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We present MHR, a parametric human body model that combines the decoupled skeleton/shape

paradigm of ATLAS with a flexible, modern rig and pose corrective system inspired by the Momentum
library. Our model enables expressive, anatomically plausible human animation, supporting non-linear

pose correctives, and is designed for robust integration in AR/VR and graphics pipelines.
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Figure 1 MHR provides precise, decoupled control of skeletal and surface attributes at di [erknt LODs.

1 Introduction

The landscape of digital human modeling has rapidly
evolved, driving progress across fields such as avatar
creation Lombardi et al. (2019); Saito et al. (2020);
Weng et al. (2022); Xiu et al. (2022), motion cap-
ture Yin et al. (2023); Cheng et al. (2023); Peng et al.
(2021); Zheng et al. (2022), simulation of human-
object interactions Bhatnagar et al. (2022); Chao
et al. (2015); Wang et al. (2024), and generative

character synthesis Peng et al. (2024); Ren et al.
(2023); Liang et al. (2024). Central to these innova-
tions are parametric body models Loper et al. (2015);
Pavlakos et al. (2019); Xu et al. (2020); Anguelov
et al. (2005b); Wang et al. (2020); Yang et al. (2020),
which translate compact shape and pose descriptors
into articulated meshes. The ability to flexibly and
accurately represent human form and movement is
essential for enabling new applications and deepening
our understanding of human-centric data.
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The dominant approaches Loper et al. (2015); Pavlakos
et al. (2019); Osman et al. (2020, 2022); Xu et al.
(2020) for parametric modeling of the human body fo-
cus on personalizing a generic template through linear
blendshapes. Their skeletal joints are derived from
the surface through weighted sums, and the mesh
is driven with linear blend skinning (LBS) Kavan
et al. (2007) and pose-dependent corrections. While
this paradigm achieves plausible 3D reconstruction,
it presents several inherent limitations. Deriving in-
ternal skeletal joints from surface vertices introduces
incorrect correlations, limiting direct control over
skeletal attributes and complicating keypoint fitting.
Furthermore, the entanglement of shape and skeleton
impedes precise customization of body proportions
and soft tissue, which is especially problematic for
artists and production pipelines.

ATLAS Park et al. (2025) introduces several key inno-
vations to address the limitations of previous paramet-
ric human body models. First, it explicitly decouples
the external body shape from the internal skeleton,
allowing for independent control and customization
of both soft-tissue and skeletal attributes. The model
is trained at high resolution and features an anatom-
ically motivated skeleton with 77 joints, supporting
detailed and realistic articulation. ATLAS further
enhances mesh realism by applying sparse, non-linear
pose corrective deformations before linear blend skin-
ning, which improves the accuracy of deformations
around challenging joints and prevents unwanted cor-
relations between distant body parts. Trained on
an extensive dataset of 600,000 high-resolution scans
covering a wide range of identities and poses, AT-
LAS achieves greater expressivity and generalization
than prior models. Additionally, it supports robust
single-image fitting pipelines by leveraging decoupled
shape and skeleton representations, advanced pri-
ors, and recent developments in high-fidelity human
modeling, resulting in more plausible and accurate
reconstructions in diverse scenarios.

However, the potential use of ATLAS in industry
is limited by a two factors. First, its expression
model based on FLAME Li et al. (2017) is not com-
patible with most artist-based workstreams which
favor sparse, semantic expressions. And second, its
skeleton was not optimized for the addition of pose
correctives on top.

Our approach. To address these challenges, we pro-
pose MHR, an expressive parametric human body
model that builds on the ATLAS foundation and
introduces key updates for industry and artist needs.
MHR features a decoupled skeleton and mesh, se-
mantic expression blendshapes, and a fully compliant

identity dataset, all supported at di [erknt levels-of-
detail. The model is designed for flexibility, expres-
sivity, and legal clarity, supporting a wide range of
applications in graphics, vision, and AR/VR. It is
released under a clear, industry-friendly license that
enables free experimentation.

2 Related Work

3D Human Mesh Modeling. The modeling of 3D hu-
man meshes has evolved significantly over the past
two decades. SCAPE Anguelov et al. (2005a) pio-
neered the separation of pose and shape by repre-
senting deformations at the triangle level, inspiring
a series of works that refined deformation models,
improved mesh registration, and extended applica-
tions to soft-tissue dynamics Hasler et al. (2009);
Hirshberg et al. (2012); Freifeld and Black (2012);
Chen et al. (2013); Pons-Moll et al. (2015). The
introduction of SMPL Loper et al. (2015) marked
a shift to vertex-based representations, leveraging
blendshapes for both shape and pose corrections and
employing linear blend skinning (LBS) to articulate
the mesh using joints inferred from the surface Allen
et al. (2006). Subsequent models such as STAR Os-
man et al. (2020), Frank Joo et al. (2018), SMPL-
H Romero et al. (2017), and SMPL-X Pavlakos et al.
(2019) expanded the modeling space to include hands
and faces, introduced more compact or sparse correc-
tive representations, and merged multiple body part
models. SUPR Osman et al. (2022) and GHUM Xu
et al. (2020) further advanced the field by incorporat-
ing federated datasets and non-linear shape spaces,
respectively. Despite these advances, most of these
models regress skeletal joints from the mesh surface,
which can entangle shape and skeleton in undesirable
ways.

Skeleton Models. In biomechanics, there has been a
focus on constructing anatomically faithful skeletons
and musculoskeletal systems Rajagopal et al. (2016);
Seth et al. (2016); Nitschke et al. (2020), as well as
optimizing for internal structures like fat, muscle, and
bone Dicko et al. (2013); Gilles et al. (2010); KadleCek
et al. (2016); Saito et al. (2015); Zhu et al. (2015).
However, these approaches often depend on special-
ized simulation tools Lee et al. (2009) or growth
models, making them less accessible for graphics and
animation. More recent e [onts, such as OSSO Keller
et al. (2022) and BOSS Shetty et al. (2023), extract
anatomical skeletons from SMPL meshes using medi-
cal data, but retargeting these skeletons to new poses
typically requires additional optimization. Graphics-
oriented models that decouple skeleton and shape,



like BLSM Wang et al. (2020) and SKEL Keller
et al. (2023), o[ed promising directions but may lack
features such as open licensing, expressive pose cor-
rectives, or fine-grained finger control. MHR and
ATLAS Park et al. (2025) stands out by enabling
direct manipulation of decoupled shape and scale,
supporting finger articulation and providing a rich
set of pose correctives.

Pose Corrective Deformations. Capturing pose-dependent

deformations has been a longstanding challenge. Early
solutions applied local vertex o [Seks near joints to mit-
igate artifacts like joint collapse Lewis et al. (2000),
while others interpolated between precomputed de-
formations for key poses Allen et al. (2002); Kurihara
and Miyata (2004); Rhee et al. (2006) or introduced
PCA-based corrective spaces for each joint Kry et al.
(2002). SMPL Loper et al. (2015) and its derivatives
learn mappings from joint rotations to mesh deforma-
tions, with STAR Osman et al. (2020) introducing
sparsity and GHUM Xu et al. (2020) leveraging non-
linear networks for greater flexibility. However, dense
mappings can introduce unwanted correlations across
the mesh. MHR and ATLAS aims to balance expres-
sivity and control by employing sparse, non-linear
pose correctives that minimize spurious dependencies
while accurately modeling complex deformations.

3 Model

In this section, we present the general formulation
of the MHR mesh model. This formulation is equiv-
alent to that of ATLAS, but it is included here for
completeness.

We formulate our human body model with an ex-
plicitly decoupled external surface and an internal
skeleton. MHR uses linear blend skinning (LBS) Ka-
van et al. (2007) following the pose parametrization
described in Section 3.1. It contains n; = 127 joints,
parametrized with 204 pose parameters (including
68 skeleton transformation parameters). It supports
six diCerent resolutions (levels of detail/LoDs) with

73639, 18439, 10661, 4899, 2461, 971 and 595 vertices.

MHR is formally specified as follows:
X(;)=M( XS By @

X( % '5)= X+B3( %8)+B'( ;F)+BP(;P)
(&)
where the resulting vertices X 2 R 3V are a function
of input blendshape coe [ciehts and pose parame-
ters . The result is obtained by applying the linear
blend skinning function M with skinning weights !
to the neutral template X 2 R3. Unlike SMPL,

M also uses transformation parameters (joint loca-
tion o[sekts or hand isotropic scale) either through
an additional set of coe [ciehts X, or raw (i.e. the
68 parameters previously mentioned). The template
X contains identity surface deformations BSE $;S) =

1 7] ss,, facial expressions B ( ;F) = 'n:fl‘ TFn,
and pose correctives BP( ;P ) to account for skinning
artifacts caused by LBS Kavan et al. (2007). Un-
like prior works Loper et al. (2015); Pavlakos et al.
(2019) that derive skeletal joint centers from this
customized identity shape, our mesh at this stage
remains unposed, unscaled, and aligned to a fixed
internal skeleton. This prevents spurious correlations

between vertices and joints from aledting the posing.

In the following sections we describe in more detail
the pose, expression, identity and pose corrective
deformations.

3.1 Pose Parametrization

MHR is a parametric human body model that com-
bines a decoupled skeleton and surface bases.

Joints: The underlying skeleton is built using the Mo-
mentum Meta library, where each joint is parameter-
ized by 3 translations T; , 3 rotations T, represented
as euler angles in XYZ order, and 1 uniform scale Ts.
Additionally, each joint has a constant translation
o[Set Tyt relative to its parent joint, and a constant
rotation o[set Tpreror (typically called pre-rotation)
that orients the joints local coordinate system. In
MHR the pre-rotation is usually set up so that the
joints x-axis points in the direction of the bone, and
thus rotations around the x-axis are twists. Addition-
ally they are oriented so that rotations around the
other axes are symmetric (e.g. a positive rotation
around the z-axis will bend the knees backwards).

The complete local-to-world transformation T, for
each joint is calculated as the composition of homo-
geneus transformations entailed by the components
described before:

Tw :Tp Tot Ty T prerot Trwot Ts (3)
Skeleton: The kinematic hierarchy of the skeleton
is stored as a list of n; joints, with n; = 127 for
MHR. The skeleton can be parameterized with a
vector ; of size n; 7 that contains the translation,
rotation, and scale values for each joint. This pose
can be used to articulate the skeleton as seen in Fig. 2.
This representation allows the full articulation of all
degrees of freedom in every joint. In practice we do
not want to allow all degrees of freedom in every joint,



Figure 2 MHR Skeleton.

as most joints will not have translational DoFs, and
several, such as the elbow, should only allow rotation
around a single axis.

Parameters: To achieve this, we introduce a parame-
ter vector |, with np = 204 parameters for MHR,
that is mapped to the joint parameters ; via a linear
transformation Tp, i.e. j = T,  p. This enables
several key features that are used heavily in MHR:

1. It enables defining a subset of active degrees
of freedom by only setting non-zero values to
joint parameters we actually want to be able to
articulate (e.g. only enable a single rotational
DoF of a joint)

2. It allows us to define configurations where a
single model parameter influences multiple joint
parameters. An example is that MHR reduces
the LBS candy wrapper e [edt by activating sup-
plemental twist joints in the limbs by fractions
of the main joint.

3. It also enables having a single joint parameter
being influenced by multiple model parameters.
For example MHR parameterizes spine bending
with two overlapping parameters for the upper
and lower spine.

We split the 204 parameters intonpese = 136 pose pa-
rameters and nge = 68 skeleton transformation pa-
rameters (see Fig. 3 for a visualization of the skeleton
transformations). The latter are used to define the
limb lengths and other skeletal identity parameters
and are assumed to be constant for a performer/se-
quence, while the pose parameters change per frame.

Skinning: MHR uses 4 joint influences per vertex for

LoDs 1 to 4, and 8 joint influences per vertex for LoD
0. Unlike SMPL and ATLAS, we use artist-defined
skinning weights without any further optimization.
While optimizing skinning weights can reduce train-
ing error, we noticed that optimized weights tend to
lack structure and locality, crucial components for
artist workstreams.

3.2 Facial Expressions

Most existing research models (e.g. Park et al. (2025);
Li et al. (2017)) use dense, entangled expression
spaces derived from data. These expression models
present three main advantages. First, they are de-
rived from thousands of scans, which mean they can
potentially model nuanced expressions that might
not be present in artist-based rigs. Second, their
orthogonal spaces make them optimally compact.
Third, they e [edtively model correlations between
di [erknt parts of the face, which make them easier
to optimize. On the other hand, they present two
critical problems. First, since unposing is an ill-posed,
unresolved research problem Bednarik et al. (2024),
data-driven expression spaces typically contain resid-
ual pose variation. Removing this pose variation is
critical to model subtle but common gestures like
blinking, which should be strictly decorrelated from
pose. Second, artist workstreams typically favor se-
mantic, sparse expression spaces.

For this reason, MHR includes expressions that fol-
low the facial coding system (FACs) Ekman and
Friesen (1978) and are sparse and semantic. These
72 expressions were sculpted by an artist. In our ex-
perience, the expression coe Lciehts can be optimized
well despite the correlation between them. These
expressions simplified substantially the connection of
MHR with synthetic data generation pipelines and
helped eliminating spurious pose movement in some
of our related work.

3.3 Identity Space

The identity space control the intrinsic (i.e. fixed
across frames for a particular subject) body shape
for a given skeleton structure. This means that,
unlike SMPL, the identity space does not change limb
lengths or subjects height. We define our identity
space f %;Sg as the concatenation of three body-
specific disjoint identity spaces for the body f S°; Sqg,
head (or skull) f S%;S,g and hands f s";S,g. This
partition of the identity space gives us two main
advantages. First, it gives artists better control over
shape changes, simplifying the process of achieving
a particular look. Second, it allows us to use three
di Cerknt large datasets of part-specifics scans.
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Figure 3 MHR Skeleton Transformations. Each cell shows the e [edt of changing one bone (or set of bones) length. Middle
body is neutral, left (right) one shows bone length increase in red (blue).



Figure 4 MHR Expression Example of four MHR expres-
sions fully activated.

For the body, we used a dataset originally composed
by 13664 scans with a wide variety of body shape,
age and ethnicity. We filtered the dataset to 7110
scans by removing unsuitable subjects (e.g. under-
age or noisy). We only used one relaxed pose scan
per subject, although adding the rest of the poses
could improve the fidelity of the model in underex-
posed areas like armpits. We register the data to
the MHR topology at LOD1 (i.e. 18439 vertices),
which o[erk a good balance between detail and com-
pute e [ciehcy. The registration is performed with
non-rigid ICP with a mixture of data and regulariza-
tion losses. Importantly, we optimize not only our
model parameters, but also a set of vertex o [Seks
in neutral pose. The main data loss is L2 point-to-
surface summed over the data vertices. To make
the registration more robust, we also included an L2
keypoint loss that measures the di Lerence between
the MHR joints and 3D inferred keypoints. The 3D
keypoints are obtained by rendering the meshes from
multiple viewpoints, extracting 2D keypoints, and
triangulating them according the the virtual camera
3D calibration. In terms of regularization, we sim-
ply used a joint limit loss that penalizes the square
di Cerknce between parameters and their limits (de-
fined manually) when the parameters are outside the
defined range. We registered the dataset multiple
times, creating after each iteration an identity space
by running PCA on the neutral template (o [selts plus
current identity blendshapes). In the first iteration,
the identity space was initialized with three artist-
defined blendshapes depicting a high- and low-BMI
female and male characters.

Given that the hands and head in the full body
dataset are not very high quality, we used separate
datasets to model those body parts. For the hands,
we used an internal dataset of hand-specific scans
obtained form 3000 subjects. Those scans were regis-
tered with a non-linear ICP pipeline similar to the
body pipeline. To model the head identity, we ex-
tended the collection of head captures in Martinez
et al. (2024) to a total of 2138 subjects. We modified
the Pixel Codec Avatar Ma et al. (2021) to take iden-
tity conditioning and fitted the model to our dataset.

Figure 5 Body, head and hand masks for partitioned
identity shape space

For the purpose of MHR we are interested in the
neutral (unposed, no expression) geometry of each
subject fitted in this process.

In order to obtain a smooth identity space without
breaks between the body parts, we multiplied the
data in each of the subsets by a soft mask depicted
in Figure 5 and ran PCA on each of the weighted
subsets separately. To increase the amount of data
available in each of the datasets, we mirrored the
available scans before training our models. As a pos-
itive side-e [edt, the spurious asymmetries contained
in the registrations are compressed into two specific
components in body and head subspaces, which were
removed from our model. We selected an empiri-
cal number of components per body part (20 body,
20 head and 5 hand components) and concatenated
them to obtain our final MHR identity space. The
mean shape in MHR is the sum of the means in each
(weighted) subspace.

3.4 Pose Correctives

We train pose correctives on 26000 scans (13000 full
body, 13000 hand scans) at LOD1 following the AT-
LAS definition of pose correctives. We add the for-
mulation here for completeness. For the LBS posed
mesh to look realistic, pose-dependent deformations
prior to LBS Kavan et al. (2007) are critical. Our
correctives function BP(;P) 2 R® I R 3V takes
joint angles in 6D Zhou et al. (2019) and outputs
vertex o[Sets. While prior work demonstrates the
strength of sparse-linear Osman et al. (2020, 2022)
and dense-non-linear Xu et al. (2020) pose correc-
tives, we converge these directions. As non-linear
operations inevitably couple the inputs and compli-
cate sparsity enforcement, we decompose BP into a
local, non-linear operation and a sparse, geodesic-
initialized linear operation. First, we write the local,



Figure 6 MHR Identity Space First three body components, three face components, and one hand component (3 and 3
standard deviations from the mean at the top and bottom row respectively).

non-linear operation as:

Non-Linear; () = MLP

4)
The local operation Non-Linear; ( ) processes joint j
and its immediate neighbors n(j). Here, Req( a)
Req(0) represents the 6D rotational deviation from
the identity rotation for joint a. A lightweight MLP
processes each joint j together with its adjacent par-
ent and child joints, producing a c-dimensional embed-
ding that encodes their poses. As we will regularize
the extent of vertices this joint group centered at j
will aledt, this local joint group entanglement e [ed-
tively enables non-linear expressivity while avoiding
spurious joint-vertex correlations. Finally, the pose
corrective for a joint j is:

B = (A j) (P Non-Linear j()) 5)

Following STAR Osman et al. (2020), represents the
ReLU activation applied to joint mask A; 2 RV, Pj 2
R3V ¢ s the pose corrective weight, and is stan-
dard matrix multiplication. (P; Non-Linear ;())

yields the non-linear pose dependent mesh deforma-
tions, with  (A;) enforcing vertex deformation spar-
sity per joint. For vertex i, we initialize the i-th
element of A; as (1 d (i;] ))1izseqj) » Where d(i;j )
is the normalized geodesic distance from vertex i to
the vertex ring around j, and liseq indicates if
vertex i belongs to joint j’s corresponding or adja-
cent body part. This initialization, coupled with L1
regularization on (A), encourages sparsity in acti-
vation. Figure 7 shows the activation mask pre- and
post-training, showing pose correctives concentrated
around the actuated joint.

fRea( a) R 6d(0)jazn(g

Figure 7 Sparse Pose Correctives. The first row displays
pose correctives from SMPL-X. The second row shows
the inverse geodesic initialization for our pose corrective
activations, and the third row demonstrates their sparsity
after convergence.

3.5 Implementation Details

The provided model is implemented using the Mo-
mentum library Meta, which provides an e Lcieht
C++/Python APIs for rig definition, parameter trans-
forms, and skinning. Models can be loaded and ex-
ported in artist-friendly formats like Autodesk FBX
and GLTF. The model can be easily integrated in
pytorch neural network frameworks.



As previously mentioned, pose correctives and iden-
tity models are trained at LOD1. We transfer the
obtained blendshapes (identity, expression, and last
layer of corrective MLPSs) to the rest of the LODs.
For lower LODs, we perform a linear mapping based
on closest face and barycentric coordinates, while for
LODO we subdivide the LODL1 correctives to achieve
a smoother result.

4 Evaluation

To assess our approach, we utilize the 3DBodyTex Saint
et al. (2018) dataset, which comprises high-resolution
scans of 100 male and 100 female subjects, each
captured in two distinct poses. To measure the ex-
pressiveness of each model, we optimize both body
shape and pose parameters by minimizing the sum of
the distances between each point on the scans to the
closest point on the model surface. Since hands, face
and hair are not reliable in the scans, we manually
masked out their corresponding vertices and added a
keypoint term which measures the distance between
the provided head and hand landmarks and the cor-
responding model joints. We minimize the sum of
those two losses with Adam for 2500 iterations with
a learning rate of 0.01.

We report the average distance from scan points to
the closest model surface excluding face, hair and
hands in Figure 8, while qualitative outcomes are
illustrated in Figure 9. Our model demonstrates a
lower fitting error with fewer components, confirming
MHR’s capability to represent posed human body
shapes for previously unseen identities. Qualitatively,
our model excels particularly at the extremities of
articulated joints (such as elbows and knees) and
provides a closer fit to the target scan’s shoulders.

5 Discussion and Future Work

The creation of a parametric model requires a number
of decision that trade o [_di [erent characteristics like
accuracy, universality, or ease of artistic use, among
others.

The skeleton definition is one of such decisions. The
decoupling between joints and parameters described
in Section 3.1 gives us the flexibility of defining com-
plex skeletons driven by compact parameterizations.
In MHR we decided to simplify the ATLAS skele-
ton, removing some additional joints in the glutes
and upperback. Those additional joints increase the
accuracy of LBS-only models, but can make pose
optimization harder. Given that we are releasing a
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Figure 8 Quantitative Evaluation on 3DBodyTex. We report
vertex-to-vertex error (mm) with diCerkent numbers of
fitting components. Note use SMPL and SMPL-x include
33 additional components to account for the additional
pose components in MHR

model with pose-correctives, we decided to err on the
side of simplicity for the skeleton.

One critical component in real-time rigs is the maxi-
mum amount of joints that influence any given vertex.
While LBS accuracy and smoothness can benefit from
a larger limit, we decided to favor a strict limit of
four joint influences per vertex in all but the highest
LO LOD, since there the four joint limit resulted in
sharp creases around the skinning boundaries.

MHR focuses on fitting and modeling geometry as
observed in minimal scans. Unlike FLAME or SMPL-
X, MHR does not include explicit eyeball geometry;
we plan to include this in future iterations of the
model. We also plan to add an explicit mouth system
similar to Rasras et al. (2024) that models teeth and
tongue.

The facial expression and pose corrective blendshapes
are independent from body shape in MHR. Pose
correctives become more accurate when they vary
across body shapes Osman et al. (2020), and shape-
dependent expression models can also improve real-
ism Vlasic et al. (2006). We will explore in future
work how to condition pose correctives and expression
on body shape.

There is a number of other future directions that we
plan to explore with MHR, including integration of
soft-tissue and clothing models, real-time optimiza-
tion and deployment in AR/VR pipelines, as well as
extending it to stylized characters.



Figure 9 Qualitative Results on 3DBodyTex. We visualize two views of three di[erent scans in 3DBodyTex. In each
column, we see from left to right SMPL, SMPL-X and MHR. First row shows the overlap of the scan and model
estimation, the second one shows only the model, and the third one the distance from model to scan as a heatmap

(masked out areas in black).

6 Conclusions

MHR advances the state of the art in parametric
human modeling by combining the decoupled skele-

ton/shape paradigm of ATLAS with a modern, corrective-

driven rig. The result is a flexible, expressive model
suitable for animation, vision, and AR/VR applica-
tions.
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Appendix

A Author Contributions

MHR is the culmination of over 9 years of work
on multiple iterations of anatomically inspired body
models developed at Meta. The following people
contributed to the model (or earlier iterations):

Aaron Ferguson - Modeling, rigging, and artistic
supervision

Ahmed A. A. Osman - Statistical model development,
scan registrations, evaluation

Berta Bescos - Head scan registrations

Carsten Stoll - Model parameterization, Momentum
library development and support

Chris Twigg - Momentum library development and
support

Christoph Lassner - Software and pipeline develop-
ment

David Otte - Tech art supervision

Eric Vignola - Rigging, tooling, and artistic supervi-
sion.

Fabian Prada - ATLAS development

Federica Bogo - Statistical model development, scan
registrations, pipeline development

Igor Santesteban - Testing, QA

Javier Romero - Testing, statistical model develop-
ment, scan registrations

Jenna Zarate - Technical program management

Jeongseok Lee - Momentum library development
and support

Jinhyung Park - Statistical body model, pose correc-
tives, SAM3D integration, ATLAS development

Jinlong Yang - SMPL conversion tooling

John Doublestein - Infrastructure and pipeline lead,
modeling, rigging and testing

Kishore Venkateshan - Software and pipeline devel-
opment, rig and model evaluation and improve-
ment
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Kris Kitani - Open sourcing, SAM3D integration,
ATLAS development

Ladislav Kavan - Body pose correctives

Marco Dal Farra - Technical program management
Matthew Hu - Hand scan registrations

Matthew Cioffi - Expression blendshapes, modeling
and rigging

Michael Fabris - Rigging and modeling

Michael Ranieri - Software development support

Mohammad Modarres - Head shape modeling, archetype

modeling
Petr Kadlecek - Software and pipeline development
Rawal Khirodkar - ATLAS development

Rinat Abdrashitov - Software and pipeline develop-
ment, hand model improvements

Romain Prévost - Head scan registration
Roman Rajbhandari - Technical Artist
Ronald Mallet - Technical program management
Russel Pearsall - Previous rig development
Sandy Kao - Tech art supervision

Sanjeev Kumar - Testing, QA

Scott Parrish - Rigging and modeling
Shouu-I Yu - ATLAS development

Shunsuke Saito - ATLAS development
Takaaki Shiratori - ATLAS development
Te-Li Wang - Head model development

Tony Tung - Technical program management
Yichen Xu - ATLAS development

Yuan Dong - Model parameterization, evaluation and
QA
Yuhua Chen - Testing, QA

Yuanlu Xu - Momentum library development and
support

Yuting Ye - Model parameterization, QA, Momentum
library support, open sourcing

Zhongshi Jiang - Model and UV improvements
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