facial expressions are initially processed to detect the face and 49 geometric landmarks, and then

fed into the 3D-CNN to generate expression specific parameters for the primary character rig. The

C-MLP uses the generated expression parameters to produce the expression on other secondary

3D stylized characters. Both qualitative and quantitative results detailed in Sec. 6.3 illustrate the

accurate, plausible, and perceptually valid expression transfer from humans to 3D stylized char-

acters. We hope that our method will enable the creation of new perceptually driven tools that
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Figure 6.2: Overview of our multi-stage expression transfer system ExprGen. 2D images (a) of human

facial expressions are preprocessed (b, c) and used to train a CNN (d), which generates rig parameters

corresponding to the human expression for primary characters (e). A separate neural network (f) performs

character-to-secondary-character expression transfer (g).

help animators create clear and accurate character expressions and ultimately successful animated

stories. The main contributions of our work are:

1. We propose a novel perceptually valid method to map 2D human face images to 3D stylized

character rig controls.

2. We use both geometric consistency and perceptual validity rather than pure geometry-based

mathematical operations to generate 3D characters with clear unambiguous facial expres-

sions.

3. We present a semi-supervised method as a light-weight extension to enable expression trans-

fer between multiple characters.

6.2 Methodology

In order to build a system that can transfer human expressions to multiple 3D characters, we need

several components to handle the human-to-character transfer in 2D, produce parameters for a

primary character expression in 3D including both perceptual and geometric similarity, and transfer

the expression of a primary character to multiple secondary characters. We build a multi-stage

deep learning system ExprGen with two major components: Training from 2D Datasets and 3D

Expression transfer.
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6.2.1 Training from 2D Datasets

We combine five publicly available labeled facial expression databases to create the Human Ex-

pression Database (HED): (a) Static Facial Expressions in the Wild (SFEW) database [33], (b)

Extended Cohn-Kanade database (CK+) [92], (c) MMI database [106], (d) Karolinska Directed

Emotional Faces (KDEF) [93], and (e) Denver Intensity of Spontaneous Facial Actions (DISFA)

database [97]. The HED consists of approximately 100K labeled images; the number of samples

for each class is balanced to avoid bias towards a particular expression. Specifically, we under-

sampled the neutral class, so that its distribution is the same as the other expression classes. To

preprocess our human input as shown in Fig. 6.2(a-c), we extract 49 facial landmarks [155] to reg-

ister a face to an average frontal face via an affine transformation and use the landmarks to extract

the geometric features including the following measurements: left/right eyebrow height (vertical

distance between top of the eyebrow and center of the eye), left/right eyelid height (vertical distance

between top of an eye and bottom of the eye), nose width (horizontal distance between leftmost

and rightmost nose landmarks), mouth width (left mouth corner to right mouth corner distance),

closed mouth measure (vertical distance between the upper and the lower lip), and left/right lip

height (vertical distance between the lip corner from the lower eyelid). Each distance is normal-

ized by the bounding box of the face. We extract the geometric features for the character images

in the same manner. Once the faces are cropped and registered, the images are re-sized to 256 ×

256 pixels for input to our network training. For the Character Expression Database (CED), we

use FERG-DB [5] which consists of 55,767 labeled face images of six stylized characters (‘Mery’,

‘Aia’, ‘Bonnie’, ‘Jules’, ‘Malcolm’ and ‘Ray’) for training. In addition to FERG-DB, we add three

new characters (‘Tuna’ [159], ‘Mathilda’ and ‘Cody’ [1]) for validation. An animator created 10

key poses per expression for each new character and labeled them using Mechanical Turk (MT)

with 70% agreement among 50 test subjects. We also obtained the stylized 3D rigs modeled using

the Autodesk®MAYA software for all the characters and used the control parameters associated

with them in our work.

The goal of this step is to learn a joint embedding between human and primary character ex-
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Figure 6.3: Network architecture of our proposed approach. We first learn a shared embedding space be-

tween human and character expression images. Once we obtain matching pairs from this space, we train

a CNN to take a human face image as input and generate primary rig parameters as output. We can then

simply use multilayer perceptrons to transfer the input expression from a primary to a seconday character.

pressions based on perception and geometry. We first train the Human CNN (HCNN) on the HED

to classify an input human face image into one of the seven expression classes. Then, we initialize

the weights of the Shared CNN (SCNN) with those of HCNN except for the Fully Connected (FC)

layers and fine-tune the SCNN on FERG-DB by transfer learning [162] to create a shared embed-

ding feature space. The network architecture for the HCNN and SCNN is similar to AlexNet [79].

After they are trained independently, we concatenate the outputs from their average pooling layers

and send it to a network of two FC layers to form a Pseudo-Siamese network [26, 165] called the

fused-CNN (f-CNN) as shown in Fig. 6.3. To train the f-CNN, we introduce a similarity mea-

sure based on the distance between two image encodings as follows. After the HCNN predicts

the perceptual expression label of the human input image, the FERG-DB is searched to retrieve

the character images having the same predicted label. Then, the Euclidean distance between the

geometric feature vector of the human image and those of all the retrieved character images are
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computed and ordered based on the distance to the human image. Note that we did not always

find perfect matches, but our dataset is large enough to enable the CNNs to learn generalizable

matching representations between human and character images. To solve the issue of incorrect

geometry match within the same expression class, triplets (E,E+, E−) of training images are

created where E is a reference human expression image, E+ is a character image similar to the

reference human expression image (best geometry match in the search), and E− is another image

that is not geometrically and/or perceptually similar to the reference human expression image. For

example, if E is an open mouth joy human expression, then character anger retrieval would be

incorrect perceptually and closed mouth human joy would be incorrect geometrically and both will

be E−.

The f-CNN takes a human expression image and primary character expression image and pro-

duces a similarity score by minimizing a loss function consisting of a hinge-based loss term and a

squared L2-norm regularization term [125]:

minw
N∑
i=1

max(0, 1− liyneti ) +
λ

2
‖w‖2 (6.1)

where yneti is the network output for the ith training sample, li ∈ {−1, 1} is the corresponding label

(with +1 and -1 denoting a non-matching and a matching pair, respectively) and w are the weights

of the neural network. The hinge loss minimizes the distance between E and E+ (matching

both geometry and perception) and maximizes the distance between E and E− (mismatching

the geometry and/or perception). Similar to the approach described in [125], triplets are generated

online by selecting the hard positive/negative exemplars from within a mini-batch for our training.

The softmax layer at the end of f-CNN converts the similarity score to binary classification (similar

or dissimilar).

6.2.2 3D Expression Transfer

This step generates perceptually valid 3D characters from human expression images. It is divided

into two stages: expression transfer from human to a primary character rig and expression transfer

from primary to secondary character rigs. The stages are described as follows:
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Human to Character Transfer We aim to control the 3D primary rig by predicting rig param-

eters given an input human image. So we train another CNN called the 3D-CNN which has the

same configuration as HCNN or SCNN except for the dimensionality of the FC layers. Instead

of seven probabilities for classifying seven expression classes, the final output is the parameters

for the primary character. We initialize the weights of the 3D-CNN by trained HCNN weights so

that we can transfer the knowledge learned from the HED, and the model does not overfit the 3D-

parameters dataset. The pairs of a human input image and the 3D-parameters corresponding to the

2D character image with similar expression (as obtained at the output of f-CNN) are used for train-

ing the 3D-CNN (Fig. 6.2(d)). All the networks are trained end-to-end using the Torch framework

[28] using stochastic gradient descent with hyper parameters (momentum of 0.9, weight decay of

0.0005 and a batch size of 50) on a single NVIDIA GTX-1080 GPU. In order to make sure that

the pre-trained weights are not drastically changed, the learning rate for the SCNN, f-CNN and

3D-CNN is set lower (0.0001) than that of the HCNN (0.001). The learning rate was dropped

by a factor of 10 after every 10 epochs of training. We used Batch normalization [64] and ReLU

activation after every convolutional layer. To avoid overfitting, our training data is augmented by

horizontal flipping, rotating, and random cropping followed by scaling. We used an 80:10:10 split

for training, validation and test sets, and performed 5-fold cross validation.

Character to Character Transfer ExprGen is trained for a primary character rig, and we propose

a lightweight alternative to training a different network for each new secondary character as shown

in Fig 6.2(e-g). Due to the absence of one-to-one correspondence between the facial control points

on different rigs, manual mapping of the rig parameters is often not possible. Our character-

to-character expression transfer model aims at automatically learning a function to map the 3D-

parameters of the primary character to the secondary characters. For each secondary character we

create a separate multilayer perceptron (MLP), which is a one-hidden-layer neural network withM

input nodes,N output nodes and 1
2
(M+N) hidden nodes with tanh activation, whereM andN are

the number of 3D-parameters of the primary and the secondary characters respectively. Gradient

descent is used with a mini-batch size of 10 and a learning rate of 0.005 to minimize the square
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loss between the input and output parameters. These networks (together called C-MLP) are trained

in parallel and then augmented at the end of the 3D-CNN to map the input human expression

simultaneously on multiple stylized characters.

We obtained pairs of training examples for the C-MLP by using a combination of two distance

measures: dgeometry and dperception. dgeometry = ||f gp − f gs ||2 is the Euclidean distance between the

geometric feature vectors of the primary (f gp ) and secondary character (f gs ) image pairs, while

dperception = ||fpp − fps ||2 is the Euclidean distance between the perceptual feature vectors (fpp and

fps ) of the image pairs. The perceptual features are obtained by extracting the output of the last

FC layer of the SCNN and normalizing it by the softmax weight as done in [5]. Given a primary

character with an expression to find on a secondary character in FERG-DB (on which our SCNN

is trained), all secondary character images in the CED having the same perceptual label as the

primary character image are retrieved and ordered by the smallest value of dgeometry; the image

with smallest distance value is returned. If the secondary character is not in FERG-DB, based

on empirical evidence, the images of the secondary character for the perceptual labels having the

two highest probabilities are retrieved and the combined function 1
2
(dperception + dgeometry) is used

to order them for retrieval. This methodology produces a set of matching (primary character,

secondary character) pairs, for which we have both images and the 3D parameters that can be

used to generate the 3D meshes from which those images are derived. The pairs of corresponding

parameters are used to train the C-MLP. Once trained, the C-MLP transforms the 3D parameters

of a primary character into the corresponding 3D parameters of a secondary character.

6.3 Results

We evaluated the performance of our system by computing the expression recognition accuracies of

the HCNN and SCNN independently, testing the human-to-character expression transfer perceptual

accuracy and comparing our results with Faceware (commercial product). In all the subsequent

figures and tables, we show the 2D rendered images of 3D character rigs and use the following

notation for the expression classes - A: anger, D: disgust, F: fear, J: joy, N: neutral, Sa: sadness,

Su: surprise. The performance of our method on a video and the access to our database can be
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(a) Human expression sequence

(b) Primary character ‘Mery’

(c) Primary character ‘Ray’
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(d) Plot showing percentage of 30 MT test subjects recognizing the correct expression on human and the character

‘Mery’

Figure 6.4: Human to primary character expression transfer for human expression transition from neutral to

joy, from neutral to surprise, from neutral to sadness, and from neutral to anger based on both perceptual

and geometric similarity. (a) Human input expression frames (1-12), (b) Mapped expressions on ‘Mery’,

and (c) Mapped expressions on ‘Ray’, (d) Expression recognition results between human (solid lines) and

transferred expressions on ‘Mery’ (dashed lines) for different expressions.

Table 6.1: Average (%) expression recognition accuracy for 2D images of human and stylized character

expressions when compared with the ground truth labels respectively. Note that the characters have higher

expression clarity than humans due to their simpler geometry.

Class A D F J N Sa Su

Human 76.27 63.81 68.47 94.31 78.03 72.95 92.26

Character 90.45 72.89 79.16 96.39 84.38 79.44 94.87
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Perceived	character	expression	(%)
A D F J N Sa Su
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A 71.32 16.28 5.43 1.55 3.10 0.78 1.55
D 14.29 67.35 4.08 1.02 4.08 8.16 1.02
F 2.88 6.47 64.03 2.16 3.60 3.60 17.27
J 0.92 1.83 0.92 90.83 1.83 0.92 2.75
N 1.09 3.26 2.17 4.35 76.09 10.87 2.17
Sa 1.80 3.60 2.70 1.80 18.02 71.17 0.90
Su 0.52 1.04 7.77 1.55 0.52 0.52 88.08

Figure 6.5: Confusion matrix for perceived transferred expression recognition (%) for seven expression

classes.

found on the project webpage1. Video retargeting is performed frame-by-frame, and the predicted

parameters are temporally smoothed using a Kalman filter.

6.3.1 Expression Recognition Accuracy

We first evaluated the HCNN and SCNN for the expression recognition task using the ground truth

labels of HED and CED respectively in a 10-fold cross-validation setting. The HCNN and SCNN

obtained average accuracies of 89.71% and 96.82%, respectively (Table 6.1). We note that our

classification networks perform better than the prior networks trained for a similar classification

task [5] because of training the HCNN on an additional dataset to learn the features in the wild

and because of applying average pooling instead of max pooling after every convolution layer. We

also observe that the character expression recognition accuracies are higher than humans, since

the characters have simpler geometry and stylization can make the expressions relatively easier to

perceive. Surprise and joy show high accuracy, while disgust and fear are more difficult for humans

to both perceive and act out.

1http://grail.cs.washington.edu/projects/deepexpr/ferg-3d-db.html

http://grail.cs.washington.edu/projects/deepexpr/ferg-3d-db.html
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6.3.2 Human to Character Expression Transfer

To evaluate our results for clarity in expression recognition and perceptual accuracy of the trans-

ferred expression, we asked 30 MT test subjects to recognize the input human expression and the

generated primary character expression (output of 3D-CNN) for 1000 expression transfer results

(approx. 150 for each expression class) on different stylized characters. We used the perceived

label (as perceived by MT subjects) of the human as the ground truth and the perceived label of

the character as the predicted output in its human-character-transfer pair. Fig. 6.5 shows the con-

fusion matrix for transferred expression recognition for each expression class. For a given row

(e.g. anger), the columns represent the percentage (averaged over all the perceived human anger

expressions) of MT subjects agreeing on the corresponding expression classes for the transferred

character expressions. The values show that ExprGen results in accurate transfer of expressions

for most of the classes with an average correct perceptual recognition rate of 75.55%. The most

common errors are confusion between disgust and anger, between fear and surprise, and between

neutral and sadness. These errors are intuitively reasonable since the confused expressions have

similar-looking geometric configurations. The least accurate expression transfer was for disgust

and fear but as Table 2 shows, these expressions are difficult to recognize for both human and

character images.

ExprGen generates expressions for multiple characters with high perceptual validity. The ex-

pression transfer results from a human to two primary stylized characters are shown in Fig. 6.4,

which shows the generalizability of our algorithm in generating the same expressions on different

characters having annotated training data. We tested the expression recognition on input human

expressions and transferred expressions using 30 MT test subjects. The plot shown in Fig. 6.4d

shows high correlation between MT agreement for recognized expressions on ‘Mery’ (Fig. 6.4b),

which confirms the accurate perception of the intended expression transfer. We obtained a very

similar plot for ‘Ray’ (Fig. 6.4c).
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Figure 6.6: (a) Qualitative comparison of expression transfer results of Faceware and ExprGen (left to right:

input human expression, Faceware output and ExprGen output), (b) Quantitative comparison of expression

transfer results of Faceware (blue bars) and ExprGen (red bars).

6.3.3 Comparison with Faceware

ExprGen generates expressions with greater perceptual validity than popular commercially avail-

able software packages. We compared ExprGen with the award-winning Faceware technology

[40], because it is the only feasible and comparable system that has the same input and output

modality as ExprGen. Faceware includes Analyzer to convert human facial performance from a

sequence of input images into motion capture data and Retargeter to map the captured data to the

blendshapes of the 3D character face rig by manually creating an expression set for the character.

Fig. 6.6b shows the comparison of average scores obtained for different expression classes when

30 MT test subjects were asked to rate the closeness of the expression generated on the character

to the input human expression on a scale of 1-5, with 5 being the closest match. The average score

over all classes for ExprGen is 4.31 versus an average score of 3.68 for Faceware. Fig. 6.6a shows

the expression transfer results of Faceware and ExprGen for two cardinal expressions. These re-

sults show that blendshape-mapping-based approaches often produce incorrect expressions (row 1)

or ambiguous expressions (row 2) owing to the limitations of correspondence mapping. We did not

compare with the results of Faceshift Studio [39], since it requires a depth camera to capture human

facial motion and uses a different approach compared to our 2D human image to 3D character rig
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Figure 6.7: Error cases in obtaining training examples for new secondary characters. (a) Matching is percep-

tually valid (both expressions are disgust) but geometrically incorrect, (b) Matching is perceptually invalid

(expression on left is fear and on right is surprise) but geometrically correct.

mapping.

6.3.4 Character to Character Expression Transfer

In order to evaluate the performance of our character-to-character expression model, we selected

‘Mery’ as the primary character, ‘Bonnie’ as the existing secondary character (present in FERG-

DB) and ‘Tuna’ and ‘Cody’ (non-human) as the new secondary characters (not present in FERG-

DB). Fig. 6.8a shows six randomly chosen cardinal expressions on the primary character used as

test cases, and Fig. 6.8 (b-d) show the facial expressions generated on the secondary characters

at the output of the C-MLP. The results show that our network accurately learns the relationship

between the 3D parameters of the characters, while maintaining the clarity of the expressions. Our

network produces surprisingly good results for non-human characters as well, though the C-MLP

is trained on only the key poses. However, the training examples for new secondary characters are

critical to this approach, and there are two issues in selecting accurate training examples. First,

when the new secondary character expression is perceptually valid but a similar expression does

not exist for the primary character in the database (see Fig. 6.7a), our method retrieves the closest

possible match which may be inaccurate. Second, when the new secondary character expression

is perceptually ambiguous (see Fig. 6.7b), our method tries to find the closest match based on

geometric features within the wrong expression classes, which may result in a wrong training
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(a) Primary character ‘Mery’

(b) Existing secondary character ‘Bonnie’

(c) New secondary character ‘Tuna’

(d) New non-human secondary character ‘Cody’

Figure 6.8: Primary to Secondary character expression transfer results (left to right: anger, disgust, fear, joy,

sadness and surprise). (a) ‘Mery’s’ expression classes, Expressions transferred to (b) ‘Bonnie’, (c) ‘Tuna’,

and (d) ‘Cody’.

example. A possible future work can be to automate the process of generating large numbers of

poses for each new character.
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Chapter 7

LEVERAGING CYCLE-CONSISTENT GANS TO GENERATE 3D
EXPRESSIVE CHARACTER RIGS

7.1 Introduction

The expression matching approach proposed in section 4.1 still has several limitations. Firstly,

since the network is trained on only seven distinct expression categories, it does not generalize

well to in-the-wild expressions belonging to categories which cannot be represented as a linear

combination of the seven categories. Secondly, the approach controls only the 3D rig parameters,

which can only manipulate the vertices in the local regions around their positions. Due to this

lack of global constraint, the generated expressions may be erroneous at certain locations and

need to be corrected through post-processing. Lastly, the multi-stage system makes the training

process cumbersome, and overall accuracy of the approach relies on the accuracy of each individual

component.

To overcome these limitations, we present a unified network that directly regresses the 3D ver-

tex coordinates of the character rig given a human face image as input. Inspired by the unsupervised

image-to-image translation approaches proposed in [175, 46], we use a cycle-consistent generative

adversarial network (GAN) to accomplish our task and convert our 3D character rig into a 2D posi-

tion map. Our network translates the input human expression image into a 2D position map of the

character performing the same expression, which can then be converted into 3D vertex coordinates

to generate the final 3D mesh. While perceptual validity is ensured by the features learned during

image to image translation and by the 2D and 3D discriminators, we ensure geometric consistency

by adding the 2D landmark loss during the forward cycle. Our main contributions are:

1. We propose a unified framework that directly regresses the 3D character vertex coordinates

with the desired expression from an input image.
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Figure 7.1: Schematic diagram of our proposed approach. We deploy a cycle-consistent GAN to take a

human face image as input and predict the position map of the 3D character rig, which in turn generates the

full 3D mesh of the character with the retargeted expression.

2. We combine the global representation of the input expressions via image-to-image transla-

tion with local representation via landmark constraints, and apply both 2D and 3D discrimi-

nators to ensure accurate 3D generated character expression.

7.2 Methodology

An overview of our approach is given in Fig. 7.1. Firstly, we represent the 3D face mesh of the

target character in the form of a 2D UV position map. Each vertex of the 3D mesh corresponds

to a point in the UV map when projected onto the 2D plane. The R, G and B values at a point

in the UV map are then set to the values of the x, y and z coordinates of the corresponding 3D

mesh vertex respectively to create the 3-channel position map. We define the domain A as the

human face image domain, and domain B as the character position map. Generator A→B learns

to translate an input human expression image to a 2D position map, and Generator B→A learns

to convert the 2D position map back to the input human image. We train these networks using the

following loss functions:

• Cycle-consistency losses (2D discriminator loss of both the domains and the reconstruction

loss for each cycle).

• 3D discriminator loss. The generated 2D position map is converted back to 3D vertex coor-
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dinates, but due to lack of depth information in the 2D domain, the generated 3D mesh may

not be valid. We ensure the validity of the final generated mesh using the 3D discriminator.

• 2D landmark loss. The facial landmarks for the human image are obtained using [22], and

the landmarks on the character are predefined by manually choosing the appropriate vertices

of the neutral 3D mesh.

The generator and discriminator architectures are same as proposed in [175].

7.3 Experimental Setup

The human and character databases used in this approach are same as the HED and the CED men-

tioned in section 4.1.2.1. We implemented our networks using Pytorch [107] with Adam optimizer,

learning rate 0.001 and batch size 1 (because of use of instance normalization). Note that our net-

work is tailored to work with only the character ‘Mery’ at present, hence we only train on the 7324

images of ‘Mery’ expressions in our dataset.

7.4 Results

During testing, we only use the Generator A→B followed by UV map to 3D mesh conversion to

retarget the expression of the input human image to the 3D character rig. Fig. 7.2 visually com-

pares the retargeting results by our approaches proposed so far. It is interesting to note that while

all the methods produce a result belonging to the correct expression category, the example-based

approaches show more clarity in the perception of the expression. In fact, we observe that blend-

shape based approaches often require manual finetuning of the character blendshapes or blendshape

weights in order to exactly replicate the input human expression, mainly because of the difference

in geometry between humans and stylized characters. The results also demonstrate that our uni-

fied approach that combines global and local expression representations is able to capture more

fine-grained details in the expressions (e.g. wrinkles on the forehead in row 1, mouth shape in row

4).
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Figure 7.2: Qualitative comparison of facial expressions retargeted by our proposed approaches. We com-

pare our latest approach with existing blendshape-based (proposed in Sec. 3.1) and example-based (proposed

in Sec. 4.1) approaches.



78

Chapter 8

CONCLUSION

In this work, we propose blendshape-based approaches and example-based approaches specifi-

cally tailored for facial motion retargeting, as well as present a novel algorithm that can potentially

further improve the efficiency of the proposed approaches. Facial motion retargeting has several

applications including avatar animation for visual storytelling, live action video games, motion

capture films, social AR/VR experience, virtual conversation using animated emoticons, human-

robot interactions etc, as shown in Fig. 8.1. We believe that our approaches will have positive

contributions in all these applications.

In our first approach, we propose a lightweight multitask learning network for joint face de-

tection and facial motion retargeting on mobile devices in real time. The lack of 3DMM training

data for multiple faces is tackled by generating weakly supervised ground truth from a network

trained on images with single faces. We carefully design the network structure and regulariza-

tion to enforce disentangled representation learning inspired by key observations. Extensive re-

sults have demonstrated the effectiveness of our design. In our second approach, we propose a

novel deep learning based approach that learns a user-specific face model (expression blendshapes

and dynamic albedo maps) and user-independent facial motion disentangled from each other by

leveraging in-the-wild videos. Extensive evaluations have demonstrated that our personalized face

modeling combined with our novel constraints effectively performs high-fidelity 3D face recon-

struction, facial motion tracking, and retargeting of the tracked facial motion from one identity to

another.

In our third approach, we propose a unified framework that combines 3D face information from

both user expression video frames and user speech to create a more accurate personalized user face

model. The information from audio and video are encoded together and used as a conditional input
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Figure 8.1: A few applications of facial motion retargeting.

to a dynamic neural radiance field for a complete 4D avatar generation at the output. The video

embedding ensures accurate reconstruction of facial features whereas the audio embedding ensures

accurate lip sync.

Our fourth approach demonstrates a novel multi-stage deep learning system to transfer hu-

man facial expressions to multiple 3D stylized characters that optimizes over expression clarity

rather than over geometric markers. The resulting expressions, when validated by Mechanical

Turk studies, show that our expression transfer clearly reproduces the input human expressions

while retaining perceptual validity and geometric consistency. Our fifth approach shows a unified

framework that combines global and local expression representations to directly regress 3D mesh

vertices from an input human face image. Compared to our other proposed approaches, the fifth

approach achieves the best clarity in the perception of retargeted expressions.
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[129] Vincent Sitzmann, Michael Zollhöfer, and Gordon Wetzstein. Scene representation net-
works: Continuous 3d-structure-aware neural scene representations. In Advances in Neural
Information Processing Systems (NIPS), 2019.

[130] Yang Song, Jingwen Zhu, Dawei Li, Andy Wang, and Hairong Qi. Talking face generation
by conditional recurrent adversarial network. In International Joint Conference on Artificial
Intelligence, (IJCAI), 2019.
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