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Figure 1: Self-collisions in the input poses are successfully resolved (gray character: input pose, colorized character: output pose). Our
model demonstrates a high generalization ability for unseen characters and motions, effectively resolving challenging self-collisions, includ-
ing deep collisions and leg-to-leg collisions.

Abstract
Motion retargeting is a technique for applying the motion of one character to a new character. Differences in shapes and
proportions between characters can cause self-collisions during the retargeting process. To address this issue, we propose
a new collision resolution strategy comprising three key components: a collision detection module, a self-collision resolution
model, and a training strategy for the collision resolution model. The collision detection module generates collision information
based on changes in posture. The self-collision resolution model, which is based on a neural network, uses this collision
information to resolve self-collisions. The proposed training strategy enhances the performance of the self-collision resolution
model. Compared to previous studies, our self-collision resolution process demonstrates superior performance in terms of
accuracy and generalization. Our model reduces the average penetration depth across the entire body by 56%, which is 28%
better than the previous studies. Additionally, the minimum distance from the end-effectors to the skin averaged 2.65cm, which
is more than 0.8cm smaller than in the previous studies. Furthermore, it takes an average of 7.9ms to solve one frame, enabling
online real-time self-collision resolution.

CCS Concepts
• Computing methodologies → Motion processing; Collision detection; Neural networks;

1. Introduction

Motion retargeting refers to the process of processing and apply-
ing existing motion data to match a new character’s skeleton and
body shape. Even when applying the same motion, minor or major
edits may be required depending on the character’s appearance. For
example, if a small character and a large character move their arms
at the same angle, the arms might intersect with the body, resulting
in an unnatural appearance. However, manually editing or creating
motions to fit each character’s shape requires significant cost and

expertise. By using motion retargeting, existing motion data can
be adapted as needed, greatly enhancing the efficiency of character
animation production. Additionally, in modern games where users
can change the character’s body shape in real-time, the need for
real-time retargeting increases, as the intervention of expert is not
feasible in such cases.

When developing motion retargeting technology, various factors
need to be considered, including the quality of the resulting mo-
tion, computational speed, scalability to different body shapes, and

© 2024 The Authors.
Proceedings published by Eurographics - The European Association for Computer Graphics.
This is an open access article under the terms of the Creative Commons Attribution License, which
permits use, distribution and reproduction in any medium, provided the original work is properly
cited.

DOI: 10.2312/pg.20241288 https://diglib.eg.orghttps://www.eg.org

https://orcid.org/0009-0003-5002-9389
https://orcid.org/0009-0005-8038-9064
https://orcid.org/0000-0002-9253-2156
https://doi.org/10.2312/pg.20241288


© 2024 The Authors.
Proceedings published by Eurographics - The European Association for Computer Graphics.

2 of 13 Lee et al. / Learning-based Self-Collision Avoidance in Retargeting using Body Part-specific Signed Distance Fields

ease of editing. The criteria for determining the quality of the re-
sulting motion can be broadly divided into two categories. The first
criterion is the preservation of motion semantics. Even if different
characters take poses at different angles due to motion retargeting,
they should be able to preserve the intended meaning of the motion.
The second criterion is self-collision avoidance. Generally, larger
characters are more prone to penetration phenomena between body
parts. Even minor penetrations are noticeable and can convey an
impression of unnatural motion, making self-collision avoidance
crucial in motion retargeting.

Due to the high demand for such motion retargeting technol-
ogy, extensive research has been conducted in the field of com-
puter graphics for decades to develop more efficient and high-
quality motion retargeting techniques. In recent years, there have
been many attempts to research motion retargeting technology that
incorporates data-driven approaches [JKY∗18,ZWK∗23,VCH∗21,
VYCL18]. However, even in these latest motion retargeting tech-
nologies, self-collisions still frequently occur, and over-shooting
problems, where poses are excessively altered to prevent collisions,
are also observed. This paper proposes a new motion retargeting
method to robustly perform self-collision avoidance.

Typical neural motion networks for motion retargeting are de-
signed to learn end-to-end processes that detect collision between
body parts and edit avoidance actions simultaneously [ZWK∗23,
VCH∗21]. However, we have observed that this approach makes it
difficult to accurately identify self-collisions and reduces general-
ization performance. Therefore, the new motion retargeting system
proposed in this paper is designed to robustly perform self-collision
avoidance by dividing it into two detailed modules. The first is the
collision detection module, which efficiently and accurately detects
self-collisions in the current pose, summarizing collision situations
based on geometric computations. The second is the self-collision
resolution model, an artificial neural network-based module that
determines in which direction to avoid self-collisions while main-
taining natural character poses as much as possible.

The collision detection module generates information about self-
collision areas that occur when the input pose is applied to the given
character structure. This self-collision information is defined in the
form of a collision matrix, which divides the character’s body struc-
ture into six parts and stores the penetration depth between each
body part. The dimensions of the collision matrix remain consis-
tent regardless of the character and the matrix have continuously
varying values according to sequential posture changes. Therefore,
the collision matrix has a form that is easy to use as input by an-
other module proposed in this paper, the self-collision resolution
model.

The self-collision resolution model, structured as a neural net-
work, uses the collision matrix as its input, which has been cal-
culated by the previous collision detection module. This module
learns and infers how to transform the input posture into a new
posture that avoids self-collision based on the given collision ma-
trix.

Finally, we propose two training strategies to enhance the ac-
curacy and generalization ability of the self-collision resolution
model. The first strategy is random collision dropout, which filters
out some values in the collision matrix with a certain probability

during training. This strategy prevents some collision information
from being ignored, ensuring that collision information provided
by the collision matrix is sufficiently reflected during the colli-
sion avoidance process. Another training strategy is random seg-
ment padding, which enhances the generalization performance of
the inference by training the model using characters with variably
transformed body shapes through augmentation.

The motion retargeting method proposed in this paper achieved
high performance in avoding self-collisions quickly and accurately
through a two-module structure. It was able to accurately detect and
avoid collisions in uncommon cases, such as collisions between the
head and hands or hands and feet, even when the training data was
insufficient. It was also capable of inferring natural motions for new
character structures not used in the training. Additionally, we con-
ducted quantitative and qualitative comparative experiments with
existing motion retargeting methods, confirming that our method
significantly improved self-collision avoidance and preservation of
motion semantics.

The new motion retargeting method proposed in this paper has
the following contributions:

• It proposes a learning-based motion retargeting model separated
into a collision detection module and a self-collision resolution
model, instead of the conventional end-to-end learning method.

• It defines a collision matrix that conveys information about depth
of self-collisions currently occurring. Calculated through contin-
uous functions, it ensures smooth resulting motions and main-
tains a constant data volume regardless of the character’s pos-
ture, making it suitable as input for the learned model.

• It presents two training strategies for performing self-collision
avoidance. Through random collision dropout, collisions can be
avoided more accurately without ignoring difficult collisions,
and through random segment padding, generalization perfor-
mance for various character body shapes can be enhanced.

• Compared to existing motion retargeting methods, the proposed
method naturally resolves self-collision phenomena and gener-
ates high-quality resulting motions that preserve the original mo-
tion as much as possible.

2. Related Work

Motion retargeting technology significantly enhances the effi-
ciency of generating graphic content. There is substantial industrial
demand for motion retargeting, and ongoing research aims to make
this technology more universally applicable with improved perfor-
mance.

Motion Retargeting. To the best of our knowledge, [Gle98] was
the first to introduce the concept of motion retargeting. In this
study, motion retargeting was achieved by defining the features of
motion as spatiotemporal constraints and solving the optimization
problem related to these constraints. Around the same time, Lee
and Shin proposed a motion retargeting method that adjusts mo-
tion sequences based on inverse kinematics (IK) to satisfy con-
straints [LS99]. Subsequently, research on retargeting has contin-
ued in various application areas, including characters with different
morphologies, interactions among multiple characters, pose trans-
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fer with collision avoidance, video input, and physics-based retar-
geting [HRE∗08, JKL18, BWBM20, KSK21, RWY∗23].

Unlike previous studies that primarily relied on energy function
optimization, recent attempts have incorporated deep learning ap-
proaches to utilize pre-prepared datasets, thereby reducing man-
ual work and improving performance. The traditional optimization-
based approach for retargeting had limitations in reflecting the
characteristics and meanings of character motion, but integrating
deep learning allows for better adaptation to character structures
[JKY∗18, HZZ∗24]. Various studies have also focused on learning
retargeting models that incorporate kinematic techniques in charac-
ters with skinned meshes [VYCL18, ALL∗20, LCC19]. However,
these studies did not consider the geometry of the mesh, often re-
sulting in frequent self-collisions and generating actions that are
either semantically distant from the original motion or unnatural.
Our research is based on deep learning and focuses on avoiding
self-collisions that occur during retargeting. Therefore, we will fo-
cus our survey on collision avoidance and shape recognition within
learning-based methods below.

Collision Avoidance of a Single Character. Many studies on mo-
tion retargeting have aimed to resolve the self-collision problem.
For instance, [TPM21] used a prediction classifier to predict areas
where self-collisions would occur, optimizing the time required to
detect collisions and generating collision-avoidance motions. Al-
though this approach demonstrated high generality, applicable to
various character mesh structures and motions, it sometimes failed
to detect collisions properly and generated unnatural motions occa-
sionally.

PointNet generates boundary points for 3D segmenta-
tion [QSMG17]. Villegas et al. used feature vector information
obtained through PointNet to embed the shape of the character
into the learning model during the motion retargeting pro-
cess [VCH∗21]. Additionally, they performed further optimization
in the latent space to maintain self-collision and the semantics
of poses. However, this approach had limitations in accurately
predicting collision information according to the character’s pose,
leading to issues such as overshooting and residual collisions
during the self-collision resolution process.

Aberman et al. proposed a method training an artificial neural
network using motion sequences of characters with different struc-
tures to effectively transfer motions [ALL∗20]. However, the suc-
cess rate of retargeting greatly depended on the type of motion to
be transferred and the similarity of joint structures, with limitations
in preserving the original poses.

R2ET, proposed by Zhang et al., is a learning-based model for
motion retargeting that separates the process of adjusting the pose
to preserve the meaning of the motion from the process of self-
collision avoidance [ZWK∗23]. The collision avoidance module
of R2ET relies on shape recognition of the subset of the charac-
ter mesh within the bounding box corresponding to each joint. Fur-
thermore, introducing a balancing gate after the collision avoidance
module reduced overshooting and achieved better performance
than previous studies. Lyard et al. designed heuristic functions indi-
vidually for resolving self-collisions occurring in the arms and feet
and adjusted poses based on these functions [LMT08]. However,

this approach had limitations in generally handling complex col-
lision situations, occasionally resulting in increased self-collisions
after collision avoidance. The motion retargeting method proposed
in this paper implicitly learns how to resolve collisions in the col-
lision avoidance module based on a data-driven approach, without
requiring user specifications.

Unlike previous methods, there has also been research on mo-
tion retargeting methods for characters without joints [BWBM20,
LMHM18]. Both studies performed motion retargeting through op-
timization of energy functions or solutions of linear systems de-
fined on the mesh surface of the given character. However, this
approach has the disadvantage of being difficult to perform self-
collision avoidance in real-time. Our method is similar to the afore-
mentioned studies in that it divides the body of a single character
into multiple regions and performs self-collision avoidance using
collision information of the character’s skin within each region.

Shape Awareness for Collision Avoidance. To resolve collisions
that occur during the motion generation process, it is essential
to have a comprehensive understanding of the mesh shape of the
character (or object). A representative method for shape embed-
ding of a character involves utilizing the extent of bounding boxes
that enclose the character’s body or adapting the existing Point-
Net method [ZWK∗23, VCH∗21]. However, since most character
shapes are curved and have concave parts, there are inevitably small
and large gaps between the actual boundaries of the shape (or skin)
and the boundaries of the bounding boxes. Therefore, using bound-
ing box extent information for shape awareness has limitations in
precisely capturing the character’s shape. Additionally, when using
PointNet for shape embedding, complex calculations are needed
during the process of inferring collision-free motions, making it
challenging to use directly in neural network models, particularly
for real-time applications.

When dealing with interactive motions between a character and
an object, it is also necessary to understand the spatial relationship
between the character and the object. To this end, Karunratanakul
et al. proposed a generalized method for maintaining contact states
by defining a grasping field that represents mesh surface points as
a signed distance field [KYZ∗20]. Pirk et al. unified interaction
information from motion data obtained through various types of
sensors by representing the dynamic interaction paths arising from
motion as paths of vertex sets on the object surface [PKH∗17].
Zhang et al. represented the occupancy of objects using voxels to
express the volume that objects have in space around the hand, and
also utilized raycasting and SDF to gather distance information be-
tween the hand and objects [ZYSK21]. The Interaction Bisector
Surface method identifies the spatial boundaries between two ob-
jects [ZWK14], and She et al. used this method to express the spa-
tial relationship between the hand and objects [SHX∗22]. While
these representation methods can be efficient for the self-collision
resolution problem, they have the limitation of being difficult to im-
plement due to their relatively complex nature, especially when the
scale of self-collision is large.
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3. Overview

Figure 3 illustrates the process of self-collision avoidance using
character and pose as inputs. Specifically, the system takes as in-
puts the character’s current pose q, the character’s bind-pose skele-
ton s, bind-pose vertices v used for skinning, and skinning weights
W. The output is a new pose q̂ in which self-collision has been
resolved. The system consists of two components: a collision de-
tection module Fcol based on geometric computation and a self-
collision resolution model Fres based on an artificial neural net-
work. The collision detection module Fcol calculates the depth of
self-collisions occurring in the character’s current pose q (Section
4). The self-collision resolution model Fres predicts q̂ based on the
results of the collision detection module Fcol and the input pose q:

q̂ = Fres(q,Fcol(q)). (1)

A detailed explanation of the self-collision resolution model is pro-
vided in Section 5.

To enhance the accuracy and generalization ability of the self-
collision resolution model, a specific training strategy is required
(Section 6). We propose two training strategies: Random Collision
Dropout (RCD) and Random Segment Padding (RSP). The RCD
improves the collision avoidance accuracy of the self-collision res-
olution model by randomly removing some of the detected colli-
sions (Section 6.1). The RSP enhances the model’s generalization
performance to new characters or poses by simulating various body
shapes by virtually expanding and contracting some parts of the
character’s body (Section 6.2).

4. Collision Detection Module

The collision detection module calculates the collision matrix
Mcol, which stores the depths of self-collisions occurring in the
character, given the pose q ∈ RJ×4, bind-pose skeleton s ∈ RJ×3,
bind-pose vertices v ∈ RV×3, and skinning weights W ∈ RV×J.
Here, J is the number of joints and V is the number of vertices
forming the character mesh.

The collision matrix Mcol ∈ R6×6 compactly stores the pen-
etration depths between six segment clusters of the character,
rather than between all possible segment combinations. A seg-
ment cluster is a set of body segments. When clustering segments,
we assume that there is no self-penetration within the same seg-
ment cluster. Therefore, segments that frequently experience self-
collisions should be placed in different segment clusters. Although
our method performs effectively even when each segment cluster
contains only one segment, using a small number of segment clus-
ters enhances the generalization ability and learning speed. Con-
sequently, we assign a segment cluster to each of the character’s
limbs, torso, and head:

Bc∈[1,6] ⊂ S, S ≡ {Sj | j ∈ [1,J]}, (2)

where Bc represents the c-th segment cluster, and segment Sj refers
to the part of the character mesh influenced directly by j-th joint.

4.1. Body Segment

A given character’s mesh can be viewed as a set of body seg-
ments, which are divided based on joints (Figure 2a). We define the

(a) (b)

Figure 2: (a) Examples of body segments. Body segments are cre-
ated by separating the vertices of a given character mesh based on
skinning weights. (b) An illustration of the process of calculating
the signed distance between two segments. When calculating the
signed distance between the character’s right hand segment and
head segment, the SDF values for the head segment are calculated
for each vertex corresponding to the right hand. These vertices
are obtained by performing linear blended skinning on the current
pose. The smallest distance value is then taken as the signed dis-
tance between the right hand segment and the head segment.

j-th segment as the set of mesh vertices that have a skinning weight
above a certain threshold for the j-th joint:

Sj ≡ {vi|W(i,j) ≥ η,∀i ∈ [1,V]}, j ∈ [1,J] . (3)

Here, the coordinates of each segment vertex vi are defined in the
local coordinate system of the j-th joint. η is the threshold for the
skinning weight.

4.2. Signed-Distance Fields

We use signed distance fields for efficient collision detection. To
calculate the collision matrix for each pose, V ∗ J SDF queries are
generated per character, which constitutes a significant portion of
the computational cost of the entire pipeline. Therefore, to speed
up SDF querying, we approximate the SDF by voxelizing it, as
done in [ZWK∗23]. The SDF is defined in the bind-pose space or
the local coordinate system of the joint, generated once initially,
and subsequent queries are differentiable and executed in constant
time.

Character Signed-Distance Field. First, a 3D bounding box en-
closing the character’s mesh is set, and this space is divided into
voxels of a fixed size. The resolution of the voxel grid is determined
by the size of each voxel, which is a cube approximately 0.01 times
the height of the bounding box. The distance from the center of
each voxel to the nearest surface point is stored in the voxel, with
the distance being negative for points inside the surface mesh and
positive for points outside the shape.
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Figure 3: Structure of the self-collision resolution model.

Segment Signed-Distance Field. The Segment Signed-Distance
Field (Segment SDF) refers to the SDF of the region tightly enclos-
ing the vertices constituting each segment. For memory efficiency,
the Segment SDF is defined on two voxel grids: one is a high-
precision SDF defined within the bounding box of the segment,
SSDFsmall, and the other is a coarse SDF that covers the bounding
box of the entire character mesh, SSDFlarge. Both SDF functions
store the signed distance to the segment surface. When calculating
the Segment SDF, if the SDF query point is within the bounding
box of the segment, the distance sampled from SSDFsmall is used.
Otherwise, the distance from SSDFlarge is used.

While the SDF generation process can be automatically con-
ducted through the subdivision of the voxel space within the char-
acter, for the sake of explanation, we assume in this paper that the
Segment SDFs are pre-generated, and provided as input to the sys-
tem.

Blended SDF. Using SDF (Signed Distance Field), the closest
point on a surface from an arbitrary point can be quickly calculated
by moving in the opposite direction of the gradient by the distance.
However, as shown in Figure 4a, calculating the penetration depth
with the mesh surface using Segment SDF may underestimate the
actual penetration depth at the segment boundaries. This can reduce
the accuracy of the collision avoidance procedure. One simple way
to address this is to use the Character SDF instead of the Segment
SDF for the internal regions of the segment where the SDF value
is less than zero (Figure 4b). However, this Selective SDF function
is discontinuous at the points where the Segment SDF becomes
zero near the segment boundaries, causing the collision matrix to
change discontinuously over time, and generating noise in the re-
sulting motion. Therefore, we removed the discontinuity of the Se-
lective SDF by linearly interpolating between the Character SDF
and the Segment SDF based on the value of the Segment SDF. We
named this the Blended SDF (Figure 4c). The Blended SDF can be

Segment SDF
(a)

Selective SDF
(b)

Blended SDF
(c)

Figure 4: Visualization of SDF values by location. The SDF val-
ues were calculated on a plane intersecting the segment shown on
the left. The intersection points between the segment surface and
the plane are represented by dotted lines. The solid lines repre-
sent the intersection points between the character surface and the
plane. (a) In the case of the Segment SDF, the SDF values are zero
on the segment surface, regardless of their spatial relationship to
the character mesh. This can lead to an underestimation of colli-
sions occurring deep inside the body near the boundary between
adjacent segments. (b) The Selective SDF addresses this underesti-
mation by using the Character SDF within the segment. However, it
introduces discontinuities in the SDF near the boundary, causing a
sharp change in SDF values at the segment’s surface. (c) To resolve
both issues, the Blended SDF interpolates between the Character
SDF and Segment SDF outside the segment, leading to SDF values
that vary based on their distance from the segment surface. Unlike
the Selective SDF, it does not exhibit discontinuities.

formulated as follows:

p ≡ min(max(SDFseg (v)/ν,0.0) ,1.0) ,
SDFb(v)≡ p∗SDFseg (v)+(1− p)∗SDFchar (v) .

(4)

Here, ν is a hyperparameter that sets the range of the blended area.
Through experiments, we found that the discontinuity of the Se-
lective SDF does not cause problems during the training process
and even improves performance. Therefore, we used the Selective
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SDF during the training process and the Blended SDF during the
inference process for continuous pose output. In the following sec-
tion, we denote both of these simply as SDFj(·), the chosen SDF
function of the j-th segment Sj.

4.3. Collision Matrices

Before calculating the collision matrix Mcol, the collision detec-
tion module first calculates the pair-wise distance matrix Mdist ∈
RJ×J between segments:

Mdist,ij(q)≡ min({SDFj(v) | ∀v ∈ LBSi(q)})+Ωij. (5)

This calculation process can be seen in Figure 2b. Here, LBSi(q)
is a function that performs linear blend skinning on the vertices
included in the i-th segment Si based on the current pose q, and
SDFj(·) is the chosen SDF function of the j-th segment. Finally, Ω

is a matrix used to ignore collisions between two segments Si and Sj
specified by the user during the overall collision detection process.
Ω is a masking matrix where Ωij is set to ∞ to ignore collisions
between segments Si and Sj and set to 0 otherwise. This prevents
collision information from being generated from segment pairs that
always collide, such as the pairs between the same segment (diag-
onal elements) or between parent and child segments.

Based on the calculated Mdist, the pair-wise distance DB ∈R6×6

between segment clusters can be obtained as follows:

DB(Bci ,Bcj ,q)≡

{
min(Mdist,Ici ,Icj

(q)) if ci ̸= cj

0 else
. (6)

Here, Ici and Icj are sets of indices of joints belonging to the ci-th
and cj-th segment clusters, respectively, and Mdist,Ici ,Icj

(q) is the
submatrix of Mdist(q) corresponding to these indices. min(·) is a
function that selects the smallest element in the given matrix.

Finally, the output of the collision detection module Mcol is ob-
tained by extracting the penetrating depth from DB.

Mcol,cicj(q)≡ max(−DB(Bci ,Bcj ,q),0). (7)

5. Self-collision Resolution Model

The self-collision resolution model predicts a new pose q̂∈RJ×4

that resolves collisions in the given pose q based on Mcol. The self-
collision resolution model Fres operates independently for each of
the four segment clusters Bc corresponding to the character’s arms
and legs, meaning Fres = {Fc

res |c ∈ [1,4]}. These four independent
models are trained simultaneously because they need to coordinate
the amount of collision avoidance with each other depending on the
input pose. As shown in Figure 3, the input to each self-collision
resolution model Fc

res includes the pose q, the pose qc ∈R|Bc|×4 of
the joints within the segment cluster Bc, the character’s bind-pose
skeleton s, the extent of the bounding box b ∈ RJ×3 surrounding
each segment, same as with [ZWK∗23], and the collision vector
Mcol,c ∈ R6, which is the c-th row vector of Mcol. Based on these
inputs, the model predicts a new pose q̂c ∈R|Bc|×4, which resolves
the self-collisions. The predictions q̂c from each Fc

res are combined
to obtain the final result pose q̂.

5.1. Architecture

The self-collision resolution model Fc
res consists of two submod-

ules, f c
Φ and f c

∆q (Figure 3). The intermediate feature predicted by
the simple MLP f c

Φ is called the semantic matrix and is denoted as
Φc ∈ R6×d. Here, d is a hyper parameter. The current collision in-
formation contained in collision vector Mcol,c for segment cluster
Bc is embedded into this semantic matrix and used as input to the
second submodule f c

∆q.

For this embedding, each row vector of Φc is first individually
normalized to have a mean of 0 and a variance of 1. Subsequently,
each column of Φc is multiplied element-wise by Mcol,c to obtain
the semantic collision matrix Φ

′
c:

Φ
′
c,ij = Φc,ij ∗Mcol,ci. (8)

The resulting semantic collision matrix Φ
′
c is flattened and input

into the submodule f c
∆q.

To sufficiently propagate this semantic collision information
to the output layer, we used a neural network in the style of
DenseNet [HLvdMW18]. Specifically, we input Φ

′
c repeatedly at

every layer starting from the intermediate layers of f c
∆q (right side

of Figure 3). The performance of the proposed network architecture
is verified through comparative experiments in Section 7.1. Finally,
f c
∆q predicts the change in pose ∆qc. This change is then added to

qc, and the result is normalized to obtain the array of unit quater-
nions q̂c.

5.2. Loss Function

The loss function used to train the self-collision resolution model
is defined as a weighted sum of Identity loss, Penetration recovery
loss, Reconstruction loss, and an L2 weight regularization term:

L = αLidentity +βLpen + γLrecon +ζ|w|2. (9)

Here, α, β, γ, and ζ are hyper parameters representing the weights
of each loss term, and w are the parameters of the self-collision
resolution model.

Identity loss. The self-collision resolution model should output
the original pose when there is no collision. Let ∆qc(Φc,Mcol,c)
be the output of the submodule f c

∆q given the semantic matrix Φc
and the collision vector Mcol,c. The identity loss is defined as fol-
lows:

Lidentity =
4

∑
c=1

|∆qc(Φc,0)|2. (10)

Penetration recovery loss. The Penetration recovery loss is an ob-
jective function that implements the prior that the distance between
two segment clusters Bi and Bj should be zero after resolving col-
lisions. It is defined as follows:

Lpen = |u(Mcol(q))∗Mcol(q̂)|1. (11)

Here, u(·) is a unit step function applied to each element of the
given matrix, converting the penetrating depths from the input pose
into a boolean mask. The ∗ operator denotes the element-wise mul-
tiplication between matrices.
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Reconstruction loss. The Reconstruction loss implements the
prior that the resolved pose q̂ should be similar to the original pose
q. It is defined as follows:

Lrecon = |q− q̂|2
+|FK(q)p −FK(q̂)p|2
+|FK(q)q −FK(q̂)q|2.

(12)

Here, FK(·)q and FK(·)p denotes the global quaternions and global
positions of each joint obtained through forward kinematics, re-
spectively.

6. Training Strategies

The self-collision resolution model described earlier uses a col-
lision matrix Mcol, which allows it to resolve collisions between
segment clusters in poses of easy difficulty. However, for new char-
acters not used during training, the model often fails to push the
segment clusters sufficiently apart or pushes them too far, result-
ing in poor performance in generalization and accuracy (Figure 6c-
2). To improve the accuracy and generalization ability of the self-
collision resolution model, we devised two training strategies.

6.1. Random Collision Dropout

The problem of self-collision resolution is an underdetermined
problem with many possible solutions. For example, a collision be-
tween the left hand and the right hand can be resolved by moving
either the left hand or the right hand. This can lead to overfitting
during the training process, where a specific limb is predominantly
used and overall avoidance fails (Figure 6c-1). We propose a train-
ing strategy called Random Collision Dropout (RCD) to encourage
the appropriate use of various limbs and improve generalization
performance.

RCD is a method where, with a certain probability λ, only one
element in the input matrix Mcol to the self-collision resolution
model is retained, and the remaining elements are set to zero. By
masking the elements of Mcol, RCD removes the correlation be-
tween the elements of Mcol and encourages the model to respond
sensitively to each individual element of the collision matrix Mcol.
Through this, RCD has improved the accuracy of the self-collision
resolution model. When the elements of Mcol are masked by RCD,
the following Penetration recovery loss is used instead of the orig-
inal Penetration recovery loss:

Lpen = |u(Mmask ∗Mcol(q))∗Mcol(q̂(Mmask ∗Mcol(q)))|1. (13)

Here, Mmask is a matrix with only one random element set to 1
and the rest set to 0, and q̂(Mcol) is the result pose of self-collision
resolution model that takes Mcol as input. For notational simplicity,
other inputs to q̂(Mcol) are omitted.

6.2. Random Segment Padding

Preparing a sufficient variety of character body shapes for learn-
ing is not easy. A commonly used technique to improve the gen-
eralization ability of neural networks when data is scarce is data
augmentation. Random Segment Padding (RSP) is a data augmen-
tation method for character appearance.

Given two body segments Si and Sj, and a new body segment S′j
thickened by an arbitrary real value p, the distance between Si and
S′j can be approximated by the following relation:

D(Si,S
′
j)∼ D(Si,Sj)− p. (14)

Here, D(Si,Sj) is the distance between the two body segments Si
and Sj. Based on this relationship, RSP introduces a procedure in
the collision detection module to expand or shrink each body seg-
ment during the calculation of Mcol. Specifically, padding the i-th
body segment Si by p can be achieved by adding −p to both the
entire i-th row and the i-th column of the distance matrix Mdist
in the collision detection module. We sampled p within a certain
range of negative and positive values for each body segment and
applied padding accordingly. Padding was also applied to the ex-
tent of the bounding box, which is an input to the self-collision
resolution model.

7. Experiments and Evaluation

7.1. Experimental Design

Datasets. We trained and evaluated our model using the Mix-
amo dataset. The Mixamo dataset includes characters with differ-
ent shapes and skeleton ratios, as well as a variety of motions. For
training, we used a total of 152,424 frames of motion data, and for
testing, we used motion data with a total length of 40,074 frames.
The number of characters used for training is three (AJ, Kaya, and
Peasant Man), and testing was conducted on seven characters. All
test characters and motion data used in the experiments were not
used during training, unless otherwise noted.

Implementation Details. The number of joints in the characters
used for training and inference is 22. The hyper parameters α, β, γ,
ζ, η, λ, ν, d are 10, 0.5, 0.3, 0.00001, 0.3, 0.5, and 0.1, 8 respec-
tively. The learning rate used for training is 0.0001, the batch size is
32, and the optimizer is Adam. Ω is set to ignore collisions between
neighboring body segments on the skeleton and between segments
within the same segment cluster. Additionally, collisions between
the upper arm and chest segments, which are prone to collisions in
a standing position, are also ignored. The padding extent p for RSP
is uniformly sampled between values 0.05 greater than the mini-
mum SDF value of each body segment and a maximum of 0.1. The
submodule fΦ is a 5-layer MLP with hidden layer dimensions of
64. Each linear module of the submodule f∆q has an output dimen-
sion of 16, except for the final linear module. During training, the
size of each character is normalized so that the height of the shoul-
ders is 1. We trained our model for approximately 30 minutes on
a device equipped with an Intel i7-13700K CPU and an NVIDIA
GeForce RTX 3070 Ti. Custom differentiable CUDA kernels were
written to increase the parallelism of the SDF querying process.

Baselines. To demonstrate the strengths of our model, we will
compare it with two prior studies often considered state-of-
the-art: R2ET [ZWK∗23] and the methodology by Kim et al.
2020 [KSKK20]. R2ET consists of three modules: a Skeleton-
aware module, which maintains the pose semantics by preserving
the distances between joints, a Shape-aware module, which min-
imizes self-collisions while preserving the original contact status,
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Used Models Used Models

Input Vanilla IK
Kim et al.

(2020)
R2ET
(2023)

Ours Input Vanilla IK
Kim et al.

(2020)
R2ET
(2023)

Ours

(b)

(c) (d)

(a)

Figure 5: Illustrations of the prediction results from prior researches and our model. R2ET: we used a modified R2ET with the skeleton-
aware module turned off. The images within the box show the results of using the original version. While the visual results appear similar,
our quantitative metrics indicate unfairly poorer performance when using the original R2ET.

and Balancing gate, which adjusts the amount of posture change
caused by the Shape-aware module to reduce overshooting. Using
the Skeleton-aware module changes the joint angles of the origi-
nal pose, which can be disadvantageous for the quantitative metrics
used in this paper. Therefore, focusing on performance in the self-
collision avoidance task, we used only the Shape-aware module and
Balancing gate of R2ET for a fair comparison. Kim’s methodology
addresses collisions by applying iterative mesh-based IK and fil-
tering, resulting in smooth collision resolution [KSKK20]. Kim’s
methodology focuses on collision avoidance between the character
and the environment, but the same approach can be applied to self-
collision. The last baseline method, which we refer to as vanilla
IK, is a simplified version of the approach described in [KSKK20],
with the filtering turned off. This results in a straightforward mesh-
based IK solver that uses half-space constraints for collision avoid-
ance.

Evaluation metrics. We aim to evaluate the model using 6 types
of quantitative metrics. First, to measure the distance from the orig-
inal, we use Mean Per Joint Position Error (MPJPE). Second, there
are metrics to measure the penetration depth occurring in the pose:
Mc, Mi, and Mo. Mean squared collision depth Mc is the mean of
the squared penetration depths occurring in the current pose. Mean
square skin distance (In-body) Mi and Mean square skin distance
(Out-body) Mo are measured on segment clusters, which have ex-
perienced collisions in the original pose, and measure the mean
squared distance to the nearest other segment cluster after collision
avoidance. Mi measures negative distance, i.e., penetration depth,
and Mo measures positive distance. Lastly, to measure the smooth-
ness of the motion, we use the average magnitude of the acceler-

ation Accp and Jerk Jerkp of each joint after Forward Kinematics.
Mc, Mi, and Mo are measured using the body segments of the end
effectors of both arms and legs and their parent body segments. All
metrics are calculated in centimeters, assuming that the height of
the Passive Marker Man in the Mixamo dataset is 180 cm.

7.2. Performance comparison

Collision Avoidance. Figure 5 shows the results of self-collision
avoidance on the test data. The methods of previous studies either
performed less collision avoidance during the process of resolving
collisions (a), resolved collisions in the wrong direction (the second
and third column of b), or encountered issues with excessive col-
lision avoidance, known as overshooting (the fourth column of b,
and the third column of d). In contrast, our model, when compared
to existing models, showed visually plausible collision avoidance
results for deep collisions.

As shown in Table 1, our model achieved better scores in Mc,
a metric measuring penetration depth, compared to existing mod-
els. Additionally, our model also showed the best results in Mi, in-
dicating that our model outperforms existing models in collision
avoidance. When collisions occur, overshooting can happen as the
body is pushed outward, so if Mc or Mi decreases, Mo is likely to
increase. However, our model showed values for Mo that were com-
parable to those of Kim et al.’s model, which had the best perfor-
mance in the Mo metric, despite having lower Mc and Mi than other
models. This demonstrates that our model can perform accurate
collision avoidance for current collisions. Figure 7a illustrates the
self-collision avoidance for a specific motion, showing the signed
distance of the right hand to the head and torso for each frame.
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(a) Model Architectures (b) SDF Definitions

(1) MLP (2) Ours (w/o DC) (3) Ours (1) Segment SDF (2) Blended SDF

(c) Training Strategies

Input (1) Nothing (2) +RCD (3) +RSP (4) +RCD +RSP

Figure 6: (a) Comparative experiments on model architecture. (b) Comparative experiments on types of SDF. (c) Ablation studies on
training methodologies. (c1) When no training methodology is used, it can be seen that accurate self-collision avoidance for the right arm
is not achieved. (c2) When trained using only RCD, self-collisions are resolved, but excessive avoidance occurs. (c3) When using only RSP,
collision avoidance is performed, but some self-collisions still remain. (c4) When using both RCD and RSP, accurate self-collision avoidance
is achieved.

Table 1: Quantitative evaluation of performance comparison with
existing models.

Used
Models

MPJPE ↓ Mc ↓ Mi ↓ Mo ↓ Accp ↓ Jerkp ↓

Input 0.0 83.79 83.79 0.0 0.19 0.13

Vanilla IK 4.18 60.52 50.69 5.99 0.46 0.64
Kim et al. 4.00 27.71 22.69 1.85 0.20 0.16

R2ET 2.15 48.67 39.19 3.88 0.21 0.17
Ours 3.37 16.37 11.85 2.70 0.21 0.18

As seen in the graph, existing models perform collision avoidance
when no collision occurs or exhibit overshooting or insufficient col-
lision avoidance when a collision does occur. In contrast, our model
follows the original motion when no collision occurs and performs
accurate collision avoidance when a collision does occur.

Smoothness. Figure 7b shows the height of the right-hand joint
over time in centimeters, measured while performing self-collision

avoidance across all frames of a specific motion. This metric
demonstrates that our model’s results closely follow the original
motion, even though many collisions are occurring. This indicates
that our model produces sufficiently smooth motion results.

In our methodology, the smoothness of motion is achieved
through the continuity of collision information. As seen in Ta-
ble 5, using selective SDF worsens the smoothness metrics Accp
and Jerkp, due to the inherent discontinuity in the SDF function
definition.

Computational Cost. We measured the average inference speed
of both the baseline methods and our model across the entire
dataset. Without parallel processing, Vanilla IK took 41.661 ms,
Kim et al.’s method took 3.645 ms, R2ET took 1.75 ms, and our
method took 7.9 ms per frame. With parallel processing in both the
frame and batch direction, R2ET took 1.63 ms, while our method
took 0.556 ms on average. In our model, linear blend skinning, SDF
querying, and neural network inference account for 47%, 13%, and
40% of the total processing time, respectively. Kim et al.’s method
converged faster than the Vanilla IK because it reuses the computa-
tion results from the previous frame.
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Figure 7: Graph of each model’s prediction results for a specific
motion.

Table 2: Quantitative evaluation of performance changes accord-
ing to the model architecture used.

Used
Architectures

MPJPE ↓ Mc ↓ Mi ↓ Mo ↓

Input 0.0 83.79 83.79 0.0

MLP 3.87 65.43 43.15 11.96
Ours (w/o DC) 2.97 33.01 23.84 1.94

Ours 3.37 16.37 11.85 2.70

7.3. Ablation study

Model architecture. Figure 6a shows the prediction results ac-
cording to the model architecture used. All the proposed training
strategies were employed when training each model. (1) is a sim-
ple MLP consisting of 8 layers, and (2) is a model with the same
structure as ours, but with collision information only inputted into
the first layer of f c

∆q (without Dense Connections). Even though
the character shown in Figure 6a is part of the training set, both
methods (1) and (2) fail to accurately resolve collisions between
the hand and head. In contrast, our model architecture achieves ac-
curate collision avoidance. This is also confirmed in Table 2. As
shown in this table, our model architecture produces improved re-
sults compared to other architectures, especially in metrics related
to penetration depth. This demonstrates that our model architecture
effectively utilizes collision information.

Table 3 shows the performance changes according to the method
of embedding the collision vector Mcol,c into the semantic ma-
trix Φc. The "Concat" embedding method refers to concatenating
Mcol,c into Φc. Because the dimensionality of Mcol,c (R6) is much

Table 3: Quantitative evaluation of performance changes accord-
ing to the methodology for embedding collision information in the
semantic matrix Φ

′.

Collision
Embedding

Methods
MPJPE ↓ Mc ↓ Mi ↓ Mo ↓

Input 0.0 83.79 83.79 0.0

Concat 3.51 16.99 11.62 3.20
Add 3.61 29.27 20.87 2.46

Mul (Ours) 3.37 16.37 11.85 2.70

smaller than that of Φc (R6×d), a simple concatenation may lead to
reduced accuracy in collision avoidance. Instead, Mcol,c is concate-
nated into Φc by duplicating it to match the dimensionality of the
semantic vector (d), resulting in Φ

′
c ∈ R6×2∗d. The "Add" method

embeds each element of Mcol,c into the corresponding semantic
vector by addition, resulting in the mean of the column vectors of
Φc being Mcol,c. As shown in the metrics, the "Concat" method
has the smallest Mi metric for collision avoidance but the largest
Mo. The "Add" method showed the lowest performance in collision
avoidance metrics. In contrast, our "Mul" method achieved similar
values in collision avoidance metrics Mc, Mi, and Mo compared
to the "Concat" method, while achieving the highest score in the
MPJPE metric. This can be intuitively explained as follows. The
semantic collision matrix Φ

′
c acts as a signal that determines how

and in which direction the segment cluster Bc should move. Be-
cause Φ

′
c is proportional to the penetration depths Mcol,c, our de-

sign encourages a proportional relationship between the magnitude
of the pose change ∆qc and the penetration depths.

Training strategies. Figure 6c shows the prediction results ac-
cording to the applied training methodologies. It can be observed
that only when both RCD and RSP are used, self-collision avoid-
ance is accurately performed. This trend is also evident in Table 4.
For the model that uses no training strategy, the Mi metric is high,
and the Mo metric is low, indicating that the model does not ade-
quately perform collision avoidance. For the model that uses RCD,
the Mi metric decreases, but at the same time, Mo increases. This in-
dicates that while the model with RCD can perform collision avoid-
ance sufficiently, it also suffers from overshooting. Conversely, for
the model that uses only RSP, the Mc value is high, indicating that
this model does not sufficiently perform self-collision avoidance.
Finally, for the model that uses both RCD and RSP, the Mi value
is not significantly different from the methodology that uses only
RCD, but it achieves a lower Mo compared to the methodologies
that use no training strategy or only RCD. This suggests that the
overshooting problem can be mitigated when the model is trained
with RSP. Therefore, we argue that data augmentation regarding
character body shapes, such as RSP, can be used to enable artificial
neural networks to perform accurate collision avoidance for various
body types.

Blended SDF. Table 5 shows the prediction results of the model
according to the definition of SDF used for collision checking. The
model that uses Segment SDF shows poor performance in the Mc
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Table 4: Quantitative evaluation of performance changes accord-
ing to the training strategy.

Training
Strategies

MPJPE ↓ Mc ↓ Mi ↓ Mo ↓

Input 0.0 83.79 83.79 0.0

Nothing 3.69 31.07 23.92 3.36
+RCD 4.11 14.80 10.28 4.27
+RSP 2.06 28.32 24.28 0.78

+RCD +RSP (Ours) 3.37 16.37 11.85 2.70

Table 5: Quantitative evaluation of performance changes accord-
ing to the selection of SDF.

SDF
Definitions

MPJPE ↓ Mc ↓ Mi ↓ Mo ↓ Accp ↓ Jerkp ↓

Input 0.0 83.79 83.79 0.0 0.19 0.16

Segment 2.41 22.54 17.14 1.38 0.22 0.19
Selective 2.91 16.00 11.88 2.42 0.23 0.22
Blended 3.37 16.37 11.85 2.70 0.21 0.18

and Mi metrics, indicating insufficient collision avoidance. In con-
trast, models that use Blended SDF improve each metric, as can
also be visually confirmed in Figure 6b.

8. Conclusion

In this study, we propose an artificial neural network-based self-
collision resolution model that resolves self-collisions in given
motions based on accurate collision information, as well as two
training strategies to train this model: Random Collision Dropout
(RCD) and Random Segment Padding (RSP). To ensure the self-
collision resolution model accurately perceives collision informa-
tion, we divided the model into two submodules and embedded the
collision information into the semantic vector, the output vector of
the first submodule. This architecture laid the foundation for the
self-collision resolution model to perform accurate collision avoid-
ance. RCD guided the model to respond to each collision event
instead of ignoring collisions, and RSP enhanced the model’s gen-
eralization ability regarding the character’s body shape. As a result,
the network trained on just three characters outperformed both a
model trained on a larger set of characters and a slower approach
reliant on geometric computations. In conclusion, our proposed
methodology allows for accurate self-collision avoidance for vari-
ous collisions occurring in motion and exhibits high generalization
ability.

Despite our model performing well on various poses, it is note-
worthy that some collision details are lost when summarizing all
collision information into a compact collision matrix. Although this
loss of information could theoretically degrade performance, our
manual inspections of the results have not provided sufficient evi-
dence of this. This is likely because the poses and bounding boxes
are provided as inputs to the model, and the collision matrix is
repeatedly calculated during the learning process. This repetition

(a) (b)

Figure 8: Examples of failure cases of our model. The left side
shows the input pose, and the right side displays the model’s pre-
diction. (a) When the two arms crossed, the collision resolution was
not sufficiently performed. (b) When the right arm deeply collided
with both the head and the left arm simultaneously, the model’s
prediction still exhibits self-intersections, specifically between the
right arm and the head, as well as between both arms.

allows various combinations of collisions to be observed and re-
solved.

Limitations. This study still has several limitations. Despite be-
ing able to generate plausible collision resolution results for many
poses, there are cases where our model frequently fails. First, as
shown in Figure 8a, when there are multiple possible solutions for
self-penetration such as crossed arms, it is challenging for a re-
gression model to find an appropriate solution. Although this issue
is common to all collision detection algorithms, when computing
penetration depth using Signed Distance Fields (SDF), the SDF
value initially decreases as the collision depth increases. However,
it eventually approaches zero again as it nears the opposing surface.
This causes problems with vanishing SDF gradients; for example,
when two arms are deeply overlapped, the optimal avoidance direc-
tion becomes ambiguous, hindering effective collision avoidance.
More images of our model’s success and failure cases are included
in Appendix.

Second, as shown in Figure 8b and also in the failure cases in
the Appendix, our regression algorithm occasionally falls into lo-
cal minima in cases of very deep collisions that cannot be resolved
with small movements, or in complex situations where an immedi-
ate resolution causes another collision. It is possible that the prob-
lem of self-collision avoidance solely based on an input pose is
inherently ambiguous, because self-collisions occur during the ex-
ecution of motion and the resolution results must maintain continu-
ity. A global solution requires the context of the motion to resolve
collisions effectively.

Next, because our model operates on a per-frame basis, the
smoothness of the output motion depends solely on the smoothness
of the trained neural network and the temporal smoothness of the
input vectors. Consequently, in cases of sudden movements, the an-
imation curve may be clipped to ensure zero collisions, removing
the curve where the collision occurs. This ultimately leads to the
removal of the motion’s intended meaning. Addressing this issue
requires using different collision resolution strategies depending on
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the motion context, even for the same pose. For example, additional
research is needed to allow preemptive motion adjustments through
future frame predictions to prevent collisions. Alternatively, assum-
ing an offline retargeting problem, it may be helpful to design a loss
function that includes both spatial elements and temporal elements.
Developing a collision resolution model that takes motion context
into account would be an interesting subject for future research.

Lastly, although this study focuses solely on self-collision avoid-
ance, achieving complete motion retargeting requires predicting
root motion and addressing foot sliding and contact semantic
preservation. Additionally, for the model to be more practically
useful, it should resolve self-penetration for characters with vari-
ous skeleton structures. Currently, our model is applicable only to
a fixed skeleton structure. To use our model on different skeleton
structures, retraining is required, or the existing skeleton of a given
mesh needs to be replaced with a compatible one using classical
or learning-based retargeting algorithms. Research on these issues
will be interesting future research topics.
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(a) (b)

Figure 9: A list of results of our model resolving self-penetrations in various poses. The odd-numbered columns display the original poses,
while the even-numbered columns display the model’s predictions. (a) shows cases where self-penetration resolution was successful, while
(b) shows cases where it failed. In (b), you can observe instances where overshooting or insufficient collision resolution occurred, and where
resolving of one collision led to the occurrence of another self-penetrations.


