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Abstract

We present a robust learning algorithm to detect
and handle collisions in 3D deforming meshes.
We first train a neural network to detect collisions
and then use a numerical optimization algorithm
to resolve penetrations guided by the network.
Our learned collision handler can resolve colli-
sions for unseen, high-dimensional meshes with
thousands of vertices. To obtain stable network
performance in such large and unseen spaces, we
apply active learning by progressively inserting
new collision data based on the network infer-
ences. We automatically label these new data
using an analytical collision detector and progres-
sively fine-tune our detection networks. We evalu-
ate our method for collision handling of complex,
3D meshes coming from several datasets with dif-
ferent shapes and topologies, including datasets
corresponding to dressed and undressed human
poses, cloth simulations, and human hand poses
acquired using multi-view capture systems.

1. Introduction

Learning to model or simulate deformable meshes is be-
coming an important topic in computer vision and computer
graphics, with rich applications in real-time physics simula-
tion (Holden et al., 2019), animation synthesis (Qiao et al.,
2020), and cross-domain model transformation (Cudeiro
etal., 2019). Central to these methods are generative models
that map from high-dimensional deformed 3D meshes with
rich details to low-dimensional latent spaces. These gener-
ative models can be trained from high-quality groundtruth
datasets, and they infer visually or physically plausible
meshes in real time. These 3D datasets can also be gen-
erated using physics simulations (Narain et al., 2012; Tang
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Figure 1. Our method (N-Penetrate) consists of a (learned or ana-
lytic) latent space, a neural collision detector, and an optimization-
based collision handler. We progressively insert data by randomly
sampling in the latent space (sampler). We then use a Newton-
type method to pull unlabeled samples towards the learned deci-
sion boundary (black arrows in the white, feasible domain). The
groundtruth collision labels are generated using an analytic col-
lision detector (penetration computation). Finally, we use three
different loss functions for samples on the positive (orange), nega-
tive side (green), and near (blue) the decision boundaries.

et al., 2012) or reconstructed from the physical world using
multi-view capture systems (Smith et al., 2020). In general,
3D deformable meshes are more costly to acquire, so 3D
mesh datasets typically come in smaller sizes than image
or text datasets. Inference models trained using such small
datasets can suffer from over-fitting and generate meshes
with various visual artifacts. For example, human pose
embedding networks (Tan et al., 2018b; Gao et al., 2018)
can have excessive deformations, and interaction networks
(Battaglia et al., 2016) can result in non-physically-based
object motions.

The goal of our research is to resolve a major source of
visual artifacts: self-collisions. Instead of acquiring more
data, we argue that domain-specific knowledge could also
be utilized to significantly improve the accuracy of inference
models. There have been several prior research works along
this line. For example, (Yang et al., 2020b) exploited the
fact that near articulated meshes can be divided into multiple
components, and they train a recursive autoencoder to stitch
the components together. (Zheng et al., 2021) utilized the
locality of secondary physics motions to learn re-targetable
and scalable real-time dynamics animation. Recently, (Tan
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et al., 2021) studied learning-based collision avoidance foreduces the false negative rateB%27%on average, and
3D meshes corresponding to human poses. They proposede are able to resolve more self-colliding meshes. For a
a deep architecture to detect collisions and used numericést size withl  10* meshes, our method only codt82s
optimizations to resolve detected collisions. However, (Taron the GPU. Overall, ours is the rst practical method for
et al., 2021) used a large mesh dataset to obtain stable peeural collision handling of general, 3D complex meshes.
formance of neural collision detection. Indeed, a deformed

3D mesh typically involves more tha®* elements (voxels, 2. Related Work

points, triangles) where any pair of two elements can have

collisions. Therefore, a huge amount of data is requiredVe review related works in mesh embedding, collision han-
to present the inference model with enough examples oflling, and active learning.

collisions between all possible element pairs. Generative Model of Dense 3D Shape<ategorized by

Main Results: We present a robust method to train a neuralshape representations, generative models can be based on
collision handlerN-Penetratefor complex, 3D deformable point clouds (Qi et al., 2017), volumetric grids (Wu et al.,
meshes using active learning. Our key observation is tha2015), multi-charts (Groueix et al., 2018), surface meshes
the distribution of penetrating meshes can have a long ta{Tan et al., 2018a), or semantic data structures (Liu et al.,
and active learning is an effective method for modeling the2019). We use mesh-based representations with xed topolo-
tail (Geifman & El-Yaniv, 2017). Unfortunately, most 3D gies, as most collision detection libraries are designed for
mesh datasets do not focus on generating samples in tireeshes. Some generative models can learn to represent gen-
tail and cannot be used to train stable collision detector&ral meshes of changing topology, e.g., for modeling meshes
In order to overcome these issues, our approach combined hierarchical structure (Yu et al., 2019) or modeling scenes
three main ideas: with many objects (Ritchie et al., 2019). However, these ap-
_ . : . plications typically involve only static meshes with no need
* We use active learning to progressively insert new sam: - ! : e
) - for collision detection. There is a separate research direction
ples into the dataset. Collision labels for the new sam- : : i )
. ) on domain-speci ¢ mesh deformation representation, e.g.,
ples are automatically generated;

. . S SMPL/STAR human models (Loper et al., 2015; Osman
* We use a risk-seeking approach to prioritize samples

- . et al., 2020), wrinkle-enhanced cloth meshes (Lahner et al.,
near the decision boundary, so that the inserted samplefow) and skeletal skinning meshes (Xu et al., 2020). Our
can best help improve our accuracy; ' ’ :

. . method is versatile and can be combined with both a learned
« We use different loss functions for samples far from ; .
and close to the decision boundary embedding (Tan et al., 2018a) and a SMPL representation
' (Loper et al., 2015; Osman et al., 2020).

r overall roach, N-Penetr is shown in Fig. 1. Wi . - . -
Our overall app oacn, enet gte, S sho 9 Tollision Prediction & Handling: Although collision han-
show that our training method is versatile and can learn;. ™. . . -
- . ; dling is a well-studied area, there can still be a non-trivial
to detect collisions for meshes encoded in various low- : : :
. . computational burden. Prior methods (Pan et al., 2012; Kim
dimensional spaces, such as a learned latent-space (Ya

Ag . . . )
. ; etal., 2018; Govindaraju et al., 2005) use spatial hashing,
Pft al., 2020a) a’.‘d a domain-speci ¢ human t_)ody deforr_‘n ounding volume hierarchies, and the GPU to accelerate
tion representation (Loper et al., 2015). For either encoqu,ne computation by pruning non-colliding primitives, but
we further show that our active learning technique outper: : d ; -
) o they are incompatible with meshes represented in latent
forms supervised learning in terms of data ef cacy and ac- . o : :
curacy. We evaluate our method on three types of compleXPa-c: Handling collisions is even more challenging, and
datas)é.tS' yp P prior methods either use penalty forces coupled with dis-

crete collision detectors (Tang et al., 2012) or hard con-
« Dressed and undressed human poses, including SCAP&raints coupled with continuous collision detectors (Narain
(Anguelov et al., 2005), MIT Swing (Vlasic et al., etal., 2012). All these methods rely on physics-based con-
2008), MIT Jump (Vlasic et al., 2008), and AMASS- straints to handle collisions. To speedup collision handling
MPIMosh (Mahmood et al., 2019) containing different in human reconstruction, in (Bogo et al., 2016), the authors

genders and body shapes wii#387meshes; used capsules and Gaussian distributions to approximate the
* Cloth simulations from (Yang et al., 2020a) with com- body shape and the collision penalty function. However,
plex deformation and self-collisions; this method could result in unnecessarily large deformations

* Human hands captured by a multi-view camera systenin resolving collisions, while our method uses constrained

Compared to prior supervised learning approaches ouorptimizations to maximize shape consistency. Recently,
P b b g app '~ many learning methods such as (Gundogdu et al., 2019;

method exhibits much higher data ef cacy and accuracy (UpPateI et al., 2020) have been designed to predict the cloth

-1 0, ni 0
to 98:19) and uses fewer training samples (UPR12% movement or deformation in 3D, but they do not perform

less). Given a training dataset of the same size, our method . ) -
collision handling explicitly.
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Yarevle Dentton __ Variaple. e niton is de ned as a low-dimensional space that can be mapped
G 'V;Ee graph with vertices and edges  ACAP feature transform function . . . .. . .

ED encoder, decoder ¢ neural collision network parameters to high-dimensional meshes injectively using a learned or
EDiC learnable parameters le collision state label . .

Zai 9Z0Z1 Zg,Z autoencoder latent code E collision handler objective function ana|yt|c decoder fu nction. Furthermore' the |atent_t0_mesh
z latent region of sampling D dataset for learningg;p . . j R .

PD penetration depth Dapne  datasetfor learningo mapping is differentiable and supports multiple downstream

CSE global collision state encoder threshold for boundary samples . 3 B . .

R Il ey SER e i G OS5 applications explained in Sec. 3.3. We have experimented
MLP. collision classi er Ly neural network losses ) )

SoiSii iSzes neural collision indicator | Wy welghts for each loss with two latent-spaces, a learned bilevel autoencoder (Yang

et al., 2020a) and the SMPL human body representation

(Loper et al., 2015), which we brie y review below.
Active Learning: An active learner alternates between

drawing new samples and exploiting existing samples3 1_Bilevel Autoencoder
These samples can be drawn guided by an acquisition func-
tion in Bayesian optimization (Niculescu et al., 2006) or The bilevel autoencoder architecture maps a deformed mesh
from an expert algorithm (De Raedt et al., 2018). Activeto two levels of latent codes. We only want to encode
learning has been applied to approximate the boundary dftrinsic mesh information such as curvatures instead of
the con guration space (Pan et al., 2013; Tian et al., 2016€Xtrinsic rigid transformations because mesh shapes are
Das et al., 2017)' where the feasible domain of Co||isi0ninvariant to extrinsic transformation. Therefore, we rst use
constraints is parameterized using a kernel SVM. Howevethe as-consistent-as-possible (ACAP) feature transformation
these methods are limited to rigid or articulated deforma(Gao et al., 2019) to factor out rigid transformations. The
tions and are not applicable to general 3D deformationé\CAP feature vector is rst brought through the level-1
More broadly, active learning has been adopted in variougutoencoder and mapped to a latent cage We further
prior works to accelerate data labeling in image classi cahypothesize that the error is sparsely distributed throughout
tion (Gal et al., 2017) and object detection (Aghdam et althe mesh vertices. Therefore, we then use an attention
2019) tasks. These methods progressively identify unlahechanism trained with a sparsity prior to decompose the
beled images to be forwarded to experts for labelling. Anmesh into sub-domains. The sparsity prior is designed such
alternative method for selecting the samples is identifyinghat each domain can be mapped to a single axis of the
a coreset (Paul et al., 2014), and the authors of (Sener Btent space, i.e., a single entryaf. Afterwards, a set of
Savarese, 2018) propose a practical algorithm for cores& oJevel-2 autoencoders is introduced to further reduce the
identi cation via k-center clustering. These methods con£rror, with each autoencoder dedicated to one ent&gof
sider a discrete dataset, while we assume a continuous latehbeir latent codes are denotedzs  ;Zg,s The ultimate
space of samples for training generative models and use@esh is reconstructed frod by combining level-1 and
risk-seeking method to identify critical new samples. level-2 latent codes:
Zai KRoZi Zg,d
3. Neural Collision Handler 2,5
D"Zai; b* Q Di"Z;; p,*
i 0
V. ACAP "D Zai; pee;

We introduce our neural collision handling architecture,
based on which we build our active learning method. All
notations are summarized in the symbol table.

whereD; is theith decoder, with 5, being the learnable

A mesh is represented by the graph "V; Ee whereV is . .
a set of verti(F:)es and is ayset 0? :‘fges. We assume that all parameters. The mesh vertidésare reconstructed by invert-

the meshes have the same topology, that is, all the meshild the ACAP transformation. Correspondingly, we have the

differ in V while the connectivityE stays the same. We €ncoder de ned ak"ACAP"V+; g+ Zay, which maps
. . . . the vertices of a mesh to the latent space, withbeing the
further limit ourselves to manifold triangle meshes, i.e., eacl]
L . ; earnable parameters.

edge is incident to at most two triangles, and two triangles
are adjacent if and only if they share an edge. No othe©Our neural collision detector pre-
assumptions are made on the mesh deformation and odicts whether the mesH is sub-
method can handle high-resolution meshes consisting géct to self-collisions using latent
thousands of vertices via ef cient embedding. As a resultjinformation Z,,. The extent to
our method can represent general, complex meshes fromhich two meshes collide can be
various domains of applications. We denote a mesh as sellheasured by the notion of Pen(ET

. . . . . - igure 2. PD (red arrow)
collision-free if and only if any pair of two non-adjacent tration Depth (PD) (Zhang et al.i,s the locally minimal
triangles are not intersecting each other. Our goal is t®014), de ned by the norm Oftranslation for mesh B (or-
design a mesh-based generative neural architecture whettee smallest con guration chang%nge) io be collision-free
we take an input as a coordinate in the latent space anteeded for a mesh to be selfrom mesh A.

output a 3D mesh without self-collisions. The latent spacecollision-free, as illustrated in

Mesh B
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Fig. 2. It is well-known that PD is a non-smooth function takingS as input, i.e.,:

of V (esp. at the boundaries), thereby making it dif cult to

resolve collisions by minimizing PD. By choosing appropri- S<CPZa; c*

ate activation functionsggnh andCELU in our case), we ["Zar® <I"MLP;"S; ¢+ CO:5e:
design the neural collision detector to be a differentiable

approximation of PD. As a result, gradient information cang 5 Optimization-Based Collision Response
be propagated to a collision handler to minimize PD. e

Since collisions can happen between any pairs of geometn'éOIIOWIng (Tan ej[ al., 20.21)’ we design our coII|S|on.detec
o o ; tor MLP, to be differentiable. Suppose we take as input a

mesh primitives, a collision detector should consider pos- cor b ;
, . . . _randomly sampled latent cod&;®', which might not sat-
sible contacts between any pair of sub-domains, leading to

a quadratic complexitp"Zo%. We use a global-local Isfy the collision-free constraints, we project that latent code

detection architecture that effectively reduces the numbetr.)a(?k t(.) the feasible domain by soIvm_g the following op-
timization problem under neural collision-free constraints

of learnable parameters. Speci cally, we introduce a global . . ]
collision state encode8y CSE Z,; c* and a set of local using the Augmented Lagrangian Method (ALM):
which predicts whether thigh sub-domain is in collision ?a" alt > ¢ Vb 1TFeS C s @)
with the rest of the mesh. Finally, the collision information o o _ _

for all local collision predictors is summarized using a claswhereE™Ye is some objective function, which can take

si er network MLP;"S;; ;Sg,« to derive a single overall multiple forms, as speci ed by downstream applications. In
collision classi er: the simplest case, we take as input a destr#ff’, and we
cande neE"Zye YZg ZS*Y*~2, which is only related
to latent space variables. As a more intuitive interface, the
So<CSEZ.; c* user might want to change meshes in the Cartesian space
S <CP'Sy:Zi: c* instead of the of latent space. For exampliéei:‘ the user wants
- - e L . _ a human hand to be at a certain positYr®, we could
I Zaie <I"MLPc"S15 3Sg,5 c* CO5; deneE"Zye YD Zye VU2 A desirable feature

of Eg. 1 is an invariant problem size. However many vertices

where ¢ is the learnable parameters. The feasible spac8 Mesh has, there is only one constraint, which guarantees

boundary of collision-free constraints corresponds to thé1igh test-time performance. Moreover, it has been s_hown
0:5-levelset ofMLP.. We refer readers to (Tan et al., 2021) N Theorem 10.4.3 of (Sun & Yuan, 2006) that ALM either
for more details. nds a feasible solution or returns an infeasible solution

that is closest to the boundary of the feasible domain. In
other words, ALM always makes a best effort to resolve
collisions, even if feasible solutions are not available.

The SMPL model represents a human body shape using two

kinds of parameters:_body pose and body shape. In order 19 Active Learning Algorithm

determine mesh verticds, SMPL uses a template mesh of

a reference body shape and pdst The variation in body The goal of active learning is to iteratively improve the ac-
shape is addressed by adding a linear perturbatigh: curacy of the neural collision detector. We assume the avail-
Ve p;z iBi, whereB; is a set of shape variation bases ability of an existing datasdd of “high-quality” meshes
andZ ; are the corresponding shape coef cients. Fromwith deformed vertice® ~V1'% ®3 which is used to
VO, SMPL derives the naV using standard linear blend train the mesh embedding component. (Note that SMPL
skinning:V  D"Z ; V.2, where we unify the notations also requires a datasBtto learn the linear blend skinning
for both mesh embedding methods and reuse the symbualeights). We assume that meshe®irare collision-free

D for the linear blend skinning function. Heie is the  but the meshes reconstructed using funcfonan still suf-
pose parameters. The overall latent information for theer from collisions due to embedding error after training,
SMPL modelisZyy ~Z Z . We refer readers to (Loper and users might explore the latent space in regions that are
et al., 2015) for more details. We use the collision detectonot well covered by the training dataset. As a result, our
offered by (Muller et al., 2021) on the bodies generatecheural collision detector cannot be trained withalone.

by the SMPL model to neglect natural intersections around'his is becaus® only contains negative (collision-free)
nearby tissues. Nevertheless, we still use PD to represesaimples, while the neural collision detector must learn the
the energy measuring the collision extent. Since no domaiulecision boundary between positive and negative samples.
decomposition is involved, we predict a single collision In other words, the neural detector must be presented with
valueS and use a standard MLP as our collision detectorenough samples to cover all possible latent codes with both

3.2. SMPL Human Pose Representation
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self-penetrating and collision-free meshes. We denote theodes and compute a bounded box in the latent space:
training dataset of neural collision detectors as another set:

D ~azl;1& 'zl f$ 1,2, ;®:Sewherell Y isthe

all

groundtruthd 1 collision state label. ZoS i

Z M min ez, ; max ez
The groundtruth collision state label can be generated au- jo L ®S PGS

tomatically using a robust algorithm such as (Pan et al., ]

2012), to comput®D, where a positivé®D indicates self- We hypothesize that all the meshes can be embedded us-

collisions, so we can de né"Zye < I"PD'Zy* A 0e ing our autoencoder or the SMPL model with small error
wherePD Z+ AOmeans rst recovering the mesh from correspolnd_i’zlg to latent codes Ih, so we can initialize

~ s oI\ ini I ~ nsi
Z.i and then computBD via (Pan et al., 2012). However, Dc " Zzi = "Zg  U"Ze+. We then divide the data

the cost to compute penetration defRIEY Y+, is superlinear  POINtS into three subset®f Dy Dn Dy, illustrated in
in the number of mesh vertices, and computigfor an  Fig- 1 right):

entire dataset can still be a computational bottleneck. More-

over, we are considering a continuous space of possible Dp <AL ZL e PD Z e A .

training data that cannot be enumerated. To alleviate the i, .
computational burden, we design a three-stage method, as Da <“aZ?", e Z?‘” fP0Zar 0 2)
illustrated in Fig. 1. During the rst stage of bootstrap, we Dp <@yl Zyf $D Zoye >7°0; o

sample an initial boundary set, by which we traith.P. ) . . )

to approximate the true decision boundary. At the secondi€"€:Dp iS the positive set consisting of samples with pen-
stage of data augmentation, new training data is selectegfrations deeper_than a threshold, is th_e negative set
and progressively injected into a dataset. Finally, for thetOnsisting of collision-free samples, abd is a boundary
third stage, our neural collision detector is updated to t theS€t Where samples are nearly collision-free and lie on the

augmented dataset. The criterion for selecting the subs@fcision boundary. We will introduce our new loss term for

is critical to the performance of active learning. Since ourthe boundary setin Sec. 4.3.

neural collision predictor provides constraints for a nonlin- ]
ear optimization method, we observe that samples far frond-2- Data Aggregation

the boundary are not used by the optimizer and only thene accuracy of our neural collision detector can be mea-
boundary of the feasible domain (gray area in Fig. 1 right)sred by the discrepancy between the surrogate decision

is useful. Therefore, we propose using a Newton-type riSkboundary deemed YILP, and the true decision boundary
seeking method to push the samples towards the decisiqf pp_formulated as:

boundary. We provide more details for each step below. R ‘n
EB-zy z90zae 0 CE I Zane; ¢ Zaye

4.1. Bootstrap which is an expectation over the true decision boundary.

Active learning would progressively populdds, so prior HereCE is_ the cross-entropy Ios_s. H.owever, it is very dif -
work (Aghdam et al., 2019) simply initializes the datasetCUIt to derlve a sampled appromma_tlon of the above met_rlc
to an empty set. However, we nd that a good initial guessbecausePD is a non-smooth function whose level-set is

can signi cantly improve the convergence of training. This measure-zero, which corresponds to the boundaries of C-

is because we select new data by moving (randomly Sanq_bstacles. Instead, we propose to take the expectation over

pled) latent codes towards the decision boundary oPthe ~ the surrogate decision boundary:
function using a risk-seeking method. However, the true  E-,_ ,gup.-z.: c» 0:5e CEl¢ Zaye; 1" Zayoe

boundary of the collision-free constraints corresponds to .
the boundary ofS-Obstacles, which is high-dimensional Generally speaking, the5-level-set ofMLP. can also be
and unknown to usRD is a non-smooth function, so we measure-zero, but we have designed our neural networks

cannot even use gradient information to project a mesh &> CSE CP. MLP; to be differentiable functions. As a re-
the zero level-set oPD). Instead, we propose using the sult, we could always project samples onto @ level-set

learned neural decision boundary, i.e., G levelset of DY Solving the following risk-seeking unconstrained opti-

MLP, as an approximation. If we initializB, g, the Mization:
surrogate decision boundary is unde ned, and the training argmin}WILPc“Za”' ce 05Y:
might diverge or suffer from slow convergence. For our Zai ’

bootstrap training, we uniformly sample a small selNgf;

latent codeg 5 at random positions from the latent space
and computé>D for each of them. We de ne a valid space
of sampling by mapping all the dafd,, >D to their latent Zai H 'OMLP.MLP; 0:5e; )

We adopt the quasi-Newton method and updageusing
the following recursion:
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Figure 3. We plot the accuracy of the neural collision detector against the dataset size. The baselines are trained using the same amount of
data. On average, ours achievde82% higher accuracy tha8upv. From left to right: SCAPE, Swing, Jump, Skirt, Hand, and AMASS.

Figure 4. We plot the false negative rate against the dataset size. The baselines are trained using the same amount of data. On average,
ours achieves &3:59% lower false negative rate th&upv. From left to right: SCAPE, Swing, Jump, Skirt, Hand, and AMASS.

whereH is some rst-order approximation of the Hessian

matrix, which is much faster to compute than the exact 20 9.5
Hessian, which requires the second-order t@fVILP.. In E_. o ’ 52 ’ Sb,ﬁ.

Lo r B-zab o5 op@eore ; QS Q S*A
summary, we would sample a new set of dizg~2 from I i1 A

previousD. during each iteration of data augmentation. For

each sampled ., we projectZ to the surrogate decision \yhere s the maximal allowable order violation. We use su-

boundary using Eq. 3 recursively until the relative chang&,erscripts to distinguish two samples drawn frbrg. Note
within Z is smaller than, between consecutive iterations. iyt the domain-decomposition is only used for bilevel au-
For datasets based on the SMPL model, we randomly choosgencoders and omitted in the SMPL representation. There-

to x Z ornot. We also samplayg2directly fromU"Z«, 416 for SMPL, we only use the overall collision valSe
using random samples to discover uncovered regions, whicl ihe regression lodspp and the marginal ranking logs .

achieves a balance between exploitation and exploratiofere are no other terms for sub-domains. Our third term

Finally, we classifyZ a into either one 0Dy, according  measures the discrepancy betwd#irP, andPD over the
to Eqg. 2 using the penetration depth. entire latent space:

i1

4.3. Model Update

After D has been updated, we ne-tu@SE CP, MLP, by Lee E-zysp, D,- CEIl Zaiesl FZaree
updating ¢ using the following loss functions:

The last term is performed on the new boundaryBetWe
) propose using thi -loss function forDy, to approximate
L Weolpp Wrlr Wedce Wolb; the decision boundary:

wherewy are weights corresponding to each type of loss. L E-z,sp,. YMLP Zai; co 0:5Y:  (4)
Our rsttermLpp is a regularization that enforces consis-

We update our neural collision detector with objective func-
tency betweel$; and true PD, de ned as: P )

tionL by running a xed number of training epochs, denoted
asNepoch With ¢ warm-started from the last iteration of
the model update.

oS oS A
Leo E-zupc- B YSi PDY WepsuQ S PD\ng; 5. Evaluation
1 i1l

Datasets:We evaluate our method on six datasets. The rst
three (SCAPE (Anguelov et al., 2005) with 71 meshes
where we penalize both the domain-decomposed penetreach havin@161vertices, MIT Swing (Vlasic et al., 2008)
tion depthPD, de ned in (Tan et al., 2021) and the total with N 150meshes each havirg®71vertices, and MIT
penetration depth with weightppsym Our second termh , Jump (Vlasic etal., 2008) witN  150meshes each having
is a marginal ranking loss that enforces the correct ordering0002vertices) contain human bodies with different sets of
of penetration depth to avoid over- tting, de ned as: actions and poses. The forth one is a skirt dataset introduced






